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Résumé

Ce travail de these explore comment léclairage peut constituer une aide visuelle pour les
personnes souffrant de basse vision plus particulierement en permettant daméliorer leur
capacité de discrimination des couleurs. Les contraintes liées au cofit, au confort ou encore
a la complexité d’utilisation des aides visuelles existantes freinent considérablement leur
adoption. Par ailleurs, les recommandations et les recherches dans le domaine de 1éclairage
sont majoritairement centrées sur les observateurs bénéficiant d’une vision normale tandis
que les métriques couramment utilisées en colorimétrie négligent les spécificités de la basse
vision.

Afin de pallier ce manque, les recherches développées ici proposent dexaminer comment
la composition spectrale de la lumiere peut étre optimisée pour faciliter la discrimination
des couleurs selon le type de déficience visuelle concerné. Dans ce cadre, plusieurs méthodes
de simulation de la basse vision, telles que des lunettes spécifiques ou des dispositifs de
réalité mixte, ont été explorées afin de pouvoir déployer des expériences psychophysiques
standardisées, étape préliminaire avant I'implication de participants souffrant de troubles
visuels. Trois types de troubles de la vision ont été initialement sélectionnés : la vision
floue, la vision en tunnel ainsi que la perte de vision centrale. Lenvironnement expérimental
quant a lui repose sur un systeme déclairage LED multicanaux parfaitement caractérisé
pour un controle précis et reproductible dune tres grande diversité de spectres lumineux.

Cette these apporte plusieurs contributions majeures :

o Le développement de protocoles expérimentaux adaptés a létude de la discrimination
des couleurs en condition de basse vision simulée.

e La conception et la validation de méthodes de calibrage et de stabilisation spectrale
pour des systemes d’éclairage LED multicanaux.

e La mise en évidence de 'importance de la modulation de la composition spectrale de
la lumiere en fonction du type de déficience visuelle concernée.

Les résultats montrent que la capacité de discrimination des couleurs peut étre améliorée
par un ajustement approprié de léclairage. Ces résultats ouvrent la voie au développement
de spectres lumineux optimisés pour répondre aux besoins spécifiques des personnes dont
les capacités visuelles déclinent avec I'age.
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Abstract

This thesis research investigates how lighting can be used as a visual aid for low vision
people especially by enhancing their ability to discriminate colors. Existing visual aids are
often limited by cost, comfort and usability which restrict their adoption. Furthermore,
lighting research and standards are largely based on observers with normal vision while
conventional colorimetric metrics fail to consider the specificities of low vision.

To address this gap, the present work explores how the spectral composition of light
can be optimized to improve color discrimination for different types of visual impairments.
In this context, several low vision simulation techniques including specialized goggles and
mixed reality devices, were investigated to enable standardized psychophysical experiments
with normally sighted participants prior to testing with visually impaired individuals.
Initially, three types of low vision were selected: blurry vision, tunnel vision as well as
central vision loss. The experimental setup relied on a fully characterized multichannel
LED lighting system, allowing precise and reproducible control over a wide range of light
spectra.

This thesis makes several major contributions:

e The development of experimental protocols tailored to the study of color discrimina-
tion under simulated low vision conditions.

e The design and validation of calibration and spectral stabilization methods for
multichannel LED lighting systems.

e The demonstration of the importance of modulating the spectral composition of light
according to the specific type of visual impairment.

The results show that color discrimination ability can be improved through appropriate
adjustments of lighting conditions. These findings open the possibility for the development
of spectrally optimized lighting solutions designed to meet the specific needs of people
experiencing age-related or other forms of visual decline.
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CHAPTER 1. INTRODUCTION

Chapter 1

Introduction

Visual impairments have a significant impact on quality of life, limiting autonomy and
independence as well as mobility of millions of people worldwide. While many visual
impairments can be corrected with eyeglasses, contact lenses, or surgical procedures,
some conditions are too severe to be fully corrected, and others have no available medical
treatment at all. Moreover, surgical interventions can be prohibitively expensive, technically
complex, or carry risks that discourage patients from pursuing them.

Individuals with moderate to severe visual impairments but not completely blind are
commonly referred to as low vision individuals. The World Health Organization (WHO)
defines low vision as having a visual acuity between 20/70 and 20/400 or a visual field
of 20 degrees or less, with the best possible correction. This definition will be further
explained in Chapter 3, where it will be described how low vision can affect visual functions.
Low vision results in difficulties performing daily tasks such as reading, recognizing faces,
or navigating unfamiliar environments, leading to a significant loss of autonomy and
increased dependency on others. These challenges can have important consequences, often
contributing to reduced well-being, social isolation, and an increased risk of anxiety and
depression.

Globally the WHO estimates that 2.2 billion people live with some form of visual
impairment. In addition to refractive errors which can often be corrected, a significant
proportion suffer from other eye conditions such as cataract, diabetic retinopathy, glaucoma,
or age-related macular degeneration. These conditions are particularly prevalent for older
adults, and with the increasing aging of the global population, the number of individuals
living with low vision is expected to increase significantly in the coming decades. This is
especially true for low-income countries, where poor living conditions, financial constraints
and limited access to eye care hinders both prevention and treatment efforts.

A wide variety of low vision aids have been developed to help individuals make better
use of their residual vision. These include traditional optical devices such as magnifiers,
telescopes, or reading lamps, as well as electronic and digital aids that use image processing
to enhance contrast and magnify scenes in real time. Although these devices are effective to
assist low vision people in many of their tasks, these devices often have practical limitations
that reduce their adoption such as size, price or reliance on battery power.

More recently, various prototypes have been proposed to further support low vision

1
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people in a wider range of situations. Some devices integrate ultrasonic or LIDAR sensors
to detect obstacles and provide auditory or tactile feedback to the user. In parallel, the use
of mixed reality (MR) headsets and smart glasses has gained increasing attention, using
advanced computer vision and artificial intelligence models to highlight visual details and
assist with object recognition or navigation. MR headsets were also used to increase color
contrast to make scenes more easily distinguishable for individuals with low vision. However,
these technologies still face significant limitations, both technical, such as restricted field of
view or latency, and practical as they remain expensive, often heavy, and uncomfortable to
wear for extended periods which reduces their widespread adoption by low vision people.

1.1 Problem Statement and Research Questions

With the widespread adoption of LED lighting over the past decade, important research
efforts from both researchers and industry have focused on improving LED performance
and exploring its potential to produce light with specific characteristics, such as enhanced
color rendering, higher energy efficiency, and spectral properties aligned with human
circadian rhythms. However, most research on lighting have focused only on normal vision,
neglecting the specific needs of people with low vision. Given that our perception of the
world and the saturation of colors are strongly influenced by our surrounding light, the
spectral capabilities of LED technology offer an opportunity to increase color contrast
in an interior environment for low vision individuals, which could achieve similar color
contrast enhancing capabilities as mixed reality systems, but without their limitations.

The research goal of this work is to propose methods that would allow to optimize
light to improve the residual vision functions of low vision individuals. To achieve this, a
special emphasis has been made on the precise control of the lighting environment during
psychophysical experiments, with particular attention given to the use of spectrally tunable
LED lighting systems. The experiments conducted during this work were specifically
designed to address the research questions under investigation. Since involving participants
with low vision would be premature at this exploratory stage, investigation has been done
on the simulation of low vision conditions.

The central hypothesis of this work is that light can be optimized to enhance
color discrimination, and therefore improve the ability of low vision individuals to discern
different colored objects in a scene. To investigate this hypothesis, a series of psychophysical
experiments were conducted using a spectrally tunable LED system, allowing precise control
of lighting spectra.

1.2 Organization of the Thesis

This thesis is organized into five chapters:

e Chapter 2 introduces the theoretical and technical background necessary to under-
stand colorimetry and the principles necessary to understand this thesis.

e Chapter 3 reviews current knowledge on low vision, including clinical tests used to
assess visual function, and highlights psychophysical methods relevant to color vision
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research. Current research on lighting is also presented as well as the gaps that are
still present for low vision individuals.

o Chapter 4 addresses the first research question: What are the potential differences in
color discrimination ability across different types of visual impairment? This chapter
presents the first psychophysical experiment conducted in this work, investigating
the influence of the wavelength of individual LED channels on color discrimination
ability for different simulated low vision conditions.

o Chapter 5 addresses the second research question: How can the diversity of light
spectra LED lighting can provide be explored, generated using a tunable LED system,
and maintained under rigorously stable lighting conditions? This chapter describes
the development and implementation of two algorithms for color matching and light
stabilization stabilization for LED lighting. The combined use of both algorithms
is also presented and is instrumental for the psychophysical experiments conducted
under white light.

o Chapter 6 addresses the second research question: How can white light be optimized
based on the variations in color discrimination ability of individuals with low vision?
This chapter builds upon the previous findings to propose a new experimental design
for evaluating how specific lighting spectra affect color discrimination. A pilot study
is presented to validate the proposed approach, then a the final experiment using the
low vision simulation goggles is conducted.

Finally, the Conclusion and Perspectives chapter summarizes the key findings and con-
tributions of this thesis, highlighting their impact on the understanding of experimentation
on the influence of lighting in low vision conditions. It also presents potential directions
for future research aimed at further improving the applicability and performance of the
proposed methodologies.

1.3 Main Contributions

The main contributions of the thesis are:

1. The introduction of a comprehensive procedure for controlling all aspects of the ex-
perimental environment, with particular emphasis on the management of a spectrally
tunable LED system detailed in Chapter 2.

2. The development of a new psychophysical experiment with the aim of studying the
differences between types of visual impairments under monochromatic LED channels
experiment based on the FarnsworthMunsell 100 Hue Test, and the implementation
of an automated scoring method. This contribution is detailed in 4. This work
was presented at the ENVISION conference 2025 and is currently under review for
publication.
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. The development of scoring methods and statistical analysis of the proposed psy-
chophysical experiment based on the FarnsworthMunsell 100 Hue Test presented in
Chapter 4.

. The development of a new LED light stabilization method to match and maintain
precise lighting conditions over extended periods of time. This contribution is detailed
in 5 and in the publication "Stabilization of the spectral power distribution of a
tunable multichannel LED lighting system" that was presented at the Computational
Color Imaging Conference in 2024 [1].

. The development of a new psychophysical experiment able to evaluate color discrimi-
nation ability under different lighting conditions, while benefiting from a stabilized
LED light. This contribution is detailed in 6 and in the publication "Experimental
Protocol for Color Difference Evaluation Under Stabilized LED Light" [2].

. The implementation of dedicated software applications to support the experiments
conducted in this study and coordinate all experimental equipment. This automation
facilitated the experimental processes, significantly reducing their duration and the
strain on the participant, while enhancing the consistency and reproducibility of the
results. These contributions are detailed in the two Chapters 4 and 5.
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Chapter 2

Theoretical and Technical
Background

Conducting experiments in any scientific field requires a carefully controlled environment
to minimize external biases and maximize reproducibility. This is particularly true for
psychophysical experiments on color perception, which are inherently sensitive to subtle
changes in experimental conditions. The human visual system can be influenced by a
wide range of factors, including ambient lighting, observer fatigue, age or mood, making
unbiased measurements especially challenging.

Moreover, the subjective nature of color perception along with the typically limited
number of participants in psychophysical studies underlines the importance of careful
control over the experimental setup. To ensure accuracy and reproducibility, particular
attention was paid in this work to the calibration of equipment, the reliability of colorimetric
computations, and their correct implementation in Python.

Figure 2.1: The light booth used throughout this study.
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The experimental environment was fully characterized, with a focus on the light booth
used for the experiments (Figure 2.1), and in particular on its LED panel, whose spectral
properties were thoroughly defined and analyzed. This enabled precise predictions of the
lighting conditions during all experiments conducted in this work.

This chapter begins by presenting the human visual system, alongside an overview of
key visual impairments, followed by the theoretical and colorimetric foundations necessary
for this study. It then describes the experimental setup, detailing the characterization of
the light booth and its components. The final section discusses the methods selected for
simulating low vision and presents the specifications of the simulation goggles.

2.1 The Human Visual System

Human vision plays the primary role in our ability to perceive and interact with the world.
It is a complex sense that uses a wide range of biological and neural mechanisms (Figure
2.2) to detect, process, and interpret the light reflected from our surroundings, allowing
us to perceive and make sense of the world in remarkable detail. Light entering the eyes
is converted from a physical stimulus into neural signals, which the brain interprets as
perceptual sensations, ultimately resulting in the phenomenon of vision. Understanding
the physiological basics underlying human vision is essential in studies involving visual
perception, especially when conducting psychophysical experiments with the aim of studying
low vision.

This section will present the mechanisms of vision, beginning with the anatomy of
the eye, followed by the retina, its photoreceptors and their role in the fundamental
processes behind color perception. Finally, an overview of some of the most common visual
impairments and their origins in disruptions of specific stages within the visual process
will be presented.

Nasal retina
Optical lens

Temporal ) Temporal Eye
retina —>, retina

Optic nerve

Optic chiasma

Lateral
geniculate

Pretectal nucleus (LGN)

nucleus
Primary

visual
cortex

Figure 2.2: Diagram of the human visual pathways. Image from [3].
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2.1.1 Anatomy of the eye

The eye functions as an optical system, it is designed to capture and focus incoming light
rays onto a surface where the photoreceptors react to the incoming light and produce neural
signals that will be processed by the brain. Figure 2.3a shows the structure of the eye. At
the front of the eye, the light enters through the cornea which serves both as a barrier
against dirt and a lens. The amount of light entering the eye is then regulated in the same
way as with a diaphragm by the iris contracting or extending. Light is then focused by
the crystalline lens through a process named accommodation in order to produce a sharp
projection in the retina. The retina is in the back of the eye, it serves as a screen that is
divided in two regions, the fovea which is in the center of the retina and responsible for
high-resolution vision while the peripheral retina is more important for low-light conditions
and motion detection (see Figure 2.3b).

Anterior chamber
(aqueous humour)
Posterior chamber

Suspensory 3
[ — I‘ar periphery

Near periphery
Pcrifovea
Parafovea Fovea
Periphery Mucula Periphery
(a) Structure of the human eye. Image from (b) Regions of the retina. Image from [5].

Figure 2.3: The human eye and Retina.

2.1.2 Photoreceptors and retinal processing

There are two types of photodetectors present in the retina, the rods and the cones, which
are respectively specialized in low-light condition vision and color vision. Their distribution
in the retina is shown in Figure 2.4a. Rods, numbering over 110 million, are mainly
distributed in the peripheral retina and are specialized for low-light conditions, offering
high sensitivity but low spatial resolution and only monochromatic vision. Cones on the
other hand, only amount to about 6 million in total, are concentrated in the fovea and
allow for sharp central and color vision. Cones are divided in three subtypes sensitive
to long, medium, and short wavelengths [6], known as L-, M-, and S-cones, with S-cones
representing only about 2% of the total, while the proportions of L- and M-cones vary
significantly between individuals [7]. When light reaches the photoreceptors, it is absorbed
by photopigments that trigger an electrical signal transmitted indirectly to the optic nerve
[8]. The structure and distribution of rods and cones in the retina are illustrated in Figure
2.4b.
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Figure 2.4: Distribution and Arrangement of the photoreceptors in the human retina.

2.1.3 Mechanisms of color perception

The three types of cones LMS are sensitive to different regions of the visible spectrum,
with respective sensitivity peaks of 560, 530 and 420 nm. Their relative stimulation by a
light spectrum allows the brain to produce a large variety of colors. These three types of
receptor form the basis of the trichromatic system of human color perception as was first
theorized with the Young-Helmholtz theory in the 19th century. According to this theory,
any perceived color can be described as a weighted combination of the responses from the
three cone types. This served as the main hypothesis for development of the CIE 1931
XYZ color space that will be further detailed in Section 2.2.

The human visual system functions across a wide range of illumination levels. This
adaptability is partially enabled by the iris, which adjusts the pupil size in response to
ambient light. However, the primary mechanisms of light adaptation occur at the level of
the retina, particularly within the photoreceptors. These cells regulate their sensitivity
through a process known as visual adaptation. When transitioning from a dark to a
bright environment, rod photoreceptors gradually deactivate through a phenomenon called
photobleaching, allowing cones to take over vision under high luminance. Full adaptation
to bright conditions typically occurs within about five minutes. Conversely, when moving
from bright to dark settings, cones that are less sensitive in low light, transfer the task of
visual processing back to the rods, which gradually resume activity as their photopigments
regenerate [8]. The adaptation process affects not only perceived brightness but also color
vision. One notable phenomenon is the Purkinje effect, which refers to the shift in peak
sensitivity toward shorter wavelengths as the eye adapts to darkness. As rod activity
becomes dominant, colors such as red, which lies far from the peak sensitivity of rods,
appear significantly darker than other colors.

Another form of adaptation used by the visual system is chromatic adaptation, which
refers to the ability to adjust to varying lighting conditions while maintaining a stable
perception of object colors, a phenomenon known as color constancy. Although the photo-
bleaching of the most stimulated cones contributes to this process, chromatic adaptation is
complex and involves multiple levels of the visual system. Despite this complexity, several
mathematical models have been developed to approximate and simulate its effects known
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as color adaptation transform (CAT) [11].

2.1.4 Visual impairments

In this subsection, we will present some of the most common visual impairments and how
they relate to the underlying physiological conditions. Understanding these connections
helps us see the effects of these impairments and the need for appropriate support and
solutions.

The most common type of visual impairments are refractive errors which happen when
the shape of the eye doesn’t allow light to correctly focus on the retina. The most frequent
refractive errors include:

o Myopia: The eye is too long making the light focus before the retina and preventing
vision from afar.

o Hypermetropia: The eye is too short, making the light focus after the retina and
making near vision blurry or forcing the eye to accommodate more.

o Astigmatism: The cornea or lens is incorrectly shaped, making the light focus in
abnormal way and blurring vision at any distance.

o Presbyopia: With aging, the eye can’t accommodate as much as it used to. In the
same way as hypermetropia, it makes near vision blurry.

These conditions mostly induce blurry or slightly deformed vision, and while these condi-
tions are often corrected using glasses or contact lenses, in many cases it remain uncorrected
due to impracticality or price.

Cataract is a visual impairment that is often due to ageing, but that can be caused or
accelerated by a lot of other factors, such as physical trauma, diabetes or generally poor
living conditions. It corresponds to a clouding of the lens of the eye and comes with blurry
vision, faded perception of colors and other symptoms, hindering mobility, reading ability
and more generally independence in everyday life. Although a surgical procedure exists
to replace the opacified lens, it is still the leading cause of blindness in the world, and
especially in the developing countries where cost is the most limiting factor.

Macular degeneration, often called age-related macular degeneration (AMD) is another
visual impairment linked with ageing. It is caused by the degeneration of the central part
of the retina which results either in complete blindness or loss of central vision. It is an
incurable and incorrectable low vision condition that affects more than 200 million people
worldwide.

The last type of low vision condition developped in this subsection are the ones caused
by damage to the optic nerve. This can be caused by many different factors such as
trauma, various infections, tumors or specific diseases such as glaucoma, optic neuritis, or
ischemic optic neuropathy. The symptoms are also various including blurry vision, blind
spots (scotoma) in the visual field or even color vision deficiencies.

The visual impairments described in this section highlight the difficulty to work with
low vision. There is a great diversity in existing types of visual impairments and even for
one type, a lot of variations can be observed between individuals. This emphasizes the
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challenges of conducting psychophysical experiments in this context, as creating a set of
observers large enough and representative of the studied condition is difficult.

2.2 Metrology and Colorimetry

Since the early days of modern colorimetry in the 1850s, important advancements have been
made to the study of color. From the Young-Helmholtz theory to the latest developments in
Color Appearance Models, color has come from an entirely perceptual feeling to quantifiable
data.

This section will outline the mathematical background to understand colorimetric
computations needed in this thesis. It will first present the steps required to transform a
purely physical quantity that is a light spectrum to mathematical models used to represent
color and detail some of the existing color spaces, followed by a definition of standard
illuminants. Then color rendering index and other light quality metrics will be introduced
before giving an overview of the commonly used color measuring devices.

2.2.1 Defining light

Light is a physical phenomenon that can be described both as a self-propagating electro-
magnetic wave and as a stream of discrete particles called photons. These complementary
descriptions form the basis of waveparticle duality. The properties of EMRs differ depend-
ing on their frequency, or wavelength, and are classified in different bands as shown in
Figure 2.5. In the field of physics, the definition of light can be as broad as to include any
types of radiations but it is common to define light as electromagnetic radiations of the
UV, visible and infrared, or in some cases even as strictly as only containing the visible
radiations. For this work, and in the context of the study of human perception of color,
the latter definition will apply whenever light is mentioned. Although the human eye can,
in certain condition see part of the UV or near infrared radiations these bands do not
influence color perception in any meaningful way, so the visible spectrum will be defined
with the CIE standard that restricts the definition of visible light to the 380 to 780 nm
band and all measurements or computation will use this range [12].

Radiometry is the science of measuring electromagnetic radiation in terms of its physical
energy. It provides techniques and units that make it possible to quantify how radiations
are emitted by a source, transmitted through a medium or received by a detector. On
the other hand, photometry focuses only on visible light and takes into account the
sensitivity of visual system by weighting the radiometric quantities according to the
luminous efficiency function. [14, 15]. The base photometric unit is the candela (cd)
it corresponds approximately to the luminous intensity of a candle and measures the
perceived power of light emitted by a source in a particular direction. Multiple commonly
used photometric units were derived from the candela: the Lumen (Im), equivalent to cd-sr
and the Lux (Ix), equivalent to cd-sr/m?. They respectively describe the perceived power
of a light source and the received light by a surface. Luminance, which is the photometric
measure of luminous intensity per unit area in a given direction, is also defined in cd/m?.

As explained in Section 2.1 the human visual system adapts from low-light conditions to
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bright conditions. This is formalized by distinguishing three modes of vision of the human
visual system, depending on the luminance level it is subject to:

« Photopic vision is active in well-lit environment such as daylight (10 to 10% cd/m?),
vision is assured exclusively by the cones,

« Scotopic vision is active under low-light conditions (1073 to 1076 cd/m?), vision is
assured exclusively by the rods,

« Mesopic vision is a combination of photopic and scotopic vision (1072 to 10%® cd/m?),
vision is assured by a combination of cones and rods.

The photopic luminous efficiency as it was defined by the CIE in 1924 is usually named
V(XA) and is plotted in black while the scotopic function is plotted in green in Figure 2.6.

As shown first by Newton with his dispersive prism experiment, white light coming from
the sun is in fact the sum of an infinite amount of light rays with different wavelengths.
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Most lights are polychromatic and just a few examples emit light at a specific wavelength
(e.g. laser, sodium lamp, ...), which qualifies them as monochromatic. The composition
of a light can be viewed by displaying its Spectral Power Distribution (SPD). Figure 2.7
shows an example of SPD, here from a fluorescent lamp.
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Figure 2.7: SPD of a fluorescent lamp.

If an object does not emit light, it becomes visible to the human eye solely through
its interaction with ambient light. This interaction depends on the objects chemical
composition and how its material reflects, absorbs or transmits light. The quantities
used to describe these interactions are the following: reflectance which represents the
proportion of light reflected, absorbance which indicates the proportion of light absorbed
at each wavelength, and transmittance which represents the proportion of light transmitted
through a given medium. In this work, material-light interactions are characterized using
reflectance and transmittance. As an example, Figure 2.8 illustrates the reflectance of wood,
showing that wavelengths corresponding to the orange to red regions are predominantly
reflected justifying woods characteristic brown appearance.

400 450 500 550 600 650 700 750 800
Wavelength (nm)

Figure 2.8: Spectral reflectance of wood.

Once the spectrum of the illuminating light and the reflectance of a material are known,
the spectrum of the reflected light can be easily calculated. This is done by performing
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a wavelength-wise multiplication of the illumination spectrum E(A) with the material’s
reflectance R(\) as shown in Equation 2.1.

S(\) = R(\) - E(\) (2.1)

2.2.2 Correlated color temperature (CCT)

In the common language, different types white light are often described as warm or cold
light respectively for yellowish light and for blueish light. Unlike color temperature, which
applies only to ideal blackbody radiators, CCT extends the concept to real light sources
whose spectra do not follow a blackbody curve. It is defined by the CIE as "temperature of
a Planckian radiator whose perceived color most closely resembles that of a given stimulus
at the same brightness and under specified viewing conditions'. Since it represents an
equivalent temperature, it is expressed in Kelvin (K), the lower values corresponding to
reddish light and conversely higher values to blueish light. Its calculation involves the use
of the planckian locus, which corresponds to the colors a black body will emit depending
on its temperature. Figure 2.9 shows the Planckian locus plotted in the CIE 1960 UCS
color space.

Planckian locus — CIE 1960 UCS

u

Figure 2.9: Planckian locus in the CIE 1960 UCS chromaticity diagram.

Because incandescent light bulbs behave similarly to a black body, their operating
temperature provides a close approximation of their correlated color temperature. In
contrast, modern lighting technologies such as fluorescent and LED sources can produce a
much broader range of chromaticities, which can deviate significantly from the black body
locus. Therefore, although the CCT can be calculated for any light spectrum, the value
obtained can only be meaningful if the chromaticity of the light is close enough to the
planckian locus. In the CIE 1960 UCS color space, it corresponds to a distance A, lower
than 0.05 (Equation 2.2). The calculation of CCT involves computing the isotherm, the
perpendicular straight line defining the shortest path from the chromaticity of the light to
the planckian locus in the CIE 1960 color space [16].
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Auw = (g = )2 + (v — v,)% < 0.05 (2.2)

with u; and v; the light source coordinates and w, and v, the coordinates of the equivalent
black body on the planckian locus.

2.2.3 Standard illuminants
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Figure 2.10: SPDs of CIE standards A and D-series.

In order to ensure consistency and reproducibility in colorimetric measurements, the
CIE has published a set of standard illuminants that serve as reference lighting conditions.
These illuminants are theoretical light sources with specified SPDs designed to simulate
various typical lighting scenarios.

The earliest illuminants introduced by the CIE were the illuminants A, B and C in 1931.
As shown by Figure 2.10a Illuminant A represents the SPD of an incandescent tungsten
light bulb at a color temperature of about 2856K, and is only used today for legacy systems.
On the other hand, illuminants B and C used to represent daylight at 4874K and 6774K
but were deprecated in favor of the CIE D-series illuminants shown in Figure 2.10b.

In 2004 standard illuminants were issued by the CIE specifically for newer light sources
such as fluorescent lamps, high pressure discharge lamps (See Appendix B). Finally, and
more importantly in the context of this work, in 2018 standard LED lighting illuminants
were added to the list of standard illuminants:

« LED-BLI...B5: five different CCT of phosphor-converted blue LEDs (Figure 2.11a).
« LED-BHI: phosphor-converted blue LED and a red LED (Figure 2.11b).
« LED-RGBI1: combination of red green and blue LEDs (Figure 2.11b).

« LED-V1/V2: two phosphor-converted violet LEDs (Figure 2.11c).
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Figure 2.11: CIE standards for LED lighting.

2.2.4 Color spaces

Light emitted from different light sources in our environment bounce around on objects with
complex interactions. Eyes serve as an optical sensor able to concentrate the incoming light
rays into an image on the retina. The human visual system being trichromatic, it is possible
to describe all the visible colors by three values and various color spaces were developed
based on this property of trichromacy of human color vision. This subsection provides an
overview of several commonly used color spaces, beginning with the CIE 1931 XYZ model
and introducing more recent color spaces developed to address its limitations. Details are
also given to how these spaces were utilized in the context of this work. All colorimetric

computations were performed using the Luxpy library [17], ensuring consistency and
reliability across all results.

CIE 1931 XYZ:

The first color space created to obtain tristimulus values out of a light spectrum
was the CIE 1931 RGB. It was obtained from the results of the Wright-Guild color
matching experiment. This experiment consists in asking participants to match with three
primaries (red, green and blue) in one 2° hemicircle to the second hemicircle which is
a monochromatic color. The results of this experiment allowed to obtain the CIE RGB
color-matching functions. Figure 2.13 depicts the Wright-Guild color matching experiment.
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(a) CIE 1931 RGB color matching functions. (b) CIE 1931 XYZ color matching functions.

Figure 2.12: CIE 1931 color matching functions.

As can be observed on Figure 2.12a, the obtained RGB color-matching functions are not
strictly positive, therefore in order to facilitate computation, the CIE proposed a linear
transformation of the CIE RGB functions, resulting in the CIE XYZ color matching
functions, which allowed to obtain three color matching functions always greater or equal
to zero, with g(A\) = V(A). The CIE XYZ color matching functions are displayed in Figure
2.12b and allow to compute the tristimulus values for a given light spectrum.

Figure 2.13: Diagram of the Wright-Guild color-matching experiment (6 usually 2° or 10°),
(a) Monochromatic field, (b) Tricolor field, (c) Masking screen, (d) Observer position.

Color matching functions are designed to represent an idealized model of normal human
color vision. While this model has significant limitations and substantial inter-individual
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variability [18], further experiments led to the development of alternative color matching
functions. Judd and Vos proposed important corrections [19], and Stiles and Burch
extended the approach by developing functions based on a 10° visual field instead of the
standard 2° field [20].

When considering an emissive source of light, we can compute its chromaticity as shown
in Equation 2.3.

780
X=[ ENZO) A,
380
780
Y= [  EQTO) A, (2.3)
380
780
7 = E(MN)zZ(\) d).
/3 B)E)

with E the spectrum of the light source and {Z,¥,z} the three color matching functions.

On the other hand, when looking at a colored object, the light is first reflected on the
object before reaching the eye. Therefore, the reflected SPD entering the eye is the product
of the light and the reflectance of the object, as stated in Equation 2.1. In this case the
XYZ tristimulus values are computed with Equation 2.4.

K [780
X=—= R(A\) E(N)T(N) dA,
N Jss0
K 780
Y =— R(A) E(N)y(A) dA, (2.4)
N Jzs0
K 780
Z=— R(A\) E(N)Z(X) dA,
N J3s0
where K is a scaling factor (1 or 100) and
780
N = E(N)g(A) dA.
380

sRGB:

The majority of color displays are able to produce their full range of colors through
the use of additive color mixing with pixels divided in red, green and blue subpixels. To
represent colors on such a device the sSRGB standard was developed by Microsoft in 1996.
It soon became a standard for many computer applications and web pages to provide a
rough standardization of color appearance across displays of different technologies and
manufacturers. It uses a simple three values color model (R,G,B), each ranging from 0
to 1, and respectively representing red, green and blue contents needed to produce the
desired color.

The conversion from XYZ to sRGB is done as follows:

Tlinear +3.2406255 —1.5372080 —0.4986286| | X
Glinear | = | —0.9689307 +1.8757561 +0.0415175| |V
blinear +0.0557101 —0.2040211 +1.0569959| | Z
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The linear rgb values are then made non linear with V- = {R, G, B} and v = {Tinear, iinears Viinear }:

) 12,920 if v <0.0031308,
) 1.0550Y/24 —0.055 otherwise

CMYK:

On the other hand, printers use subtractive color mixing in order to produce color with
a mix of inks. In order to mimic this idea, the CMYK was developed in the 1890s for
newspaper printing and represents colors as an addition of cyan, yellow, magenta and black
inks. There is no simple formula to convert from any color space into CMYK since it is
device dependant and lookup tables are used instead. In this work, when printing specific
colors was needed, images were provided to the printer using SRGB values in conjunction
with special calibration methods that will be developed in Section 6.

Uniform Color Spaces: One of the main issue of both CIE XYZ and sRGB is their
lack of perceptual uniformity. Perceptually Uniform Color Spaces (UCS) are color spaces
that aim at representing colors from a perceptual standpoint and where differences in
numerical values are proportional to the perceived difference in color.

CIE 1960 UCS and CIE 1976 L™u"v":

The CIE 1960 color space is the color space used to compute the correlated color
temperature. It is simple transformation of the CIE 1931 XYZ color space that attempted
percptual uniformity. It uses only two coordinates (u,v) and the conversion from XYZ is
done as follows:

B 4X
- X +15Y +3Z
B 6Y

YT X115y 132

An improved version of this color space was developped and is known as the CIE 1976
L"u"v" or CIELUYV color space. For a reference white (X, Yy, Z,,)

u

3 3
*:{@) Lo o=@
1163%—167 y% =

with
, 4X
YT X {15y + 37
9y
U/

T X+15Y +3Z2
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L*a"b" CIE 1976:

The L"a"b" CIE 1976 or CIELAB color space is an improvement over the CIE XYZ
color space with the aim of being a perceptually uniform color space and although it does
not perfectly achieve this goal, it is an important improvement over CIE XYZ in this
regard. Like the CIE XYZ, it encompasses all colors visible to the human eye. Its color
model represents color with three values (L*,a*, b*). L* represents lightness and is a value
between 0 (black) and 100 (white) according to a specified reference white. a* represents
the green/red ratio with negative values toward the green and positive toward the red. b*
represents the blue/yellow ratio with negative values toward the blue and positive toward
the yellow. The a* and b* values are unbounded. The conversion from XYZ is done as

follows:
Y .Y
116 x ¢/ — — 16, if — > 0.008856,
I Yw Yw
Y Y
903.3 X — if — < 0.008856.
% Yi/[/7 ! Yw —
X Y
* =500 — | = —
e (1(55) - (55)
Y Z
b* =2 — | —fl =
o (s(55) - 1(7)
Jz, if > 0.008856,
where f(x) = 16
7.787x + —, if z < 0.008856.
116
where t is )){( , YL, or ZL and (X, Yy, Z,) are the XYZ values of the reference white.
CIELCh:

Based on the CIELAB, the CIELCh is a useful colorspace that trades the a* and b* of
CIELAB for polar coordinates C* and h°. C* represents the chroma, which is defined by
the CIE as "colorfulness of an area judged as a proportion of the brightness of a similarly
illuminated area that appears white or highly transmitting". h° represents the hue angle
as a value between 0° and 359° with 0°, 90°, 180° and 270° respectively representing
approximately unique red, yellow, green and blue. CIELCh has the advantage of being both
perceptually uniform and intuitive to use with its lightness/chroma/hue representation of
colors. The conversion of a* and b* to C* and h° is done as follows:

C* — 4 /a*2 +b*2,
arctan(b*/a*) ifa* > 0,0 >0

h° = 4 arctan(b*/a*) + 180 ifa* <0 ,a* #0
arctan(b*/a*) + 360 ifa* >0, bx <0
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Physical swatches color systems:

The color spaces previously described are based on the CIE 1931 XYZ color space,
however some color spaces were developed in parallel with the idea of using physical
colored samples to standardize colors. These are often used to standardize colors in various
industries such as design, textile or manufacturing for example.

Pantone Matching System:

Although it is not a color space, the Pantone Matching System remains the most widely
used standardized color collection. The most widely used of these color spaces is the
Pantone Matching system. It consists in 2161 uniquely named colors in no particular order,
for example Figure 2.14 shows the color named 534c.

Figure 2.14: Pantone 534c.

In this work, two physical swatches-based color systems were considered for the design
of psychophysical experiments: the Munsell Color System (MCS) and the Natural Color
System (NCS). Contrary to the Pantone Matching system, both of these color spaces use
an organized naming scheme for their colors based on their perceptual aspect.

Munsell Color System (MCS):

The Munsell Color System or MCS is a color space created in the early 20th century. It
was based on measurements of human perception and represents colors on three aspects:
hue, lightness and chroma. Hue is described using 5 principal hues (red, yellow, green,
blue and purple) and 5 intermediate hues (YR, GY, BG, PB and RP). Lightness describes
how white a color is, 0 being black and 10 white. Finally, chroma describes the vividness
of the colors and has no upper limit since the chroma is hue specific.

For example, Figure 2.15 shows the MCS color 5GY 8/4 corresponding to a color halfway
between green and yellow, with a lightness of 8 and a chroma of 4. Standard Munsell
charts typically include 40 hues, though some extended versions, such as those used in the
Farnsworth-Munsell 100 Hue Test, subdivide hues further, offering up to 100 distinct hue
steps.

Natural Color System (NCS):

The Natural Color System or NCS that uses Hering’s opponency theory and postulates
the existence of six elementary colors, complementary two by two: white-black, red-green
and yellow-blue. The latest iteration of the NCS contains 1950 colors that are all designated
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Figure 2.15: MCS 5GY 8/4.

using the same format by their blackness, chromaticness and hue. For example color S
4040 Y30R shown in Figure 2.16 corresponds to 40% blackness, 40% chromaticness and a
hue with 70% yellow and 30% red [21].

Figure 2.16: NCS color S 4040 Y30R.

2.2.5 Color distance metrics

The development of uniform color spaces allowed to represent colors mathematically while
taking into account human perception of colors. More precisely it made meaningful the
notion of distance in a color space.

The first metric presented in this chapter to quantify color differences is the Ay,
introduced in Subsection 2.2.2. Its main use it to compute the distance of the chromaticity
of a light to the planckian locus. Since then, the concept of color distances was generalized
by the CIE with the different iterations of AFE metrics.

AEY:

V\(}%en the CIELAB color space was proposed, it was considered to be perceptually
uniform. This meant that a simple euclidean distance in this color space was a valid
perceptual measure of color distance. For two colors with coordinates (L7, a7, b}) and
(L%, a%,b3), we have:

AEj, = \/(Ls — L})? + (a3 — a})? + (b5 — b})?

AEg,:
It was found later that the asumption of uniformity of the CIELAB color space was not
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actually true. In order to fix this issue, a new color distance was developped as the AEg,.
The formula uses CIELCh instead of CIELAB, for two colors with coordinates (L}, CT, hS)
and (L3, C3, h3), we have:

N 2+ AC* 2+ AH* \?
MV kLS, kcSc kuSw) '

where

AL* =L} — L},
CT = /aj + b7,
C5 = /a5 + b,

AC* = CF -5,

AH* = \[AEZ — AL — AC*?
Sy =1,
SC = 1+chik,
Sy = 1+KQCT,

K71 =0.045, K9 = 0.015 and kj,, k¢, kg depend on the application.

AEgy:

Since the AE], did not solve all the non-uniformity issues, the CIE proposed the
CIEDE2000 noted as AE(,. The formula is much more complex and is as follows for two
colors (L7, aj,by) and (L3, a%,b3) [22]:

Aps — | [ AL 2+ AC 2+ AH' 2+ p (AC (AR
0V \ kS, keSc ki Su "\kcSc ) \knSw

with the different components of the formula detailed in Appendix C

2.2.6 Light quality metrics

With the number of artificial light sources increasing on the market, lighting quality metrics
were developed to compare their performance for different aspects of human vision such as
color fidelity, color discrimination or visual comfort.

Color rendering index (CRI):

The most common one and readily adopted by lamp manufacturers is the Color Rendering
index (CRI). It aims at describing how natural or faithful colors appear under a given light
source, compared to ideal or natural light used as a reference. The CRI score is named the
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CIE R, and has a maximum value of 100, with the reference light itself reaching a perfect
score. The score however doesn’t have a lower bound and can be in the negative for certain
light sources. The calculation of the CIE R, uses 8 colored samples, shown in Figure 2.17,
that are measured under the test light and under a reference light. The choice of reference
light depends on the correlated color temperature of the test light, if it is under 5000K,
then the reference illuminant is the black body at the same CCT. Else, it is selected as
the standard illuminant of the D series with the same CCT. The chromaticity in the CIE
1960 UCS color space of the 8 samples is measured under the test light, then chromatically
adapted using the Von Kries transform [23]. The same is done for the samples under the
reference illuminants and the euclidean distance AFE; is calculated for each pairs between
the two lighting conditions. For each colored samples, the particular CRI is calculated
using the formula R; = 100 — 4.6AF;. Finally, the CIE R, is defined as the arithmetical
mean of the eight particular scores.

TCS 01 TCS 02 TCS 03 TCS 04 TCS 05 TCS 06 TCS 07 TCS 08
Figure 2.17: Test Color Samples (TCS) used for the calculation of the CRI R,.

Many critics have been made to the CIE R, such as the use of an outdated color space
and Von Kries chromatic adaptation, the reduced number of colored samples that isn’t
able to represent all the diversity of colors in everyday life or its inability to correctly assess
modern lighting such as LEDs [24]. This lead to the development of many alternative light
quality metrics.

Color quality scale (CQS):

The color quality scale (CQS) aims at solving some of the issues of the CIE R, while
keeping the same fundamental principle. The CIELAB is used instead of the CIE 1960
UCS, the Von Kries chromatic adaptation is replaced by the CMCCAT2000 [25] and the
colored samples used are more numerous and more diverse in saturation than for the CRI.
Furthermore, a root mean square is used instead of an arithmetic mean to compute the
score from the particular scores in order to penalize small numbers of poorly rendered
samples. The score of the CQS is named the Q. and contrary to CIE R, is bounded to a
value between 0 and 100 for improved user readability [26]. Although it has not become a
standard, some manufacturer have started specifying it on some of their products.

Vs9 VS 10 Vsi1 VS 12 Vs13 VS 14 VS 15

Figure 2.18: Color samples used for the calculation of the CQS Q..
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Gamut area index (GAI):

One of the critics of the CRI is that it is only a measure of difference of color rendering
compared to a reference illuminant, and although it quantifies well the naturalness of color
rendering under a given light, it was often used inadequately to quantify other quality of
a light source. However, especially for the study of color discrimination this might not
be a good metric. The main hypothesis behind the CRI is that natural daylight is the
best possible light to achieve, however if an artificial light were to have a better color
discrimination capability due to increased saturation, shift of certain hues for example,
it would still score a low CIE R,. In an effort to solve this contradiction, Thornton [27]
proposed to use of the eight samples in the original CRI to calculate the gamut of the
test light and compare it to the gamut of a reference illuminant. The Gamut Area Index
(GAI) was developed in 2008 by Rea and Freyssinier-Nova [28] following this idea. The
chromaticities of the eight TCS samples are calculated in the CIE 1964 color space and
the area of the polygon it forms is compared to the gamut area of a reference illuminant.
The score is written R, and compares the gamut of the test light to a reference light: if
R <100 the test light renders color less saturated than the reference, on the opposite, if
Rg>100 the test light renders colors more saturated than the reference.
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(cRI)
R, 98
Ry 99
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Figure 2.19: IES TM-30 report. (a) light source SPD and comparison to D65, (b) Color
Vector Graphic, (¢) Local Chroma Shifts, (d) Local Hue Shifts, (e) 16 Local Color Fidelity
Bins, (f) 99 Color Sample Fidelity Values, (g) CRI and Chromaticity of the light.

IES TM30:

The TM-30-20, often simply called TM-30 is a measure for color rendering developed
by the Hlumination Engineering Society (IES). The calculation of TM-30 like previous
metrics is based on the comparison of color rendering of samples under a test light and
a reference light. The color sample set used is made of 99 samples selected from a set
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of 100 000 object spectral reflectances in order to be representative and even sampling
of all commonly found colors. The TM-30 returns a collection of values which describe
different aspects of color rendering. Figure 2.19 shows an example of a full TM-30 report
and details the values it returns. The most important value returned by the TM-30 is
the Fidelity index noted Rt and was adopted by the CIE as the CIE Ry, it corresponds
to a value between 0 and 100 calculated in the same way as the CRI but with the 99
colored samples. The second value is the Gamut Index noted Rg. It is calculated like the
Gamut Area Index as a ratio of gamut between the text light and the reference light. The
TM-30 also features local indexes that allow to quantify the color rendering specifically
for different hues. The three local indexes are the local chroma shift, the local hue shift
and the local color fidelity. Finally, the 99 samples are divided into 16 bins depending on
their hue angle giving an average color rendering ability per hue region. This also allows
to display the Color Vector Graphic which can be used to intuitively present the shape of
the gamut and where the rendering differences are [29)].

2.2.7 Instrumentation and measurement tools

In this work, to minimize potential errors arising from inconsistent measurement conditions,
all data was collected using the same instruments and a standardized procedure. Moreover,
all colorimetric computations were systematically based on the measured spectral power
distribution (SPD). To do so, two different devices were used, a spectroradiometer to
measure light sources and their properties and a spectrophotometer used to measure the
reflectance and color of surfaces.

JETI spectraval 1511:

The spectroradiometer used in this study is the Spectraval 1511 manufactured by JETI
(Figure 2.20). A spectroradiometer typically operates by dispersing light into its spectral
components using a monochromator, either consisting of a prism or a grating. The different
wavelengths are then diffracted onto an array of sensors. The spectraval 1511 uses a
grating in order to measure light and near infrared from 360 nm to 1000 nm with a spectral
resolution of 1 nm. Two modes are available depending on the type of head installed, either
radiance or luminance mode and is therefore able to measure radiometric and photometric
units. The specifications of the Spectraval 1511 are listed in Table 2.1.

Spectral range 350...1000 nm
Spectral resolution | 5 nm (interpolated to 1nm)
Measuring range 0.2...140000cd /m?

Table 2.1: Specifications of the JETI Spectraval 1511 spectrometer.

X-Rite i1Pro 3:

The spectrophotometer used in this work is the i1Pro 3 manufactured by X-Rite (Figure
2.21). A spectrophotometer operates on the same principle as a spectroradiometer, with
a combination of a monochromator and a light sensor. The difference lies in the ability
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Figure 2.20: JETI Spectraval 1511.

of spectrophotometer to measure non emissive surfaces by shining an integrated light on
the colored sample. The i1Pro 3 uses a diffraction grating with a 128 pixel diode array
to measure surfaces between 380nm and 730nm with a spectral resolution of 10nm with
an integrated light producing the D50 illuminant. This spectrophotometer also features
a screen calibration mode, which was used to calibrate screens during psychophysical
experiments. The characteristics of the i1Pro 3 are listed in Table 2.2.

Spectral range 380...730 nm
Spectral resolution 10 nm
Measuring aperture 4.5mm
Measurement condition | D50

Table 2.2: Specifications of the X-Rite I1pro 3.

Figure 2.21: X-Rite i1Pro 3.

X-Rite Farnsworth-Munsell 100 Hue test:
This work centers on the evaluation of color discrimination under varying light conditions.
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One of the useful tool, able to give insight on color discrimination capability on the full
hue circle is the Farnsworth-Munsell 100 Hue Test. This test was used in previous
psychophysical experiments with the goal of studying color discrimination under different
light spectra [30, 31]. This test was used extensively during this work to quantify color
discrimination. The test and its procedure will be further detailed in Subsection 3.1.2,
however, it is useful to present here its characteristics. The test is composed of 85 color
caps. The caps are made of a black shell allowing for ease of manipulation as well as
protecting the color samples enclosed in the middle. The 85 caps are uniquely numbered.
The colored caps are divided in 4 trays: red to green, green to blue, blue to purple, purple
to red. The reflectance of the 85 samples is shown in Figure 2.22a and their chromaticity
is displayed on Figure 2.22b.

0.5

0.4 1

0.3

Reflectance

0.2 1

0.14

460 4_%0 5(')0 55":0 660 65’)0 7(’]0
Wavelength(nm)

*

(a) Spectral reflectance of the 85 colored caps

of the Farnsworth-Munsell 100 Hue Test (b) Chromaticity of the 85 FM100 caps in the

a® b* plane.

Figure 2.22: Characteristics of the Farnsworth-Munsell 100 Hue Test.

2.3 Experimental Environment Setup

To ensure complete control over the experimental conditions in the upcoming psychophysical
experiments, the light booth used in this work was thoroughly characterized. This section
will present the detailed documentation of its physical dimensions, the reflectance properties
of its interior surfaces as well as the full spectral capabilities of the integrated LED panel.
A special attention was given to the LED panel, which is central in this work and was
subjected to a full characterization of its light output, taking into account temperature
of the device and mapping the spatial distribution of the light. Finally, the attempt to
produce a digital twin to the experimental environment will be explored.
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Figure 2.23: The light booth used in this work.

2.3.1 Description of the light booth

Size 602 x 602 mm
Power consumption ~ 100 W

N° of channels 24 (365-940nm)
Max luminous output | ~ 5000 lumen
Precision 250:1

Table 2.3: Specifications of the Telelumen Dittosizer Light Player.

The light booth is situated in the Imaging and eXtended Reality (IXR) platform in
University Jean Monnet. It consists in a small room enclosed in 4 white rolling blinds with
dimensions 2.5x2.5x2.5m (Figure 2.23). During the experiment the three walls facing the
participant were closed, only the back one remained open for ease of access but was still
covered with a black curtain to prevent light from the outside to interfere. The floor is light
gray concrete and the ceiling is white painted wood. The chair used in every experiment
is black and completely adjustable to any body sizes. The experiment table is placed
exactly in the center of the booth just under the LED device. This allowed maximum
illumination of the table as well as preventing any shadow cast by the participant on
the experimentation area. The spectrally tunable LED system is a Dittosizer 24 light
player produced by Telelumen (Figure 2.24). It features 24 individual channels from UV
to infrared radiations, that can be individually varied in order to produce an immense
variety of light spectra in the power limit of the power supply of the panel with a maximal
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output of around 5000 Lumen with max input power of about 100W. The characteristics
of the panel are listed in Table 2.3.

Figure 2.24: pThe Telelumen Dittosizer 24 light player.

2.3.2 Spectrally tunable LED system characterization

The light output of the spectrally tunable LED system can be precisely controlled by
sending to the unit an array containing the desired drive level of each of the channels
as a 10 bit float between 0 and 1, 1 representing the maximum output of the channel.
This allowed us to measure the spectral output of the tunable LED system in various
configurations in order to propose prediction models of the light output.

One of the main advantage of tunable LED light sources is that the total spectral output
of a tunable LED panel S(\) is equal to the sum of the spectral output of the individual
channels S;(A). This means that in order to measure the full spectral range of the device,
we can measure each channels independently. Equation 2.5 shows how to calculate the full
spectrum of a tunable LED system from the measurement of a number L of individual
channels.

S(A) = ZSi(A) (2.5)

Measurement of the channels:

The first step of the characterization procedure was to measure all the channels at
their maximum drive level. Out of 24 channels, only 19 were in the range of the JETI
spectraval 1511, for this reason the 2 ultraviolet (UV) and 3 near-infrared (NIR) channels
were excluded from the rest of this work. The results of these measures are shown on
Figure 2.25. This allowed us to obtain the peak wavelength of the 19 channels, which are
reported in Table 2.4. This first measurement allowed us to select the channels to use in
psychophysical experiments. It was decided to only use 13 of the channels based on two
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criteria: being completely inside the visible range and have a sufficient luminous flux. The
final selection is marked in bold in Table 2.4.

1.0 1

0.8 A

o
)
L

SPD (a.u.)
o
~

0.2 A

i

0.0 A

400 450 500 550 600 650 700 750 800
Wavelength (nm)

Figure 2.25: Spectral power distribution of the 19 LED channels close to the visible range
of the Telelumen Dittosizer 24 lights player.

V1| V2 | RB1 | RB2 | Bl | B2 C

Peak wavelength (nm) | 406 | 421 | 441 | 454 | 468 | 478 | 500 | 517 | 528 | 544

PC-A FR1 | FR2 | FR3
Peak wavelength (nm) | 594 | 624 | 636 | 654 | 686 | 708 | 732 | 765 | 777

Table 2.4: Peak wavelengths of the 19 visible range channels with the 13 selected for the
experiment highlighted in bold.

Taking temperature into consideration:

After measuring each channel at maximum power, it was attempted to measure the
channels at different drive levels. However, after doing so, discrepancies were noticed
in the measurements. This is due to the fact that LED devices exhibit fluctuations in
output due to heat buildup during operation [32, 33, 34]. LEDs have been studied in
order to model their behaviour as a function of their junction temperature. Chhajed et
al. [35] measured the junction temperature of 4 types of LEDs and reviewed their optical
properties at different temperatures. They showed that increasing the temperature of
LEDs induced a noticeable difference in light rendering. However, with a device such as
the one in this study, there is no way to measure the junction temperature of the individual
LEDs. However, the Telelumen LED system is equipped with 4 temperature sensors placed
at different position in the package. The readings of one of the sensors on the heat sink
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of the panel will be used, not as a measurement of the junction temperature but a value
correlated to it. The 13 channels were measured one by one at every percent of drive level
while having the temperature sensor stabilized at readings from 30°C to 45°C. Figure 2.26
shows the flowchart for the procedure to measure at a stabilized temperature.

|

» Get temperature

Different Equal

Device temperature = T°C ?

A
Turn off/on the device
'~ to reducelincrease
the temperature

Y
Turn off all other
channels

Y
Measure SPD

Figure 2.26: Flowchart of the characterization procedure. Image from Vernet et al. [2].

There are two major effects due to temperature on the light output of LEDs: a reduction
of the amplitude of the peak of the SPD and a shift of the SPD toward the longer
wavelengths. Moreover these effects are not as pronounced for every channels, increasing
the color deviation of the light produced. Figure 2.27 shows the difference of SPD for the
13 channels when the device is cold and when it is at its maximum registered temperature,
after one hour. The mitigation techniques developed to stabilize the LED light output will
be described in Chapter 5.

SPD (a.u.)

400 450 500 550 600 650 700
Wavelength (nm)

Figure 2.27: Difference of SPD after an hour.
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Spatial characterization:

Finally, the last characterization step needed is the spatial distribution of light inside
the light booth. The 13 channels were measured at their maximum power at different
points in space under the LED system while being maintained at constant temperature.
The main goal of this part is to check the maximum area where the light can be considered
uniform. The light was measured in a 120 x 120cm grid with a regular spacing of 30cm
between adjacent points along both axes at a height of about 1m over the ground, centered
in the middle of the light booth as shown on Figure 2.28.

100

® Measurement points
Dimensions of the LED panel

—-60

60

30 1

y (cm)
o

—-100 T T T T T
—-100 -60 -30 0 30 60 100
x (cm)

Figure 2.28: Measurement point locations inside the light booth.

Each one of the 13 channels were measured 3 times on each point of the grid and the
average SPD was calculated. The center point of the grid served as a reference and the
Mean Absolute Error (see Equation 2.6) between the SPDs measured at the other point of
the grid compared to the reference was plotted.

TR
MAE = & > Jref(A) = M(N)] (2.6)
A=380
with ref(\) the reference SPD measured in the center of the booth and M () the SPD
measured at a different point in space.

Figure 2.29 shows such plots for channels 1 and 5 and the rest of the plots are available
in Appendix A. These measures allow us to observe that there is a noticeable difference
in light distribution between the channels: those with broader spectral bands distribute
light more evenly, while narrower bands show a steeper decrease. Interestingly, we can
also see that the light distribution forms a plateau in the center with a diameter of about
40 centimeter where the light can be considered uniform. This supports the idea that if
psychophysical experiments are held right under the LED panel, the light can be considered
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uniform and this gives a wide area to position the spectroradiometer to monitor the lighting
condition on the experimental table.

(a) Channel 1. (b) Channel 5.

Figure 2.29: Mean Average Error of the SPD compared to the center of the booth for
channel 1 and 5.

2.3.3 Physically based simulation of the light booth

The detailed characterization of the light booth in all its aspects led us to develop a
simulation of its environment in an effort to evaluate the possibility of creating a digital
twin of possible psychophysical experiments and derive potential findings from simulation.

This was carried out using Mitsuba 3 [36], a research-oriented light simulation engine
that uses ray tracing to render physically accurate 3D scenes. Unlike many other rendering
engines, Mitsuba 3 supports not only RGB-based rendering but also full multispectral
light simulation.

The light booth was faithfully recreated in Blender by modeling the environment to its
exact dimensions as well as the various materials used for experiments (see Figure 2.30).
In addition, the reflectance of each surface was measured with an i1Pro spectrophotometer
to provide accurate data for simulating light interactions with the environment. Finally,
the spectrally tunable LED system’s behavior was faithfully simulated, and its output was
precisely modeled using the previously described measurement data.

Mitsuba 3 allows for precise customization of the camera used to render images. While
traditional rendering relies on three sensors (red, green, and blue) our goal of spectral
imaging required to carefully configure parameters to ensure the most faithful image
reconstruction. The spectral camera can be configured in terms of both spatial and
wavelength resolution. For this work, an image resolution of 1920 x 1080 was selected to
produce a high-quality representation of the booth interior. Through experimentation, it
was determined that a 100 bands using Gaussian sensitivity as displayed in Figure 2.31
and fully covering the visible spectrum was optimal in order to obtain a simulation as
accurate as possible.
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Figure 2.30: Simulation of the light booth in three configurations (top: Blender models,
bottom: Render).
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Figure 2.31: The camera’s 100 Gaussian bands covering the visible spectrum.

Although the simulation is not able to produce an exact digital twin of the light booth, it
nevertheless allowed to simulate different settings for the light booth. The simulation was
tested with various lighting conditions and was compared to the ground truth measured
inside the light booth, on the experiment table. Figure 2.32 shows the difference of SPD
that was obtained when testing one of the light spectra considered. This particular example,
although close visually, still featured a noticeable difference in chromaticity of the light
spectrum with a Ag o ~ 1.

This work allowed us to explore the idea of simulating the experiments in order to
identify possible biases induced by the light booth environment. More precisely, the
inclusion of colored objects inside the light booth was studied in order to evaluate their
influence on the lighting conditions. Figure 2.33 shows the difference induced by adding
an orange wall facing the camera on the light spectrum measured. In this example, the
difference in environment produces a noticeable chromaticity difference of the light received
on the experiment table and further confirms the need for a neutral colored environment for
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Figure 2.32: Comparison of the real and simulated light spectra.

experimentation. With further research, such simulations could be used to assess lighting
performance and potential chromaticity shifts in more complex environments closer to
those encountered in everyday life.
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Figure 2.33: Simulated spectra with and without an orange wall.

2.4 Visual Impairment Simulation Tools

There are strict requirements for working with low vision people including safety and
hazard assessment which make it difficult to perform experiments easily. Moreover there
are important variations between people affected by low vision making it difficult to form a
uniform and large panel of observers for the experiments. Therefore, it was decided to first
use simulation methods before starting experimentation with real low vision patients. In
this section, the selection of the simulation methods will be explained with starting with the
attempt to use mixed reality (MR) headset to simulate low vision and the limitations that
were found, then the simulation goggles that were used for the psychophysical experiments

will be presented.
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2.4.1 Mixed reality headset

Mixed reality headsets consist in virtual reality headset complemented with front facing
cameras allowing for real time display of the environment in front of the wearer. Since
this technology is more advanced than augmented reality (AR), the advantages of such
a device are many, especially for supplementing the vision of the user. With advanced
processing power, it is now possible to modify in real time the vision of someone wearing
such a headset.

Thanks to these abilities, it is possible to consider using their capabilities to develop
a simulation device for a wide range of low vision conditions. This idea was explored by
Acevedo et al. [37] prior to the preparation of the experiments conducted in this thesis.
Using a combination of a virtual reality (VR) headset and a stereo camera a low vision
simulator was developed and able to simulate complex visual impairments. The simulated
low vision conditions are the following:

e Cataract

Myopia

o Astigmatism

Age-related Macular Degeneration (AMD)

Visual impairments were simulated by applying specific alterations to the visual input.
Blurry vision was reproduced using Gaussian filtering, as well as distance-dependent
blur to reflect refractive errors. Color shifting was applied to emulate conditions such as
cataracts, which affect color perception. Contrast loss was modeled by compressing the
images lightness range, while glare discomfort was introduced through controlled glare
enhancement. Finally, localized visual field loss was simulated using masking, localized
Gaussian blurring, or spatial distortions. These alterations were done in real-time thanks
to parallel computing as well as GPU calculation using CUDA as described by the pipelines
of Figure 2.34.

Although the simulation tool described in this subsection is capable of reproducing
complex visual impairments, several limitations render it unsuitable for the experiments
in this thesis. First, the reliance on a stereo camera rather than the cameras integrated
into the VR headset introduces unnecessary complexity, requiring additional devices and
extensive calibration. More critically, since the objective of this thesis is to examine the
influence of spectral light composition on color vision performance, the use of a three-
primary display cannot faithfully reproduce the full range of colors present in real-world
scenes.

2.4.2 Simulation goggles

Since the virtual reality headset proved to be inadequate for the type of psychophysical
experiments needed in this work, it was decided to use commercially available simulation
goggles. These goggles consist in a completely enclosed mount with opening for the
eyes covered with special lens depending on the type of visual impairments they aim at
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Figure 2.34: Pipelines for the simulation of visual impairments using a stereo camera and
a VR headset. Image from [37].

simulating. The goggles used throughout this work were manufactured by A Fork in the
Road [38], it contains various low vision conditions including:

Figure 2.35: Simulation goggles used in this work (blurry vision top left, tunnel vision top
right, central scotoma bottom)

o Blurry vision,

o Central scotoma,

e Tunnel vision,

o Diabetic retinopathy,

o Cataract,
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e Hemianopsia.
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Figure 2.36: Transmittance of the blurry lenses of the low vision simulation goggles

In this study, we focused on three specific low vision conditions: blurry vision, central
scotoma, and tunnel vision. The goggles simulating blurry vision were selected to represent
a visual acuity of 20/400. Those designed to replicate central scotoma shared the same
visual acuity as blurry vision simulation goggles but included an opaque plastic disk
in the center of the lens, simulating a 10° field loss. Lastly, the tunnel vision goggles
simulated a visual acuity of 20/80 and were mostly covered in opaque material, leaving
only a 10°a central field unobstructed to replicate the experience of severe peripheral vision
loss. The transmittance of the blurry parts of the goggles was measured with the JETI
spectroradiometer and is plotted in Figure 2.36. We can observe that there is a significant
absorbtion peak at 400 nm, however it falls outside of the range considered in this study
since all the channels selected are contained in the range 441-686 nm.

There are several limitations to using simulation goggles for this kind of experiment.
First, the lenses do not accurately replicate the transmittance characteristics of a visually
impaired eye. Second, they reduce the amount of light reaching the retina. Finally, they
cannot track eye movements, which is particularly problematic when studying localized
visual impairments. However, despite these limitations, simulation goggles can provide a
useful approximation of vision loss and serve as a starting point, as they enable a large
panel of observers to experience the same visual impairment.

2.5 Chapter Summary

This chapter presented the fundamental background necessary to investigate LED lighting
in relation to human visual performance. It began with a detailed description of the human
visual system, presenting the structure and function of each component contributing
to visual perception. Particular attention was given to color vision and its underlying
mechanisms. The main causes of visual impairments were also discussed, highlighting the
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challenges they pose both for affected individuals and for the design of the psychophysical
experiments that were carried out in this work and will be presented in Chapters 4 and 6.

Since this thesis is centered around the study of color vision, it relies heavily on
colorimetry. Therefore an introduction to the mathematical tools employed throughout
this thesis was provided. The chapter covered the characterization of light through its
spectral power distribution (SPD) and explained how perceptual colors are quantified and
calculated from physical light spectra using the CIE 1931 XYZ color space. All relevant
color spaces used throughout this work were presented, together with the transformations
required to perform the conversion between them. The concept of color difference was
introduced with its different iterations, and the CIEDE2000 (Ag o9) metric was selected
to be use in subsequent analyses due to its improved perceptual uniformity compared to
the previous versions.

Significant emphasis was placed on light quality metrics developed to assess how lighting
conditions influence visual performance, as these metrics are a key component in the study
of lighting. Among these, the IES TM-30, and more specifically the report it produces,
was adopted as the preferred approach to easily communicate the characteristics of light
sources. The chapter also detailed the technical aspects of the tools for light and color
measurement that were used throughout this work.

A major part of this chapter was dedicated to characterizing the experimental envi-
ronment in which all subsequent experiments were conducted. Extensive measurements
were carried out inside the lighting booth, including all surface properties and LED panel
behavior across all channels, drive levels, and during extended time periods to assess
thermal effects. The spatial uniformity analysis revealed that the LED panel provides a
stable illuminated area of approximately 60 x 60 cm, a key factor in the design of the
experiments presented in the following chapters. This complete characterization led to the
simulation of the lighting booth using a light engine simulator, allowing virtual testing in
different lighting configurations. Overall, this section established a rigorous methodology
for controlling experimental lighting environments, leading to the development of a proce-
dure that enables both the exhaustive exploration of the capabilities of a tunable LED
panel and the implementation of a light stabilization algorithm for such systems that will
be presented in Chapter 5.

Finally, this chapter addressed the simulation of low vision conditions. In this work, the
decision was made to first investigate the influence of light under simulated low vision
before generalizing the results to individuals with actual visual impairments. This approach
allows to have a larger group of participants while ensuring uniformity of the simulated
viewing conditions. Two main approaches were evaluated: mixed reality headsets and
simple simulation goggles. While mixed reality offers promising flexibility and realism,
current limitations, particularly in color accuracy and color range of displays, make it
unsuitable for the present research. Consequently, simple simulation goggles were identified
as the most practical solution for approximating low vision conditions in psychophysical
experiments investigating the effects of spectral composition of light on visual performance.

The following chapter will introduce various methods developed to assess low vision, as
well as the psychophysical procedures that can be employed to study visual perception under
different conditions. These foundations will serve as the basis for designing experiments
that evaluate lighting performance in the context of low vision, which is central to the
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problem addressed in this thesis.
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Chapter 3

Low vision Assessment, Aids
and Lighting Research

Although vision is humanity’s sharpest sense, it is also extremely fragile. Indeed, the many
complex physiological interactions underlying human vision can easily be damaged by
traumatic injuries, diseases or environmental factors. Visual impairments are particularly
common, especially for the elderly, and are sometimes impossible or too severe to fully cor-
rect. The everyday life consequences for people affected are many, manual activity, reading,
watching television, mobility and independence can be severely hindered. Therefore, low
vision has been subject to extensive research in order to reduce the risk of vision loss as
well as finding new medical procedures and low vision aids to alleviate visual impairments.

Low vision aids in particular have been receiving growing attention with the development
of electronics and the new prospects offered by smartphones. Furthermore, the role of
public infrastructure and the suitability of home settings have been increasingly recognized
in supporting accessibility for individuals with visual impairments. More specifically, with
the recent developments in solid state lighting, attention has focused on the importance of
promoting appropriate lighting, both in terms of brightness and color rendering.

This chapter focuses on the current research on low vision rehabilitation, starting with
a presentation of the main visual functions that are affected for low vision individuals and
the corresponding tests commonly used to assess the severity of visual impairments. It then
describes the available low vision aids, ranging from traditional optical solutions to newer
developments such as advanced reality headsets, along with their respective advantages and
limitations. Finally, the chapter introduces psychophysical experimentation and reviews
recent developments in light optimization to enhance visual performance.

3.1 Assessment of Visual Functions

Accurately characterizing an individual’s visual impairment is essential to provide personal-
ized and suitable solutions in order to assist them in everyday tasks. low vision conditions
affect the visual system and its functions in diverse ways, consequently optometrist and
ophthalmologists have access to a range of tests developed to assess specific aspects of

41
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visual performance.

In addition to low vision conditions affecting the clarity, sharpness or field of vision,
color vision deficiencies are also common. While they are primarily associated with color
blindness, aging and various low vision conditions have also been linked to alterations in
color perception. A variety of color vision tests are available, each offering different levels
of accuracy in assessing color vision performance.

This section focuses specifically on the tests used in the medical field to evaluate
visual functions including visual acuity, visual field, contrast sensitivity as well as a special
emphasis on color vision assessment, thus providing insight into the visual functions affected
by low vision and outlines the essential considerations for assessing visual performance in
psychophysical experiments.

3.1.1 Clinical tests for low vision assessment

Vision when unimpaired is our most sensitive sense, allowing us to perceive our surroundings
in great details When this ability is impaired but not entirely lost, the condition is classified
as low vision. The World Health Organization (WHO) defines low vision as moderate
to severe visual impairment based on two primary visual functions: visual acuity, which
describes the clarity and sharpness of central vision, and visual field, which represents
the extent of the functional area of vision. Additionally, some have argued that contrast
sensitivity should also be considered as a critical visual function in the definition of low
vision [39].

Visual acuity:

Visual Acuity (VA) corresponds to the spatial resolution of the visual system. It is the
ability of the human visual system to perceive small details and detect them as individual
stimuli [40, 41]. However, this definition is not sufficiently specific and therefore the
expression of visual acuity is test-dependent [42]. The expression of visual acuity varies
depending on tests conducted and regional preferences, however the most common method
compares the distance at which the tested visual system can see the finest details to the
distance at which a normal visual system can see the same details. This forces the test to be
performed at a set distance, however, it is possible to express visual acuity independently of
distance by measuring the Minimal Angle of Resolution (MAR) which corresponds to the
minute of arc of the finest detail the observer is able to discern. Equation 3.1 summarizes
the different ways to express visual acuity.

1620
MAR Dmetre Dfeet

Various tests exist to measure visual acuity, but they all share a common principle.
Characters or symbols, known as optotypes, are presented in different sizes, and the
patient is asked to read or identify them from a set distance until they can no longer do
so accurately. Since their introduction by Heinrich Kiichler in 1843, different optotypes
have been proposed, each with their strengths and weaknesses, accompanied by significant
research on their size progression within visual acuity charts [43]. The following are notable
tests used to assess visual acuity.

VA (3.1)
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The most common type of test in the western countries are tests using Latin letters.
Early visual acuity charts such as Snellen’s or Monoyer’s scales were extensively used since
their introduction in the late XIX*™® century [44, 45]. Snellens visual acuity charts (Figure
3.1a) comprise eleven lines of letters, with the largest at the top. Each subsequent line
contains more letters, decreasing in size following a geometric progression with a factor
between 1.25 and 1.5 [43].

Snellen’s charts have received some criticism over the years, pushing for newer and
improved visual acuity charts. One of these criticism was the geometrical progression
of the size reduction of letters which led to the development of many LogMAR charts
such as the Bailey-Lovie charts or the Early Treatment Diabetic Retinopathy Study or
ETDRS charts (Figure 3.1b) [46, 47]. These charts trade the geometrical progression with
a logarithmic progression more fitting for human perception and improving the accuracy
of the visual acuity assessment.

The last visual acuity test presented in this section is the Landolt C test [48] which
consists in a series of broken rings or Cs of different sizes and orientations (Figure 3.1c).
This test does not assume literacy and the patient only has to point out the direction of
the opening of the ring. The size progression of Landolt’s broken ring are also available
in logarithmic scale. Although it became an ISO standard [49], reading charts are still
extremely popular.
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(a) Snellen chart. Image from(b) ETDRS chart. Image from(c) Landolt C chart. Image from
[50]. [47]. [51].

Figure 3.1: Visual acuity assessment charts.

Visual field:

Visual field is defined as the portion of space visible without any movement from the
eye. Normal visual field for a single eye consists in the central portion of 30°, 60° toward
the nose and 100° in the opposite direction, 60° upward and 75° downward [52]. Visual
field defects are diverse, and depending on the medical conditions affect by creating blind
or blurry spots in different portions of the visual field. For example, glaucoma typically
results in peripheral vision loss, macular degeneration affects the central portion of vision,
and hemianopia involves the loss of vision in one-half of the visual field. The visual field
is usually expressed in degrees representing the remaining field of view. The diversity of
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visual field loss has led to the need of objective mapping of the regions and the development
of perimetry.

The easiest method to quickly assess the extent of visual field loss is called Confrontation
visual field testing. It is performed by having the patient with one eye covered stand in
front of the examiner and stare at him in the eye and by moving his fingers in the field
of view, the examiner can detect the portions that are still functional when the patient
reports seeing the fingers. Although useful as a quick testing method, confrontation testing
suffers from low sensitivity of the test for certain visual impairments and is therefore
insufficient by only providing qualitative assessment of visual field loss [53, 54].

The first method to accurately measure visual field loss is the tangent screen method
[55]. It consists in a 1 or 2m screen featuring a target, as shown in Figure 3.2 positioned
in front of the examinee. The examiner then points to various areas of the target using a
pointer to identify non-functional regions of the visual field [56]. The main limit of this
method is that it is only able to measure the visual field in the central 30° degrees of the
field of view.

Figure 3.2: Target of the tangent screen. Image from [57].

A major improvement in visual field testing with the introduction of the Goldmann
perimeter in 1945 [58], the device is shown in Figure 3.3a. It uses a hemispherical field
uniformly illuminated, where a target can be projected statically of in movements in
different sizes, luminance or colors [55]. Subsequent improvements automated the process
using computers in the 1970s, with new perimeters such as the Octopus shown in Figure
3.3b.

Contrast sensitivity:

Even with good visual acuity and no visual field loss, some people can still suffer from
visual impairment: age, high myopia or astigmatism can affect a third and distinct visual
function, contrast sensitivity [39]. Contrast sensitivity is the ability of the visual system
to detect differences in luminance between an object and its background [61].

There are two types of tests used to assess contrast sensitivity. First similar letter charts
as the ones used for visual acuity are available but differ in the fact that letters gradually
fade into the white background. The patients have to read the letters until they cannot
discern the next one. These tests are available either using same-sized letters like the
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(a) A Goldmann perimeter. Image (b) Octopus 900 perimeter. Image from [60].
from [59].

Figure 3.3: Comparison between a Goldmann perimeter and a modern automatic perimeter.

Pelli-Robson charts (Figure 3.4a) [62] or different sizes like the Regan charts [63].

Other types of test use gratings with varying frequencies and orientations. The gratings
can be sine waves like in Arden or Vistech (Figure 3.4b) tests or square waves like in the
Cambridge low contrast test [61]. In this type of tests, the patients have to indicate the
orientation of the gratings.
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(a) Pelli-Robson chart. Image from [64]. (b) Vistech VCTS 6500 chart. Image from [65].

Figure 3.4: Two types of contrast sensitivity test.

3.1.2 Color vision testing

Research on color vision relies extensively on psychophysical experiments, which often
draw inspiration from established clinical tests used to evaluate color perception. These
assessments focus primarily on color discrimination, the capacity of the visual system to
differentiate between colors that are close in hue, saturation, or lightness. Since accurate
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color discrimination is fundamental to many daily tasks, its evaluation provides valuable
insight into both normal and impaired visual function. This section presents an overview
of the most commonly used tests to assess this ability.

Pseudoisochromatic plates:

The most popular type of tests used to screen for color vision deficiencies are the
pseudoisochromatic plates. Although many types exist, the principle remains similar: these
plates consist in many small colored dots that form a figure, a number or a shape, hidden
withing a background of dots in different hues and lightness levels. While individuals
with normal color vision can easily distinguish the figures, those with certain color vision
deficiencies may not see it at all or see something different. By exploiting how different
types of color blindness affect the perception of certain colors, pseudoisochromatic plates
provide a quick and effective way to identify and classify visual impairments.

The most well-known and commonly used pseudoisochromatic plate set are the Ishihara
test plates created by Shinobu Ishihara in 1917 [66] which is designed to detect red-green
color vision deficiency. The test consists in 38 plates (Figure 3.5a) in its full version, with
shorter versions containing fewer plates. Each plate displays a number formed by dots of
varying colors. Some plates are designed to be read by both individuals with normal color
vision and those with color vision deficiency, others are unreadable for people with color
vision deficiency, and a few are specifically designed to be readable only by individuals
with such deficiencies [67].

Other types of plates have also been developed, for example the Hardy, Rand and Rittler
(HRR) test which uses symbols in different corners of the square plate as shown in Figure
3.5b. Compared to the Ishihara plates, the HRR test is able to detect blue-yellow color
deficiencies in addition to the red-green deficiencies [68].

In order to achieve the most accurate results possible, it is recommended to perform the
test in a well lit environment and with a light with good color rendering performances [69)].

(a) Ishihara test plate. Im- (b) HRR test plate. Image from [68].
age from [70].

Figure 3.5: Two types of pseudoisochromatic plates.

Arrangement Tests:
One of the main limitation of the use of pseudoisochromatic plates in the context of
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(a) FM100 hue test. Image from [71]. (b) Farnsworth D-15 test. Image from [72].

Figure 3.6: Two arrangement tests for color vision deficiency.

psychophysical experimentation is their inability to assess numerically the severity of color
vision deficiencies [67]. Arrangement tests on the other hand solve this issue by using a
more complex task for the observer: arrangement of color caps in the right hue order.
The most widely used of these types of tests is the Farnsworth-Munsell 100 hue test
[73]. The original test used 100 colored caps of different hues justifying its name, but the
current test only features 85 different colored caps now. The Farnsworth-Munsell 100 Hue
Test (FM100) is a color vision test generally used to screen for color blindness. The 85
color caps of the FM100 are arranged in four trays (Figure 3.6a). The observer’s objective
is to sort the caps in the correct hue order according to subtle color variations. Each cap
is numbered from 1 to 85 with the number printed on its underside indicating its correct
position in the sequence. The results of the FM100 test can be expressed as a numerical
score, defined as follows. Let s; represent the score for the cap at position 7, obtained by
summing the absolute differences between the index of the current cap and the indices of
its two adjacent caps:
8i = i —ni—1] + i — g (3.2)

where n; is the number of the cap at position ¢ and n;—; and n;+; the numbers of the
adjacent ones.

The partial scores of the Farnsworth-Munsell 100 hue test can be reported in a polar plot,
an example is available in Figure 3.7. This type of plot can be interpreted by observing
which hue regions have the highest values, corresponding to the greatest deviations from
the correct hue sequence, i.e. the hues that were harder for the observer to discriminate.
In this particular example provided, the highest error peaks are located in the yellow-red
(YR) and blue-green (BG) regions which highlights significant difficulties in discriminating
colors within these ranges of the hue spectrum.

A smaller variant using only 15 samples in one tray is available as the Farnsworth-Munsell
D15. It is able to detect the most prevalent types of low vision including red-green and
blue-yellow colorblindness. It is less precise than the Farnsworth-Munsell 100 hue test but
is often used for occupational screening when good color vision is necessary [74].

Anomaloscope:

An anomaloscope (see Figure 3.8) is a specialized optical device used to diagnose and
quantify color vision deficiencies. It works by presenting the observer with a split field:
one half displays a fixed color (the test color), while the other shows a mixture of colors
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Figure 3.7: Polar representation of the scores derived from the Farnsworth-Munsell 100
Hue Test (FM100).

that can be varied. The user adjusts the ratio of the color mixture in order to match the
test color. The mixture needed to match the color for the observer reveals the type and

severity of the color vision deficiency.

Figure 3.8: An anomaloscope. Image from [75].

There are different types of matches available for anomaloscopes, nowadays the only
two types still produced are the following:
» Rayleigh match: a yellow monochromatic test light at 589nm and two mixture lights
red and green at respectively 545nm and 670nm. This type is used to detect red-green
deficiencies [76].

o Moreland Match: a cyan-blue test light composed of lights at 480nm and 580nm, and
blue and cyan mixture lights respectively at 436nm and 490nm. This type is used to

detect blue-yellow deficiencies [77].
The anomaloscopes are considered the most precise way to quantify red-green and
blue-yellow color deficiencies. However, they come at a high price and need special training
to be used [67], limiting them to color vision studies.
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Digital tests:

With the developments and increasing affordability of displays capable of faithful
rendition of colors, many color vision tests have been developed to be performed digitally
[78]. This has major advantages compared to the physical tests:

o Cost-effectiveness: digital tests are less expensive and are not subject to wear and
deterioration over time.

o Time-efficiency: they can be completed without direct supervision by a practitioner,
therefore saving time for both examiner and participant.

o Flexibility: they can be randomized and/or dynamically adapted based on the
observer’s responses, reducing the risk of memorization and enhancing accuracy.

Despite these advantages, digital color vision testing faces the challenge of ensuring
standardized testing conditions, as variations in display characteristics and viewing envi-
ronments may significantly affect results [79].

Some of the traditional tests have been ported to digital versions and validated to
different degrees of success such as the Ishihara plates [80] or Farnsworth D-15 [81]. Other
tests like the Cambridge colour test [82] were developed specifically to be performed on
a computer. This test uses pseudoisochromatic plates featuring Landolt Cs as shown in
Figure 3.9. The color difference between the motif and the background is dynamically
adapted to estimate the discrimination thresholds [83]

Figure 3.9: An example of Cambridge colour test plate. Image from [82].

Another approach is the Color Vision Assessment and Diagnosis which presents moving
colored patterns on a neutral background. Participants have to identify the direction of
these patterns, allowing the test to determine the smallest detectable color difference along
specific color axes [84]. Example of patterns can be observed on Figure 3.10.
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Figure 3.10: Example of patterns for the Color Vision Assessment and Diagnosis test.

3.2 Low Vision Aids and Assistive Technologies

A wide range of solutions exists to support individuals with low vision in their daily
activities. Traditional approaches often involve training patients to make optimal use
of their residual vision, maximizing their functional abilities. In recent years, however,
advances in electronics have led to the development of innovative assistive technologies: from
smartphones to virtual reality (VR) headsets, these devices have opened new possibilities
for enhancing visual performance.

This section will first go over the traditional aids and training techniques that have been
proposed to patients until now, before presenting some of the newer approaches and future
prospects of low vision aids.

3.2.1 Optical aids

Optical aids encompass a wide range of tools designed to passively adjust incoming light
through the means of an optical system. This type of low vision aids can enhance vision
thanks to their refraction, magnification or field expansion effects. Optical aids for low
vision are widely used due to their ease of manufacture, broad availability and practicality,
as they generally require no electricity or external power.

Magnification tools are also a common aid available to low vision people in a variety of
shapes. Simple hand magnifiers can be used and transported in order to improve reading
at close range, while stand magnifiers can help for extended reading sessions. Similar
functionality can also be achieved with high-powered glasses-mounted lenses improving
practicality.

Telescopic systems are another common solution for individuals with low vision, enabling
the magnification of objects at intermediate to long distances, at the cost of a reduced
field of view. These can be monocular or binocular, feature manual or in more complex
versions automatic focusing, and may be mounted directly onto eyeglass frames. They are
useful for a variety of tasks, including outdoor navigation and watching television from a
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distance.

Standard eyeglasses can also be adapted with additional optical components. Filters, for
example, may be used to reduce glare or enhance contrast, while prisms can be incorporated
to redirect light toward a functioning area of the retina in cases of reduced visual field.
These adaptations allow for targeted improvements in visual performance, tailored to the
specific needs of the user.

3.2.2 Non-optical aids

In addition to optical aids, everyday tasks can be facilitated for low vision individuals by
adapting their environment to their needs. This includes enhanced contrast, increased
size or tactile and auditory cues that can simplify the use of many objects that would
otherwise be impractical to operate with magnification only.

This can be easily achieved first by increasing the size of text or symbols to allow
for easier reading with residual vision [85]. There is a variety of objects adapted to use
large-printed materials such as large print books, increased font for instruction labels or
large-button telephones and computer keyboard.

Use of high contrast can be really beneficial in many situations. In a closed environment
such as a kitchen high contrasted cutting board, or kitchen utensils can help locate and
use them. High contrasted tracks can be used to guide low vision people indoor or outdoor,
for example the Tenji blocks used in Japan (See Figure 3.11). Areas that need specific
carefulness including stairs, crossings, train docks or doors can be contrasted against the
background to help alert and locate them [86].

Using other senses can also help to facilitate many tasks. Some crosswalks are equipped
with speakers to inform when it is safe to cross. Other devices like watches, calculators or
kitchen timers are sometimes fitted with a speaker to be able to hear the readings.

Figure 3.11: Tenji blocks. Image from [87].

3.2.3 Mobility aids

The white cane is the most common and recognizable low vision aid aimed at improving
mobility. It serves two main purposes: first allows visually impaired people to scan their
surrounding while moving, second identifies them as visually impaired to the sighted people
for them to watch out. It can come in multiple shapes and lengths depending on the
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severity or specificities of the visual impairments. Although the long white cane is the most
commonly used type, shorter or foldable variants are also available for greater convenience.
Some canes are designed primarily for identification rather than mobility assistance, for
example identification canes are shorter and lighter and are used by individuals with mild
visual impairments to signal their condition to others. In the same idea, support canes
exist in white color to have the dual purpose of supporting and identification as low vision
person.

Guide dogs are highly trained service animals that assist individuals with severe visual
impairments or blindness by helping them navigate their environment safely and indepen-
dently. Unlike canes, guide dogs can actively avoid obstacles, indicate changes in elevation,
and find specific locations such as doors or crossings. Their use is however rather limited,
with only about twenty thousand dogs in service globally currently due to the cost and
complexity of the training process.

3.2.4 Electronic and digital aids

With new advances in miniaturized electronics, display technologies, and software develop-
ment, digital devices have been growing rapidly as a category of assistive technologies for
low vision people. Unlike traditional optical and non-optical aids, these devices can combine
image processing, magnification, contrast enhancement and text-to-speech functionalities
in a single portable or stationary platform. Their main advantage lies in their adaptability,
with customized settings fitting the user’s preferences and specificities in vision capabilities.

One of the most common electronic solutions is the closed-circuit television (CCTV)
system (Figure 3.12),in which a camera captures an image of reading material or an object
and displays it on a screen with adjustable magnification and contrast. Modern CCTVs
may be desktop-based with large monitors for extended reading, or portable and handheld
for greater flexibility. Digital magnifiers, often in tablet or handheld form, offer similar
functions with the added advantage of portability and battery-powered operation.

The main issue of specialized tools is their high price due to low production and can be
difficult to use proficiently, leading to low usage by low vision patients. However, with the
progression of smartphones, it becomes increasingly easier to have a device with cameras
and high computation power, allowing many different applications for the low vision.

Nowadays, smartphones themselves are fitted with many accessibility settings, like font
size customization, different color modes for the display such as color inversion or enhanced
contrast, and text to speech to read any page displayed. This allows for easier use of the
smartphones by low vision patients and through their daily use make familiarization to
the device simpler.

One of the most common usage of smartphones by low vision patients is through the
integrated camera, which even though it does not feature an optical zoom, still is useful
with digital zoom to magnify details from both afar and close range [88]. Different apps
have also been developed that use the computational power of the smartphones in order to
use image processing for various tasks. Text to speech applications are available and are
able to detect text in an image and read it out loud. Some smartphone applications have
more specialized goals, for example counting physical currencies or detecting pedestrian
crossing lights. Other apps are more generalist and allow to describe the environment
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while filming it, with the help of volunteers or an Al model [89].

Figure 3.12: A collection of electronic and optical magnifiers. Image from [90].

3.2.5 Future directions in low vision aids

Thanks to developments in optics, electronics and computer science, the field of low vision
rehabilitation continually evolving. Although traditional aids remain essential for low
vision individuals, new solutions are being developed to enhance residual vision even
further. This section will present ongoing research and prospects for the future of low
vision aids.

Sensor-based solutions:

White canes are essential tools that enhance autonomy for individuals with visual
impairments, however, they present several limitations, such as the inability to detect
obstacles above cane level, moving objects within the users path, or irregularities in the
ground surface. To address these issues, researchers have developed augmented canes
equipped with a variety of sensors allowing the cane to emit alerts through sounds or
vibrations. Cameras, in particular, have been extensively employed across numerous
applications, especially with the rapid advancement of artificial intelligence models [91, 92].
In addition to cameras, ultrasonic [93, 94], infrared [95, 96], and light detection and ranging
(LIDAR) sensors [97] have been integrated to improve obstacle detection accuracy, while
ultra-wideband (UWB) radars [98] have also been investigated. In most cases, multiple
sensors are combined in order to achieve more reliable and robust environmental perception.
Other shapes have also been proposed for this type of aids including bracelets [99, 100],
pendants [101] or waist belts [102, 103], with the aim of improving ergonomics.

Indoor environments present fewer dangers for visually impaired individuals, as their
layout is generally more stable and predictable than outdoor settings. Therefore, numerous
beacon-based mobility aids have been proposed to facilitate safe navigation . These systems
typically rely on technologies such as Bluetooth Low Energy (BLE) [104], Radio Frequency
Identification (RFID) [105], UWB [106] or Augmented Reality markers [107] to provide
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location information and guidance. Objects can also be fitted with such beacons in order
to identify them [108]

Head-mounted devices:

A major drawback of handheld aids is that they require one functional hand to be
continuously occupied, which can limit usability in daily activities. To overcome this
limitation, head-mounted devices have been proposed as an alternative. Such systems can
function as head-up displays (HUDs) that superimpose information onto the visual field,
or as image-processing devices that modify the visual scene to enhance residual vision.
There are currently two forms of head-mounted devices that are actively being researched
as solutions for low vision people: Mixed Reality (MR) headsets and smart glasses.

Augmented Reality headsets are partially or fully enclosed displays equipped with lenses
and worn in front of the eyes. Unlike Virtual Reality (VR) headsets, AR devices use video
feeds captured by forward-facing cameras to present the surrounding environment on the
display. Real-time image processing can then be applied to enhance visual perception
through techniques such as contrast adjustment [109], edge enhancement [110, 111], local-
ized magnification [112], or text-to-speech conversion via integrated speakers. Additional
functionalities, including face recognition and contextual information overlay [113], further
expand their potential for supporting individuals with visual impairments.

Smart glasses, by contrast, closely resemble conventional eyeglasses and incorporate see-
through displays capable of projecting information onto the lenses (Figure 3.13). Compared
to AR headsets, they offer improved ergonomics through reduced weight and size; however,
their image-processing capabilities are considerably more limited. Smart glasses typically
function as head-up displays (HUDs), highlighting relevant details or obstacles [114, 115]
and assisting with wayfinding [116] through integrated cameras.

Figure 3.13: Rayban meta smart glasses. Image from [117].

Vision language models:

The increasing accessibility to mobile high performance computing have also allowed
vision language models (VLMs) to be considered for the aid of low vision people. These
models are designed to interpret visual information in natural language, allowing to generate
coherent textual or auditory descriptions of images, documents, or real world scenes. VLMs
can perform complex reasoning tasks such as recognizing object, their disposition as well
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as provide a contextual description of a scene. While they are increasingly integrated into
smart glasses, their applications can extend to a wide range of devices such as smartphones.
By using speakers or connected audio interfaces, devices using VLMs can provide real-time
descriptive feedback, significantly enhancing accessibility for individuals with low vision
[118, 119].

Implants and sensory substitution:

In addition to external aids, several surgical and implantable approaches are being
investigated to rehabilitate vision in cases of severe visual impairment. Standard intraocular
lenses, already widely used in cataract surgery, can correct refractive errors and improve
visual function at the cost of reduced accommodation capabilities [120], while intraocular
telescopic lenses are designed to magnify retinal images [121]. Retinal prostheses, including
epiretinal and subretinal implants, attempt to restore visual perception by electrically
stimulating surviving retinal cells [122]. Alternatively to retinal implants, strategies such
as the BrainPort device have been developed, which transmit visual information through
electrotactile stimulation of the top of the tongue, allowing sensory substitution [123].

Limitations of high-tech solutions:

Recent developments in low vision aids have been largely technology-driven, however,
only a small fraction of proposed solutions ultimately reach widespread use. Cost remains
the primary barrier [124], worsened by low adoption rates among potential users. Limited
access to trained professionals further reduces the adoption of the more complex aids, as
many individuals with low vision remain unaware of available aids or perceive them as
overly difficult to use [125, 126]. Reliance on battery power also limits the practicality of
these aids, as it reduces their autonomy, increases their weight, and often compromises user
comfort. Head-mounted displays exemplify these issues: while technologically sophisticated,
they are often cumbersome, expensive, and produce only modest improvements in quality
of life [127]. Moreover some have pointed out that high-tech solutions are not preferred by
low vision individuals compared to standard aids and that preference does not only rely on
performance [128]. Societal stigma associated with aids too visible, along with the desire
to avoid standing out, have also been cited as significant factors limiting the adoption of
new assistive technologies [129, 130]. Similarly, surgical interventions, although offering
the closest approximation to vision restoration, need highly specialized surgeons and carry
elevated risks of postoperative complications [131].

3.3 Lighting for Low Vision and Optimization of Light

Lighting plays a critical role in the performance of the human visual system, influencing
not only the clarity of visual perception but also comfort, eye fatigue, and safety in daily
activities. This is particularly important for individuals with low vision, who often have
access only to inadequate lighting conditions. Moreover, current lighting standards fail
to adequately account for the specific needs of low vision individuals, highlighting the
necessity for more inclusive guidelines that maximize accessibility and visual capabilities.
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This section examines the current literature studying the ability of lighting to enhance
the visual capabilities of individuals with low vision. It will begin by discussing the
integration of lighting with conventional low vision aids, followed by an overview of the
current general recommendations for lighting for the visually impaired. Next, attention will
be given to existing methods for assessing color vision and the psychophysical techniques
commonly employed in such research. Finally recent advances in the optimization of
lighting will be reviewed in order to give insights on the possibilities it offers in the context
of low vision.

3.3.1 Lights for low vision aids

Individuals suffering with low vision can often benefit from improved lighting conditions.
To support their daily activities, they frequently rely lamps in various shapes. These may
be stationary lamps placed at strategic locations in ones home, such as the kitchen for
cooking or the couch for reading, or they can be portable, providing greater flexibility
and illumination precisely where it is needed. Portable solutions such as flashlights
further enhance accessibility and independence, while headlamps also allow for hands-free
utilization. Lamps can be used either as standalone aids or in combination with other low
vision devices. Moreover, certain assistive tools are equipped with integrated lighting to
further enhance their effectiveness in supporting daily tasks. Examples include handheld
and stand-mounted magnifiers, whether optical or electronic, as well as reading glasses
fitted with built-in lamps to facilitate reading.

3.3.2 General lighting recommendations

The importance of lighting for ensuring both visual performance and visual comfort has
led to the development of formal lighting standards. These standards primarily address
workplace environments in order to promote visual efficiency, safety, and energy economy.
Their specifications vary by geographical region: for example, EN 12464-1 [132] is applied
within the European Union, while ANSI/IES RP-1 [133] was developed for the United
States. The European standard provides task-dependent recommendations for minimum
illuminance levels and emphasizes the importance of uniform light distribution. It also
defines acceptable glare levels, sets maximum thresholds, and describes strategies for
glare reduction. By contrast, the treatment of color is relatively limited, focusing mainly
on correlated color temperature (CCT) classifications warm, intermediate, and cool, as
summarized in Table 3.1. Recommendations for color rendering are expressed using the
CIE Ra index, with a minimum CRI of 80 for general indoor environments and values above
90 for specialized applications such as medical examinations or color-critical inspection
tasks.

In the context of residential indoor lighting, there are no formal standards, instead, guid-
ance is provided through recommendations issued by organizations such as the Commission
Internationale de I’Eclairage (CIE) and the Illuminating Engineering Society (IES). For
example, the IES suggests target illuminance levels depending on the activity and space:
approximately 100-200 lux for living and dining rooms, 200-500 lux for bathrooms and
kitchens, and 500-1000 lux for areas dedicated to visually demanding tasks such as cooking
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Colour appearance | CCT (K)
Warm below 3300 K
Intermediate 3300 to 5300 K
Cool above 5300 K

Table 3.1: Lamp colour appearance groups (EN 12464-1).

or reading. However, most homes fall short of these recommended lighting levels, which
poses an even greater challenge for individuals with low vision, since existing standards and
recommendations are typically based on assumptions of normal vision. Therefore, it has
been suggested that people with low vision would benefit greatly from lighting standards
for low vision as well customizable lighting solutions fitting specifically their visual needs
to the tasks they perform [134, 135, 136].

The CIE 227:2017 report 'Lighting for Older People and People with Visual Impairment
in Buildings" [137] gives specific guidances for indoor lighting and environments in order
to be adapted to the elderly as well as low vision people. It describes in detail the changes
the visual system is subjected to with aging and visual impairments in order to provide
guideline for designing lighting in buildings to be as inclusive as possible. The report
highlights the need for illuminance to be adapted for the tasks performed, while providing
strategies to limit glare discomfort. Moreover, special emphasis has been given on the
importance of color contrast when designing interiors.

Although this report provides detailed recommendations for adapting lighting to the
needs of people with low vision, significant gaps remain in understanding the specific effects
of light on color vision. In particular, few studies offer precise guidance on the spectral
composition of light or the impact of correlated color temperature on color discrimination.
To address this, it is necessary to use experimental approaches that objectively measure
visual performance under varying conditions. Psychophysical experimentation provides
the methodology to investigate the impact of lighting on color vision, particularly in the
context of low vision.

3.3.3 Psychophysical experiments in color vision research

To investigate human vision, it is essential to quantify the performance of the visual
system under varying conditions. The focus of this thesis is the impact of lighting on color
discrimination ability, therefore it is necessary to define the field of psychophysics, the
scientific discipline studying the relationship between physical stimuli and the perceptions
and sensations they provide, and present the methodological framework and techniques it
proposes. The following section presents an overview of psychophysical experimentation as
applied to color vision research [138].

Comparison-based methods:

Comparison-based methods are a simple way to study how people perceive color. These
methods present two or more color stimuli simultaneously, and observers are asked to
answer a forced-choice question. By analyzing these choices it is possible to gain insight
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into how the colors are perceived and what is the detection threshold for the varying
parameter.

Paired comparison is the most commonly used comparison method because its simplicity
allows for fast and intuitive experiments. In this type of experiment, participants are
presented with two stimuli and asked to make a choice, for example, selecting the one that
appears lighter, more saturated, or differs in another perceptual aspect [139]. Alternatively,
they can be asked whether the two stimuli are identical, which eliminates the need for the
participant to understand the specific perceptual property being studied and helps reduce
bias.

More complex designs involve three or more stimuli presented at once. In some cases,
observers are asked to identify the odd one out, that is, the stimulus that differs from the
others [140]. In other tasks, one stimulus is designated as a reference, and participants
must decide which of the remaining samples matches it. These extended comparison tasks
provide richer information about perceptual relationships and are especially useful for
exploring subtle differences between stimuli.

Despite their usefulness, comparison-based methods present certain limitations and
practical challenges that need to be taken into account when devising such an experiment.
One major concern is the selection and design of the stimulus set: if stimuli are poorly
chosen, clustered too closely, or unevenly distributed within the perceptual space, the
resulting judgments may be biased or fail to capture meaningful differences. Another
difficulty lies in the scalability of these methods. As the number of stimuli increases, the
total number of possible comparisons grows rapidly, leading to excessive testing time,
increased participant fatigue, and potentially reduced data reliability.

Scaling methods:

Another important class of psychophysical procedures is scaling methods. Unlike
comparison-based methods, which rely on binary judgments, scaling methods require the
observer to quantify their perception along a continuous or discrete scale. In this way, the
observer does not simply state which stimulus is lighter or more saturated, but instead
provides a graded response that reflects the magnitude of the perceptual attribute under
study.

Several techniques exist to establish such scales. For example, in gray scaling methods,
observers arrange or rate samples according to a perceptual parameter (for example color
difference) by comparing them to a predefined series of gray samples. These gray samples
are constructed with constant steps in lightness, providing a perceptual reference scale
against which the stimuli can be evaluated [141, 142, 143].

Other approaches may use numerical rating scales, category judgments, or magnitude
estimation [144], where observers freely assign values to indicate perceived intensity. These
methods are especially useful to study more complex and subjective aspects such as
preference or naturalness.

Finally, arrangement tasks such as the Farnsworth-Munsell 100 hue test also constitute
a type of psychophysical scaling procedure, where the observers have to rank color chips
in order of hues and provide precise information on color discrimination ability.
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Color matching methods:

Color-matching procedures are another approach to psychophysical experimentation on
color perception. In these tasks, the observer adjusts the parameters of one stimulus until
it appears perceptually identical to a reference stimulus. The goal is to determine the
specific parameter settings, for example intensity, chromaticity, or luminance, at which
two stimuli are perceived as matching.

Color matching can be implemented using a forced-choice procedure. In this approach,
several candidate stimuli are presented simultaneously, and the observer must select the
one that most closely resembles the reference stimulus. This design simplifies the task for
the observer, since it avoids the need for continuous adjustments, but it requires a more
careful and systematic selection of the stimulus to ensure reliable results.

Color matching experiments can also be conducted using adjustment procedures [145].
In this approach, the observer directly manipulates the parameters of one stimulus until it
perceptually matches the test stimulus. Adjustment methods provide a more precise and
individualized measure of color equivalence, though they require a higher level of attention
and consistency from the observer. Classic examples include the anomaloscope, used to
assess color vision deficiencies, and the experiments of Guild and Wright, which led to the
development of the CIE 1931 color space.

Another approach is to use cancellation methods, where the goal is not to match two
stimuli but to nullify a specific perceptual property. In this type of experiment, an
additional stimulus is adjusted or added until the targeted perceptual aspect is effectively
canceled out, leaving the observer with a neutral or balanced stimuli. This technique
has been widely used in color vision research, particularly in studies of opponent-color
processing [146, 147].

The psychophysical methods described in this subsection provide different experiments
that can be used to quantify visual performance under different conditions. In the context
of studying lighting and its impact on color vision performance, these approaches can be
adapted to optimize illumination, allowing us to design light conditions that can enhance
visual performance, for example color discrimination. More specifically, the advanced
customizability of LED lighting offers new opportunities to implement these findings,
allowing for lighting solutions specifically designed to support individuals with low vision.

3.3.4 Optimizing light for visual performance

Light is responsible for our ability to see our environment and its spectral composition
defines how well the visual system can perform. The rapid adoption of LED technology
and its flexibility in spectral output have increased the interest in understanding spectral
properties of light and its influence on human vision. This section provides an overview of
the history and underlying principles of light-emitting diodes, followed by a presentation
of research that takes advantage from the advanced customizability of LED lighting to
optimize illumination, with a specific focus on applications in the context of low vision.

Light-emitting diodes, principle and development:
Electroluminescence is the property of certain materials to emit light when an electrical
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current passes through them. The phenomenon was first observed in semiconductors in
1907 by Henry Joseph Round, who discovered that silicon carbide crystals emitted light
when a voltage was applied to it. Two decades later, in 1927, Oleg Losev developed the first
light-emitting diode (LED), also using silicon carbide. However, no practical application
was found at the time due to the materials low light-emission efficiency.

As illustrated in Figure 3.14a, an LED consists of two main leads: the anvil and the
post, connected to the anode and cathode, respectively. The anvil also serves as a support
for the semiconductor die, which is mounted on a reflective cavity designed to direct the
emitted light outward. The semiconductor die itself is composed of two regions: the n-type
region, which contains free electrons, and the p-type region, which contains mobile electron
holes. When a voltage is applied, electrons from the n-region migrate to fill holes in the
p-region, allowing current to flow in only one direction, forming the basic principle of all
diodes. In light emitting diodes, the materials are specifically selected so the holes have
a lower energy than the electrons in the n-region, forcing the electrons to release excess
energy through emission of a photon. This process is summarized in Figure 3.14b. The
wavelength of the light emitted depends on the band gap energy of the materials selected.
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(b) Light emitting diode principle. Image from

(a) Schema of a basic LED. Image from [148]. [149]

Figure 3.14: LED structure and principle.

During the 1960s, significant progress was made in developing LEDs through the use
of new semiconductor materials, which enhanced both efficiency and brightness, while
advances in manufacturing techniques helped reduce costs. By the late 1960s, LEDs began
replacing incandescent bulbs as indicator lights and Nixie tubes in digital displays. Early
LEDs could emit light from the near-infrared to the yellow region of the spectrum [150].
However, despite rapid improvements in brightness, their use in general lighting remained
unfeasible due to the absence of high-performance LEDs capable of emitting in the blue
region of visible light.

The first blue LEDs were developed in the 1970s, but their extremely low efficiency
restricted their use for example for digital displays. A major breakthrough came in 1993,
when Shuji Nakamura created the first high-brightness blue LED, leading the way to
practical lighting applications. This advancement enabled the production of white LED
lamps. Although it can be achieved by combining red, green, and blue LEDs, it is done
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more efficiently and with better color rendering by pairing a bright blue LED with a
phosphor coating that converts part of the emission into green and red light through
fluorescence [151]. Thanks to important energy efficiency and lifetime as well as rapid
progress in both brightness and color rendering, LED lighting has almost entirely replaced
incandescent and fluorescent lamps in a wide range of applications [152, 153].

LEDs have become the main source of light for many applications including residential
lighting, automotive systems, and advanced display technologies such as MicroLED. In
the context of home lighting, continuous improvements in brightness, color rendering, and
affordability have made high-quality lighting solutions widely accessible. More recently, the
customizability of lighting has become mainstream, with tunable bulbs offering adjustable
color temperatures or even fully customizable light colors, providing users with greater
control over their lighting environments. For professional and research purposes, tunable
LED panels have further enabled precise color management and more accurate investigations
into the effects of lighting [154].

Optimization of LED lighting:

Thanks to the newly available customizability offered by LED lighting, it is possible to
design an infinite number of spectra with vastly different characteristics, making it possible
to consider optimizing the light to improve visual performances, more particularly in the
context of low vision.

The optimization of LED lamps with respect to their color-rendering characteristics
has been extensively explored with the hypothesis of normal vision. Color rendering
metrics provide an easy way to evaluate the performances of a light and are therefore
commonly used as cost functions to derive theoretically optimal spectra according to
a specific characteristic. For white LEDs, optimization can be achieved with improved
composition of the die and different types of phosphor coatings which allows to produce
different spectral properties: He et al. developed white LEDs featuring red, green and blue
phosphors to achieve high CRI [155], while Xiao et al. proposed a white LED with green
and orange phosphors to improve the CIE Ry for road lighting applications [156]. Another
approach takes advantage of the ease of integrating multiple LEDs within a single package,
allowing the spectral output of the lamp to be customized through the use of multiple
independently controlled channels. This method has been used extensively to achieve high
CRI LED lamps, for example He et al. proposed the addition of a red LED to a white
phosphor coated LED to achieve good color rendering [157]. Advanced LED lamps and
tunable panel allow for even more control with multiple individual and have been used to
design light spectra maximizing specific metrics, Zhang et al. developed a method based
on a genetic algorithm to achieve light spectra with high CRI, CQS as well as Luminous
Efficacy of Radiation (LER) [158]. In addition, specialized indices have been considered
for specific applications such as the Cyanosis Observation Index (COI) for clinical settings
[159] or the Melanopic Efficacy of Luminous Radiation (MELR) by Saw et al. [160] or the
Circadian Action Factor (CAF) by Zheng et al. [161].

Although color rendering metrics are useful tools to efficiently quantify and communicate
the properties of different light sources, they were only designed taking into account
normal vision, Furthermore, they do not always correlate with actual visual performance,



62 CHAPTER 3. LOW VISION ASSESSMENT, AIDS AND LIGHTING RESEARCH

particularly in the case of spectra produced by LED lighting [24]. Therefore, despite being
more time consuming, psychophysical experiments are essential either as an optimization
method or as a mean of validating results with real observers. Such experiments are
particularly valuable when the studied property is not easily described by quantitative
measures, for example the perceived naturalness of a scene, lighting preference or the
subjective colorfulness of an environment [162]|. Furthermore, in the context of non-standard
vision, psychophysical experimentation becomes particularly important, as existing models
and light quality metrics generally fail to capture the specificities of such visual conditions.
Consequently, efforts have been made to design lighting solutions that go further than
faithful color rendering and instead aim to enhance the visual capabilities of individuals with
non-standard vision. Flinkman et al. have proposed light spectra that successfully enhance
color discrimination for people affected by red-green color vision deficiency [163]. Similarly,
people with low vision could benefit from lighting specifically adapted to different types
of visual impairments. While the impact on color perception is typically less pronounced
than in the case of colorblindness, many visual impairments significantly alter perception
and affect color vision [164, 165]. Moreover, aging itself exerts a noticeable influence on
color vision performance, further emphasizing the importance of adaptive lighting solutions
[166]. These advances in optimizing lighting have been achieved not by relying solely
on traditional metrics, but by implementing precise, targeted experiments that directly
measure visual performance under controlled conditions.

Different approaches have been proposed in order to experiment on the ability of
light to improve visual performances of low vision individuals. Katemake et al. [167]
conducted a series of psychophysical experiments, including obstacle course navigation and
practical tasks such as kitchen activities under varying lighting conditions. Their findings
demonstrated that appropriate lighting can significantly enhance everyday activities by
improving color contrast, optimizing light positioning for precision tasks, and incorporating
features such as illuminated edges. They however found that in the context of mobility, the
variations in illumination levels and correlated color temperature tested in the experiment
did not show significant influence. Wolffsogn et al. [168] similarly concluded that correlated
color temperature (CCT) has no significant influence on reading performances. However,
color and illuminance alone are insufficient to fully characterize the diversity of spectra that
can be produced. Consequently, efforts have been made to study light directly in terms of
its spectral composition. Some aids have been proposed, taking advantage of the ability of
LED device to output a completely customized light, such as the multispectral light reading
aid proposed by Ramane et al. [169]. Yang et al. [170] proposed a LED-based lighting
approach to assist individuals with specific visual impairments. Through psychophysical
experiments using a multispectral lighting system, they demonstrated that tailored spectral
mixes can significantly improve color perception compared to standard white LEDs.

3.4 Chapter Summary
This chapter focused on presenting the available methods used to study low vision. It began

with an overview of the clinical tests commonly employed to detect visual impairments
and assess their severity. Three major visual functions, visual acuity, visual field, and
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contrast sensitivity were described, along with the most common tests used to evaluate
each of them. This provided an understanding of how visual impairments affect vision and
illustrated the types of procedures required for their study.

Particular attention was given to tests evaluating color vision, as they are especially
relevant to this work. These tests are not only widely used in clinical settings but are also
often used in psychophysical experiments, including those investigating the influence of
color vision performance. Special emphasis was placed on the Farnsworth-Munsell 100
Hue Test, which is a standard clinical tool but has also been used in lighting studies. This
test is of major importance to this thesis and a modified version of it will be presented in
Chapter 4.

A significant portion of this chapter was focused on the existing assistive technologies
and aids for individuals with low vision. Traditional aids such as canes and magnifying
glasses were introduced, followed by the different environmental adaptations that can be
made to make spaces more accessible and navigable. A presentation was also made on
more recent developments include electronic and digital aids, which offer greater flexibility
and adaptability to the specific needs of the user and environmental conditions. The use of
smartphones as visual aids was also described, illustrating how widely available technology
can support accessibility.

Additionally, several research prototypes were presented, including systems based on
LIDAR or ultrasonic sensors that can detect obstacles and alert users through auditory or
tactile feedback. Among emerging technologies, Augmented Reality (AR) headsets and
smart glasses have attracted a lot of attention, as they can integrate advanced computer
vision and Al models to dynamically enhance contrast, highlight important visual features,
and adapt to individual visual impairments.

The chapter also highlighted the limitations and challenges associated with current aids,
which range from high cost and lack of comfort to dependence on battery life and reticence
of some users to use devices that make their condition visible of fear of standing out.
However, one of the main advantage of these advanced solutions is the ability to enhance
contrast in order to improve visibility which cannot be achieved using passive optical aids
only. This reinforces the idea that optimizing light to enhance color contrast by using
optimized spectral characteristics would be promising approach to improve scene visibility
without the need for specialized interior or wearable devices.

Then, the chapter examined existing recommendations and research on lighting for
people with low vision. It was shown that there are major gaps in most standards and
guidelines, as they primarily take into account luminance levels for different visual tasks
but neglect other characteristics such as color temperature, color rendering, and spectral
distribution. Moreover, conventional light quality metrics, such as the CRI, are based on
the standard observer model which does not take into account the perceptual characteristics
of low vision individuals.

Although some studies have attempted to optimize lighting conditions to improve visual
performance, most have been conducted for normal vision with the aim to maximize
different light quality metrics. Very few investigations have specifically addressed the
needs of low vision individuals or explored how variations in the spectral content of light
influence their color perception and discrimination abilities [167, 170].

For this reason, the following chapter presents the first psychophysical experiment of
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this thesis which designed to investigate how light wavelength affects color discrimination
depending on the type of low vision. This experiment will establish a basis for a better
understanding of how lighting can be optimized to improve visual performance for people
with low vision.
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Chapter 4

Color Discrimination under
Monochromatic LEDs in
Simulated Low-Vision
Conditions

This chapter presents the initial phase of a series of experiments that aim at optimizing
the white light spectrum for visually impaired people. This initial phase is focused on
evaluating the influence of monochromatic LED light on color perception in a low vision
context with the goal to determine the minimal number of LED channels required to
produce white light that enhances color discrimination. To this end, the experimental
protocol leverages the additive properties of light which allow the optimization of a white
light source by mixing different spectral bands [171, 172, 173]

A detailed overview of the preparatory stages for this work is provided in Section
“Experimental setup”. The psychophysical experiment carried out to collect data is then
detailed in Section “Psychophysical Experiment Based on the Farnsworth-Munsell 100 Hue
Test”, emphasizing the requirements to deal with. Section “Automatic Score Calculation”
outlines the solutions developed to address the experimental challenges. The collected
data are analyzed and the key trends derived from the results are discussed in Section
“Results”. Finally, the outcomes of these first investigations will be analyzed.

4.1 Psychophysical Experiment Based on the Farnsworth-
Munsell 100 Hue Test

The psychophysical experiment was designed to obtain as much information as possible on
color discrimination under different colored lights within a simulated low vision context.
To this end, participants were asked to sort color samples under different and carefully
controlled lighting setups.

65
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4.1.1 Experimental setup

The psychophysical experiment presented in this chapter was carried out in a 2.5 x 2.5 x
2.5 meter light booth in order to precisely control lighting conditions. The illumination was
provided by a a spectrally tunable LED panel, the Dittosizer Light Player from Telelumen
that was fully characterized in Chapter 2. Their settings were then adjusted to meet the
needs of the study [2]. Special care was also taken in preparing the light booth and its
installed equipment. The viewing area consisted in a 1 x 1 meter wide experiment table
covered in neutral gray cardboard. While the position of the participant was not fixed in
one place due to the duration of the experiment, the viewing distance is approximately 30
cm.

Characterization of the channels highlighted significant variations in illuminance on
the experimental table when they were all set at their maximum drive levels. Since the
experiment focuses on the influence of SPD on color discrimination, it was essential to
standardize illuminance across all 13 channels in order to ensure that any difference in
perception could be attributed to wavelength effects rather than illuminance variations.
To achieve this, the weakest channel was used as the baseline and all other channels were
adjusted to match its illuminance [2]. This weakest channel corresponds to the bluest one
(RB1 in Table 2.4 that was provided in Chapter 2) and it provided 80 lux on the surface
of the experimental table. Such an illuminance of 80 lux aligns with the CIE guidelines for
minimum required visibility while ensuring controlled and unbiased experimental conditions
for studying wavelength effects on color discrimination [137]. This setup balances practical
visibility requirements with the need for spectral consistency in the study.

As illustrated by Figure 4.1, participants were monitored with a ZED Mini stereo camera
during each session. In addition, a Canon EOS 5D Mark IV was placed in a corner of the
light booth to record the final positions of the color samples on the table at the end of the
experiment. Finally, two computers were used to control the different equipment, one for
the two cameras and one to manage the lighting system.

4.1.2 Color sample selection

Three standard sets of color samples are commonly and widely used in psychophysical
experiments: the Munsell Color System (MCS), the Natural Color System (NCS) and the
Farnsworth Munsell 100 Hue Test (FM100).

In order to have a complete hue circle for a sorting task, color samples from both
the MCS and NCS can be selected with a fixed lightness and chroma. To meet such a
constraint, MCS samples should have a value of 6 and a chroma of 6 while NCS samples
should be chosen with 20% blackness and 50% chromaticness. These criteria yield 40
distinct samples in each set. By design, the FM100 forms a full hue circle and comprises
85 color caps.

To identify the most suitable set of color samples, we analyzed the AFEyg color difference
between consecutive samples in each set. As shown in Figures 4.2, 4.3 and 4.4, the FM100
caps have both lower and more consistent AFEyy values across the hue circle. Based on
these results, the FM100 was selected as the optimal set for our study. In addition, the
FM100 offers several practical advantages. Colors samples are encased in a black hard
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Figure 4.1: Setup in the light booth : (1) Telelumen multispectral LED panel, (2) Neutral
gray experimental table, (3) Four references samples, (4) Samples to sort, (5) ZED Mini
stereo camera, (6) Canon EOS 5D Mark IV camera

plastic shell which not only makes them easier to handle but also protects colored surfaces
from direct finger contacts, helping to preserve their spectral reflectance characteristics.
This contrasts with the more fragile and less ergonomic formats of the MCS and NCS
paper samples. Moreover, the FM100 includes 85 different color caps providing a greater
flexibility in selecting a subset tailored to our specific experimental requirements.

The color caps selected have a visual angle of XXX at the typical distance for this
experiment. Moreover, for all types of simulated visual impairment used in this experiment,
multiple samples can be viewed at the same time.

4.1.3 Experimental requirements

The goal of the experiment is to map the color discrimination ability of participants
wearing different types of low vision simulation goggles under the 13 selected spectral
channels of the LED panel. Although the FM100 is supposed to be performed under
a standard illuminant (typically D65 or D50), previous studies have also used it under
colored lights to assess color discrimination for unusual illumination conditions [174]. This
supports our decision to select the FM100 instead of the MCS and the NCS for the reasons
outlined above. However, several adaptations are required. First, the standard FM100 is
a time-consuming procedure. Given that our psychophysical experiment needs as many
participants as possible to be relevant, the number of color samples had to be reduced to
make the task achievable. Moreover, since the lights used in the experiment are nearly
monochromatic, participants may confuse colors located on opposite sides of the hue circle.
To address this, the original arrangement of color caps in four separate trays was replaced
by a single square layout containing all the color samples. Four reference caps were placed
at the corners of this layout to guide the sorting task (see Figure 4.8).

To balance accuracy with a reasonable experiment duration, the number of color samples
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was reduced by approximately two-thirds. A selected subset of 28 caps was chosen to
maintain minimal variability in color differences between consecutive samples as shown
in Figure 4.5. The AFEyg values for this subset have an average of 5.7 with a variance
of 0.7, ensuring both consistency and perceptual relevance in line with our experimental
requirements.

4.1.4 Experimental protocol

The psychophysical experiment was divided into two sessions, each lasting approximately
one hour. Depending on individual preferences and availability, the sessions could be
scheduled either consecutively or on separate days. All participants were volunteers with
normal or corrected-to-normal vision. Upon arrival, each person received an information
sheet presenting the general purpose of the experiment, warning the use of colored lights
and providing details regarding the nature of the data being collected. After reviewing
this information and after asking any necessary questions, volunteers were free to decline
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Figure 4.6: A participant taking part in the experiment.

participation without any obligation. Finally, before starting the psychophysical experiment
itself, participants performed an online simplified version of the FM100 Hue Test available
on X-Rites website.

A total of 57 participants completed both sessions of the experiment over a two-month
period. They were divided into 4 groups as follows:

o GI1: control group (no low vision simulation goggles), 10 participants
e G2: central scotoma simulation goggles, 16 participants
e G3: blurry vision simulation goggles, 15 participants

o G4: tunnel vision simulation goggles, 16 participants

After the color blindness checking step, each participant entered the light booth and
was given time to sit and adjust the chair. According to the assigned group, the observer
was then provided with the appropriate low vision simulation goggles. Once comfortably
seated, the following simple and concise instructions were given: You will have 28 colored
samples in front of you. Four of them are already placed and serve as references. You
have to arrange the remaining 24 samples in the correct hue order. If clarification was
needed, the following explanation was provided: Arrange the samples similarly to how
you did during the visual test you performed a few minutes ago, except that the reference
samples are now placed at the corners of a square. If participants, especially those wearing
simulation goggles, had difficulty locating the sample cutouts on the table, the instructor
briefly entered the light booth to provide assistance. This gave confidence to observers
who were afraid of making a mistake specifically during the first manipulations at the
beginning of the experiment. The disposition of the light booth is illustrated in Figure 4.6.

During this start-up step, the light booth was illuminated with a D65 daylight setup to
provide the same illuminance of 80 lux given by each of the 13 channels on the surface
of the experimental table (see Section “Experimental setup”). When the participant was
ready to begin the sorting task, one of the 13 selected channels was turned on using
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Figure 4.7: Flowchart describing the experimental protocol.

a smooth gradient transition. After one-minute adaptation period under the colored
light, the observer started to sort the colored samples in free time. The different LED
channels were cycled one after the other once the sorting task was completed. Between
each channel, the booth was again illuminated with D65 white light. To avoid potential
bias related to the order of lighting conditions, five predefined lighting sequences were used
with participants randomly and evenly distributed among them. An overview of the full
experimental protocol is given by the flowchart shown in Figure 4.7.

At the end of a sorting task, there were three possibilities: (1) If it was not the end of
one of the two sessions, the participant remained seated in the light booth while the next
task was being prepared by the instructor. (2) If it was the end of the first session, the
participant exited the light booth without receiving any performance feedback. (3) If it
was the end of the second session, the participant was shown the results of his/her final
round and invited to share his/her feedback through a short interview.

4.2 Automatic Score Calculation

As explained in the previous section, participants were asked to sort 28 color samples a
total of 13 times. Manually recording the position and number of each sample would be
both tedious and very time-consuming, especially as the caps have to be turned over since
identification numbers are printed on their back. This would slow down the experiment
considerably. Participants would have to wait a long time between each sorting task,
creating boredom and lassitude that could alter the quality of the results and introduce
experimental bias. To address this issue, an algorithm was developed to automatically
detect the positions and order of the color samples. This algorithm processes a unique
14-bit RAW image of the experimental area and accurately reports the order of the caps.

4.2.1 Image capture

Images of the experimental area were captured using a Canon 5D Mark IV camera which is
able to provide high-resolution 14-bit RAW depth color pictures. The camera was positioned
in the corner of the light booth and directed towards the table where participants ordered
the color samples (see Figures 2.1 and 4.1). Image capture was performed under the D65
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white adaptation light which was setup to provide an illuminance of 80 lux on the surface
of the experimental table. F-number and exposure time settings were optimized to have a
clear and sharp image across all 28 samples. An example of captured image is shown in
Figure 4.8.

4.2.2 Sample detection

Due to slight misalignments in cap placement or potential camera shifts between sessions,
an automatic detection of sample positions was required. Then, the algorithm begins
by converting the 14-bit RAW color image to grayscale as shown in Figure 4.9. A cross-
correlation operation is performed between this grayscale image and a small reference
image of a single cap. Local maxima are then extracted in order to determine the position
of each cap (see Figure 4.10). A bounding box is then drawn around the detected sample
positions.

4.2.3 Order detection

Inside each bounding box, a 10x10 pixel region of interest (ROI) is centered to extract
the color information from the original 16-bit image (see Figure 4.11). The average color
within each ROI is computed in sRGB color space and stored in an array with sample
positions indexed starting from the cap closest to the camera and proceeding clockwise. In
the next step, the average SRGB values are converted to the CIE L*C*h color space. The
resulting array is then sorted by the hue (h) component. This ordered array reflects the
effective relative positions of the caps as sorted by the participant.

Figure 4.8: Original color image. Figure 4.9: Grayscale image.
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Figure 4.10: Cross-correlation result. Figure 4.11: Original image with
bounding boxes (red) and Regions of
Interest (green).

4.2.4 Score calculation

Once the sample order is obtained, the score can be calculated. Because the modified test
uses only 28 of the original 85 samples and the caps are arranged in a square with references
placed at the corners instead of in four trays, an adaptation of the Farnsworth-Munsell
100 Hue Test scoring method was required. The calculation we used is as follows:

s {28 — |n1 — ni,1| if \nl — ni,l\ > 14
i:

|n; —mi—1] otherwise

n 28 — ]nl — ni+1| if |n1 — ni+1| > 14
|ni — nit1] otherwise

4.2.5 Algorithm robustness

The algorithms outputs were validated using data from the first ten participants. In addition
to photographing the colored samples, the true sorting order was manually recorded and
compared with the algorithms results. This provided 130 trials (10 participants x 13
lighting conditions) for which the ground truth was known. Across all trials, the algorithm
consistently returned the correct sorting order with no observed failures. It was therefore
considered that the algorithm was robust enough to provide the correct sorting order.

4.3 Results

The ordering of the color samples provides valuable information about the influence of
lighting conditions on color discrimination. By analyzing how selected caps were arranged
by participants, it could be possible to identify trends that would reflect how channels
affect color perception according to the selected simulated visual impairment.
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4.3.1 Acquired data

A ZED stereo camera was used to capture the unfolding of each experimental session
in order to analyze participants’ strategies (see Figure 4.12). This approach provides a
comprehensive data set that can be referenced if an observer’s data seems aberrant during
statistical analysis and needs to be discarded.

Figure 4.12: Recording of one of the sessions using a ZED stereo camera.

Moreover, since the camera is binocular, it supports the application of Al-based models
to track hand and body movements in three dimensions. While a detailed analysis of
participants’ strategies is beyond the scope of this article, such an investigation will be
useful to extend the present result analysis and for the design of our future psychophysical
experiments.

The order of the 28 color samples was recorded for each participant under all 13 selected
channels of the LED panel (I = 1,...13). The collected numerical data are the scores
for each individual color sample (i = 1,...28) under each lighting conditions for all
participants (n € Gg) in a given group (k = 1,...4). These data can be noted as follows:

{5i717n}ie[[1,28}],le[[1,13]],neGk <4'2)

with k € [1,4]

The Total Error Score (TES) related to the original Farnsworth-Munsell 100 Hue Test
describes the overall ability of an observer to discriminate colors. It is calculated by
summing the scores of all the colored caps. In this study, TES aims to evaluate the
effectiveness of each lighting channel in allowing an accurate color discrimination. It is
calculated as shown in Equation 4.3. The TES distributions for the 4 groups of participants
are presented in Figure 4.13.

28
Vi€ [1,13],¥n € Gy, TESin= Ssiin (4.3)
=1

The lower the TES is the better the ranking.

The lowest error scores for the control group G are observed for channels B2 and C,
i.e. channels 4 and 5 (see Figure 2.25 and Table 5.1), with average TES values lower than
150. In contrast, the highest error scores are obtained for channels RB2, R1, R2 and DRI,
i.e. channels 2, 11, 12 and 13, with average values exceeding 250. In overall, the TES
values for the control group G are lower for most channels (except for the poorest ones)
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compared to the other groups. The standard deviation is another important parameter to
consider in the cross-analysis of scores.

(@)
350

f EH H NO[' 1 N“

150 o (0¥

100 o e
o o

50 -

RB1 RB2 BI B2 C GI G2 L PCAOR RI R2 DRI
Channels
Figure 4.13: Box plots showing the distribution of Total Error Scores (TES) for the 4
groups across the 13 lighting channels used in the experiment: G;=Control Group (in
blue), Go=Central Scotoma (in orange), Gg=Blurry Vision (in green), G4=Tunnel Vision
(in red)

Equation 4.4 introduces an extended metric, the Extended Total Error Score (ETES),
to quantify the overall ability of an observer to discriminate colors under all 13 channels.
This allows a comparative analysis of group performance and the influence of low vision

simulation goggles. The distribution of ETES values for each group is shown in Figure
4.14.

13 13 28
Vn€ Gy, ETES,=>» TES,=» > Siin (4.4)
=1 =1 i=1

In Figure 4.14, the control group G exhibits the lowest ETES values, while the central
scotoma group G shows the highest ETES. It is interesting to note that group G also
has the lowest standard deviation, suggesting a more uniform performance despite poorer
average results. Groups G3 (blurry vision) and G4 (tunnel vision) have similar ETES
values but group G3 presents a higher standard deviation.

From this preliminary analysis, three distinct types of data need further investigation:
(1) sample scores s; ;. (i =1,...28) that give an information how well each color samples
are distinguished under specific lighting conditions (channels { = 1,...13) by participants
in groups n € (Gy) with (k =1,...4)); (2) the TES),, that gives a rating for a specific
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Figure 4.14: Box plots showing the distribution of Extended Total Error Scores (ETES)
for the four participant groups: Gi=Control Group, Go=Central Scotoma, Gz=Blurry
Vision, G4=Tunnel Vision.

channel across the hue circle within each observer group; (3) the ETES,, that allows
cross-group comparisons of global color discrimination performance.

4.3.2 Statistical analysis

The results of the statistical analysis of experimental data are presented in Tables 4.1 to
4.6. In these Tables, green cells indicate p-values below the significance threshold o = 0.05
while red cells correspond to p-values above this threshold.

1st analysis : Global performance comparison between groups

In this first part of the statistical analysis, the global color discrimination performance
is compared across the 4 groups of observers. Let us define ETES* as the set of Extended
Total Error Scores for participants in group Gy:

ETES" = {ETES,}nea,

Pairwise comparisons between groups were performed using Welch’s t-test on ETES®
and ETES’ for all ¢ # j. This statistical test is suitable for comparing two independent
samples that may have unequal variances [175].
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Gi1| Gy Gs Gy
G 7.6e-6 | 1.0e-2 | 1.5e-3
Gy 3.2e-2 | 2.1e-2
Gs 7.6e-1
Gy

Table 4.1: Welchs t-test p-values for pairwise group comparisons across LED channels [
(1=1,...13).

Hypothesis Hy: There is no significant global performance difference between the two
groups G; and Gy, for ¢ # j.

Hypothesis H;: There is a significant global performance difference between the two
groups G; and Gy, for ¢ # j.

If the p-value is lower than o = 0.05 the Hypothesis Hy is rejected indicating a
statistically significant difference.

Table 4.1 presents the results of the pairwise comparisons of the four groups. Green cells
denote statistically significant differences which means that Hypothesis Hy is rejected.
Red cells indicate non-significant results when Hypothesis Hg cannot be rejected. The
comparison between the blurry vision group Gs and the tunnel vision group G4 does not
lead to a significant difference suggesting similar global color discrimination performance for
these two simulated visual impairments. In contrast, all three low vision simulation groups
performed significantly worse than the control group G;. This is especially emphasized for
central scotoma group Go which exhibits significantly poorer performance than both the
blurry vision and tunnel vision groups.

2nd analysis : Group performance comparison across LED channels

In this second part of the statistical analysis, group performance across the different
LED channels is examined. Since both the groups and channels are independent, Welchs
t-test remains appropriate. Let TESf denote the total error score for group G under
LED channel [ defined as:

TES;C = {TESl,n}nEGk,le[[l,B]]

Hypothesis Ho: The different groups perform the same under different lighting conditions
ie. TES; = TES] Vi,j i#j.

Hypothesis Hy: The different groups perform differently under different lighting condi-
tions i.e. TES] # TES] Vi,j i#j.
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G/ G2 |G /Gs |Gl /Gy | Ga/Gs | Ga /G| Gs /Gy
0L | 9.0E-03 | 6.3E-02 | 7.8E-02 | 9.9E02 | 1.7E-01 | 9.5B-01
02 | 9.0E-02 | 3.0E-0L | 6.9E01 | 4.9E01 | 9.9E02 | 4.1E-0L
03 | 1.1E02 | 8.0B-02 | 1.0B-02 | 2.5E-01 | 7.3E.01 | 2.1E-01
04 | 2.3E-06 | 6.1E-02 | 3.0E-02 | 5.0E03 | 3.5E-02 | 6.4B-01
05 | 1.0E-07 | 5.6E-03 | 6.5B-02 | 7.8E-03 | L.7E05 | L8E-0L
06 | 1.3E-04 | 3.1E-03 | 6.4E-03 | 2.8E01 | 1.2E01 | 6.7B-0L
07 | 6.5E-05 | 4.5E-03 | 4.4E-02 1.5E-01 1.6E-02 3.2E-01
08 | 1.6E-03 | 2.4E-01 | 2.5E-02 | 4.6E02 | 3.7E-01 | 2.8B-01
09 | 2.7E-02 | 3.4E-01 3.2E-02 1.4E-01 9.0E-01 1.7E-01
10 | 7.3E02 | 2.0E01 | 3.2E-01 | 4.7B-0L | 3.0E-01 | 7.4E01
11 | 9.2E-01 3.5E-01 2.5E-02 | 3.5E-01 3.2E-02 3.6E-01
12| 96E01 | 6.2E01 | 9.4E-01 | 5.7B-01 | 8.9E-0L | 6.7E-01
13| 7.6E01 | 6.5E01 | 2.1E-01 | 49E0L | 1.6B-0L | 5.0E-01

Table 4.2: Welchs t-test p-values for all pairwise group comparisons. (Gi=Control Group,
Go=Central Scotoma, Gz=Blurry Vision, Gy=Tunnel Vision)

Table 4.2 presents the results of Welch'’s t-test for each LED channel [ (I =1,...13)
across all pairwise group comparisons G; vs G; with ¢ # j. As in the previous section,
green cells indicate statistically significant differences where the null hypothesis is rejected
and red cells correspond to non-significant differences where the null hypothesis is retained.

The analysis shows that the majority of statistically significant differences are observed
for channels 3 to 9. The central scotoma group Gs and the tunnel vision group G4 exhibit
the greatest deviations from the control group Gi, while the blurry vision group Gj
appears most similar to the control group with only three significant differences (green
cells) across all channels. Once again, no significant differences appear between the tunnel
vision and blurry vision groups for any channel. G4 presents eight significant differences
in Table 4.2 while Gs shows seven. In this Table, the distribution of green cells is as
follows: four for channels 4, 5, and 7; three for channels 6 and 8; and two for channels 3
and 9. As a preliminary conclusion, color discrimination appears the poorest under both
short-wavelength (channels 1 and 2) and long-wavelength (channels 10 to 13) lighting
conditions.

3rd analysis : Paired comparison of LED channels within groups

To further investigate the impact of lighting conditions, each group was individually
analyzed to determine whether different LED channels significantly affect color discrim-
ination within that group. More precisely, all possible pairs TES;“1 and TES;“2 where
l1,l3 € [1,13],11 # I3 for a given group Gy were compared. Since each participant experi-
enced all lighting conditions, the data are paired. Therefore, a paired t-test was used to
analyze the intra-group differences.
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Hypothesis Hy: For a given group, different light spectra have no significant impact on
color discrimination.

Hypothesis Hy: For a given group, different light spectra significantly affect color dis-
crimination.

If the p-value is lower than « = 0.05 the Hypothesis H; is statistically verified (green
cells in the Tables), otherwise the Hypothesis Hy is verified (red cells in the Tables).

Tables 4.3, 4.4, 4.5 and 4.6 present the results of the paired t-test for all channel pairs 4, j
with i =1,...13, 7 = 1,...13 and i # j. While it is challenging to completely summarize
the results of the statistical tests in a condensed way, several observations are interesting to
note. First, the diagonal of the tables points out if there is a significant difference between
two consecutive channels (i.e. channels i and i+1). For example, channels 3 and 4 have
a different impact on color discrimination for groups Gs and G4 oppositely to channels
6 and 7. Channels 7 and 8 as well as channels 12 and 13 have the same impact on color
discrimination for all groups.

Table 4.3, presenting the results for the control group, shows that there is no significant
difference between channels 4 and 5 corresponding to the best-performing channels in
terms of color discrimination with TES values lower than 130 (see Figure 4.13). Likewise,
no significant difference is observed between channels 6 and 9 which correspond to the
next best channels in terms of color discrimination (TES between 130 and 160). There is
also no significant difference between channels 3, 7 and 8 which have TES between 160
and 200. Color discrimination is significantly worse for all other channels (i.e. channels
1-2 and 10-13) with TES values upper exceeding 200. Note that the average TES for the
control group ranges between 130 and 270.

In Table 4.4, presenting the results for the central scotoma group, the paired t-tests
show few significant differences across LED channels which is consistent with Figure 4.13
where poor color discrimination is observed for all channels. The average TES values range
from 220 to 280 indicating uniformly bad performance.

In Table 4.5, presenting the results for the blurry vision group, no significant differences
are found between channels 4 and 5, or between channels 5 and 9, again corresponding
to the best-performing conditions with TES values lower than 160 (see Figure 4.13). All
other channels (13, 68 and 1013) show significantly worse performance with TES values
exceeding 200. The range of average TES for this group spans from 160 to 280.

Figure 4.13 shows that, for the tunnel vision group, the best color discrimination is
obtained for channel 5 (with a TES lower than 140), followed by channel 7 (with a TES
lower than 190). According to Table 4.6, there is a significant difference between channels
5 and 7. This Table also indicates no significant difference between channels 4, 6 and 9
which are the next best channels in terms of color discrimination (with a TES between
190 and 220). Color discrimination is worse for all other channels (i.e. channels 1-3, 8 and
10-13) which have TES values exceeding 220. Overall, TES values range from 140 to 280.

Further observations can be drawn from the next figures. Figure 4.15 supports the
assumption that channels 4, 5 and 6 are the best for color discrimination for the control
group. In this figure TES values are mapped onto the hue circle for each color sample
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channel channel channel

Figure 4.15: Average error score of the 10 participants in the control group for channels 4,
5 and 6 (blue: average error, red: confidence interval).

channel channel channel

Figure 4.16: Average error score of the 15 participants in the blurry vision group for
channels 4, 5 and 9 (blue: average error, red: confidence interval).

channel channel channel

Figure 4.17: Average error score of the 16 participants in the tunnel vision group for
channels 4, 5 and 7 (blue: average error, red: confidence interval).
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channel channel channel

Figure 4.18: Average error score of the 16 participants in the blurry vision group for
channels 4,9 and 13 (blue: average error, red: confidence interval).

channel channel channel

Figure 4.19: Average error score of the 16 participants in the tunnel vision group for
channels 5,7 and 11 (blue: average error, red: confidence interval).
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(1 = 1,...28). The average error is drawn in blue with the standard deviation for all
participants (n € G1) in red. These plots demonstrate that channel 4 provides better color
discrimination than channels 5 and 6 across all hues. The worse color discrimination is for
channel 6 having a peak wavelength at 517 nm (see Table 5.1), especially for hues in the
green (G), yellow (Y), purple (P), and purple-blue to blue (PB-B) regions.

Figure 4.16 confirms the assumption regarding the best-performing channels (i.e. channels
4, 5 and 9) for the blurry vision group. These plots demonstrate that color discrimination
is generally easier (i.e. lower TES) for the control group than for the blurry vision group
for channels 4 and 5 across all hues. Among the three, channel 4 provides the best color
discrimination while channel 9 (PC-A, an orange LED) is the worst especially in the
green-yellow-red (G-YR) and PB-B regions.

Lastly, Figure 4.17 confirms that channels 4, 5 and 7 are the best for the tunnel vision
group. Discrimination under channel 5 is better for tunnel vision than for blurry vision
across all hues while performance under channel 4 is similar between the two groups.
Channel 5 outperforms channels 4 and 9 overall. Channel 7 provides the worst performance
of the three, especially in the G-Y and PB-B regions.

To sum up:

o Channel 4 (B2, peak wavelength at 478 nm) provides the best color discrimination
for both the control and tunnel vision groups;

o Channel 5 (C, peak wavelength at 500 nm) provides similar performance as channel
4 for the control group but less effectively for the blurry and tunnel vision groups;

o Channel 6 (G1, peak wavelength at 517 nm) provides relatively good color discrimi-
nation performance only for the control group, though TES is twice as high for blue
hues compared to red;

o Color discrimination with monochromatic LEDs is generally more challenging for
simulated blurry vision than for normal vision group.

In Figures 4.18 and 4.19, the two blue sectors represent the hue ranges (of 36° each) for
which the color discrimination is optimal i.e. where the TES values are the lowest. The
dashed blue line connecting these sectors corresponds to the axis formed by the two color
samples with the best discrimination performance.

For the blurry vision group:

o The best channel in the cyan region (channels 3 to 6) is channel 4 offering improved
discrimination for blue and yellow-orange color samples;

o The best channel in the yellow-green region (channels 7 to 10) is channel 9 for which
discrimination is better for blue-green and red color samples;

o The least poor channel in the red region (channels 11 to 13) is channel 13 and does
only provide acceptable color discrimination for blue and red color samples.

Figure 4.18 shows that channels 4 and 9 appear complementary in terms of color
discrimination whereas channel 13 does not contribute as effectively. Importantly, none of
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the 13 LED channels allows a strong color discrimination in the green and in the purple
regions.
For the tunnel vision group:

» The best channel in the cyan region (channels 3 to 6) is channel 5 which enhances
discrimination for orange and blue samples;

o The best in the yellow-green region (channels 7 to 10) is channel 7, which improves
discrimination for red and cyan samples;

 The least poor in the red region (channels 11 to 13) is channel 11 and does only
provide acceptable color discrimination for red and cyan color samples.

Figure 4.19 shows channels 5 and 7 appear complementary in terms of color discrimination
while channel 11 provides weaker contribution. None of the 13 LED channels allows a
strong color discrimination in the green-yellow and in the purple-blue hue ranges.

4.3.3 Participant feedback

This section reports the participants’ comments regarding the difficulties and issues they
may have met during the experiment.

The sorting task was well understood by all observers with very few questions arising
once the experiment began. The preliminary reduced FM100 hue test conducted on a
computer prior to the first experimental session was helpful to familiarize participants and
make them confident with the nature of the sorting activity.

Some participants reported neck pain after the experiment. Such a discomfort may
be due to improperly adjusted seating and the use of goggles that required an awkward
head position to view samples located nearest to them. This issue may also have been
reinforced by the fact that some participants reported that they sometimes cast shadows
on nearby color samples. These concerns will be further explored in future studies thanks
to data collected from the stereo camera used to monitor the experiment. In addition,
motion tracking will be explored to identify ergonomic problems in order to improve future
experimental setups.

Participants also frequently mentioned eye strain following the experiment. This was
especially associated to some of the channels that were deemed as more unpleasant. As
anticipated, the broader band channels in the center of the visible spectrum were generally
preferred. However, there was no consensus on which specific channels were the most
straining. Some observers reported greater discomfort from the reddest channels while
others found the bluest channels more unpleasant. Moreover, several participants expressed
concern that under some lighting conditions they were ordering samples based on perceived
lightness rather than hue as they could not accurately distinguish color differences.

4.4 Chapter Summary

This chapter investigated the impact of light spectra on color discrimination for individuals
with simulated low vision. A psychophysical experiment was conducted using a fully
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Table 4.4: P-values from paired t-tests comparing LED channels for the central scotoma
group (G2)

2

Table 4.5: P-values from paired t-tests comparing LED channels for the blurry vision
group (G3)

2

Table 4.6: P-values from paired t-tests comparing LED channels for the tunnel vision
group (G4)
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characterized spectrally tunable LED system from which 13 distinct channels were selected
and calibrated to maintain isoluminance. The experiment was based on a modified version
of the Farnsworth-Munsell 100 Hue Test, using 28 carefully selected color caps arranged in
a square layout instead of the traditional four-tray configuration. This setup, coupled with
an automated scoring algorithm, allowed efficient and consistent assessment of participants’
performance. This significantly reduced session duration, allowing 57 participants divided
into four groups (control, central scotoma, blurry vision, and tunnel vision) to complete
the experiment over a two-month period.

The results exhibit substantial differences in color discrimination across the groups,
especially with the central scotoma group which displayed the poorest performance under
all 13 spectral lighting conditions. Additionally, the light channels produced varied effects
across participant groups with the most notable group differences observed within the
460-630 nm spectral range. These observations underscore the critical role of spectral
composition in color perception especially in low vision conditions.

This work provides valuable insights into how specific light wavelengths affect color
discrimination for people suffering from different types of visual impairments. These results
are a keystone for future research aimed at optimizing lighting environments to enhance
visual performance of low vision people. Upcoming and future studies will build upon
these first results to achieve the broader goal of optimizing spectral lighting to develop
white light systems tailored to the visual needs of the visually impaired.

The work described in this chapter was presented at the ENVISION 2025 conference in
Dallas, where the findings were shared with professionals in low vision rehabilitation. In
addition, the study has been submitted for publication and is currently undergoing peer
review.

This chapter studied the influence of individual light channels on color discrimination
ability. However, since everyday lighting applications require the production of white light,
the next chapter will describe the process developed to explore and generate the various
white light conditions that the panel is capable of producing.
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Chapter 5

LED Light Mixing and
Stabilisation

The first experiment that was performed during this thesis, which was described in Chapter
4, allowed us to study the influence of different colored channels on color discrimination
performance for different types of visual impairments. However, for everyday tasks, white
light remains the most suitable illumination condition and what is most adapted to the
human visual system. To exploit these results and propose practical applications, it is
therefore essential to devise methods to design, optimize, and generate specific white light
spectra.

The characterization carried out in the first phase of this work, as detailed in Chapter
2, provided a clear understanding of the extent of the capabilities of the available LED
panel. However, the goal of reproducing a target spectrum through individual channel
control raises two key research questions: what are the different spectra can the panel
actually generate, and what drive levels are required for each channel to achieve the desired
output? These questions are essential, as the lighting conditions designed for the different
experiments may be constrained by the practical limitations of the lighting system used in
this study in terms of spectral and intensity capabilities.

This section focuses on the methods that were used in this thesis for the psychophysical
experiments that were conducted, in order to produce white light. First, the procedure
that was done in order to obtain light with a specific chromaticity will be detailed, followed
by the algorithm that was developed to ensure stability over time of the spectral output of
the panel as well as spectral match. Finally the parameters selected and the way these
algorithm implemented in this work will be discussed.

5.1 Light Mixing Algorithm

After analyzing the influence of individual light channels on color discrimination, the next
step is to determine how these channels can be combined to produce an optimal white
light spectrum that enhances the visual performance of individuals with low vision. To
specifically investigate the impact of spectral composition, the chromaticity and illuminance

85
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were fixed so that the spectral power distribution was the only variable in the experiment
described in the following chapter.

Although no universally accepted definition of white light exists, chromaticities commonly
used in lighting applications are generally recognized as falling within this category.
Therefore, the lights generated for the following experiment were designed to match the
chromatic appearance of standard illuminants or typical consumer lighting.

This section describes the methodology employed based on the algorithm described
by Finlayson et al. [176] to generate white lights with a specified chromaticity and the
procedure used to systematically explore the metamer set, corresponding to all possible
light spectra sharing the same chromaticity, that can be generated by the LED panel.

5.1.1 Simple spectrally tunable LED system output model

As explained previously in Chapter 2, the output of a tunable LED panel can be simply
written as the sum of the contribution of each of its channels. If one were to measure the
different channels individually it would be possible to measure the resulting output as
summarized by Equation 5.1:

13
S, A) =" Si(vi, A) (5.1)
=1

with S(v, \) the total spectral output of the panel, S;(v;, \) represent the SPD of the i'h
channel and v = (v1,...,v13) are the drive levels of the 13 selected channels, v; € [0, 1]
where v; = 0 corresponds to when the channel is turned off and v; = 1 corresponds to its
maximum output power.

However in order to use Equation 5.1, it is required to measure the spectral output of
each channel at every possible drive level, which is not possible in practice. To address
this, an approximation must be introduced to model the channel behavior as a function
of each drive levels. Although the output of an LED is not linearly proportional to its
driving current, tunable systems often employ calibrated drive levels to approximate a
linear control of the brightness of the different channels. In this case, the spectral power
distribution of a channel can be approximated as linear with respect to the drive level, as
shown in Equation 5.2:

Vi € [[1, 13]], Sz-(vi,)\) = ;- Si(l,)\) (5.2)

This approximation allows us to interpolate the spectral power distribution of all the
channels only from their measurement once at their maximum intensity, in turn giving us
an approximation of the total output of the panel:

13
S, )~ > i+ Si(1,0) (5.3)
i=1

which can also be written in matrix form as:



5.1. LIGHT MIXING ALGORITHM 87

with B the matrix containing the spectra of the 13 channels.
Figure 5.1 displays the approximation for channel 7 when lit at 50% of its maximum
ouput.
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Figure 5.1: Comparison between the linear approximation and the measured SPD.

5.1.2 Solution for 3 channels

According to CIE 1931, any color can be represented as a combination of three tristimulus
values X, Y, and Z. Therefore, at least three independent channels are required to reproduce
a broad range of colors. To illustrate the requirements for generalization to a greater
number of channels, the simple case in which only three channels are used will be detailed
in this section.

In order to describe the chromaticity of a light, the tristimulus values in the CIE1931
XYZ color space will be used. The formula given in Chapter 2 to compute the XYZ values
from a spectra can also be written in matrix form as described by Equation 5.5:

X =25 Mxyy (5.5)

with X = (X,Y, Z) the tristimulus values, S the SPD of a light and Mxyz the matrix
containing the color matching functions.

Using the approximation given by Equation 5.2 the color output of the LED panel can
be expressed by:

X=B XYZ-v (5.6)

With three channels, the matrix B - XYZ is a square 3 by 3 matrix and v the array
containing the drive levels of the three selected channels.

If this system of equation has a solution, then the unique combination of drive levels
required to match the chromaticity XYZ can be calculated by solving an ax = b linear
matrix equation:
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(B-XYZ)-v=X (5.7)

5.1.3 Generalization to N channels

As illustrated in the the previous section, finding the spectrum that match specific
tristimulus values requires to solve a system of equations with 3 equations and N unknown
variables with N the number of channels used. This means that the dimension of the
solution space is equal to N — 3. Therefore, by increasing the number of channels, the
complexity to solve and explore all possible solutions quickly rises.

In their article, Finlayson et al. [176] described an algorithm that returns the complete
set of solutions, the metamer set. While the mathematical formulation of the algorithm
will not be presented in full detail, this section will provide a general outline of its operation
and implementation in this work.

In order to compute all the spectra that match the desired chromaticity, the algorithm
returns two values, o, a particular solution to the problem (i.e. a solution to the Equation
v-B-Mxyz = X), which might not be a physically achievable solution and ¥ which is the
basis for the metameric black solution space (i.e. solving the equation v - B - Mxyz = 0).

Using these two values, all solutions o can be written as:

S={o=0,+a VaecR"?} (5.8)

However, the solution space S also contains solutions that are not physically realizable
with the LED panel, including negative drive levels or values exceeding the panels maximum
output.

Therefore, the algorithm also returns 2 sets of constraints:

BVYa > —Boy, (5.9)
BVa <1- Bo, (5.10)

with o € RNV 73,

When applied to the solution space S, these constraints define a bounded and convex
region of a N — 3 dimensional space which can then be sampled in order to explore all
possible spectra that match the desired chromaticity.

5.1.4 Visualisation of the metamer set

The algorithm previously described is particularly useful to display the full range of spectra
possible matching a given chromaticity. In this section, the method is illustrated for a
system with N = 5 channels. In this case, the solution space of possible spectra has a
dimensionality of N—3 = 2, which allows for convenient two-dimensional representation
while still having a wide diversity of spectral distributions. In this example, five channels
were selected (Figure 5.2) to produce the metamer set matching the chromaticity of 4000K
white LED lights.
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Figure 5.2: Five selected channels for this example.

In order to explore all the possible solutions, it was decided to use a Poisson point
process to randomly and uniformly sample the solution space as shown in Figure 5.3a. This
process generates a large amount of random values oo = (a1, a2) that verify the constraints
defined in the previous subsection. With enough sample points it is possible to explore
the full diversity of spectra that match the desired chromaticity that the panel is capable
to produce with the selected channels, which translates to the different spectra shown in
Figure 5.3b.
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(a) Poisson point process to sample the solution space (b) The different solution spectra.

(~2000 points).

Figure 5.3: Visualisation of the metamer set.

In addition of the representation of the diversity of spectra available we can also display
the available characteristics of the lights and compare the different color rendering indices
such as CIE R, in Figure 5.4a and CIE Rt in Figure 5.4b.

5.1.5 Non-linearity and the complex version of the algorithm

When testing in practice however, even on a calibrated LED panel the predicted drive
levels to match the target spectrum generally produce an output slightly different than
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Figure 5.4: Comparison of achievable CIE R, and CIE Rg

expected. This is due to the fact that channels don’t behave exactly linearly and the
approximation in Equation 5.2 can be true to varying degree depending on the channel
considered and is especially true for small drive levels.

Finlayson et al. proposed an improved version of the algorithm using a much finer
interpolation method to predict the output of the LED channels. Instead of measuring
each channel once, the channels are measured at different drive levels and the predicted
spectrum is interpolated from this data, as summarized by Equation 5.11. Figure 5.5
shows the example for channel 7 set at 50% with measurements done at 40 and 60%.

J

; ; v — U]

with {Sl- (vf , )\)} the measurement of the channels at different drive levels.
1€[0,13],7€N

Depending on the choice of intermediate measurements for the interpolation, this version
of the algorithm allows for more accurate prediction of the spectral output as illustrated
by Figure 5.6, however it adds a lot of complexity to the calculation of the metamer set.
The complex version of the algorithm described by Finlayson et al. is only different in
the fact that it requires to compute the metamer set for each possible combination of
measurements, i.e. to compute the full metamer set using N channels measured at K
different drive level each, we need to compute K7 different sets. For example with 5
channels measured at 10 drive levels, 100000 sets have to be calculated which even with
optimization and parallel processing takes about 25 seconds to complete using python on
a modern computer equipped with an i7 12700H. It also makes the analysis of the results
much more complicated, since instead of having one single solution space, we have a union
of multiple spaces.

Despite the use of a more sophisticated interpolation model and precise prediction
algorithm that significantly improves spectral match to a desired spectrum, in practice,
the output still tends to drift from the target spectrum over extended periods of operation.
This drift cannot be corrected simply by increasing measurement precision or refining
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Figure 5.5: Comparison between the complex approximation and the measured SPD.
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Figure 5.6: Comparison of the two approximation methods.

the matching algorithm, since it is tied to the properties of LEDs: their spectral power
distribution and light efficacy are inherently dependent on junction temperature. To
achieve full real-time control of the emitted light, particularly for use in psychophysical
experiments, a dedicated light stabilization system was therefore developed. The following
section details the design and implementation of this stabilization algorithm.
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5.2 LED Light Stabilization Algorithm

Although the algorithm described in the previous section, and more specifically the complex
version, allows us to produce spectra that match accurately the desired chromaticity, it
cannot take into account the variation of light produced by LEDs as their junction
temperature rises. In practice, the spectral output and intensity of an LED change as its
junction temperature rises, and the magnitude of this effect can vary from one LED to
another leading to a drift of the chromaticity of the light output.

The next step in this research is to conduct a psychophysical experiment to assess human
observers ability to discriminate small color differences under a given lighting condition. In
this context, maintaining a stable and controlled light source is essential. In this section, we
detail a method for stabilizing multi-LED illuminants that we have developed specifically
for the experimental protocol that will be described in chapter 6.

5.2.1 Junction temperature and influence on the light output

To design an effective stabilization method, it is first necessary to understand how LED junc-
tion temperature affects light output. This subsection reviews the influence of temperature
on both spectral distribution and luminous efficacy of the individual channels.

The measurement values obtained at the minimum (30° C) and the maximum (45° C)
temperature of the heatsink are summarized in Table 5.1. The measurement results clearly
show that temperature affects all channels to varying degrees.

Channels V1 to B1 are less sensitive and have reduced loss of luminous efficacy and no
perceptible spectral shift. B2 to G2 have a more pronounced loss of luminous efficacy as
well as a slight spectral shift. Channels L. to FR3 exhibit significant intensity loss, reaching
a maximum of 30% on channel R1, accompanied by a significant spectral shift towards the
longer wavelengths of the visible range. This shift is gradual with increasing temperature
(noted as "grad" in Table 5.1).

Additionally, peak amplitude was measured to check its proportionality with the drive
level at different temperatures. It was confirmed that all selected channels exhibit almost
linear properties, although the slope decreases with decreasing luminous efficacy.

These variations induce both a color shift as well as a decrease in illuminance which could
influence the results of a psychophysical experiment. To illustrate this effect, an X-Rite
ColorChecker chart was photographed under LED illumination closely matching a D65
illuminant. The chart was first captured immediately after the panel was switched on and
then again after 30 minutes of continuous operation. Figure 5.7 shows the corresponding
Ag, oo color differences between the two images.

5.2.2 Theoretical optimization

In theory, as discussed previously, with a comprehensive characterization of the device
and a detailed understanding of all relevant parameters, it would be possible to accurately
predict the input drive levels required to replicate a target spectrum.
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Table 5.1: Characterization of the 13 selected channels (Subsection 2.3.2).

RB1 | RB2 | B1 | B2 C
Peak wavelength (nm) | 441 | 454 | 468 | 478 | 500

517 | 528

Amplitude attenuation | 4% | 3% | 4% | 5%

16% | 1% | 15%
Peak shift (nm) no no | no | <10 | <10 | <10 | <10
PC-A
Peak wavelength (nm) | 594 | 624 | 636 | 654 | 686 | 544
Amplitude attenuation | 8% | 27% | 30% | 28% | 6% | 2%

Peak shift grad | grad | grad | grad | grad | grad

20

15

10

0.5

Figure 5.7: Ag oo difference after 30 minutes.

Since the output of an LED device is the combined emission of its individual channels,
the precise output can be predicted using the following calculation:

L—1
VA € [380,780], Sr. (M) = > St (M) (5.12)
=0

where A is the wavelength ranging from 380 to 780 nm, L is the number of channels and

S%i ;:(A) is the spectral distribution of the it" channel at temperature T* and drive level
It

Different types of minimization can then be performed. Both Mean Squared Error
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(MSE) and Mean Absolute Error (MAE) were evaluated. No significant differences were
noticed in stabilization performance. Consequently, MSE was selected for this task:

780 -1 2
rew — IIl]lIl/ <TCL()\) _ z_(; S%’z’p()\)> d\ (513)

380

with T'a(\) the target SPD to match.

However, in the absence of a complete device characterization, the values of S i (N)
cannot be directly obtained. Since a full characterization is not realistic, a method was
developed that requires only a single measurement per channel at maximum intensity.
The following subsection first introduce the approach used to approximate these values by
estimating the effect of increasing junction temperature for each individual channel.

5.2.3 Approximation of the impact of the temperature

It is possible to approximate the output of a LED at any drive level using the spectrum of
the output of the maximum drive level with a linear approximation (Subsection 5.1.1):

S1,1,(A) = 10ST,,1(A) (5.14)

with S, 1,(A) the SPD of an LED at the temperature T and drive level Iy, and St 1(X)
the SPD at its maximum drive level.

The main limitation of this approximation is its viability only under constant temperature
conditions. However, we can model the impact of temperature on channel output can be
represented by incorporating an intensity offset dI and a wavelength offset dA such as:

Sty = (I + dI') Sk, (A + dXY)

We can obtain these deviations by minimizing the MSE criterion with a single measure-
ment of the device output.

780 I—1 2
(ALmins DAmin) = min / < Z; (I' + dI')SE. 1(A+dx)> A (5.15)
380 =

with M () the measured spectrum.

This approximation makes it possible to evaluate the impact of both peak intensity
reduction and spectral shift for each individual channel. This is achieved by only measuring
the total light output of the panel and estimating the spectral power distribution of
the individual channels by comparing it with the measurements done during the short
characterization process, effectively updating the measurements used for the prediction as
will be shown in the next subsection.
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5.2.4 Optimization of the drive levels

Ultimately, to determine the updated drive levels, we propose to simply substitute the
theoretical values in Eq. 5.13 with the approximation obtained with Eq. 5.15:

780 -1 2
[ = min / (Ta()\) =Y (I +dl,) S5 (A + d)\fnm)> d\ (5.16)
380 =0

with Ta()\) the target spectrum.

This minimization procedure provides a prediction of the required drive levels to achieve
a spectral match to the target, based on the updated approximations of the spectral power
distributions of the individual channels. To illustrate the performance of the algorithm,
the following subsection presents several examples using different target spectra.

5.2.5 Stabilization results
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5 0.6 5 0.6
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400 450 500 550 600 650 700 750 800 400 450 500 550 600 650 700 750 800
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(c) Evolution of the AEy differences. (d) Evolution of the illuminance.

Figure 5.8: Comparison of the output with (blue chart) and without (orange chart)
stabilization for illuminant D65.
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Figure 5.9: Comparison of the output with (blue chart) and without (orange chart)
stabilization for Illuminant A.

The algorithm was validated using several spectral power distributions (SPDs). The best
performance was observed when all channels were active as this provides greater flexibility
for corrections. Figures 5.8 and 5.9 show two examples of SPDs close to the illuminant
D65 and illuminant A, respectively. Figures 5.8a and 5.9a highlight a significant spectral
shift away from the target when the light output is not stabilized. This shift is particularly
noticeable in the channels corresponding to longer wavelengths as they are more sensitive
to heat. In contrast, Figures 5.8b and 5.9b illustrate how the stabilisation algorithm
improves the spectral match between the light output and the target spectrum. This
improvement in spectral matching comes with a decrease in color differences relative to the
target as shown in Figures 5.8c and 5.9c. In these two examples, the not stabilized light
output exhibits a AFEyy color difference exceeding 1 which corresponds to a perceptible
color difference. With stabilization, the AFEjyg is reduced to a value below 0.4 making the
color difference imperceptible. Additionally, the illuminance is stabilized as illustrated in

Figures 5.8d and 5.9d.
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5.2.6 Limits and possible improvements

Although the stabilization algorithm presented in this section improves greatly the accuracy
of the light output, several practical considerations should be noted when using it.

The first point concerns the gradual decrease in brightness of a channel as its temperature
rises. While this effect can generally be mitigated by incrementally increasing the drive
level, the compensation becomes impossible when a channel is already operating at 100%
output, a situation that can occur when producing white light at high illuminance levels.
A practical approach to address this issue is to include a margin when selecting the target
spectrum, ensuring that stabilization can be achieved without exceeding the maximum
output of the channels.

The second point relates to spectral shifts of the LED channels. Certain channels are
more prone to drift toward longer wavelengths during operation, which can influence color
stability. The algorithm maintains the spectral match by dynamically adjusting the drive
levels of individual channels, therefore it performs particularly well for spectra that use
multiple overlapping channels and should be applied with care for spectra that feature
narrow or isolated peaks.

Finally, the third consideration is linked to the algorithms optimization criterion. When
a perfect spectral match cannot be maintained, the algorithm minimizes the spectral
difference, without taking into account the resulting perceptual color of the light. In such
cases, the correction process may prioritize spectral fit over small color deviations, and
users should be aware of this trade-off when using this algorithm.

To address these limitations, future work could involve designing a more sophisticated
cost function that takes into account both the minimization spectral and color differences.
Another idea would be the real-time integration of the algorithm proposed by Finlayson et
al. which could be implemented to dynamically compute the metameric set and select the
optimal trade-off between spectral accuracy and color fidelity.

5.2.7 Combined operation of the light mixing and stabilization
algorithms

The use of both previously described algorithms allowed us to produce a highly accurate
white light output on the Telelumen LED panel. This gives us the ability to generate
and maintain accurate white light conditions which is one of the main requirements for
the psychophysical experiment presented in the next chapter. By ensuring both spectral
accuracy and stability over time, the combined use of both of these algorithms give us the
the ability to conduct experiments in rigorous conditions.

The procedure to generate the lights used in further experiments can be summarized as
follows: the light mixing algorithm was first used to explore the full range of spectra that
could be produced by the LED panel. This process made it possible to select and define
specific target spectra to use in the experiment. Then, the light stabilization algorithm was
applied to optimize the drive levels sent to the panel, ensuring the produced light closely
matched the desired targets. Finally, this algorithm operated continuously in a feedback
loop during the experimental sessions, compensating for variations such as the gradual
temperature increase of the LED channels that could otherwise bias the light output.
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Another significant advantage of the light stabilization algorithm was its ability to
effectively correct the nonlinear behavior inherent to the LED channels. This correction
allowed us to use the simplified version of the light mixing algorithm without compromising
spectral accuracy.

5.3 Chapter Summary

This chapter presents the pipeline that was developed to be able to compute all lights that
we would be able to produce and use, given the spectrally tunable LED system that is
available for this study.

First, the algorithm presented by Finlayson et al. was presented and successfully
implemented both in its simple version and a more complex and accurate version. This
algorithm is particularly important in this work since it allows us to compute the full
metamer set, i.e. all the lights that match a given chromaticity, with any set of active LED
channels. This algorithm was used to good extent in the next chapter as it was the way to
explore exhaustively all the lights we could use. Moreover, since we want to investigate
the influence of spectral power distribution on color discrimination, we decided to select
lights with the same chromaticity.

The complete characterization procedure presented in Chapter 2 showed that rising
temperature of the device influenced the light output of the LED channels, furthermore,
the extent and nature of this modification is different depending on the channel considered.
Therefore, no characterization procedure, even extremely precise, could allow us to have
a stable light output during extended periods of time, which would be necessary for
psychophysical experiment sessions. Therefore, a light matching and stabilization algorithm
was devised, that uses only a single measurement of each of the channels. This algorithm
was first presented at the Computational Color and Imaging Workshop (CCIW) in Milan
in September 2024 and was subsequently featured in an article published in the Journal of
Imaging [2].

Finally, this chapter showed that the combined use of the two previously mentioned
algorithm allowed for simple management of the LED panel output: the metamer com-
putation set allows to explore and find drive levels that match a desired chromaticity,
while the light matching and stabilization algorithm helps maintain the light output to
the desired target spectrum. This ability to conduct experiment under highly controlled
lighting conditions are instrumental to the final set of psychophysical experiments that
will be presented in the next chapter.
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Chapter 6

Color Discrimination under
White Light in Simulated Low
Vision Conditions

The next step of this study was to design different spectra of white light with the objective
of increasing color discrimination ability. To do that, we needed to propose a psychophysical
experiment that would be both quick and accurate. However, preliminary tests showed
that fast arrangement tests like what was done in the experiment of Chapter 4 were too
simple under white light even for low vision conditions, therefore a new type of experiment
was needed. This chapter presents the final phase of this thesis, which integrates all
previous developments into a psychophysical experiment with the objective of identifying
an optimized light spectrum able to enhance color discrimination abilities for individuals
with low vision.

In order to achieve this goal, a new experimental protocol has been developed based on
a simple color discrimination task. By using pairs of closely related color samples to assess
the ability of participants to distinguish subtle chromatic differences under different lighting
conditions. To ensure rigorous experimental conditions and reproducibility, a detailed
procedure was established to calibrate an inkjet printer for the production of customized
color samples. Furthermore, the LED stabilization method described in Chapter 5 was
employed to maintain consistent lighting conditions during the experiment.

The color management process of the inkjet printer is detailed in Section 6.1, followed by
details on the design of the experimental protocol in Section 6.2. Next, section 6.3 presents
the pilot experiment that was conducted without simulation goggles to confirm the ability
of the experiment to assess color discrimination ability under varying lighting conditions.
Finally, the experiment that was conducted with simulation goggles is described in Section

6.4.
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6.1 Methods Used for the Selection of Color Pairs

To conduct a psychophysical experiment on color vision, one approach involves using pairs
of color samples [177, 140, 141], each consisting of two color patches with small color
differences.

Two main options can be considered: either using pre-existing standard color patches
(e.g., Pantone, Munsell Book of Color, RAL colors) or creating custom patches using a
colorimetrically calibrated printer. The first option provides only limited control over the
characteristics of the patches, making it less flexible for specific experimental needs. The
second option, more suitable for experiments on color vision, involves printing custom
color patches with an inkjet printer designed for high-quality photographic printing. For
our study, we selected the Canon image PROGRAF PRO-300, which uses 10 color ink
cartridges. The patches were printed on matte paper, an ideal choice for the goals of a
color discrimination experiment.

Color Management Patches Generation
r | | [ \
Printer Printer model Printer gamut Color reference Color pairs
characterization in CIELABraboo | in CIELABraboo0 patches (20) generation (200)

omlgees 400 (2x200) color patches
with 216 (6x6x6) Printed on 3 pages
color patches

Figure 6.1: The different steps of the color workflow used to print color pairs. 20 reference
colors were selected, then 10 color values were generated for each reference colors, which
resulted in the printing of 400 colored patches forming 200 color pairs. See details in
Sub-Section 6.1.5.

In the following subsections, we detail the new method we propose for sampling the
printer’s color gamut to generate IV reference color patches from a selected sampling grid
where all neighbours of an element of the grid are equidistant for a chosen color distance
formula.

We also introduce an additional method designed to select pairs of color samples that
are equidistant and colorimetrically close (see Figure 6.1). For both methods, we used the
printer’s native RG B color space to produce the targeted color patches. This approach
bypasses the default color management of the operating system, giving us more precise
control over the printed samples.

6.1.1 Sampling CIELAB color space with CIEDE00 metrics

The CIEDEO00 (AEy) metric is widely considered as one of the most accurate methods
for assessing just noticeable color differences [178]. Even if other metrics have been
introduced recently [141] we used it to evaluate small color differences between color
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patches. CIEDEQO is a color difference formula specifically designed to account for
the non-uniformity of the CIELAB color space in regards to lightness, chroma and hue
differences [179]. However, one main limitation of the CIEDFE00 metric is its lack of
Euclidean structure [178, 180, 181]. This limitation complicates its application in some
computational tasks, such as uniform sampling within a color space, where it is essential
to generate color patches that are equidistant from one another in a colorimetric sense
based on a defined sampling grid.

Sampling based on non-Euclidean Color Difference Formulas (CDFs) presents numerous
challenges [182, 183]. Colantoni et al. proposed a robust algorithmic method in [184]
to sample the CIELAB color space with a non-Euclidean CDF allowing the use of the
Euclidean metric for a chosen CDF. This approach relies on a tabulated sampling of the
CIELAB color space' derived from the CIEDE00 distance which has been used to define
the base color values of the patches required to carry out the psychophysical experience
described in Section 6.3.

The sampling forms a cubic grid of size (152 x 321 x 312). Each element of the grid
corresponds to a CIELAB color (defined by its (L*, a*,b*) coordinates), ensuring that
the CIEDFEO00 distance from its 6 neighbours is equal to 0.5. This grid is centered on the
color coordinate (50,0,0) and serves as the basis for a new tabulated color space named
CIELABr400. Figure 6.2 illustrates the distribution of the tabulated color values in the
chromatic diagram (a*, b*), highlighting a red zone where calculated values are sub-optimal.
For further details on the accuracy of this sampling, refer to [184].

Figure 6.2: The distance is here set to 1 to visualize a slice of the CIELABrq00 tabulated
values in the chromatic plane (ax,b*) of the CIELAB color space. Image from [184].

IThe corresponding color values for this sampling are available at: https://www.couleur.org/
deltaE/d00.h
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To convert color values from this C1ELABrg tabulated color space into (L*, a*, b*)
coordinates, we use the values from the grid combined with a trilinear interpolation. Image
from [184].

For the inverse transformation from (L*, a*, b*) coordinates to tabulated CI ELABr.p00
color values, we construct a tetrahedral structure from the original sampling grid by
dividing each cube into 6 tetrahedra. When converting a (L*, a*,b*) color, we first identify
the tetrahedron containing the color and then apply tetrahedral interpolation to calculate
the corresponding CIELABrp.00 tabulated color value.

6.1.2 Color management

Printer color management techniques rely on either traditional methods such as those
described in [185] or machine learning approaches [186, 187]. These techniques use stan-
dardized color profiles, mainly ICC and iccMAX profiles [188, 189], or direct measurements
of pre-printed color patches. Their goal is to maximize the colorimetric capabilities of the
device and, most importantly, ensure consistent color reproduction across various devices.

As stated previously, we chose to work within the printer’s RGB color space. This RGB
color space is influenced not only by the printer hardware but also by the color management
system implemented by the operating system driving the printer (in this case, Windows
10). To link the RGB values used to control the printing of selected color patches (i.e.
those defined by the tabulated color space CIELABrap00) to the measurements derived
from their printing, it is essential to implement a color management system that is both
accurate and straightforward. To achieve this, we propose a method originally designed
for characterizing and calibrating monitors.

Printer characterization and color profiles

To characterize the printer, we used the color management process introduced in [190].This
robust method, originally designed for displays, is essential for achieving accurate cross-
media color reproduction. The technique introduced aims to predict displayed color stimuli
from given RG B inputs using polyharmonic spline interpolation for the forward direction
(RBG to CIELAB) and tetrahedral interpolation for the backward direction (CIELAB
to RGB) (see Figure 6.3). This approach relies on an optimally optimized set of color
patches measured on a screen, enhancing accuracy without technology-specific assumptions.
The forward model mapped RGB inputs to the CIELAB color space, while the backward
model enable to compute RG B values for specific CI ELAB targets. An iterative selection
of color patches improves the training data set, thereby refining model precision across
various displays. However, since the dynamic selection of color patches is not possible for
printers, as in [190] we opted for a straightforward discretization of the RGB space. For
the training set, we used 216 patches arranged in a (6 x 6 x 6) grid. For the test set, we
used 125 patches in a (5 x 5 x 5) grid (see Figure 6.4).

After printing the 216 + 125 patches on matte paper, we measured them using a
spectrocolorimeter (I1 Pro 3 from X-Rite) and used the resulting reflectance factors to
obtain the CIEXY Z and CIELAB values under illuminant D65, chosen as the reference
illuminant. Based on the 125 test patches, we estimated the optimal parameters for the
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Figure 6.3: Forward and backward models. Image from [184]

* A e

Figure 6.4: RGB color space discretization with 216 + 125 patches. The 125 patches
correspond to color samples linked by segments. Image from [184]

forward model (also used for the backward model): the polyharmonic kernel (linear, cubic
or thin-plate), the target space (CIELAB or CIEXY Z) and the smoothing factor.

Our forward model uses CIELAB as default target. This does not imply that we have
to use this space as target for the polyharmonic kernel. In fact, we considered two choices.
We can use either CIELAB, which seems to be the most logical target, or CIEXY Z
associated with a (X,Y, Z) to (L*,a*,b*) color transformation. The use of different color
spaces as targets gives us another degree of freedom. We estimated the forward model
for the three possible kernels and the two target color spaces (CIEXY Z and CIELAB)
across a range of smoothing factor values. The model that minimizes the mean AFEyg error
was selected as the optimal configuration. For the printer used in this study, the optimal
parameters are the following:

o Polyharmonic kernel: Cubic

o Target space: CIEXY Z
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o Smoothing factor: 0.0025

The average, maximum errors and the 95 percentile of the corresponding forward and
backward models are presented in Table 6.1. Figure 6.5 illustrates the error for each color
of the test set compared to the corresponding estimated values.

Table 6.1: Comparison of errors using CIEDE76 and CIEDEQO metrics

Metric | CIEDET76 | CIEDEOO
Forward model

AE - Mean 1.56 0.83

AE - Max 7.01 5.56

AE - 95 percentile 3.57 1.66
Backward model

ARGB - Mean 0.03 0.03

ARGB - Max 0.15 0.15

ARGB - 95 percentile 0.10 0.10

After determining the optimal parameters, we generated a profile file containing all 341
RGB, CIEXY Z, and CIELAB values from the characterization, as well as the model
parameters.

(b) Test patch with the tabulated color space
(a) Test patch errors with CTELAB. CIELAB7ap00-

Figure 6.5: Test patch errors with CIELAB and with the tabulated color space
CIELABra00. The red spheres correspond to the colors estimated by the proposed
forward model.

Gamut in CIELAB and CIELAB7400

This profile allows the computation of the 3D mesh corresponding to the gamut of the
printer used in CIELAB (see Figures 6.6a and 6.6b) as well as in the tabulated color
space CIELABpap0 (see Figures 6.6¢c and 6.6d), using a fine sampling of the RGB cube.
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As shown in Figure 6.6 the gamut volume of the printer is smaller in the tabulated color
space CIELABrg00 than in CIELAB.

(b) Printer gamut in CIELAB (second

(a) Printer gamut in CIELAB (first view) :
view)

~4h n
(c) Printer gamut in tabulated color space (d) Printer gamut in tabulated color space
CIELABrpapoo (first view) CIELABrap00 (second view)

Figure 6.6: Printer gamut comparison in CIELAB and CIFELABrqp00

The fine sampling of the RGB cube is the same as the one used to generate the set of
tetrahedra that we used for the forward model. This set of tetrahedra can also be used to
determine if a CIELAB and CIELABrg00 triplet is within the gamut of the printer.

6.1.3 Selection of color reference patches

The methodologies detailed above provide both the colorimetric and color management
tools needed to select the N reference colors required to create the targeted pairs of color
samples. Since we chose to use the full color gamut of the printer to select the reference
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patches, we opted for the most uniform sampling method available in the state of the art:
the Kepler hexagonal stacking approach [191].

The Kepler hexagonal stack, also known as hexagonal, is particularly well-suited for
discretizing a 3D space due to its optimal packing efficiency and geometric properties.
This arrangement forms a highly regular and repetitive structure where each sphere is
surrounded by 12 other spheres at equal distances, ensuring uniform distribution with
maximum packing density.

To generate a set of colors centered on a reference color C, all spaced at a distance D
within the CIELAB color space or the tabulated color space CIELABrqp00, we used the
algorithm described in the appendix of [190] (see Figure 6.7).

Figure 6.7: Kepler hexagonal stack

Since the printer can only reproduce colors that fall within its gamut, we set up a simple
dichotomous algorithm to determine the distance D at which N colors from a Kepler stack
remain within the printers gamut in the tabulated color space CIELABpgp9. To verify
whether a color lies within the gamut, we used the tetrahedral structure created for the
proposed backward model.

6.1.4 Experimental results for 20 reference patches

Figure 6.8 illustrates the results obtained when only 20 color patches are placed within
the CIELAB and CIELABrp.0 gamuts of the printer. When the reference patches are
positioned in the CIELABrq00 gamut the theoretical Ag g color difference between
adjacent reference colors is of 21.29.

To demonstrate the validity of the proposed methodology, we used the backward model
to convert the 20 reference patch colors from the tabulated color space CIELABrap00
into their corresponding RG B values. These RGB colors were then printed and measured.
Figure 6.9 shows the measured colors in the tabulated color space CIFELABrqp0 and the
corresponding hexagonal grid. The average Ag oo distance within this grid is of 20.91 with
a minimum distance of 18.16 and a maximum distance of 24.61.

These measured values show that despite the complexity of the different steps required
to produce the reference patches, the proposed methodology successfully generates colors
that are all equidistant within the gamut of the printer.
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‘ (b) 20 color patches in the tabulated color
(a) 20 color patches in CIELAB space CIELABT.500.

Figure 6.8: Generated color patches in CIELAB and the tabulated color space
CIELABTa00-

Figure 6.9: Measured grid (for 20 reference patches)

6.1.5 Generation of color pairs

We now propose to generate 10 color values for each reference color, with a normal
distribution of AFEyy color distance from each reference color, which will be paired and
used in the discrimination experiment that we wish to perform in the next phase of this
research.

The objective was to make a compromise between the number of pairs of test samples (20
reference colors x10 closely related colors) needed to perform a psychophysical experiment
based on color discrimination and the duration of such an experiment.

Two main choices have been made in generating the color of these pairs of test patches:
first, the perceptual lightness L* was kept the same as the reference color; second, the
equidistant colors were selected randomly in the neighbourhood of the corresponding
reference color to avoid prioritizing any particular direction on the chromatic plane a*b*.
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Since we are working in the tabulated color space CIFELABrap00, in this space the AFEgg
color distance is equivalent to the Euclidean distance.

To obtain a set of colors with a normal distribution of AFEyy around the reference color,
we simply sampled the tabulated color space CIFELABrpq.p00 with a normal distribution of
Euclidean distances to the reference colors. The direction in the a*b* plane was selected
randomly using a uniform distribution.
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Figure 6.10: Generation of color pairs.

For a reference color (L7, £rOrefsbre f), a closely related color (L*,a*,b*) is obtained as
follows:

L= ief
a* =ay,;+p*sind (6.1)
b* = by.; + p*cost

with p ~ N(u, 0%) and 6 ~ U(0, 27). N and U are the normal and uniform distributions,
respectively. The mean and standard deviation p and o were chosen to be set at 0.6 and
0.4 respectively in order to obtain colors that are close to but varied from the reference
color (see Figure 6.10a).

The 200 pairs of samples (10 pairs of color per reference color, see Figure 6.10b) were
printed on high quality paper at a size of 1.4cm x 1.4em. They were then measured
with a spectrophotometer. The spectrophotometer was set to perform three consecutive
measurements for a given location and return the average. We made also five measurements
at five different locations on each of the 400 patches (four in the corners and one in the
middle), to optimize the accuracy of the measurements.

In Figure 6.11, we show the AFEyy values for the 20 selected reference patches. The
accuracy of the colors printed depends of the reference colors used (as an example, see
color differences reference colors 5 and 15). If for a reference color all AFEy, values are
lower than 1 then we can consider that there is no noticeable difference between the
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Figure 6.11: Distance between each printed color sample and the reference color.

reference color and the printed color patches which are then considered as equidistant to
the reference color (e.g. reference colors 5 and 6). 66% of printed patches satisfied this
criterion. If for a reference color a AFEyy value is higher than 2 then we can consider that
there is a significant difference between the reference color and the printed color patch (e.g.
for reference colors 15 two color patches are concerned). Very few printed patches were
concerned (3%), few more had a AEyy between 1.5 and 2 (8.5%). This demonstrates that
the method proposed to print equidistant colors with small color differences is efficient
and can be used to produce pairs of color patches that could be used to perform color
discrimination experiment.

6.1.6 Printing stability

To assess the stability of the prints over time, we produced a page containing 20 color
patches (one patch per reference color). After a drying period of one week, these patches
were measured weekly over one month. No significant changes were observed in the
measurements, all of which remained within the tolerance range of the spectrocolorimeter
(with an average AEy error of .2). However, we re-measured the color patches before
starting psychophysical experiments.

6.2 Protocol proposed for the color discrimination
experiment

The main constraint in designing this experiment was to ensure simplicity for future
participants. The proposed protocol requires participants to observe a pair of color patches
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and indicate whether they can distinguish between the two colors. Such an approach allows
participants to focus solely on the task of color discrimination. By eliminating the need to
pre-order the samples, the protocol significantly reduces the duration of the experiment
and discard the need for a complex sample-feeding system. To achieve this, the color pairs
are placed on a thick cardboard support covered with neutral grey paper for easy handling.
In order to uniquely identify each color pair being examined by a participant, a ArUco
marker is printed on the support. This type of marker can be easily detected using a
camera and an example can be seen on Figure 6.13

The experimental setup was designed to be as simple as possible: a box containing all
pairs of samples not yet examined; a holder for the pair currently under examination; and
a box for discarding pairs that have already been examined. Additionally, a three-button
keypad is connected to a computer equipped with a camera to read the ArUco markers,
allowing the recording of participants’ responses. This setup is illustrated in Figure 6.12.

Figure 6.12: Experimental setup: (1) LED panel, (2) Box of samples not yet examined,
(3) Sample support, (4) Box for discarded samples, (5) Three buttons keypad, (6) Camera,
(7) Spectroradiometer.

6.2.1 Experiment samples

For simplicity of implementation of the protocol, the two patches constituting the pairs are
squares of size 1.4c¢m x 1.4em, which corresponds to a 2° angle of view at 40cm. The paper
used for printing the patches is a matte photo paper with a paper weight of 189g/m?,
allowing for vibrant color as well as avoiding ripples of the paper due to the ink. The
two patches of color are printed brought together and bonded with each other in order
to avoid the contrast effect that would arise with a grey band between them. The color
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Figure 6.13: An example of ArUco marker.

difference between adjacent patches should be small enough so that the Mach bands effect
is negligible.

To simplify the task of handling the samples during the experiment, the color pairs are
then glued to a thick cardboard support. This support is covered on all sides with the
same neutral grey paper as the table. On one side, the location of the pair is marked with
a cross to ensure that the position is the same for all pairs of patches, and on the other
side, an ArUco marker is printed to automatically process the number of the sample being
examined by the participant. The steps for the production of the experimental samples is
shown in Figure 6.14. The choice of the ArUco was made after considering three options:
numbers and Optical character recognition (OCR); QR codes; and ArUco markers. OCR
was discarded to avoid any readable characters for the participant. The choice of ArUco
over QR codes was made after several tests showing that ArUco is more robust at a further
distance, at a given viewing angle, and with non-white paper.

Figure 6.14: Production of the experimental samples

6.2.2 Experiment workflow

Before carrying out the experiment, several preliminary steps must be completed. First,
participants must be screened for color vision deficiencies using an online Farnsworth-
Munsell 100 hue test. Following this, instructions will be provided both orally and in written
form. Participants will be shown two sample (not included in the actual experiment), one
with a noticeable difference and one without, to familiarize them with the procedure and
demonstrate proper handling to avoid touching the surface of the color patches. Afterward,
participants will have an opportunity to ask any questions they may have.



112 CHAPTER 6. WHITE LIGHT COLOR DISCRIMINATION IN LOW VISION

The experiment workflow is managed by a series of Python scripts that coordinate the
lighting system, the spectroradiometer used for light stabilization, the camera and the
keypad used to record the responses of the participants.

This workflow is summarized in Figure 6.15.

1 minute adaptation 1 minute adaptation

to a standard white light The room is lit up with to the test light
one of the test lights

Was it the
last test light?

Figure 6.15: Experiment workflow.

The participant takes
on the samples

Is there a color
difference?
Yes
press or on the keypad

No

The participant enters
the light room

Was it the
last sample?

End of the
experiment

6.3 Pilot Experiment

To validate the experimental protocol presented in this chapter and assess its effectiveness
at evaluating a light sources ability to enhance color discrimination, a preliminary version
of the experiment was conducted. For the sake of simplicity, this initial test was performed
without simulation goggles.

The main objective of this initial study was to determine whether the protocol could
reliably detect subtle differences in color discrimination between four light spectra with
different color rendering characteristics. This first step serves both to evaluate the effec-
tiveness of the method used and to identify any necessary adjustments before conducting
the full-scale experiment which will be described in the following section. Special attention
was given to the selection of the colored samples since it represented a key aspect of the
experimental design.

This section first present the four light spectra that were selected for the experiment
as well as the reason behind this choice, followed by a description of the experimental
protocol that was employed. The results are then presented and discussed in order to draw
some conclusions on this experiment’s effectiveness.

6.3.1 Choice of spectra

This pilot experiment required different examples of spectra in order to be able to evaluate
the performance of the experiment. Four different spectra were generated using the method
presented in the previous chapter and are the results of exploring the full range of available
spectra that the spectrally tunable LED system is able to generate. All four lights were
designed to match 500 lux on the experiment table and match the chromaticity of the D65
standard illuminant.

The four lights used in this initial experiment are the following:
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Figure 6.16: The 4 SPD used in this preliminary experiment.

Light 1, best CIE R,:
Light 1 was designed to have the highest achievable CRI using only 5 channels. It
achieves a CIE R, of 98. Its SPD is displayed in Figure 6.16a.

Light 2, worst CIE R;:

In order to produce a light spectrum as different as possible to the previous one, it was
decided to find the lowest CRI achievable. The SPD of the obtained light is presented in
Figure 6.16b. It reaches a CIE R, of -24. We can note that the Color Vector Graphic of
the TM-30 report is particularly distorted in the direction of the cyan/red axis as displayed
in Figure 6.17a

Light 3, best CIE Rg:

To generate a light with good color rendering while having a spectral composition distinct
from Light 1, Light 3 was designed to maximize the CIE R¢. The resulting spectrum
achieves a CIE Rg value of 94. Its spectral power distribution is displayed in Figure 6.16c.

Light 4, green/purple axis:
The final light chosen for this experiment was selected as an opposite to light 2 with
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regards to the TM-30 color vector graphic. Light 2 displayed a strong distortion in the
direction of the cyan/red axis, so this light was chosen to maximize the distortion in the
perpendicular direction, the green/purple axis. Its SPD is displayed in Figure 6.16d and
the color vector graphic comparison between Light 2 and 4 is presented in Figure 6.17.

16 - | O 81
Re * : /@ Rg

Res,h1 = 59%, Rip = 3 P-,V-,F- Res,m1 = -13%, Re,p1 = 74 P-,V-,F-
(a) Light 2. (b) Light 4.

Figure 6.17: Comparison of the color vector graphics of the TM-30 report for lights 2 and
4.

The full TM-30 reports for the four lights are displayed in Appendix D.

6.3.2 Experimental protocol

Section 6.2.2 presented the general workflow of this experiment, the present section focuses
on the practical details of its implementation.

The light booth was modified compared to the first experiment presented in Chapter 4:
the platform used to raise the table closer to the LED panel was removed, no camera was
employed to monitor participants, and the camera used to record the experimental results
was positioned on the participants left side, over their shoulder, pointing toward the table.

The experiment table was positioned directly under the LED panel and was completely
covered with gray cardboard. A touch screen placed parallel to the table was also covered
with gray cardboard except for three regions corresponding to software buttons: a ’yes’
button in the bottom left corner, a 'no’ button in the bottom right corner, and a ’cancel’
button in the top right corner. These buttons allowed participants to confirm that they
perceived a color difference, deny it, or revert their previous response respectively. Distinct
sounds were played to indicate that each response had been registered.

At the center of the screen, a support was installed to hold the samples in place while
being viewed at a 45° angle relative to the table surface. The color difference of the 200
color pairs used in this pilot experiment are those presented in Figure 6.11. The samples
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were stored in two 3D-printed white boxes, each containing 100 samples (Figure 6.18).
During the experiment, one box at a time was positioned in the top left corner of the
screen with the side featuring the colored part facing away from the participant.

Figure 6.18: One of the 3D printed boxes with 100 experimental samples.

The spectroradiometer was equipped with a remote measuring head that uses a fiber
optic cable, which allowed us to hide the device out of sight while still being able to
measure the light close to the viewing area. During the complete session it is used with
the light stabilization algorithm presented in Chapter 5 to ensure that the light condition
do not change during the experiment. The disposition of the experimental table during
this experiment is summarized by Figure 6.19.

Participants were first screened for color vision deficiencies in the same way as the first
experiment described in Chapter 4. Then they entered the light booth and sat down on
the chair in front of the experiment table. No experimental sample was visible before
the experiment starts. The participants were given an explanation of the experiment and
of the instructions. Two examples of experimental samples were made with colors not
available in the experiment itself in order to give an example, one of them does not have
any color difference while the other has a just visible color difference. The participants
were then instructed with these examples to press "yes' if they could see a color difference
and "no" if they could not or if they were not sure.

Participants were instructed to take a sample from the box, place it on the support,
and answer the question: "Can you see a color difference between the two squares?" After
selecting either "yes" or "no", they were asked to return the sample to the box one row
ahead of its original position to prevent the risk of forgetting or repeating samples. Once
all 100 samples from the first box had been evaluated, the experimenter entered the booth
to replace it with the second box.

The 200 samples, while not being shuffled between sessions, were not presented in a
particular order starting with any of the two boxes. The 4 lights tested in this preliminary
experiment were presented in random order in succession. A 10 minutes break was done
after the first two lights to split the experiment in two and reduce eye strain.
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40

Figure 6.19: The setup of the experimental table during the pilot experiment (a: sample
holder, b: spectroradiometer’s remote measuring head, c¢: sample box with 100 color
samples, d: camera).

6.3.3 Analysis of the results

A total of 10 participants completed this pilot experiment and each rated the 200 color pairs
under the four different channels. All of the 200 color pairs presented a color difference,
ranging from easily distinguishable to impossible to perceive. The participants did not have
any prior knowledge about the goal of the experiment. The objective of this experiment
was to determine if the four different lighting conditions had a meaningful influence on
the ability of the observers to discriminate between closely related colors. This analysis
focuses on comparing the results obtained under the different lighting conditions in order
to assess potential perceptual performance differences.

In order to study if the four different lighting conditions affected differently color
discrimination ability of the participants, we can compare the percentages of positive
response rates depending on the light. On average, Light 1 received 39.1% positive
responses, Light 2 received 44.5%, Light 3 received 39.8% and Light 4 received 42.1%.

To analyse statistically the significance of these differences in positive answer rates
between the four lights, the positive response rate was computed for each participants
under the four lights. This gives us four distributions that can be compared statistically.
The positive answer rates are plotted in Figure 6.20, each color representing a unique
participant. We can first observe on this figure that although the variance is high, there
seems to be visually a clear trend.

A repeated-measures analysis of variance (ANOVA) which is type of ANOVA adapted
to comparing dependent samples, was performed on these four distributions in order to
reveal if there was a significant difference in results between the four lighting conditions.
The obtained p-value is 4.71e — 2 which is lower than the selected threshold o = 0.05
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Figure 6.20: Percentage of positive responses for four lights per participant.

meaning that there is indeed a significant difference in results.

In order to check which lights showed significant differences, multiple paired t-test were
performed in order to compare the four lights two by two. The results of this procedure
are reported in Table 6.2. This statistical analysis reveals that overall Light 2 performed
significantly better overall for color discrimination than Light 1 and Light 3.

L1 L2 L3 L4
L1 2.5e-2 | 7.4e-1 | 2.5e-1
L2 9.6e-3 | 3.1e-1
L3 1.8e-1
L4

Table 6.2: p-value of the individual paired t-tests tests between the 4 lights. p-values lower
than the selected threshold o = 0.05 are highlighted in green

The fact that no significant difference overall was found between the other lights, however
does not mean that there are no local differences in color discrimination ability. To analyse
this possibility, we can break down the positive response rates per hue. In this experiment,
each hue features 10 different color pairs. Using the percentage of positive answers per hue
gives us insight into which colors were more affected by the lighting conditions. Figure
6.21 shows the breakdown of positive answers per hues.

To identify local differences in color discrimination ability, first, repeated-measures
ANOVA were performed on the distributions obtained by breaking down the results per
hue. This allows us to check which hues had difference performances depending on the
lighting conditions. If the obtained p-values were lower than the threshold a = 0.05,
multiple paired t-tests were done to check which lights showed significant differences. This
statistical analysis is reported in Table 6.3. The grayed lines correspond to hues were the
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Figure 6.21: Average positive response rate for the twenty hues under the four lights.

ANOVA could not reject the null hypothesis. For the other lines, the green cells correspond
to a paired t-test rejection of the null hypothesis with a p-value lower than the threshold
of rejection o = 0.05, on the contrary red cells correspond to p-values that fail to reject
the null hypothesis.

The first observation that can be made is that among the 20 hues tested, 12 showed
no significant differences in color discrimination performance. Light 2 stands out as the
most distinct from the other three lights, showing the greatest number of local variations
in color discrimination performance. Finally, we can observe that smaller local differences
were also detected between other lighting conditions, suggesting that all lights influence
color discrimination to some extent.

The most pronounced effects were observed between Lights 1 and 2, with six hues
showing significant difference. Light 1 only outperforms Light 2 for the cyan hue (07).
These two lights also represent the extremes in terms of color rendering quality, having
respectively the highest and lowest CRI R, values.

The two most similar light sources are Light 1 and Light 3, corresponding respectively
to the spectra with the highest R, and R¢ values. The only significant difference between
them occurs for hue 19 corresponding to dark green, where Light 3 shows a 20% higher
rate of positive responses on average.

6.3.4 Discussion and evaluation of the experiment

The experiment described in this section and the results that were obtained from it provide
us a basis for evaluating how effectively it can assess the performance of different lighting
conditions in terms of color discrimination ability.

As previously noted, certain hues did not reveal significant differences in color dis-
crimination performance across the four lighting conditions. This may be attributed to
the fact that these hues are not affected differently by the spectral characteristics of the
selected lights. However, closer examination of the results reveal for example that hue
06 displays extremely low positive responses rates (< 11), while on the contrary, hue 13
shows particularly high rates (> 74). This suggests that at least some of the hues show
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L1/L2 L1/L3 L1/L4 L2/L3 L2/L4 L3/L4

01| 9.57 x 1072 | 1.38 x 107! | 4.34 x 107! | 3.43 x 10~! | 1.07 x 1072 | 9.32 x 1072
02 | 6.56 x 107! | 8.53 x 107! | 8.72 x 107" | 4.94 x 107! | 5.65 x 107! | 1.00 x 10°
03 | 6.26 x 1073 | 1.34 x 10! | 8.64 x 10~! | 3.10 x 10™* | 1.28 x 1072 | 1.04 x 10~!
04 | 455 x 1072 | 6.14 x 107" | 1.40 x 107* | 1.15 x 1072 | 1.86 x 107! | 1.91 x 10~ !
05 | 1.53 x 107" | 4.79 x 107! | 3.97 x 107! | 5.41 x 107" | 7.80 x 10~ | 8.11 x 10~!
06 | 2.79 x 1071 | 7.80 x 10! | 5.10 x 1072 | 3.09 x 10~! | 9.99 x 1073 | 2.44 x 10~}
07 | 418 x 1072 | 591 x 107! | 2.79 x 107! | 3.73 x 1073 | 6.26 x 1073 | 1.00 x 10°
5.09 x 1071 | 1.93 x 107! | 2.23 x 107 | 8.95 x 10~* | 1.00 x 10° | 7.58 x 107!
534 x 1071 | 6.93 x 10~ | 8.85 x 10! | 7.64 x 10~' | 3.94 x 10~ | 8.79 x 10~!
2.04 x 1071 | 1.93 x 107! | 1.91 x 107 | 1.61 x 102 | 1.65 x 1072 | 8.11 x 107!
1.00 x 10 | 2.69 x 107! | 5.09 x 107" | 2.23 x 107! | 4.43 x 10! | 5.55 x 10~}
4.23x 1071 | 3.99 x 1072 | 4.27 x 10~' | 1.11 x 10! | 8.47 x 10! | 2.39 x 10~*
1.11 x 107 | 5.10 x 1072 | 7.98 x 10! | 1.00 x 10° | 2.73 x 10! | 1.38 x 107!
3.19 x 1072 | 7.05 x 1071 | 6.69 x 1073 | 6.97 x 1072 | 2.13 x 107! | 9.46 x 1073
2.39x 1072 | 1.04 x 10=! | 1.50 x 1072 | 3.43 x 10~ | 3.43 x 10! | 5.91 x 107!
8.48 x 1072 | 534 x 1071 | 2.42 x 107! | 3.43 x 107! | 6.47 x 107" | 4.96 x 10~*
1.03x 107 | 6.70 x 107 | 6.78 x 10~ | 1.15 x 10~ | 6.72 x 1072 | 7.85 x 10~*
1.32 x 1071 | 1.00 x 10° | 8.72 x 10=! | 2.09 x 107" | 1.21 x 10~ | 8.53 x 10~!
3.25 x 107* | 4.76 x 1073 | 1.48 x 10~ | 3.73 x 10! | 3.43 x 1072 | 8.47 x 1073
1.00 x 10 | 4.79 x 107! | 5.76 x 107! | 3.73 x 107! | 5.41 x 10~} | 7.58 x 10~!

Table 6.3: p-value of the individual t-tests comparing the 4 lights for the 20 different hues.

inconsistencies in the selection or spacing of the color pairs, even though the measured
Ag,o0 corresponded to the intended differences.

Of the four selected lights, the most different SPD which was supposed to induce the
strongest color shifts was supposed to be Light 2, which was correctly detected by the
experiment. Light 1 and Light 3 on the other hand, which are respectively the best CIE
Ra. and best CIE Ry showed overall particularly similar results which is consistent with the
fact that they display similar spectral and color rendering characteristics.

Furthermore, this experiment illustrates that good color rendering, such as provided
by lights L1 and L3, does not necessarily correspond to the highest color discrimination
ability. Although this trend is not verified for all hues, the light with the lowest achievable
CRI showed a significant improvement in the ability of observers to discriminate between
certain colors. This further supports the idea that it can be possible to design light spectra
that enhance color discrimination performance, at least for specific hue regions.

To conclude, this pilot experiment successfully demonstrated its ability to evaluate
the performance of different lighting conditions in terms of color discrimination. The
experiment also proved to be able to analyse color discrimination capabilities for specific
hue ranges. The simplicity of the discrimination task facilitated participant understanding,
allowing each to complete the evaluation of approximately 200 color pairs in about 20
minutes. However, letting the participant handle the physical samples introduced variability
in observation time across participants and extended the overall duration of the experiment.
Moreover, the selection of color pairs proved to be a critical factor and should be carefully
examined prior to testing, as the Ag oo values alone are insufficient to ensure a consistent
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and well balanced set of colored pairs. These observation are the basis to the full-scale
experiment that will be described in the next section.

6.4 Color discrimination experiment in simulated low
vision conditions

The experiment presented in Chapter 4 examined how color discrimination performance
varies depending on the wavelength of the individual LED channels. Building on these
results, the experiment introduced and validated in the previous section allows us to investi-
gate the possibility of designing optimized lighting spectra to improve color discrimination
under low vision conditions.

However, because the simulation goggles substantially increase the difficulty of the
discrimination task, several adjustments were made to ensure that it could produce
meaningful results.

This section describes the final experiment aimed at investigating different lighting
conditions under simulated low vision, detailing the modifications made from the pilot
study in color pair selection, lighting setup, and practical adjustments to reduce experiment
duration. The resulting data are then presented and analyzed in details.

6.4.1 Low vision simulation groups

The most important change compared to the pilot experiment is the introduction of low
vision simulation goggles. In the experiment described in Chapter 4, 4 groups were formed:
control group, blurry vision, central scotoma and tunnel vision. In this final experiment,
only two groups were retained.

Preliminary testing has shown that it was not feasible to design a single protocol that
would provide meaningful data for both participants wearing simulation goggles and
participants without. Under white light, discrimination tasks that were appropriately
challenging for participants wearing the goggles proved too easy for those without them,
and vice versa. Therefore no control group was included in this experiment.

Moreover, the color discrimination experiment conducted under monochromatic LED
lighting revealed no meaningful differences between participants wearing blurry vision
goggles and those wearing tunnel vision goggles. Therefore, only the blurry vision condition
was retained. This allowed us to concentrate on two groups in the final experiment:
participants wearing blurry vision goggles and participants wearing central scotoma goggles.

6.4.2 Color sample selection

In the pilot experiment, the selection of color pairs was obtained by randomly generating
color differences around a fixed average Aggo value. However, as was explained in
Subsection 6.3.4, this approach did not provide a balanced level of difficulty for all
hues: some hues had color pairs consistently easier or harder to discriminate than others.
Furthermore, since the simulation goggles were used in this experiment, Ag o can no
longer be used as a meaningful indicator of color discrimination difficulty. No metric
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currently exists that characterizes color difference under non-standard conditions such as
low vision.

To solve this issue, the same reference colors used in the pilot experiment were kept, but a
different method was used to select the comparison samples in order to produce a balanced
distribution of difficulty. A large set of printed samples was generated at different Ag o
distances from each reference color. These samples were then viewed individually while
wearing the blurry vision goggles, and the final set of color pairs was selected manually to
ensure a balanced distribution of task difficulty, from easily distinguishable differences to
color differences that were nearly impossible to detect.

The resulting distribution of selected color pairs is shown in Figure 6.22. As the figure
illustrates, achieving a balanced discrimination task required assigning different Ag oo
values depending on the hue, confirming that standard color-difference metrics do not
translate uniformly under the simulated low vision viewing conditions used in this study.
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Figure 6.22: Color distance between each printed reference and comparison color samples.

6.4.3 Selection of the lights

Since this experiment focused on two types of simulated low vision, three lighting conditions
were chosen: one control white light and two additional lights derived from the results of
the experiment presented in Chapter 4. To ensure that the resulting spectra would remain
practical to reproduce while still offering meaningful spectral variation, the design of each
light was constrained to use a maximum of five LED channels.

In order to evaluate specifically the influence of spectral composition of the light, all
three spectra were designed using the algorithms introduced in Chapter 5, to match the
chromaticity of a standard office lighting at 4000 Kelvin and an illuminance of 500 lux on
the viewing area.
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Light 1, standard LED lighting:

The first light selected was a control light, used to represent standard LED lighting
conditions and is a standard office LED light at a CCT of 4000 kelvin. The spectral power
distribution of this light is presented in Figure 6.23a.
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Figure 6.23: The 3 SPD used in this experiment.

The two additional lights were selected based on the performance of the blurry vision
and central scotoma groups in the experiment conducted on the individual channels.

To determine these lights, all possible combinations of five LED channels were first
evaluated using the light mixing algorithm presented in Chapter 5 to identify which
combinations had the ability to reproduce the same chromaticity as L1. The channel
combinations were then ranked according to the experimental results from Chapter 4.
Specifically, the goal was to select the combination channels that provided the best possible
coverage of the entire hue circle, achieved by minimizing the quantity defined in Equation
6.2.

28
min > min (S, (i), ..., Se, (i) (6.2)
1y.++9C5 i1

with S, (7) the average score obtained for sample ¢ under the monochromatic LED
corresponding to channel cy.
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After applying this procedure separately to the two groups, two distinct sets of five LED
channels were identified, one optimized for the blurry vision group and one for the central
scotoma group. These channel sets were then used to compute all spectra that matched
the chromaticity of L1. Among the resulting metameric spectra, the one selected for each
group was the spectrum that maximized the drive level of the channels associated with
the lowest total error scores in the monochromatic color discrimination experiment.

Light 2, blurry vision light:

When applied to the results obtained for the group with the blurry vision goggles, the
resulting spectrum selected is shown in Figure 6.23b. To produce this spectrum, the
channels B2, C, G2, L and PC-A are used, with peaks at respectively wavelengths 478,
500, 528, 544 and 594 nm.

Light 3, central scotoma light:

When applied to the results obtained for the group with the central scotoma goggles,
the resulting spectrum selected is shown in Figure 6.23c. To produce this spectrum, the
channels B1, C, L, PC-A and R1 are used, with peaks at respectively wavelengths 468,
500, 544, 594 and 636 nm.

The full TM-30 report of the three lights are available in Appendix E.

6.4.4 Practical modifications

The general experimental workflow followed the same structure as described in Subsection
6.2.2. However, several practical adjustments were made compared to the pilot experiment
in order to take into account the use of low vision simulation goggles and to improve the
duration of the experiment.

In the pilot experiment, participants manipulated the color samples themselves and
handled placing and removing them from the sample holder. However, testing showed
that this task became much more difficult when wearing the simulation goggles. To ensure
smooth execution and reduce participant strain, it was decided that the experimenter
would stay inside the light booth and handle the cycling of samples. This adjustment
resulted in faster and more consistent duration of presentation of the samples.

Additionally, the touch screen interface used in the pilot experiment to record the answers
of the participants was found to be inefficient and difficult to use for some participants.
Moreover, under simulated low vision conditions, a solution with a tactile response system
was found to be more suitable. In place of the touchs creen, a numpad was used, where
the key 0 was marked with a green sticker (indicating "yes") and the Enter key with a red
sticker (indicating "no"). This provided clearer physical feedback and made it easier and
quicker for the participants to give their answer.

To allow to cycle samples efficiently, the experimenter was positioned directly in front
of the participant. A monitor set to minimum brightness was also placed facing away
from the participant to provide visual feedback to the experimenter without influencing
the lighting environment. Because the simulation goggles substantially restrict the field
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of view, the participant could not see either the experimenter, screen or numpad while
viewing the colored samples ensuring no interference with the task. The setup used is
illustrated by Figure 6.24.

Finally, as the experiment involved testing only three lighting conditions, participants
were given a short break of approximately five minutes between lighting conditions to
reduce fatigue. In total, the experiment took less than an hour with about 15 to 20 minutes
per light tested. The three lights were presented in random order.

Figure 6.24: The setup of the light booth for this experiment.

6.4.5 Analysis and discussion of the results

In total, 20 observers participated in the experiment. They were divided into two groups
each containing 10 participants, one wearing the blurry vision goggles and one wearing the
central scotoma goggles.

The overall positive response rates for the participants in the blurry vision group under
the three lighting conditions are shown in Figure 6.25a. On average, the proportion of
positive responses remains close to 50% for all three lights, indicating no improvement or
deterioration in color discrimination performance at the group level.

However, examining the individual results reveals that most participants do exhibit
variations in performance across lighting conditions, though they do not consistently favor
any specific light. This observation is supported by a repeated-measures ANOVA, which
gives a p-value of 7.8 x 10™!, which is above the significance threshold o = 0.05, confirming
that the observed differences are not statistically significant at the group level.

The overall positive response rates for the participants in the central scotoma groups
under the three lighting conditions are displayed in Figure 6.25b. The same observations
can be made, the repeated-measures ANOVA returns a p-value higher than the threshold
a = 0.05 with a p-value of 5.0e — 1, failing to reject the null hypothesis.
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Figure 6.25: Positive answer rate for both groups under the three lights.

Figure 6.26: Percentages of positive answers for the 20 hues under each light for the blurry

vision group.

Figure 6.27: Percentages of positive answers for the 20 hues under each light for the central
scotoma group.
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To investigate whether specific hues were affected differently by the lighting conditions,
the average positive response rates for each hue are reported in Table 6.26 for the blurry
vision group and in Table 6.27 for the central scotoma group. As shown in both tables, the
distribution of response rates is more balanced than in the pilot experiment. Under the
control light, most hues show positive response rates close to the 50% positive response
level, with only a few hues showing lower values in the 30% range or higher values in the
70% range. This confirms that the selection of color pairs in the final experiment resulted
in a more balanced difficulty.

Compared to what was observed in the pilot experiment, the differences in positive re-
sponse rates between the lighting conditions are more uniform for both groups. To determine
whether any localized differences in color discrimination were significant, repeated-measures
ANOVAs followed by pairwise t-tests were conducted for each hue in both groups. The
results of these analyses are presented in Table 6.4 for the blurry vision group and in Table
6.5 for the central scotoma group. As shown in the tables, only a small number of hues
exhibit statistically significant differences between the lighting conditions: three hues for
the blurry vision group and a single hue for the central scotoma group. This indicates that
the lighting variations produced minimal localized effects on positive response rates at the
group level.

L1/L2 L1/L3 L2/L3 L1/L2 L1/L3 L2/L3
0l | 591 x 107 [ 6.62x 10~ | 1.00 x 10° 01| 127 x10 L | 324 x 102 | 427 x 10" T
02 | 3.18 x 1072 | 1.07 x 102 | 3.97 x 10T 02 | 1.62x 1071 | 7.94x10° L | 295 x 10!
03 [ 9.63x 1072 | 3.63 x 10T | 8.86 x 102 03 [ 370 x 1071 [ 462 x 10T | 7.35 x 10~ ¢
04 | 1.53 x 1071 [ 847 x 1071 [ 242 x 1071 04 | 153 <10 L | 957 x 102 | 6.93 x 107 ¢
05 | 3.99 x 1072 | 6.62 x 1072 | 5.76 x 10! 05 | 1.34x10° T [ 1.21 x 10~* [ 9.06 x 10T
06 | 8.91 x 1071 | 2.25 x 107" | 1.96 x 107! 06 | 4.60 x 1071 | 6.64 x 10~" | 7.58 x 107!
07 | 868 x 10T [ 520 x 10~ | 5.34 x 1071 07 | 5.60 x 1071 [ 3.82 x 10 T | 4.34 x 10 ©
6.10x 10°F | 1.21 x 10 L | 9.53 x 1073 450 x 1072 | 5.63 x 10T | 3.18 x 10T
3.10 x 10°F | 1.00 x 10° | 1.91 x 10T 2.85 x 101 [ 6.27 x 1071 | 1.38 x 10T
713 x 107! [ 3.93 x 107! | 3.81 x 10! 1.00 x 10° | 2.99 x 10~ | 5.13 x 10T
5.81 x 107! | 522 x 107! | 8.40 x 10~ ! 823 x 10T | 1.73 x 10T | 1.37 x 107!
147 x 1071 [ 9.12 x 1071 | 2.35 x 107! 3.82x 1071 | 1.20x 107! | 3.43 x 10!
1.17x 1071 [ 832 x 10~ | 1.08 x 10T 6.37 x 107" | 718 x 10~ | 2.26 x 10T
7.05 x 1071 | 1.00 x 10° | 8.14 x 10! 1.77 x 1071 [ 2.23 x 10~ | 7.80 x 10T
1.65 x 1072 [ 329 x 10T [ 9.32 x 102 9.03x 107 | 1.53 x 10~ T | 3.54 x 10T
425 %101 [7.05 x 10T | 1.82 x 1071 1.77x 1071 [ 3.81 x 10T | 453 x 10!
671 x 101 | 237 x 10~ L | 7.03 x 102 153 x 101 [ 435 x 1071 | 3.31 x 10!
805 x 101 | 544 x 10T | 5.83 x 10! 9.15x 107" | 6.42x 107" | 7.08 x 107"
137x 101 | 6.62x 10T | 1.11 x 10 ¢ 521 x 107" | 9.15x 107" [ 6.99 x 10~*
476 x 1073 | 1.93 x 10 | 1.37 x 10 ¢ 7.85x 107" | 830 x 10" | 9.09 x 107"

Table 6.5: p-value of the individual t-tests
comparing the 3 lights for the 20 different
hues.

Table 6.4: p-value of the individual t-tests
comparing the 3 lights for the 20 different
hues.
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6.4.6 Discussion of the results

The results presented in the previous subsection indicate that no significant differences
in color discrimination performance were observed between the three lighting conditions.
Overall, the average proportion of positive responses across all participants remained close
to 50% for each light, suggesting no consistent improvement or deterioration of performance
at the group level. Furthermore, when examining the hue-by-hue results, only a small
number of localized differences were statistically significant.

However, the three lights differed in their properties, with the most important differences
observed between L1 and the other two lights. Based on the results of the pilot experiment,
these differences should have been detectable. The main difference between the pilot
experiment and the present one is the fact that the experiment was conducted with the
low vision simulation goggles. Discussions with participants after the experiment, as well
as observation of performance patterns, suggest that the goggles might have introduced a
bias that likely influenced the outcomes.

The use of simulation goggles greatly increased inter-individual variability. Either mean-
ing that low vision conditions exacerbate the variability in performance between individuals
or that participants adapted differently to the restricted vision. Some participants reported
during the experiment seeing improvement in their ability to perceive the color differences
as the session progressed, while on the contrary others reported increasing visual fatigue
and reduced color discrimination performance over time. We hypothesize that this disparity
in adaptation to the visual conditions might be one of the reasons why the effect of lighting
is masked in the results of the experiment.

Moreover, contrary to the experiment presented in Chapter 4, the nature of the task
in this experiment makes it particularly sensitive to such adaptation effects. Unlike the
arrangement experiment performed under monochromatic LED channels, this experiment
relies on the detection of the color discrimination threshold through a simple yes or no
question. Because the simulation goggles imposed unusual and visually demanding viewing
conditions, making it difficult for participants to draw a clear line between perceiving a
color difference or not. As a result, even minor fluctuations in adaptation to the visual
environment or differences in the confidence they have in their responses can have a
disproportionate effect on the measured discrimination thresholds.

These factors could provide a plausible explanation for why the differences observed in
the pilot experiment did not replicate under simulated low vision. They also highlight
a more general limitation of using low vision simulation goggles for studying precisely
perceptual phenomena such as color discrimination. While such goggles can simulate
certain visual impairments, they do not reproduce the long-term neural and perceptual
adaptations that occur for individuals with long term low vision.

These observations point toward two important considerations. First, to meaningfully
assess the potential of optimized lighting to improve color discrimination in low-vision
contexts using this protocol, additional parameters, such as alternative color-pair sets or
varied lighting conditions, should be explored. Second, the study would be strengthened
by involving panels of real low-vision participants who are already adapted to their visual
condition.
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6.5 Chapter Summary

This chapter presented a new psychophysical experiment designed to investigate color
discrimination capabilities of different white light spectra. To achieve this goal, a method
for generating customized sets of color pairs was first developed. Using a calibrated
inkjet printer, a sampling method based on the gamut of the printer was implemented to
produce a range of reference colors. By tabulating the CIELAB color space to the Ag oo
color difference metric, color pairs were generated with controlled distributions of color
differences around a fixed average value. Furthermore, because participants were required
to assess subtle color differences, the light spectra produced by the tunable LED system
were stabilized in real time using the algorithm introduced in Chapter 5.

A dedicated experimental protocol was then established to use these color pairs. Each
color pair was glued a gray cardboard support featuring an ArUco code, which allowed
automatic recording of participant responses using a simple camera but also permitted
randomized presentation of the samples. The entire experiment was supported by a
specifically developed software optimized participant usability, ensuring that system
performance did not interfere with the accuracy or smoothness of the experiment.

To validate this new protocol, a pilot study was first conducted without the use of low
vision simulation goggles. This pilot experiment served to verify both that the experiment
was sensitive enough to highlight subtle variations in color discrimination, but also identify
aspects of the procedure that could be improved. Four white light sources with distinct
spectral power distributions but identical chromaticity coordinates were tested with ten
participants. The analysis revealed clear differences in color discrimination performance
across lighting conditions, even though inter-observer variability was particularly high.
The light source with the lowest CRI produced an average 5% increase in positive response
rate compared with those having CIE R, values above 97, demonstrating that a high CRI
does not necessarily correlate with improved color discrimination.

Several adjustments were made prior to conducting the full-scale experiment with low
vision simulation goggles. First, it was observed that some hues consistently resulted in
either extremely low or extremely high correct response rates, regardless of the lighting
condition, indicating that the Apg oo metric alone is not sufficient to ensure balanced
difficulty in a color discrimination experiment. Additionally, while the pilot study used
a touchscreen interface for responses, this proved impractical for participants wearing
simulation goggles due to the lack of tactile feedback. In the pilot experiment, the
participants handled the colored samples autonomously, however it was found to be too
difficult under low vision conditions. Consequently, for the full scale experiment, a numpad
was introduced for participants to input their responses, and the experimenter handled
the cycling of the samples. These modifications improved both consistency for the viewing
of the samples and overall duration of the experiment.

The full scale experiment was then conducted with two types of low vision simulation
goggles: one simulating blurry vision and the other central scotoma. Twenty participants
took part in this experiment, evenly distributed between the two types of simulation goggles.
Three lighting environments were evaluated, a control standard office white light and two
additional spectra derived from the findings of the experiment presented in Chapter 4.
Although no significant trends were observed among the three lighting conditions, analysis
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of the results and post-experiment discussions with participants highlighted factors that may
have influenced performance. Because the task evaluated a color-discrimination threshold
using a simple yes/no response, it could make it particularly sensitive to short-term
adaptation effects. The use of simulation goggles may have introduced adaptation effects
as some participants reported gradually adapting to the simulated low vision condition
and perceiving finer color differences over time, while others experienced increasing visual
fatigue that made the task more challenging.

Based on these observations, a promising direction for future improvement would be to
refine the experimental design to better consider adaptation dynamics. This may include
implementing structured adaptation periods before the task, revising the selection and
configuration of color samples, or complementing simulation-based assessments with data
collected from actual low-vision participants. Such adjustments would help to improve the
evaluation of color-discrimination thresholds that reflect stable perceptual performance
rather than transient adaptation effects.
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Chapter 7

Conclusion and Perspectives

7.1 Main Findings and Contributions

This thesis explored the potential of lighting to improve visual performance for individuals
with low vision by designing light spectra specifically optimized for certain types of visual
impairments. Since colorimetry has been developed without considering the specific
characteristics of low vision, this research relied heavily on psychophysical experiments
specifically prepared for the objectives of this study. The results demonstrated that lighting
can indeed serve as a potential aid, as its spectral properties can be adjusted to enhance
color contrast in order to improve residual vision for low vision people.

The first part of this work focused on the technical details required to conduct this
study and highlighted both the capabilities and challenges associated with the use of
LEDs (see Chapter 2). A comprehensive procedure was developed to fully control and
characterize the experimental environment (contribution 1). An investigation of different
simulation methods available was carried out, revealing that while augmented or mixed
reality systems are promising, their current technical limitations make them unsuitable
for reliably simulating low vision conditions in psychophysical experiments studying color
vision.

The following chapter presented an overview of existing methods used to study low vision,
as well as current lighting research and recommendations (see Chapter 3). There have
been many studies done to optimize lighting for a variety of characteristics, however there
is a clear gap in the literature: most lighting studies focus exclusively on normal vision.
Moreover, since most commonly used metrics are not adapted to low vision observers,
this highlighted the necessity of conducting experiments specifically made for low vision
conditions.

Following these observations, a first psychophysical experiment was conducted with
57 participants divided into four groups: a control group and three groups simulating
different types of visual impairment, blurry vision, tunnel vision, and central scotoma (see
Chapter 4). The experiment aimed to assess if different types of visual impairments had
a significant influence on color discrimination ability depending on the LED channels used.
Using a modified version of the FarnsworthMunsell 100 Hue Test, color discrimination was
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evaluated across the full chromatic circle (contribution 2). Statistical results revealed
significant differences between the control group and all simulated visual impairments. In
this study, we paid particular attention to the statistical tests used given the parametric
dependence of several study factors (contribution 3).

Participants with central scotoma performed significantly worse than those with blurry
or tunnel vision, which produced relatively similar outcomes. These findings indicate that
the type of visual impairment, at least simulated visual impairments, influences color
discrimination depending on the LED wavelength. An additional contribution of this study
was the development of a fully automated method for recording experimental results using
only a consumer-grade camera. These findings were first presented at the 2025 ENVISION
conference and are currently under publication process.

Based on these preliminary results, it became necessary to determine the full range of
spectral capabilities of the LED panel used in the experiments. Since this study focused
on the influence of spectral composition on color discrimination, comparisons had to be
made between lights of similar chromaticity. To do this, the spectra produced by the
LED panel and those corresponding to the selected chromaticity were identified. Two
versions of the metamer generation algorithm proposed by Finlayson et al. were successfully
implemented and tested (see Chapter 5). Observations revealed that LED spectral drift
due to temperature variations was both significant and perceptible. Therefore, a spectral
matching algorithm was developed, requiring only a brief characterization procedure
involving a single measurement per channel (contribution 4). This method estimates
the intensity reduction and spectral shift caused by rising junction temperatures, enabling
real-time correction of the panels spectral output. The combination of this algorithm
with Finlaysons approach proved to be an effective way to produce light spectra with
both accurate spectral and chromaticity matching. The proposed spectral matching and
stabilization algorithm was presented at the Computational Color Imaging Workshop
(CCIW) in Milan.

Using this combination of algorithms, we conduct a new experiment under white stabilized
light (see Chapter 6). Therefore, a new experiment was designed, using a method to
calibrate an inkjet to produce custom color sample sets (contribution 5). First a pilot
experiment was conducted to verify that the experiment was indeed capable of evaluating
differences of color discrimination ability under different lights and identify certain flaws in
the design of the experiment. This pilot experiment proved that the method employed was
suitable to evaluate color discrimination differences between different lighting conditions.
It also proved that good color rendering does not equate to better color discrimination
capabilities and that a light without good CRI could be even better. A final experiment
was conducted from the data obtained in Chapter 4, with two types of simulation goggles
blurry vision and central scotoma. The outcomes highlighted the influence of short-term
adaptation and, for some participants, visual fatigue when using the goggles. In this type
of psychophysical experiment, where determining a precise color-discrimination threshold is
essential, such effects can influence performance. These observations illustrate the practical
limitations of simulation-based approaches in studies of this kind while also pointing toward
useful refinements for future protocols. The original design and protocol of the experiment
were published in the Journal of Imaging as an extended version of the paper originally
presented at the Computational Color Imaging Workshop (CCIW).
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Another major contribution of this work lies in the extensive effort that was dedicated
to ensure a seamless experimental experience for participants (contribution 6). This was
achieved through careful optimization of the experimental software developed specifically
for this study, in order to improve latency, therefore reducing participant strain, enhancing
consistency across trials, and ultimately improving the reproducibility of the results. This
aspect was particularly crucial given the technical complexity of the experimental setup,
which relied on the integration of multiple devices, including various cameras or the
implementation of a real-time feedback loop to continuously correct lighting conditions.
To support this level of coordination, dedicated software applications were developed to
manage and synchronize all components necessary to the experiments with high reliability
and precision.

Overall, this work demonstrated that lighting can play a significant role in enhancing
visual performance for individuals with low vision, more specifically for tasks involving
color discrimination. It also highlighted the limitations of traditional colorimetry, which
fails to account for the perceptual specificities of low vision observers. The first experiment
revealed that different types of visual impairments lead to different performance in terms
of color discrimination, suggesting that different types of low vision could benefit from
different lighting conditions. Significant efforts were made to ensure the reliability and
precision of the experimental setup: the light booth was thoroughly characterized, from the
spectral properties of its LED panel to the reflectance of its interior surfaces. Considerable
programming work was also carried out to allow the psychophysical experiments to be
conducted faster, allowing to minimize observer fatigue. The integration and synchroniza-
tion of multiple devices posed significant challenges, particularly in the second experiment,
where a custom program was developed to automatically record participant responses and
ensure consistent data collection while stabilizing the lighting system.

7.2 Discussion and Perspectives

The findings presented in this thesis highlighted the significant influence of lighting on
color discrimination ability and its potential application as an aid for individuals with low
vision. To build upon these findings, several key directions for future investigation can be
proposed.

First and most importantly, this work revealed that simulation goggles are not reliable
for experiments that require the evaluation of color discrimination threshold, as seen in the
final study. The inconsistencies found likely come from visual adaptation or fatigue effects.
This highlights the need for future experiments involving actual low vision participants,
who are already used to their condition.

Furthermore, all experiments conducted during this thesis also showed significant inter-
individual variability in color discrimination performance, which was even more important
for the groups with low vision simulation goggles. This represents a major challenge for
designing universally effective lighting solutions an suggests that future research should
explore the possibility of personalized lighting optimization customized to match the needs
of specific individuals.

Additionally, the findings in this work indicate that lighting conditions can influence
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specific localized color regions. This suggests the possibility of optimizing lighting environ-
ments to enhance color discrimination for targeted applications, particularly in contexts
where accurate differentiation of certain color ranges is critical.

Another key finding is that, although the experiments conducted in this study were
primarily aimed at optimizing lighting conditions for individuals with low vision, the results
also demonstrate that light can also be optimized for individuals with normal vision. This
is particularly relevant in contexts where accurate color evaluation is critical, such as in
quality control processes or medical diagnostics.

More spectral diversity of lighting conditions should also be considered, in the final part
of this study experiments were conducted under white lighting conditions with identical
chromaticity coordinates. This approach made it possible to analyze the specific influence
of the spectral composition of a light source spectral on color discrimination. However, this
method relied on the computation of all spectra with a perfect colorimetric match, which
significantly limited the range of spectral diversity examined and failed to account for
uncertainties both in measurement accuracy and in inter-observer variability of perception.
A more recent approach proposed by Morovi¢ et al. [192] addresses these limitations by
representing colors not as single points in a color space but as probabilistic distributions,
and therefore incorporating uncertainty. Such a framework would allow the exploration of
a wider set of lighting conditions that are still perceptually similar in color.

Finally, while the experiments were conducted in a highly controlled environment to
ensure accuracy and repeatability, real-world conditions may give different outcomes. Al-
though preliminary simulations were performed out to assess the influence of environmental
variations on illumination, further research is required to evaluate the effectiveness of these
optimized lighting conditions in practical, everyday contexts and to fully determine their
potential impact on real visual performance.
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Appendix A

Spatial measures

(a) Channel 1. (b) Channel 2.

Figure A.1: Mean Average Error of the SPD compared to the center of the booth for
channel 1 and 2.
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(b) Channel 4.

(a) Channel 3.

Figure A.2: Mean Average Error of the SPD compared to the center of the booth for

channel 3 and 4.

(b) Channel 6.

(a) Channel 5.

Figure A.3: Mean Average Error of the SPD compared to the center of the booth for

channel 5 and 6.
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(b) Channel 8.

(a) Channel 7.

Figure A.4: Mean Average Error of the SPD compared to the center of the booth for

channel 7 and 8.

(b) Channel 10.

(a) Channel 9.

Figure A.5: Mean Average Error of the SPD compared to the center of the booth for

channel 9 and 10.
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(a) Channel 11. (b) Channel 12.

Figure A.6: Mean Average Error of the SPD compared to the center of the booth for
channel 11 and 12.

(a) Channel 13.

Figure A.7: Mean Average Error of the SPD compared to the center of the booth for
channel 13.
is



APPENDIX B. STANDARD ILLUMINANTS

Appendix B

Standard Illuminants
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Appendix C

CIEDE2000
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Appendix D

SPD Selection for the Pilot
Experiment
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APPENDIX E. SPD SELECTION FOR THE EXPERIMENT UNDER WHITE LIGHT
CONDITIONS

Appendix E

SPD selection for the

experiment under white light
conditions
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TM30 report for Light 2.

Figure E.2
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ANSI/IES TM-30-18 Color Rendition Report

Manufacturer:

Source:
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Figure E.3: TM30 report for light 3.



