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REQUISITOS NECESSÁRIOS PARA A OBTENÇÃO DO GRAU DE DOUTOR EM
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Resumo da Tese apresentada à COPPE/UFRJ como parte dos requisitos

necessários para a obtenção do grau de Doutor em Ciências (D.Sc.)
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VIRTUAL PREDITIVA

Olaf Daniel Clausen

Novembro/2022

Orientador: Claudio Esperança

Programa: Engenharia de Sistemas e Computação

Prototipagem virtual (PV) é uma parte estabelecida e cada vez mais importante

do processo de desenvolvimento de novos produtos. No entanto, PV ainda não

é utilizado para certificar as etapas de desenvolvimento virtual. Esta limitação

impede o desenvolvimento holı́stico e paralelo de produtos, onde engenheiros

e designers dos parceiros mundialmente envolvidos desenvolvem simultane-

amente um novo produto. Consequentemente, também impede uma redução

considerável do tempo e dos custos de desenvolvimento, do uso de recursos e

do impacto ambiental. A principal questão da PV é o limite da fidelidade dos

protótipos virtuais, o que é particularmente problemático quando a PV é usada

para decisões de design. Neste contexto, o protótipo virtual deve evocar a mesma

sensação visual do que o protótipo fı́sico; portanto, deve ser preditivo. Todavia,

devido à complexidade da simulação de luz e às capacidades da visão humana,

os protótipos virtuais muitas vezes não são preditivos. Dois grandes problemas

são a representação do material e a reprodução de cores em um dispositivo de

visualização. Nesta tese, focamos nestes dois problemas abordando os seguintes

três tópicos:

Primeiro, apresentamos um novo framework de validação, que permite a

validação da simulação da luz comparando-a com a realidade. A implementação

com o renderizador cientı́fico Mitsuba confirmou que a modelagem da interação

luz-matéria é a principal fonte de erro. Além disso, detectamos mudanças de

comprimento de onda no comportamento de reflexos de amostras de cor, um

fenômeno que é novo para a comunidade de Computação Gráfica.
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Em segundo lugar, examinamos mais especificamente esses efeitos de mudança

de comprimento de onda que levam a aparências avermelhadas e azuladas. Estes

efeitos baseados em difração têm sido pouco relatados na literatura. Esta tese

fornece a primeira análise completa a partir de dados coletados com precisão

e apresenta uma extensão simples ao modelo Cook-Torrance considerando tais

mudanças de comprimento de onda.

Finalmente, lidamos com a consistência de cores dos dispositivos de realidade

virtual (Virtual Reality Head Mounted Displays - VR HMDs). As cores pre-

cisam ser apresentadas de forma consistente para aumentar a aceitação destes

dispositvos na PV. Nesta tese, apresentamos uma abordagem para caracterizar

e calibrar os monitores de VR HMDs de consumo. Combinado com nossa abor-

dagem de calibração, é possı́vel reproduzir cores com o dispositivo Vive Pro sem

diferenças perceptı́veis.
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Virtual prototyping (VP) is an established and increasingly important part

of the development process of new products. However, VP is still not used

to release virtual development stages. This limitation prevents holistic and

parallel product development, where engineers and designers of all involved

partners worldwide simultaneously develop a new product. Consequently,

it hinders a considerable reduction of development time and costs, resource

usage, and environmental impact. The main issue of VP is the limited fidelity

of virtual prototypes, which is particularly problematic when VP is used for

design decisions. In this application, the virtual prototype has to evoke the

same visual sensation as the physical prototype; thus has to be predictive.

However, due to the light simulation’s complexity and human vision’s capacities,

virtual prototypes often fail to be predictive. Two major problems are the

material representation and the colour reproduction on a display device. In

this thesis, we focus on these two problems by tackling the following three topics:

First, we introduce a new validation framework, which enables the validation of

the light simulation by comparing it with reality. The implementation with the

scientific renderer Mitsuba confirmed that modelling the light-matter interaction

is the main source of error. Moreover, we detected wavelength shifts in the

reflections behaviour of colour patches, a phenomenon that is new to the CG

community.

Second, we look more specifically into these wavelength shift effects that lead

to reddish and blueish appearances. These diffraction-based effects have been
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scarcely reported in the literature. This thesis provides the first thorough

analysis from precise measured data and introduces a simple extension to the

Cook-Torrance model that considers such wavelength shifts.

Finally, we deal with the colour consistency of virtual reality head mounted dis-

plays (VR HMDs). The colour consistency needs to be improved to increase the

acceptance of HMDs as VR-System for VP. In this thesis, we present an approach

to characterize and calibrate displays of consumer VR HMDs. Combined with

our calibration approach, the Vive Pro reproduces colours without perceivable

differences.
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1. Introduction

In the past, the development process of new products was straightforward and

well-defined. It mainly focused on two factors, product function and costs. Com-

panies had to offer a high-quality and -functional product for a fair price to be

competitive. This development process led to products with a long life cycle and

a small diversity.

In the last few decades, both factors have drastically changed. The product

life shortened considerably while product diversity increased immensely. There

are two main reasons for this development. First, apart from function and costs,

customisation is an additional important factor during product development.

And second, an increasing number of products depend on electronic components,

which have to be updated in short cycles due to the rapid development of com-

puter techniques. In the last few years, additional factors further complicated the

development process. Due to climate change, customers are becoming more en-

vironmentally aware and demanding sustainable and environmentally friendly

products. At the same time, the environmental standards are becoming stricter

and the resources scarcer. These factors contradict the currently short product

life cycle.

Satisfying these contradicting customers’ needs is a big challenge. To meet

this challenge, companies must shorten the product development process fur-

ther, save resources and follow strict environmental standards while increasing

product complexity and diversity. It is inevitable to redesign the development

process so that a highly optimized product is available in a shorter time and at

an earlier development stage than before while focusing more consistently than

ever on customer needs.

Virtual engineering (VE) plays a key role in such a novel development pro-

cess. VE describes single applications of virtual technologies in product devel-

opment, contrary to virtual product development (VPD), a novel development

process consistently based on virtual technologies. A widespread application of

VE is virtual prototyping (VP). VP is used to optimize the product design, func-

tion and properties with physical simulations and system investigations based

on computational-intensive data models [5]. In many companies, VP is already
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integral to product development. It is particularly relevant in industrial areas

with complex products, e.g. automotive, aerospace and architecture, but also

in industrial branches providing products with strong dynamics of change, e.g.

fashion.

Although VP is already being used successfully, it still has one major draw-

back that limits its benefits. Usually, virtual prototypes are not utilized as bind-

ing releases of development stages since they serve a purely informative purpose.

Thus, virtual development stages still require physical prototypes as approval.

As a result, most companies continue a sequential development process with sev-

eral time-consuming and costly development cycles, where at the end of each

cycle is a physical prototype. This old fashion development process prevents

holistic and parallel product development, where engineers and designers of all

partners worldwide simultaneously develop a product.

A novel development process based on virtual releases would considerably

reduce the development time and costs, resource usage and environmen-

tal impact due to fewer required development cycles, physical prototypes

and business meetings. Consequently, mastering the virtual process chains ad-

dresses all previously mentioned challenges in the product development process.

The question immediately arises: Why are virtual prototypes not used as releases
of virtual development stages? The answer is simple: The fidelity of virtual prototypes
is insufficient to replace physical prototypes.

1.1 Problem

As already mentioned, VP is used, among others, to optimize product design. In

this application, the virtual prototype has to evoke the same visual sensation as

the physical prototype. The appearance of a virtual prototype depends roughly

on its geometric representation, the light simulation and the visualization on a

display device.

Light simulation greatly impacts the appearance of a virtual prototype be-

cause it defines the overall colour of the virtual object. It is particularly challeng-

ing due to the complexity of the light-matter interaction and the energy trans-

port of electromagnetic radiation. Both are well described in physics, but only

for specific cases under defined boundary conditions. The scenes used in VP

are much too complex to simulate light in a holistic physical way. Therefore,

in computer graphics, the light simulation is heavily approximated and limited

to mostly obeying a few fundamental laws of physics. These approximations

simplify the light simulation by taking advantage of the limitations of human
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vision so that it is computed within an appropriate time or even in real-time,

ideally without introducing perceptible errors. However, in practice, the latter

is often not respected, which can be traced back to two main problems. First,

some physical phenomena are known but too complex to simulate in a reasonable

time. Second, some perceptible phenomena are not well understood or even un-

known. A good example applying to both problems is the in computer graphics

widespread assumption that wave-optics phenomena are negligible. On the one

hand, the assumption heavily simplifies the light simulation enabling real-time

rendering. On the other hand, wave-optics phenomena, particularly on rough

surfaces, are not well investigated; hence their influence on the material appear-

ance is unknown. The deviations of rendered images from reality are an huge

issue for color-critical applications such as VP, because they can lead to wrong

design decisions. The limited and often unknown fidelity of virtual prototypes

considerable limits their benefits.

A common way to determine and improve the fidelity of the light simula-

tion is the comparison with measured data representing reality. Based on the

comparison result, the light simulation’s bottlenecks can be identified, further

investigated by experiments and improved with new algorithms.

Another critical bottleneck of VP is the visualization of the virtual content

on a display device. Although human vision has limitations that are used to

simplify the light simulation, it is still a powerful sensory organ. Human eyes

provide stereoscopic vision, high spatial- and temporal resolution, a large FOV

and the ability to adapt to brightness and distance. In VP, different visualization

systems are used, but none addresses all capacities of human eyes.

A popular visualization system for VP are virtual reality head mounted dis-

plays (VR HMDs). These devices track the user’s head movements, provide stere-

oscopy and enable the user to interact with virtual objects. VR-HMDs have be-

come more attractive to the industry with the advent of consumer devices, such

as the Oculus Rift or the HTC Vive. These devices provide a reasonable display

resolution, a large field of view, and accurate head tracking for a low price. It is to

be expected that the high interest of big tech companies and science will consid-

erably speed up the hardware and software development of HMDs, so their ben-

efits progressively outweigh their limitations. There has already been extensive

research on tracking, display resolution, and immersion for VR HMDs. However,

little research has been done on display characterization and calibration from a

colour perspective.
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1.2 Contributions

This thesis has five major contributions, as listed below. The first four contribu-

tions are related to the light simulation and the last to the colour consistency of

VR-HMDs.

Validation framework based on ground truth data (GTD)
We provide a validation framework based on acquired Ground Truth Data

that enables the spectral validation of the light simulation by comparing it

with reality. The GTD accurately describes a novel reference scene, including

isotropic in-plane BRDFs of 24 colour patches and reference measurements of

all patches under 13 angles captured inside the reference scene. Our reference

data covers rough materials with different spectral distributions and under

several illumination conditions, varying from direct to indirect light dominated

conditions. The GTD has been published and is freely accessible under the

following link:

https://cg.web.th-koeln.de/brdf-gtd/.

Validation of Mitsuba with GTD
We implement the validation framework with the scientific renderer Mitsuba.

The spectral comparison of the simulation and reference data confirms the high

fidelity of the GTD and the reflection model as the dominant source of error.

Moreover, we detected wavelength shifts in the reflections behaviour of the

colour patches, a phenomenon that is new to the computer graphics community.

Experimental investigation of diffraction on rough surfaces
We look more specifically at these wavelength shifts that lead to reddish and

blueish appearances. These wavelength shifts have been scarcely reported in the

literature, and in this thesis, we provide the first thorough analysis from precise

measured data. A multi-modal dataset of eight aluminium samples with varying

roughness has been published and is freely accessible under the following link:

http://cg.web.th-koeln.de/mmd/.

Diffraction extension to microfacet model
We propose an empirical model that can closely fit such phenomena, where

the slope of the linear wavelength shift depends on the incident and reflection

angles. Based on this model, we introduce an extension to the Cook-Torrance

model that considers such wavelength shifts without affecting the computation

time.
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Characterisation and calibration of consumer VR HMDs
We present an approach to characterize and calibrate displays of consumer

VR HMDs. The approach is based on a simple display model, commonly used for

calibrating conventional displays, but has not yet been applied for VR HMDs. We

implement this approach with the HTC Vive Pro and the Pimax 5k+. Combined

with our calibration approach, the Vive Pro provides consistent colour reproduc-

tion without perceivable differences.

1.3 Organization of the thesis

The thesis is divided into a total of six chapters. It is organized as follows:

In Chapter 2 we introduce basic radiometric and colourimetric quantities, the

reflection function, more specifically, the bidirectional reflectance distribution

function (BRDF), and all used measurement devices. The following three chap-

ters are closely related to the papers [6], [7] and [8], which were submitted during

the doctoral project. These papers are related but still tackle different problems;

hence we give in each chapter a short introduction, related work and a conclu-

sion. In Chapter 3 we present the novel validation framework for light simula-

tion. The framework is based on Ground Truth Data, acquired in a novel refer-

ence scene called Normbox. The Normbox and the acquired GTD are explained

in detail. Further, we implement the validation framework with the scientific

renderer Mitsuba to determine the GTD fidelity by physically and perceptually

comparing the predicted with the reference data. In Chapter 4 we experimentally

investigate diffraction phenomena on rough surfaces by acquiring a multi-modal

dataset of aluminium samples with varying roughness. The data are thoroughly

analyzed and the observed diffraction phenomena are described in a heuristic

model. This model proposes an extension to the popular Cook-Torrance GGX

BRDF model. The model is verified by fitting it against the in-plane BRDF of the

aluminium samples and colour patches. In Chapter 5, we present an approach

to characterize and calibrate displays of consumer VR HMDs. We introduce a

display model and two frameworks to virtually and experimentally verify the

display model. We implement both with the consumer VR HMDs: HTC Vive Pro

and Pimax 5k+. Finally, in Chapter 6, we summarise the results of all chapters

and present research topics that emerge from this thesis.
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2. Background

This thesis deals with the validation of light simulation, the investigation of light

interaction with rough surfaces, and the calibration of VR HMDs. Since all three

topics involve physical experiments primarily concerning with optics and colour

science, we introduce in this chapter fundamental radiometric and colourimetric

quantities, the Fresnel equations, and the reflection function, more precisely, the

bidirectional reflectance distribution function (BRDF). Furthermore, we present

the measurement instruments used and their measurement errors.

2.1 Optics

Optics is the branch of physics studying light propagation and the light inter-

action with matter, as well as the construction of instruments that use or detect

it [9]. Light comprises electromagnetic radiation in the perceptible wavelength

range of the human eyes, which ranges from 380 to 780 nm. Optic’s laws are also

valid for a broader electromagnetic spectrum, including ultraviolet and infrared

light.

There are two classical approaches used in optics: geometric optics and wave-

optics. Geometric optics assumes that the energy is transported along light rays,

thus neglecting the wave characteristics of light. This approximation is valid

as long as the component apertures and the surface roughness are larger than

the light’s wavelengths. Within these limits, the optical laws may be formulated

with the language of geometry [10, p.116]. Otherwise, physical phenomena such

as interference and diffraction occur, which can be explained only by the wave

nature of light, thus by wave-optics.

2.1.1 Radiometry

Radiometry, in turn, is the branch of optics dealing with light measurement. The

radiometric quantities, radiance and irradiance are fundamental in computer

graphics and colourimetry. In the following, we briefly review the derivations

of both quantities.
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Solid angle

The solid angle in space is equivalent to the angle in planimetry. It is essential

in radiometry due to the spherical propagation of radiation in space. The solid

angle describes the ratio of a sphere’s segment area A, usually the intersection of

a cone with the sphere, to the square of the sphere’s radius r. The quantity has

the dimensionless unit steradian [sr].

Ω =
A

r2 (2.1)

Radiant energy

Radiometry primarily deals with measuring the energy of electromagnetic radi-

ation (radiant energy) and derived quantities. The SI unit of radiant energy is

joule [J] and the symbol Q represents it.

Radiant flux

The radiant flux is the radiant energy per unit time emitted, reflected, transmit-

ted, or received by an object. Radiant flux is specified in watts [W = J · s−1].

Φ =
dQ
dt
. (2.2)

Irradiance

The quantity of irradiance is defined as the radiant flux per unit area. It usually

measures the received radiant energy coming from the upward hemisphere. The

definition is as follows:

E =
dΦ
dA

. (2.3)

Irradiance has the units [W ·m−2].

Radiance

Radiometers are widespread measurement instruments in radiometry and usu-

ally consist of a focusing optic and a detector. It integrates the radiant energy

of a defined area within a solid angle and over a specific time, thus measuring

radiance. Radiance is defined as:

L(ω) =
d2Φ(ω)

dΩ(ω)dA⊥ω
, (2.4)
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where dA⊥ω is the differential measurement area dA projected towards ω and

dΩ(ω) is the differential solid angle around ω. The radiant flux Φ(ω) counts

the number of photons per unit time passing through the projected area within

the solid angle. Radiance has the units [W ·m−2 · sr−1].

Spectral radiance

Continuing with the previous example, radiometers extended by a diffraction

grating measure the radiance for narrowed wavelength intervals. These devices

are called spectroradiometers and measure the spectral radiance, which is de-

fined as:

L(ω,λ) =
d2Φ(ω)

dΩ(ω)dA⊥ω dλ
. (2.5)

The quantity of spectral radiance has the units [W ·m−2 · sr−1 ·nm−1].

2.1.2 Colourimetry

Strictly speaking, colourimetry is part of colour science and not optics. Never-

theless, we will review it at this point due to its close relation to optics.

Colourimetry describes the colour of a visual stimulus numerically. The basis

of colourimetry is the trichromatic generalization that sums up the experimental

laws of colour matching. A key statement of the trichromatic generalization is

that “under a wide range of conditions of observations, many colour stimuli can

be matched in colour completely by additive mixture of three fixed primary stim-

uli whose power have been suitable adjusted.”[11, p. 117] This statement implies

that a three-dimensional vector (tristimulus values) together with three carefully

chosen basic functions (colour-matching functions) describe colour stimuli. The

required colour-matching functions are determined experimentally.

CIE tristimulus values

The International Commission on Illumination (CIE) introduced in 1931 and

1964 colour-matching functions for a 2◦ and 10◦ standard colourimetric observer.

The 2◦ and 10◦ standard observers are recommended for viewing of matching

fields of angular subtense from 1◦ to 4◦ and greater than 4◦, respectively. These

two sets of colour-matching functions are the basis of the applied colourimetry.

The tristimulus values XYZ of an emissive source with the spectral power
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distribution P (λ) are calculated as:

X =
∫
λ
x̄(λ)P (λ)dλ,

Y =
∫
λ
ȳ(λ)P (λ)dλ,

Z =
∫
λ
z̄(λ)P (λ)dλ,

(2.6)

where x̄, ȳ, z̄ are the colour matching functions of the respective standard ob-

server. The integration is taken over the light spectrum of 390 to 830 nm for the

2◦ and 360 to 830 nm for the 10◦ standard observer.

In practice, the colour-matching functions and the spectral power distribution

are represented in discrete values. Thus, the integrals are replaced by summa-

tions.

X =
∑
i

x̄i(λ)Pi(λ)∆λ,

Y =
∑
i

ȳi(λ)Pi(λ)∆λ,

Z =
∑
i

z̄i(λ)Pi(λ)∆λ.

(2.7)

In the case of reflective or transmissive samples, the spectral power distribu-

tion, P (λ), is replaced by the sample reflectance or transparency, S(λ), multiplied

by the spectral power distribution of the source, I(λ), illuminating the object.

X = k
∫
λ
x̄(λ)S(λ) I(λ)dλ,

Y = k
∫
λ
ȳ(λ)S(λ) I(λ)dλ,

Z = k
∫
λ
z̄(λ)S(λ) I(λ)dλ.

(2.8)

The factor k is a normalization factor that can be chosen arbitrarily, provided

it is kept constant throughout any particular discussion. Usually, the factor is

defined as k = 1∫
λ
I(λ) ȳ(λ)dλ

, hence the Y-tristimulus value of an ideal diffuse re-

flector is equal to one. Another common definition is km = 683 lm/W , where the

Y-tristimulus value becomes the luminance (photometric equivalent to radiance)

in the CIE 1931 System, provided I(λ) is measured in terms of spectral radiance.

In practice, the integrals in Equation 2.8 are again replaced by summations as

specified in the following:
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X = k
∑
λ

x̄i(λ)S(λ) I(λ)∆λ,

Y = k
∑
λ

ȳi(λ)S(λ) I(λ)∆λ,

Z = k
∑
λ

z̄i(λ)S(λ) I(λ)∆λ.

(2.9)

CIE xyY-colourspace

In colourimetry, it is more intuitively to describe a colour stimulus by its bright-

ness and chromaticity instead of the tristimulus values. The chromaticity de-

scribes the colour’s hue and is defined by the chromaticity coordinates, which are

functions of the XYZ-tristimulus values:

x =
X

X +Y +Z
,

y =
Y

X +Y +Z
.

(2.10)

The colour’s brightness is described by the luminance, usually given by the Y-

tristimulus value (see previous section).

RGB-colourspace

Conventional displays reproduce a given colour stimulus by overlaying three pri-

mary colours red, green and blue. Due to physical limitations, display devices

always cover only a subspace of the XYZ-colourspace. This device-dependent

subspace is called RGB-colourspace. The transformation from the RGB- to XYZ-

colourspace is described by the 3 × 3 matrix M. The matrix is calculated with

the chromaticity coordinates of the display primaries xi and yi with i ∈ r,g,b and

the tristimulus values of the display whitepoint XW YW ZW , usually a standard

illuminant. 
r

g

b

 =M−1


X

Y

Z

 (2.11)

M =


SrXr SgXg SbXb
Sr Yr Sg Yg SbYb
Sr Zr Zg Zg ZbZb

 (2.12)
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Xi =
xi
yi

Yi = 1

Zi =
1− xi − yi

yi

i ∈ r,g,b

(2.13)


Sr
Sg
Sb

 =


Xr Xg Xb
Yr Yg Yb
Zr Zg Zb


−1 

XW
YW
ZW

 (2.14)

The transfer function, also known as the tone response curve (TRC) or gamma,

describes the non-linear reproduction of the display. The TRC is usually defined

by a power function as follows:

v ∈ {r,g,b},

V ∈ {R,G,B},
(2.15)

V = v
1
γ . (2.16)

Usually, displays are not calibrated because costly hard- and software, as well

as experts, are required. Nevertheless, to enable sound colour reproduction, dis-

plays are designed to obey standard RGB-colourspaces, such as the widespread

colourspaces sRGB and AdobeRGB. The following table provides the properties

of both colourspaces.

colourspace Chromaticity Red Green Blue Whitepoint

sRGB

x 0.6400 0.3000 0.1500 0.3127

y 0.3300 0.6000 0.0600 0.3290

Y 0.2126 0.7152 0.0722 1.0000

AdobeRGB

x 0.6400 0.3000 0.1500 0.3127

y 0.3300 0.6000 0.0600 0.3290

Y 0.2126 0.7152 0.0722 1.0000

The TRC of the AdobeRGB colourspace is computed as defined in Equa-

tion 2.16 with γ = 2.2. The sRGB colourspace uses a slightly different gamma
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correction.

V =

12.92v if v ≤ 0.0031308

1.055v
1

2.4 otherwise

L∗a∗b∗-colourspace

A common problem in colourimetry is the numerical expression of the per-

ceived colour difference between two given object-colour stimuli that mismatch

in colour. Therefore, colour-difference formulas are of great importance. Refer-

ring to Wyszecki and Stilles [11, p. 165], none of the formulas proposed in the

last few decades sufficiently solve this problem. However, the CIE recommends

the perceptually almost uniform colourspaces L∗u∗ v∗ and L∗ a∗ b∗. The L∗ a∗ b∗-

space with the associated colour-difference formula Delta E has been established

in industry and science. The quantities L∗, a∗,b∗ are defined by:

L∗ = 116(
Y
Yn

)1/3 − 16,

a∗ = 500[(
X
Xn

)1/3 − (
Y
Yn

)1/3],

b∗ = 200[(
Y
Yn

)1/3 − (
Z
Zn

)1/3],

(2.17)

where L∗ describes the perceptual lightness, a∗ the chromaticity on the green and

red axis, and b∗ the chromaticity on the blue and yellow axis. (Xn,Yn,Zn) are

the tristimulus values of a diffuse white object illuminated by a reference light

source. The L∗, a∗,b∗ definition in Equation 2.17 is constrained to X/Xn, Y /Yn,

Z/Zn > 0.01.

Colour-difference formulas

The perceived colour difference ∆E∗ab between two colour stimuli is defined as

the euclidean distance of these colours in the L∗ a∗ b∗-space. The definition is as

follows:

∆E∗ab = [(∆L∗)2 + (∆a∗)2 + (∆b∗)2]1/2. (2.18)

The ∆E∗ab formula assumes that the L∗ a∗ b∗-space is perceptually uniform,

which is not the case. This non-uniformity leads to different interpretations of

∆E∗ab values depending on location in the L∗ a∗ b∗-space. Despite this issue, the

∆E∗ab formula is still commonly used, probably due to its simplicity. Note that

the just noticeable difference (JND) in a side-by-side comparison is 2.3 and not 1,

as intended.

The CIE published a revised colour difference formula in 2000 called ∆E∗00.
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This formula is also based on the L∗ a∗ b∗-space, but fixed some uniformity is-

sues by implementing five corrections: adding a hue rotation term to deal with

the problematic blue region and three terms to compensate for neutral colours,

lightness, chroma, and hue. In this thesis, the weighting factors KL, KC, and KH

are set to the default value. Since the derivation of the ∆E∗00 formula is long, we

refer the reader to the CIE Tech Report [12] for the definition.

The ∆E∗00 values are classified by the rating scale given in the book Color

Imaging [13, p.461]. The rating scale is actually defined for the ∆E∗94-metric but

can also be used for the ∆E∗00 due to their similarity. In the book, a Delta ∆E∗ of

one defines the JND in a side-by-side comparison, a value of 2 leads to discernible

colour differences for patches next-to-each-other and values greater than five are

easily perceived in a side-by-side comparison.

2.1.3 Fresnel equations

The Fresnel equations are fundamental for modelling the light-matter interaction

in computer graphics. The Fresnel equations describe how a plane wave hitting

an interface of two homogeneous media with different optical properties splits

into a reflected wave that propagates back into the first medium and a refracted

wave that proceeds into the second medium. The fraction of the incident plane

wave reflected at the interface defines the quantity of reflectance. The reflectance

depends on the incident wave’s polarization and is defined for parallel and per-

pendicular polarized light as follows:

R‖ =
∣∣∣∣η2 cosθi − η1 cosθt
η2 cosθi + η1 cosθt

∣∣∣∣2,
R⊥ =

∣∣∣∣η1 cosθi − η2 cosθt
η1 cosθi + η2 cosθt

∣∣∣∣2, (2.19)

where η1 and η2 are the refractive indices of the first and second medium. θi and

θt are the incident and transmission angles. Usually, in computer graphics, light

rays are located in the air before hitting an object. Substituting the refractive

index of air (≈ 1.0) for η1 and Snell’s law for the transmission angle θt results in:

R‖ =
∣∣∣∣∣−η2

2 cosθi +
√
η2

2 − sin2θi

η2
2 cosθi +

√
η2

2 − sin2θi

∣∣∣∣∣2,
R⊥ =

∣∣∣∣∣cosθi −
√
η2

2 − sin2θi

cosθi +
√
η2

2 − sin2θi

∣∣∣∣∣2.
(2.20)

A further common assumption in computer graphics is that light is unpolar-

ized, i.e. equally polarized in parallel and perpendicular directions. Hence, the
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reflectance is calculated by averaging the parallel and perpendicular reflectance:

R = 0.5(R‖ +R⊥). (2.21)

2.1.4 Reflection functions

The material reflection behaviour is crucial to predict the light propagation

within a scene. A complex function of 16 variables is required to account for all

physical phenomena. This function is called general reflection function (GRF).

The GRF(λi ,xi , yi , zi , ti ,θi ,φi ,λo,xo, yo, zo, to,θo,φo,θt,φt) describes the illumina-

tion at the location xi , yi , zi by the wavelength λi originating from the spherical in-

cident angles ωi(θi ,φi) in time ti and the observation of the wavelength λo under

the spherical reflection angles ωo(θo,φo) at the surface location xo, yo, zo in time

to. The corresponding spherical transmission angles are defined by ωt(θt,φt). It

is currently infeasible to measure or build a mathematical model of such a com-

plex function. Hence simplifying assumptions are inevitable to use reflection

functions in practical applications.

Taxonomy

Referring to the taxonomy in Figure 2.1, all mentioned reflection models, ex-

cluding dynamic textures, are derived from the bidirectional surface ccattering

reflectance distribution function (BSSRDF).

The BSSRDF was proposed by Nicodemus et al. [14] in 1977. It is a nine-

dimensional model describing the scattering behaviour of materials with subsur-

face scattering characteristics. This model takes into account not only the spher-

ical incident (θi ,φi) and reflection angles (θo,φo), but also the illumination xi , yi
and reflection surface location xr , yr . The BSSRDF is an accurate but still complex

scattering model making measurements very challenging. Until now, no satisfac-

tory BSSRDF data has been acquired [1]. Therefore, further simplified models

are used in computer graphics, which can be divided into textured and homoge-

neous materials. Textured materials have surface variations on the macroscopic

scale that can be seen with the naked eye. Spatially varying models are neces-

sary to properly describe textured materials’ reflection since the reflection may

change from point to point. Homogeneous materials have surface variations on

the microscopic scale, which is why they are perceived as homogeneous. These

materials need only a point-wise description, i.e. the same function is evaluated

at different surface points.
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Figure 2.1: A taxonomy of selected reflectance models (According to [1])

BRDF

The bidirectional scattering distribution function (BSDF) approximates the light-

interaction with homogeneous materials (see Figure 2.1). The BSDF comprises

the reflection of light on the surface and the transmission of light through the ma-

terial. The two scattering effects are considered individually in the bidirectional

reflectance distribution function (BRDF) and the bidirectional transmittance dis-

tribution function (BTDF). However, the BRDF gets more attention in computer

graphics, probably because most real-world materials are opaque.

The BRDF describes how an incident light beam from a particular direction is

scattered at a surface within the upper hemisphere. It is a five-dimensional func-

tion that returns the amount of light of a certain wavelength coming from and

going in a certain direction. Figure 2.2 shows a schematic diagram of a surface

area dA illuminated from the direction ωi(θi ,φi) by a radiation cone within the

solid angle dΩi and its reflection in the directionωo(θo,φo) within the solid angle

dΩo. The BRDF is defined as the ratio of the reflected radiance to the incident
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Figure 2.2: The BRDF is defined as the reflected spectral radiance dLo within the
cone dΩo towards ωo divided by the incident spectral irradiance Ei within the
cone dΩi coming from ωi . (According to [2])

irradiance, as shown in the following equation:

fr(λ,ωi ,ωo) =
dLo(λ,ωo)
dEi(λ,ωi)

, (2.22)

where dLo(λ,ωo) is the reflected radiance in the direction ωo caused by the irra-

diance dEi(λ,ωi) from the direction ωi .

This thesis primarily deals with the so-called in-plane BRDF. The in-plane

BRDF describes a three-dimensional subspace of the five-dimensional BRDF

space, where only incident and reflection directions located in the same plane

are evaluated. Hence, the spherical incident and reflection directions reduce to

the polar angles θi and θo ranging from −90◦ to 90◦, where 0◦ is normal to the

surface.

BRDF representations

There are different ways to describe the BRDF of a material. In Figure 2.3 the

different BRDF representations are classified in a continuum diagram. The left

end represents BRDFs that are physically correct but not intuitive and hard to

manipulate. On the contrary, the right end represents BRDFs that are not physi-

cally correct but intuitive and easy to manipulate. From left to right, the BRDFs

are grouped into measured, data-driven, physically based, and empirical BRDF

models. The measured BRDF consists of several optical measurements, the data-

driven models include a numerical process, and the empirical and physically

based models are analytic formulations.
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This thesis deals with measured BRDFs and physically based BRDF models.

Measured BRDFs are essential for validating and developing new BRDF models;

physically-based BRDFs, on the other hand, provide a good trade-off between

physically correct and intuitive. In the following, both BRDF representations are

explained in more detail.

Physically 
incorrect

-> 

->

->

Intuitively

Easy to 
manipulate

Hard to 
manipulate

-> 

->

->

Not intuitively

Physically
correct

Data driven 
BRDF models

Measured BRDF
Empirical 

BRDF models
Physically based 

BRDF models

Analytical formulationNumerical process
Optical 

measurements 

Figure 2.3: Classification of BRDF representations in a continuum diagram.

BRDF measurement: The BRDF measurement is complex since it is a five-

dimensional function. It requires a device consisting of a light source illu-

minating the material sample, a detector measuring the reflected light, and a

sample holder. Usually, two different setups are used: an image-based or a

gonioreflectometer-based setup.

The image-based setup performs measurements by taking an image of a

curved or spherical sample. Due to the sample geometry, one image covers many

combinations of incident and reflection directions. Consequently, the image-

based setup drastically shortens acquisition time but only provides RGB values

on the flip side. The approach was first introduced by Lu et al. [15] but limited

to in-plane BRDFs. Marschner et al. [16] improved the idea by measuring the

isotropic BRDF. In 2003, Matusik et al. [17] used a similar approach to acquire

dense BRFDs of more than 130 materials (MERL database). The MERL database

has been widely used to develop and validate reflection models. However, the

limitation on RGB values and measurement errors caused by lens aberrations [18]

make it difficult to develop more sophisticated BRDF models, including complex

physical phenomena such as diffraction.

The gonioreflectometer approach, as described in [2, 19–24], has more me-

chanical degrees of freedom compared to the image-based approach. Usually, one

of the three components, detector, light source, or sample, is fixed, and the other

components are flexible to measure the BRDF in-plane or in the hemisphere. In-

stead of cameras, spectrometers are often used, which sample the reflection spec-

trum densely. Along with high angular accuracy, these are the main advantages of

the gonioreflectometer-based setup. However, sampling densely the hemisphere

is time-consuming because each combination of incident and reflection direction

must be addressed individually. Smart sampling strategies considerably speed up
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the BRDF acquisition. Recently, Dupuy et al. [24] presented a dynamic sampling

strategy, where the reflection behaviour is first estimated by back-scattering mea-

surements and then sampled corresponding to the estimated information density.

This sampling strategy heavily reduces the measurement time but is still signifi-

cantly slower than the image-based setup.

Physically based BDRF models: As aforementioned, measuring the BRDF is

time and cost-intensive and special equipment is required. Furthermore, mea-

sured BRDFs don’t support importance sampling, which complicates their appli-

cation in rendering. Therefore, analytic BRDFs, mainly physically based BRDFs,

are widely used in computer graphics.

As follows from its name, physically based BRDFs are based on physical

parameters and model the material reflectance in a physically plausible man-

ner. Usually, they obey positivity, Helmholtz reciprocity, and energy conserva-

tion [25]:

1. Positivity: fr(λ,ωi ,ωo) ≥ 0,

2. Helmholtz reciprocity: fr(λ,ωi ,ωo) = fr(λ,ωo,ωi),

3. Energy conservation:
∫
Ω

fr(λ,ωi ,ωo)cosθidωi ≤ 1.

Positivity ensures that the material cannot absorb more energy than it re-

ceives, Helmholz reciprocity means that the incident and reflected direction can

be reverted without affecting the BRDF, and energy conservation guarantees that

the material does not emit energy.

Physically based BRDF models can be divided into models based on

geometric- and wave-optics. As explained in Section 2.1, geometric optics

considers the energy propagation along light rays. The underlying assumptions

heavily simplify the computations, consequently allowing for the usage in real-

time applications. Due to their simplicity, geometric optics models are much

more popular than wave-optics models. However, to simulate physical phenom-

ena such as diffraction or interference, wave-optics have to be taken into account.

a) Geometric optics models: Most physically based BRDF models use the mi-

crofacet theory to describe the light reflection on rough surfaces. The micro-

facet theory approximates the surface’s geometry by a collection of tiny reflec-

tors (microfacets) that are randomly distributed and usually assumed as mirrors.

It was first proposed by Bouguer [26] and further developed by Beckmann and

Spizzichino [27], as well as by Torrance and Sparrow [28]. In 1982, Cook and Tor-
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rance [29] introduced a BRDF model based on microfacet theory to the computer

graphics community, which is still one of the most popular BRDF models.

The Cook-Torrance model describes the reflection of light from a rough ma-

terial as a combination of a diffuse and a specular component. The diffuse com-

ponent represents both light that is refracted and randomly re-emitted and light

that is reflected multiple times on the surfaces. This component is assumed as

Lambertian; hence, it is independent of the incident direction. The specular

component represents the first reflection on the surface and is approximated by

a microfacet model.

The Cook-Torrance model is defined as:

fr(λ,ωo,ωi) =
kd,λ
π

+ ks,λ
D(ωh)F(ωi ,ωh)G(ωo,ωi ,ωh)

4cos(θo)cos(θi)
. (2.23)

The diffuse component is described by a wavelength-dependent diffuse albedo

kd,λ normalized by Pi. The specular component consists of a wavelength depen-

dent specular albedo ks,λ, the normal distribution function D(ωh), the Fresnel

function F(ωi ,ωh) and the shadowing-masking function G(ωo,ωi ,ωh), as well as

a normalization factor.

The normal distribution function returns the differential area of microfacets,

whose normals are aligned with the half-direction ωh. Only these microfacets

contribute to the scattering due to the mirror assumption. The shadowing-

masking function returns the fraction of microfacets that are not masked or shad-

owed. And the Fresnel function defines the reflectance of each microfacet, which

is precisely described by the Fresnel equations (Eq. 2.19). We refer the reader

to the paper of Cook and Torrance [29] for the particular implementation of the

model functions.

In the last decades, several implementations of the normal distribution

function, shadowing-masking function, and Fresnel function were introduced

[18, 29–37]. In this thesis, we use the GGX distribution function [34] with the

associated Smith shadowing-masking function [38]. Smith approximates the G

function as the separable product of two monodirectional masking functions G1:

G(ωo,ωi ,ωh) ≈ G1(ωo,ωh)G1(ωi ,ωh). (2.24)

The GGX distribution function and Smith’s masking function are defined as:

DGGX(ωh) =
α2
g

πcos4θh(α
2
g + tan2θh)2

, (2.25)
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G1(ωo,ωh) =
2

1 +
√

1 +α2
g tan2θo

, (2.26)

where αg is the surface roughness.

We use different Fresnel implementations for dielectrics and conductors. The

exact Fresnel equations (Eq. 2.19) with the refractive index of aluminium are

used for the conductive aluminium samples. For the dielectric ColorChecker

patches, the Fresnel approximation by Cook and Torrance is used to simplify the

fitting against measured in-plane BRDFs. Under the assumption of unpolarized

light, Cook and Torrance approximate the Fresnel equation as follows:

FCook−T orrance(ωi ,ωh) =
1
2

(g − c)2

(g + c)2

1 +
[c(g + 1)− 1]2

[c(g − c) + 1]2

 (2.27)

with g =
√
η − 1 + c2 and c = cos(β), where β is the angle between ωh and ωi .

b) Wave-optics models: Two historical approaches analytically describe light-

matter interaction: the Rayleigh–Rice (RR) vector perturbation theory [39, 40]

and the Beckmann–Kirchhoff (BK) scattering theory [41]. Both are complemen-

tary in their range of validity. On the one hand, the Rayleigh-Rice theory is valid

for smooth surfaces for arbitrary incident and reflection angles. On the other

hand, the Beckmann-Kirchoff theory is valid for rougher surfaces but only for

small incident and reflection angles. The Generalized Harvey Shack (GHS) the-

ory [42] combines the advantages of the previous approaches without their limi-

tations.

A few BRDF models were developed based on these theories. He et al. [43]

extended the Cook-Torrance model using the BK scattering theory. Their model

matches well the measured data of a few materials. Nevertheless, Ngan et al. [44]

showed that when fitting against the MERL database, He’s model leads to similar

results as the Cook-Torrance model.

Löw et al. [36] introduced a BRDF model based on the RR theory. Even though

it is limited to smooth surfaces, it represents such cases from the MERL database

very well. A different approach is presented by Dong et al. [45]. For the first time,

the anisotropic appearance of metal samples was determined only by their mi-

crogeometries. They demonstrate that both geometric-based and Kirchoff-based

approaches can model the appearance properly. However, a systematical valida-

tion of the proposed model with measured data is missing.

Holzschuch and Pacanowski [46] derive the surface reflectance by a superpo-

sition of the reflectance on the macro- and microgeometry. The first is charac-

terized by the standard Cook Torrance model and the second by the modified
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Harvey Shack theory. The model can reproduce some wavelength-dependent

phenomena observed in the MERL database but still carries the limitations of

the modified Harvey Shack approach.

Yan et al. [3] derived a generalized BRDF representation where the three scalar

diffraction theories, Harvey-Shack, Generalized Harvey Shack, and Kirchhoff,

can be alternatively used. Their model allows the simulation of full diffraction

effects of arbitrary micron-scale heightfield geometries.

2.2 Gonioreflectometer

Ideally, a gonioreflectometer captures the reflection behaviour densely in spatial,

spectral, and angle domains. In practice, each device addresses only one or two

of these domains. Our custom-built gonioreflectometer focus on the spectral do-

main, thus capturing highly resolved reflectance spectra at a single spot. Due to

the spot measurement, our genonioreflectometer is restricted to isotropic, homo-

geneous, and planar samples.

2.2.1 Setup

Our gonioreflectometer, as illustrated in Figure 2.4a, consists of three compo-

nents: a collimating light system, a focusing detector combined with a high-

precision spectrometer, and a two-axis gonio-stage. In the following, the indi-

vidual components are explained in more detail and two setup configurations

are presented.

Light system

The light system consists of the Schott KL2500LCD1 light source connected with

a projector optic. The light source uses a halogen radiator with a continuous spec-

trum in the visible wavelength range, which must be warmed up for at least 30

minutes before measurements to avoid intensities fluctuations. The projector is

mounted on the optical table and provides a collimated and uniform illumination

spot in the centre of the sample.

Detector

The detector consists of a detector head and a spectrometer. The detector head is

a lens tube including an achromatic lens, which focuses the reflected light from

the sample onto a fibre cable connected with the high-sensitivity spectrometer

1http://www.schott.com/lightingimaging/english/microscopy/products/kl/2500lcd.html?highlighted -
text=kl+2500+lcd
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(a) Gonioreflectometer setup.
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Figure 2.4: Our custom-built gonioreflectometer (a) consists of a light system
(b) producing a uniform and collimated illumination, a detector (c) combining a
focusing detector head with a high-precision spectrometer, and a two-axis gonio-
stage rotating the sample and detector head.
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QE Pro by Ocean Optics2. The spectrometer provides a high dynamic range of

∼ 85000:1 and measures in a wavelength range of 250 to 1050 nm in 0.8 nm in-

tervals. The sensor temperature is controlled by a thermoelectric cooling (TEC)

device, considerably reducing the thermal noise. Hence the spectrometer has

an excellent signal-to-noise ratio (SNR) of 1000:1. The detector’s measurement

spot has a diameter of around 2.5 mm when measuring normal to the sample. At

measurement angles deviating from the normal direction, the measurement spot

is horizontally enlarged by one over the cosine of the measurement angle. The

maximum measurement angle is 85◦; consequently, the maximum measurement

spot has a horizontal diameter of approximately 30 mm. Since, in our setup, the

detector defines the area of the BRDF quantity, the maximum measurement spot

must be within the illumination spot and sample size.

Gonio-stage

The last component of the gonioreflectometer is the gonio-stage. In our setup, the

gonio-stage consists of two rotary measuring stages by OWIS 3. The two stages

enable the independent rotation of the sample holder and detector head around

axis 1 and 2, as shown in Figure 2.4a, with repeatability of < 0.01◦.

Configurations

In this thesis, we use two gonioreflectometer configurations: the first for diffuse

dielectrics and the second for conductors with a strong specular reflection that

is not well captured by the first configuration. The first configuration is shown

in Figure 2.4 (a). As illustrated, the sample holder is tilted by 4◦ and the detec-

tor head by 8◦. In this way, the detector does not shadow the illumination spot.

Consequently, back-scattering can be acquired more precisely. In the second con-

figuration, the detector and light source are always on a plane perpendicular to

the sample. Hence, the illumination and measurement directions are in-plane.

Although only the second configuration measures the in-plane BRDFs properly,

we will refer in both cases to in-plane BRDF.

2.2.2 Calibration

The spectrometer of our gonioreflectometer natively counts electrons that are

emitted when light hits the photosensitive sensor. We use the relative calibration

method to calculate the BRDF from the electron counts. In the following, we

2http://oceanoptics.com/product/qe-pro/
3http://www.owis.eu/fileadmin/user upload/owis.eu/products/pdf/pi dmt 100.pdf
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briefly review the relative calibration method as described by Sing Foo in his

master thesis [2].

When measuring the BRDF fr (Eq. 2.22) with a gonioreflectomter, it is eval-

uated at discrete values and the solid angles of the detector and light source are

finite. To symbolize that the differential quantities are, for now, discrete, we refer

to them by the ∆ symbol.

The source irradiance ∆Ei received by the illuminated sample can be defined

as:

∆Ei(ωi) = ∆E0cos(θi), (2.28)

where ∆E0 is the source irradiance in the normal direction. The reflected radiance

∆Lo(ωi ,ωo) is proportional to the measured signal V (ωi ,ωo) and thus, equal to the

measured signal divided by a calibration factor Cλ.

∆Lo(ωi ,ωo) ∝ V (ωi ,ωo) (2.29)

∆Lo(ωi ,ωo) = V (ωi ,ωo)C
−1
λ (2.30)

In terms of Equation 2.28 and Equation 2.30, fr can be written as:

fr(ωi ,ωo) =
∆Lo(ωi ,ωo)
∆Ei(ωi)

,

=
V (ωi ,ωo)

Cλ∆E0cos(θi)
,

(2.31)

where for simplicity, the wavelength dependence of the fr is left out. To indicate

that the calibration factor Cλ is computed for all wavelengths, it is subscripted

by λ. The unknown term Cλ∆E0 is independent of the incident and reflection di-

rection. It can be determined by measuring the reflection of the diffuse standard

(Vstandard) and using the associated BRDF value (fstandard) in the following way:

Cλ∆E0 =
Vstandard(ωi ,ωo)

fstandard(ωi ,ωo)cos(θi)
. (2.32)

In this thesis, we use the reflectance standard Spectralon by Labsphere4 to-

gether with the BRDF values provided by Durell et al. [47]. Durell et al. con-

ducted a round-robin test with four laboratories, each measuring the BRDF of

two Spectralon samples. The averaged BRDF of two laboratories were denoted as

reference due to their great accordance.

Although the calibration factor Cλ is wavelength dependent, we determine it

only for the wavelength 533 nm. This is a reasonable assumption due to the small

4https://www.labsphere.com/product/spectralon-diffuse-reflectance-standards/
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reflectance variance of Spectralon in the visible spectrum between 360 - 740 nm,

which is <0.5 % according to the technical guide of Spectralon. The calibration

factor is calculated for several measurement angles and then averaged to mini-

mize the influence of measurement errors. More precisely, Cλ is calculated for

the incident angle θi = 10◦ and the reflection angles θo = −80◦,−70◦, ...,70◦,80◦.

2.2.3 Cross-validation

As stated in the previous section, a gonioreflectometer is a complex measure-

ment instrument consisting of several components. Each component is a poten-

tial source of error; thus, BRDF measurements are error-prone. To evaluate the

fidelity of our gonioreflectometer, we conducted cross-validation by comparing

our measured Spectralon BRDF with the reference data by Durell et al. [47], as

well as with data provided by Levesque et al. [48, 49] and Wenzel Jakob [50].

The results of the cross-validation were presented on the Workshop on Material

Appearance Modeling [51].

The cross-validation is divided into two parts. First, we compare the mea-

sured BRDFs at small incident angles and a single wavelength to provide infor-

mation about the fidelity of Levesque’s, Jakob’s and our gonioreflectometer. Sec-

ond, we compare the BRDF spectra at grazing incident angles to investigate an

unusual wavelength shift we observed at Spectralon under grazing angles. This

effect was first documented by Levesque et al. [48, 49], but they did not provide

a reasonable explanation. Thus, measurement errors can not be excluded as a

source.

In Figure 2.5, Levesque’s, Jakob’s, and our BRDF values at 632 nm are com-

pared to the reference data by Durell et al.. The plots (a), (b), and (c) illustrate

the measured data at the incident angles of 10◦, 30◦, and 45◦, respectively. The

figure shows that our and the reference BRDF match very well. The small average

and maximum error of 0.7 % and 2.5 % confirm the high fidelity of our goniore-

flectometer. Levesque’s and Jakob’s measurements match the reference data for

small incidence angles, while with increasing incident angles, deviations in the

forward scattering can be observed. These deviations probably originate from

different Spectralon samples used by each laboratory. We suspect Levesque et al.

used a slightly smoother Spectralon sample due to the higher specular reflection.

The reference data by Durell et al. are only available for small incident an-

gles and only for two wavelengths. Therefore, we exclude them from the spectral

comparison in Figure 2.6. The figure depicts Levesque’s, Jakob’s, and our BRDF

spectra at the incident angle of 80◦ and the reflection angles from −50◦ to −80◦.
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(a) BRDF at: incident angle 10°. (b) incident angle 30°.

(c) incident angle 45°.

Figure 2.5: Spectralon BRDF at 632 nm and the incident angles 10◦, 30◦ and 45◦

acquired by Levesque et al., Durell et al.., Jakob and us.
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(a) BRDF spectra at: reflection angle -50°. (b) reflection angle -60°.

(c) reflection angle -70°. (d) reflection angle -80°.

Figure 2.6: Spectral BRDF of Spectralon at an incident angle of 80◦ and the
reflection angles −50◦, −60◦, −70◦ and −80◦ acquired by Levesque et al., us and
Jakob.

Levesque’s and our spectra match well for small reflection angles but deviate for

large ones. The slope of Levesque’s spectra, i.e. the wavelength shift, is much

stronger. These deviations are consistent with the assumption that Levesque et

al. probably used a slightly smoother Spectralon sample. Jakob’s spectra are con-

sistently lower than ours while having a similar slope. We don’t have a meaning-

ful explanation for Jakob’s deviations. Perhaps, they are caused by the different

measurement setups.

Despite the deviations, all three sources show a tilting of the reflectance spec-

tra (wavelength shift), especially at large reflection angles. Each of the three go-

nioreflectomters has an individual setup with differing components, but all use a

detector with a focusing achromatic lens. Although we can rule out the measure-

ment errors as the source of the wavelength shift, we have not yet proven that the

optical aberration is not the actual source.
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2.2.4 Detector validation

To exclude the achromatic lens as the source of error, we conducted another Spec-

tralon measurement with a modified gonioreflectometer setup. In the modified

setup, the achromatic lens is replaced by an integrating sphere and the illumina-

tion is converged instead of collimated. In Figure 2.7 (a) and (c) both gonioreflec-

tometer setups are illustrated. Note that our gonioreflectometer is not designed

for the modified setup, which is why the modified setup has a considerable lower

angular resolution than the original setup. Furthermore, for the modified setup,

a bigger Spectralon sample is necessary. Hence, we used a larger white reflectance

standard with a slightly smoother surface than the original Spectralon sample.

Figure 2.7 depicts the BRDF spectra of the diffuse standard for the incident

angle of −80◦ and the reflection angles from 0◦ to 80◦ acquired with the original

(b) and modified setup (d). There are clear differences between the two setups.

The modified setup has much higher BRDF spectra than the original setup, espe-

cially at small reflection angles. These deviations can be traced to the different

angular resolutions of the setups. Nevertheless, the shape of the spectra remains

similar, and both setups have the same wavelength shift. This observation con-

firms that the wavelength shift is a property of the material reflectance function

and discards the lens aberration hypothesis.

2.3 Other measurement devices

In addition to the gonioreflectometer, we used other measuring instruments in

this work, which are briefly presented below.

Konica Minolta - CS-1000A

The CS-1000A by Konica Minolta is a portable high-precision spectroradiometer.

It accurately measures the spectral radiance in a wavelength range from 380 to

780 nm in 0.9 nm intervals within an acceptance angle of 1 degree. It provides a

radiometric accuracy of 2 % in a luminance range of 1 to 8000 cd/m2, and a spectral

accuracy of 0.3 nm. The CS-1000A is calibrated on the standard illuminant A and

we used it with the 50 nm standard lens.

X-Rite - EyeOne Pro 2

The EyeOne Pro 2 is a handy spectroradiometer by X-Rite, usually used to cali-

brate displays, printers, or projectors. The device supports a contact and distance

mode. The former enables the measurement of the reflected or emitted light. In
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(a) First: Detector with achro-
matic lens.

(b) BRDF spectra acquired with first detector.

(c) Second: Detector with inte-
grating sphere.

(d) BRDF spectra acquired with second detector.

Figure 2.7: In the first detector setup (a), the sample is illuminated by colli-
mated light. The scattered light is captured and coupled into a fibre cable by
an achromatic lens. The fibre cable is connected to the spectrometer QE Pro. In
the second detector setup (c), the achromatic lens is replaced by an integrating
sphere from Thorlabs and the sample is illuminated by converged light. In both
detector setups, the BRDF spectra include the linear wavelength shift at grazing
angles (b,d).
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both cases, the ambient light is excluded from the measurement. The spectrora-

diometer measures the spectral radiance in a wavelength range of 380 to 730 nm

in 10 nm intervals. The inter-instrument-agreement is in average 0.4∆E∗94 and

maximal 1.0∆E∗94. The manual doesn’t further specify the measurement error.

Macro photos

We built a simple goniometer that captures macro photos under a fixed camera

position and varying illumination angles to obtain spatial information on the

light interaction with rough surfaces. The goniometer consists of a collimated

high-power LED, which can be moved on a semi-circle around the sample, and

a Nikon D810 with a micro Nikkor 105 mm lens mounted on a tripod at 45◦ in

regards to the sample surface. The camera is calibrated by performing a manual

white balance with a Spectralon sample illuminated with the LED light source.

Confocal microscope

The NanoFocus µsurf Generation C is a white light confocal microscope. It con-

sists of a compact confocal measuring head, which is arranged on a stable work

table so that it can be moved along the z-axis by a motor. The sample is placed on

a computer-controlled measuring table. When performing a non-contact mea-

surement of the sample topography, the sample is first positioned on the mea-

suring table and then sampled on the z-axis by gradually moving the measuring

head. In combination with the 320S lens, the NanoFocus µsurf has a lateral and

vertical resolution of 625 nm and 20-40 nm, respectively. A single shot captures

an area of 320 × 320µm depending on the vertical resolution. A stitching mode

enables the measurement of more extensive areas up to 7.3 mm2.

Virtual gonioreflectometer

The virtual gonioreflectometer was implemented by Yang Chen, who is a PhD

student at TU Delft under the supervision of Ricardo Marroquim. The tool

decomposes the surface scattering on rough surfaces into individual reflection

paths, which helps us to better understand observed scattering phenomena on

rough surfaces. For the decomposition, the measured microgeometry and refrac-

tion index are required. The simulation is based on geometric optics and assumes

each facet of the triangulated measured surface as an ideal mirror; thus, the Fres-

nel equations describe the facet’s reflectance. In the light simulation, the surface

is virtually radiated with a statistically critical number of rays traced on the sur-

face. This gathers information about the energy coming from rays that reach the

sensor after a specific number of reflections.
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3. Validation of light simulation

Physically based rendering has become a popular technique for offline and real-

time rendering and has been adopted in many industrial applications. It is based

on physical principles to simulate light propagation and -scattering (light sim-

ulation), and its primary goal is usually realism [52, p.1]. The tremendous ad-

vancements of physically based rendering have led to photorealistic images but

often fail to be predictive [53, p.11]. Deviations of rendered images from reality

are not critical in the entertainment segment but considerably limit the benefits

of VP, as stated in Chapter 1.

In physics, the light simulation is described in different levels of accuracy,

forming a hierarchy of increasing approximations. Quantum electrodynamics

(QED) is the most comprehensive theory describing all phenomena involving

electrically charged particles interacting through the exchange of photons. A

simplified approach is wave-optics describing light scattering by means of elec-

tromagnetic fields and Maxwell’s equations, thus describing wave phenomena

such as diffraction and interference. The bottom of the hierarchy is geometric

optics that do not consider the wave nature of light.[54]

Computer graphics usually further simplify the geometric optics approach by

neglecting polarisation, assuming the refractive index as piecewise constant and

approximating the electromagnetic spectrum by RGB-values. At the same time,

it is assumed that the physical deviations are not perceptible due to the limita-

tions of the human eyes. Only a few works verify the made assumptions exper-

imentally, which makes it difficult to assess how well current render algorithms

predict reality.

A common way to determine the influence of these approximations on the

appearance of real materials in a natural lighting environment is the compari-

son of rendered images with reference data captured in a real-world scene. This

comparison method is called the experimental verification method and requires

the physical description of the scene, as well as accurate reference data. In the

following, we summarise both and refer to them as ground truth data (GTD).

An important observation is that the fidelity of the verification method strongly

depends on the accuracy of the GTD; hence its validation is necessary.
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In this chapter, we introduce a new reference scene (Normbox) similar to the

Cornell box, which we used to acquire an accurate and spectrally resolved set of

GTD. It consists of the description of the Normbox, including isotropic BRDFs

of 24 colour patches and the reference measurements of all patches under 13

different angles inside the Normbox. Our reference data covers rough materials

with varying reflectance spectra and illumination, from direct to indirect light

dominated.

We register all measurement errors during the acquisition but estimating their

influence on the reference targets within the box is challenging. Therefore, we ad-

ditionally implement the experimental verification method, using the reference

renderer Mitsuba [55] to predict the spectral radiance of the target patches. We

determine the physical and perceived differences between the reference and pre-

dicted data to assess the fidelity of the GTD. Hereby, is the high resolved spectral

radiance as reference data a key advantage compared to previous approaches,

which only use colourimetric quantities and single light measurements.

3.1 Related work

Greenberg et al. [56] proposed a framework for verifying photorealistic render-

ers. This framework is divided into three steps: light reflection model, global

light transport simulation, and image display. According to the authors, each

step must be verified individually by comparing it with the real world. The first

two steps may be verified by comparing physical parameters, while the third step

requires a perceptual comparison.

This chapter deals with the first two steps. We use the experimental verifica-

tion method to investigate the influence of the approximated light reflection and

global light transport on the appearance of real-world materials. In the follow-

ing, we present related work on the experimental verification method.

In 1984, Goral et al. [57] introduced the experimental verification method to

the computer graphics community. They presented the well-known Cornell Box,

a cube of fiberboard panels painted with diffuse latex paints. Three sides are

painted white, while the left and right sides are painted red and blue to inves-

tigate the effect of colour bleeding. The remaining side of the cube is open to

take pictures and illuminate the scene with diffuse light. In their work, they did

not perform an accurate comparison to quantify the physical or perceptual dif-

ferences between the simulated and real Cornell Box. Their approach only allows

them to state that the colour-bleeding effect is visible in both cases.

Meyer et al. [58] followed up on the Cornell Box approach. They slightly

changed the Cornell Box (e.g. they mounted a diffuse light source in the ceil-
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ing of the cube and placed two small boxes within the cube) and extended the

approach with a radiometric comparison. They took irradiance measurements at

25 locations within the reference scene and compared them with rendered images

using a radiosity method. The resulting differences are below 4%. A drawback of

their approach is the irradiance measurements’ limited spatial and spectral res-

olution. It is difficult to accurately identify the measured points in the rendered

image, and due to the missing spectral resolution, it is impossible to evaluate the

colour differences.

Greenberg et al. [56] presented a framework for realistic image synthesis. The

framework extends the work of Meyer et al. by increasing the spatial and spectral

resolution of the reference data. They acquired spectral images using a camera

with a 1280 x 1024 CCD array and eight bandpass filters in front of the camera.

However, they did not provide results of the described framework. Pattanaik et

al. [59] implemented the presented framework but only provided a single ref-

erence and predicted image, as well as the resulting difference image, without

communicating more detailed results. However, the given reference and pre-

dicted image already show clearly visible differences.

Accurate verification of the global light transport simulation was conducted

by Schregle and Wienold [60]. They broke the verification process into simple

component studies that can be checked individually and combined to build more

complex compound case studies. A simple setup consisting of a box and an area

light source was used as a reference scene. Diffuse patches or a brushed alu-

minium plate were integrated depending on the study case. Flexible sensors in

the ceiling measured the direct illuminance at different positions, representing

the reference data. The authors compared the reference data to a forward and

backward raytracing solution, namely Photon Map [61] and Radiance [62, 63].

The difference between the reference and predicted illuminance is in all con-

ducted case studies on average below 3%.

A more recent work by Bärz et al. [64] followed a similar approach as Meyer

et al. [58]. Instead of a light source on the cube’s ceiling, they placed a monitor on

the left side. On the opposite side, they mounted a Macbeth ColorChecker and

measured all patches of the ColorChecker with a colourimeter as reference data.

They conducted two perceptual comparisons; the comparison of the measured

reference data with, first, the predicted data itself and second, with the predicted

data displayed on a monitor, identical to the used light source. Both comparisons

achieve colour differences below the JND for most patches. However, there are

also several patches with extraordinarily high colour differences.

The works described so far use a reference scene similar to the Cornell Box,

which provides a simple and constant environment. Nonetheless, natural scenes
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consist of more complex geometries, materials, and light conditions, which can-

not be validated with these simple setups. Some works proposed more realistic

reference scenes like a car, a dashboard, an office, or an atrium [65–69]. These

works compare the rendered images with photos or several luminance measure-

ments to determine their fidelity. The major problem of these approaches is that

it is impossible to accurately determine the GTD of such complex scenes. In par-

ticular, scenes, where sunlight is present, are useless for an accurate comparison

since the illumination conditions are constantly changing.

3.2 Validation framework

Similar to the related works, our validation framework is based on the experi-

mental verification method. As illustrated in Figure 3.1, the framework is di-

vided into two paths: the comparison path (yellow) and the error path (blue).

Ground truth data 
of 

Reference scene Processing Rendering Comparison

Measurement Error Processing Error Rendering Error

+

Difference

Comparison Error

Total Error+ +

Reference data
Light

Geometries

Materials

Predicted
data

Comparison
Reality / Simulation

Error estimation

=

Figure 3.1: Overview of our validation framework.

The comparison path comprises the experimental verification method divided

into four steps. In its first step, the GTD of the reference scene is acquired, con-

sisting of the light emission- and material reflection distributions, scene geome-

tries, and reference data. In the second step, this data is processed for the ren-

dering phase, in which the reference scene is simulated (predicted data). Finally,

in the comparison step, the predicted and reference data are compared to de-

termine the deviations from reality. The resulting differences are composed of

various errors considered in the error path.

The error path describes all errors introduced at every step of the comparison

path. Each error contributes to the total error, which corresponds to the deter-

mined difference in the comparison path. In practice, estimating the total error

is challenging or even impossible because many errors contribute in a complex

way. Nevertheless, the individual errors helps us to indicate the primary error

sources and give us information about the GTD fidelity.
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3.3 Implementation

As already stated, the fidelity of the GTD has to be known to successfully apply

the experimental verification method. To determine the GTD fidelity in a more

meaningful way than by the individual measurement errors, we implement the

validation framework with a novel reference scene called Normbox and the refer-

ence renderer Mitsuba [55]. Assuming that the render error is negligible for our

simple reference scene, the difference from the comparison path will comprise

the measurement, processing, and comparison errors. A spectral error analysis

enables further restriction of the errors’ influence. It allows for a spectral local-

isation of the errors and, consequently, a more substantiated attribution of their

sources. In the following, we first present the Normbox and then the implemen-

tation of each step of the comparison path.

3.3.1 Normbox

The basis of our validation framework is the reference scene. We introduce the

Normbox, a modified Cornell box, as illustrated in Figure 3.2. The Normbox con-

sists of a wooden box, a sample holder, an integrating sphere combined with an

opal glass panel for the light source, and a portable spectroradiometer mounted

on an aluminium profile to acquire the reference data. Each component is de-

scribed in more detail below.

Wooden box: The wooden box is a cube made of 15 mm thick multiplex panels

and a 19 mm panel for the ceiling. The inner dimensions of the cube are 600 ×
600×600mm. One side of the cube is open to allow measurements inside the box.

On the ceiling, there is an aperture of dimensions 220× 200mm, where the light

of the integrating sphere enters the box. The the box’s panels are painted with a

matte, gray dispersion paint (RAL 7004) that provides a flat reflectance spectrum

with a∗,b∗ < 1 and L∗ ≈ 65. According to EN ISO 3668:2001 [70], this is sufficient

for visual comparison purposes. A black-painted sample holder is placed in the

middle of the box. The sample is mounted at the holder’s flexible head, enabling

its rotation around the horizontal axis.

Area light source: Measuring the emission behaviour of arbitrary light sources

is a complex procedure requiring special equipment. A common way to simplify

the simulation of the emission behaviour is to approximate it by a homogeneous

panel radiator with a Lambertian emission behaviour. To minimise the difference

between the assumed light source in the simulation and the used light source
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Figure 3.2: The Normbox consists of a wooden box and the spectroradiometer CS-
1000A by Konica Minolta. An integrating sphere combined with an opal panel is
used as a light source.

in the Normbox, we use the lightbox LE7-4x by Image Engineering 1 combined

with an opal panel. The lightbox is an integrating sphere combined with LED

modules producing freely selectable emission spectra, which are kept constant

by an internal spectrometer. The homogeneity and diffusivity of the area light

source deviate from the Lambertian assumption by 3% and 2.6%, respectively.

Portable spectroradiometer: We use the portable high-precision spectrora-

diometer CS-1000A by Konica Minolta (Sec. 2.3) to acquire the spectral radiance

of the target samples within the Normbox. These spectra constitute the reference

data described in the validation framework (Fig. 3.1). As shown in Figure 3.2,

an aluminium profile base connects the spectroradiometer with the wooden box.

The distance and height between the spectroradiometer and the sample holder

are adjustable.

3.3.2 Comparison path

Referring to Section 3.2, the comparison path of the validation framework con-

sists of four steps: GTD acquisition, processing, rendering and comparison. The

implementation of these steps with the Normbox and the reference renderer Mit-

1https://www.image-engineering.de/products/equipment/illumination-devices/378-le7
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suba is presented in the following.

Step 1: Acquisition of ground truth data

The GTD consists of an accurate description of the Normbox and the reference

data. The description comprises the emission behaviour of the area light source

in the ceiling, the reflection behaviour of the grey walls and the 24 patches of

the x-rite ColorChecker 2, as well as the geometries of all involved objects. The

reference data includes the spectral radiance of all ColorChecker patches under

13 different angles measured within the Normbox.

Light: As aforementioned, the light source of the Normbox is assumed to be

ideally homogeneous and Lambertian. However, the spectral radiance is mea-

sured at 25 points to compensate for the light source inhomogeneity. Test render-

ings show no noticeable differences between the representation with 25 spectral

radiance values and one averaged spectrum. Nevertheless, we used in this work

the representation with 25 spectra.

Materials: The x-rite ColorChecker covers the sRGB colour gamut and includes

six neutral patches. The patches and the grey wall paint have a rough, isotropic,

and uniform surface with a noticeable back-scattering. As noted by Rump et

al. [71], the ColorChecker patches are far from being ideally diffuse. Hence,

we decided to measure the in-plane BRDFs using our gonioreflectometer with

the first configuration described in Chapter 2.2.1. Each in-plane BRDF is mea-

sured for the incident angles θi = −80◦,−70◦, ...,0◦ and the reflection angles

θo = −80◦,−70◦, ...,80◦. The incident angle varies only from −80◦ to 0◦ since,

for isotropic materials, the remaining range is redundant. Note that we did not

measure the reflectance behaviour of the black sample holder in the centre of

the Normbox since test simulations confirmed that even a black material with a

strong specular reflection has a negligible impact on the appearance of the Col-

orChecker patches. Thus, for simplicity, we assumed the sample holder as diffuse

black.

Geometries: The positions and dimensions of the wooden box, the area light

source, the sample holder, and the spectroradiometer are measured manually

with a yardstick. To adjust the sample angle related to the ground, we used an

Apple iPhone 5.

2https://www.xrite.com/categories/calibration-profiling/colorchecker-classic

37



Reference data: The reference data comprises the spectral radiance of all 24

ColorChecker patches under 13 different sample angles measured within the

Normbox. The sample angle varies from 30◦ to 90◦ in 5◦ steps, where 0◦ is par-

allel and 90◦ perpendicular to the light source. Hence, the reference data covers

direct- and indirect light dominated illumination situations. We acquired the ref-

erence data with the spectroradiometer CS-1000A that points towards the centre

of the sample holder. In total, we captured 312 spectra in 13 series, where in

each series, the sample angle is first adjusted, and then the spectral radiance for

all patches is measured. This measurement procedure guarantees the same sam-

ple angle for all patches.

Step 2: Processing

The GTD must be processed so that the Mitsuba renderer can import the Norm-

box’s description data. There are three processing steps necessary. First, the mea-

sured geometries are converted into the widely used OBJ file format. Second, the

spectral radiance of the area light source is interpolated to the Mitsuba spectral

resolution of 200 samples between 360 and 830 nm. And third, an analytical

BRDF model is fitted against the measured in-plane BRDFs. The first two steps

are self-explanatory, so we will not explain them further. On the contrary, the

fitting process is more complex and described below.

BRDF fitting: We approximate the reflection behaviour of the ColorChecker

patches and the grey wall with the Cook-Torrance BRDF model [29] along with

the GGX normal distribution function and Smiths shadowing-masking function.

We refer the reader to Chapter 2.1.4 for the respective definitions. We use the

Cook-Torrance model because it is one of the most popular reflection models,

and it successfully fits a wide range of measured BRDFs [44, 72].

We observed for some ColorChecker patches a global offset when fitting the

Cook-Torrance model. Therefore, the native Cook-Torrance model is slightly

modified by subtracting the offset c:

fc(λ,ωo,ωi) = fr(λ,ωo,ωi)− c. (3.1)

For some patches, the offset minimises the fitting error, while for others, it as-

sumes the value zero; hence is not taken into account.

The fitting process is divided into a nonlinear and linear optimisation pro-

cess, where the latter is a subprocess of the nonlinear optimisation process. The

nonlinear optimisation determines the model parameters roughness α and re-

fractive index η, as well as the offset c; the linear optimisation of the wavelength-
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dependent specular albedo ks and the diffuse albedo kd using linear regression.

The fitted BRDF ff it and the measured BRDF fref are the input values for the

cost function, which is based on the cost function of Löw et al. [36], and defined

as:

g(λ,ωo,ωi ;p) = ln(1 + coswθi ff it(λ,ωi ,ωo;p)), (3.2)

ĝ(λ,ωo,ωi) = ln(1 + coswθi fref (λ,ωi ,ωo)), (3.3)

E(p) =
∑
k

∑
l

(gkl(p)− ĝkl)2, (3.4)

where k and l represent the incident and reflection directions.

In Equation 3.2 and 3.3 the measured and fitted BRDFs are weighted by the

cosine of the incident angle. Consequently, the low diffuse reflection at small in-

cident angles is weighted stronger than the comparatively high Fresnel reflection

at grazing angles. The optional exponent w ≥ 1 further enhances this weight-

ing. For the ColorChecker patches, w was set to values between 1 and 4, and for

two patches, to 6. These exponent values improve the fitting of the diffuse com-

ponent, which is, in our work, more important than the high Fresnel reflection.

Furthermore, we observed that the exponent improves the overall fitting error in

some cases.

Step 3: Rendering

We use the Mitsuba renderer [55] as the reference renderer. We built it on a 64-

bit Windows 10 platform and configured it as a spectral renderer with 200 wave-

length samples. We added a BRDF plugin that implements the Cook-Torrance

model as defined in Chapter 2.1.4. Furthermore, the bidirectional path tracer

and the low discrepancy sampler with 512 samples per pixel are used. With

the modified Mitsuba distribution and the processed GTD, we generated spectral

images of all ColorChecker patches under 13 angles within the Normbox. Each

spectral image has a resolution of 10 × 10 pixels, where each pixel stores a radi-

ance spectrum. The spectral image is averaged and, henceforth, called predicted

data.

Step 4: Comparison

There are different methods to compare the predicted and reference data. In this

work, we chose a physical and a perceptual comparison method. The physical

method determines the radiance differences between the predicted and the refer-

ence data, and the perceptual method provides information about the perceived

colour differences.

39



Physical comparison: The radiance difference is calculated by subtracting the

predicted- from the reference radiance spectrum. We observed that the radiance

differences scale with the material reflectance and illumination intensities, which

hinders a reasonable comparison between different sample angles and colour

patches. Therefore, we introduce the normalised spectral error (NSE), where the

reference spectrum normalises the spectral difference. This error metric allows

for spectral analysis of occurring errors. However, it is not appropriate to de-

termine the total error between two spectra; hence it is difficult to compare the

overall difference of all ColorChecker patches with one another. Therefore, the

root-mean-square error (RMSE) between the predicted and reference spectrum is

additionally calculated. Again, the RMSE is normalised by the reference spec-

trum to allow for comparability. This error metric is called normalised root mean

square error (NRMSE).

Perceptual comparison: A widespread metric quantifying the perceived colour

difference is the CIE Delta E metric as reviewed in Chapter 2.1.2. The CIE recom-

mends the latest version of the CIE colour difference metric, the ∆E∗00, for indus-

trial colour evaluation. The ∆E∗00 between the predicted and reference spectrum

is calculated according to the definition given in the book Color Imaging [13,

p.461]. The required tristimulus values are normalised with the reference tris-

timulus values of the white patch under the sample angle of 30◦. This normali-

sation ensures that all Y values are within 0 and 1. For the transformation from

the XYZ- to L∗ a∗ b∗-space, we use the standard illuminant D65.

3.3.3 Error path

The error path describes the summation of all errors occurring in each step of

the comparison path resulting in the total error. According to the four steps

of the comparison path, these errors are divided into measurement, processing,

rendering, and comparison error. Each group is subdivided into various sources

of errors as shown in Figure 3.3.

Step 1: Measurement error

The measurement error is divided into four different errors introduced during

the GTD acquisition. The first two regard the geometric measurements of the

Normbox. As mentioned in Section 3.3.2 the geometric dimensions are measured

with a yardstick with a measurement error of approximately ±1 mm. The sample

angle is adjusted using an Apple iPhone 5 with an accuracy of roughly ±1◦. The

third measurement error regards the in-plane BRDF measurement. This error is
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Figure 3.3: Error sources that occurs during the implementation of the compari-
son path of the validation framework

defined by the measurement error of our gonioreflectometer, which is on average

0.7 % as described in Chapter 2.2.3. Finally, the fourth error source is the spec-

troradiometer CS1000A, which measures the reference data and the light source

emission with an accuracy of 2 %.

Step 2: Processing error

The conversion of the measured geometries into a digital format, such as the

popular obj format, introduces negligible errors due to the geometrical simplicity

of the Normbox. On the contrary, fitting the BRDF model and approximating the

light source emission lead to considerably higher errors. The averaged fitting

error varies between 5 % and 10 % depending on the patch. For patch 18, we

observed a conspicuous error of 18 %. Note that the fitting error is smaller for

the diffuse reflection than for the specular reflection due to the cosine weighted

cost function (Sec. 3.3.2).

The processing error of the light source emission is divided into the errors:

repeatability, spectrum interpolation, and light source approximation. The re-

peatability error is <1 %, and the spectrum interpolation error is negligible due

to the densely sampled spectrum with 200 samples. The Lambertian assumption

leads to an error of 3 % and 2.6 % for the homogeneity and diffusivity, respec-

tively. The inhomogeneity is compensated by measuring the emission spectra at

25 locations. The intensity of the light source is kept constant during all mea-

surements. Notwithstanding, we registered a maximal ∆E∗00 of 0.28.

Step 3 & 4: Rendering error & Comparison error

Finally, we consider the rendering and comparison errors. The rendering error

is undoubtedly unknown, but we assume that it is negligible for Mitsuba due to

the simplicity of the Normbox. The comparison error is different for the physical

and perceptual comparison methods. The physical comparison is error-free since

we compare the raw radiance spectra. Conversely, the perceptual comparison is
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error-prone because the raw data is processed. The ∆E∗00 color-difference formula

is based on the perceptually non-uniform L∗ a∗ b∗-space, as explained in Chap-

ter 2.1.2. The formula compensates for some of these non-uniformities but intro-

duces new ones on the flip side. Hence, there is still the problem that the same

∆E∗00 can be perceived differently depending on location in the L∗ a∗ b∗-space.

Results of error path

The implementation of the error path demonstrates that, despite the reference

scene’s simplicity, many errors contribute to the total error. The quantification

of these errors supports our assumption that the material representation, more

precisely, the fitting of the in-plane BRDF, is the most critical error. Note that the

fitting error even increases when computing global illumination due to multiple

light reflections and the accompanying error summation. The remaining errors

are much less critical, whereby the light source constitutes, apart from the fitting

error, the most significant error source due to the deviations from the Lambertian

assumption.

3.4 Fidelity of ground truth data

So far, we considered all error sources individually without knowing how strong

they affect the GTD’s fidelity. Estimating the error by error propagation is

hard, or even impossible, due to the complexity of the render equation. How-

ever, knowing the GTD’s fidelity is paramount for the experimental verifica-

tion method. In the following, we first quantify and analyse the physical and

perceived colour differences between the previously acquired reference and pre-

dicted data using the error metrics introduced in Section 3.3.2. Then, we compare

our results to previous works by Schregle and Wienold [60] and Bärz et al. [64].

Results of physical comparison

Figure 3.4 illustrates the reference and predicted spectral radiance and the re-

spective NSE of Patches 2 and 23. Each subplot contains the result of a spe-

cific sample angle. We selected these two patches because they represent patches

with a low (Patch 2) and large (Patch 23) NSE. The figure illustrates that for both

patches, the reference and predicted spectra match well for small sample angles

up to 60◦, also confirmed by the low NSE. From a sample angle of 65◦ the NSE

constantly increases, particularly strong for Patch 23. When analysing the wave-

length dependency of the NSE, we can observe at Patch 23 a notable increasing

trend for large wavelengths.
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Figure 3.4: Comparison of the reference and predicted spectral radiance of
Patches 2 (a) and 23 (b) and the respective NSE.
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Based on these observations, we make the following three assumptions. First,

the GTD has a high fidelity due to the consistently small NSE at Patch 2. Second,

the considerably higher NSE at patch 23 is primarily caused by the fitting error,

hence by the used reflection model. And third, for large sample angles, the pro-

portion of indirect light increases, which leads to larger errors due to multiple

reflections and large fitting errors for the specular reflection. In the following,

we will further investigate these assumptions by analysing the results of all Col-

orChecker patches.

Error quantification: We computed the RMSE between the reference and pre-

dicted spectra as described in Section 3.3.2. Figure 3.5 (a) depicts the RMSE

for all patches and sample angles. It can be remarked that there is a signifi-

cant RMSE variation between different patches and sample angles. In partic-

ular, patch 19 has a prominent high RMSE. When comparing the grey patches

(Patches 19-23, excluding Patch 24), there is a correlation between the patch’s

radiance and RMSE. This correlation can also be observed when looking at each

patch individually. The RMSE decreases for increasing sample angles, hence de-

creasing radiance.

The observed correlation between the radiance and RMSE is further examined

in the scatter plots shown in Figures 3.5 (b) and (c). Plot (b) shows the data points

of all patches for small sample angles from 30◦ to 60◦ and plot (c) for the remain-

ing large sample angles from 65◦ to 90◦. Plots (b) and (c) illustrate a strong and

moderate positive linear relationship between the radiance and RMSE, with cor-

relation coefficients of 0.84 and 0.62. In brief, there is a positive linear correlation

between the radiance and RMSE, particularly for small sample angles. This cor-

relation makes sense since, for all patches, the illumination is the same, and the

relative fitting error is constant, except for some outliers. Thus the patches with

high reflectivity lead to larger absolute errors (i.e. higher RMSE) than patches

with low reflectivity.

We calculate the NRMSE to remove the scaling factor, thus, comparing the re-

sults of different measurements more meaningfully. As shown in Figure 3.6 (a),

the NRMSE of all patches, except patch 24, is almost on the same level for small

sample angles. But at larger sample angles, there is an increasing trend of the

NRMSE, which even varies between different patches. We again plotted the data

points for small and large sample angles in separate scatter plots as illustrated

in Figure 3.6 (b) and (c). In plot (b), nearly all data points have an NRMSE be-

tween 0.02 and 0.05, except for patch 24 and two data points of patch 18. The

scatter plot shows that for small sample angles, there is no correlation between

radiance and NRMSE, per our observations from the plot (a). For large sample
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(a) RMSE between the reference and predicted data of all patches and sample angles (bar color).

(b) Correlation between radiance and RMSE of
small sample angles (30◦ - 60◦)

(c) and large sample angles (65◦ - 90◦).

Figure 3.5: Investigation of the correlation between the sample radiance and the
RMSE. A clear positive linear relationship with a correlation coefficient of 0.84
and a moderate linear relationship with a correlation coefficient of 0.62 can be
observed for small and large sample angles, respectively.
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(a) NRMSE between the reference and predicted data of all patches and sample angles (bar color).

(b) Correlation between radiance and NRMSE of
small sample angles (30◦ - 60◦)

(c) and large sample angles (65◦ - 90◦).

Figure 3.6: Investigation of the correlation between the sample radiance and the
NRMSE. There is no correlation for small sample angles; contrary, an exponen-
tial increase of NRMSE for decreasing radiance can be observed for large sample
angles.

angles, the NRMSE increases exponentially for decreasing radiance, as depicted

in the plot (c). Furthermore, the NRMSE tends to be higher for bluish and green-

ish patches than for reddish and yellowish patches. Summarised, the NRMSE

for small sample angles is nearly constant while exponentially dropping with in-

creasing radiance for large sample angles. We further analyse these observations

in the following section.

Error analysis: As stated in Section 3.3.2, the 13 sample angles describe a tran-

sition from direct- to indirect-light-dominated illumination. Moreover, we know

that the light composition for sample angles up to 60◦ is roughly the same, while
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X =
X 0.2

X 0.03

Radiance Patch 22 Light Composition Relative Error

Absolute Error

Normalized Error

Figure 3.7: Error model: The absolute error is simulated by multiplying the ra-
diance with the light composition and the two errors, errd (blue) and erri (red).
errd is caused by the fitting error of the patch; erri by the fitting error of the grey
wall.

after 65◦, the proportion of indirect light increases exponentially. The increasing

NRMSE with increasing sample angles, as illustrated in Figure 3.6 (a), correlates

with the increase of indirect light. The main difference between indirect and

direct light is the additional reflections at the grey walls; hence the additional

fitting error is a reasonable explanation for the increasing NRMSE. However, the

NRMSE also varies from patch to patch, as illustrated in Figure 3.6a. Since the

indirect illumination is for all patches the same, it is very likely that, besides the

grey wall’s fitting error, the ColorChecker patches’ fitting error greatly impacts

the overall error. We suspect that the material representation, more precisely, the

fitting of the BRDF, is the dominant error. Moreover, we assume that the over-

all difference between reference and predicted data can be approximated by two

errors; the first error is related to direct light (errd), and the second error is to

indirect light (erri). The fitting errors define both errors.

In our setup, the sample angles avoid that direct light is simultaneously in-

coming and measured from grazing angles. Thus, the measured direct light is

not affected by the observed high fitting errors for the specular reflection. On the

contrary, indirect light comprises all scattering events, single and multiple re-

flections, occurring within the Normbox. Hence, it is affected by all fitting errors

of the grey wall, including the high fitting errors at grazing angles. Further-

more, the indirect light leads to grazing incident angles, where fitting errors of

the ColorChecker patches are generally higher than under small incident angles.

Therefore, we know that erri is much larger than errd .

Based on these insights, we simulate the error of Patch 22 as shown in Fig-

ure 3.7. In the simulation, the radiance of the reference data is weighted by the
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Figure 3.8: Top row: NSEpred for patches 19, 23 and 24 at sample angle 30◦ (left),
and for patch 21 at sample angle 90◦ (right). Bottom row: respective NSEf it.

light composition to determine the proportion resulting from direct and indirect

light. Both proportions are multiplied with the respective error (errd , erri) to

compute the absolute error. errd is defined by the averaged fitting error of Patch

22 at the respective incident and reflection angles of the direct light. And erri is

estimated by means of the averaged fitting errors of the grey wall and Patch 22.

The predicted absolute and normalised errors are illustrated on the right side of

Figure 3.7. Both resemble the RMSE and NRMSE in Figure 3.5a and 3.6a, which

supports our assumption that the fitting error is the dominant error.

To further verify this assumption, we compared the NSE between the refer-

ence and predicted data (NSEpred) with the NSE between the measured and fitted

BRDF (NSEf it). Figure 3.8 depicts in the top row the NSEpred for Patches 19, 23,

and 24 at the sample angle of 30◦, and in the bottom row, the respective NSEf it
at incident and reflection angle of 30◦ and −60◦. The figure demonstrates that

the NSE matches well for Patches 19 and 24 and moderately for Patch 23.

On the right side, Figure 3.8 illustrates the NSEpred of Patch 21 at the sample

angle of 90◦, and the NSEf it of the grey wall at grazing incident and reflection

angles of −70◦ and 80◦. We compare these errors because we assume that the

grey wall’s fitting errors at grazing angles dominate when illuminating with in-

direct light. The NSEpred and NSEf it of Patch 21 show a similar increasing trend

towards large wavelengths. For both small and large sample angles, the spectral

distribution of the NSEpred is predominantly characterised by the NSEf it, which

again supports our fitting error hypothesis.

The error quantification and analysis confirm all three assumptions made at

the beginning of this section. First, the low NRMSE for several patches and the re-

striction on the processing error verify the low measuring errors, hence the high
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fidelity of the GTD. Second, the error simulation assuming two separate errors

related to direct and indirect light demonstrates that the observed exponential

increase of the NRMSE for large sample angles stems from the increasing pro-

portion of indirect light. And finally, both the error simulation and the spectral

error analysis confirm the fitting as the dominant error source.

Fitting error analysis: We analyse the fitting error in more detail to better un-

derstand why the Cook-Torrance model cannot adequately represent the mea-

sured in-plane BRDF of the ColorChecker patches and the grey wall. We con-

tinue analysing the fitting error of the grey wall since it has a uniform reflectance

spectrum and a similar reflection behaviour as the ColorChecker patches. Fig-

ure 3.9 illustrates the measured and fitted BRDF for three different scattering

phenomena. The three plots depict back-scattering on the left, diffuse reflection

in the middle, and forward scattering on the right. The incident angle is in all

scenarios −80◦ and the reflection angles are −80◦, 0◦ and 70◦.

The diffuse reflection is fitted well by the diffuse term of the Cook-Torrance

model. As expected, the back-scattering peak is not well represented since it

is usually caused by multiple reflections, which the model approximates with

the Lambertian diffuse term; hence the angle dependency of the back-scattering

is not considered. For the fitting errors in the forward scattering, we have no

reasonable explanation.

When analysing the spectral distribution, we can observe wavelength shifts

that are new to computer graphics. The diffuse BRDF spectrum is, as expected

for grey wall paint, uniform. However, the forward and back-scattering spec-

tra are tilted towards long and short wavelengths. These wavelength shifts don’t

originate from measurement errors, as proven in Chapter 2.2.3. So far, in com-

puter graphics, models based on geometric optics assume that the surface re-

flection is entirely described by the Fresnel equations and, consequently, for di-

Backscattering Diffuse reflection
Specular reflection at 

grazing angles

Figure 3.9: Measured and fitted BRDF of the gray wall for three different reflec-
tion angles. From left to right, the plots show BRDF spectra which are dominated
by back-scattering, diffuse reflection, and specular reflection.
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electrics, almost wavelength independent. Figure 3.9 demonstrates that this as-

sumption is incorrect and leads to perceptual deviations from reality. The Cook-

Torrance model fails to fit such wavelength shifts adequately, particularly in the

back-scattering. In the forward scattering, the model somehow fits the linear

increasing spectrum using the physically not plausible specular albedo.

Results of perceptional comparison

The physical comparison provides valuable information about the GTD’s fidelity

and the influence of the individual error sources. But the physical comparison

does not give any information about the perceived colour difference between

the reference and predicted data. Nevertheless, this difference is important for

colour-critical applications of rendered images such as VP. In Figure 3.10 we

present the color differences E∗00 for all patches and sample angles. In contrast to

the RMSE and NRMSE in Figures 3.5a and 3.6a, the perceived color differences

do not show any trends or patterns. For most patches, the ∆Es∗00 are below the

discernible threshold for a next-to-each-other comparison. Only patches 10, 13,

19, and 24 have values slightly above two.

Figure 3.10: Color difference (DeltaE 2000) between reference and predicted data
of all patches and sample angles.

Ideally, all data points would have a ∆E∗00 below the JND of one; consequently,

there would be no noticeable difference between reference and predicted data in

a side-by-side comparison. However, in our implementation, this is often not

the case. Although we used a simple reference scene and the reference renderer

Mitsuba, there are still perceivable differences between reference and predicted

data. As we found out in the physical comparison, these differences mainly orig-

inate from the GTD’s processing, more precisely, from modelling the material
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reflectance. Consequently, improving the material modelling is of great impor-

tance for improving the fidelity of VP.

Comparison to previous work

We compare our results with those of Schregle and Wienold [60] and Bärz et

al. [64]. Both are the most recently published works implementing the experi-

mental verification method and provide outstanding small differences between

reference and predicted data.

Schregle and Wienold conducted a physical comparison between reference

and predicted illuminance values. They observed a mean deviation of 2 % in

their case study for diffuse patch reflections, where they investigated the light

reflected from a diffuse grey molleton patch. With our approach, most patches

have deviations below 2 %, and several patches have significantly lower devia-

tions, as illustrated in Figure 3.11a. Considering patch 20, which has a similar

reflection behaviour to the grey molleton, our approach leads to a better result.

Bärz et al. conducted a perceptual comparison. They computed the colour

difference ∆E∗76 between the reference and predicted data of all ColorChecker

patches for one specific sample angle. We compared our results at the sample

angle of 45◦ with their results, as shown in Figure 3.11b. The figure demonstrates

that the colour differences of our approach are sometimes higher than the ones

of Bärz et al.. However, our results are more stable and do not contain extreme

outliers, as observed for Patches 13 and 15.

Our GTD has a similar or even better fidelity than previous works. Moreover,

we provide for the first time spectral GTD enabling a more detailed analysis of

arising deviations between reference and predicted data.

3.5 Conclusion

The light simulation has a great influence on the appearance of virtual proto-

types. To improve VP, it is inevitable to validate the light simulation to identify

its bottlenecks. We introduced a validation framework for the light simulation

of render software. The framework implements the experimental verification

method; hence ground truth data comprising the accurate description of a refer-

ence scene and reference data are required. We developed a novel reference scene

(Normbox) that provides controlled conditions. The key feature of the Normbox

is the use of an integrating sphere which is controlled by an internal spectrom-

eter. Combined with an opal panel, it is a stable and nearly ideal homogeneous

and diffuse area light source. Furthermore, the Normbox supports the measure-
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(a) Comparison of our approach with the one of Schregle and Wienold (red dashed line): Relative
illuminance differences between reference and predicted data for diffuse reflection.

(b) Comparison of the color differences (DeltaE 76) between reference and predicted data with
the approach of Bärz et al..

Figure 3.11: Comparison to related work.
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ment of the spectral radiance of samples placed inside the box. We acquired a

set of precisely and spectrally resolved GTD. The GTD consists of the Normbox

description, including the in-plane BRDFs of 24 ColorChecker patches and ref-

erence data comprising 312 radiance spectra of all patches under 13 angles. The

reference data covers rough, dielectric materials with different reflectance spec-

tra and various illumination situations, from direct- to indirect-light-dominated

scenarios. We implemented the framework using the Cook-Torrance BRDF with

GGX distribution as a fitting model and Mitsuba as a reference renderer. We com-

pared the resulting predicted and reference data with a physical and perceptual

method. The physical comparison confirmed that the fidelity of the GTD is high

and that the fitting of the measured BRDFs is the dominant error. Furthermore,

we observed unusual linear wavelengths in the measured BRDFs shifts towards

short and long wavelengths in the back- and forward scattering. These colour

shifts are new to computer graphics, consequently, not considered by the used

Cook-Torrance model. The perceptual comparison demonstrated that these er-

rors lead to perceptual colour differences between predicted and reference data.

Nevertheless, our comparison leads to superior results when compared to pre-

vious works Physically based rendering can achieve photorealism but fails to be

predictive. Current BRDF models cannot reproduce all perceptual critical scat-

tering phenomena; thus, more research in this area is needed to improve the

fidelity of VP. Our GTD is a good starting point to further investigate the influ-

ence of the employed approximations on the appearance of real materials. In this

work we used the Normbox, which provide a very simple geometric and light

situation, so that we can assume the Mitsuba rendering error as negigblable. To

validate sophisticated rendering techniques a more complex reference scene is

required where the state of the art integration and sampling algorithms strug-

gles.
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4. Light interaction with rough sur-
faces

In the previous chapter, we demonstrated that the simulation of light-matter in-

teraction is a major challenge in computer graphics. Often, it is described by

an analytical formulation, usually by physically based BRDFs. These BRDFs are

designed based on real-world observations or physical measurements, and BRDF

databases, such as the well-known MERL database [17], are of important value.

Nevertheless, these databases are not free of drawbacks making a sound analysis

and modelling of light-matter interaction hard or, in some situations, even im-

possible. For the MERL database, for example, the light spectrum is represented

by RGB triplets, complicating modelling wavelength-dependent scattering phe-

nomena.

Current BRDF models based on geometric optics lead to photorealistic images

but often fail to be predictive, especially for rough surfaces, as we demonstrated

in the previous chapter with the ColorChecker patches. Such surfaces contain

several scales of roughness where many distinct scattering phenomena occur.

These are particularly challenging to model and cannot be described consistently

by geometric optics alone.

Recently, more sophisticated BRDF models based on wave-optics were pre-

sented as reviewed in Chapter 2.1.4. They are capable of modelling wave-optics

phenomena and lead to a more realistic appearance. However, they are still lim-

ited to some approximations, e.g. ignoring multiple reflections. And, to our

knowledge, for rough surfaces, there is no sound validation with measured data.

Both limitations make it difficult to classify their agreement with reality which,

in turn, hinders further improvement of the models. Finally, the computational

cost of these models is another disadvantage making them unsuitable for real-

time applications.

A deeper understanding of wave-optics phenomena is essential to overcome

the limitations and further improve the simulation of light interaction with rough

surfaces from visual and performance perspectives. Therefore, in this chapter,

we experimentally investigate this interaction by generating aluminium samples
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with varying roughness, whose optical properties are captured with a multi-

modal measurement approach, including: surface topography from a confocal

microscope, measured spectral in-plane BRDF, macro photos under varying il-

lumination angles, and, finally, scattering simulation with a virtual goniometer.

Such a rich dataset enables a deeper analysis of light interaction with rough sur-

faces and, consequently, to validate or even improve existing models.

After a thorough analysis of the acquired data, we found that diffraction takes

place in all cases and actually dominates the appearance of the aluminium sam-

ples. We show that wavelength shifts, leading to a reddish and bluish appearance,

can be related to forward and back-scattering. A linear function can surprisingly

describe these wavelength shifts. These contributions are strengthened by the

fact that data from all different measurement modalities and wave and geomet-

ric optics simulations corroborate our claims. Moreover, the detailed analysis

and the proposal of a simple model pave the way to more complete BRDF models

able to simulate diffraction effects without impacting the computational costs.

4.1 Related work

To understand and analytically describe the light interaction with materials,

measured BRDFs are paramount. Important databases and their limitations are

presented in the following. Further, the limitations of BRDF models based on

wave-optics are summarised.

Databases

The MERL database [17] provides densely sampled BRDFs of many materials and

has been widely used to develop and validate reflectance models. The BRDFs

are acquired with a camera that drastically shortens acquisition time but, on the

flip side, only provides RGB values and introduces lens aberrations [18]. The

UTIA [73, 74] and the UBO2014 database [75] provide BTFs of many textured

materials, but both are also limited to RGB measurements. Furthermore, all

scanned materials are inhomogeneous, making a thorough analysis of the light-

matter interaction challenging.

Dupuy and Jakob [24] recently published a spectral database where BRDFs

are measured with a dynamic sampling strategy that significantly decreases mea-

surement time. It is very beneficial for spectral BRDF validation. Nevertheless,

additional information on the measured materials, such as surface topography, is

necessary to analyse the light-matter interaction.

In the optics community, Donnell and Mendez [76] and Schröder et al. [77]
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acquired the surface topography and scattering of defined metal samples with

varying roughness. Both measured the scattered data at three wavelengths; in

both cases, two wavelengths are outside the visible light spectrum.

None of the described databases provides, at the same time, dense spectral

BRDF data and information about the surface topography. In this work, we cre-

ated a dataset that combines many of these essential aspects to analyse the rela-

tion between light-matter interaction and surface roughness.

Limitations of BRDF models

Computer graphics commonly describes the light-matter interaction with BRDF

models based on geometric optics, which heavily simplify the computations,

consequently allowing for usage in real-time applications. Albeit their advan-

tages, deviations can still be noted when comparing or fitting them against mea-

sured data. In particular, they often do not adequately represent wavelength-

dependent scattering phenomena, such as the wavelength shifts observed in

Chapter 3. This issue has led to physical, but not plausible, extensions to improve

fitting results, e.g. the use of a specular albedo or two lobes [18, 29, 36, 44].

One reasonable explanation for the deviations between the model and mea-

sured data is diffraction, as stated by Holzschuch and Pacanowski [46]. Yan et

al. [3] also noticed visual prominent diffraction phenomena on rough surfaces

even when illuminated with partially coherent light. The wave-optics models

presented in Chapter 2.1.4 enable the simulation of wave-optics phenomena, but

they are computationally expensive and not systematically validated with mea-

sured data. Even in the optics community, only a few works validate the un-

derlying wave-optics approaches, and for the popular GHS theory, usually used

for rough surfaces, Schröder et al. [77] noticed deviations between measured and

simulated data. The authors assume that these deviations result from measure-

ment errors, but in their work it is not conclusively clarified.

The work by Yan et al. [3] is particularly important for our analysis of wave-

optics phenomena on rough surfaces. As reviewed in Chapter 2.1.4, they derived

a generalised BRDF representation including three scalar diffraction theories that

allow the simulation of full diffraction effects of arbitrary micron-scale height-

field geometries. The authors provide interesting renderings of a brushed metal

patch with a clear reddish appearance in the forward scattering. Even though

not discussed by the authors, this strongly reminds us of the wavelength shifts

observed in the previous chapter at the ColorChecker patches.
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4.2 Experimental procedures

The scattering of light on rough surfaces is a complex and high-dimensional

problem. The surface’s roughness plays a decisive role in the interaction of light

and, consequently, the material’s appearance. To further investigate this rela-

tion, we generated aluminium samples with varying roughness, thus ruling out

differences in material properties in our analysis. We used four measurement

techniques to conduct a sound analysis: surface measurements, macro photos,

spectral BRDF measurements, and light scattering simulations. The aluminium

samples and measurement methods are further described below.

Aluminium samples

We generated 8 round aluminium samples since it is a cheap material and easy

to process. It provides a high and almost uniform reflection over the light spec-

trum, and for an ideally smooth surface, the Fresnel equations describe the light

interaction well. The required spectral refractive index and extinction coefficient

of aluminium are available in the literature [78].

We use the aluminium alloy AlMg3, which is more corrosion-resistant than

pure aluminum [79]. While the reflectance of AlMg3 is slightly lower than that

of pure aluminium, the spectral shape remains similar. We assume these devi-

ations are small compared to the investigated scattering phenomena and do not

negatively influence our analysis.

All samples are 10 mm thick with a diameter of 50 mm and were first polished

to a mirror-like finish. Then, all samples except one were sandblasted under vary-

ing conditions. We modified the following conditions for each sample: pressure,

distance, and abrasives diameter. The chosen parameter values are specified in

Table 4.1.

As expected, increasing the pressure and decreasing the distance leads to a

rougher surface. Note that using smaller beads as abrasives does not lead to

a smoother surface, probpably because the smaller beads are accelerated faster

than the larger beads at the same pressure.

Surface measurements

As aforementioned, the surface finish impacts the scattering of light and, thus,

the material’s appearance. It is of great importance when dealing with wave-

optics phenomena. Therefore, we measured the surface topographies of all sam-

ples with the white light confocal microscope Nanofocus µsurf Generation C. For

the device specifications, we refer the reader to Chapter 2.3.
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sample No. pressure distance abrasives roughness RMS
(bar) (mm) (µm) (µm)

1 6.5 100 70-100 2.39
2 4 100 70-100 1.76
3 3 100 70-100 1.20
4 2 100 70-100 0.98
5 1 100 70-100 0.52
6 - 100 - 0.10
7 1 200 35 0.66
8 1 200 70-100 0.43

Table 4.1: Sandblasting conditions to generate the eight aluminium samples with
varying roughness

Figure 4.1 shows the surface topographies of the eight aluminium samples.

For each one, an area of 1280 × 1280µm was scanned with a vertical resolution

of 20 nm for Samples 5, 6 and 8, and of 40 nm for the remaining. The variation in

resolution is due to the device’s limitations when scanning rougher surfaces. The

figure illustrates that the samples’ topographies consist of randomly distributed

spherical holes. Except for Sample 8, where the base surface is still visible, all

others show an isotropic random surface. Sample 6 was not sandblasted but still

contains visible scratches, influencing the scattering behavior [80].

Macro photos

We acquired macro photos of the aluminium samples to capture the spatial

diffraction pattern on the aluminium samples. We used the simple goniome-

ter described in Chapter 2.3 with a fix camera position of −45◦. The illumination

angle varies from −70◦ to 70◦ in 5◦ steps, where the illumination angles −50◦ and

−45◦ are left out, due to self-shadowing.

BRDF measurements

The macro photos provide spatial information, but the spectral domain is lim-

ited to RGB values. Since wave-optics phenomena are strongly wavelength-

dependent, spectral BRDFs are necessary. We measured the in-plane BRDF of

all samples with our custom-built gonioreflectometer along with the second con-

figuration as detailed in Chapter 2.2. The BRDF is sampled with a resolution of

10◦ in the incident domain (θi) and a dynamic resolution in the reflection domain

(θo). We discarded Sample 7 due to its inhomogeneous surface.
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Figure 4.1: Top and 3D views of the samples’ surface topographies measured
with a confocal microscope. Except for Sample 6, the surfaces consist of ran-
domly distributed holes caused by the glass beads of the sandblaster.

Scattering simulations

Another essential piece of information is the scattering paths, which is particu-

larly important when dealing with rough surfaces where multiple scattering oc-

curs. We used the virtual gonioreflectometer described in Chapter 2.3 to gather

information on the energy coming from rays that reach the sensor after a different

number of reflections, taking Fresnel into account. Even though the simulation

only considers geometric optics, it provides valuable insight into the trends be-

tween first and multiple reflections for forward and back-scattering.
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4.3 Observations

This section describes the observed light interaction with the rough aluminium

surfaces. The overall scatter characteristics of all samples are compared, the vi-

sual appearance is evaluated based on the macro photos, and the angle and wave-

length dependency is investigated using the in-plane BRDF.

Scatter characteristic

As intended, the aluminium samples scatter light in different ways. Figure 4.2

shows the reflectance distributions at 600 nm of Samples 1, 2, 4, and 6 for various

incident angles. The BRDF of the smoothest sample (Sample 6) has a clear peak

in the specular reflection and falls quickly to almost zero, resulting in a narrow

specular lobe with a high dynamic range of five decades. In contrast, the rough-

est sample (Sample 1) scatters light in a wide angle range, and the off-specular

peak for large incident angles, as reported by Torrance and Sparrow [28], can be

observed. Both samples have back-scattering at grazing incident angles, which

is stronger at the rough sample. The reflectance distributions of the remaining

samples are within these two extremes.
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Figure 4.2: Reflectance distribution of Samples 1, 2, 4, and 6 at wavelength
600 nm. Sample 6, with a mirror finish, has a narrow specular peak. Instead, the
rougher samples scatter more broadly and present an off-specular peak for large
incident angles.
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Visual appearance

The macro photos give a first impression of light scattering on rough surfaces.

Different from spectral measurements, they provide spatial resolution, which is

essential for analysing spatially varying phenomena, such as diffraction.

Figure 4.3 provides macro photos for each sample, where in each case, on the

top-left and top-right are, respectively, the macro photos of forward and back-

scattering, and on the right side, the corresponding detailed views as well as the

average colour of the insets. The figure shows three interesting scattering effects.

First, for all samples, except Sample 6, a speckle-like colour pattern can be ob-

served, particularly in the forward scattering. Second, rough samples appear red-

dish and greyish-bluish in the forward- and back-scattering, which is in line with

the observations made from the ColorChecker patches in Chapter 3.4. Third,

with increasing roughness, the appearance in the forward scattering change from

greyish-bluish to reddish, and in the back-scattering, the other way around.

The observed colour pattern resembles speckle patterns typically observed

when rough surfaces are illuminated with coherent light. The speckle effect re-

sults from the interference of many waves with varying phases and amplitudes

but with the same frequency. A similar effect can also be observed when rough

surfaces are illuminated with partially coherent light [3, 81], e.g. natural light.

We conclude that these patterns, as well as the on average reddish and greyish-

bluish appearance, originate from diffraction.

Figure 4.3: Eight aluminium samples with surfaces varying from smooth (top-
left) to rough (bottom-right). For each sample, we show macro photos of forward
and back-scattering on the left and a detailed view, as well as the average colour
on the right. For all samples, colourful diffraction phenomena can be observed,
which is particularly strong for rough surfaces where the appearance strongly
deviates from the expected greyish of aluminium.
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Angle and wavelength dependency

To further understand the observed diffraction phenomena and to analyse their

angle and wavelength dependency, we evaluate the acquired in-plane BRDFs of

the roughest sample (Sample 1). In this case, the diffraction phenomena are more

prominent, as shown in Figure 4.3, and the low dynamic range simplifies the

light scattering analysis. Since the analysis of the in-plane BRDF with almost

300 spectra is complicated, we introduced a simplified RGB representation as

illustrated in Figure 4.4. On the x- and the y-axis, the reflection (θo) and incident

angles (θi) are plotted, and each square represents an individual measurement

of the in-plane BRDF. To generate such an RGB image, we virtually illuminate

the spectra by multiplying them with the standard illuminant D65 spectrum and

the incident angle’s cosine. The resulting spectra are converted into the sRGB

colorspace (Sec. 2.1.2). Hence, a uniform BRDF spectrum results in an RGB

value of (1,1,1) perceived as white when adapted to D65.

In agreement with our previous observations, Figure 4.4 (left) shows that

the measured BRDF of Sample 1 appears reddish in the forward scattering and

greyish-bluish in the back-scattering. A new insight is a continuous transition

between the reddish and greyish-bluish appearance.

back- 
scattering

forward
scattering

mirror 
reflection

Measured Wave optics model  [YHW*18]

Figure 4.4: In-plane BRDF of Sample 1 (left) depicted in an RGB image and
simulated results using the wave-optics model from Yan et al. [3]. x and y-axis
are, respectively, reflected (θo) and incident (θi) angles. The reddish tone in the
mirror reflection (centre of the forward scattering) changes continuously into a
greyish-bluish tone in the back-scattering region. For the simulated data, the
back-scattering effect is not contemplated.
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Figure 4.5: On the left side, the measured spectral BRDFs of Sample 1 for for-
ward and back-scattering at θi = 40◦. On the right, the same for simulated scat-
tering using the wave-optics approach from Yan et al. [3]. The measured BRDF
spectra are linearly shifted towards long and short wavelengths in the forward
and back-scattering. Even though the increasing trend is noticeable in the simu-
lations, back-scattering is not contemplated.

The spectral data provide further information, as shown on the left side of

Figure 4.5. For an incident angle of 40◦, we observe close to linear increasing

and decreasing spectra for forward and back-scattering, respectively. The spec-

tra within these two extremes are tilted continuously from a positive slope in

forward scattering to a negative slope in back-scattering.

When comparing with the Fresnel reflectance of aluminium, we note the gen-

eral behaviour is present but without the tilt of the spectra. However, it is the

only physically plausible wavelength-dependent term in BRDF models based on

geometric optics. It is clear that these approaches cannot model the observed

colour pattern in the forward scattering and the linear shift tendency.

4.4 Analysis

In the previous section, we introduced three assumptions about the observed

wavelength shifts on rough aluminium samples. First, the wavelength shifts

originates from diffraction; second, they have a linear behaviour; third, they are

shifted towards long and short wavelengths in the forward and back-scattering,

63



respectively.

These observations are new to the computer graphics and optics community.

To the best of our knowledge, only the works by Levesque et al. [48, 49] report

these phenomena. Still, none provides a sound investigation or explanation. In

the following, we present a thorough analysis of the observed wavelength shifts,

providing a better understanding that supports our assumptions and serves as

the basis for new and simpler BRDF models.

Diffraction phenomena

To confirm that the observed scattering phenomena are indeed caused by diffrac-

tion, we used the BRDF model provided by Yan et al. [3] to simulate the wave-

optics scattering of Sample 1. As mentioned in Section 4.1, this model has the

advantage of integrating the GHS theory and, consequently, being valid for all

angles and rough surfaces. In addition, it works directly on the measured micro-

geometry.

We first sample the microgeometry in 1 µm steps, and then simulate the in-

plane BRDF by evaluating an area of 500× 500µm for 20 different wavelengths.

Figure 4.4 (right) shows the RGB representation of the simulated in-plane

BRDF. In the mirror direction, a reddish colour can be observed, similar to the

one in the measured data (left). As illustrated on the right side of Figure 4.5,

the corresponding simulated spectra have the same increasing trend as the mea-

sured data on the left side. The matching reddish colour and the increasing trend

indicate that the observed wavelength shift in forward scattering is caused by

diffraction.

The simulation, however, does not account for the decreasing trend in back-

scattering as observed in the measured data. One reasonable explanation is that

multiple reflections are not considered in the simulation. Apart from this, there

are other noticeable differences between measured and simulated data.

First, the simulated BRDF has a stronger specular reflection than the mea-

sured BRDF, which is illustrated in Figure 4.4 by the narrow forward scattering

and the near lack of back-scattering. Again, the ignored multiple reflections are

a reasonable explanation.

Second, the simulated BRDF has weaker off-specular peaks than the measured

BRDF. Even more, for grazing incident angles, the off-specular peak of the sim-

ulated data is shifted towards smaller reflection angles, contradicting the mea-

sured data. We noticed similar behaviour with the scatter simulation using the

virtual goniometer. Discretisation issues regarding microgeometry are a plausi-

ble explanation for this deviation.
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Linear wavelength shifts

When dealing with scattering models, a wavelength dependency of 1/λ4 is often

mentioned. A linear wavelength dependency, as observed in Section 4.3, is un-

usual, which was one of the primary motivations for this research. We further

investigated this linear behaviour by approximating the scattering of rough sur-

faces with the diffraction equation.

The sandblasted aluminium samples have a stochastically created surface

with an almost Gaussian height distribution. The superposition of many phase

gratings with varying orientations, periods, amplitudes, and phases can approx-

imate this kind of surface [77]. To investigate the observed linear wavelength

dependency, we further simplified this approach by approximating the rough

surfaces by superpositioning many amplitude gratings with different spacing.

For each grating, the relationship between the grating spacing, incident angle,

and the angle of the diffracted light is described by the diffraction equation:

θo = arcsin(sin(θi)−
mλ
d

), (4.1)

where the parameters m and d are the diffraction order and grating spacing, re-

spectively. In Figure 4.6 (a), the first order of light diffraction at gratings with

varying spacing is plotted. The plot comprises two interesting characteristics.

First, when the grating spacing decreases, the light is more strongly diffracted.

Second, small wavelengths are diffracted weaker than long wavelengths.

The detector of a gonioreflectometer or the human eye has a limited angular

resolution, thus integrating over an angle range. When simulating this integra-

tion by binning the grating diffraction with a bin size of 1◦, the resulting spectra

are shown in Figure 4.6 (b). All spectra have a clear linear dependency, where at

diffraction angles of 0◦ and 1◦, the slope is negative and at the remaining angles

positive. The negative slope results from the fact that there are practically no

long wavelengths in the first two bins.

These results show that the linear dependency does not originate directly

from the diffraction on the surface. But instead from the integration of the

diffraction over an angle range. Even though our approach is still a rough approx-

imation, it offers a reasonable explanation for the observed linear dependency in

the measured data.

Local fit of linear shifts

As stated in Section 4.3, the measured spectra seem to be tilted versions of the

Fresnel reflectance spectra. To verify this assumption, we heuristically describe
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Figure 4.6: First order of light diffraction at gratings with varying spacing (a) and
the resulting spectra when binning over the diffraction angles (b). Diffraction
is a reasonable explanation for the linear wavelength shifts observed on rough
surfaces.

the observed wavelength dependency by the multiplication of the Fresnel term

with a linear function:

fnorm(i,λ) = (mλ+ b) ·Fp(i,λ), (4.2)

where m and b are, respectively, the slope and y-axis intersection of the linear

function, and the exponent p takes into account the effect of multiple reflections.

We fit this model against the measured in-plane BRDF of Sample 1. The pa-

rametersm, b, and p are determined for each reflectance spectrum separately, and

we refer to this approach as local fit. Before conducting the local fit, the BRDF

spectra are normalised on an arbitrary wavelength λn, in our case 600 nm, to ob-

tain the spectral characteristic and remove any global scaling factor. The Fresnel

spectrum is likewise normalised, and b is chosen to rotate the spectrum around

λn by the linear function. This heuristic model fits the BRDF spectra very well

with an r2 score > 0.95 and > 0.90 for, respectively, 88 % and 93 % of all BRDF

spectra.

In Figure 4.7, the fitting results are further investigated from a perceptual

perspective. As expected, the Fresnel term has a neutral greyish appearance for

almost all incident and reflection angles, while the colour variation comes en-

tirely from the diffraction term. Again, it is evident that the Fresnel term cannot

model the colour modulation properly, leading naturally to large ∆E∗00 values up

to 12. Nevertheless, the Fresnel term still plays an important role, which lowers

the ∆E∗00 when accounting for it, as in Equation 4.2. In rare cases, barely percep-

tible differences with ∆E∗00 values above the JND of 1 occur.
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Local fit Measured Global fit
with cosine function

Fresnel term Diffraction term Fresnel * Diffraction

Figure 4.7: Comparison of the local and global fit with the measured data for
Sample 1 using the RGB representation. On the left, the local fit is divided into
the Fresnel and Diffraction term. The Delta E’s 2000 between the fitted and the
measured BRDFs are shown on the bottom row. In the case of local fit, the Delta
E’s remain below the perception threshold. The global fit leads to slightly higher
Delta E’s but can still adequately reproduce the measured data.

Both the r2 score and the ∆E∗00 values confirm our assumption that the ob-

served diffraction phenomenon has a linear wavelength-dependency, in agree-

ment with the observations made by Levesque et al. [49]. This result is of sub-

stantial value for developing a simple BRDF model that considers these phenom-

ena.

Global fit of linear shifts

Albeit the successful fitting by a linear function combined with the Fresnel term,

each spectrum was still considered independently. However, a global model is

necessary to describe the diffraction phenomena in an analytical BRDF model.

Similarly to the local model, we can describe the global model as follows:

fnorm(i,o,λ) = shif t(i,o,λ) ·Fp(i,λ). (4.3)

shif t(i,o,λ) =m(i,o) ·λ+ b. (4.4)

This model differs from Equation 4.2 only by the dependency of the slope distri-

butionm on the incident and reflection direction. We found that a cosine function

parametrised by θm describes this distribution well:

mcosine(i,o) = h · cos(w ·θm) + ty , (4.5)

where w and h scale the cosine function in the x- and y-axis, and ty translates the
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function along the y-axis. Note that θm is the angle between the macro surface

normal n and the microsurface normal m.

Figure 4.8 provides an example of a global fit for the slope distributions of

Sample 1. For each incident angle, we plot in blue the local fits and in orange

the global fit using the cosine function. The figure contains two interesting char-

acteristics. First, the slope values are symmetrical around the mirror reflection,

and second, they are periodic. The latter is even more noticeable for smoother

samples. We also note that the cosine function fit is adequate, only having issues

with the fast transition from a positive to a negative slope. Similar fitting results

are achieved for the other samples.

Figure 4.7 shows on the right side the global fit for Sample 1, while Figure 4.9

further shows results for Samples 2-5. Overall, the model provides a good fit

with increased precision for rougher surfaces. For smoother surfaces, the colour

differences increase, leading to noticeable differences for Sample 5.

The inadequacy of the cosine function to model fast transitions, which are

sharper on smoother surfaces, is a reasoned explanation for this trend. Further-

more, for smooth samples, the signal-to-noise ratio is very low for reflection an-

gles away from the specular reflection. This problem is mainly observed in the

mirror-like sample, which our model cannot fit properly.
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Figure 4.8: Slope distribution (y-axis) of Sample 1 resulting from the local fit
(blue line) and the global fit using a cosine function (orange line).
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Figure 4.9: Results of our global fitting model for Samples 2-5.

Scatter decomposition

Previously, we focused on analysing light scattering without having information

about its composition. It is helpful to decompose the light scattering into the

number of reflections to better understand the observed scattering phenomena,

mainly the different diffraction phenomena in the forward and back-scattering.

This can be achieved using our virtual goniometer (Sec. 2.3) combined with the

microgeometries acquired with the confocal microscope. Figure 4.10 shows the

decomposition of the light scattering of Sample 1 into the first (blue) and multiple

reflections (light blue) for different incident angles. When further decomposing

the multiple reflections, we noted that the trend is the same for each number of

reflections, so there is no significant difference between two or more reflections

in terms of behaviour.

The plot demonstrates that, as expected, first reflections dominate the forward

scattering for all incident angles. Away from the forward scattering, the percent-

age of multiple reflections increases, and, for large incident angles, multiple re-

flections dominate the back-scattering. There is a correlation between the distri-

bution of the first reflection and the slope distributions in Figure 4.8 confirming

our assumption that the wavelength shifts toward long and short wavelengths

are related to first reflections in forward scattering and multiple reflections in

back-scattering. Furthermore, the scattering simulations explain the plateau ob-

served in the slope distributions, i.e. it is present when first reflections account

for nearly 100 % of the captured rays.
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Figure 4.10: Simulation results show in blue the percentage of energy coming
from single reflection rays and in light blue multi-reflection rays for wavelength
380 nm and varying incident angles.

The strong influence of multiple reflections in the back-scattering direction

also explains why the wave-optics simulation (Sec. 4.4) failed to capture such

effects since it does not account for them.

Diffraction on dielectric surfaces

We first observed the wavelength shifts at diffuse, dielectric ColorChecker

patches and the grey wall paint (Sec. 3.4). Levesque et al. also reported similar

wavelength shifts at Spectralon SRS-99 [49]. The diffraction phenomena are less

prominent for these rough dielectrics since internal diffuse scattering dominates

the overall reflectance at small angles. Nevertheless, surface scattering increases

at grazing angles due to the Fresnel effect, and the shift becomes perceivable.

Similar to the aluminium samples, we prepared samples of the Spectralon

SRS-02 with different roughness levels. We sanded each sample with sandpa-

per with varying grain sizes, from 60 to 5000 on the CAMI scale, where lower

numbers indicate rougher samples. Then, we measured the in-plane BRDF and

retrieved the slope of the spectra with the local fit approach. We assume that

SRS-02 reflects light uniformly, so we don’t consider the Fresnel effect, which is
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Figure 4.11: Slope distributions locally fitted with a linear function of Spec-
tralon SRS 02 sanded with grain size in the CAMI scale of 60, 1000, 2500. Back-
scattering dominates for roughness 60, while forward scattering dominates for
roughness 2500. For roughness 1000, forward and back-scattering compensate
each other.
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equivalent to setting p = 0 in Equations 4.2.

Spectralon SRS-02 has a 2 % reflectance and scatters light in an almost ideal

diffuse manner. Similar to the more well-known Spectralon SRS-99, it has no

wavelength preferences. The strong light absorbance eliminates internal diffuse

scattering and, thus, allows for the analysis of surface scattering.

When analysing the wavelength shifts of this material, we note some interest-

ing characteristics in line with our previous observations. Figure 4.11 shows the

slope distributions for three different roughness (60, 1000, 2500). For roughness

60, back-scattering dominates. At an incident angle 0◦, the slopes are distributed

as a valley with a maximal negative slope around the incident angle. When the in-

cident angle increases, the valley accompanies the back-scattering direction while

the slope for the forward scattering increases. For roughness 2500, we observe a

reverse behaviour, which leads us to assume that the forward scattering domi-

nates the back-scattering in this case. Contrary to the previous two roughness,

for roughness 1000, the wavelength shifts caused by forward and back-scattering

compensate each other, leading to a uniform slope distribution at incident angle

0◦.

These results demonstrate that the wavelength shifts occur on conductive and

dielectric surfaces, which again confirms the diffraction hypothesis. Further-

more, it confirms our assumption that forward and back-scattering lead to shifts

towards long and short wavelengths.

Discussion

From the measured BRDFs, we observed wavelength shifts in the responses,

which are not caused by measurement errors, as proven in Chapter 2.2.3. The var-

ied analysis with the acquired multi-modal dataset points towards a diffraction-

based effect. We note that the shifts are linear when compensating for the Fresnel

effect, an unusual optics behaviour. Our local and global fitting models confirm

this linear tendency, and the grating simulations point towards phenomena re-

lated to the integration of diffraction effects. We suspected a further dependency

on the number of reflections, which the scattering simulations confirmed. Finally,

we showed that these are not phenomena particular to conductors by performing

the same analysis with a dielectric material.

Based on the presented experimental analysis of light interaction with rough

surfaces, we posit the following theory:

Diffraction occurs on rough surfaces, dielectric and conductive, lead-

ing to an on average reddish and bluish appearance in forward and

back-scattering, respectively. These diffraction phenomena are lin-
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early wavelength-dependent; thus, a linear function describes them

well. The shift towards long wavelengths originates from light scat-

tered a single time. Conversely, the shift towards short wavelengths

originates from multiple reflections. These phenomena dictate the

overall visual appearance of rough conductors with a neutral re-

flectance. On the other hand, at rough dielectrics, they are only

prominent at grazing angles.

We showed that the colour shift is, at least for the investigated aluminium

samples, adequately fitted by the simple analytic model presented in Equa-

tion 4.3. The presented shift function can be used to extend microfacet BRDF

models, like the classical Cook Torrance model. As shown in the following sec-

tion, this is a straightforward and computationally cheap approach to simulate

diffraction.

Moreover, the presented model still has limitations as it is only valid for a

limited range of surface types. Our model struggles to fit the slope distribution

of roughness 1000, where the forward and back-scattering compensate for small

incident angles but become more prominent with increasing angles. A more gen-

eral approach could come from the superposition of two weighted functions sep-

arating the diffraction phenomena caused by first and multiple reflections. The

weights could be defined by the ratio of first and multiple reflections.

4.5 Application

So far, we analytically described in Equation 4.3 the observed wavelength shifts

on rough surfaces caused by diffraction. This section shows how the shift func-

tion can easily extend microfacet models based on geometric optics (Eq. 4.4).

Further, we demonstrate that the new diffraction model improves the fitting of

measured BRDFs of conductors and dielectrics in all cases. Finally, we compare

renderings computed with the Cook-Torrance and our diffraction model.

BRDF model

As stated in Chapter 2.1.4, the Cook-Torrance model is a widespread BRDF model

based on microfacet theory that models the reflection of dielectrics and conduc-

tors. In the following, we will use two slightly modified versions of the original

Cook-Torrance model, one for conductors and one for dielectrics. The reflection

of conductors is described by the microfacet model as follows:

fr(λ,ωo,ωi) =
D(ωh)F(ωi ,ωh)G(ωo,ωi ,ωh)

4cos(θo)cos(θi)
. (4.6)
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In contrast to the original Cook-Torrance model, the diffuse and specular

albedo are removed because conductors don’t refract light; hence they don’t re-

emit light, and the specular albedo isn’t physically plausible.

For dielectrics, the model for conductors is extended by the diffuse albedo to

account for internal scattering:

fdielectric(λ,ωo,ωi) =
kd,λ
π

+ fr . (4.7)

In the following, we will refer to both models as modified Cook-Torrance model.

The Cook-Torrance model is based on geometric optics; hence wave-optics

phenomena, such as the observed wavelength shifts, are not yet considered. This

leads, particularly for rough conductors, to clear perceivable deviations from re-

ality. Therefore, we extended the modified Cook-Torrance models with the ob-

served wavelength shifts by multiplying fr with the shift function as described in

Equation 4.4:

fr,dif f raction(i,o,n,λ) = shif t · fr . (4.8)

Our model assumes that the overall scattering is well described by the Cook-

Torrance model, consequently, by geometric optics and that the shift function

approximates the observed diffraction phenomena.

We observed that for both the conductive and dielectric versions of our BRDF

model, the exponent p and the offset parameter ty of the global fit approach

(Eq. 4.3) have a marginal influence on the fitting of the measured BRDF. Hence,

we did not include them in the BRDF model.

Fitting

A common way to validate BRDF models is to fit them against measured BRDF

data. To demonstrate that our diffraction model outperforms the modified Cook-

Torrance model, we fit both against the measured in-plane BRDFs of the alu-

minium samples (conductors) and the 24 ColorChecker patches (dielectrics) in-

troduced in the previous chapter. The GGX distribution function and Smith’s

shadowing-masking function, described in Chapter 2.1.4, are used for all models.

The implementation of the Fresnel equation and the fitting process is different for

conductors and dielectrics, as explained in the following.

Aluminum samples: To fit the in-plane BRDFs of the aluminium samples, we

use the original Fresnel equations as defined in Chapter 2.1.3 with the refractive

index of aluminium given in the literature [78]. Consequently, for the modified

Cook-Torrance model, only the roughness parameter α and for our model addi-
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tionally, the parameters w and h of the shift function have to be determined.

The fitting of the parameters is performed in python with the nonlinear

least squares minimisation function of the library lmfit [82]. The Levenberg-

Marquardt fitting method and the cost function by Löw et al. [36] are used.

The fitting result of Sample 1 is illustrated in Figure 4.12a. In the top row,

the fitted in-plane BRDF with the modified Cook-Torrance model (left) and our

model (right), as well as the measured in-plane BRDF (centre), are shown. The

bottom row shows the ∆E∗00 between the respective fitted and measured BRDF.

The figure demonstrates that the scatter distribution of the modified Cook-

Torrance, and our model are the same, but the colour appearance is different.

Our model fits much better the yellowish and bluish appearance of the measured

BRDF in the forward and back-scattering. At all measurement points, our model

outperforms the modified Cook-Torrance model as confirmed by the ∆E∗00 plots

and the, on average, lower ∆E∗00 by 2 points. Similar fitting results can be ob-

served in all sandblasted aluminium samples as shown in Table 4.2. The fitting

improvements diminish with decreasing roughness, which can be explained by

the diminishing influence of the wavelength shifts on smooth surfaces.

Although our model improves the fitting of the measured BRDFs, there are

still differences. Our model struggles to fit the scattering distribution while fit-

ting the colour appearance well. We assume that the micro surface of the alu-

minium samples, which consists of randomly distributed cavities, is not well rep-

resented by microfacet models, which approximate the micro surface by tiny flat

mirrors. It is well known that not only the distribution of the microfacet normals

but also their arrangement have a significant influence on the scatter distribution.

For Sample 6 (mirror sample), we observed another fitting issue. The mea-

sured BRDF values at grazing incident angles were much smaller than the simu-

lated ones. A possible explanation is that our goniometer fails to correctly mea-

sure the BRDF of smooth surfaces under grazing angles, but more investigation

is necessary. In any case, for this sample, measurements under grazing incident

angles are weighted less in the fitting process.

ColorChecker patches: The ColorChecker patches’ fitting differs from the alu-

minium samples’ fitting due to the unknown refractive index and the diffuse

albedo. Both have to be determined in addition to the fitting parameters of con-

ductors.

We use the convenient approximation of the Fresnel equation for dielectrics

introduced by Cook and Torrance [29] as reviewed in Chapter 2.1.4. Assuming

that the refractive index of dielectrics is wavelength-independent further simpli-

fies the Fresnel equation.
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Cook-Torrance GGX Measured Our

Ø dE 6.94 Ø dE 5,05

(a) Aluminum Sample 1.

Cook-Torrance GGX Measured Our

Ø dE 1.82 Ø dE 0.94

(b) ColorChecker Patch 4.

Figure 4.12: Comparison of the fitting of a conductor (a) and a dielectric (b) with
the Cook-Torrance and our model.

Like the fitting process described in Chapter 3.3.2, the process is again di-

vided into a nonlinear and linear optimisation process. The model parameters
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Al Sample No. 1 2 3 4 5 6
Cook-Torrance GGX 6.94 7.11 7.74 9.23 6.97 17.48

Our 5.02 5.83 6.32 7.46 6.02 17.05

ColorChecker No. 1 4 10 14 22 24
Cook-Torrance GGX 1.69 1.82 1.47 1.23 1.66 2.37

Our 0.95 0.94 1.09 0.81 1.27 0.92

Table 4.2: Averaged dE 2000 between the measured in-plane BRDFs of the alu-
minium samples (top table) and ColorChecker patches (bottom table) and their
respective fittings with the Cook-Torrance and our model. For all samples, our
model outperforms the Cook-Torrance model.

α, η, w and h are determined in the nonlinear optimisation, where w and h are

only determined for our diffraction model. For the linear optimisation, linear

regression is employed to determine the wavelength-dependent diffuse albedo

kd,λ.

The fitting result of the ColorChecker Patch 4 in Figure 4.12b demonstrates

that our model outperforms the modified Cook-Torrance model also when fit-

ting dielectrics. Our model improves the fitting of diffuse reflection and of the

specular reflection, particularly visible at grazing angles. The modified Cook-

Torrance model tries to compensate for the lack of wavelength shifts with the

diffuse albedo resulting in a reddish-tinted diffuse albedo. The ∆E∗00 plots con-

firm this observation; the ∆E∗00 is lower at grazing and small angles, where the

diffuse reflection dominates.

Similar fitting results are obtained for all ColorChecker patches. The results

for six patches are shown in Table 4.2.

Renderings

The fitting results demonstrate that our model improves the modelling of both

conductors and dielectrics. Nevertheless, it provides limited information on the

visual differences of objects rendered with the measured, the modified Cook-

Torrance, or our model. Although we cannot generate reference renderings with

the measured in-plane BRDFs, as is usually done, we generated renderings with

the modified Cook-Torrance and our model of the aluminium samples and Col-

orChecker patches. Comparing both renderings demonstrates the influence of

the wavelength shifts on the object’s appearance.

We used Mitsuba 2 [4] and extended the Mitsuba plugins roughconductor and

roughdielectric by the shift function (Eq. 4.8). In the case of dielectrics, we used a

modified version of the matpreview scene, where the environment map is replaced

by a spotlight and another directional light source.
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(a) Aluminum samples.
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(b) ColorChecker patches.

Figure 4.13: Renderings computed with Mitsuba 2 [4] and the fitted BRDFs of
aluminium samples (a) and ColorChecker patches (b). Clear differences between
the Cook-Torrance and our model can be observed for both conductors and di-
electrics, as confirmed by large Delta E 2000 values. Note the different scales of
the colour bars.
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In Figure 4.13, the renderings of six aluminium samples (a) and six Col-

orChecker patches (b), the corresponding render times, and the ∆E∗00 images are

presented. The modified Cook-Torrance model creates a homogeneous, greyish

appearance for the aluminium samples. On the contrary, with our model, the

object is tinted yellowish and, towards the edges, bluish. This effect can be well

observed on rough surfaces, which is confirmed by the higher ∆E∗00 values. In

our opinion, our model leads to a more natural, realistic look, while the object

appears more synthetic with the Cook-Torrance model.

For the ColorChecker patches, the differences between the renderings are

more subtle, leading to smaller ∆E∗00 than for the aluminium samples. The dif-

ferences are difficult to perceive in the side-by-side comparison. However, the

∆E∗00 are nearly for all patches above the JND of 1 and for some, particularly

dark patches, clearly above the JND. These differences probably further increase

for dielectrics with lower refractive indices due to the stronger surface reflection.

The render time of the modified Cook-Torrance and our model is practically

the same. Only for conductors an increase of up to 3 % is observed. The simplicity

of the model, accompanied by the low computational costs, are huge benefits

compared to current diffraction models and, consequently, enable its use in real-

time applications.

4.6 Conclusion

Our experimental investigation of light interaction with rough surfaces not only

gives a better understanding of scattering phenomena but also allows us to de-

scribe them in a simple way. We combined different measurement modalities to

thoroughly analyse some underlying phenomena that significantly influence the

material’s appearance.

Based on the analysis of the experimental results, we posited the theory that

single reflections, predominately in the forward scattering, leading to a linear

wavelength shift towards long wavelengths, thus to a reddish appearance. Con-

trary, multiple scattering, predominately in back-scattering, leads to a linear shift

towards short wavelengths, hence a bluish appearance. We provide strong evi-

dence that both phenomena are caused by diffraction. We observed that these

linear wavelength shifts significantly impact the appearance of rough conduc-

tors. It also influences, even if less prominently, the appearance of dielectrics.

Our conclusions are in agreement with all different measured data modalities.

Furthermore, simulations using wave and geometric optics back our claims.

These are novel insights for the computer graphics community, and break-

ing down the scattering phenomena allows for considering diffraction effects in
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a simplified manner. This is well demonstrated by the introduced diffraction

model, where the Cook-Torrance model is extended by the shift function to ac-

count for diffraction. The simple approach outperforms the Cook-Torrance model

for all tested dielectrics and conductors at nearly no extra computational costs.

The provided renderings further demonstrate the high impact of the wavelength

shifts on the visual appearance.
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5. Colour in virtual reality

As we motivated in the introduction, the image display is, besides the light sim-

ulation, another bottleneck of VP. To further improve the fidelity of VP and thus

increase the acceptance in the industry, we address in this chapter the colour-

consistent image display on VR HMD.

Usually, rendered images are displayed on a monitor. Current monitors pro-

vide consistent colour reproduction with a large colour gamut, high resolution

and high dynamic range. However, conventional monitors are rarely used for VP

due to their low immersion. Virtual prototypes require complex visualization

systems, providing stereo reproduction with head tracking, a display with high

resolution and large field of view (FOV), and interaction possibilities.

Current systems addressing these properties are often based on virtual real-

ity (VR) or augmented reality (AR). VR describes a computer-generated virtual

world where users can move freely and interact with virtual objects in real-time.

The primary goal of VR is that the user dives into the virtual world and loses

touch with reality. The virtual world has not necessarily been similar to the real

world.

AR describes the enhancement of the real world by computer-generated con-

tent, usually three-dimensional objects, integrated into the real environment.

Therefore, AR devices have to scan the real world geometrically. Visualization

systems based on AR usually provide poor colour rendering due to the physi-

cal superposition of the virtual content with the real environment. A consistent

colour rendering compensating the background is complicated and reduces the

colourspace considerably. Consequently, virtual prototypes used for design deci-

sions often use visualization systems based on VR.

In the past, Powerwalls and CAVEs were predominately used as VR systems

for VP. The Powerwall is a large display with a high resolution, often consisting of

several displays or projectors arranged in a matrix. The CAVE follows a similar

approach; however, the user is surrounded by three up to six projection walls

arranged in a cube instead of a single wall. Although both systems provide stereo

reproduction and head tracking, the immersion of a CAVE is much better due to

the considerably larger FOV. The major disadvantages of these VR systems are
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the high price and the required physical space. Furthermore, in both systems,

immersion is often disturbed by the mixture of virtual and real environments.

As stated in Chapter 1, virtual reality head mounted displays (VR HMDs)

have become more attractive to the industry with the advent of recent consumer

devices, such as the Oculus Rift and the HTC Vive. They provide a similar or

even higher immersion as CAVEs [83] or Powerwalls while being significantly

cheaper and requiring less space. In the industry, consumer VR HMDs are al-

ready in use for VP, although there has been no work dealing with the display

characterization and calibration of VR HMDs from a colour perspective. In this

chapter, we demonstrate that colour calibration is crucial for the fidelity of vir-

tual prototypes. We present a simple display model for VR HMDs and verify

the simulated and real application of the display model using two frameworks.

The display model and the proposed frameworks are implemented with the HTC

Vive Pro and the Pimax 5k+.

5.1 Related work

Only a few works deal with the colour calibration of VR systems, and none con-

sider the colour calibration of VR HMDs. Some works describe the character-

ization and calibration of a stereoscopic projection system based on the Infitec

colour separation technology [84–86]. The Infitec technology requires two pro-

jectors with slightly different primary valences, often achieved by using inter-

ference filters in front of the projectors. The user wears special glasses with the

corresponding filters, which separate the full-colour image for the left and right

eye [87].

Kresse et al. [84] built two multi-projector displays using the Infitec tech-

nology; the digital CAVE and the HEyeWall (a high-quality and high-resolution

stereo display). To provide colour consistency, they determined the common

gamut of all projectors and the gamma curves for each colour channel. Adjusting

the input-RGB values accordingly improves the colour consistency but still leads

to clearly discernible differences between different projectors. Furthermore, us-

ing a common gamut decreases the gamut and contrast compared to the native

properties of the projectors.

Gadia et al. [85] present a virtual reality theatre which uses a stereo multi-

projector display similar to the HEyeWall. They characterize the VR theater’s

projectors spectrally and colourimetrically. They conclude that the filters reduce

the maximum luminance from 44 cd/m2 to 15 cd/m2 and that the common gamut

negatively affects the red and blue channels.

Gerhardt et al. [86] extend the approach of Kresse et al. [84] by adding a
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colour difference threshold. The common gamut is maximized in an optimiza-

tion process where the colour differences are within the defined threshold. They

recommend a threshold of ∆Ea∗b∗ = 20 for a white uniform patch. This threshold

is clearly above the JND of 2.7.

Projector-based VR systems are costly and require a lot of space. It is difficult

to calibrate them, and even calibrated systems are insufficient for colour-critical

applications such as VP. Recently, Infitec published new filters with more spectral

bands. Referring to their website [88], these filters lead to more accurate colour

reproduction. Unfortunately, no evaluation results are available yet.

5.2 Definition and verification of the display model

There are two classical ways to calibrate displays: with a look-up table contain-

ing many display measurements or with a matrix profile. The latter is typically

preferred due to its simplicity. The matrix approach requires a display model

that describes how a digital input signal is transformed into a specific rendered

colour on display. In the following, we present a display model for the calibra-

tion of VR HMDs and two frameworks for verifying how well displays respect

the assumptions made in the display model.

The display model

We use the display model shown in Figure 5.1 to describe the colour reproduction

of VR HMDs. Our model assumes that each pixel consists of three independent

light sources with the constant emission spectra r(λ), g(λ) and b(λ). Their in-

tensities are controlled by the linear gain factors RGBLin within the range [0,1].

The gamma curves describe the nonlinear relationship between the RGBLin and

the input signals RGB. The three additive primary colours are overlaid by an in-
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Figure 5.1: The Display model.
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dependent black component comprising the residual display light and ambient

light. For HMDs, the reflection component is negligible due to the encapsulation

of the displays from ambient light.
According to the display model, the colour stimulus f (λ) is linearly composed

of the intensities of the modulated three primary spectra and the black spectrum,
as shown in Equation 5.1:

f (λ) = black(λ) +RLin · r0(λ) +GLin · g0(λ) +BLin · b0(λ) (5.1)

Based on this equation, a relationship between the RGBLin signal and the result-

ing display tristimulus values XYZDisp is derived in the following.
The XYZDisp values are computed by multiplying and integrating the colour

stimulus f (λ) with the CIE colour matching functions (Sec. 2.1.2):
X

Y

Z


Disp

=
∫
λ


x(λ)

y(λ)

z(λ)

 · f (λ)dλ (5.2)

Substituting f (λ) from Equation 5.1 into Equation 5.2 leads to Equation 5.3,
which can then be resolved in terms of the RGBLin signals as detailed in Equa-
tion 5.4.

∫
λ


x(λ)

y(λ)

z(λ)

 ·black(λ)dλ+


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 (5.4)

Finally, we compute the nonlinearRGB control signals by applying the inverse

gamma curves. In conclusion, to fully describe our display model, we need to

acquire the primary valences, the gamma curves, and the black signal.

Framework 1: Verification of the display model

In the display model, we made several assumptions about the display colour re-

production, which are not always respected by displays. Particularly, VR-HMDs’

displays are not well studied in the literature, which is why it is essential to verify
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how well they respect the model assumptions. Therefore we provide two verifi-

cation frameworks, where the first one is depicted in Figure 5.2. The framework

is divided into two paths: the measurement and the simulation path. In the

measurement path, RGB test colours are displayed, and the resultant emission

spectra are measured with an EyeOne Pro 2 (Sec. 2.3). The measured spectra are

first converted into tristimulus values and then into the L∗ a∗ b∗-space.

In the simulation path, the display model simulates the emission spectra re-

sulting from the RGB test colours, which are again converted into the L∗ a∗ b∗-

space. The display model is verified by conducting a physical and colourimetric

comparison. In the physical comparison, the measured and simulated spectra are

compared, while the ∆E∗00 is computed in the colourimetric comparison.
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Figure 5.2: Verification of the display model.

Framework 2: Verification of the display model application

The second framework illustrated in Figure 5.3 verifies the application of the

display model by calculating the ∆E∗00 between measured colours and their re-

production on display. Therefore, the reflectance spectra of a ColorChecker are

measured, multiplied with an illumination spectrum, and converted into the ab-

solute tristimulus values XYZRef . The XYZRef values are normalized with the

display black and white point as described in [89]. Applying the display model
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Figure 5.3: Verification of the display model application.
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backward on the normalized XYZRef values leads to the display control values

RGBDisp, which are displayed, and the resulting emission spectra fDisplay(λ) cap-

tured with an EyeOne Pro 2. These emission spectra are converted to the tristim-

ulus values XYZDisp and normalized in the same way as XYZRef . Both the nor-

malized XYZRef and XYZDisplay values are converted with a given white point

to L∗ a∗ b∗-space, and the ∆E∗00 is calculated. The resulting ∆Es∗00 define how well

the display model works in the application.

5.3 Calibration of HTC Vive Pro and Pimax 5k+

To verify how well consumer VR HMDs respect the assumptions made in the dis-

play model, we implement the described display model and verification frame-

works with the consumer VR HMDs: HTC Vive Pro and Pimax 5k+. The HTC

Vive Pro is a widespread VR HMD that has already been used successfully in the

industry and science. The Pimax 5k+ has an extraordinary display resolution, a

weakness of most VR HMDs.

Implementation of the display model

Usually, VR HMDs have two separate displays for the right and left eye. Each

display has to be calibrated individually since the display characteristic varies

from panel to panel. Even if only one display is used for both eyes, a separate

calibration is recommended to compensate for inhomogeneities.

We implement the display model by acquiring the gamma curves, primary

valences, and black- and white levels of the left and right display of the Vive Pro

and Pimax. For this purpose, each display is controlled with 10 RGB values per

colour channel, giving the nonlinear gamma curves and primary valences, as well

as with the maximum and minimum RGB signal providing the black- and white

level. In all cases, the emission spectra are measured with an EyeOne Pro 2.

The display model defines the device colourspace and, consequently, provides

information about the display quality from a colour perspective. A comparison

of the display properties of the Vive Pro and Pimax is shown in Figure 5.4, where

the diagrams in (a)-(c) characterize the display colourspaces and in (d) verify the

display model.

Figure 5.4(a) demonstrates that the Vive Pro has a much lower black level than

the Pimax, which can be traced back to the different display technologies. The

Vive’s AMOLED display completely turns off each pixel independently, whereas

the Pimax’s LCD panel can not fully block the backlight. This results in a lower

and consequently better black level of 0.04 cd/m2 for the Vive Pro compared to
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Figure 5.4: Display characterization of the HTC Vive Pro and Pimax 5k+. The
left and right columns show the results for the left and right displays. (a) Black
level. (b) Original white spectrum and the simulation with the display model. (c)
Chromaticity diagram including the sRGB, AdobeRGB, and display colourspaces.
(d) DeltaE histogram (see Figure 5.2).

0.21 cd/m2 for the Pimax.

In Figure 5.4(b), the measured white spectrum (original) and its simulation

with the display model are shown. The Vive Pro has a considerable brighter white

spectrum than the Pimax, which is confirmed by the maximum luminance of
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130 cd/m2 compared to 80 cd/m2. However, the Pimax shows a better match between

the original and simulated white spectrum, which indicates that the Vive Pro

does not entirely meet the assumptions made in the display model.

The chromaticity diagrams in Figure 5.4 (c) depict the primary valences of

the display, sRGB, and AdobeRGB colourspaces. The primary valences of the

Vive Pro and Pimax are in great accordance with the AdobeRGB and sRGB

colourspace, respectively.

We conclude that the Vive Pro has a considerably larger colourspace than the

Pimax. The Vive Pro almost covers the whole AdobeRGB colourspace. Only

the maximum luminance of 130 cd/m2 is below the 160 cd/m2 of the AdobeRGB

colourspace. The Pimax covers only the clearly smaller sRGB colourspace.

Verification of the display model

The Vive Pro clearly outperforms the Pimax in terms of display capacities. How-

ever, the display capacities do not provide information about the consistent

colour reproduction. To evaluate how well both HMDs respect the model as-

sumptions, we implement the verification framework in Figure 5.2. We used

equally sampled RGB values with a step size of 85 digits as the input RGB-test

colours. The histograms in Figure 5.4(d) show the resulting ∆Es∗00 between the

measured and simulated test colours. Both the Vive Pro and the Pimax have an

average ∆E∗00 of 0.5, which is below the JND. Approximately 10 % of the test

colours lead to ∆Es∗00 larger than 1, but only a few of them are larger than 2.

Hence, most of the colour differences are not discernible when compared side-

by-side. The verification of the display model shows that both VR HMDs are in

great accordance with the assumptions made in the display model. Thus, the

presented display model adequately describes the displays of these two devices.

Table 5.1 summarizes the results of the display characterization and calibra-

tion of the Vive Pro and Pimax. From the table follows that the Vive Pro is more

suitable for VP than the Pimax due to its larger colourspace, lower black level

and lower maximum ∆E∗00.

Verification of the display model application

We finally investigate the display model application by implementing the sec-

ond framework in Figure 5.3. Following, we only present the results of the left

display of the Vive Pro since the left and right displays have almost the same

characteristics, and the Vive Pro is more suitable for VP than the Pimax.

As input for the framework, we use the reflectance spectra of the X-rite Col-

orChecker Digital SG with 96 patches. We virtually illuminate the patches with
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HTC Vive Pro Pimax 5k+
Display technology AMOLED LCD

FOV 110◦ 200◦

Resolution 1440 x 1600 2560 x 1440
Colourspace ∼ AdobeRGB ∼ sRGB

Max. Luminance 130 cd/m2 80 cd/m2

Min. Luminance 0.04 cd/m2 0.21 cd/m2

Contrast ratio 3250:1 377:1
Max. dE 2.3 3.4
Mean dE 0.5 0.5

Table 5.1: Results of our display characterization

the display’s whitepoint to guarantee that all ColorChecker spectra are within

the display’s colourspace. Usually, VR HMDs are not calibrated, and the HMDs

are controlled directly by the sRGB or AdobeRGB values. To demonstrate the dif-

ferences between a workflow with and without colour management, we conduct

the framework with the sRGB, AdobeRGB and measured display profiles.

The results of the three approaches are shown in Figure 5.5, where the first

row shows the colour comparison between the reference colours (outer square)

and the displayed colours (inner square), and the second row the corresponding

∆E∗00 histograms. The figure demonstrates impressively that the standard work-

flow with the sRGB profile leads to clearly perceptible colour differences between

the reference and displayed colour for all patches. The AdobeRGB colourspace

considerably improves colour reproduction due to its similarity to the Vive Pro

colourspace. However, the colour reproduction is with an average ∆E∗00 of 5.7,

Figure 5.5: Comparison of measured colours and its reproduction with the sRGB,
the AdobeRGB, and the measured display profile on the Vive Pro.
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still insufficient for colour-critical application. Contrary, our approach leads to

a convincing colour reproduction with an average ∆E∗00 of 1. The small colour

differences again confirm that our display model works and that the Vive Pro,

combined with our colour management, can be used for colour-critical applica-

tions, such as VP.

5.4 Conclusion

We presented a simple display model, which can be used to characterize the dis-

plays of current consumer VR HMDs. We concluded that both the HTC Vive Pro

and Pimax 5k+ match the assumptions made in the display model well. However,

we recommend for colour-critical applications the Vive Pro due to its consider-

ably larger colourspace. The Vive Pro almost covers the AdobeRGB colourspace,

while the Pimax only covers the sRGB colourspace. We demonstrate that with

our calibration approach, measured colours can be, on average, reproduced with

a ∆E∗00 of 1, which is below the JND. The commonly used sRGB and AdobeRGB

profiles without colour management lead to average ∆Es∗00 of 11.2 and 5.7, which

is insufficient for colour-critical applications. Another advantage of making our

display model suitable for VP is that it can be easily incorporated into a real-time

rendering system with only marginal computational overhead.

Although our display model considerably improves the colour reproduction

of VR HMDs, there is still space for improvement. Our display model does not

consider the Fresnel lenses, thus omitting lens aberrations. The display model

has to be extended by the lens’s characterization to provide a more complete

model. Maxwell et al. [90] already proposed some research in this direction. Fur-

thermore, our display model assumes that the brightness and colour reproduc-

tion is homogeneous over the whole display panel. However, especially OLED-

displays do not respect this assumption. For practical applications, it would be

important to quantify the colour consistency between different pixels and, if nec-

essary, correct it.
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6. Conclusion

A critical application of virtual prototyping (VP) is optimising the product de-

sign. For this application, colour consistency is crucial for its success. Although

virtual prototypes are not yet predictive, thus possibly leading to wrong design

decisions, they are already integral to product development. However, so far, vir-

tual prototypes are purely informative, hence do not replace physical prototypes.

An important future goal of VP that would significantly increase its acceptance

and benefits is the usage of virtual prototypes as releases for virtual develop-

ment stages. This thesis tackles three topics improving the fidelity of VP, which

gets us closer to this goal. These topics are the validation of the light simulation

of render software to identify the main bottlenecks, the representation of rough

materials, which is particularly challenging due wave-optics phenomena and the

colour consistency of consumer VR-HMDs.

In the first step, we identified the main bottlenecks of the light simulation in

render software. Therefore, we developed a validation framework where the light

simulation is verified experimentally by comparing it with reality. The frame-

work is based on ground truth data (GTD) comprising the accurate description

of a novel reference scene, called Normbox, and the reference data, spectral ra-

diance spectra measured inside the Normbox. The key difference to previous

works is the spectral GTD allowing for spectral simulations and, consequently, a

spectral comparison. Implementing the framework with the reference renderer

Mitsuba confirmed the high fidelity of the GTD. Furthermore, it demonstrated

that the BRDF model is the primary error source, as we already suspected from

the measurement and processing errors analysis. The Cook-Torrance model fails

to model back-scattering and the comparative high specular reflection. More-

over, it cannot represent linear increasing and decreasing reflectance spectra in

the forward- and back-scattering. To our knowledge, these scattering phenomena

are new to the computer and optics community.

In the second step, we analysed these scattering phenomena with a multi-

modal dataset and described them in a heuristic model. The dataset consists of

the micro topographies, macro photos, spectral in-plane BRDFs and scattering

simulations of eight aluminium samples with varying roughness. The investiga-
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tion of the dataset gives us three interesting observations. First, the appearance of

rough aluminium samples varies drastically with the incident and reflection an-

gle, where the forward and back-scattering appear on average reddish and grey-

ish bluish instead of greyish as expected from Fresnel equations. Second, on the

surface of rough samples, we observed colour patterns resembling speckle pat-

terns, which is why we suspect a diffraction-based scattering effect. And third,

the reddish and greyish-bluish colour originates, surprisingly, from linear in-

creasing and decreasing reflectance spectra. We confirmed the diffraction and

linear tendency hypothesis through a thorough analysis by conducting wave op-

tics simulations. Furthermore, we found that single and multiple scattering leads

to the observed wavelength shifts in the forward- and back-scattering. Based on

these insights, we introduced a heuristic model that approximates these wave-

length shifts well with a linear shift function. We extended the popular Cook-

Torrance model by the shift function and demonstrated that the extended Cook-

Torrance model outperforms the original one when fitting against measured in-

plane BRDFs of conductors and dielectrics.

In the third step, we dealt with the colour consistency of consumer VR-HMDs.

Besides the light simulation, image reproduction greatly impacts the fidelity of

a virtual prototype. We presented a simple display model that describes each

display of a VR HMD by a separate matrix profile. The display model assumes

that each display pixel consists of three independent light sources with a con-

stant emission spectrum, whose intensities are linearly controlled by the digital

input signal. We implemented the display model with the consumer VR-HMDs

Vive Pro and Pimax 5k. For both HMDs, the display model describes the dis-

play characteristics well. Nevertheless, we recommend the Vive Pro for VP from

a colour perspective due to its considerably larger colourspace. The Vive Pro

almost covers the Adobe RGB-colourspace and reproduces colours with our cali-

bration approach without perceivable colour differences.

At the beginning of this work, we observed that VP struggles to be predictive,

which strongly limits its benefits. With this work, we significantly progressed to-

wards predictive VP by improving the light simulation and image display. How-

ever, as demonstrated throughout the thesis, VP covers a broad spectrum of disci-

plines, where each one still has unresolved problems. Further research is needed

to push VP forward in the industry. To support this future research, we made the

GTD and the multi-modal dataset freely accessible.

From this work several natural future works emerge, where three directions

are auspicious. First, extending the Normbox by a spectral camera to capture

spectral images as reference data instead of spot measurements enables the val-

idation of the light simulation for scenes of complex materials and objects. Sec-
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ond, studying the single and multiple scattering using the presented virtual go-

niometer and measured micro geometries helps to develop more complete scat-

tering models that are the basis for a more general diffraction model. And third,

analysing the influence of the Fresnel lenses on colour reproduction and devel-

oping a display model dependent on the viewing location and angle further im-

proves the image display on VR HMDs.
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