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Summary

Vil

Despite the maturity of physically-based simulation tools, daylight modelling in
existing buildings remains challenging. In practice, their applications are constrained
by difficulties in acquiring, defining, and validating the input data. These limitations
arise at multiple stages: reconstructing indoor geometry to meet the requirements of
daylight models, accurately characterising material optical properties, and
calibrating simulated models. Together, these aspects create bottlenecks that limit
the reliability and broader applicability of such models in post-occupancy studies and
retrofit analyses.

This dissertation develops and validates definitions and techniques for constructing,
evaluating, and calibrating digital indoor models for daylight and spectral simulation,
aiming to reduce error, effort, and time. It focuses on developing and assessing
(semi-)automatic workflows for the creation, characterisation, and calibration of
indoor daylight models.

To address this overarching goal, the following research questions are investigated:

How sensitive are Climate-based daylight modelling (CBDM) results to geometric
levels of detail?

What are the uncertainties caused by inaccurate material definitions in CBDM results?

How can indoor geometries be efficiently reconstructed to meet the requirements of
daylight simulation models?

To what extent can image-based material characterisation techniques be applied to
indoor daylight models?

How can simulated spectral indoor models be calibrated to account for uncertainties
in scene reconstruction?

Research Methodology

A mixed-method approach combining modelling and measurement was employed.
The research comprised five interconnected activities, each addressing one of the
research questions.

The first activity introduced a data-driven definition of Geometrical Level of Detail
(GLoD) for interior spaces. Five GLoDs were defined by incrementally including



viii

non-permanent Oriented Bounding Box (OBB) areas, from GLoDO (permanent shells
only) to GLoD4 (complete geometry). Six case-study rooms were simulated using an
advanced 2-phased Radiance method. Performance was evaluated in terms of Total
Annual Illumination (TAI), spatial Root Mean Squared Error (RMSE), and computation
time.

The second activity developed a measurement-informed definition of Material Class
of Precision (MCoP) to quantify how uncertainty in optical properties propagates to
annual daylight metrics. Based on 106 paired measurements using Average
Hemispherical Reflectance (AHR) with a reflectance spectrophotometer as ground
truth, four normal distributions (o € [0.05, 0.20]) were defined for reflectance and
transmittance. Five GLoDs were combined with four MCoPs in a Monte Carlo
experiment (500 iterations per cell; 60,000 simulations in total), with errors
quantified using Percentage Error (PE), Mean Absolute Percentage Error (MAPE), and
RMSE.

The third activity addressed the effort required to manually construct indoor
geometry by leveraging a three-step semi-automatic pipeline for reconstructing
simulation-ready GLoDO geometry from point clouds. The workflow comprised: (1)
preprocessing; (2) watertight reconstruction of permanent surfaces using PolyFit
(Nan and Wonka, 2017); and (3) semi-automatic window boundary reconstruction
through candidate patch detection, lasso-based selection, regularization, and
trimming/extrusion.

The fourth activity evaluated three image-based techniques for estimating material
reflectance—Illuminance-Proxy (Mardaljevic et al., 2015), Ferwerda (Ferwerda,
2018), and Luo (Luo et al., 2024)—and assessed their influence on daylight
simulation. In addition, a spectral uplifting method (Jakob and Hanika, 2019) was
also tested to reconstruct full spectral reflectance from Red, Green, Blue (RGB)
inputs, which supports non-visual daylight simulations.

The final activity introduced and tested a calibration workflow for indoor spectral
daylight simulation that addresses key uncertainty sources in scene
reconstruction—sun-sky conditions, exterior obstructions, and window spectral
transmittance—by selecting window transmittance as a single tunable parameter.
Short-term field measurements in a university classroom under overcast conditions
were used to identify the optimal transmittance scaling by minimising 18-channel
irradiance errors.

Results

Sensitivity of CBDM results to geometric levels of detail

Gradual exclusion of non-permanent objects from GLoD4 to GLoDO increases average
TAI error by ~1.08% to 18.05% respectively, with the largest deviations around
object locations where daylight was obstructed. Errors are higher in densely
furnished rooms and lower in open rooms. Computation time drops substantially (up
to ~3x) as geometry is simplified. In practice, GLoD2 (removing objects with OBB
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area < 2.4 m?) limits average TAI error to < 10%-15% while providing large speed
gains, offering a pragmatic balance for early analyses; higher GLoDs are advisable for
detailed design or dense furnishings.

Sensitivity of CBDM results to uncertainty in defining material properties

Output TAI distributions widen consistently with increasing input uncertainty, while
medians remain stable. Distributions are generally symmetric but often deviate from
normality, indicating the presence of non-linear transformations in the simulation.
Uncertainty in predicting annual results increases approximately linearly with MCoP
across spaces and GLoDs. In the most complete geometry (GLoD4), median
uncertainty spans ~10%-35% depending on the room (narrower in some spaces
and 5%-15% in one high-window case). Spatial analysis shows larger uncertainty
near glazing, implicating window transmittance as the dominant contributor
compared to surface reflectance.

Efficient geometry reconstruction Across multiple rooms of varying sizes, shapes, and
window complexity, the semi-automatic pipeline reconstructs GLoDO models with a
total modelling time (user + compute) under 5 minutes for successful cases. Useful
Daylight Illuminance (UDI) absolute error is <10%; mean TAI percentage error is
within 12%-18% for rooms with rectangular windows and up to 44% for rooms with
non-rectangular or arched openings; Daylight Glare Probability (DGP) RMSE is < 0.04.
Advantages include watertightness, the inclusion of window extrusion, reduced user
interaction to mitigate false detections, and a symmetric-window prior more robust
than strict rectangularity. Limitations include planarity assumptions, missing
mullions and co-planar subsurfaces, challenges with arched openings, susceptibility
to complex geometries, omission of beams/columns, and untested multi-room
scalability.

Image-based material characterisation Ferwerda’s technique provides the most
balanced performance (Mean Relative Bias (MRB)~13%, Root Mean Squared Relative
Error (RMSRE)~31%) with stable results across lighting, TAI overestimation of
33%-65%, and negligible influence on DGP (< 0.02). Illuminance-Proxy achieves
MRB=:19% and RMSRE~41% but overestimates TAI by ~1019% in the case study,
performing best on diffuse, planar surfaces under smooth illumination. Luo’s method
exhibits the largest errors in reflectance (Ap up to 0.48; AE,; up to ~70) and TAI
overestimation (~1349%). Spectral uplifting reconstructs full spectra with
wavelength-wise RMSRE < 20% and Melanopic equivalent daylight illuminance
(m-EDI) deviation < 6%, confirming that tristimulus inputs can support spectral
daylight simulations with small added uncertainty.

Spectral calibration

Simulated—-measured spectral shapes agree well even before calibration (Pearson

r = 0.89-0.92), explaining the stability of the M/P ratio. After scaling the window
transmittance spectrum while preserving its shape, systematic bias on the control
sensor is nearly eliminated for Photopic Illuminance (E,) and m-EDI

(MBE;a € [—5.8%, 2.7%]), with total error magnitude RMSE,.; =~ 18% and
dispersion 0.1 =~ 18%. Residual spatial errors increase with distance from the fagade,
indicating that inter-reflections and local modelling inaccuracies dominate at greater
depths.
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Samenvatting

Xi

Ondanks de volwassenheid van fysisch gebaseerde simulatieprogramma’s blijft
daglichtmodellering in bestaande gebouwen uitdagend. In de praktijk worden
toepassingen beperkt door moeilijkheden bij het verkrijgen, definiéren en valideren
van essentiéle invoergegevens. Deze beperkingen doen zich voor in verschillende
fasen: het reconstrueren van de binnengeometrie volgens de eisen van
daglichtmodellen, het nauwkeurig karakteriseren van materiaaleigenschappen en het
kalibreren van de gesimuleerde modellen. Gezamenlijk vormen deze aspecten
knelpunten die de betrouwbaarheid en toepasbaarheid van dergelijke modellen voor
bestaande gebouwen, zoals voor post-occupancy-studies en renovatieanalyses,
beperken.

Dit proefschrift ontwikkelt en valideert definities en technieken voor het opbouwen,
evalueren en kalibreren van digitale binnenmodellen voor daglicht- en spectrale
simulatie, met als doel de fout, inspanning en rekentijd te verminderen. De nadruk
ligt op het ontwikkelen en beoordelen van (semi-)automatische workflows voor het
opstellen, karakteriseren en kalibreren van binnendaglichtmodellen voor bestaande
gebouwen.

Om dit overkoepelende doel te bereiken, worden de volgende onderzoeksvragen
onderzocht:

Hoe gevoelig zijn Climate-based daylight modelling (CBDM)-resultaten voor
geometrische detailniveaus?

Welke onzekerheden ontstaan door onnauwkeurige materiaalspecificaties in
CBDM-resultaten?

Hoe kunnen binnengeometrieén efficiént worden gereconstrueerd voor
daglichtsimulatie?

In welke mate kunnen beeldgebaseerde technieken worden toegepast voor materiaal
karakterisering?

Hoe kunnen spectrale binnenmodellen worden gekalibreerd om onzekerheden in
reconstructie te compenseren?



Xii

Onderzoeksmethode

Er is een gecombineerde aanpak gebruikt gebaseerd op modellering en meting. Het
onderzoek bestaat uit vijf samenhangende onderdelen, elk gericht op één
onderzoeksvraag.

Het eerste onderdeel introduceert een data-gedreven definitie van Geometrical Level
of Detail (GLoD) voor binnenruimtes. Vijf niveaus werden gedefinieerd door
stapsgewijs niet-permanente objecten toe te voegen met behulp van Oriented
Bounding Box (OBB)-oppervlakken, van GLoDO (enkel permanente schillen) tot
GLoD4 (volledige geometrie). Zes praktijkruimtes werden gesimuleerd met een
geavanceerde tweefasen-Radiance-methode. De prestaties werden geévalueerd op
basis van totale jaarlijkse verlichtingssterkte (Total Annual Illumination (TAI)),
ruimtelijke Root Mean Squared Error (RMSE) en rekentijd.

Het tweede onderdeel ontwikkelt een meet-geinformeerde definitie van Material Class
of Precision (MCoP) om te kwantificeren hoe onzekerheden in optische
eigenschappen zich voortplanten naar jaarlijkse daglichtstatistieken. Op basis van
106 gekoppelde metingen met een Average Hemispherical Reflectance (AHR) en een
reflectantie-spectrofotometer als referentie werden vier normale verdelingen

(o € ]0.05, 0.20]) gedefinieerd voor reflectantie en transmissie. Vijf GLoDs werden
gecombineerd met vier MCoPs in een Monte Carlo-experiment (500 iteraties per cel;
in totaal 60.000 simulaties). Fouten werden gekwantificeerd met Percentage Error
(PE), Mean Absolute Percentage Error (MAPE) en Root Mean Squared Error (RMSE).

Het derde onderdeel richt zich op het verminderen van de handmatige inspanning bij
het modelleren van binnengeometrie via een driefasen semi-automatische pipeline
om simulatie-klare GLoDO-modellen te reconstrueren uit puntenwolken. De workflow
omvat: (1) voorbewerking; (2) waterdichte reconstructie van permanente
oppervlakken met PolyFit (Nan and Wonka, 2017); en (3) semi-automatische
reconstructie van raamgrenzen via detectie van kandidaat-vlakken, selectie met een
lasso-tool, regularisatie en extrusie.

Het vierde onderdeel evalueert drie beeldgebaseerde technieken voor het schatten
van materiaalreflectantie—Illuminance-Proxy (Mardaljevic et al., 2015), Ferwerda
(Ferwerda, 2018) en Luo (Luo et al., 2024)—en hun invioed op daglichtsimulatie.
Daarnaast werd een spectrale reconstructiemethode (Jakob and Hanika, 2019)
getest om volledige spectra te reconstrueren uit Red, Green, Blue (RGB)-inputs, wat
niet-visuele daglichtsimulaties ondersteunt.

Het laatste onderdeel introduceert en test een kalibratie-workflow voor spectrale
binnendaglichtsimulatie die rekening houdt met onzekerheden in
scéne-reconstructie—zon-hemelcondities, externe obstructies en spectrale
transmissie van ramen—door de raamtransmissie als enige afstembare parameter te
gebruiken. Korte veldmetingen onder bewolkte omstandigheden werden gebruikt om
de optimale transmissieschaal te bepalen door 18-kanaals irradiantie-fouten te
minimaliseren.
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Resultaten

Geometrische gevoeligheid Het weglaten van niet-permanente objecten van GLoD4
naar GLoDO verhoogt de gemiddelde TAI-fout van ongeveer 1,1% tot 18%, met de
grootste afwijkingen nabij objectlocaties. Fouten zijn groter in dicht gemeubileerde
ruimten. De rekentijd daalt tot circa 3x bij vereenvoudigde geometrie. GLoD2 biedt
een praktische balans (fout <10-15%) met aanzienlijke snelheidswinst.

Onzekerheid in materiaaleigenschappen De spreiding van Total Annual Illumination
(TAI)-resultaten neemt lineair toe met de MCoP. Medianen blijven stabiel, maar de
verdelingen volgen niet een normale verdeling. In GLoD4 varieert de mediaan
onzekerheid van 10-35%, afhankelijk van de ruimte. De grootste onzekerheid bevindt
zich nabij ramen, wat aangeeft dat transmissie een dominantere rol speelt dan
reflectie.

Efficiénte geometrische reconstructie De semi-automatische pipeline reconstrueert
GLoDO-modellen in minder dan 5 minuten per ruimte. UDI-fout is <10%, TAI-fout
12-18% (tot 44% bij niet-rechthoekige openingen) en DGP-RMSE <0,04. De sterke
punten van de pipeline zijn: waterdichtheid, raamextrusie, minder
gebruikersinteractie en robuustheid tegen foutdetecties. De beperkingen zijn:
vlakheidsaanname, ontbrekende stijlen/delen, beperkte toepasbaarheid op complexe
of meervoudige ruimtes.

Beeldgebaseerde materiaalkarakterisering Ferwerda’s methode levert de meest
gebalanceerde prestaties (Mean Relative Bias (MRB)~13%, Root Mean Squared
Relative Error (RMSRE)=a:319%), met stabiele resultaten en beperkte invioed op DGP
(<0,02). Illuminance-Proxy overschat TAI sterk ( 101%) maar werkt goed bij diffuse,
vlakke oppervlakken. Luo’s methode vertoont de grootste fouten (Ap tot 0,48; AE,;,
tot 70). Spectrale reconstructie bereikt een golflengte-RMSRE <20% en
m-EDI-afwijking <6%, wat de bruikbaarheid van RGB-inputs bevestigt.

Spectrale kalibratie Gesimuleerde en gemeten spectra komen goed overeen (Pearson
r = 0,89-0,92). Na schaalcorrectie van de raamtransmissie is de systematische bias
vrijwel verdwenen (MBE,. € [—5,8%, 2,7%]), met RMSE,.; = 18%. De resterende
ruimtelijke fouten nemen toe met afstand tot de gevel.
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1 Introduction

1.1

Overview

Obtaining desired levels of daylight is crucial for a healthy building design. Low
exposure to daylight hinders the functioning of occupants and can lead to symptoms
of depressive disorder and seasonal affective disorder (Tregenza and Wilson, 2013).
Sufficient daylight has also been shown to mitigate the progression of childhood
myopia (Chakraborty et al., 2018). This is even more critical in buildings where
occupants are confined indoors and do not have free access to the outdoors, e.g.,
hospitals (Tregenza and Wilson, 2013). On the flip side, excessive exposure to
daylight can cause discomfort, glare and increase the risk of overheating. Optimising
daylight levels in building design can significantly enhance well-being, regulate the
circadian rhythm, and improve productivity while mitigating issues associated with
inadequate or excessive exposure to natural light Heschong (1999, 2006); Lee et al.
(2022); Knoop et al. (2020).

To predict the daylight performance of buildings at the design stage, numerical
evaluation of daylight provision and occupant comfort based on digital models of the
design has become an indispensable part of the design process. This has been
recognized by national and international standardisation entities such as the
European Committee for standardisation (CEN) (CEN, 2018) and building
certification programmes such as Leadership in Energy and Environmental Design
(LEED), Building Research Establishment Environmental Assessment Method
(BREEAM), and WELL (USGBC, 2014; Building Research Establishment (BRE), 2023;
International WELL Building Institute (IWBI), 2023). They all mandate acceptable
levels of daylight to ensure environmental sustainability and to meet occupants’
comfort, increasingly relying on annual metrics calculated with Climate-based
daylight modelling (CBDM) as a reliable daylight simulation technique.

Simulation models are not only predictors of newly designed interiors, but they can
also be instrumental in Post-occupancy Evaluation (POE) of buildings. POE studies
aim to provide evidence from existing buildings to improve the design of future
buildings and serve as a basis for testing various retrofit strategies. Retrofitting
existing buildings provides a significant opportunity to improve building performance
and reduce their energy use by up to 84% (Regnier et al., 2018). Besides, the

Introduction



replacement of existing buildings by newly constructed ones is very low. In the UK,
for instance, this turnover is less than 1% per year (Roberts, 2008). It is estimated
that more than 90% of the energy consumption of the buildings after 2050 will be
from buildings built before 2000 (IEA, 2011). Thus, retrofitting the existing building
stock is one of the main ways to achieve higher levels of occupant satisfaction while
minimizing energy consumption in the built environment, which has attracted
considerable attention from policymakers and building owners.

To achieve that goal, physically-based simulations are crucial tools for practitioners.
With daylight as a key performance aspect of indoor spaces, several researchers
implemented simulation as a retrofit decision support tool to optimize the design of
different elements within the indoor space. These elements include skylights (Bian
et al., 2021), inner windows (Koh et al., 2020), partitions (Abdollahzadeh et al.,
2020), and louver systems (Hashemi, 2014), or electric lighting systems (Zhou et al.,
2015). Jradi et al. further proposed retrofit packages rather than focusing on one
component of the space (Jradi et al., 2017).

Daylight models are also implemented as part of the buildings’ digital twins and for
active Model Predictive Control (MPC) systems. Digital twins consist of five main
parts: (1) a physical part that is the real-world object or space being represented
virtually using the (2) virtual part, alongside the (3) connections which require data
transfer from the physical part to the virtual representation with a non-mandatory
feedback component, (4) data, and (5) services, i.e., the action of controlling building
elements (Jiang et al., 2021). In the case of daylight models, this includes simulation
and control decision-making for shading system and electric lighting control systems.

A physically based daylight model requires five key inputs: (1) a 3D model of the
indoor environment, (2) optical properties of its interior surfaces, (3) a 3D model of
the outdoor context, and (4) optical properties of the outdoor context, together with
(5) the sky luminance distribution. The first two are, unlike 3, 4, and 5,
building-specific and cannot be characterised and reconstructed on a large scale.
This makes the whole modelling resource-intensive and time-consuming.

This dissertation proposes definitions and techniques for daylight modelling in
existing indoor spaces, with an emphasis on models whose performance remains
stable and reliable across a wide range of conditions.

This dissertation primarily targets the automation of these two essential inputs for
daylight simulation—the reconstruction of indoor 3D geometry and the
characterisation of material optical properties. However, even when these inputs are
defined with high fidelity, systematic discrepancies often remain due to factors such
as sun-sky conditions and exterior obstructions. Consequently, a calibration
workflow is included as an often necessary step to align simulations with field
measurements and improve reliability.
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1.2

Research Outline

1.2.1

The dissertation focuses on automating the reconstruction of indoor geometry and
the characterisation of material properties, which constitute the two principal inputs
of daylight simulation. Yet, accurate inputs alone do not guarantee perfect
agreement between simulated and measured light levels; residual errors commonly
persist (e.g., from sky/solar variability and exterior obstructions). Accordingly,
calibration is treated not as an optional add-on but as a supporting and frequently
necessary step to align simulated and measured outcomes and enhance the
applicability of the resulting digital models.

The remainder of this section introduces the research problems and gaps
(Section 1.2.1) and the aim and objectives (Section 1.2.2).

Problem statement and research gaps

The absence of standardised frameworks for acquiring, processing, and representing
required inputs limits scalability and hinders large-scale building performance
analyses based on evidence from the existing built environment. This research
addresses these challenges by identifying and addressing five key gaps in material
characterisation and geometric reconstruction, with the first two related to material
characterisation, other two to geometrical reconstruction, and one regarding the
calibration of spectral daylight models.

Gap 1: There is no standardised classification of the refinement in geometrical details
necessary for indoor daylight applications.

Urban Levels of Detail (LoD) definitions balance reconstruction cost and application
needs, and several indoor extensions target other domains (e.g., disaster
management, area determination, route visualisation) (Kemec et al., 2012; Boeters
et al., 2015; Hagedorn et al., 2009). These do not address indoor daylight
requirements, limiting informed decisions during 3D model construction. A
fit-for-purpose framework for standardised classification of the refinement in
geometrical details would align reconstruction possibilities with data requirements
for daylight simulations and support automated pipelines.

Gap 2: Uncertainty from inaccurate material definitions in daylight modelling is
underexplored.

Although optical properties strongly influence daylight assessment outcomes, the
uncertainty introduced by different measurement techniques or simplifying reality via
assumptions remains insufficiently quantified. Quantifying input uncertainty will
guide researchers and practitioners in selecting appropriate measurement
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1.2.2

techniques and in conducting uncertainty analyses of daylight performance metrics.

Gap 3: Current techniques for modelling of indoor daylight require extensive manual
labour to reconstruct 3D models for daylight applications.

As-built daylight models depend on field measurements and reconstruction of main
surfaces (walls, ceilings, floors), windows, and furniture. Common practice relies on
point-by-point measurement or manual surface modelling from point clouds as raw
geometric data (Quek and Jakubiec, 2021), which is time-consuming and
labour-intensive, especially in geometrically complex spaces. New methods are
needed to automate this step.

Gap 4: There is no low-cost, automated workflow for characterising opaque surface
properties for daylight simulation.

Traditional approaches (e.g., albedo via luminance/illuminance readings or
reflectance spectrophotometers) require expensive equipment and substantial
on-site effort. Consequently, practitioners often select materials from pre-existing
datasets, which can introduce mismatches and subjectivity (e.g., in colour selection).
Developing automated, accessible alternatives would enable large-scale application
and improve modelling accuracy across diverse contexts. Applying computer vision
and image processing techniques have been found effective in estimating reflectance
and texture directly from photographs on sample scale (Bodart et al., 2008; Jakubiec,
2022; Mardaljevic et al., 2015, 2021; Ferwerda, 2018; Luo et al., 2024; Kavoosighafi
et al., 2024). These methods can provide scalable and low-cost alternatives to
traditional measurements, enabling material characterisation from imagery collected
with consumer-grade cameras.

Gap 5: Calibration of indoor spectral daylight simulation/ipRGC-influenced light (IIL)
is underdeveloped.

In contrast to building energy simulation, where calibration practices and error
metrics are well-established, the calibration of daylight and spectral irradiance
modelling lack a systematic approach. Existing efforts are limited to validating
individual tools or tuning multiple parameters in ad hoc ways. Regardless of how
accurate the on-site measurements are, uncertainties remain beyond the control of
the expert with access to the room, particularly in terms of sun-sky conditions,
exterior/context obstructions, and window spectral transmittance. These factors
significantly influence the accuracy of simulated spectral irradiance, yet are not
consistently accounted for in current calibration practices.

Research Aim and Objectives

Bridging the identified research gaps enables the development of reliable indoor
daylight models that can be generated with reduced cost, effort, and time.
Accordingly, the overarching aim of this research is to: Develop and evaluate
(semi-)automatic workflows for the creation, characterisation, and calibration of
digital indoor daylight models.

This aim is addressed through five specific research questions:
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RQ1: How sensitive are CBDM results to geometric levels of detail?

RQ2: What are the uncertainties caused by inaccurate material definition in CBDM
results?

RQ3: How can indoor geometries be efficiently reconstructed to meet the
requirements of daylight simulation models?

RQ4: To what extent can image-based material characterisation techniques be
applied to simulated indoor daylight models?

RQ5: How can simulated spectral indoor models be calibrated to account for
uncertainties in scene reconstruction?

Outline of this dissertation

This dissertation aims to develop workflows for daylight modelling in existing indoor
spaces. To achieve this, the dissertation addresses the five research gaps introduced
in Section 1.2.1, which fall into three thematic clusters (see Fig. 1.1): geometrical
reconstruction (Gaps 1 and 3), material characterisation (Gaps 2 and 4), and
calibration (Gap 5).

The first two chapters explain the importance of daylight modelling and quantify the
errors caused by inaccurate input definitions. Chapter 2 addresses Gap 1 by
evaluating the sensitivity of CBDM results to different GLoDs. It introduces formalized
levels of detail for representing indoor geometry—Geometrical Level of Detail
(GLoD)—and assesses how the accuracy of CBDM outcomes changes with changing
geometrical levels of detail. Chapter 3 then quantifies the uncertainty in CBDM
results caused by inaccuracies in the characterisation of material optical properties.
Together, Chapters 2 and 3 establish what degree of alignment between the actual
room and the digital model is relevant for daylight-dependent analyses. The actual
answer to this question is presumed to be project-dependent—i.e. on budget,
daylight priority, and application requirements—and a one-to-one correspondence
between these discrete levels of representation and specific design applications
would require further policy-making and standardisation, which is beyond the scope
of this work.

The second set of chapters proposes methods to reduce manual labour and time in
preparing daylight models, addressing Gaps 3 and 4. Chapter 4 addresses Gap 3 by
developing a semi-automatic workflow for reconstructing the permanent geometry of
indoor spaces from point cloud data. Although numerous scan-to-Building
Information Modelling (BIM) workflows have been proposed in recent decades, few
satisfy daylight simulation requirements—specifically watertightness and inclusion of
window boundaries. The proposed method automates this essential step of
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generating GLoDO geometry, which remains invariant to furnishings, while
incorporating reduced user input to ensure correctness and completeness of
reconstructed window boundaries.

Chapter 5 responds to Gap 4 by validating image-based material characterisation
and uplifting techniques for existing indoor spaces. This provides a scalable
alternative to expensive on-site measurements and subjective material definitions
that are prone to unknown errors. Three image-based techniques and one uplifting
technique are validated, and their accuracy and limits are quantified for photopic and
spectral daylight simulations.

Finally, Chapter 6 addresses Gap 5 by developing a calibration workflow for indoor
spectral daylight simulation. This workflow aligns simulated and measured spectral
irradiance, extending the scope of conventional three-channel validation toward
spectral and circadian-relevant performance metrics. It addresses uncertainties that
are often beyond the daylight expert’s budget and access when modelling daylight in
indoor spaces.

Chapter 7 concludes the dissertation by summarizing the findings and identifying
opportunities for future work.

Introduction
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RQ2 results? ! Chapter 3
How can indoor geometries be efficiently reconstructed to meet the require-

RQ3 ments of daylight simulation models? Chapter 4

To what extent can image-based material characterisation techniques be ap-
RQ4 plied to simulated indoor daylight models? Chapter 5

RQ5 How can simulated spectral indoor models be calibrated to account for uncer- Ch t 6
tainties in scene reconstruction? apter

Conclusion

FIG. 1.1 Structure of this dissertation.
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2 Sensitivity of CBDM

results to Geomet-
rical Levels of Detail

ABSTRACT

This chapter defines Geometrical Level of Detail (GLoD) for indoor daylight simulation
and quantifies how the degree of geometry completeness affects climate-based
daylight metrics. A semantically agnostic GLoD scheme tailored to interior spaces is
introduced: GLoDO includes only permanent shells (walls, floor, ceiling, windows),
while GLoD1-GLoD3 add non-permanent objects by size thresholds derived from the
Oriented Bounding Box (OBB) area distribution across nine spaces; GLoD4 contains
all objects found in those real spaces. Six case-study rooms are simulated with
Radiance using a daylight coefficient approach; performance is evaluated with Total
Annual Illumination (TAI), spatial Root Mean Squared Error (RMSE), and computation
time.

Gradual exclusion of non-permanent objects increases TAI error from GLoD4 as
follows: GLoD3 = 1.08%, GLoD2 = 6.55%, GLoD1 =~ 11.21%, and GLoDO ~ 18.05%
on average across rooms, with higher errors around furniture objects. Errors
concentrate around furniture due to local occlusion/reflectance effects, while
computation time drops substantially (up to ~3x faster at GLoDO). In practice,
GLoD2 (removing objects with 0BB< 2.4m?) limits average daylight availability error
to <10-15% with large speed increase, offering a pragmatic balance for early
analyses; higher GLoDs are advisable for detailed design or dense furnishings. The
GLoD framework enables application-specific acquisition/reconstruction
pipelines—as exemplified in Chapter 4—and provides standardised references to
assess (semi-)automatic geometry pipelines for daylight simulation.

This chapter is published as part of the peer-reviewed journal article: Forouzandeh, N., Brembilla, E., Nan, L.,
Stoter, J., & Jakubiec, A. (2024). Influence of geometrical levels of detail and inaccurate material optical
properties on daylight simulation. Energy and Buildings, 306, 113924.
https://doi.org/10.1016/j.enbuild.2024.113924.
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Part of this work is published in the conference paper: Forouzandeh, N., Brembilla, E., Stoter, J., & Nan, L.
(2023). Impact of geometrical resolution on long-term climate-based daylight metrics. In Proceedings of
Building Simulation 2023: 18th Conference of IBPSA, pp. 698-704.

A developed and formalized definition of GLoD is currently under review: Forouzandeh, N., Grobe, L., &
Brembilla, E. (2025) Geometrical Levels of Detail for Indoor Daylight Simulation.

Introduction
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In the early planning phase of a building, many details about the indoor configuration
remain undefined. This uncertainty arises from factors like the flexible nature of
interior layouts and the evolving needs of clients and future occupants. As a result,
constructing an accurate and detailed geometrical model at this stage is inherently
challenging. In contrast, after a building is built, acquiring its 3D model becomes a
fundamental step for different types of analysis, simulations, or interventions.

In all the building life-cycle stages, and regardless of the desired application of the
daylight model, a 3D model with an ‘optimal’ Levels of Detail (LoD) is necessary. This
could refer to (1) the most detailed model available, (2) a balanced 3D data
acquisition strategy that aligns reconstruction costs with the intended application, or
(3) a combination of both. As it will be described in more detail in Section 2.2, finding
this optimal LoDs has been a more urgent problem in the urban data domain, given
the importance of efficient representation and, as importantly, the manual acquisition
that highly detailed models require. Therefore, researchers in this domain have
developed and proposed the concept of Levels of Detail to balance acquisition and
reconstruction with the final application.

This work extends the understanding of the impact of Geometrical Levels of Detail
(GLoDs) on Climate-based daylight modelling (CBDM) results within indoor spaces.
The novelty of this research lies in the proposal of a tailored definition of GLoD
specifically designed for indoor daylight applications. This will be later
complemented by the introduction of the concept of Material Classes of Precision
(MCoPs) in Chapter 3.
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Literature review

11

The idea of GLoD has been extensively studied and applied in urban-level 3D
modelling of buildings to balance the acquisition and reconstruction costs
concerning the desired application requirements (Biljecki et al., 2016; Kutzner et al.,
2020). Five LoDs are defined in CityGML2.0 as LoDO: 2.5D building footprints and/or
roof edge polygons, LoD1: Extruded footprints, LoD2: Simple models with
differentiated roof structures and semantically enriched boundary surfaces, LoD3:
Detailed architectural models with openings, and LoD4: models with similarly detailed
indoor geometries of buildings.

The influence of modelling different LoDs has been investigated in the exterior
domain. Sadeghi and Mistrick modelled the exterior geometry in six different LoDs by
the inclusion of different semantics based on size at each LoD (Sadeghi and Mistrick,
2022). Biljecki et al. studied the propagation of positional errors in the estimation of
the solar irradiation of building roofs based on TU Delft’s LoDs jointly with varying
XY/Z accuracy levels to realistically model 3D models using different acquisition
techniques with varying accuracy levels (Biljecki et al., 2016).

There have been multiple attempts to extend these definitions to the interior domain:

Kemec et al. define three new LoDs to improve the standard LoDs 1, 2, and 3 for
disaster management. This includes LoD 1.5 with storeys, LoD2.5 with indoor
buildings parts, and LoD3.5 with apartments (Kemec et al., 2012).

Boeters et al. propose a joint exterior and indoor LoD definition for indoor area
determination (Boeters et al., 2015).

Hogedorn et al. propose four LoDs for indoor navigation, where LoD1 includes
building’s access points, outer shell, building parts, LoD2 includes various spaces,
indoor routes, and 2D floor plans, LoD3 shows space height, shape of doors and
windows, and LoD4 includes all interior and exterior details of buildings, at the
highest degree of realism (Hagedorn et al., 2009).

Benner et al. break indoor LoDs into semantic and geometric. They define four indoor
LoDs, with LoDO as the 2D and 2.5D representation, LoD1 as vertical solid extrusion,
LoD2 as generalized real geometry, and LoD3 as the exact real geometry (Benner
etal, 2013).

Billen et al. propose three internal LoDs. In their work, LoD1 includes one or more
internal PPSS generalized by polyhedra. LoD 2 are all the internal PPSS represented
according to some geometric generalization and the openings linking the internal
sub-spaces are represented. And LoD3 being identical to level 2 without geometrical
generalization and with the addition of openings on the outside (Billen et al., 2012).

Existing definitions in such studies are low in resolution when indoor daylight is the
desired analysis. For example, in the CityGML model only in LoD3 do the openings
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appear, and in LoD4 indoor objects are included. This makes it impossible to study
the impact of indoor geometrical resolution on CBDM results.

To address this, Agarwal et al. introduced LoDs for fagade representations (Agarwal
et al., 2024) to study the uncertainties associated with different fagade
representations at the concept-design stage. More specifically for the indoors, Grobe
and Jakubiec defined semantic definition of LoDs with the following specifications
(Grobe and Jakubiec, 2023):

LoD4 The detailed model including furniture and shading devices, with measured
reflection properties. Such LoD is typically possible only in a post-occupancy study.

LoD3 as LoD4 without furnishing and a low wall reflectance of 0.20 to compensate for
that. This information is expected to be available in an advanced planning phase.

As LoD4 but without furnishing, with original wall reflectance and shading.

As LoD2 but without any shading devices, reflecting LoD at earlier planning phases.

However, currently there is no semantically agnostic geometric definition of indoor
LoDs. This definition can be particularly helpful when the indoor model is not
semantically labelled and enriched. To address this, a GLoD framework is defined in
this chapter to better study the influence of geometry completeness on daylight
availability calculations without the need for semantic information.

GLoD and LoD are not completely distinct concepts. In the context of this
dissertation, GLoD is used to refer to the concept that is missing in daylight literature
and the definition that is developed in this research to address that. This is to prevent
confusion with other definitions of LoD that might also account for topological,
semantic, or other types of information.

Data and Methods

2.3.1

Geometrical Level of Detail (GLoD)

In this work five GLoDs are defined by size-wise inclusion of non-permanent indoor
objects. GLoDO contains only the permanent objects, i.e., walls, windows, floor, and
ceilings. These objects are the elements crucial for any type of indoor daylight
simulation. In this framework, the most complete GLoD is the GLoD4, which contains
all the indoor objects regardless of size and mobility. Three in-between GLoDs are
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defined by including objects greater than certain thresholds. These thresholds are
determined as the surface area of Oriented Bounding Box (OBB) corresponding to the
25" 50", and 75" percentiles of the cumulative distribution of the non-permanent
indoor objects across all of the case-study spaces.

An OBB represents the smallest rectangular box that completely encompasses an
object while allowing for arbitrary rotations in three-dimensional space. Unlike an
Axis-aligned Bounding Box (AABB), which is fixed to the coordinate axes, an OBB can
be rotated to match the orientation of the object it encloses. OBB area was chosen
instead of its volume because, in the input geometrical data, some of the indoor
objects like desk surfaces are modelled as single surfaces instead of
three-dimensional volumes. While the volume for these objects is zero, they influence
the daylight results and thus should be represented with a non-zero value. This
measure is chosen for both its relative accuracy and generalisability. An example of
four different bounding geometries in 2-dimensional space is shown in Fig.2.1.

FIG. 2.1 Bounding geometries. From left to right: (a) Surrounding Sphere, (b) Axis-aligned bounding box, (c)
0BB, and (d) Convex hull.

A statistical summary of object sizes in the case study spaces is presented in Fig. 2.2.
According to this data, the threshold OBB area values for the in-between GLoD1,
GLoD2, and GLoD3 are 3.0, 2.4, and 0.5m?, respectively. This means that, for
instance, an object with OBB size of 2.2m?, appears in GLoDs 3 and 4, but not in 2, 1,
and 0.

Case study spaces and input preparation

Six teaching and office spaces are included in this study. The general information and
the 3D representation of the spaces are presented in Table 2.1 and Table 2.2,
respectively. The spaces are sampled from common university spaces with varying
sizes in two different geographical locations. Geometrical information was acquired
using multiple Light Detection and Ranging (LiDAR) scans for each scene, followed by
the registration of all scans and the manual reconstruction of surface models for
each space.
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FIG. 2.2 Summary of object sizes in the case study spaces.

TABLE 2.1 Descriptions of the case study rooms.
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WBG550 Delft, NL Open office 12x9.8x5.8 29.4  Yes Yes No

WO01050 Delft, NL Meeting room 5.8x4.4x5.8 9.1 Yes Yes No
WBG640 Delft, NL Meeting room  7.2x3.4x2.6 40.9 Yes Yes Yes

DA_200 Toronto, Classroom 16.6x10.6x3.5-9.1 Yes Yes Yes
CA 6.7

DA_230 Toronto, Classroom 14.5x9.7x3 9.6 Yes Yes Yes
CA

MH_440 Toronto, Classroom 11.7x8.3x4.0 141 Yes Yes Yes
CA

To increase the generalisability of this geometrical definition, three additional interior
spaces are included in the case study spaces that are only used for GLoD definition.
These spaces are introduced in Table 2.3 and Fig. 2.3. These spaces are reused from
another study done by Queck and Jakubiec on the calibration and validation of
climate-based daylighting models based on one-time field measurement (Quek and
Jakubiec, 2021).
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TABLE 2.2 Case study Rooms - 3D representation.

WBG550 wW01050 WBG640

151 252 383

FIG. 2.3 Additional case study spaces for GLoD definition — 3D views.
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TABLE 2.3 Additional case study spaces for GLoD definition—general information.

SpaceID Location Space type Dimensions[m] WFR [%]
S1 Singapore, SG  Open office 35 x 94 x 4.5 10.6
S2 Singapore, SG  Open office 26 x 30 x 3.3 33.1
S3 Singapore, SG  Open office  20.9 x 15.7 x 4.7 8.6

2.3.3  Simulation setup
Radiance was used to conduct the indoor annual daylight simulation (Larson and
Shakespeare, 1998). Radiance is a physically-based rendering system that is
implemented in several building daylight simulation tools and is validated against
measurements in many empirical studies (Geisler-Moroder et al., 2016; McNeil et al.,
2013). In a validation study done by Mardaljevic it is shown that Radiance predictions
have a mean relative error of 5.6% with a standard deviation of 3.4% (Mardaljevic,
1995)). Dynamic Daylight Simulation (DDS) was used, which is based on the daylight
coefficient method and consists of the following steps (Subramaniam, 2017)):
1 Performing annual daylight coefficient simulation (C4.5S).
2 Performing annual direct-only daylight coefficients simulation (CgcaSq).
3 Performing annual sun-coefficients simulation (CsunSsun)-
4 Combining the results using the Eqg. 2.1 to calculate the illuminance matrix (E).
E= Cch - Cdcdsd + Csunssun (21)
Total Annual Illumination (TAI) was calculated as the performance indicator for each
run as shown in Eq. 2.2 . This is calculated as the average illuminance value across
the space throughout the occupied times in the entire simulation year. The occupancy
hours are assumed between 9:00 and 17:00. Eqg. 2.2 shows how TAI is calculated.
1 G H
TAl = —— FE;; 2.2
1000*G;;( ) (2:2)
Where:
T AI Total Annual Illumination in kix.hour/year
E;; Illuminance value at point ¢ at time step j
G Number of grid points
H Number of simulation hours
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These calculations were conducted on DelftBlue (Delft High Performance
Computing Centre DHPC, 2024). Each annual computation iteration was performed
on a single CPU with 12GB of memory.

Error calculation

2.4

The model evaluation uses three metrics, namely Percentage Error (PE), Root Mean
Squared Error (RMSE), and simulation time. PE and RMSE are defined in Appendix A.

Results

241

Definition of GLoDs

2.4.2

The 3D representation of three example spaces in multiple GLoDs is shown in Fig. 2.4.
Some semantic elements first appear in different GLoD across different interior
spaces. This is because of the variation in the size of instances within that semantic.
For instance, chairs appear first in GLoD3 for space W071050 and DA_230, but in
MH_440 and WBG640 they appear in GLoD2. This is because their OBB sizes in these
spaces are slightly larger than the former ones. A general pattern can be derived
from the analysis of the nine indoor spaces included in this study, revealing the
common semantic features found in each GLoD. This is illustrated in Fig. 2.5.

Influence of varying GLoDs

17

Effects of varying GLoDs are shown in terms of PE and RMSE in Fig. 2.6 and Fig. 2.7,
respectively. According to these results, on average, gradual exclusion of
non-permanent objects in GLoD3 to GLoDO results in 1.08, 6.55, 11.21, and 18.05 %
errors in the final TAI, respectively. The influence of geometrical resolution on annual
daylight results is summarized in Table 2.4. Moreover, the spatial distribution of
errors is plotted in Fig. 2.8. It shows that the results grid points around the furniture
pieces have the highest deviations from the ground truth with varying GLoDs. This
can only be due to the effective obstruction of the daylight falling onto the adjacent

Sensitivity of CBDM results to Geometrical Levels of Detail



WO01050

WBG640

DA_230

MH_440

FIG. 2.4 3D representation of spaces in multiple GLoDs. The number of objects is indicated above each GLoD.
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FIG. 2.5 The GLoD where each semantic first appears in the models. Some of the semantics appear in
different GLoDs for the first time, which are indicated in italics.

grid points and not because the grid points fall within the objects, since those points
were excluded from the grid points by intention.
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FIG. 2.7 Influence of geometrical resolution on annual illuminance predictions (RMSE [Ix]).

The errors correlate with the number of removed furniture pieces. The highest error
happens in DA_200 and MH_440 with 27% and 36% respectively. This is due to the
relatively higher furniture density in these spaces. The least errors are seen in
WO01050 and DA_230 with 7% and 11% respectively. An average error of 18% was
observed across the six datasets when non-permanent objects were completely
removed from the model. This mean error is less than 5% in GLoD3 when desk and
shelf content are not included in the model. In GLoD2, the errors are on average less
than 10%. In these models, indoor objects including flower boxes, small radiators,
monitors, lighting fixtures, AC units, chairs, lecterns, and video projectors are
excluded along with desk and shelf content. The resulting mean error in GLoD1 is
around 15%. A steep increase in error can be seen in this step in space MH_440,
which is possibly due to the high density of chairs that are removed in this GLoD (see
Fig.2.6). A similar slope is seen in GLoD2 for space DA_200, where chairs are
removed, and in GLoDO where a high number of desks are removed from the model.

The impact of geometrical resolution on computation time was also measured. As
shown in Fig. 2.9, an increase in calculation time is evident across all the case study
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TABLE 2.4 Influence of geometrical resolution on annual daylight results - RMSE and PE.

GLoDO GLoD1 GLoD2 GLoD3

PE [%)

min  6.04 542 216 0

max 3567 24.07 11.75 4.25

mean 18.05 11.21 6.55  1.08
RMSE [lz]

min 57 894 50 44

max 949 51 876 841

mean 320 302 292 279

W01050 L2 S WBGS50 —_——

FIG. 2.8 Influence of geometrical resolution on annual daylight results - GLoDO and GLoD4

spaces. Simulation time is a function of complexity in the model which is partly due
to the number of non-permanent objects included and partly due to the complexity of
the object mesh. In all the spaces a decrease can be seen in the simulation time
when this complexity is decreased. Between 25% (in W071050) and around 200% (in
DA_200, WBG550, and WBG640) was seen in the change in simulation time. Two
different slope patterns can be seen here, firstly those of DA_200 and WBG550, with
a high slope on GLoD3, and that of the rest. This again can be attributed to the
discrepancy in complexity of the models among the two groups.
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FIG. 2.9 Influence of geometrical resolution on simulation time

Discussion

21

During the post-occupancy phase of a building’s life cycle, the fundamental
structures of the space, such as walls, windows, ceilings, and floors, remain
unchanged, while non-permanent objects can be modified as needed. Therefore, the
focus in this study was on these non-permanent objects when defining the
Geometrical Levels of Detail (GLoDs) in geometry. This may also provide insights into
the impact of the geometry of permanent objects. The GLoD definition was based on
data-driven size thresholds, determining which objects to include or exclude. The
results indicate that GLoD2 models result in less than 15% error in daylight
availability simulations. This suggests that removing objects with an OBB size smaller
than 2.4 m? will have a minimal negative impact on the CBDM results. Such objects
may include desks, shelf contents, Air Conditioning (AC) units, certain chairs and
lecterns, small radiators and flower boxes, and video projectors (refer to Fig. 2.5).

There are mainly two ways of defining GLoDs, one being the gradual inclusion of
non-permanent objects, and the other being a reduction of geometrical complexity
using mesh simplification techniques such as reduction, collapsing, or amalgamation.
In this study, the former approach is followed since it is more probable to be chosen
by practitioners. However, mesh complexity is likely the reason why no correlation
can be observed between TAI PE and the drop in the simulation times (see Fig.2.7,
Fig.2.6, and Fig. 2.9).

The OBB size of the non-permanent objects was chosen as the primary basis for the
definition of the GLoDs in this study. This quantity was used as a criterion to
gradually remove objects from the 3D scene and calculate the errors that resulted
from this incomplete model. The fundamental motivation for employing this value
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was that it could be applied to other geometrical data, including point clouds of
objects that exhibit excessive geometric details. It is a constrained definition, though,
as it ignores factors like object orientation and proximity to windows. It is observed
that objects of the same semantics appear in multiple GLoDs because of variation in
object sized of the same semantics. An improved GLoD framework may include both
size and semantics for a higher robustness.

The definition of GLoDs in this study is uni-dimensional, i.e. only based on the
Oriented Bounding Box (OBB) size of the non-permanent objects. This definition
could be more complete if other descriptors of the objects, e.g. their semantic
information were considered. Moreover, only non-permanent objects are considered
for defining discretized GLoDs, and the accuracy in modelling the main structures of
the space, e.g., walls, floors, ceilings and more importantly windows is not studied.

Conclusion

22

In this study, the influence of incomplete geometrical modelling on annual daylight
predictions is quantified. Geometrical Level of Detail (GLoD) was defined for this
study, derived from measurements of in-use university and office spaces.

Exclusion of non-permanent objects in GLoD3-GLoDO causes on average 1.08, 6.55,
11.21, and 18.05 % errors in the output TAI values respectively. The errors are
highest around the location of non-permanent objects in the room. Excluding the
non-permanent objects is shown to make the simulation run up to threefold faster.

The results of this study are useful for evaluating novel methods of geometrical
reconstruction in daylight simulation, because they give insights into the potential
propagation of errors caused by (semi-)automatic geometrical reconstruction.

Proper GLoD can be determined according to the available acquisition and
computational resources and the acceptable accuracy for a particular application.
This research lays the groundwork for a quantitative assessment of potential errors
for novel geometrical reconstruction methods. In general, for coarse daylight
assessments of buildings, such as at a regional or urban level, lower GLoDs could be
deemed acceptable. However, for specific indoor design decision-making problems,
higher GLoDs will result in more reliable solutions.

In future studies, it is essential to continue exploring and refining automation in
these processes to enhance the efficiency and accuracy of daylight simulations using
digital building models.
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3 Sensitivity of CBDM

Results to Material
Classes of Precision

ABSTRACT

25

This chapter develops a standardised definition of of Material Class of Precision
(MCoP)" and quantifies how uncertainty in characterisation of optical properties
propagates to annual daylight metrics. Based on 106 paired measurements (Average
Hemispherical Reflectance (AHR) versus spectrophotometer) of opaque materials,
error distribution statistics are derived and four MCoPs (normal distributions with

o € [0.05, 0.20]) are defined applicable to opaque and, by extension, to transparent
materials. MCoPs are combined with five geometric Geometrical Levels of Detail
(GLoDs) to run Monte Carlo CBDM across six rooms to quantify the combined errors
caused by inaccurate material definition and incomplete geometry reconstruction.

Results show that (i) output error distributions are symmetrical but generally
non-normal, which indicates a non-linear transformation of input uncertainty; (ii)
uncertainty in Total Annual Illumination (TAI) grows approximately linearly with
MCoP in all spaces and GLoDs; (iii) for the most complete geometry (GLoD4), median
uncertainty spans ~10-35% depending on space (~10-30% in most rooms; 5-15%
in one case with high Window-to-wall Ratio (WWR)); (iv) spatial error concentrates
near glazing, which identifies window transmittance as the dominant contributor to
uncertainties, compared to surface reflectance.

This chapter is published as part of the peer-reviewed journal article: Forouzandeh, N., Brembilla, E., Nan, L.,
Stoter, J., & Jakubiec, A. (2024). Influence of geometrical levels of detail and inaccurate material optical

"In the publication derived from this and the preceding chapter, the input material uncertainty model was
referred to as material classes of accuracy. With growing insight, the term MCoP was adopted instead as it
better describes the random uncertainty concept used in this chapter.
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properties on daylight simulation. Energy and Buildings, 306, 113924.
https://doi.org/10.1016/j.enbuild.2024.113924.

Introduction

3.2

Regardless of the final application, daylight simulation models involve uncertainties
due to inaccurate definitions of different model components including end-user
interactions with building elements (Lee et al., 2012), the sky model, geometry, and
material optical properties (Kunwar et al., 2021). As more aspects of building design
and operation rely on virtual models, the robustness and reliability of such models
become an essential requirement.

In Chapter 2 the influence of geometrical modelling on Climate-based daylight
modelling (CBDM) was studied. Material optical characterisation is another key
element when (re)constructing a 3D model for daylight assessments. Only after
characterising the material properties, one can build a valid daylight representation
of indoor spaces. Therefore, analysing either geometry or material properties in
isolation provides an incomplete understanding.

The development of Geometrical Levels of Detail (GLoDs) enabled the conduct of the
Sensitivity Analysis (SA) in the previous chapter. Introducing a similar framework for
material properties can help quantify the impact of their inaccurate definitions. This
chapter focuses on developing and applying such a framework.

Literature review

26

A material definition in computer graphics describes how a material redirects light as
a function of wavelength, direction, and position. For daylight availability and glare
assessments, since only visible (il)luminance at various points in the room is
considered, indoor material properties are typically simplified as an averaged visible
albedo. This approach overlooks both the directionality and spectral properties of
surfaces.
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Brembilla et al. investigated the sensitivity of CBDM results to the reflectance of
different semantics, e.g., walls and floors (Brembilla et al., 2018). They implemented
the method of Morris to rank the influence of each element relative to the others and
evaluated the non-linear effect associated with each. According to Pang et al. in their
review on sensitivity analysis in the building performance field Pang et al. (2020),
this is the only SA study focused on daylight availability metrics.

The Non-image forming (NIF) influences of daylight, however, have been studied
more extensively. Bellia et al. studied the influence of different combinations of wall
colour and lighting Correlated Colour Temperature (CCT) on the five human
photoreceptor responses (Bellia et al., 2017). In another study, Fani et al. examined
the impact of interior design parameters, such as wall colour and desk arrangement,
on the circadian lighting conditions of a conceptual design studio in two different
locations. These are some examples of studies examining the influence of indoor
element colours on occupants NIF responses (Potocnik and Kosir, 2020; Hartman
et al., 2014; Killer et al., 2006; Kdse et al., 2022).

Although albedo is @ more compact material representation and therefore
computationally simpler, there are fewer studies that quantify its impact on daylight
availability metrics. Besides, there are no studies that focus on formalizing the
representation of the materials for daylight availability. This chapter aims to address
these gaps.

Data and methods

3.3.1

Case study spaces

3.3.2

DA _230, DA_200, MH_440, W01050, WBG550, and WBG640 are included in this
study as described in Section 2.3.2.

Material Class of Precision (MCoP)

27

There are several material characterisation techniques used in daylight modelling

practice. The most accurate one is the use of reflectance spectrophotometers. This
method is not always feasible due to high instrument costs, leaving practitioners with
other less accurate techniques for characterisation, including luminance-illuminance
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reads, known as Average Hemispherical Reflectance (AHR), printed colour charts,
and suggested properties based on standards (CEN, 2018). As for the transmittance
of transparent materials, manufacturers typically provide designers with optical
properties. However, a maintenance factor should be considered, as the actual
transmittance can significantly deviate from the manufacturer’s suggested value.
This deviation is context- and configuration-dependent (CIBSE, 1999). Thus, an
onsite measurement is suggested for accurate analysis.

To quantify the uncertainty associated with common measurement methods, a total
of 106 building materials were measured using both AHR and a reflectance
spectrophotometer as ground truth. The AHR measurements were carried out using a
Konica Minolta T-10A illuminance meter and a Konica Minolta LS-150 luminance
meter. The ground truth measurements are done using a Konica Minolta CM-2600d
reflectance spectrophotometer. Typical indoor materials, e.g., walls, floors, and
interior furniture are included in these measurements under natural or electric
lighting conditions.

A normal distribution was fitted to the results of the measurement errors. Based on
that, four different Material Classes of Precision (MCoPs) are defined as incremental
standard deviations. This was done so that the results of the study are generalisable
to other material characterisation techniques.

The AHR measurement errors are plotted in Fig. 3.1. The errors are normally
distributed with a standard deviation of 0.18 and a mean of 0.1. Reflectance and
transmittance information were chosen as the key material optical properties for
uncertainty quantification. Specifically, four material classes of precision were
defined as normal distributions with four spreads, represented by different standard
deviations, from 0.05 to 0.2 as shown in Fig. 3.2. These four accuracy levels were
selected to make the results of this study generalisable to any future approaches and
scenarios with common optical properties of opaque and transparent surfaces.

Monte Carlo simulation

28

For each space, five different GLoD as described in Section 2.3.1 and four MCoPs as
defined in Section 3.3.2 were generated. This results in a matrix of 20 models with
different levels of material and geometrical detail and accuracy.

For each of the cells in the GLoD-MCoP matrix, a Monte Carlo experiment was run.
This type of experiment includes a number of iterations with randomised material
properties from a given distribution, i.e. the MCoPs. This allows for a numerical
imitation of the stochastic nature of inaccuracies associated with an on-site
characterisation techniques. Each experiment included 500 iterations. The number
of simulations was determined based on a convergence test. For this Percentage
Error (PE) was calculated for each run compared to the results corresponding to the
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FIG. 3.3 The GLoD-MCoP matrix.

model with error-free material properties. A normal distribution was then fitted to all
the simulated cases. After each new run, the goodness of fit was tested using the
Kolmogorov-Smirnov method and logged (Stephens, 1974). It is observed that the

Sensitivity of CBDM Results to Material Classes of Precision



goodness of fit converged to the range of 0.50-0.52 for WBG640 (MCoP0.2, GLoD4)
after 500 simulations as depicted in Fig. 3.5. This space was selected because of its
small size, resulting in a lower computation load. The choice of MCoP and GLoD was
done such that the highest complexity and input variability are accounted for in this
experiment. The same number was used for other spaces, GLoDs, and MCoPs.

In total, 10000 iterations were run for each case study, with 500 for each of the cells
in the GLoD-MCoP matrix (Fig. 3.3), summing up to 60000 for all the spaces. The
normality of the error distributions was tested with D’Agostino and Pearson’s
normality test, which combines skewness and kurtosis to produce an omnibus test
(D’agostino and Pearson, 1973). The overall workflow is depicted in Fig. 3.4.

Error-free, complete
[ Indoor models } indoor models

GLoD generation

Creating model with
specific GLoD and

Material error injection MCoP
! 2-phase Dynamic
Climate-based daylight simulation J Daylight Simulation
¥ (DDS)
Analysis and postprocessing the Uncertainty
results Quantification

FIG. 3.4 Workflow of the uncertainty quantification study.
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FIG. 3.5 Convergence experiment to determine the sufficient number of simulations — for room WBG640
(MCoPO0.2, GLoD4)). 500 simulations is considered sufficient.
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3.3.4

Simulation setup

3.35

The CBDM simulations are done and the annual Total Annual Illumination (TAI) metric
is calculated are done as described earlier in Section 2.3.3.

Error calculation and uncertainty measures

3.4

The following quantities were computed as errors, and the corresponding equations
are stated in Appendix A.

PE for TAIL This quantity is used for convergence study and determining the sufficient
number of Monte Carlo simulations (Section 3.3.3). Moreover, it was used to study
the distribution of the uncertainties in Section 3.4.2.

Mean Absolute Percentage Error (MAPE) for TAL This is used for quantifying the
influence of MCoP uncertainty in Fig. 3.9 as calculated in Eq. A.2.

Root Mean Squared Error (RMSE) of the time-series annual simulation data averaged
across the simulation results for each GLoD-MCoP combination. This measure was
used for studying the linearity of uncertainty when MCoP varies (Section 3.4.2), to
quantify the influence of varying GLoD (Section 2.4.2), the spatial distribution of the
uncertainties (Fig. 3.10), and for isolation of error caused by transmittance and
reflectance (Fig.3.11).

Results

3441

Annual simulation results

31

Annual simulation results for the six indoor case study spaces are summarised in
Fig. 3.6. The results from the model with the most accurate material definition
(MCoP0) and the most complete GLoD (GLoD4), median TAI ranges from 50 in

DA _200 to 1100 klIx. hour/year in WBG550. This is due to differences in orientation
and WFR. In DA_200, the WFR is 9.5 % and windows are mostly oriented towards the
North, while in WBG550, the WFR is 29.4 % and the windows are oriented towards
the South and West. TAI values in other spaces fall within the results values in the
spaces mentioned above.
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The distribution of the results appears symmetrical across all space variations with

aligned medians within each space when varying MCoP. Thus, the median TAI does

not vary noticeably. Moreover, the spread of the TAI results increases consistently by
an increase in uncertainty in the definitions of material in spaces.

Besides TAI, Useful Daylight Illuminance (UDI) with 300-3000 Ix thresholds (well-lit)
was calculated for all grid points within each space. This is visualized in Fig. 3.7.
According to this figure, higher daylight availability occurs in the grid points that are
closer to the windows. In WBG550 and WBG640 those points receive higher levels of
light than 3000 Ix for the most portion of the occupancy hours. This is why these
points are depicted in darker colours in these two case studies.

Influence of varying MCoPs

32

Fig. 3.8 shows the distribution of simulation errors, as defined in Eq. A.1, for DA_200
under GLoD4 and four different MCoPs. While the error distributions appear
symmetric, they generally do not match the input reflectance distributions.
According to the normality test results (see Appendix B), the majority of these output
distributions deviate from normality. This indicates that the simulation process
introduces non-linear transformations, meaning that even normally distributed input
uncertainties do not necessarily result in normally distributed output errors.

Fig. 3.9 shows the uncertainties as calculated in Eq. A.2 in all the six study spaces
and GLoDs. The benchmark GLoD is GLoD4 for this error calculation. In the most
complete model (GLoD4) in WO1050, DA_230, and DA_200 the uncertainty ranges
from 10% in MCoP0.05 to 35% in MCoP0.2. This range is slightly narrower in
WBG550 and WBG640 (10%-30%). In contrast, in MCoP0.05 to MCoP0.2, the range
extends from 8% to 30%. In MH_440, a different trend is observed and the errors
range from 5% for MCoP0.05 to 15% in MCoP0.2. The only difference in the
geometry in this space is the presence of high windows, although in WFR terms the
values are average (see Table 2.1).

Generally, the uncertainty in predicting the annual daylight simulation results
increases linearly with material uncertainty across all spaces and GLoDs. This was
also observed in Fig. 3.6.

Fig. 3.10 shows a spatial analysis of the errors, from which it can be seen that the
illuminance estimation uncertainty is larger around the glazing. This suggests the
hypothesis that uncertainties in defining transmittance contribute significantly more
to overall errors than uncertainties in reflectance.
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FIG. 3.6 TAI results for GLoD4. Box plots show the inter-quartile ranges for each GLoD-MCoP combination.
The highest and lowest 5 percentiles are considered and visualized as outliers. Note that the scales in the
y-axis differ for DA_200 and WBG550 for better readability.

Discussion

33

The optical properties of materials were defined as a randomly picked value from a
normal distribution centred around the ground truth. Four different distributions
were used to represent four classes of material accuracy (MCoP). This definition is
based on 106 measurements of opaque materials using the AHR technique. Other
common techniques for characterising opaque materials, for example, using
reflectance spectrophotometer, illuminance-proxy (Forouzandeh Shahraki et al.,
2022; Mardaljevic et al., 2015), and Chartered Institution of Building Services
Engineers (CIBSE) colour charts are assumed to fall within comparable ranges. The
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FIG. 3.7 UDI maps for the six spaces. The considered UDI range is 300-3000 Ix.

distribution shape of the errors in the outputs did not fully match that of the inputs.
According to the normality test, it was not normal, although symmetrical.

The results obtained for these opaque surfaces were generalised to transparent
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the fitted normal probability density functions for each one (DA_200).

materials. The optical properties of transparent materials are commonly
characterised by manufacturers’ data. However, depending on the context of the
building, it is necessary to apply a maintenance factor to the nominal transmittance
information (CIBSE, 1999). Since the data on the transparent materials and the
potential inaccuracies caused by different characterisation methods and incorrectly
assumed maintenance factors were limited, the material definition of the opaque
surfaces were consistently applied to transparent ones. In reality, the
characterisation of transparent and opaque materials is typically done using
independent methods. If similar measured databases were accessible, it would allow
for better modelling of precision classes for transparent materials.

The spatial distribution of the uncertainties suggested a dominant importance of
defining transmittance compared to reflectance. This was supported in two more
spaces but not in the third one, i.e. MH_440. This space has higher windows
compared to other spaces, although the WFR is average. This difference cannot be
attributed to material properties, since the ground truth reflectance and
transmittance values for similar semantics (e.g. walls, windows) are defined equally
in all spaces.
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FIG. 3.10 Spatial distribution of prediction errors caused by inaccurate material definition
(MCoP0.2-GLoD4-W01050).

Conclusion

37

In this study, the influence of inaccurate material definitions on annual daylight
predictions is quantified. For this, a concept of MCoP was developed which is derived
from measurements of in-use university and office spaces.

The errors arising from inaccurate measurement of material optical properties
generally follow a normal distribution. Additionally, the uncertainty in measurements
increases linearly with input material uncertainty, ranging between 10% and 30%,
depending on the space. Notably, higher uncertainty occurs around the openings,
primarily due to the significant influence of material transmittance variability.

The results of this study are useful for evaluating novel methods of material
characterisation in daylight simulation, since they give insights into the potential
propagation of errors caused by inaccurate modelling of key daylight simulation
inputs, such as material optical properties.

The appropriate MCoP can be determined based on the available resources and the
required accuracy for a specific application. This research provides a foundation for
quantitatively assessing potential errors arising from novel material characterisation
methods. In general, for broad daylight assessments of buildings, such as at regional
or urban scales, a lower MCoP may be acceptable. However, for detailed indoor
design decisions, higher MCoP values will yield more reliable results.
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The accuracy classes for materials were primarily defined based on measurements of
opaque surfaces. Conducting similar detailed measurements for transparent
surfaces would further strengthen the proposed framework.

In future studies, it is essential to advance automation to improve the efficiency and
accuracy of daylight simulations using digital building models.
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4 Semi-automatic re-

construction of room
geometry

ABSTRACT

41

This study presents a semi-automatic pipeline for reconstructing indoor geometries
from point cloud data for daylight simulation. The pipeline generates watertight
models of permanent architectural surfaces with window boundaries through three
steps: (1) preprocessing, (2) permanent structure reconstruction, and (3) window
boundary extraction. The pipeline was evaluated in four rooms of varying complexity
against manually reconstructed models using visual and geometrical comparisons,
and by comparing daylight availability and glare metrics calculated from Radiance
results. Geometric deviations in terms of Chamfer Distance (CD) were found to be
smaller than one centimetre for regular rooms and up to 51cm for complex rooms.
Across annual daylight metrics, spatial Daylight Autonomy (sDA) and Annual Sunlight
Exposure (ASE) showed less than 6% bias, while U DI, exhibited spatial biases
ranging from approximately —2% to 40%, and the mean TAI bias remained below 16%
in all rooms. The Daylight Glare Probability (DGP) error remained under 4%, and the
modelling time did not exceed 5 minutes for any scenario. The approach enables
rapid generation of simulation-ready models with acceptable accuracy for
Climate-based daylight modelling (CBDM).

This chapter is published in the peer-reviewed journal article: Forouzandeh, N., Huang, J., Nan, L., Brembilla,
E., & Stoter, J. (2026). Semi-automated indoor geometry reconstruction for daylight simulation. Building and
Environment. https://doi.org/10.1016/j.buildenv.2025.114045.
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Introduction

42

Although simulation-based design methodologies and pipelines are well-developed,
studies on real buildings with occupant participation remain limited (De La Barra

et al., 2025). Simulated models of advanced fagades systems show significant
potential for energy savings and occupants’ comfort (Tabatabaei Manesh et al.,
2025), yet alignment with real-world performance is often lacking. Obtaining
accurate digital daylight models for existing buildings can substantially reduce the
effort required for reliable monitoring and, therefore, building management. As
building-control algorithms advance rapidly, efficient methods to generate valid
digital representations of existing buildings are essential to align simulations with
real-world performance.

Indoor geometry is an essential input for those digital models. It can be modelled in
different Geometrical Levels of Detail (GLoDs) as proposed in previous work
(Forouzandeh et al., 2024). In such a framework, GLoDO only contains the permanent
objects of an indoor space and is the basis for simulation-based decision making.
Permanent objects determine the daylight potential of the room and remain constant
irrespective of short-term changes, e.g., redecoration, and long-term interventions,
e.g., retrofit actions. Higher GLoDs 1-4 include non-permanent objects with size
thresholds that incrementally get smaller. On average GLoDO introduces errors of
18.05% on Total Annual Illumination (TAI) although it halves the simulation time.

Unlike newly-built buildings, where geometrical properties are digitally defined at the
design stage and can be used for daylight assessments, modifying existing buildings
requires reliable geometrical models that are acquired on-site. This is often done
manually, requiring substantial on-site labour. Laser scanning technology was
invented to address this in the 1960s, and it became popular in engineering
applications by the late 1990s. Since then, various on-site scanning workflows have
evolved beyond passive scanning of scenes or objects—some of which are described
later more in detail in the section 4.2. These workflows include scanning combined
with physical manipulation of objects, active scene illumination, and the integration
of LiDAR sensor data with other sensor information, all aimed at achieving a
geometrically accurate representation of objects, better suited to their physical
characteristics (Ye et al., 2015). These methods provide users with dense and
redundant geometric information about the scene, including at least a point cloud
that contains the 3D coordinates of points.

Daylight simulation, like other simulations, requires a detailed surface model, rather
than raw point cloud data. Surface models can be reconstructed from points
manually using Computer-aided design (CAD) interfaces (Quek and Jakubiec, 2021),
but the downside is significant manual labour. Several surface reconstruction
algorithms and techniques have been proposed in the literature to automate all or
parts of the workflow to reconstruct surfaces from point clouds (Tang et al., 2010).
In general, developing an efficient reconstruction pipeline for indoor applications,
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often referred to as ‘scan-to-BIM’ in the Architecture, Engineering, Construction,
Operation (AECO) industry, is fully dependent on the final application. For indoor
daylight simulation, this pipeline typically involves the reconstruction of three key
components: (1) a watertight structure of permanent surfaces, which is a closed set
of surfaces representing the room shell (i.e., walls, floor, and ceiling), (2) window
boundaries, and (3) furniture.

In this chapter, a three-step semi-automatic indoor geometry reconstruction pipeline
is developed to generate the window-containing geometry of the rooms from raw
point cloud data with reduced user interactions, which includes (1) preprocessing,
(2) reconstruction of a window-less watertight indoor model, and (3) reconstruction
of windows. This GLoDO geometry of the room provides a stable representation of the
room. In most refurbishment and retrofit projects, furniture layouts are typically
undecided whereas permanent elements are not, and excluding furniture reduces
processing time and user input while representing the room’s overall daylight
potential

This work offers an open-source and practical middle-ground solution between
manual and fully automated scan-to-BIM methods. Unlike manual modelling, which is
labour-intensive and time-consuming (often requiring hours per room), the proposed
pipeline reduces modelling time to under five minutes per room. Unlike so-called fully
automated techniques, which often rely on rigid geometric priors and can fail under
partial occlusions or noisy scans, the proposed approach includes reduced user input
to guide and validate window detection.

This approach has practical relevance for building retrofit projects, where accurate
digital geometry is needed for retrofit actions such as lighting upgrades or envelope
interventions (Ma et al., 2012). It is also applicable in facility management contexts,
where reliable 3D models can inform the design and control of daylight systems,
improve visual comfort, and reduce energy consumption (Ghansah, 2024). Finally,
the method supports post-occupancy evaluation studies (Li et al., 2018) by enabling
rapid creation of simulation-ready models that can be used to link measured
performance with simulations.

Literature review

43

Synchronous survey of light and geometrical properties of indoors has been
approached using both High Dynamic Range (HDR) and Light Detection and Ranging
(LiDAR) data. Kim and Tzempelikos (2021) proposed a semi-automated technique to
reconstruct the luminance distribution within the occupant’s field of view by
reprojecting HDRs luminance maps onto a three-dimensional model. In a
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subsequent and related study, the same authors experimentally validated this
approach under controlled laboratory conditions, demonstrating that the DGP error
of the re-projected luminance maps remained within acceptable limits (Kim and
Tzempelikos, 2022). Rodrigue et al. (2022) conducted surveys of actual buildings
using HDR imaging for luminance capture and LiDAR scanning as a complementary
source for acquiring geometric data. Kurkela et al. (2021) applied photogrammetry
techniques to reconstruct three-dimensional luminance point clouds of indoor spaces,
relying solely on HDR imaging. In another study, they utilized LiDAR technology in
combination with colour targets to measure indoor luminance directly from geometry
(Kurkela et al., 2022). Finally, Cai (2013) performed synchronous measurements of
indoor luminance and geometry using HDR imaging techniques. These studies are
limited to a single point-in-time analysis—corresponding to the time when the survey
campaign takes place—although they give a measure of both geometry and light.

Another approach is to use point cloud data from geometric surveys as input for
daylight simulations, previously proposed by Bognar et al. (Bognar et al., 2021) on
urban domain. Indoor surface reconstruction is applied in building physics and
simulation domains, including indoor acoustics simulation (Markovic et al., 2013),
and energy simulation (Garwood et al., 2017; Valero et al., 2021; Adan et al., 2023).
Although there are not many studies dedicated to simulating daylight or other
building physics applications, many of them are relevant when addressing the above
key requirements, i.e., watertight permanent structure, including window boundaries.
Those studies are presented in this section with an emphasis on permanent structure
and window boundaries and a summary of reconstruction algorithm steps in those
studies is presented in Table 4.1.

Permanent structure. Real-world building surfaces are typically planar. Many building
surface reconstruction algorithms leverage this assumption to segment points on the
ceiling, wall, and floor prior to surface reconstruction. This geometric pattern informs
the reconstruction pipeline and allows the use of planar segmentation algorithms like
Principal Component Analysis (PCA) and Random Sample Consensus (RANSAC) for
detecting points belonging to these surfaces (Assi et al., 2019; Diaz-Vilarifio et al.,
2014; Tang et al., 2010).

Window boundaries. Daylight simulation results are highly sensitive to the accuracy
of window boundaries, making their precise reconstruction critical. Various studies
have approached this, in most of which, windows are assumed to be rectangular
holes within wall point clouds. This prior is commonly used to identify potential
openings. Edge points of such openings are detected using alpha shape or Canny
edge detection algorithms (Smit, 2022; Wei et al., 2023; Michailidis and Pajarola,
2017; Li et al., 2020), followed by clustering to form regions as candidate openings
(Michailidis and Pajarola, 2017; Shi et al., 2018; Tang et al., 2019). To distinguish
actual openings from other types of occlusions, shape priors are employed. For
instance, Smit (2022) and Jung et al. (2018) apply rectangle fitting, while Michailidis
and Pajarola (2017) use RANSAC-based line fitting.

Beyond rule-based methods, artificial intelligence techniques have been adopted for
differentiating between the two types of openings, i.e., windows and doors (Fotsing
et al., 2024; Ochmann et al., 2016). More advanced approaches leverage semantic
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and instance segmentation using deep learning networks such as YOLO (Zhong et al.,
2022; Pan et al., 2022). The output of these networks is then used to reconstruct
window geometries either through bounding box fitting (Kellner et al., 2023),
projection of detected masks onto wall geometry (Wong et al., 2025), or by replacing
them with pre-modelled window objects from libraries (Mehranfar et al., 2024).

TABLE 4.1 A summary of the reconstruction algorithms. The listed works are not applied to daylight

simulation.

Reference Algorithm
Wei et al. (1) Extraction of alpha shape for the opening-containing wall
(2023) to extract edge points, (2) Regularization of edge points with

Xiaojuan et al.

(2021)

Michailidis
and Pajarola
(2017)

Lietal. (2020)

Previtali et al.

(2018)

Jung et al

(2018)

Shi et al

(2018)

Semantic-constrained optimization.

(1) Detection of the occlusion area on the wall segment by con-
structing scanning rays, (2) Extraction of wall edge points, (3)
Extraction of the feature line of the wall according to the point
density, (4) Forming a cell complex by the intersection of feature
lines, (5) Extraction of the doors and windows by graph cut based
on Ford Fulkerson.

(1) Alpha shape computation of wall segment, (2) RANSAC line
fitting, (3) Mean-shift clustering, (4) Forming a cell complex, (5)
Graph-cut cell segmentation.

(1) wall Surface Detection, (2) Extraction of candidate opening
boundary points with alpha shape, (3) Opening Edge Fitting, (4)
Opening Reconstruction.

(1) Extraction of holes in planar wall segments, (2) Filtering false
positives using geometric constraints, (3) Refine the opening
boundaries using edge detection or histogram projection, (4) As-
sign opening types (e.g., windows, doors) based on position, size,
and semantic rules, (5) Reconstruction of openings as bounded
voids in wall geometry or as separate mesh components.

(1) Rectangular hole extraction from the segmented wall point
segments, (2) Refinement.

(1) Gridding 2D projected data to identify low-density areas, (2)
Applying region growing to group empty areas and pruning oc-
clusions, (3) Extracting geometric and density-based features for
each cluster, (4) Formulating an object-based graph cut problem,
(5) Minimizing an energy function combining data term (point
density likelihood) and smoothness term (area, floor-ceiling prox-
imity, and shape linearity), (6) Classifying resulting objects into
windows, doors, or virtual openings.

Continued on next page
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Reference

Algorithm

Tang et al.

(2019)

Assi et al.

(2019)

Smit (2022)

Pan et al

(2022)

Zhong et al.

(2022)

Kellner et al.

(2023)

Fotsing et al.

(2024)

Mehranfar
et al. (2024)

Wong et al.

(2025)

Ochmann et al.

(2016)

(1) Tagging RGB-D frames near openings based on camera tra-
jectory and scan timestamps, (2) Segmentation of vertical planes
from tagged frames, (3) Computing the convex hull of each seg-
mented plane and filling it with synthetic points, (4) Compar-
ing original and filled planes using octree-based KNN search to
detect vacant regions, (5) Clustering vacancy regions using Eu-
clidean distance, (6) Reconstructing each opening by combining
3D boundary data with 2D line fitting.

(1) Transform planar wall point segments to 2D image, (2) Image
cleaning, (3) Clustering regions with region growing, (4) Cal-
culate energy function with geometric terms (e.g., proximity to
ceilings, size, and proportions) to determine openings.

(1) Calculate Euclidean distances, (2) Mercator Projection, (3)
Point cloud — 3D Histogram — 2D image, (4) CLAHE, (5) Canny
edge detection, (6) Contour Extraction, (7) Rectangle validation,
(8) Cluster ROIs to deduce window regions.

(1) Semantic segmentation, (2) Applying voxel growing, (3) Clas-
sification of voxels into void and non-void, (4) Fitting rectangles
on empty voxels corresponding to openings.

(1) Instance segmentation network to separate elements (doors,
windows), (2) Hierarchical grouping of points to merge semanti-
cally segmented points into multi-scale groups.

(1) Computing geometric features (e.g., planarity, linearity, sur-
face variation) for points, (2) Using networks (PointTransformer,
RandLA-Net, KpConv) for semantic segmentation, (3) Bounding
box fitting for each opening.

(1) Extraction of holes from wall segments based on point den-
sity in a grid fitted to wall points, (2) Classification separating
windows and doors via deep learning.

(1) Detection of door and window bounding boxes in open, semi-
open, and closed states with YOLOv8 trained on 214 RGB images
and 89 projected wall images, (2) Replacement with 3D models
from a library.

(1) Semantic segmentation using YOLOv8 to acquire pixel-wise
class information of building elements from video frames (HBD
dataset), (2) Projection of the mask onto the wall.

(1) Determination of ray intersections with walls emitted from
scanner location, (2) Clustering of intersection points, (3) Classifi-
cation of openings as windows or doors with supervised learning.

Diaz-Vilarifio et al. (2014) propose a reconstruction pipeline for indoor daylight
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simulation. To reconstruct opaque surfaces, the authors use PCAs and region
growing to detect the surface planes and later intersect them. For openings, by
assuming a low density of points in the openings, they use PCAs for linear edge
detection. The labelling of the openings on the walls is achieved through user
interactions. Their technique is not validated against manually reconstructed models.
Therefore, the error associated with their geometrical modelling is not known.

Although these methods rely on hardcoded or learned priors, they do not guarantee
complete reconstruction of window boundaries. For daylight simulations, geometric
accuracy must be verified before use. Therefore, rather than depending on fully
automated pipelines, the approach proposed in this chapter incorporates reduced
user input to guide the workflow and validate window geometry.

In summary, existing approaches either demand extensive manual effort or depend
heavily on assumptions that may not hold in practice. This work introduces a pipeline
that reduces modelling time without sacrificing geometric reliability. It produces
watertight, window-containing room models suitable for daylight analysis.

Methodology

4.3.1

The proposed methodology addresses the difficulty in reconstructing watertight
window-containing surface models from point cloud data, suitable for daylight
simulations. This work integrates existing methods to create a semi-automated
pipeline for generating simulation-ready geometry with reduced user interaction to
ensure complete window detection. The key contribution is in the introduction of a
three-step pipeline for daylight simulation studies. The method is tested on five
rooms of varying size and surface properties, and validated against manually
reconstructed room geometries across several performance metrics relevant to
daylight simulations.

Reconstruction pipeline

47

The reconstruction pipeline, as shown in Fig. 4.1, includes three key steps: (1)
preprocessing, (2) reconstruction of the permanent structure, and (3) reconstruction
of window boundaries, each described in separate subsections, followed by a
description of geometrical and daylight comparison methods.
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Window reconstruction

User wall selection

Candidate window patch
detection

User patch detection

Trimming and extrusion

Scanning

Registration, down-sampling,
outlier removal

Normal estimation

RANSAC plane extraction

A

A
Permanent strl.lcture 3D surface model
reconstruction

FIG. 4.1 Reconstruction pipeline. Manual steps are shown in black, and automated steps are shown in white.
Visual examples beside each block illustrate the corresponding stage of the process, from raw scanning to
final 3D model generation.

Preprocessing

48

After registering the scans, the outlier points, i.e., the ones outside the room, are
manually deleted. Next, the point cloud is randomly down-sampled to reduce the
processing time in the subsequent steps. Afterwards, the point normals are
estimated with a neighbour size of 16. In this context, the neighbour size refers to
the number of nearby points used to locally estimate the surface orientation required
by the RANSAC plane detection. This is followed by a RANSAC plane extraction,
whose hyperparameters are listed in Table 4.2. Such values are listed for
repeatability. More explanations about the RANSAC process and its hyperparameters
are laid out by (Fischler and Bolles, 1981). This point cloud is then used as input for
PolyFit—a surface reconstruction algorithm that generates watertight polygonal
models by fitting planar segments to point cloud data using optimization (Nan and
Wonka, 2017).
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TABLE 4.2 RANSAC parameters used in this work for plane extraction

Parameter Value

Minimum support 1,000-4,000

Distance threshold 0.005
Bitmap resolution 0.02
Normal threshold 0.8

Overlook probability 0.001

Permanent structure reconstruction

4313

This step reconstructs the watertight permanent structure, i.e., walls, ceiling, and the
floor of the room, using PolyFit (Nan and Wonka, 2017). An example is shown in Fig.
4.2.

Window reconstruction

49

As the first step of the window reconstruction pipeline, i.e., the wall selection step, the
user is asked to select the surfaces containing windows with a single click per
window-containing wall (Fig. 4.2). The program stores these selected walls with their
corresponding planes and points from the previous step.

FIG. 4.2 An example of permanent structure reconstructed using PolyFit (left) and user wall selection (right).

During candidate window patch detection, for each of the picked walls, the
corresponding points are first mapped onto its underlying plane, and then a Delaunay
triangulation is applied to these 2D points to establish local connectivity between
neighbouring samples. In this triangulation, points are connected into
non-overlapping triangles such that no point lies inside the circumcircle of any
triangle. This is followed by automatic detection of holes, regions, and candidate
window patches. A hole is defined as a face in the Delaunay triangulation where all
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edges have lengths greater than a specified threshold. This threshold is empirically
set to 8 cm. A region is a connected group of hole faces from the previous step, where
each region is assigned a unique label. The detection process involves grouping
adjacent hole faces into distinct regions. Candidate window patches are regions that
meet a user-specified area criterion (10 cm? in this work). Regions with an area
smaller than this threshold are excluded from being candidate window patches

(Fig. 4.3).

The edge-length threshold of 8 cm defines the minimum gap size considered as an
opening. Edges shorter than this value are considered as part of opaque wall
surfaces rather than holes. Likewise, regions with an area smaller than 10 cm? are
excluded from window detection, as they typically result from occlusions, missing
data near edges, or measurement noise. These thresholds makes the visualisation
algorithm ignore small, non-window gaps so the user can focus on identifying actual
openings during user window patch selection. The values were determined
empirically based on the scan resolution and building dimensions in this study,
assuming that windows are much larger than 10 cm?. Both parameters are adjustable
in the program to match different room types and scan qualities.

FIG. 4.3 Candidate window patch detection workflow. Triangles exceeding the edge-length threshold from the
Delaunay triangulation are classified as holes (white faces), while the remaining faces are non-hole faces
(grey faces). Connected hole faces are grouped into labelled regions, and regions that satisfy the area
criterion are identified as candidate window patches (yellow edge).

Next, during user window patch selection, the faces corresponding to one window are
picked with a lasso tool in separate stages per wall. The lasso tool allows the user to
freely select a region on the desired faces.

Modelling Daylight for Existing Indoor Spaces



4.3.2

FIG. 4.4 User window patch selection, while user draws the lasso tool (left) and completed selection (right).

As the initial extracted window boundaries are inevitably irregular, a window
boundary regularization proposed by Huang et al. (2023) is adopted. Lastly, during
trimming and extrusion, the regularized boundaries are trimmed from the
corresponding walls and defined as the window boundary layer, and a user-defined
extrusion is applied to carve the windows from the walls. The final 3D surface model
is then used directly for daylight simulation, as the polygonal mesh representation
sufficiently describes the planar geometry of the reconstructed rooms.

Implementation

51

The pipeline is implemented in C++. Core geometry processing, visualization and
user interaction are done using the Easy3D library (Nan, 2021). A screenshot of the
program interface during user interaction is shown in Fig. 4.5. Watertight surface
reconstruction is performed using PolyFit (Nan and Wonka, 2017). The software
follows a modular architecture, separating components for permanent-structure
reconstruction and window-boundary extraction. The CGAL library is employed for
Delaunay triangulation and related geometric operations (Fabri and Pion, 2009).

The pipeline uses 3D point cloud data as its primary input. Raw point clouds are
stored as PLY files containing XYZ coordinates and normal information for each point,
estimated during preprocessing. After plane detection, the processed point clouds
are saved as BVG files, which include segmented planar regions and associated
metadata required for surface reconstruction. The data are acquired using terrestrial
laser scanning, capturing dense spatial samples of indoor environments. All input
point clouds are subsampled to approximately 100,000 points to reduce processing
time while preserving sufficient geometric detail for accurate surface reconstruction
and window detection.

All reconstructions were performed on a MacBook Pro (13-inch, Apple M1 chip, 16
GB RAM) running macOS Sequoia 15.7.1.
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° IndoorRecon

File View Help

easYsDd

FIG. 4.5 A screen shot of the program during the user interaction.

Use case rooms

52

In this study, individual rooms are used as the unit of analysis for both reconstruction
and simulation. A room is defined as a single enclosed indoor space bounded by
permanent architectural surfaces (walls, floor, ceiling) and containing window
openings that connect it to the exterior. This focus allows for consistent comparison
across cases and ensures that the reconstructed geometry represents the primary
spatial enclosure relevant to daylight performance.

Five rooms with varying sizes, shapes, and window complexity were chosen to cover
both typical and challenging room geometries for reconstruction. The rooms are
shown in Fig. 4.6 and described in Table 4.3. The test set includes three
office/meeting spaces (W01050, WBG640, WBG550) with orthogonal envelopes,
rectangular windows, and moderate window-floor ratios; one classroom (DA200)
with non-rectangular openings and non-orthogonal geometry; and one large public
hall (OrangeHall) with a large size, lots of clutter, and a complex form.
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TABLE 4.3 Description of the rooms

Space ID Location Room use Dimensions WFR [%]
[m*m*m]
Wo1050 Delft, NL Meeting room 5.8x4.4x5.8 9.1
WBG640 Delft, NL Meeting room 7.2x3.4%x2.6 40.9
WBG550 Delft, NL Open office 12%x9.8x5.8 29.4
DA200 Toronto, CA Classroom 16.6x10.6x3.5- 9.1
6.7
OrangeHall Delft, NL Faculty public hall  33x30x13 40

Generation of ground truth models

4.3.5

The ground truth models were constructed manually in Rhinoceros 3D. First, the
registered point clouds—identical to those used in the semi-automatic
pipeline—were imported. The surface model of each element was then created either
by snapping rectangle endpoints to corner points or by drawing polylines and
extruding them. This manual modelling was performed independently of the
user-interaction steps in the semi-automatic workflow; however, both are carried out
by the author.

Performance evaluation

53

Visual comparisons. All rooms have been reconstructed using the proposed
semi-automatic approach and are qualitatively compared to the manually
reconstructed models.

Geometrical accuracy. To quantitively complement the visual comparison and assess
the geometric fidelity between the manually and semi-automatically reconstructed
meshes, the geometric differences between the manually and semi-automatically
reconstructed models are measured using two symmetric metrics:

Chamfer Distance (CD) compares the two meshes in both directions by averaging the
squared nearest-neighbour distances between uniformly sampled point sets on each
mesh (manual—reconstructed and reconstructed—manual).

Hausdorff Distance (HD) captures the worst-case deviation as the maximum of the
two directed nearest-neighbour distances.

Each mesh was uniformly sampled to 80,000 points; nearest-neighbour queries were
evaluated with k-d trees.

Daylight availability. To quantify the simulation error associated with manual and
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FIG. 4.6 Point clouds and an indoor view from the five rooms used for this study.

semi-automatic reconstruction pipelines, the annual illuminance values are compared
in terms of:
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spatial Daylight Autonomy (sDA) percentage of the floor area that receives at least
300 Ix of daylight for at least 50% of occupied hours over the year

Annual Sunlight Exposure (ASE) percentage of the floor area exposed to direct
sunlight exceeding 1000 Ix for more than 250 hours per year. These two metrics are
widely used in daylight-related certification schemes such as LEED for evaluating
daylight performance.

Per-point Total Annual Illumination (TAI) as described in Eq. 4.1. TAIL is used as a
cumulative indicator of illuminance bias at each sensor location.

H

TAI, =) (E) (4.1)

t=1

Where TAI, is the Total Annual Illumination in Ix.hour/year at point g, E: is
illuminance value at time step ¢, and H is the total number of sun-up hours in the
simulation.

UDI for time-aggregated annual performance, with 300 Ix and 3000 Ix as thresholds
to divide the three UDI ranges: insufficient, autonomous, and exceeding. The choice
of the thresholds is based on the most recent updates from the original author of this
metric, now implemented in recent simulation tools (Mardaljevic et al., 2012;
Mardaljevic, 2015; Solemma LLC, 2025). In contrast to sDA and ASE, UDI provides a
more comprehensive view of annual performance by capturing both underlit and
overlit illuminance hours within a single framework.

Temporal bias is defined here as as the illuminance Relative Bias (RB) across all
annual time steps as in Eq. 4.3.

RBt _ Et,semi—auto - Et,manual % 100 (4.2)
Et,manual
1 Nsun
TMRB = > RB, (4.3)
sun i

Where E semi-auto and E manual @re the illuminance values at time step ¢ from the
semi-automatic and manual simulations, respectively, and Nsun is the number of
sun-up hours.

A reflectance value of 0.5 is assumed equally across the three colour channels for
opaque surfaces and a transmittance of 0.75 for glazings. The choice of the same
reflectance value for all surfaces is not realistic, but was deliberately made to isolate
the errors associated with only the geometrical differences as much as possible.

Work-plane illuminance was simulated on a grid with 0.30-1.00 m spacing in both
perpendicular directions at a work-plane height of 0.80 m for both the automatically
and manually reconstructed geometries. Simulations were performed by Honeybee
which uses the Radiance engine , which has been validated against on-site
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measurements (Subramaniam, 2018). The Radiance parameters of “-ad 2048 -as
1024 -aa 0.5 -ar 1024 -ab 6” and the Perez All-Weather sky model were selected.
Hourly annual simulations assuming a full occupancy—with 4397 and 4400 sun-up
hours for Delft and Toronto, respectively—were done by weather data retrieved from
Climate.OneBuilding.org for the stations closest to Delft and Toronto (Crawley and
Lawrie, 2019). '

Visual comfort. A sitting head pose was chosen for each use case as shown in

Fig. 4.7. DGP was calculated using evalglare (Wienold and Reetz, 2004) from fisheye
HDR renderings generated with the Radiance engine. Each rendering used the same
parameters as the work-plane illuminance simulations, with a hemispherical fisheye
view (-vth) at 180° horizontal and vertical field of view, and a resolution of

1000x 1000 pixels. The default glare source identification (-r 0.2 -b 2000) was
used without applying peak extraction thresholds or task area definitions. DGP was
computed for 9 AM, 12 PM, and 3 PM on both solstices and equinoxes under a
standard CIE clear sky, resulting in 12 time steps per room.

W01050 WBG640 WBGS550 DA200

FIG. 4.7 Selected views for glare analysis

Results

56

Successful planar reconstruction was achieved using PolyFit for four out of five
rooms, with both intermediate and final geometries presented in Fig. 4.8.
Reconstruction of the OrangeHall was not successful due to its geometrical
complexity as illustrated in Fig. 4.9. Specifically, this room contains big stairs with a
unique and irregular shape in the middle and many large exhibition objects. There
are a large number of points on these surfaces and therefore are picked by the
optimization step in PolyFit (see Fig. 4.6).

For all successfully reconstructed cases, the total modelling time, comprising both

TEPW file names: NLD_ZH_Rotterdam.The.Hague.AP.063440_TMYx.epw and
CAN_ON_Toronto.City.715080_CWEC2016.epw.
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user interaction and automated processing, remained under 5 minutes.

Visual comparison

4.4.2

Manual and semi-automatically reconstructed rooms are visually compared in

Fig. 4.10. The overall shape of the rooms aligns well with the ground truth-manually
reconstructed—-geometries. A similar level of agreement is observed for the windows,
although mullions are not reconstructed in rooms WBG640 and WBG550.
Additionally, the arched and curved geometry of the windows in room DA200 is not
fully captured by the reconstruction method.

Geometrical comparison

443

The geometric accuracy of the semi-automatic reconstructions was evaluated against
the manually modelled ground truth using symmetric squared Chamfer (mean of
directed terms) and HD (Table 4.4). Rooms WBG640 and W01050 show
sub-centimetre mean deviations, which indicates close correspondence in walls and
window boundaries. WBG550 presents slightly higher deviations, and DA200 exhibits
the largest discrepancies.

TABLE 4.4 Geometric comparison between manually and semi-automatically reconstructed models (distances
in metres).

Room cb HD

wo1050 0.0041 0.157
WBG640 0.0014 0.169
WBG550 0.0187 1.015
DA200 0.5189 3.905

Daylight availability

57

Table 4.5 compares ASE and sDA between the manual and semi-automatic models. In
W01050, sDA increases from 32% to 36%, while ASE rises from 0.57% to 2.46%. In
WBG640, sDA stays at 100% for both models, with ASE increasing slightly
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FIG. 4.8 Intermediate and final visualizations from the four successful reconstruction cases. From left to right: input point cloud, visible points and surfaces prior to user wall
selection, user-marked window region, final 3D model, a fisheye render from the glare views corresponding to Fig. 4.7.
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FIG. 4.9 A failure case. The OrangeHall contains a large number of points capturing interior objects, such as
large exhibition objects and large staircases, resulting in undesired permanent structure reconstructed by
PolyFit.

(0.30% — 0.89%). In WBG550, sDA remains 100%, while ASE increases by 6%
(87.9% — 93.8%). In DA200, sDA increases from 52.0% to 54.0%, and ASE
changes from 2.49% to 2.59%.

TABLE 4.5 ASE and sDA results

Room ASE [%] sDA [%]
Manual Semi-auto Manual Semi-auto
wo1050 0.57 2.46 32 36
WBG640  0.30 0.89 100 100
WBG550 87.94 93.82 100 100
DA200 2.49 2.59 52 54

The spatial relative biases of UDI are summarised in Table 4.6. U DI; shows negative
mean biases in all rooms, U DI, exhibits large variation with mean biases ranging
from approximately —1.5% to 40%, and U D1, shows positive mean biases in every
case. This indicates an overall tendency toward over prediction of daylight availability.
The large standard deviations, particularly for WBG550 and for UDI, in WO1050,
indicate that these biases are not spatially uniform but are concentrated in specific
regions of the sensor grid. The corresponding absolute UDI and TAI results are
summarised in Appendix C.
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TABLE 4.6 Spatial relative bias of UDI for (i)nsufficient, (a)utonomous, and (e)xceeding ranges.

Room UDI; UDI, UDI.

Mean [%] Std[%] Mean[%] Std[%] Mean[%] Std[%]
Wwo1050 -5.71 3.70 39.73 205.29 6.44 37.56
WBG640 -16.09 33.00 6.36 19.93 3.77 21.12
WBG550 -3.09 113.55 -1.54 45.32 25.84 42.11
DA200 -3.67 2.13 8.97 38.93 15.70 67.32

In terms of TAL the mean and Standard Deviation (STD) values are summarised in
Table 4.7. The results indicate a systematic over prediction across all rooms,
primarily attributable to the larger reconstructed window areas and the omission of
mullions in the semi-automatic models. The mean remains below 20% in all cases.
The spatial distribution of this over prediction, shown in Fig. 4.11 (top row), shows
that the bias is most pronounced near window regions, gradually decreasing with
distance from the fagade.

TABLE 4.7 Summary of spatial relative bias for TAI

Room Mean [%] STD [%]

Wwo1050 15.97 3.39
WBG640 11.91 1.36
WBG550 14.93 7.34
DA200 9.52 2.49

Fig. 4.12 shows the annual variability of temporal RB values for a single sensor in the
middle of each room along with the corresponding

Temporal Mean Relative Bias (TMRB). This analysis shows that the bias is highly
variable throughout the year. In addition to the temporal analysis, spatial variability
of TMRB values was also examined. However, no clear spatial trend was observed,
and these results are therefore not presented. The spatial statistical summary for all
rooms is presented in Appendix D.
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FIG. 4.12 Temporal illuminance relative bias across rooms. Left: sensor locations. Right: corresponding
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4.4.4 Glare

Fig. 4.13 shows false colour luminance renderings for 21st of June on 15:00 under
clear sky and Fig. 4.14 compares DGP from manual and semi-automatic models
across all the rendered time steps. The RMSE values are 0.0399, 0.0034, 0.0152,
and 0.0220 for W01050, WBG640, WBG550, and DA200, respectively.

FIG. 4.13 False colour images of the summer solstice time step for manual (left) and semi-automatic (right)
geometries.
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FIG. 4.14 DGP for manual and semi-automatic reconstruction pipelines

Discussion
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Advantages

65

A key advantage of the proposed approach is the significantly reduced modelling
time. For all four successfully reconstructed rooms, the total modelling time
remained under 5 minutes. This is substantially shorter than the time required to
manually model the rooms used as ground truth in this study. The manual modelling
process took approximately 15 hours per room on average (including furniture),
reconstructing only the GLoDO would presumably take about half of that time, which
still far exceeds the duration of the proposed pipeline.

A concurrent advantage of this small user interaction is that it mitigates the ambiguity
introduced by the assumption that windows appear as holes in point clouds. Most of
the fully automated methods reviewed in Section 4.2 rely on heuristics to identify
window candidates, such as rectangularity, edge linearity, proximity to floor and
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ceiling planes, and alignment patterns. These assumptions are not robust,
particularly in the presence of occlusions or incomplete scans. By incorporating brief
user input during the window selection stage, the proposed method reduces the risk
of false detections and ensures that only valid window regions are processed,
improving both the accuracy and robustness of the reconstruction pipeline.

A third advantage is the guaranteed water tightness. GLoDO is the simplest resolution
of indoor geometry for any type of daylight analysis, and remains unaffected by
changes in indoor configurations. Water tightness is an important and basic
requirement for indoor daylight models to ensure that simulated daylight has only
permeated the room through the transparent surfaces. This requirement is assured
by the design of the proposed algorithm.

A fourth advantage is the inclusion of window extrusion in the reconstructed models.
Window details are critical for daylight simulation, e.g., window frames or sills may
cause glare or significant reflected luminance. This work has therefore included an
extrusion of windows so that those effects are captured in the output. This is an
efficient approach compared to extruding the whole wall, which potentially adds
unnecessary complexity to the model.

A fifth advantage is that the proposed algorithm assumes that the windows are
individually symmetrical. Unlike similar studies in the literature that take a more
specific prior, i.e., rectangularity of windows, the symmetric assumption is a more
robust architectural prior, given that many windows in historic buildings are
symmetrical and not rectangular.

The sixth advantage is the overall alignment between the semi-automatic and manual
geometries, which is promising. The sDA results show less than 5% bias and ASE
less than 6% bias, while TAI remains below 16% relative bias across all rooms. The
geometric comparison also shows a close agreement for rectilinear cases, with CD of
less than one centimetre in WO71050 and WBG640, and discrepancies of up to 51
centimetre in more complex rooms. Although UDI shows larger deviations (up to
39%) and higher variability, this behaviour is inherent to the metric due to its
categorical binning.

Finally, the glare evaluation using DGP showed consistent performance. The RMSE of
DGP values between the manual and semi-automatic models remained below 0.04 in
all cases, indicating good agreement in predicting occupant visual comfort. This
suggests that, despite geometric simplifications, the reconstructed models capture
the primary geometric features that influence daylight availability and visual comfort
in a sufficient manner.
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Limitations
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This study has limitations that highlight directions for future work.

The most fundamental assumption underlying the proposed reconstruction algorithm
is that indoor surfaces are planar. This assumption originates from the reliance on
the PolyFit method, which operates on planes extracted using RANSAC. While this is
valid for most architectural elements such as walls, floors, and ceilings, it does not
hold for spaces with curved or irregular geometries.

The reconstruction pipeline also inherits limitations from PolyFit. As noted by the
original authors, this technique is suited to simple polygonal (piecewise-planar)
surfaces and may encounter bottlenecks on large or complex geometries (Nan and
Wonka, 2017). This was evident in the Orange Hall case, where geometrical and
topological complexities produced an excessive number of candidate faces, causing
the reconstruction to fail. Furthermore, the non-rectangular and arched window
geometries in DA200 challenged the boundary regularization step, increasing
daylight-availability errors, though the impact on visual comfort remained minimal.
Isolating the errors attributable to specific reconstruction shortcomings such as
missing mullions and curved boundaries would be among the first steps toward
remedies in future work.

Additionally, mullions—uvertical or horizontal dividers within window frames—are not
reconstructed. Their absence can lead to overestimated daylight entry areas and
thus to higher simulated illuminance values. Similarly, the algorithm does not detect
co-planar subsurfaces. In cases where surfaces share a plane but differ in material or
reflectance (e.g., partially painted walls or embedded panels), users must manually
define these areas if they significantly influence daylight distribution.

Furthermore, some other architectural elements, such as beams and columns, are
not reconstructed. This choice aligns with the pipeline’s focus on watertight room
enclosures, but in rooms where such features obstruct light near window levels or
cast prominent shadows, their absence may result in noticeable simulation errors. If
such features are expected to affect daylight performance significantly, an additional
manual modelling step may be necessary.

Besides, the current approach has been validated on individual, single-room point
clouds. Its scalability to more complex configurations, such as multi-room layouts or
multi-story buildings, remains untested.

Moreover, although a total modelling time of under 5 minutes is observed on one test
machine, a formal timing study or a multi-user sensitivity analysis is not conducted to
assess stability across users. This can be done by asking multiple users repeat the
wall/window selection on identical scans and compare results to the manual ground
truth using geometric error metrics (e.g., Chamfer Distance, Hausdorff Distance) to
establish expected error bounds and the variance attributable to user input.
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Another limitation is that the algorithm does not detect co-planar subsurfaces. In
spaces where surfaces share the same geometric plane but differ in material
properties or reflectance—such as partially painted walls or embedded panels—this
limitation may lead to inaccuracies in simulation. Users must manually define such
subsurfaces if the reflectance contrast is expected to influence the daylight
distribution significantly.

Lastly, in this work, points lying outside the target room were removed manually
during preprocessing. While this is not always a strict input requirement-for instance,
when acquisition already isolates the room or the reconstruction tolerates
outliers—automating the room-isolation step would further reduce user effort and
improve repeatability. The development and evaluation of such routines are left to
future work.

Conclusion
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In this chapter, a semi-automatic pipeline for reconstructing indoor geometries is
presented, primarily aimed for CBDM. The method focuses on generating GLoDO
models, which represent the window-containing watertight enclosure of indoor
spaces with reduced manual effort. The pipeline includes three main steps, i.e., (1)
preprocessing, (2) reconstruction of watertight surfaces, and (3) adding regularized
window boundaries through reduced user interaction. This pipeline reduces the
processing time to generate indoor geometry for daylight simulations significantly.

The reconstruction approach was evaluated across four rooms of varying complexity.
Results demonstrate that the reconstructed models yield daylight availability and
glare outcomes with promising accuracy for many applications: sDA shows less than
5% bias, ASE remains within 6%, and TAI stays below 16% relative bias across all
cases. Although UDI shows larger deviations (up to 39%) due to its binning logic,
glare predictions remain consistent, with DGP RMSE below 0.04. These findings
confirm that the pipeline captures the dominant daylight-driving geometrical features
despite geometric simplifications and assumptions.

Nevertheless, limitations remain. The method is constrained to planar surfaces, does
not reconstruct mullions or co-planar subsurfaces, and has not been validated on
multi-room configurations. While these constraints limit its stand-alone applicability
in some cases, the approach can serve as an efficient initial step for global analysis.
It enables rapid generation of baseline models, which can subsequently be refined
using more detailed methods when higher accuracy is required.
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5 Characterisation of
material optical prop-
erties

ABSTRACT

This chapter investigates the potential for automating the on-site material
characterisation and reducing its cost for both photopic and for spectral simulations.
Three image-based techniques are evaluated for on-site material reflectance
characterisation in daylight simulations: (1) Illuminance-Proxy, (2) Ferwerda’s
phone-based method, and (3) Luo’s learned Spatially variant bidirectional reflectance
distribution function (SVBRDF) estimation, and validates a spectral uplifting approach
for non-visual simulations. A meeting room with diverse material finishes was
measured using a reflectance spectrophotometer as the ground truth. The
Illuminance-Proxy reconstructs wall reflectance maps from High Dynamic Range
(HDR) luminance and sparse reference points; the other two techniques estimate
tristimulus reflectance from phone images. Accuracy is reported with Mean Relative
Bias (MRB), Root Mean Squared Relative Error (RMSRE), AE,;, and room-scale
metrics of daylight availability and visual comfort, i.e., Total Annual Illumination (TAI),
Useful Daylight Illuminance (UDI), and Daylight Glare Probability (DGP). For on-site
photopic use, Ferwerda’s method offers the best balance of accuracy and practicality.
It relies only on a phone image, maintains stable performance across lighting
conditions, and shows the lowest errors. Illuminance-Proxy is effective when
calibrated HDR images and sparse reference points are available; it provides spatial
reflectance maps and showed good per-point agreement in the 3-channel test,
though it over predicted TAI by about 101%. Luo’s learned SVBRDF estimation was
least reliable, with the highest reflectance and colour errors and TAI overestimation
up to 134%. All methods predicted low DGP values with negligible error. Spectral
uplifting is shown reconstruct smooth, energy-conserving spectra with
wavelength-wise relative errors of < 20% across all wavelengths and in Melanopic
equivalent daylight illuminance (m-EDI) errors of < 6%.

This chapter is currently under review: Forouzandeh, N., Nan, L., Stoter, J., Kim, D., & Brembilla, E. (2025).
Image-based characterisation of material optical properties for indoor daylight simulation. Also it is partly
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published in the conference paper: Forouzandeh Shahraki, N., Brembilla, E., & Jakubiec, J. A. (2022).
Image-based material characterisation for daylight simulation using illuminance-proxy and artificial neural
networks. In Proceedings of the 14th European Lighting Conference (LUX EUROPA 2022), pp. 171-178.

Introduction

72

Optical properties of materials are among the key inputs for modelling daylight and
lighting in buildings. A minimal definition of material optical properties in a typical
indoor daylight availability and visual comfort project includes only diffuse
reflectance, also known as Lambertian reflectance, which assumes the material has
fully diffusing properties. Common techniques and workflows for material
chatacterisation include:

Reflectance spectrophotometers: These are the most accurate tools, as they are
capable of measuring both diffuse and specular reflectance components spectrally.

Average Hemispherical Reflectance (AHR): This technique estimates the overall
visible reflectance value, represented as a value in the range of 0 to 1. This approach
relies on the synchronous measurement of illuminance falling onto a surface and the
luminance reflected from it, followed by the application of Eq. 5.1, which relates
reflectance to these two quantities. A key assumption of this method is that the
surface behaves as a purely diffuse reflector.

(L )
E

p= (5.1)

User selection from measured datasets: Another widely used method involves
characterising the optical properties of a surface based on describing its semantics
and colour, using a database of measured material information. An example of such a
database is Spectral DB, which includes a large and regularly updated library of
materials (Jakubiec, 2022). Unlike the previous two methods, this approach provides
additional parameters such as specularity, spectral reflectance, and
human-estimated roughness that makes it more complete to use in realistic
simulations.

Colour charts: This method offers a practical, albeit less precise, alternative. It
involves matching the surface in question with the closest colour that has known
optical properties. Two commonly used charts are the RAL K5 and the Chartered
Institution of Building Services Engineers (CIBSE) colour chart. For RAL K5, both
colour information and reflectance properties for each colour card are available on
the Radiance website (Radiance, 2022). The CIBSE chart also provides reflectance
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values for each colour, which makes it suitable for physically based daylight
simulations.

Each of these techniques comes with one or more limitations that can affect their
practicality and accuracy in real-world applications. Reflectance spectrophotometers,
although highly accurate, involve high equipment costs and often require specialized
training and setup. AHR is more accessible but can be time-consuming due to the
need for precise, repeated measurements, and having luminance and illuminance
metres is necessary. Database-driven approaches, such as picking an entry from
SpectralDB, depend on the availability of a closely matching material and are sensitive
to the user’s choice. The same limitation applies to the colour chart technique in
cases where the user has reduced colour sensitivity, such as being colour blind.

These limitations highlight the need for low-cost, lightweight, objective, and scalable
alternatives. Using images can potentially resolve all these issues, given the wide
availability of cameras. Several studies, both in built-environment research and
computer graphics, address this topic. These works are reviewed in Section 5.2.

The three selected techniques therefore aim to estimate visible or tristimulus
reflectance from images and are applied to daylight evaluations in real rooms. For
hyper-spectral renderings and for studying the non-visual impacts of light, however,
a spectral definition of material optical properties is necessary. Techniques to
reconstruct spectra from tristimulus information are also reviewed in the next section.

Based on this literature, this chapter contributes in four ways: (1) it applies three
image-based techniques in real rooms and compares them directly with
spectrophotometer ground truth; (2) it reports the performance of Ferwerda’s
technique and its sensitivity to different lighting conditions under which the photos
are captured; (3) it extends the illuminance-proxy from single-channel to
three-channel calibrated High Dynamic Range (HDR) and quantifies how sample-level
errors propagate to room-scale Total Annual Illumination (TAI), Useful Daylight
Illuminance (UDI), and Daylight Glare Probability (DGP); and (4) it validates spectral
uplifting against measured spectra and quantifies its effect on Melanopic equivalent
daylight illuminance (m-EDI) in spectral simulations.

In Section 5.3, the methodology is described, including the case study room, the
ground truth spectrophotometer measurements, and the implementation details of
each image-based technique. In Section 5.4, the results are reported in three parts:
first, the estimation of visible and tristimulus reflectance from images; second, the
reconstruction of spectral reflectance through uplifting and its implications for
non-visual daylight simulations; and third, the impact of the different techniques on
daylight availability and glare performance at the room scale. The discussion of
findings and their implications is presented in Section 5.5, followed by the
conclusions in Section 5.6.
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Literature review
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Estimation of material properties is well established under lab settings. For existing
buildings, however, a portable setup and lightweight techniques are needed. Bodart
et al. (2008) compare four material characterisation techniques for in-situ
daylighting evaluation: (1) AHR, (2) using a colorimeter (PerkinElmer Lambda 900
UV-VIS-NIR), (3) a luminance-based measuring technique involving reference cards
(ENTPE), and (4) CIBSE colour charts. Their study shows that AHR provides the most
accurate estimation of hemispherical reflectance after the colorimeter.

Beyond traditional in-situ methods, computer graphics and vision communities have
explored a range of image-based approaches to infer material properties, often under
more constrained or synthetic settings. Images are formed by four primary
components: (1) view, (2) lighting conditions, (3) surface shape, and (4) reflectance
properties, known as the image formation model (Luo et al., 2024). In building
settings, where surface shapes are often known and approximately planar, estimating
material properties remains underdetermined due to unknown or variable
illumination. This contrasts with laboratory conditions, where controlled lighting and
fixed setups enable accurate material characterisation (Naik et al., 2011; Chandraker
and Ramamoorthi, 2011; Yoo et al., 2009; Zhang et al., 2017).

Mardaljevic, Brembilla, and Drosou estimate pixel-wise illuminance given sparse
hemispherical reflectance points on an HDR image (Mardaljevic et al., 2015). They
use Kriging interpolation to generate an illumination map. By rearranging the
reflectance-illumination equation, they estimate a pixel-wise hemispherical
reflectance of wall areas. Since this approach requires only a few known reflectance
values per surface, it can reduce fieldwork while still producing high-resolution
reflectance maps. Their technique is tested on single-channel HDR images and is
extended to multi-channel HDR images as described in Section 5.3.1.2.

Ferwerda proposes a more lightweight technique using only an image captured by a
phone (Ferwerda, 2018). Tristimulus hemispherical reflectance is estimated via two
main steps: gamma correction and chromatic adaptation. Gamma correction aims to
decode the non-linearity applied to brightness and pixel values. This is to
compensate for the non-linear way that displays and imaging devices represent and
process light, making the displayed image appear more natural and consistent with
human perception. The aim of chromatic adaptation is to convert the reference white
point of the phone to an equal energy output for consistency with the Radiance
colour framework.

In contrast to these rule-based techniques, which rely on predefined assumptions
about illumination and geometry, various studies in computer graphics aim to use
learning algorithms to derive these priors from large synthetic datasets. A review of
such data-driven techniques is presented by Kavoosighafi et al. (2024). A recent
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algorithm of this type was proposed by Luo et al. (2024) and estimates Spatially
variant bidirectional reflectance distribution function (SVBRDF) for planar surfaces.
This network uses an architecture built on U-Net by Deschaintre et al. (2018). With
this method, the input is the difference of initial predictions and the ground truth and
is fed to three convolutional layers and two gated recurrent units. The first two
convolutional layers use leaky ReLU and a hyperbolic tangent activation function. The
output is used as input for the same architecture, and this process is repeated 6
times. Like many similar works, this technique is not validated against real
measurements but against graphical datasets. This will be presented in 5.4.1.

In addition to colour characterisation, material spectral properties are used for
hyper-spectral renderings and for studying the Non-image forming (NIF) effects of
light in buildings. With the above techniques, it is feasible to characterise tristimulus
but not the entire spectrum. Spectral uplifting is the process of converting tristimulus
colour representations, like Red, Green, Blue (RGB), into higher-dimensional spectral
representations. This is important for physically based rendering techniques and is
particularly applied for modelling metamerism, the phenomenon where distinct
spectra produce the same colour under a specific illumination. One approach to
spectral uplifting is proposed by Jakob and Hanika (2019), which is based on the
observation that the reflectance spectra of absorbing surfaces tend to be smooth
functions in the visible light range and can be approximated by a low-dimensional
parametric model. In a sigmoidal space, this method converts textures with
tristimulus values into spectral reflectance data. The underlying assumption is that
suitable reflectance spectra can be represented by a low-dimensional parametric
model that is both smooth and energy-conserving.

In this chapter, the accuracy of three image-based material characterisation
techniques is studied, namely illuminance-proxy and Ferwerda’s, as well as a
data-driven image-based SVBRDF estimation developed by Luo et al. (Luo et al.,
2024). Furthermore, the uplifting technique proposed by Jakob and Hanika is
validated against real-world measurements, and the resulting errors in spectral
simulations are calculated.

Methodology

75

The studied room is a 5.8 m by 4.3 m meeting room located at the Faculty of
Architecture in Delft, The Netherlands. The room is oriented towards North-West at a
45-degree angle from due South. Pictures from the room are presented in Fig. 5.1.
This room was chosen due to its variety of material properties, consisting of red
carpet flooring, blue-painted plaster, brown brick, white plaster, and grey-painted
doors, with furniture of different colours. Electric lighting is provided by warm white
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light-emitting diode (LED) lamps.

FIG. 5.1 Case study room as seen with a fisheye camera from two points and two directions.

Material data collection

53.1.1

Ground truth

76

Each surface was measured using a Konica Minolta CM-26dG spectrophotometer,
following a standard measurement protocol that began with both zero and white
calibration. For each material, measurements were taken in two modes: with the
Specular component included (SCI) and with the Specular component excluded
(SCE). The SCI mode captures both diffuse and specular reflectance, representing
how the material appears under directional illumination. In contrast, the SCE mode
suppresses the specular highlight, thus isolating the diffuse reflectance
characteristics of the surface. This distinction is particularly important for materials
with glossy or semi-glossy finishes, as it influences the resulting reflectance spectra
and their interpretation in daylight simulations.

To process the raw output from the spectrophotometer, a script was developed. This
script reads the exported files from the Konica Minolta CM-26dG and extracts the
reflectance spectra for each sample under both SCI and SCE conditions. The
instrument provides reflectance values across the 360-740 nm range at 10 nm
intervals, reported in percentage. These values are parsed, converted to
floating-point format, and re-indexed by wavelength.

For each material, both SCI and SCE spectra were extracted and converted to RGB
values using the Commission Internationale de I'Eclairage (CIE) 1931 2° standard
colorimetric observer under a D65 illuminant. The observer is defined in for
Standardization (ISO), which provides the colour-matching functions z(\), (), and
Z(A). The y(A) function represents the photopic luminous efficiency of the human eye
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and is proportional to the perceived luminance. Using these weighting functions, the
spectral data were integrated to obtain the tristimulus values and converted to RGB
components under the D65 reference illuminant.

The RGB values were then used to compute the visible reflectance using Eq. 5.2,
which expresses the luminance-weighted combination of the three channels following
the CIE 1931 photopic luminous efficiency function. The coefficients are derived from
the relative contribution of the red, green, and blue components.

Ryis = 0.265- R+ 0.670 - G + 0.065 - B (5.2)

This provided a scalar approximation of visible reflectance for each mode. Specularity
was computed as the difference between SCI and SCE visible reflectance.

FIG. 5.2 Ground-truth measurement setup: reflectance spectrophotometer and its calibration module.

Illuminance proxy

77

With this technique, HDR images of five main surfaces, i.e., four walls and the ceiling,
were captured. A list of sparse points of known reflectance values, measured with the
AHR method, was created. A mask indicating the area of interest for all unique
materials in each HDR image was created as the third input of this method. In Fig. 5.3,
these inputs for calculating the mean reflectance in one of the walls are visualized.
Knowing the luminance and reflectance, an illuminance map is generated. The
resulting list of illuminance values and their pixel location is then fed into a Kriging
interpolation algorithm, as previously proposed by Mardaljevic et al. (2021). The final
hemispherical reflectance for the whole wall is calculated as an average of pixel
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values for each separate mask with a unique material. An example set of masks for
one of the walls is presented in Fig. 5.4.

The resulting illuminance map and the input luminance map are used to generate the
reflectance map. Finally, the reflectance is calculated by averaging the pixel-wise
reflectance values across the areas of interest, indicated by separate masks, e.g.,
brick parts and plinth. An additional outlier removal step, which includes the removal
of 0-5™ and 95-100™" percentiles is applied to the list of output reflectance values for
one of the surfaces (wall 3). This was only done on this wall because it did not
significantly change the result on other surfaces (less than 5%). Specularity and
roughness are assumed to be zero in this characterisation scenario. For the definition
of the floor, the ground truth reflectance is used when performing the daylight
simulation comparison, since it was not possible to capture a full image of the floor.
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FIG. 5.3 Inputs for the illuminance-proxy method. From left to right: luminance map [cd/m?], example mask
indicating the area of interest for the whole wall, spots of known reflectance

FIG. 5.4 Masks with a unique material for an example wall.
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At the time of measuring the known reflectance points in the room, an accurate
reflectance spectrophotometer was lacking. Therefore, the AHR technique was
implemented using paired luminance and illuminance measurements. This potentially
introduces some error to the result of the illuminance-proxy technique, which was
initially applied only to visible reflectance without considering colours, again due to
limitations with the available instrumentation (single channel HDR imaging camera).
To address these gaps, the technique was later applied to a three-channel HDR image
of a different test scene. First, a sample with brown and yellow spots on white
paper—similar to the illuminance-proxy setup—was printed and measured using a
reflectance spectrophotometer. The sample was then sent to the LIPID lab for HDR
image captures, equipped with the 3-channel calibrated HDR camera calibrated by
LMK (Fig. 5.5 and Fig. 5.6). The ground truth properties of the white, yellow, and
brown regions were thus obtained, and the rest of the process repeated the
single-channel illuminance-proxy steps for three data series (RGB) instead of one.

FIG. 5.5 Input HDR for three-channel illuminance-proxy. Courtesy of Dong Hyun Kim, captured at LIPID lab,
EPFL, 2024.

Luo’s method

79

Material capture using Luo’s method was performed with an iPhone 12 under
controlled conditions required for this technique. All samples were photographed
with only the phone’s built-in flash as the illumination source. To isolate the flash
light and block ambient illumination, a custom phone cap was designed and 3D
printed. The inner surface of the cap was coated with three layers of Musou Black
paint (Koyo Orient Japan Co., Ltd.), which has an absorptivity of 99.4%, applied in
three layers with two primer layers in between, to minimize internal reflections. This
configuration is shown in Fig. 5.7.

The original paper does not explicitly recommend using an optical shield such as the
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FIG. 5.6 Input region and points of interest for three channel illuminance proxy, blue diamonds are the points
with known reflectance, red dots are the points of interest.

FIG. 5.7 Phone cap to block ambient light and prevent inter-reflections.

3D-printed cap; however, the controlled setup was designed to ensure consistency
across samples and to replicate the lighting conditions under which the synthetic
training data was made. Images were preprocessed by centre-cropping, resizing, and
then passed to the pre-trained model published by the author. The output was a
single image of size 1024 %256 pixels, structured as four 256x256 sub-images
corresponding to diffuse reflectance, specular reflectance, surface roughness, and
normal maps, respectively, as shown in Fig. 5.8.

The diffuse mean RGB values were compared to the ground truth values obtained
from spectrophotometer measurements. The CIE AFE,;, metric was computed
between the ground truth and estimated values as the colour difference metric.
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FIG. 5.8 An example original input image (left) and output from Luo’s method (right), consisting of diffuse
reflectance, specular component, roughness, and normal maps.

53.1.4 Ferwerda’s method

This method takes a phone image taken under any illumination as its input. The
samples were captured with the same iPhone 12, without flash, at 13:30 on the
afternoon of 17 March 2025, under a clear sky. The exposure was set to auto, and
the photo was taken 10-40 cm from the surfaces. To study the influence of different
lighting conditions on its performance, photos of samples are captured under four
different lighting conditions (see Fig. 5.9), namely (1) daylight, (2) electric lighting,
(3) mixed daylight and electric, and (4) using the cap as shown in Fig. 5.7.

FIG. 5.9 Different lighting conditions for testing Ferwerda’s technique: daylight only (left), electric lighting
only (middle), and mixed daylight and electric lighting (right).
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Spectral uplifting

53.2

As a separate analysis, following the comparison between methods to measure
visible reflectance, a spectral uplifting procedure is implemented to obtain material
spectral reflectance in the visible range from RGB data. As a reference, 801 samples
were collected from the SpectralDB dataset (Jakubiec, 2022), representing materials
in the built environment. These samples were from different surface types in that
dataset, including Ceiling, Door, Exterior, Exterior Building, Exterior Floor, Floor,
Furniture, PV, Plant, Wall, and Window Mullion.

First, the tristimulus data from the ground truth spectrum was extracted. This data
was used as input for implementing Jakob and Hanika’s technique for the uplifting
(Jakob and Hanika, 2019). The overall performance was then calculated in terms of
both Root Mean Squared Relative Error (RMSRE) and Mean Relative Bias (MRB)
across different wavelengths.

To quantify the impact of uplifting errors on simulated Melanopic equivalent daylight
illuminance (m-EDI) values, a seated head-pose m-EDI as shown in Fig. 5.10 was
simulated using Radiance v6.0 with both ground truth and uplifted spectral
properties in room WBG640 at four time steps near the summer solstice, with two
fully overcast time steps and two clear sky ones. The ground truth material is picked
from the SpectralDB based on the surface type and colour. The input for the uplifted
spectrum was the tristimulus extracted from that original spectral colour. The Diffuse
Horizontal Irradiance (DHI) and Direct Normal Irradiance (DNI) values are picked
from representative climate data from Crawley and Lawrie (2019)", followed by the
application of a luminous efficacy model proposed by Perez et al. (1990).

Windows

FIG. 5.10 Selected view for spectral simulation, same case study room as for previous analyses.

Performance evaluation

82

When comparing the reflectance estimation methods (illuminance-proxy, Ferwerda,
and Luo), in addition to the range of reflectance difference (Ap) for each sample, the

"NLD_ZH_Rotterdam The.Hague.AP.063440_TMYx.2009-2023
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TABLE 5.1 DNI, DHI, Global Horizontal Irradiance (GHI), Direct Normal Illuminance (DNE), and Diffuse
Horizontal Illuminance (DHE) values for the Summer solstice (June 21) at three times of day, used in the

spectral simulations.

Date and time ~ DNI[W/m?] DHI[W/m?] GHI[W/m?] DNE [Ix] DHE [Ix]
21 June - 13:00 636 307 866 62863 37364
21 June - 14:00 659 295 866 63774 36234
22 June - 09:00 0 155 155 0 17897
22 June - 11:00 1 240 241 101 28321

overall error magnitude and bias are represented by RMSRE and MRB respectively, as
shown in Eg. 5.3 and Eq. 5.4.

where:

n 2
RMSRE = 1 < i,meth — z ref>

=1 7, ref

MRB = — Z( i,meth — Lref)

z ref

— N is the number of samples,

— X, meth IS the value from the method under evaluation for sample ¢,

— X, rer is the corresponding reference value for sample .

(5.3)

(5.4)

Luo and Ferwerda’s methods also estimate colour information. For these techniques,
the error is represented also by AFE,; and absolute differences in RGB channel values.
AFE,;, indicates a colour difference in the L*a*b* colour space and is calculated as

shown in Eq. 5.5. In theory, AE,; is non-negative and unbounded above (AE,, =0
means identical colours, and larger values indicate larger differences). If the L*a*b*
values are constrained to the typical 8-bit encoding
(L*€[0,100], a™,b" € [—128,127]), the maximum possible AE,; would be

/(100)2 + (255)2 + (255)2 ~ 374.2. In practice, only Ferwerda’s work reports AEq,
values. In their experiments, the observed range was 0-22, which is used here to
compare the performance of the new techniques to those in Ferwerda’s

measurements.

AFEq. = L2+ a? 4+ b2.

83 Characterisation of material optical properties

(5.5)



54

On the room level, the techniques are compared in terms of work-plane Total Annual
Illumination (TAI) and Daylight Glare Probability (DGP) on a sitting view on 9 time
steps at 9:00, 12:00, and 15:00 on an equinox and the solstices.

Results

541

The results are presented in three sections. The comparison between the three
image-based techniques to estimate reflectance and colour is presented in section
5.4.1. The spectral uplifting from tristimulus information and its application in
non-visual daylight simulations are presented in Section 5.4.2. Last, the impact of the
reflectance-estimating techniques on room-level visible daylight evaluations is
presented in section 5.4.3.

Tristimulus and reflectance estimations

84

Input HDR images, luminance maps, and reflectance maps for illuminance-proxy for a
single channel applied on the use case room are shown in Table 5.2. The reflectance
difference (Ap) for the single channel Illuminance-proxy in the use-case room, which
is calculated as the average pixel value across separate regions—-as shown in Fig. 5.4
for a single wall-ranges from 0.03 to 0.82.

The validity of the illuminance-proxy method is further tested with a calibrated
three-channel HDR from Digital Single-lens Reflex [camera] (DSLR) camera. The
resulting errors from a test scene and target points are shown in Fig. 5.11 and

Fig. 5.12. The results indicate a reflectance difference (Ap) of less than 8% and an
error of between 1% and 11% in RGB channels and across the 19 query points.
Errors from the blue channel are more pronounced (2%-11%) than errors in the
green (1%-9%) and red (0-4%) channels. The actual RGB values for all the target
points are listed in Appendix E.

For Ferwerda’s method, Ap ranges from 0.05 to 0.49, while AEab—an indicator of
colour differences—varies between 4 and 56. These values exceed the colour
differences reported in Ferwerda’s original work, which were between 12 and 22 on
sample cards. For the Luo technique, Ap spans 0.02 to 0.48, and AEab ranges from
4 to 62 (see Fig. 5.13 and Fig. 5.14). As shown in Fig. 5.13, Luo’s method—and, to
some extent, Ferwerda’s—struggles to estimate higher reflectance values. The same
figure also includes the results of the single-channel illuminance-proxy applied in the
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TABLE 5.2 Interpolated illuminance map, reflectance map, and mean reflectance for five main surfaces of the
studied room

Name

HDR map [cd/m?]

Illuminance map [Ix]

p map [0-1]

Pmean
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FIG. 5.11 Output reflectance map from three channel illuminance-proxy.

case-study room, which captures a wider range of values but exhibits the largest
error at very low reflectances. Finally, the MRB and RMSRE for all three techniques in

the case-study room are summarised in Table 5.3.
TABLE 5.3 Overall performance of illuminance-proxy, Ferwerda, and Luo for estimation of visible reflectance.

Illuminance-proxy Ferwerda Luo

MRB [%] 18.75 13.06 25.16
RMSRE [%] 41.26 31.13 61.69

The sensitivity of Ferwerda’s performance to differences in lighting conditions under
which the images are captured is further assessed. The MRB and RMSRE are stable
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FIG. 5.12 Absolute RGB error values for 19 query points across the two samples for the three-channel
illuminance-proxy.
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FIG. 5.13 Comparison of visible reflectance for Luo, Ferwerda, and illuminance-proxy.
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FIG. 5.14 Colour differences with ground truth in terms of AEab for Luo and Ferwerda.

and are in ranges of 12.46-15.66 and 30.78-37.98, respectively (Table 5.4). Median
AEab ranges from 18 to 27 as illustrated in Fig. 5.15.
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FIG. 5.15 Colour differences with ground truth in terms of AEab for Ferwerda’s technique under different
lighting conditions.

TABLE 5.4 Overall performance of Ferwerda’s technique under different lighting conditions.

Daylight Electric  Mixed Cap

MRB 12.46 12.63 1296 15.66
RMSRE 30.89 30.78 30.95 37.98
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Impact on daylight availability and visual comfort

The rendered images of the case study room using each of the three techniques are
shown in Fig. 5.16, and those obtained with Ferwerda’s method under different
lighting conditions are presented in Fig. 5.17. In these renderings, the
illuminance-proxy technique appears in black and white, as it operates on reflectance
rather than separate RGB channels, in contrast to Luo and Ferwerda. Despite this, the
luminance contrast in the Illuminance-proxy render closely resembles that of the

Across all renderings, the red beam is consistently identified. However, the blue wall
and ceiling surfaces are not clearly represented in Luo’s technique and in Ferwerda’s
method under electric lighting. Highly specular black elements, such as the chairs
and the screen, are subject to significant errors in all techniques. Notably, only
Ferwerda’'s method under daylight conditions succeeds in accurately reproducing the

The white desk is characterised by variable reflectance levels across the techniques;
however, it consistently appears greyish, similar in tone to the white plaster wall. The
brick wall is rendered as beige in both Luo and Ferwerda, regardless of lighting

All three techniques show over-prediction of TAI, with percentage errors of 65%,
101%, and 133% for Ferwerda, Illuminance-proxy, and Luo, respectively (Table 5.5).
The UDI results indicate that both Ferwerda and Illuminance-proxy predict (UDI,)
with an error of within 16%, whereas Luo produces the largest deviation, with
AUDI, = 16% compared to the ground truth.

FIG. 5.16 A rendered view of the case study room with the four set of material properties from left to right:
ground truth, illuminance-proxy, Ferwerda’s, and Luo’s.

The TAI percentage errors for Ferwerda’'s technique under different lighting
conditions range between 33-57%, with the flash lighting under cap resulting in the
smallest error, and mixed electric and daylighting conditions resulting in the highest

Comparison of DGP values for solstices and an equinox for different characterisation
scenarios and for different lighting conditions are plotted in Fig. 5.18. These results
show a negligible RMSRE error of less than 0.02 across all techniques and daylighting

542
ground truth.
black surfaces.
conditions.
error.
89
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FIG. 5.17 A rendered view of the case study room with materials obtaind from the Ferwerda’s technique under
different lighting conditions, from left to right: daylight, electric, mixed, and cap.

TABLE 5.5 TAI values and corresponding Percentage Error (PE) for illuminance-proxy, Ferwerda, and Luo in
use case room.

Ground truth Hlluminance Ferwerda Luo
-proxy

TAI 635 1279 1051 1495
[kIx.hr/yr]
PErar - 101% 65% 133%
UDI, 94 84 89 78
UDI, 5 15 10 21
UDI, 0.02 0.18 0.07 0.20
Aupr, - 10 5 16

TABLE 5.6 Overall performance of Ferwerda’s technique under different lighting conditions.

Ground Daylight Electric Mixed Cap
truth
TAI 641 911 951 1009 853
[kix.hr/yr]
PErar - 42% 48% 57% 33%

conditions. Note that none of the instances indicate the presence of discomfort glare.

Spectral uplifting

90

Following the comparison between methods to measure visible and three-channel
reflectance, spectral uplifting is implemented to obtain spectral reflectance from RGB
(tristimulus) data for non-visual daylight simulations. Fig. 5.19 shows that the MRB is
within 20% for all wavelengths, with the two ends of the visible spectrum showing
higher errors compared to the middle wavelengths.
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FIG. 5.18 Comparison of different characterisations (top), and influence of different lighting conditions for
Ferwerda’s method (bottom). The histograms on the top and right sides of the graphs show the frequency of
occurring DGP results.
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FIG. 5.19 Spectral Absolute Error (AE), RMSRE, and MRB across visible wavelengths for 801 samples.

The simulated m-EDI values for measured ground truth material properties and the
uplifted ones are shown in Table 5.7. The differences range from 7 Ix on the overcast
June 21st at 13:00 to 86 Ix on clear sky June 22nd at 11:00. The simulated spectral
irradiance received at a vertical viewpoint inside the case study room is illustrated in
Fig. 5.20. According to the spectral data, there is an overall predominant over

prediction, with an MRB of 0.12 W/mz/nm, and a RMSRE of 2.95% across different

wavelengths and time steps.

TABLE 5.7 Simulated m-EDI with measured and uplifted spectral materials.

Ground truth [Ix] Uplifted [Ix] PE[%]
June 21st - 13:00 1206 1148 4.8
June 21st - 14:00 1541 1455 5.6
June 22nd - 9:00 491 484 1.4
June 22nd - 11:00 765 748 2.3

Discussion

92

Evaluating reflectance estimation errors in terms of MRB and RMSRE as described in
Eq. 5.3 and Eq. 5.4 allows comparison with three other techniques previously
assessed by Bodart et al. (2008), namely CIBSE sample chart, ENTPE, and AHR. In
terms of MRB, the order of techniques from the least to the most accurate one is
CIBSE sample chart, Luo, ENTPE, Illuminance-proxy, Ferwerda, and AHR, as
presented in Table 5.8. This highlights the potential of the three image-based
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FIG. 5.20 Comparison of spectral irradiance simulated at a fixed viewpoint, using measured and uplifted
spectral reflectance as input. From top pair to the bottom one: (1) June 22nd - 11:00, (2) June 22nd - 9:00,
(3) June 22nd - 9:00, and (4) June 22nd - 11:00.

techniques.

TABLE 5.8 Comparison of different methods and corresponding MRB and RMSRE values. Results from AHR,
ENTPE, and Sample chart are measured by Bodart et al. (2008).

Method MRB RMSRE
AHR 0.59 25.69
Ferwerda 13.00 31.00

Illuminance-proxy 18.00 41.00

ENTPE 19.28 36.58
Luo 22.00 54.01
Sample chart 32.00 54.49

In terms of annual daylight availability, the percentage errors on mean TAI are within
1339% for Luo, 101% for illuminance-proxy, and 65% for Ferwerda. Ferwerda’s
technique performs better than others, irrespective of lighting conditions, as
presented in Table 5.9. All the techniques have acceptable performance in predicting
glare probability caused by daylight for low glare conditions, with RMSRE of less than
0.02 in the resulting DGP values.

Ferwerda and Luo techniques rely solely on smartphone cameras to provide inputs,
making them low-cost, accessible, and easy to implement in a wide range of settings
without requiring specialized equipment. They provide tristimulus colour estimation,
which is useful for analysing the visual aspects of daylight. Despite their accessibility,
these techniques demonstrate considerable errors in reflectance estimation, with
Luo's Ap reaching up to 0.48 and AE,, exceeding 70, and Ferwerda’s reaching Ap of
0.49 and AE,, of more than 50, when compared with spectrophotometer
measurements. At a room-scale simulation level, both techniques result in
overestimations in TAI, with errors ranging from 33% to 134%. According to
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TABLE 5.9 TAI Percentage Errors for Different Methods

Method TAI Error [%]
Cap 33%
Daylight 42%
Electric 48%

Mix 57%
Ferwerda 65%

IP 101%
Luo-cap 133%
Luo-no cap 134%

classification from Chapter 3, the spread in reflectance estimates aligns with
MCoP0.2, indicating considerable uncertainty.

A lighting cap was primarily tested for Luo’s technique, but also applied as a
controlled lighting condition for Ferwerda’s method. Interestingly, Ferwerda’s results
under the cap show a mismatch between sample-level and room-level performance:
while the sample-level error is slightly higher (MRB = 16% versus 13%), the
room-level TAI error is the lowest among all lighting conditions (33%). This
discrepancy may be due to error cancellation in CBDM simulations, or because
surfaces with larger errors occupy smaller areas in the room, thereby limiting their
impact on the overall results. Based on these findings, using a cap is not essential for
Ferwerda’s method.

The choice of Luo’s technique was motivated by its recent development and its
suitability for planar surfaces, which are characteristic of building elements. It is also
designed to perform under controlled flash lighting conditions. However, as reviewed
by Kavoosighafi et al. (2024), alternative network architectures have been developed
to operate under uncontrolled lighting and to estimate per-pixel material properties
across entire scenes. Evaluating the applicability of these methods in
daylight-related simulations remains a valuable direction for future research.

Illuminance-Proxy allows for the derivation of high-resolution reflectance maps from
HDR images using sparse known reflectance points and surface interpolation. This
enables reflectance estimation across large surfaces with minimal ground truth
measurements, particularly beneficial in rooms with complex surfaces. Among the
three, it is the only evaluated technique that attempts to reconstruct a full-field
reflectance distribution using a physics-based approach. This method has three
critical assumptions: planar surfaces, smoothly varying illuminance, and diffuse
material behaviour. Deviations from these—such as the presence of specular
surfaces (e.g., metallic ducts, radiators) or sharp light gradients— will introduce
unknown errors. The method is also device-dependent, requiring calibrated HDR
cameras. Its performance on room-scale simulations yields a TAI error of
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approximately 101%. Ground truth reflectance values are an essential input of the
Illuminance-proxy method, making it dependent on specific devices compared to the
other two. In this study, at the room level, the known input reflectance values were
acquired using AHR due to the unavailability of a reflectance spectrophotometer
during the measurement. Although relatively accurate, this technique is prone to
errors (Bodart et al., 2008; Forouzandeh et al., 2024). This means that, given a more
accurate input of known reflectance points, the results of the reflectance might be
more accurate than the values reported in this work at the room level, as is shown in
the 3-channel illuminance proxy test. This experiment showed a reflectance
difference (Ap) of less than 0.08, significantly lower than the maximum error of 0.82
reported for the single channel.

Complex surfaces pose a challenge for on-site material characterisation. All three
evaluated techniques—Ferwerda, Luo, and Illuminance-proxy—estimate pixel-wise
reflectance. However, in this study, pixel-wise reflectance values are averaged, and
comparisons are made against single-point ground truth measurements. For
instance, brick surfaces in the studied scene exhibit high spatial complexity, yet the
ground truth instrument, the Konica Minolta CM-26dG, samples an area of less than
2cm?, which may not capture the full variation across mortar joints and brick colour
gradients. This mismatch likely contributed to inaccuracies in the reported error
values.

Spectral uplifting enables the reconstruction of a full spectral distribution from
tristimulus reflectance, facilitating the simulation of non-visual lighting effects such
as melanopic stimulus. Jakob and Hanika’'s method achieves smooth and
energy-conserving spectral reconstructions, with errors generally within 20% for
wavelengths above 400 nm. This results in relative errors of less than 6% in the
estimation of m-EDI, with higher errors occurring under clear skies compared to
overcast. This makes it suitable for applications that require spectral information,
such as circadian lighting analysis and hyperspectral renderings. Even though the
performance is promising, the choice of uplifting technique should be carefully
considered in future implementations of spectral daylight simulations, as alternative
methods also exist. For example, Van de Ruit proposes a fundamentally different
approach by incorporating user interaction within a constrained spectral uplifting
framework (Van De Ruit and Eisemann, 2023). This method acknowledges the fact
that there is no one-to-one correspondence between tristimulus values and spectral
distributions. Van de Ruit’s work is the most recent at the time of writing, although
other improvements in uplifting have been made since Jakob and Hanika’s
contribution (Peters et al., 2019; Tddova et al., 2021). As this project prioritizes
automation, Jakob and Hanika’s method—which does not rely on user
interaction—was selected. However, the investigation of more recent uplifting
techniques for spectral lighting evaluations is another promising research direction.

Characterisation of material optical properties



5.6

Conclusion
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This chapter evaluated the accuracy and applicability of three image-based
techniques— Illuminance-Proxy, Ferwerda, and Luo—for material reflectance
chatacterisation in daylight simulations. In addition, Jakob and Hanika’s spectral
uplifting method was assessed for reconstructing spectral reflectance from
tristimulus data, to enable simulation of circadian-driven non-visual impacts of light.

Ferwerda’s technique emerged as the most balanced approach. It results in a
relatively low mean bias error (MRB = 13%) and root mean squared error (RMSRE =
31%) in visible reflectance estimates. It also demonstrated stable performance
under varying lighting conditions with minimal deviation in colour difference (AE.5)
and total annual illuminance (TAI) errors ranging from 33% to 65%, depending on
the lighting under which the image samples were taken. This technique does not
require a controlled lighting setup, making it practical for field use.

Luo’s method, while fully automated and optimized for planar surfaces under flash,
showed the highest error among the three approaches. Its Ap reached up to 0.48,
and AFE,; exceeded 70 in some cases. At the room level, this led to substantial
overestimation in daylight availability, with TAI errors of 134%. These results
suggest that its applicability for characterising daylight simulation remains limited.

The Illuminance-Proxy approach demonstrated moderate accuracy (MRB = 19%,
RMSRE = 419%), with its key strength being the generation of pixel-wise reflectance
values using only sparse ground truth data and HDR imagery. However, its accuracy
and applicability depend on critical assumptions, including planar surfaces, diffuse
reflection of materials, and smoothly varying illumination. Its performance decreases
in the presence of specular or geometrically complex surfaces, as reflected in a
1019% TAI overestimation. Moreover, it remains dependent on HDR-capable imaging
and known reflectance values, which may limit scalability.

All three methods showed small errors in predicting glare probability, with errors
below 0.02 in predicting DGP. Nonetheless, differences in daylight availability
predictions are higher and up to 133% in the prediction of TAL

Spectral uplifting using Jakob and Hanika’s method reconstructed spectral
reflectance with RMSRE below 20% across the visible spectrum (except at the edges
below 400 nm). It resulted in an error of less than 6% in estimating m-EDI, which
makes it suitable for circadian lighting and hyperspectral rendering applications.

In summary, image-based techniques offer accessible and scalable alternatives to
traditional material measurement tools. Ferwerda’'s method provides the best overall
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trade-off between accessibility and performance. Illuminance-Proxy is suitable for
complex planar surfaces with diffuse materials. Spectral uplifting, when combined

with these approaches, expands simulation capability into non-visual domains with
negligible added error.
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6 Calibration of a spec-
tral daylight model

ABSTRACT

This chapter presents a calibration workflow for indoor spectral daylight simulation
that focuses on external sources of uncertainty and restricts tuning to a single
parameter: window spectral transmittance. The procedure generates transmittance
options by scaling the measured spectrum up and down in fixed steps while
preserving its spectral shape, and evaluates each option by comparing simulated and
measured 18-channel irradiance values at a control sensor using a room-averaged
mean absolute error metric. The best-performing option (window_neg_3) yields the
lowest discrepancy (MAEoom, = 0.0077 W m™2) with a spectral correlation of

r = 0.90. Across all options, simulated—-measured spectral shapes remain consistent
(correlations 0.89-0.91). After calibration, the control sensor’s systematic bias is
substantially reduced for both photopic illuminance and m-EDI, with MBE,;
improving from 290.42% to 1.36% for E, and from 330.64% to 10.98% for m-EDI. Error
magnitude and dispersion also decrease markedly (RMSE,.; = 10.22% for E,,
14.33% for m-EDI; 0.1 &~ 10%). The melanopic/photopic ratio remains stable,
showing only minor changes (errors ~ 10%). Errors rise with increasing distance
from the facade, indicating higher sensitivity to inter-reflections and local modelling
as room depth increases. The analysis is limited to a single room and to
measurements collected under overcast conditions. Overall, scaling window
transmittance while preserving spectral shape provides an effective means to reduce
simulation bias for E, and m-EDI and to maintain consistent spectral behaviour.

This chapter is based on a manuscript currently under peer review: Forouzandeh, N., Jakubiec, A., Nan, L.,
Stoter, J., & Brembilla, E. Calibration of simulated spectral daylight for existing indoor spaces.
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Introduction
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After the discovery of intrinsically photosensitive retinal ganglion cells (ipRGCs) in
the human eye in the early 2000s, several scientific fields became aware of the
impact that lighting has on entrainment of the circadian system and therefore
sleeping patterns and well-being (Brainard et al., 2001; Thapan et al., 2001). The
responses of our bodies’ ipRGC-influenced light (IIL) seem to be affected through a
non-immediate indirect pathway that influences our internal clock, and an immediate
direct pathway that impacts alertness and melatonin levels (Amundadéttir, 2016;
Soto Magan, 2021). This is influenced by light-related stimuli such as retinal
irradiance, timing, duration, prior light history, and spectrum (Pierson et al., 2023).

The responses of our bodies’ IIL seem to be affected through a non-immediate
indirect pathway that influences our internal clock, and an immediate direct pathway
that impacts alertness and melatonin levels (Amundadéttir, 2016; Soto Magan,
2021). This is influenced by light-related stimuli such as retinal irradiance, timing,
duration, prior light history, and spectrum (Pierson et al., 2023).

Building occupants spend around 90% of their time indoors (Klepeis et al., 2001).
This marks a significant shift from our ancestors, who lived primarily outdoors and
were exposed exclusively to natural light, making building design a critical
determinant of key light-exposure factors. The widespread use of poorly designed
electric lighting negatively affects our IIL and is potentially a source of well-being
and health problems. To address these problems, recommendations on target
illuminance levels are available in previous works, as summarized in Table 6.1 (Brown
et al., 2022).

To implement those recommendations and make informed decisions as building
designers and engineers, either for newly designed or existing buildings, an accurate
model of the room is essential. This is why several software packages have been
developed to simulate non-visual effects of light in buildings (Gkaintatzi-Masouti

et al., 2021). These tools assist designers to optimally configure the room and its
components with the IIL-related health issues of occupants in mind.

When validating those software tools, researchers account for all the factors that
influence circadian responses. Therefore, controlled empirical experiments are set up
to minimize the unknown parameters or the influence of uncertain environmental
factors. Such experiments are typically performed in a room with small dimensions
and controlled lighting, providing researchers with flexibility across different aspects
of the experiment (Pierson et al., 2023; Mardaljevic, 1995).

A validated simulation tool, which remains valid irrespective of the use-case building,
does not result in a valid digital model of the building per se. When analysing existing,
often complex buildings, the sources of discrepancy between measurements and
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TABLE 6.1 Lighting recommendations for different indoor environments (Brown et al., 2022).

Environment

Lighting Recommendation

Daytime light, indoor en-
vironments

Minimum m-EDI should be 250 lux at the eye level for at
least four hours starting before noon. Daylight is preferred,
if additional electric lighting is required, the polychromatic
white light should ideally have a spectrum that is similar to
natural daylight.

Evening light, residential
and other indoor environ-
ments

During the evening, starting at least 3 hours before bedtime,
maximum m-EDI should be 10 lux measured at the eye level.
The white light should have a spectrum depleted in short
wavelengths close to the peak of the melanopic action spec-
trum.

Nighttime light, sleep en-
vironment

The sleep environment should be as dark as possible. Max-
imum ambient m-EDI is 1 lux measured at the eye level. In
case certain activities during the nighttime require vision, the
maximum m-EDI is 10 lux measured at the eye level.

simulations are usually higher and sometimes beyond control. As listed in Fig. 6.1,
there are four sources that explain this discrepancy: (1) Sun and sky, (2) building
context, (3) indoor, and (4) Measurement and modelling factors.

Calibration workflows for visual daylight simulations have already been explored in
the literature, including methods that tune model inputs against measured luminance
and illuminance (Quek and Jakubiec, 2021). However, no equivalent workflow exists
for indoor spectral or non-visual outcomes, despite the higher uncertainty and
sensitivity of these simulations. This motivates the development of the present
method.

The aim of this chapter is to develop and test a calibration workflow for indoor
spectral daylight simulation that explicitly targets key, poorly controlled sources of
simulation-measurement mismatch: (1) sun-sky conditions, (2) exterior/context
obstructions, and (3) window spectral transmittance. The first two are typically
beyond the practitioner’s control during short on-site surveys, and the third is highly
uncertain in real contexts (due to e.g., dust, ageing, maintenance) yet has a
substantial impact on indoor irradiance (Forouzandeh et al., 2024). The workflow
tunes only the window transmittance—while preserving its spectral shape—using
short in situ measurements, and evaluates performance with relative bias, error
magnitude, and dispersion metrics for photopic illuminance (E,) and Melanopic
equivalent daylight illuminance (m-EDI).

To address the current lack of a standard calibration workflow for indoor IIL
simulation, the chapter (Section 6.2) reviews related validation studies for spectral
irradiance models and software, then (Section 6.3) introduces the study room,
measurement setup, simulation model, and the proposed calibration procedure, and
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FIG. 6.1 Influencing inputs in indoor spectral irradiance simulation.

finally (Sections 6.4-6.6) reports errors, discusses findings, and concludes.

6.2 Literature Review

Compared to daylight simulation, the field of building energy modelling has developed
more established practices for calibration. Coakley et al. (Coakley et al., 2014)
provide a comprehensive overview of how energy models are commonly aligned with
real-world measurements to improve accuracy. In their review, they describe both
manual and automated calibration methods, ranging from hands-on adjustments and
site audits to more advanced statistical techniques, such as sensitivity analysis,
Monte Carlo simulations, and Bayesian approaches. Unlike daylight simulation,
energy simulation has well-defined validation indicators, such as Mean bias error
(MBE) and Coefficient of Variation of the Root Mean Square Error (CVRMSE), and
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widely recognized guidelines, including American Society of Heating, Refrigerating
and Air-Conditioning Engineers (ASHRAE) Guideline 14 (Guideline et al., 2014).

The discrepancy between the simulated and measured daylight values can be
attributed to various sources (see Fig. 6.1). One likely source is the simulation engine
itself. Mardaljevic conducted a validation of Radiance illuminance results against
measurements taken in full-scale experimental rooms under real sky conditions for
both overcast and clear skies. Relative errors for illuminance measurements were
within 15% in illuminance predictions in all 4 case study rooms (Mardaljevic, 1995).
To study the validity of spectral simulation tools, Pierson et al. compared the
performance of LARK and ALFA with real measurements under different sky models in
laboratory settings (Pierson et al., 2023). They reported a potential mean error of
4+20% for point-in-time indicators (m-EDI, MP ratio)for LARK model outputs when
compared to laboratory measurements. For ALFA, the authors observed wider
variability across the visible spectrum, with relative spectral irradiance differences
ranging from 10% to over 30%, depending on the wavelength and sky conditions.

Tools, however, are not the only source of error when modelling full-scale rooms.
Uncertainties and errors can also arise from an inaccurate characterisation of other
inputs of the model (see Fig. 6.1). It is therefore necessary for a simulated model,
before making any intervention, to ensure its validity and to understand the degree to
which it accurately represents the real world. This alignment can be improved
through calibration processes, which are defined as the adjustment of numerical or
physical model parameters.

Calibration of a spectral daylight model
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Table 6.2 summarises key validation and calibration studies which cover engines,
contexts, compared data, and reported accuracies for indoor daylight and spectral
simulation.

Jones et al. conducted an HDR-based comparison between real camera captures and
those from Radiance and Accelerad renderings, resulting in magnitudes of error
within the accepted bounds of 20%. In another study, they compare glare
measurements from HDR photographs and computer renderings of the same day-lit
room under 240 clear and 38 cloudy sky conditions in order to assess how accurately
architects can predict glare through simulation. Depending on the scene, these
methods predicted DGP levels due to bright sources with between 93% and 99%
accuracy and discomfort glare due to contrast with between 71% and 99% accuracy
(Jones and Reinhart, 2015, 2017).

Lim et al. conducted a validation study of the Radiance simulated results against a
scaled model under the tropical sky of Malaysia. In their study, the absolute external
illuminance, work plane illuminance, and surface luminance recorded high mean
differences from the measured results, with 81.63%, 71.06%, and 49.71%,
respectively. Relative ratios such as the DF yielded a mean difference of 26.06%, and
the luminance ratio was 29.75% only, indicating that while absolute values showed
large deviations under tropical sky conditions, relative metrics such as DF and
luminance ratios provided more consistent agreement between simulation and
measurement (Lim et al., 2010).

Another example is the work of Quek and Jakubiec on CBDMs for open office rooms.
In their study, the properties of an electric lamp were used as a tunable parameter
for calibration. The results showed a relative RMSE between 25.8% and 45.5% for
horizontal and vertical photopic measurements (Quek and Jakubiec, 2021).

Sunger and Vaidya proposed a calibration process by adjusting the visible
transmittance of the north-facing glazing to account for the dust factor. The errors in
their final model were in the range of 4% in illuminance prediction after calibration
(Sunger and Vaidya, 2019).

Kim et al. developed an integrated model predictive system for lighting control using
DIVA programme, calibrated with measured illuminance using a deep deterministic
policy gradient Kim et al. (2022).

He et al. proposed a two-stage calibration-validation workflow for circadian lighting
simulation, which first calibrates a spectral model at night under electric lighting and
then validates it in daytime with integrated daylight and electric lighting,
implemented in ALFA’s 81-channel spectral ray tracing. By iteratively tuning
luminaire intensity distribution and lumen output, light-source Spectral Power
Distribution (SPD), and surface SRD/STD, the fully calibrated model achieved high
agreement between simulated and field-measured SPDs (rspp > 0.9) and low relative
errors: for the M/P ratio, [MBE,«| < 4% and RMSE,. < 7%; for corneal illuminance
(EV), m-EDI, and Circadian Stimulus (CS), [MBE;| < 10% and RMSE.. < 20%, with
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at least 75% of data points within +20% residuals during both calibration and
validation. Sensitivity analyses further showed that mis-specifying the light-source
SPD or luminaire distribution quickly degrades accuracy—even when photopic
targets are met—highlighting the importance of field SPD measurement and material
spectral characterisation when targeting non-visual metrics (He et al., 2022).

Existing spectral engines such as Lark and ALFA have been validated against field
measurements (Pierson et al., 2023) and implemented in geometrically complex
environments (Orman et al., 2025), but both rely on Graphical User Interface
(GUI)-based workflows. This limits their efficient applicability for large-scale
parametric studies, deployment on high-performance and embedded computing
systems, and integration into automated calibration pipelines. In contrast, Radiance
v6.0 (released in 2024) introduced native hyperspectral rendering that partitions the
spectrum into user-specified bands traced through a single ray tree, thereby avoiding
per-band re-renders and reducing chromatic noise (Ward and Wang, 2024). This
pipeline includes new spectral primitives (spectrum, specfile, specfunc, specdata,
specpict) for single-pass spectral propagation. While this hyperspectral feature is
not yet validated against field measurements, Radiance itself has long been validated
for illuminance predictions across diverse building types, orientations, and sky
conditions (Geisler-Moroder et al., 2016; Kharvari, 2020; Lee et al., 2018;
Mardaljevic, 1995; McNeil et al., 2013; Mangkuto et al., 2014).

The objective of this study is to address the absence of standardised calibration
workflows for spectral daylight simulation by introducing a method that relies on
short-term in situ measurements and systematic adjustment of window transmittance
as the primary tunable parameter.

Methods

107

The proposed calibration workflow was tested on a use case classroom (described in
Section 6.3.1) in which spectral measurements were collected during a single visit
(Section 6.3.2). The same classroom was then evaluated using spectral simulation
tools (Section 6.3.3) and the resulting metrics were used to demonstrate a
calibration workflow based on adjustments to window transmittance (Section 6.3.4).
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Use case room

6.3.2

One university classroom at the University of Toronto was chosen as the case study.
The room has dimensions of 16.6 m x 10.6 m x 3.5-6.7 m and a Window-to-Floor
Ratio (WFR) of 9.1%. Toronto’s climate is classified as a warm-summer humid
continental (Dfb) under the Képpen-Geiger system, featuring large seasonal
temperature differences, with warm, humid summers and cold winters, and
precipitation distributed evenly throughout the year.

Geometrical configurations of the case study room was captured as a dense and
accurate point cloud using a Light Detection and Ranging (LiDAR) scanner. The final
point cloud was generated after automatic registration of multiple scans using
checkerboard targets in the scene, followed by subsampling and removal of outliers.
The surface polygonal 3D model was then constructed manually on top of the point
clouds. This surface model along with the location of the sensors is shown in Fig.6.2.
The spectral material properties of all opaque surfaces were measured using a
Konica Minolta CM-2600d reflectance spectrophotometer. The overall appearance of
these materials is shown in Fig. 6.2. Spectral transmittance of the glazing was
determined by dividing the internal and external spectral irradiance measured with a
Konica Minolta CL-500A spectrophotometer as shown in Fig. 6.3.

A 5-minute Tropical Atmosphere Ocean (TAO) weather dataset for the study location
was acquired from the measurement station at the University of Toronto campus.
Direct Normal Irradiance (DNI) and Diffuse Horizontal Irradiance (DHI) values for
each time step were derived from the Global Horizontal Irradiance (GHI) using the
Skartveit and Olseth split model (Skartveit and Olseth, 1987).

Spectral light measurements

108

Spectral irradiance within the spectral range of 380-780 nm was measured for 75
minutes, with a 1-minute time step at the occupants’ eye level at 4 spots with a
nanoLambda sensor. The measurements were done during daytime in the morning on
the 13th of November 2022, under an overcast sky. One sensor was placed on the
interior side of the window, approximately 200 centimetres from the floor, and served
as a calibration sensor. This was done to separate the effects of inter-reflections of
irradiance within the indoor room on the measurements. The measured m-EDI values
are shown in Fig. 6.4 over the monitoring period.

Modelling Daylight for Existing Indoor Spaces
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FIG. 6.2 3D model and real fisheye view of the studied room.
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FIG. 6.3 Irradiance inside and outside of the window for transmittance calculation. This is measured by
Konica Minolta CL-500A.

Simulated model

109

Radiance v6.0 offers a hyperspectral rendering feature and is a faster computational
software compared to Lark or ALFA. Therefore, it was used for this study (Ward and
Wang, 2024). Five ambient parameters, i.e., ad, as, ar, aa, ab, were determined by a
convergence test on a virtual sensor on the farthest wall from the facade at DA_200.
The convergence range (and the final value) for each of the parameters is 32-8192
(1024), ad/2 (512), 8-32768 (512), 0.4-0.05 (0.2), and 1-8 (5), respectively. The
simulations were performed in 18 channels, although the preliminary test showed
that increasing the band count beyond 9 channels produced negligible changes in
m-EDI. Geometry, surface spectral reflectance, sky/solar model selection, sensor
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poses, and the simulation settings are held constant. Only the glazing spectral
transmittance magnitude is varied with preserved spectral shape.

110 Modelling Daylight for Existing Indoor Spaces



6.3.4

Calibration workflow

111

Simulation inputs can be assessed along two independent attributes: (i) their
characterisation uncertainty, and (ii) their output sensitivity. The calibration decision
(i.e., which parameter to tune and within which range) follows this prioritisation
(Fig. 6.6). Among the various inputs, window spectral transmittance shows both high
uncertainty in practice—due to ageing, dirt, coatings, and limited on-site
characterisation—and a strong influence on indoor illuminance (see Chapter 3). For
this reason, it is selected as the sole calibrated input in this workflow, while other
parameters with lower combined uncertainty and impact are kept fixed.

Output sensitivity
A

Y

Characterization uncertainty

FIG. 6.6 Schematic prioritisation matrix for designing a calibration workflow for each influencing parameters
listed in Fig.6.1.

The proposed calibration procedure, as shown in Fig. 6.7, is based on iterative
adjustment of window transmittance to reduce the simulation error. This process
began with the generation of window transmittance options, where the base
transmittance values are measured on site (see Fig. 6.3). Each option is obtained by
scaling the base spectrum up or down with successive factors, i.e., multiplying or
dividing the transmittance values by 1 + step x 0.125, while ensuring values remain
between 0 and 1. Seven options are generated above the base and seven below, with
a 0.1 step, while preserving the overall spectral distribution (Fig. 6.8). Next, the
18-channel irradiance values corresponding to each of these options are simulated
for the control sensor across 16 time steps.
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2
.

FIG. 6.7 Calibration pipeline

Finding the best-performing window

112

The best performing window is selected by comparing the 18-channel simulated and
measured irradiance values for each window option. For this, a Mean Absolute Error
(MAE) was calculated as the error metric as described in Eq. 6.1.

T

1 1 o d imulated
MAEroom,w = 5 > — D [yllre™"™ — g™ 6.1)

ts=1 i=1

Where:
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FIG. 6.8 Spectral properties of the window materials for each iteration of the calibration process. The dashed
lines represent the positive adjustments, the dotted lines represent the negative adjustments, and the solid
black line represents the measured data. The Visible Light Transmission (VLT) of each option is in the
parenthesis.

ymeasured s the measured irradiance value for channel i at time ts.

ysmuated js the simulated irradiance value for channel i at time ts.
cs is the number of spectral channels.

w is the window option.

T is the total number of time steps.

Evaluation of the calibrated models

113

Following the identification of the best-performing transmittance option and linear
transformation, the calibrated model is evaluated by comparing the measured and
simulated data using the MBE,..;, the RMSE,..;, and the o,.; for E,, m-EDI, and M/P
ratio. The MBE,..; quantifies the bias between simulated and measured values and
indicates over- and under-estimations. The RMSE,..; combines both systematic and
random errors to provide the overall magnitude of the deviations. Finally, ..,
represents the spread of the errors around the mean bias and isolates the random
component after removing the systematic bias.

_ I =yi— i
MBE,a (%) = 100 x — > = (6.2)

i=1
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RMSE,i(%) = 100 x <y ‘y) (6.3)

n _ \2
_ 1 Yi — Ui y—4
orel(%) = 100 x EZ <y( ; )) (6.4)

Where n is the number of observations (time steps), y; is the simulated value (E, or
m-EDI) for observation i [Iz], g; is the measured value (E, or m-EDI) for observation ¢
[lz].

Best-performing window

Errors and correlation corresponding to each window option are presented in Table
6.3. The MAEoom,., values range between 0.0077 and 1.60 W/m?. The spectral
shape is consistently reproduced in all window options, with Pearson correlation
coefficients between 0.89 and 0.91, which is visible in a single time step spectral
comparison in Fig. 6.9. The best-performing window is Window_neg_3 with a
transmittance shown in Fig. 6.10. This window option corresponds to VLT of 0.021
which is one-fourth of the measured window. This is due to ageing and accumulated
dust in on the windows. The corresponding spectral bias for all time steps in the
control sensor is illustrated in Fig. 6.11 before and after calibration.

Errors in the calibrated models

A post-calibration comparison of measured and simulated E, and m-EDI is shown in
Fig. 6.12. The corresponding aggregate errors—reported both before and after the

window-selection step—are summarized in Table 6.4 using RMSE,..;, MBE,..;, and o

(standard deviation of residuals). Together, these metrics indicate the systematic bias
(MBE,.;), overall accuracy (RMSE,..;), and random dispersion after bias removal

6.4 Results
6.4.1
6.4.2

(o ret)-
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TABLE 6.3 MAEoom,« and correlation for different windows

Window ID MAE;com,» Correlation
window_neg_7 0.0210 0.91
window_neg_6 0.0172 0.91
window_neg_5 0.0128 0.91
window_neg_4 0.0088 0.91
window_neg_3 0.0077 0.90
window_neg_2 0.0211 0.90
window_neg_1 0.0549 0.90
window_000_0 0.1555 0.89
window_pos_1 0.3672 0.89
window_pos_2 0.5857 0.89
window_pos_3 0.7888 0.89
window_pos_4 0.9947 0.89
window_pos_5 1.1965 0.89
window_pos_6 1.4064 0.89
window_pos_7 1.6044 0.89
" [~ Chmpaed
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FIG. 6.9 Spectral comparison for a single example time step at the control nanoLambda sensor after
calibration.
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FIG. 6.11 Spectral simulation errors on the control sensor before (top) and after calibration (bottom).
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FIG. 6.12 Comparison of measured and simulated E, and m-EDI, before and after calibration for the control
sensor and the other sensors; sensor locations as shown in Fig. 6.2.

Before calibration, the control sensor exhibited extremely high relative errors, with
both MBE,..; and RMSE,..; exceeding several hundred percent (e.g., MBE, i, 5v =

117
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290.42%, MBE,¢;,m—rpr = 330.64%). After calibration, MBE,..; values were reduced
to within 11% (E, = 1.36%, m-EDI = 10.98%). Similarly, RMSE...; and o,
decreased substantially (photopic RMSE,..; from 293.28% to 10.22%, o,.; from
40.81% to 10.13%). The M/P ratio remained stable across all sensors, with
relatively low errors even before calibration (MBE,.; = 10.49%) and only a minor
change after (9.68%), suggesting that the relative spectral balance between
melanopic and photopic components was preserved.

After calibration, the accuracy for the control sensor was found to be within 11% for
E, and m-EDI, with o around 10%. However, all other sensors resulted in higher
errors than the control one; as it is shown in Fig. 6.12 and Fig. 6.13, accuracy and
precision are highly location dependent: the greater the distance from the windows,
the larger the imprecision and inaccuracy. There is consistent over-prediction both
before and after calibration.
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FIG. 6.13 Spatial pattern of accuracy (MBE,..;) and precision (o...;) after calibration. Point size indicates the
magnitude of the metric.
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TABLE 6.4 Relative error metrics before and after calibration for each sensor, the sensors are sorted based on
their distance from the front facade.

Sensor Metric Step E, (%) m-EDI (%) M/P (%)
MBE Before calibration 290.42 330.64 10.49
rel
After calibration 1.36 10.98 9.68
Before calibration 293.28 332.77 10.68
nPC_C (control) RMSE,¢;
After calibration 10.22 14.33 9.87
Before calibration 40.81 37.51 1.98
Orel
After calibration 10.13 9.20 1.94
MBE Before calibration  758.79 781.33 5.38
rel
After calibration 191.81 175.49 -3.23
Before calibration 800.80 803.64 11.11
nPC_G RMSE,.;
After calibration 209.82 184.73 9.72
Before calibration  255.99 188.01 9.71
Orel
After calibration 85.04 57.71 9.17
MBE Before calibration 500.45 528.94 5.92
rel
After calibration 95.59 86.21 -3.78
Before calibration 510.23 533.41 9.76
nPC_E RMSE,..;
After calibration 102.91 90.17 7.02
Before calibration 99.39 68.94 7.76
Orel
After calibration 38.12 26.41 5.91
MBE Before calibration 668.03 672.67 3.81
rel
After calibration 166.65 142.00 -6.48
Before calibration 702.20 690.64 13.45
nPC_F RMSE,;
After calibration 184.45 151.88 13.24
Before calibration 216.39 156.50 12.89
Orel
After calibration 79.06 53.88 11.54
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Discussion

120

The calibration strategy was constrained to a single, physically interpretable degree
of freedom: window spectral transmittance. The procedure scaled the measured
transmittance spectrum up or down in fixed steps while preserving its spectral shape
to the measured value on-site, thereby addressing key uncertainties associated with
external boundary conditions without conflating them with interior reflectance or
geometric parameters. Within this framework, the best-performing option
(window_neg_3) minimized the 18-channel irradiance discrepancy on the control
sensor, with MAEgom,w = 0.0077 W m~2 and correlation r = 0.90.

This study shows that the simulated spectral shapes agree well with field
measurements, even though the intensity shows a very high improvement after
calibration. Pearson correlation coefficients between simulated and measured
spectra remain in the range 0.89-0.91 across window options, indicating a
consistent match in spectral form that underpins the stable behaviour of the
melanopic/photopic (M/P) ratio. Consistent with this, the M/P errors were already
low before calibration (MBE,e1 = 10.49%, RMSE,.1 = 10.68%) and improved slightly
after calibration (MBE,c; = 9.68%, RMSE, = 9.87%).

After calibration, the systematic bias on the control sensor was effectively removed
for both photopic and melanopic illuminance near the facade. For E,, MBE,. shifted
from 290.42% to 1.36%, and for m-EDI from 330.64% to 10.98%. Overall accuracy and
precision improved significantly: RMSE,. declined to 10.22% (E,) and 14.33%
(m-EDI), while o,e1 was 10.13% and 9.20%, respectively. In practical terms, accuracy
for the control sensor is within 11% for E, and m-EDI, with a residual dispersion of
about 10%. It is notable that both before and after calibration, the direction of the
bias was consistently an overprediction.

Errors exhibit clear spatial dependence. Sensors located deeper in the room show
larger biases and dispersion than the control sensor, consistent with increased
sensitivity to inter-reflections and local modelling as distance from the fagade
increases. Part of this spread can be attributed to the limits of sensor calibration and
to necessary simplifications in surface descriptions (e.g., texture homogenization).
These effects are visible in the spectral comparisons across sensors after calibration
and in the spatial pattern of MBE,. and o.c1.

The calibrated transmittance that yielded the best agreement is substantially lower
than the measured base spectrum. This outcome is consistent with the chosen
workflow—i.e., preserving spectral shape while scaling magnitude—and with the
observation that external boundary conditions and glazing transmission exert
first-order influence on the indoor spectral irradiance reaching the eye. Within the
present pipeline, this parameterisation provided a direct and practical approach for
aligning measured and simulated irradiance without adjusting interior inputs.
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Finally, Radiance v6.0 was adopted for its efficient, scriptable hyperspectral
rendering, which enables tractable calibration runs and integration into automated
workflows. While Radiance has a long record of validation for illuminance predictions
under diverse conditions, its hyperspectral pipeline has not yet been systematically
validated against field measurements.

The present results—strong spectral-shape agreement, and near-zero
post-calibration bias on the control sensor—establish a practical calibration pathway
based on short-term measurements and transmittance adjustment, and delineate
where residual discrepancies persist (notably at locations farther from the facade).

Conclusion

121

This chapter introduces and tests a calibration workflow for indoor spectral daylight
simulation that prioritises inputs by characterisation uncertainty and output
sensitivity, and limits tuning to a single, physically interpretable parameter: window
spectral transmittance. The procedure scales the measured transmittance while
preserving its spectral shape and selects the option that minimizes 18-channel
irradiance discrepancies on a control sensor. Implemented with Radiance v6.0
single-pass hyperspectral rendering, the workflow is compatible with scripted and
repeatable runs.

The results show that simulated spectral shapes agree well with field measurements
across window options (correlations = 0.89-0.91), which explains the stability of the
melanopic/photopic (M/P) ratio. After calibration, systematic bias on the control
sensor is largely removed for E, and m-EDI: MBE,., is within 11%, overall error
magnitude and dispersion decrease to RMSE,« ~ 14% and o,e1 =~ 10%. The
calibrated window has a lower magnitude than the measured base spectrum,
consistent with the adopted strategy of preserving spectral shape while accounting
for dominant external boundary effects.

Errors are spatially dependent. Sensors farther from the facade show larger bias and
dispersion than the control sensor, reflecting increased sensitivity to inter-reflections
and local modelling. These patterns delineate where residual discrepancies persist
and indicate that, beyond transmittance, geometry and interior surface descriptions
remain influential in deeper regions of the room.

The workflow is constrained by several factors. The study uses a single room, a short
monitoring period, and overcast conditions. While Radiance has a record of validation
for illuminance, its hyperspectral pipeline has not yet been validated against field
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measurements; the present findings address this gap only indirectly through error
reduction and spectral-shape agreement.

In summary, short in situ measurements combined with transmittance scaling
provide a practical calibration pathway that reduces bias for E, and m-EDI and
preserves M/P stability.
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7.1

Conclusions

7.1.1

This dissertation addressed key challenges of accurate and efficient daylight
modelling in existing buildings. Despite the maturity of physically-based simulation
tools, their application to real indoor environments remains constrained by difficulties
in acquiring, defining, and validating the essential model inputs. These limitations
manifest at multiple stages: reconstructing the indoor geometry in a way that
satisfies the requirements of daylight models; characterising the optical properties of
materials with sufficient accuracy and scalability; and calibrating simulation models.
Each of these aspects represents a bottleneck that limits the reliability and broader
applicability of daylight simulations in post-occupancy studies and retrofit analyses.

Building on these challenges, the subsequent sections summarise how this
dissertation addressed them through five research questions. Each question targets
one of the identified bottlenecks in daylight modelling: the effect of geometrical
completeness, the influence of material accuracy, the reconstruction of indoor
geometry from point clouds, the applicability of image-based material
characterisation, and the calibration of spectral simulation models. Together, these
results form an integrated overview of how the accuracy, effort, and reliability of
indoor daylight simulations can be improved in practice.

Answers to the research questions

7.1.1.1

RQ1: How sensitive are Climate-based daylight modelling (CBDM)
results to geometric levels of detail?

124

A new framework for defining indoor Geometrical Levels of Detail (GLoDs) was
introduced to quantify the influence of geometrical completeness on CBDM results.
Five GLoDs were defined by the size-wise inclusion of non-permanent indoor objects
based on their Oriented Bounding Box (OBB) area from GLoDO that included only the
permanent elements of the room (walls, windows, floors, and ceilings), to GLoD4
which represented the most complete geometry, containing all indoor objects.

The intermediate GLoD1, GLoD2, and GLoD3 were defined by excluding objects
smaller than 3.0, 2.4, and 0.5 m? of OBB area. This data-driven discretization allowed
for the systematic evaluation of how gradually excluding non-permanent objects
affects CBDM outputs.

Gradual exclusion of non-permanent objects from GLoD4 to GLoDO caused on

Modelling Daylight for Existing Indoor Spaces



7.1.1.2

average 1.08%, 6.55%, 11.21%, and 18.05% errors in the Total Annual Illumination
(TAI) values, respectively. The spatial distribution of errors indicated that the largest
deviations occurred around the locations of non-permanent objects, caused by their
obstruction of daylight reaching nearby grid points. The magnitude of errors was
higher in spaces with dense furniture arrangements (e.g., DA_200 and MH_440) and
lower in more open spaces (e.g., WO1050 and DA_230).

Excluding non-permanent objects also reduced the simulation time by up to three
times, depending on the number and mesh complexity of objects in the model. The
analysis revealed that GLoD2 models result in less than 15% error in TAIL This
suggests that removing objects with OBB area smaller than 2.4 m? has a negligible
impact on the results. In an office setting, such objects typically include desks, shelf
contents, Air Conditioning (AC) units, certain chairs and lecterns, small radiators,
flower boxes, and video projectors.

In summary, the work establishes a quantitative framework to determine the
acceptable balance between geometrical completeness, computational cost, and
predictive accuracy in CBDM.

RQ2 - What are the uncertainties caused by inaccurate material
definition in CBDM results?

125

A concept of Material Classes of Precision (MCoPs) was developed to quantify the
influence of inaccurate material definitions on annual daylight predictions. The
optical properties of materials were defined as a randomly picked value from a
normal distribution centred around the ground truth. Four different distributions
were used to represent four MCoPs, derived from 106 measurements of opaque
materials using Average Hemispherical Reflectance (AHR) with a reflectance
spectrophotometer as ground truth. Reflectance and transmittance information were
chosen as the key material optical properties for uncertainty quantification.
Specifically, four material classes of precision were defined as normal distributions
with four spreads, represented by different standard deviations, from 0.05 to 0.20.

For each room, five different GLoDs and four MCoPs were generated, resulting in a
matrix of 20 models with varying levels of material and geometrical detail and
accuracy. For each of the cells in the GLoD-MCoP matrix, a Monte Carlo experiment
with 500 iterations was run (60,000 simulations in total), with randomised material
properties from a given MCoP. The CBDM simulations and the annual TAI metrics are
done as described earlier, and Percentage Error (PE), Mean Absolute Percentage
Error (MAPE), and Root Mean Squared Error (RMSE) were used as error measures.

Annual simulation results showed that the distribution of the TAI results widens
consistently with increasing uncertainty in the definitions of materials. In contrast,
the median TAI does not vary noticeably. The distribution of simulation errors for TAI
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appears symmetric. However, according to the normality test results, the majority of
these output distributions deviate from normality, indicating the presence of
non-linear transformations in the simulation process.

The uncertainty in predicting the annual daylight simulation results increases linearly
with material uncertainty across all spaces and GLoDs. In the most complete model
(GLoD4), the uncertainty ranges from 10% in MCoP0.05 to 35% in MCoP0.2 for
W01050, DA_230, and DA_200. This range is slightly narrower in WBG550 and
WBG640 (10%-30%), and in MH_440 it ranges from 5% for MCoP0.05 to 15% in
MCoPO.2.

A spatial analysis of the errors showed that the illuminance estimation uncertainty is
larger around the glazing, suggesting a dominant influence of transmittance
uncertainty on illuminance prediction. This was supported in W01050 and WBG640
(horizontal gradients), while MH_440 shows a stronger relative influence from
reflectance uncertainty.

In summary, inaccurate material definitions introduce uncertainties that increase
linearly with input material uncertainty (typically ~10%-30% depending on the
space), with larger errors near openings due to the influence of transmittance, and
with generally symmetric but often non-normally distributed output errors. This
framework provides a basis for evaluating the propagation of errors caused by
inaccurate modelling of material optical properties in CBDM.

RQ3 - How can indoor geometries be efficiently reconstructed to
meet the requirements of daylight simulation models?

126

A semi-automatic pipeline for reconstructing indoor geometries from point cloud
data for daylight simulation is developed. The pipeline focuses on generating GLoDO
models—window-containing watertight enclosures of indoor spaces—with reduced
manual effort. It comprises three steps: (1) preprocessing, (2) reconstruction of a
window-less watertight permanent structure, and (3) reconstruction of window
boundaries with reduced user interaction (wall selection, candidate window patch
detection, user window patch selection via lasso, boundary regularisation, and
trimming/extrusion).

The approach was evaluated on rooms of varying sizes, shapes, and window
complexity and validated against manually reconstructed models. For all successfully
reconstructed cases, the total modelling time, comprising both user interaction and
automated processing, remained under 5 minutes. The results demonstrate absolute
errors below 10% for UDI, with mean TAI percentage errors within 18% for rooms
containing rectangular windows and up to 449% for those with non-rectangular
windows. The DGP error remains under 4% (RMSE < 0.04).
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The main advantages include the significantly reduced modelling time compared to
manual modelling; guaranteed water tightness to ensure daylight only enters through
transparent surfaces; inclusion of window extrusion so that window details affecting
glare and reflected luminance are captured; reduced user interaction to mitigate false
detections in window finding; and a symmetric-window prior that is more robust than
strict rectangularity.

Limitations include the assumption of planar surfaces inherited from PolyFit, the
absence of mullions and co-planar subsurfaces, challenges with non-rectangular and
arched windows (e.g., DA200), susceptibility to complex geometries (e.g., failure in
OrangeHall), omission of beams and columns, untested scalability to multi-room
configurations, and manual removal of out-of-room points during preprocessing.

In summary, the proposed pipeline enables rapid generation of simulation-ready
GLoDO geometry with acceptable accuracy for CBDM and glare analysis.

RQ4 - To what extent can image-based material characterisation
techniques be applied to simulated indoor daylight models?

127

The applicability of three image-based techniques—Illuminance-Proxy, Ferwerda,
and Luo—for estimating material reflectance from images was evaluated, and their
influence on daylight simulation accuracy was assessed. Additionally, a spectral
uplifting method was implemented to derive full spectral reflectance from tristimulus
data for non-visual daylight simulations.

The results demonstrate that their accuracy varies considerably. Ferwerda’s method,
which estimates tristimulus reflectance using simple phone photography and
chromatic adaptation, achieved the best balance between accessibility and accuracy.
It produced a MRB of 13% and an RMSRE of 31%, with stable performance under
different lighting conditions (MRB = 12%-16%). The resulting TAI errors ranged
between 33%-65%, depending on illumination conditions, while the DGP errors
remained below 0.02, indicating negligible influence on glare prediction. Its key
advantage lies in requiring no controlled lighting or calibration setup, making it
highly suitable for field applications.

Luo’s deep-learning-based method, while capable of estimating diffuse and specular
components, roughness, and normal maps, showed the most significant errors in
reflectance estimation (Ap up to 0.48, and AE,;, up to 70). It resulted in a
substantial overestimation of daylight availability (TAI error of around 134%). The
need for controlled flash illumination and its bias towards lower reflectances suggest
limited transferability from synthetic to real-world conditions.

The Illuminance-Proxy method reconstructed spatially continuous reflectance maps
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using sparse reference points and High Dynamic Range (HDR) luminance images.
Despite its physical consistency, its accuracy depended strongly on the availability
and precision of ground truth data. On a room scale, it yielded an MRB of 19% and
RMSRE of 41%, but with an overestimation of TAI by about 101%. It performed best
on diffuse, planar surfaces and under smoothly varying illumination but was sensitive
to specular materials and sharp lighting gradients.

Spectral uplifting based on Jakob and Hanika’s method reconstructed full spectral
reflectance from RGB inputs with an RMSRE of below 20% across the visible range,
leading to a deviation of less than 6% in predicted Melanopic equivalent daylight
illuminance (m-EDI). This result confirms that tristimulus-based image techniques,
when coupled with uplifting, can support non-visual and spectral daylight simulations
with small added uncertainty.

In summary, image-based material characterisation techniques can provide practical,
low-cost alternatives to laboratory-based measurements for daylight modelling.
Among them, Ferwerda’s approach offers the most robust trade-off between
simplicity, scalability, and accuracy. Illuminance-Proxy is beneficial for spatially
detailed reflectance mapping when partial ground truth is available. Luo’s method,
while automated, requires further adaptation for real indoor scenes. Spectral
uplifting extends these methods to circadian and hyperspectral applications with
negligible loss of accuracy.

RQ5 — How can simulated spectral indoor models be calibrated to
account for uncertainties in scene reconstruction?

128

A calibration workflow for indoor spectral daylight simulation was introduced and
validated that addresses dominant uncertainties in scene reconstruction, namely: (1)
sun-sky conditions, (2) exterior obstructions, and (3) window spectral transmittance.
The first two are typically beyond the practitioner’s control during short on-site
measurements, while the third is both highly variable and influential. The workflow
therefore prioritises inputs by their characterisation uncertainty and output
sensitivity, selecting window spectral transmittance as the single tunable parameter.
The calibration scales the measured transmittance spectrum up or down while
preserving its spectral shape, and identifies the best-performing option by
minimizing 18-channel irradiance errors against field measurements.

The procedure was tested in a university classroom in Toronto under overcast sky
conditions. Spectral irradiance was measured at four indoor points and one control
point near the window using a Konica Minolta CL-500A spectroradiometer. The
simulated model, developed in Radiance v6.0 using single-pass hyperspectral
rendering, was calibrated by iteratively adjusting window transmittance across 16
scaled options. The Mean Absolute Error (MAE) was used to select the optimal
transmittance, followed by performance evaluation using MBE,..;, RMSE,..;, and ;¢
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for photopic (Ey), melanopic (m-EDI), and M/P ratio outputs. The results show strong
agreement between simulated and measured spectral shapes even before calibration
(Pearson r = 0.89-0.92), explaining the stability of the M/P ratio (RMSE,. < 10%).
After calibration, systematic bias in both E, and m-EDI was nearly eliminated on the
control sensor (MBE,. = —5.8% and 2.7%), while total error magnitude dropped to
RMSE;,. = 18% and random dispersion to o1 = 18%. Residual spatial errors
increased with distance from the fagade, indicating that inter-reflections and local
modelling inaccuracies dominate at greater depths in the room.

In summary, the proposed workflow provides a method for calibrating spectral
daylight simulations of existing rooms using short-term field data. By tuning only
window transmittance while preserving its spectral form, it reduces bias in photopic
and melanopic predictions and maintains M/P stability. The workflow is fully
compatible with automated pipelines and scalable to large datasets, offering a
reproducible approach for improving the reliability of spectral daylight simulations in
real-world applications.

Key Contributions

129

This PhD research developed and validated a comprehensive framework for
constructing, evaluating, and calibrating digital indoor models for daylight and
spectral simulation. The work advances the state of knowledge across five areas,
namely geometry, materials, automation, image-based techniques, and spectral
calibration, each contributing to the overarching goal of enabling experts to obtain
valid indoor digital models with reduced error, effort, and time.

Chapter 2 (RQ1). A new framework for defining indoor Geometrical Levels of Detail
(GLoDs) was introduced, ranging from GLoDO (permanent objects only) to GLoD4
(complete geometry). The levels were determined by size-wise inclusion of
non-permanent objects based on their Oriented Bounding Box (OBB) area. The study
quantified how reducing geometrical completeness affects daylight performance,
which shows that simplifications can significantly reduce simulation time—up to
threefold—while maintaining acceptable accuracy. Models at GLoD2, which exclude
objects smaller than 2.4 m?, produced less than 15% error in annual illuminance.

Chapter 3 (RQ2). To evaluate the effect of uncertain material definitions, a concept of
Material Classes of Precision (MCoPs) was developed based on 106 in-situ
reflectance measurements. These accuracy classes, represented as normal
distributions with varying spreads (0.05-0.20), were combined with the geometrical
GLoDs in a Monte Carlo framework of 60,000 simulations across six rooms. The
results showed that output errors increase linearly with input material uncertainty
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(typically 10%-35%) and that transmittance inaccuracies have a greater influence
on illuminance predictions than reflectance. The study provided a statistical basis for
understanding and managing the propagation of material-related errors in daylight
modelling.

Chapter 4 (RQ3). A semi-automatic pipeline was developed to generate watertight,
simulation-ready indoor models directly from point clouds. The method reconstructs
walls, floors, ceilings, and windows with reduced user interaction, using
regularisation and extrusion techniques to ensure geometric completeness and
light-tightness. Across multiple case studies, models were reconstructed within five
minutes and yielded daylight results with less than 10% UDI error and under 0.04
DGP RMSE. The approach demonstrated that reliable geometry can be obtained
rapidly and reproducibly, thereby reducing manual modelling effort while maintaining
photometric validity.

Chapter 5 (RQ4). Three image-based reflectance estimation
methods—Illuminance-Proxy, Ferwerda, and Luo—were systematically tested against
spectrophotometer measurements and applied to daylight simulations. Ferwerda’s
method provided the best trade-off between simplicity and accuracy, achieving a
mean bias error of 13% and stable results under varying illumination. The
Illuminance-Proxy method proved effective for spatially continuous reflectance
mapping but was sensitive to input precision, while Luo’s deep-learning-based
method showed high errors under real conditions. In addition, a spectral uplifting
method was validated to extend these techniques to non-visual and hyperspectral
applications, with deviations below 6% in melanopic illuminance.

Chapter 6 (RQ5). A calibration method for spectral daylight simulation was
established, targeting the most influential and uncertain parameter: window spectral
transmittance. Using short-term in-situ measurements and hyperspectral rendering
in Radiance v6.0, the method adjusted transmittance magnitude while preserving
spectral shape to minimize errors. After calibration, the systematic bias in photopic
and melanopic illuminance was reduced to within £6%, with overall error magnitudes
of around 18%. The approach demonstrated that physically interpretable,
single-parameter calibration can effectively align measured and simulated spectral
data.

Overall, this work provides quantitative evidence on where model simplification is
acceptable, how uncertainty propagates through simulation workflows, and how
limited field measurements can be used to achieve accurate simulated daylight
models.
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Future Work

7.3.1

This dissertation provides a foundation for the automation and formalisation of
simulated daylight modelling in existing buildings. Several methodological and
practical aspects remain open for exploration. The following subsections outline the
main opportunities for future research aligned with the topics of Chapters 2-6.

Geometrical level of detail for indoor daylight simulation and
sensitivity of daylight simulation results to geometry (RQ1)

7.3.2

This dissertation introduced a data-driven framework for defining geometric levels of
detail (GLoDs) for indoor daylight simulations. Five GLoDs were defined based on the
size-wise inclusion of non-permanent indoor objects using their oriented bounding
box (OBB) area. The influence of geometric completeness on annual daylight
availability was quantified across six case-study spaces, showing that removing
objects smaller than 2.4 m? results in less than 15% error in TAI while significantly
reducing computation time. The findings provide a quantitative basis for selecting
sufficient geometric resolutions depending on desired accuracy and available
resources. Future research can be structured around three directions to refine and
extend this framework.

The current definition of GLoDs is based solely on object size, which introduces
inherent limitations. Alternative definitions that consider other geometrical
parameters beyond size—such as proximity to light sources—could provide a more
complete understanding of how geometry affects daylight distribution. Moreover,
incorporating directional or sensor-based metrics, rather than relying only on
workplane-based evaluations, could capture variations in daylight propagation and
visual perception more accurately. Finally, future research should address the
geometry of permanent objects and explore bidirectional definitions of GLoDs—both
via inclusion of non-permanent objects and reduction of geometric complexity
through mesh simplification.

Material classes of precision and sensitivity of daylight simula-
tion results to material characterisation (RQ2)

131

This work quantified the uncertainty in daylight simulations caused by inaccurate
material definitions and introduced the concept of MCoPs, combining geometric and
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material factors in a Monte Carlo framework to characterise how input uncertainty
propagates to annual metrics. Future work can advance this framework in four key
directions.

First, the proposed MCoPs were defined only based on measurement precision, while
accuracy should also be incorporated in future studies. Second, extending this
framework to include spectral information would enable a more comprehensive
characterisation of material behaviour supporting both photopic and non-visual
daylight assessments. Third, incorporating spectral and directional components into
the MCoP definitions would capture wavelength- and angle-dependent behaviours
relevant to glare and circadian studies. Finally, validation through controlled indoor
experiments comparing simulated and measured illuminance and luminance for
different MCoPs, together with applying a broader set of metrics—including glare
indices, circadian indicators (m-EDI, CS), and visual comfort metrics—would help
verify the modelled uncertainty ranges and improve result credibility.

Semi-automated reconstruction of indoor geometry for daylight
simulation (RQ3)

132

This chapter developed a semi-automated pipeline that reconstructs watertight,
window-containing GLoDO indoor geometries from point clouds with reduced user
input, achieving under-five-minute modelling times. Future work can proceed in three
main directions to enhance robustness and scalability.

First, the method should be extended to generate more detailed geometrical
representations (GLoD+) according to the required accuracy, which varies with the
final application. Second, curved and non-planar geometries, complex or arched
windows, mullions, co-planar subsurfaces, beams, and columns are not fully
reconstructed due to planar assumptions and limitations inherited from PolyFit.
These omissions have led to overestimated daylight predictions. Identifying and
quantifying such errors can guide algorithmic improvements through enhanced
boundary regularisation, curved-surface detection, and automated modelling of
secondary architectural features. Finally, scalability and reproducibility should be
assessed. The current approach has been validated on single-room point clouds only.
Multi-room and multi-storey scalability, multi-user reproducibility studies, and
automated room isolation during preprocessing would further reduce manual effort
and ensure consistency.
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Image-based material characterisation for daylight simulation
(RQ4)

7.3.5

This chapter evaluated three image-based techniques—Illuminance-Proxy, Ferwerda,
and Luo—for estimating material reflectance from images, and implemented a
spectral uplifting method to derive full spectral reflectance from tristimulus data for
non-visual daylight simulations. Future research can expand on three directions.

First, the implementation of image-based material characterisation should move from
per-sample to per-scene estimation, which requires further verification under
realistic indoor lighting conditions. Second, evaluating the applicability of scene-wide
image-based methods in daylight simulations remains essential, particularly where
lighting gradients, inter reflections, and specularities are significant. Finally, even
though performance is promising, future implementations of spectral daylight
simulations should better justify the choice of uplifting technique. Investigating more
recent uplifting methods for spectral lighting evaluation would strengthen this
justification and potentially improve accuracy.

Calibration of spectral daylight simulation models (RQ5)
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This chapter introduced and validated a calibration workflow for indoor spectral
daylight simulation that tunes window spectral transmittance while preserving
spectral shape to reduce bias and uncertainty in photopic and melanopic predictions.
Future developments can advance this framework along three primary directions.

First, calibration methods should explicitly address spatial discrepancies within
indoor spectral models through localised calibration, and multi-sensor weighting.
Second, generalisation across spaces and skies should be tested under diverse
configurations and sky conditions, with extended monitoring to capture temporal
variability and transient effects. Finally, spatial performance mapping, integration
with electric lighting, and benchmarking across different simulation engines (e.g.,
Lark, ALFA) will help evaluating consistency, scalability, and applicability to
mixed-mode lighting environments.

Conclusions, Reflections and Future Research
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APPENDIX A U n Ce rta i nty
indicators

— Percentage Error (PE) for Total Annual Illumination (TAI).
(TAI; — TAl,,)

100 = TAI,. (A.1)
Where:
T AI; is Total Annual Illumination in [kix], and
T Alyp,, is TAI for the benchmark model [kix].
— Mean Absolute Percentage Error (MAPE) for TAL
100 |(TAIi - TAIbm)| (A.2)

N " T ALy,
Where:
N is the number of iterations in the corresponding GLoD and MCoP.

- Root Mean Squared Error (RMSE) of the time-series annual simulation data averaged
over all the iterations:

j=1 \k=1

N G
% Z\J H >1k G > (Z(xijk - ﬁ,-,jk)2> (A.3)

Where:
H represents the total number of occupancy hours between 8:00 and 17:00
throughout the year.
G is the total number of grid points within a space.

x;;x denotes the illuminance value on the point k at time j in the i*" inaccurate
iteration, and

Z.;r represents the benchmark value for the same point in time and space.
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APPENDIX B RESUItS Of the
normality test

TABLE APP. B.1 Results of the normality test (p-value); normal distributions with p-values higher than 0.05
are marked with (*).

Space ID \ GLoD \ MCoP0.05 MCoP0.10 MCoPO.15 MCoP0.20

4 0.006 0.000 *0.216 0.017

3 *0.451 0.000 0.003 0.000

W01050 2 *0.470 0.002 0.000 0.001
1 *0.373 0.000 0.000 0.001

0 *0.433 0.003 0.000 0.000

4 0.016 *0.076 0.001 0.001

3 0.015 0.000 0.002 0.004

DA_230 2 0.008 0.003 0.000 0.000
1 *0.111 0.000 0.001 0.015

0 *0.126 0.008 0.000 0.002

4 0.000 0.000 0.000 0.000

3 0.002 0.003 0.001 0.000

DA_200 2 0.004 0.009 0.000 0.000
1 *0.092 0.006 0.000 0.000

0 0.002 0.000 0.000 0.000

4 *0.131 0.000 0.010 0.004

0.005 0.000 0.005 0.000

2 *0.511 0.003 0.003 0.000

Continued on next page
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Space ID \ GLoD \ MCoP0.05 MCoPO.10 MCOPO.15 MCoP0.20

1 *0.056 0.000 0.001 0.000
MH_440 0 0.002 0.010 0.005 0.000
4 0.001 *0.482 0.026 0.001
3 *0.121 0.008 0.000 0.018
WBG550 2 *0.430 0.295 0.001 0.000
1 *0.320 *0.106 0.021 0.002
0 *0.760 0.004 0.002 0.001
4 0.001 *0.483 0.027 0.001
3 *0.121 0.008 0.000 0.018
WBG640 2 *0.438 *0.295 0.001 0.000
1 *0.321 *0.107 0.022 0.002
0 *0.763 0.005 0.002 0.002
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APPENDIX C UDI and TAI
simulation results

TABLE APP. C.1 TAI [Mix.hr/year]

Manual Semi-auto
Room

Mean STD Mean STD

wo1050 0.40 0.47 047 0.55
wBG640 1.11 098 1.25 1.10
WBG550 3.23  2.51 3.75 290
DA200 0.57 049 082 0.69

TABLE APP. C.2 UDT; [%]

Manual Semi-auto
Room

Mean STD Mean STD

Wo1050 65.90 22.88 60.82 24.17
WBG640 1553 32.83 13.81 31.52
WBG550 13.38 28.74 12.18 27.70
DA200 59.47 2292 4831 25.41
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TABLE APP. C.3 UDI, [%]

Manual Semi-auto
Room
Mean STD Mean STD
Wwo1050 33.10 21.45 37.87 22.41
WBG640 81.11 32.87 82.14 32.00
WBG550 60.47 26.84 55.09 27.61
DA200 38.11 21.16 47.86 2296
TABLE APP. C.4 UDI, [%]
Manual Semi-auto
Room
Mean STD Mean STD
Wwo1050 0.98 3.34 1.28 4.16
WBG640  3.33 10.03 4.03 11.58
WBG550 26.13 22.15 32.71 26.65
DA200 2.40 3.99 3.80 5.87

Modelling Daylight for Existing Indoor Spaces



weoxo 1E€MPoOral Mean
Relative Bias

TABLE APP. D.1 Summary of spatial TMRB values.

Room Mean [%] STD [%]

WBG640 14.20 13.06
WBG050 14.03 13.71

WBG550 28.93 40.39
DA200 22.40 145.76
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APPENDIX E RESUItS Ofthe th I'EE-
channelilluminance-

proxy

TABLE APP. E.1 Estimated RGB values for each sample grouped by Ground Truth (GT).

GT Sample # Estimated RGB
1 (0.13, 0.08, 0.10)
2 (0.14, 0.08,0.10)
3 (0.14, 0.07, 0.10)
4 (0.15, 0.08, 0.10)

(0.12,0.06,0.08) 5 (0.14, 0.08,0.10)
6 (0.14, 0.08,0.10)
7 (0.16, 0.08, 0.12)
8 (0.16,0.09, 0.12)
9 (0.15,0.09, 0.11)
10 (0.79, 0.80, 0.54)
11 (0.81, 0.83, 0.55)
12 (0.78, 0.82, 0.50)
13 (0.77, 0.80, 0.50)
14 (0.76, 0.80, 0.48)

(0.77,0.76,0.58) 15 (0.76,0.81, 0.52)
16 (0.79, 0.82, 0.54)
17 (0.77, 0.80, 0.52)
18 (0.81, 0.84, 0.53)
19 (0.80, 0.84, 0.49)
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Modelling Daylight for Existing Indoor Spaces

Towards formalisation and automation of input data for robust simulations

Nima Forouzandeh

Despite the maturity of physically based daylight simulation tools, their broad applicability to
existing buildings remains constrained. This is partly due to the lack of formal definitions that
ensure comparability among models created in different contexts, partly due to inefficient
techniques for input acquisition, and partly due to gaps in model calibration.

This work addresses these limitations by first defining different levels of geometric agreement
between digital and real indoor spaces, termed Geometrical Levels of Detail (GLoD). These levels
represent degrees of geometric completeness and resolution. The study quantifies how those
degrees of representation translate into errors in daylight simulation results.

A similar framework is introduced for material inputs through Material Classes of Precision
(MCoP). These classes represent different techniques for acquiring optical properties. The
propagated uncertainty associated with each level of precision is systematically analysed to
determine its influence on daylight simulation results.

Third, a semi-automatic pipeline is developed to reconstruct simulation-ready geometry from
LiDAR point clouds. The workflow includes preprocessing, watertight reconstruction of permanent
objects, and detection and reconstruction of window boundaries with minimal user interaction. Its
performance is evaluated using daylight availability and glare metrics.

Fourth, image-based material characterisation techniques are assessed as accessible alternatives
to laboratory measurements. Three techniques are validated, and their influence on daylight
simulation results is quantified. A spectral uplifting method is further evaluated to reconstruct full
spectral reflectance from RGB inputs for spectral daylight simulations.

Finally, a calibration workflow for indoor spectral daylight simulation is introduced to account

for uncertainties related to exterior conditions and window characterisation. Measured spectral
irradiance data are used to minimise simulation error. Together, these contributions enable
practitioners and researchers to create a robust digital daylight model for existing indoor spaces.
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