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ABSTRACT

This study presents a general method for determining optimal control oriented surrogate mod-
els of light-related quantities. It is termed the incidence operator method comprising of sampling,
model training and model export. In contrast to matrix-based methods, machine learning consti-
tutes a fundamental component of this new method. This entails the ability to represent complex
dependencies of light-related quantities on adjustable material and geometric properties, as well as
the possibility to export models using a standardized format (e.g. FMI, ONNX). Furthermore, com-
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ponents were developed to streamline the sampling of training data from parametric designs. The
associated higher resolution reveals spatial discontinuities, for which a novel modeling approach
and integration methodology have been developed. The incidence operator method was validated
with the enhanced two-phase method using two scenes. Based on annual simulations, the simple
scene demonstrates high agreement ("(MAE < 2.1%), while the complex fenestration scene exhibits
spatial discontinuities resulting in an increased deviation (nMAE < 11.9%).

1. Introduction

Due to their capacity to adjust to changing environmental
conditions, adaptive facades are considered a means of
both reducing the global building sector’s CO, emission
of 34% (United Nations Environment Programme 2025)
and enhancing user comfort. This is achieved by regu-
lating a physical material property (e.g. tint state) or a
geometric configuration (e.g. slat angle) of the facade.
These can be influenced either by intrinsic processes in
the fagade (e.g. thermochromic windows) or by extrinsic
actuation (e.g. blinds) via a control strategy. In this study,
we focus on extrinsically adaptive facades. A control strat-
egy is therefore afundamental prerequisite. Without such
a strategy, neither a life-cycle assessment during the
planning phase nor operational optimization during the
usage phase can be facilitated.

The weather characteristics at a building’s location as
well as the adjustable material or geometric properties
affect light-related quantities within the visual spectrum,
e.g. work plane illuminance or daylight glare probabil-
ity. Additionally, they also have impacts on light-related
guantities in the broadband spectrum, e.g. solar ther-
mal absorption in and transmission through the facade.
These significantly influence the thermal comfort as well

as the heating and cooling requirements of the build-
ing. Finally, photovoltaic layers on building integrated
photovoltaic (BIPV) elements or photovoltaic integrated
shading devices (PVSDs), produce renewable electric-
ity through photovoltaic active shortwave absorption.
Such light-related interactions typically occur in adap-
tive facades and represent a multi-domain problem with
partially opposing directions of effect.

1.1. Why do we need optimal control and surrogate
models for the performance assessment of adaptive
facade variants?

In a recently published study (Klanatsky et al. 2025),
data-driven model predictive control (MPC) was imple-
mented to regulate heating, cooling and shading systems
of an existing building. Through this approach, combined
with additional energy conservation measures, thermal
energy consumption was reduced by 54% compared to
rule-based control. A further field study (Yang et al. 2021)
reported a 15.1-20.7% reduction in electricity consump-
tion through MPC of tint states in electrochromic glazing
compared to a rule-based control. Beyond the reduction
in energy consumption, the decisive practical relevance
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of data-driven MPC is reflected in enhanced thermal com-
fort, reduced peak loads, load shifting capabilities and
extended periods without the need for any heating and
cooling system operation (Klanatsky et al. 2025). These
studies emphasize the practical relevance of optimal con-
trol and the simultaneous consideration of heating, cool-
ing and shading systems. The review (Zhang et al. 2022)
enables a broader analysis of energy consumption reduc-
tions and further potential benefits regarding MPC and
reinforcement learning control (RLC) in the building sec-
tor. Thus, the central hypothesis of this study is that
only optimization-based control strategies, such as MPC
or RLC, are suitable for regulating multi-domain interac-
tions in adaptive fagcades. Only optimization-based con-
trol concepts have the ability to maintain comfort con-
straints across different domains whilst enabling minimal
energy consumption. To solve optimization problems, a
surrogate model is required which provides fast function
evaluations and possibly the first and second derivatives
with respect to the input variables.

1.2. How do others build surrogate models to
predict light-related quantities?

The reviews (Ayoub 2020; Ngarambe et al. 2022) provide
an overview of the application of machine learning meth-
ods for daylight prediction in buildings. They present var-
ious machine learning algorithms, data sources and use
cases. The review (Duran et al. 2025) focuses on a gen-
eral overview of machine learning for fagades. It distin-
guishes between the application scenario of either archi-
tectural, environmental or structural design. A review on
the application of machine learning methods for solar
gain prediction in buildings was not found.

In this study, we focus on optimal control oriented
surrogate models of light-related quantities in adap-
tive facades. It is essential that the surrogate model
incorporates weather influences as well as adjustable
material and geometric properties, predicts light-related
guantities and is intended for real-time control via MPC
or RLC. We do not consider studies that employ rule-
based control to first simulate metrics on an annual
basis (e.g. energy consumption or useful daylight illu-
minance), which are subsequently used to create a
machine learning model for design or layout optimization
purposes.

In contrast to the review (Ayoub 2020), which noted
that no study ‘has considered investigating the impact
of using MLAs (machine learning algorithms) to pre-
dict complex daylighting situations of CFS (complex
fenestration systems)’, the number of studies concerning
control-oriented surrogate models has increased signifi-
cantly since 2020.

In total, 19 studies were analyzed which exam-
ine control-oriented surrogate models to predict light-
related quantities in adaptive facades. Of these, nine
studies (Basurto et al. 2021a, 2022; Basurto et al. 2021b;
Luo et al. 2022, 2021; Papinutto et al. 2022; Sanjeev
Kumar etal. 2020; Takhmasib et al. 2023; Xie 2023) employ
either no control or rule-based control, nine studies (Ganji
Kheybari et al. 2021; Gehbauer, Lee, and Wang 2023;
Gehbauer, Rippl, and Lee 2021, Isaia et al. 2021; Jum-
abekova et al. 2023; Klanatsky et al. 2025; Mork 2024;
Shen and Han 2022; Yang et al. 2021) examine surro-
gate model development in conjunction with MPC, one
study (Kalyanam and Hoffmann 2021) exclusively applies
RLC, and one study (Gehbauer, Rippl, and Lee 2021) com-
pares MPC and RLC.

The targets of the surrogate models are generally clear.
In each study they are light-related quantities. Most stud-
ies consider only a single domain. Twelve studies examine
solely visual quantities such as work plane illuminance,
daylight glare probability or vertical eye illuminance. Four
studies (Gehbauer, Rippl, and Lee 2021, Isaia et al. 2021;
Jumabekova et al. 2023; Klanatsky et al. 2025) consider
only broadband quantities such as solar thermal gains,
and three studies (Ganji Kheybari et al. 2021; Gehbauer,
Lee, and Wang 2023; Mork 2024) examine quantities in
both the visual and broadband spectrum. The definition
of features, that is, the input data for the surrogate model,
is explicitly presented only in some studies, notably in
those by the research group of Basurto et al. (2021b),
Basurto et al. (2021a), Basurto et al. (2022) and Papinutto
etal. (2022).

The studies that simultaneously develop surrogate
models and apply them to MPC exclusively employ white
or grey-box surrogate model approaches. The absence
of black-box methods is perhaps due to the specific
requirements of fast function evaluation as well as once-
and twice continuous differentiability. White or grey-box
models are invariably developed for specific and not for
general facade geometries.

In contrast, those studies that employ either no or
a rule-based control strategy focus predominantly on
black-box surrogate models. In these cases, tree-based
machine learning methods such as decision trees, ran-
dom forests, or eXtreme Gradient Boosting are typically
employed. Those studies utilize time series data to train
their surrogate models. These data are obtained in equal
measure through experiments or RADIANCE-based sim-
ulations. The generalisability of machine learning models
becomes limited when the time series data are generated
based on one single location. The location determines
both the diversity of annual cloud cover conditions and
the sun incidence directions, cf. the analemma. Conse-
quently, for example, a machine learning model trained



on data from a Central European city is not straightfor-
wardly transferable to a city near the equator due to the
two inherent biases. This is, for instance, of relevance for
site analyses.

1.3. Whatisthedi erence between matrix-based
methods and the incidence operator method?

A detailed overview of various matrix-based methods is
provided in the technical report (Subramaniam 2017).

For comparing matrix-based methods to the inci-
dence operator method, we first examine the two-phase
method, from which all subsequent matrix-based meth-
ods have been evolved. The two-phase method was fun-
damentally addressed and experimentally validated in
the study (Mardaljevic 1999). Both the two-phase and
incidence operator method are founded upon the same
basic equations, cf. Equations (1) and (2), respectively.
The daylight coefficient DC corresponds to the incidence
operator . However, the latter consistently incorporates
the dependence on adjustable material or geometric
properties Usac.

q= L(6s. ¢s,6,4)DC(8, ¢) d ©

sky

L(6s, 95,0, 9)n(8. ¢, uac) d )

sky

Subsequently, the two-phase method discretises the
fundamental integral into n static integration regions,
known as patches, cf. Equation (3). The incidence oper-
ator method discretises the integral into r dynamic and
static solid angle regions, cf. Equation (4). For the deter-
mination of radiance or luminance L, matrix-based meth-
ods employ the detailed Perez sky model (Perez, Seals,
and Michalsky 1993) rather than the simplified Perez sky
model (Perez et al. 1987). This discrepancy can lead to
inaccuracies regarding the contribution of the circumso-
lar region.

p

q=  DCiL ;i 3)
i=1
r
=  (Li—L-1) n(®, 9, Usc) d
i=1 M(8i.i.ai)
r
= (Li—-L-1)fi L=0 4)

i=1
Due to the division into static integration regions, the
solar position is not accurately represented in the two-
, three-, and four-phase methods. Consequently, these
have been extended through methods with accurate spa-
tial resolution, such as the enhanced two-phase, five-
phase and six-phase methods (Subramaniam 2017). In
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this study, we set up comparisons to the enhanced
two-phase method as this method is implemented in
the Ladybug tools (Sadeghipour Roudsari, Pak, and
Viola 2013). The enhanced two-phase method is based
on the studies (Mardaljevic 1999; Reinhart and Walken-
horst 2001; Subramaniam and Mistrick 2017). This aspect
does not apply to the incidence operator method, as the
position of the sun is exactly represented.

A further distinguishing aspect is the adaptability
and translatability for machine learning workflows. This
necessitates clear communication of the employed fea-
tures and targets, based on which various machine learn-
ing concepts may be compared. Taking the two-phase
method as an example, features could include ug and
the targets being the daylight coefficients DC for each
patch. Consequently, this would entail a very large num-
ber of targets. Alternatively, one could use the features
(8, ¢, ussc) and the daylight coefficient in each patch as the
target. The studies examined in this work, which employ
either no control or rule-based control, take a differ-
ent approach. They develop black-box surrogate models
based on time series data, which are generated through
the evaluation of a matrix-based method.

None of the studies mentioned aims to develop a sur-
rogate model that can be exported via standardized inter-
faces, for instance, the Functional Mockup Interface or
the ONNX format. When compared to the matrix-based
approaches, this is a fundamental and novel feature of
the incidence operator method, as the possibility of a
standardized model export is systematically considered
with the selection of the machine learning framework
(scikit-learn, PyTorch,...). Itis intended to facilitate a more
streamlined collaboration between architects, building
physicists and control engineers.

1.4. Research gaps & Contributions

In summary, several research gaps have been identified.
The examined studies employing optimal control and
white or grey-box surrogate models lack a consistent
definition of features and targets. Furthermore, there is
a notable absence of general approaches or methodolo-
gies for developing surrogate models, that are both uni-
versally applicable to diverse facade geometries and com-
patible with optimal control. In addition, sampling, model
training and export are not considered together. Finally,
the generalisability of machine learning models is limited
when trained on time series data from a single location.
Therefore, this study presents a general method for devel-
oping surrogate models, the incidence operator method.
This is the first contribution of this study. It represents
an essential and systematic extension of the procedure
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Figure 1. Flow diagram depicting the adaptive facade assess-
ment workflow developed in the previous study and the key
contribution of this study.

presented in the previous studies (Rudisser 2023; Weber
etal. 2024).

This approach does not rely on time series data but
rather on sampling the scene using uniformly distributed
incidence directions across the hemisphere. Besides the
bias introduced by the location specific analemma, the
second bias regarding the cloud cover diversity is also
circumvented using radiance or luminance differences
as features. For sampling the scene across various inci-
dence directions, no plugin currently exists within the
parametric design environment Rhino3D - Grasshop-
per. This remained an open issue from the preceding
study (Weber et al. 2024). This is the second contribu-
tion of this study as illustrated in Figure 1. Previously,
sampling data were determined using the three-phase
method and the Klems matrix layer calculation via com-
mand line prompt. Through the novel sampling method
presented in this study, the scene can be sampled more
conveniently from within the parametric design environ-
ment and at a higher resolution, thereby revealing spatial
discontinuities.

Spatial discontinuities present a significant challenge,
as the transition of the sun’s position across a spa-
tial boundary results in rapid and nearly discontinuous
changesto light-related quantities. This is exemplified, for
instance, by a simple south-facing room without exter-
nal shading. Should the sun’s position be directly within
the open window frame relative to a glare sensor, the
occupant experiences high glare. Upon crossing the win-
dow frame, the glare effect diminishes significantly. The
representation of spatial discontinuities is employed in
the studies (Andres et al. 2023; Bognar, Loonen, and
Hensen 2021) concerning photovoltaic yield simulations
in urban environments. In these contexts, it is referred to

as either cover ratio (Bognar, Loonen, and Hensen 2021)
or shading factor (Andres et al. 2023). The study (Bog-
nar, Loonen, and Hensen 2021) implements this using a
support vector machine through a Python sklearn rou-
tine. In order to better represent spatial discontinuities, a
new modeling approach was developed. That is the third
contribution of this study.

In previous studies (Rudisser 2023; Weber et al. 2024),
the influence of the sun and circumsolar region were con-
sidered as a point source. However, the emergence of
spatial discontinuities necessitates a more accurate deter-
mination of the dynamic solid angle integrals. To this end,
a second integration method has been developed, and
various routines have been implemented. The mathemat-
ical basis for this forms the fourth key contribution of this
study.

1.5. Section description

This study is divided into the following sections:

« Section 2 provides all methods applied in this study,
beginning with the presentation of the scenes, a sim-
ple flat surface and a complex fenestration system, on
the basis of which the surrogate model is validated in
Section 3. Following this, an overview of the incidence
operator method is given. This includes the presen-
tation of the novel parametric design integration of
the sampling method and the mathematical founda-
tions of the surrogate model as well as the underlying
training and integral methods.

< Section 3 provides all results within the validation of
the surrogate model on the simple and complex scene.

= Section 4 provides a conclusion, highlights the limita-
tions and gives an outlook for future work.

2. Methods

This chapter provides the fundamental information regar
ding the validation geometries. It also presents an
overview and the mathematical foundations underpin-
ning the incidence operator method as well as the novel
parametric design integrated sampling strategy.

Clarification shall be provided regarding the under-
standing of four central contribution terms. These include
the direct ray (dirr), diffuse ray (difr), direct sun (din) and
diffuse horizontal sky (dih) contribution.

The contributions, direct ray and diffuse ray, relate to
the ray-tracing simulation. The direct ray contribution is
that contribution which occurs without reflection. The
ray arrives without any bounce from the sender to the
receiver. In a RADIANCE scene with only diffusing sur-
faces, the direct ray contribution can be dervied through



rcontrib by setting ambient bounces to zero (-ab 0).
The diffuse ray contribution requires at least one bounce
of the rays. This component is determined from the total
value, with attribute (-ab 6), subtracted by the direct
ray contribution.

The terms direct sun and diffuse horizontal sky relate
to the sky region. The direct sun contribution represents
the evaluation of the scene within the half-angle agi, =
2.5° around the sun position. The diffuse horizontal sky
contribution evaluates the incidence operator only in the
remaining hemispherical region.

2.1. Design: scene descriptions

This section details the two investigated scenes, includ-
ing their geometry, assigned material properties, and
the placement of the examined sensors. The analysis
of the scenes is consistently conducted for the location
(48.749°N, 9.112°E). The epw weather file utilized herein
is derived from Meteonorm. The geometries, materials,
and sensor placements for all scenes are generated with
the Ladybug (Sadeghipour Roudsari, Pak, and Viola 2013)
component ModelToRad. The weather file, the Grasshop-
per scripts as well as the project folder are all made
available in the supplementary materials.

2.1.1. Simple plane

The first scene, cf. Figure 2, serves to replicate simple light
incidence conditions. The scene depicts a small shading
face with dimensions of 1 m < 2 m positioned one meter
above the ground. Both the ground and the shading face
are assigned the material primitive (void plastic
opac 0 0 5 0.2 0.2 0.2 0.0 0.0). Two sen-
sors are placed on the shading face, with one pointing

(a) xy-view
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towards the zenith and the other towards the ground. The
first sensor is exposed by radiation only without reflection
and should reproduce Lambertian behavior. The second
sensor is hit by radiation only with at least one reflection.

2.1.2. Switchable membrane cushion as a complex
fenestration

In the next step, the geometry of the complex fenes-
tration system is given, cmp. Figure 3. It provides for
a south-oriented shoebox room with dimensions (W x
H > D =3.6m x 2.8m x 8.2 m). Within the room, a table
with dimensions (W xD>x<H=16m > 1.6m x 0.8m)is
placed centrally in the x-direction and 0.66 m in the
y-direction. All room and table surfaces are assigned
the same material primitive (void plastic opac 0
05 0.2 0.2 0.2 0.0 0.0).The switchable cush-
ion construction is built in three layers, whereby the
first and second layers are printed with a comple-
mentary stripe pattern to one another. On each layer,
the transparent regions are set up with the mate-
rial primitive (void trans transparentRegion
007 1.01.0 1.0 0.038 0.0 0.946
0.899), and the printed regions with (void trans
printedRegion 0 O 7 0.801 0.806 0.838
0.12 0.0 0.056 0.1). The third layer is transpar-
ent throughout. The material primitives of the printed
and transparent regions have been adopted from the
study (Flor 2020). The first sensor is placed in the table
center representing work plane illuminance. The second
sensor is placed at a height of 1.2 m facing in southwest
direction to determine the vertical illuminance at eye
level. This scene is examined only for a completely open
construction. In this state, the second and third layers are
positioned next to each other.

"

(b) xz-view

(c) yz-view

(d) perspective

Figure 2. Di erent views on the simple scene. First sensor facing upwards and second downwards.
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Bz

(a) xy-view

(d) perspective without cushion

(b) xz-view

(c) yz-view

(e) perspective open cushion

Figure 3. Di erent views on the complex fenestration scene. First sensor is facing upwards from the desk and the second sensor to
southwest direction from eye level. Transparent regions on all three layers are not depicted, and the desk is depicted in color for better

visualization.

2.2. Incidence operator method

The incidence operator method defines a concept com-
prising three steps: sampling, model training, and model
export. The procedure is illustrated in Figure 4. Training
data are consistently depicted in bold red and within
frames.

The sampling step generates training data of the inci-
dence operator ) using the novel parametric design inte-
gration. The detailed procedure is provided in Subsec-
tion 2.3. It is furthermore hypothesized that it might be
possible to determine the training data of the integrated
incidence operators (f gin,fcir.fsky, fror) directly through the
ray-tracing engine. However, this alternative way is not
within the scope of this study.

In the model training step, the surrogate model of the
light-related quantity q is generated. It is called the inte-
gral model. It is composed of sub models of the four
integrated incidence operators (fgin,fcir.fsky,fhor) as well as
the radiance or luminance values of different solid angle
regions (Lgin, Leir, Lsky: Lhor). Due to the algebraic deriva-
tion, the surrogate model should be understood as a
grey-box approach in its current form. The sub models of
the four integrated incidence operators are determined
through a three-stage process of two training and one
integration step. The detailed procedure is given in Sub-
section 2.4.

Finally, the integral model is exported. The model
export can be categorized into tool-independent and
tool-dependent formats. Tool-independent formats
include, for instance, the Functional Mockup Interface or

ray-tracing engine -l

sampling
fdin f(‘ir‘ f,s-lc;/.f/lm‘
el training methodJ
training ¢

77(97 ®, ﬁfac)

core model / incidence operator ¢

integration method

Y
f(/iu f(‘/l' .fs/v// -f//l)l'

Y
{ training method |«
= |

'

fdin(asa Pss ﬂ'fac) fcir(esa Pss ﬁfac) fsky(ﬁfac) fhor(ﬁfac)

integrated incidence operators ¢

q(os, Dy Ldina Lcir, Lskya Lho?‘a ﬁfac)

integral model / quantity

Incidence operator method

model
export

Figure 4. Flow diagram depicting the incidence operator
method.



the ONNX format. The export capability is strongly linked
to both the framework used for training the integral
model and its subsequent utilization. Although sklearn
models can be exported as ONNX, this aspect is not
addressed in depth in this study.

2.3. Sampling: parametric design integration

In this section, sampling fundamentals and its underly-
ing RADIANCE (Ward 1994) commands as well as the
newly developed Rhino3D — Grasshopper components
are presented. The Grasshopper workflow starts with
geometry creation within the design step. Using Lady-
bug (Sadeghipour Roudsari, Pak, and Viola 2013) com-
ponents, material properties are assigned to the faces,
sensors are added to the model, and a project folder is
created with the existing component ModelToRad. Con-
nected to this are the developed components. Create-
Suns generates the incidence directions, RadPar and Run
perform the RADIANCE simulations, and EvaluateResults
serves to visualize the results.

The component CreateSuns is depicted in Figure 5(a).
For this, the number of suns (_nSuns) or incidence direc-
tions n and the methodology for determining the sun
positions must be specified. The options are either ran-
dom determination or based on the Fibonacci sequence.
The Fibonacci method represents not only a more uni-
form distribution of incidence directions compared to
the Klems subdivision (Ridisser 2023, Figure 76) but also
allows a more granular adjustment of the resolution. The
specification was taken from the study (Ridisser 2023,
Equation 95). The incidence directions are given in the
right-hand coordinate system, with x-axis to the east, y-
axis to the north, z-axis to the zenith and azimuth-angle
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starting from east to north. Figure 5(b) depicts 1000
Fibonacci distributed sun positions.

Subsequently, RADIANCE simulations are conducted
using the components RadPar and Run, see Figure 6.
In the RadPar component, the rcontrib parame-
ters (-ab, -ad, -lw) are set. The displayed val-
ues are consistently used in this study, as these stand
for high accuracy. The value of the attribute ( w) is
determined via the relationship Iw = e L EDv
Within the Run component, all mandatory files and the
batch script with commands for RADIANCE simulations
are generated. The analysis type can be adjusted with
the attribute _spectrumType_ to either 'vis’' for visual
spectrum [380,780] nm or 'full’ for broadband spectrum
[300,2500] nm. So, either illuminance or irradiance quan-
tities are investigated.

The files generated include the sunLights. rad file
containing all source surface primitives and light mate-
rial primitives. The source surface primitives are gener-
ated with the standard half-angle of asy, = 0.2665°. The
light material primitives are all generated with an arbi-
trary value of 1.5e7. Depending on the analysis type its
either in radiance W/sr/m? or luminance units Im/sr/m?.
Additionally, the sensors. txt file, with all sensor posi-
tions and directions, the geometry and material file of
the scene as well as the run.bat batch file, containing all
relevant directives, are generated.

By executing the batch file, first an octree of the
scene is generated and a simulation of the direct ray
contribution is performed with the parameter (-ab 0).
This is followed by the total contribution with the pre-
viously set parameters, if attribute _dirOnly_is set to
False. The diffuse ray contribution is calculated from the
total quantity minus the direct ray contribution. Addition-
ally, a diffuse only contribution is calculated depicting

(_nSuns I < 1000

CreateSun

1.0.0
14.MAR.2025

(a) component CreateSuns

(b) 1000 Fibonacci distributed sun
positions

Figure 5. Grasshopper component CreateSuns to generate the distributed sun positions to be sampled.
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Figure 6. Grasshopper components RadPar and Run and Ladybug component ModelToRad to conduct ray-tracing simulations.

regions with no direct ray but diffuse ray contribution.
Using the RADIANCE command rmtxop the quantity val-
ues q; are derived from the RGB channels with weights
0.265, 0.67, 0.065 for 'vis' or 1,3, for full’ spectrum type,
respectively.

After executing the simulation, values of the sampled
light-related quantity g; are available for defined inci-
dence directions (8;, ¢;). Using the integral in Equation (5),
the training data of the incidence operator n; can be
derived. The influence of one or multiple adjustable mate-
rial or geometric properties of the facade is depicted with
the variable u¢,c, the facade-specific inputs.

gi = 600 L(8i, $i,6,9)n(6, ¢, Uac) d ®)
= LN (8i, §i, Utac)21 (1 — cos(0sun)) (6)
i & @)

- L21t(1 — cos(Osun))

Based on the chosen RADIANCE settings, not only the
radiance or luminance L but also the incidence operator

n is constant in the sampled solid angle range  sun(8i, ¢;),
cf. Appendix 1. This is due to the applied rcontrib
attributes (-dj 0). Therefore, Equation (5) can be sim-
plified to Equation (6). The incidence operator has a
unit of 1 and can assume values between 0 and 1.
Equation (7) applies analogously to the training data
of the total, direct ray, diffuse ray and diffuse ray only
contributions.

Finally, the simulation results are displayed with the
component EvaluateResults, see Figure 7, and the Lady-
bug component Heatmap. For this purpose, one sensor is
first selected from the list of all sensors. With the attribute
_contribType_, one can choose between the visualiza-
tion of the total, direct ray, diffuse ray or diffuse ray only
contribution.

2.4. Model training

This subsection presents the mathematical fundamentals
of the applied training and integration methods as well as

[Index | ©0

_sensorName

_results

out

values mesh

_values

_contribType_

mesh
_scale_

run legend

| EvaluateResult

1.0.0
14.MAR.2025

_mesh
offset_ dom_
legend_par_
legend._title_

DN NN

global_title_

Figure 7. Grasshopper component EvaluateResults and Ladybug component Heatmap to visualize the results.

legend
title

colors
legend_par

vis_set



Figure 8. Schematic visualization of the simplified Perez
sky (Perez et al. 1987) radiance distribution, with direct normal
(gold), circumsolar (orange), sky (red) and horizon (magenta)
regions. The radius for each region is depicted as the natural
logarithm of an example radiance distribution.

the overall derivation of the quantity.

q= L(Bs, ¢s,0,9)n(6, 9, Utac) d 8

sky

+ Ly N, ¢, us) d

sky

+ (Lhor — Lsky) n(®,9, tac) d ©

hor

= (Lain — Leir)fain(Bs, bs, Usac)
+ (Leir — Lsky)cir (s, §s, Utac)

+ Lskyfsky (Utac) + (Lhor — Lsky)Fhor (Utac) (10)

Asintroduced in Section 2.2, the integral model is derived
via the fundamental Equation (8) and divided into four
solid angle regions of constant radiance or luminance,
as presented with the simplified Perez sky model (Perez
et al. 1987). The color coding of the solid angle regions
corresponds with Figure 8. These comprise the direct
normal, circumsolar, diffuse and horizon band regions,
wherein the direct normal and circumsolar contributions
remain dependent upon the sun position (65, ¢s). Ground
radiation solely affects the model with corresponding
inclination 3 > 0° of the reference coordinate system.
This contribution is excluded in this study owing to the
definition of the coordinate system (3 = 0°,y = 07), with
the x-axis to the east, y-axis to the north, z-axis towards
the zenith and the azimuth angle measured from east to
north. Consequently, any contribution reflected from the
ground is attributed to the original incidence direction
and defined for a specific albedo.
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The values of the intensity differences are derived in
Appendix 2. The sub models of the four integrated inci-
dence operators (fgin,feir.fsky.fhor) are determined through
a three-stage process, cf. Figure 4. Initially, a continu-
ous core model is constructed from the training data
of the incidence operator. In the second stage, training
data for the integrated incidence operators are generated
based on the integration of the incidence operator. Two
integration approaches for this purpose are presented in
Subsection 2.4.2. The integration sets 4 are derived from
the general scalar product set M given in Appendix 1. In
thefinal stage, these training data are utilized to construct
the continuous models of the integrated incidence oper-
ators. Generally, we developed two modeling approaches
which will be used for both training stages. The modeling
approaches are presented in the following subsection.

2.4.1. Training methods
The training methods aim to derive a continuously evalu-
able and transferable model of predicted targets §. Poten-
tial targets y in this subsection comprise the incidence
operator n as well as the integrated incidence operatorsf.
In machine learning notation, y is the true value,
derived from asampling step, and ¥ is the predicted value.
The training data are depicted in bold and consist of the
feature matrix X and target list y.

1: Separation approach

The first modeling approach has been developed in
the previous studies (Rudisser 2023; Weber et al. 2024).
It is assumed that there are p basis functions x and w,
respectively, such that the influence of the incidence
directions (8, ¢) can be separated from that of the facade
iNnputs Usac.

§ =x"(8, )W (Utac) (11)

The feature matrix X is derived by evaluating the
first p = 169 spherical harmonic base functions, with
X2+1+m+1 = Y|, for each of the sampled incidence direc-
tions. Since, in this work, the surrogate model is deter-
mined only for a static geometry, the fagcade input is not
included as part of the feature matrix. The target list y
is derived directly from the sampled total contribution.
In this study, the continuous model ¥ is trained through
linear regression without regularization with the sklearn
routine linear_model.LinearRegression.

2: Spatial discontinuities approach

Through the application of the Rhino3D — Grasshop-
per components and the resulting higher resolution, spa-
tial discontinuities become visible for some scenes. This
was observed for the first time in this study. While the
separation approach could accommodate high discon-
tinuities by drastically increasing the bandwidth (Imax =
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12 « p = 169)to higher values, the separation approach
would be preserved, but the model complexity would
increase significantly.

For the novel approach, it is currently necessary that
the diffuse ray ygir and direct ray ygir contributions are
available with the sampling. The total contribution is
composed of three sub models, one for the diffuse ray
and two for the direct ray component, cf. Equations (12)
to (14).

¥ = Yair + Yeirr (12)
Yairr = N(8, ¢, Urac)a(8, §, Utac) (13)
h=x (0, d)wairr (Usac) (14)

The diffuse ray contribution ygis has consistently shown a
smooth shape, which is why the first modeling approach
with its feature matrix is applied here. The target list y 4
is derived directly from the sampled diffuse ray contribu-
tion.

In order to derive the feature matrices for the direct
ray contribution we define a list of indices f as a subset
of all indices, cf. Equation (15). It holds only those row
indices whose direct ray contribution exceed an empirical
threshold of 1%.

n=j [Ln]] Ydirrj = 1% max(y girr) (15)
The feature matrix X;, to generate the sub model h is
derived from the feature matrix of the first modeling
approach holding only those row indices that are in the
subset fi. The target list y,, is derived equally from the
direct ray contribution yy;,. The sub model h is trained
through linear regression without regularization with the
sklearn routine linear_model.LinearRegression.

For the sub model g the feature matrix X4 is composed
of the xyz — cartesian coordinates derived from all n inci-
dence directions (1,8,¢). The target list y is derived using
the indicator function in Equation (16). For simplicity, a
nearest neighbor classifier is applied for this sub model.
The sklearn routine neighbors.KNeighborsClassifier with
the attributes (n_neighbors=5, weights =
“distance?) is used for this purpose.

1 ifi A

16
0 else (16)

Yg =
i [n]
Since we do not consider any dependence on the fagcade
input in the results section of this study, this feature is
omitted from the feature matrices here.

2.4.2. Integral methods

This subsection presents the determination of training
data for the integrated incidence operators (f gin, fcir, fsky,
fhor) from the core model n.

Asthe facade input ug, is considered only for a discrete
state in this study, this dependency is not further utilized
in the derivation. The integrated incidence operators for
the sky fgy and horizon band regions fo; are conse-
guently scalar values. The training data for the direct nor-
mal f4in and circumsolar regions fg; are formed, like the
training data of the incidence operators, on a Fibonacci
grid with n = 10,000 incidence directions.

There are currently two possibilities for solving the
associated integrals in the respective integration sets. The
set definitions are given in Appendix 1. Throughout this
study, the results of the integral model are differentiated
according to the two integration methods. However, this
applies only to the direct normal f 4i, and circumsolar con-
tributions f . The sky f, and horizon band contributions
fhor are always integrated using the second integration
method.

1: Evaluation as a point source

The first possibility evaluates the incidence operator
at the direction (8;,¢;) and applies it to the entire inte-
gration set. The incidence operator can be extracted
from the integral. This corresponds to the assumptions
of the simplified Perez sky model and the previous
study (Rudisser 2023; Weber et al. 2024). It is given in the
following equations:;

n@.¢)d

M(8i.¢i,a)

= n(6i, i) d

(6i,9i,0)

fi,a =

=n(i ¢i)a(®;, ¢i, o) (17)

The algebraic function a is given in Appendix 4.

2: Evaluation over the entire integration set

The second method does not make the point source
assumption but evaluates the integral on the entire solid
angle region. Three different integration routines were
developed to solve the integrals. Further information
regarding the applied routines and efficiency measures
can be found in Appendix 3.

fia = n@.¢)d (18)

M(8i,i,0)

3. Results & discussion

In this section, the validation results are presented sep-
arately for each of the two scenes. Within the validation
of a construction, we adhere to the following proce-
dure, which corresponds to the approach of the incidence
operator method as shown in Figure 4.

(1) Performing the sampling step and visually represent-
ing the results.



(2) Formation of the core models from the sampling data
and comparison of training accuracy in the subsec-
tion ‘Analysis of the core model training’

(3) Formation of the integral model and comparison
based on annual simulations. In the respective
section ‘Analysis of the integral model training’, the
accuracy of the integral model is not evaluated
against the training data of the integrated incidence
operators, but rather against the annual simulation
results of the enhanced two-phase method. Due to
the different data sources, this methodology places
high demands on the training and integration meth-
ods. The enhanced two-phase method was validated
in the studies (Aguilar-Carrasco et al. 2023; Khar-
vari 2020; Subramaniam and Mistrick 2017). Here, the
sun is sampled at its actual position for every hour,
and diffuse sky discretisation is set to MF:1, resulting
in 145 patches. In Rhino3D - Grasshopper, it is imple-
mented within the Ladybug components Annual-
Daylight and Annuallrradiance. Thus, both methods,
the incidence operator method and the enhanced
two-phase method, are based on identical geometry,
materials, sensor placements and weather data.

Three key indicators are employed as comparison met-
rics in this study. The first metric is the coefficient of
determination RZ, which is determined using the scikit-
learn routine metrics.r2_score. A more conservative mea-
sure is provided by the normalized mean absolute error
NMAE = %3’%, which represents the mean absolute
error divided by the mean of the true values. For these two
metrics, no data points are excluded from their respec-
tive datasets. The third metric, however, is trimmed to
account for outliers. Its application is restricted solely to
the comparisons of the integral models. It is termed the
trimmed and normalized mean absolute error NMAE;. This
metric utilizes the same dataset as the nMAE metric, but
with the exclusion of the 0.1% of data points exhibit-
ing the largest absolute errors. From an annual dataset
size of 8760 h, this equates to the removal of merely nine
data points. This metric therefore facilitates an assess-
ment of the normalized mean absolute error without the
influence of outliers.

3.1. Validation based on the simple plane

Figure 9 shows the broadband sampling results for the
simple scene, cf. Figure 2. Each of the n = 10,000 sam-
pling results is represented as a point by the incidence
direction and the incidence operator as radius.

The first sensor shows behavior according to Lam-
bert’s cosine law. The second sensor provides results with
lower value, a pronounced asymmetry in the xz-view and
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symmetry in the yz-view. The symmetry in the yz-view can
be explained by the central placement of the sensor at
the origin of the y-axis. The asymmetry in the xz-view is
related to the shading surface and the asymmetric deflec-
tion of the sensor around the positive x-axis. The sampling
data are the same for broadband or visual spectrum as
only spectrally uniform materials are involved.

3.1.1. Analysis of the core model training

In the next step, the core model is trained from the sam-
pling data. For this purpose, the first modeling approach
according to Equation (11) is applied. The results of the
first sensor match exactly (nMAE; < 0.01%) with the train-
ing data as well as the theoretical model n; = cos(8). The
incidence operator of the second sensor is also repre-
sented exactly (hnMAE; = 0.03%) with the training data.
Due to the high accuracy, there is no need to employ the
second modeling approach.

3.1.2. Analysis of the integral model training

In the next step, the sampling data of the integrated
incidence operators of the direct normal fg, and cir-
cumsolar contributions fg, are derived using both inte-
gration methods on a grid with n = 10,000 Fibonacci
distributed incidence directions. As described in Sub-
section 2.4.2, the sky fyy and horizon band contribu-
tions for are always integrated using the second integra-
tion method. The integral model is evaluated under real
weather data and compared with the broadband results
of the enhanced two-phase method. This comparison is
shown in Figure 10.

The model accuracy for both sensors is marginally
higher with the second integration method compared to
the first. Through the application of the second integra-
tion method, the deviation decreases from nMAE = 1.3%
to NMAE = 0.7% for the first sensor, and from nMAE =
2.5% to nMAE = 2.1% for the second sensor. The accu-
racy, when excluding a small number of outliers, shows
no significant difference.

The difference between the first and second sensor,
however, is already more pronounced. The pure diffuse
ray contributions appear to be more prone to errors com-
pared to the enhanced two-phase method.

The same applies for the visual quantity. The accu-
racy for sensor 1 decreases from nMAE = 1.7% to nMAE =
0.8% and for sensor 2 from nMAE = 3.1% to nMAE =
2.5%. Itis not clear where the minor discrepancy between
the broadband and visual simulations originates. Since
the modeling approach and integration method are iden-
tical, this may be attributed to the calculation of direct
normal and diffuse horizontal illuminance from their irra-
diance values.
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Figure 9. Sampling results for the simple scene and both sensors.

When comparing the prediction for sensor 1 between
the enhanced two-phase method and the measured
global horizontal quantity g = Egj, cos(6s) + Egin, anaccu-
racy of NMAE = 0.7% is achieved. This applies regardless
of the spectrum considered. In contrast, the accuracy
between the incidence operator method and the mea-
sured global horizontal irradiance improves from nMAE =
0.9% to nNMAE < 0.01% using the first and second integra-
tion method, respectively. For the comparison with global
horizontal illuminance, an accuracy improvement from
NMAE = 1.1% to nMAE < 0.01% is observed from the first
to second integration method, respectively. This shows
that regardless of the spectrum type, the Lambertian
behavior is reproduced slightly more accurate with the
incidence operator method and the second integration
method compared to the enhanced two-phase method.
This applies despite the simplified Perez sky model (Perez
etal. 1987) is applied compared to the detailed Perez sky
model (Perez, Seals, and Michalsky 1993).

The first scene served to validate the incidence oper-
ator method using a simple geometry. This validation
can hereby be confirmed, as overall a very high level of
agreement is achieved.

3.2. Validation based on a complex fenestration

As a second validation step, the switchable cushion con-
struction, which was presented in Figure 3, is analyzed

for the visual spectrum. Figure 11 shows results of the
sampling step, with n = 10,000 Fibonacci distributed
incidence directions. For both sensors, strong jumps in
the incidence operator are recognizable in some regions
of the hemisphere; these are called spatial discontinuities.
The position of these regions corresponds to the printing
pattern.

3.2.1. Analysis of the core model training

In the next step, the sampling data are applied on the
two modeling approaches. Figure 12 shows the results of
the model training for the total as well as the direct and
diffuse ray contribution for sensor 1.

In contrast to the total or direct ray contribution, the
diffuse ray contribution can be reproduced very accu-
rately. A high accuracy of nMAE = 0.9% is achieved.
This is because of its smooth shape and both modeling
approaches use the same linear regression for this contri-
bution. However, the direct ray contribution ngj is repro-
duced very inaccurately with the first modeling approach.
This is evident in two areas. For high values, the sam-
pling results are underestimated. In the incidence regions
where the sampling results yield zero, the model repro-
duces values greater than zero. Here, the raw data are
overestimated. This is due to the strong spatial disconti-
nuities, which cannot be represented by the spherical har-
monic basis with the bandwidth Iax = 12. The second



1000
800 1
2[&
>
2]
Y 500
T
>
[
2
'—
200 % R2=100.0%
nMAE =1.3%
nMAE; = 1.2%
0« 0z
0 200 500 800 1000

Predicted values y / %

(a) sensor 1, integration method 1

1000 1
s
p
800 /
2[E
>
%2}
g 5001 /
©
>
(]
2
i
200 7 R2=100.0%
nMAE = 0.7%
nNMAE; = 0.7%
0- &
0 200 500 800 1000

Predicted values y / %

(c) sensor 1, integration method 2

JOURNAL OF BUILDING PERFORMANCE SIMULATION e 13

150 Ry
/s”.
sl //
~ 110 ‘p’
>
wn
g /
= 80 r
>
[0]
2
'_
R2=99.9%
NnMAE = 2.5%

nMAE; = 2.4%

) //
0- &
0 40 80 110 150

Predicted values y / %

(b) sensor 2, integration method 1

150 - ,./:::

% 110 47
N /
%]
Q
2 80 1 ‘r'
©
>
(0]
>
'—

40 R? = 99.9%

NMAE = 2.1%

nMAE; = 2.0%

0 40 80 110 150

Predicted values y / %

(d) sensor 2, integration method 2

Figure 10. Annual broadband simulation results between incidence operator method § and enhanced two-phase method y for both

integration methods and the simple scene.

modeling approach significantly improves the coefficient
of determination (R? = 100.0%) and the relative metric
(NMAE = 0.8%) for both, the direct ray ngir as well as the
total contribution n.

The figures are not shown for the second sensor, as
the accuracies lie within the same range. The follow-
ing accuracies were achieved for the second modeling
approach: total contribution (n) nMAE = 1.3%, direct ray
(Ngirr) NMAE = 2.1%, diffuse ray (ngirr) NMAE = 1.2%.

Figure 13 provides the training data of the helper func-
tions h, g for sensor 1. Two closed regions can be identi-
fied where the direct ray contribution is higher than the
one percent limit. The same general behavior is recog-
nizable for sensor 2, however with different position and
shape of the areas.

Due to the requirement for high accuracy, scenes
exhibiting spatial discontinuities, which presumably
occurs in all scenes with complex fenestration systems,

should only be trained using the second modeling
approach. We assume that an integral model cannot
achieve sufficient accuracy if the core model, as is the
case with the first modeling approach and the switch-
able cushion construction, does not enable precise pre-
dictions.

3.2.2. Analysis of the integral model training

In addition to the total quantity g, the Ladybug compo-
nents also output a direct contribution that corresponds
to the direct ray direct sun contribution qgjr gin according
to Equation (19).

ndirr (er ¢1 ufaC) d (19)

din(631¢s)
Ores = 0 — Jdirr din (20)

This subsection is therefore divided in two parts. First,
only the direct ray direct sun contribution qgy din IS

Qdirrdin = (Lgin — Leir)
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Figure 11. Sampling results, as the total contribution, for the complex fenestration scene and both sensors.

compared with respect to the two integration methods.
Subsequently, the total contribution g and the residual
contribution qyes are compared against both integration
methods. The residual contribution is derived according
to Equation (20). The training data for the integrated
incidence operators are generated on a grid of 10,000
Fibonacci distributed incidence directions.

1. Comparing integration methods on the direct ray
direct sun contribution dgjrr gin

Two integration methods for solving the integral

i Ngir d are compared in this subsection. Integra-
tion method 1 according to Equation (17) evaluates the
direct ray incidence operator gy Only as a point source.
Integration method 2 according to Equation (18) rep-
resents the exact integral. Both methods are evaluated
with the half-angle agn = 2.5°. The results are shown in
Figure 14.

For integration method 1 the comparison between the
enhanced two-phase method and the incidence operator
method shows satisfactory overall accuracy R? > 90.6%,
an elevated metric nMAE < 8.8% and a very good rela-
tive deviation with trimmed outliers nMAE; < 1.1%. This
is due to four to six outliers visible which will be discussed
later. The high agreement is since the direct contribution

of the Honeybee component is also determined with
rcontrib and the attributes (-ab 0 -dj 0).

For integration method 2, there is a low agree-
ment with the enhanced two-phase method nMAE >
28.9%. This integration methodology tends to underesti-
mate the comparative value of the enhanced two-phase
method for high illuminance values and overestimate it
for low illuminance values. This is related to the integra-
tion method, which acts as a kind of spatial low-pass filter
and flattens strong discontinuities.

For integration method 1 in Figure 14, four to six out-
liers are recognizable. Here, either the incidence opera-
tor method or the enhanced two-phase method gives a
zero output while the other deviates strongly. Figure 15
serves to analyse their localization on the hemisphere.
The sun positions of the outliers are marked in red,
those of the positive helper function g in green, and the
analemma in grey. It can be seen that the sun positions
of the outliers are at the edge of the classifier function.
A different training method, a higher resolution or active
learning at the decision boundary could anticipate this
behavior.

2: Comparing integration methods on the total g and
residual contribution qyes
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Figure 13. Horizon plots of training data for direct ray contribution and indicator function for sensor 1.

In this section, the comparisons are conducted for both

sensors, for the total g and residual quantity qes, two inte-
gration methods as well as different half-angles ag;, for
the circumsolar region. For the direct sun region, the first

integration method according to Equation (17) is always
applied with a half-angle of a4i, = 2.5°. For the circum-

solar region

o N d two integration methods are com-

pared. Integration method 1 according to Equation (17)
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Figure 14. Annual daylight simulation results between incidence operator method § and enhanced two-phase method y for the direct
ray direct sun contribution qgirr gin, both integration methods and the simple scene.

evaluates the incidence operator only at the center of the
circumsolar region and applies it to the entire scalar prod-
uct set. Integration method 2 according to Equation (18)
represents the exactintegral. Both methods are evaluated
with a set of different half-angles. The results of the exten-
sive comparison are conducted for all three key indicators
and are given in Tables 1-3.

Table 1 shows the coefficient of determination as a
general model quality for all comparisons. First, the coef-
ficients of determination with the second integration
method of the circumsolar region are significantly higher
than with the first. This applies to the residual contri-
bution to a significantly greater extent. In addition, the
coefficients of determination for the total contribution g

change significantly less with the increasing circumsolar
half-angle than for the residual contribution.

Upon examination of the normalized mean absolute
error (NMAE) presented in Table 2, one observes that inte-
gration method 2 consistently yields higher accuracies
compared to method 1. In contrast to the findings per-
taining to the first integration method, method 2 demon-
strates a more distinct minimum with the half-angle. A
half-angle of o, = 30° results in a maximum accuracy
of the total contribution within the range of nMAE
[11.4,11.9]%. The residual contribution exhibits slightly
less accuracy within nMAE  [13.2,17.3]%.

The nMAE; stands for the model quality excluding out-
liers. Both evaluation methods do not differ in the direct
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Table 1. Comparing the annual simulation results between incidence operator method and
enhanced two-phase method for both sensors, the two integration methods and two contri-
bution types based on RZ in [%)].

Sensor 1 2
q Ores q Ores
integration method

COlcir 1 2 1 2 1 2 1 2
10 89.5 939 —10.2 70.1 88.4 92.6 63.2 90.0
15 89.4 945 —124 81.7 88.3 929 62.5 93.4
20 89.2 94.7 —15.6 87.1 88.3 929 62.9 94.9
25 89.0 94.9 —20.0 90.5 88.7 929 66.2 95.7
30 88.8 95.0 —24.2 926 89.2 929 70.1 96.2
35 88.8 95.0 —24.4 93.0 89.6 929 733 96.4
40 89.0 95.0 —21.0 929 89.9 929 759 96.3
45 89.2 95.1 —-175 93.1 90.2 92.8 718 95.9

higher minimum values within nMAE

[12.9,17.0]%. The

the circumsolar region. This metric shows the same min-
imum behavior as the normalized mean absolute error.
A half-angle of oy = 30° results in a minimum accuracy
of the total contribution within the range of nMAE;

[9.2,10.0]%. The residual contribution exhibits markedly

data trimming does not exhibit the same substantial
effect on the total and residual contributions as observed
for the direct ray direct sun contribution.

The generally higher inaccuracy of the residual contri-
bution compared to the direct ray direct sun contribution

Table 2. Comparing the annual simulation results between incidence operator method and
enhanced two-phase method for both sensors, the two integration methods and two contri-
bution types based on nMAE in [%)].

Sensor 1 2
q Ores q Ores
integration method

Ogir 1 2 1 2 1 2 1 2
10 237 182 36.8 28.0 179 14.9 218 18.4
15 238 16.2 36.9 24.7 18.0 13.3 219 16.0
20 239 145 372 218 18.0 12.3 219 145
25 24.1 131 376 194 177 117 214 13.6
30 243 119 379 173 173 114 209 13.2
35 243 124 378 182 16.9 116 204 133
40 24.1 12.8 375 18.8 16.7 12.3 20.0 14.2

45 238 12.8 37.0 18.9 16.5 133 19.7 155
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Table 3. Comparing the annual simulation results between incidence operator method and
enhanced two-phase method for both sensors, the two integration methods and two contri-
bution types based on nMAE; in [%].

Sensor 1 2
q Ores q Ores
integration method

Oleir 1 2 1 2 1 2 1 2
10 210 16.1 347 272 15.4 128 205 179
15 21.0 142 349 24.1 15.4 112 20.6 15.7
20 212 125 35.1 213 15.4 101 20.6 14.3
25 214 112 354 19.1 15.1 95 202 134
30 216 10.0 357 17.0 147 9.2 19.7 129
35 215 105 356 179 14.4 9.4 19.2 131
40 213 109 352 18.6 142 10.2 18.9 14.0
45 211 11.0 348 18.6 14.0 111 187 15.3

can presumably be attributed to the level of detail of
the circumsolar region. The incidence operator method
applies a single luminance step within the circumsolar
region, whereas the enhanced two-phase method uses a
continuous luminance distribution. It may be feasible to
achieve even closer alignment with the detailed Perez sky
model through the introduction of additional radiance or
luminance steps within the circumsolar region.

However, the comparison between the simple and
complex scenes demonstrates that the presence and
intensity of spatial discontinuities also has a decisive influ-
ence on the accuracy.

The second scene served to validate the incidence
operator method for a complex fenestration system. In
summary, a satisfactory agreement can be achieved in
the general value range. In contrast to the experimental
validation of the enhanced two-phase method (Kharvari
2020) with accuracy (nMAE = 13.4%) the simulative devi-
ations against the incidence operator method are in the
same range. To achieve a very good agreement with the
enhanced two-phase method, the direct normal region
should be evaluated with the first and the circumsolar
region with the second integration method with a half-
angle of ¢y = 30°. Thisvalue is close to the value of agjy =
25° suggested by Perez et al. (1987).

4. Conclusion

The application of optimal control strategies, such as
model predictive control or reinforcement learning con-
trol, for the coupled control of heating and cooling
demands as well as the positioning of shading devices in
buildings, already enables substantial cost-saving poten-
tial today. The trend towards Al-supported energy man-
agement will continue to increase, as significant value
enhancement can be achieved with minimal investment.
This is evidenced by numerous successful start-ups in this
field.

To further enhance optimal control strategies, par-
ticularly regarding the coupled regulation of multiple
light-related quantities in different spectral domains,
this study fundamentally extends a general training
approach, the incidence operator method. This is the first
contribution of this study. For the determination of the
required training data, various components for the para-
metric design tool Rhino3D — Grasshopper were devel-
oped. This is the second key contribution of this study.
Due to the significantly increased spatial resolution com-
pared to previous study, spatial discontinuities become
apparent. The previously introduced modeling approach
is not suitable for this issue, necessitating the develop-
ment of a novel modeling approach. This is the third key
contribution. Spatial discontinuities are to be expected in
complex fenestration systems. More detailed integration
methods are necessary to represent the influence of the
circumsolar radiation. The mathematical foundation for
this constitutes the fourth key contribution.

The ‘sampling’ and ‘model training’ sections of the
incidence operator method were applied to both a sim-
ple planar surface and a complex fenestration system.
The results of the developed integral models are vali-
dated against the enhanced two-phase method via the
Ladybug components AnnualDaylight or Annuallrradi-
ance, depending on the spectrum type under investiga-
tion.

The simple scene features a flat surface one meter
above the ground. One sensor faces the zenith, where
rays hit only directly, and another sensor faces the ori-
gin, where rays hit only indirectly via reflection from the
ground surface. The scene is first sampled using 10,000
Fibonacci-distributed incidence directions. The sampling
results of the first sensor are compared against the theo-
retical Lambertian behavior, showing a normalized mean
absolute error of NMAE < 0.01%. The incidence operator
of the second sensor is fitted with accuracy of nMAE =
0.03%.



The annual simulations exhibit a very high degree
of agreement with the enhanced two-phase method.
The model accuracy for both sensors is marginally
higher with the second integration method compared
to the first. Through the application of the second
integration method, the accuracy is nMAE = 0.7% for
the first sensor, and nMAE = 2.1% for the second sen-
sor. For sensor 1, the global horizontal irradiance,
given by g = Eginp c0S(8s) + Eginp Serves as a reference
value of higher trust. Therefore, the incidence operator
method demonstrates slightly higher accuracy (nMAE <
0.01%) compared to the enhanced two-phase method
(NMAE = 0.7%) despite using the simplified Perez sky
model.

The second scene represents a complex fenestration
system and is also sampled using 10,000 Fibonacci-
distributed incidence directions. For both sensors spatial
discontinuities become apparent. The previously pub-
lished first modeling approach proves less suitable for
representing the sampling data due to the lower accu-
racy (hMAE = 86.1%) of the core model, whereas the new
and second approach achieves significantly higher preci-
sion (nMAE = 0.8%). Scenes exhibiting spatial discontinu-
ities should therefore always be trained using the second
modeling approach.

The annual simulation of the integral model is eval-
uated in two steps. As the Honeybee AnnualDaylight
component also simulates a direct contribution it is
compared to the direct ray direct sun contribution
Qgirr din first. Subsequently, the total q and residual con-
tribution qres are compared. Each comparison is con-
ducted between the incidence operator method and the
enhanced two-phase method as well as two integration
methods.

Within the first comparison high agreement (nMAE <
8.8%) is only achieved when the incidence operator is
evaluated at the center but not integrated over the entire
sun disc. Four to six outliers from 8760 data points have
been identified and have a huge effect. The accuracy with
trimmed outliers increases drastically to ("nMAE; < 1.1%).
The outliers have been located to the decision boundaries
of the helper function g.

The comparison of the total and residual contribution
revealed that the circumsolar component must not be
evaluated solely at the center of the circumsolar region.
Instead, it must be integrated over the entire circum-
solar region, with an optimal half-angle of o, = 30°.
Under this assumption, a satisfactory overall agreement
can be achieved (hMAE < 11.9%). The accuracy of the cir-
cumsolar solid angle region is crucial for ensuring that
agreement.
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4.1. Limitations & future work

The previous study included both the continuous map-
ping of the adjustable fagade input and the exchange-
ability of the model using the FMI standard. These two
aspects were not the focus of this study. Future stud-
ies could integrate continuous adjustability through deep
neural networks with spherical harmonics as features and
explore different feature sets. The model export could
potentially be carried out using the export capabilities of
the PyTorch framework in FMI and ONNX formats. Fur-
thermore, recently presented network concepts such as
Spherical Fourier Neural Operators (Bonev et al. 2023) or
Sinusoidal Representation Networks (RuRwurm etal. 2024)
from other disciplines should be examined for their appli-
cability. With the Rhino3D — Grasshopper components,
training data for any scene can now be provided for this
purpose.

Figure 4 indicates that the training data of the inte-
grated incidence operators could possibly be determined
directly. Currently, the core model is trained first, based
on which these training data are derived. A first possible
solution to directly evaluate the training data of the inte-
grated incidence operators could be using rcontrib
with the attributes (-c 1000 -dj 1.0). However, this
approach requires computing not 10% but 107 sun points,
leading to a significant increase in computation time,
which is reasonable for the direct ray but not for the
diffuse ray contribution due to its increased ambient
bounces. A possible alternative is to calculate the direct
ray contribution using this method while computing the
diffuse ray contribution with the attributes (-c 1 -dj
0), then determining the integrated incidence opera-
tors with the efficiency measure ‘Pre-calculation’. Fur-
ther improvements in computation time can be achieved
using the attribute (-n) in RADIANCE or GPU-accelerated
ray-tracing engines as Accelerad (Jones 2017). Compared
to the introduced integration methods, the directly com-
puted values with RADIANCE for the direct ray contribu-
tion exhibit significant uncertainty, which increase with
the half-angle. Consequently, the surface of the resulting
model fit deviates considerably from the surface obtained
using the proposed integration methods. Therefore, this
pure RADIANCE-based approach was not applied in this
study. Future research should further investigate the
direct calculation of the training data of the integrated
incidence operators.

The greatest problem with model accuracy thus far
lies in the representation of the residual contribution,
which depends mainly on the depiction of the circumso-
lar region. Future work could improve the simplified Perez



20 e S.O. WEBER ET AL.

sky model by establishing additional radiance or lumi-
nance levels beyond one circumsolar step. This would
more closely approximate the detailed Perez sky model
and approach the accuracy improvement from this per-
spective.

The new modeling approach for representing spatial
discontinuities comprises three sub-models: one model
for capturing the diffuse ray and two models for rep-
resenting the direct ray contribution. Novel modeling
approaches that could represent spatial discontinuities
within a single model would significantly simplify the
implementation structure. In this study, a Support Vec-
tor Regression and a Gaussian Process Regressor were
examined in this context. The Support Vector Regression
with RBF kernel does not achieve high accuracy in model
training. The Gaussian Process Regressor, whilst achiev-
ing high accuracy, exhibits significantly longer prediction
times and lacks generalisability when applied to random
test data.

Thus far, the sampling step has only been applied to
points as sensors. For solar thermal applications, how-
ever, the quantity always relates to a surface. The solar
thermal absorption for example must be determined for
the entire shading plane or glazing area. Accordingly,
many sensor points could be distributed on the reference
surface. For the energy balance, however, these sensors
are needed in four directions per glazing pane, two on
the front side and two on the back side of the element
under consideration. This rapidly increases the number
of sensors. Future work could establish methodologies to
reduce calculation time or establish the direct calculation
of solar thermal absorption from large surface elements
or triangulation ensembles.

Spatial discontinuities play a significant role when con-
sidering light-related quantities in urban spaces. Future
work could for example apply the established model
approach to enhance photovoltaic yield forecasts in
urban environments.<title>Variables</title>

Nomenclature

4.2. Variables
Symbol Description Unit
p number of spherical harmonics
features
n number of samples / incidence
directions
a half-angle °
d horizon band angle °
By window slope and azimuth °
angle
8,9 zenith and azimuth angle °
q quantity lux or W/m?
Utac facade input

Symbol Description Unit
n incidence operator 1
f integrated incidence operator sr
d infinitesimal solid angle sr
L radiance or luminance W/sr/m?2 or Im/sr/m?
E irradiance or illuminance W/m? or Im/m?
v, ¥ true and predicted target value lorsr
w weights of a linear regression lorsr
model
X feature evaluated at one 1
sample
X feature matrix 1
y list of target values lorsr
hg helper functions for the second lorsr
modeling approach
F1,Fo parameters for simplified Perez 1
sky model
a,b correction factors according to sr
Appendix 4
R? coe cient of determination %
nMAE normalized mean absolute %
error
NMAE; trimmed and normalized mean %
absolute error
M integration sets

4.3. Subscripts

Symbol Description

i,s general incidence direction, sun position

a general solid angle region

din, dih direct sun or di use horizontal sky region according to

Appendix 1

sun, cir, sky, hor  other hemispherical regions according to Appendix 1

dirr, difr directand di use ray contribution
tot, res total and residual contribution

byv spectrum either broadband or visual
1,2 sensor index
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Appendices

Appendix 1. Definition of scalar product
integration sets

For the description of integrations, various sets are defined in
this section. All sets are derived from the general scalar product
set M(6;, §;i, a). The respective half-angles a are likewise defined.
The half-angles defined for direct sun i, and diffuse horizontal
sky contribution i, were obtained with the weather data from
the Meteonorm documentation. In this study, the horizon band
angle d = 6.5° is adopted from the original Perez model (Perez
etal. 1987).

sin(0) cos(¢)
p®,¢) = sin(®)sin(d) (A1)
cos(6)
M(®;, ¢i,0) ={8 [0, %H’ [0, 2mt]| cos(a) < p(0, ) - p(8i, di)}
(A2)
sun(8i, §i) = M(8i, §i, Osun)  Osun = 0.2665° (A3)
din(8i, §i) = M(8;, &i, Ogin)  Qgin = 2.5° (A4)
cir(8i, §i) = M(8i, i, acir)  Ocir = 30° (A5)
sky = M(Ov O, 900) (AG)
hor = sy \M(0,0,90° —d) d =65 (A7)
din@i, &) = sy N din(8i, ¢i) (A8B)

Appendix 2. Derivation of the intensity
differences

The intensity differences introduced within the derivation of the
fundamental Equation (8) will be derived in this section. First, it
is assumed that the intensity difference in the direct sun region,
cf. Equation (A9), can be approximated as the circumsolar contri-
bution is relatively small. Since the direct normal intensity value
is measured in the normal system, the denominator must also
be solved in the normal system.

Edin _ Edin
M(0.0.0,) €0S(8) d T Sin? (Olgin)
The following relationships, Equations (A10) to (A12), were
derived by coefficient comparison with the simplified Perez sky
model (Perez et al. 1987) as it is stated that ‘Dy/Dy, is set to Fy
and Dﬂ/Dh to Fy’ (Perez et al. 1987, 223). The algebraic func-

tion b of the integral in Equation (A10) is given in Appendix 4.
Since the simplified Perez sky model makes the assumption in

Lain — Leir = Lgin = (A9)
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Equation (A11), thisis also adopted. The influence of the horizon
band region is neglected in this study with sin(B), just as in the
original Perez model, cf. Equation (A14). This stands in contrast
to the analytical solution of the integral, cf. Equation (A12), and
the assumption in the study (Rudisser 2023), cf. Equation (A13).

F1Eqin F1Egin
Lair = Lsky = = AL0
T e ©0s®)d D(8s, 0, Tai) (A10)
L, = A= F1—F)kgin _ (1 —F1—F2)Edin
Ky cos(8) d -
sky
1987 (1 — Fq)Eg;
% “[w (A11)
Lnor — Ly = F2Edin _ F2Egin
v T eos@®)d  m—msin?(3 - d)
F2Edin F2Eqin
- = Al2
wsin?(d)  0.040259 (A12)
2023 F2Edin
M(90°,0.90°)\M(90° 0,90 —d) €05(8) d
F2Edin
- Al13
0.22592 (A13)
1987 _
= F2Egin sin(B) =0 (A14)

The general variables Eg, and Egj, are defined with the case
distinction according to Equation (A15). To predict visual quan-
tities, the direct normal Egin, and diffuse horizontal illuminance
Eginy have been determined from the broadband values. The
respective values are pre-calculated using the RADIANCE rou-
tine genday l i t for each time point of the examined weather
data file.

broadband
visual

Eginp broadband Edinp
Edih =

Edin = .
: Edin,v visual Edih,v

(A15)

Appendix 3. Integration routines

Three solution routines were developed for the determina-
tion of training data for the integrated incidence operators
(Fain feir,Tsky.Thor)- ONne entry is generally described as fiq.

A.1 Scipy numeric quadrature

The first possibility is through the application of existing numer-
ical quadrature routines. In this study, the Python package
scipy.integrate.dblquad was employed. The disadvantage of
those integration methods is that the incidence operator must
be a continuous function. Therefore, this method is not suit-
able for integrating the direct ray contribution with spatial dis-
continuities. According to Equation (A16), integration limits are
required, which are derived in the following.

Bub

du
ne.¢)d = bn(9,¢)sin(e)d¢ do
M(8i.i,a) B i
(A16)

To derive the integration limits, it is initially assumed that only
incidence directions on the curve p; = p(8;, ¢;) = p(6;,0) are
considered for the scalar product. All possible integration points
on the unit sphere p(0, ¢) are relatively deflected from this by

¢, such that the following holds p(6,¢) =p(6,¢; + ¢) =
p(6, ¢). The derivation begins with the scalar product of both

fi,ot =
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points, cf. Equation (A17), from which an algebraic relationship
for the azimuthal displacement ¢ can be derived.

IplIpil cos(a) = p(6. ¢) - pi (A17)
cos(a) =sin(8) cos(  ¢)sin(6;) + cos(8) cos(6;) (A18)

cos(a) — cos(8) cos(8;)
sin(0) sin(6;)

From this, the integration limits are now derived. Accordingly,
the integration must first be performed with respect to ¢ and
subsequently with respect to 6.

¢ = arccos

(A19)

B, = max(0, 6 — a) (A20)
Bup = Min(Tt/2,6; + a) (A21)
b =¢i— (6,6, 0) (A22)
bu =i+ ¢(6,6;, ) (A23)

A.2 Vegas Monte Carlo quadrature

The second possibility is through the application of Monte
Carlo integration routines. In this study, the Python package
vegas (Lepage 2021) was employed. Compared to numerical
quadrature methods, these routines can also integrate discon-
tinuous functions such as the direct ray contribution. However,
they converge more slowly. An indicator function 1w, ¢a) is
defined for this purpose. This makes it possible to replace the
integration limits with box limits.

n@.¢)d =

M(6;,¢i,0) sky

fia = Imceidia)(8,9)n(8.9) d

(A24)
In this study, the box limits g, were adjusted even further in
order to reduce the calculation time.

A.3 Custom numeric quadrature

For the third possibility, a dedicated routine was written. Here,
the integral is approximated by a sum of small integrands nj ;.
For this purpose, a very fine Fibonacci grid with m = 2 x 10° is
employed. To determine all solid angles j, the Python routine
scipy.spatial.SphericalVoronoi is applied. The indicator function
I, 01,00 (8, §j) selects which of the m cells lie within the half-
angle range around the considered point (6;,9;). For example, to
obtain the value fyy, a vector of ones for h; is sufficient.

fia ne,¢)d

M(8i.i,a)
m

U

Tme 0006, OON(E;, ) j=hT -0
=1

(A25)

A.4 E ciency measures

In the following, two efficiency measures are presented which
significantly simplify the calculation of the training data for the
integrated incidence operator.

(1) Pre-calculation: For scenes where the first modeling app
roach can be chosen, which particularly applies to the dif-
fuse ray contributions, the integral can be pre-calculated
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since the basis functions of the spherical harmonics are
known. Here, all integrands of p basis functions are again
approximated by an expansion in terms of spherical har-
monics. This results in a continuous model with a constant
matrix Aq. For this purpose, alarger expansion basis xq with
g = 256 >pis used.

fia = ne.¢)d = x'(6,¢9)d w
M(8i,0i.0) M(8i.0i.0)
= x5 (6, 0D AW
Xq HAq  PPw P (A26)

The matrix Aq is determined using the following regression
problem.

Fo = x'd =XqAq Fa ™PXq M

M(i i)
(A27)
An integration and subsequent training step can be omit-
ted since a continuous function for f4 is available. The coef-
ficients w determined based on the core model training can
be directly used within the integral model.
Itemwise versus matrix-based calculation:  This section
demonstrates the advantages of matrix-based versus item
wise-based calculation using the example of the training
data matrix Fq. This is performed for n = 10* Fibonacci-
distributed incidence directions (P1) and p = 169 spherical
harmonic bases.

The item-wise approach involves the parallelized execu-
tion of the routine presented in Section A.1. For this pur-
pose, the Python package joblib is applied. The calculations
are performed on a Linux server (CPU: Ryzen 9 7900X, RAM:
64 GB) with a total of 24 cores. Despite parallelization, the
calculation of one matrix F takes approximately 30 h.

In comparison, the matrix-based approach utilizes the
following equations. Therefore, a fine grid with m =2 x
10° points (P5) is employed.

Gik =Yk, ¢) i G ™P (A28)
H=
1 ifPy-PJ =cos(a) b, M3p,  me
0 else H nxm (A29)

Fo = HG (A30)

Through this approach, the matrices H and the solid angles

can be pre-simulated, and efficient matrix operations can
be employed. This reduces the computation time from 30
hours to 10 minutes. This corresponds to a 180-fold reduc-
tion in calculation time. No parallelization is applied; how-
ever, a considerable amount of memory is required. This
integration method is very fast, but it also has its limita-
tions. From a half-angle of approximately a < 10°, which is
connected to the dimension of the fine grid m, the number
of integrands per examined position P; decreases, which
leads to increased integration error of the results.

Appendix 4. Derivation of correction factors

In this study, two correction factors are applied for which an
algebraic relationship has been derived. Both integrals are not
dependent on the azimuth angle. The resulting algebraic rela-
tionships agree exactly for x < 0 and very well for x> 0. The
algebraic relationships were derived through nonlinear curve
fitting. The respective raw data were determined using the
itemwise integration method for various zenith angles 6 and
half-angles a.

5 -,
X(8s,0) =1— a (A31)
a(6s, ¢s, )
= d (A32)
M(Bs,s,0)
_ 21 (1 — cos(a)) ifx<0 33
T 2n(1 — cos(a)) cosz(%x%o'ggos) else (A33)
b(8s, ¢s, @)
= cos(0)d (A34)
M(6s,9s,0)
7 sin? (o) cos(Bs) ifx<0
1 sin®(a) (1 — 0.9467 cos(0.5235a) sin(x))  else
(A35)
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