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Abstract

Despite advancements in simulation methods, built
structures often deviate from predictions due to as-
sumptions based on limited real-world data, result-
ing in an energy performance gap. This study exam-
ines these differences using a living lab and quantifies
them using a novel measure to assess the simulation-
reality gap. The focus is on daylight and artificial
light. The framework analyzes how the discrepan-
cies evolve across the different design phases — from
pre-planning to execution — by comparing available
information on material properties and detail levels.
This makes it possible to assess the impact on energy
requirements and daylight availability.

Key Innovations

e A framework to quantify the simulation-reality
gap in building simulations.

e By defining ranges of variation between simu-
lated and real facilities, simulations can be im-
proved.

e This framework provides a better understanding
of the causes of energy performance gaps.

Practical Implications

Our research provides a tool for quantifying the
simulation-reality gap in building simulations, en-
abling more accurate predictions of a building’s per-
formance and improving decision-making in the de-
sign phase.

Introduction

Simulations are used in building technology to deter-
mine the energy requirements for various concepts in
the planning phase and to derive sustainable concepts
for specific conditions on this basis. Simulations make
it possible to identify potential savings at an early
stage so that buildings can be planned and operated
in a sustainable and resource-saving manner. By sim-
ulating indoor climate and lighting, comfort aspects
such as thermal comfort and daylight availability can
also be evaluated at an early stage and incorporated
into the further design of the building and system
specification. This does not involve the cost and
time of real-world experiments (Clarke, 2007; Craw-

ley et al., 2008). By simulating a building’s operation
under different scenarios, designers can optimize sys-
tems and processes to reduce energy consumption and
enhance occupant satisfaction.

However, despite the widespread adoption of simula-
tion tools and more advanced simulation techniques,
there is a growing recognition that simulations do not
always accurately predict actual building performance
(cf. De Wilde (2014)).

Problem Definition

Various studies have documented a significant gap be-
tween the predicted and actual energy performance
of buildings, known as the energy performance gap
(EPG) (Menezes et al., 2012; Van Dronkelaar et al.,
2016). In the UK, for example, non-domestic build-
ings have shown actual energy consumption up to 2.5
times higher than predictions (Menezes et al. (2012)).
This gap introduces uncertainty for architects and en-
gineers in aligning energy-efficient designs with actual
post-occupancy performance.

The gap arises from various technical, operational,
and human factors, notably simplifying assumptions
in simulation models like standardized occupancy,
static weather, and idealized system performance
(Coakley et al., 2014; Yan et al., 2017). Real-world
variables such as occupant behavior, climate fluctua-
tions, and system degradation are challenging to sim-
ulate accurately (Hong et al., 2017). Additionally,
default settings in simulation tools may oversimplify
crucial elements, leading to discrepancies (Reinhart
and Davila, 2016). Consequently, stakeholders often
question the reliability of simulation outcomes and
the energy savings potential of designs.

Addressing this simulation-reality gap is pivotal in
building performance research. Despite advances like
real-time data integration (Yan et al., 2015), the chal-
lenge remains: How can we systematically quantify
and reduce the gap between simulation and real-world
performance? Understanding and bridging this gap
is essential for translating energy-efficient designs into
tangible savings and enhanced performance.

Recent efforts include calibrating models with post-
construction data (Coakley et al., 2014; Raftery et al.,
2011) and developing sophisticated occupant behav-
ior models (Hong et al., 2017; Yan et al., 2017).

Proceedings of the 19th IBPSA Conference
Brisbane, Australia, Aug 24-27, 2025

1
https://doi.org/10.26868 /25222708.2025.1189



BUILDING
ATION
47746

SIMUL
2025 5wsinie

CARBON AND CLINATE RESPONSIVE

International
Building
Performance
Simulation
Association

Nonetheless, a comprehensive framework for quan-
tifying the discrepancy between simulations and real
outcomes is still absent, limiting trust in simulations
as predictors of building performance.

Daylight availability and energy efficiency depend not
only on technical systems and occupant behavior but
significantly on room characteristics like object de-
tail, position, and material properties. Different plan-
ning phases present varying information levels, gen-
erally increasing from preliminary design to detailed
planning. Early-phase assumptions can deviate from
actual implementation, resulting in the simulation-
reality gap and potential energy inefficiencies at the
expense of user comfort. Quantifying the effects of
detail and material properties is crucial.

Building Information Modeling (BIM) facilitates
simulation-based performance analysis across plan-
ning phases by managing and integrating relevant
data. While early-phase simulations assess energy
efficiency and comfort, detailed calculations in later
phases better depict real building behavior. However,
material properties and detail levels often lack sys-
tematic integration into control planning, leading to
performance deviations when factors like reflectance
and shading are inadequately considered.

Objective

This study aims to systematically examine and
quantify discrepancies between simulated and actual
building performance, focusing on energy consump-
tion for artificial lighting and daylight availability
across different planning phases. Utilizing a Living
Lab as a case study, we compare simulations at var-
ious planning stages to assess how differing informa-
tion levels on material properties and detail impact
prediction accuracy. We develop a structured evalu-
ation procedure to enhance simulation accuracy and
identify optimization opportunities. Additionally, we
introduce a novel measure for objectively assessing
the simulation-reality gap. This work aims to signif-
icantly contribute to bridging the simulation-reality
gap and enhancing the informative value of building
simulations for design and real-world operation.

Literature Survey

Various efforts have previously been undertaken
to bridge the performance gaps between building
planning and operation. Zou et al. established a
stakeholder-oriented framework aimed at address-
ing the EPG, illustrated through a case study of
a 14-story green office building located in Geelong,
Australia. By analyzing design documents, energy
monitoring data, and stakeholder meetings, EPG
sources were identified, optimization measures, in-
cluding more efficient lighting control, were imple-
mented, and a collaborative process was established
to achieve the planned long-term energy efficiency
target (Zou and Alam, 2020). Yilmaz et al. formu-
lated a model to forecast the EPG through the anal-

ysis of project risks and the comparison of machine
learning algorithms. Naive Bayes demonstrated su-
perior performance, particularly attributed to its ro-
bustness in handling small and noisy datasets. The
findings indicate that machine learning enhances the
accuracy of energy consumption predictions when ad-
equate data is present (Yilmaz et al., 2023)). Grobe
and Jakubiec (2023) examined the influence of model
detail on daylighting simulations in residential build-
ings. The authors indicate that the medians of hor-
izontal workplane illuminance rise with decreased
detail levels, asserting that precise absolute results
necessitate high detail levels. Relative ranking of
scenarios for illuminance-based metrics can also be
achieved using simplified models.

Existing Quantification Approaches

Li et al. (2024) and Ngo et al. (2021) investigate the
limitations of simulation-trained models, highlight-
ing their diminished performance in real-world ap-
plications as a result of substantial domain discrep-
ancies. Quantifying and addressing these gaps, as
shown in various studies (Miiller and Sabatelli, 2023;
Xin et al., 2024), enables researchers to effectively
bridge the discrepancies encountered in real-life im-
plementations. Thus, comprehending and address-
ing the simulation-reality gap is essential for improv-
ing safety and performance in building design and
emergency management (Higuera et al., 2023; Reway
et al., 2020).

In building simulation, Ngo et al. (2021) present a
multi-layered evaluation integrating explicit and im-
plicit sensor model assessments, focusing on radar
perception in autonomous driving to quantify fidelity
issues. Wang et al. (2023) introduce a boundary inter-
val estimation method within a co-simulation model
to assess building flexibility under uncertainties, em-
phasizing a distinct aspect of the simulation-reality
gap in energy systems. Furthermore, Piprek (2020)
examine the integration of machine learning with
numerical simulation, highlighting the complexities
involved in reconciling theoretical frameworks with
practical realities due to inherent uncertainties. Ex-
tending these insights, Chen et al. (2022) propose
a hybrid-model approach combining first-principles
and machine learning methods to reduce the perfor-
mance gap in building energy forecasting. Cotoarba
et al. (2024) developed a probabilistic digital twin
framework that incorporates measurement and model
uncertainties, enabling early-stage design optimiza-
tion and predictive maintenance. Additionally, Ma
et al. (2025) introduce a Reality Gap Analysis mod-
ule for digital twins, which continuously integrates
new sensor data, detects misalignments, and recali-
brates models via a query-response framework. These
studies collectively underscore the importance of cus-
tomized methodologies in measuring and compre-
hending discrepancies between simulations and real-
world applications across various fields.
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Simulation Methodology

The Living Lab at the University of Innsbruck, Aus-
tria, is used as the study object. This is a 26.97 m?
large office space, which is designed for two people
in normal operation and a maximum of three peo-
ple. The special feature of the office is that numerous
sensors record the thermal, visual and energy-related
room situation as well as presence patterns in high
resolution. Attendance data is logged in accordance
with data protection regulations. The control sys-
tem for the daylight system (venetian blind system
in closed cavity facade) and the four recessed ceiling
lights can be dynamically adapted in line with the
Living Lab concept. Passive infrared sensors and il-
luminance sensors are used to control the office space
depending on presence and daylight availability to en-
sure energy-efficient system operation.

To quantify the influence of the level of detail of the
room interior, including associated material proper-
ties, on the simulation-reality gap, the room was mod-
eled as a BIM model. In Fig. 1, the room sensors (cir-
cles), the luminaries (rectangles) and the controllers
(rhomboids) are shown.

Figure 1: Revit model of the Living Lab with sen-
sors (circles), actuators (rectangles), and controllers
(rhomboids) modeled (Zech et al., 2024).

Furthermore, there is a system architecture that en-
ables control mapping in BIM, which in turn en-
sures bidirectional communication between the build-
ing and operation, creating a digital twin (Zech et al.,
2025). By dynamically adapting the control system,
real building aspects can be taken into account and
optimized to minimize the EPG. BIM is a central
basis for digital twins, as it provides the necessary
information to evaluate building, comfort and energy
aspects at an early stage. The BIM workflow allows a
comprehensive analysis of the control system, includ-
ing additional system information such as luminairy
positions, degrees of reflection or shading in the in-
dividual planning phases. For this study, the level

of detail and material properties were varied for the
different planning phases.

The direct connection of the BIM model to a building
performance simulation was tested using the example
of daylight simulation. This also allows the simula-
tion to be carried out during each individual plan-
ning phase. We therefore tested how the increasing
depth of information (varying level of detail) in the
planning process affects the results. It was previously
shown that variations in model detail can have signif-
icant influence on the simulation results (cf. Grobe
and Jakubiec (2023)).

Using the example of (day)light simulation, we
demonstrate the impact of varying information levels
using the relevant factors of the representation of the
shading system, the interior design (furniture), and
the surface properties (reflectances). The BIM model
was transferred to Rhino 3D using the BIM2BEM-
Flow workflow as proposed by (Miller et al., 2024)
and simulated with Honeybee (v1.8.0), a Grasshop-
per interface for the lighting simulation software Ra-
diance. The complex fenestration system consisting
of a 3-pane insulation glazing, a venetian blind in-
between glazing with back-ventilation and a single
outer pane was modeled in LBNL WINDOW (v7.4)
and imported as BSDF file in Honeybee, including
glazing and blind and in the respective states. Four
different variants have been examined in the study,
that reflect different levels of detail of the available
information in the planning process:

(a) no interior furniture, default surface properties,
shading mimicked through attenuation to 30%
(according to the IEA SHC Task 56 reference
office (Ochs et al., 2020)).

(b) no interior furniture, default surface properties,
shading realized through three BSDFs repre-
senting (i) glazing only, (ii) blinds at 0° tilt and
(iil) blinds at 45° tilt.

(¢) with interior furniture, default surface proper-
ties, shading realized as in (b).

(d) with interior furniture, real measured re-
flectance values, shading realized as in (b).

For cases (a)-(d), the illuminance on the facade was
simulated for glare assessment and inside on the work
surface using Radiance. The values are available as
hourly values over the course of the year for further
data analyses. Based on the simulated illuminance
values of the facade, the resulting illuminance levels
in the interior were determined for each variant using
a specially developed Python script (Python 3.12).
The normative limit value of 500 Ix for office activ-
ities was used to assess the illuminance on the work
surface. If the illuminance fell below the normative
value of 500 Ix, artificial lighting was switched on.
The artificial lighting is used dynamically to ensure
the target illuminance. The electrical power required
for artificial lighting was calculated based on the dim-
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ming level. This makes it possible to determine the
energy requirement of the artificial lighting. This was
multiplied by the generally applicable occupancy pro-
files according to sia to model an occupancy for the
study object (sia, 2006). Public holidays for Austria
and weekends for 2024 were excluded from the calcu-
lation. The resulting energy requirement was checked
for each of the scenarios (a)-(d) in total as well as over
the course of the day.

Quantifying the Simulation-Reality

Gap

Our approach for quantifying the simulation-reality
gap follows an analytics approach. Specifically, we
draw inspiration from the image detection commu-
nity by establishing a quantification measure based
on the mean Average Precision (mAP) (Henderson
and Ferrari, 2017) where we replace the average pre-
cision over a query ¢ (AveP(q); see below) with
the Intersection-over-Union (IoU) (Rezatofighi et al.,
2019) metric. Capitalizing on this, we devised a novel
metric to quantify the simulation-reality gap by ’over-
laying’ simulated data with actual data.

Theoretical Foundations

Mean Average Precision (mAP) is a crucial metric
used to evaluate the performance of object detection
systems. It aggregates metrics across multiple image
classes by measuring the precision of a system at dif-
ferent recall levels, providing insight into the quality
of predictions Henderson and Ferrari (2017). It is
defined as

Zqul AveP(q)
Q

where g denotes an image query, () the set of all im-
age queries, and AveP(q) the average precision (AP)
for a query ¢. Traditionally, the average precision is
computed as the area under the precision-recall curve,
and often approximated as:

mAP = (1)

Q
AP = Z (Ri — Ri—1) P(R;) (2)

=1

where R; and P(R;) are recall and precision at the
i-th threshold. The m AP is the average of AP values
across all classes.

As of not dealing with image classes and specific
measures such as recall and precision, for our pur-
pose, we replace AP with the well-known IoU met-
ric (Rezatofighi et al., 2019). This choice is more
natural, as the data we look at eventually has a time-
series based nature (cf. Secs. Data Acquisition and
Simulation Approaches) and thus allows for a nat-
ural ”overlaying of curves” to identify overlaps and
discrepancies. Specifically, the IoU is a widely used
metric for evaluating object detection, measuring the
overlap between predicted and ground truth bound-
ing boxes of images (Rezatofighi et al., 2019). It is

defined as the Jaccard index used for assessing the

similarity and diversity of sample sets (cf. Fig. 2)
|AN B|

J(A,B) = 3

(4.8 = G55 3)

where A and B denote two sets, e.g., A = {1,2,3,4,7}

and B = {1,4,5,7,9} with J(A4,B) = 0,429... (2.

Observe that for the Jaccard index J we can readily

Figure 2: The IoU is calculated as the ratio of the

overlapping area between (bounding) boxes (of im-
ages) to their combined union area.

Area of Overlap
IoU =

Area of Union

employ time series-based data, i.e., Y = (Y; : t € T),
where T is the index set. By replacing sets A and B
with respective time series data, e.g., A = Y and
B = YZ® for real (R) and simulated (S) data, we
arrive at our novel quantification measure M, viz.

N R S
- ToU(Y;" Y,
M szl ( ) (1)

where Y denotes a specific time series, e.g., tempera-
ture or illuminance, and N the total number of avail-
able time series, i.e., measurements. Our metric M
thus describes a tool to evaluate the performance of
building simulators. It calculates the mean of the IoU
across all measurements, where the IoU measures the
overlap between two time series as a ratio of the over-
lapping segments to their combined union area, quan-
tifying their similarity. This allows assessing both the
accuracy and confidence of simulations, as it reflects
how well a simulator balances mimics the real world.

Interpretation of the Measure

The proposed measure is inspired by the IoU, com-
monly used in object detection evaluations, to quanti-
tatively assess the congruence between simulated and
real-world time series data. In this case, the overlap
between two time series is captured by the measure’s
numerator, which shows how closely the temporal in-
tervals of the simulated and real data match. This
overlap is important because it shows the times when
the two series can be directly compared, allowing for
an assessment of how accurately the simulation mim-
ics behavior in the actual world.

On the other hand, the denominator captures the en-
tire temporal range that each data series covers dur-
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ing the measurement period by taking into account
the complete region covered by both time series. All
legitimate measurements from the real and simulated
datasets are included in this extensive area, guaran-
teeing that the measure takes into account the full
context of the data under analysis.

An important clue to the simulation model’s qual-
ity can be found in the resulting ratio. A higher
IoU value suggests that the simulation correctly de-
picts the underlying dynamics of the building under
study and shows a strong alignment between the sim-
ulated predictions and observed realities. A smaller
ToU score, on the other hand, indicates a substantial
mismatch and points out places where the simula-
tion does not match real performance. Fig. 3 shows
a graphical interpretation of our measure M for two
sample time series, viz. Y = {1,2,3,4,5,6,5,7,8,9}
and YT ={0,1.5,2.5,4,5,7,6,7.5,8,9}.

e

e

Area of Overlap

Area of Union

Figure 3: Graphical interpretation of our proposed

measure (M = 0.461).

Our understanding of the predictive power of building
simulations, as supported by empirical observations,
is improved by this informative method of measuring
the simulation-reality gap. Ensuring dependable per-
formance results in real-world applications and pro-
moting energy-efficient design methods depend on the
capacity to methodically assess and enhance these
simulations.

Results

All results were simulated, no real measurements were
taken. For the comparison, variant (d) mimicking
the real space in highest detail and accuracy is re-
ferred to as reality. All variants (a) - (d) were simu-
lated separately for the possible fagcade states in order
to enable post-processing to take specific occupancy
profiles into account when calculating the resulting
power requirement for lighting. Fig. 4 shows the re-
sults of the daylight simulation for variant (c) for the
fixed facade setting with clear glazing (no shading).
This is representative of the final planning status. In
Fig. 5, real levels of detail and material properties
are stored. Variant (a) results in an artificial light
energy requirement of 5.52 kWh/m?2a, variant (b) re-
sults in 3.98 kWh/m?2a, variant (c) in 7.99 kWh/m?a
and variant (d) in 6.05 kWh/m2a. Variant (b) has
the lowest energy demand (based on 26.97m?). The

55.0

50.0

45.0
I4oo

1

Figure 4: Simulation result for the Living Lab
model equipped with furniture using default surface
reflectances (variant (c)). Spatially resolved daylight
autonomy values on the workplaces for the base case
facade setting (w/o shading system,).

average energy demand of the four variants is 5.89
kWh/m?a £+ 1.66 kWh/m?a. The range between
the variants is 4.01 kWh/m?a (7.99 kWh/m?a - 3.98
kWh/m?a), which indicates a clear variation in en-
ergy consumption between the scenarios. The result-
ing artificial lighting energy requirement for the an-
nual simulation was cumulated over the course of the
day, whereby the energy requirement for each hour of
the year was calculated and added up (Fig. 6). The
evaluation over the course of the day shows that the
effect of the level of detail occurs primarily in the
afternoon hours, when the probability of presence ac-
cording to sia is also high (sia, 2006).

Quantifying the Gap

Fig. 7 shows the consumed energy values of scenarios
(a), (b), (c), and (d) as time series plots. Tbl. 1 shows
the computed simulation-reality gap by our measure
M (cf. Eq. 4) between scenarios (a)-(d), (b)-(d), and
(c)-(d). The application of our measure shows that
there exist clearly measurable gaps between simulated
and actual energy performance. This however is just
natural given the lack of detail in the underlying sim-
ulation model. Interestingly, also in case of of scenar-
ios (¢)-(d), where a highly detailed model was used
for simulation, predictions are still far off the actual
real-world consumption. The fact that the agreement
does not always increase linearly with increasing ac-
curacy of the model is due to the fact that simpli-
fications can have opposite effects and can therefore
cancel each other out, cf. the better agreement (b)-(d)
than (¢)-(d). The data and code used for our quantifi-
cation example are available for download via https:
//figshare.com/s/7eae808efdbbddf513ef.
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Figure 5: Simulation result for the Living Lab model
equipped with real surface reflectances (variant (d)).
Spatially resolved daylight autonomy wvalues on the
workplaces for the base case facade setting (w/o shad-
ing system).
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Discussion

The simulation-reality gap in building simulations is
a critical issue that affects the accuracy and effective-
ness of training and validation processes. The results
of the simulations for variants (a) to (d) show signif-
icant differences in the energy demand for artificial
lighting in the individual phases of planning through
to operation. This variation in energy demand un-
derlines the importance of considering detailed room
characteristics and material properties in energy sim-
ulations. The study suggests that uncertainties in the
early design phases due to assumptions about room
layout and material properties contribute to a sig-
nificant discrepancy between simulation and reality,
which can lead to inefficient system operation and re-
duced comfort for users. Fig. 6 shows significant dif-
ferences, especially in the afternoon hours when the
presence of users is higher. This is due to the fact
that the differences in material properties result in

Table 1: Owerlap among scenarios (a), (b), (c), and

(d)

Scenarios M

(a)-(d) 0.5056
(b)-(d) 0.5879
(c)-(d) 0.5291

significantly different daylight autonomy (cf. Figs. 4
and 5). As this also has an effect on the design of
the control system and therefore the energetic sys-
tem performance, the detailed information must be
continuously taken into account. The integration of
control design and simulation in BIM can ensure the
systematic inclusion of detailed material properties
and control parameters, thereby minimizing the dis-
crepancy (Zech et al., 2025; Miller et al., 2024). This
allows more accurate predictions of building perfor-
mance in all building phases, which can then be taken
back into account in the control system.

The analysis of the simulation-reality gap shows that
building simulation accuracy depends on detailed ma-
terial and space properties. To quantify this gap, a
methodical assessment systematically compares sim-
ulation results with real measurements. A structured
approach can improve building performance predic-
tions and align simulation with reality.

Our method (cf. Tbl. 1) highlights the necessity
of methodically assessing the simulation-reality gap
through a standardized metric. Our proposal, which
suggest the application of an IoU-inspired metric on
time series data, is a first step in this direction. Our
method facilitates a comprehensive comparison be-
tween simulated and actual measurements of energy
consumption to create a solid framework for evaluat-
ing the precision of building performance predictions.
The incorporation of material attributes and space
conditions is directly associated with enhanced con-
gruence between simulation results and actual per-
formance. This association underscores the necessity
of enhancing simulation models to incorporate exten-
sive data across various planning periods. Our find-
ings offer essential insights for optimizing building
designs and improving operational efficiency by ac-
curately representing energy performance measures,
thus improving simulation with reality in building de-
sign procedures.

Generalizability and Limitations

The framework presented in this study, although
specifically applied to lighting energy consumption,
has the potential to be generalized to other aspects
of building performance, such as HVAC systems a
nd overall energy efficiency. Its applicability across
different building types and climates can enhance its
utility in various contexts.

However, several limitations must be acknowledged.
Our findings are based on a specific Living Lab en-
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Figure 7: Time series of consumed energy for the scenarios (a), (b), (¢c), and (d).

vironment, which may not fully represent diverse
building configurations or climates. Additionally, the
framework’s reliance on detailed input data means its
effectiveness can be constrained in scenarios where
data availability is limited or less precise. Further re-
search aims to test and validate the framework across
a broader range of buildings and conditions to en-
hance its robustness and applicability.

Conclusion

This study effectively addresses the simulation-reality
gap in building performance assessments by present-
ing a systematic methodology for quantifying dis-
parities through an IoU-inspired metric. The re-
sults indicate that incorporating comprehensive ma-
terial attributes and room features into simulations
markedly improves the precision of predictions re-
lated to energy usage and daylight availability. By
methodically assessing these elements during the var-
ious stages of building design and construction, stake-
holders can make informed decisions that enhance the
dependability of simulation results. This research
advances simulation approaches and facilitates the
creation of energy-efficient designs that better corre-
spond with real-world performance. Ultimately, clos-
ing the simulation-reality gap is crucial for actualiz-
ing the advantages of sustainable building methods,
guaranteeing that projected energy savings are suc-
cessfully attained.
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