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ARTICLE INFO ABSTRACT
Keywords: Building Energy Simulation (BES) offers valuable virtual assessment of decarbonisation strategies but faces
Building Energy Simulation implementation challenges due to the complex balance between accuracy, modelling detail, and data avail-

Calibration Accuracy
Modelling Complexity

Level of Detail

Energy Conservation Measure
Energy Performance

ability. There is a significant lack of understanding in how these factors interact across different building
characteristics and how they impact the reliability of energy conservation measure (ECM) modelling. This study
proposes a novel integrated framework that correlates input data quality, modelling complexity, and ECM
reliability across diverse building types and sizes, and introduces a quantitative scoring system to objectively
balance modelling effort against prediction accuracy. The methodology employs three levels of modelling detail
(LOD), progressively simplifying input parameters while verifying calibration accuracy through one-at-a-time
modifications. A systematic evaluation of fifteen ECMs is then conducted on each LOD model. The framework
is validated using three University of Oxford case study buildings of different sizes, types, and ages. Results reveal
larger buildings permit greater simplification while maintaining accuracy with goodness of fit values averaging
7.1 % for simplified models in the largest case study building compared to 8.6 % in the smallest. Process-driven
buildings show greater resilience to schedule-related simplifications with sensitivity values averaging 0.08
compared to 0.17 for occupancy-driven buildings. Deep retrofit and renewable measures maintain high reli-
ability with simplified models, scoring highest on the developed scoring system, while control-based ECMs
require higher modelling fidelity. This comprehensive framework provides a novel methodology for optimising
BES implementation based on building characteristics and analysis objectives, facilitating broader adoption of
BES tools for net-zero strategy development and policy support.
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Nomenclature (continued)

Nomenclature and abbreviations

IR infrared

LED light emitting diode

LOD level of detail

NMBE normalised mean bias error

OAT one at a time

PHARM Department of Pharmacology building
POEI post-occupancy evaluation and intervention
PV photovoltaic

SA sensitivity analysis

TMY typical meteorological year

UBEM urban building energy modelling

UK United Kingdom

UKGBC UK Green Building Council

UL unregulated loads

VAV variable air volume

Variables

Abs.Say. absolute saving

Abs.U. absolute uncertainty

DeviationScore deviation score

1P input parameter

m; measured data point
n number of simulated data points
N, total number of data points
OP output

p number of parameters
ReliabilityScore reliability score
Rel.Sav. relative saving

Rel.U. relative uncertainty

S sensitivity

Sav. saving

Score score

Si simulated data point
TimeScore time score

t —stat t-statistic
UncertaintyScore ~ uncertainty score
U(R) random uncertainty
U.Range uncertainty range
U(s) systematic uncertainty
WR reliability weight

wr time weight
Functions and operators

A difference (delta)
log(-) log function

max(-) maximum

min(-) minimum

() inverse t-distribution
Subscripts and superscripts

B base

ECM;o0p, ECM-LOD model

LOD; LOD model
Energy energy type

1. Introduction

Nations have pledged to achieve carbon neutrality by 2050 through
the Paris Agreement [1]. The energy sector is responsible for more than
three quarters of global emissions, with building operations alone ac-
counting for a third of global final energy demand [2,3]. The Interna-
tional Energy Agency (IEA) states that at least 20 % of existing buildings
must be zero-carbon-ready by 2030 to reach the Paris Agreement goals
[3]. This target is particularly crucial since an estimated 90 % of current
buildings will still be in use by 2050 [4]. Non-domestic buildings,
though only accounting for 21 % of the total global building floor area,
contribute to 50 % of building-related emissions due to their high energy
intensity, largely driven by their heterogeneous nature and the increased
demand for better indoor environmental quality [5-7].

Building Energy Simulation (BES) is defined as ‘the use of compu-
tational mathematical models to represent the physical characteristics,
expected or actual operation, and control strategies of a building (or
buildings) and its (their) energy systems’ [8]. BES can be an innovative
method to support and derisk building decarbonisation strategies. It can
assist building stakeholders and policymakers in virtually evaluating
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different decarbonisation scenarios and cost options before imple-
menting any major physical changes, providing assurance that energy
conservation measures (ECMs) and retrofits will meet their expectations
[9]. However, while BES shows great potential, it is inherently complex
and time-consuming, hindering its wider adoption. The balance between
modelling accuracy and complexity needs to be better optimised to
maximise BES’s effectiveness while minimising human and computa-
tional efforts [10]. Moreover, the quality of a BES model and therefore
its reliability for ECM modelling depends on the quality and accessibility
of the input data used to create the model [11]. While modern buildings
often come with Building Management Systems (BMS) and compre-
hensive documentation, older buildings typically lack mechanisms to
generate high-resolution data.

Three main BES modelling approaches exist: white-box, black-box,
and grey-box modelling [11]. Black-box modelling is data-driven and
relies on machine learning algorithms to relate key input parameters to
simulated outputs [12]. It is advantageous for its shorter development
times and minimal need for detailed building-specific knowledge,
however does not explicitly link inputs to physical building parameters,
making it unsuitable for ECM modelling [11,12]. Grey-box modelling is
a hybrid approach, offering greater interpretability than black-box
modelling, but can only account for changes in aggregated input pa-
rameters, restricting its scope of application [11,12]. White-box
modelling is a physics-based approach, describing building character-
istics based on conservation of mass, energy, and momentum, and pro-
vides high accuracy and detailed insights into energy use and
performance predictions [11,12]. However, this approach tends to be
over-parameterised, requiring more data than are typically available,
making it time-consuming and expertise-intensive to develop [11].
Further research is needed to simplify white-box approaches in terms of
data collection and modelling complexity while maintaining accuracy,
ECM modelling capabilities, and recognition of individual building
characteristics. The remainder of this study focuses exclusively on
white-box modelling approaches due to their suitability for ECM eval-
uation and detailed energy performance analysis.

Creating accurate yet simplified white-box BES models requires
balancing accuracy, sensitivity, and modelling complexity. Model ac-
curacy verification occurs through calibration against actual building
energy use and conditions [11]. Previous studies have investigated
spatial modelling simplifications at whole-building, floor, and zone
levels [10,13-15]. While Cheng et al. [13] explored data collection ef-
forts versus model reliability in single zones, limiting whole-building
applicability, Kong et al. [10] analysed whole-building approaches but
overlooked model bias. Zone-typing, which merges thermal zones of
similar activity [15], can accelerate modelling processes but requires
careful implementation to avoid accuracy loss through over-
simplification [16]. Studies have also explore temporal modelling sim-
plifications [17,18], though rarely addressing data sourcing or calibra-
tion purposes. The concept of using simplified models with different
levels of detail (LOD) has gained popularity in Urban Building Energy
Modelling (UBEM) in recent years. This approach helps accelerate the
modelling process at urban scale [19-22]. However, studies typically
analyse either urban-scale LOD or zone-typing exclusively, making it
more challenging to assess individual parameter simplification impacts.
Further research is needed on single-building scale modelling detail
variations and their effects on accuracy and complexity. Sensitivity
analysis (SA) can help evaluate isolated impacts of modelling simplifi-
cations by quantifying how individual input parameter variations affect
simulated outputs [23]. While numerous studies employ SA to examine
model inputs [17,18,24-27], they either focus exclusively on accuracy
or neglect the trade-offs of modelling simplifications [10,13], suggesting
opportunities to leverage SA for reducing complexity and computational
costs. In terms of ECMs and retrofits, identifying optimal building
refurbishment approaches which minimise costs and maximise energy
savings is crucial. Validated BES models can test virtually various
measures and assess savings, costs, and efforts, as demonstrated in
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multiple studies [17,28-32]. However, modelling uncertainty can have
a significant impact on the confidence of ECM saving predictions [33].
Uncertainty analysis in BES has been explored in several studies to
address this challenge [34-37]. However, these studies typically address
either calibration accuracy or uncertainty quantification in isolation.
Limited work has been conducted on systematically connecting cali-
bration accuracy, modelling complexity, and ECM reliability across
different building types and sizes [13]. This integration is crucial for
developing practical guidance on which level of modelling detail is
appropriate for different building characteristics and intervention stra-
tegies. Furthermore, while studies like Sun et al. [37] have applied
multi-criteria optimisation models for retrofit decision-making, they do
not address the practical challenges of modelling resource constraints
and do not explore how framework guidelines might need to vary across
different building typologies. There remains a critical need for a holistic
methodology that balances modelling accuracy with practical imple-
mentation constraints while accounting for building-specific character-
istics [38].

While a number of previous studies have explored aspects of cali-
bration accuracy, modelling complexity, or ECM reliability individually,
no comprehensive framework exists that connects all three dimensions
across different building characteristics. This study presents two key
novel contributions to BES methodology. First, it proposes an integrated
framework that systematically quantifies the relationships between
calibration accuracy, modelling complexity, and ECM reliability across
diverse building characteristics. Second, it introduces a quantitative
scoring system that objectively balances modelling effort against ECM
saving prediction reliability. The methodology is verified using three
case study (CS) buildings of different sizes and types from the University
of Oxford, United Kingdom (UK). The paper first describes the meth-
odology, then presents and critically discusses results to identify pat-
terns across findings and CS buildings, before concluding with key
learnings and future work directions.

2. Methods

This section defines the methods adopted for this study, which
methodological framework is illustrated in Fig. 1. The framework is
structured in two parts. The first investigates how modelling simplifi-
cations affect BES accuracy through a three-level modelling approach
(LOD 3,LOD 2, and LOD 1). This staged approach is adapted from UBEM

1. Modelling simplification
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simplification studies by Johari et al. [19] and Bishop et al. [21]. LOD 3
represents the most comprehensive model in terms of input data quality
and resolution. LOD 2 and LOD 1 represent scenarios with progressively
limited data access or reduced modelling resources.

Fig. 2 summarises the data collection methods and modelling reso-
lutions for each LOD level, adapted from reviews by Mantha et al. [39]
and Coakley et al. [11]. Simplifications for LOD 2 and LOD 1 are
implemented by modifying one parameter at a time (OAT) while veri-
fying calibration accuracy, and a sensitivity analysis is performed to
identify the most influential input parameters on simulated energy
outputs. The validated OAT simplifications are then combined to create
the general LOD 2 and LOD 1 models, with modelling times and
computational efforts quantified for each LOD model.

The second part of the framework examines how modelling simpli-
fications affect ECM reliability. Various ECMs are modelled on each LOD
model to assess their impact on energy use, with results subjected to
uncertainty analysis to examine relationships between modelling accu-
racy, complexity, and ECM reliability. All results are compared across
the three different CS buildings under study.

The following sections detail the calibration methods and input
parameter categorisation (2.1), creation of LOD 3 models and OAT
modifications (2.2), OAT sensitivity analysis (2.3), development of final
LOD 2 and LOD 1 models (2.4), ECM modelling (2.5), ECM uncertainty
analysis (2.6), and case study context (2.7).

2.1. Calibration methods and input parameter categorisation

All simulations run in this study employ a white-box modelling
approach using DesignBuilder, the graphical user interface for Ener-
gyPlus [40,41]. The calibration of the models’ simulated electricity and
gas outputs is validated using the coefficient of variation of root mean
square error (CV(RMSE)) and normalised mean bias error (NMBE)
functions on a monthly basis over the year of 2023. The CV(RMSE) and
NMBE functions can be found in Egs. (1) and (2) [42]. The CV(RMSE)
quantifies how well a model fits real data while the NMBE identifies
overall model bias [11].

Np

> (mi—s)?/N,
CV(RMSE) = - )

m

2. Energy conservation measure modelling

Level of Detail - LOD 2

One at a time
(OAT) parameter
l simplification

Periodic maintenance

Optimisation

Calibration validation

Sensitivity analysis

Modelling complexity versus
model accuracy

Energy saving quantification

Uncertainty analysis

Modelling complexity versus
ECM testing reliability

|

3. Result analysis: cross-building comparison

Fig. 1. Overview of methodological framework.
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Fig. 2. Summary of data collection and levels of modelling detail for each LOD model. The number of green ticks indicates the degree of availability for each data
collection method presented. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

NMBE — i (mi = s)
2?21 (m;)

N, is the number of data points (N, = 12 for a monthly resolution),
m; and s; are the measured and simulated data points respectively, and m
is the average of the measured data points. All BES models in this study
have a calibration considered validated if the CV(RMSE) for both elec-
tricity and gas is below 15 % and NMBE between —5% and 5 %, as
recommended by ASHRAE Guideline 14-2014 [42]. The CV(RMSE) and
NMBE functions only involve comparison of simulated and measured
energy outputs. Another critical aspect of calibration validation is
ensuring the simulated building model’s indoor environmental condi-
tions match with real-life conditions [25]. The models’ indoor temper-
atures are therefore also verified. Finally, for easier comparison analysis,
the Goodness of Fit (GOF) function is also computed for the final LOD 3,
2, and 1 models. The GOF function combines both the variance and bias
of a model, as defined in Eq. (3) [23].

(2)

GOF = g \/ CV(RMSE)* + NMBE? €)

The IEA Energy in Buildings and Communities (EBC) annex 53
identifies six key factors for building energy performance analysis: (1)

climate, (2) building envelope, (3) building services and energy systems,
(4) building operation and maintenance, (5) occupant activities and

IP 1 - Fabric
IP 2 - Occupancy schedule
IP 3 - Occupancy density
IP 4 - Lighting
IP 5 - Domestic hot water (DHW)

IP 6 - Unregulated loads (UL)

Weather

behaviour, and (6) indoor environmental quality [43]. Building on this
framework and previous studies on BES input parameter resolutions
[10,44], 12 main categories of input parameters (IP) are established for
the OAT model simplification process, summarised in Fig. 3. Weather
data is handled separately from the IP categories as no modelling sim-
plifications are applied to this parameter. All BES models use the same
Actual Meteorological Year (AMY) weather file obtained from the
climate data interface Oikolab [45], which provides post-processed
historical weather data from national weather agencies. While using a
Typical Meteorological Year (TMY) weather file from a nearby promi-
nent location could be a potential simplification due to easier access,
TMY files are typically updated infrequently. This raises the risk of
underestimating current-year weather impacts, which can significantly
affect BES modelling accuracy beyond calibration thresholds [46,47].

2.2. LOD 3 model development and OAT modifications
The input data sources and modelling resolution details for creating
the LOD 3 models are summarised in Table 1. The models undergo
manual calibration through an iterative adjustment process in which
energy service contributions are systematically varied based on sub-
meter data. While more time-intensive than automated methods,
manual calibration reduces uncertainty and provides better under-
standing of input-output correlations by maintaining direct control over
IP 7 - HVAC - Setpoints
IP 8 - HVAC — Zone equipment
IP 9 - HVAC — Plant heating
IP 10 - HVAC — Plant cooling
IP 11 - HVAC — Plant ventilation
IP 12 - Geometry
|
v v v
Zones Openings  Shading

Fig. 3. Input parameter categorisation used in this study for BES modelling.
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Table 1

Summary of input parameter sources and modelling information for LOD 3
models, and OAT simplification details for LOD 2 and LOD 1.

Category Input Parameter OAT OAT
Source simplification simplification
LOD 3 LOD 2 LOD 1
IP 1: Fabric U-value Uniform U-values U-values based on
measurements, across the construction
architectural building regulations [49]
drawings, building
documentation
IP 2 and 3: Entrance card data, 9 am -5 pm 9 am -5 pm
Occupancy Wi-Fi data, online Monday - Friday Monday - Friday
schedule room booking for all zones for all zones
system, site audit — except rooms
zone-level hourly which follow
schedules with business-specific
seasonal variation schedules
1P 3: Entrance card data, Simplified based Based on CIBSE
Occupancy Wi-Fi data, CO» on zone types and standard
density sensors, site audit floor areas occupancy

IP 4: Lighting

Lighting drawings

Simplified based

densities [50]
Based on CIBSE

on zone types and  standard lighting
floor areas power densities
[50]

IP 5: Domestic Monthly water bills, Simplified based Based on ASHRAE
Hot Water site audit, datasheets ~ on zone types and  standard hot
(DHW) floor areas water usage [51]

IP 6: Building Simplified based Based on CIBSE
Unregulated documentation, site on zone types and standard UL
loads (UL) audit, online surveys floor areas power densities

[50]
IP 7: HVAC* — Online Building Uniform setpoints Uniform setpoints
Setpoints Management System  except special for all zones
(BMS), indoor air zones
quality monitoring,
discussion with
building users

IP 8: HVAC - Datasheets, site Simplified based Uniform HVAC
Zone audit, building on zone types and  equipment and
equipment documentation, floor areas flow rates for all

discussion with zones
building managers

1P 9, 10, 11: Online BMS, AsLOD 3 Modelled as one
HVAC-Plant  datasheets, site asset of
heating, audit, building equivalent size
cooling, documentation,
ventilation discussion with

building managers

1P 12: Detailed 3D Zone-typing: Merging

Geometry architectural merging neighbouring
Building neighbouring windows.
Information Model zones of similar Simplified
(BIM), architectural activity by groups external

drawings, site audit

of four maximum

geometry. Further
zone-typing.

*HVAC - Heating, ventilation, and air

conditioning

data changes [11]. Based on calibration results, model parameters are
fine-tuned to improve alignment with metered data while preserving
physical realism, ensuring the LOD 3 models accurately represent
building energy performance across all major systems.

The LOD 3 models are progressively simplified by modifying one
parameter at a time in two stages — LOD 2 and LOD 1. The OAT sim-
plifications details for each IP category can be found in Table 1. Some
heating, ventilation, and air conditioning (HVAC) IP categories for LOD
2 remain similar to LOD 3. This limitation stems from previous research
indicating that HVAC plant equipment simplifications should be mini-
mised due to the complex thermal dynamics involved in BES [14,47].
Similarly, geometry simplifications are restricted to zone-typing without
further floor- or building-level zone merging. Raftery et al. [16]
demonstrated that simplifying geometry beyond zone-typing can cause
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significant accuracy issues. Fig. 4 illustrates the zone-typing progression
from LOD 3 to LOD 2 to LOD 1 geometries. This process follows ASHRAE
Standard 90.1 guidelines [48], supplemented by Raftery et al. [16]
recommended criteria: thermal zones may be combined if (a) they share
similar space functions, (b) they have significant inter-zone surface area
compared to the total area of the combined zone, (c) the resulting
combined zone is not excessively large in any dimension, and (d) the
resulting combined zone does not have excessive floor area.

2.3. OAT sensitivity analysis

To better understand the influence of input parameter changes on
simulated energy outputs, an OAT local sensitivity analysis (SA) is
performed for each IP category, using the influence coefficient (IC)
function, defined in Eq. (4) [26].

AOP - OPg

AIP =+ IPg )

- |

AOP and AIP are the changes in output (energy) and input respec-
tively, and OPy and IPp are the initial model outputs and inputs
respectively. Table Al in Appendix A summarises the changes in input
parameters for each IP category, LOD, and CS building.

The absolute sensitivity (S) for each IP and type of energy (electricity
or gas) is taken as the average of the ICs when modifying IPs from LOD 3
to LOD 2 and from LOD 2 to LOD 1. ICs are computed as [LOD 3 — LOD 2
+ LOD 2 — LOD 1] rather than [LOD 3 — LOD 2 + LOD 3 — LOD 1] to
capture the stepwise progression of modelling simplifications. The
resulting absolute sensitivity for each IP is defined in Eq. (5).

s— ICrop3-10p2 + ICrop2-L0D1

3 (5)

2.4. Final LOD 2 and LOD 1 models and calibration verification

Based on each OAT model’s calibration results, the final LOD 2 and
LOD 1 models are created. These combine all validated OAT modifica-
tions for their respective LOD level. Fig. 5 illustrates this combination
process. If an OAT model’s calibration is not validated for a specific LOD,
the input parameter from the previous LOD is retained in the final
combined model. The calibration accuracy of the resulting LOD 2 and
LOD 1 models is verified, along with simulated indoor zone tempera-
tures to ensure proper HVAC system simulated operation. Additionally,
modelling time, data collection time, simulation execution time, and
memory usage are quantified for each LOD model.

2.5. ECM models and energy saving quantification

A set of 15 different ECMs are modelled on each final LOD model.
These ECMs are organised into five categories: periodic maintenance,
optimisation, light retrofit, deep retrofit, and renewables. The latter four
categories are derived from commercial and office building retrofit
recommendation guidelines provided by the UK Green Building Council
(UKGBC) [49,50]. Periodic maintenance involves regularly inspecting
building operating systems to identify or prevent potential equipment or
controls failures that could lead to increased energy usage. Optimisation
is an iterative process of adjusting controls, setpoints, or operating
schedules to maximise energy efficiency. Light retrofit measures involve
basic modification or replacement of existing building elements. Deep
retrofit measures represent significant works that fundamentally change
elements of a building’s structure and/or services. Finally, renewable
measures involve the installation of renewable energy systems. Table 2
provides the complete list of modelled ECMs. The total annual absolute
and relative energy savings of each ECM model are quantified using the
formulae in Egs. (6) and (7) respectively.

AbSASav.ECMij = Energy;op, — EnergyECMwDJ (6)
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Zone type Zone Zone Zone Zone
B¢ Zone type la type 1b type 1b | type 1c | type Ic | Zone type 2a
LOD3 7 Corridor
ong ctype Zone Zone Zone Zone Zone tvoe 2a
type 3b | type 3b type 3a type 2b SRslyRS
Zone type la Zone type 1b Zone type lc
LOD 2 Zon; ctype Corridor Zone type 2a
Zone Zone
Zone type 3b e 3 el
Zone type 1
LOD 1 Zone type 3 Corridor Zone type 2
Fig. 4. Geometry simplification process through zone-typing.
IP1 - Fabric ®e ¢ o IPi(i=12,...,12) e o @ IP 12 - Geometry
!
OAT — LOD j modification | j=2,1
v
YES NO
Is calibration validated?
IP1
- ®
@AT'— LQD] — IP; OAT - L@Dﬁ%
modification . modification
1P 12

Fig. 5. OAT combination process to create final LOD 2 and LOD 1 models.

Abs.Sav.gemyp,
oy

EnergyLODj

)

Rel.SaV.ECMLOD]_ =
Energy can refer to electricity, gas or total energy, andj = 3,2,1.

2.6. ECM results uncertainty and reliability

An uncertainty analysis is conducted on the resulting energy savings
for each ECM model, derived from the inherent uncertainty in the LOD
models as reflected by the CV(RMSE) and NMBE functions. This analysis
is adapted from ASHRAE Guideline 14 uncertainty assessment meth-
odology [42] and helps better understand the reliability of ECM
modelled saving predictions based on modelling detail level, building
size, and building type. The first component of model uncertainty is
random uncertainty, which reflects the difference between model pre-
dictions and actual measurements and is directly associated with the CV
(RMSE) function. Random uncertainty is computed as shown in Eq. (8).

It is scaled by a factor of v/2 due to the combination of both the inherent

uncertainty in the initial LOD; model and the uncertainty of the ECMjop,
model. The second component of model uncertainty is the systematic
uncertainty, which reflects the bias in the model and is directly
computed as the absolute value of the NMBE error, as shown in Eq. (9).
The total uncertainty is the combination of the random and systematic
uncertainties, as shown in Eq. (10).

Uion, (R) = V2*CV(RMSE) o, 8
ULODj (S) = |NMBE|LODj (9)
Utop, = \/ULODj (R)2 + ULon, (5)2 (10)

The confidence in predicted ECM results is accounted for through the
t-statistic, which is a measure of the probability that an ECM saving
result is statistically valid, assuming a confidence level of 95 % [42]. The
t-statistic is computed as shown in Eq. (11).
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Table 2
Summary of modelled ECMs.
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ECM

Description

Periodic Maintenance

Systems and/or control
maintenance

Optimisation

Off-site cloud computing

Overnight power use

HVAC setpoints and setbacks
HVAC schedules

Light retrofit

HVAC pump motor replacement
Low energy lighting

Deep retrofit

Building airtightness
Window replacement

Roof insulation

Wall insulation

Floor insulation

ASHP* for DHW

Heat decarbonisation
Renewables

Rooftop Photovoltaic (PV)

Equipment or control adjustments — identified via site audits and discussion with facilities managers

Remove local servers and outsource to cloud computing for more energy efficient operations [49]

Automatic equipment shutdown when not in use (e.g. wake-on-LAN systems [51]. Assumed to reduce overnight UL equipment use by 30 %
[52]

Decrease heating setpoint to 19 °C

Heating running from 20 Oct to 01 May from 7 am to 7 pm

Increase heating pumps motors efficiency by 10 %
Replace all lights with light-emitting diode (LED) (2.5 W/m?)

Reduce air infiltration rate by 30 %

Triple glazing: 4/12/4/12/4 mm with argon

Reduce U-value by an absolute 0.15 W/m?K

Reduce U-value by an absolute 0.1 W/m?K

Reduce U-value by an absolute 0.08 W/m?K

Replace DHW electric or gas boiler with ASHP of equivalent size (COP** of 3.5, hot water flow and return of 60 °C/40 °C)
Replace gas boilers with ASHPs of equivalent size (COP of 3.5, hot water flow and return of 60 °C/40 °C)

Install 150 W/m?-available roof area. The total PV area installed is proportional to building’s total floor area for consistent comparison

*ASHP — Air source heat pump
**COP - Coefficient of performance

1+4CL 1+0.
tfstat:t’l( J’ZC ,[nfp]> =t (%,11) =2.201 11)

n is the number of simulated data points (n = 12 since simulations
are run monthly) and p is the number of parameters, taken as 1 for
calibrated simulations [42].

Combining Egs. (6), (10) and (11), the relative and absolute un-
certainties associated to a modelled ECM saving (electricity or gas) for a
specific LOD can be derived as defined in Egs. (12) and (13).

Rel. ULop, = t — stat*Uyop, 12)

Abs. UECMLOD]- = Rel ULODj *Abs.Sav.ECMij (13)

Finally, a scoring system is developed to assess the balance between
ECM saving results reliability and modelling complexity. The scoring
relies on two main components: total modelling time and reliability of
the modelled ECM results. This system allows for different scoring
weights depending on whether accuracy or time is prioritised. The final
score associated with a specific modelled ECM is derived using Eq. (14),
with scores ranging from 0 to 100.

- . . .
ScoreEcM,IDDj = [TlmeScoreij WT+RellabllltyScoreECMij Wr a4)

wr and wy are the weights to assign priorities on modelling time or
model reliability (wy + wg = 1). These are chosen to be 30 % and 70 %
respectively for the purpose of this exercise. They can however be
modified according to the BES user’s priorities.

The time score reflects the total amount of time spent on collecting
input data, creating the model, and running the simulation. It is
computed as shown in Eq. (15).

max <log(time)me )*1 -3 — log(time) oy,

TimeScorerop, =
" max (log(time)LODl_zs ) *1.3 — min (log(ﬁme)LODl_z_:) ) 0.7

time is the total time for data collection, modelling, and simulation

*100

execution. The time is normalised based on the maximum and minimum
modelling times across LODs, with the maximum and minimum interval
window extended by +/- 30 % so that a model with the lowest modelling
time does not necessarily get 100 % as modelling times can be subjective
and vary across BES users and computer used.

The reliability score is computed as shown in Eq. (16). It is an
average of the score associated to the model’s uncertainty and the de-
viation of ECM modelling results from the most ‘accurate’ model, LOD 3.

UncertaimyScoremDJ -+ DeviationScoregcy,
T %
2

100
(16

ReliabilityScoreye,, =~ =
J

The uncertainty score is taken as the average of the uncertainty
scores for electricity and gas outputs. It reflects the overall uncertainty
associated to a selected LOD and is computed as shown in Eq. (17), using
Eq. (12). The higher the relative uncertainty for a specific model, the
lower the uncertainty score.

1~ Rel.Uson, ) + (1 ~ Rel.Usop, as)

3 a7

UncertaintyScoreij =

The deviation score reflects the deviation of a specific ECM model
electricity and gas saving result compared to its LOD 3 equivalent which
is considered to be the most reliable ECM result. The deviation score for
any ECM tested on a LOD 3 model is therefore 1. The deviation score for
LOD 2 or LOD 1 is then computed as shown in Eq. (18), using Egs. (19),
(20) and (21).

DeviationScoregcy, + DeviationScoregcy, .
LOD; e LOD;_gqs
2

DeviationScoregcy,,, =
7

(18)

(15)

where:
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Fig. 7. DesignBuilder LOD 3 models of the three CS buildings: AWB, PHARM, and HH (left to right).
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The deviation score is higher if the difference in modelled savings
(ASav.;op. ) falls within the wuncertainty range of LOD 3

)j—energy

(U‘RangeLODsfenergy ) :

2.7. Case study context

The methodology for this study is tested on three CS buildings within
the University of Oxford’s estate. These buildings significantly differ in
size, age, and type, enabling verification of the methodological frame-
work across varying building characteristics and identification of pat-
terns in the findings. Real-life buildings are essential for this validation
process, as they provide actual energy data against which calibration
accuracy can be verified. The CS buildings are shown in Fig. 6, their
DesignBuilder LOD 3 models in Fig. 7, with general information sum-
marised in Table 3.

The first CS building is the Andrew Wiles Building (AWB), the Uni-
versity’s Mathematical Institute. Detailed information on this building
appears in a previous study examining BES benefits for energy perfor-
mance gap identification [53]. Despite its large size, AWB features
repeating geometry patterns in zone construction. Over 300 zones are
offices with similar lighting, HVAC, and unregulated load (UL) equip-
ment. Occupancy modelling is more complex, with varying schedules
between office and teaching spaces. The second CS building is the
Department of Pharmacology (PHARM). More details on this building
are available in a previous study on modelling simplifications and BES
calibration accuracy [47]. Though not the largest in size, PHARM re-
quires the most time for data collection and modelling. The building
exhibits significant variations in lighting, UL, and HVAC equipment
types across zones, along with diverse operating schedules, necessitating
careful zone-by-zone modelling to represent actual building conditions.
The third CS building is Holywell House (HH), a small office building.
Additional information on the building appears in a previous study on
post-occupancy evaluation and intervention (POEI) protocols for energy
performance assessment [54]. HH is the least complex CS building to
model, with fewer than 40 zones. All metered energy data for all three

CS buildings are obtained via the University’s estates services online
energy dashboard.

3. Results

This section presents findings from testing the proposed methodo-
logical framework on the three CS buildings. First, modelling simplifi-
cation results are presented, including calibration accuracy of the LOD 3
models (3.1), sensitivity analysis and calibration verification of OAT
models (3.2-3.3), and validation of the final LOD 2 and 1 models (3.4).
Section 3.5 then explores the key relationships between modelling
complexity and accuracy. Finally, Sections 3.6 and 3.7 analyse ECM
modelling outcomes, quantifying energy saving potentials and evalu-
ating ECM reliability across the different LOD models through uncer-
tainty analysis.

3.1. LOD 3 models calibration

The 2023 metered and simulated energy consumption across all CS
buildings, along with their corresponding CV(RMSE) and NMBE values
are summarised in Fig. 8. All models achieve CV(RMSE) values below
15 % and NMBE values within + 5 %, meeting ASHRAE Guideline 14
calibration criteria. CV(RMSE) and NMBE values are generally higher
for gas than electricity, suggesting thermal dynamics may be more
difficult to model accurately. The highest CV(RMSE) appears in HH’s
simulated gas demand. As the smallest CS building, HH highlights po-
tential challenges in modelling smaller facilities where individual zones
and systems may have proportionally larger impacts on overall perfor-
mance, leaving less room for error.

3.2. OAT modifications calibration verification

The resulting CV(RMSE)s and NMBEs are computed for each OAT
model, with 72 models run in total. Most OAT models pass the ASHRAE
calibration thresholds, with a few exceptions.

For AWB, models failing calibration are IP 1 (Fabric), IP 3 (Occu-
pancy Density), and IP 6 (UL) at the simplest level, LOD 1. As a modern
building with complex architecture and large window-to-wall ratio,
AWB’s accuracy may be affected by generic U-values. IP 3 - LOD 1 and
IP 6 — LOD 1 use generic CIBSE figures for occupancy and UL peak power
densities. Since AWB is primarily occupancy-driven, accurately repre-
senting these parameters may be crucial for validated calibration. For
these three OAT models, the LOD 2 equivalents are retained in the final
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Table 3

Overview of the three CS buildings: characteristics, energy performance, and

input data information.

AWB PHARM HH
Characteristics
Construction date 2013 1989 1960s —
refurbished in
2022
Main use Teaching and Laboratory and Office
office office
Useful floor area 21,090 6,436 1,124
(m?
Total number of 443 329 37
modelled zones
Space heating Three ground Three gas- Two gas-
source heat condensing condensing
pumps (GSHP) boilers and one boilers

Space cooling

Space ventilation

UL overnight use

Energy performance

Energy usage
driver

Display Energy
Certificate (DEC)
or Energy
Performance
Certificate (EPC)
score

2023 electricity
consumption

2023 gas
consumption

BMS
functionalities

Identified control
or equipment
failures

Building input data

Building data
resolution and
availability

Electricity data
resolution

Gas data resolution

Energy data
disaggregation
level

Metered energy
services

backed up by four
gas-condensing
boilers

None except air
conditioning (AC)
units in served
rooms

Three air
handling units
(AHU) serving
variable air
volume (VAV)
boxes

Computers are
equipped with
wake-on-LAN
systems

Occupancy-
driven
C

52.9 kWh/m?
8.4 kWh/m?
Elaborate

Photocell sensors,
VAV boxes, and
shading panels

High

Hourly

Monthly
High

Lighting, UL, IT
equipment,
ventilation,
cooling, electric
heating, total gas,
total electricity

combined heat
and power (CHP)
generator

AC units at
different setpoints
(in laboratories
and offices)

One AHU serving
11 close-control
spaces with
monitored
temperature and
relative humidity
Estimated 30 % of
overnight UL use
which can be
mitigated,
excluding 24/7
UL equipment

Process-driven

170.5 kWh/m?
252.7 kWh/m?
Basic

Hot water loops
operating at
higher
temperatures —
recorded average
temperatures of
20 °C during
winter

Moderate

Hourly

Monthly
Moderate

CHP production,
heating controls,
ventilation,
general power,
total gas, total
electricity

AC units in some
of the offices

One AHU serving
two meeting
rooms

Occupancy-
driven
B

47.5 kWh/m?
59.5 kWh/m?
No BMS

Oversizing of
boilers —recorded
average
temperatures of
21 °C during
winter

Hourly

Hourly
Low

Standby load,
total gas, total
electricity
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LOD 1 model. All of PHARM’s OAT models pass calibration. Modelling
simplifications for this CS building were explored as part of a previous
study, which highlighted that process-driven buildings like PHARM can
be more robust to schedule-related simplifications compared to
occupancy-driven buildings [47]. However, these types of buildings
tend to feature complex HVAC systems with limited simplification po-
tential. Based on previous findings, no further plant HVAC simplifica-
tions are made to ensure successful calibration. For HH, models failing
validation are IP 1 (Fabric) at both LOD 2 and LOD 1. As the smallest
building, HH has minimal margin for error when simplifying parame-
ters. Its relatively small envelope indicates the importance of accurate U-
value knowledge, which cannot be averaged (LOD 2) or based on reg-
ulatory standards (LOD 1). The over-simplified occupancy schedule (IP 2
— LOD 1) also fails calibration. Like AWB, HH is occupancy-driven and
may require more accurate occupancy modelling. Finally, the IP 11 —
LOD 1 model assumes no AHU modelling since it represents a minor part
of the HVAC system serving only two zones. However, this causes a non-
negligible reduction in simulated electricity consumption, invalidating
the IP 11 — LOD 1 model.

3.3. OAT sensitivity analysis

The absolute sensitivity results for simulated electricity and gas
outputs of the OAT models are shown in Fig. 9. An IP category may show
high sensitivity yet still pass calibration, as sensitivity merely indicates
how parameter changes affect simulated energy outputs.

AWB’s electricity consumption is highly sensitive to IP 2, IP 4, and IP
6, reflecting the significant impact of occupancy, lighting, and UL in this
occupancy-driven building. While AWB also shows high gas consump-
tion sensitivities, its gas consumption per unit area is minimal since it
primarily uses electric heating. Consequently, changes to building fab-
ric, occupancy schedules, UL, or HVAC equipment may have amplified
effects on relative gas usage. PHARM shows high electricity sensitivity
for IP 6, likely due to diverse equipment operating schedules, but
generally displays the lowest overall sensitivities among the three CS
buildings. This suggests process-driven buildings may be more robust to
changes, particularly those involving less predictable factors like occu-
pancy. HH exhibits high sensitivities across numerous IPs for both
electricity and gas, likely due to its compact size making outputs more
responsive to minor changes. Its electricity consumption is particularly
sensitive to IP 2, IP 4, and IP 8, suggesting strong dependence on
occupant activity and individual HVAC zone equipment. For gas con-
sumption, HH shows notably high sensitivity to IP 1, highlighting po-
tential limited tolerance for fabric modifications in smaller buildings.
The sensitivity analysis reveals that IP sensitivity to simulated energy
outputs appears largely influenced by building size and usage patterns,
emphasising the importance of considering individual building charac-
teristics when developing modelling simplification strategies.

3.4. Final LOD 2 and LOD 1 models calibration verification

The CV(RMSE) and NMBE values across the three LODs are presented
in Fig. 10. CV(RMSE) values increase as LOD decreases, indicating
reduced accuracy with simpler models. The CV(RMSE) increase tends to
be more pronounced between LOD 3 and LOD 2 than between LOD 2 and
LOD 1, suggesting a non-linear relationship in modelling complexity
across the three LOD stages. HH consistently shows the highest CV
(RMSE) values, further highlighting the challenges in calibrating models
for smaller facilities. Interestingly, NMBE values demonstrate varying
trends, suggesting that model bias is not directly related to simplifica-
tion level. Despite these variations, all models across all LODs success-
fully meet the ASHRAE Guideline 14 calibration thresholds.

Fig. 11 shows the average daily indoor temperatures for various
space types across all three CS buildings and LODs providing validation
of HVAC system simulation accuracy. When compared against a sug-
gested thermal comfort temperature range, all LOD models maintain
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Fig. 8. Monthly metered and simulated electricity and gas consumption and resulting CV(RMSE) and NMBE for each LOD 3 model.
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Fig. 9. Absolute sensitivities of each OAT model on simulated electricity and gas consumption.

temperatures within acceptable limits, with one exception: AWB’s LOD
2 common areas during summer, due to the absence of cooling systems
in the building.

3.5. Balancing accuracy and modelling complexity

The modelling, data collection, and simulation execution times
alongside memory usage for each LOD model are summarised in Fig. 12.
While increasing levels of simplification tends to lead to decreased
modelling and simulation times and reduced memory usage, these re-
ductions are not uniform across CS buildings and LODs. The efficiency
gains from simplification vary based on individual building
characteristics.

Fig. 13 plots the GOF for each LOD against the total modelling and
simulation times on a logarithmic scale. On average, increasing time
invested in modelling and simulation generally leads to decreased GOFs
and thus improved accuracy. However, this trend shows diminishing
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returns, particularly for electricity consumption. Furthermore, while
electricity data points closely align with their predicted trend, gas con-
sumption shows more scattered distribution, highlighting the greater
uncertainty in simulating gas outputs compared to electricity.

Fig. 14 plots the average GOF and total simulation and modelling
time versus floor area for each LOD and CS building. Larger buildings
tend to achieve lower GOFs, suggesting better predictive accuracy due to
aggregation effects. However, this relationship is not linear, as demon-
strated by PHARM, which despite being smaller than AWB, achieves
lower average GOFs for LOD 2 and 3. Similar to the relationship between
accuracy and modelling time, the correlation between accuracy and
building size shows diminishing returns, particularly for LOD 3 and 2.
This suggests that accuracy may not necessarily increase with floor area,
likely due to variations in building usage patterns. It is also interesting to
observe that the difference between HH LOD 2 and LOD 1 GOFs is
relatively small compared to the much larger gap between LOD 3 and
LOD 2. This may suggest that smaller buildings experience a significant
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Fig. 14. Average GOF (left) and total modelling and simulation time (right) versus building floor area for each LOD model.

accuracy loss even with moderate modelling simplifications. On the
other hand, PHARM shows the opposite pattern, with minimal differ-
ence between LOD 3 and LOD 2 GOFs but a larger gap between LOD 2
and 1, demonstrating its potential resilience to moderate modelling
simplifications. AWB exhibits a more uniform distribution of GOF dif-
ferences across all three LODs. Finally, while larger buildings tend to
require more modelling and simulation time, this relationship is not
linear either. For example, PHARM, which despite being smaller than
AWB, required more modelling and simulation time, due to its complex
HVAC systems and laboratory operations, in contrast to AWB’s more
repetitive zone structure and equipment configurations.

3.6. ECM model saving results and associated uncertainty

The total annual relative energy savings for each modelled ECM are
presented in Table B1 in Appendix B. Fig. 15 plots absolute energy
savings for ECMs yielding annual savings above 1 %, with associated
absolute uncertainties. Gas savings from the heat decarbonisation ECM
are plotted separately due to their significantly larger magnitude.

AWB’s energy services are primarily control-based, with results
suggesting benefits from more regular periodic maintenance. With
electricity use largely driven by IT equipment, significant energy savings
come from shifting to off-site cloud computing. Window replacement
significantly reduces gas usage, likely due to the building’s large
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window-to-wall ratio. Overall, AWB shows limited savings, reflecting its
more modern, control-based operations compared to PHARM and HH.
PHARM benefits mainly from HVAC- and fabric-related ECMs, reflecting
its older construction. Due to malfunctioning BMS controls, heat
decarbonisation would not only eliminate gas consumption but also
significantly reduce electricity use. HH benefits from diverse ECMs
including lighting, off-site computing, HVAC, and fabric improvements.
Building age appears to significantly impact ECM effectiveness, with
older buildings like HH and PHARM showing greater saving potentials
across diverse categories.

Uncertainty ranges for ECM savings increase as LOD decreases,
indicating lower result fidelity in simpler models. Despite increased
uncertainty, the relative ranking of ECM effectiveness remains fairly
consistent across LODs, particularly for deep retrofit and renewable
measures, likely because these wholesale system changes are less sen-
sitive to precise modelling of existing systems. However, some outliers
remain. For HVAC- and fabric-related measures, LOD 2 and LOD 1
saving results tend to exceed LOD 3 results. As models simplify, thermal
zone aggregation through zone-typing may mask localised variations in
zone-level HVAC and fabric definition, suggesting higher predicted
savings due to reduced spatial resolution. These discrepancies require
careful consideration when selecting appropriate LOD models for ECM
analysis. Additionally, larger absolute savings correlate with larger un-
certainties; this balance between model accuracy and ECM reliability is
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Fig. 16. Box plot of total normalised savings per floor area for each CS building (left) and average ECM normalised savings across all LOD models (right).
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Fig. 17. Total score per ECM and LOD for each CS building (wr = 30%,wg = 70%).

further explored in Section 3.7.

Fig. 16 shows the box plots of total saving potentials for each CS
building and LOD, and energy saving potentials per ECM averaged
across all models. Savings are normalised by floor area. HH demon-
strates the highest energy saving potential but also the greatest vari-
ability per floor area, suggesting higher sensitivity to interventions,
likely due to its small size and occupancy-driven nature. AWB shows
similar patterns. PHARM’s tight interquartile range indicates more
predictable and robust ECM saving results across LODs, again high-
lighting the resilience of process-driven buildings to modelling simpli-
fications. However, PHARM shows the lowest normalised saving
potentials per floor area, suggesting its energy use depends heavily on
hard-to-reduce equipment demands given the building’s lab-based na-
ture. In terms of average energy savings per ECM, heat decarbonisation
demonstrates the highest saving potential per unit area. HVAC controls,
window retrofitting, and off-site cloud computing also yield significant
normalised savings, though with greater variability in predicted results.
The remaining measures show more modest saving potential but with
smaller variability ranges, indicating more certain predicted outcomes.
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3.7. Balancing accuracy, modelling complexity, and ECM modelling
reliability

The total scores per ECM, LOD, and CS building, derived from the
scoring methodology presented in Section 2.6, are presented in Fig. 17.
The ECMs with an orange background are the ones for which LOD 3 has
the highest score compared to LOD 2 and 1. Similarly, the ECMs with a
yellow and green background have LOD 2 and LOD 1 ranked the highest,
respectively. PHARM and AWB benefit from the most modelling sim-
plifications all the while maintaining ECM results fidelity for most ECMs
except fabric measures for AWB and HVAC measures for PHARM. HH
seems to be more limited in the extent to which its model can be
simplified while maintaining ECM modelling reliability. Most ECMs
have the highest score for LOD 3, in particular HVAC- and fabric-related
measures, similar to AWB and PHARM. Across all buildings, deep
retrofit and renewables measures consistently score the highest for LOD
1, demonstrating great opportunity to leverage the use simplified BES
models to virtually test major large-scale interventions.
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4. Discussion

This study addresses the key relationships between building char-
acteristics, modelling complexity, and ECM reliability through a
detailed investigation of three diverse CS buildings. While the limited
sample size necessitates caution when generalising findings, the analysis
reveals valuable patterns suggesting BES processes may be simplified
while maintaining accuracy and confidence for ECM modelling. How-
ever, it also indicates that simplifications and modelling approaches
need to be carefully tailored based on building size, type and intended
analysis purpose. The following sections propose preliminary guidelines
based on observations from the three CS buildings, recognising that
further validation across a broader building sample would strengthen
these insights.

4.1. Building size and modelling complexity

The results highlight a non-linear relationship between building size
and the accuracy of difference levels of modelling detail. Smaller
buildings (< 2,000 m?) tend to require higher modelling details to
maintain accuracy, as highlighted by their higher resulting GOFs across
all LODs (e.g. HH). This increased sensitivity to simplifications may be
attributed to the proportionally larger impact of individual zones and
building systems on overall energy use. In comparison, larger buildings
benefit from averaging effects allowing for greater simplification
without compromising accuracy. This is particularly evident for AWB
(21,090 m?), where zone-typing and greater systems aggregation
maintained acceptable calibration accuracy. However, this relationship
shows diminishing returns, suggesting an optimal range for simplifica-
tion strategies.

4.2. Building type and modelling complexity

Simplification strategies are not only guided by building size but also
by building type. Occupancy-driven buildings such as AWB and HH,
although very different in size, both show larger sensitivities to
schedule-related simplifications, suggesting the need for higher model
detailing of occupancy patterns, internal gains, and occupancy-
dependent systems. This heightened sensitivity affects the variability
of ECM effectiveness to a larger extent. In contrast, process-driven
buildings such as PHARM maintain better accuracy with schedule-
related simplifications and show an overall more consistent ECM per-
formance across all LODs. However, these buildings may require a
higher level of modelling detail of specialised systems. These findings
suggest that building type may be as important a factor as building size
when determining appropriate simplification strategies.

4.3. ECM modelling reliability

The analysis of ECM modelling reliability reveals a relationship be-
tween simplification potential and the type of intervention under study.
Deep retrofit and renewables measures are reliably tested on LOD 1
models and show consistent results across all LODs, suggesting a more
robust savings predictions even with increased modelling uncertainty.
On the other hand, control- and schedule-based ECMs tend to require
higher modelling fidelity, especially for smaller buildings. Finally, fab-
ric- and HVAC-related improvements demand detailed modelling
regardless of building size or type, with a significant variation in ECM
savings results across LODs, highlighting the significance of thermal
dynamics for BES accuracy and utility. These findings provide valuable
guidance for BES users in selecting appropriate modelling strategies
based on the purpose of the BES.

4.4. Practical implications for BES implementation

Overall, this study shows that modelling simplifications should be
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based both on building characteristics and analysis objectives. The
confidence of predicted ECM results can be assessed with uncertainty
management, which is directly derived from the BES model predictive
accuracy. Uncertainty results can inform decision-making processes
when developing net-zero building strategies. By proposing a novel
scoring system balancing modelling time and ECM reliability, this study
also highlights the importance of maintaining detailed modelling for
certain specification applications while enabling greater modelling
simplifications for initial assessments and major or large-scale
interventions.

5. Conclusion

This study aims to advance understanding of Building Energy
Simulation (BES) processes for wider adoption and improved energy
conservation measure (ECM) effectiveness for policy development. It
investigates the balances between modelling complexity and accuracy,
and the impact of modelling simplifications on ECM reliability. A
modelling simplification methodological framework is developed and is
aimed to be applicable across various building types, ages, and sizes.
Three different levels of modelling detail (LODs) are developed and
derived by simplifying one building input parameter at a time in two
stages and evaluating the impact on calibration accuracy using the CV
(RMSE) and NMBE metrics. A sensitivity analysis is performed to un-
derstand the influence of simplifications on simulated energy outputs.
Time and modelling effort are also investigated to identify the trade-offs
between modelling time and accuracy. Various ECMs are modelled on
each LOD model and simulated savings and uncertainty associated to
ECM results are quantified, to assess the reliability of predictive ECM
savings across the different LODs. Finally, a scoring system is developed
to guide BES users in identifying the adequate balance between
modelling time and effort, and ECM reliability. The methodological
framework is verified against three case study (CS) buildings from the
University of Oxford.

This study highlights that simplification strategies should be tailored
to both building characteristics and analysis objectives. Smaller build-
ings may require higher fidelity models while larger buildings allow for
more extensive simplifications. Additionally, contrary to occupancy-
driven buildings, process-driven buildings tend to allow for greater
occupancy-based simplifications. The methodology also demonstrates
that deep-retrofit and renewable measures can be reliably tested with
simplified models, while control, HVAC, and fabric ECMs may require
more detailed modelling due to the intricate thermal dynamics involved
in buildings energy use. By providing a systematic framework and
quantitative scoring metrics that balance modelling effort against reli-
ability, this study offers practical guidelines for implementing simplified
BES approaches that maintain confidence in results while reducing
resource requirements.

There are key areas for future research which emerge from this study.
First, expanding the proposed methodology to a larger and more diverse
building sample would strengthen the generalisability of the presented
findings. Automated simplification protocols for different building ar-
chetypes could then be developed using machine learning to optimise
simplification processes. Identified strategies could also be compared
across different climate zones. Additionally, ECM effectiveness and
reliability could be investigated under different future climate scenarios
to ensure the resilience of simplified models against changing condi-
tions. Finally, key findings from this study can be put into the further
development of practical tools and guidelines, including its integration
with building performance standards to ensure current methodologies
involved in the Energy Performance Certificate (EPC) assessment pro-
cess for example account for the particularities of different building
characteristics.
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Input parameters and values for each IP category, CS building and LOD — data used to compute ICs.

AWB PHARM HH

LOD 3 2 1 3 2 1 3 2 1

IP category

IP 1: Fabric

IP 2: Occupancy schedule
IP 3: Occupancy density
IP 4: Lighting

Description

Area-weighted envelope U-value (W/m?K)
Average occupied hours (hours/week)
Average occupancy density (people/m?)
Average lighting power density (W/m?)

IP 5: DHW Number of DHW loops
Average daily litres per area (L/day/m?)
IP 6: UL Average peak power density (W/m?)

IP 7: HVAC — Setpoints
(m?

Average radiator capacity (W/m?heated area)
Average AC capacity (W/m?-cooled area)

IP 8: HVAC - Zone equipment

Total zone area with special indoor thermal conditioning

2.96 2.90 0.80 0.98 0.89 0.80  0.99 1.10 2.18
25.4 26.7 29.5 31.7 38.0 45.0 235 36.9 45.0
0.10 0.07 0.20 0.12 0.11 0.13  0.13 0.07 0.10
8.1 8.9 7.5 14.0 9.5 10.0 6.2 4.3 7.0
5 1 1 2 2 2 1 1 1
0.02 0.02 0.20 4.00 5.00 210 0.26 0.26 0.20
18.0 16.0 25.0 56.0 51.4 55.0 13.5 11.3 20.0
6,310 6,310 O 168.4  86.0 67.2 0 0 0

82.7 51.0 47.4 95.3 113.2 997 170.0 1057 85.6
N/A N/A N/A 2059 1361 76.1 65.0 63.4 88.5

Average ventilation air flow rate (m®/s/m>ventilated area) 0.002 0.003 0.005 N/A N/A N/A N/A N/A N/A

IP 9: HVAC - Plant heating
GSHP)
IP 10: HVAC - Plant cooling
IP 11: HVAC - Plant
ventilation

Number of modelled plant ventilation assets (AHUs)

area)

IP 12: Geometry Total number of modelled zones

Appendix B. . Relative energy savings for each ECM model

Number of modelled plant heating assets (boiler, CHP,
Number of modelled plant cooling assets (chillers, GSHP)

Total plant ventilation air flow rate (m>/s/m?-ventilated

7 7 2 4 4 4 2 2 1
3 3 1 1 1 1 0 0 0
3 3 1 1 1 1 1 1 0

N/A N/A N/A N/A N/A N/A  0.005 0.005 0.000

443 197 78 329 151 87 37 21 11
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Table B1
Total relative energy savings for each ECM modelled on each LOD.
AWB PHARM HH
LOD 3 2 1 3 2 1 3 2 1
Energy Conservation Measure
Periodic maintenance 13.6 % 123 % 5.6 % 1.6 % 1.0 % 1.0 % 4.0 % 7.6 % 0.3%
Off-site cloud computing 13.0 % 12.2 % N/A 1.9% 1.6 % N/A 14.0 % 11.7 % N/A
Overnight power use N/A N/A N/A 0.5 % 0.4 % N/A 0.8 % 0.5 % N/A
HVAC setpoints and setbacks N/A N/A N/A 2.0 % 1.6 % 2.6 % 21.4 % 25.1 % 20.2 %
HVAC schedules 0.0 % 0.0 % 0.8 % 1.9% 1.8 % 25.0 % 14.4 % 16.3 % 19.6 %
HVAC pump motor replacement 0.0 % 0.0 % 0.1 % 0.1 % 0.0 % 0.0 % 1.8% —-0.5% 0.6 %
Low energy lighting N/A N/A N/A N/A N/A N/A 0.9 % 0.7 % 3.6 %
Building airtightness N/A N/A N/A 3.1% 3.2% 3.7% 6.9 % 5.3% 5.4 %
Window replacement 1.5% 2.0 % 3.2% 1.1% 0.4 % 1.9% 13.7 % 19.4 % 22.8 %
Roof insulation 0.0 % 0.0 % 0.1 % 0.4 % 0.4 % 0.6 % 4.2% 1.9 % 2.3 %
Wall insulation 3.5 % -0.7 % 0.0 % 0.5 % 0.5 % 0.7 % 5.6 % 2.3% 3.4 %
Floor insulation —-0.3% 0.1 % 0.0 % 0.1 % 0.0 % 0.1 % 3.4% 1.4 % 21 %
ASHP for DHW 1.3% 0.4 % 0.3 % 2.7 % 10.7 % 1.4% 4.3 % 1.5% 2.3%
Heat decarbonisation 10.3 % 9.8 % 8.4 % 63.5 % 63.2 % 68.0 % 59.4 % 57.2 % 57.4 %
Rooftop PV 5.5% 5.3% 5.3% 1.2% 1.1 % 1.2% 6.0 % 5.9 % 5.6 %
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