
01 October 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

A scalable, automatic, and evolutionary algorithm for calibrating urban building energy models / Piro, M., Kämpf, J.H.,
Ballarini, I., Corrado, V.. - In: SUSTAINABLE CITIES AND SOCIETY. - ISSN 2210-6707. - ELETTRONICO. - 144:(2026),
pp. 1-19. [10.1016/j.scs.2026.107428]

Original

A scalable, automatic, and evolutionary algorithm for calibrating urban building energy models

Publisher:

Published
DOI:10.1016/j.scs.2026.107428

Terms of use:

Publisher copyright

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/3010708 since: 2026-07-06T13:03:05Z

Elsevier



A scalable, automatic, and evolutionary algorithm for calibrating urban 
building energy models
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A B S T R A C T

The national building renovation plan, which has been established under the newly approved Energy Perfor
mance of Buildings Directive (EU 2024/1275), can be effectively supported by combining Urban Building Energy 
Modelling (UBEM) with building archetyping. However, due to inaccessible, unavailable, and inaccurate city- 
wide building energy consumption data—and the high computational cost of iteratively running large-scale 
energy models—most UBEM applications remain unvalidated and uncalibrated.

This work presents a novel methodology aimed at improving the credibility, transparency, and reliability of 
national building renovation plans. Specifically, it introduces an automatic calibration procedure for archetype- 
based UBEMs, using a scalable optimisation algorithm CMA-ES/HDE, which combines the Covariance Matrix 
Adaptation Evolution Strategy with Hybrid Differential Evolution techniques. Depending on the spatial resolu
tion of the available energy consumption data, the procedure was applied both at the single-building and 
aggregated multi-building scales within the CitySim environment.

The methodology was tested on approximately 200 buildings in the municipality of Monthey (Switzerland). 
Calibration was achieved by minimising the coefficient of variation of the root-mean-square error, CV(RMSE), 
between predicted and observed daily space heating and domestic hot water demands. Using a CV(RMSE) 
threshold of 25 %, calibration was successful in 43 % of cases at the individual building level; the resulting 
calibrated parameter ranges were then used to guide the subsequent multi-building calibration.

While the methodology does not incorporate the engineering expertise typically applied in manual calibration, 
it remains a practical and scalable approach for large-scale UBEM calibration, providing valuable insights for 
future applications.

1. Introduction

National building renovation plans play a central role in the newly 
approved Energy Performance of Buildings Directive (EPBD) in sup
porting decarbonisation of both residential and non-residential build
ings (European Union, 2024). A critical step in these comprehensive 
plans is accurately assessing the current energy performance of the 
existing building stocks, in such a way to perform reliable energy 
refurbishment scenario analyses subsequently. To achieve this objective, 
the use of Urban Building Energy Modelling (UBEM), relying on building 
archetypes (BAs), is widely recognised by the scientific community as an 
effective approach. Furthermore, to accurately reflect the real operation 
of the building stock, the validation or calibration of UBEM outputs it is 

considered of utmost importance.

1.1. Urban building energy models

UBEM is an essential tool for policymakers, public administrations, 
urban planners, and real estate managers aiming to assess urban-scale 
energy efficiency (Perwez et al., 2023), energy vulnerabilities (Xia & 
Hu, 2024), and city-level energy planning (Li & Feng, 2025; Man
so-Burgos et al., 2023). UBEM plays a central role in evaluating both the 
energy and environmental performance of large portfolios of buildings.

Large-scale energy models are typically classified into top-down and 
bottom-up models. Top-down approaches rely on historical data to 
establish macro-level relationships between the energy, technological, 
and economic sectors. A recent advancement of these models is 
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described by Choi and Yoon (2024), who explored the potentialities in 
connecting top-down large-scale energy analysis with natural language 
model, like GPT-4o. Bottom-up models, on the other hand, are based on 
disaggregated and extensive data and are divided into engineering (or 
physically-based), statistical (or data-driven), and hybrid approaches 
(Hong et al., 2020; Langevin et al., 2020; Swan & Ugursal, 2009). UBEM 
is generally categorised as a physically-based, bottom-up model (Reinhart 
& Cerezo Davila, 2016).

The reliable implementation of large-scale energy analysis faces 
significant challenges, including the digitalisation of building stock en
ergy performance data, the lack of monitoring data, and the high 
computational time required for running simulations. From this 
perspective, UBEMs require extensive information, which are often 
inaccessible, unavailable, and inaccurate (Goy et al., 2020). This raises 
critical issues related to data standardisation and harmonisation at 
municipal or urban scale, and underscores the need for interoperability 
between databases. As a result, UBEM developers must invest significant 
effort in data collection (Wang et al., 2022) or employ multi-source data 
fusion techniques (Choi et al., 2025) to achieve highly accurate datasets.

Another source of uncertainty in UBEM is urban mobility, i.e., the 
activity and behaviour of occupants across the assessed district or city. 
Occupant interactions within buildings affect internal heat gains, 
influencing energy performance predictions. Occupant behaviour can be 
modelled using either deterministic or stochastic methods, and analyses 
can be based on either person-level or space-level data (Happle et al., 
2018). For instance, Yang et al. (2025) used mobile data traffic to 
analyse dynamic population distribution and optimise urban space-use 
efficiency. Samareh Abolhassani et al. (2024) used Wi-Fi sensing data 
to estimate occupant presence in two university buildings in Canada.

Due to data privacy concerns, building-level consumption data are 
considered sensitive, which obstacles the credibility of large-scale en
ergy analyses and hinders UBEM validation or calibration processes. As 
noted by Oraiopoulos and Howard (2022), only 9 % of the UBEM ap
plications found in the literature are validated against measured data. 
Moreover, increasing model complexity—due to a higher number of 
buildings or modelled surfaces in the urban scene—raises computational 
costs. Consequently, UBEM calibration across diverse input datasets 
remains a complex and unresolved challenge.

Beyond data and large-scale reliability issues, systemic deviations in 
UBEM can also arise from simplified assumptions used to solve urban 
energy balance. Insights gained from traditional Building Energy Model 

(BEM) has allowed the introduction of assumptions and simplifications 
of the heat exchanges in UBEMs, as described by Salvalai et al. (2024)
and Piro et al. (2023). These simplifications involve geometry repre
sentation, zoning discretisation, envelope components and technical 
building systems characterisation, as well as variations in calculation 
modules between BEM and UBEM.

In UBEM, urban geometry is modelled using the Level of Detail (LoD) 
classification, originally introduced by Kolbe (2009) and subsequently 
updated in Kolbe et al. (2021), which ranges from LoD0 – “highly 
generalised model” – to LoD3 “highly detailed model”. Beyond their role as 
purely geometric descriptors, the suitability of different LoDs for specific 
analytical applications has been critically assessed, highlighting that 
higher geometric detail does not necessarily translate into improved 
modelling performance for all use cases, particularly in urban-scale 
environmental and energy analyses (Biljecki et al., 2016). Hwang 
et al. (2024) investigated geometry-related biases using artificial neural 
network and Bayesian calibration. Regarding thermal zones subdivision, 
Johari et al. (2022) evaluated acceptable simplification to balance ac
curacy and computational efficiency. Building envelope components are 
typically assigned either by façade orientation or at the whole-building 
level, and technical building systems are generally simplified to focus on 
heat generator sub-systems, as described by Piro et al. (2023).

1.2. Building archetypes

To address data uncertainty in large-scale energy analyses, collected 
data are used to generate building archetypes (BAs). The BA approach 
offers a trade-off that reduces complexity while enhancing model ac
curacy. Building archetypes capture the representative technological 
characteristics of specific segments of the building stock. Specifically, 
BAs consist of non-geometric datasets that characterise building enve
lope components, technical building system properties, and pattern of 
building uses. The BA data schema can be defined from either a deter
ministic or probabilistic perspective (Sokol et al., 2017), representing 
either single values or parameter ranges, respectively. UBEM 
archetype-based approach is one of several possible engineering ap
proaches, proposed by Swan and Ugursal (2009).

The concept of BA is often confused with building prototypes. Ac
cording to Carnieletto et al. (2021), prototypes are linked to an 
abstracted representative geometry of buildings, whereas BAs are not 
geometry-dependant and are assigned to the real building stock.

Nomenclature

Quantities
A area m2

CV(RMSE) coefficient of variation of the root-mean-square error -
g total solar energy transmittance -
n air change rate h–1

NMBE normalised mean bias error -
U thermal transmittance W/(m2⋅K)
V volume m3

w regression coefficient weight -
WWR window-to-wall ratio -

Greek symbols
β regression coefficient -
θ temperature ◦C

Subscripts
env envelope
fl floor
H heating

lw lower
op opaque
pers. occupant
set set-point
up upper
W domestic hot water
w window
wl wall

Acronyms
BA Building Archetype
BEM Building Energy Model
CMA-ES Covariance Matrix Adaptation Evolution Strategy
DHW Domestic Hot Water
EA Evolutionary Algorithm
EPC Energy Performance Certificate
HDE Hybrid Differential Evolution
KPI Key Performance Indicator
LoD Level of Detail
UBEM Urban Building Energy Model
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Although a harmonised and shared methodology to generate BAs 
does not exist (Borges et al., 2022), the archetyping process generally 
involves two main steps: segmentation (or classification) and characteri
sation (or parameterisation) of the building stock (Pasichnyi et al., 2019). 
Segmentation refers to the classification of similar buildings based on 
different criteria, such as climatic zone, building use category, con
struction periods, and more. Characterisation involves assigning repre
sentative parameters that generalise the energy performance of the 
segmented clusters.

Widely used data sources for creating BAs libraries are the energy 
performance certificates (EPCs), as extensively documented in litera
ture, with recent examples including Johari et al. (2023). However, 
EPCs present several limitations that affect BA data quality: they rely on 
static energy performance assessments, provide limited energy-related 
information, and often include low-quality parameters, as described 
by Piro et al. (2024).

Therefore, the development of an archetype-based UBEM usually 
relies on the use of a recognised and official library of representative 
buildings. In this regard, the Italian building typology matrix, originally 
developed within the pioneering TABULA project (Ballarini et al., 2014), 
were updated through the outcomes of the URBEM (Urban Reference 
Buildings for Energy Modelling) project (Ferrando et al., 2025). This 
latter project represents a substantial effort to characterise the energy 
performance of buildings across most Italian regions (URBEM, 2025). 
Similarly, the BUILD_ME (2025) project constitutes another important 
initiative, providing residential and non-residential building typologies 
for the territories of Lebanon, Egypt, and Jordan.

1.3. Large-scale validation and calibration

Improving the credibility of national building renovation plans is 
closely linked to reducing the uncertainty of UBEM outputs. Depending 
on the purpose of the analysis, this can be achieved through either 
validation or calibration of large-scale energy models. Model validation 
assesses whether the modelling framework and assumptions are 
appropriate by comparing model results with benchmark cases (e.g., 
standardised procedures such as BESTEST; Judkoff & Neymark, 1995) or 
measured data. This approach is typically used when aggregate building 
energy consumption data are available, or the computational cost of full 
calibration is prohibitive.

Recent works have shown that explicitly quantifying, propagating, 
and ranking the uncertainty—often through combined uncertainty and 
sensitivity analyses—associated with key UBEM input parameters is 
essential to assess model robustness and to identify the most influential 
assumptions governing large-scale energy simulations (Gu et al., 2023; 
Prataviera et al., 2022; Wang et al., 2026). Such insights are widely 
recognised as a necessary foundation for the subsequent 
parameter-adjustment phase, particularly in large-scale applications. 
Therefore, beyond uncertainty and sensitivity ranking, it is crucial to 
assess parameter identifiability, i.e., whether the selected uncertain in
puts can be uniquely (or practically) inferred from the available mea
surements. Otherwise, calibration may yield statistically satisfactory fits 
while converging towards non-unique, compensatory parameter sets (Yi 
& Park, 2021). In this context, model calibration involves the manipu
lation of a vector of input parameters so that the simulation output 
closely matches measured data, based on statistical metrics, such as the 
root-mean-square error (RMSE), coefficient of variation of the 
root-mean-square error (CV(RMSE)), r-squared (R2), mean bias error 
(MBE), mean absolute percentage error (MAPE). In the context of UBEM, 
where the complexity increases with the number of buildings consid
ered, automatic calibration is generally preferred to manual fine-tuning, 
where the engineering judgement is safeguarded (Chen et al., 2020; 
Faure et al., 2024; Mattsson et al., 2025).

Large-scale energy model calibration can be performed at different 
spatial resolution, including the building, block, or district scale. Ac
cording to scientific literature (Fabrizio & Monetti, 2015; Sokol et al., 

2017), automatic calibration processes for UBEM can be categorised into 
three main approaches, which can be used individually or in 
combination: 

• Bayesian, which incorporates prior knowledge and observed data to 
iteratively update the probability distributions of uncertain 
parameters,

• Objective/penalty function, which seeks to minimise the difference 
between simulated and measured data by systematically adjusting 
model inputs through deterministic or stochastic algorithms, and

• Meta-modelling, which involves building simplified surrogate models 
that approximate the behaviour of complex simulations, allowing for 
faster calibration through reduced computational cost.

Objective/penalty-function-based approaches and Bayesian calibra
tion algorithms, for which practical guidelines and their integration 
within building energy modelling frameworks are discussed in Chong 
and Menberg (2018), are grouped within the optimisation-based tech
niques, as defined by Coakley et al. (2014). Table 1 summarises relevant 
research aimed at improving reliability and credibility of UBEM outputs 
through validation or automatic calibration approaches, specifying the 
simulation engine and the utilisation of the building archetypes.

1.4. Aim of the research

The credibility of national building renovation plans is undermined 
when unvalidated and uncalibrated large-scale energy models are used. 
In this context, the use of building archetypes represents a trade-off to 
mitigate input uncertainty in UBEM. However, challenges related to the 
availability, accessibility, and quality of urban data hinder the accurate 
informatisation of building stock energy performance. In particular, the 
lack of high spatial and temporal resolution, city-wide building energy 
consumption data poses a major barrier to the validation or calibration 
of large-scale model outputs. At the urban scale, validation is generally 
preferred over calibration due to the substantial computational re
sources required for iterative simulations. Consequently, without reli
able models and data, the accuracy, reliability, and usefulness of 
decision-making initiatives driven by UBEM findings cannot be 
guaranteed.

With the purpose of overcoming the limitations pointed out above, 
this work is intended to address the following research questions: 

• To what extent can optimisation-based calibration procedures, such 
as CMA-ES/HDE (covariance matrix adaptation evolution strategy 
and hybrid differential evolution algorithms) evolutionary algo
rithm, be effectively applied to UBEM?

• How does the calibration performance differ when applied at the 
single building versus the urban block scale?

• How can statistically representative trends of user behaviour be 
defined to inform archetype-based UBEMs?

From this perspective, this research presents a novel calibration 
procedure employing a hybrid CMA-ES/HDE evolutionary algorithm to 
minimise the CV(RMSE) objective function. The novelty of the proposed 
approach lies in maintaining a scalable approach, applying calibration 
directly for optimisation at the UBEM scale rather than for training in
verse models. The proposed methodology enables the calibration of 
large-scale energy models at different spatial resolutions, namely at both 
the single-building and at urban block levels, depending on the spatial 
granularity of the available building energy consumption data. To 
ensure computational feasibility when calibrating hundreds of build
ings, the UBEM domain is discretised into independent sub-models, 
thereby reducing both the computational burden and the complexity 
of the solution space explored by the automatic calibration algorithm. 
Although simplifications and assumptions are introduced in UBEM 
thermal models compared to detailed BEM (e.g., simplified geometries, 
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mono-thermal zoning, generalised technical building system operations, 
etc.), this framework enables the practical implementation of large-scale 
calibration while retaining a fully white-box modelling approach.

The procedure was applied to approximately 200 residential build
ings in the municipality of Monthey (Switzerland), located in the Canton 
of Valais, modelled using an archetype-based UBEM approach and 
simulated in the CitySim environment (Robinson et al., 2009). This 
sample was selected based on the availability of measured building 
energy consumption data. The study emphasises the importance of 
urban data homogeneity in enabling the application of consistent 
methodologies across diverse urban contexts in different municipalities 
and countries.

The automatic calibration procedure minimises the CV(RMSE) 
derived by comparing simulated and measured daily building energy 
demand for space heating and domestic hot water (DHW). This process 
considers four independent input parameters: air change rate, occupied 
area per person, daily volume of DHW per person, and space heating set- 
point temperature.

The structure of this article is as follows: Section 2 theoretically 
describes the general workflow (2.1), the employed CMA-ES/HDE 
calibration methodology (2.2), and the description of the statistical 
model (2.3). Section 2.3 presents the CitySim UBEM tool (3.1), describes 
the case studies (3.2), discusses the temporal and spatial resolution of 
building energy consumption (3.3), and illustrates the configuration 
steps for setting the calibration approach (3.4). Section 4 presents the 
calibration results at both building (4.1) and urban block scales (4.2), 
provides a general discussion about the obtained findings (4.3). Finally, 
Section 5 presents conclusions, limitations, and future work 
perspectives.

2. Methods

2.1. General workflow

This section provides a theoretical overview of the automatic cali
bration procedure for UBEM. From this perspective, enhancing the ac
curacy of large-scale energy models reduces UBEM output uncertainty, 
thereby improving the credibility of national building renovation plans 
for the intended target users. The application of this procedure depends 
on the analysis objective, the computational time required to run the 
algorithm, and the availability of measurement data at either the single- 
building or building-portfolio scale. The approach, illustrated in Fig. 1, 
consists of the following steps: 

1. Identifying and extracting the relevant input parameters from the BA 
schema.

2. Defining the variation ranges and probability distributions for each 
selected variable.

3. Defining the mathematical objective function of the optimisation 
algorithm to be maximised or minimised, and/or specifying the 
maximum number of iterations or the convergence threshold.

4. Using a UBEM tool to assess output variability across different input 
sets.

5. Calculating the relevant performance metric to meet the objective 
function for each simulation step.

The automatic calibration procedure employs a fully CMA-ES/HDE 
(covariance matrix adaptation evolution strategy and hybrid differen
tial evolution algorithms) evolutionary algorithm to adjust model pa
rameters and refine space heating and domestic hot water building stock 
energy demand estimates. This type of calibration procedure represents 

Table 1 
Research works on UBEM validation and automatic calibration.

Reference
UBEM tool 
(Simulation engine)

Building archetypes Validation

Calibration

Optimisation techniques

Bayesian Objective/penalty 
function

Meta-modelling

Davila et al. (2016) umi 
(EnergyPlus)

x x ​ ​ ​

Cerezo et al. (2017) n/a 
(EnergyPlus)

x ​ x ​ ​

Chen et al. (2020) CityBES 
(EnergyPlus)

​ ​ ​ ​ x

Dilsiz et al. (2023) CitySim 
(CitySim solver)

​ ​ x ​ ​

Faure et al. (2024) MUBES 
(EnergyPlus)

​ ​ x ​ ​

Gholami et al. (2021) n/a 
(EnergyPlus)

x ​ x ​ ​

Haneef et al. (2021) CitySim 
(CitySim solver)

x ​ ​ x ​

Heo et al. (2012) n/a 
(EnergyPlus)

x ​ x ​ ​

Kim and Kim (2024) umi 
(EnergyPlus)

​ ​ x ​ x

Lundström and Akander (2019) n/a 
(ISO14N model)

​ ​ x ​ ​

Nageler et al. (2017) IDA ICE 
(IDA ICE engine)

​ x ​ ​ ​

Nagpal et al. (2019) n/a 
(EnergyPlus)

x ​ ​ ​ x

Nouvel et al. (2017) SimStadt 
(SimStadt engine)

​ x ​ ​ ​

Sokol et al. (2017) n/a 
(EnergyPlus)

x ​ x x x

Tognoli et al. (2023) CitySim 
(CitySim solver)

x ​ ​ x ​

Wang et al. (2020) CitySim 
(CitySim solver)

x ​ x ​ ​
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a novel contribution to the UBEM field, enabling a more accurate 
alignment between simulated and measured building energy demand. 
Due to the varying spatial granularity of the energy consumption data, 
the procedure performs a calibration approach at both single-building 
and urban block levels, aimed to minimise the coefficient of variation 
of the root-mean-square error, CV(RMSE). However, depending on the 
model’s complexity—whether at the single-building or the urban-block 
scale—a predefined maximum number of simulations is set to limit the 
algorithm’s runtime.

CV(RMSE) quantifies how well the simulation results match the 
observed data; it is expressed as a percentage and is calculated according 
to Eq. (1). In this formula, yi is the daily observed or measured energy 
use from the district heating network, while ŷi denotes the corre
sponding daily predicted or simulated value generated by CitySim. The 
term N is the total number of daily observations, and y is the mean of the 
observed energy use values yi. The term y represents the temporal mean 
of the observed daily energy use of the same building (or urban block) 
under analysis and not an average across different buildings. As noted, 
the temporal resolution of energy consumption varies across buildings; 
therefore, CV(RMSE) is computed only when valid daily measurements 
are available. 

CV(RMSE) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑
i(yi − ŷ i)

2

N

√

y
⋅100 (1) 

In the case of a multiple-building calibration process, the term ŷi is 
the sum of the i th daily delivered energy for space heating and domestic 
hot water across all assessed buildings. This quantity is compared to the 
observed thermal energy demand of the urban block, yi.

ASHRAE Guideline-14 (2023) specifies typical CV(RMSE) thresholds 
for determining whether a model can be considered calibrated, based on 
the temporal resolution of the observed data. Specifically, the acceptable 
CV(RMSE) limit is 30 % for hourly data and 15 % for monthly data. In 
this research, due to the absence of established thresholds for daily 
measurements, a CV(RMSE) value of 25 %—midway between the two 
limits proposed by ASHRAE Guideline-14 (2023)—was adopted.

2.2. Calibration through CMA-ES/HDE algorithm

Evolutionary algorithms (EAs) are methods based on natural evolu
tion governing principles that have found application in different engi
neering fields. The algorithm begins by initialising a population of 
individuals. A subset is then randomly selected to generate children 
through crossover and mutation operators. The optimal individuals from 
both the parent and descendant groups are subsequently selected to 
form the next population generation. This evolutionary process is 

repeated iteratively until the termination criterion is met (e.g., a 
maximum number of iterations or convergence threshold).

The CMA-ES/HDE optimisation procedure, schematised in Fig. 2, 
belongs to the class of EAs, combining the covariance matrix adaptation 
evolution strategy (CMA-ES) and hybrid differential evolution (HDE) 
algorithms (Kämpf & Robinson, 2009; Kämpf et al., 2010). This 
hybridisation takes advantage from the global exploration capability of 
differential evolution and the fast local convergence of CMA-ES, offering 
robust and efficient optimisation across complex, high-dimensional, and 
multimodal search spaces.

Table 2 summarises the key parameters adopted for the hybridisation 
of the CMA-ES/HDE algorithm. Two interacting populations evolved 
within the hybrid CMA-ES/HDE framework. The CMA-ES population 
consists of λ individuals, where λ = 4 + ⌊3ln(n)⌋ (with n being the 
number of continuous decision variables), and is characterised by an 
initial step size σ = 0.2. At each CMA-ES iteration, candidate solutions 
are evaluated and ranked, and the best-performing μ = λ/2 individuals 
are selected to update the mean vector and covariance matrix of the 
sampling distribution.

These μ best solutions are then transferred to the HDE component, 
which operates with a population size NP = 30. Rather than generating 
new candidates randomly, the HDE population is initialised and evolved 
around the injected CMA-ES solutions using differential mutation and 
binomial crossover, with a mutation factor F = 0.3 and a crossover 
probability Cr = 0.1. Through this process, HDE performs a local 
refinement of the search space by generating improved variants of the 
CMA-ES solutions.

Following a fixed number of HDE evolution steps, the best- 
performing individuals are returned to the CMA-ES population, 
contributing to the subsequent update of its search distribution. This 
bidirectional exchange between CMA-ES and HDE continues iteratively 
until a termination criterion is met, such as reaching the maximum 
number of function evaluations, which is defined according to the 
spatial resolution of the available building energy consumption data.

2.3. Statistical analysis

To quantitatively assess the influence of key parameters on the 
simulated building energy demand, a quadratic multivariate regression 
model was developed. The analysis is based on simulation results 
generated through the iterations of the automatic calibration procedure.

Quadratic multivariate regression is a widely used technique for 
capturing non-linear physical relationship. The general formulation is 
reported in Eq. (2), where Yi represents the simulated building energy 
consumption, β0 is the intercept, and βi, βii, and βij denote the co
efficients associated with the linear, quadratic, and interaction terms of 

Fig. 1. Methodology for calibrating large-scale energy models.
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the independent variables xi, x2
i , and xixj, respectively. 

Yi = β0 +
∑k

i=1
βixi +

∑k

i=1
βiix2

i +
∑k− 1

i=1

∑k

j=i+1
βijxixj (2) 

To interpret the relative importance of the main, quadratic, and 
interaction terms, weights wxi , wx2

i
, and wxixj are computed separately. 

These weights are defined as the ratio between the absolute value of 
each coefficient (|βi|, |βii|, and |βij|) and the sum of the absolute values of 
all regression coefficients, excluding the intercept.

3. Application

An automatic calibration approach employs the EA CMA-ES/HDE 
(2025) algorithm in a Swiss case study located in the municipality of 
Monthey. The methodology was applied to approximately 200 resi
dential buildings and simulated in CitySim using an archetype-based 
UBEM approach, which reduces uncertainty in the characterisation of 
the buildings’ passive energy performance and enables the assessment of 
energy use patterns associated with user interactions. Archetypes were 
assigned according to construction period, and non-geometrical attri
butes were assigned to real building geometries.

The calibration process minimises the CV(RMSE) between simulated 
daily space heating and DHW demands and measured district heating 
data from 2020. Calibration was performed at both single-building and 
multi-building scales, depending on the spatial resolution of the avail
able consumption data. Four independent variables were varied within 
predefined ranges: air change rate, occupied area per person, daily DHW 
volume per person, and space heating set-point temperature.

3.1. CitySim

CitySim, the successor of SUNtool, is an urban-scale building energy 
simulation software developed by the Solar Energy and Building Physics 
Laboratory at EPFL (École Polytechnique Fédérale de Lausanne) 
(Robinson et al., 2009). It strikes a practical balance among various user 
demands: input data detail, output accuracy, and computational effi
ciency. The software’s core calculation engine, CitySim Solver (2025), is 

complemented by a graphical user interface developed by the KAEMCO 
company (2025), becoming CitySim Pro. CitySim is a dynamic hourly 
energy calculation engine and its thermal model—validated using the 
BESTEST methodology (Emmanuel & Kämpf, 2015)—is based on a 
resistive-capacitive (R-C) system that discretises opaque and transparent 
building envelope components into temperature nodes, thermal re
sistances, and heat capacities (Kämpf & Robinson, 2007). The radiative 
model used in CitySim is based on the Simplified Radiosity Algorithm 
(SRA), developed by Robinson and Stone (2005). This algorithm ac
counts for solar and sky obstruction in both shortwave and longwave 
radiation exchanges. The sky vault is discretised into 145 distinct 
patches; each representing a specific solid angle and assigned a corre
sponding radiance value.

3.2. Case study

The case study is in the municipality of Monthey, in the Canton of 
Valais, Switzerland (430 m a.s.l.). The population of Monthey is around 
16,000 inhabitants. The city comprises >2100 buildings, of which 355 
were thermally simulated and included in the calibration process due to 
the availability of building energy consumption data. Fig. 3 reports the 
building undergoing thermal simulation in yellow with red roofs and the 
shading objects in brown. Eighty-four percent of the assessed building 
stock consists of residential buildings, comprising multi-family houses 
(80 %) and single-family houses (4 %). The remaining 16 % includes 8 % 
of buildings with unknown uses and non-residential buildings, such as 
hospitals (3 %), research centres (2 %), offices (1 %), and other use 
categories.

Geographical open databases of SwissBUILDINGS3D (2025) were 
utilised for defining the building’s geometry information. Then, 
geometrical building data were converted into a GeoPackage format, 
distinguishing thermally simulated zones from shading objects (nearby 
constructions). The GeoPackage files were then imported into CitySim 
Pro for urban energy performance simulation. The Level of Detail (LoD) 
for the analysed urban block is LoD1, i.e., buildings represented as 
simple shoebox geometries. The ground surfaces were neglected during 
the calibration process for computational efficiency.

The thermal characteristics of both transparent and opaque building 
envelope components were derived from the findings of Perez (2014). 
Specifically, the building properties are categorised by construction 
period and are summarised in Table 3. The BA schema includes, for the 
opaque building envelope components, the thermal transmittance of 
walls (Uwl), roofs (Ufl;up), and floors (Ufl;lw). The geometrical and ther
mal characteristics of transparent components are represented by the 
window-to-wall ratio (WWR), the thermal transmittance of windows 

Fig. 2. Conceptual workflow of the hybrid CMA-ES/HDE calibration framework used for UBEM parameter optimisation.

Table 2 
Parameters used for the hybrid CMA-ES/HDE algorithm.

Algorithm Parameters

CMA-ES λ = 4+ ⌊3ln(n)⌋ μ = λ/2 σ = 0.2
HDE NP = 30 F = 0.3 Cr = 0.1
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(Uw), and the total solar energy transmittance of glazing (g-value).
Standard internal heat gains—arising from occupants, lighting 

equipment, and electrical appliances—are differentiated by building use 
category. Fig. 4 reports the hourly ratios of internal heat gains from 
occupants (Fig. 4a) and DHW use (Fig. 4b) for residential categories; in 
Fig. 4b the DHW hourly ratio is expressed as a percentage. In the sim
ulations, both the space-heating and DHW systems were assumed to 
operate continuously (i.e., without intermittent schedules), and the 
associated user profiles were kept unchanged throughout the year: the 
daily DHW consumption was assumed constant for all days, and the 
hourly occupancy-related internal gains followed the same fixed ratio 
year-round.

To meet the energy demand for space heating and domestic hot 
water, each building is connected to the district heating network via a 
substation and a storage unit, both sized according to the building’s 
specific requirements. The heat delivered to the buildings is measured 
on the client-side; therefore, the substation operates with an equivalent 
system efficiency of 1.0.

The climatic data were obtained from the weather station located in 

Fig. 3. Whole UBEM for the city of Monthey.

Table 3 
BA thermal and geometrical envelope characteristics.

Opaque envelope Transparent envelope

Year Uwl 

[W/ 
(m2⋅K)]

Ufl;up 

[W/ 
(m2⋅K)]

Ufl;lw 

[W/ 
(m2⋅K)]

WWR 
[− ]

Uw 

[W/ 
(m2⋅K)]

g- 
value 
[− ]

1900–45 1.22 0.70 1.60

0.25 2.30 0.47

1946–60 1.53 0.70 1.50
1961–70 1.02 0.65 1.30
1971–80 0.55 0.60 1.10
1981–90 0.89 0.43 0.68
1991–00 0.69 0.31 0.49
post- 

2000
0.51 0.22 0.25 0.35 1.70 0.49

Fig. 4. Hourly ratios of internal heat gains from occupants (a) and DHW use (b).
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Aigle (latitude 46.33◦ N, longitude 6.91◦ E, and altitude 381 m a.s.l.). 
This station, situated approximately 10 km from Monthey, was selected 
as the closest location with available climatic data.

During the iterative automatic EA calibration process, four param
eters were adjusted to account for distinct physical phenomena affecting 
the building’s energy balance: the air change rate (n), which affects 
ventilation heat losses; the occupied area per person (Apers), which in
fluences the occupancy-related internal heat gains; the daily volume of 
domestic hot water per person (VW); and the heating set-point temper
ature (θH;set), which drives the space heating demand. Due to their 
sensitivity, these variables are commonly used in large-scale calibration 
analyses (Sokol et al., 2017; Wang et al., 2020). For each parameter, a 
continuous variation range was defined, with lower and upper bounds 
derived from relevant Swiss and European technical standards. From 
this perspective, Table 4 summarises the four parameters, including 
their variation ranges and references. The air change rate considers both 
infiltration and natural ventilation air flow rate. The upper limit of the 
occupied area per person accounts for the possibility of inhabited 
buildings without occupants. Overall, the proposed methodology relies 
on an archetype-based UBEM approach, in which passive thermal 
properties of opaque and transparent building envelope components, as 
well as the WWR, are prescribed at the archetype level and therefore 
treated as less uncertain than operational parameters, for which only 
standardised or conventional values are typically available at the urban 
scale.

3.2.1. Single-building calibration
The calibration process was carried out approximately on 200 indi

vidual buildings. Fig. 5a presents the construction period distribution for 
multi-unit residential buildings, with a predominance of buildings 
constructed during 1961–70, 1981–90, and post-2000 periods. Among 
the individually calibrated buildings, 94 % are residential, with 96 % of 
those being apartment blocks. Fig. 5b displays the conditioned floor area 
(Afl) plotted against the compactness ratio (Aenv⋅V-1) for each assessed 
building, where this latter is calculated as the ratio between the total 
thermal envelope area and the building volume.

The non-residential portion, accounting for 6 % of the building stock, 
includes hospitals, commercial buildings, offices, hotels, and structures 
with unknown uses. For computational efficiency, each case was 
modelled using a tailored large-scale energy model that includes sur
rounding buildings within a 100-meter radius. Fig. 6 shows the complete 
UBEM scenario, discretised into single-building sub-models for large- 
scale energy analysis, allowing for the individual energy performance 
assessment of buildings M3547, M3548, and M3549− taken as an 
example. This procedure was applied to approximately 200 individual 
residential buildings subject to the automatic EA CMA-ES/HDE (2025)
calibration process.

3.2.2. Urban block calibration
In 24 urban blocks, involving a total of 65 buildings, the district 

heating substation’s energy meter is shared among multiple construc
tions. Each case study includes between two and five buildings, which 
are modelled together within a single UBEM scenario. The majority of 
these case studies consist of either purely residential buildings or a mix 

of residential and unknown-use buildings, accounting for 14 out of 24 
urban blocks. The remaining cases are more heterogeneous, encom
passing mixed uses such as educational, hospital, commercial, and office 
functions, each represented by only one or a few instances (Fig. 7a).

Fig. 7b-c illustrate two example case studies undergoing the iterative 
automatic calibration process. The first is a purely residential two- 
building-case (M2839), consisting of apartment blocks M2839 and 
M2968 (Fig. 7b). The second is a purely non-residential case (M2814), 
comprising buildings such as M2814, M2810, M2815, M4410, M2813 
(Fig. 7c). While officially classified as 'Hospitals' in the geoportal, these 
structures appear to serve primarily as residential care homes for elderly 
and disabled individuals.

In both cases, the sub-UBEM model discretisation follows the same 
approach: the assessed buildings are modelled together with surround
ings shading objects within a 100-meter radius.

Table 5 presents the general, geometrical, and thermophysical 
characteristics of the buildings included in the M2839 and M2814 urban 
blocks. Specifically, it reports each building’s construction period, use 
category, conditioned floor area (Afl), total thermal envelope area 
(Aenv), gross volume (V), window-to-wall ratio (WWR), compactness 
ratio (Aenv ⋅ V-1), and mean thermal transmittance for opaque (Uop) and 
transparent (Uw) elements.

3.3. Building energy consumption

The consumption data refer to the delivered energy demand for 
space heating and DHW from the district heating network. The dataset 
includes 314 energy meters in the municipality of Monthey, of which 
290 correspond to individual buildings and 24 represent aggregated 
records for urban blocks composed of two to five buildings within the 
same UBEM scenario.

To ensure sufficient coverage of space heating days, only meters with 
measurements for more than two-thirds of the year were selected. This 
threshold guarantees adequate representation of the heating season 
while improving the robustness of consumption patterns by minimising 
the effect of impact data. Accordingly, the calibration process was car
ried out exclusively for days with available data. To maintain consis
tency with the UBEM output timestep, energy consumption on the leap 
day was excluded.

The building consumption data vary in both temporal and spatial 
granularity. In terms of temporal resolution, some meters provide 
readings every three hours, while others record daily values. Due to this 
variation and considering the operation of domestic hot water tanks, all 
measured energy consumption data were aggregated to a daily timestep.

Regarding spatial granularity, some meters are associated with in
dividual buildings, while others are linked to multiple buildings. In the 
latter case, the calibration process was applied at the scale of the entire 
urban block.

3.4. Configuration steps

The calibration analysis begins with the creation of UBEM sub- 
models, as described in Sections 3.2.1 and 3.2.2. For each assessed 
building, the optimisation algorithm performs a one-year calibration 
using the combined district energy consumption for space heating and 
domestic hot water demand recorded in 2020. Consumption data, pro
vided by the energy distributor, were converted to daily values to ac
count for missing hourly entries and to better reflect the operation of 
DHW storage tanks. As detailed in Section 3.3, only buildings with at 
least two-thirds daily data coverage were included in the calibration 
process.

The EA CMA-ES/HDE (2025) algorithm begins by initialising a 
population and then randomly selecting a subset to produce offspring 
through crossover and mutation. The best individuals from both the 
parent and offspring groups are selected to form the next generation, and 
this iterative process continues until the termination criterion—defined 

Table 4 
Continuous ranges of the parameters used for automatic calibration.

Parameter Symbol Unit Range Reference 
(s)

Air change rate n h–1 [0.5; 1.2] CEN (2007)
Occupied area per person Apers m2/pers. [28.3; 

15,000]
CEN (2019)

Daily volume of DHW per 
person

VW l/ 
(d⋅pers.)

[10.0; 50.0] SIA (2006)

Heating set-point 
temperature

θH;set
◦C [17.0; 25.0] CEN (2019)
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as the maximum number of iterations—is reached. Increasing the 
number of calibration parameters, such as by including more buildings, 
expands the solution space, making it more challenging for the algo
rithm to efficiently identify the optimal solution. This also results in 
longer computation times, as a greater number of simulations are 
required to adequately explore the expanded parameter space. Conse
quently, depending on the degrees of freedom in the input space
—determined by the number of thermally modelled buildings within a 
given sub-UBEM—the number of simulations needed to achieve 
convergence increases. Table 6 summarises the maximum number of 
individuals (simulations) performed for case studies involving one to 
five buildings.

4. Results and discussion

This section presents the results of the automatic calibration process 
using the EA CMA-ES/HDE (2025), based on an archetype-driven UBEM 
approach. The outcomes are organised according to whether buildings 
were calibrated at the individual or urban block scales. As mentioned in 
Sections 3.3 and 3.4, and depending on the spatial resolution of building 
energy consumption and the sub-UBEM configuration, the optimisation 
process minimises the CV(RMSE) and iterates until the predefined 
maximum number of simulations is reached (Table 6). In both scenarios, 
the objective is to capture actual occupant behaviour and interactions, 
aligning them with real building consumption, thereby completing the 
building archetype schema.

Fig. 8 shows the evolution of the CV(RMSE) across five different case 

studies during the calibration process. In the example provided, the 
predefined number of individuals tested is sufficient for the function to 
reach a plateau. Moreover, the variability observed across building and 
urban block IDs may reflect data-related uncertainty and large-scale 
modelling simplifications. In such contexts, calibration effectiveness 
may be hindered by simplified building geometry, uncertainty in 
measured consumption data, and potentially optimistic archetype-based 
envelope performance assumptions for specific building groups.

Section 4.1 presents the calibration results focusing on the residen
tial multi-family houses—the most populated building archetype clus
ter. Section 4.2 illustrates the results obtained applying the procedure at 
the multiple-building scale for two case studies. Finally, Section 4.3 
discusses general considerations regarding the applied methodology.

4.1. Calibration at building-scale

4.1.1. Residential buildings: calibration results
The calibration results for residential buildings constructed in 

1961–70, 1981–90, and post-2000 at the building-scale are presented in 
Fig. 9a. Overall, the calibration process was successful in 43 % of cases, 
with 12 % of the tested buildings achieving a CV(RMSE) below 20 %. 
When applying the more lenient 30 % CV(RMSE) threshold recom
mended by ASHRAE Guideline-14 (2023) for hourly data, the procedure 
would deem 66 % of the sample as acceptable. This comparison shows 
that varying the CV(RMSE) threshold mainly affects buildings with 
values close to the selected limit, while the overall calibration outcome 
remains consistent.

Fig. 5. Multi-family housing stock by construction period (a); relationship between conditioned floor area and building compactness ratio (b).

Fig. 6. Example of large-scale energy model discretisation: from the whole UBEM scene to M3547, M3548, and M3549 models with their surroundings.
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Fig. 9b reports the share of case studies that meet the calibration 
target, i.e., CV(RMSE) ≤ 25 %, for each individual class and for three 
construction periods (1961–70, 1981–90, and post-2000). A clear 
increasing trend is observed across the classes: the frequency of suc
cessfully calibrated cases is very low for the smallest classes (around 500 
individuals), rises to intermediate values around 1000 individuals, and 
becomes highest for the largest classes (around 1500–2000 individuals), 
where the acceptance rate reaches roughly 8–16 % depending on the 
construction period.

Across all classes, the 1961–70 and 1981–90 cohorts systematically 
show higher frequencies of successful calibration than the post-2000 
buildings, which remain lower especially in the mid-range classes. 
Overall, the figure indicates that larger individual classes are associated 

with a higher likelihood of achieving the CV(RMSE) threshold, and it 
highlights a systematic difference in calibration success among con
struction periods, with newer buildings being more challenging to 
calibrate in this dataset, potentially due to passive thermal character
istics of their building envelope components.

Residential buildings from the construction periods 1961–70, 
1981–90, and post-2000 represent the most populated clusters (Fig. 5a). 
Fig. 10 illustrates boxplots of the calibrated input parameters: ventila
tion air change rate (n), occupied area per person (Apers), daily volume of 
DHW per person (VW), and heating set-point temperature (θH;set).

The air change rate accounts for both infiltration and natural 
ventilation required for hygiene purposes. As shown in Fig. 10a, most 
buildings converge to n = 0.5 h-1, with a limited dispersion and only a 
few outliers. This suggests that the ventilation air change rate tends to 
stabilise around a typical value and is not systematically used as a 
compensation parameter during calibration. On the other hand, the 
occupied area per person (Fig. 10b) shows a fairly uniform, with a me
dian of 28.9 m²/person, close to the conventional value recommended 
by EN 16,798–1 (CEN, 2019). The calibrated daily DHW volume per 
person (Fig. 10c) falls within a relatively narrow but high range, with a 
median of 46.6 l/(d⋅pers.), consistent with typical residential con
sumption. Finally, the heating set-point temperature (Fig. 10d) exhibits 
a median of 21 ◦C and an interquartile range of 3.2 ◦C, indicating a 
moderate variability across the sample. Overall, θH;set and VW show the 

Fig. 7. Distribution of case studies by building use category (a); model M2839 composed by two residential buildings (b); model M2814 composed by five hos
pitals (c).

Table 5 
General, geometrical, and mean thermal characteristics for opaque and transparent building envelope components for urban blocks M2839 and M2814, respectively.

Bldg. code Age Use (*) Afl 

[m2]
Aenv 

[m2]
V 
[m3]

WWR 
[-]

Aenv ⋅ V
–1 

[m-1]
Uop 

[W/(m2K)]
Uw 

[W/(m2K)]

M2839 1961–70 R 1422 1576 4265

0.25

0.37 1.00

2.30

M2968 1971–80 2027 2341 6081 0.38 0.70
M2814

1961–70 E

1899 2462 5696 0.43 0.99
M2810 3947 4659 11,841 0.39 0.99
M2815 3351 4201 10,052 0.42 0.99
M4410 799 1122 2396 0.47 1.00
M2813 1971–80 1847 2408 5542 0.43 0.72

(*) R = residential; E = homes for elderly and disabled people.

Table 6 
Maximum no of individuals in CMA-ES/HDE per different scenario 
analysis.

No. of individuals

One-building case studies 2000
Two-buildings case studies 3000
Three-buildings case studies 4000
Four-buildings case studies 5000
Five-buildings case studies 6000
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largest dispersion among the calibrated inputs. The resulting parameter 
set provides a realistic representation of building-stock operation, con
firming a widely adopted heating set-point around 21 ◦C, a typical 
ventilation air change rate of 0.5 h-1, an occupancy density consistent 
with EN 16,798–1 (CEN, 2019), and DHW volume within expected 
residential bounds. These findings support the actual plausibility of the 
proposed automatic calibration procedure.

Fig. 11 shows the monthly distribution of the Normalised Mean Bias 
Error (NMBE) for the analysed dataset, which includes calibrated resi
dential buildings built in 1961–70, computed as (S − M)/M, where S 
represents the simulated monthly energy use and M is the measured one.

In the simulations, the hourly diversity factors for occupancy and 
DHW consumption (Fig. 4a and b) were assumed constant throughout 
the year, and the thermal zone was considered continuously used (i.e., 
no intermittent operation of space heating and DHW technical building 
systems related to occupancy patterns). Overall, the model performs 
well during the winter months—especially January, November, and 
December, and also February—with NMBE values clustered close to zero 
and limited dispersion, indicating a good agreement between simulated 
and measured consumption when space-heating demand dominates. 
Conversely, the largest spread is observed in the mid-season months, 

particularly September and October, when heating operation is more 
irregular and often absent in reality; under these conditions, the model 
tends to overestimate consumption, leading to higher positive biases and 
variability. A distinct behaviour is also visible in July, which is plausibly 
linked to reduced occupancy during summer holidays, whereas the 
model maintains constant internal gains and DHW demand, potentially 
contributing to a mismatch with measured consumption. In this regard, 
modelling system intermittency could be the subject of future 
investigations.

4.1.2. Multivariate quadratic regression analysis
This section reports the results of the multivariate quadratic regres

sion model for residential apartment blocks constructed between 1961 
and 1970. The sample includes >100,000 simulations performed across 
54 buildings. Specifically, Fig. 12a presents the regression coefficient 
weights aggregated by main, interaction, and quadratic effects, while 
Fig. 12b shows the disaggregated terms.

In this analysis, for each building, the simulated space heating and 
DHW demand computed with CitySim (Yi) is related to the variation of 
four inputs considered during the calibration process: air change rate 
(x1), occupied area per person (x2), daily volume of DHW per person 

Fig. 8. Evolution of CV(RMSE) values during the calibration process for various case studies: at the building-scale (a), and at the block-scale with 2 buildings (b), 3 
buildings (c), 4 buildings (d), and 5 buildings (e).

Fig. 9. Distribution of CV(RMSE) ranges across the (un-)calibrated buildings (a); frequency of case studies with CV(RMSE) ≤ 25 % across individual classes, by 
construction period (b).
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(x3), and the heating set-point temperature (x4). Prior to fitting the 
regression model, the independent variables were standardised using a 
z-score approach.

Fig. 12a highlights the dominant influence of the main effects of the 
selected variables on the simulated energy demand. The median 
contribution of first-order effects is approximately 86 %, followed by 
interaction, which account for a median value of 11 % and reflect the 
combined influence of pairs of variables. Quadratic terms, representing 

non-linear curvature in the relationship between predictors and Yi, 
exhibit a comparatively smaller contribution.

Fig. 12b shows that variations in heating set-point temperature, 
followed by ventilation air change rate, have the strongest impact on the 
overall building energy demand. Whitin this sample, the median weight 
wx4 is approximately 45 % while wx1 is around 27 %. Regarding inter
action effects, the combination of set-point temperature and ventilation 
air change rate (wx1x4 ) primarily governs the sensitivity of space heating 

Fig. 10. Boxplots of input variables after calibration process for multi-family houses: air change rate (a), occupied area per person (b), daily volume of DHW per 
person (c), and heating set-point temperature (d).

Fig. 11. Temporal distribution of monthly NMBE for calibrated residential buildings built in 1961–70.
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demand, whereas the interaction between the number of occupants in 
the thermal zone and the daily DHW volume (wx2x3 ) is most influential 
for variations in DHW demand. Among the quadratic terms, the largest 
contribution is associated with the non-linear effect of the θH;set. In 
general, the quadratic regression model provides an accurate represen
tation of the local input-output relationships, achieving a very good fit 
(R2 = 0.99) across all buildings.

Overall, the analysis identifies the most influential variables and 
interactions governing building energy demand within the considered 
sample.

4.2. Calibration at block-scale

The complexity of the calibration approach increases with the 
number of buildings assessed simultaneously. In the single-building 
case, the combined space-heating and domestic hot water consump
tion is driven by four parameters. Extending the same procedure to 
multi-building calibrations increases the number of unknowns from 
eight for two buildings to twenty for five buildings. Therefore, to miti
gate imbalances in urban-block calibrations—such as unrealistically 
high space-heating set-points for some buildings and markedly low 
values for others—and to reduce the solution space explored by the 
optimiser, the interquartile ranges of the calibrated inputs derived at the 
single-building scale (Fig. 10) were used to guide the urban-block cali
bration. Specifically, the allowable input ranges were reduced to Apers =

[28.3; 33.3] m2/pers., VW = [35.0; 50.0] l/(day⋅pers.), and θH;set =

[19.5; 23.0] ◦C, from Apers = [28.3; 15,000] m2/pers., VW = [10.0; 50.0] 
l/(day⋅pers.), and θH;set = [17.0; 25.0] ◦C, respectively. The ventilation 
air change rate was kept constant at 0.5 h-1.

In this section the results after the automatic calibration process 
through CMA-ES/HDE are presented. Specifically, this section presents 
the successful results of the automatic calibration process conducted for 
the case studies M2839 and M2814. Parameters are reported in terms of 
CV(RMSE) for the entire assessed urban blocks, along with the cali
brated input values for occupied area per person (Apers), daily DHW 
consumption per occupant (VW), and space heating set-point 

temperature (θH;set).

4.2.1. Two-building case study
Table 7 reports the results of the calibrated process for the residential 

block M2839, composed by two apartment blocks. Achieving a CV 
(RMSE) of 16.4 %, the optimiser keeps nearly constant both the occu
pied area per person and the daily DHW consumption per occupant, 
while primarily acting on the space-heating temperature set-point. The 
results reveal a compensation effect within the simulated case study, i.e., 
tendency of the model to adjust one or more parameters to match the 
observed energy use. In this case, the algorithm increases the heating 
set-point of the building with the largest conditioned volume (M2968), 
while compensating by reducing the θH;set of M2839 down to 19.6 ◦C. 
Although M2968 is a relatively recent building with a lower average 
opaque thermal transmittance (Table 5), adjusting its winter set-point 
temperature proves more effective due to its larger total thermal enve
lope surface (Aenv). Consequently, the overall heat transfer coefficient of 
building M2968 is higher than that of building M2839, making the 
former more influential in regulating the aggregated heating demand of 
the urban block.

This compensation effect is highlighted in Fig. 13a and b, where the 
coloured piecewise linear curves represent partial optima solutions 
identified by the hybrid differential evolution algorithm, i.e., the best 
individuals, while the red curve denotes the optimal configuration 
achieving a CV(RMSE) of 16.4 % for buildings M2839 and M2968, 
respectively. The partial optimal corresponds to very similar perfor
mance levels, with CV(RMSE) values ranging between 16.6 % and 16.4 
%, highlighting the presence of multiple near-equivalent solutions.

Although all inputs are normalised between 0 and 1, clear differences 

Fig. 12. Weights of regression coefficients for residential buildings constructed in 1961–70: aggregated by main, interaction, and quadratic effects (a), and dis
aggregated by independent variables (b).

Table 7 
Calibration results for urban block M2839.

Block ID Bldg. code CV(RMSE) 
[–]

Apers 

[m2/pers.]
VW 

[l/(d⋅pers.)]
θH;set 

[◦C]

M2839
M2839

16.4 %
32 35.0 19.6

M2968 32 35.5 20.8
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in parameter behaviour emerge. In both buildings, the occupied area per 
person exhibits the largest variability, indicating its role as a compen
sating parameter. However, because the admissible range was deliber
ately narrowed, this apparent spread corresponds to only small absolute 
changes. Conversely, the space-heating set-point of building M2839 
shows markedly lower variability compared to the other inputs, sug
gesting that it acts as a constraining parameter in maintaining the 
overall energy balance of the urban block.

This trend is further confirmed by Fig. 13c and d, which depict the 
full distribution of the tested input parameters explored by the optimiser 
using the same normalisation criteria. The concentration of solutions 

around narrow ranges for selected variables, alongside broader disper
sions for others, indicates that the optimisation process relies on 
compensatory trade-offs among inputs, with the heating set-point of 
building M2968 playing a dominant role in regulating the equilibrium, 
while the remaining variables adapt around this balance.

Fig. 14a and b compares daily measured and simulated delivered 
thermal energy for space heating and domestic hot water for block 
M2839. In Fig. 14a the model shows a strong agreement with observa
tions (R2 = 0.95), with data points closely distributed around the 
bisector, indicating consistent performance across the range of daily 
loads. The time-series comparison, reported in Fig. 14b, further confirms 

Fig. 13. Urban block M2839: partial and global optima and full distribution of simulated inputs, for M2839 (a-c) and M2968 (b-d) multi-family houses, respectively.

Fig. 14. Daily measured vs simulated delivered energy for urban block M2839: measured-simulated (a) and time-series comparison (b).
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that the simulation reproduces the seasonal pattern and the timing of the 
main demand variations. Residual discrepancies are partly attributable 
to the absence of an explicit modelling of intermittent system operation 
and occupant-driven usage patterns, which were assumed to be 
continuous over the year and can therefore limit the model’s ability to 
reproduce short-term fluctuations.

4.2.2. Five building case study
For the residential urban block M2814, composed of five buildings, 

the optimiser achieved a CV(RMSE) of 21.6 % after the generation and 
evaluation of approximately 6000 individuals; the corresponding results 
are reported in Table 8. In this case, the input vector minimising the 
objective function maintained constant value across all five buildings for 
the daily DHW consumption per occupant VW = 35.0 l/(d⋅pers.) and for 
the space heating set-point temperature θH;set = 19.5 ◦C. Consequently, 
the automatic calibration process mainly adjusted the occupied area per 
person, with values ranging between 29 and 31 m2/pers. In this context, 
lower occupant densities are typically associated with smaller buildings, 
while higher densities tend to be assigned to larger buildings. These 
results remain physically acceptable; however, the optimiser predomi
nantly adjusts a limited subset of parameters while keeping others 
constant, indicating limited identifiability at the urban-block scale. This 
behaviour, already observed in the single-building calibration, becomes 
more pronounced at larger spatial resolution, where the number of 
unknown terms in the mathematical system increases and compensation 
effects among parameters are more likely to occur.

Fig. 15 reports the monthly delivered energy intensity for the urban 
block M2814, normalised by the total conditioned floor area. The 
stacked columns represent the simulated energy demand of the indi
vidual buildings (M2814, M2810, M2815, M4410, and M2813), while 
the adjacent grey bars indicate the observed monthly energy con
sumption. The results show that the overall energy demand of the urban 
block is largely driven by a limited subset of buildings. In particular, 
buildings M2810 and M2815 provide the dominant contribution 
throughout the year, especially during the heating season (January- 
March and October-December), where they largely determine the 
magnitude of the winter peaks. Together, these two buildings account 
for >60 % of the urban block’s total conditioned floor area (Table 5).

The figure further emphasises the complexity of the calibration 
problem, as the dominant role of specific buildings increases the sensi
tivity of the optimisation to a reduced number of parameters. In addi
tion, a systematic underestimation of the simulated combined space- 
heating and domestic hot water demand is observed during the cold
est months, namely January and December. This discrepancy may be 
attributable to the assumption of non-intermittent operation of the space 
heating and DHW technical building systems. It is further exacerbated 
by the representation of each building as a single thermal zone, which 
prevents the model from capturing heterogeneous demand profiles 
across different units within the same building.

At a daily temporal resolution, Fig. 16a presents the measured- 
simulated comparison, while Fig. 16b depicts illustrates the temporal 
distribution of delivered energy. The comparison in Fig. 16a shows a 
strong correlation between simulated and observed values (R2 = 0.94). 
Both figures confirm the presence of a mismatch between simulated and 
observed energy demand during winter months, consistent with the 

trends identified at the monthly scale.

4.2.3. Discussion
The calibration results highlight both methodological and modelling 

limitations inherent to multi-building calibration at the urban-block 
scale. When simultaneously calibrating multiple buildings, the optimi
sation process exhibits a clear compensation effect, whereby discrep
ancies in one building are offset by adjustments in others. This effect is 
observed in both single-building and large-scale calibrations, where 
compensatory parameter adjustments can occur; however, it is partic
ularly pronounced at the aggregated (urban-block) scale. In this case, 
larger buildings tend to dominate the total demand—compared to 
single-building calibrations—due to their greater conditioned volume 
and envelope surface. As a consequence, the optimiser preferentially 
acts on parameters associated with these buildings, such as the space- 
heating set-point temperature, to minimise the overall error metric.

In this context, discrepancies between the parameters obtained 
through single-building and group-level calibration are expected, as the 
two approaches target fundamentally different optimisation objectives. 
While single-building calibration identifies building-specific optima that 
best reproduce the measured consumption of each individual building, 
urban-block calibration seeks a single (shared) parameter set that min
imises an aggregated error metric across multiple buildings. The 
resulting solution therefore represents a compromise across buildings 
with different thermal characteristics and demand profiles, which can 
lead to deviations from the individual-building optima.

This behaviour underscores the need to constrain the variability 
range of the calibrated parameters. Broad parameter bounds increase 
the likelihood of compensatory solutions that achieve good statistical 
agreement with measured data while converging towards values that 
may be weakly identifiable or only marginally physically plausible. 
Restricting the admissible parameter space is therefore essential to steer 
the optimisation towards solutions that are not only statistically robust 
but also physically meaningful.

Beyond calibration-specific aspects, the results reflect intrinsic lim
itations of the modelling framework. The UBEM adopted in this study 
relies on a typical single thermal zone representation per building, 
which restricts its ability to capture intra-building thermal heterogene
ity and zone-level operational differences. Moreover, the model does not 
explicitly represent intermittent system operation, either in time or in
tensity. Heating schedules and occupant-driven variability are therefore 
assumed to be continuous (Fig. 4), limiting the model’s capability to 
reproduce short-term fluctuations and peak demand dynamics.

Finally, the interpretation of calibration performance is further 
complicated by the use of aggregated measured energy data, combining 
space heating and domestic hot water consumption, where a relevant 
example is reported in Fig. 15. This aggregation obscures the contribu
tion of individual end uses and reduces the model’s ability to attribute 
mismatches to specific demand components.

4.3. General considerations

The Urban Building Energy Models are inspired by the experience 
developed through building energy simulation tools, incorporating as
sumptions and simplifications to represent heat exchanges at the urban 
scale. As the scale of analysis increases, the level of geometric- 
informative details in UBEMs tends to decrease, amplifying the uncer
tainty associated with input data coverage in large-scale energy assess
ments. This challenge is exacerbated by the lack of city-scale energy 
consumption data with sufficient spatial and temporal resolution, which 
hinders effective model calibration and validation. Additionally, due to 
the high computational demands of models, grey-box and black-box 
approaches are typically preferred. Combined with limited availability 
of reliable consumption data, these factors reduce the feasibility of 
iterative validation processes required to improve the accuracy and 
reliability of UBEM outputs.

Table 8 
Calibration results for urban block M2814.

Block ID Bldg. code CV(RMSE) 
[–]

Apers 

[m2/pers.]
VW 

[l/(d⋅pers.)]
θH;set 

[◦C]

M2814

M2814

21.6 %

30

35.0 19.5
M2810 29
M2815 29
M4410 31
M2813 31
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The UBEM field still lacks in standardisation. As a result, modelling 
assumptions are often derived from technical standards, reports, and 
recognised references developed for building energy modelling. For 
instance, ASHRAE Guideline-14 (2023) defines reference thresholds for 
MBE and CV(RMSE) to assess calibration in BEM tools. However, given 
the greater level of assumptions, simplifications, and uncertainties, it is 
questionable whether the same statistical acceptability ranges can be 
applied. It is likely that less severe statistical thresholds would be more 
appropriate for urban-scale applications.

UBEM heavily relies on local or regional geospatial databases that, in 
the best-case scenario, provide information on building use, construc
tion period, and volumes. Any inaccuracies in these datasets—such as 
misclassification of construction period, incorrect building use, or geo
metric errors—directly propagate into the UBEM, affecting the assign
ment of representative non-geometrical properties (building 
archetypes), the modelling of occupant-related loads, and the assess
ment of energy performance.

The ideal approach for calibrating an UBEM would include all 
thermally simulated buildings within a single unified scenario, 
computing the total energy demand of the building stock as the sum of 
the individual building’s consumption, and progressively adjusting the 
parameters to meet the calibration criteria. However, this methodology 
presents two major challenges.

First, the calculation time required to simulate hundreds or 

thousands of buildings simultaneously, along with the multiple itera
tions typical of calibration procedure, is extremely high. Second, the 
dimensionality of the input parameter space increases exponentially 
with the number of buildings, significantly slowing convergence to an 
optimal solution.

Furthermore, performing automatic calibration at the urban block 
level can introduce imbalances, as it may lead to an unrealistic and 
disproportionately overestimation of energy demand in buildings with 
larger conditioned volumes. To mitigate this compensation effect, cali
bration at the city-block scale may be more appropriate than broader 
district-level approaches.

5. Conclusions

The newly approved Energy Performance of Buildings Directive (EU 
2024/1275) sets out the national building renovation plan, which can be 
effectively supported through the integration of UBEM and building 
archetypes. However, the lack of accessible, comprehensive, and reli
able city-wide building energy consumption data—combined with the 
high computational cost of repeatedly running large-scale energy 
models—has left most UBEM applications unvalidated and uncalibrated.

This study presents a novel methodology that employs the CMA-ES/ 
HDE evolutionary algorithm to calibrate large-scale urban energy 
models at both the individual and urban block levels. Unlike 

Fig. 15. Monthly delivered energy intensity for the urban block M2814, expressed in kWh/m². The stacked columns represent the simulated contributions of the 
individual buildings (M2814, M2810, M2815, M4410, and M2813), while the adjacent grey column indicates the measured energy consumption for each month.

Fig. 16. Daily measured vs simulated delivered energy for urban block M2814: measured-simulated (a) and time-series comparison (b).
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conventional practices in the UBEM field—where optimisation tech
niques are often avoided due to the intensive computational demands of 
iterative procedures—this approach demonstrates their practical feasi
bility, scalability, and transparency. Compared to surrogate- or inverse- 
model approaches, the workflow is implemented directly within the 
simulation engine, avoiding additional modelling layers and allowing 
explicit inspection of convergence behaviour and calibrated parameter 
distributions. The proposed framework should therefore be seen as 
complementary to Bayesian approaches, prioritising scalability and 
transparency over full uncertainty quantification in data-limited urban- 
scale applications. A key strength of the proposed method lies in its 
ability to capture occupant behaviour and activity patterns, as well as its 
adaptability to energy consumption data with varying spatial resolu
tions, offering a valuable guidance for future large-scale calibration 
applications. Furthermore, this work addresses a common gap in exist
ing models by enhancing the representation of occupant-driven energy 
use within building archetypes.

The automatic calibration methodology based on the CMA-ES/HDE 
was applied to a case study located in Monthey, Switzerland, 
involving approximately 200 residential buildings. To address un
certainties in large-scale input data, an archetype-based UBEM approach 
was adopted, assigning building archetypes by construction period and 
using simplified shoebox geometries, corresponding to LoD1. CitySim 
was used to simulate energy exchanges in the urban environment. The 
objective function minimised the coefficient of variation of the root- 
mean-square error, CV(RMSE) by comparing simulated daily space 
heating and domestic hot water demands with measured district heating 
data from 2020. Calibration was performed at both single-building and 
multi-building scales, depending on the spatial resolution of available 
consumption data.

Four key input variables were optimised: air change rate, occupied 
area per person, daily volume of DHW per person, and heating set-point 
temperature. Overall, the calibration at the individual building scale 
was successful in 43 % of cases. Building portfolio calibrations were 
affected by a compensation effect, where energy demand was dispro
portionately assigned to specific buildings to meet the CV(RMSE) cri
terion. Although the methodology lacks the nuance typically associated 
with engineering judgment, it remains the only practical option for 
calibrating large-scale urban energy models. Furthermore, the results 
indicate that calibration is more effective when performed at the indi
vidual building level, rather than by aggregating multiple buildings 
within a single large-scale model.

The main limitations to the applicability of the proposed method
ology are as follows. 

• The availability of large-scale building energy consumption data 
with sufficient spatial and temporal resolution remains limited.

• The calibration process is computationally intensive. On average, 
approximately two hours are required to run 2000 individuals (i.e., 
single-building calibration). All simulations were carried out using 
CitySim on a workstation equipped with an Intel Core i9–14,900 K 
processor (24 cores, 32 threads, 3.2 GHz) and 32 GB of RAM. Trained 
surrogate models offer a more efficient solution to address this 
challenge.

• The absence of engineering judgment in automated procedures may 
lead to a bias towards convergence by adjusting the most sensitive 
parameter(s), potentially reducing the variability of others. Never
theless, manual calibration at the city-block scale is unfeasible, 
making automated approaches a necessary trade-off.

Future research lines to enhance the proposed calibration procedure 
may focus on: 

• Developing and integrating surrogate models to reduce computa
tional demands while preserving accuracy and scalability, in line 
with the current approach.

• Extending the validation of the proposed calibration procedure by 
testing the model on additional datasets and case studies, as soon as 
new high-resolution energy consumption data become available, in 
order to assess its robustness. This will allow assessing the trans
ferability of the calibrated parameters and reducing potential over
fitting effects associated with the use of a single dataset.

• Improving the quality of input data, particularly by incorporating 
high-resolution energy consumption data to support broader appli
cability across different municipalities.

• Collaborating with data managers at local, regional, and national 
levels to ensure consistent, accurate, and up-to-date datasets.
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