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ARTICLE INFO ABSTRACT

Keywords: The electrification of heating and cooling systems alters energy consumption patterns, presenting both
Optimal tuning challenges and opportunities for the operation of power systems. To this end, RC (grey-box) models have
Buildings

emerged as promising modeling structures for forecasting the thermal needs of buildings. This paper presents
a tuning algorithm and performance evaluation of the grey-box model using realistic measurement data. It
provides insights into the sensitivity of the learning process to sub-optimal solutions and the computational
burden. Four different grey-box structures with varying complexity are evaluated. The proposed methodology is
critical for integrating heating and cooling systems into future power systems. The results reveal that while the
4R3C model is the most detailed model structure among the evaluated structures, the 3R2C model proves to be
the most stable, offering the best trade-off between computational burden and model complexity. Moreover, the
physical representation of the building through this training structure can be challenging, as the optimization
process does not consistently converge to a unique set of parameter values, indicating the presence of multiple
local optima. The tuning framework is provided as an open-source modeling tool, aiming to support further
research on grey-box models.

Thermal modeling
Grey-box models

1. Introduction with the technical details of energy networks, and conversely, power

system engineers may lack expertise in building dynamics. Therefore,

1.1. Motivation

The urgent need to address climate change is accelerating the tran-
sition towards clean energy technologies, particularly in the heating
sector. Conventional heating systems, which are still largely dependent
on fossil fuels, are being increasingly replaced by electricity-based
alternatives, such as heat pumps. In the European Union, heating and
cooling account for approximately 50% of total energy consumption,
with over 70% still relying on fossil fuels, while around 80% of resi-
dential energy use is dedicated to space and water heating [1,2]. As a
result, there is a growing need for accurate and adaptable modeling
approaches that can capture the thermal behavior of buildings and
predict their future heating and cooling demands.

The thermal-electrical interface typically used for modeling thermal
needs and demand-side flexibility has been made rigorous by building
thermodynamics, resulting in oversimplified models that cannot fully
capture real-world performance dynamics. This limitation arises from
the gap between disciplines: building engineers are often unfamiliar

adopting simple, intuitive methodologies for quantifying flexibility [3]
for energy-based systems such as phase change materials [4] and
hydrogen or fuel cells [5] can greatly enhance mutual understanding
and collaboration between the two communities.

1.2. Building thermal needs

A notable contribution towards the modeling of thermal needs and
demand-side flexibility has been carried out in the context of the Am-
BIENCe project [6], which explores the activation of energy-efficient
services in buildings through innovative business models and control
mechanisms for active building energy performance contracting. A
significant challenge in this domain lies in the limited availability
of automated methodologies for generating detailed thermodynamic
models and the lack of representative building stock data [7,8]. Projects
such as TABULA [9], Hotmaps [10], and BuiltHub [11] have been
developed to address the challenge of limited building stock data by
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providing comprehensive, open-access datasets. These datasets support
various applications, from national energy planning to local building-
level simulations, and serve as foundational elements for developing
and testing energy management methodologies.

Building thermal modeling methodologies are broadly categorized
into three high-level approaches: (i) white-box, (ii) grey-box, and (iii)
black-box models [7], each with distinct advantages and limitations.
White-box models, based on detailed physical principles, are primarily
utilized by simulation tools such as TRNSYS [12], EnergyPlus [13],
and IDA ICE [14] to perform comprehensive multizone simulations of
building energy flows. These models require extensive inputs, includ-
ing precise specifications of building envelope materials, and detailed
definitions of construction elements (e.g., windows, doors, roofs), con-
sidering their area and orientation [15]. While white-box models offer
high accuracy due to their detailed physical foundations, they need
a significant amount of data and computational resources, making
them complex, building-specific, and time-intensive to develop [8,16].
Moreover, they lack adaptability, as generating a white-box model
typically requires deep knowledge of the building’s physical structure,
making it impractical to derive such models for each building.

Black-box models leverage large datasets collected from a repre-
sentative sample of buildings to infer thermal demand profiles. These
models rely on statistical or machine learning (ML) techniques to cap-
ture complex patterns and dependencies among multiple input features,
such as the approach used in [17]. A significant limitation of such
models is their inability to describe the physical characteristics of a
given building, such as construction materials, thermal mass, or specific
usage and occupancy schedules. As a result, they provide generalized
approximations that may not reflect the variability of real-world sce-
narios at the individual level. Moreover, the predictive performance
is sensitive to the availability and quality of the training data. In
many practical cases, especially in the residential sector, the necessary
volume of historical data is either limited or unavailable, thereby
constraining the applicability of purely black-box solutions. However,
this type of method is simple during the operational phase; it does not
require prior knowledge of the building’s physical structure and can be
easily implemented using widely available ML libraries [7].

Grey-box models provide a hybrid modeling approach that com-
bines physical principles with mathematical identification techniques
to represent the thermal dynamics of buildings. These models analyze
a building’s thermal behavior by representing its components, such as
walls, windows, and air volumes, as thermal resistances and capac-
itances, analogous to an electrical RC network [18]. This structure
enables the derivation of state-space equations governing tempera-
ture evolution, utilizing a relatively small set of input parameters.
Positioned between the entirely physical white-box and the black-
box approaches, grey-box models utilize physical knowledge to define
the model structure, while estimating parameters using measurement
data. This duality enables a balance between interpretability, accuracy,
and computational efficiency. Grey-box models are an ideal choice
for applications that require mathematical modeling, such as model
predictive control (MPC) structures [8,16,19]. Its implementation will
become easier in the near future, when smart meters are expected to be
installed in almost all buildings. Compared to black-box models, grey-
box methods require less training data and offer more physical insight.
Compared to white-box models, they are simpler to implement, less
data-intensive, and more adaptable to different building types [8].

However, grey-box models still present some drawbacks. The in-
dividual implementation requires tuning/identifying a new set of pa-
rameters for each building. Moreover, for forecasting, the model may
be sensitive to the initial values, which are more observable in mod-
els with multiple nodes. Finally, the usage of the building or even
its building parameters, such as insulation quality, may change over
time; this could lead to an inaccurate model, which may need to be
adjusted/retuned [16].
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1.3. Grey-box models

Numerous implementations have been proposed in the literature to
identify effective grey-box modeling approaches for building thermal
behavior. These studies typically focus on a series of fundamental
questions, including: (i) the selection of an appropriate model structure,
(ii) the required quantity of training data (duration, frequency), (iii)
the origin of this data—either from measurements or simulations, (iv)
assumptions about building occupancy during training, (v) the speci-
fication of physical bounds for parameters to ensure plausibility and
interoperability, and (vi) the best practices for the training process.

The literature has not converged on a standard grey-box configura-
tion that can be applied across different building types and use cases.
For instance, Harb et al. [7] evaluated four distinct grey-box struc-
tures and concluded that the 4R2C model provided the best trade-off
between accuracy and complexity. This model exhibited superior dy-
namic performance by capturing temperature variations and transient
responses during system modulation. Regarding the learning strategy,
the GlobalSearch algorithm was employed to enhance the likelihood of
finding the global optimum. During the learning process, if the optimal
parameter hits the bounds, the simulation is repeated by relaxing the
bound limits only for this parameter. Similar grey-box models have
been investigated in [15], with the 6R2C model being considered the
most suitable model.

Moreover, in [15], improvements related to occupancy heat gains
and variable ventilation modeling were given. Another critical aspect
of the study was the investigation of how different training data selec-
tion ranges influence forecast performance. Regarding the optimization
procedure, an effort was made to guide the solution space by initializing
physically meaningful values and applying appropriate bounds to each
variable. However, no modeling or learning strategy was employed to
ensure that the solution corresponds to a global optimum, meaning
that the final results depend strongly on the solver behavior and the
local convergence landscape. It is also worth noting that the 4R2C
structure proposed in [15] differs significantly from that presented
in [7]. The key difference is that the first 4R2C model explicitly models
a single ambient node and also uses a supplementary resistance to
characterize variable airflow ventilation. Whereas the second 4R2C
model separates indoor air from an interior node area and uses two
different but correlated ambient representations. This is a common
place when comparing all proposed structures.

In [16], a passive house equipped with a building-integrated pho-
tovoltaic facade is modeled using grey-box approaches. The only de-
viation from conventional models is the separate treatment of one
exterior wall, which is thermally decoupled due to elevated temper-
atures caused by solar gains behind the BIPV structure. In [20], a
multi-room grey-box model was developed using a second-order model
representation, where each room was divided into distinct thermal
zones to capture both short-term and long-term temperature dynamics.
In [8], a large-scale implementation of grey-box modeling was applied
to a comprehensive set of 2245 representative buildings, including
residential and non-residential types. This practical application demon-
strates the scalability and flexibility of grey-box models in capturing the
dynamic thermal behavior of the entire European building stock.

In [19], the authors focused on evaluating the performance of a
parameter estimation algorithm for grey-box building thermal models.
Through extensive Monte Carlo simulations, they demonstrated that the
identified thermal parameters, R and C, exhibit high sensitivity to both
the initial guess and the input dataset. As a result, the parameter esti-
mates exhibit significant variability, which undermines their physical
interpretability.

A systematic methodology for identifying suitable grey-box models
for building thermal dynamics is proposed in [21], emphasizing a for-
ward selection strategy that incrementally increases model complexity
based on likelihood-ratio tests, ensuring both physical interpretability
and statistical validation. In [22], the authors investigated the quality
and robustness of grey-box building models as a function of the accu-
racy and type of input and observation signals, using detailed white-box
simulations as a controlled reference.
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Table 1
Overview of grey-box models, training durations, and data sources used in related studies.
Ref. Models Number of Training Data Problem
(Best Model) buildings duration source addressed
[15] 2nd-3rd order 1 14 days White-box Modeling level
(6R2C)
[7] 1st-3rd order 3 26 days Measurements Modeling level
(4R2C)
[16] 1st, 2nd, 4th 1 12 days Measurements self-adapting
order (6R4C) model
[20] 2nd order 1 17 days Measurements Stochastic
[8] 2nd order 1 60 days White-box Modeling level
[19] 2nd order 1 8 days Measurements Physical
interpretation
[23] 2nd order 1 5 days Measurements Modeling
[21] 1st-5th order 1 6 days Measurements Model selection
(4R4C) strategy
[22] 1st-5th order 2 6 days White-box Data sensitivity

1.4. Limitations

Despite the progress, grey-box models still face several limitations
that hinder their wider adoption. A significant issue is the lack of
transparency, particularly regarding parameter estimation procedures,
solar gain treatment, and the absence of open-source implementa-
tions. Many works omit critical details, such as the tuning algorithm,
initialization strategy, and the associated computational cost of the
calibration process, which can be substantial depending on the model
complexity. The treatment of solar irradiance and heating inputs is
often inconsistent across studies, with each model distributing gains
differently among internal zones, the envelope, and internal contents.

To enhance clarity and emphasize the main limitations identified in
the literature, these challenges can be summarized as follows:

1. Lack of transparency in parameter estimation procedures, in-
cluding insufficient reporting of tuning algorithms, initialization
strategies, and computational cost.

2. Inconsistent treatment of solar irradiance and heating inputs
across different model structures.

3. Absence of standardized practices regarding the selection, dura-
tion, and granularity of training datasets.

4. Limited discussion on retraining frequency and long-term model
robustness.

5. Lack of clear physical bounds and interoperability guidelines for
estimated parameters.

These gaps affect both the reliability and generalization of grey-box
models. The most common model structures, data sources, quantity of
training data, and problems addressed by each work are summarized
in Table 1.

1.5. Novelty and contributions

This paper addresses these challenges through a grey-box tuning
algorithm that balances accuracy and flexibility. Moreover, it provides
a sensitivity analysis for all critical decisions. The objective is to deliver
a robust tuning and modeling framework that is suitable for integration
into optimization-based control schemes. The proposed framework pri-
marily focuses on practical deployment and can support power system
planning, short-term scheduling, and operational decision-making in
active distribution grids, particularly in the coordinated management
of electrified heating systems.

The contributions of the paper are threefold:

+ A systematic framework to model and forecast the thermal en-
ergy needs of individual buildings, based on validated and inter-
pretable grey-box structures.

+ Insights into the sensitivity of the models to different initial
values, and a computational sensitivity analysis assessing how
tuning complexity and parameter initialization affect model per-
formance.

» An open-source implementation that enables stakeholders to effi-
ciently use, adjust, and extend the proposed models for broader
studies on electrification and grid integration.

The remainder of the paper is structured as follows. In Section 2,
the modeling framework and mathematical modeling of building ther-
modynamics are given. The tuning process is discussed in Section 3.
Section 4 provides a brief explanation of the case study. Then, in
Section 5, the simulation results are discussed. Finally, conclusions are
drawn in Section 6.

2. Thermal modeling framework
2.1. Electric analogy modeling

In grey-box modeling, the building is represented through a lumped-
parameter thermal network inspired by analogies with electrical cir-
cuits. In such analogy, temperature corresponds to voltage, heat flow
to electric current, thermal capacitance to electric capacitance (repre-
senting thermal mass), and thermal resistance to electrical resistance
(representing insulation and heat transfer limitations).

The model structure is typically described using the x RyC notation,
where x and y denote the number of thermal resistances (R) and
thermal capacitances (C), respectively. The number of states in the
model defines its order, and it directly influences the trade-off between
computational complexity and predictive accuracy. First-order, second-
order, or higher-order models can be formulated depending on the
desired fidelity and the availability of training data. These models are
based on the following set of assumptions that users should be aware
of when applying them in practice [7,15]:

1. Thermal resistance and capacitance values (R, C) are assumed
constant over time, representing average building behavior.

2. Building components (walls, windows, etc.) are considered to
have uniform material properties.

3. Most of the grey-box models consider a single thermal zone per
building model. Also, multi-thermal zone grey box models are
proposed; however, they are out of the subject of this paper.

4. Convective heat transfer is treated as a linear process.

5. Occupancy profiles are assumed to be uniform and constant.

6. Air infiltration is assumed constant unless explicitly modeled.

Capturing the thermal response of a building requires knowledge of
four main variables: solar irradiance (Qj,q), outdoor air temperature
(T,), heating power input from the HVAC system (Q)), and the resulting
indoor air temperature (7},). In practice, three of these inputs are
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sufficient to estimate the fourth. Depending on the application, the
focus may be on forecasting indoor temperature based on external
conditions and heating input or, conversely, estimating the required
heating power to maintain thermal comfort (7;,).

2.2. Mathematical modeling

Building upon the electrical-thermal analogy (See Fig. A.6 in the
Appendix for illustrative models), the thermal dynamics of a building
zone are formulated using the principle of energy conservation [20].
The heat balance at each thermal node can be expressed as:

Ci% = zQin - ZQout +dw;

where C; [J/K] is the thermal capacitance of node i, T; [° C] is the
temperature at node i, and Q [W] denotes thermal power exchange due
to either active sources (e.g., heating systems, solar gains) or passive
heat transfer through conduction. The conductive heat transfer between
two thermal nodes is typically modeled by:

Q= o (T~ T), M

where R, [K/W] is the thermal resistance of element w, and T, T;
are the temperatures on either side of the surface. In practice, build-
ing thermal behavior is affected by various uncertainties, including
unknown internal heat gains, occupant-driven variability, and measure-
ment noise. To account for these effects, a disturbance term dw; [W] is
added to the heat balance. This stochastic representation, as discussed
in [23], helps capture:

» Model simplifications and neglected physical phenomena,

» Unmeasured or time-varying internal gains (e.g., from occupants
or appliances),

» Sensor and measurement noise.

The full set of ordinary differential equations (ODEs) is derived
from the selected RC network structure, where each node corresponds
to a thermal element in the building (e.g., indoor air, wall mass).
These equations constitute the foundation for simulation and parameter
estimation in the grey-box modeling framework. The continuous-time
dynamics can be expressed in compact form as:

L =40 - T+ BO) - U0) @
where T is the state vector and U is the input vector. A and B
represent the matrices of parameters, that are dependent on the grey-
box model structure. For instance, in the 1R1C model, the state, input,

and parameters vectors are defined as:

T = [T,,0], U0 =[0,1) 0O, T,

A0 =[] B0 = [ 22 L O
= Rin,a'cin B = Cin Cin R -G

in,a in

3

]T

To enable discrete-time simulation and optimization, the system is
discretized using the forward Euler discretization:

Tk +1) = A4(0) - T(k) + B;(0) - U(k) )

with A,(0) = I + AT - A() and B,(6) = AT - B(0), where I is the identity
matrix of appropriate dimension (matching the size of A(9)), and AT is
the discrete time step used for the numerical simulation and control
horizon. The Appendix presents a compact formulation of the ODEs
used in all grey-box models, alongside a detailed description of their
structural components and parameter definitions.

The heat input from solar irradiance and the heating system (Q},, Q)
constitutes the most critical heat transfer affecting the model behavior.
In the modeling structure presented in this study, the solar irradiance
heat flux is expressed as A;Q,, and the heating system heat flux as
fiQ,, where i denotes node i of the grey-box model. The heating
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system coefficients must satisfy the Y f; = 1, as the power inputs are
distributed across the nodes of the modeling structure. The solar heat
gain Q, is defined as O, = Irr [W/mz] - B, [m?], where B, is the
effective window area and Irr is the measured solar irradiance. In most
studies, the effective window area is considered to be approximately
60% of the measured window size [20]. However, in our study, B, is
treated as a tunable parameter, constrained only by logical bounds.

3. Tuning methodology
3.1. Optimization framework

The identification of the unknown physical parameters 6 € O in the
grey-box model is formulated as a nonlinear optimization problem be-
cause of bilinear equations. The objective is to minimize the deviation
between the predicted indoor temperature T}, (k) and the corresponding
measured values T,'°*(k) over a time horizon of N steps which may
correspond from a few days up to some weeks:

N
W N 2 (Tuth - e k)’ ©®)
s.t. T(k+1)= Ay 0)  T(k)+ B,(0)-Uk), Vk ()
Opin SO < 0p0x, VOEO, Vi ®
where:

+ O is the vector of parameters to be tuned (e.g., thermal resistances
and capacities),

* [60,in Omax] denotes the set of admissible physical bounds,

* T;,(k) € T is the simulated temperature at time step k,

* T€85(k) is the measured indoor air temperature.

The 6 limits were selected based on building physics to ensure the
chosen model correlates directly with the modeled building’s physical
attributes.

3.2. Tuning framework

The overall identification and validation process is illustrated in Fig.
1, which involves three main stages:

1. Data Acquisition and Filtering: Generate synthetic data
through detailed simulation or obtain on-site data. These raw
data are preprocessed (testing and validation) and resampled to
a common frequency interval.

2. Parameter tuning: Optimal parameters 6* are found by solving
the proposed optimization problem. In each iteration, the initial
values are randomly selected within the bounds.

3. Validation: The identified model is tested on unseen datasets
to verify the performance. From the entire set of tests, the
parameters of the most accurate run are selected.

Initially, the user selects the model structures for tuning. Then
a repetitive tuning process is executed for a predefined number of
iterations, denoted as nj,,. The model is initialized in each iteration
with randomly selected parameter values within the specified bounds.
After completing all iterations, the set of parameters that yielded the
lowest mean squared error (MSE) in the validation dataset is retained
as the optimal configuration for that model.

3.3. Metric

Performance metrics are used to compare the model’s performance
and assess its accuracy. The metric concerns the model’s ability to
predict indoor air temperature. This is quantified by the RMSE, which
measures the disparity between simulated indoor temperatures and
actual measurements as defined in Eq. (9).

N
RMSE = X (1,11 - Tialr) )

L
N t=1
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Fig. 1. Grey-box model tuning and validation framework.

Table 2
Overview of case study buildings.

Case Study Location Type Floor area Available Data
1 Trondheim Residential 100 m? 22 Days
2 Canada Library 2100 m? 60 Days
3&4 California Office 57 m? 20 Days

4. Case study buildings and input data

Measurement data collected from four buildings with varying usage
types were initially used to validate and assess the robustness of the
proposed modeling framework under real data. To ensure a compre-
hensive evaluation, the buildings were selected to represent a range
of structural characteristics, including building size (57-2100 m?), and
diverse climate conditions across different locations (Norway, Canada,
United States). The measurement data used in this study are available
online at Mendeley Data [24]. A short description of the building
characteristics is given in Table 2.

4.1. Buildings

Case Study 1 (CS1) is a zero-emission single-family house, located
on the NTNU campus in Trondheim, which is a 100 m? single-family
house. Constructed with a wooden frame, the building is highly insu-
lated, featuring 35-40 cm of mineral wool, and maintains a window-
to-wall ratio of about 20%. The layout is divided into four zones: two
bedrooms, a bathroom, and a living area.

Case Study 2 (CS2) is the first Net-Zero Energy Library in Canada,
built in 2014. Situated in Varennes, 30 km northeast of Montreal within
ASHRAE Climate Zone 6, this two-story building encompasses approx-
imately 2100 m? of floor space. It features a sizable basement housing
the mechanical room and a mezzanine dividing the two levels. The two
floors are mainly open-plan areas designated for library use, with a
few closed office spaces on the first floor. A 110.5 kWp photovoltaic
array, integrated into the building’s architecture, is mounted on the
south-facing roof.

Case Studies 3 and 4 (CS3, CS4), named FLEXLAB, located at
Lawrence Berkeley National Laboratory in Berkeley, California, are
well-equipped experimental test centers. The facility comprises four
testbeds, each with two identical rooms to enable side-by-side com-
parisons of a new technology versus a baseline scenario. The data
was gathered from the testbed “XR” which includes two identical
adjoining rooms, Room Cell A and Room Cell B, each simulating a small
commerecial office space with a floor area of 57 m? and featuring a large
south-facing window.

4.2. Thermal data

The heating requirements are relative to all zones, with the build-
ing’s average air temperature calculated by weighting each zone’s
temperature against its volume. Moreover, each simulation study case
obtained heat consumption, outdoor air temperature, and global solar
irradiance on a horizontal surface. Obtaining solar irradiance data is
challenging. To simplify model implementation, it is best to avoid on-
site measurements and instead use global horizontal irradiance data
from nearby meteorological stations. Bathrooms are excluded from the
calculations due to the very high temperature fluctuations caused by
hot-water use.

5. Results and discussions

The optimization problem is formulated as a nonlinear program-
ming problem (due to bilinear terms) and solved using the IPOPT
solver, a primal-dual interior-point method well-suited to nonlinear
programming. The implementation used a laptop equipped with an
M4 Pro Max chip, featuring a 12-core CPU and 36 GB of unified
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Fig. 2. Comparison of measured and simulated indoor temperatures for all grey-box models across the four case studies.

memory. The solver successfully converged to a feasible solution in
almost all scenarios tested. A 30-minute temporal resolution is used for
all studies. The modeling and optimization framework is implemented
in an open-source Python-based toolkit, publicly available on GitHub.'

5.1. Tuning performance evaluation
To assess the accuracy of different models and the computational
time, real-world data from case studies was utilized. The first 12 days of

each dataset are used for model training, the next 5 days for validation,
and the last 3 days are used for testing purposes. As the methodology

1 https://github.com/SPS-L/HeatPump-FlexModeling-Toolkit

suggests that repeated runs are required to ensure convergence of the
optimization process, 30 iterations were chosen for each test case in this
analysis. Fig. 2 shows a comparison of measured and simulated indoor
temperatures across all grey-box model structures and case studies for
the training dataset. The parameters after the tuning are presented in
Table 4. The performance metric, RMSE, is summarized in Table 3, for
training, validation, and testing phases.

The 1R1C model shows clear limitations in capturing indoor temper-
ature dynamics in some test cases. While it performs reasonably well
under stable conditions (e.g., case studies 1 and 2), it struggles in more
dynamic cases (e.g., case studies 3 and 4), where it underestimates
peak values and produces overly damped responses. This is due to its
simple structure, which includes only one thermal resistance and one
capacitance, capturing just a single dominant time constant. As a result,
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RMSE metrics for different grey-box thermal models during training, validation, and testing phases. “CS” denotes
the case study identifier used for each building scenario.

Training RMSE [K]

Validation RMSE [K]

Testing RMSE [K]

1R1C 2R2C 3R2C 4R3C 1R1C 2R2C 3R2C 4R3C 1R1C 2R2C 3R2C 4R3C
cs1 0.15 0.14 0.10 0.10 0.28 0.22 0.18 0.18 0.36 0.32 0.33 0.31
CS 2 0.87 0.93 0.51 0.44 1.34 1.42 0.86 0.48 0.34 0.37 0.36 0.74
CS 3 1.16 1.12 0.65 0.62 1.06 0.97 0.86 0.76 0.67 0.58 0.49 0.48
CS 4 0.93 0.51 0.48 0.48 1.35 0.60 0.52 0.53 0.85 0.64 0.56 0.69

Table 4

Summary of results across varying grey-box models and buildings for the training dataset. Different buildings denoted with Case Study 1 / Case

Study 2 / Case Study 3 / Case Study 4.

Variable  1R1C 2R2C 3R2C 4R3C

Riptin - - - 0.016 / 0.025 / 0.004 / 0.003

Rine - 0.048 / 0.0005 / 0.0016 / 0.023  0.007 / 0.015 / 0.006 / 0.005  0.06 / 0.002 / 0.093 / 0.0027

Ripa 0.013 / 0.00043 / 0.012 / 0.072 - 0.049 / 0.002 / 0.039 / 0.035  0.069 / 0.002 / 1 / 0.88

R, - 0.0014 / 0.0005 / 0.001 / 0.0051  0.02 / 1 / 0.0037 / 1 0.0029 / 1 / 0.0097 / 0.019

Cin - - - 4.2e6 / 2.7¢8 / 1.2¢6 / 2.6e6

C 2.3e7 / 2.5€9 / 5.1€7 / 2.5¢7 6.3e6 / 1.3e9 / 1.1e8 / 1.1e6 4.5e6 / 5e8 / 1e6 / 3.2e6 4.2e6 / 2.7¢8 / 1.2¢6 / 2.6e6

C, - 1e6 / 3.9e7 / 4.5¢8 / 3.3¢8 2¢7 / 5e8 / 3.4e8 / 3.8¢7 2.7¢7 / 5.0e8 / 1.2¢6 / 2.8¢6

A - - - 0.00 / 0.00 / 1.60 / 2.35

A 3.47 / 630.00 / 5.35 / 3.06 0.39 / 226.05 / 14.51 / 0.37 0.93 / 136.12 / 0.74 / 1.02 0.86 / 76.07 / 1.02 / 1.60

4, - 12.37 / 0.00 / 0.00 / 8.55 1.25 / 0.00 / 13.83 / 2.45 3.59 / 0.00 / 3.87 / 0.00

T - - - 0.17 / 0.81 / 0.54 / 0.35

Fhin 1/1/1/1 0.26 / 0.00 / 1.00 / 0.13 0.25 / 0.32 / 0.36 / 0.43 0.22 / 0.13 / 0.46 / 0.49

The - 0.74/1/0/087 0.75 / 0.68 / 0.64 / 0.57 0.61 / 0.06 / 0.00 / 0.16

Table 5 model increases. This behavior can be attributed to the fact that some
Summary of tuning sensitivity analysis in terms of random initializations. repetitions required significantly more iterations to converge because of

Metric 1R1C 2R2C 3R2C 4R3C poor initialization, which delays convergence, distorting the expected
No. of Optimal Solutions 43 7 9 2 performance. As a result, the computational time for a specific iteration
Mean RMSE 0.28 0.32 0.12 0.13 can appear higher than the median value, even though its typical
RMSE Std. Dev. 0.24 0.21 0.15 0.15

it cannot differentiate between fast internal gains and slower thermal
effects through the building envelope, leading to poor alignment with
measured data.

In contrast, the model’s performance increases as the complexity of
the model rises. The 3R2C model shows some improvement, which is
mainly caused by the extra ventilation parameter, making the 3R2C
model slightly better than the 2R2C. The 4R3C structure demonstrates
the highest performance among all models evaluated during the train-
ing and validation phase. However, in the testing phase, it does not
present significant improvement over the other models, and it was even
worse in CS2 and CS4.

Therefore, we cannot clearly distinguish a universally superior
model, as each dataset exhibits different sensitivities under the various
models. However, we can confidently conclude that the most stable
model is the 3R2C. It consistently outperformed the others, most likely
due to its higher complexity compared to the 1R1C and 2R2C models,
allowing it to capture both fast and slow thermal dynamics, while still
maintaining lower complexity than the 4R3C model. The latter’s higher
degrees of freedom make it more difficult to tune effectively.

5.2. Computational analysis

The boxplots in Fig. 3 illustrate the expected trend in computational
time across the different thermal models. The reported values corre-
spond to the computation time for each iteration. The increasing model
complexity (from 1R1C to 4R3C) generally leads to longer computation
times. This is evident in most case studies, especially in CS3 and CS4,
where the 4R3C model exhibits significantly higher computation times
compared to simpler models, as expected due to its increased number
of parameters and degrees of freedom.

High computational times are observed for some iterations (longer
outliers), and this becomes more evident as the complexity of the

convergence time remains lower.
5.3. Tuning sensitivity to initial parameter values

To systematically evaluate the sensitivity of the parameter tuning
process to random initialization, we conduct 100 independent opti-
mization runs using different initial parameter values. Sensitivity is
quantified using three indicators: (i) the variability of the final RMSE
across runs, (ii) the frequency of convergence to the best-performing
solution, and (iii) the dispersion of the optimized parameter values.
Case study 1 was used for this sensitivity analysis; however, the results
were very similar across all test cases. As before, 17 days are used
for model training and tuning. We assess the impact of initialization
variability on the final model performance. The RMSE and the cor-
responding optimized parameter values are recorded for every trial.
The summary key results presented in Table 5 underscore the critical
influence of initialization on the training of grey-box models.

The 1R1C model includes three degrees of freedom: Ry, 5, Ciy, and
A, As shown in Fig. 4, the model exhibits low sensitivity to the initial
values of R;,, which consistently converge to approximately 0.013. In
contrast, A;, and C;, are identified as the most sensitive parameters.
The optimized value of C;, varies between 2¢’ and 4e%, depending
on the initialization. Despite this variation, the optimization process
converges towards the same optimal solution across 43% of the trials.
In the remaining 57% of the cases, slightly elevated RMSE values were
observed. Therefore, even if the optimum solution cannot be reached,
good model performance can still be gained.

In contrast, the 2R2C model introduces seven degrees of freedom,
significantly increasing the nonlinearity and complexity of the opti-
mization problem. As shown in Fig. 5, this results in a greater tendency
to converge to suboptimal solutions, with multiple local minima ob-
served across different initializations. Interestingly, the tuning variables
do not converge to a single parameter value, indicating the difficulty
in plausibly describing the building characteristics.
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Fig. 3. Computational time for each thermal model across all case studies. Each boxplot represents the optimization time over 30 iterations per tuning process.
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Fig. 5. Parameter tuning values and training RMSE for the 2R2C model. Each line connects the initial randomized value (blue marker) to the final optimized

value (red marker).

The 3R2C model, although more complex than the previous two
structures, as shown in Table 5, nearly all initializations converge to a
similar optimal value. As a result, the standard deviation of the RMSE
values is reduced, indicating highly stable and consistent performance
across all trials. This suggests that the additional state may better
capture the dominant thermal dynamics of the building, effectively

reducing model bias without excessively increasing parameter redun-
dancy, validating the improved results of this model as explained
in Section 5.1.

For the 4R3C model, although convergence towards similar RMSE
levels is frequently observed, a noticeable dispersion in the optimized
parameter values remains. This indicates that the increased number of
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degrees of freedom introduces parameter redundancy, allowing mul-
tiple parameter configurations to produce similar model performance.
While predictive accuracy is preserved, the interpretability and physical
reliability of individual parameter estimates may be compromised.

Finally, the number of times reaching the optimal solution is sig-
nificantly reduced for 2R2C, 3R2C, and 4R3C models compared to the
1R1C model. These results emphasize the necessity of employing multi-
ple training runs with randomized initializations to enhance parameter
estimation’s reliability and reduce the likelihood of entrapment in local
minima.

6. Conclusions

In conclusion, this work presents a systematic methodology for
identifying and tuning grey-box thermal models. While the 4R3C
model achieved the highest accuracy during the training and validation
phases, its performance during the testing phase was less encouraging.
Additionally, its computational cost increases exponentially, making it
unsuitable for large-scale implementations. Simpler models, such as the
1R1C, demonstrated high computational efficiency but failed to cap-
ture the dynamic thermal behavior under varying external conditions.
Overall, the 3R2C model emerged as the most suitable option, offering
a balanced trade-off between accuracy and computation time.

Moreover, the tuning process was found to be sensitive to the initial
parameter values, indicating the presence of multiple local minima
in the solution space. Repeating the optimization with randomized
initializations proved essential to ensure robustness and to avoid con-
vergence to suboptimal solutions. While the primary advantage of
grey-box models lies in maintaining the physical interpretability of
model parameters, the experimental results indicate that this is not
always guaranteed. The final solution depends heavily on the solver’s
algorithm and the input data, which may limit interpretability when
convergence to the global optimum is not achieved.

Future work will adopt the proposed framework to optimally op-
erate heat pumps in active distribution grids. More specifically, the
proposed linear model equations of any model structure, together
with the tuning algorithm, could be integrated within optimization
frameworks and combined with different heating and cooling systems.
By associating these models with the corresponding network elements,
the operator could properly control such systems to support operational
decision-making and ensure the safe and optimal operation of electrical
network grids.
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Appendix. Model structures
A.1. Model 1R1C - single-node

The most basic configuration is the 1R1C model, shown in Fig.
A.6(a), and widely used in early-stage estimation studies [7,8,16]. It
consists of a single thermal node with capacitance C; representing the
thermal capacity of the whole building’s indoor environment. This node
is connected to the external environment through a single thermal
resistance Ry, .y; @ higher resistance means better insulation. Heat
inputs from the heating system (Q,,) and solar irradiance (Qg,,) are
applied directly to the internal air node. This model provides a lumped
estimation of building thermal dynamics, with minimal computational
burden. The product A,,Q; is a key component of this model structure.
According to [7], 4;, is a tunable parameter typically ranging from 0
to 0.25, while [8] defined this variable without further explaining how
this parameter is estimated, tuned, or bounded.

dT; T,-T,
in d;n = % +Qh +Aian

(A1)

in,a
A.2. Model 2R2C - envelope split

A 2R2C model structure — illustrated in Fig. A.6(b) — represents
the thermal mass of the building envelope (7,), distinguishing it from
the indoor air temperature 7;, [8]. The key difference in the model
presented here compared with the proposed one by [8] is that the
thermal input powers (Q,,0Q,) were modeled in both indoor and en-
velope temperatures, with the corresponding tuning factor instead of
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only indoor input thermal powers.
T, T,-T,

; [ — S + A A.2
in gy Rin,e FnOn inQs (A.2)
ar, 1,,-7T, T,-T,
—_— =+ == 4+ (1 - + A A.3
a1 R, R, (= f)Qp + A, Q (A.3)

A.3. Model 3R2C - ventilation-aware

The 3R2C model — depicted in Fig. A.6(c) — introduces an ad-
ditional resistance to represent heat transfer due to ventilation, dis-
tinguishing it from internal conduction (R;,,) and external envelope
resistance (R,,). This model extends the 2R2C structure, enabling
more accurate predictions in scenarios with constant airflow rates. This
model is also adopted from [15,19]. Again, the heat input flux varies
between models in the literature. Here, a superset relies on the tuning
process to define which is more important.

dT; T,-T, T,-T,
C in _ Ze in a in + + A A.4
in~ 1y Rin,e Rin,a thh sz ( )
dTe Tin - Te Ta - Te
—eo i ey la e y(1- +4 A5
e Rors R.. (= f)0n + A.Q; (A.5)

A.4. Model 4R3C — four-node structure

The 4R3C model illustrated in Fig. A.6(d) extends the previously
mentioned 3R2C model by introducing a second thermal node to rep-
resent internal contents, such as furniture or indoor walls, improving
the accuracy of capturing thermal inertia. The internal components
temperature, the indoor air temperature, and the temperature of the
envelope are included. The heat flux from the heating system is partly
transferred to each node as described in (A.9).

dTine _ Tin = T

t

it = —Rint,inn + Snim@n + A Qs (A.6)

dTy, To-Ty Ty,-Ty Tpe—T
C in _ e in , “a in int in ) + A A7
n dt Rin,e Rin,a Rint,in fh’anh MQS ( )

dTe Ta — Te Tin — Te

—S=2_e ey +A4 A8
e dt Re,a Rin,e fh,th er ( )
fh,int + fh,in + fh,e =1 (A9)

Data availability

Throughout the manuscript, references to the data and code are
provided via the corresponding links and the GitHub repository.
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