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Abstract
Reducing energy consumption in the building sector is crucial for
global sustainability. Achieving energy efficiency requires advanced
technologies and robust building models that address uncertainties
and environmental variations. White-box models, based on physical
principles, provide interpretability but require significant expertise
and resources. In contrast, black-box models rely on historical data,
lacking interpretability and being dataset-dependent. To bridge
this gap, Scientific Machine Learning integrates physical insights
into machine learning frameworks, ensuring interpretability while
maintaining the accuracy and computational efficiency of models
like neural networks.
This work incorporates physical knowledge through Ordinary Dif-
ferential Equations into the neural network framework, developing
a physics-informed model to predict indoor air temperature based
on external conditions, system thermal powers, and building inter-
nal gains. Datasets from four cities with diverse climatic conditions
were used, and the model was trained on varying amounts of data,
from two weeks to two years. This approach offers a novel ex-
ploration of model performance under different data availability
and multiple scenarios. A comparative analysis with a Long Short-
Term Memory neural network shows that, especially with limited
training data, the Physics-Informed Neural Network outperforms
the conventional model, with a Mean Absolute Error up to 0.69°C
lower. This advantage is due to the incorporation of physics-based
constraints, reducing reliance on large datasets. Additionally, the
Physics-Informed Neural Network demonstrates stable accuracy
across seasonal and uncontrolled dynamics conditions, highlight-
ing its potential for temperature prediction and building control
applications.

CCS Concepts
• Computing methodologies→ Model verification and vali-
dation.

Keywords
physics-informed, neural network, building, modeling, Ordinary
Differential Equation
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1 Introduction
Climate change, driven by the accumulation of greenhouse gases
(GHGs) like CO2, leads to global temperature rise, necessitating sig-
nificant emission reductions. Europe aims to cut emissions by 55%
by 2030 and achieve net-zero by 2050 [3]. With energy consump-
tion contributing over three-quarters of global emissions, buildings
account for 17.5% [29], making them a crucial target for emission
reductions. Energy demand in buildings is projected to rise due to
increased appliance use and air conditioning [19]. To mitigate this,
energy-efficient buildings with advanced control strategies are es-
sential. Control strategies ensure stable indoor environments while
minimizing energy consumption andmanaging transitions between
operational states [16]. Traditional approaches often struggle to
adapt to changing external conditions and varying internal loads,
reducing overall system efficiency. Advanced control strategies
provide a more adaptive solution by considering external factors,
occupancy patterns, and energy pricing to optimize energy use
dynamically [35]. However, their effectiveness can be undermined
by data scarcity, which is common in both older buildings lack-
ing sensor installations and new constructions without historical
data. Developing accurate building models is essential to predict
performance, simulate scenarios, and implement reliable control
solutions. For this purpose, the development of an accurate and
reliable building model becomes fundamental [8].

Building models are classified as white-box, black-box, and grey-
box. White-box models rely on the system’s physics, described
by governing ODEs and PDEs, providing interpretable solutions
and generalizable results. While useful with limited data, they re-
quire significant time, expertise, and computational resources [30],
as seen with EnergyPlus, a building energy simulation tool [11].
In contrast, black-box models are data-driven, relying on large
datasets for predictions without expert knowledge, so they lack
transparency and are limited in their interpretability. These models
include machine learning algorithms like neural networks, which
cannot explain how conclusions are drawn.

It is from these considerations that interpretable machine learn-
ing, also known as Scientific Machine Learning (SciML) [2], which
falls under the grey-box category, was born with the aim of lever-
aging the physical information describing the system, ensuring
interpretability of the model, without sacrificing the accuracy and
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computational efficiency of traditional machine learning. This gen-
eralization and consistency with physical constraints problem par-
ticularly concerns neural network models, for which the quality and
uniformity of the training and testing dataset are crucial. Recent
research has focused on incorporating physical laws into neural
networks, particularly through Physics-Informed Neural Networks
(PINNs), which improve both model reliability and interpretabil-
ity [14].

In an effort to advance energy-efficient building practices and
tackle the challenges posed by the building sector’s significant
impact on global energy consumption, this work undertakes a com-
prehensive exploration of PiNNs applied to building energy con-
sumption. The primary objective is to develop a neural network
that integrates physical knowledge derived from the differential
equations governing air temperature dynamics. This approach en-
ables the prediction of air temperature based on a range of features,
including external temperature, solar radiation, heating/cooling
thermal power, and internal gains. The performance of the PiNN
model is then compared to that of a Long Short-Term Memory
(LSTM) model, which is recognized as one of the best architectures
for time-series forecasting. This comparison aims to understand
how the two models handle data scarcity. Together with this, the ob-
jective is also to evaluate the models’ performances under varying
climatic conditions, thus ensuring its adaptability across different
environmental contexts. To achieve this, custom synthetic datasets
are generated with varying climatic conditions and data percent-
ages, including different durations (i.e, 2 weeks, 1 month, 3 months,
1 year, 2 years) and locations representing four distinct cities in dif-
ferent countries: Turin for Italy, Munich for Germany, Copenhagen
for Denmark and Madrid for Spain. Although the datasets used in
this study are synthetic and realistic, the underlying methodology
is designed to be easily transferable to real-world data, making it
applicable for broader implementation in actual building systems.

The rest of the paper is structured as follows. Section 2 provides
a review of the literature on the application of PiNNs in the building
sector. Section 3 outlines the developed methodology, while Section
4 presents and discusses the experimental results. Finally, Section 5
concludes with a summary of key findings and remarks.

2 Related works
PiNNs are widely used in complex physics fields like fluid and solid
mechanics. Zhang et al. [34] developed a PiNN framework for learn-
ing relationships in incompressible fluid flow around a cylinder,
applying physical regularization to enhance learning. In solid me-
chanics, Zhang et al. [33] created a PiNN model to identify soft
tissue properties, using two neural networks to solve the forward
problem and estimate material parameters. A typical way to model
building thermal behavior was through grey-box model, such as RC
networks. Hossain et al. [18] used Bayesian neural networks to iden-
tify these models from sensor data and provided pre-trained models
to reduce training time, while in [20] the authors proposed an au-
tomated, scalable approach and a new indicator to assess model
quality. Numerous examples of PiNN application in the building
context are available in literature, each each addressing algorith-
mic challenges differently. In numerous studies, control-oriented
models have been introduced. Chen et al. [1] proposed PhysCon,

integrating domain knowledge via a physics-based loss term to pre-
dict lumped building thermal mass and plan a Demand Response
strategy. Training is regulated by a time-lag and regularization term.
Gokhale et al. [17] adopted the same loss function modification and
introduced PhysNet, a two-module architecture encoding latent
and observable states to predict outputs while embedding system
physics. Later, it was enhanced for multi-time-step room tempera-
ture and thermal power predictions [27], enabling integration with
a Monte Carlo Tree Search control algorithm.

PiNNs have been shown to be capable of handling both forward
and inverse problems [7], sometimes jointly by exploiting the same
optimization problem [4]. In [22], Luo et al. present a PiNN model
designed to estimate the parameters of the Ordinary Differential
Equation (ODE) governing the air conditioning load in a building.
The training process is divided into supervised and unsupervised
learning phases, each guided by a distinct term in the loss func-
tion: one related to data and the other to physics. [31] and [24]
both demonstrate fully unsupervised learning approaches, as their
PiNN models are trained without labeled data. In [31] the physics-
informed model is trained offline to capture data hall dynamics
and acts as a state estimator in a reinforcement learning control
strategy. Likewise in [24] the authors develop HVAC system ther-
mal model to be used in a Model Predictive Control. Notably, the
physics-informed loss functions in both studies exclude any data
term, consisting only of two components: one for the initial con-
dition and another for the ODE residual, highlighting their purely
unsupervised nature. Most of the PiNN models have a Multilayer
Perceptron (MLP) model as an architecture, but it is not rare to find
models with other structures. In [4] a Long Short-Term Memory
(LSTM) neural network is trained in order to predict room tempera-
ture, while incorporating a physics-constrained loss function. This
approach respects the governing ODEs of temperature variation
and integrates the control problem optimization directly into the
network’s training process. Recurrent Neural Networks are also
employed in [26], where the authors introduce a PiNN to model the
thermal dynamics of an electric water heater, incorporating con-
straints on the direction of temperature gradients and permissible
values. Nagarathinam et al. [25] combined a graph neural network
with physics-informed learning, where the dynamics of the graph’s
interconnected nodes are governed by building behavioral equa-
tions, while the loss function incorporates both the residuals of the
ODE and a term accounting for the initial conditions.
Physical knowledge can also be incorporated into the model archi-
tecture. Di Natale et al. [8] incorporated physical knowledge into
model architecture by integrating a linear physical module within a
Neural Network (PCNN), ensuring consistency without modifying
the loss function. The model is thus defined physically consistent
because it does not learn all the information from the data, but only
those that are not easily characterized beforehand,which concerns
the unforced dynamics of the building. PCNN has also been tested
with multi-zone building [9], showing good results especially when
considering a physical and black-box module for each thermal zone.
Drgona et al. [10] developed a multi-block neural model linking
heat transfer coefficients to eigenvalues, with penalties enforcing
physical realism. The block structure applies separate constraints on
inputs and disturbances, while slack variables in training penalize
constraint violations to maintain realistic limits.
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The literature primarily focuses on specific use cases [27] or
architectural innovations aimed at improving the performance of
PiNN models [8], [17], highlighting their versatility in building
applications, while the scientific novelty of this work is the prioriti-
zation of the evaluation of PiNN models’ behavior under multiple
varying scenarios of training data availability. This study specifi-
cally investigates how physics-informed models compare to con-
ventional deep learning approaches when faced with one of the
most pressing challenges in building management and control: the
data scarcity. By addressing this critical limitation, the study posi-
tions PiNNs as a promising solution to improve model reliability
and effectiveness in data-constrained scenarios. Moreover, while
most prior research has focused exclusively on HVAC power data,
either for heating or cooling, this work takes a more comprehen-
sive approach by undertaking datasets that encompass the entire
year, capturing both heating and cooling scenarios. Besides that,
while other studies have applied the same methodology to different
building scenarios, such as [1], our work extends the analysis to var-
ious climatic conditions. By utilizing datasets from four cities with
distinct weather patterns (Turin, Munich, Copenhagen, Madrid),
this study assesses the model’s adaptability to diverse environmen-
tal contexts, providing a broader evaluation of its generalization
capabilities and making it reproducible and location independent.

3 Methodology
This section outlines the development and evaluation process of
PiNN model for predicting indoor air temperature dynamics in
buildings, as illustrated in Fig. 1.
The methodology begins with the generation of datasets represent-
ing the same building in different cities. This process involves the
customization of weather files and building model, EnergyPlus simu-
lations, and data normalization. The second step involves problem
formulation, including the definition of the governing Ordinary
Differential Equation (ODE) that captures the physical behavior of
air temperature variations within a building. This equation, along
with its associated parameters that are properly estimated, is em-
bedded into the PiNN framework to ensure the model adheres to
the underlying physical dynamics.

During the Training phase, the datasets are divided into several
configurations with increasing amounts of data to evaluate the
integration of physics-based constraints into the neural network.
An LSTM model is trained on the same datasets, enabling a compar-
ative analysis to benchmark the PiNN’s performance against that
of a conventional deep learning model. In the Testing phase, this
evaluation highlights the benefits of the PiNN approach for tem-
perature prediction, while systematically assessing its adaptability
and robustness across diverse environmental and training scenar-
ios. The rest of this section will describe in detail the proposed
methodology.

3.1 Datasets
The datasets comprise simulated data generated using the output
from EnergyPlus [5] simulations. EnergyPlus is a building sim-
ulation program capable of modeling both conditioned and un-
conditioned spaces, offering customizable timesteps and detailed
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Figure 1: Methodology of the presented work

representations of dynamic interactions. In this study, the simu-
lated building is a simplified model consisting of a single thermal
zone, commonly referred to as a shoebox model, and an ideal HVAC
system.

To generate the data required for the model, as shown in the
top-left block in Fig. 1, EnergyPlus simulations rely on weather
files in the .epw format. EnergyPlus offers example weather files for
nearly every country worldwide [12], which are generally based on
"typical meteorological year" data rather than specific years. These
files represent averaged conditions derived from historical weather
data to ensure broad applicability. However, for this study, it was
essential to use weather files corresponding to three specific years,
2021, 2022, and 2023, for each city to capture year-specific climatic
variations. To generate realistic datasets, additional weather data
had to be integrated into the example .epw files and adapted to
meet the study’s specific requirements. The Open Meteo Historical
Weather API [36] offers a collection of reanalyzed data, combining
weather station, aircraft, buoy, radar, and satellite observations to
generate a comprehensive record of past weather conditions. To
accurately modify the .epw files, eleven variables were necessary
for each city to adjust the data: i) air temperature, ii) air dewpoint
temperature, iii) air relative humidity, iv) rainfall, v) snow depth,
vi) surface pressure, vii) wind speed, viii) wind direction, ix) Global
Horizontal Irradiation (GHI), x) Diffuse Horizontal Radiation (DHI),
and xi) Direct Normal Irradiance (DNI). The customized epw files
accept data at an hourly resolution, which is then interpolated by
the software to achieve the desired timestamp.
The selected cities, Turin (Italy), Munich (Germany), Copenhagen
(Denmark), and Madrid (Spain), represent a diverse range of cli-
matic conditions. Turin captures a Mediterranean climate, with hot
summers and cold winters, Munich shows cold winters, but warm
summers, Copenhagen represents cooler northern conditions, and
Madrid exemplifies a warmer southern European climate, with very
hot summers, mild winters, and less rainfall. The finalized epw files
were used in the simulation within the EnergyPlus software, along
with the building model input file, to extract the datasets directly
from the output files. Each dataset is structured with labeled data
points consistent with the governing ODE employed in the model.
The input variables include HVAC thermal power, past indoor tem-
perature, solar gains, represented by the global horizontal radiation
and denoted as𝐺 , internal gains, specifically the sum of occupants’
and lighting equipment thermal gains, denoted as 𝐼 , and outdoor
temperature, while the output variable is the indoor air temperature.
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The resulting complete datasets span three years of continuous data
for each city, simulated with a 10-minute temporal resolution.

It was decided to work with synthetic data in order to conduct
a deeper and more detailed analysis, both in terms of the cities
analyzed and training data and cope with the data scarcity issue.
This approach allowed for the evaluation of results for the same
building, but located different cities. Anyway, this method can be
replicated with real-world data, if available.

3.2 Problem Formulation
To incorporate physical knowledge into the proposed framework,
an appropriate Resistance-Capacitance (RC)model has been adopted.
This approach leverages the analogy between heat transfer and elec-
trical circuits, where thermal resistance and capacitance are repre-
sented by electrical resistors and capacitors [32]. Consequently, the
system’s behavior can be mathematically expressed using one or
more Ordinary Differential Equations.
In this study, the ODE corresponds to a simple single-zone model
comprising only a capacitance value and a resistance (1R1C), which
represent the thermal interaction between indoor and outdoor en-
vironments. Within this analogy, thermal input flows are modeled
as current sources, temperature differences as voltage differences,
and the outdoor temperature as a voltage generator, as shown in
Fig. 2. This representation effectively captures the temperature gra-
dient between the building’s interior and exterior, treating it as an
energy source driving thermal flow through the building envelope.
The indoor temperature, the main variable to be determined, corre-
sponds to a node in the circuit, where Kirchhoff’s law is applied.
The resulting lumped-parameter differential equation (1) simplifies
the system by neglecting spatial dimensions and includes key pa-
rameters: the thermal resistance 𝑅𝑣 between indoor and outdoor
environments, the internal thermal capacitance𝐶𝑖 , and an 𝛼 param-
eter. The latter adjusts the solar radiation flux by accounting for
factors such as the surface area of solar incidence and the complex
dynamics of heat exchange.

𝑑𝑇𝑖

𝑑𝑡
=

1
𝑅𝑣 ·𝐶𝑖 · (𝑇𝑒𝑥𝑡 −𝑇𝑖 ) +

𝐺 · 𝛼
𝐶𝑖

+
¤𝑄
𝐶𝑖

+ 𝐼

𝐶𝑖
(1)

Here, 𝑇𝑖 and 𝑇𝑒𝑥𝑡 are the room temperature and the outdoor air
temperature, G and I are the solar gains and the internal heat gains
respectively and ¤𝑄 is the HVAC power supplied to the building.

Ti Text

QG,I Ci

Rv

Figure 2: 1 Resistance - 1 Capacitance model

3.3 Physics-informed Neural Network
The solution to any equation can be approximated by a neural net-
work. Automatic differentiation techniques can be used to physics-
inform the models [28] by calculating their derivatives with respect
to input coordinates, such as space and/or time. The residual of
the neural network approximation is denoted as f(t,x), and as it ap-
proaches zero, it indicates that the network adheres to the physical
law. The neural network generates the solution elements of the

differential equation as outputs and the automatic differentiation
takes place in the subsequent layer. Domain knowledge is incor-
porated outside the network architecture by restructuring the loss
function into a two-terms formulation, see Eq. (3), thus the model
is penalized whenever it does not respect the physical principles.

𝐿𝑜𝑠𝑠 = 𝐿𝑛𝑛 + 𝐿𝑝ℎ𝑦𝑠 (2)
The first term, 𝐿𝑛𝑛 , represents the conventional prediction error
over the training data and is typically defined as the Mean Squared
Error (MSE) between the predicted and the actual value. On the
other hand, 𝐿𝑝ℎ𝑦𝑠 incorporates the physical-knowledge and ex-
presses the residuals of the governing equation. The loss function
is thus expressed as follows:

𝐿𝑜𝑠𝑠 =
1
𝑁

𝑁∑︁
𝑖=1

(u𝑖+1 − û𝑖+1)2 +
1
𝑁

𝑁∑︁
𝑖=1

|𝑓 (𝑡𝑖 , 𝑥𝑖 ) |2 (3)

where 𝑢𝑖+1 is the observed output, 𝑢𝑖+1 is the predicted one, 𝑁
indicates the number of samples, 𝑡𝑖 and 𝑥𝑖 the spatio-temporal
coordinates.

In the proposed work, physical law is explicitly incorporated into
a fully connected neural network architecture. The model is trained
to predict the next value of indoor air temperature, utilizing external
weather data, such as outdoor air temperature and solar radiation,
as well as inputs from the HVAC system’s thermal power, previous
indoor air temperature and internal heat gains, all obtained through
EnergyPlus simulations. The residual f(t,x), expressed in Eq. (4), is
thus specifically formulated to reflect the governing equation of
indoor air temperature dynamics in Eq. (1), but it reduces to f(t) as
it only depends on time:

𝑓 (𝑡) = 𝜕𝑢

𝜕𝑡
− 1
𝑅𝑣

𝑇𝑒𝑥𝑡

𝐶𝑖
+ 1
𝑅𝑣

𝑢

𝐶𝑖
− 1
𝐶𝑖

(𝛼 ·𝐺 + 𝐼 + ¤𝑄) (4)

where u=u(t) is the neural network approximation. The conven-
tional term into the loss function can be written as:

𝐿𝑛𝑛 =
1
𝑁

𝑁∑︁
𝑖=1

(
𝑇𝑖 −𝑇𝑖

)2
(5)

where 𝑇𝑖 is the synthetic room air temperature and 𝑇𝑖 is the pre-
dicted one. This explicit formulation of the optimization problem
ensures that the physical laws governing the indoor air tempera-
ture dynamics are seamlessly embedded into the learning process,
enhancing the model’s ability to predict temperature variations in
response to environmental and system-related factors.

To optimize the PiNN model’s architecture for temperature pre-
diction, various configurations were explored. They included dif-
ferent numbers of hidden layers, ranging from 2 to 8 layers, in
alignment with the approaches discussed in [7]. Additionally, batch
sizes (64, 100, 128, and 256) were tested to identify the optimal con-
figuration for model training. The model is a single-step prediction
model, where the output is predicted based solely on the input
at the previous time step. A grid search was performed to tune
the hyperparameters, and the best performing configuration was
selected based on validation accuracy and loss minimization. The
optimal architecture found through this grid search consisted of 8
layers MLP, with 8 neurons in each layer. Batch size was adjusted
depending on the specific dataset, allowing for flexibility in han-
dling varying data volumes and characteristics. The optimization
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algorithm used for training is the Adaptive Moment Estimation
(ADAM Optimizer) with a learning rate of 1𝑒 − 4.

3.4 Long Short-Term Memory Neural Network
The LSTM architecture belongs to the RNN category and is designed
to solve the "vanishing-gradient" problem, allowing the model to
retain information over long distances. This makes LSTM particu-
larly suitable for time-series handling and forecasting. Therefore,
LSTM-based architectures are considered a state-of-the-art method
in this field [15], achieving satisfying performance in indoor tem-
perature prediction [21], [13], [23]. This is why it has been chosen
as the benchmark model in this work (Fig. 1). The architecture that
led to the best results was determined through a grid search of the
hyperparameters. The optimal configuration consists of two layers,
each with 64 units, and a batch size of 256. Similar to the previous
model, the ADAM optimizer was used with a learning rate of 1𝑒 − 3.

3.5 Testing
As outlined in Fig. 1, in the lower block, the final part of the im-
plemented methodology involves the testing and validation phase
of the trained PiNN and LSTM architectures. Their performance
was evaluated using the Mean Absolute Error (MAE), a widely used
metric to assess prediction accuracy. The mathematical expression
for MAE is:

MAE =
1
𝑁

𝑛∑︁
𝑖=1

|𝑦𝑖 − 𝑦𝑖 | (6)

where𝑦𝑖 are the predicted values,𝑦𝑖 are the simulated values, and𝑁
is the number of predictions. A lower MAE indicates a better model
performance, as it reflects a smaller average absolute error between
the predicted and observed values. When discussing indoor air
temperature in a building, it is essential to consider its impact on the
thermal comfort of the occupants. Thermal comfort is commonly
evaluated using the Predicted Mean Vote (PMV), based on Fanger’s
thermal comfort theory, which assigns a numerical value reflecting
the occupants’ thermal sensation. A variation in air temperature
of +2 or -2°C only slightly affects the PMV index. Furthermore,
studies like [6] demonstrate that a temperature variation of 2°C does
not significantly impact the occupants’ performance. Therefore, an
acceptable range for temperature predictions is typically considered
to be between -2 and +2 °C.

4 Experimental results
This section evaluates the results obtainedwith the proposedmethod-
ology. First, the estimated ODE parameters and the details of the
adopted training and testing datasets are described. Afterwards,
the performance of the PiNN model for indoor air temperature
prediction is evaluated and compared to that of the LSTM model.

4.1 Ordinary Differential Equation’s parameters
For each considered city, the ODE parameters, such as thermal
resistance (𝑅𝑣), capacitance (𝐶𝑖), and the adjustment factor for solar
radiation (𝛼), are optimized, through a non-linear least-squares
fitting procedure, using the given data to accurately capture the
building’s thermal dynamics. The results are listed in Table 1.

Table 1: Ordinary Differential Equation parameters

Turin Munich Copenhagen Madrid
𝑅𝑣 [𝐾/𝑊 ] 4.5𝑒−3 4.2𝑒−3 3.7𝑒−3 4.8𝑒−3
𝐶𝑖 [𝑘 𝐽/𝑘𝑔] 27.9 24.3 39.2 41.7
𝛼 [𝑚2] 3.1 4.1 5.6 2.3

Table 2: Dataset Periods for Training and Testing

Training period Testing period Number of samples

1. 01.01 - 13.01 2021 14.01 - 31.01 2021 1344
2. 01.01 - 31.01 2021 01.01 - 28.02 2021 2688
3. 01.01 - 31.03 2021 01.10 - 31.12 2021 8064
4. 2021 2022 52560
5. 2021 - 2022 2023 105120

Considering that the analyzed building, described by the Energy-
Plus model, remains the same, any differences in parameter esti-
mation are likely due to variations in weather conditions. Turin
and Munich experience similar climates, although Munich is colder
in winter. This is probably why the values for these two cities are
comparable, with 𝛼 differing by only 1𝑚2, 𝑅𝑣 by 3𝑒 − 4 K/W, and
𝐶𝑖 by 3.6 kJ/kg.

Copenhagen andMadrid, on the other hand, show distinct values,
likely due to challenging conditions that need to be considered.
For instance, Copenhagen experiences extreme winds throughout
the year, while Madrid faces significant temperature differences
between winter and summer, with very hot days recorded during
the summer months. Indeed, the 𝐶𝑖 value for Madrid (41.7 kJ/kg)
and Copenhagen (39.2 kJ/kg) are quite different from those of the
other two cities. The same can be said for the 𝛼 values, respectively
of 5.6 and 2.3𝑚2.

4.2 Datasets divisions
As mentioned in Section 3, the models were trained on different
subsets of the data, which included 2 weeks, 1 month, 3 months,
1 year, and 2 years, in order to evaluate their performance with
varying data volumes. Table 2 outlines the selected periods. In total,
five different cases were considered.
The first case involved training the model on the first two weeks of
January 2021, with the last two weeks used for testing. The second
case trained the model on the entire month of January 2021 and
tested it on the whole February dataset of the same year.
The third case trained the model on the first 3 months of 2021
(January, February, March) of the year and tested it on the last 3
months of 2021 (October, November, December), providing compar-
isons between different seasons (winter for training and autumn
for testing). The last two configurations incorporated both cooling
and heating data: the fourth case trained the model on the entire
year of 2021 and tested it on 2022, while the final case used 2021
and 2022 for training and 2023 for testing. The same configurations
were adopted for each city.
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Figure 3: Prediction comparison between PiNN and LSTM for bi-weekly (Fig.1) and yearly (Fig. 2) results

Table 3: PiNN and LSTM validation loss comparison

Validation Loss - MAE [°C]

2 weeks 1 month 3 months 1 year 2 years

Turin PiNN 0.40 0.90 0.59 0.55 0.49
LSTM 0.56 1.57 0.68 0.17 0.59

Munich PiNN 0.43 0.15 0.56 0.30 0.34
LSTM 0.55 0.49 0.73 0.13 0.18

Copenhagen PiNN 0.10 0.70 0.79 0.67 0.29
LSTM 0.51 0.78 0.94 0.21 0.16

Madrid PiNN 0.33 1.42 1.84 0.34 0.12
LSTM 0.62 1.81 1.35 0.26 0.28

4.3 Comparative analysis of PiNN and LSTM
models

Table 3 presents the prediction performance of the PiNNmodel com-
pared to the fully data-driven LSTM model in terms of MAE. It is
evident that when themodels are trainedwith smaller datasets, such
as the 2 weeks, 1 month, and 3 month cases, the physics-informed
model outperforms the conventional LSTM. This is attributed to
the physical principles incorporated into the PiNN model’s train-
ing, enabling it to achieve better temperature forecasting results.
For the last two cases, involving 1 and 2 years of data, the LSTM
model demonstrates lower errors, though its performance remains
comparable to that of the PiNN, and this may result from its ability
to learn complex temporal patterns, given sufficient data.

When examining the data for Turin, the PiNN model achieves
its lowest error of 0.40 °C when trained with just 2 weeks of data.
The highest error occurs in the 1-month dataset case, where the

PiNN error is 0.90 °C. However, even in this scenario, the PiNN
outperforms the LSTM, which has a significantly higher error of
1.57 °C, reinforcing the PiNN’s superior performance when trained
on smaller datasets. The dataset where the PiNN shows the most
consistent prediction performance across all scenarios is Munich.
In this case, the lowest error occurs with the 1 month dataset (0.15
°C), while the highest error is 0.56 °C with the 3 months dataset,
when the LSTM stands with 0.73 °C. This suggests that the physical
model and the parameters incorporated into the PiNN’s architecture
are particularly well-suited to the data from Munich, contributing
to better stability and lower errors over a range of time periods.
Madrid, on the other hand, is the dataset where bothmodels perform
worst, with errors surpassing 1 °C for both the 1month and 3months
cases, reaching up to 1.8 °C. It is important to note that the simpler
1R1C model, which underpins the PiNN’s predictions, may limit its
performance in more complex building systems or under certain
conditions. The 1R1C model’s assumptions about thermal behavior
might not capture all the challenges of real-world systems, which
could help explain why, in some cases, the PiNN’s performance
is less accurate. However, in all cases, the errors remain below
the 2 °C threshold, which is still considered acceptable based on
Fanger’s perception model, meaning the predictions are still within
reasonable comfort limits.

Between all cases, the best result for the PiNN corresponds to
a 0.10 °C MAE achieved with the Copenhagen dataset, when the
model was trained on the first two weeks of January 2021 and tested
on the last two weeks of the same month, compared to the 0.51
°C MAE assessed by the LSTM model. However, for the Madrid
dataset with 3 months of training data, the LSTM (1.35 °C) edges
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out the PiNN (1.84 °C), likely due to the increased complexity and
variability of the dataset. This result is particularly significant as it
represents the PiNN’s most challenging scenario among the first
three cases, providing valuable insights into its limitations. The
substantial differences in external conditions across these months
may require a more sophisticated thermal model to fully capture the
interactions. In this case, the LSTM’s data-driven approach might
be better equipped to adapt to the changing dynamics present
in the dataset. Generally speaking, the 3 months training case is
where both models exhibit the worst performance, which could be
attributed to the comparison of data from two different seasons. For
example, the October dataset may resemble a summer climate, with
no heating power supplied, while the training data from January,
February, and March reflects winter conditions. These seasonal
discrepancies introduce variability that both models struggle to
capture effectively, impacting their predictive accuracy.

Physical adherence is also evident when examining the predic-
tion outcomes. Figure 3 shows the differences between the PINN
and LSTM models in predicting two days in January. The top part
(Fig. 3.1) displays the results obtained after training on data from the
first two weeks of January 2021, while the bottom part (3.2) presents
the results based on training with the full dataset from 2021. For
nearly every city, the PINN model accurately captures the temper-
ature trend, maintaining its prediction close to the temperature
setpoint during both day and night hours, when no thermal power
is supplied to the building. While the PINN model sometimes ex-
hibits slight underpredictions, as seen in Munich and Copenhagen
in Figure 3.2b and 3.2c, or overpredictions, as for Munich in Figure
3.1b, the error remains within the acceptable threshold of ±2 °C.
The LSTM model, on the other hand, produces a less stable and
highly fluctuating output, which is inconsistent with the underlying
physical phenomenon. This issue improves when the LSTM model
is trained on a full year’s worth of data, allowing it to follow the
trend more consistently. However, in the case of Madrid (Fig. 3.2c),
the model’s performance deteriorates, resulting in a less accurate
prediction.

To gain deeper insights into the error tendencies and the differ-
ences between the PiNN and LSTM outcomes when trained with
limited data, Fig. 4 illustrates the residual autocorrelation factors
for the two weeks (Fig. 4.1) and for one year (Fig. 2.2), up to a lag of
20. By default, a lag of 1 is used, meaning that predictions are based
on the current timestep to forecast the next value. Given that the
time-series timestep is 10 minutes, a lag of 20 corresponds to 200
minutes. In general, for Figure 4.1, the residual autocorrelation for
the PINN model is lower, indicating that the model is better at cap-
turing the underlying temporal structure of the data. In particular,
for Copenhagen (Fig. 4.1c), the PINN model exhibits its best perfor-
mance, with the autocorrelation factor approaching zero. For the
one-year dataset, the residual autocorrelation values are higher, but
they decrease with higher lags, suggesting that long-term depen-
dencies are better handled by both models. For Munich (Fig. 4.2b),
both models show very similar outcomes, while for Copenhagen
(Fig. 4.2c), the LSTM model performs better.

To further investigate the PiNN’s capabilities, Fig. 5 highlights
the error distributions for both the PiNN and LSTM models when
trained on the Munich full 2021 dataset and tested on the 2022
one. Munich was selected as it represents a scenario where both

models exhibit competitive performance, with the LSTM achieving
its lowest error of 0.13 °C compared to the PiNN’s 0.30 °C. This
balanced comparison allows for a more comprehensive analysis of
the strengths of the PiNN with respect to the LSTM.

The boxplots break down the errors across quarterly intervals,
roughly corresponding to the four seasons: winter (January to
March), spring (April to June), summer (July to September), and
autumn (October to December). The y-axis represents prediction
deviations in degrees Celsius (°C), where positive and negative val-
ues indicate over- and under-predictions, respectively.
A tighter interquartile range and shorter whiskers are ideal for
achieving more consistent predictions, as they indicate less vari-
ability and greater stability in the results. This trend is reflected in
the performance of the PiNN and LSTM models across the seasonal
intervals. Overall, the PiNN consistently shows lower mean errors
than the LSTM, except in November, where the errors are compa-
rable. However, during January and Febraury, the PiNN’s upper
whisker is higher, suggesting it tends to over-predict air tempera-
ture in these months. In contrast, the LSTM exhibits a wider error
spread, particularly during the summer months (July-September),
when temperature dynamics likely involve more complex interac-
tions. The PiNN, however, maintains a more compact distribution,
reflecting its stable performance across seasons.
For the December data, shown in Fig. 5d, although the PiNN’s dis-
tribution shows less symmetry, its mean error is still lower than the
LSTM’s, approximately 0.03 °C. This further supports the PiNN’s
superior accuracy and stability, even when the distribution is less
symmetric, reinforcing its ability to maintain robust performance
across varying seasonal conditions.

All in all, the analysis highlights the PiNN model’s strength in
delivering stable and accurate predictions across various training
scenarios, particularly under conditions of limited data availability.
While the LSTM model shows promise in data-rich settings, the
PiNN consistently demonstrates a better balance between accuracy
and physical consistency, making it particularly well-suited for prac-
tical applications in building energy management. This is evident
across the four selected cities, Turin, Munich, Copenhagen, and
Madrid, which represent a diverse range of climatic conditions and
validate the PiNN’s adaptability to varying environmental contexts.

5 Conclusion
In this work, a PiNN was developed to predict the indoor air tem-
perature of a building. The model was trained using four different
datasets representing various climatic conditions. These datasets
were further divided into subsets with varying amounts of train-
ing data to evaluate the model’s performance under different lev-
els of data availability and conditions. The PiNN’s performance
was compared with that of a conventional deep learning model,
specifically an LSTM neural network. The physics-informed model
demonstrated superior performance when trained with limited data,
achieving the lowest MAE of 0.10 °C, underscoring its ability to gen-
eralize effectively through the incorporation of physical constraints.
When trained with the largest dataset, it achieved results compa-
rable to the LSTM model. Additionally, the PiNN’s performance
remained consistent across datasets from different cities, suggesting
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that the methodology is unaffected by the building’s location and
is therefore robust and repeatable without modification.

Considering the model’s structure, the PiNN’s performance was
limited by the building’s physical representation, particularly the
1R1C equation. Upcoming investigations will assess the impact of
using more detailed RC models, such as 2R2C or 3R2C, to better
describe thermal dynamics by incorporating additional temperature
nodes, both measurable and non-measurable, as well as multiple
thermal zones. In this study, the ODE parameters were estimated
outside the training process, which limited their accuracy. Future
work could address this limitation by integrating these parameters
directly into the neural network, enabling the model to optimize
them as part of its training process. While the current study focused
on assessing the model performance across different climatic condi-
tions, future work will also explore the influence of occupancy and
internal gains, such as electrical appliances and heating/cooling
systems, on model behavior. These factors will be investigated to

improve model accuracy and provide a more comprehensive under-
standing of their effect on building energy performance. Further
research directions could, furthermore, include exploring alterna-
tive architectures for physics-informed learning, such as Recurrent
Neural Networks (RNNs), which are particularly well-suited for
time series data and may enhance model accuracy. Additionally,
comparing the PiNN architecture with other well-established mod-
els from the literature, including simpler, traditional approaches,
such as Euler Explicit Scheme, would help highlight the trade-offs
between complexity and performance.

Another promising avenue could involve integrating the PiNN
into a reinforcement learning control strategy to enable real-time
temperature optimization and adaptive control. Future work will
consider the computational challenges associated with such inte-
grations, as well as their practical application in enhancing energy-
efficient building management.
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