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Abstract

To ensure efficient operation of heat pump systems, comprehensive monitoring of the operational status is
needed. However, due to cost constraints in the domestic setting, key parameters such as refrigerant mass
flow rate are not monitored. This has led to growing interested in virtual sensors which use machine learning
along with commonly available measurements to predict these missing parameters. To enhance the accuracy
as well as interpretability of machine learning models, research has shifted to physics-informed machine
learning. In this paper a short description of physics-informed machine learning is provided, followed by a
case study detailing a physics-informed virtual sensor for the refrigerant mass flow rate of a domestic heat
pump. The proposed model achieves a prediction accuracy of 93% with greater interpretability than that of a
standard machine learning model.
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1. Introduction

In the EU, residential heating accounts for more than 15% of the final energy consumption across all sectors.
Unfortunately, only a quarter of this heat is produced using renewable resources [1]. This is due to the large
dependency on natural gas as fuel for residential boilers [2]. However, the heat pump (HP) has emerged as a
very attractive alternative to gas boilers. With both its higher efficiency and ability to run on green electricity,
the HP is set to decarbonise residential heating. To reach the EU’s 2030 Net Zero target the European Heat
Pump Association predicts that an additional 35 million HP units need to be installed. Despite its promising
outlook, if recent sales trends continue, this target will not be met [3].

Alarmingly, studies have found that more than 50% of installed residential HPs do not operate as efficiently
as they could due to faults in the system [4]. This leads to severe degradation of system performance, resulting
in both a decrease in energy efficiency and thermal comfort. Therefore, to promote a greater HP roll out and
reach the EU targets, it is necessary to streamline their installation and maintenance.

To monitor the operational status of a HP, and determine if any faults are present, it is imperative to study
key parameters of HP operation. Among others, these include the electricity consumption, heating/cooling
capacity, mass flow rates, temperatures and pressures. Some of these parameters, such as temperatures, are
relatively easy and cheap to monitor. However, measurements like mass flow rates, which require more
specialised equipment, would noticeably increase the price of a domestic HP system [5]. Therefore, these
measurements are not taken, limiting the ability for accurate status monitoring.

* Corresponding author. Tel.: +421917135307
E-mail address: elnic@kth.se

15th IEA Heat Pump Conference 2026 - DISL.2 - https://doi.org/10.23697/6q7j-7€57


https://doi.org/10.23697/6q7j-7e57

15th |EA Heat Pump Conference 2026 - DISL.2 - https://doi.org/10.23697/6q7j-7€57

One solution to incomplete empirical measurements comes in the form of virtual sensor. Here easy-to-
measure variables are mathematically connected to the not measured variables of interest. For example, [6]
developed three separate mass flow rate sensors based on a compressor map, the energy balance and an
empirical correlation of an electronic expansion valve. All three of the virtual sensors performed with a relative
maximum error of less than 5%. In [7], a virtual flow meter was developed based on energy conservation. The
reported accuracy was around 6% within the tested temperature range.

With the rise in popularity of machine learning (ML), as well as the increasing amount of data available,
research has shifted towards using data-driven models to make up for these missing measurements. In [8], four
different ML models were developed as a virtual sensor for refrigerant charge. The four tested models were a
multiple linear regression model, support vector regression, extreme random tree and gradient boosting tree
and they achieved testing R? scores between 0.79 and 0.815. By introducing a ML pipeline to an existing
virtual refrigerant charge sensor, authors in [9] managed to reduce the mean average percentage error of the
sensor by about 16%. Despite the demonstrated success of ML in these applications, many issues remain
unsolved. This includes the lack of generalisation capability outside of the specific training scope of individual
solutions [10]. Because of the complex thermodynamical relations between different components in a HP,
using the data-driven models for extrapolation purposes produces inaccurate results. This means that it is hard
to rely on these models in real systems.

It is possible to improve a data-driven model’s accuracy by incorporating physical knowledge of the system
into the model. This field of research has been named ‘Physics-informed Machine Learning’” (PIML). The
following paper will present the underlying principles of PIML and present a case study of a PIML model.

The rest of this paper is structured as follows. In Section 2, an overview of what PIML is provided. In
Section 3, a case study of a virtual sensor for the refrigerant mass flow rate is presented, providing the
methodology developed. Section 4 includes the results and discussions of the case study, with Section 5 give
the overall conclusions of this paper.

2. Physics-informed machine learning

Following a literature review of PIML with regards to HP systems, it was commonly agreed that there was
no specific criterion that made a data-driven model physics-informed. In the words of Karniadakis et. al.
(2021), PIML is “the process by which prior knowledge stemming from our observational, empirical, physical
or mathematical understanding of the world can be leveraged to improve the performance of a learning
algorithm” [10]. In the 2021 research paper, three categories of prior knowledge were introduced as biases.
These include observational bias, using sensor data to weakly embed physics principles; inductive bias, using
ML model architectures to implicitly embed prior knowledge; and learning bias, embedding prior knowledge
through soft constraints in the loss function of ML models [10]. These categories can be classified into four
prevailing methodological groups of applying prior knowledge to a data-driven model.

These four groups are:

e Physics-informed inputs,
e Physics-informed loss functions,
e Physics-informed architectures and
e Physics-informed ensemble models.
These groups are described in more detail in the following subsections.

2.1. Physics-informed inputs

There are numerous ways in which we can make inputs physically informed. The first group of methods
can be classified as data-preprocessing. Today, many of these methods are considered standard practice in ML
in general.

The main idea behind data-preprocessing to make a model physics-informed is by ensuring that the inputs
have a physical meaning attached to them. Generally, if the model is using physically relevant inputs, it is able
to learn the physical correlations between inputs [11]. This can be seen in [12] where a hybrid deep neural
network (NN) was designed using measurement data together with selected physics variables calculated using
a thermodynamic model. The benefit of having these physics variables is that the model has the needed
components to learn physical correlations between the inputs. [12] reported an increase in predictive
performance from 95% to 99% when using the hybrid deep NN.

The second group of methods attempt to introduce physics into the feature space of the problem. This
includes using simulation data to enhance empirical measurement data [11, 13]. The idea is that the simulation
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data includes the known mathematical relationship between the input features allowing the data-driven model
to learn these relations. As seen in [14] this method served to increase prediction accuracy of electricity
performance across multiple buildings compared to the ASHRAE guidelines.

Following similar reasoning, transfer learning can be used to learn the underlying physical relationships of
a dataset, with the fine-tuned model adjusting the model parameters to the empirical data. This can be seen in
[15]. Here, simulation data of a wind turbine is used to pretrain a NN and monitoring data is used to fine-tune
the model. This process resulted in a 1.64% decrease of the normalised root mean square error in the transfer
learning model compared to the model solely trained on the monitoring data.

2.2. Physics-informed loss functions

Generally, loss functions in machine learning models include some form of a weighted regularisation term
[16]. A physics-informed loss function is then simply a loss function where the regularisation term, or part of
the regularisation term, comes from some prior physical knowledge of the system. Here, the prior knowledge
of the system is being added a soft constraint during the learning phase of a data-driven model [11]. The idea
is that the physics-informed term in the loss function guides the problem towards the realm of physically
possible solutions. Because of this it acts as an additional source of information, enabling greater extrapolation
and generalisation capabilities as well as ensuring a smaller dependence on data.

One of the largest applications of physics-informed loss functions is in physics-informed neural networks
(PINN) [17]. Conceptualised by [17] in 2019, PINNSs incorporate partial differential equations (PDEs) into the
loss function of a NN as seen in Eq. (1).

Lrotar = A1Llpata + A2LppE (D

More generally, the physics-informed loss terms can also include residuals from initial and boundary
conditions [18]. In [19], a PINN was developed to predict the thermal profile of a heat exchanger. In addition
to using the mean squared error (MSE) of the residuals of the governing equations, the MSE of the boundary
conditions, gradient conditions and interface equality constraints are also used. The PINN consistently
achieved a lower mean error in predicting temperatures compared to Naive inference [19].

2.3. Physics-informed architectures

It is possible to add the prior physical knowledge as a hard constraint to a data-driven model [12]. This
happens during the design phase of the model. Similarly to the physics-informed loss function, these hard
constraints serve to constrain the predicted solution to adhere to our physical understanding of the system.

One way to add these hard constraints is to add specific constraint layers to the network architecture which
will constrain outputs to physically feasible values. This method is demonstrated in [20], where, to predict the
outlet temperature of a solution heat exchanger, the pinch point temperature and first and second laws of
thermodynamics are implemented as temperature constraints on the prediction. [20] reported that the multi-
layer perceptron (MLP) using hard constraints outperformed, in terms of thermal consistency, both a soft-
constrained and unconstrained MLP. The constrained MLP also demonstrated the second-best coefficient of
determination among the six studied models.

Another way of utilising a physics-informed architecture is to implement custom activation functions which
assign physical meaning to the connections between layers [18]. This can be seen in [21] where neurons are
assigned a physical model in a NN designed to predict fatigue life of materials. Here the authors showed that
when only a small amount of data was available, the PINN obtained more accurate results than standard ML
models.

Finally, studies have used specific types of architectures to reflect the physics of the problem. For example,
[22] used NN to represent the state space model of a room heated by a HP to predict the future temperatures
in the system. The authors showed that their proposed architecture outperformed other NN models, especially
when extrapolating for unknown conditions. [23] used a residual NN to predict the heat transfer rate in a finned
tubed evaporator, as the residual blocks can learn the three separate thermodynamic behaviours governing the
heat transfer at different points in the evaporation cycle. The proposed residual network outperformed the other
tested networks such as a multilayer perceptron and a support vector machine.
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2.4. Physics-informed ensemble models

Finally, a PIML model can consist of a mixture of a physics-based model and a data-driven model. Here
the strengths of both the physics-based and data-driven approaches can be utilised. The majority of these
models rely on problem decomposition where the well understood physics-driven components are separated
from the stochastic ones. This is shown in [24] where the ensemble model provided better accuracy in
forecasting air-conditioning power consumption than a purely data-driven models.

Another approach is to use a data-driven model to learn the residuals between the output of a physics-based
model and the experimental data available. This allows a general physics-based model to be applied to a wider
range of real systems, providing greater robustness of the solution. This has been demonstrated in [25] where
the ensemble model obtained lower errors than the purely physics-based model.

3. Case Study

A key challenge identified when working with domestic HPs is the missing of key measurements related to
system operation, such as mass flow rates. Based on a study conducted by [5], the typically collected
measurements are presented in Table 1. In the following section a case study will be presented which describes
how a physics-informed architecture model can be applied to a domestic HP system to accurately predict the
refrigerant mass flow rate from collected measurements.

Table 1. Common measurements collected for a domestic HP installation

Measurement type Measurement label
Compressor speed Feom
Sink inlet and outlet temperature Tv.mand Ty ou
Source inlet and outlet temperature To,in and Tpou
Refrigerant temperature at compressor inlet Tevap.out
Refrigerant temperature at compressor outlet Teonin
Refrigerant at condenser outlet Teonou

3.1. Data augmentation

The dataset used for the case study consists of operational data from a field test installation. The data
contains of 16946 steady state operational points taken from one ground source heat pump in 30 second
intervals over 8 days in October of 2020. For this ground source HP test installation, in addition to the
measurements in Table 1, the mass flow of the sink as well as the condensing and evaporating temperatures
are available. For the distribution of the operating conditions of the dataset, see Fig. 1.

With the sink mass flow measurement, it is possible to calculate the heating capacity of the ground source
HP and so estimate the refrigerant mass flow rate. This allows for supervised training and validation of the
developed model. The heating capacity is calculated following Eq. (2) while the refrigerant mass flow is then
derived through Eq. (3), where the enthalpies are calculated using CoolProp and heat losses are neglected on
account of good thermal insulation.

Qheating = msinkcp,water(Tw,in - Tw,out) (2)

. _ Qheating

mref N hcon,in_hcon,out (3)
As the data being used is operational data, there are inherent uncertainties present in the dataset. This includes
both random uncertainties, such as statistical artefacts and systematic uncertainties, such as equipment
precision. However, due to the dataset coming from a test installation these uncertainties are minimised.
Another source of uncertainty in the data is that the refrigerant mass flow rate is calculated rather than
empirically measured. This means that we do not have a ground truth value to compare the model prediction
to. However, Eq. (2) and (3) provide thermodynamically accepted correlations between the available measured
variables and the variable of interest, ensuring minimal uncertainty.
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Figure 1. Range of operating conditions included in the dataset

3.2. Physics-informed architecture model

A common feature in physics-informed architectures has been the separation of the problem into smaller
blocks. Then instead of representing the whole problem as a single ML model, each block becomes a separate
ML model and the results of each block are combined to provide the solution to the overarching problem.

This approach can be seen in [5] where a HP is broken down into subcomponent models connected in a
fixed point iteration. In this paper we modify the methodology presented in [5] to produce a PIML model.

In our PIML model, NN are used to generate the subcomponent models. All the NN models are composed
of 2 hidden layers with 64 and 32 nodes respectively, using Rectified Linear Unit (ReLU) activations. The
output layer is a single node with a linear activation. The network is trained using MSE loss with the ADAM
optimiser at a learning rate of 0.001. Batch updates and early stopping with a patience of 50 epochs are used
to prevent overfitting.

The NN subcomponent models are trained with normalised data obtained from a numerical model of the
respective component. These numerical models are the dedicated manufacturer software provided for each
component. Because of the way these software are designed, they are not directly compatible with the available
measurements from domestic HP systems seem in Table 1. However, they can be used to create a database that
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is utilised to train the NN models. Given the definition of physics-informed inputs above, this makes the
subcomponent models physics-informed. To determine the inputs to the NN subcomponent models, it was
necessary to operate within the constraints of the commonly measured parameters given in Table 1. However,
the configurations chosen for the fixed-point iteration were also validated using physical correlations [5].

The fixed-point iteration is illustrated in Fig. 2. The iteration loop starts with an initial guess of the
refrigerant mass flow rate. This guess is combined wWith Teonin, Teonour, Tw,in and Ty, 0 Which serve as inputs to
the condenser NN that predicts the condensation temperature. The condensation temperature is then used to
calculate the condensation pressure using CoolProp, and combining the two values provides the enthalpy of
the refrigerant as it enters the evaporator. This is under the assumption that the expansion valve is isenthalpic
This enthalpy, Tevap,ou, T5,in and Ty o are then used as inputs to the NN evaporator subcomponent model. The
output of this NN is the evaporating temperature of the refrigerant. The evaporating temperature, along with
Tevap,our and F oy are then inputs to a third NN. This NN is the compressor subcomponent model and the output
corresponds to the mass flow rate of the refrigerant. For the iteration loop to converge, the output mass flow
rate from the compressor model needs to coincide with the input mass flow rate to the condenser model. The
converged refrigerant mass flow rate is then used to predict the evaporator and condenser states (temperature
and pressure). Now, these predicted values correspond to the true thermodynamic values describing the
refrigerant cycle of the HP.
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Figure 2. Figure taken from [5] explaining the fixed-point iteration.

3.3. Accuracy metrics

To quantify the overall accuracy of the developed models, both relative root mean square error (RRMSE)
and the coefficient of determination (R?) are used. For temperature predictions the root mean square error
(RMSE) rather than the RRMSE is presented due to the scale of the results.

4. Results and Discussion

The fixed-point iteration was initialised using an initial refrigerant mass flow rate of 0.018 kg/s and the
threshold of mass flow rate convergence error was 0.0005 kg/s. The rest of the inputs into the PIML model
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come from measurement of the field test ground source HP so that the outputs of the PIML can be compared
to the true value. This comparison between the true and predicted outputs can be seen in Fig. 3.
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Figure 3. Comparison between real measurements and model results.

The performance between the two models appears similar in Fig. 3. So, to validate the benefit of using the
PIML model, the regression performance is compared to those of the integrated model developed in [5]. These
results are presented in Tables 2 and 3.

Table 2. RMSE of the two prediction models

Model Type RMSE (°C) RRMSE (%)

T_con T_evap P_con P_evap Mye £
Integrated Model [5] 0.18 0.53 0.51 1.65 9.25
PIML Model 0.26 0.31 0.87 1.03 6.11

Table 3. R? of the two prediction models

Model Type R?

T_con T_evap P_con P_evap My £
Integrated Model [5] 0.998 0.667 0.997 0.844 0.845
PIML Model 0.996 0.891 0.991 0.870 0.933



https://doi.org/10.23697/6q7j-7e57

15th |EA Heat Pump Conference 2026 - DISL.2 - https://doi.org/10.23697/6q7j-7€57

From Tables 2 and 3 it is possible to see that for the prediction of the refrigerant mass flow rate, as well as
the evaporating conditions, the PIML model outperforms the Integrated model. However, for the condensing
conditions, the integrated model shows slightly better predictions.

Comparing the obtained results to other virtual sensors for the refrigerant mass flow rate, the PIML’s
RRMSE of 6.11% is in a similar range to the previously published work. This RRMSE corresponds to a R2 of
93%. This shows that this method achieves competitive performance in comparison to other methods. Similarly
[26] states that models with excellent regression accuracy have RRMSE values of under 10%. This means that
not only is the PIML model developed competitive, it also has excellent regression accuracy making it suitable
for practical implementation.

A possible limitation of the model is its generalisation capabilities. The data used to train the NN
subcomponent models represents steady state data under different operational conditions, limiting the
application of the PIML model to steady state predictions. However, both the simulation data for the NN
subcomponent models and the operational data used for the fixed-point iteration covers large ranges of
operational conditions. This means that the PIML model has shown its ability to accurately predict the
refrigerant mass flow rate over a range of operational conditions. These results therefore validate the usefulness
of using a physics-informed methodology for the development of a virtual sensor for the refrigerant mass flow
rate of a HP. Future studies could further validate the PIML methodology by expanding the dataset to include
more operational conditions and different weather conditions.

A further limitation of the PIML is that its transferability between different HP installations is not known.
Because the PIML model was trained with data corresponding to a specific HP installation, it is likely that it
will perform worse when used with data of a different HP installation. However, to overcome this limitation,
simply retraining the NN subcomponent models with data corresponding to the desired HP installation is
required. Therefore, while the trained PIML may not be transferable, the methodology behind the PIML is.

5. Conclusion

In conclusion, there are multiple possibilities for introducing physics informed elements in classical
machine learning models. Though introducing more computational complexity to the models, the integration
of prior knowledge acts to improve the accuracy of the model as it imposes physically derived constraints on
the outputs of the models. The physical priors also serve to enhance the generalisation capabilities of the
models, improving their trustworthiness in real world applications.

In this paper, four categories of methods by which physics priors are integrated into ML models are
presented. The first category consists of physics-informed inputs, where the inputs contain the physics for the
model to learn. A second category involves the use of physics-informed loss functions, where soft constraints
are used to constrain the model to predict physically plausible results. A third category takes advantage of a
model’s architecture to reflect that of the physical problem being solved. This generates models with physics-
informed architectures, A final category combines traditional numerical models with ML models in different
ways to generate physics-informed ensemble models.

Following the definition of a physics-informed architecture, a PIML model is developed to act as a virtual
sensor for the refrigerant mass flow rate of a domestic HP. The model also includes aspects of physics-informed
inputs. This is because the refrigerant cycle of a HP was separated into three underlying subcomponent NN
models and each model was trained using simulated data. It is shown that this PIML can predict the refrigerant
mass flow rate of a HP with a 93% accuracy. Because of the subcomponent structure of the PIML model,
virtual sensors for the condensation temperature and pressure are also included. This provides a greater
interpretability of the model, with possible future applications in fault detection and diagnosis strategies. The
results presented validate the PIML methodology as a virtual sensor for HPs. In future work, the generalisation
and transferability of the methodology can be shown by testing the PIML with new datasets corresponding to
different operating conditions or different HP installations.
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