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Abstract— Residential heat pump systems are key in achieving
climate policy objectives in the building sector. Due to the
variability in technical installation criteria, manufacturer
requirements, local regulations and the spatial or geographical
restrictions associated with buildings, these heating systems are
highly heterogeneous. The operating conditions measured under
standardized settings do not always align with those observed in
real-world systems. This poses challenges for operational
planning tools that aim to coordinate the systems’ power
consumption and increasingly exploit their flexibility when
interacting with markets or system operators’ congestion
management mechanisms. We propose a predict-then-optimize
approach that combines learning-based COP proxies with model-
based optimization methods to use real-world operational data
when making prescriptive scheduling decisions.

Index Terms-- hybrid models, optimization proxy, mixed integer
programming, heating systems, heat pumps

I. INTRODUCTION

In the last years, heat pump systems have gained importance
in Germany. For example, in 2023, 65% of 96800 new
residential buildings in Germany were primarily using heat
pumps to cover the heat demand [1]. Given the rapid adoption
of heat pumps in Germany’s building sector, there is an
increased need to develop forecasting models and optimization
techniques to maintain high operational performance [2], [3].
These models aim to improve both the performance and the
efficiency in diverse operating conditions, not only of the
isolated heat pump in a residential context but also as part of an
interconnected system that supplies heat from an electrical
network.

Prescriptive approaches based on formal optimization
methods are important as they can leverage formalized domain
knowledge and provide a principled approach to problem
modeling with convergence guarantees. For instance, they are
crucial for assessing and extracting flexibility potentials.
However, formal methods face challenges when nonlinear and
nonconvex effects govern the optimal operation of a system and
cannot be tackled by simplification, abstraction, or aggregation.
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For instance, operating residential heat pump systems at the
individual household level entails modulated operating points
and non-linear physics in the characteristic production curve,
i.e., the coefficient of performance (COP).

Data-driven approaches, particularly those based on neural
networks, have emerged as promising alternatives for dealing
with the heterogeneity of operating conditions. By leveraging
real-world datasets, these methods can model nonlinear COP
behavior more accurately than purely model-based approaches
[4]. Recent studies have demonstrated that learning-based
control strategies can yield efficiency gains, with some
reporting reductions in electricity consumption of up to 8% for
domestic hot water supply [5]. Additionally, optimization
frameworks have been employed to minimize -electricity
consumption while maintaining thermal comfort [6]. These
findings highlight the potential of data-driven techniques in
enhancing operational decision-making for heat pumps.

Our work integrates predictive modeling with formal
model-based optimization in a unified predict-then-optimize
framework. Specifically, we employ a multi-layer neural
network to predict the COP under various operating conditions
measured for a specific residential heat pump system. The
neural network captures intricate dependencies between
physical parameters and system performance, while the
optimization model incorporates these predictions to improve
its prescriptive decisions. To validate the above assumptions,
the process has been validated across four distinct use cases. In
summary our contributions are as follows:

e We learn and build a neural network model to predict
the nonlinear COP relationship of a residential heat
pump system based on real-world system measurement
data.

e We develop a mixed-integer linear programming
model to optimize the residential heat pump
operational schedule, which integrates the learning-
based prediction model as an explicit model constraint.



e  We assess the implications of extensive data and their
effect on the optimization of electricity consumption,
especially for operating conditions of dynamic
temperatures and partial load of the heat pump in four
different case studies.

II. LITERATURE REVIEW

A. Machine Learning Models for COP Prediction

Artificial Neural Networks (ANNs) offer significant
advantages in predicting the COP of heat pumps, including the
ability to model complex non-linear relationships without
explicit formulation and adaptability to new input data such as
outdoor ambient temperature (T,,¢) and supply temperature
(Tsupp)- and the resulting COP or even more input parameters
[7]. However, purely data-driven models do not consider
empirical operational constraints, such as minimum compressor
start-up settings, which can lead to unrealistic predictions. For
example, an ANN model might predict an extremely high COP
for a combination of temperatures that would, in practice, result
in frequent compressor on-off cycling, significantly reducing
the system's actual efficiency. To address these limitations,
hybrid approaches exist that combine ANN predictions with
physics-based knowledge of heat pump systems. [8] developed
a model that incorporates operational constraints into the
network architecture, [9] demonstrated that integrating
compressor speed and operational state can significantly
improve the model's ability to capture the system's real
behavior.

B. Optimization Models for Heat Pump Operation

The classical approach to mathematical optimization of heat
pump operation uses mixed-integer linear programming
(MILP) models, especially for modeling the dynamics of the
thermal storage system. A common approach is to formulate the
problem as a cost minimization problem subject to technical
constraints on thermal comfort, equipment capacities, and
operational limits. These models often incorporate time-of-use
electricity pricing and thermal demand forecasts to optimize the
heat pump's operation schedule.

Models for heat pump operation have focused on addressing
uncertainties and integrated advanced computational
techniques by considering future predictions of weather, energy
prices, and demand [10]. Stochastic optimization methods
incorporate probabilistic scenarios to handle uncertainties in
variables like weather and energy prices, as studies optimizing
ground source heat pumps and decentralized energy systems
[11], [12]. Multi-objective optimization frameworks balance
energy efficiency, cost reduction, and thermal comfort, often
using Pareto-optimal solutions for decision-making [13].
Reinforcement Learning (RL) has emerged as a promising
alternative, offering model-free control strategies that adapt
dynamically to changing conditions while achieving MPC-like
performance [14]. Hybrid approaches that combine physics-
based modeling with data-driven techniques further improve
optimization. These developments present an alternative
method that can leverage machine learning models to predict
unknown parameters of an optimization problem, for example.
Instead of relying on solving the optimization problem within a
training loop, it is possible to learn optimal solutions directly

from observable features using pretrained models [15]. In the
following section a method following the previous paradigm
will be proposed.

I11. PROPOSED MODEL

The combination of prediction and optimization approaches
using pre-trained models requires considering fixed parameters,
which improves decision quality while working within the
constraints of pre-trained architectures. Fig. 1 shows the basic
neural network scheme and its integration into the optimization
framework.
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Figure 1. Neural network (pretrained) model integration as a restriction in

the optimization program.

This approach focuses on adjusting specific components or
introducing adaptable modules to enhance performance in
different use cases or experiments presented in the next section.

A. Decision variable mapping and prediction framework

A multi-layer neural network is employed to pretrain the
COP of the heat pump. The input layer is determined by the
outdoor ambient temperature, supply temperature, and the
compressor speed. We use two intermediate or hidden layers,
whose size is varied to find the appropriate model structure. Fig.
2 shows the output layer that determines the COP.
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Figure 2. Standard feedforward neural network model for the correlation
and data-driven prediction of the COP relationship.

For the calculation of each neuron's activation, the output
processed by neuron j in each layer i is denoted as V in (1). The
connections between neurons are mathematically represented
by weights W. The output Y of the neuron in each layer is the
sum of the outputs from layer i-1 multiplied by the respective
weight connecting them to neuron ij. The respective threshold
b is added to this sum [16].

Vij=0(Y) = o(Te WijVi-vr + bij) e8]

We integrate this neuron architecture into a minimum cost-
based operation optimization framework, presented below.



B. Heat Pump Operation: Minimization of Energy
Consumption Over Time

The residential heat pump system under consideration
includes the components shown in Fig. 3.
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Figure 3. Interconection of a residential heating system.

Indoor comfort temperature is assumed to be maintained
within the levels required by the ISO 7730:2005 [17] while
optimizing electrical energy consumption P,;,.. By adjusting
the heat pump output Py, as a function of the outdoor ambient
temperature, the desired supply temperature and the current
State of Charge (SOC) of the thermal storage to cover the
thermal demand Pyeppang We formulate an optimization
problem [18] for each time step t following the equation system

) to (7)

min Y Pejec,e (2)

Pupie = COP; - Poee 3
Poutt 2 Paemana,e 4)

S0C; = SO0C,, + Php,t - Pout,t Q)
Tnin = Tsuppty,t < Tinax (6)
COP, = f(Tsupply,t' Toutduor,t) (7)

It is important to note that forecast models are necessary for
both supply and outdoor ambient temperature, as the COP
depends on these variables [19]. Additionally, the heat demand
must be accurately characterized using a robust model that
effectively represents the thermal behavior of the studied
buildings. A tool like TRNSYS, enables the simulation of heat
demands under various operating conditions. [20].

For simplicity and understanding of the proposed
optimization model, dynamics such as variable tariffs or the use
of renewable energy with rooftop photovoltaic systems [21] is
not considered.

V. EXPERIMENTAL SETUP

A. Neural network generation and COP Model training

Based on the measured data of outdoor ambient
temperature, flow and return temperatures to the heat pump,
thermal output and power consumption, and compressor speed,

a COP identification is adjusted and eventually used by the
optimization model.

Considering the measurements of outdoor ambient
temperature and supply temperature, a first interdependence is
observed in Fig.4 illustrating their relationship for the
considered system.
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Figure 4. Outdoor temperature vs. supply temperature of a real heat pump.

The compressor speed and its various operational levels
present another relevant dimension. Typically, compressor
speeds can range from zero, with several intermediate levels
and maximum speed depending on the requirements of the heat
pump production. Fig 5 shows that for any given compressor
speed, there can be different outdoor ambient temperatures.
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Figure 5. Outdoor ambient temperature versus compressor speed for a real

heat pump, data of one year.

After defining the data for training the neural network, a
preprocessing step is required. This involves a polynomial
regression and percentile-based outlier detection. The pipeline
includes an imputer for managing missing values and a
polynomial feature transformer [22]. A polynomial regression
model fitted on the transformed data [23] based on a
multivariate regression calculates the intercept value
(beop) and the coefficients CO and CS for the respective
variables OT (outdoor ambient temperature) and ST (supply
temperature) as follows (8):

COP,(OT,ST) = beop + COopOT; + CScopST; (8)

The Interquartile Range (IQR) method identifies outliers
where data points falling outside the lower bound QI -
1.5*IQR and the upper bound Q3 + 1.5*IQR are considered
anomalous [24], [25].



First, using the technical data sheet of a real heat pump, we
calculate the polynomial function of (8) for two supply
temperatures COP, (0T, 35) and COP,(OT, 55) to have a range
of valid values, shown as lines in Fig. 6. Then we apply the
IQR method explained in the previous paragraph to the
COP,¢q; data (green scatter plot) to obtain the COP,.q, data
(crimson red scatter plot)

9

8

7

6

§ 5

4 L]

3

2 °

1

0

-20 30
Outdoor Ambient Temperature [°C]
COP_real © COP_clean « COP(OT,35) e COP(OT, 55)

Figure 6. Polynomial regression filtering of COP combined with IQR
method.

Now that COP data does not contain outliers, the training
process begins with TensorFlow and Keras libraries on a
python environment, defining a model that creates and trains a
feedforward neural network model as described in Section II
A. The model architecture consists of an input layer, two
hidden layers with 10 neurons each using ReLU activation
functions, and an output layer with a single neuron. Input data
is normalized to improve model performance and convergence
[26]. The Adam optimizer is used for training, which is an
adaptive learning rate optimization algorithm that combines
AdaGrad and RMSprop [27]. The model is trained for 200
epochs, which represents the number of complete passes
through the training dataset [28]. The loss function [29] used
is a mean squared error (MSE), calculated in (9) as the average
of the squared differences between COPycqicteq and
COP, clean-

MSE = ~3, (i — 9)* ©)

B. Joint optimization considering the predictor

To consider the neural network model of the previous step,
the process uses the functionality of Gurobi Machine Learning
[30] [31] to formulate a trained machine learning predictor as
constraint within a mathematical optimization model.

This additional restriction can be described as function
f:R™ > R™ that can be a trained machine learning predictor,
where 7 is the number of input features and m is the number of
output variables, in our case, m = 1 as the output is only the
COP. The function adds constraints to the equation system of
the MILP that enforce the exact formulation of the pretrained
model depending on the type of machine learning model used.

For neural networks, it represents each layer's operation,
including activation functions, modifying the COP written as
(7) by the set (10) to (12):

HY = 6(Z3121 WajmXm + byj) (10)

HP = (T2, WaiH® + byy) (11)

COPyreg = 0(Ya1) = Ot (Tp2, Wari HE + byy)(12)

where x,, is the m-th feature of the input vector x =
[x1, X3, ..., X, ] and n is the total number of inputs: x,= outdoor
ambient temperature, X, = supply temperature, X3=
compressor speed level.

In (10), we take Hj(l) as the output (activation) of the first
hidden layer after applying the activation function o. H,EZ) in
(11) is the output of the second hidden layer, which is
calculated by applying ¢ to the linear combination of H].(l).
Finally (12), calculates the COPpreqicteq @s the output of the
network, obtained after passing H,EZ) through the final
transformation and output activation g,,,;. The function returns
an object containing information about the added constraints

[32], allowing us to use the predictor inside the optimization
model as:

COPpred = COP, = f(Tsupply,t' Toutdoor,t' Cspeed,t)(13)

C. Operational planning problem description

With the pretrained model, the optimization algorithm can
now be executed.
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Figure 7. Connection of the COP pretrained model and electrical
consumption optimization for the next day.

The study cases consider the difference between large
amounts of data to train the ANN model as shown in Fig. 7,
but also the impact of incorporating a third input to predict the
COP. Use cases 1 and 2 have 96 datasets as input from real
measurements (emulating a day before data-reading); in case
1, the training inputs are only the temperatures, while case 2
includes the compressor speed. Use cases 3 and 4 extend the
training period to 22,272 datasets (emulating 232 days at 15-
minute intervals), incorporating the same input parameters as
cases 1 and 2, respectively.

All scenarios employ (2) to (6) and (13) to formulate the
optimization problem as a MILP for the subsequent 96 time
steps to simulate the operation for the next day. The extended
training periods in Use Cases 3 and 4 may lead to improved
model accuracy and potentially better optimization results, i.c.,
electrical consumption minimization.



The MILP is implemented in Python 3.12 using the latest
version of the Gurobi solver (12.0). The model is solved on a
12th Gen Intel(R) Core (TM) i7-1260P 2.10 GHz with 48,0 GB
RAM, and Windows 11 based x64 processor.

V. RESULTS AND DISCUSSION

For the Use Case 1 and 2, the dataset was divided into 96
“day-before” training samples as historical dataset and 96
“tomorrow” samples as forecasted dataset, emulating 1 day in
advance planning, in both cases of outdoor ambient
temperature, supply temperature and compressor speed,
having t=0 the 4" of December 2023 at 12:45:00.

The new 96 datasets are used by the optimization model
and to train again the COP model but this time as a restriction
embedded in the equation system. As shown in Fig. 8 the
prediction obtained within the optimization in Use Case I
doesn’t closely match the real behavior of the COP, using 10
neurons per layer and 2 hidden layers. The result of Use Case
2 shows a closer representation when considering the
compressor's on and off cycles.
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Figure 8. COP predictor as restriction of the optimization problem for a
small dataset.

This approximation causes an overstimation in the
electrical consumption, as seen in the Fig. 9, of almost 50%
more in the worst result (Use Case 1)

04.12.2023 05.12.2023
—Predicted Power (Optimization) =~ —Real Power Consumption

Figure 9. Optimization result of the electrical power consumption for the
next day using a small dataset in Use Case 1.

For the Use Cases 3 and 4, the number of training samples
(in this example, emulating 232 “days-before” with 15-minute
intervals, resulting in 22,272 values per input) significantly
improves the results, as it allows the model to capture drops to
zero due to heat pump shutdowns.
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Figure 10. COP predictor considering an extended training of 22,272 dataset
as restriction of the optimization problem.

Increasing the number of neurons per layer for the extended
training dataset did not improve performance. Instead,
negative COP values were observed for Use Case 4 that
considers the compressor speed, along with a longer
convergence time as seen in Table 1.

TABLE 1. Converge time and MSE for different neurons number

Convergence‘T'lme (s) of the MSE
training

10 neurons per 200 neurons

Predictor

10 neurons per layer

layer per layer
with compressor 220.41 312.59 0.831
speed
no compressor 23036 287.84 2.202
speed

VL CONCLUSION

In conclusion, the study shows that incorporating
additional variables, such as compressor speed, significantly
improves the model's accuracy. Although increasing the
training data volume leads to a consequent decrease in
prediction error, the system representation reveals that it is
crucial to identify and filter the training data carefully. This
process should consider factors such as the operating points
where heat is produced or the start/stop ramps of electricity
consumption that can introduce outliers in the COP model.
Moreover, incorporating additional decisions, such as
operational ranges as binary variables in the optimization
model, could be interesting to reduce errors, especially if
negative values of the COP predictor are observed.
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