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 a b s t r a c t

Heat pumps are a key technology for electrifying and decarbonising heating in the building sector. Their ef-
ficiency is strongly coupled to the heat supply temperature: the lower the supply temperature, the higher the 
coefficient of performance. In practice, the supply temperature is governed by the heating curve, which relates 
the supply temperature setpoint to the outdoor air temperature. This heating curve is often poorly configured, 
as proper parametrisation requires testing and detailed knowledge of the specific building. This paper presents a 
method to optimise the heating curve automatically using data-driven techniques, which can be implemented as a 
cloud-based service, thereby eliminating the need for manual parametrisation by a technician. The method first 
generates diverse operational data through an automated system-identification procedure. A gaussian process 
regressor is then trained to predict the room temperature deviation. The regressor is finally used to derive a self-
optimising heating curve. The approach is evaluated in a simulation study using a high-order, multi-zone model 
of a single-family home coupled to an air-source heat pump, across three climate locations and two heat transfer 
systems (radiators and underfloor heating). The results show that the method generates suitable heating curves 
for all cases, achieving thermal comfort and heat pump efficiency comparable or better to reference heating 
curves that were parametrised optimally with full system knowledge. A model predictive controller outperforms 
the heating curves in almost all cases, but requires higher development effort and online optimization.

1.  Introduction

Heat pumps are the leading technology to decarbonise domes-
tic heating [1], as they can achieve high efficiencies and are locally 
emission-free. However, compared to conventional heating systems such 
as gas boilers or oil burners, they require a more careful design of the 
heating system to reach their potential. In particular, the heat pump co-
efficient of performance (𝐶𝑂𝑃 ) depends on the source temperature, 𝑇c, 
and the heat supply temperature (sink temperature), 𝑇s, according to 
the Carnot efficiency:

𝐶𝑂𝑃 = 𝜂c ⋅
𝑇s

𝑇s − 𝑇c
, (1)

where 𝜂c is the Carnot efficiency factor describing how much the real 
system deviates from the ideal one. Although Eq. (1) provides a sim-
plified correlation for the COP, it shows that the temperature lift, i.e., 
the difference between source and sink temperature, should be as small 
as possible to achieve maximum efficiency. The source temperature is 
typically given by the operating conditions, i.e., the ambient air tem-
perature for air-source heat pumps (ASHPs) or the ground temperature 
for ground-source heat pumps. While the source temperature can be 
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increased by using more efficient heat exchangers that reduce the tem-
perature difference between the refrigeration cycle and the source, the 
potential is limited. On the heat sink side on the other hand, optimized 
heat transfer systems and controllers can reduce the required supply 
temperature significantly and thus aid a more efficient operation of the 
heat pump.

The required heat supply temperature is typically determined from 
a heating curve, which, in the most simple case, defines a linear corre-
lation between outdoor air temperature, 𝑇oda, and supply temperature 
setpoint, 𝑇s,set:

𝑇s,set = 𝑘 ⋅ (𝑇ro,set − 𝑇oda) + 𝑏. (2)

In this equation, 𝑘 represents the slope of the heating curve, 𝑏 the lin-
ear offset, and 𝑇ro,set the target room temperature. Determining suitable 
coefficients for the heating curve requires testing and detailed informa-
tion on the specific building [2]. Therefore, in practice often quite high 
values are chosen to ensure that the thermal power is sufficient to main-
tain the desired indoor temperature [3]. However, as explained above, 
this leads to a significantly reduced heat pump efficiency. Therefore, it 
is desirable to optimize the heating curve for each specific building in 
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Nomenclature

Abbreviations
ANN Artificial neural network
ASHP Air-source heat pump
COP Coefficient of performance
DHW Domestic hot water
DiCE Diverse Counterfactual Explanations
GPR Gaussian process regressor
GSHP Ground-source heat pump
KPI Key performance indicator
MPC Model predictive control
PI Proportional-integral
RBF Radial basis function
SCOP Seasonal coefficient of performance
soHC Self-optimizing heating curve
TD Thermal discomfort
UFH Underfloor heating

Greek Letters
𝜂c Carnot efficiency factor
Δ𝑇 Temperature difference (K)

Symbols
𝑏 Linear offset of the heating curve (°C)
𝑐1 … 𝑐8 Empirical coefficients of the heat pump performance 

map
𝐶𝑂𝑃 Coefficient of performance
𝑘 Slope of the heating curve
𝑛 Curvature parameter of the heating curve
𝑛c Compressor speed
𝑃 Power (W)
𝑄̇ Heat flow (W)
𝑄rel Relative heating load
𝑡 Time (s)
𝑇 Temperature (K or °C)
𝑤𝑖 Weight of cluster 𝑖

Subscripts
Add Additive offset
c Cold / source
con Condenser
dev Deviation
el Electrical
HeaThr Heating threshold
n Nominal
oda Outdoor air
pre Predicted
rel Relative
ro Room
s Supply / sink
set Setpoint
𝑖 Cluster index
𝑟 Room index

order to maximize the heat pump efficiency while maintaining thermal 
comfort at all times.

1.1.  Literature review

The question of optimizing the heating system controller has become 
more important with the increase of relevance of heat pumps. Huchte-
mann and Müller [4] investigated the impact of different heating curve 
parametrisations on the seasonal coefficient of performance (SCOP) of 
an on-off controlled heat pump in a single-family home. They inves-
tigated parallel shifts of the heating curve (i.e., changing parameter 𝑏), 

and changed the hysteresis of the on-off controller. Additionally, the au-
thors developed an adaptive heating curve that is adjusted based on the 
position of the most-open thermostatic valve in the heating circuit. This 
adaptive control strategy was able to save up to 6.8% of energy com-
pared to an optimized but fixed heating curve for the simulated build-
ing. However, it requires information on the position of all valves to be 
sent to the controller regularly. More recently, Potthoff et al. [5] investi-
gated the option to optimize heating curves based on easy-to-apply out-
door temperature-dependent guidelines. These guidelines allow users to 
fine-tune their heating curve, or manufacturers to implement automatic 
fine-tuning programs. These guidelines were found to perform signifi-
cantly better than standard parallel-shift approaches, reducing the an-
nual energy consumption by 4% on average across a sample of about 
4000 heat pump installations while also improving thermal comfort. 
Cholewa et al. [6] adjusted the heating curves of two heat pumps sup-
plying heat to multi-family homes in Poland and monitored their per-
formance over two heating seasons (November 2023 to May 2025). The 
authors compared adjustments based on the technical documentation of 
the buildings to adjustments based on monitored energy consumption. 
The former results in energy savings of 4% for both buildings, while the 
latter strategy is able to reduce energy consumption by 10% and 15%, 
respectively, compared to the initial heating curve.

Ionesi et al. [7] proposed an algorithm to adapt heating curves for 
district heating networks based on the real behavior of the building in 
question. An initial heating curve is separated into a number of segments 
based on the ambient temperature. Then, if the room temperature differs 
from the setpoint, the required supply temperature to reach the desired 
room temperature is estimated and the corresponding segment of the 
heating curve is adjusted. Neighboring segments are adjusted as well to 
maintain a smooth curve. This approach was tested using a simulation 
model of three rooms, each modeled through a four-capacity model. 
In this case study, energy savings of 1% to 5% were achieved while 
maintaining thermal comfort.

Potočnik et al. [8] optimized various heating curves with the aim to 
minimize thermal discomfort. In addition to the standard heating curve 
which is only based on the ambient temperature, they also considered 
the ambient temperature gradient, solar irradiation, and predictions of 
future temperature and irradiation as inputs to the heating curve. The 
more complicated heating curves achieved better thermal comfort and a 
lower electricity consumption, but require much more information. Es-
pecially including solar irradiation measurements and temperature and 
irradiation predictions may proof difficult. This is likely more appropri-
ate for model predictive control approaches rather than heating curves, 
whose benefits are their simplicity. Potočnik and Govekar [9] then in-
vestigated an adaptation strategy similar to that of Ionesi et al. [7], 
which is based on the offset in room temperature. The adaptation strat-
egy was shown to improve thermal comfort if the parameters of the 
adaptation strategy are chosen well, but can also result in worse thermal 
comfort compared to the optimal static heating curve if the parameters 
are unsuitable.

Rolando and Madani [10] also investigated different heating curve 
adaptation strategies. The first approach involved integrating the pre-
dicted daily solar radiation into the heating curve [11]. This resulted in 
significant energy savings especially during spring and autumn, leading 
to total annual energy savings of 9%. However, similar to the approach 
of Potočnik et al. [8], a drawback of this approach is the need for addi-
tional data. The authors also tried a similar approach as Ionesi et al. [7], 
discretising the heating curve and adapting it based on the room tem-
perature and/or user feedback.

Le et al. [12] proposed a data-driven self-learning algorithm, which 
is not further specified, to adjust heating curves based on inputs such as 
the flow rate, supply and return temperatures, and the control signal. 
The algorithm was applied to a gas boiler in a field test, showing that 
the supply temperature setpoint could be reduced by an average of 8K.

Beyond improved or even adaptive heating curves, more complex 
control strategies for building energy systems are becoming increasingly 
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popular in research. Agyekum et al. [13] observe that research on smart 
buildings is shifting towards data-driven and adaptive energy systems 
to improve energy efficiency. They identify explainable AI and real-time 
adaptive control as promising directions for future research. Model pre-
dictive control (MPC) for example is being extensively researched. Gö-
bel et al. [14] performed dynamic Hardware-in-the-loop experiments to 
compare different levels of MPC of a heat pump to the built-in controller 
using a heating curve. The MPC was able to reduce the electrical energy 
consumption by 19% on a cold winter day and by over 50% on a sunny 
day in autumn, while also being able to reduce the amount of compres-
sor starts. However, implementing MPC is quite complex and requires 
much more data and modeling effort as well as computational resources 
compared to heating curve adjustments.

1.2.  Research gap and contributions

In this paper, we use data-driven machine-learning approaches to 
generate self-optimizing heating curves based on Gaussian process re-
gressors (GPRs). This approach avoids the significant modeling effort 
needed for MPC algorithms based on detailed building energy system 
models. Within this paper, the workflow is applied to a multi-zone build-
ing hull, equipped with either a radiator or an underfloor heating sys-
tem, and evaluated for three climates. Evidence for its transferability to 
other buildings comes from our preliminary study [15], in which the 
same method was applied to a different building with a different heat 
pump model and a different thermal mass. That study used a simpli-
fied single-zone building model, so it does not cover the multi-zone case 
with individual thermostatic valves considered here, but it shows that 
the workflow is not tied to one specific building.

Compared to the studies on adaptive heating curves by Ionesi et 
al. [7] and Potočnik and Govekar [9], we consider both solar irradi-
ation and wind, and apply the methodology to multiple heated rooms 
with individual thermostatic valves in our analysis. Compared to the 
data-driven approach of Le et al. [12], we investigate ASHPs rather than 
gas boilers and consider different locations. As an applied contribution, 
the novelty of this work lies in the combination and integration of au-
tomated system identification, machine learning with GPRs and optimi-
sation to generate self-optimizing heating curves, and in demonstrating 
this workflow across different heat transfer systems and climates.

The remainder of this paper is structured as follows: Section 2 dis-
cusses the methodology, focussing on system identification, data-driven 
modeling and the algorithm to generate the self-optimizing heating 
curves. Section 3 presents the results and Section 4 discusses their im-
plications, before Section 5 concludes the paper.

2.  Methodology

The following section describes the methodology by introducing the 
simulation models and the machine learning method for generating the 
self-optimizing heating curves.

2.1.  Simulation models

The dynamic simulations of the heat pump and building models are 
conducted using the object-oriented modeling language Modelica. The 
system is implemented utilizing the BESMod library [16], a Modelica 
library specifically designed for building energy systems which builds 
upon the libraries IDEAS [17], Buildings [18], IBPSA [19], AixLib [20], 
and BuildingSystems [21]. The modeled building represents a newly 
built single-family home with a usable floor area of 158 m2. It is mod-
eled using the high-order building model from the AixLib library, which 
has been described and validated in previous publications [22,23]. The 
building envelope is parametrized according to the 1995 German Ther-
mal Insulation Ordinance (WSVO95), resulting in a nominal heating 
load of 53W/m2 at a design ambient temperature of −14 ◦C, calculated 
in accordance with the EN 12,831 standard.

Table 1 
Room usage and corresponding target temperatures.
 room ID  Usage  Target Temperature (◦C)
 1  Living Room  20
 2  Dining Room  20
 3  Utility Room  20
 4  Hallway  17
 5  Kitchen  20
 6  Bathroom 1  20
 7  Hallway  17
 8  Child’s Room 1  20
 9  Child’s Room 2  20
 10  Bathroom 2  24
 11  Bedroom  20
 12  Hallway  17

To accurately capture the thermal dynamics and the spatial distribu-
tion of the heat demand, the building is divided into 12 distinct heated 
rooms representing different rooms of the building (e.g., kitchen, bath-
room, living room). Each room is assigned an individual, constant tem-
perature setpoint, as detailed in Table 1 after DIN EN 12831-1 [24]. No-
tably, the primary bathroom (room 10) operates with the highest tem-
perature setpoint of 24 ◦C, making it consistently the room that needs 
the highest 𝑇s throughout the simulation.

The study uses two different types of heat transfer systems: radia-
tors and underfloor heating (UFH) systems. The radiator system is de-
signed for nominal supply and return temperatures of 55∕45 ◦C, whereas 
the UFH system operates at lower nominal temperatures of 38∕31 ◦C. A 
combined 900-liter buffer storage tank is utilized to provide both space 
heating and domestic hot water (DHW). The daily hot water demand 
is assumed to be 200 liters with a required temperature of 60 ◦C. It is 
modeled using deterministic draw-off events over a 24-h cycle after DIN 
EN 15450 [25].

The required thermal energy is provided by an inverter-controlled 
ASHP using propane (R290) as the refrigerant. The heat pump is mod-
eled based on the approach proposed by Wüllhorst et al. [26]. This 
approach utilizes a performance map that determines the efficiency of 
the heat pump as a function of the compressor speed (𝑛c), 𝑇oda, and 𝑇s. 
The electrical power demand (𝑃el) and the condenser heat flow (𝑄̇con) 
required to calculate the efficiency are calculated using the following 
polynomial equations fitted to manufacturer measurement data:
𝑃el = (𝑐1 ⋅ 𝑇 2

s + 𝑐2 ⋅ 𝑇s + 𝑐3) ⋅ 𝑛2c + (𝑐4 ⋅ 𝑇 2
s + 𝑐5 ⋅ 𝑇s + 𝑐6) ⋅ 𝑛c; (3)

𝑄̇con = (𝑐7 ⋅ 𝑇oda − 𝑇s + 𝑐8) ⋅ 𝑛c, (4)

where 𝑐1 to 𝑐8 are empirical coefficients derived from the measurement 
data.

As an example, Fig. 1 shows the COP of the heat pump model de-
pending on the operating conditions for a fixed compressor frequency 
of 50Hz. It can be seen that the COP increases for decreasing 𝑇s and 
increasing 𝑇oda.

The overall control logic of the heating system is integrated into 
the Modelica model. The baseline 𝑇s,set is determined by an ambi-
ent temperature-dependent heating curve, implemented according to 
Lämmle et al. [27]. The relative heating load (𝑄rel) and the resulting 
𝑇s,set are calculated as follows:

𝑄rel =
𝑇HeaThr − 𝑇oda
𝑇HeaThr − 𝑇oda,n

; (5)

𝑇s,set = 𝑇ro +
(𝑇s,n + 𝑇r,n

2
− 𝑇ro

)

⋅𝑄
1
𝑛
rel +

𝑇s,n − 𝑇r,n
2

⋅𝑄rel + 𝑇Add, (6)

where 𝑇HeaThr is the heating threshold temperature, 𝑇Add is an additive 
temperature offset and 𝑇ro is the room temperature.

Based on this 𝑇s,set and the temperature at the top of the buffer stor-
age tank, the heat pump is turned on or off. Both the space heating and 
DHW storage controls utilize a hysteresis deadband of ±3 K. When the 
heat pump is active, an internal proportional-integral (PI) controller ad-
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Fig. 1. COP calculated from the heat pump model depending on supply tem-
perature (y-axis) and ambient temperature (x-axis) for a constant compressor 
speed of 50Hz.

justs the compressor speed based on the deviation between the actual 
𝑇s and 𝑇s,set . The heat pump is constrained by its operating envelope 
and by minimum on- and off-times which mirrors a realistic heat pump 
controller. DHW charging is managed by a hysteresis controller that ac-
tuates a three-way valve to prioritize the DHW tank when the temper-
ature drops below the threshold. Additionally, the water pump of the 
heating circuit is regulated by a PI controller designed to maintain a 
defined temperature difference across the condenser on the water side: 
5 K during space heating operation and 8 K during DHW loading. Ac-
tuator delays are included, as valves, pumps and the hydraulic network 
are physically simulated with actuator rise times enabled.

The primary goal of this paper is to improve and adapt the heating 
curve. As the heating curve directly dictates 𝑇s,set , any changes made 
to it will have a direct influence on both the thermal comfort within 
the building and the overall operational efficiency of the heat pump. 
These effects are evaluated using the simulation models to assess the 
performance of different heating curves.

2.2.  Automated building system identification

The objective of the system identification is to generate comprehen-
sive operational data, which is essential for developing self-optimizing 
heating curves. Training data-driven models requires a prior system 
identification of the building to capture its thermal dynamics. To en-
sure high training data quality, the dataset must contain as many dif-
ferent combinations of 𝑇s and 𝑇oda as possible, thereby maximizing the 
information content. Relying on a single, fixed heating curve for system 
identification restricts the available 𝑇s and 𝑇oda combinations to an oper-
ational band defined by that specific curve. To overcome this limitation, 
an algorithm employing varying heating curves with different slopes is 
utilized to increase the diversity of the training data.

Under ideal operating conditions with the optimal 𝑇s, the thermo-
static valve of the critical room, which is here the primary bathroom 
(room 10) with the highest room temperature setpoint of 24 ◦C, would 
remain completely open. To replicate this ideal behavior and eliminate 
the valve position as an additional disturbance variable during data gen-
eration, the valve of the critical room is fixed at a 100% open position. 
Meanwhile, the valves in the remaining rooms are controlled to main-
tain their respective 𝑇ro,set.

The data generation algorithm begins with an initial 8-day phase. 
During this period, the building energy system is simulated using four 
different linear heating curves, each active for two days. The slopes (𝑘) 
for these initial curves are chosen randomly within bounds that depend 
on the heat transfer system (radiators or UFH). The linear heating curve 
is defined by the following equation:
𝑇s,set = 𝑘 ⋅ (24 ◦C − 𝑇oda) + 24 ◦C, (7)

where the base temperature of 24 ◦C corresponds to the target setpoint 
of the critical room. The room temperature deviation in the critical room 
is defined as:
𝑇ro,dev = 𝑇ro − 𝑇ro,set . (8)

To account for the thermal inertia of the building and the heating 
system, the continuous measurements of 𝑇ro,dev are averaged over dis-
crete, non-overlapping 8-h blocks. Each averaged deviation value is then 
linked to the specific slope 𝑘 that was active during that 8-h window.

Following the initial phase, a linear regression is performed using 
the averaged 𝑇ro,dev as the dependent variable and the corresponding 
slope 𝑘 as the independent variable. By setting 𝑇ro,dev = 0 in the resulting 
regression equation, a new slope 𝑘 is calculated, representing the slope 
required to match the room temperature to its setpoint. A new heating 
curve utilizing the calculated 𝑘 is then simulated for 7 days, generating 
additional training data. This iterative process is repeated 9 times. In 
each iteration, the linear regression is updated using the entire pool 
of accumulated historical data—comprising the initial 8 days plus all 
subsequent 7-day periods—to calculate the next slope.

The complete system identification spans a total duration of 71 days 
(8 initial days followed by 9 iterations of 7 days). In this paper, the sys-
tem identification always starts on the 1st of January. This is arbitrary, 
in a real application it would be the time of heat pump installation. 
In case of installation in the summer, the system identification should 
start with the beginning of the heating period. The system identification 
yields a highly diverse training dataset, as the variation of the heating 
curve slopes produces a wide array of 𝑇s and 𝑇oda combinations. Fur-
thermore, the iterative regression process ensures that the algorithm 
converges toward a well-fitted slope 𝑘, thereby keeping thermal dis-
comfort on a low level for the building’s inhabitants during the system 
identification phase. While this iterative method is capable of adapting 
the heating curve to different environmental conditions, it remains con-
strained by the predefined linear equation. The following section details 
how a more flexible heating curve is generated from data-driven models 
utilizing the training data generated through this procedure.

2.3.  Data driven modelling to obtain self-optimizing heating curves

The generation of the self-optimizing heating curves (soHC) in this 
paper relies on data-driven models, specifically GPRs. GPRs are suitable 
for regression tasks and offer the advantage of providing the predicted 
variance alongside the predicted mean value. The models are imple-
mented utilizing the Scikit-learn machine learning library [28]. The in-
puts to the GPR model are 𝑇s and 𝑇oda, while the target output is the 
room temperature deviation (𝑇ro,dev). To account for the thermal inertia 
of the building energy system, all input and output variables are aver-
aged over discrete 8-h intervals before being fed into the model.

The GPR utilizes a composite kernel structure consisting of a Radial 
Basis Function (RBF) kernel scaled by a Constant kernel, with the addi-
tion of a White kernel to account for measurement and system noise in 
the training data. During the model configuration, the lower bound for 
the RBF length scale is set to 10. This limit was determined iteratively; 
allowing a lower length scale results in a regression surface that is sensi-
tive to local data variations. This leads to a rough regression surface that 
cannot generate a stable, monotonic heating curve. The time it takes to 
train the GPR for the given amount of datapoints (189) ranges between 
0.15 s and 0.3 s on an Intel Xeon processor with 2.9 GHz on a single 
core.

Once the GPR is trained on the 71-day dataset, the principle for gen-
erating the soHC is to interrogate the model by fixing 𝑇oda and search-
ing for an optimal 𝑇s that yields a target 𝑇ro,dev. To extract this inverse 
relationship, the Diverse Counterfactual Explanations (DiCE) method 
by [29] is used. DiCE generates post-hoc explanations by framing the in-
put extraction as an optimization problem, finding the necessary model 
inputs to achieve a desired output. The evaluation grid for 𝑇oda is estab-
lished by identifying the minimum and maximum outdoor temperatures 
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present in the training data, rounding these boundaries, and creating a 
discrete array with 1 K increments.

For the case shown here, DiCE is functionally equivalent to a grid 
search, a root-finding algorithm or similar algorithms. It is used because 
the inverse problem is no longer one-dimensional once further control-
lable inputs are considered. When several inputs are varied simultane-
ously, different input combinations achieve the same target (𝑇ro,dev), and 
the counterfactual formulation returns feasible solutions that change as 
few inputs as possible. Retaining this formulation keeps the workflow 
extensible to the multi-input case without reimplementation.

For each 𝑇oda grid point, the DiCE algorithm utilizes a genetic algo-
rithm optimizer to search for one counterfactual 𝑇s value. The search 
space for 𝑇s is restricted to a permissible operational range of 20°C to 
65°C. The optimization is configured to find a 𝑇s that results in a 𝑇ro,dev
within the range of 0.25K to 0.75K. This positive target range acts as a 
thermal safety buffer, ensuring the room temperature remains slightly 
above the setpoint to prevent underheating of the thermal room. For 
the given 189 datapoints, the DiCE algorithm takes between 3 s and 4 s 
to complete the optimization for one heating curve on an Intel Xeon 
processor with 2.9 GHz on a single core.

After the DiCE algorithm identifies the optimal 𝑇s for each 𝑇oda grid 
point, these discrete points are linearly interpolated to construct a con-
tinuous, piecewise linear function representing the final soHC. Since the 
data-driven model is only reliable within the 𝑇oda bounds observed dur-
ing the training period, the heating curve must be extrapolated to handle 
extreme weather conditions outside this range. This extrapolation is per-
formed linearly, utilizing an extrapolation slope that is calculated as the 
arithmetic mean of all the individual piecewise slopes between the 1 K 
grid points of the generated soHC.

2.4.  Model predictive controller

MPC serves as the upper benchmark in this study. Compared to the 
soHC it requires considerably higher development and commissioning 
effort, since a process model of the building must be identified and fore-
casts as well as a solver must be available during operation. In return, 
it can exploit information that a heating curve is unable to use, namely 
disturbances such as solar irradiation and internal gains, and weather 
forecasts.

The MPC is implemented using the framework presented in Stoffel 
et al. [30], which has been applied to heat pump and building control 
in Stoffel et al. [31] and Göbel et al. [14]. The manipulated variables 
are the supply temperature setpoint of the heat pump and the open-
ing degrees of the thermostatic valves of the twelve thermal zones. The 
controlled variables are the corresponding room temperatures. The cost 
function balances thermal comfort against system efficiency. Comfort is 
represented by keeping the room temperatures within defined bounds, 
efficiency by minimizing the supply temperature setpoint. The tempera-
ture bounds are formulated as soft constraints whose violation enters the 
cost function quadratically. The optimal control problem is formulated 
in Appendix A.5. The controller operates with a step size of 10min and 
a prediction horizon of 30 steps, corresponding to 5 h. We assume a per-
fect forecast of solar irradiation, outdoor air temperature and internal 
gains. This is not directly applicable to praxis, as especially predictions 
of internal gains that come from user behavior are difficult to obtain.

Process models
Twelve individual linear regression models are used, one per room, 

each predicting the change of the respective room temperature over the 
next time step. The inputs comprise state, manipulated and disturbance 
variables, each considered with an individual lag. A lag of 𝑛 denotes 
the 𝑛 most recent samples including the current one. The inputs are 
summarized in Appendix A.5 Table A.2.

Training data generation
The linear regression models are trained with training data obtained 

from the simulation model. To ensure that the transient heating behav-
ior is represented in the data, the room temperature setpoints are var-

Table 2 
Overview of all conducted simulations. The simulations differ 
in location, transfer system and controller.
 Location  System  HC low  HC high  soHC  MPC

Warm
 UFH  TD  TD  TD  TD
 Radiator  TD  TD  TD  TD

Average
 UFH  TD, FY  TD  TD  TD
 Radiator  TD, FY  TD  TD  TD

Cold
 UFH  TD  TD  TD  TD
 Radiator  TD  TD  TD  TD

TD = Typical Days, FY = Full Year

ied randomly by ±3K every five hours. In order to capture the effects 
of the two manipulated variables both in isolation and in their cou-
pled dynamics, three operating and control variations are simulated. 
They are described in more detail in Appendix A.4. The training data 
simulations are carried out for representative periods in winter and 
spring. Each variation is recorded for one week, so that one period spans 
5 + 5 × 7 = 40 d of contiguous simulation time. The data generated in this 
way form the basis for the training of the twelve room-wise regression
models.

3.  Results

In this paper we present results from testing the described algorithm 
to generate a soHC in 3 different locations and using 2 different heating 
systems, radiators and UFH systems. An overview of the different tested 
variations is shown in Table 2. The locations are determined from clus-
tering of German weather data for test reference years [32]. From the 
clustering, we chose a warm location (Gelsenkirchen), an average loca-
tion (Langerringen), and a cold location (Schönau am Königssee). Addi-
tional information on the weather data is in Fig. A.1 in Appendix A.1.

As references, we also simulate 2 conventional heating curves in ad-
dition to the soHC for each location. These are indicated as “HC low” 
and “HC high”. The reference heating curves are based on the heating 
curve described in Eq. (6). The parametrization of the reference heating 
curves is shown in Table B.1. The difference between the low and the 
high reference heating curve is the parameter 𝑇Add, which is a parallel 
shift of the heating curve.

In addition to the three heating-curve-based controllers, the MPC de-
scribed in Section 2.4 is simulated for every location and transfer system. 
It serves as an upper benchmark, since it uses disturbance information 
and forecasts that are not available to the heating curves.

To keep the total time needed for the simulations manageable, we 
perform the simulations on typical days for every variation. These typi-
cal days are determined from the clustering of a whole year of weather 
data. We use the python package tsam [33] with hierarchical clustering. 
The clustering algorithm calculates 8 clusters that are similar in their 
weather characteristics (outdoor air temperature, relative humidity and 
solar radiation). Because the heat pumps operation is mainly influenced 
by the outdoor air temperature, the weight on the outdoor air tempera-
ture in the clustering algorithm is the highest (= 0.8), while the relative 
humidity and solar radiation are weighted lower (= 0.15 and = 0.05). 
The Key Performance Indicators (KPIs) calculated for the typical days 
are used to predict the KPIs for the complete year. This is done by sim-
ulating the 8 typical days and multiplying the daily results by specific 
weighting factors, which correspond to the number of days in the year 
that each cluster represents. Table A.1 in the appendix shows the typi-
cal days with their weighting factors for every location. To validate this 
approach, we do simulations of full years for the average location with 
the low reference heating curve and compare it to the results predicted 
from the typical-day approach.

In total, we simulate 4 different controllers for every location and 
heating system, resulting in 24 different simulations.
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3.1.  Self-optimizing heating curves

Based on the data-driven model developed in Section 2.3, the soHC 
is generated and evaluated in comparison with the reference heating 
curves (HC low and HC high) for every system variation detailed in Ta-
ble 2. The upper subplots of Fig. 3 illustrate these heating curves for the 
location with average outdoor air temperatures, plotting 𝑇s,set against 
𝑇oda. The results for the radiator transfer system are displayed on the left-
hand side (Fig. 3(a)), while the UFH system is shown on the right-hand 
side (Fig. 3(b)). An analysis of the heating curves reveals that the soHC 
correctly dictates higher 𝑇s,set values for the radiator system compared 
to the UFH system, demonstrating that the data-driven models success-
fully learned the required temperature levels for each transfer system. 
The soHC exhibits a slope similar to the reference heating curves, show-
ing that the physical dependency between 𝑇s,set and 𝑇oda was accurately 
captured by the data-driven model. Overall, the soHC closely aligns with 
the reference heating curves. This alignment confirms the efficacy of 
the proposed method, especially considering that the reference heating 
curves used in this study are already parametrized for the actual trans-
fer systems. In practical real-world applications, heating curves are typ-
ically configured manually by technicians and are rarely well-tuned as 
described in Potthoff et al. [5].

The lower three subplots of Fig. 3 display the predicted deviations 
of the room temperature (𝑇ro,dev,pre) for each of the three heating curves. 
These predicted deviations are generated by feeding the respective 𝑇s,set , 
𝑇oda value pairs into the data-driven model described in Section 2.3. 
Since GPRs are utilized, the model outputs not only the predicted mean 
value but also the standard deviation for each input pair. This is vi-
sualized as a 95% confidence interval, represented by a grey shaded 
area around the predicted mean values. For the soHC, 𝑇ro,dev,pre con-
sistently aligns with the targeted safety buffer of 0.25K to 0.75K. This 
behavior is expected, as the DiCE algorithm was constrained to gener-
ate the soHC within this comfort band. The data-driven model predicts 
larger deviations for the reference heating curves. HC low for example 
is parametrized too conservatively, resulting in negative temperature 
deviations that indicate insufficient heating. Additionally, the 95% con-
fidence intervals widen towards the lowest and highest outdoor tem-
peratures shown in Fig. 3. This widening indicates a decrease in model 
reliability in these regions, as the model is forced to extrapolate. This 
is due to a lack of very low and very high temperatures in the 71-day 
training dataset.

The results for the cold and warm locations are presented in Figs. 2 
and 4, respectively. The overall trends remain consistent across these 
different climates, demonstrating that the data-driven method functions 
effectively under varying weather dynamics. However, the specific cli-
mate impacts the available training data. For instance, in the cold loca-
tion, the training period did not include outdoor temperatures above 
5 ◦C. Consequently, the 95% confidence interval becomes wider for 
𝑇oda > 5 ◦C. This paper addresses data scarcity at the extremes by extrap-
olating the heating curve linearly based on the mean slope. Alternative 
strategies could be implemented in these highly uncertain regions, such 
as reverting to a conservative baseline heating curve when the predicted 
model variance exceeds a certain threshold.

The results of a sensitivity analysis of the soHC generation are pre-
sented in Appendix B.2 Figs. B.1 and B.2 exemplarily for the average lo-
cation with radiator and UFH system. A variation of the comfort bounds 
(base setting [0.25 K, 0.75 K]) shows that the level of the soHC increases 
with increasing bounds. The variation of the averaging interval of the 
training data (base setting 8 h) shows little influence on the generated 
soHC. The sensitivity of the soHC generation to the amount of training 
data (base setting 71 days) is examined. For the radiator system, 43 days 
of training data are already sufficient to generate a soHC. For the UFH 
system, the variant with 43 days of training data does not yield a sen-
sible soHC. This is likely due to the higher thermal capacity of the UFH 
system, which requires a larger amount of training data to be captured 
compared to the radiator system. Lastly we examined the influence of 

Table 3 
Comparison of KPIs obtained from full-annual simulations versus 
predictions based on 8 typical days for the average climate loca-
tion with the reference heating curve HC low.
 Transfer

KPI
 Annual  Typical-day

Deviation System  Simulation  approach
 UFH  SCOP  3.86  3.95 2.28%
 UFH  TD in Kh/d  23.74  24.94 4.8%
 Radiator  SCOP  3.08  3.17 2.84%
 Radiator  TD in Kh/d  22.4  22.67 1.19%

the length scale of the GPR, the results show that it does not have mean-
ingful influence on the generated soHC. The training time of the GPR 
increases with increasing number of training data points. The maximum 
training time observed in the sensitivity analysis is 1.8 s for the largest 
amount of training data points that we looked at (390). The execution 
time of the DiCE algorithm is not sensitive to the number of datapoints 
in the application of this paper, because the number of datapoints enter 
primarily through the cost of the GPR mean prediction, which is com-
putationally negligible compared to the time the optimizer takes. The 
forward pass of a GPR with 390 training data points takes ca. 140 𝜇s on 
our hardware (Intel Xeon processor with 2.9 GHz).

The genetic algorithm used by DiCE is stochastic, so repeated runs 
on the same GPR yield slightly different soHCs. To quantify this effect, 
the soHC for the average location with the UFH system was generated 
25 times with different random seeds while keeping the trained GPR 
fixed. Across the runs, the mean standard deviation over all outdoor 
temperatures is 0.14K, so the stochasticity has only a minor effect on 
the generated soHC. The results are shown in Appendix B.3 Fig. B.3.

3.2.  Annual simulations

This section validates the accuracy of this typical day approach by 
comparing its predictions against a full annual simulation. The valida-
tion is demonstrated using the average climate location with the low 
heating curve as a reference, as previously defined in Table 2. The eval-
uation focuses on two primary KPIs: the SCOP of the heat pump and 
the cumulative thermal discomfort (TD), measured in Kelvin-hours per 
day (Kh/d), which is the sum of instantaneous thermal discomforts per 
room over the whole year. The calculation formulas for the SCOP and 
the thermal discomfort are provided in Appendix A.3.

The results of this comparison for both the UFH and radiator heat 
transfer systems are summarized in Table 3.

As shown in Table 3, the predicted SCOP values are close to the 
full-year results for both the UFH and radiator systems, with relative 
deviations of 2% to 3%. Regarding Thermal Discomfort, the prediction 
for the Radiator system is also highly accurate, showing a deviation of 
1.19%. The largest discrepancy is observed in the TD prediction for the 
UFH system, which has a deviation of 4.8% compared to the full annual 
simulation.

The accuracy of the predictions across both efficiency and comfort 
metrics is rated sufficiently high. The reduction in computational time 
outweighs the loss in precision. From this point forward, all subsequent 
results presented in this paper are derived from typical day simulations.

3.3.  Typical day simulations

This section analyzes the results of the typical day simulations for 
the warm, average and cold location with the UFH and radiator transfer 
systems. Table B.2 shows the numerical results of the typical day simu-
lations. Figs. 5–7 illustrate the thermal discomfort (y-axis) of the three 
different locations over the SCOP (left subplot) and over the relative 
savings of electrical energy Δ𝑊el (right subplot). Each figure contains 
subfigures separating the results for the radiator (left) and UFH (right) 
transfer systems. In these scatter plots, the soHC is depicted in blue, HC 
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Fig. 2. soHC (blue) and reference heating curves (red and green) for the warm location using (a) a radiator system; and (b) an UFH system. The top subplot shows 
the heating curves, the bottom subplots show the predicted room temperature deviations for each HC. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.)

Fig. 3. soHC (blue) and reference heating curves (red and green) for the average location using (a) a radiator system; and (b) an UFH system. The top subplot shows 
the heating curves, the bottom subplots show the predicted room temperature deviations for each HC. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.)

low in red, HC high in green and the MPC in purple. Additionally, a 
dashed line represents the linear interpolation between the two refer-
ence heating curves. The savings of electrical energy are evaluated with 
respect to HC high and are defined as

Δ𝑊el =
𝑊el,HChigh −𝑊el

𝑊el,HChigh
⋅ 100 %, (9)

where 𝑊el is the electrical energy consumed by the heat pump over the 
weighted typical days.

For all variations, the thermal discomfort is dominated by the ther-
mal discomfort of the primary bathroom (room 10), as this room has the 
highest 𝑇ro,set of 24°C. This is demonstrated in Fig. B.4 Appendix B.4.

One key aspect of the analysis is the trade-off between thermal dis-
comfort and SCOP. Implementing a higher heating curve (HC high) 
generally minimizes thermal discomfort by providing more heat to the 
building; however, it simultaneously reduces the SCOP. This occurs be-
cause a higher heating curve necessitates higher 𝑇s,set . This results in a 
higher required temperature lift of the heat pump and consequently a 
lower efficiency, as dictated by Eq.  (1). This trade-off is seen across all 
locations and transfer systems: HC high consistently yields lower dis-
comfort but also a lower SCOP compared to HC low. Warmer locations 
show higher SCOP values due to higher average outdoor temperatures. 
Similarly, the UFH system achieves higher SCOPs than the radiator sys-
tem, as its larger heat transfer area enables operation at lower 𝑇s. The 
results also highlight the influence that the choice of heating curve has 
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Fig. 4. soHC (blue) and reference heating curves (red and green) for the cold location using (a) a radiator system; and (b) an UFH system. The top subplot shows the 
heating curves, the bottom subplots show the predicted room temperature deviations for each HC. (For interpretation of the references to color in this figure legend, 
the reader is referred to the web version of this article.)

Fig. 5. Thermal discomfort (y-axis) over the SCOP (left subplot) and over the savings of electrical energy compared to HC high (right subplot) for the different 
controllers in the warm location using (a) radiator-based heating; and (b) UFH systems.

on the efficiency of the heat pump. For instance, in the cold location uti-
lizing radiators, there is a more than 10% difference in SCOP between 
the highest and lowest heating curves, but also an over 40% reduction 
in thermal discomfort.

We evaluate Δ𝑊el to quantify the electricity demand of the different 
controllers. For the average location with the radiator system, the soHC 
and the MPC reach practically the same SCOP (2.89 and 2.87), while 
the MPC consumes 0.6 percentage points less electrical energy. The cold 
location with the radiator system shows the same effect, with SCOPs of 
2.53 and 2.54 and savings of 9.2% and 10.9%. The reason is that the 
SCOP is a ratio and therefore does not penalize heat that is supplied 
although it is not needed. During mild periods, the heating-curve-based 
controllers keep the heat pump in operation. Because of the high outdoor 
air temperatures, this operation takes place at a small temperature lift 
and thus at a high COP, which raises the SCOP. The MPC switches the 
heat pump off in these periods, which can lead to similar SCOPs, but 
lower electricity demand.

The dashed interpolation lines serve as a benchmark for evaluating 
the soHCs. A data point falling to the right of this line indicates an im-
proved heating curve (yielding a better SCOP for a given level of dis-

comfort), whereas a point to the left indicates a worse heating curve. 
The figures show that the soHC lies to the right of this interpolation line 
for all locations and transfer systems, except for the average climate lo-
cation with UFH transfer system, where it is on the line. This indicates 
that the soHC has an improved form, so an improved dependency be-
tween 𝑇oda and 𝑇s,set , compared to the reference heating curves. Given 
that the reference curves were already expertly parametrized for the 
specific transfer system, this is a positive outcome. In the SCOP subplot, 
the MPC lies to the right of the interpolation line for all variations except 
the warm location with the UFH system, where it lies on the line. The 
same interpretation of the interpolation line of the SCOP subplot applies 
to the Δ𝑊el subplot. There, the MPC lies to the right of the line for all 
six variations, and the soHC lies to the right of it for all variations except 
the average location with the UFH system. In this variation, the soHC 
consumes practically the same electrical energy as HC high at a slightly 
higher thermal discomfort, so its form is not improved compared to the 
reference heating curves. This is caused by the training data of the sys-
tem identification not containing enough information for this variation.

The MPC saves electrical energy compared to the heating-curve-
based controllers because it raises 𝑇s,set only as far as it is required at 
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Fig. 6. Thermal discomfort (y-axis) over the SCOP (left subplot) and over the savings of electrical energy compared to HC high (right subplot) for the different 
controllers in the average location using (a) radiator-based heating; and (b) UFH systems.

Fig. 7. Thermal discomfort (y-axis) over the SCOP (left subplot) and over the savings of electrical energy compared to HC high (right subplot) for the different 
controllers in the cold location using (a) radiator-based heating; and (b) UFH systems.

each point in time. Solar radiation and internal gains are inputs of the 
process models of the MPC, whereas a heating curve depends on 𝑇oda
only. The MPC therefore reduces 𝑇s,set whenever solar radiation or in-
ternal gains contribute to the heat supply of the rooms. A heating curve 
cannot react to these disturbances and keeps 𝑇s,set at the level dictated 
by 𝑇oda. This results in supply temperatures that are higher than needed 
and forces the thermostatic valves to close. The MPC sets 𝑇s,set such that 
the valve of the critical room remains completely open most of the time, 
as shown in Fig. B.5 in Appendix B.4. This effect is strongest in the cold 
location. Cold and sunny days occur frequently, whereas the cold days 
of the milder locations stay at low solar irradiation. This effect leads to 
the higher savings of the MPC in the cold location, because the MPC 
can exploit the solar radiation on the cold and sunny days to lower the 
supply temperature.

For the warm and average locations, the soHC achieves low thermal 
discomfort, comparable to the performance of HC high. For the warm 
climate location and the average climate location in combination with 
the radiator transfer system, the soHC is right of the interpolation line, 
which means better SCOP compared to the reference HCs for the same 
discomfort. For the average climate location in combination with the 
UFH heating system , the soHC falls on the interpolation line, which 
corresponds to a similar SCOP for a given discomfort compared to the 
reference HCs.

Overall, for the warm and average location, the low discomfort aligns 
with the design objective of the soHC, which was targeted to maintain 

a low room temperature deviation. The residual discomfort observed in 
these scenarios is attributable to transient thermal effects—such as sud-
den internal heat gains or fluctuating solar radiation—that the systems’ 
PI controllers cannot compensate for due to the thermal inertia.

In the cold location, while the soHC is to the right of the interpo-
lation lines, lower SCOPs and slightly increased thermal discomfort are 
observed overall. This occurs due to the maximum thermal capacity of 
the air-source heat pump, that decreases as the outdoor air temperature 
drops. During cold days, the available heating capacity of the heat pump 
becomes insufficient to meet the building’s demand. This is especially 
pronounced in the UFH system; coupled with the high thermal inertia 
of the floor mass, the reduced heat pump capacity prevents the system 
from reaching and maintaining the desired 𝑇ro,set.

For the cold climate location, the thermal discomfort is higher com-
pared to the reference heating curves than it is for the other locations. 
Minimizing the thermal discomfort did not work as well as for the other 
locations. This is because of the limited range of 𝑇oda and 𝑇s,set in the 
training data for the cold climate. In Fig. 4 it can be seen, that the stan-
dard deviation output of the GPR is higher around higher 𝑇oda. This in-
dicates lower quality of the soHC in this temperature range (𝑇oda > 5◦𝐶)
which leads to higher thermal discomfort.

Overall, the typical day simulations confirm that the soHC provides 
low thermal discomfort across the three distinct climatic locations for 
both UFH and radiator systems. These results demonstrate that the pro-
posed data-driven method is a robust and effective approach for au-
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tomatically generating adapted heating curves. Due to the data-driven 
character of the method, no expert knowledge is needed for setting the 
heating curve. In this paper, we always chose to generate the soHC to 
provide low discomfort. By decreasing the target room temperature de-
viation in the soHC generation, the soHC can also be tuned to provide 
high SCOPs rather than low discomfort.

In summary, the soHC improves the shape of the heating curve in al-
most all variations. In the warm and average locations it saves between 
0.03% and 4.6% of electrical energy at a comfort level comparable to 
HC high. In the cold location the savings are larger (9.2% and 6.8%), 
but thermal discomfort rises by 2.7K h d−1 to 6K h d−1. The MPC saves 
between 1.0% and 10.9% and outperforms the soHC except in the warm 
location with UFH, where the soHC already provides a supply tempera-
ture close to the optimal level. It also attains the lowest or equal-lowest 
thermal discomfort in every variation, as only the MPC can lower 𝑇s in 
response to solar irradiation and internal gains.

4.  Discussion

The simulation results demonstrate the high potential of the self-
optimizing heating curve. Still there are limitations and practical con-
siderations that are to be addressed.

The building model utilized in this study incorporates a set of realis-
tic disturbances, including solar radiation, wind speed, and internal heat 
gains. Similarly, the heat pump model is fitted to experimental data and 
employs realistic system-level control logic, such as PI controllers for 
the compressor speed and the secondary water pump. However, phys-
ical heat pumps possess internal control algorithms that can introduce 
additional dynamic disturbances not captured in simulation. Therefore, 
while the simulation environment provides a proof-of-concept, future 
work should include Hardware-in-the-Loop (HiL) testing and field de-
ployments in real buildings to fully validate the robustness of the method 
under real operating conditions.

The practical implementation of this data-driven method assumes 
the presence of smart room thermostats. These devices are required to 
communicate real-time room temperatures and setpoints back to the 
central heat pump controller. While this necessitates a modern smart-
home infrastructure, such networked systems are becoming standard in 
new heat pump installations. Furthermore, this hardware infrastructure 
provides a solution to one of the study’s underlying assumptions: the 
prior knowledge of the critical room (Room 10 in this study). In a real-
world application, the critical room can be determined empirically dur-
ing an initial monitoring phase by tracking the smart room thermostats 
and identifying the room where the valve is most frequently at the 100%
open position.

In this study, the training data generation always started on the 1st 
of January, ensuring exposure to a wide distribution of outdoor air tem-
peratures. In reality, a heat pump might be installed during the summer. 
A summer system identification would yield a training dataset lacking 
the cold temperature data necessary to construct a complete soHC for 
the winter. This scenario shows an advantage of utilizing GPRs as the 
data-driven model to construct the heating curve from. The GPR out-
puts a predictive variance alongside its mean prediction. If the model is 
forced to extrapolate into unobserved cold temperature ranges, the sys-
tem can revert to a conservative baseline heating curve. As the heating 
season progresses and more diverse 𝑇oda data is collected, the soHC can 
be continuously refined through online learning. This fallback strategy 
is not evaluated in the present study and is left for future work. The 
required duration of the system identification depends on the transfer 
system. It can be determined by continuing the identification until the 
predicted standard deviation of the GPR falls below a threshold.

In the present study, the supply temperature is the only controllable 
input of the GPR. For this problem, DiCE is functionally equivalent to 
simpler optimisation approaches. Its benefit is expected once additional 
controllable inputs are considered. Future work should therefore extend 
the framework to multiple controllable inputs.

The soHC results from a single identification phase followed by an 
offline optimisation. Over the life of a heat pump, the thermal behavior 
of a building changes, for instance through renovation or different user 
behavior, so that a heating curve parametrised at commissioning even-
tually no longer fits. If events that lead to decreased thermal comfort 
occur, the algorithm should re-enter identification mode, refit the GPR 
and derive an updated soHc. This workflow can run repeatedly over the 
lifetime of the system rather than once. Suitable thresholds to trigger a 
retraining are individual to the specific use-case.

The results of the MPC depend on the weighting of the comfort and 
the efficiency term in the cost function. A different weighting shifts the 
MPC along the trade-off between thermal discomfort and electricity de-
mand, so the presented values represent one operating point out of a 
range that the MPC can reach. Furthermore, the MPC uses perfect fore-
casts of outdoor air temperature, solar radiation and internal gains. The 
reported savings are therefore an upper benchmark that an implemen-
tation with real forecasts will not fully reach.

Finally, this study does not attempt to provide generalized, abso-
lute values for SCOP improvements or thermal discomfort reductions 
compared to real-world reference heating curves. In practice, manu-
ally parametrized heating curves vary and are dependent on the in-
stalling technician. Nevertheless, the results demonstrate that our ap-
proach eliminates the need for manual parametrization. The method au-
tonomously generates a suitable heating curve, ensuring both efficient 
heat pump operation and thermal comfort without relying on human 
intervention. As Potthoff et al. [5] point out, heating curve parameters 
are in practice based on the experience of the installer or on rough es-
timates, so that no single parametrisation can be regarded as industry 
standard. A comparison against commercially available adaptive con-
trollers was therefore not possible within this study. The two reference 
curves used here are theoretical heating curves that differ by a parallel 
shift, representing a conservatively low and a generously high heating 
curve.

5.  Conclusion

This paper introduces a novel, data-driven method for the automated 
generation of heating curves for heat pump systems. The proposed ap-
proach was developed and evaluated using a high-order building model 
that features multiple thermal rooms and incorporates realistic environ-
mental and operational disturbances, such as solar radiation and inter-
nal heat gains. To show the method’s robustness, the system was simu-
lated using typical days across three climatic locations, considering both 
UFH and radiator heat transfer systems.

The core of the methodology consists of utilizing historical opera-
tional data to train a data-driven model. Once trained, this model cap-
tures the thermal dynamics of the building and can predict expected 
room temperature setpoint violations based on the applied heating curve 
and outdoor weather conditions. By coupling this predictive model with 
an optimization algorithm, self-optimizing heating curve (soHC) that is 
tailored to the building’s thermal characteristics can be generated.

The simulation results demonstrate that the generated soHCs per-
form well across all tested climates and transfer systems. Utilizing the 
soHC results in low thermal discomfort. The automatically generated 
soHCs achieve a performance level comparable or better to expertly 
configured, system-specific reference heating curves. The primary ad-
vantage of this approach lies in its complete automation, eliminating 
the need for manual parameterization by technicians.

An MPC serves as an upper benchmark. It consumes less electrical 
energy than the soHC in five of six variations and attains the lowest or 
equal-lowest thermal discomfort in every variation, since it can lower 
the supply temperature setpoint in response to solar irradiation and in-
ternal gains, which a heating curve cannot. Even though the MPC out-
performs all heating curves in this study, this comes at the price of high 
development and modeling expense aswell as the need to perform online 
optimization.
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Overall, this study shows that data-driven methods can be used to 
simplify the generation of heating curves. By autonomously adapting to 
the specific building and transfer system, the proposed method shows 
efficient heat pump operation and low thermal discomfort. The next step 
is to demonstrate the simulative findings from this study experimentally 
in an occupied building.
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Appendix A.  Additional methodology

A.1.  Weather data

A.2.  Data on typical days

Table A.1 
Chronological list of typical days and their corresponding 
weight (number of days) for the warm, average, and cold lo-
cations.

 Warm  Average  Cold
 Date  Weight  Date  Weight  Date  Weight
 Jan 6  59  Jan 21  85  Feb 22  46
 May 2,  48  Mar 28  85  Mar 4  20
 Jun 30  37  Apr 25  35  Mar 28  65
 Aug 14  41  Apr 30  38  Aug 21  22
 Sep 20  60  Jul 13  39  Aug 25  43
 Oct 15  28  Aug 22  43  Sep 28  39
 No. 5  38  Sep 23  25  Sep 29  71
 No. 22  54  Dec 19  15  No. 8  59

A.3.  Calculation of KPIs from typical-day data

The SCOP is calculated as the ratio of the total weighted thermal 
energy provided by the heat pump to the total weighted electrical energy 
consumed over the year:

SCOP =

∑8
𝑖=1 𝑤𝑖 ∫day𝑖 𝑄̇con,𝑖(𝑡) 𝑑𝑡

∑8
𝑖=1 𝑤𝑖 ∫day𝑖 𝑃el,𝑖(𝑡) 𝑑𝑡

(A.1)

where:

• 𝑤𝑖 is the weight, i.e., the number of days represented by cluster 𝑖.
• 𝑄̇con,𝑖(𝑡) is the condenser heat flow during typical day 𝑖.
• 𝑃el,𝑖(𝑡) is the electrical power demand during typical day 𝑖.

The Thermal Discomfort (TD) is calculated by integrating the posi-
tive deviations of the actual room temperature from the setpoint tem-
perature (which correspond to lower actual room temperatures than 
the set room temperature). This integration is performed for all 12 
rooms, weighted by the cluster days, and then averaged over the
year:

TD = 1
3600 ⋅ 365

8
∑

𝑖=1
𝑤𝑖

12
∑

𝑟=1
∫day𝑖

max
(

0, 𝑇ro,set,𝑟(𝑡) − 𝑇ro,𝑟(𝑡)
)

𝑑𝑡 (A.2)

where:

• 𝑇ro,set,𝑟(𝑡) is the target setpoint temperature for room 𝑟.
• 𝑇ro,𝑟(𝑡) is the actual measured temperature in room 𝑟.
• The max(0,…) function ensures that only underheating (tempera-
tures dropping below the setpoint) contributes to the discomfort met-
ric.

• The factors 3600 and 365 convert the integrated seconds into 
hours and average the annual total over the days of the year,
respectively.

A.4.  Training data generation for the MPC

• Variation 0 (constant valves, dynamic supply temperature): the sup-
ply temperature is governed by a PI controller using the temperature 
of room 10 (bathroom) as reference, as this room has the highest set-
point requirement and therefore determines the supply temperature 
demand. The valve opening degrees of all rooms are simultaneously 
held constant at 40% and 100%.

• Variation 1 (constant supply temperature, dynamic valves): the sup-
ply temperature setpoint is fixed at three levels while the room tem-
peratures are controlled by individual PI controllers acting on the 
respective zone valves. The levels are adapted to the heat emission 
system, 40°C and 60°C for the radiator system and 25°C and 45°C for 
the underfloor heating, since exciting a low-temperature system at 
radiator level would generate data outside its attainable operating 
range.

• Variation 2 (coupled dynamics): both the supply temperature, 
led by room 10, and the zone valves are controlled by PI con-
trollers simultaneously, in order to record the coupled system
behavior.

A.5.  MPC optimal control problem

Let  = {1,… , 12} denote the set of considered zones and  =
{0,… , 𝑁 − 1} the prediction horizon with 𝑁 = 30 steps. The ma-
nipulated variables are the supply temperature setpoint 𝑇sup,set and 
the thermostatic valve opening degrees 𝑢val,𝑗 , collected in 𝐮 =
[

𝑇s,set , 𝑢val,1,… , 𝑢val,12
]⊤. At each time step the following optimal control 

problem is solved:
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Fig. A.1. Outdoor air temperatures, relative humidities and solar radiations of the yearly weather data for all locations. The dashed lines show the 25%, the 50% 
and the 75% quartiles.

min
𝐮

∑

𝑘∈

(

𝑤𝑇 𝑇s,set,𝑘 +𝑤Δ𝑇 Δ𝑇 2
s,set,𝑘

+
∑

𝑗∈

(

𝑤𝜖,𝑗 𝜖
2
𝑗,𝑘 +𝑤𝑣 𝑢val,𝑗,𝑘 +𝑤Δ𝑣 Δ𝑢2val,𝑗,𝑘

)

)

(A.3a)

s.t. Δ𝑇ro,𝑗,𝑘 = 𝑓lr,𝑗
(

𝑥̃𝑗,𝑘, 𝑢̃𝑗,𝑘, 𝑑𝑘
)

(A.3b)

𝑇ro,𝑗,𝑘+1 = 𝑇ro,𝑗,𝑘 + Δ𝑇ro,𝑗,𝑘 (A.3c)

𝑇lb,𝑗 − 𝜖𝑗,𝑘 ≤ 𝑇ro,𝑗,𝑘 ≤ 𝑇ub,𝑗 + 𝜖𝑗,𝑘 (A.3d)

𝜖𝑗,𝑘 ≥ 0 (A.3e)

𝑇s,min ≤ 𝑇s,set,𝑘 ≤ 𝑇s,max (A.3f)

𝑢val,min ≤ 𝑢val,𝑗,𝑘 ≤ 𝑢val,max (A.3g)

for all 𝑗 ∈  , 𝑘 ∈ .

Here Δ𝑇s,set,𝑘 and Δ𝑢val,𝑗,𝑘 denote the change of the respective ma-
nipulated variable between two consecutive steps, and 𝑥̃𝑗,𝑘, 𝑢̃𝑗,𝑘, 𝑑𝑘
the lagged state, manipulated and disturbance inputs according to
Table A.2. Eq. (A.3d) formulates the comfort bounds as soft constraints. 
The violation is penalized quadratically. Efficiency is addressed by the 
linear terms on 𝑇s,set,𝑘, which drives the supply temperature towards the 
lowest values compatible with comfort. Quadratic terms on the input 
changes suppress oscillations of the actuators. The resulting problem is 
solved using the solver IPOPT [34].

The comfort bounds are identical for all zones relative to 
their individual target temperature 𝑇ro,set,𝑗 , with 𝑇lb,𝑗 = 𝑇ro,set,𝑗 and 
𝑇ub,𝑗 = 𝑇ro,set,𝑗 + 3K. The weights and the bounds are summarized in
Table A.3.

Table A.2 
Inputs of the room-wise linear regression models, where 𝑞̇sol is solar 
irradiation and 𝑄̇int,𝑗 are roomwise internal gains. The lag denotes the 
number of considered time steps including the current one. At a step 
size of 10min a lag of 𝑛 covers the preceding (𝑛 − 1) ⋅ 10min.

 Category  Symbol  Description  Lag
 State 𝑇ro,𝑗  room temperature of zone 𝑗  2

Manipulated
𝑇s,set  supply temperature setpoint  4
𝑢val,𝑗  valve opening degree of zone 𝑗  4

Disturbance
𝑇oda  ambient dry bulb temperature  2
𝑞̇sol  global solar irradiation  2
𝑄̇int,𝑗  internal gains of zone 𝑗  2

 Output Δ𝑇ro,𝑗  change of room temperature of zone 𝑗  –

Table A.3 
Weighting factors and bounds of the optimal control problem per 
heat transfer system.
 Symbol  Description  Radiator  UFH
𝑁  prediction horizon in steps  30  30
𝑤𝜖,𝑗  comfort weight zones  8  8
𝑤𝑇  supply temperature  0.4  0.4
𝑤Δ𝑇  supply temperature change  1  1
𝑤𝑣  valve opening  1  1
𝑤Δ𝑣  valve opening change  7  7
𝑇sup,min  lower supply temperature bound in °C  20  20
𝑇sup,max  upper supply temperature bound in °C  65  45
𝑢val,min  lower valve bound  0  0
𝑢val,max  upper valve bound  1  1
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Appendix B.  Additional results

B.1.  Heating curve parameters

Table B.1 
Configuration parameters for the heating curves of the four variations. The underlying equation 
is described in Eq.  (6). All temperatures are given in Kelvin.

Parameter
 Radiator  UFH
 HC low  HC high  HC low  HC high

𝑇HeaThr  288.15  288.15  288.15  288.15
𝑇oda,n  261.15  261.15  261.15  261.15
𝑇ro  297.15  297.15  297.15  297.15
𝑇s,n  328.15  328.15  311.15  311.15
𝑇r,n  318.15  318.15  304.15  304.15
𝑛  1.24  1.24  1.0  1.0
𝑇Add  4.0  8.0  4.0  8.0

B.2.  Sensitivity analysis on the heating curve algorithm

Fig. B.1. Sensitivity analysis of the soHC generation for the average location with radiator system. Each column varies one parameter while the others are held at 
their base setting (black): the comfort bounds ([0.25 K, 0.75 K]), the averaging interval of the training data (8 h), the amount of training data (71 days) and the 
length scale bound of the GPR (10). The subplots show the resulting heating curves.
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Fig. B.2. Sensitivity analysis of the soHC generation for the average location with UFH system. Each column varies one parameter while the others are held at their 
base setting (black): the comfort bounds ([0.25 K, 0.75 K]), the averaging interval of the training data (8 h), the amount of training data (71 days) and the length 
scale bound of the GPR (10). The subplots show the resulting heating curves.

B.3.  Stochasticity of the DiCE genetic algorithm

Fig. B.3. Deviation of 𝑇s,set of 25 soHCs, generated with different random seeds of the DiCE genetic algorithm, from their mean for the average location with the 
UFH system. Boxes show the interquartile range, whiskers extend to 1.5 times the interquartile range, and circles mark outliers.

B.4.  Typical day simulation results
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Table B.2 
Evaluation of typical day simulations: Seasonal Coefficient of Performance (SCOP), thermal discomfort (TD) and savings of electrical 
energy Δ𝑊el with respect to HC high across different locations, controllers and transfer systems.
   
Climate Controller

 Radiator  UFH
  SCOP  TD Δ𝑊el  SCOP  TD Δ𝑊el 
  in –  in Kh/d  in %  in –  in Kh/d  in %  
 
Warm

 HC low  3.67  22.73  10.10  4.25  21.18  5.17  
  HC high  3.41  11.59  0.00  4.10  11.74  0.00  
  soHC  3.40  8.07  0.84  4.18  13.00  4.59  
  MPC  3.42  7.66  2.65  4.04  8.27  1.72  
 
Average

 HC low  3.17  22.40  8.74  3.95  24.94  6.00  
  HC high  2.86  12.79  0.00  3.70  15.00  0.00  
  soHC  2.89  12.00  0.42  3.74  16.48  0.03  
  MPC  2.87  7.94  0.97  3.70  9.92  2.32  
 
Cold

 HC low  2.55  21.54  10.21  3.48  27.47  8.09  
  HC high  2.29  12.13  0.00  3.21  20.13  0.00  
  soHC  2.53  18.13  9.22  3.42  22.86  6.75  
  MPC  2.54  12.13  10.85  3.35  14.89  8.21  

Fig. B.4. Detailed analysis of the thermal discomfort of individual rooms.
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Fig. B.5. Histograms of the valve openings of the primary bathroom (Room 10) for all simulated variations.
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