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Abstract

Hybrid heat pumps (HHPs) have arisen as a pragmatic variant of heat pumps for domestic space and hot water
heating. As a heating device that combines a gas boiler and an air-source heat pump, HHPs can electrify a
significant amount of the domestic heat demand, without requlrmg thermal upgrade or storage. One of the
most important features of HHPs is flexibility provision, i.e., providing demand response by leveraging
building thermal mass and switching between fuels. There has been limited large-scale field trial data of HHP
flexibility in the UK, and few studies that realistically represent the short-run thermal dynamics of buildings.
This study addresses this gap in the modelling by constructing a machine learning model based on the Lumped
Capacitance Model to represent domestic building thermal dynamics, extracting information from monitoring
data from over 700 UK dwellings. Optimized heating operation is then simulated to estimate the potential for
demand response within thermally acceptable bounds under a tariff-based flexibility mechanism. The impact
of building thermal properties and the tariff structure on HHP demand response potential is examined. It is
found that even during peak wintertime, HHPs with an output capacity of 4kW can electrify 86% percent of
the heating demand, while providing 77% of monovalent heat pump (MHP) peak time demand response in
addition to reduced baseline peak demand, without compromising on thermal comfort. This study constructs a
portfolio of empirically grounded building energy flexibility models, which can be easily integrated into a
distribution-level power network model, to investigate the impact of HHP domestic heating flexibility in a
wider system.
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1. Introduction
1.1. Background

Space and water heating accounts for 23% of UK Green House Gas emissions, 17% from homes [1].
Decarbonizing heating is therefore critical to meeting legislated government targets. Electric heat pumps are
central to UK government ambitions, which target 600,000 annual installations by 2028 [2]. However, large-
scale deployment of electrical heat pumps faces challenges: grid overloading, high upfront and operating
costs, efficiency losses in cold weather, and substantial heating system replacement [3], [4], [5],[61,[7],[8].

Hybrid heat pumps (HHP), combining an air-to-water heat pump with a gas boiler, offer an alternative
solution [9]. They reduce upfront cost by using existing boilers for peaks and hot water, enabling smaller
heat pump units, avoiding hot water cylinders, and minimizing retrofit needs [10], [11], [12]. This lowers
installation disruption and may accelerate deployment by easing short-term supply-chain pressure. Boilers
also generate backup heat during cold spells when heat pump COPs fall. Depending on the long-term
evolution of the energy system, HHPs can either serve temporarily or indefinitely, in a future where
electricity and zero-carbon gas coexist.
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HHPs are designed to operate flexibly. The UK’s 2030 Clean Power Plan relies on intermittent
renewables [13] while electrified heating and transport may double or triple aggregated residential electricity
demand [5], [14], [15], necessitating significant network reinforcement. Demand-side flexibility is essential
for coping with the above challenges. In this context, the system impacts of HHPs and monovalent heat
pumps (MHPs) need to be compared to guide the deployment of both technologies.

Based on Li et al. [16], “demand-side energy flexibility”(hereinafter “flexibility”) refers to the ability to
adjust electricity demand (and storage/generation, if applicable) to support power network requirements. A
related concept, “demand response,” describes changes in electricity usage activated to support network
operation. Residential flexibility can be activated via direct control, voluntary turn-up/turn-down, or time-
varying tariffs. HHPs provide flexibility in two ways:

e  Fuel switching: shifting heat provision between electricity and gas.

e Load shifting: using thermal storage (in the building fabric, or domestic hot-water tank, which is
normally unnecessary for HHPs) to move heating and thus electricity demand to periods of lower system
stress.

Relative to MHPs, HHPs can provide flexibility over longer timeframes, particularly during extended

‘dunkelflaute’ events when renewable generation is low. At the power system level, this flexibility may:

e Reduce peak demand and mitigate reinforcement needs in electrical distribution and transmission
networks.

e Provide balancing services across timescales, from fast frequency response to longer-term reserve, to
reduce curtailment of intermittent renewables and replace dispatchable generation and storage.
[17],[18],[19]

To evaluate and compare the value of demand side flexibility from different heating devices requires
estimating the impact on power systems. Existing power system modelling often oversimplifies
representation of flexibility constraints. When co-optimizing the domestic heating operation and dispatchable
resources in the power system, Franken et al [20] assumed 12-hour load shifting capacity for heat pumps.
While the majority of studies on system impact of HHPs do not explicitly account for building thermal
inertia of dwellings, which neglects both HHPs’ and MHPs’ ability to provide load shifting with this inertia
[21], [22], [23], [24], [25].

Additionally, the available demand response depends on the flexibility activation method used (i.e.
incentive design and operation scheduling). To test and explore novel mechanisms suitable for a low-carbon
power system context, the model used to represent domestic heating flexibility should be capable of
responding to different activation methods of flexibility. Similarly, government subsidy programmes for
deployment of low-carbon heating technologies including MHPs and HHPs, for example, the UK’s Boiler
Upgrade Scheme, can benefit from a model that reflects the variation of building thermal properties and how
these impact the flexibility potential of the dwellings once equipped with MHPs or HHPs.

The dominant modeling approach for evaluating domestic heating flexibility are ‘white-box’ models (e.g.
EnergyPlus) which model building thermal properties based on physical components. They require extensive
building structure information and calibration, and cannot accurately represent short-term thermal dynamics
with the duration of demand response events [26], [27], [28]. While ‘black-box’ models (e.g. Artificial Neural
Networks) are capable of accurately capturing the temperature dynamics, this accuracy is achieved by using
large numbers of parameters which then requires a high volume of training data to avoid overfitting. The
resulting knowledge from such deep learning models is often non-transferable out of sample, i.e. when
conditions including weather and flexibility activation methods change.

This study uses a framework based on the Grey-Box Lumped Capacitance modelling to represent
domestic building thermal dynamics - drawing on real-world monitoring data from over 700 UK dwellings.
This approach ensures accuracy by fitting parameters that minimizes the prediction error. It contains fewer
parameters and requires significantly lower volumes of data compared to ANNs. The Grey-Box model is also
linear and can be integrated into building operation models more easily, with the ability to alter weather and
control assumptions to construct future scenarios.
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2. Method
In this section, the modelling framework will be discussed in detail.
2.1. The Electrification of Heat dataset

The open-source data from the EoH (Electrification of Heat) project is used [29]. From 2020 to 2022,
750 UK dwellings with heat pumps were monitored in the project, 150 of which were HHPs, the rest being
MHPs. The dataset includes monitoring data of indoor temperature, external temperature, heat output from
the heating device, flow temperature, and the postcode of the dwellings which will be used to look up
weather data. The dataset also provides a sufficient monitoring frequency for this model with a temporal
resolution of 30 minutes. The dataset is cleansed in this study by filtering out empty data points and
resampling from 2-minute to 30-minute resolution. The winter monitoring period (from December to
February) is selected for training and testing the dataset. For each dwelling, 10 winter days with heat output
are randomly selected for training and 5 for testing to fit the grey-box model, to avoid selection bias, and
expose the model to multiple occupancy and weather patterns within a reasonable training time. After
selection, 683 dwelling datasets contain sufficient data for the training and testing requirements.

2.2. The grey-box lumped-capacitance model

The grey-box lumped-capacitance model simplifies the building thermal structure into layers of thermal
resistances and capacitances. It provides good estimation of short-term building thermal dynamics, at around
0.3-0.6K temperature prediction RMSE as by Hollick et al. [30] and Sperber et al.[31]. Bacher and Madsen
[32] provide a wide range of grey-box models to represent the thermal dynamics of various types of
buildings. Considering the number of dwellings to fit and the time constraint for this study, a model based on
Hollick et al [30] is used.
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Figure 1 The grey-box lumped-capacitance model

As in Figure 1, the selected model consists of one thermal resistance R, one thermal capacitance C, a
solar gain term ¢S, where S represents the solar irradiance, g represents the equivalent aperture of solar
gain in the dwelling. P stands for the internal heat gain, which in this study consists entirely of the heating
output. T,y Ti are relatively the external and indoor air temperature. The thermal dynamic of this model is
formulated as:

AT (t)  Toye(t) — Ty (t
C Ln( ) — out( ) lTl( )+P(t) +g5(t) (1)
dt R
, Where the T,,;, Tin, P(t), S(t) are input variables available from the data, while C;,R;,g are the
model parameters to be fitted for each dwelling.

The error function is calculated as the RMSE of the predicted indoor air temperature T, generated
using equation (1) against measured indoor air temperature Tj,, as formulated in (2). It is the same case with
the validation error, only calculated on the validation dataset.
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2.3. Optimization of residential heating based on time-of-use tariff

The thermal dynamics captured by the above are used to construct an optimization problem for
controlling domestic flexible demand regarding the given electricity tariff. In this model, smart control is
assumed to optimize the fuel cost of the dwelling by scheduling HHP. For simplicity, tariffs are updated
daily, and the control algorithm is assumed to have perfect next-day weather foresight to provide an upper-
bound estimation of demand response.

The optimization problem for a single dwelling control with HHP is stated as follows:
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QM (t) = COP P°(t) + nIPI(t) 9

, where the HHP is optimally scheduled to minimize the fuel cost!.

The Octopus Cosy time-of-use tariff is used to incentivise peak shedding during evening peak hours
from 16:00 to 19:00, as in Figure 2.

m— COSy
- = Flat

p/kWh

00:00 04:00 08:00 12:00 16:00 20:00 24:00
Period

Figure 2 Octopus Cosy Tariff (Source: Octopus Cosy Website) [33]

! Hot water consumption and smart EV charging are yet to be added to the model
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The output from this optimization model is the electricity and gas consumption curve during the test period.
This is then used to calculate the demand response for each dwelling by subtracting the demand curve under a
flat electricity price from the result under the time-of-use tariff. A five-day period of coldest days in February
2022 in EH33 Edinburgh is used for all dwellings to simulate a typical mild winter day, and another extreme
weather scenario is made by subtracting 5 °C from the original mild weather profile. This provides a five-day
period

3. Results and Discussion

In this section, the results of the above analysis are presented, including the resulting parameters fitted using
the grey-box model and the energy consumption profile generated by the building heating optimization model.

3.1. Grey-box model fitting
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Figure 3 Training and validation error for dwellings in the dataset

Figure 3 shows the training and validation errors for 683 dwellings, which are positively correlated. Since
the validation error does not rise as the training error decreases, there is no indication of overfitting. This study
has selected a simple topology (the structure of the thermal resistance and capacitance network) of the grey-
box model. To capture more accurate thermal characteristics of the dwellings, it is required to test and compare
the performance of different topologies on each dwelling in future studies. In this analysis, it is inferred that
the dwellings with less than 1 °C training and validation errors can be effectively represented by the proposed
model, while the others are filtered out. This error margin can be explained by the fact that the dataset does
not contain occupancy factors including window opening, alternative heat sources, and heat gains from other
appliances. These factors will be assumed in the next section, where the thermal model is used for estimating
the heat consumption in dwellings. In future developments, the assumptions will be improved for better realism.
508 dwellings remain after the above filtering. This shows that the topology selected for this study can only
represent a portion of the dwellings in the dataset. In future studies, a variety of model topologies will be tested
and compared for each dwelling.

The marginal and joint distribution of the thermal resistance and capacitance for the dwellings is shown in
Figure 4. The 95% confidence interval of the thermal resistance is (2 X 1073,3.3 x 1072) K/W, which gives
a range of heat transfer coefficients (HTC) of (30,500)W /K, representing a wide range of dwellings from
small, well-insulated flats to large, poorly-insulated houses. The 95% confidence interval of the thermal
resistance also covers a wide range of (8.6 x 10°,2.5 x 108) J/K. The outliers are excluded from the next
step of the analysis. Another important metric is the thermal time constant, which indicates the speed of internal
temperature exponential decay during a cool-down event without any heat gain into the building envelope:

T=RC (10)
The distribution of the thermal time constant across dwellings is presented in Figure , where the empirical
distribution fits well with a Log-normal distribution, with the mean at approximately 70 hours.
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3.2. Cost-optimal simulation of flexible heating

The parameters of the resulting 508 dwellings are put into the building heating optimization to simulate the
heating consumption of these dwellings while optimally controlled to minimize fuel cost given a time-of-use
tariff structure.

3.2.1. Peak time demand response by HHPs

The peak time demand response is calculated by comparing the case where the Cosy time-of-use tariff is
applied and a counterfactual where the electricity price is constant throughout the simulation period. In Figure
6, the demand response during a 3-hour period 16:00-19:00 on the coldest day under the extreme weather
scenario is presented. Although on average, the MHPs have more than 75% excess heat pump capacity
compared with HHPs, they only provide around 30% more load reduction during this period. The HHP demand
response shows high concentration around high end of the distribution, which is bound by the physical capacity
of the heat pump component. This shows HHPs’ ability to provide significant load reduction capacity during
peak demand times, even with a much smaller heat pump than conventional MHPs.

Figure 7 provides a closer examination of the peak time demand response potential’s correlation with the
building thermal parameters. There is no clear correlation observed with the effective solar gain aperture, and
thermal constant. A subtle positive correlation is observed with the thermal capacitance, as the capacitances
increase, the building envelopes have stronger ability to store heat.
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Figure 6 Peak time demand response by HHP and MHP during peak period of 3 hours
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The peak reduction potential of both HHPs and MHPs is found to be significantly inversely proportional to
the thermal resistance, which means it is also proportional the HTC. During peak demand period, the heat
pump is used for maintaining temperature level, instead of giving rapid boost of temperature like boilers are
capable of. This means that under the non-flexible case the heat pump output is equal to the instantaneous heat
loss, which is proportional to the HTC, given constant indoor-outdoor temperature difference. There is also a
pattern when the HTC increases and the heat pump component reaches capacity, the demand response potential
is capped. In this case, the model has successfully captured the above patterns.

Although the demand response by HHPs is found to be less than that of MHPs, the contribution to the
aggregated peak load from an HHP is smaller because the boiler has been able to undertake a portion of the
peak load.

3.3. Electrification of space heating demand

As in Figure 8, an average of 86% of space heating demand is delivered with the 4kW heat pump component
of HHP, with concentration at the higher end. This emphasizes HHPs’ ability to electrify most of the heating
demand even during low temperature periods. Figure 9 shows the correlation between electrification
proportion and multiple building thermal parameters. There is a significantly positive correlation between
thermal resistance and the electrification proportion. As the dwelling becomes better insulated, the peak load
reduces, which requires less boiler heat in addition to the heat pump.
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Figure 7 Correlation between the peak time demand response of MHPs and HHPs with building thermal properties
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4. Conclusion

This study provides a framework to extract empirical information from a large number of UK dwellings to
investigate and compare how flexible HHP and MHP perform subject to various building thermal properties.
It is found that HHPs can on average electrify 86% percent of space heating, provide 77% of MHP peak time
demand response while only having half of the heat pump capacity. The electrification and flexibility potential
is found to be most relevant to the thermal resistance (i.e. the reciprocal of the HTC), among all building
thermal parameters.

This work provides increased granularity of domestic heating flexibility modelling, and can be further
applied to power system modelling to evaluate the flexibility from dwellings with different thermal conditions.

As early-stage work, it has not considered several important components of the built environment, including
different patterns of thermal comfort (which can be considered by altering the temperature setpoint curve), and
other alternative technologies that provide flexibility, predominantly electric vehicles. The accuracy of the
grey-box modelling should also be increased by fitting and comparing different model topologies for each
dwelling. Last but not least, it is worth noting that although this work features reflecting the variation of heating
flexibility among dwellings, it does not provide a representative portfolio of dwelling models for the UK
building stock, which is limited by the scope of the available dataset.

It is also worth noting that although an individual HHP provides less demand response than an MHP, it
contributes less to peak demand. From a low-voltage (LV) network perspective, this allows the limited capacity
headroom to accommodate a greater number of HHPs than MHPs, potentially enabling higher levels of heat
electrification and greater aggregate demand response potential—an aspect that will be examined in future
work.
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Nomenclature

t € T — discrete time step (half-hourly)

P¢ — electrical input power of the heat pump [kW]

P9 — gas input power of the boiler [kW]

Qe _ useful space heating output [kW]

Qs°'%" _ solar heat gains [kW]

m¢(t) — time-varying electricity tariff [£/kWh]

m9 — static gas price[£/kWh]

COP — coefficient of performance of the heat pump [—]
n9 — boiler efficiency [-]

R — lumped thermal resistance of dwelling [K/kW]

C — lumped thermal capacitance of dwelling [kWh/K]
At — simulation time step [h]

T (t) — indoor air temperature [°C]

T4t (t) — external air temperature [°C]

Tlower (t), TUPPET () — time-variant comfort bounds on indoor temperature [°C]
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