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Department of Computer The penetration of renewable energies is increasing in energy systems worldwide.
Science, Aalborg University, Consequently, the intermittency of the energy sources raises technical challenges for

9220 Aalborg, Denmark sustainable energy supply. Demand-side flexibility is an effective solution to coun-

terbalance renewable power fluctuations. In the residential sector, electrical heat
pumps exhibit great flexibility potential. In this paper, a novel approach is proposed

to generate FlexOffers for individual heat pumps considering the uncertain nature of
weather conditions. To achieve the aim, firstly, the thermal dynamic model of residen-
tial buildings is presented mathematically. The model addresses different temperature
zones. The constant coefficients of the thermal dynamics are estimated using Con-
tinuous-Time Stochastic Model (CTSM) in R software. Afterward, the building model

is integrated with a success function to generate FlexOffers. The success function is
comprised of two objective functions including minimization and maximization of
the energy consumption of heat pumps. The FlexOffers are generated considering the
existing gap between the minimum and maximum energy consumption. The patterns
of energy consumption are defined based on occupants'thermal comfort tempera-
ture setpoint. The FlexOffers are programmed in UPPAAL-STRATEGO software. Finally, a
high-fidelity building model with four rooms is used to examine the proficiency of the
suggested approaches. The simulation results confirm that the proposed method gen-
erates flexibility potentials for the upstream network in both optimistic and pessimistic
states of energy consumption patterns.

Keywords: Building, FlexOffer, Flexibility, Heat pump, Thermal dynamics

Introduction

By increasing the penetration of renewable energies, e.g., wind and solar, in power sys-
tems, flexible demands are alternative solutions to counterbalance the renewable power
fluctuations. Flexibility potentials of electrical demands can provide grid balance and
power regulation when the supply side encounters excess/deficit of renewable power. In
residential buildings, heat pumps are practical solutions to fulfill the following aims:
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(1) Decrease dependency on fossil fuels supplying space heating and domestic hot
water consumption.

(2) Facilitate the integration of renewables into residential heating systems.

To achieve the aims, heat pumps can be operated to provide flexibility for the upstream
energy networks. The flexibility potentials of residential heat pumps stem from the ther-
mal inertia of the buildings. Also, thermal storage, e.g., water tanks, plays a pivotal role
in increasing the flexibility potential of heat pumps. Occupants’ thermal comfort is nor-
mally defined as a temperature setpoint with upper and lower thresholds. Consequently,
the heat pumps can be operated near lower-/upper-temperature thresholds when the
upstream network encounters a shortage/excess of renewable power.

In the last decade, many studies have been conducted to address the flexibility poten-
tial of residential heating systems. In 2010, the ground source heat pumps were studied
with solar collectors in Sweden to optimize the energy consumption of the heating sys-
tems (Kjellsson et al. 2010). The simulations were coded in TRNSYS software. The study
concluded that boreholes can influence the energy consumption pattern of households.
In 2011, a novel photovoltaic model was designed in the UK to optimize the opera-
tion of heat pumps (Zhao et al. 2011). Based on the simulation results, the suggested
approach achieved 55% and 19% of thermal and electrical efficiency, respectively. In
2012, a research study compared the operation of boilers and heat pumps for intermit-
tency-friendly energy systems in Denmark (Blarke 2012). Simulation results showed that
well-designed heat pumps are more cost-effective than electric boilers especially when
the energy price increases. In 2013, the application of domestic heat pumps was devel-
oped for space heating and cooling patterns (Gupta and Irving 2013). The study used
the regression methods addressing the UK standard model for household energy con-
sumption. Also, it evaluated the emission reduction from the optimum operation of heat
pumps. In 2014, a tariff-based energy price approach was discussed to shift the opera-
tion of heat pumps to off-peak periods (Kelly et al. 2014). The approach was examined
in UK’s detached dwellings. In 2015, the flexibility potentials of heat pumps were inte-
grated into upstream networks to optimize the operation of smart grids (Kreuder and
Spataru 2015). As the simulation results revealed, the demand response capacity of heat
pumps has the potential to prevent the new peak demand on the grid level in winter.
In 2016, the heat waste recovery of municipal wastewater treatment plants was used to
provide stable and flexible operation for heat pumps (Chae and Ren 2016). Based on the
results, the Coeflicient of Performance (COP) of the heat pump reached optimum points
of 4.06 and 3.64 for heating and cooling purposes, respectively. In 2017, a methodol-
ogy was demonstrated to explore the flexibility of heat pump pools (Fischer et al. 2017).
The study concluded that heat pump flexibility mainly depends on outdoor tempera-
ture and time of day. Although the electric backup heater provided power flexibility for
shiftable energy, it decreased the energy efficiency of the whole system. In 2018, a two-
step optimization model was presented to quantify the flexibility potential of residential
heat pumps considering dimensions of time, energy, and cost (Oluleye et al. 2018). The
study was implemented on 445 prosumers. The results indicated that the heat pumps
can absorb a surplus of renewable energy, especially when integrated with thermal stor-
age. In 2019, a Model Predictive Control (MPC) approach was implemented on variable
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speed heat pumps to unlock the flexibility potentials of buildings (Péan et al. 2019). The
results showed that flexible control of heat pumps can provide load-shifting, cost and
emission reduction, and energy flexibility.

With increasing attention towards heat pump operation, more recent studies have
been focused on the flexibility opportunities of heat pumps. In 2020, the role of elec-
tricity price was investigated in the flexibility of residential heat pumps integrated with
thermal storage (Fitzpatrick et al. 2020). The study suggested that real-time pricing is the
most favorable scheme to unlock the highest flexibility potentials with the lowest cost.
In (Bruninx et al. 2020), it was stated that the thermal capacity of residential heating sys-
tems is insufficient to provide enough flexibility in electricity markets; therefore, aggre-
gators are proposed as mediators to monetize the heat flexibility of residential buildings
through demand response programs. In 2021, a stochastic optimization approach was
carried out to integrate the flexibility potentials of heat pumps into three uncertain elec-
tricity markets, including day-ahead, intraday, and balancing markets (Golmohamadi
2021). In research study (Feldhofer and Healy 2021), key approaches were character-
ized to increase the flexibility of detached houses under different weather conditions. In
this study, the cumulative absolute residual load was introduced as the flexibility metric.
The results showed that 36% flexibility is obtained annually in comparison to the base
case. In 2022, an MPC was suggested for residential buildings supplied by low-temper-
ature district heating. As the simulation results revealed, the heat controller optimizes
the heat consumption of buildings in response to variable energy prices. Therefore, it
shifted some part of energy consumption to off-peak periods, i.e., low price hours (Gol-
mohamadi and Larsen 2021). An extensive review was conducted to classify the flex-
ibility potentials of heat pumps, buildings, and district heating systems (Golmohamadi
et al. 2022). Also, different generations of heat controllers were described in detail.
The research study (Rasmussen et al. 2022) suggested that heat pumps can provide fast
response flexibility for primary frequency support in power systems.

What is missing in the literature is to generate energy flexibility for heat pumps sup-
plying residential buildings with different temperature zones under uncertain weather
conditions. To fill the gaps, this paper generates FlexOffers for individual heat pumps in
residential dwellings. To unleash the heat flexibility, the thermal dynamics of residential
buildings are estimated using a data-driven approach. The estimated thermal dynamics
are used to calculate the minimum and maximum flexibility potentials of the building
in pessimistic and optimistic thermal energy consumption patterns. This way, the sug-

gested approach is comprised of two main parts as follows:

+ Building model: in this section, the thermal dynamic model of the residential build-
ing is extracted using high-fidelity input data. The thermal dynamics are extracted
using grey-box models in CTSM Software (Continuous-Time Stochastic Model). The
output of the software is the estimation of the thermal dynamic and mathematical
model of the buildings. The software is coded in the R language.

+ FlexOffers: in this section, the building model is integrated with an objective function
to generate FlexOffers. The approach includes a success function to minimize and
maximize the energy consumption of heat pumps. The FlexOffers are generated con-
sidering the existing gap between the minimum and maximum energy consumption.
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The FlexOffers are formulated as queries on model strategies in UPPAAL-STRAT-
EGO (UPPAAL STRATEGO Software 2022). UPPAAL is a free and not-for-profit
software tool for research and teaching purposes that can be downloaded from the
homepage (UPPAAL STRATEGO Software 2022). According to UPPAAL STRAT-
EGO Software (2022), “UPPAAL-STRATEGO facilitates the generation, optimiza-
tion, comparison as well as consequence and performance exploration of strategies
for stochastic priced timed games in a user-friendly manner. The tool allows for effi-
cient and flexible strategy-space exploration before adaptation in a final implementa-
tion by maintaining strategies as first-class objects in the model-checking query lan-
guage”

+ Based on the abovementioned facts, the main contributions of the study can be
stated as follows:

+ Integration of the thermal dynamic model of residential buildings with multi-tem-
perature zones from R language into UPPAAL software. The building’s input data are
used to train the data-driven approach, i.e., the CTSM.

+ Generating FlexOffers through calculation of minimum and maximum flexibility
potentials of heat pumps in pessimistic and optimistic energy consumption patterns
in UPPAAL-STRATEGO.

« Investigating the impacts of the uncertain weather forecast on the flexibility potential
of heat pumps.

Problem formulation

In this section, the suggested approach is formulated mathematically. First of all, the
thermal dynamics models are described. Afterward, the success function and FlexOffer
generation are stated.

Thermal dynamics of buildings

Thermal dynamics of buildings describe how the temperature of indoor air, envelope,
and heaters are changed in consecutive time slots in response to the heat consumption
of the heating system and weather variables, e.g., ambient temperature and solar irradia-
tion. In this section, the thermal dynamics are described using the following three differ-
ential equations (Golmohamadi et al. 2021):
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Table 1 Description of parameters and variables of the thermal dynamic model

Parameter Description

r Index of rooms, r=1,....R

a Index of envelopes surrounded by ambient,a=1,...,A

t Index of time horizon, t=1,....N

C Heat capacity of indoor air for room r (kWh/°C)

(o8 Heat capacity of envelope for room r (kWh/°C)

(@ Heat capacity of floor pipes for room r (kWh/°C)

Rie Heat resistance between indoor air and envelope (°C/ kW)

Ri’e Heat resistance between indoor air and envelope for room r (°C/ kW)
R;r’ Heat resistance between envelopes of rooms rand r' (°C/ kW)

RE Heat resistance between envelopes of rooms r and ambient (°C/ kW)
Ri, Heat resistance between indoor air and floor pipes for room r (°C/ kW)
Rea Heat resistance between envelope and ambient (°C/ kW)

Tam Temperature of ambient (°C)

T Temperature of indoor air for room r (°C)

TS Temperature of envelope for room r (°C)

T Temperature of floor pipes for room r (°C)

Py Heating power of floor pipes (kW)

P, Heat energy of solar irradiation (kW)

A, Fraction of solar power absorption in room r

Fig. 1 The schematic structure of the buildings with the nomenclature of thermal dynamics (Golmohamadi
etal. 2021)

where the parameters and variables of the mathematical model are introduced in
Table 1. Also, the notations are described graphically in Fig. 1.

The three differential Eqs. 1-3 describe consecutive changes in the temperature of
indoor air, envelope, and heater, respectively. The heater may denote radiator or floor
heating. In Eq. (1), the first term describes the heat transfer between heater and indoor
air; the second term is the heat flux between indoor air and envelope; the third term is
the heat energy captured by solar irradiation. In Eq. (2), the first term states the heat
exchange between indoor air and envelope; the second term is the heat flux between
the envelope of the target room with adjacent rooms; the third term denotes the heat
exchange between the envelope of the room and envelopes surrounded by the outdoor
environment. In Eq. (3), the first term is the heat transfer from the heater to the indoor
air; the second term denotes the heat extraction from the heaters.
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Estimation of thermal dynamics

In the thermal dynamics, Eqs. 1-3, constant coefficients should be estimated for the
target building. The thermal coefficients include heat resistance, heat capacity, and
the fraction of solar power absorption. The set of constant coefficients is stated as
follows:

[ = {7, CL. o Ry Rl R R, A | @

The thermal coeflicients (4) depend on the building characteristics, e.g., dimen-
sion, windows, insulation quality, envelope material, etc. The crux of the matter is
that the estimation of thermal coefficients requires sophisticated machine-learning
approaches with adequate sensor data.

To estimate the coefficients, a grey box approach is used based on CTSM. The
CTSM is coded in R language by DTU (Technical University of Denmark) and is pub-
licly available (DTU Compute 2021). The software estimates the constant coefficient
of the thermal dynamics using measurement data. The input (measurement) data are
stated as follows (Bacher and Madsen 2011):

Yie = yix +ex

sit. Yr € (T, Tam, Ps, Py} ©

where k is the point of data measurement time; Y, is the measurement data; e, is the
measurement error.

The input sensor data is imported to the grey box of CTSM to obtain maximum
likelihood estimation as follows (Bacher and Madsen 2011):

N

L, YN) = <H[9(Yk|Yk. 1,9))P0(Y0|9) (6)
k=1

0° = arg max [L(0; Yn)] (7)

where p(.) is a conditional density to describe the probability of observing the sen-
sor data Y, given the previous observations and the target parameters 6; and p(.)
denotes the initial conditions. Finally, the maximum likelihood for the target param-
eter O is found by (7).

Probabilistic flexOffers

Probabilistic FlexOffers are an extension to the FlexOffers concept, in which electric
consumption flexibility of consumer and/or prosumer is extracted, and then traded
in the energy market with other peers participating in the electric community. What
this new concept of Probabilistic FlexOffers adds to the original one, is the quanti-
fication of the uncertainty of the FlexOffers bounds; this uncertainty on the energy
consumption/production flexibility can for instance be due to deviations from fore-
casted weather conditions or building consumption patterns. Considering the unpre-
dictable conditions during the process of FlexOffers generation and trading, allows us
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to provide valuable information on the likelihood of prediction errors, and to increase
or reduce the flexibility interval based on desired confidence.

Figures 2 and 3 show an example of the representation of a slice of a probabilistic
FlexOffers. The minimum and maximum bounds of the slice are expressed by prob-
ability distributions, Normal distributions in this example. Let the minimum/maxi-
mum consumption distributions be referred to as min and max, respectively. Then,
for each energy input x, the schedule success function succ is given as follows:

succ(x) = Igji?(x) — rélDai_((x) (8)

where CDF refers to the associated Cumulative Distribution Function. The function
describes the probability that the system is able to follow a given schedule.

This success probability distribution function comes into the problem when FlexOf-
fers is assigned to the consumer/prosumer offering this flexibility amount. Indeed, if
the buyer assigns a schedule with low probability, then a lower penalty is incurred for

Page 7 of 19
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not following the schedule. This can be used by the buyer to evaluate if they are will-
ing to take a risk if a grid overload is severe enough.

Building thermal dynamic model mapping

As stated before, the building thermal dynamic is fully described by the three Ordinary
Differential Equations (ODEs) which express Indoor Temperature (T;), Envelope Tem-
perature (T,), and Heater Temperature (T;) behaviors in each room presented in the
building. Once the thermal dynamic coefficients have been estimated, these ODEs are
imported into UPPAAL and used to predict the temperature evolution in response to
the model inputs. A few of the most common model inputs which are usually kept into
consideration are heating system output thermal power (P}), solar irradiance power (P,),
and outdoor ambient temperature (T,,).

Weather forecast stochasticity

An important step forward is given by the way stochasticity is added to weather forecast
data. Indeed, in the previous approach (Agesen et al. 2017), the weather forecast sample
(e.g., ambient temperature) at time ¢ was extracted from a Gaussian Distribution with a
mean equal to the value retrieved from weather historical data, and fixed variance set by
the user. The issue is that with that approach, samples at times ¢ and ¢+ I are uncorre-
lated, and this is not a realistic hypothesis.

In the proposed approach, two consecutive samples are correlated with each other,
and the overall sample trend follows the weather forecasted behavior.

Starting from a weather forecasted trend retrieved from some meteorological insti-
tute, the data with added stochasticity (denoted with the apex “s”) are computed using
Egs. (9) and (10). The variable err(n) is defined as the current deviation from the fore-
casted data; it is extracted from a Gaussian Distribution centered on the previous err
value, and with a variance that is proportional to how much time in the future we are
predicting the data sample (i.e., the more in the future we are trying to predict, the less
reliable can be the forecast data). Once the current err has been calculated, it is summed
to the weather forecast data sample, but given that we do not want to deviate too much
from the forecasted trend, we will not add an error greater than err,,,,. In the case taken
into consideration in Egs. (9) and (10), the stochasticity is added to the forecasted ambi-
ent temperature T, Then, T,° represents the generated (stochastic) data.

err(n) = N(err(n — 1),0) 9)

T,(n) + err(n) if lerr(n)| < errmax

T,(n) = { T,(n) + sign(err(n)).errmax otherwise (10)

Figure 4 depicts three different outdoor temperature behaviors obtained through the
beforehand explained algorithm starting from the same weather forecast data. The three
subfigures represent a case study where the difference between forecasted and uncertain
data is marginal (top-left plot), and two cases where the generated expected tempera-
ture is particularly lower or higher than the forecasted one (top-right and bottom plots,
respectively). The same method can be applied to any other weather variable (e.g., wind
speed); indeed, in the following, we use this method to add stochasticity also to the solar
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Fig. 4 Example of three different outdoor ambient temperature trends obtained starting from the same
weather forecast data

Table 2 Parameters of stochastic weather data

Parameter err

max Y
Tom 30°C 002
P 50 W/m? 0.05

irradiance power forecast. Note that the values of o and err, ,, to generate the stochastic
data for T, and P, are stated in Table 2.

Scheduling strategy and probabilistic flexoffers generation

In this paper, it is assumed that the model includes two continuous variables k<Wh and
time representing the overall energy consumption and the global time, respectively. The
optimization capabilities of UPPAAL-STRATEGO are then used to generate two strat-
egies, including o, and oI, that minimizes (resp. maximize) the expected value of
kWh for the horizon H.

These two strategies can be extracted by running the two following queries:

« strategy min kWh=minE (kWh) [<=H]:< >time= =H.
+ strategy max kWh=maxE (kWh) [<=H]:< >time= =H.

Then, under these two strategies, the expected value of the minimum and maximum
energy balance for a given number of runs N are obtained using the following queries:

+ E[<=H; N] (min:kWh) under minkWh.
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Fig. 5 The floor plan of the residential building (Golmohamadi et al. 2021)

Table 3 Description of the measured variables available in the case study building

Input Variable Description Unit of Measure
power_hp Power input to heat pump (W]
T_room_i Temperature of room i K]
mass_flow_i Mass flow of water in floor heating of room i [kg/s]
cop_hp The efficiency of the heat pump [*]
T_forward_hp Forward temperature of water leaving the heat pump (K]
power_pump Power input to pump W]
Q floor_i Heat flow from floor to room (W]
T_forward Forward temperature into floor heating manifold (K]
T_ambient Outside ambient temperature K]
T_return_i Return temperature of water from room i [K]
Q_sun_i Heat flow from sun to room i W]

+ E[<=H; N] (max:kWh) under maxkWh.

The resulting probability distribution constitutes the bounds of a probabilistic FlexOf-
fers slice of duration H.

Finally, UPPAAL simulation output is parsed by the means of a regular expression, and
the following insights are extracted and plotted for both the maximum and minimum

consumption strategies:

+ Expected temperature evolution for each of the r rooms (T}, T}, and T.").
+ Optimized power consumption scheduling during each FlexOffers slice.
« DProbabilistic FlexOffers boundaries and their uncertainty.

Case study

The case study consists of a 150 m* 4-room residential building with floor heating. Water
is heated by a 2.5 kW heat pump. The floor plan of the building is depicted in Fig. 5. To
extract the parameters of building thermal dynamics, a dataset containing 50 days of
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measurements with a time resolution of 60 s has been used. Information about the vari-
ables available in the dataset is listed in Table 3.

The case study is a Danish single-family detached house with materials and param-
eter values chosen under the Danish building regulations from 2010 (Danish Enterprise
and Construction 2010). Finally, the house model is extracted from the non-proprietary,
object-oriented, equation-based modeling language Modelica (Vinther et al. 2017).

To run the simulation, the following assumptions are taken into consideration:

« Assumption 1: Initial indoor, heater, and envelope temperatures: they are set to the
following values for each room respectively: 7;=[20.2, 21.0, 19.8, 20.0] °C; T,,=[22.8,
24.5,22.3,22.8] °C; T,=[19.0, 19.5, 19.0, 19.0] °C.

+ Assumption 2: Indoor temperature set point: it is set to 20.0 °C for each of the four
rooms.

« Assumption 3: Residents’ comfort bound: the lower and upper thresholds of indoor
temperature deviates +2.0 °C from the setpoint.

+ Assumption 4: Prediction time horizon: it represents how long in the future the
building flexibility should be extracted; in the presented study, it is set to 24 h.

In a real implementation scenario, the first assumption is not necessary because we
would have access to the actual state of the system at the beginning of the simulation.
On the contrary, in this case, we need to hypothesize the initial state of the building to
predict the temperature evolutions and generate a heat pump power schedule that satis-
fies the imposed temperature and consumption constraints.

The heat power of the four rooms is within the intervals of [0, 3500] W/, [0, 3000] W/,
[0, 1000] W, and [0, 1200] W for rooms 1 to 4 respectively. To determine the COP, more
input data about the heat exchanger are required which is out of the scope of this study.
In this specific scenario, its value can be hypothesized to be around 3.7.

First, the historical input data are imported to the CTSM-R. The CTSM estimates the
thermal dynamics of the simulated buildings. This way, 5 days’ worth of sensor data is used
to obtain the maximum likelihood estimation of thermal dynamic parameters (see Eq. (6),

35
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! ! ! 1
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[
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Fig. 6 Building historical data; indoor and outdoor temperatures over two days
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(7)). The data is equal to 7200 min (on a minute basis). Figures 6 describes the indoor tem-
perature of rooms and ambient temperature over a two-days horizon.

Once fed with the provided dataset, CTSM estimates the thermal coefficients and con-
verges to a reliable solution in approximately 5-10 min. The computation time varies based
on the size and characteristics of rooms. For example, room 1 has the highest computation
time due to large windows and envelopes. In contrast, room 3 has the lowest computation
time due to small envelopes and window dimensions.

Given that this process needs to be performed only once per season and not in real-time,
the computation time and resources required are more than sustainable both from com-
putational power and energy consumption points of view. Without loss of generality, the
specific ODEs characterizing the understudy building are formulated in Eqs. (11)-(13). The
estimated thermal coefficients for each room, extracted from CTSM-R, are listed in Table 4.

ar;y

=, x (T) — 1)) + Q@ x (T, — T]) + (A}, x P) (11)

ar; <« / :

e = S (1] = T2) + 2 (T = T2) + 9 x (T — T2) (12)
e

ar;,

7: = \Tlf x (T] — T}) + MF" x Q" (13)
h

It is worth mentioning that to increase the estimation accuracy of thermal dynamic esti-
mation, the parameters () and W are retrieved from the simple multiplication/division of
heat resistance and capacity, i.e., R and C parameters of Egs. (1-3). Therefore, the parame-
ters QO and ¥ are thermal coefficients and have a different meaning from the R and C values.
This simplification is obtained based on “try and error” to increase the estimation accuracy
and decrease the computation burden of the thermal dynamic estimation approach in R
language.

The variable Q, i.e., heat consumption of the heating system, is the control variable. This
is the decision variable to optimize the operation of the heating system generating FlexOf-
fers. The heat consumption is a function of mass flow and inlet/outlet mass temperature as
follows:

Q = Cp X m X (Tin — Tour) (14)

where c,, is the specific heat of water; m is mass flow; T, and T, are inlet and outlet tem-
perature of the water, respectively. This variable can be controlled by the means of the four
valves installed in each of the four rooms.

The objective is to compute the available consumption flexibility, i.e., generate Probabil-
istic FlexOffers. To achieve the aim, the power consumption of the heat pump is optimized
while meeting the indoor temperature within residents’ comfort bound. The residents’
comfort bound is comprised of lower and upper thresholds as follows:

5 <Tr <77

imin — *i i,max (15)
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Table 4 Constant coefficients values for thermal dynamics of the understudy building extracted
from CTSM-R (Golmohamadi et al. 2021)

Coefficients Room 1 Room 2 Room 3 Room 4

A, 23158 %1072 41767 x 107 1.2852x 1072 85950 x 107
MF 23472 6.4206 2.8651 17252 x 10!

Qf, 9.9841 x 10 11452 10! 44957 x 107! 1.2048

Q) 3.1201 x 10’ 48226 42024 26110

v, 1.5355 12926 45021 x 10’ 1.0343 x 10

v, 52051 x 10’ 2.7054 25162 x 10’ 3.057

Qr 1.7904 23561 x 107 2.1670 % 10' 80429

o 1.9805 x 107! 41671 x 107 48035 2.1611

o 53296 x 107 38123 x 107 82707 x 107" 1.7462 x 10

The building thermal model described beforehand can be represented in UPPAAL-
STRATEGO through the network of timed automata depicted in Fig. 7. In the first
transition, from location Choose_Power to Wait, the position for each of the four
valves is selected, i.e., open or closed. If it is set to open, the maximum amount of
thermal power is applied to the r-th room for the whole duration of the next Flex-
Offers slice. In the second transition, from location Wait to Choose_Power, time is
allowed to pass, and function apply_flow() is used to:

Update environment information, i.e., ambient temperature and solar irradiance,
resp. T,,, and P,.

Update temperatures for each room, i.e., indoor, heater, and envelope tempera-
tures, resp. T/, T}/, and T,’, according to input variable using ODEs formulated in
Egs. (1-3).

Update overall energy consumption, i.e., variable kWh.

This cycle is repeated H times, where H represents the FlexOffers time horizon,
i.e., the number of FlexOffer timeslots in the future for which we want to generate
flexibility offers and heat pump schedules.

By simulating the system evolution using the UPPAAL queries introduced before-
hand, it is possible to produce the results which are discussed in the following

section.
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Implementation results

In this section, the simulation results of the case study are presented and discussed.
Figures 8 and 9 depict the indoor temperature evolutions and the optimized thermal
power schedule in the two different scenarios including the minimum consumption
and the maximum consumption, respectively. In both cases, the plotted results are an
average of 1000 simulations where different weather conditions have been taken into
consideration. The whole simulation and scheduling process took about 160 s, on a
standard Linux virtual machine equipped with an 8-core CPU @3.0 GHz and 16 GB
of RAM. As a result, this approach allows us to schedule the heat pump operation for
the next 24 h with an acceptable execution time.

Regarding the thermal power schedule, the bar graph represents the cumulative
average heating power provided by the floor heating system in the associated Flex-
Offer slice of 15 min. These bars also show how power is provided by each of the
four-room heating systems. Moreover, the overall energy consumption evolution is
depicted for the day. The final energy consumptions are 72.30 kWh and 112.31 kWh,
for the minimum and maximum consumption scenarios, respectively. Therefore, it
can provide 40.01 kWh of thermal energy flexibility for the upstream energy network.

2 Temperatures Evolution

TRooml = 7'_Room2 TRoom3 — TRova
i i i i
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Fig. 8 The scenario of minimum energy consumption in terms of rooms’temperature, power scheduling,

and cumulative energy consumption

Page 14 of 19



Albano et al. Energy Informatics 2022, 5(Suppl 4):64

36 Temperatures Evolution
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Fig. 9 The scenario of maximum energy consumption in terms of rooms’temperature, power scheduling,
and cumulative energy consumption

In the scenario of minimum energy consumption, it is shown that the indoor temper-
atures are kept as close as possible to the lower comfort threshold; consequently, the
heating power is only used to maintain the indoor temperatures close to 7, threshold.
On the contrary, in the maximum consumption scenario, temperatures tend to reach
and maintain a value around the 7;”*" threshold.

We need to remark that the power and energy values under discussion are referred
to as the thermal power (P,) provided by the underfloor heating system, and it is differ-
ent from the instant electrical power (P,) consumed by the heat pump. The latter can
be retrieved by dividing P, by the heat pump COP (ie., Coefficient Of Performance).
Considering a COP value of 3.7, we can convert the previously obtained thermal energy
flexibility into electrical energy flexibility. This way, the building can offer 10.81 kWh of
demand flexibility to the power grid. Table 5 elaborates on the electrical energy flexibil-
ity in different scenarios.

In this table, optimal consumption refers to the scenario where the heat pump main-
tains the rooms’ temperatures as close as possible to the residents’ setpoint. If we con-
sider the final energy consumption value as the average of the maximum and minimum
consumption scenarios, then the heat pump provides flexibility corresponding to 43.3%
of the ideal building energy consumption.

Page 15 0of 19
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Table 5 Generated flexoffers average consumption results

Max. Avg. Consumption 30.36 [kWh]
Optimal Consumption 24.96 [KWh]
Min. Avg. Consumption 19.55 [kWh]
Available Flexibility 10.81 [kWh]
% Of Available Flexibility 43.3%
1.0 - Max. Consum. pdf
Min. Consum. pdf
0.8 succ(x)
2
= 0.6 1
a I
8
o 0.4
o
0.2
0.0
40 60 80 100 120 140

Energy Consumption [kWh]
Fig. 10 Probabilistic FlexOffers computed for the proposed case study

Finally, in Fig. 10, the generated Probabilistic FlexOffers are described. Blue and red
lines represent the PDF (Probability Distribution Function) of energy consumption in
the case of minimum and maximum consumption scenarios, respectively. Whereas the
green line shows, for each energy consumption level, which is the likelihood that the
assigned schedule can be followed. The two FlexOffers bounds are described by two
Gaussian distributions including N'(72.30, 0.66) for the lower bound and A/ (112.31, 0.63)
for the upper bound. It can be observed that the variance of both normal distributions is
relatively small despite the variance imposed on the weather information. This relies on
the fact that, in this specific case, the building energy consumption is not highly affected
by the weather conditions; that may be because of the high-quality thermal insulation
which reduces the heat exchange between indoor and outdoor environments. Also, the
unavailability of on-site renewable energy generation, e.g., roof-top photovoltaic sites,
decreases the dependency on weather conditions.

On the contrary, if the building is equipped, for instance, with a photovoltaic (PV)
system, then the interdependency between the household energy profile and the solar
irradiation increases. This way, an increase in PV power generation will decrease the
energy demand from the power grid. Also, in some cases, it is possible to inject surplus
PV generation into the power grid. Consequently, the flexibility potentials of the build-
ing increase significantly not only to operate the flexible heat pumps but also to inte-
grate power flexibility of self-generation facilities into the upstream network. Adversely,
a cloudier day than the forecasted one will reduce the PV energy generation and increase
the energy supply from the power grid. Therefore, it will be interesting in future studies
to investigate how Probabilistic FlexOffers variance is affected by weather conditions in
buildings that are equipped with renewable self-generation units.
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As stated before, the 95% confidence interval on the generated FlexOffers is very valu-
able information for potential buyers, because it allows them to quantify the risk-bearing
capacity. If the energy consumption schedule assigned to the consumer is included in
the interval [73.39, 111.27] kWh, it will be successfully followed with a likelihood greater
than 0.95; therefore, it is almost guaranteed that the assigned consumption pattern will
be respected.

In Table 6, other confidence intervals with associated success probability are listed. In
particular, an energy schedule from the 0.1% probability success interval would be cho-
sen only if the power grid encounters a severe power deficit or excess. Therefore, the
maximum amount of demand flexibility is required to provide up-/down-regulation in
the opposite direction of power system imbalance.

Conclusion and future work

This paper discusses how the residential heat pumps can be operated to provide demand
flexibility for the power grid. The approach addresses a probabilistic success function
to minimize and maximize the energy consumption of the heat pump in response to
the deficit and surplus of renewable power generation on the supply side. The residents’
comfort bound is defined as a setpoint with lower and upper thresholds.

To examine the suggested approach, a high-fidelity building model is chosen under the
Danish building regulations from 2010. The simulation results show that the FlexOffers
approach minimizes energy consumption when a power shortage occurs on the power
grid. This way, the indoor temperature is scheduled close to the lower threshold. On the
contrary, when the power system encounters an excess of renewable power, the FlexOf-
fers approach maximizes the energy consumption of the heat pump while maintaining
the indoor temperature around the upper threshold.

Also, different scenarios are presented to address the uncertain weather forecast.
Therefore, the approach generates the FlexOffers considering uncertainties associated
with ambient temperature and solar power. Despite the fact that the weather conditions
affect the heat pump operation, self-generation facilities, e.g., roof-top photovoltaic sites,
can increase the flexibility potential of the residential buildings. To sum up, the results
confirm that the suggested FlexOffers approach can provide flexibility on the opposite
side of power system imbalance when a deficit/excess of renewable power occurs.

We plan to develop more coarse-grained thermal building models because often only
a single indoor temperature is available. As part of this, we will look for alternatives for
estimating the model parameters.

Table 6 Different intervals of Probabilistic FlexOffers success for assigned thermal energy
consumption

Success Probability Energy Interval in kWh
100% [76.87,92.30]

95% [73.39,111.27]

5% [71.21,112.35]

0.1% [70.76,113.78]
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Abbreviations

Ccop Coefficient of performance

MPC Model predictive control

CTSM Continuous-time stochastic model
ODE Ordinary differential equations
PDF Probability distribution function
PV Photovoltaic
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