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Abstract— This paper proposes a Model Predictive Control
(MPC) scheme to control residential buildings with space
heating/cooling loads, an Electric Water Heater (EWH), photo-
voltaics (PV) and battery storage in a time-varying electricity
price environment. The controller uses models for the system
components as well as predictions for future disturbances such
as weather conditions, occupancy and electricity prices to find
the building operation that minimizes electricity costs over the
prediction horizon while respecting user comfort constraints.
The building operation is investigated under three different
price scenarios: (1) a simple day-night tariff for end-customers,
(2) a day-ahead dynamic tariff reflecting the wholesale market
marginal costs and (3) a real-time dynamic tariff. Residential
buildings response to such price signals is investigated in a case
study and their potential for Demand Response (DR) programs
is evaluated.

I. INTRODUCTION

A. Background and Motivation

Power systems are facing new challenges due to increas-
ing shares of Renewable Energy Sources (RES). RES are
generally fluctuating in nature and introduce significant un-
certainty in power system operation. Since storing electricity
in bulk quantities is technically difficult and economically
unattractive, the traditional paradigm of operation requires
power production to follow the demand. However, the limited
controllability of RES calls for additional flexibility in power
systems, which can be provided by demand side resources.

Employing residential, commercial or industrial loads for
power system control tasks is commonly referred to as
Demand Response (DR). This paper is concerned with load
shifting in residential buildings, which is a rather slow power
system service with time constants in the order of a few
hours. Load shifting can be implemented with price-based
control, i.e., broadcasting of price signals as incentives for
grid-friendly behavior. In [1] the potential and challenges of
using loads for power system control actions are discussed
and an overview of recent research in this field is presented.
This paper defines a state-of-the-art benchmark of a residen-
tial building and investigates its potential for DR.

B. Related Work

The idea of using buildings for price-based DR applica-
tions is not new and a significant amount of related work
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can be found in literature. Some papers, such as [2]–[7],
investigate how building aggregations can offer power system
services including peak shaving, load shifting, power setpoint
tracking and distribution network management. Other papers
focus on optimal building control in a dynamic price envi-
ronment. Since this paper falls in the second category in the
following we summarize the important literature in this field.

In [8], a simple optimization model that allows a consumer
to adapt its demand profile in response to electricity prices
has been developed assuming all loads to be shiftable.
A prototype that applies stochastic dynamic programming
incorporating weather forecasts to minimize electricity costs
by shifting heating/cooling loads and event-based loads (e.g.,
dishwashers) is presented in [9]. In [10], the authors develop
a stochastic Model Predictive Control (MPC) strategy that
uses a bilinear building model and takes into account weather
predictions to increase energy efficiency. An MPC controller
for building cooling systems equipped with thermal energy
storage in water tanks has been proposed in [11], with
the aim of achieving lower electricity costs. Reference [12]
presents the practical implementation of an MPC controller
for building thermal load management to stabilize fluctu-
ations in the power grid due to high penetration of wind
power. In [13] minimization of electricity costs for residential
buildings with elastic demands, storage, local generation and
real-time pricing is formulated as a stochastic optimization
problem and approximately solved using the Lyapunov ap-
proach.

The aforementioned papers consider either time-varying
prices that are known a priori, or real-time price signals
as control inputs. However, the dependence of building
flexibility for load shifting on the shape of price signals is not
investigated. In addition, the effectiveness of employing real-
time price control on top of day-ahead time-varying prices in
a building with MPC controller is not examined. This paper
explicitly addresses these two issues that are neglected in the
literature.

C. Contribution

The contribution of this paper is threefold. First, it de-
velops a state-of-the-art benchmark of a residential building
with all installations for an efficient DR, namely Heat Pump
(HP) for space heating, Slab Cooling (SC) for space cooling,
Electric Water Heater (EWH), photovoltaics (PV) and battery
storage. With this setup, the potential for electricity cost
reduction in a dynamic end-customer electricity price envi-
ronment using an MPC controller is investigated. Second, the
paper provides a sensitivity analysis of the building response
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Fig. 1. Schematic representation of the building thermal model with the
floor heating water system and the heat pump. States are the temperatures
in the room, floor, walls, ceiling and water system.

with respect to day-ahead and real-time price signals. And
third, it evaluates the potential of the residential building for
DR schemes, in particular for the case where real-time price
signals are superimposed on top of day-ahead price profiles.

The remainder of the paper is organized as follows. In
Section II, the building dynamics are derived in state space
form. In Section III, the MPC problem is formulated and in
Section IV the considered building configurations and price
signals for the case study are presented. Results are shown
in Section V, while Section VI concludes the work.

II. COMPONENT MODELING

A. Building and Heat Pump Models

In this paper, a single room model based on developments
within the OptiControl project [14], [15], is considered. The
original model is based on a commonly used method that
aggregates building zones in order to compute the building-
wide energy use. The model has been validated by building
experts and its dynamic response was found to match the
relevant behavior of a building sufficiently [10].

The left hand side of Fig. 1 shows a schematic represen-
tation of the original building model that includes 14 states,
representing the temperatures in the room and in different
layers in floor, walls and ceiling. These layers are needed
to model the heat transfer properties of different actuators,
e.g., the fact that floor heating affects the room temperature
with some delay. The basic model has been altered in two
ways: first, it is augmented by introducing a HP that heats
up water which is used for the TABS2 system (see Fig. 1).
The purpose of this augmentation is to better capture the
dynamics between the HP and the TABS system. Second,
the model has been simplified by neglecting lighting, blind
positioning and ventilation.

The HP is modeled by the Coefficient of Performance
(COP), i.e., the ratio of the output thermal power Pth to
the input electric power Pel. In general, the COP is a
function of the ambient temperature Tamb and the water
supply temperature Tw,s. In this paper, a linear function is
assumed as in [16] resulting in the following equations for
COP and Pth:

2TABS = Thermally Activated Building System, i.e. the building is
equipped with embedded tube-systems inside the floor, wall, or ceiling for
heating and cooling.

COP = c0 + c1Tamb + c2Tw,s (1)

Pth = (c0 + c1Tamb + c2Tw,s) · Pel , (2)

where c0 = 5.593, c1 = 0.0569K−1 and c2 = −0.0661K−1.
Since Pel, which is an input, depends on Tw,s, which is a

state, HP dynamics are nonlinear. To keep the resulting MPC
problem convex, HP dynamics are linearized by fixing Tw,s
in (1) to its steady state value assuming that all disturbances
over the prediction horizon take their expected values and
using a mixed cost function comprising a linear penalty for
electricity cost and a quadratic penalty for Pel, as given in
Section III-B. The resulting convex optimization problem
was shown to be a good approximation of the original one
in [16].

Building thermal dynamics can be seen as a circuit of first-
order Ordinary Differential Equations (ODEs) representing
heat transfer among the nodes in Fig. 1 and heating/cooling
actuators. By aggregating ODEs for all nodes and discretiz-
ing we obtain the building dynamics in state space form:

xb
k+1 = Abxb

k +Bb
uu

b
k +Bb

vv
b
k , (3)

where xb
k ∈ R14 is the building state vector, ub

k ∈ R2

is the input vector comprising HP and SC electric power
and vb

k ∈ R5 is the disturbance vector comprising outside
air temperature, wetbulb temperature, solar radiation, and
internal gains from people and equipment. The reader is
referred to [14], [15] for the detailed derivation of matrices
Ab, Bb

u and Bb
v .

B. Electric Water Heater Model

An EWH is considered as additional thermal storage
component for DR. EWH modeling is based on [17], where a
thermally stratified linear EWH model with ten water layers
is derived by applying a numerical solution scheme to the
Partial Differential Equation (PDE) that governs diffusive
and convective heat transfer in the water tank:

xwh
k+1 = Awh

k xwh
k +Bwh

k uwh
k . (4)

In (4) xwh
k ∈ R12 is the state vector containing the

temperatures of the ten water layers, the incoming water
temperature and ambient temperature, and uwh

k ∈ R is the
input vector, i.e., the heating power. Note that the disturbance
term, i.e., water draw rate, is incorporated into the state
and input matrices Awh

k and Bwh
k , which are time-varying

as indicated by the subscripts [17].
In [17] a nonlinear water layer mixing model has been

introduced to account for natural convection due to buoyancy,
which is not modeled in (4). In this paper, a simplified
model, based on the assumption that the heating element
power is distributed among the water layers with weights
depending on their position, is used instead to keep the
overall MPC problem linear. However, the original nonlinear
mixing model has been used as plant model for EWH state
update.
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C. Lead-acid Battery Model

For stationary storage applications lead-acid batteries are
currently an attractive solution due to their low capital cost
[18]. A variant of the Kinetic Battery Model (KiBaM), which
was originally proposed in [19], is used to simulate a lead-
acid battery in the building. KiBaM considers the battery as
a two-well system, where the first well represents directly
available energy and the second one contains chemically
bound energy, which may become available at a limited
rate. Although KiBaM includes sub-models for the capacity,
voltage, charge transfer, losses and degradation, in this model
variant, which has been applied before in [20], only the
capacity and charge transfer sub-models are kept after some
modifications.

By rearranging the capacity equations provided in [20] we
obtain the discrete time battery dynamics in state space form
as in (5) (see top of next page). In (5) E1

k is the available
energy, E2

k is the bound energy, b1 is the capacity ratio
parameter, b2 is the battery rate constant, b3 = 1− b1, b4 =
e−b2∆t, ∆t is the sampling time, nd (nc) is the discharging
(charging) efficiency, and P d

k (P c
k) is the discharge (charge)

power at time step k. The battery dynamics can then be
written in the more compact form:

xbat
k+1 = Abatxbat

k +Bbatubat
k , (6)

where xbat
k = [E1

k E2
k]T , ubat

k = [P d
k P c

k]T and the
matrices Abat, Bbat are defined by (5). By considering distinct
inputs for charge and discharge power different charging and
discharging efficiencies can be modeled.

D. Photovoltaic Model

To investigate the impact of flexible demand and storage
on exploitation of local generation, a rooftop PV is con-
sidered. A simple PV model for panels equipped with a
Maximum Power Point Tracking (MPPT) controlled DC/DC
converter has been adopted from [21]. According to this
model, the PV power output depends linearly on cell tem-
perature and nonlinearly on solar radiation. Note that there
is no dynamic system related to PV, rather the model is used
just to pre-compute the PV power output.

E. Uncontrollable Building Loads

The electricity consumption of uncontrollable loads (UC),
e.g., lighting, televisions, ovens, etc., is taken into account by
using the data from [22]. The data include power measure-
ments of different loads with a time resolution of one second
from a typical household for the week 21-28 April 2011,
which is repetitively used throughout the whole year. While
this assumption is reasonable for most uncontrollable loads,
such as television and oven, this is generally not the case for
lighting, which has a strong seasonal dependence. However,
seasonality effects on uncontrollable loads are neglected in
this work due to lack of appropriate data.
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Fig. 2. Schematic representation of the system with all components and
power flows among them.

F. External Inputs

External inputs to the building include weather data,
internal heat gains due to people and equipment, and hot
water consumption. The weather data comprise the outside
air temperature, the wetbulb temperature and the incoming
solar radiation and are taken from archived forecasts of the
COSMO-7 numerical weather prediction model operated by
MeteoSwiss. A residential building is considered in this work
and it is assumed to be occupied from 6 pm each day till 7
am next day. Typical values for internal gains are taken from
the Swiss standard SIA. A predefined probability profile of
water draws from [17] is used to simulate daily hot water
consumption, which is assumed equal to 280 liters.

G. Overall System Model

An overview of the whole system is given in Fig. 2.
Note that for optimization purposes one has to distinguish
the power sources, e.g., the power for the EWH can come
either from the grid, from PV, or from the battery. The same
holds for HP, SC, battery and uncontrollable loads. This is
modeled by introducing separate control inputs (as can be
seen in Fig. 2) and constraining the respective inputs to sum
up to the total power input for the particular component. As
Fig. 2 indicates, the PV power is consumed by the building
loads rather than sold to the grid. The dynamics of the overall
system containing all above components and separate control
inputs are given by (7), where xk ∈ R28, uk ∈ R14 and
vk ∈ R5 are the overall system state, input and disturbance
vectors, respectively:

xk+1 = Akxk +Buuk +Bvvk . (7)

III. CONTROLLER DESIGN

A. Rule-based Control

Rule-based Control (RBC) is the current practice in Build-
ing Automation Systems (BAS). As the name indicates, RBC
determines actuators’ control inputs based on a series of
rules of the kind “if condition then action”. In this paper,
the conditions in RBC correspond to violation of state
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(
E1

k+1

E2
k+1

)
=

(
b1 + b3b4 b1(1 − b4)
b3(1 − b4) b3 + b1b4

)
·
(
E1

k

E2
k

)
+


b3b4 + b1(1 − b2∆t) − 1

b2
· 1

nd

b3b4 + b1(1 − b2∆t) − 1

b2
· nc

−b3(b2∆t− 1 + b4)

b2
· 1

nd

−b3(b2∆t− 1 + b4)

b2
· nc

 ·
(
P d
k

P c
k

)
(5)

constraints, which are provided in Section III-B. RBC is
used as a benchmark to assess the potential of electricity
cost reduction by employing predictive control in BAS.

B. Model Predictive Control
The goal of MPC controller is to minimize electricity

costs by using the developed building model and employing
predictions for future disturbances, i.e., weather conditions,
occupancy, hot water consumption and electricity prices,
while respecting system constraints. In this work, perfect
predictions of all disturbances are assumed. This simplify-
ing assumption provides an upper bound for the expected
improvement by predictive control.

The following state constraints on room temperature,
average water tank temperature (x̄wh

k ) and battery State of
Charge (SOC) are considered:

21 ≤ xb
k,1 ≤ 23 [◦C] (8)

55 ≤ x̄wh
k ≤ 70 [◦C] (9)

0.2 · Emax ≤ E1
k + E2

k ≤ Emax = 5 [kWh] . (10)

Referring to the numbering adopted in Fig. 2, the input
constraints can be written as follows:

0 ≤ uk,i ∀ i ∈ 1 . . . 14 (11)
0 ≤ uk,1 + uk,2 + uk,3 ≤ Pmax

EWH = 4.1 (12)

0 ≤ uk,3 + uk,4 + uk,5 + uk,6 ≤ P bat
Dmax,k (13)

0 ≤ uk,7 + uk,8 ≤ P bat
Cmax,k (14)

0 ≤ uk,4 + uk,9 + uk,10 ≤ Pmax
HP = 2 (15)

0 ≤ uk,5 + uk,11 + uk,12 ≤ Pmax
SC = 4 (16)

0 ≤ uk,2 + uk,7 + uk,9 + uk,11 + uk,13 ≤ PPV,k (17)

P bat
Dmax,k = ξT

1x
bat
k−1 (18)

P bat
Cmax,k = ξT

2x
bat
k−1 (19)

PUC,k = uk,6 + uk,13 + uk,14 , (20)

where Pmax
EWH is the maximum EWH power, P bat

Dmax,k and
P bat

Cmax,k are the maximum battery discharge and charge
powers at time step k, respectively, Pmax

HP is the maximum
HP power, Pmax

SC is the maximum SC power, PPV,k and PUC,k
are the available PV power and the uncontrollable load,
respectively, both at time step k. All inputs are given in kW.
In (18) and (19) ξ1, ξ2 ∈ R2 are constant vectors that can
be directly defined from the charge transfer model equations
reported in [20].

Consider the prediction horizon N and define:

x := [xT
0, . . . , x

T
N ]T ∈ R28(N+1) (21)

u := [uT
0, . . . , u

T
N−1]T ∈ R14N (22)

v := [vT
0 , . . . , v

T
N−1]T ∈ R5N . (23)

By adopting this notation the MPC problem can be formu-
lated as follows:

min
u

w0c
Tu + w1u

TQu+

w2(x−Tref)
TH(x−Tref) (24)

s.t. Su ≤ s (25)
Gx ≤ g (26)
Fx = f (27)

x = Ax0 + Buu + Bvv , (28)

where c ∈ R14N denotes the electricity cost vector for the
whole horizon, w0, w1, w2 are weighting factors, and matri-
ces A,Bu,Bv,S,G,F and vectors s,g, f are of appropriate
sizes.

The objective function in (24) consists of three terms:
(a) a linear penalty representing the actual electricity cost,
(b) a quadratic term penalizing the HP power and (c) a
quadratic term penalizing room temperature deviations from
a reference value. The entries of matrices Q and H take
values in {0, 1} such that the quadratic penalties are applied
only to HP inputs, i.e., u4, u9 and u10 in Fig. 2, and room
temperature deviations from the center of the comfort zone
(22◦C), respectively.

The three aforementioned terms are given different
weights in (24). The quadratic penalty for HP power is
required to linearize HP dynamics (see Section II-A). By
incorporating the penalty for room temperature deviations an
average annual temperature close to 22◦C can be achieved,
which is also the average annual temperature in case of RBC.
This ensures that MPC energy and cost savings are due to
prediction of disturbances and not due to compromise on
user comfort, thus direct comparisons between MPC and
RBC are possible. The weighting factors have been tuned to
achieve a good tradeoff among cost minimization, smooth
HP operation and reference temperature tracking. It was
found out that the selection w0 = 1, w1 = 0.2 and w2 = 0.2
results in reasonable operation. Assigning a significantly
higher value to w1 will penalize the HP power more and
will eventually result in spreading its operation during the
day, thus drastically reducing the potential for load shifting.
Similarly, a much greater w2 value will penalize aggressively
even small temperature deviations from 22◦C and will limit
the potential for load shifting.

The optimization was performed with an hourly time step
and a prediction horizon of 16 hours, which was found to be
appropriate since longer horizons did not lead to significant
cost reduction. Each optimization problem is solved in 3 sec-
onds on average using CPLEX through a YALMIP interface
[25] in a 4 core machine (2.83 GHz) with 8 GB RAM. Due

2530



TABLE I
BUILDING CONFIGURATIONS

Component Case I Case II Case III Case IV
PV - - X X

Battery - X - X

TABLE II
PRICE SIGNALS

Case A Case B Case C
Price signal day-night day-ahead dynamic real-time

to the short computation time, also shorter time steps and
hence larger optimization problems are tractable.

IV. INVESTIGATION SETUP

A. Building Configurations

A Swiss-average residential building with an area of 100
m2, heavy construction, low window area fraction and south
facade orientation is considered. The building is equipped
with a HP with nominal power 2 kW, a SC installation with
nominal power 4 kW and an EWH with nominal power 4.1
kW. Depending on the considered case (see Table I), the
building may additionally include 12 PV panels with nominal
power 160 W each and a battery with capacity 5 kWh.

B. Price Signals

The building is controlled using price signals for energy
purchases from the grid, i.e., vector c in (24). In this paper,
three different price signals are considered as summarized
in Table II. First, a simple day-night tariff is considered,
which is the common practice today in many countries. The
tariff from Elektrizitätswerk der Stadt Zürich (EWZ) is used
here. The day tariff from Monday to Saturday (6h-22h) is
0.185 CHF/kWh, whereas the night tariff from Monday to
Saturday (22h-6h) is 0.095 CHF/kWh, which is also the tariff
on Sundays and public holidays [23]. Second, a day-ahead
time-varying tariff reflecting the wholesale market marginal
costs is considered, which is taken from [23]. This tariff is
based on the Swiss spot market prices of 2009 and can be
used to shift load towards hours with high expected RES
infeeds when the marginal costs are lower. And third, real-
time pricing is considered, i.e., instantaneous price changes
occurring at delivery time. Such price signals can be used
to manipulate the consumption of a building or, better, an
aggregation of buildings in order to track a power reference
signal. A potential application is mitigation of RES infeed
prediction errors.

V. RESULTS

In this section, the performance of the proposed MPC
scheme as well as the building flexibility to day-ahead and
real-time dynamic prices are assessed.
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Fig. 3. Optimal building operation during a typical winter week [Case IV-
B]. (a) Electricity price. (b) System states: room temperature, EWH average
temperature and battery SOC. (c) Battery charge-discharge profile. (d) Power
to controllable and uncontrollable loads.

A. System Operation with Day-ahead Dynamic Tariffs

Fig. 3 and Fig. 4 depict the optimal building operation
for Case IV-B during a typical week in winter and summer,
respectively. It can be seen that HP and SC operation are
shifted towards low-price intervals, thus the controller clearly
exploits building’s thermal inertia. Similarly, the battery
charges when the price is low and supplies the load when
the price is high. Note that battery charge power decreases as
SOC approaches 100% due to the charge transfer constraints
as in (19). Most of the EWH energy is shifted to low price
intervals using the battery and not the thermal inertia of
the EWH. However, when the spread between low-price and
high-price is large enough, e.g., during the third day of the
winter week, the EWH shifts its consumption by storing
energy in its thermal mass. During the summer week, the
PV production is so high that covers the controllable and
uncontrollable load and the excess energy is stored in the
battery.

The EWH clearly dominates electricity consumption in
both weeks, whereas the shares of HP and SC are signifi-
cantly smaller. Even during the summer week there is little
need for cooling since the average ambient temperature is
around 20◦C. Although the average ambient temperature
during the winter week is approximately 5◦C, the space
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Fig. 4. Optimal building operation during a typical summer week [Case IV-
B]. (a) Electricity price. (b) System states: room temperature, EWH average
temperature and battery SOC. (c) Battery charge-discharge profile. (d) Power
to controllable and uncontrollable loads.

heating needs are reduced due to the assumed high internal
gains. The large impact of internal gains is evident during the
weekend when there is no need for heating at all. In addition,
the primary electricity consumption is further reduced due to
the high COP of the HP, which is equal to 4.2 on average.
On the other hand, the EWH consumes a lot of energy due
to the high thermostat setpoints (55−70◦C) and the assumed
large hot water demand.

B. Potential for Electricity Cost Reduction

The potential of using MPC to minimize electricity costs in
buildings was assessed considering all four building config-
urations and price cases A and B. Tables III and IV compare
RBC and MPC in terms of annual electricity costs and energy
consumption from the grid.

In cases I-A and I-B MPC reduces the cost by approxi-
mately 18% and the energy consumption by approximately
17% compared to RBC. The average room temperature for
both control strategies is 22.07◦C, whereas the average tank
temperature is 55.52◦C for MPC and 55.79◦C for RBC.
Therefore, the cost reduction indeed comes from exploiting
predictions for disturbances and information about future
prices but not from compromising on user comfort. By
adding a battery to the system the additional savings in case
of day-night tariff (case II.A) and day-ahead dynamic tariff

TABLE III
COMPARISON BETWEEN RBC AND MPC FOR CASE A.

Benchmark (RBC)
Electricity cost Energy consumption
[CHF] [%] [kWh] [%]

RBC: I-A, II-A 1426 - 9832 -
RBC: III-A, IV-A 1094 - 7882 -

Performance bound (MPC)
Electricity cost Energy consumption
[CHF] [%] [kWh] [%]

I-A 1170 -18.0 8123 -17.4
II-A 1129 -20.8 8413 -14.4
III-A 826 -24.5 6084 -22.8
IV-A 788 -28.0 6310 -19.9

TABLE IV
COMPARISON BETWEEN RBC AND MPC FOR CASE B.

Benchmark (RBC)
Electricity cost Energy consumption
[CHF] [%] [kWh] [%]

RBC: I-B, II-B 1448 - 9832 -
RBC: III-B, IV-B 1143 - 7882 -

Performance bound (MPC)
Electricity cost Energy consumption
[CHF] [%] [kWh] [%]

I-B 1181 -18.4 8170 -16.9
II-B 1133 -21.8 8427 -14.3
III-B 868 -24.1 6115 -22.4
IV-B 828 -27.6 6320 -19.8

(case II.B) are 2.8% and 3.4%, respectively. However, cost
reduction comes with an increase in energy consumption of
3% in case II.A and 2.6% in case II.B, as compared to cases
I.A and I.B, which is due to battery losses.

In a building with PV the benefits of using MPC are
pronounced. In case III.A energy imports from the grid and
costs decrease by 22.8% and 24.5%, respectively, whereas
in case III.B the respective numbers are 22.4% and 24.1%.
Therefore, the building thermal inertia can be efficiently used
to increase local PV utilization in buildings. In this case the
battery achieves additional savings of 3.5% in both price
cases, which are slightly higher than before.

Based on these results a simple economic evaluation of
battery installations in buildings for electricity cost reduction
was carried out. By assuming a capital cost of 200 CHF/kWh
for lead-acid batteries [18] and constant savings for every
year equal to 49.2 CHF (which is the best case according
to Table IV), the investment payback period is more than
20 years. Since typical battery lifetimes are 5-15 years [18],
using batteries for this application is not economically viable
with the current electricity price levels, battery efficiencies
and capital costs.

C. Building Response to Day-ahead Price Signals

A sensitivity analysis has been carried out to investigate
building response to day-ahead price signals during winter.
The price for the next day is assumed to be a step of variable
magnitude and duration starting at hour 10, as shown in
Fig. 5. Hour 10 has been chosen as the starting time of the
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Fig. 6. Energy shifting potential as a function of magnitude and duration
of day-ahead price steps (Case IV).

price step because then both the HP and the EWH would
normally operate. The results of the sensitivity analysis for
Case IV are shown in Fig. 6, where the energy shifting
potential is defined as the consumption during the price step
over the consumption without any price step.

A first observation is that percentage-wise the building
is more responsive to negative than positive price steps,
in particular if the duration of the negative price step is
relatively short. Interestingly, most of the energy shifting
potential can be achieved by a price step with duration of
up to 2 hours. For a -100% price step and a duration of
1 hour the energy consumption increases by a factor of
7, whereas for a +100% price step and a duration of 1
hour the energy consumption decreases by approximately
93%. This means that the building is very sensitive to price
signals that are known a priori, e.g., day-ahead. Another
observation is that for price steps with a magnitude less than
30% the energy is shifted by using only the building and
EWH thermal inertia. For larger price steps battery storage
is also used since the battery roundtrip efficiency is around
74% including converter losses.

D. Building Response to Real-time Price Signals

Here, the term real-time price signal refers to a signal
that is sent to the building only at the time when delivery
of energy takes place, i.e., it is not known a priori like
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Fig. 8. EWH Response to -50% and +50% real-time price signals.

in Section V-C. In this paper, we assume that a particular
building uses the developed MPC controller to optimize its
operation based on price profiles that are communicated day-
ahead. However, during physical delivery additional price
signals may be superimposed on the day-ahead prices.

Fig. 7 and Fig. 8 depict the HP and EWH response,
respectively, to a -50% and a +50% price signal occurring at
hour 8. Both HP and EWH are able to respond to negative
price signals by instantly increasing their consumption and
shifting energy from subsequent hours. However, the behav-
ior is different when it comes to positive price signals. The
HP is able to switch off during hour 8 and compensate by
increasing its consumption in the following 5 hours, whereas
the EWH is not able to modify its consumption at all due
to its faster dynamics and lower thermal inertia. Although
these results are just for hour 8, a similar behavior was
observed for any hour when both the HP and the EWH would
normally operate. Of course, positive (negative) price signals
occurring at times when the consumption is zero (maximum)
will not affect the building behavior. The analysis indicates
that both HP and EWH can contribute to real-time up
regulation, however, only HP can effectively contribute to
real-time down regulation. Note that the HP potential for
down regulation depends heavily on the weighting factor w2

in (24), that is the better the tracking of 22◦C, i.e., staying
in the middle of the comfort zone, the higher the potential.

By repeating the same analysis for several price steps in
the range [-100%,100%] and aggregating the responses of all
components, the building demand-price curves as in Fig. 9
can be derived. This figure shows how much the building
consumption for the following hours will change if a real-
time price signal is sent at hour 8. For the building under
consideration, real-time price signals modify consumption up
to 6 hours in the future. Again, it is obvious that the effect
of negative price signals on consumption is much higher
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than that of positive price signals. Price-demand curves
of different buildings can be used by load aggregators to
incorporate the economic value of electricity for end-users
in power markets, as in [24], or to minimize balancing energy
costs due to RES infeed prediction errors.

VI. CONCLUSION

In this paper, a state-of-the-art benchmark of a residential
building with a heat pump, slab cooling, an electric water
heater, lead-acid battery storage, and photovoltaic panels for
an efficient DR has been developed. An MPC controller that
enables optimization of building operation in the presence
of both day-ahead and real-time prices was proposed. A
methodology for analyzing the building response to such
price signals was introduced, which revealed a significant
potential for DR. Apart from offering services to the power
system, the proposed controller has the potential to achieve
electricity cost savings for the building owner. Further studies
have to investigate the potential in presence of more realistic
(i.e. non-perfect) weather and occupancy predictions.
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