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Abstract—Controlling residential thermal loads and thermal
energy storage is a viable tactic to engage end-users in demand
response programs (DRPs). This paper focuses on the development of an optimal real-time thermal energy management
system (TEMS) for smart homes to respond to DRP for peak-load
shifting. The proposed TEMS combines two model predictive controllers to manage two thermal energy storage systems, a water
storage tank (WST) and the building thermal mass, to schedule
residential heat pump loads to off-peak periods. The intention is
to manage the operation of a ground source heat pump (GSHP)
to produce the desired amount of thermal energy by controlling
the volume and temperature of the stored water in the WST
while optimizing the operation of the heat distributors to control
indoor temperature. The primary contributions are the development of a new control strategy for GSHPs coupled with WST
based on building identification to minimize total energy consumption and cost. This paper also proposes a real-time indoor
dynamic temperature set-point strategy based on real-time pricing tariffs for enhancing peak-load shifting of heat pump loads
with an acceptable variation in thermal comfort. Simulation and
experimental results demonstrate that the proposed TEMS has
significant potential for real-time peak-load shifting.
Index Terms—Demand response, energy efficiency, thermal
energy management, peak-load shifting, ground source heat
pump, water storage tank, residential building.

N OMENCLATURE
Acronyms
BTM
DDRC
DR
DRP
DTS
FCU
GSHP
HVAC

Building thermal mass.
Dynamic demand response controller.
Demand response.
Demand response program.
Dynamic temperature set-point.
Fan coil unit.
Ground source heat pump.
Heating, ventilating, and air conditioning.
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MPC
RES
RTP
TEMS
TES
TOU
WST

Model predictive control.
Renewable energy resources.
Real-time pricing.
Thermal energy management system.
Thermal energy storage.
Time-of-use.
Water storage tank.

Indices, Parameters and Variables
β
ṁaf
ṁex
ṁf
ṁGHP
λ
Z
ψ
ρ
T sp , T sp
Cl
cp
cap
Cin
D
hc
Ig
mc
mt
mw
Pf
Phl
Rin
Rio
Sr
Tc
Td
Tl
To
Tw

Impact coefficient of DTS.
Mass air flow rate through the FCU (m3 /s).
Mass water flow rate through the boreholes
(l/min).
Mass water flow rate through the FCU (l/min).
Mass water flow rate of GSHP (l/min).
Solar radiation absorption factor.
Electricity price (Cent/kWh).
Binary decision variable.
Density of the water (kg/m3 ).
Lower and upper boundaries of indoor temperature
set-point (◦ C).
Thermal capacity of the thermal mass (J/◦ C).
Specific heat capacity of water (J/(g.◦ C)).
Specific heat capacity of air (J/(g.◦ C)).
Thermal capacity of the building (J/◦ C).
Diameter of the WST (m).
Stored chilled water height (m).
Internal heat gain (W).
Volume of stored chilled water (l).
Volume of stored water (l).
Volume of the warm water in the WST(l).
Power consumption of fan (W).
Internal heat loads (W).
Thermal resistance between building and ambient
(◦ C/W).
Thermal resistance between building and thermal
mass (◦ C/W).
Solar radiation (W/m2 ).
Stored chilled water temperature (◦ C).
Dynamic indoor temperature set-point (◦ C).
Building’s lumped thermal mass temperature (◦ C).
Ambient temperature (◦ C).
Top layer temperature of WST (◦ C).
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Taf
Tb,in
Tb,out
Tfr
Tf
TGHP
Tin
WGHP
Qc
Qex
Qf1
Qf
QGHP
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Supply FCU air temperature (◦ C).
Water temperature to the boreholes (◦ C).
Water temperature from the boreholes (◦ C).
Outlet water temperature of FCU (◦ C).
Inlet water temperature of FCU (◦ C).
Output water temperature of the GSHP (◦ C).
Indoor temperature (◦ C).
Power consumption of GSHP compressor (W).
Stored cooling energy in WST (W).
Heat transfer rate of boreholes (W).
Heat transfer rate of FCU from water (W).
Heat transfer rate of FCU to air (W).
Heat transfer rate of GSHP (W).

I. I NTRODUCTION
HE GROWING penetration of renewable energy
resources (RES) in power systems increases the risks
of physical infrastructure damage to conventional generators.
This infrastructure damage arises because the intermittent
nature of RES causes rapid ramps in power generation to
supply demand during peak-load hours. On the other hand,
the growing demand for power in buildings, during peakload hours in particular, boosts the need for load-shifting.
Therefore, the need for flexibility is a crucial issue on the
demand side. Flexible loads and decentralized energy storage
can support RES to maintain the balance between demand and
supply [1]–[3]. These elements also enable consumers to participate in demand response programs (DRP) in residential and
commercial buildings [4].
Several types of distributed energy resources and controllable loads have been considered as demand response (DR)
providers including plug-in electric vehicles [5], [6], various types of energy storage [7], residential electric water
heaters [8], and domestic heat pumps [9]. Among domestic
loads, electric devices such as heat pumps and heating, ventilating, and air conditioning (HVAC) systems have a significant
potential to facilitate to DRP [1], [4], [10], [11].
Thermal energy storage (TES) such as building thermal
mass (BTM) and thermal storage tanks are broadly identified as effective means of shifting loads from peak to off-peak
hours in buildings [12]–[19]. End-users can gain additional
cost-saving advantages from TES by implementing DRP and
spread the heat pump load throughout the day based on timevarying electricity prices during peak and off-peak hours [14].
Shah et al. [16] presented an optimal DR algorithm to reduce
the electrical water heating costs based on time-of-use (TOU)
tariff by taking advantage of TES while considering hot water
consumption for 24 hours. Good et al. [17] focused on a dayahead optimization to provide more flexibility for the power
system by utilizing TES of hot water and building thermal
mass of 50 residential flats while determining the expected
energy and discomfort costs.
Changing temperature set-point based on real-time pricing (RTP) tariffs is a potential solution for the utilization
of BTM, although considering the thermal comfort of occupants is an important constraint. The variable temperature

T

set-point strategies presented in [11] and [20] change the temperature set-point when the electricity price is higher than
a threshold price which is determined based on consumers
preferences. However, neither of these two strategies can
considerably shift the HVAC loads. Furthermore, their simulations are not verified by experimental results. Braun [12]
presented an overview of research related to the use of BTM
for shifting and reducing peak cooling loads in commercial
buildings based on TOU tariff. Henze et al. [13] concentrated on the usage of both BTM and TES by presenting
an optimal control based on common TOU rate differentials.
Kim [21] proposed a price-based DR strategy for an office
building to co-optimize energy costs of HVAC units and thermal discomfort levels of occupants. In this context, day-ahead
pre-cooling operation was scheduled in the early mornings to
reduce peak load demand in peak-load hours based on TOU
tariffs. However, real-time pre-cooling/pre-heating strategies
are more effective than conventionally scheduled pre-cooling
operations. In this paper, the proposed DTS is designed to
shift up to 100% of HVAC loads from peak-load hours while
taking advantage of a water storage tank (WST). The temperature set-point is changed based on RTP and maximum price of
electricity.
Heat pumps coupled with TES systems are mainly used
to achieve efficient space heating and cooling, but in recent
decades a more efficient technology, ground source heat pumps
(GSHPs), has not only made the system more efficient, but has
also been recognized as a promising technology for demandside management [22]–[24]. Carvalho et al. [23] proposed a
TOU strategy using a GSHP as a flexible load combined with
the building thermal mass to reduce the operation costs on
the customer side. The GSHP consumes electrical power in
off-peak hours to pre-heat a service building. The building
pre-heat method provides a 34% reduction in the electricity
costs [23].
Additionally, it is more effective to develop a control strategy for heat pumps coupled with TES to respond to DRP.
A building thermal energy management system based on
DRP requires weather, occupancy disturbance, building thermal load, and energy price predictions to improve the building
energy efficiency, load shifting and reduce total energy consumption. Among all proposed control methodologies for
controlling indoor temperature, the model predictive control
(MPC) approach can effectively predict the future behavior of
the system to minimize energy consumption while considering thermal comfort [24]–[31]. Mantovani and Ferrarini [25]
mostly concentrated on the thermal comfort level and energy
efficiency optimization in a commercial building using an
MPC controller. However, the authors do not take advantage of pre-heating/pre-cooling for electricity cost reduction.
The study by Yao et al. [27] proposed an innovative strategy
to reduce peak power demand via predictive thermal energy
management using an MPC-based controller. However, the
authors considered a fixed temperature set-point and simulation results are not verified by experimental tests. A bi-level
MPC optimization framework for commercial buildings is
proposed in [31] to integrate with a 33-node distribution grid
by controlling the HVAC load to minimize building operation
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cost and maximize building allowable loads. However, this
optimization framework does not take advantage of a WST
for peak-load shifting.
This paper focuses on a new building pre-cooling/preheating system using a real-time dynamic temperature setpoints (DTS) strategy. The implementation of a new comprehensive control strategy based on DTS supports the full
advantage of BTM to make the system more flexible. The
system includes a GSHP, a water storage tank (WST) and two
fan coil units (FCUs). The WST is used to store chilled/hot
water produced by the GSHP and deliver it when needed. The
presence of the WST allows the GSHP to efficiently operate
whenever the electrical energy prices are low.
The main contributions of this paper are summarized as
follows.
• An enhanced optimal real-time thermal energy management system (TEMS) for smart buildings is developed
to respond to DRP by employing two thermal storage
systems (WST and BTM) for peak-load shifting while
improving the efficiency and keeping the temperature
within a desirable thermal comfort zone.
• A real-time DTS strategy based on real-time pricing
(RTP) tariffs is developed to improve the efficiency of
smart building by shifting up to 100% of HVAC loads
from peak-load hours. The proposed cost-aware DTS
allows the occupants to select system operation to reduce
the cost or achieve the best thermal preference.
• Experimental verifications of the proposed TEMS to
reduce power consumption of the GSHP and FCU with
load shifting. In particular, the TEMS responds more
effectively to DRP compared with the controller presented
in [11].
The paper proceeds as follows. Section II describes the
system modelling and identification. Section III formulates
the proposed TEMS. Section IV introduces the experimental
setup. Sections V and VI present simulation results verified by experiments and sensitivity analyses followed by the
conclusion with recommendations.
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Fig. 1. Thermal energy system installed in the Smart Energy Laboratory
(SELAB) at Edith Cowan University (ECU), Western Australia.

Fig. 2.

Schematic of the thermal energy system.

is responsible for controlling the temperature and the volume of stored water in the WST based on electricity tariffs.
The GSHP loop helps to increase peak-load shifting while
supplying enough chilled/hot water for the thermal load.
The thermal system is monitored by LabVIEW software.
The controllers are implemented in the MATLAB environment. Data is transferred between MATLAB and LabVIEW
over a TCP/IP connection in order to modify the set-points.

II. S YSTEM M ODELLING AND I DENTIFICATION
A. System Description
Figure 1 shows the thermal energy system installed in the
Smart Energy Laboratory (SELAB) at Edith Cowan University
(ECU), Joondalup, Western Australia. It consists of a GSHP
with an electrical ground circulation pump (Pump1), a WST,
two electrical circulation pumps (Pump2 and 3), and FCUs.
The schematic of this system is shown in Fig. 2. The
chilled/hot water is produced by the GSHP and stored in the
WST. The water is distributed to the laboratory building via
the FCUs and the heat exchanged water is then returned to the
WST.
Figure 3 presents the two main control loops used to manage the building heating/cooling system. The proposed MPC
of Section III is implemented by these two control loops.
The FCU loop controls the fan speed to control building temperature while considering thermal comfort. The GSHP loop

B. SELAB Building Thermal Model
The SELAB building is modeled by the heat dynamic statespace model proposed in [28] and [32]:
 
  
1
− Rin1·Cl
Tl
Ṫl
Rin ·Cl
=
1
1
1
T
Ṫin
−(
+
)
in
Rin ·Cin
Rio ·Cin
Rin ·Cin
⎡ ⎤
 To
 

0
0
0
0
+ 1 Qf +
(1)
1
λ
1 ⎣ Sr ⎦
Cin
Rio ·Cin
Cin
Cin
Ig
We assume that Taf is fixed and the thermal energy rate
that is delivered to the SELAB by the FCU is given by
Qf = ṁaf cap (Taf − Tin ). Therefore, the discrete control input
is denoted by U = ṁaf . If we denote the state and disturbance vectors by X = [Tl Tin ] and V = [To Sr Ig ] , then the
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Fig. 3.

IEEE TRANSACTIONS ON SMART GRID, VOL. 10, NO. 5, SEPTEMBER 2019

Control system.
TABLE I
PARAMETERS OF I DENTIFIED SELAB B UILDING M ODEL

discrete-time state space model can be represented by
X(k + 1) = AX(k) + BU(k) + DV(k)
where the matrices A, B and D are defined as



A
0
A12

A = 11
, B = 0 B1 , D =
D1
A21 A22

(2)

0
D2

0
D3


(3)

These matrices are identified using a nonlinear regression algorithm [32] by measuring Tin (k), To (k), Sr (k), Ig (k), and Qf (k).
According to the conservation of energy, the heat transfer in
the FCU is defined as Qf1 (k) = ṁf cp (Tf (k) − Tfr (k)) which is
equal to Qf (k). Therefore, by measuring ṁf , Tf (k) and Tfr (k),
we can calculate Qf (k).
The SELAB building thermal model is identified and validated via two tests:
• Test I- The HVAC system is activated and the indoor
temperature is measured. Figure 4a shows the Tf (k) and
Tfr (k) measurements. Note that ṁf is constant and equal
to 10 l/min. Therefore, Qf (k) is calculated as an input
for this test. In addition, Fig. 4b presents the measurements of ambient temperature and solar irradiation as the
data set for the identification of the thermal model of
SELAB building. In this test, a low pass filter (LPF) is
implemented to reduce the noise associated with the temperature sensor. Note the fine agreements of modeled and
measured daily indoor temperatures shown in Fig. 4c. The
root mean square error (RMSE) of the model is 0.284◦ C
and the coefficient of variation of RMSE (CV(RMSE))
index is 2.52%. CV(RMSE) determines the accuracy of
a model by considering offsetting measured and simulated data errors [33]. ASHRAE Guide 14 [33] considers
a building model calibrated if the hourly CV(RMSE) values are under 30%. Table I presents the identified building
model parameters based on Test I results.
• Test II- The HVAC system is off (Qf = 0). Figure 5a
shows the measured solar irradiation and ambient temperature for 7 days. The validation result is presented
in Fig. 5b. The RMSE of the model is 0.288◦ C and
CV(RMSE) index is 3.57%.

Fig. 4. Test I results- identification of SELAB building model. (a) FCU inlet
and outlet water temperature. (b) Ambient temperature and solar irradiation
data set for Test 1. (c) Indoor temperature.

Fig. 5. Test II results- validation of SELAB building model. (a) Ambient
temperature and solar irradiation data set for Test II. (b) Indoor temperature.

C. Ground Source Heat Pump (GSHP) Model
GSHPs utilize the relatively constant ground temperature to
warm the system’s circulating liquid in winter, and cool it in
summer for space heating and cooling, and domestic hot water
applications [9]. The installed GSHP at the SELAB building
manipulates three boreholes to exploit a higher quality source
of heat as shown in Figs. 1–2. Pump1 circulates water through

BANIASADI et al.: OPTIMAL REAL-TIME RESIDENTIAL THERMAL ENERGY MANAGEMENT FOR PEAK-LOAD SHIFTING

tubes in the boreholes. The GSHP is directly connected to the
WST. The GSHP only operates in on and off modes.
The performance of the GSHP is heavily dependent on
the temperature difference (T) between the source side and
the load side of the GSHP. T is the difference between the
temperature of the water returned (from the boreholes) Tb,out
(monitored by LabVIEW) and the GSHP output water temperature TGHP . The heating/cooling capacity can then be obtained
based on the flow rates and temperatures on the source side
and the load side. Therefore, the coefficient of performance
(COP) is expressed by [9]:
QGHP
(4)
WGHP
An ideal borehole heat exchanger is considered and hence,
QGHP is determined based on the compressor power consumption while utilizing the heat taken (given) from (to) the ground
(Qex ). In this paper, we assume that the GSHP operates in the
cooling mode and hence, when the GSHP is running, it generates chilled water at a determined mass flow rate. Therefore,
according to the conservation of energy for the cooling mode
COP =

|QGHP | + WGHP = |Qex |
Qex = ṁex cp (Tb,out − Tb,in ).

(5)
(6)

D. Water Storage Tank (WST) Model
The installed WST is modeled based on the stratified twolayer tank separated by a thermocline layer that is developed
in [29] and [34] and is validated with the collected data from
SELAB. The WST is used for both heating and cooling modes.
Nonetheless, the WST is modeled in cooling mode for making
it easy to explain. Hence, in the following, the attention is
on the height and temperature of stored chilled water at the
bottom of the WST. In cooling mode, the circulation water
map is: return water from FCU at the top at the temperature
Tw and chilled water produced by GSHP at the bottom at the
temperature Tc . As the WST is connected to the closed-loop
system, the volume of stored water mt is always constant and
equal to the sum of the volume of return water mw and chilled
water mc
mt = mc + mw ,

mc = ρπ D2 hc /4

(7)

where hc is the height of the stored chilled water, D is the
diameter of the WST and ρ is the density of the chilled water.
Note that the mass water flow rates for both sides of the
thermal system (for the GSHP (ṁGHP ) and for the FCU (ṁf ))
are constant and ṁGHP > ṁf . Therefore, the chilled water is
stored in the WST when the GSHP is on; Otherwise, the WST
discharges. The dynamics of the system can be described by
the change in the volume (mc ) and temperature of the chilled
water layer (Tc ) in the stratified WST. Therefore, the WST
model based on the heat and mass flow balance concept is
expressed by the following first order non-linear differential
equation:
dQc
out
(mc ,Tc ) = Qin
c − Qc = ṁGHP cp TGHP − ṁf cp Tf (8)
dt
dmc
= ṁGHP − ṁf
(9)
dt

5591

The WST is charged since the GSHP is on because we consider constant rates of mass water flow and ṁGHP > ṁf . In
addition, the model is simplified by neglecting the losses to the
surrounding environment, hence, we can assume Tf = TGHP .
Therefore, the heat flow equation (8) can be rewritten as
dQc
dmc
dTc
(mc ,Tc ) =
· Tc + mc ·
= (ṁGHP − ṁf )TGHP
dt
dt
dt
(10)
The derivative of temperature and the derivative of height of
the bottom layer water at each time step can be expressed as
(ṁGHP − ṁf )(TGHP − Tc )
dTc
(11)
=
dt
mc
4(ṁGHP − ṁf )
dhc
(12)
=
dt
ρπ D2
When the GSHP is off (ṁGHP = 0), the WST is discharged.
Hence, the inlet water temperature of FCU is equal to the
temperature at the bottom layer of the WST Tf = Tc .
E. Fan Coil Units (FCU) Model
The installed FCU at the SELAB building is modeled
using the data-driven effectiveness ε-NTU method which is
presented in [35] and is developed in [25]. In this method, the
return air temperature from the heat exchanger (Taf ) is ideally equal to the inlet water temperature of the heat exchanger
(Tf ). The equation of an ideal infinite-length FCU assuming
ṁf cp > ṁaf cap is:
Qf ,ideal = ṁaf cap (Tf − Tin )

(13)

Therefore, the FCU can be practically modeled as follows:
(14)
Qf = ε(C, NTU) · Qf ,ideal
ṁf cp
UA
C=
, NTU =
(15)
ṁaf cap
ṁaf cap
where UA and ε are heat transfer coefficient and effectiveness,
respectively. UA is a function of air flow rate ṁaf and water
flow rate ṁf . We consider the ṁf constant to avoid solving
complex equations.
On the other hand, the FCU-MPC requires a steady-state
fan model to obtain the fan power. A third-order polynomial
regression equation can approximate the electric power of the
fans. Since the electric power of the FCU is a function of the
total supplied air mass flow rate, the fan power model can be
given by
Pf = α3 ṁ3af + α2 ṁ2af + α1 ṁaf + α0

(16)

where α0 , α1 , α2 , α3 are fan model parameters that are identified by measuring Pf while changing the fan speed. The
parameters are given as follows: α0 = 26.506, α1 = 244.757,
α2 = −101.974, and α3 = 37.659.
III. F ORMULATION OF P ROPOSED TEMS BASED ON
S YSTEM I DENTIFICATION
The system model presented in Section II is used to formulate and implement the proposed TEMS that includes MPCs
based on a new DTS strategy for FCU and GSHP coupled
with WST. The flowchart of the proposed TEMS is shown in
Fig. 6.
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Fig. 6. Flowchart diagram for the implementation of the proposed optimal real-time thermal energy management system (TEMS) for smart homes to respond
to DRP for peak-load shifting.

A. Proposed Dynamic Temperature Set-Point (DTS) Based
on RTP
Variable indoor temperature set-point Td enables the DRP to
effectively utilize the building pre-cooling/pre-heating. Since
DTS will also affect the GSHP control, the optimal DTS
should be determined prior to the GSHP control. To shift FCU
load while maintaining indoor temperature within thermal
comfort limits, we design an hourly model for both cooling
and heating modes based on dynamic electricity pricing as
follows:
T(i) − T sp
Z(i) − Zmin
=
(17)
Zmax − Zmin
T sp − T sp
T(i) − Tsp
) ∀i = 1, 2, . . . , 24 (18)
δ(i) = β(
Tsp − T sp
The indoor temperature is normalized based on RTP tariff
and upper and lower boundaries of Tsp in equation (17).
The temperature difference from Tsp (δ(i)) is determined in
equation (18) and β is an impact coefficient which changes
the intensity of DTS. β is considered to reflect customer’s
preference in reducing the cost or choosing more desirable
thermal comfort. The DTS responds to the price fluctuation
and remains indoor temperature at the comfort zone at both
cooling and heating modes Td in the cooling mode:
⎧
⎪
⎨Tsp − δmax , if δ(i) < 0.75δmax
Td (i) =
and δ(i + 1) > 0.75δmax (19)
⎪
⎩
Tsp + δ(i), otherwise.
Td in the heating mode:
⎧
⎪
⎨Tsp + δmax , if δ(i) < 0.75δmax
Td (i) =
and δ(i + 1) > 0.75δmax (20)
⎪
⎩
Tsp − δ(i), otherwise.
T sp ≤ Td ≤ T sp
0 ≤ β ≤ Tsp − T sp

Fig. 7.
0.5 ◦ C.

Temperature set-points for different β values in discrete step of

be changed based on equation (22). For example, lower β
increases thermal comfort while higher β results in more
energy saving. Figure 7 shows the indoor temperature setpoints for 24 hours with discrete steps of 0.5 ◦ C generated
by the proposed DTS strategy based on the RTP tariff of
Fig. 8, for cooling mode. Note that, the DTSs are established
between 7 am and 10 pm. Figure 7 shows that the proposed
DTS pre-cools the building during low price periods (7 am-11
am) and before the peak price hours (3 pm-4 pm) (BTM charging mode) and DTS increases the temperature set-point during
high price periods and peak-load hours (BTM discharging
mode).
We will examine the impacts of various β on energy consumption and peak-load shifting by establishing a lower indoor
temperature set-point during low-price tariff periods. During
higher price periods, the building pre-cooling can supply space
cooling and the FCU will be off. As a result, the GSHP will
be off and the GSHP and FCU loads will be shifted by taking advantage of the building pre-cooling without violating the
thermal comfort limits.

(21)

B. MPC Scheme With Proposed DTS

(22)

The MPC uses the system model to predict the future evolution of the plant to generate the control action on receding
control strategy [29], [30]. Two MPC controllers are established in this paper. The prediction models based on dynamic

where δmax corresponds to the condition Td = T sp . δ >
0.75δmax indicates peak-load hours based on RTP. β can
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subject to
x2 (j + 1|k) = f2 (x2 (j|k), u2 (j|k), d2 (j|k)),
∀j = k, k + 1, . . . , k + N − 1
y2 (j|k) = g2 (x2 (j|k), u2 (j|k), d2 (j|k)),
min
Tin

Fig. 8.

Hourly electricity price profile from AEMO [36].

equations and constraints presented in Section II and Table II
are included.
1) GSHP-MPC: The goal of this controller is to switch the
GSHP on/off in order to shift GSHP power consumption based
on DRP while producing sufficient chilled water. For this purpose, we designed a cost function for the MPC of GSHP
based on RTP tariffs. The objective function of the GSHPMPC is a trade-off between minimizing the total electricity
cost and producing enough chilled water subject to dynamic
constraints:
k+N−1


(Z(j|k)(ψ(j|k))

(23)

x1 (j + 1|k) = f1 (x1 (j|k), u1 (j|k), d1 (j|k)),

(24)

min
u1k

j=k

subject to
∀j = k, k + 1, . . . , k + N − 1
y1 (j|k) = g1 (x1 (j|k), u1 (j|k), d1 (j|k)),
∀j = k, k + 1, . . . , k + N
Tcmin ≤ Tc (j) ≤ Tcmax
mmin
c

≤ mc (j) ≤

mmax
c ,

mc (k + N) = mc (k)

(25)
(26)
(27)

where N is the prediction horizon. Z is the electricity tariff at
time step j, ψ is the binary decision variable u1 = {ψ} while
state variable is x1 = {mc , Tc } and disturbance is d1 = {ṁf }.
ψ is defined by

1, if the GSHP is on
ψ(j) =
(28)
0, otherwise.
The GSHP dynamic equations (4)-(6) and the WST dynamic
equations (7)-(11) are the main dynamics of the GSHP
system while equation (24) relates to the WST dynamic and
equation (25) includes the GSHP dynamic.
2) FCU-MPC: The objective of this controller is to control the fan speed to minimize electrical and thermal energy
consumption while keeping the indoor temperature within a
desirable comfort range. The objective function of FCU-MPC
is a trade-off between minimizing total energy consumption
and minimizing the deviation of indoor temperature from the
temperature set-point subject to dynamic constraints:
min
u2,k

k+N−1

j=k

(Pf (j|k)) +

k+N−1

j=k

(Tin (j|k) − Td (j|k))

(29)

∀j = k, k + 1, . . . , k + N
max
≤ Tin (j) ≤ Tin
, T sp ≤ Td (j) ≤ T sp

(30)
(31)
(32)

where decision variable u2 = {ṁaf }, state variable x2 = {Tin },
and disturbances d2 = {To , Sr , Phl }. The building dynamic
equations (1)-(3) and the FCU dynamic equations (13)-(16)
are the main dynamics of the FCU-MPC while equation (30)
corresponds to the building dynamic and equation (31) relates
to the FCU dynamic.
3) Simulation Setup: The model-based optimization
problem is solved over a finite horizon. The nonlinear
equations and the non-convex terms due to bilinear system
dynamics as well as the binary and integer decision variables result in the formation of a non-convex mixed-integer
nonlinear programming (MINLP) problem. The non-convex
MINLP is transformed into a linear model to obtain the global
optimal solutions. The nonlinear equations are approximated
by linearizing system dynamics at the operating points using
piecewise linear equations, which result in a mixed-linear
programming (MILP) problem. In this paper, the SCIP solver
is implemented to solve the MILP MPC problem. The horizon
prediction is N = 24 hours and the control sampling time is
10 minutes. The control horizon is equal to the prediction
horizon. The control horizon decreases as the time step k
increases. The purpose of reducing the control horizon toward
the end of the day is the reduction of the computational
time and complexity. Each day at the first time step (k = 1),
the MPC utilizes the present mc , Tc and Tin values; as
well as the predicted ambient temperature, solar irradiation
and the electricity price. The current values are used for
feedback by resetting the MPC state. Note that the MPC
has previously captured all the values of the previous day’s
variables related to the building and WST models as the initial
values. Therefore, the MPC obtains the optimal combination
of control variables’ set points corresponding to the lowest
energy consumption while maintaining indoor temperature in
thermal comfort zones along the time-varying control horizon.
All simulations are performed using MATLAB and run on
an Intel Core i5-3470M CPU at 3.20 GHz computer with
an 8 GB RAM. The amount of time needed to compute the
optimal solutions was between 3.5 seconds and 54 seconds.
The computational time decreases when the control horizon
reduces as the day progresses.
IV. E XPERIMENTAL S ETUP
Simulations and experimental verifications are performed
for the thermal energy system installed at the SELAB
(Figs. 1–2). The system consists of a water to water GSHP
(7.1 kW of cooling capacity and 10.3 kW of heating capacity)
with 3 × 65 m vertical boreholes, a 1000 litre stainless steel
WST (insulated with 100 mm of insulation layer), circulation
pumps and FCUs.
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Fig. 9.
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The internal heat loads for SELAB associated with 4 occupants.
TABLE II
VARIABLES AND O PERATING C ONSTRAINTS U SED FOR THE
S IMULATIONS AND E XPERIMENTAL V ERIFICATIONS

Fig. 10. Case I (Base Case with Thermostatic Control)- Performances of the
GSHP and the FCU.

We aim to model and design a control scheme for the
SELAB thermal energy system that will shift GSHP load based
on DRP and minimize the electrical and thermal energy consumptions without violating any zone temperature limits. In
order to demonstrate the model and the proposed controller,
we consider the RTP profile which is based on the wholesale
electricity price from the Australian energy market operator
(AEMO) website [36]. The hourly RTP for a typical day in
January 2018 is shown in Fig. 8. Tests are also run considering
an internal heat load profile for the SELAB building. Figure 9
shows the internal heat loads associated with 4 occupants.
The experiments at SELAB are performed with the operating constraints of Table II. The WST is set to mc = 0.1 m3 at
Tc = 7 ◦ C in the first time step. The volume of stored chilled
water is calculated by measuring the difference between the
inlet and outlet water flow rates of the WST. The temperature of the stored chilled water is measured using temperature
sensors S1 , S2 , and S3 installed in the WST. The indoor
temperature set-point is considered Tsp = 23 ◦ C.
We have used the temperature set-points determined by the
proposed DTS strategy (equation 19) based on given lower and
upper temperature bounds 21.5 ◦ C and 24.5 ◦ C, respectively
(Table II, column 3).

V. S IMULATIONS AND E XPERIMENTAL V ERIFICATIONS
This section presents and compares detailed simulation and
experimental results for the SELAB thermal energy system
(Figs. 1–2). Four cases are considered and tested including
the conventional thermostatic control (Case I), MPC with
fixed electricity pricing (Case II), MPC with dynamic demand
response controller (DDRC) of [11] (Case III), and the
proposed MPC with DTS based on RTP tariffs (Case IV).
Experimental results of Cases II-IV validate the simulation
results. The weather data are collected by the weather station at
SELAB. These tests are conducted under the same conditions
on days with similar ambient temperature and solar radiation
profiles. The simulation results of Cases I-IV and the measurements are used to investigate the performance, capabilities and
advantages of the proposed MPC.

A. Case I: Base Case With Conventional Thermostatic
Control
Figure 10 shows the results for thermostatic control (own
device control). It is a hysteresis controller that switches the
FCU off when the indoor temperature is lower than 22.5 ◦ C
and activates it when the indoor temperature reaches 23.5 ◦ C.
This is the conventional thermal energy system used in most
buildings. In this figure, the top plot shows the on/off signal for
the GSHP, the middle plot is the corresponding daily indoor
temperature control, and the bottom plot is the air flow rate
required to keep the room temperature at the desired set-point
of 23 ◦ C.
B. Case II: MPC With Fixed Electricity Pricing
Figure 11 shows the results for indoor temperature control
with MPC under fixed electricity price. The first and second
plots (from the top) show the GSHP on/off signal to control
the WST temperature and the stored chilled water volume.
The next plot shows the controlled indoor temperature within
the thermal comfort zone of 21 ◦ C and 25 ◦ C. The last plot
depicts the manipulated air flow to the building so that the
FCU system can maintain the indoor temperature in the thermal comfort zone. Note that the designed controllers for this
case study are able to operate the WST more efficiently. In particular, the MPC controller provides over 8.2% reduction in
power consumption compared with the thermostatic controller
of Case I. In addition, this test shows over 11.46% reduction
in thermal discomfort.
C. Case III: MPC With the DDRC of [11]
We have also analyzed peak-load shifting based on the
proposed MPC strategy of [11] (that uses a dynamic demand
response controller). The DDRC strategy changes the temperature set-point when the electricity price is higher than
the threshold price. Otherwise, the temperature set-point is
maintained at its initial value that was set by the customer.
Additionally, the threshold price is determined by customer’s
preference. The results are presented in Fig. 12. The first
and second plots show the performance of GSHP-MPC. Note
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Fig. 11. Case II (MPC with Fixed Electricity Pricing)- Operation of GSHP
coupled with WST and FCU.

Fig. 12. Case III (DDRC Strategy of [11])- Operation of GSHP coupled
with WST and FCU.

that the GSHP load is shifted based on RTP and the WST
is filled with chilled water at the low-price tariff. The third
and fourth plots demonstrate FCU-MPC performance. In this
case, the DDRC of [11] resulted in a 27.36% improvement in
peak-load shifting in Case I, and a 10.26% improvement in
Case II.

that confirm the simulation results of Cases II-IV. In
Figs. 14–15, according to the first plot, the chilled water is
supplied by GSHP whenever Pump1 is on. The water flow
rate is 30 l/min and the temperature of the supply chilled
water is between 5 and 8 ◦ C. The second plot shows the
return water temperature from the FCU. As a result of having desirable chilled water for the FCU, the return water
temperature is in the range of 8-13 ◦ C. The total power consumption of the HVAC system is shown in the last plot of
Figs. 14–15.
Figure 16 confirms that the GSHP supplies chilled water to
the WST (first plot) and the WST stores enough chilled water
to supply the FCU (second plot) at the requested temperature range of 5-8 ◦ C. After circulating chilled water through
FCU, the returned water from FCU is in the expected range
of 8-13 ◦ C that is shown in the third plot. The last plot of
Fig. 16 shows the total power consumption of the HVAC
system. The energy consumptions of GSHP and FCU during peak-load hours (16:00-19:00) are zero and 0.264 kWh,
respectively. The difference between the power consumption
of the experimental result and the simulation result is because
the ground circulation pump is run about 75 seconds earlier
than GSHP.

D. Case IV: Proposed MPC With DTS Based on RTP Tariffs
The aim of this experiment is to analyze the MPC controllers with DTS. In this test, we implement the proposed
DTS for β = 1 to pre-cool the building before the peak-load
hours to reduce energy costs and shift the GSHP and FCU
loads. The set-point can be changed between 22◦ C and 24◦ C
for β = 1. Figure 13 shows the MPC results with β = 1. The
proposed MPC strategy for β = 1 reduces the total power
consumption to 7.18 kWh. In this case, the electricity consumption by the GSHP and FCU is reduced by 13.33%. In
addition, this strategy is an effective way to shift the HVAC
load from a high electricity price period while the indoor temperature is perfectly controlled. Results show reductions of
85% and 79% in peak-hours power consumption in compared
to Cases I and III, respectively.
E. Experimental Verification of Cases II-IV
To verify the precision and performance of the proposed
MPC with DTS, it is applied and implemented on the thermal energy system at the SELAB (Figs. 1–2 and Section IV).
Figures 14–16 demonstrate the experimental measurements

VI. S ENSITIVITY A NALYSIS AND D ISCUSSIONS
Simulation and field measurement results including total
energy consumption, cost saving, peak-load shifting, and
indoor temperature deviation are summarized and compared
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TABLE III
C OMPARISON OF R ESULTS FOR C ASES I-IV (F IGS . 10–16) W ITH THE P ERCENTAGE OF I MPROVEMENT

Fig. 14. Experimental verification of Case II- Measured waveforms for
operation of GSHP coupled with WST and FCU.

Fig. 13. Case IV (Proposed MPC with DTS Strategy (β = 1) and RTP
Tariffs)- Operation of GSHP coupled with WST and FCU.

in Table III. It is of significant note that the proposed controller takes effective advantage of WST coupled with GSHP
in terms of reducing the overall energy cost and shifting energy
consumption from peak-load hours. The proposed TEMS with
MPC controllers based on DTS (Case IV) enables the demandside to efficiently respond to the DRP while allowing the
end-user to take advantage of RTP. We have also performed
detailed sensitivity analyses to illustrate the impacts of β
on power consumption, peak-load shifting, and indoor temperature. Table IV and Fig. 17 demonstrate the sensitivity
of the proposed MPC to the intensity of DTS by changing
the value of β from 0 to 1.5. Figure 17a shows changes of
power consumption of GSHP and FCU for different β values. Interestingly, by increasing β, the power consumption will
be reduced during peak-hours (4-7 pm) and the cost will be

Fig. 15. Experimental verification of Case III- Measured waveforms for
operation of GSHP coupled with WST and FCU.

consequently decreased. However, the variation of indoor temperature will be increased but still within the comfort zone as
shown in Fig. 17b. Based on the detailed simulations, field
measurements, and sensitivity analysis of Figs. 10–17 and
Tables III–IV:
• The proposed TEMS reduces the total energy cost by
25.31% as compared to 12.43% and 17.65% for Cases II
and III, respectively (Table III, column 5).
• The proposed TEMS has effectively shifted 85.15% of
HVAC load from the peak-load hours as compared to
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Fig. 16. Experimental verification of Case IV- Measured waveforms for
operation of GSHP coupled with WST and FCU.
TABLE IV
S ENSITIVITY OF P ROPOSED MPC TO THE I NTENSITY OF DTS. N OTE
T HAT β VALUES OF 0, 1 AND 1.5 C ORRESPOND TO B EST T HERMAL
C OMFORT, B EST T RADE -O FF AND L OW C OST, R ESPECTIVELY

Fig. 17. Simulation results of sensitivity of DTS. (a) Power consumption.
(b) Indoor temperature.

for this scenario, the proposed TEMS will offer 47.46%
improvement in temperature deviation compared to Case I
(Table IV, column 2).

•

•

•

only 19.05% and 27.36% for Cases II and III, respectively
(Table III, column 7).
Increasing β will significantly shift HVAC loads from
peak-load hours. For example, the peak-load shifting can
be increased to over 88.23% with β = 1.5 (Fig. 17a,
Table IV).
Increasing β will also reduce the total power consumption
and cost by 20.16% and 30.74%, respectively (Fig. 17a,
Table IV, column 5).
Decreasing β will decrease the deviation of indoor temperature from the set-point temperature. For example,
with β = 0 (when the discomfort level is a concern of consumers) the energy consumption and cost
increase during peak hours while the indoor temperature slightly varies around the designated temperature
set-point (Fig. 17b and Table IV, column 2). Note that

VII. C ONCLUSION
This paper advocates for the implementation of optimal realtime thermal energy management strategies for smart buildings
with GSHP, WST and FCUs. This will decrease the total power
consumption of the GSHP and FCUs by shifting their loads
based on DRP while providing adequate thermal comfort levels. This is done by combining two online closed-loop MPCs
to manage two thermal energy storage systems, a water storage
tank (WST) and the building thermal mass. The main advantages and contributions of the proposed MPC with DTS based
on RTP tariffs compared to the existing technologies based on
thermostatic control and the MPC with DDRC of [11] are:
• The proposed MPC with DTS can significantly reduce
the total energy cost and overall cost by shifting up to
100% of HVAC (GSHP and FCUs) loads based on DRP

5598

IEEE TRANSACTIONS ON SMART GRID, VOL. 10, NO. 5, SEPTEMBER 2019

depending on weather conditions while maintaining the
indoor temperature within a desirable comfort range.
• The proposed MPC with DTS allows the end-user to take
more advantage of RTP by increasing the DTS intensity coefficient. Large values of β will significantly shift
HVAC loads from high price periods and consequently
reduce the cost while the indoor temperature is still within
the thermal comfort zone.
Furthermore, the proposed TEMS and simulation results are
verified by experimental tests.
In future work, HVAC systems in residential buildings
will be further studied as a possible solution to improve the
interaction of microgrid with the smart grid. This will be done
by optimal sizing of electrical and thermal energy storage
systems, and smart scheduling of heat pumps operation.
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