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Abstract—In smart residential buildings, variations in rooftop
photovoltaic (PV) power causes a mismatch between generation and
load demand. This paper deals with combined thermal and electrical
energy systems, including a heat pump coupled with a thermal
storage tank, rooftop PV modules, a battery energy storage system,
and the electrical and thermal loads. An integrated home energy
management system with optimal operation schedule is proposed
to manage different resources based on time-of-use pricing tariff
to minimize the operation cost of a smart building and reduce the
mismatch between generation and load. Extensive simulation results
show the cost benefits and effectiveness of the proposed combined
thermal and electrical energy management strategy.
Index Terms—Smart building, demand response, energy efficiency,
heat pump, thermal storage system, demand side management.

I. I NTRODUCTION
In recent years, the penetration of rooftop photovoltaic (PV)
systems are increasing in the residential networks and commercial
buildings. In 2017, small-scale PV systems participated in 20.3%
of Australia’s clean energy generation. These systems produced
3.4% of the country’s total electricity [1]. However, the payback
of renewable energy in some countries is insignificant. Load management is an important objective, which can help to increase the
penetration of renewable energy resources (RESs). This objective
can be mainly achieved by considering the demand response (DR)
on flexible loads such as heat pumps (HPs) [2] and electric vehicles
[3], in particular when the customers are able to manage their
usage manually or via an automatic system [4]. In fact, in most
buildings, more than 40% of the power is consumed for space
heating and cooling [5]. Therefore, an optimal energy management
strategy is largely required for best utilization of RESs. This
strategy can be used for HPs as heating/cooling suppliers to meet
the space heating/cooling when it is possible. Thus, a significant
cost-saving can be achieved while also reducing stress on the grid
during peak-load hours [2].
Many researchers have presented various strategies to minimize
the energy cost of residential buildings with the integrations of
rooftop PVs and battery storage systems. Sichilalu and et al. [6] focused on HP water heaters to reduce energy cost based on time-ofuse (TOU) tariff by utilizing an optimal scheduling model. Wanjiru
et al. [7] presented an optimal model to minimize energy and
water consumptions. The authors controlled an HP water heater
and an instant heater which are integrated with a wind turbine,
PV and diesel generator. However, space heating/cooling was not
considered in both papers. End-users can earn additional costsaving advantages from the thermal energy storage (TES) system.

This cost-saving is achieved by implementing demand response
programs (DRPs) and shift the heat pump load from peak-demand
hours to off-peak periods [8]. Shah et al. [9] introduced an optimal
DR algorithm to decrease the electricity cost of water heating
based on TOU tariff. The authors considered the advantage of TES
by assuming the hot water consumption for a day. Good et al. [10]
presented a day-ahead optimization of TES based on DR. The aim
was to utilize TES for hot water and thermal mass 50 residential
houses by determining the expected energy and discomfort costs.
A scheduling approach for an energy system with a battery was
proposed in [11]. This approach is employed to control heating,
ventilation, and air conditioning (HVAC) systems based on DRP.
The authors in [12] introduced a cost-optimal schedule method. A
mixed-integer linear programming optimization technique is used
for the better utilization of solar energy in buildings. The demand
caused by heating and partial thermal storage was investigated
in [13] and optimal thermal storage energy was determined by
predicting the heat demand of the building.
This paper presents a cost-effective approach to minimize the
operation cost for smart homes. A model of an integrated home
energy management system (IHEMS) is proposed in this work.
This system encompasses a rooftop PV system, battery and HP
coupling with a thermal storage tank (TST) as a controllable load.
Colonial competitive algorithm (CCA) is employed to minimize
the operation cost. The efficiencies of battery charging and discharging are considered as well as battery charging method. HP
coupled with the TST is considered to shift its load towards the low
electricity price periods or whenever PV production is available.
Furthermore, the occupants’ thermal comfort is also taken into
account while shifting HP electricity load. The IHEMS model is
implemented in Smart Energy laboratory (SELAB) at Edith Cowan
University to verify the simulation results.
The paper is organized as follows. Section II describes the
model of IHEMS. Section III formulates the proposed IHEMS.
Sections IV and V present simulation and experimental results and
discussion. Finally, the conclusions are outlined in Section VI.
II. I NTEGRATED H OME E NERGY M ANAGEMENT S YSTEM
M ODEL
As shown in Fig. 1, the proposed IHEMS model consists of a
thermal energy system which includes an HP coupled with a TST,
and an electrical energy system, including a battery, rooftop PV
and electrical loads.
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C. Building thermal model
SELAB building is modeled by the heat dynamic state-space
model, which is proposed in [15] and [16]:
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Ṫl
Rin ·Cl
+
=
1
1
1
T
−(
+
)
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The model parameters are identified, using a non-linear regression
algorithm by measuring Tin , To , S, Ig , and Qhd , where Tin is
the indoor temperature, To is the ambient temperature, Ig is the
internal heat gain, and Qhd is the thermal energy demand.

Fig. 1: Schematic of the energy management system.
A. Rooftop PV model
The output power of the PV system depends on the number
of PV modules, as well as the ambient temperature and solar
radiation. The PV model can be expressed as [14]:
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where Np is the number of parallel PV modules, Ns is the number
of series PV modules, T is the PV module temperature, T0 is
the reference PV module temperature (25 ◦ C), S is the solar
irradiation, S0 is the reference solar irradiation (1kW/m2 ), α
represents the exponent which is responsible for all non-linear
effects (1.21) that the photo-current depends on, β represents a
PV module technology specific-related coefficient (0.058), and γ
represents the exponent considering all non-linear temperaturevoltage effects (1.15). Rs , Voc and Isc are the series PV modules
resistance (Ω), the open-circuit voltage (V ) and the short-circuit
current (A), respectively.
B. Battery model
The battery power (kW ) is calculated by:
Pbatt,i = Pg,i + PP V,i − PHP,i − Phl,i

(2)

where Pg is purchased power from grid, PP V is PV power output,
PHP is HP load, and Phl is the total power consumption of all
appliances except HP load (PHP ). The efficiency of the calculated
for charging (ηch ) and discharging (ηdch ) battery can be considered
in the battery energy storage (Ah) equations:
Ebatt,i = Ebatt,i−1 + Pchbatt,i ηch − (

Pdchbatt,i
)
ηdch

(3)

D. Heat pump model
The performance efficiency of the HP is represented by the
coefficient of performance (COP) that is expressed as [17]:
QHP
(7)
COP =
PHP
where QHP is the thermal energy generated by the HP. QHP is
also determined by the consumed power of the compressor (PHP )
and utilizing the heat taken (given) from (to) the environment. The
COP and PHP ratings of different type of HPs are established by
HP manufacturers.
E. Thermal Storage Tank (TST) model
The TST is modeled based on the stratified two-layer tank
separated by the thermocline layer where is presented in [18]. This
model is used for heating and cooling modes. TST is presented
in cooling mode to simplify the description of the model in
this paper. In cooling mode, return water from heat distributor
(HD) at temperature (Tw ), and chilled water produced by HP
at temperature THP are placed in the top and bottom of TST,
respectively. The volume of stored water (m) in TST is always
constant and equal to the sum of the volume of return water (mw )
and chilled water (mc ) which is m = mw + mc . Therefore, the
SOC of TST model based on the heat and mass flow balance can
be described as:
X ṁHP − ṁd
T ST
SOCiT ST = SOCi−1
+
× 100
(8)
m
i
where ṁd is the mass water flow rate through the HD and ṁHP is
the mass water flow rate of HP. In this study, we consider constant
rates of mass water flow. The cooling energy stored in the TST
can be calculated by:
QT ST = mc cp (Tw − THP )

(9)

(5)

F. Heat distributor model
Most of heat distributors are used to regulate the room temperature by using thermostats. The state of the on/off relay is
determined by the hysteresis control rule as follow:


if Tin,i−1 ≤ T in
0
(10)
χi = 1
if Tin,i−1 ≥ T in


χi−1
otherwise,

where Ebatt,max is the total stored energy (kW h). Taking into
batt
batt
account the SOC limitation SOCmin
< SOCibatt < SOCmax
.

where the continuous state (Tin ) is the building temperature, and
the discrete state (χ) is the state of the relay, which switches the
heat distributor on and off according to the hysteresis control rule.

Pchbatt,i = F (SOCibatt )

(4)

where Eq. 4 considers the charging pattern which is a function of
the battery state of charge (SOC) as a limitation for the charge
power (Pchbatt ). In this paper, this function is determined by
experimental data. Then, the battery SOC is expressed as:
SOCibatt =

Ebatt,i
× 100
Ebatt,max
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Fig. 2: Normalized TOU electricity tariff.
III. IHEMS F ORMULATION
The proposed CC algorithm is applied to manage the thermal
and electrical energy systems. The aim is to minimize the operation cost while controlling the building temperature with an
acceptable variation in thermal comfort. IHEMS is also employed
to control the battery charging/discharging, in order to enhance
the integration of the PV system with loads.
A. Objective Function

Fig. 4: SELAB at Edith Cowan University, Western Australia.

The objective function is a criterion which is used to evaluate
the solution of CC algorithm. This evaluation is here based on
the minimum operation cost, which is calculated by the following
expression:
!
X
X
X
min
Cg,i +
CHP,i +
Cbatt,i
(11)
i

i

i

where
Cg,i = N Pi · C · Pg,i · t
(
Cbatt,i =
(
CHP,i =

Cbattom Pbatt,i · t
if Pbatt,i ≥ 0
−Cbattom Pbatt,i · t if Pbatt,i < 0

0
if PP V,i − Phl,i ≥ 0
N Pi · C · PHP,i · t otherwise

(12)

(13)

(14)

IV. S IMULATION AND E XPERIMENTAL R ESULTS

where Cg is the total cost of grid power, Cbatt is the total cost
of battery, CHP is the total cost of HP, and Cbattom is the cost
of battery operation and maintenance (cent/kW h). C is the peak
TOU electricity price (cent/kW h), and N P is the normalized
TOU tariff which is shown in Fig. 2 [19]. Prices are normalized
based on the maximum electricity price in peak-hours.
B. Energy balance constraints
The model should supply the electrical and thermal demands
without violating the thermal comfort. Therefore, the electrical
energy balance can be written as:
Pg,i + PP V,i − Pbatt,i − PHP,i − Phl,i = 0

(15)

where Pbatt,i is negative in discharging mode and positive in
charging mode. The constraint of thermal energy balance is as
follows:
QHP,i + QT ST,i − Qhd,i = 0

C. Colonial Competitive Algorithm (CCA)
CCA is an evolutionary optimization algorithm which is inspired by imperialistic competition [20]. Similar to other evolutionary algorithms, CCA should be initialized to start the search
process. Each individual in the first generation of CCA is called
Country. According to the cost function, the algorithm countries
can be classified into two groups: Imperialist for low cost or more
power of countries, and Colonies for vice versa. The Imperialist
dominates the Colonies based on their countries power, thus
generates an empire. The Country dimensions are determined by
the number of decision variables. In this paper, PHP and Pbatt are
two decision variables based on Eqs. 11-14, in each time step i.
The time step is 0.5 hour and IHEMS is implemented for 24 hours
with two variables. Therefore, the dimension of the optimization
problem is N = 24 × 2 × 2 = 96. Fig. 3 shows a Country with
the decision variables of the optimization problem.

(16)

where QT ST,i positive in discharging mode and negative in
charging mode.

In this paper, SELAB building is used as a smart residential
building. Fig. 4 shows SELAB building which is used to implement and test the proposed IHEMS. The thermal system consists of
a 1000 litre stainless steel TST with 100 mm insulation layer and
water source HP with 7.1 kW cooling capacity (1.92 kW power
consumption) and 10.3 kW heating capacity. The electrical system
consists of 12 series mono-crystalline PV modules rated at 285 W
each which is 3.4 kWp and 6 series poly-crystalline PV modules
rated at 250 W each which is 1.5 kWp, 4 × 12V series lead-acid
battery modules MP12200 GEL CELL with nominal voltage 48V
and total capacity of 4.8 kWh. All home appliances, except the
HP, are modeled as uncontrollable loads.
The thermal demand of the SELAB building is calculated based
on weather condition. Figs. 5 and 6 show the building temperature
control results including ambient temperature, solar irradiation,
building temperature and heat distribution signal for a typical hot
day in summer and a typical cold day in winter, respectively. Note
that the building temperature are kept in thermal comfort zone of
22 to 24 ◦ C. This section shows the system operation for a typical
day in summer and winter. The simulations are carried out for the
following two scenarios.
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Fig. 5: Building temperature control result of one day in summer.
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Fig. 7: IHEMS results of day in summer without DR program on HP
(scenario I).
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Fig. 6: Building temperature control result of one day in winter.
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Fig. 8: IHEMS results of day in winter without DR program on HP
(scenario I).
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Figs. 7 and 8 show the results of scenario I for a typical day
in summer and a typical day in winter, respectively. IHEMS has
targeted the grid power and battery charging and discharging. In
scenario I, the algorithm is used to importing the grid power in
low price tariff periods to charge the battery. However, the surplus
PV output power is used to charge the battery by following the
charging pattern. The charging rate decreases, while the SOC
increases. As shown in Fig. 8, due to uncontrollable HP load
and insufficient PV output power, the algorithm has responded
to import power from the grid during peak-price tariff to avoid
deep battery discharge.
In scenario II, the proposed algorithm shifts the HVAC load
based on TOU tariff, SOC of TST, and battery SOC. Figs. 9 and
10 show the HP control results for day in summer and winter,
respectively. In summer, HP produces chilled water to supply the
thermal load and store in the TST. According to SOC of TST, HP
works in midday, when PV power is available to increase the SOC
of TST (see Figs. 9-10). The thermal demand is then supplied by
TST during peak-load hours. The majority of the thermal demand
is in midday and the evening as shown in Fig. 5. In winter, HP
produces hot water to meet heat demand in midnight directly, and
charges TST in early morning. Then TST supplies the thermal
demand in high price period in the evening. Figs. 11 and 12
show the IHEMS results of scenario II for a day in summer and
winter, respectively.
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Fig. 9: HP signal and TST SOC for day in summer.
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Scenario I: The HP is considered as an uncontrollable load.
Thus, the proposed IHEMS is used to minimize the utility
bill by controlling the amount of buying/selling electricity
from/to the grid.
Scenario II: IHEMS is applied to the entire system including the HP coupling with the TST as a controllable load
and battery storage. The building temperature is maintained
within the desirable temperature range. In this case, IHEMS
is implemented to control the HP consumption to maximize
the utilization of PV production and minimizes the electricity
bill by buying the grid power in off-peak periods.
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Fig. 10: HP signal and TST SOC for day in winter.
V. R ESULTS D ISCUSSION
Figs. 7-8 and 11-12 show operation results of typical day in
summer and winter for both scenarios (I and II). In scenario II,
the proposed IHEMS has reduced the daily energy cost by 44.2%
for the day in summer, and by 18.3% for the day in winter, as
compared to scenario I. Meanwhile, it has effectively reduced 2.3
kWh of importing power from the grid in the summer day, and

Power (kW)

6
4

proposed IHEMS effectively decreased grid to building important
by maximizing the use of the PV power.
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TABLE I: Annual results for scenarios I and II with the percentage of
improvement (reduction) respect to scenario I.
Scenario I
Scenario II
%
1159.5
718.2
38.05
Electrical energy cost ($)
Importing power
3865.2
3588.4
7.16
from grid (kWh)
3960.7
3756.1
5.16
Exporting power to grid (kWh)
0.3 kWh in the winter day. Table I summarizes annual results for
both scenarios I and II in case of importing power from the grid
and exporting power to the grid as well as the electricity bill based
on TOU tariff.
VI. C ONCLUSION
An IHEMS is proposed and tested for economic operation of
smart buildings and homes that include an HP coupled with a
TST, battery storage and a rooftop system. The potential of HPs
to minimize operation costs and maximize the use of PV power
has been investigated. The battery charging strategy and battery
efficiency are taken into account. The comparison of two different
scenarios indicates that the optimal scheduling of the electrical and
thermal storage systems simultaneously can significantly reduce
the system operation costs. The results demonstrate that the
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