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Abstract: The present environmental and economic conditions call for the increased use of hybrid
energy resources and, concurrently, recent developments in combined heat and power (CHP) systems
enable their use at a domestic level. In this work, the optimal scheduling of electric and gas energy
resources is achieved for a smart home (SH) which is equipped with a fuel cell-based micro-CHP
system. The SH energy system has thermal and electrical loops that contain an auxiliary boiler,
a battery energy storage system, and an electrical vehicle besides other typical loads. The optimal
operational cost of the SH is achieved using the real coded genetic algorithm (RCGA) under various
scenarios of utility tariff and availability of hybrid energy resources. The results compare different
scenarios and point-out the conditions for economic operation of micro-CHP and hybrid energy
systems for an SH.

Keywords: battery energy storage system (BESS); electric vehicle (EV); fuel cell (FC); micro combined
heat and power (micro-CHP) system; real coded genetic algorithm (RCGA); smart home (SH)

1. Introduction

1.1. Background and Motivation

The share of non-electric energy resources such as natural gas in modern power systems is
significantly increasing due to environmental, economic and reliability concerns. At the same time,
penetration of state of the art combined heat and power (CHP) systems is also on the rise due
to their high efficiency and compact size. A CHP system is a cogeneration system that provides
heat and electricity simultaneously. The recent technological advancement has made possible the
miniaturization of cogeneration systems into micro-CHP units and their integration to power networks
at a smart home (SH) level. A report from American Council for an Energy-Efficient Economy reveals
that the CHP systems can operate at a high efficiency (80%) in comparison to the conventional modes
of separately producing heat and power at a low efficiency (45%) [1]. Another major development in
recent years is the increased penetration of low-emission electric vehicles (EV), which are significantly
less dependent on the scarce fossil fuels. EVs, however, pose a challenge to the stability and economy
of power systems as they require a plentiful power for their battery charging. Considering the high
penetration of EVs and micro-CHP systems at house level, there is a need of comprehensive research to
discover their optimal utilization and in-sync operation with the utility grid. Moreover, the feasibility
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of an integrated operation of the EVs and the CHP systems will increase if the economy of their
combined operation is studied carefully [2]. So, this study presents an optimal scheduling of electrical
and gas energy resources for a house in the presence of an EV.

1.2. Literature Review

CHP systems are an interesting topic among researchers, and a significant work has been devoted
to study their feasibility, operation and to address the associated challenges [3–6]. A review of
micro-CHP systems for residential applications concluded that 30% CO2 emission can be reduced
using micro-CHP systems [7]. In [8], a cost saving of 29% is achieved after applying a stochastic
programming based reliability constrained optimization approach to CHP system components.
A discrete optimization model for the optimal operation of a CHP system composed of a gas turbine and
an auxiliary boiler is presented by Xie et al. in [9]. The study concluded that the increased CHP loading
may not always result in an economic operation and the thermal to electric ratio also affects the profit
of a CHP system. Different design options for integration of fuel cell (FC)-based micro-CHP systems in
residential buildings is presented in [10]. Zhi et al reported that a gas turbine based combined cooling,
heating and power system including electric batteries has multiple advantages, but the efficiency of
the system decreases gradually with load reduction [11]. References [12,13] presented the economic
operation of an FC-based CHP system in which different scenarios of recovered heat dissipation
were compared.

Romano et al. [14] designed a Monte Carlo simulation based hybrid energy management system
(EMS) having a PV and a battery energy storage system (BESS) in a smart house. The EMS was
used to control the schedulable loads. A dynamic simulation was performed to study the interaction
between and internal combustion engine (ICE) based micro-CHP system and the EV charging in
a semi-detached home in two different geographical locations in Italy [15]. A parametric analysis
based on different daily driving distances for EVs was performed and the proposed method resulted
a cost saving of up to 60% .

The combined use of a plug-in hybrid electric vehicle (PHEV) and a polymer electrolyte fuel
cell-based cogeneration system is discussed in [16], and the developed model was analyzed using
mixed-integer linear programming. Due to an increased electric capacity factor and a thermal power
supply rate, this synergistic operation resulted in energy saving and cost reduction as compared
to their separate use. The combined impact of an FC-based micro-CHP system and PHEV on the
annual utility energy consumption is studied in [17] for three daily running distances of 0, 10 and
20 km. The results show that the combined use of micro-CHP and PHEV reduced the annual utility
consumption up to 3.7% compared to their separate use.

The potential synergy of the ICE-based micro-CHP and EV charging is explored in [18], and the
results indicate improvement in the economy. The work in [19] presents the optimal charging and
discharging schedule of EVs in a parking station installed with the PV and BESS to minimize the
overall operational cost.

A closed-form solution is proposed to schedule responsive loads with a special focus on the EV
charging with uncertain departure times in [20]. In [21], an intelligent charging method for EVs is
proposed considering time-of-use (TOU) tariff and in [22], considering the intermittent renewable
energy sources. The work presented in [23] proposed a rule-based energy management scheme
considering flat rates of the electricity.

Wu et al. proposed a scheme for the cost minimization of electricity considering the power
demands of a home and EV charging [24]. However, the thermal loads of the home were not taken
into account in the study. García-Villalobos et al. [25] reviewed different PHEV charging strategies
(i.e., charging without any special control, charging during off-peak period, valley filling charging,
and peak shaving charging). The findings of this study suggest that although the former two techniques
are user-friendly and easy to implement, the latter two methods result in improved ancillary services,
flattened load profile, and optimal integration of renewable energy resources. An EMS to regulate
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voltage profile and allocate power shares to EVs is proposed in [26]. The residential EV charging
impact upon the distribution system voltages was reviewed in [27], and a method was proposed
to mitigate the EV load effects. Infrastructural changes as well as TOU-pricing based indirect EV
charging controls were proposed, and an optimal TOU schedule was presented with the objective of
maximizing both the utility and the customer benefits. In [28], an optimization scheme is proposed to
schedule the household appliances in an SH network. The above referenced studies provide a valuable
contribution to the literature, however, in the context of modern SHs which are equipped with hybrid
energy resources and EVs, following aspects need more attention.

• Although a significant research has been performed that deals independently with micro-CHP
systems and EVs (e.g., [7,12,13,24]), their combined operation needs more attention as
technological advancements envision their integrated utilization at homes.

• A comprehensive economic analysis and scheduling of electrical and thermal loads are not
provided (e.g., [10,16,17,29]). The feasibility of EV integration into a micro-CHP system will be
increased if its economic operation is analyzed carefully.

• The inclusion of an EV exerts a unique stress on the house loads. It raises the electrical demand
while the thermal load remains unchanged. Hence, the feasibility of its responsive behavior must
be explored.

1.3. Contribution and Paper Organization

The contribution and highlights of this work are summarized as follows:

1. A model of an SH is developed. The SH is equipped with an EV, a BESS, and an FC-based
micro-CHP system which is powered by natural gas. Two typical tariffs (flat and variable) of the
utility are realized, and the effect of responsive nature of the EV is explored.

2. An optimization problem for the economic operation of the hybrid energy system of the SH
is developed, and the constraints are defined for the systems and the devices. The problem is
modeled to utilize the real coded genetic algorithm (RCGA) to optimally schedule the resources
and the responsive loads.

3. A comprehensive simulation results of six test cases reveal interesting features of the developed
model and optimization process. The necessary conditions for the optimal operation of the
energy resources are also discussed.

The remaining paper is organized as follows. An SH model is developed in Section 2, and an
optimization problem and constraints are defined in Section 3. Section 4 explains the RCGA,
and Section 5 discusses the test cases and simulation results. Finally, the conclusion is presented
in Section 6.

2. Development of SH Model

A typical SH having hybrid energy resources such as natural gas and electric power is presented
in Figure 1. The energy flow in the SH is divided into two loops.

Thermal Loop:

It consists of thermal loads, an auxiliary boiler, and recovered heat from an FC. The energy source
for the FC and auxiliary boiler is natural gas. The waste heat from the FC is recovered and provided
to the thermal loads. If the heat provided by the FC is not sufficient to meet the total thermal power
demand, the deficit power is provided by the auxiliary boiler.

Electrical Loop:

It consists of responsive and non-responsive electrical loads and electrical power resources
(i.e., utility, FC, and BESS). The charging and discharging of the BESS depends upon its efficiency
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and the energy already stored in it according to the developed optimization model (as explained in
Section 4). Modeling of the components of an SH is presented as follows.
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output
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output

Thermal  
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Auxiliary 
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Figure 1. Overview of a smart house.

2.1. FC Model

There are several types of FCs depending upon the fuel used for energy conversion. In this work,
a proton exchange membrane fuel cell (PEM-FC) [30,31] is used. Serving as a micro-CHP system for
the SH, input of the FC is natural gas and its outputs are electricity and heat. Efficiency of the FC is
related to its part load ratio (PLR). PLR is the ratio of the electrical output at interval i to maximum
power rating of the FC and is given in Equation (1):

PLRi = PFCe .i/PFCmax (1)

where PLRi is the PLR at interval i when the FC output power is PFCe .i. Mathematical relations for the
efficiency and thermal to electric ratio (rTE) are given as follows.

When PLRi < 0.05:
ηFC,i = 0.2716; rFC,i = 0.6816 (2)

When PLRi > 0.05:

ηFC.i = 0.9033PLR5
i − 2.9996PLR4

i + 3.6503PLR3
i − 2.0704PLR2

i + 0.4623PLRi + 0.3747 (3)

rTE.i = 1.0785PLR4
i − 1.9739PLR3

i + 1.5005PLR2
i − 0.2817PLRi + 0.6838 (4)

Having rTE.i, the thermal power (PFCh .i) produced by the FC at interval i is calculated as:

PFCh .i = rTE.iPFCe .i (5)

Figure 2 represents typical performance characteristics of an FC [32]. At very low PLR (<10%),
the parasitic losses are high and the overall efficiency is very low. Beyond this region, the FC operates
at 30–40% electrical efficiency. The efficiency is slightly higher at lower PLR compared to the peak
power operation. However, the performance and efficiency vary for different designs of FCs.
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Figure 2. Fuel cell efficiency and thermal to electrical ratio as function of Part Load Ratio.

2.2. EV Model

To model the battery of an EV, several factors are required to be considered. These factors include
the state of charge (SOC) at plug-out time, driving distance, driving style, route choice, traffic, etc.
In this study, the data available in [33,34] is used. The effect of driving distance on SOC of battery is
modeled as follows [24]:

SOCEV.pi =

SOCEVmin if
(

SOCEV.po − d
ηEV EVcap

)
≤ SOCEVmin

SOCEV.po − d
ηEV CEV

Otherwise
(6)

where

PEVi EV charging power at interval i (kW)
SOCEV.i EV SOC at interval i (%)
SOCEVpi EV SOC at plugging-in time (%)
SOCEVpo EV SOC at plugging-out time (%)
SOCEVmin Minimum SOC of the EV (%)
d Trip distance of the EV (miles)
ηEV Overall electric drive efficiency
CEV Capacity of the EV (kWh)

If d and SOCEVpo are given, the SOCEVpi can be calculated using Equation (6). The SOCEVpi

is lower-bounded by the minimum SOC of the EV, which prevents the depletion damage to the
EV battery.

The charging of EV is expressed as follows

SOCEV.i = SOCEV.i−1 +
PEV.i × T

EVcap
× 100 (7)

2.3. BESS Model

The model of a BESS is provided in Equation (8). The charging and discharging efficiencies of the
battery are considered in this work and the net BESS efficiency is 90%.

WB.i = WB.i−1 +
[

TηB.ch − T
ηB.dch

]
µi (8)

where WB.i is energy of the BESS at interval i, and µi =

[
PB.i,ch
PB.i,dch

]
denotes the power vector with the

BESS charging and discharging powers, ηB.ch and ηB.dch are the charging and discharging efficiencies
of the BESS, and T is the simulation step.



Energies 2018, 11, 3201 6 of 19

2.4. TOU Tariff

A TOU tariff refers to the different prices of electricity at different hours. Typically, the power
demand is higher during certain time intervals of a day causing the overloading of a power grid.
The utility companies set a higher price of electricity during these intervals to reduce stress on the
power system. On the other hand, a lower price at some other intervals attracts the consumers and
improves the utilization factor. In this work, the tariff considered for the SH is a peak-valley tariff
which is a type of the TOU tariff. Three different prices of electricity are considered in this work during
peak, plain and valley hours [35]. The price of electricity during these intervals is listed in Table 1 with
their corresponding time intervals [36]. The price is normalized with respect to the maximum price
defined in the peak period. These normalized values are used in Equation (12).

Table 1. Peak-Valley Electricity Tariff.

Tarrif Type Time Range Normalized Price Tp.v (p.u)

Peak [09:00–12:00] 1[17:00–22:00]

Plain [13:00–16:00] 0.9

Valley [01:00–08:00] 0.78[23:00–24:00]

3. Optimization Model

This section presents the optimization model for the SH. The goal of the proposed optimization
model is to minimize the 24 h operating costs of the SH subject to the following assumptions:

• The forecasted data for the thermal and electrical loads is available.
• The initial conditions of the SOC of the BESS and trip distance of the EV is available.
• All the devices are already installed. Therefore, the installation costs are not considered.

3.1. Objective Function

The objective function to be minimized is modeled as

min

[
n

∑
i=1

(CFC,i + CBL,i + CU,i)

]
(9)

where

CFC.i =



T · Cgas

(
PFCe .i
ηFC .i

)
+ α

if PFCe .i−1 = 0

and PFCe .i > 0

β
if PFCe .i−1 > 0

and PFCe .i = 0

T · Cgas

(
PFCe .i
ηFC .i

)
else

(10)

CBL.i = T · Cgas · PBL.i (11)

CU.i = T · Tp.v · CUb · PU.i (12)

where

n Number of hours
T Length of a time interval (h)
α, β Startup, Shutdown costs of the FC
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CFC.i Cost of the FC operation for interval i ($/kWh)
CBL.i Cost of the boiler operation for interval i ($/kWh)
CU.i Cost of the utility power for interval i ($/kWh)
Cgas Cost for purchasing the gas ($/kWh)
CUb Base cost for purchasing the power from utility
PFCe .i Electrical power from the FC at interval i (kW)
PBL.i Heating provided by the boiler at interval i (kW)
PU.i Electrical power provided by the utility at interval i (kW)
Tp.v Multiplier for the peak-valley price as provided in Table 1
ηFC.i Efficiency of the FC

3.2. Constraints

Due to physical and operational limits of the devices and energy systems, the variables for power,
energy and SOC should meet the following constraints during the optimization process.

3.2.1. Constraints of Power Balance

Electrical Power Balance

The input power from the utility is distributed among the electrical loads. The BESS either works
as a source of electric power or an electric load. Therefore, following equations model the electrical
power balance and this dual role of BESS.

When the BESS is charging:

PDe .i + PEV.i − PFCe .i +
PB.i
ηch

− PU.i = 0 (13)

When the BESS is discharging:

PDe .i + PEV.i − PFCe .i + ηdchPB.i − PU.i = 0 (14)

where

PDe .i Electrical demand at interval i (kW)
PEV.i Power being delivered to the EV at interval i (kW)

PB.i
BESS power at interval i (kW). It is negative in charging mode and positive in
discharging mode

PDh .i Heating demand at interval i (kW)
PFCh .i Heating produces by the FC at interval i (kW)
ηch Charging efficiency of the BESS (p.u)
ηdch Discharging efficiency of the BESS (p.u)

Thermal Power Balance

The total demand of thermal power is met by the FC and the auxiliary boiler in the SH.
The constraint of thermal power balance is formulated as:

PDh .i − PFCh .i − PBL.i = 0 (15)

where

PDh .i Heating demand at interval i (kW)
PFCh .i Heating produced by the FC at interval i (kW)
PBL.i Heating produced by the auxiliary boiler at interval i (kW)
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3.2.2. Constraints of Devices

The constraints applicable to the devices available in the SH are explained below.

Constraints of FC

The rate of change of the FC output is limited to the upper and the lower boundaries of ramp rate.
Therefore, following inequalities must be satisfied:

PFCe .i − PFCe .i−1 < ∆PFCup (16)

PFCe .i−1 − PFCe .i < ∆PFCdn (17)

PFCmin < PFCe .i < PFCmax (18)

where

∆PFCup FC ramp rate limit for increasing power
∆PFCdn FC ramp rate limit for decreasing power
PFCmin FC minimum power limit
PFCmax FC maximum power limit

Constraints of EV

Charging and discharging of the EV battery is subject to certain limitations regarding its maximum
charging power and the SOC as given below:

PEV.i < PEVchmax (19)

SOCEVmin ≤ SOCEV.i ≤ SOCEVmax (20)

where PEVchmax is the maximum charging power of the EV in (kW) and SOCEVmax is the maximum SOC.

Constraints of BESS

Following constraints the BESS must be satisfied:

WBmin < WB.i < WBmax (21)

If the battery is in charging/discharging mode, it is subjected to the maximum charging and
discharging rates as explained below:

During Charging Mode
WB.i − WB.i−1 < PBchmax × T (22)

During Discharging Mode
WB.i−1 − WB.i < PBdchmax × T (23)

where

WB.i BESS energy at interval i (kWh)
WBmin BESS minimum energy limit (kWh)
WBmax BESS maximum energy limit (kWh)
PBchmax BESS minimum charging rate limit (kW)
PBdchmax BESS maximum discharging rate limit (kW)
T Length of time interval
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4. Real Coded Genetic Algorithm

Modern heuristic techniques are fast and emerging tools to optimize non-linear systems. Generally,
they outperform the traditional derivative based techniques which have limitations of getting
trapped in a local minimum, computational complexity, or are not applicable to certain objective
functions. The Genetic Algorithm (GA) is one of the most used evolutionary algorithms in power
system applications. Its mechanism is based on evolution in nature and the algorithm essentially
consists of genetic operations of selection, cross-over and mutation applied to a population of
chromosomes. RCGA which is an improved version of the GA is implemented in this study for
the optimization purpose. For real valued numerical optimization problems, the floating point or
integer representation of population variables in RCGA outperforms the binary representation of the
variables in the GA. In comparison to the GA, the RCGA provides higher consistency, more precision
and faster convergence [37].

RCGA is an efficient method which does not require a derivative of the objective function to find
the optimal solution. Therefore, in contrast to the linear programming or derivative-based techniques,
RCGA can effectively handle all types of objective functions and constraints whether they are smooth,
non-smooth; linear, non-linear; continuous, discontinuous; convex, non-convex; stochastic or does not
possess derivatives. A detailed discussion of the RCGA is available in [38–40]. A brief description
of the steps involved in the implementation of the RCGA for optimal scheduling of the SH’s energy
resources is presented below.

4.1. Initialization

Similar to other evolutionary algorithms, the RCGA starts with generation of an initial population
called “chromosomes”. In an N-dimensional optimization problem, the position of i-th gene is
determined as follows:

Chromosomei = [x1, x2, x3, . . . , xi, . . . , xN ] (i = 1, 2, . . . , NG)

where each gene denotes power (kW) of a device and NG is total number of genes in a chromosome.

4.2. Dimensionality

The number of independent variables in a system determines the dimensions of an optimization
problem. For the SH presented in this work, there are three independent variables namely PFCe , PEV and
PBT . The information of these independent variables and power demands of the thermal and electrical
loads are used to determine all the remaining unknown variables. For example, knowing PFCe , PFCh can
be solved using Equations (2)–(5). Similarly, PBL and PU can be computed using Equations (13)–(15).
The objective of this study is to calculate an optimal scheduling of SH devices for one day (24 h)
with a time interval of T = 1 h. Therefore, three variables in each hour result in the dimension of
optimization problem NG = 24 × 3 = 72.

If M is the number of chromosomes in one generation then M × 72 gives the dimensionality in
terms of one generation of the RCGA as shown in Figure 3.
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4.3. Implementation of the Constraints

In each time interval, all the system constraints for PFCe .i, PBL.i and PEV.i are checked as follows:

1. Constraints of FC

• According to (16), if PFCe .i > PFCe .i−1 and PFCe .i − PFCe .i−1 > ∆PFCup , then PFCe .i is assumed
to be equal to PFCe .i−1 + ∆PFCup .

• According to (17), if PFCe .i < PFCe .i−1 and PFCe .i−1 − PFCe .i > ∆PFCdn , then PFCe .i is assumed
to be equal to PFCe .i−1 − ∆PFCdn .

• According to (18), in the case of PFCe .i > PFCmax or PFCe .i < PFCmin , it is considered be equal to
PFCmax and PFCmin respectively.

2. Constraints of the BESS

• For each interval i, if WB.i exceeds the battery capacity limit WBmax in charging mode
i.e., WB.ini − ∑i

j=1 PB.j > WBmax , then PB.i = WBmax − Wi−1 and WB.i = Wi−1 − PB.i × 1 h
to satisfy the upper limit of (21).

• For each interval i, if WB.i depletes more than battery minimum limit WBmin in discharging
mode, i.e., WB.ini − ∑i

j=1 PB.j < WBmin then PB.i = Wi−1 − WBmin and WB.i = Wi−1 − PB.i to
satisfy the lower limit of (21).

• If the battery is in charging mode i.e., PB.i < 0, then the difference between values of battery
energy in two consecutive intervals WB.i −WB.i−1 should not exceed PBchmax according to (22).
Otherwise WB.i = WB.i−1 + PBchmax × 1 h.

• If the battery is in discharging mode i.e., PB.i > 0, then the difference between the values
of battery energy in two consecutive intervals WB.i−1 − WB.i should be less than PBdchmax

according to (23). Otherwise WB.i = WB.i−1 + PBchmax × 1 h.

3. Constraints of the EV

• To handle the EV constraints provided in Equations (19) and (20), a process similar to the
one described for BESS is adopted.

The flowchart of the RCGA-based optimal scheduling process is shown in Figure 4.

Begin

Initializae Population

Selection

Crossover

Mutation

Elitism

Calculate Objective Function

Counter == Max Generations

End

Y

N

Start

Fetch data 

(Status of devices)

Define and set constraints for 
power balance and devices 

(Section 4.3)

Optimization Process

Generate variables as explained in 
Section 4.2 

Fetch optimal solution

Stop

Schedule the devices

Figure 4. Flowchart of the proposed work.
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5. Simulation Results

This section presents the results of the numerical simulations to highlight the significant features
of the proposed optimization model. As the SH has hybrid energy resources and is equipped with
various devices, therefore, multiple simulation scenarios are generated to compare their impacts under
different utility tariffs as shown in Table 1. In all the simulation scenarios, the electric power can be
purchased from the utility and the auxiliary boiler is available for the thermal energy. Table 2 presents
these cases.

Table 2. Description of the test cases.

Case No FC EV Variable Tariff Scheduling of EV BESS

1 x x x x x
2 o x x x x
3 o o x x x
4 o o o x x
5 o o o o x
6 o o o o o

The normalized curves for the 24 h thermal and electric power demands of the SH are shown in
Figure 5 [41]. The thermal demand curve is relatively stable with mean to peak ratio of 91.5% whereas
the electrical power demand curve is fluctuating and its mean to peak ratio is 83%. To meet the load
demands, the proposed optimization model finds the optimal resources for the 24 h operation of the SH.
The electrical resources need more attention due to significantly changing profile of the electrical power
demand. The heat and electricity demands are 2.5 kW each for the SH. The cost is calculated for the
24 h. The micro-CHP system follows the electrical demand to generate the electricity while delivering
the heat as a by-product. The EV used in this study is Mitsubishi’s compact i-MiEV [42]. It can travel
62 miles on a full charge in typical driving conditions. The distance traveled by the EV, time-in and
time-out are selected according to the U.S. National House-hold Travel Survey (NHTS) [33,34]. A smart
charging mechanism for the EV and BESS is considered which charges them according to the optimized
values generated by the proposed optimization model based on the RCGA. All the parameters related
to the SH, EV, FC, BESS, and optimization model are given in Table 3.

Figure 5. Daily thermal and electric power demands.
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Table 3. System Parameters.

Parameter Description Symbol Value Unit

Electric Vehicle

Trip distance of EV d 60 mi
Overall electric drive efficiecy ηEV 6.2 -
Capacity of EV CEV 16 kWh
EV maximum charging power PEVchmax 3.3 kW
Minimum SOC of EV SOCEVmin 3.3 %
Maximum SOC of EV SOCEVmax 100 %
EV SOC at plugging-out time SOCEVpo 100 %
Plug-in time TI 17:00 hour
Plug-out time TO 7:00 hour

Fuel Cell

FC maximum power limit PFCmax 2 kW
FC minimum power limit PFCmin 0.05 kW
FC ramp rate limit for increasing power ∆PFCup 1.25 kW
FC ramp rate limit for decreasing power ∆PFCdn 1.5 kW
FC startup cost α 0.15 $
FC shutdown cost β 0 $

Battery Energy Storage System

Maximum energy limit WBmax 3 kWh
Minimum energy limit WBmin 0 kWh
Minimum charging rate limit PBchmax c/4 kW
Maximum discharging rate limit PBdchmax c/2 kW
Charging efficiency of Battery ηB.ch 0.927 -
Discharging efficiency of Battery ηB.dch 0.971 -

General

Number of hours n 24 hour
Length of time interval T 1 hour
Cost for purchasing gas Cgas 0.05 $/kW
Base cost for purchsing power from utility CUb 0.13 $/kW

Genetic Algorithm

Crossover probability Pc 0.5 -
Mutation probability Pm 0.1 -

5.1. Case 1: Base Case

Case 1 serves as a base case which represents a typical conventional home without a micro-CHP
and an EV. As shown in Table 3, this case does not consider availability of the BESS at the home,
and the variable tariff is not applied. The proposed optimization model is not applicable to this case.
The non-schedulable electric demand of the home is met by the utility, and the thermal demand is met
by the boiler as shown in Figure 6. In this case, the total cost of the energy is 9.20 ($/day).
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Figure 6. Case 1: Basic operation mode of house.

5.2. Case 2: Installation of FC

In this case, an FC is added to the SH which serves as a micro-CHP system, and a significant
portion of electric and thermal loads shifts to it due to its economic operation. Due to the power rating
of the FC, it cannot meet the whole electric power demand of the SH and a part of electric energy is
purchased from the utility. Similarly, the auxiliary boiler provides the additional heating if the thermal
power demand is more than the FC’s thermal power output. Figure 7 shows the results for the optimal
dispatch of the FC, utility and auxiliary boiler. It is observed that FC follows the electrical load curve
in the night hours when demand is low. During the day, the FC works at near its maximum power
generation limit. The remaining power is provided by the utility. No variable tariff is considered at
this point, and the FC output is almost constant for 24 h. Another important point is that the FC is
not working exactly at its maximum power generation capacity. According to (3), if the FC generates
maximum power, its efficiency decreases and the total operational cost becomes higher than the cost of
purchasing from the utility. The net cost is 7.97 ($/day) in this case which is 13.37% less as compared
to the cost incurred in Case 1 when there was no micro-CHP in the SH.

Figure 7. Case 2: Electrical and thermal demands after adding the fuel cell.

5.3. Case 3: Addition of EV

In this case, an EV is added to the SH and its impact is analyzed. This case considers the EV as
a constant and unscheduled load. Thus, depending upon the initial SOC of EV, it presents itself as
a constant load from the time it is plugged-in (TI) until it gets fully charged. Figure 8 shows the SOC
of EV battery and electric powers from the utility and FC in this case. The operating cost of the system
is 9.98 ($/day) which is higher than Case 2 due to the loading effect of the EV.
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Figure 8. Case 3: Charging of electric vehicle (EV) without scheduling.

5.4. Case 4: Considering Variable Tariff

In the previous cases, the utility tariff was considered as flat rates for 24 h. This case and the
following cases, however, consider a variable tariff which is widely applicable in the present power
markets. A peak-valley tariff is considered in this case according to Table 1. As shown in Figure 9,
EV loading on the system is the same as in Case 3 but the FC adjusts its output to take benefit of
the valley prices. To achieve an economic operation, the proposed optimization algorithm makes
the FC increase its output during peak price hours and reduce its output during valley price hours.
This is in contrast to Case 2 when the FC was operating on almost constant output for 24 h. Due to
the exploitation of variable tariff by the optimization model, the total system cost has decreased to
9.88 ($/day).

Figure 9. Case 4: Impact of peak-valley tariff on fuel cell output.

5.5. Case 5: Scheduling the EV Charging

The modern concept of scheduling of responsive electric loads results in great economic and
technical benefits [43,44]. The electric loads of high power rating and low criticality such as EV,
washing machines are the prime candidates for such scheduling. In this case, the EV is modeled as
a responsive load and its charging is scheduled. The optimization algorithm selects those hours for
the EV charging when the total cost is optimized and the EV is fully charged. Figure 10 shows the EV
charging hours, SOC of the EV battery, and electric powers from the utility and the FC in this case.
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Figure 10. Case 5: Results of the system with scheduling of EV.

Although EV is connected to the system as soon as it reaches the house at 5:00 P.M.,
the optimization algorithm forced it to charge during those hours when the customer can get more
benefit. The charging of EV starts from 11:00 P.M. (during valley prices) and the SOC reaches up to
100% before EV leaves home at 7:00 A.M. The cost reduces to 9.44 ($/day) which is around 5% decrease
as compared to Case 4.

5.6. Case 6: Adding the BESS

This case considers the addition of a BESS to the SH and analyzes its impacts. It is notable that
using the BESS with the utility can result in an economic operation only if the product of charging
and discharging efficiencies is greater than the valley-to-peak price ratio. In this case, BESS is charged
during the valley price hours and discharged during the peak price hours. Therefore, it is pertinent to
introduce BESS efficiency in this section which is ηB = ηB.ch × ηB.dch. In this work, BESS efficiency (ηB)
is 0.9, and charging and discharging of BESS is shown in Figure 11. The product of the two efficiencies
is more than the valley-to-peak price ratio of the utility tariff therefore energy routing through BESS
can result in economic operation. However, to exploit the maximum benefit from BESS, the proposed
optimization algorithm selects its charging and discharging hours as explained below.

Figure 11. Case 6: Results of the simulation after adding battery energy storage system.

The utility tariff is at its lowest price during 01:00–08:00, therefore BESS is charged. The FC does
not operate at its maximum because it generates electricity such that its cost per unit is lower than or
equal to utility. Energy share provided by the utility is maximum during this interval. The charging of
BESS at this tariff results in 0.8667 p.u/kW of the dischargeable energy. For thermal demand, most of
the heating is provided by the boiler, and FC adds to some extent as shown in Figure 12.
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Figure 12. Case 6: Thermal heating.

From 09:00–12:00, utility tariff is at its maximum price. The proposed optimization algorithm
results in low purchase from the utility, discharging of the BESS to deliver power to electric loads,
and increased output of the FC. This results in an increased thermal output from FC, and heating
from the boiler is lowered. The FC does not produce power exactly equal to its maximum generation
capacity as discussed in Case 2 Section 5.2.

The utility tariff is at plain price during 13:00–16:00. This interval needs special attention as
the proposed optimization model yields interesting results during this time interval. The BESS has
options of either charging or discharging. Charging 1 kW at this interval with the 0.9 BESS efficiency
results in 0.9 kW of discharge-able energy at the rate of 1 p.u./kW (0.9 p.u./0.9 kW). This rate is
similar to the utility price of 1 p.u. at the interval 17:00–22:00. Charging in this interval does not result
in any cost benefit for the system, and RCGA manages not to charge the BESS. On the other hand,
discharging during this interval can result in cost reduction. However, the optimization algorithm
weighs comparatively either to discharge during this interval or during 17:00–22:00. Discharging
during a later interval saves more, therefore the BESS does not discharge during 13:00–16:00. In this
way, the overall economy is optimized. Moreover, the electrical as well as thermal output of the FC is
decreased to get benefit from the reduced tariff during this interval as shown in Figure 11.

Due to the peak price tariff during 17:00–22:00, a minimum energy is purchased from the
utility. The BESS discharges and the FC increases its output to meet the energy demand. In the
hours 23:00–24:00, the SH’s electrical and thermal powers follow the trends already discussed in the
interval 1 to 8.

The net cost of operation is 9.39($/day) in this case according to (9) which is less than the cost
obtained in Case 5. Similar to Case 5, the scheduled charging of EV is considered in this case as well.
It is notable that EV charging pattern in Figure 11 is different to that given in Figure 10. This is due
to the fact that RCGA generates new random population for each simulation. No effort is made to
reserve the randomness of the simulation process. Nevertheless, the EV is getting charged in valley
hours in both cases and reaches to the SOCEVmax before leaving the SH.

Table 4 shows the power demands of the electrical and thermal loads, and optimal powers from
all resources for Case 6. The cost of the thermal and electric powers are for 24 h and are also shown in
Table 4. Figure 13 indicates the convergence of cost function formulated in Equation (9).

Figure 13. Convergence of RCGA.
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Table 4. Powers and Costs.

Powers (Demand and Generation) Costs

TI PDe PFCe PEV PBT PU PDh PFCh PBL CFC CBL CU Total
h (kW) (kW) (kW) (kW) (kW) (kW) (kW) (kW) ($/day) ($/day) ($/day) ($/day)

1 1.55 0.91 1.35 −0.15 2.16 2.45 0.66 1.79 0.09 0.12 0.22 0.42
2 1.51 0.83 1.77 −0.25 2.72 2.41 0.59 1.82 0.09 0.1 0.28 0.47
3 1.49 0.98 1.63 −0.53 2.70 2.38 0.73 1.65 0.08 0.13 0.27 0.48
4 1.50 1.03 3.16 −0.35 4.01 2.34 0.77 1.57 0.08 0.13 0.41 0.62
5 1.53 1.02 1.53 −0.59 2.67 2.30 0.76 1.54 0.08 0.13 0.27 0.48
6 1.66 1.03 3.30 −0.25 4.20 2.28 0.76 1.51 0.08 0.13 0.43 0.64
7 1.91 1.09 1.75 −0.26 2.85 2.25 0.82 1.43 0.07 0.14 0.29 0.5
8 2.15 1.08 0.00 −0.62 1.74 2.29 0.81 1.48 0.07 0.14 0.18 0.39
9 2.30 1.62 0.00 0.65 0.05 2.30 1.39 0.91 0.05 0.23 0.01 0.28

10 2.38 1.74 0.00 0.42 0.23 1.95 1.56 0.39 0.02 0.25 0.03 0.3
11 2.40 1.61 0.00 0.68 0.12 1.98 1.38 0.60 0.03 0.23 0.02 0.27
12 2.35 1.54 0.00 0.58 0.25 2.15 1.28 0.87 0.04 0.21 0.03 0.29
13 2.33 1.58 0.00 −0.03 0.77 2.20 1.34 0.86 0.04 0.22 0.09 0.35
14 2.30 1.56 0.00 0.01 0.73 2.23 1.31 0.91 0.05 0.22 0.09 0.35
15 2.28 1.54 0.00 0.04 0.70 2.23 1.28 0.95 0.05 0.21 0.08 0.34
16 2.31 1.56 0.00 0.02 0.73 2.23 1.31 0.91 0.05 0.22 0.08 0.35
17 2.50 1.68 0.00 0.63 0.21 2.23 1.47 0.76 0.04 0.24 0.03 0.3
18 2.48 1.68 0.00 0.00 0.80 2.24 1.46 0.78 0.04 0.24 0.1 0.38
19 2.44 1.69 0.00 0.00 0.74 2.26 1.49 0.78 0.04 0.24 0.1 0.38
20 2.30 1.78 0.00 0.00 0.52 2.29 1.62 0.67 0.03 0.26 0.07 0.36
21 2.28 1.79 0.00 0.00 0.49 2.40 1.62 0.78 0.04 0.26 0.06 0.36
22 2.13 1.74 0.00 0.00 0.39 2.45 1.55 0.90 0.05 0.25 0.05 0.35
23 1.93 0.96 1.00 0.00 1.97 2.50 0.70 1.80 0.09 0.12 0.2 0.41
24 1.75 0.92 0.00 0.00 0.83 2.45 0.67 1.78 0.09 0.12 0.08 0.29

6. Conclusions

The modern SHs are foreseen to have an increased use of micro-CHP systems and availability of
hybrid energy resources. This work presented a model of an SH and provided an algorithm for optimal
scheduling of hybrid energy resources to minimize the cost of 24 h energy consumption. The findings
of six different simulation scenarios reveal that the micro-CHP systems and the responsive electrical
loads can play a vital role in reduction of the total energy cost. The conditions for the feasible use of
BESS are also explained. The proposed optimization model based on successfully convergent RCGA
makes use of the variable tariff and manipulates the devices for an optimal energy cost under the
provided constraints. The presented work provides a comprehensive structure for hybrid energy
management of a SH and can serve as a basis for further research. Further work can be carried
out using a bidirectional utility grid, including thermal energy storage systems and integration of
renewable energy resources.
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