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Abstract: To facilitate the possible technology and demand changes in a renewable-energy dominated
future energy system, an integrated approach that involves Renewable Energy Sources (RES)-based
generation, cutting-edge communication strategies, and advanced Demand Side Management (DSM)
is essential. A Home Energy Management System (HEMS) with integrated Demand Response (DR)
programs is able to perform optimal coordination and scheduling of various smart appliances. This
paper develops an advanced DSM framework for microgrids, which encompasses modeling of
a microgrid, inclusion of a smart HEMS comprising of smart load monitoring and an intelligent
load controller, and finally, incorporation of a DR strategy to reduce peak demand and energy costs.
Effectiveness of the proposed framework is assessed through a case study analysis, by investigation of
DR opportunities and identification of energy savings for the developed model on a typical summer
day in Western Australia. From the case study analysis, it is evident that a maximum amount of
2.95 kWh energy can be shifted to low demand periods, which provides a total daily energy savings
of 3%. The total energy cost per day is AU$2.50 and AU$3.49 for a house with and without HEMS,
respectively. Finally, maximum possible peak shaving, maximum shiftable energy, and maximum
standby power losses and energy cost savings with or without HEMS have been calculated to identify
the energy saving opportunities of the proposed strategy for a microgrid of 100 houses with solar,
wind, and a back-up diesel generator in the generation side.

Keywords: microgrid; demand side management; demand response; communication infrastructure;
fuzzy logic; peak shaving; home energy management system

1. Introduction

Modern electric power systems are going through a revolutionary change because of increasing
demand for electric power worldwide. Mounting political pressure, public awareness of reducing
carbon emission, incorporations of large-scale renewable power penetration, and blending information
as well as communication technologies with power system operation are also the major motives of this
revolution [1,2]. These issues initiated the establishment of the microgrid concept, which has gone
through major development and changes in the last decade, and recently got a boost in its growth
after being blessed by smart grid technologies. Microgrids can enhance local reliability, require lower
investment costs, reduce emissions, improve power quality, and reduce the power losses of distribution
networks [3,4]. One of the challenges that microgrid systems face is to rely mostly on renewable energy
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sources and ensure that the usage of heterogeneous energy sources is balanced. However, due to
their uncertain and intermittent character, the renewable sources are not easily predictable, and the
balancing task becomes less obvious to apply [5].

The suitably combined operation of distributed energy resources (DERs) and advanced demand
side management (DSM) in a microgrid constituting of a robust communication scheme can play
a pivotal role in reducing energy inefficiency by balancing the supply and demand. Application
of the Demand Response (DR) and Home Energy Management System (HEMS) are two important
components of DSM. DR refers to actions that either reduce the overall amount of energy consumed or
change the shape of the load curve by reducing the load at times of peak demand or by shifting the
load into low demand (off-peak) periods [6]. The importance of DR has been studied in microgrid
applications in recent years [7–14]. DR programs can be classified into two types: reliability-based
(direct load control) and market-based (price-based) programs. DR programs are offered to modify
consumers’ energy consumption to provide better grid efficiency [15,16] and encourage consumers to
make temporary (short-term) adjustments in their energy demand in response to a direct load control
signal or electricity pricing signals from the network operator [11]. Several issues have been studied
in this regard, such as: heating-cooling systems as an effective structure in energy management [12];
reserve and energy scheduling methods [13]; and the effects of consumers in all parts of the system,
such as carbon production [14].

The HEMS is a technology platform encompassing both software and hardware which allows
consumers to monitor the overall load profiles, as well as automatically and/or manually shift and
curtail demand to ameliorate total consumption. The HEMS can shift or curtail the load in response
to DR signals (DLC (Direct Load Control) or pricing) and according to human comfort to optimize
electricity consumption during peak hours or when the network condition is jeopardized [17,18].
Under the sustainable smart grid paradigm, the smart house with its HEMS plays an important role
in improving the efficiency, economics, reliability, and energy conservation for distribution systems.
A study on HEMS efficiency in [19] indicates that a HEMS can reduce the operational cost of electricity
by 23.1% and decrease the residential peak-load demand by 29.6%. In addition, it can be found
from [20] that other advantages of a HEMS include the minimization of energy wastage, reduction of
household occupant intervention, eco-friendliness, and improvement of resident well-being.

Difficulties may arise for the HEMS to intuitively develop a model that can simultaneously
coordinate multiple unique appliances [21]. Several pieces of research with different methodologies
have been adopted to deal with efficient energy management for residential environments in
microgrids [22–26]. For instance, a multi-objective optimized energy management (MOEMS) model
for a residential microgrid, with active participation of both generation and demand sides considering
reduced energy costs and users’ comfort levels are presented in [22]. A smart energy management
system was considered in [23] with mathematical microgrid models with the master-slave control of
distributed generation units. An extensive study of smart energy management systems within a smart
microgrid environment consisting of two-way digital communications between utility and household
devices has been represented in [24] to improve energy efficiency, consumption behavior, and comfort
levels. An optimal hierarchical control strategy for residential DC microgrids has been depicted in [25]
where a multi-level optimizer was designed to track the system behavior of controllable energy sources.
Another study was performed in [26] to optimize the real-time Energy Management System (EMS) for
a residential hybrid AC/DC microgrid with energy storage systems (ESS) where scheduling of the
charge/discharge of the ESS and the energy injection/consumption was also implemented.

A few studies, such as [17,27–30], considered the uncertainties of appliance operational time,
intermittent renewable generation, and variations of electricity prices, and have developed stochastic
efficient scheduling schemes using the Fuzzy Logic method for HEMSs. In [30], a low-complexity
Fuzzy Logic Control (FLC)-based EMS used generation and demand forecasting to anticipate the
future behavior of the microgrid. The Fuzzy Logic method is used to convert the legion of data
into a smaller set of rules. Since the method is based on heuristics, it has the capability to take into
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consideration human intuition and experience. In addition, the fuzzy rules and membership functions
are very flexible and can be reshaped. Authors in [28] propose a controller based on fuzzy logic to
mitigate the energy consumption of the building while respecting consistent consumer comfort. Their
proposed controller demonstrates better efficiency in contrast to the typical method for cost saving
(almost 20%). The study in [29] proposes a more sophisticated strategy for smart homes that merges a
Bluetooth low-energy based wireless network with the home appliances to communicate with a HEMS
architecture that was ameliorated by a fuzzy-based approach. Their results illustrate higher efficiency
in contribution to comfort levels of the users by putting a limited delay factor on each appliance and
decreasing peak demand and overall consumption, hence resulting in significant cost reduction.

The HEMS can be incorporated with DR signals (both pricing and DLC) from utility in order
to exchange information for electricity usage scheduling. Incorporating the HEMS with the DR can
achieve an optimal power scheduling scheme for each electric appliance. A recent study proposed
a conceptual study on Virtual Power Plant (VPP) architecture for energy management of the assets
owned by consumers participating in DR programs [31]. The authors proposed a service-oriented
approach to implement the optimal management of the consumer’s assets in different forms of DR
requests, from Price-Based DRs to Event-Based DRs that was applied in modern distribution networks.
Studies in [32,33] developed the HEMS on the basis of DR information from the utility to automatically
schedule all appliances in houses in the most cost-effective way. Authors in [34] employed economic
theories and mathematical formulations to introduce a new model for time-of-use (TOU)-based DR
programs with effective market-oriented DR models for residential consumers to change their time of
consumption. Another study has been performed to improve cost-effectiveness and consumer comfort
under different pricing schemes and weather conditions formulated with mixed integer nonlinear
problems (MINLP) and its performance, tested under different operating scenarios with real data [35].

Based on the aforementioned papers, it is clear that numerous research activities have dealt with
several strategies with multiplex methods of residential energy management. However, only the DR
pricing signal (real-time pricing) from the utility was considered in those studies, and inclusion of DLC
signals into the HEMS from the utility was not studied. Furthermore, the conditions of locally available
household supply voltages, such as those provided by a smart meter, were not considered in the
control algorithm when appliances were scheduled through a HEMS. Controlling the voltage locally
can help to maintain the network voltage within acceptable limits and, at the same time, minimize
issues, such as automatic disconnection of the local solar photovoltaics (PV) inverters [36] at consumer
premises, network capacity upgrades, and communication burdens between a utility and the HEMS.

Therefore, this study proposes an advanced DSM framework for a microgrid environment, which
incorporates smart HEMSs located at consumers’ premises. The developed smart HEMS has the ability
to coordinate with DR programs (both dynamic pricing and DLC programs). The main contributions
of this paper are summarized as follows:

• The proposed DSM framework comprised with advanced communication mediums and HEMSs
is tested on a realistic microgrid environment which consists of solar PV, wind, and back-up diesel
generators. The developed DSM strategy can maximize the renewable energy usages, maintain
supply and demand balance, while reducing the usage of diesel generators in the microgrid.

• The developed smart HEMS in DSM is a fuzzy, logic-based load controller which optimizes
household appliances based on the available renewable generation in the microgrid, local
voltage measurements from the smart meter, weather conditions (temperature), and consumer
consumption preferences, as well as TOU prices and DLC signals from utility.

• The smart HEMS can significantly reduce the consumer’s energy consumption, standby power
loss, and energy costs, while maintaining the consumer’s comfort levels.
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2. Methodology

This study proposes the development of an advanced DSM framework for microgrid-based
power systems which consists of smart HEMSs that incorporate DR and has a corresponding
communication scheme.

The proposed DSM framework based on a microgrid environment comprises of the following
five modules:

(i) Modeling of Microgrid: A model of a microgrid integrating the solar PV, a wind turbine, and a
diesel generator supplying several typical households that participate in DR incorporated with a
smart load controller system has been developed.

(ii) Selection of Communication Medium: The most suitable communication infrastructure for DR
and HEMS implementation is selected based on the literature review and geographic position of
the community.

(iii) Modeling of the Smart HEMS: A smart HEMS is developed based on realistic load profiles and
appliances’ consumption data obtained from a smart load monitoring device installed in the
end-users’ premises. The developed HEMS provides consumption decisions based on predefined
fuzzy logic rules. The fuzzy rules are defined according to consumer consumption priorities,
local voltage levels, total renewable generation in the microgrid, DR signals (dynamic pricing
and DLC), and weather conditions.

(iv) Case Study Analysis: The effectiveness of the proposed framework is evaluated through a case
study analysis. The renewable energy sources and domestic loads have been designed based
on realistic data of a region in Western Australia, which helps in determining the potential DR
opportunity and standby power consumption of major appliances, including refrigerators, air
conditioners (AC), dish washers, washing machines and dryers.

(v) Microgrid Analysis with HEMS: DR opportunities are investigated and identify energy savings
for a microgrid system with HEMSs.

Figure 1 shows the step-by-step methodology of this study. Figure 2 shows the overall architecture
of the proposed DSM system for the microgrid and the required communication infrastructure between
residential consumers and the utility data center, which consists of the Home Area Network (HAN),
Neighborhood Area Network (NAN), and Wide Area Network (WAN). The comprehensive framework
yields a sensible and simplified platform that can incorporate the HEMS and DR for the microgrid
DSM implementation.
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3. Modeling of the Microgrid

In order to model the microgrid, it has been considered that there will be two RES-based plants,
namely solar and wind. A diesel generator will be used as a back-up resource to ensure the reliability
of the system. It is also considered that there are 100 consumers on the distribution side of the grid.
Considering these facts, the microgrid has been modeled in Simulink (MATLAB) and includes a
150 kW solar PV farm, a 200 kW wind farm, and a 150 kW diesel generator in the generation side with
all their functional controllers, converters, and transformers. The power is being supplied to multiple
residential loads, each with several home appliances and a HEMS. The developed model is shown in
Figure 3.
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3.1. Modeling of Solar PV

In this study, a SunPower SPR-305E-WHT-D PV module was used, containing 25 cells in series
and 20 cells in parallel, to produce 150 kW of total power which has been extracted by a maximum
power point tracker (MPPT) algorithm based on incremental conductance (IC) via a DC-DC boost
converter and a three-phase three-level voltage source converter (VSC), as shown in Figure 4 [37].
An average hourly variable solar radiation and temperature input was developed based on Australian
hemisphere-collected data from the Bureau of Meteorology (BoM) [38]. The current equation of the PV
is represented by Equation (1):

Ipv = IL − IS

[
e

q(v+IRs)
nkT − 1

]
− v + IRs

Rsh
(1)
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where (IS) is the diode saturation current, q is the electron charge, v is the terminal voltage of the cell
(1.602 × 10−19 J/V), n is the diode ideality factor, k is the Boltzmann constant (1.38 × 10−23 J/K), and
T is the cell temperature. The equations of the IC method are set out by Equations (2) and (3):

dPpv

dVpv
= Ipv + Vpv

dIpv

dVpv
(2)

dIpv

dVpv
= −

Ipv

Vpv
(3)

where dIpv
dVpv

is the maximum power identifier factor.
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3.2. Modeling of Wind Turbine

A permanent magnet synchronous generator (PMSG) was used to generate a maximum rated
power of 200 kW with a two-mass drive train model for coupling the wind turbine and generator,
and pitch angle control at high wind speed [39]. The model is shown in Figure 5. An average hourly
variable wind speed input was incorporated based on Australian hemisphere-collected data from the
Bureau of Meteorology (BoM) [38]. The mechanical power output from the wind turbine is given by
Equation (4):

Pm =
1
2

ρACpV3
w (4)

where ρ is the air density, A is the sweep area of the turbine blades, Vw is wind speed, and Cp is the
aerodynamic power coefficient.Infrastructures 2018, 3, x FOR PEER REVIEW  7 of 26 
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3.3. Modeling of Diesel Generator

A three-phase generator, rated 150 kW, 25 kV, and 112.5 rpm, was connected to the grid for back-up
generation whenever there were any faults or load shedding detected in [40]. The generator we have
modelled in MATLAB is a synchronous machine. Figure 6 shows the model of the diesel generator.
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4. Selection of the Communication Medium

The communication infrastructure for advanced DSM implementation needs two different types
of communication. These communications exchange data information flow between the utility control
center and the participating end-users [41]. Type-1 is the communications among the sensors, devices,
and the domestic appliances to the smart meter or the smart gateway, which is the main brain of
the whole system that collects necessary data from the connected sensors and sends it to the utility
control center. Type-2 is the communication platform between the users’ smart meters and the
utility center, which can be further divided into two types: point-to-point, and mesh networks [17].
The point-to-point communication platform is more like an open access network. It communicates
with smart meters by authorized entities, using a third party telecommunication network through
passwords. In general, it is used in a specific geographic region where smart meters are given to a
limited number of individuals supplied by different service providers.

The mesh network is a communication platform among a group of smart meters which form a
meshed radio network to communicate with each other. Working as a signal repeater, each meter
sends the data to the electric network access point, which transfers it to the utility control center via
a coherent communication network. A mesh network platform is more flexible and efficient, as it is
more cost-effective than a point-to-point network. However, network capacity is limited in the mesh
network, and it is also sensitive to interference and fading [42].

The two-way communication of data information between the utility and consumers’ home
appliances are mainly adopted by two communication schemes: wired, and wireless communication.
These can be classified into: Home Area Network (HAN), Neighborhood Area Network (NAN), and
Wide Area Network (WAN). HAN requires very low bandwidth, and is a cost-effective network
platform for communication between home appliances and the gateway or smart meter. In home
applications, HAN informs the consumers about the energy consumption and other profiles via a web
interface or internal display. Multiple end-users situated in a specific geographic region can be directly
connected to the data concentrator or substation via the HAN system. Some examples of the HAN
system are ZigBee, WiFi, M-BUS, Z-wave, HomePlug, and Power Line Communication (PLC) [43].
NAN is very similar to HAN, and can also be established by ZigBee, WiFi, PLC, and so forth. For
long-distance data transmission and a high bandwidth platform, the WAN system is more reliable and
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can be used for bi-directional communication between the data concentrator and the service utility
control center. Multiple NANs can be connected to the utility control center via a WAN. The Fiber
optic cable, Cellular networks, Microwave, and WiMAX are some popular WAN system platforms.

For the Type-1 communication platform between the home appliances and the smart gateway or
smart meter, the network premises can be adopted with a low bandwidth, low power, and short-distance
network technology. A wireless HAN system, such as ZigBee, Bluetooth, or WiFi is preferable
compared to the wired networks, such as PLC or HomePlug. Comparatively less bandwidth per
device/node, such as 14–100 Kbps, and a latency time of 2–15 s are required for the wireless HANs [44].

The comparison between different communication mediums was adopted from [45,46] and
is shown in Figure 7. An ideal network platform should have equal performance across all three
parameters: latency, coverage, and data rate (i.e., 33.3% each). The percentage of the parameters
will explicate how balanced a medium is. According to the discussions and collected information,
the most preferable network platform relative to other wireless HAN systems is ZigBee, since it has
the most balanced and suitable features for operating domestic appliances as shown in Figure 7a.
The data transmission range of ZigBee is up to 175 m with a data rate of 250 Kb/s, and it operates
on OQPSK modulation [47]. ZigBee can coordinate a mesh network platform where some of the
devices in that mesh can be operated in sleep mode when they are inactive, which results in less power
consumption [48]. ZigBee is preferable and affordable because of its advantages with less power
consumption and low complexities, as well as being a cost-effective form of wireless communication.
In this study, ZigBee was considered for the HAN system for communications among the sensors and
devices to the smart meter to control and monitor the home appliances.
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The most common types of communication mediums between smart meters and utility are
PLC, the Digital Subscriber Line (DSL), and cellular networks. PLC has been the first choice for
communication between smart meters and the data concentrator in urban areas, where other solutions
struggle to meet the needs of utilities [49]. It is the preferable choice because the existing infrastructure
decreases the installation cost of the communications infrastructure, and PLC provides secure data
transmission as shown in Figure 7b. However, PLC may be insufficient for some real-time applications
requiring high bandwidths [50]. Furthermore, the PLC transmission medium is harsh and noisy.
It is sensitive to the network topology, the number and type of the devices connected, and the wiring
distance between transmitter and receiver. These all adversely affect the quality of the signal, making
PLC technology unsuitable for data transmission [51]. DSL is a high-speed digital data transmission
technology that uses the wires of the voice telephone network. The widespread availability, and
low-cost and high-bandwidth data transmissions are the most important reasons for considering the
DSL technology as a suitable communications candidate for smart meter communications to the utility.
The DSL-based communications systems require communications cables to be installed and regularly
maintained, and therefore cannot be implemented in rural areas due to the high cost of installing
fixed infrastructure for low-density areas. Distance dependence, and a lack of standardization and
reliability are disadvantages that make DSL technology less appealing. Existing cellular networks
are good options for communication between smart meters and the utility, as well as between far
nodes. Widespread and cost-effective benefits make cellular communication one of the leading
communications technologies for smart grid applications. To manage healthy communications with
smart meters in rural or urban areas, the wide area deployment of the cellular networks can cover
almost 100% of areas. Lower cost, better coverage, lower maintenance costs, and fast installation
features highlight cellular networks as the best candidate for the communications of DR applications.
However, the services of cellular networks are shared by the customer market, and this may result
in network congestion or decreases in network performance in emergency situations. Hence, these
considerations can drive utilities to build their own private communications network. In abnormal
situations, such as a wind storm, cellular network providers may not provide guaranteed service.
In some cases, utilities prefer WiMAX due to proper security protocols, smooth communications, high
data speeds, and an appropriate amount of bandwidth and scalability. However, WiMAX is not as
widespread a technology as Fiber optic, meaning that the cost of installation will be higher in some
areas [52]. Therefore, choices among the different types of communication technology can vary, and
what may fit for one environment may not be suitable for another.

5. Modeling of the HEMS

The proposed HEMS consists of a smart load monitoring system and an intelligent load controller.
The intelligent load controller takes load consumption decisions based on the data collected from the
smart load monitoring system.

5.1. The Proposed Smart Load Monitoring System

A smart load monitoring system based on a wireless HAN network has been proposed to monitor
and operate various home appliances for the HEMS to reduce the peak demand and overall energy
consumption cost. This system consists of four key units: smart appliances, smart clamps, a smart
meter, and a smart energy gateway, where the energy gateway is integrated with a load controller.
The gateway works as a router that manages all the networking issues, allows secured wireless internet
access (ZigBee), and operates real-time power management by receiving data from the smart clamps
and smart appliances. Consumers can access their energy consumption information through the
gateway and are able to set their consumption preferences remotely throughout the day with respect to
the electricity price. Smart clamps are deployed in the power cabinet to provide metering of the entire
home energy usage. The smart appliances coordinate and measure the consumption of appliances,
which can be individually operated in active/inactive states and can be shifted automatically, and is
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remotely based on load controller decisions. Moreover, real-time information on the amount of energy
consumption can be provided to the consumers on the panel of the smart meter, in which alarms will
be generated and appear on the panel if there is any abnormality detected on the grid. The overall
architecture of the proposed HEMS is shown in Figure 8.
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The smart meter collects various bits of information, such as electricity price, weather conditions
(temperature), the utility load control signal, connection point voltage profile, and the like, and sends
this information at specific intervals (e.g., every 15 min) to the gateway of the load controller. The load
controller uses this information for load consumption and load-shifting decisions.

5.2. Intelligent Load Controller

Manual device control is unattractive to residents and inefficient for managing loads when the
cost of generation is high, or network condition is jeopardized. The proposed load controller can take
automatic decisions on behalf of consumers to consume electricity in cost-effective and efficient ways
while helping the utility to maintain a balance between generation and demand. However, lack of
intelligence in the load-controlling system may create more complexity in scheduling multiple devices
and may also violate consumer comfort levels [53] as simplicity, cost reduction, and comfort are the
prime needs that a consumer should get from adopting a HEMS. To this aim, this study developed an
intelligent decision-supporting load controller for a HEMS based on a fuzzy logic algorithm, which
can help consumers to save energy costs while also satisfying their comfort levels and assisting the
utility to manage their network voltage during peak demand and high RES (renewable energy source)
generation periods. The fuzzy logic-based load controller considers multiple variables as an input for
the load consumption decision, namely grid price signals, outdoor temperature, room temperature,
available renewable energy generation, total consumption, load control signal, and so forth, which
will be collected through a smart monitoring system (as discussed in the previous section).

The load controller is designed in such a way that when the consumers increase their consumption
during peak hours, it shifts the non-priority loads (such as the washing machine, dishwasher, etc.) to
the off-peak hours and only allows the priority loads (AC, room heater, etc.) to operate to maintain
consumer comfort. Table 1 shows the defined load categories for the fuzzy load controller.

Consumers can pre-set the deadline of the operational time of each non-priority load. The utility
can send load control signals to the HEMS for managing the network. The controller also keeps
load consumption within a certain limit (in this example, 2.5 kW maximum) which means the load
consumption will not exceed the limit during the high peak hours. However, it will allow the
consumer to exceed the limit only if the load consumption time is less 16 min. For instance, if a
consumer is currently operating 2.5 kW of total load during a peak period and turns the coffee maker
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and microwave on with time settings less than 16 min, as the smart meter sends information at 15-min
intervals, the load controller will allow such higher consumption for a short period of time. Hence,
the load controller of the HEMS takes optimal decisions for load consumption and scheduling based
on minimization of comfort level violation, energy costs, and network violation. If the consumer has
onsite generation, the HEMS load controller will always consume energy from the available renewable
energy generator (such as the wind turbine, PV, batteries, etc.) first. If there is any surplus energy from
the renewable resources, the batteries will be charged (if available) and the remaining energy will be
kept for peak-period usage or sold back to the utility grid. Figure 9 shows the developed Simulink
(MATLAB) model of the proposed load control system which is connected with the home electric
appliances through controllable switches.

Table 1. Load categories for load controller.

Base Loads Schedulable/Non-Priority Loads

Light Washing machine
Fan Dishwasher
TV Clothes dryer

Computer Short-time loads
Refrigerator Coffee maker

Priority loads Toaster
AC Vacuum cleaner

Room heater Micro-oven
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The next section provides detailed modeling of the fuzzy load controller.

5.3. Fuzzy Load Controller

A fuzzy logic algorithm works with a well-defined set of rules. It can handle problems with
imprecise and incomplete data and can also model nonlinear functions of arbitrary complexity.
The benefit of using fuzzy logic is its interpretability and simplicity. To develop the load controller
using a fuzzy logic algorithm, the following parameters are defined:

• Input and Output of the fuzzy load controller
• Fuzzy Membership Functions
• Fuzzy Rules
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5.3.1. Input and Output of the Fuzzy Load Controller

The load controller has 8 input and 2 output variables, as shown in Figure 10. The input
variables are:

Input1—Time (Dynamic pricing signals): A day is divided into five periods of peak (am), peak
(pm), off-peak (am), off-peak (pm), and shoulder (moderate), which are included in fuzzy membership
function as a trapezoidal type.

Input2—Comfort preference: The desired room temperature level (◦C) for priority loads (i.e., AC,
room heater) set by the consumers at which they feel comfortable.

Input3—Room temperature deviation: Room temperature deviation from the consumer’s
comfort-level temperature.

Input4—Forecasted demand: The load forecast in this study is considered based on the user’s
predefined consumption preference setting on a daily basis. The load controller then uses the users’
predefined consumption preferences to estimate the total load demand at each 15-min interval.

Input5—Consumption time: The consumption time (in minutes) of each load.
Input6—Local voltage level: The supplied voltage level at the point of connection.
Input7—Network RES penetration: The RES penetration (%) at the main transformer is calculated

by Equation (5). The load controller uses this information to balance out the generation and demand.

RES penetration (%) =
total RES generation

total load demand
× 100 (5)

Input8—Utility load control (DLC signals)-ON/OFF: Utility may send load ON/OFF signals to
the load controller to maintain network reliability.

Output1—Perform load scheduling: The total amount of loads in kW that are shifted to an
off-peak period.

Output2—Allow load consumption: The total amount of loads in kW that the controller allows
to operate in the current period of time.
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The controller takes the crisp or real input values from the smart monitoring system, fuzzifies
them, and assigns a fuzzified control signal to provide control over the loads based on the assigned
rules and membership functions. The control signal is then converted into two output crisp signals
through a defuzzification process.

5.3.2. Fuzzy Membership Functions

The input and output variables of the fuzzy load controller are constructed with fuzzy membership
functions to define the linguistic rules that govern the input and output relationships. The membership
functions of input variables are more compatible with a trapezoidal type for the load controller.
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In contrast, the output variables are defined with a triangular type because of the sharp constraints
on those variables. The values of membership functions are defined based on realistic load profiles
of typical home appliances (as shown in Section 6.1). Figure 11a–h show the inputs membership
functions of the fuzzy load controller. Figure 11a defines the time of day, which has been divided
into five sections: peak (am), peak (pm), off-peak (am), off-peak (pm), and shoulder (moderate).
Figure 11b shows the desired room-temperature level (◦C) of the customer’s comfort preferences,
which is divided into Cool, Average, and Warm. Figure 11c shows room-temperature deviation from
the range of consumer comfort-level temperatures from −15 to +15, such as: Negative Large, Negative
Medium, Small (which ranges from −5 to +5), Positive Medium, and Positive Large. Figure 11d
portrays the forecasted load based on customers’ predefined consumption, which is divided into Low,
Average, Medium, High, and Extremely High. Figure 11 delineates the consumption time of loads,
which ranges from 0 to 20 min. Figure 11f shows the input voltage level of the grid, which has been
divided into five sections. Figure 11g illustrates the total RES penetration of the grid, and ranges from
0% to 120%. Figure 11h describes an emergency load control (ON/OFF) which operates based on the
load-decrement control signal from the utility. Figure 12a,b show the output membership functions of
the fuzzy load controller.
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5.3.3. Fuzzy Rules

The load controller operates based on predefined fuzzy rules. The number of rules framed
depends on the number of membership functions considered in the input and output blocks. The more
rules there are, the more precise the load controller output will be. This study developed 50 rules; 8 of
them are listed below as examples.

(1) If (Time is peak (pm)) and (Comfort preference (◦C) is Cool) and (Room Temperature Deviation (◦C) is
Large+) and (Forecasted Load (kW) is Very High) and (Consumption Time is >16 (mints)) and (Voltage Level
(%) is Low Voltage) and (RES penetration (%) is Very Low Penetration) then (Perform Load Schedule (kW) is
3.5 to 6 (kW)) and (Allow Load Consumption (kW) is 1 to 2 (kW)).

(2) If (Time is peak (pm)) and (Comfort preference (◦C) is Cool) and (Room Temperature Deviation (◦C) is
Large+) and (Forecasted Load (kW) is Extremely High) and (Consumption Time is >16 (mints)) and (Voltage
Level (%) is Low Voltage) and (RES penetration (%) is Very Low Penetration) then (Perform Load Schedule
(kW) is 5 to 7.5 (kW)) and (Allow Load Consumption (kW) is 1 to 2 (kW)).

(3) If (Time is shoulder (moderate)) and (Comfort Preference (◦C) is Cool) and (Room Temperature
Deviation (◦C) is Large+) and (Forecasted Load (kW) is Very High) and (Consumption Time is >16 (mints))
and (Voltage Level (%) is Preferred Voltage) and (RES penetration (%) is Low Penetration) then (Perform
Load Schedule (kW) is 1.5 to 2.5 (kW)) and (Allow Load Consumption (kW) is 3 to 4 (kW)).

(4) If (Time is off-peak (am)) and (Comfort Preference (◦C) is Average) and (Room Temperature Deviation
(◦C) is Small) and (Forecasted Load (kW) is Very High) and (Consumption Time is >16 (mints)) and (Voltage
Levels (%) is High Voltage) and (RES penetration (%) is High Penetration) then (Allow Load Consumption
(kW) is 4.5 to 5.5 (kW)).

(5) If (Time is peak (pm)) and (Comfort Preference (◦C) is Cool) and (Room Temperature Deviation (◦C)
is Large+) and (Forecasted Load (kW) is Very High) and (Consumption Time is >16 (mints)) and (Voltage
Levels (%) is Extremely Low Voltage) and (RES penetration (%) is Very Low Penetration) and (Utility Load
Control ON/OFF (kW) is Load Dec. High (3 to −5 kW)) then (Perform Load Schedule (kW) is 3.5 to 6 (kW))
and (Allow Load Consumption (kW) is 0.5 to 1.5 (kW)).

(6) If (Time is shoulder (moderate)) and (Forecasted Load (kW) is Extremely High) and (Consumption
Time is >16 (mints)) and (Voltage Level (%) is Extremely High Voltage) and (RES penetration (%) is High
Penetration) then (Allow Load Consumption (kW) is >5 (kW)).

(7) If (Time is peak (am)) and (Comfort Preference (◦C) is Cool) and (Room Temperature Deviation (◦C) is
Medium+) and (Forecasted Demand (kW) is Extremely High) and (Consumption Time (mints) is <10 (mints))
and (Local Voltage Level (%) is Preferred Voltage) and (Network RES penetration (%) is Preferred Penetration)
then (Allow Load Consumption (kW) is >5 (kW)).

(8) If (Time is peak (am)) and (Comfort Preference (◦C) is Cool) and (Room Temperature Deviation (◦C)
is Small) and (Forecasted Demand (kW) is Very High) and (Consumption Time (mints) is <10 (mints)) and
(Local Voltage Level (%) is Low Voltage) and (Network RES penetration (%) is Low Penetration) then (Perform
Load Schedule (kW) is 0 to 1 (kW)) and (Allow Load Consumption (kW) is 4.5 to 5.5 (kW)).

A case study was conducted to analyze the benefits and performance of the proposed HEMS
within a microgrid environment, as presented in the next section.
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6. Case Study Analysis

To identify the actual benefits of the proposed HEMS and perform a realistic cost saving analysis,
this study deployed a smart load monitoring system in a typical three-bedroom house in the suburb of
Ferndale in Perth, Australia. The power consumption data was collected by a smart load-measuring
device on a typical summer day of December. The collected daily load profiles of each electric
appliance from the house were then implemented on a MATLAB simulation model of the load
controller (see Figure 8) for evaluating the performance of the load controller and calculating a realistic
cost saving analysis in the microgrid environment.

6.1. Load Profiles of a Typical House

Figure 13a illustrates the typical daily load profile of a household during a summer day obtained
from the smart monitoring system. It shows that the peak demand occurs during the evening period
due to usage of all major loads in this period. Figure 13b shows the room temperature and humidity on
that summer day, which has been collected by a room sensor. The power consumption profiles of five
major appliances are shown in Figure 14. It can be observed that the consumption characteristics of all
these major appliances are that they have cyclic patterns, and that they consume standby power losses.
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6.2. Energy Cost Saving Analysis with HEMS

According to the consumer load profiles, weather conditions, electricity price, and utility load
control signals obtained from the smart monitoring system and the fuzzy defined rules, the fuzzy
load controller optimizes the load operation and schedules the non-priority loads. Table 2 shows the
optimized load operations using the fuzzy load controller based on the input conditions. It can be seen
that in fuzzy rule 1, when the load consumption occurs in the evening peak period and the consumer’s
preferred comfort level for room temperature is 16 ◦C (which is a 14 ◦C deviation from the current
room temperature), the forecasted load is very high (5.4 kW) and is made up of the current available
loads to be operated {i.e., AC (0.6 kW) + W.mch (1.9 kW) + D.wash (1.8 kW) + base load (1.1 kW) =
5.4 kW} and the consumption time of these loads is more than 16 min. The current voltage level at
the connection point is low (4% less than the standard voltage) and the total RES penetration at the
transformer secondary side is very low (60%), which means that if generation is 200 kW and load
demand is 333 kW, the RES penetration is 60% (200*100/333). As there is no load control signal from
the utility, then the optimized outputs of the load controller are: perform load schedule 3.74 kW {which
is equivalent to W.mch (1.9 kW) + D.wash (1.8 kW) = 3.7 kW} and allowable load consumption is
1.89 kW {equivalent to AC (0.6 kW) + base load (1.1 kW) = 1.7 kW}. This means that fuzzy rule 1 allows
the consumer to maintain their comfort level temperature by operating the AC during the hot summer
evening peak period, as well as operating the basic loads while trying to improve the local voltage level
and balance the generation and demand in the microgrid, as well as to reduce the energy cost during
this peak period by shifting non-priority loads to off-peak periods. Rule 2 shows similar conditions
as to rule 1. Unlike rules 1 and 2, rule 3 reduces the high load schedule value, as the current local
voltage condition (−1.6%) is in the preferred voltage level range (within ±3% of the nominal voltage),
RES penetration is not too low (80%), and consumption occurs in a shoulder period (the shoulder
period price is less than the peak period price). By contrast, in rule 4, no load scheduling is being
performed due to being in an off-peak consumption period (off-peak period has minimum $/kWh
price), with a high voltage level and high RES penetration. In rule 5, the load controller schedules all
loads, including AC operation, except the basic loads (1.1 kW) due to a load decrement control signal
from the utility (4 kW), extreme low voltage, and low network RES penetration conditions. Rule 6
allows no scheduling of loads and operates all forecasted loads due to the high local voltage level,
high RES penetration level, and shoulder period consumption. Rule 7 allows for the extremely high
forecasted loads (6.6 kW) to operate even in a peak period without any load scheduling because the
load consumption time is less than 10 min {e.g., the forecasted load (6.5 kW) = AC (0.6 kW) + base load
(1.1 kW) + short-term load (3 kW) + D.wash (1.8 kW)}. However, for rule 8, about 0.61 kW of the load
(which is equivalent to AC consumption) is scheduled, even though the consumption time is less than
10 min, due to the low local voltage level and low network RES penetration.

Table 2. Optimized results from the fuzzy load controller.

Input Conditions Optimized Outputs

Fuzzy
Rules Time

Comfort
Preference

(◦C)

Temperature
Deviation

(◦C)

Forecasted
Load (KW)

Consumption
Time (mints)

Local
Voltage
Level
(%)

Network
RES

Penetration
(%)

Load
Control

(kW)

Perform
Load

Schedule
(KW)

Allow Load
Consumption

(KW)

1 peak (pm) 16 14 5.4 16> −4% 60% 0 3.74 1.89
2 peak (pm) 17 13 8.3 16> −4% 60% 0 6.37 1.64
3 shoulder 17 12 5.4 16> −1.60% 80% 0 1.9 3.6
4 off.pk (am) 22 1.2 4.8 16> +4% 120% 0 0 5.1
5 peak (pm) 16.5 14.5 5.4 16> −7% 50% Dec. = 4.0 4.86 1.11
6 shoulder non non 6.6 16> +8% 115% 0 0 7.3
7 peak (am) 17 8 6.5 <10 +0.50% 104 0 0 7.3
8 peak (am) 17 8 5.5 <10 −3% 88% 0 0.61 5.1

Table 3 shows the potential peak demand shaving capacity, energy shifting capacity, and standby
energy loss of the appliances of a typical house which are obtained from a smart monitoring system
installed in the house. It also presents the calculated daily energy costs with HEMS and without
HEMS. The cost comparisons of the daily load profile are performed by shifting the energy usages of
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non-priority loads from peak periods to the off-peak period. The standby energy loss is also included
in the cost analysis. With the HEMS there will be no standby energy loss. The per-unit cost ($/kWh) of
electricity for off-peak ($0.14/kWh), shoulder ($0.26/kWh), and peak ($0.50/kWh) periods are taken
from [19], which are based on a smart home (SM1) tariff plan in Australia. Table 3 shows that the total
daily energy cost without HEMS is $3.49 (for a total of 9.40 kWh of energy consumption), whereas
it becomes $2.50 (for a total of 9.16 kWh of energy consumption) with the HEMS, which amounts to
energy cost savings of about 28.4% per day.

Table 3. Energy cost savings analysis.

Load Type Peak Shaving
Capacity (kW)

Shiftable
Energy
(kWh)

Standby
Energy Loss
(kWh)/day

Total Energy Cost
without HEMS

($/day)

Total Energy Cost
with HEMS

($/day)

Cost Saving
(%/day)

Base loads N/A N/A 0.02
$3.49

(total daily energy
9.40 kWh)

$2.50
(total daily energy

9.16 kWh)

28.4%
(total daily energy

saving 3%)

AC N/A N/A 0.14
W.mach 1.9 0.64 0.012
D.wash 1.8 0.57 0.034
Dryer 3.0 1.38 0.035

Based on the results in Tables 2 and 3, it can be observed that the proposed HEMS reduces
excessive consumption when the energy consumption prices are very high or when the network
voltage and RES penetration are in critical conditions, while maintaining consumer comfort levels and
providing energy cost savings.

7. Microgrid Analysis with HEMS

In this study, the microgrid system, based on solar PV, a wind turbine, and a diesel generator,
was designed so as to supply 100 houses in a remote region in Western Australia. The estimated total
power generation was 500 kW, of which 150 kW was supplied from the solar PV farm, 200 kW from
the wind turbine, and the remaining 150 kW supplied from the diesel generator.

Hourly solar radiation and wind speed data was calculated on a typical day in December based
on the data available at the Bureau of Meteorology (BoM), Australia, at a location of Perth, Australia.
Figure 15 shows the hourly solar radiation and wind speed used for simulation.
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The power produced by the solar panels, the wind turbine, and the diesel generator are shown
in Figure 16 on an hourly basis, which provides a total of 500 kW generation by the microgrid on a
typical day.
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7.1. Residential Loads and Demand Analysis in Microgrid

In this study, it has been considered that the stand-alone microgrid system was supplying
100 houses in a remote region in Western Australia with an estimated generation capacity of 500 kW.
To evaluate the effectiveness of the proposed HEMS, the load profiles of 100 consumers have been
clustered into four different consumer groups where load consumptions were varied during different
times of day, as each house has its unique pattern of load consumption. Figure 17a–d show the load
profiles of one typical house from each of the four groups that have been considered for this study.
Figure 18 represents the total energy demand by 100 houses in the microgrid during a typical day.
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(d) Group-4 on a typical day.



Infrastructures 2018, 3, 50 19 of 25Infrastructures 2018, 3, x FOR PEER REVIEW  20 of 26 

 
Figure 18. Total energy demand of 100 houses on a typical day. 

7.2. Demand Response Opportunity in Microgrid 

To investigate the actual benefits of the proposed HEMS and perform a realistic cost-saving 
analysis for the total microgrid system, the smart load monitoring and controlling system was 
deployed in each house. The collected daily load profiles of each electric appliance from the house 
are implemented in the MATLAB simulation model of the fuzzy-based load controller (see Figure 10) 
considering 100 houses, which helped evaluate the performance of the load controller and to calculate 
total realistic energy savings in the whole microgrid. 

Furthermore, to scrutinize more realistic results and feedback from the HEMS on how the system 
handles different critical or worst-case scenarios, the system was simulated in four different scenarios 
with respect to availability of the individual power sources, as follows: 

• Scenario A: only the solar farm and the diesel generator are supplying the residential loads. 
• Scenario B: the solar farm and wind farm are active. 
• Scenario C: the wind farm and the diesel generator are available, but the diesel generator is 

partially ON only in the high demand period. 
• Scenario D: all the sources are simultaneously active, except for the diesel generator, which only 

turns ON when it is needed. 

The studied scenarios only focused on the long-term variability of RES-based generation and 
load demand. The diesel generator was used as a back-up resource to ensure that the reliability of the 
system was caused by high variability of RES-based generation and load demand in a short period 
of time. The diesel generation had a very fast response, with a load pick-up capability of less than 1 
min. Moreover, the developed HEMS had an ability to respond to the load control signal from utility 
(i.e., direct load control DR program) to support the high variability of RES-based generation (as 
mentioned in fuzzy rule 5 in Section 5.3.3). 

As shown in Figure 19, it is noticeable from the simulation results that the total energy demand 
of the residential loads surpasses the total generated power in Scenario A, and that peak demand 
occurs for a certain period which has been plotted in Figure 19a,b, keeping the fuzzy load controller 
inactive and active, respectively. There are several critical conditions that are noticeable in the grid 
when the energy demand is very high and the RES penetration is very low. It can be seen that the 
RES penetration in the night time is extremely low, since solar panels are unable to supply any 
electricity; and in the evening period, when the room temperature is high (see Figure 13b), an 
enormous demand for air conditioners causes an extreme peak in the grid. In Figure 19b, with an 
optimized HEMS system, it can be seen that there is still a deficiency in the peak period, although it 
is reduced by shifting corresponding loads and the turning off of various loads, according to the 
fuzzy rules. Another DG can be added to the system to meet this peak demand. 

Figure 18. Total energy demand of 100 houses on a typical day.

7.2. Demand Response Opportunity in Microgrid

To investigate the actual benefits of the proposed HEMS and perform a realistic cost-saving
analysis for the total microgrid system, the smart load monitoring and controlling system was
deployed in each house. The collected daily load profiles of each electric appliance from the house
are implemented in the MATLAB simulation model of the fuzzy-based load controller (see Figure 10)
considering 100 houses, which helped evaluate the performance of the load controller and to calculate
total realistic energy savings in the whole microgrid.

Furthermore, to scrutinize more realistic results and feedback from the HEMS on how the system
handles different critical or worst-case scenarios, the system was simulated in four different scenarios
with respect to availability of the individual power sources, as follows:

• Scenario A: only the solar farm and the diesel generator are supplying the residential loads.
• Scenario B: the solar farm and wind farm are active.
• Scenario C: the wind farm and the diesel generator are available, but the diesel generator is

partially ON only in the high demand period.
• Scenario D: all the sources are simultaneously active, except for the diesel generator, which only

turns ON when it is needed.

The studied scenarios only focused on the long-term variability of RES-based generation and
load demand. The diesel generator was used as a back-up resource to ensure that the reliability of the
system was caused by high variability of RES-based generation and load demand in a short period
of time. The diesel generation had a very fast response, with a load pick-up capability of less than
1 min. Moreover, the developed HEMS had an ability to respond to the load control signal from
utility (i.e., direct load control DR program) to support the high variability of RES-based generation
(as mentioned in fuzzy rule 5 in Section 5.3.3).

As shown in Figure 19, it is noticeable from the simulation results that the total energy demand
of the residential loads surpasses the total generated power in Scenario A, and that peak demand
occurs for a certain period which has been plotted in Figure 19a,b, keeping the fuzzy load controller
inactive and active, respectively. There are several critical conditions that are noticeable in the grid
when the energy demand is very high and the RES penetration is very low. It can be seen that the RES
penetration in the night time is extremely low, since solar panels are unable to supply any electricity;
and in the evening period, when the room temperature is high (see Figure 13b), an enormous demand
for air conditioners causes an extreme peak in the grid. In Figure 19b, with an optimized HEMS system,
it can be seen that there is still a deficiency in the peak period, although it is reduced by shifting
corresponding loads and the turning off of various loads, according to the fuzzy rules. Another DG
can be added to the system to meet this peak demand.
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Figure 19. (a) Total energy supply and energy demand in Scenario A (Solar and Diesel gen.) before
HEMS, and (b) after HEMS.

To ensure that consumers’ comfort levels are maintained, the major appliances, including the AC
and the refrigerator, are not interfered with, except that in the case of emergency, the AC compressor
can be switched off by the HEMS for a few minutes. However, even though there would be a higher
probability of load shedding, there will still be an optional Force Start condition in order to keep the
consumers’ comfort uninterrupted and allow their independency in regard to controlling their own
appliances. An additional option will also appear on the control screen, as shown in Figure 20.
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Figure 20. Additional Force Start option generated to notify the consumer.

During peak demand, the utility can send a direct load control signal to the HEMS. The HEMS
then optimizes the operation of the appliances based on consumers’ preferences and the load control
signals from the utility. Figures 21–23 delineate the overall scenarios of the DR strategy for Scenario B,
C, and D, respectively, where the fuzzy HEMS controller senses the crossed-off situation and, according
to the fuzzy rules, it immediately turns OFF the corresponding loads except for the base-preferred
loads, and shifts them to the off-peak period. In addition, according to the forecasted load, the diesel
generator can be activated to perform as a back-up generation source when needed.
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In Scenario C and D, the diesel generator is inactive during the high RES penetration and
low-demand periods in the grid, which saves both fuel costs and unnecessary power loss.
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Figure 23. (a) Total energy supply and energy demand in Scenario D (all sources available) before
HEMS, and (b) after HEMS.

From the acquired results of the simulations, it is clearly noticeable that the proposed HEMS
is performing effectively according to the designed demand response framework in the various
scenarios, as well as during critical conditions in the grid. It also mitigates excessive consumption
when the energy consumption prices are very high, or when the network voltage and RES penetration
are in extreme conditions. Moreover, it maintains consumers’ comfort levels and provides energy
cost savings.

Table 4 compares the overall outcomes, as well as the pros and cons after the HEMS system
has been deployed in the microgrid under various grid conditions. The automated load controller
successfully manages to handle all the situations; however, it interrupts consumers’ comfort levels
only under critical conditions in the grid when RES penetration is extremely low. For instance, as it
was considered that the 100 houses took part in the DR platform, for the appliances that have high
DR potential (dishwasher, washing machine, and dryer) during peak periods, the total possible peak
shaving capacity, energy-saving potential, and the standby loss for all 100 houses in the microgrid can
be calculated as follows:

Calculating the total maximum possible peak shaving capacity (kW):

100 ∗ (1.9 kW + 1.8 kW + 3 kW) = 670 kW (or, 0.67 MW)

Also, calculating the maximum possible shiftable energy for 100 houses (kWh):

100 ∗ (0.64 kWh + 0.57 kWh + 1.38 kWh) = 259 kWh
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Consequently, calculating the maximum standby power loss of all the household appliances,
including all the potential loads except the base loads (kWh/day):

100 ∗ 21 h ∗ (0.14 + 0.012 + 0.034 + 0.035) = 22.1 kWh

where 21 h represents the estimated time for the appliances to remain on standby in a day.
Furthermore, calculating the energy cost of all 100 houses with and without HEMS ($/day):

Without HEMS : 100 ∗ ($3.49) = $349/day (total daily energy 949 kWh)
With HEMS : 100 ∗ ($2.50) = $250/day (total daily energy 916 kWh)

The daily total power loss from the standby appliances and grid inefficiency due to peak demand
is notable, and it would be more crucial if all the houses of a particular city were considered. It provokes
enormous proliferation of electricity costs of a consumers’ monthly energy bill. This phenomenon
supports the necessity of practicing demand response in future smart grid systems.

Table 4. Feedback of HEMS system under various grid conditions.

Grid Condition
(Scenario)

Total RES
Penetration

(kW)

Duration of
Demand

Surpassing (h)

Average Load
Consumption

Allowance

Load
Shifting

Frequency

Consumers’
Comfort Level

Diesel Gen.
Fuel

Consumption

Scenario A 150~300 >4.5 Very Low Very High Interrupted
(Alarm Generated) High

Scenario B 200~350 >4 Low High Interrupted
(Alarm Generated) N/A

Scenario C 200~350 >3 Medium Medium Not Interrupted Medium

Scenario D
(All sources available) 350~500 >2.5 More Low Not Interrupted Low

8. Conclusions

A comprehensive demand side management framework incorporating a smart fuzzy load
controller and demand response in a microgrid environment has been proposed in this study
to mitigate peak demand, power loss, and grid inefficiency, as well as to reduce energy costs.
A smart load monitoring system takes information from appliances, and a fuzzy load controller
uses this information for load consumption and load-shifting decisions. The performance of the
load controller has been evaluated through a case study, and a realistic cost-saving analysis has been
performed. This framework explicitly defines the effectiveness of using a fuzzy logic-based smart load
controller in a smart grid framework equipped with various operational, matching, and optimization
techniques. The case study analysis demonstrates that the framework helps in determining potential
DR opportunities, standby power consumption, total power consumption due to standby loss, and
possible peak clipping capacity.

The model can be further improved by introducing more RESs and analyzing the behavior of the
system according to the stochastic actions of the intermittent resources. To improve the decision-making
process of the HEMS, the generation forecast can be integrated into the HEMS. For future research, this
study will further investigate the HEMS operations with an integrated RES-based generation forecast.
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