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ABSTRACT

Home energy management system (HEMS) is essential for residential electricity consumers to participate
actively in demand response (DR) programs. Dynamic pricing schemes are not sufficiently effective for end-
users without utilizing a HEMS for consumption management. In this paper, an intelligent HEMS algorithm is
proposed to schedule the consumption of controllable appliances in a smart household. Electric vehicle (EV)
and electric water heater (EWH) are incorporated in the HEMS. They are controllable appliances with storage
capability. EVs are flexible energy-intensive loads, which can provide advantages of a dispatchable source. It
is expected that the penetration of EVs will grow considerably in future. This algorithm is designed for a smart
household with a rooftop photovoltaic (PV) system integrated with an energy storage system (ESS). Simulation
results are presented under different pricing and DR programs to demonstrate the application of the HEMS and
to verify its’ effectiveness. Case studies are conducted using real measurements. They consider the household
load, the rooftop PV generation forecast and the built-in parameters of controllable appliances as inputs. The
results exhibit that the daily household energy cost reduces 29.5%-31.5% by using the proposed optimization-

based algorithm in the HEMS instead of a simple rule-based algorithm under different pricing schemes.

KEYWORDS: controllable load; demand response; home energy management system; smart household; thermal storage
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SoC;

SoC;

Time intervals.

Hours.

Tariff categories of time-of-use (TOU) pricing schemes.
EVs.

ESSs.

Daily electricity cost under real-time pricing (RTP) scheme [€].
Daily electricity cost under TOU pricing scheme [€]

Power to be purchased from the grid at each time interval ¢ [kW].
Power to be sold to the grid at each time interval ¢ [kW]:

Power consumption of EWH in time interval ¢ [kW]

Photovoltaic (PV) generation for household consumption/selling to grid at each time interval
[kW].
Charging/discharging power of EV v [kW].

Charging/discharging power of ESS s [kW].

EV discharging power for household consumption/selling to the grid at each time interval
[kW].

ESS discharging power for household consumption/selling to the grid at each time interval
[kW].

Charging status of EV.vin period ¢ (1 if the EV is charging in t € TVand 0 otherwise).

Discharging status:of EV v in period ¢ (1 if the EV is discharging in t € TVand 0 otherwise).

Charging status of ESS s in period ¢ (1 if the ESS is charging in time interval ¢ and 0
otherwise).
Discharging status of ESS s in period ¢ (1 if the ESS is charging in time interval ¢ and 0
otherwise).
Operating status of EWH in period ¢ (1 if the EWH is operating in time interval ¢ and 0
otherwise).

Water temperature at time interval ¢ [°C].
State of charge (SoC) of EV v in the end of time interval ¢ [kWh].

SoC of ESS s in the end of time interval ¢ [kWh].



DR, Consumption of the customer below the baseline load in hour # [kWh].
E, Daily peak demand [kWh].

Parameters

c* Electricity TOU tariff for category k.

T Time interval duration [h].

ﬂtbuy Price of buying electricity from the grid at time interval ¢ [€/kWh].
" Price of selling electricity to the grid [€/kWh].

aPrT Daily power-based network tariff [€/kW].

1700 Charging/discharging efficiency of EV v.

D Charging/discharging efficiency of ESS s.

SoC; Expected SoC of EV v at the departure time [kWh].

a’ Arrival time of EV v.

B Departure time of the EV v.

SOC, i i Minimum/Maximum SoC level of EV v [kWh].

S0C: i o Minimum/Maximum SoC level of ESS s [kWh].

m Average hourly hot water usage at time interval .

M Capacity of the water tank of the EWH [L]
R Thermal resistance of EWH [°C/kW]

C Thermal capacitance of EWH [kWh/°C]
(0 EWH power rate [kW]

o° Ambient temperature at time interval ¢ [°C].

HLE)\:/\JI/L})J Lower/Upper bound. of the hot temperature of the EWH at time interval ¢ [°C].

[tﬁrm Firm load at time interval ¢ [kKW].

RPV PV generation forecast at time interval ¢ [kW].

l};ase“ne Baseline load [kW].

FI, Financial incentives offered to the customer for consuming below the baseline load (€/kWh)
pMax Maximum demand power from the grid [kW].

Sets

T Set of time periods in the scheduling horizon.

Qk Set of time periods that belong to tariff category k.

Qh Set of time periods in each hour 4.
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QDR Set of hours that the retailer has offered incentives for demand reduction.

Q° Set of ESSs in the household.

Q" Set of EVs in the household.

K Set of tariff categories in TOU pricing scheme.

H Set of hours in the scheduling horizon.

T TV CTis the set of periods in which EV v is connected to the grid;

T" ={t€T:aV sts/g’v}.

1. Introduction

The rise in power generation volatility and the uncertainty of the electric grid, which are caused by the high
penetration of renewable energy sources, can be tackled effectively by implementing DR programs. Employing
DR programs enables the demand-side to closely follow the variable generation [1]. DR represents the demand-
side capability to alter the consumption pattern in response to price changes or financial incentives [1]. DR
programs induce customers to reduce electricity consumption during the periods with high electricity prices or
the periods in which an incentive is considered for voluntary demand reduction [2]. DR prevents the operation

of high-cost/emission generating units and defers the capital intensive reinforcements [3].

In central demand-side management, the peak load of the grid is controlled by a separate entity rather than
the consumers, while in an individual demand-side management the households can proactively control the
consumption [4]. Optimization of consumption scheduling is the core part of the demand-side management in
both cases, which is done externally in the first case and carried out internally by the consumer itself in the
second case. In one classification, DR programs are divided to two categories of price-responsive and
controllable DR programs. In price-responsive DR programs, consumption is adjusted by the consumer in
response to dynamic rates, while in controllable DR programs, the consumer accepts load curtailment by another

entity under specific circumstances.

There are several obstacles for the widespread utilization of DR programs for households and residential
customers. The main obstacle is the lack of appropriate smart metering infrastructure. Overcoming this primary
obstacle enables the implementation of dynamic pricing schemes by utility companies, but does not ensure
considerable improvements in demand-side activity. The next barrier is customers’ limitations to effectively
respond to the pricing or incentive signals. By addressing this issue, we can expect active electricity consumers
to_be able to be seen as resources for the power system. An acceptable solution for this problem is employing
an optimization-based or a rule-based control system that automatically responds to these signals. This
automated system that usually operates with an optimization algorithm is generally referred as a HEMS [5]. It
provides automatic responses to price changes and incentive signals. Therefore, it is envisioned as one of the
necessary means of successful implementation of smart grids [6]. Deployment of smart meters, sensors and

automatic control systems at the consumers’ level through a two-way communication network, and the market
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liberalization reforms in parallel with these technological advancements are the enablers for consumption
scheduling [7]. They have an effective role in utilizing the DR strategies [8]. The residential customers that are
equipped with HEMS, can actively participate in price-based and incentive-based DR programs [5]. In other

words, implementing HEMS increases the price responsiveness of the electricity consumers in general.

A smart household within the context of smart grids refers to an active electricity consumer that is equipped
with an intelligent HEMS [9]. Smart meters provide the possibility of monitoring the energy consumption. in
real-time for utilities and customers. The combination of a smart metering system and HEMS enables the
consumers to reduce their electricity bill by using an optimal consumption schedule [8]. The HEMS can
optimally schedule the operation of household controllable loads and storage units. It can also determine the
amount of surplus energy from distributed generation (DG) units in order to sell to the grid for those customers

who have installed DG units and have had an opportunity of selling electricity to the grid.

Different entities of electricity markets have been motivated by the potential benefits of DR programs to
plan for activating DR programs [3]. Traditionally in power systems, scheduling and unit commitment were
done by the system operator to operate generating units. Conventional loads were not controllable and the
measuring system at the end-use points was not developed to a level of maturity that would enable consumption
scheduling and load commitment [7]. Development of smart grid technologies motivated different entities in
electricity markets to offer their clients the DR programs. Those entities that may benefit from DR
implementation are the companies which are conducting retailing business in electricity markets. DR programs
offered by the retail electricity providers to.the customers reward both sides; it is a tool for retailers to manage
the financial risks and reduce peak load and acts as a means for consumers to reduce the energy cost [2]. The
optimal operation of a HEMS under DR programs depends on the information received from the retail
companies, which requires the coordination and interaction of the HEMS and the retailers. Retailers share the
price data and the incentive-based DR programs with the HEMS to obtain the optimal schedule for the
appliances in a home [9]. In addition, the consumer preferences should significantly influence the operation of

the HEMS.

1.1. Objectives

The main purpose of the present paper is to develop an optimization-based HEMS that schedules the
appliances’and resources in a smart household. The proposed HEMS algorithm can be embedded in the load
control unit of smart meters or incorporated into automated decision-making technologies, such as home
automation systems [2]. It optimally controls the operation of appliances in response to dynamic price signals
or the financial incentives of the DR programs that have been offered under time-of-use (TOU) pricing schemes
[10]. In this paper, the financial incentive plans [11,12] offered to households under DR programs are used as
inputs of the proposed HEMS model. The focus of the decision-making framework is on reducing the costs
associated with the electricity bill of the customers. Scheduling is carried out in response to the price signals
that are received from the retailers while taking into account the preferences of the customers [5]. The results
of this study show how the responsive customers can benefit from using an optimization-based HEMS and the

time-varying electricity prices.
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Controllable loads are used in the smart household model to implement different types of DR programs.
EVs have the possibility of storing energy, and the thermostatically controlled appliances like EWHs have
thermal storage capabilities. These loads are good candidates for DR implementation [7]. In this model, the
detailed dynamic models of EWH and EV loads are used for potential DR applications. The possibility of selling
electricity to the grid at variable prices is also considered for the customers. Consumers use EVs, ESS,
photovoltaic (PV) systems to sell energy to the grid. Different operating modes of EVs in the discharging status;
such as vehicle-to-home (V2H) and vehicle-to-grid (V2G) are modeled in this paper [9]. In V2G and V2H
operating modes, EV serves as a DG resource for the grid rather than just serving as a vehicle [8,13]«The EV
owners can sell the excess energy stored in the battery back to the grid or use it for the household consumption.
Selling electricity to the grid from V2G requires the essential equipment, such as bidirectional chargers and
communication devices, as well as the legislation and regulations that allow this trade. In V2G mode, the
electricity flows from the battery to the distribution network. Another market opportunity for EV. owners is

participating in ancillary service markets [14].

The priorities of customers are also taken into account in scheduling process. Consumers can update arrival
and departure time of the EVs, their expected initial storage level and the‘required charge at departure time.

Users’ choices on thermostat settings of EWH are considered with a time-varying temperature band.

1.2. Related work

In order to clarify unique contributions of this paper, a survey on reported research on implementing DR
programs via HEMS in smart householdsqs outlined here. Designing load scheduling programs to control the
consumption of appliances on a daily basis has drawn much interest in the literature recently. The reasons of
this interest are the concept of non-emergency ancillary services provision through demand-side, the possibility
of buying electricity at dynamic prices for residential customers, and the emerging market of EVs [15]. The
mechanism proposed by Alizadeh et al. [15] can be used to strategically compensate the customers who allow
retail companies to directly schedule their consumption, whenever the retailers want to use an eligible appliance.
Retailers compute the incentives and post them as publicly available menus, allowing the customers to decide

whether to participate or not [15].

The HEMS models developed by Erdinc et al. [8] and Paterakis et al. [9] determine the optimal day-ahead
appliance scheduling of a smart household. The consumption and production scheduling of various types of
controllable appliances and DG units are performed under real-time pricing (RTP) scheme. The model proposed
by Erdinc et al. [8] allows an electricity customer to change the priority of the sources that can provide electricity
to the grid. Hard and soft peak power-limiting-based DR strategies are also taken into account by Paterakis et

al. [9].

The operation of household appliances during a DR event is modeled by Fernandes et al. [16]. A dynamic
load priority method is proposed to change the load priority during the DR event. The operation of controllable
appliances within a price-based HEMS is prioritized from the customer’s viewpoint by Rastegar et al. [5]. The

operational priority of each appliance is indicated with the value of lost load. The HEMS minimizes energy and
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reliability costs by considering the appliances’ value of lost load, electricity tariffs, and operational constraints
of appliances. A HEMS model that controls a residential battery system which is connected to a rooftop PV
system is presented by Marzband et al. [17]. The main focus in this model is to examine the impact of PV

generation and energy load forecast errors on household economics.

Bozchalui et al. [2] developed a decision-making framework for a residential energy hub. The proposed
mathematical optimization model can be incorporated into automated decision-making technologies in smart
grids to optimally control residential loads, storage and production components in real-time. The customers’

preferences and expected comfort levels were also considered in the model [2].

Electrification of the transport sector has potential to reduce CO, emissions from this sector, while reducing
the mobility operating costs [18]. It is expected that in the future, EVs will become one of the high energy
consuming appliances at homes [19]. Therefore, it is essential to include them in enetgy management models
at different levels of scheduling in power systems, particularly for load management at the consumer level.
Rassaei et al. [19] have proved that for certain practical distribution of EV’s usage, itis possible to accommodate
EVs for all users in the system and still keep the same peak demand as when there is no:EV in the system. The
problem of scheduling the EVs’ charging is formulated by Jin et al. [20] as’a mixed integer linear programming
(MILP) model. It investigates the utilization of EVs and ESSs together. The aggregators’ revenue is maximized
by using this approach. The cost of EV owner and the discharging capability of the EVs’ battery for injecting

energy to the grid or using at households are not taken into account in this model.

Thermal loads, such as heating, ventilation 'and air conditioning (HVAC) and water heating systems
constitute a significant share of the household energy consumption [21]. The energy scheduling problem of a
residential building with solar assisted HVAC and water heating system is investigated by Nguyen et al. [21].
The objective was to minimize the electricity cost under RTP environment while maintaining the thermal
comfort requirements of the user/ In this model, the thermal solar water tank is used as a dynamic storage facility

to support the thermal demand of water heating and the HVAC system [21].

The price-based DR program for electric storage space heating loads is modeled by Kilkki and Seilonen
[1]. The electricity retail company seeks the optimal consumer electricity price for these loads. The problem of
price determination is formulated within a game-theoretic framework, where the procurement and consumption

profiles of the retailer and customer are based on the set price [1].

The HEMS algorithm that is developed by Du and Lu [7] for consumption scheduling of households with
thermostatically loads, optimizes the payment while taking into account the individual requirements of the
customers. Customers can specify the acceptable range of temperature changes, and these requirements are
considered as operational constraints during the process of scheduling. In this model, the EWH is used as an
example of a thermostatically load. The predicted hot water demand of the users is taken into account as the
input of the model. The comfort zone of the EWH reflects the range of the hot water temperature set by the

customers.
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The DR potential of residential EWH and HVAC loads is studied by Safdarian et al. [3]. It develops a
distributed framework to iteratively coordinate the operation cycle of residential consumers’ HVAC and EWHs,
and shows how this coordination can in practice bring considerable peak reductions. In this direct load control
(DLC) model, the operator that serves multiple domestic consumers can control the operating cycle of EWH
and HVAC loads without overriding the users’ thermal preferences [3]. DLC program has been the most
frequently used DR program since the 1960s. It was usually used for emergency purposes such as reducing
demand quickly due to a supply-demand mismatch in the system. EWHs, HVAC systems and pool pumps'are
the most eligible appliances for DLC programs [22].

The multi-scale rule-based energy management system proposed by Pourmousavi [6] is developed for an
islanded MG that operates independently in a remote area. The operation of controllable appliances, such as
ON/OFF control of EWHs and battery’s charging/discharging is modeled with a“rule-based algorithm.
Compared to optimization-based approaches, they are easy to implement, incredibly fast and computationally

efficient, but obtaining the minimum cost is not guaranteed in this approach [6].

1.3. Contributions

From a detailed review of the technical literature, it is clear that most of the existent work only consider
the RTP schemes for the scheduling of appliances. They are mostly designed to minimize the daily household
energy cost, without properly taking into account the incentive-based DR programs and the impact of network
charges for the peak demand. RTP still has not been applicable in many retail markets and requires the state
legislation in those markets. In this situation, the retail companies are more interested in independently offering
incentive-based DR programs to their clients:in order to manage their own payoff in the volatile electricity
market. Therefore, an essential need of consumers is energy management systems in demand-side which are
also compatible with TOU pricing schemes and the incentive-based DR programs that are offered under these
pricing programs. To fill the gap present in the literature, this paper proposes an optimization-based HEMS that
can be employed by the consumers under both RTP and TOU pricing schemes. It also takes the incentive-based
DR programs as inputs and schedules the electricity consumption based on price and DR signals. In addition, a
rule-based HEMS model.is developed in the paper to validate the performance of the proposed optimization-
based algorithm. Another contribution of this work is considering the impact of the network charges. To
accomplish-this, the cost of peak demand is incorporated in scheduling procedure. Consequently, the HEMS
cannot.simply shift the consumption from the high price periods to periods with lower prices, and it should

consider the charges of the network due to the peak consumption.

2./ Problem description

Implementation of advanced metering infrastructure largely depends on the effective operation of
information technology and communication systems. Information and communication technologies in the smart
grid context can provide the access of both utilities and customers to metering data of the smart meters. As a
result, various utility applications, such as billing, load forecast, load profiling and customer information

services, can be enhanced [23]. Managing the household energy cost requires smart decisions about
8
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consumption, which is far beyond only providing the access to price and demand information in real-time. End-
users need some tools to help them make optimal consumption choices [24]. Requesting domestic electricity
consumers to create an optimal consumption schedule based on price and incentive signals is impractical when
they are not using appropriate energy management systems [7]. Thus, some intelligent algorithms are required
to determine the optimal consumption schedule of household appliances. The attempt in this paper is to design

an intelligent algorithm for a HEMS to operate under TOU pricing and RTP schemes, considering DR programs;

Household appliances have different levels of demand flexibility [15]. DR can not be applied to appliances
that need on-demand power supply without deteriorating the users’ comfort levels. The primary focus for
consumption scheduling purposes in smart households is on flexible and controllable loads. EVs'and EWHs
that respectively provide electricity and thermal storage are considered in the proposed HEMS model. They can
be scheduled without having major effects on customer comfort levels [2]. Controlling these time-shiftable
loads can significantly increase the residential demand elasticity [19]. The proposed load profile control

performed under price- or incentive-based DR programs is an alternative to DLIC programs:
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Figure 1. A schematic representation of a smart household.

Figure 1 represents a schematic of the smart household model used in this paper. The electricity retail
company sends the price and incentive data to the HEMS on a daily basis and receives the consumption data in
real-time from smart meters. The historical data and price data are also provided to the HEMS. The ON/OFF

status, charging, cycling, or mode switching of the appliances are controlled and monitored wirelessly through
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the HEMS. Customers’ preferences are a priority for HEMS, and the consumption scheduling should not
deteriorate defined comfort levels. The built-in parameters of the appliances are stored in HEMS and the

customer is allowed to update several settings of the HEMS before each scheduling.

HEMS models can be classified on the basis of different aspects. One of the aspects is choosing the target
of controllable appliances for the HEMS and adjusting the model to incorporate their dynamic conditions. There
is a wide range of controllable loads, such as thermostatically controllable loads [7,25-29], non-thermostatically
controllable loads (e.g., washing machine and dishwasher) [5,30,31] and EVs [8,9], which can provide the
required flexibility for the demand-side [32]. EVs and EWHs are considered as the target appliances in this
study, due to their storage capability. Utilizing the storage capability of EVs and EWHs can prevent households
from investing on expensive battery technologies for ESSs. However, the current model can be easily extended
to incorporate more categories of appliances. It can be done by including the dynamic'behavior of each load.
The operation of HEMS models also depends on the type of the decision-making entity, whether it is the
consumer itself or the aggregator. The HEMS model is developed from the perspective of an individual

consumer in this model, which receives the price signals from the retailer:

2.1. Retailers’ interaction with consumers

The residential electricity customers that can not or do not want to directly take part in energy markets
make contracts with an intermediary, such as a retailer or an aggregator[19]. The retailer or aggregator conducts
the price and demand negotiations with market operators and generation companies on behalf of their clients
[19]. The retailer plays the role of a mediator in the electricity market, allowing residential consumers to
associate with the market and participate in.DR programs efficiently [19]. In deregulated markets, retail
companies submit demand bids to the day-ahead market. The bids contain demand and price components. It

means that the retailer is buying energy only if the market clearing price is less than the desired price [19].

The development of smart grids can significantly influence the relationship between retailers and electricity
consumers [33]. Smart grid solutions can enable the active participation of consumers, which are modeled in
the form of DR programs. The retailer seeks to influence its customers’ demand profile for several reasons.
Demand flexibility has a time-varying value because the retailers purchase electricity in the wholesale markets
at variable prices [15]. This concept is practically demonstrated when the retailers are offering incentive-based
DR programs to. their customers. For some periods they pay incentives for demand reduction and for other
periods they may promote the demand rise. Retailers convince customers to voluntarily change their
consumption pattern by offering DR programs to them. Incentives can vary dynamically with time and

appliance cluster.

In electricity market, several entities can offer DR programs to consumers. Purposes of these entities are
not'necessarily similar to each other, although all of them may expect similar reactions from the consumers,
which are shifting the electric usage from peak to off-peak periods [8]. Controlling and shifting the electricity
consumption through DR programs reduces the electricity demand during peak times when the use of older less

efficient generating units is required. Therefore, DR implementation reduces the release of CO, emissions that

10
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contribute to global warming [24]. Retail companies offer DR programs to obtain higher profits in the market,
while the operators usually implement DR program to maintain the stability of the network by reducing the

stress on utility-handled assets.

Some retail companies or smart meter operators provide additional services for customers to manage the
costs with hourly pricing. These services are offered to guide the client to take control of the electricity costs,
and they consist of real-time high price alerts, online bill comparison tool and mobile applications [24]. Usually,
the customers have to pay the delivery service charges regardless of the electric supply choice (RTP or TOU

pricing) [24].
2.2. Pricing schemes

Retailers offer time-varying electricity prices, such as TOU and RTP to influence and guide energy
consumption [34]. In some markets the end-use customers sign up for hourly electricity pricing scheme based
on market prices [35]. The customers that purchase electricity under RTP tariffs, which represents a dynamic
pricing scheme in the retail market, pay hourly prices for electricity. It is based on the day-ahead or hour-ahead
market prices, and thus the variations of the electricity prices in this scheme depend on the variations of the

wholesale market price. [35]. RTP is considered as one of the most.efficient price-based DR programs [36].

HEMS is needed when a consumer with flexible demand faces variable electricity rates. The more price
variations, the more intelligent algorithms are needed to schedule the consumption. Tariff structures with price
variations can motivate customers to schedule their consumption. The proposed HEMS in this paper is designed

to operate under RTP and TOU pricing schemes.

2.3. Energy storage

Implementing some sorts of energy storage is expected to become highly prevalent in households.
Electrical energy storage at the household level can play several roles. Its’ unique capability is to cope with the
critical characteristics of electricity markets, such as hourly variation of electricity price [37]. The produced
energy can be captured when the price is lower to use at the periods with higher prices [37]. Apart from the

ESSs, some loads can also be utilized to store energy.

EVs are becoming the new appliances in households, which have higher consumption than any other
electricity-powered device in a home. Charging level of a small sized EV may even exceed the total installed
power-of many households [8]. Several solutions are proposed to enable the charging of EVs in homes. In many
cases, the electrical supply of the home should be upgraded to support higher operating currents. Some EV

manufacturers offer connector to the EV owners to provide the possibility of charging the car at home [38].

EVs need a certain amount of energy stored in their batteries during a specified time frame. During this
time frame, they potentially can give energy back in order to be used locally in home or to be injected into the
grid [19]. They can also be considered as a resource for the grid when they are used in V2H and V2G modes.

The EV’s DR can help to reduce the household electricity cost, especially under dynamic pricing schemes. It

11



294
295

296
297
298
299
300

301
302

303
304
305
306
307
308
309
310
311
312
313
314
315
316

also contributes to peak demand reduction by shaping the daily demand profile. Some utility companies install

new meters specifically for the EV, which allows applying different rates for the charging of the EVs [39].

Figure 2 shows the EV load model which is used by the proposed HEMS model. There are some built-in
parameters within these loads, which do not require updating before each consumption scheduling. They are
permanent characteristics of the EVs. Other inputs should be updated before each load scheduling. However,
the consumer may use some intelligent algorithms to estimate these inputs, for instance, the initial level of

battery stored energy can be estimated based on the historical data of the EV owner.

Electric Vehicle
Battery’s initial > Battery’s state-of-
state-of-charge > S —l charge
z
. V2G and V2H
Amvfilnfen gfd E% ¢ — O O > schedule (Discharging
profile)
Permanent characteristics of
EV battery:
Desirable state-of-charge_> +  Charging/Discharging rate el Charging profile
at departure time Charging/Discharging
efficiency

e Capacity of battery
*  Minimum state-of-charge

Figure 2. Block diagram of EV load model.

Electric heating is another major residential electricity load. Heating loads can be curtailed or deferred
easily, without sacrificing users’/comfort [1]. Water heating is an energy-intensive load for households, which
is shiftable in time without influencing the comfort levels. EWHs represent a significant load demand in modern
grids and have a'capacity for energy storage in form of heat [40]. The controllable residential EWH loads are
used in this paper to model the implementation of DR programs through HEMS. Compared with other loads in
households, they are less time eritical loads and can be shed first [41]. EWHs are responsive loads that have the
energy storage capability [6]. Controlling the water heating is easy, due to the large specific heat capacity of
water and the fact that the users are not sensitive to small changes in the set point temperature [42]. Currently,
most of the hot water tanks maintain the water temperature at a constant set point temperature. This archaic way
consumes a lot of energy [42]. Using smart energy storage by water heaters can defer the consumption to more
inexpensive periods without deteriorating the comfort levels [1]. Utilities or aggregators can also control the
grid-interactive EWHs in order to perform several grid services such as DR, grid stabilization, and peak load
shavings [40]. Grid-interactive EWHs send the temperature and status of the appliance and can be remotely

controlled by the utility or the aggregator [41].
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Figure 3 shows the block diagram of an EWH load. The built-in parameters are shown in the gray box and
the inputs are the parameters that require updates before each load scheduling. Hot water consumption profile

and the desirable temperature range of hot water are the most important inputs.

An average hourly hot water consumption profile can be estimated for each household [43]. Hot water
usage can be predicted by historical data that has been provided from the flow meter or from the hourly
electricity consumption of an EWH. Average hourly consumption refers to the mean volume of the hot water
consumed during the specified time interval [44]. Several studies on hot water consumption have developed
forecasting methods to forecast the individual hot water usage profile [42]. Forecasting hot water usage pattern

is useful for demand-side management.

The bounds on temperature reflect individual needs of the users. They are considered as. operational
constraints in the scheduling process [7]. Customers can provide more flexibility in scheduling by increasing
the temperature range of the EWHs. This behavior can decrease their energy costs [7]. The setpoint temperature
can be adjusted according to the hourly price changes [42]. Considering a‘wide range of the comfortable

temperature provides more flexibility for the EWH for DR implementation [42].

Hot Electric Water
ot water
consumption profile —l Heater

Power consumption

> schedule

Hourly ambient

temperature —

ON/OFF status of
Permanent characteristics: EWH
Initial temperature of
hot water *  Heat capacity of unit
volume of water ‘ Hot water
*  Tank volume capacity ﬂ temperature profile

Acceptable ¢ Powerrating of the EWH

7 — Efficiency coefficient of
temperature limits of

EWH
hot water »  Efficiency coefficient of hot

water storage

Figure 3. Block diagram of EWH load model.

3. Mathematical model

Optimization models have been widely used in resources management problems, especially when there is
a lack of sufficient resources or the considerable cost variations highly depend on the decision maker’s
strategies. Several similarities can be found between energy resources management and water resources
management problems. In water resources management, the decision-making model is developed for different
purposes such as irrigated agriculture [45—49]. In the proposed energy resources management model at demand-

side, the energy resources and the demand are optimally scheduled to reduce the household energy cost. In
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contrast to water resources management problems, in which the decision-maker has to deal with shortages of

the resources, the main purpose here is to reduce the electricity bill of the consumer.

The consumption schedule of controllable household appliances and decisions for selling the surplus
energy to the grid are the main outputs of the proposed optimization-based HEMS. In this model, the consumer
can benefit from several sources for selling energy to the grid. The optimization model decides when to sell the
PV production to the grid or when to consume it in the household. Similar decisions are made for the energy
stored in ESSs and EVs. The scheduled household demand for the next day helps the owner to find out the
dispatch of the local energy sources and the load in advance. In this optimization model, minimizing the daily

energy cost of the household is the main objective.

This optimization problem requires technical data of EWHs and EVs, outdoor temperature, and consumers’
hot water demand as inputs. Whereas the hot water temperature, operating cycle/of EWH, charging and
discharging power of the EVs and ESSs are decision variables. The implementation of incentive-based DR
programs for EWH and EV loads under TOU pricing programs is overlooked in the proposed HEMS models
in the literature. Therefore, introducing this optimization model can be considered as the’'main contribution of
the paper. A simple rule-based HEMS is also introduced at the end-of this part. This algorithm is used in the

case studies to verify the benefits of the intelligent HEMS algorithm for the end-users.
The proposed model is based on the following assumptions:
*  The charging of the EVs takes place at homes:.

* The EV owner connects the EV to the grid when it arrives, but this does not mean that the charging
starts immediately. An intelligent algorithm and the dedicated charger controls the charging process,

namely the power injection flowing from the outlet [19].

* Since our focus is on/ EV and EWH loads, all other appliances either flexible or inflexible are

considered firm.
*  The temperature of the inlet water in EWH is near to the ambient temperature.

* The forecasts of daily-water consumption and the PV production with sufficient level of accuracy is

available.

The principal objective of the HEMS is to minimize the cost function of the customer while taking the
preferences and the priorities of the customer into account. The main purpose of this paper is to demonstrate
the operation of HEMS and the optimal consumption scheduling while implementing DR programs. Therefore,
two cost'functions for the HEMS are formulated here, one as a price-based DR program and the other as an

incentive-based DR program.

In order to implement the price-based DR program, the daily household energy cost under RTP scheme is

calculated using the following equation:
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_ buy . __buy sell | . __sell . DPT
Costyyp = ;(Pt Tm” =P T )+Ed T, (1)
G

t

where Ptbuy is the electricity that the customer buys at variable prices (rr? ") and 7 is the duration of each time
period. The customer can also sell the excess electricity (Pe") to the grid at variable prices (m$°!!). The last
term in (1) refers to the cost of daily power-based network tariff (DPT), which is determined by the daily peak
demand of the household (E,) [35]. The customer is charged (rPFT) for each kW of the daily peak demand.
Shifting the load to periods with lower electricity prices may be achieved at the expense of increasing the peak
demand. This term shows that considering the network tariff associated with the peak demand will avoid this

impact.

The energy cost of the household under TOU pricing scheme (Costrgy) is formulated as:

Cost,o, = 2( ( ct- 2 P™ -r) - ; P — 24 DR, -Fl, +E/[-x"". ()
tt 1EQY 1

The first term of the cost function (2) indicates the cost of energy with regard to the tariff category. The
price of electricity under category k is shown with C,. The second term shows the revenue from selling
electricity to the grid. The third term is the potential revenue of the household from participating in incentive-
based DR programs. DRyis the difference between the baseline load and the and the actual demand from the
grid, which will receive the financial incentive of FI, for each kWh of consuming below the baseline load.
Consumptions above the baseline load will be penalized with FI;, for each kWh of consumption above the

baseline load. The last term in this function refers to.the cost of DPT.

The constraint below enforces that the hourly purchases from the grid is always below the daily peak

demand E,

T'Rbuy = Ed N Yh. (3)

Q"
The set of time periods that are defined in each hour is shown with Q". Constraint (4) enforces a limit on

the power that can be purchased from the grid during each time interval by PMax

P™ <P, VYt 4)
The amount of electricity that the consumer purchases from the grid or sells to the grid can be respectively

expressed as follows:

Ptbuy - Z[ﬁrm +PIEWH + 2 (Ptv,Ch _Plv,home )+ 2 (Pl.s',Ch _Plx,home)_ EPV,home; Vf, (5)
hveQ” VseQ’
sell v,sell s,sell PV,sell |
P _VEVP’ + ESP, + PPVl V. ©6)
VEQ VseEQ

The difference between the household consumption and local production expresses the amount of power
purchase from the grid. Household consumption is composed of the firm load (Ifi™™), the consumption of the
EWH (PEWH) and the charging power of EVs (P”“") and ESSs (PS"). The local production consists of the
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power discharged from the EVs (P""°™®) and the ESSs (P"°™®) and the power production of PV (PFVhome),
which are considered for internal consumption. The selling power consists of the discharging power of EVs
(P*"y and ESSs (P! and the production of PV (PFV*®""), which are considered to be injected to the grid.

The set of the EV's and ESSs of the household are respectively illustrated with Q¥ and Q°.

Incentive-based DR programs influence the consumption scheduling in HEMS. The consumer can decrease
its daily energy cost by reducing the consumption. The equation below sates that the DR, is the difference
between the baseline load (15%5¢/"€) and the total purchase from the grid at hour A:

DR, = [} - 2 - P™, Vhe Q™. %)
1EQ

It is positive when the consumer reduces the load below the baseline load, and therefore reduces the daily
household energy cost in (2). DRy is negative when the end-user is consuming above the baseline load, which
means that the consumer will receive penalty for those hours according to the difference between the baseline
load and the actual demand from the grid. The set of hours that the retailer has offered incentives for demand

reduction is shown with QPR,

3.1. ESS operational constraints

The following constraints (8) and (9) enforce that the charging and discharging power of the ESS should

be respectively lower than PSS! and pS2h

Max Max
0< P <Py VseQ' VIET, (8)
0= PO < Pt P VseQ' VieT, )

where the binary decision variable xtS’Chand xts‘DCh respectively express whether the ESS is in charging or

discharging modes [50].
The restriction over simultaneous charging and discharging of the ESS is applied with

s,Ch s5,Dch
X4,

<1, VseQ'\VieT. (10)

The discharged power of ESSs can be used to serve the household loads or to be sold to the grid:

]_)ts,Dch 'r,]s)Ch - Bs,sell + Bs,home, VSEQY,VtET (1 1)
The stored energy in the ESS in the end of time interval ¢ depends on the remaining energy from the

previous period and the charging and discharging in that period. The following equations are used to calculate

the'state of charge (SoC) update function respectively in the first time interval and the remaining time periods:

t

SOC; :SOCIA;)itial T [77311 ’ PS’Ch - BS,DCh ] 5 VS e’ 7t = 1: (12)
SoC;=SoC} +7+[ney, - B = B> s Vs€EQ' ,VIET, 1 =1. (13)

The SoC of the ESS must be within a certain range represented by its minimum storage level (SoCyy;,) and

its capacity (SoCpjax) [50]. This limitation is imposed on the problem by the following constraint:
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SoCy;,, = S0C; < SoCy,,. VseQ' VET. (14)

3.2. EV operational constraints

The charging power and discharging power of EVs should be within the range of the charging and

discharging rates of the EVs. This limitation is formulated as follows:

OSBV’Ch st;;sh-xt“Ch; YWweQ' VieT", (15)
0< PP < P oD WeQ' VteT, (16)
where PUC"/P! is the maximum charging/discharging rate. The simultaneous charging and discharging of the
Max gimng ging

EVs is avoided with the following constraint:

Ch
X

+xPM <, YWweQ' VieT". (17)

t
The energy stored in the EV, while it is parked at home (i.e., during TV), can be used for household needs

or can be sold to the grid at market prices, i.e.,

v,Dcl v _pvsell v,home \ 1
Pt =P g priee YWeQ' VIET. (18)

t
Constraint (18) states that during the periods that the EV is plugged in at home, the discharging power
(PEV-Deh) s ysed in home (V2H mode) or injected to the grid (V2G mode).

The SoC update function is represented as follows:

SoC=S0C} ..uTT" [77Ch P = Ptv’DCh ]; WweQ't=a" (19)

Initial t

SoC'=SoC} +7 ey B - B | WEQ VIET 1 =a’, (20)
where equation (19) calculates the SoC of the EV at the end of the first time period after the arrival and equation
(20) calculates it for the remaining time periods. The SoC of the EVs’ battery should always be within a certain

range

SoCy,

vin =50C," < SoCy, YWweQ' VieT". 1)

Constraint (21) guarantees high battery efficiency during its’ lifetime [51]. Although an EV is very similar
to an ESS; in terms of operational scheduling, a few extra constraints should be enforced on the
charging/discharging status of EVs [51]. For instance, they are only available between the arrival and departure
time of the EV (T") or the SoC of the EV should be at the specific amount by the departure time. These two

characteristics are mathematically described as:

v,Ch
xt

+x"P" =0 WEQ' VT, (22)
SoC; = SoCy; YWweQ't=p4", (23)
where SoC}] is the required energy level of the battery at the departure time. Constraint (22) shows that during

the periods that the EV is not connected to the grid, charging and discharging tasks cannot be performed.
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Constraint (23) enforces that the EV should be charged to a specific amount when the user is taking the car for

daily trips (23).
3.3. EWH operational constraints

The model introduced by Du and Lu [7] is used to show the scheduling aspects of an EWH in a household.
The thermal dynamics of the EWH, considering the heat exchange with environment and with the cold water

inflows is formulated as follows [7]:

0" =6+ R-P™ ‘(Mn}mr )(H:‘ -6 )ep( Ty ) wiET "X

The thermal dynamics of the EWH is considered as a function of hot water usage, temperature of the
ambient, thermal parameters and the ON/OFF status of the EWH [7]. The impact of heat exchange with the
environment and cold inlet water on the water temperature inside the tank is also taken into account [9]. In this
equation, water temperature and the ambient temperature at period ¢ are respectively shown by 8" #and 62.

The average hourly hot water usage is shown with m,, and M denotes the capacity of water tank.

EWH is turned on to compensate the heat loss via the tanker walls and the heat losses due to the cold water
inflows, which are always followed by the hot water usage. Thermal resistance (R) and capacitance (C) are used
to model the thermal behavior of EWH. These parameters can be calculated with statistical and regression

techniques [7]. Another way is to obtain these values from the 2015 ASHRAE Handbook [7,52].

The load profile of the EWH is zero during the periods that it is in the OFF status and operates at its capacity
(Q) during the ON periods (xEWH = 1):

P =0-x"", Vt. (25)

t

The permissible limits of hot water temperature at each time interval are set by

O <@ <" V1. (26)

Low, ¢ Up,t *
Bfow and By’ " define the acceptable temperature range. They are chosen by the customer according to

their thermal preferences. [3]. Wider ranges provide more flexibility, while tighter ranges are desirable for

consumers whose thermal comfort is their first and foremost priority [3].

3.4. Rule-based HEMS

A simple rule-based approach is introduced for consumption scheduling. The main purpose of using this
approach for load scheduling is to have a benchmark for measuring the effectiveness of implementing the

proposed intelligent HEMS algorithm.

Algorithm 1. EWH scheduling.

fort = 1tot =n(T) withstep 1 do
load, « loadfir™ — pFV
XEWH

EWH EWH .
Py < X Q

Calculate FWH with (24)
if 6FWH > o5 then

EANRANF A A S
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7: xfWH < 0
8: end if
9: PEWH  xEWH. ¢

10: a « load, + PEWH

11: if a > PMaX then
12: xEWH 0
13: end if

14: PEWH  xEWH. g

15: load, « load, + PEWH
16: Calculate 8FWVH (24).

17: end for

Algorithm 2. EV charging scheduling.

1: fort=1tot=n(T) withstep 1 do
2 if t € TV then
3 if SOCY_; = SOCY do
4: S0C? < socy
5: Pyt <0
6: else
7 R « S0CY —S0Ct_;
8: ifR<7-n7," P,},’Ig)? then
9: PP R (1/n%)
10: Soct « socy
11: else
12: R
13: SOCY « SOCE, + -1k, - PPEh
14: end if
15: if PP % load, < PM%* then
16: Ptv.Ch P Ptv.Ch
17: else
18: Pyt « pMax _ Joqd,
19: SOCE < SOCE_, + 1 -1k, - PEh
20: end if
21: else
22: PYh <0
23: SOCf <0
24: end if
25: Adoad, « PP“" + load,
26: " end for

In‘this rule-based approach the PV generation is used in household and the surplus is sold to the grid. In
the first step the EWH load is scheduled as shown in algorithm 1. The cardinality of set T is illustrated by n(T).
The main constraints for scheduling are not violating the maximum water temperature and the maximum power

limit of the household.

Algorithm 2, which runs after the EWH scheduling is a heuristic algorithm for scheduling of the EVs’
charging. The EV that arrives first is charged first up to the desirable energy level by the departure time, and

again the main constraint here is not to violate the maximum household power limit.
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4. Test system

Load scheduling of a smart household with 17.25 kVA contracted power is carried out in this paper to show
the performance of the proposed intelligent algorithm. It is considered in this paper that the household includes
a small-scale PV system of 5 kW. The expected household firm load is obtained from the public data sets
provided by the Intelligent Systems Subcommittee of the PSACE IEEE PES [53] and were also used by
Fernandes et al. [54]. The PV generation over the scheduling horizon is presented in Figure 4. The PV
generation profile is taken from the installed rooftop PV system of GECAD research center. The scheduling
horizon is 24 hours and begins at 9:00 AM. The main reason for starting the scheduling horizon at 9:00 AM is
the arrival and departure of EVs, assuming that these actions happen chronologically in this time horizon, and
therefore the total connection time is within the scheduling horizon. The selected time slot for optimization is

5 min. Thus, the 24 hours scheduling horizon consists of 288 time intervals.

Power (kW)

——Firm load ——PV production

Figure4. Expected firm load and PV production of the smart household during the scheduling horizon

The prices under RTP and TOU. pricing are shown in Figures 5 and 6 respectively. The prices under RTP
scheme reflect price changes of a typical day in the Iberian electricity market (MIBEL) [55]. The day-ahead
prices are modified by assuming a fixed markup for the retail company. The tri-hourly price scheme of the EDP
Comercial, the incumbent Portuguese electricity retailer in the liberalized market, for a typical weekday is
considered with few modifications for the TOU pricing program [56]. This scheme consists of prices in three
categories of: normal, economic, and super economic. In Figure 6 normal prices are illustrated in red, economic

prices in blue, and super economic prices in green.
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502 By participating in incentive-based DR programs, the consumer receives the incentive plan in advance. The

503 proposed HEMS algorithm uses the incentive plan shown in Table 1. The plan indicates that the incentives are
504 . assigned to the hours when the consumption is below the baseline load, and penalties are assigned when the
505" consumption is above the baseline load. Consumers can benefit from the opportunity of receiving financial
506 ' .incentives for each kWh demand reduction below the baseline load. They are charged with the TOU prices for

507  ‘other hours during the scheduling horizon.

508 Table 1. Incentive plan.
Hours Incentive/Penalty Baseline load
(€/kWh) (kWh)
19:00 0.030 6.5
20:00 0.025 6.0
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0:00 0.020 9.0
1:00 0.042 8.5
2:00 0.035 8.1
5:00 0.026 7.5
7:00 0.032 8.0

The controllable household appliances are 2 EVs and an EWH. Characteristics of the EVs and the ESS are

shown in Table 2. EV 1 has less capacity and less charging/discharging rate compared to EV 2. In Table 3, the

built-in parameters of the EWH is shown.

Table 2. Built-in characteristics of the EVs and the ESS.

Brand Capacity Chf;‘t,g;ng Discharging rate Charging Discharging
(kWh) (KW/h) (kW/h) efficiency efficiency
EV1 Chevg\fpark 19 3.3 2.805 0.89 0.91
EV2 Ford Focus 23 6.6 4818 0.94 0.92
Electric
ESS - 46 4.5 3.8 0.86 0:85
Table 3. Built-in characteristics of EWH.[7].
Capacity Water tank Thermal resistance Thermal capacitance
(kW) capacity (L) (°C/kW) (kWh/°C)
4.5 400 1.52 863.4

The HEMS optimal load scheduling depends on the data that the user updates in a daily basis. This data

refers to some temporary features of the controllable-loads. These parameters are not permanent and change

day to day. The arrival and departure time of the EVs and the expected SoC of the EVs’ batteries at the arrival

and departure time should be updated in daily basis by the consumer or through some interfaces that may operate

with intelligent algorithms to predict these parameters. Table 4 shows the characteristics of EVs at arrival and

departure. The HEMS requires the forecasts/of water consumption and ambient temperature, in order to

schedule the EWH. for the-following day. Figure 7 shows the forecasts of ambient temperature [57] and the

expected daily water consumption [58].

Table 4. EVs' expected SoC at arrival and departure.

EVs' SOC (percentage of
Arrival | Departure the total capacity
time time
Arrival Departure
EV1 10:15 21:35 14% 87%
EV2 17:05 8:25 19% 91%
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Figure 7. Forecasts of water consumption and ambient temperature.

5. Case studies

The main reason for using HEMS in households.is to ensure customer benefits. This section provides
simulation results to demonstrate the performance ‘and the efficiency of the proposed framework. The proposed
algorithm can be used in HEMS and aims tominimize daily electricity cost of the users, without violating their

comfort levels.

5.1. Cases

In order to show the performance of the automated HEMS and the benefits of using an intelligent algorithm
to control the EV charging and consumption scheduling, 5 case studies are carried out. The main features of the
case studies are summarized in Table 5. In cases 1 and 2, the electricity consumer employs the rule-based
algorithm rather than the proposed intelligent algorithm to schedule the consumption and to manage the
charging of EVs. The only difference between these two case studies is the pricing scheme: case 1 is under RTP
scheme and case 2 is.under TOU pricing program. In cases 3 and 4, the proposed intelligent algorithm for the
HEMS is employed respectively for RTP and TOU pricing. Therefore, the first 4 cases are representing the two
HEMS models under the two pricing schemes. The outcomes of the 2 HEMS models can be compared with
each other when they operate under similar pricing program. In case 5, the customer is paying under TOU
pricing scheme and the incentive plans are also taken into account. It is also assumed that in all cases the
consumer can also sell electricity to the grid. The selling price can also be time variable, but for all case studies
a fixed price of 0.10443 €/kWh is considered for the selling price. This price is below the average price that the

consumer is buying electricity from the grid.
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Table 5. Features of the case studies.

allg(ili\;[hsm RTP | TOU | Incentive-based DR | V2H | V2G | PV | ESS
Case 1 Rule-based v - - - - v v
Case 2 Rule-based - v - - - v v
Case 3 | Optimization v - - v v v v
Case 4 | Optimization - v - v v v v
Case 5 | Optimization - v v v v v v

5.2. Results

The HEMS model is developed as a MILP problem. In MILP problems only some of the variables are
constrained to be integers, while the rest are allowed to be non-integers. In this problem, the integer variables
are used to model the charging and discharging status of the EVs and the ESSs and the ON/OFF status of the
EWH during the scheduling horizon. The computational complexity of the case studies is illustrated in Table 6.
In this table, the cardinality of sets is denoted by n(:). Obviously, the size of the problem changes under
incentive-based DR programs, since the number of variables and constraints to be considered changes. The
MILP optimization problems are modeled in GAMS 24.4.6 with the execution time of few seconds in a
computer with an Intel Xeon E5-2620 2.10 GHz processor with 16 GB of RAM and Windows 8.1. The problems
are solved by the commercial solver CPLEX 12 [59]. CPLEX uses a branch-and-cut search to obtain the global
optimal solution of a linear problem with integer variables. The branch-and-cut procedure manages a search

tree consisting of nodes, where each node is associated with a linear programming subproblem [59,60].

Table 6. Computational complexity of case studies.

Numbe‘:'aﬁifacboll;:inuous Num‘t):;:;ll;isnary Number of constraints
n(T)-(5+2n(2Y) n(D)-(1+20(Q) | a(T)-(7+10Q") +n(Q"))
Case studies 3
and 4 3 ")+ 2 ’ 8 T' )+ n(H) +n(Q"
+ ‘;‘n(T )+ + LEngn(T ) + \;n( )+n( )+ n(Q")
n(T)-(5+20(€)) n(D)-(1+20(Q) | n(T)-(7+10Q")+n(Q"))
Case study'5
3 W QDR 1 2 v 8 W v DR
+ v;n(T J+n(@)+1 | + ;n(T) ¥ Zgn(T J+ n(H)+n(Q") +n(Q™)

Table 7 shows the main outcomes for all case studies. The highest household energy cost with the lowest
peak hourly demand is identified in the first two cases, where the customer is using a rule-based HEMS to
schedule the consumption. The optimization-based approach obtains lower daily costs for the household energy
consumption under each pricing scheme, compared to the rule-based algorithm. The daily energy cost reduces
29.5% under the RTP scheme by using the optimization-based algorithm instead of the rule-based approach,

and under TOU pricing scheme the cost reduces by 31.5% when the optimization-based algorithm is
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implemented in the HEMS. The minimum cost and the highest peak hourly demand is observed in case 5, when

the consumer is buying electricity at TOU tariffs and participates in incentive-based DR programs.

Table 7. Comparison of case study outputs.

Peak hourly | EWH daily energy
Total V2G energy Total V2H energy
Cost [€] demand consumption
transaction [KWh] transaction [KWh]
[kW] [kWh]
Case 1 13.20 9.14 66.00 - -
Case 2 13.42 9.14 66.00 - -
Case 3 9.30 11.43 53.63 10.33 2.28
Case 4 9.19 9.41 53.63 12.95 2091
Case 5 8.63 12.29 54.00 0.02 6.97

The hot water temperature in the cases that the intelligent algorithm is used for the HEMS can vary in a
range between 46°C and 58°C. In the rule-based approach, the only characteristic that should be taken into
account is the maximum demand, which should not be violated. Figure 8'shows the ON_periods of the EWH
and the changes of the water temperature. Although in cases 1 and 2, the EWH consumes more energy (about
23% more) compared to other cases, the temperature goes below 46°C at 21:10; which means that the comfort

levels are also not maintained when the HEMS is not operating with an intelligent algorithm.
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Figure 8. EWH’s temperature and consumption schedule:

The SoC of the EVs is shown in figure 9. In cases 1 and2, which V2G and V2H is not possible, the curve
is only rising. In other case studies, the energy level of the EVs’ battery decreases in some periods due to the
power injected to the grid or to the house. As shownuin Table 7, highest amount of V2G and V2H energy
transaction are scheduled respectively for cases 4 and 5. In case 5 a significant decrease in the SoC of EV2 is
observed during hours 19 and 20. During these hours the firm load is high and the EWH is also ON, therefore
the HEMS schedules the energy stored in the EV2’s battery for V2H.
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Figure 9. EVs’ SoC during the connection time.
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The potential gain of the consumer from participating in incentive-based DR programs can be calculated
from the hourly load profile of the periods that the incentives have been assigned. Figure 10 shows the difference
between the baseline load and the scheduled consumption. Positive values that are shown by green bars denote
the periods that the consumption is below the baseline load and the negative values demonstrated with red bars
refer to the periods that scheduled consumption is above the baseline load. The consumer gains 1.07 € from
participating in incentive-based DR programs. The amount of electricity that is scheduled to be purchased from
the grid is shown in Figure 11. In case 5, during the periods that the retailer offers the incentives for demand
reduction, the scheduled power profile to be purchased from the grid significantly reduces. The amount of
energy purchase from the grid under each case study is shown in Table 8. In the rule-based approach, energy
purchases from the grid during the charging process of each EV, which begins after the arrival of the EV and
ends when the EV is charged to the requested amount, is higher than the optimization-based approach in the
same time window, though there is not significant difference among different case studies.in'terms of the total
daily purchase from the grid. EV1 arrives at 10:15 and is charged to 87% of the total battery capacity until 14:55
with the rule-based HEMS, and during this period 28.20% of the total purchase from the grid occurs. EV2
arrives at 17:05 and is charged to 91% of the total battery capacity until 19:45 with the rule-based approach,

and during this period 22.69% of the total purchase from the grid occurs.
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Figure 10. Difference between the baseline load and the scheduled consumption.
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609 Figure 11. Power purchase from the grid.
610 Table 8. Variations of power purchase from'the grid.
Cases 1 Case 3 Case4 | Case5
and 2
Daily purchase from grid (kWh) 102.89 108.70 111.80 97.75
Purchase during 10:15-14:55 kWh 29.02 11.55 0.11 0.21
(charging period of EV1 in
rule-based HEMS) ngﬁfy“;ﬁ"cﬁ;zze 28.20% 10.63% 0.10% | 0.22%
Purchase during 17:05-19:45 kWh 23.35 5.78 16.74 16.92
(charging period of EV2 in Percentage of the
0, 0, 0, 0,
rule-based HEMS) daily purchise 22.69% 5.32% 14.98% | 17.31%
611
612 The quality and accuracy of modeling the dynamic behavior of appliances are crucial to obtain optimal

613 solutions in a HEMS. Solving an.optimization-based HEMS model with high levels of accuracy based on a not
614 enough accurate model for the controllable appliances is useless [61]. However, there should be always a trade-
615 off between realism and complexity. In'the proposed HEMS for instance, a linear model is used to represent the
616 thermostatic behavior of EWHs. The purpose was to keep the linearity of the optimization problem.
617  Nevertheless, in some cases, the linearized models might not be able to fully represent the features of a

618 thermostatically controllable EWH.

619 Updating the HMES inputs based on the daily preferences of the customers also complicates the designing
620 process of the model. The proposed model has been tested to be robust enough to operate under different feasible
621 requests. of the consumer and make the optimal decisions while limiting the consumer in advance to make
622 impracticable requests. For instance, requesting the HEMS to schedule the full charging of the vehicle in a short

623 time or high water temperature despite using large amounts of water.
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6. Conclusions and future work

In this paper, an intelligent algorithm is proposed to manage the consumption of controllable loads with
energy storage capability, such as EVs and EWHs. This algorithm can be integrated into HEMS to help
household owners to automatically schedule the optimal load consumption and to ensure lower energy costs
while maintaining the comfort levels of the consumers and suiting their preferences. The performance of the
algorithm was verified by applying to a smart household and comparing the outputs with a rule-based approach.
The smart household model used in this study had a rooftop PV with an ESS in addition to the controllable
loads. The operation of the controllable appliances was controlled under RTP and TOU pricing programs. The
incentive-based DR programs were also taken into account when the customer is buying electricity under TOU

pricing scheme.

The proposed optimization-based HEMS, which was applied to an individual smart household, was able to
illustrate the impact of adopting an intelligent algorithm for consumption scheduling. The results verified that
under TOU pricing scheme, which is common in most retail electricity markets, the implementation of
incentive-based DR programs can be an alternative to RTP program. The household experienced lower energy
costs under this pricing scheme. EVs’ controlled charging influenced the power purchase pattern from the grid.
In the rule-based approach, the EVs are charged at the maximum charging rate after connection until being
charged to the required amount, but with the intelligent algorithm charging power can vary during the
scheduling horizon and the charging process can be scheduled for the whole connection period to minimize the
total energy costs. Automated DR programs may influence the load diversity and potentially result in creating
new peaks at least price intervals. This effect.has been controlled in the proposed model by considering the
network charge for peak demands. The inclusion of network tariffs in HEMS models is an element to avoid
high peak demands in periods with lower energy costs. Despite the higher energy costs in the rule-based

approach, the results show that the comfort levels were also not maintained.

Load management in this paper is entirely dependent on the signals received from the retailers in order to
decrease the energy costs. The proposed HEMS can be developed in the future works to incorporate the
operators’ requests, which are to cope with power quality, power imbalance, and network congestion
challenges. Future efforts will be mainly focused on developing the HEMS architecture by adding the dynamic
models of other controllable household appliances into the current model. The model also requires being further
improved by considering the uncertainty of the forecasted values used in the model. The effectiveness of the
proposed framework will be more investigated by carrying out more tests on the various categories of residential

consumers.
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