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Abstract

Standalone or residential microgrids (MG) are becoming increasingly common. Their
success is premised on optimal operational strategies like demand side management (DSM).
It is not uncommon in optimization problems to deal with competing objectives in the context
of multi-objective optimization. In a domestic MG, optimization objectives may encompass
minimization of OPEX, maximization of consumers’ utility, and minimization of CO2
emissions etc. This article employs a technique which transforms a bi-objective energy
optimization problem into a single objective problem then solving the problem using the
heuristic technique of binary particle swarm optimization (BPSO). The random phenomena
associated with the statistical load profiles and multiple renewable energy sources (RESs) are
modelled using established statistical ap-proaches. Results obtained using simulation show
that the pro-posed model can minimize the OPEX of isolated MG whilst sim-ultaneously

meeting the utility expectations of consumer.
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Introduction

Many countries are grappling with increasing demand for electricity whiles facing
diminishing fossil fuels reserves, aging transmission and distribution infrastructure, the need
for energy conservation, imperatives to reduce CO, emissions levels and general
minimization of environmental impact of energy generation [1][2]. Technologies to extract
electrical energy from abundant and freely available solar and wind energy have advanced to
the level that for their energy demand some e.g., the Nordic countries in Europe target to
have 100% RESs, [3][4][5] in the near future.

Intelligent microgrid technologies incorporating distributed energy resources (DERs) are one
of the possible means to mitigate energy demand challenges [6]. Typically, a microgrid
consists of loads, battery energy storage systems (BESS), Renewable Energy Generators
(REG) such as wind turbine (WT), photovoltaic (PV) modules, Diesel Generators (DGS),
Fuel Cells (FC) etc. A MG can operate in grid tied mode or in isolated mode [7]. The major
shortcoming of RESs is their intermittency [8], [9] and stochastic behavior. Due to this
stochasticity in both output and load, the uncertainties that impact the operation of MG
emanate from both supply and demand side. Within such an environment balancing supply

and demand requires systematic control and regulation [5][10]-[12].

Review of Previous Work

DSM has become a crucial methodology to balance supply and demand in MGs. This helps
to mitigate microgrid instability that can be induced when demand is more than generation or
the reverse. Excess energy supply can also result in “spill-over” problems which induce
instability in QoS parameters such as voltage profile and frequency. The enabler of DSM is
information and communication technologies (ICT), as well as advanced smart metering
technologies (ASMT) [2]. For successful implementation, DSM depends on pricing models
that incentivize optimal usage of electrical power according to on-peak or off-peak demand
times. Tariffs such as Critical Peak Pricing (CPP), Real Time Pricing (RTP), Inclining Block
Rate Tariff (IBRT) and Time of Use (ToU) are commonly used,[13]. Without energy
management in MGs reliability, power quality, sustainability will suffer impairing the very
growth of these environmentally friendly technologies.

System that manage customer consumption of power in response to supply conditions

are generally referred to as Demand Response (DR). DSM is a broader concept than DR as it
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encompasses techniques that include energy efficiency whereby energy consuming devices
automatically adjust their operating regimes within the order of seconds with the objective of
increasing the diversity factor for a given set of loads [14]. The literature [15][16][17][18]
give expositions of developments in pricing signals for electricity distribution systems and
reviews some of the available demand-response programmes. Studies on relevant DR smart
technologies and markets are covered in [19] [20]. The authors demonstrate the extent of
energy savings and other efficiencies. attainable Traditionally DSM was applied to energy
consuming loads with the SG hosting easily controllable energy sources such as PV, WT and
BESS. More flexibility for DR is introduced from the generation side. The operational
strategy of MGs in the context of DR involves optimization, which considers all the
components in addition to the traditional loads. Optimization simulations [21] using GA
algorithm have shown that DR based on traditional load curtailment can achieve reduction of
grid power whiles simultaneously increasing RES supply to the grid.

A critical analysis of state-of-the-art techniques for power scheduling in smart homes is
provided in [22][23] with possible future directions for research. Of the many exact, games
theory approach and metaheuristic DR algorithms techniques [24][25], the literature lacks
clarification on the suitability of methods applicable to specific real practical problems. For
simpler models focusing on a single time instant optimization, the optimal solution can be
found easily in closed form or by polynomial algorithms [26]. However, optimization
problems that investigate discrete time horizon consisting of none homogeneous time periods,
use heuristics solvers which sometimes result in suboptimal solutions, [26].

With DSM, the focus is the interaction between the overall microgrid control vs demand
experienced by different end-user sub-microgrids. Exact load demands are hard to know, yet
the elasticity of the systems will be low without demand management and QoS may also
worsen [27]. Direct load control methods can deal with unpredictable load changes, but they
compromise users’ comfort [16], [28]-[31]. Various microgrid control methodologies have
been enunciated in the literature [32][33]. Heuristic techniques [34] dominate the landscape.
Demand compensation and proper energy marketing models are still subjects of much active
research [35].

The development of smart ways of energy utilization at the consumer end is a top priorities
across the globe e.g., the European Strategic Energy Technology Plan [36] and by extension
realization of Renewable Energy Directive Il [37]. The concept of Smart Home (SH) towards
energy efficiency has gained global traction. SH refer to residences, apartments, etc. [38]

equipped with smart meters, controllable loads, RES or BESS systems making-up
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autonomous, and reliable energy supply systems [39] [40][41]. Key variables in these
systems i.e., RES yield, electricity market price and residential consumers’ energy demand
are stochastic in nature. Home Energy Management Systems (HEMS) to schedule local
generation and consumption are therefore imperative. [42]. Some of the energy management
algorithms are explored in [43].

Various DR methods targeted at load flatting and peak clipping, have made it feasible for
prosumers in the residential and other sectors to accrue financial benefits by selling
electricity to the grid or optimizing usage of costly grid electricity [44]. An algorithm for
utilities and prosumers to reduce demand at specific times when aggregate network load
demand is high is presented in [45]. The algorithm is based on Day Ahead (DA) energy cost
minimization via optimizing energy consumption in SHs equipped with AMI and smart
appliances. In this instance the optimization algorithms only flatten the load curves, the duel
problem of cost reduction still requires matching ToU tariffs carefully designed by the
electricity utility. Success of the optimization plus attractive tariffs can entice consumers into
flexible and pay less energy saving DSM schemes.

The contributions of this paper is that a grid-tied microgrid under DSM is modelled
subject to load uncertainties and REGs. Binary particle swarm optimization is used on the
dual probabilistic problem involving both load and RES generation uncertainty. Dynamic
Weighted Aggregation (DWA) is applied to deal with dual-objectivity of the optimization
problem [46]. Constraints of power-shiftable appliances, time-shiftable appliances are
subject to user choices.

The subsequent sections of the paper are organized as follows; Section Il illustrates structure
of a radial grid-tied residential MG architecture and model elements. Section IV formulates
the mathematical optimization problem and outlines the solution technique. This is followed

by section V and VI where simulation results and conclusions are done.

Grid-Connected Residential MG

Fig.1 shows a schematic of a typical MG model. The MG has WTs, PV generating modules,
DEs, MTs, BESS, and smart households where each household has AMI. The microgrid has a
central Microgrid Network Controller (MGNC) that co-ordinates the ICT infrastructure. The
model considered in this paper has N smart prosumers. Each prosumer has installed a smart
meter (SM) to which various smart appliances connect. A network aggregator links all N

smart meters in a neighborhood. It receives consumption information from all households and
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forwards the same data to Central Control algorithm for optimization of the MG operation.

Optimization and optimal scheduling of household appliances is done by the aggregator.

as, afl, ¢t Djf etc. are unit consumption parameters for each MG.
A. WTs and PV Stochastic Power Generation
Both the WTG and PV output power depend on stochastic wind velocity and solar radiation
phenomenon. Due to this behavior, the power output of the two RES are represented by
stochastic models such as Weibull, Beta, and Log-normal pdf. Wind and solar power
generation are modeled by the Weibull distribution function [47] and Beta distribution
function respectively [48][49]. In each hour the required pdf parameters of wind variation and
solar irradiation are estimated from the previously hourly data. The models of wind and solar
power generation are given by (1)-(3). The Weibull pdf distribution function £,,(w) at the t"
hour and wind speed w is mathematically represented as;
fun =) e W= @

0, otherwise
v is the shape, and A the scale parameters respectively at time t. The Weibull distribution
interpolates between the exponential and Rayleigh distributions and for certain shape values
of vand A, the Rayleigh distribution is closer to the wind distribution function. Based on
estimated speeds the generated power from the wind can be estimated by (2).

0, vy V>V
B, =<b (vr—vm)’ Vin SV < Vpy (2)

P., otherwise

V—Vin

Pr is the rated WT power output. v, rated speed, wv, is rated cut-in and v, is rated cut out
wind turbine speed.

The Beta probability density function (3) [2], is a continuous
distribution function characterized by shape parameters. It is used to model uncertainty of
success of an event of which there are two outcomes, either success expressed by x or failure
expressed by 1 — x. In (3), the beta density function, a and b are the lower and upper limits of

the solar irradiance data respectively. p and q are shape parameters of the Beta distribution
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Fig. 1. Configuration of the residential MG model
function. x is the variable under analysis i.e. solar irradiance. The estimation of the shape
parameters p and g given solar irradiance data is done from the moments’ method[5],

1 (-’ (p-x)""

96D =S marrT
, _x—a
¥ Th-a
B(p,q) = [y x7 7+ (1 - x)7 dx’ 3)

where 0 <x'<1 for p>1 and g > 1. Integration of (3) configures the probability
distribution function of solar irradiance for the occurrence for any value of irradiance, x
within the considered interval. The hourly produced energy B,, from the PV module is

expressed as,

By =MPpyy - fov (G:STTC) ' (1 — o, (Tc(t) — 250)) (4)
n is efficiency and Ppy . is rated power output of PV panel under STC. fp, () is the
derating factor of panel, G is solar radiation on a tilted surface, Gr sy is radiation under
STC. T,(t) is the PV cell temp temperature at time t. The power from the PV station will be
the integral of (4) multiplied by the Beta (3) pdf. Over a period, the average PV energy is

average power times the number of hours.

B. Uncertainty modelling of Non-Shiftable Loads (NSA).

One of the main hurdles of modelling home electricity load curves is availability of load data
for given occupancy. The demands of data requirement has limited the implementation of
current approaches [50]. Load curves depend on occupancy and consumption activities. Over

prolonged time periods, electricity consumption dependents on external variables that
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evidently have similar diurnal patterns over successive years such as the mean outside
temperature and daylight hours [3]. The domestic daily electricity consumption is easily
obtained from household monthly/seasonal energy bills. Over 24 hours, the load pattern has
generally four identifiable zones, [50] [51][52][53].

Kernel estimators smooth out the effect of each detected data point within a local region of
that point. The influence of the actual data point x; to the estimate at a point X; depends on
how far apart x; and x; are. The degree of this influence is dependent upon the shape of the
kernel function adopted and the bandwidth it is accorded. The Kernel Density Estimation
(KDE)[54] is a nonparametric estimation technique[2] whose pursuit is to approximate a pdf
Y(x)from data observation barring assumptions on prior knowledge of shape of the data
distribution. This estimate P(x) of W(x) is constructed from n data points as;

X—X;

iKW, u=—= )

=~ 1
Lp(x) - E =1 2

Where X; = X;,X,,...,X,, are n sample observed data points A € (0, ) is bandwidth. The
kernel function K(*) is a non-negative function such that ffoooK = 1. A number of choices

for the Kernal function exist such as uniform, triangle, epanechnikov but the gaussian kernel
(6) is used.

K(w) = —=Exp(-u?) (6)

The value of the bandwidth A is estimated using Scott’s rule of thumb[55]. The bandwidth of
the kernel is afree parameter with a strong influence on smoothness of the resulting
estimate. Small A leads to spiky estimates (not much smoothing) while larger A lead to over

smoothing.

0.2

=) g

3n

G is standard deviation and n is size of observed data [2]. Optimal bandwidth is commonly
chosen using Asymptotic Mean Integrated Squared Error method (AMISE). Power
demanded from a MG is uncertain given the random daily demand of various prosumers and

weather elements.
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C. Uncertain MG load Model

Currently, it is often difficult to obtain private domestic energy consumption demand data.
House electricity usage depends on activities of the occupants and appliances that are
switched on at a given time. Load models of domestic electricity consumption can be derived
from active occupancy patterns, and activity profiles. A synthetic and reconfigurable high
resolution electricity load demand generator accounting for main home appliances freely
downloadable[56] was used. This model can be re-configured to own requirements.

Other load modeling methodologies underpinned by requiring smaller samples of individual
demand profiles can be processed with highly-efficient synthetic demand simulation models
[57]. Such methods can be applied to yield high-resolution individual synthetic profiles,
which in turn can be used to generate aggregated demand profiles. Prediction engines like
ANN can self-learn then carry out prediction upon training. In smart homes they can be used
to forecast the PV power yield and load demand. The literature has many types of ANN for
such applications [58].

The uncertain hourly load for both time shiftable appliances(TSA) and power shiftable
appliances (PSA) can be represented by normal distribution [50]. The total load demand of
none-shiftable loads (NSA) imposes the most random constraints in the model. For a variable

x, with mean g and standard deviation o the normal distribution function is;

_(x-m?

fO) =ap=e 2 8)

For a given MG, if the corresponding half hourly normal distribution parameters are j; and

o; then the overall MG daily load can be formulated as;

()’
fL) =3k | ag—=—e 27 +B

V2T

(9)
B; is a base load peak shifting parameter and «; is the peak scaling factor of the synthesized

load, Figure 1.
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Figure 1.House synthesized Load using Gaussian pdf Kernel
From the top in Figure 1, the total, morning and afternoon synthesized loads using normal
distribution kernel.
Optimization Formulation

A. MG Cost function

The optimal strategy is formulated with dual objectives i.e. minimization of daily operational
cost and minimization of consumers’ discomfort each day. The cost is made up from REGs
and costs elements from energy trading with  the main grid as the MG can be buying or

selling electrical energy. This objective function is formulated as; minimize,

N
Z{fﬂpfm +0F + mFESH+ {e{,‘Pfhg o Jat
1i=1

H
Cp =
(10)

P!, QF and QF,, are the output power, generation and storage costs of i dispatchable REG
at time instant h. P}‘g and Pt’}q represent power sold to and bought from the main grid at
time h. e€ (R/kWhr) is the maintenance cost of the i"" REG. H is the number of time slots in
aday, e} and el are unit buying and selling energy price. ESt’;,dl-s is discharge rate over

time h of storage systems and mE is the unit maintenance cost.

B. Consumers’ Comfort Index Formulation
To the consumer, satisfaction in the DSM process means acceptable levels of comfort due to
delayed appliances on-time. The mathematical measure of this comfort is normally an index

whose value lies between 0 and 1. Zero means complete discomfort, and 1 the opposite. For
an appliance with x,’éai nominal power consumption, and x’Z,ai curtailed power during the ht"

time interval, discomfort or dis-utility function can be formulated as (11) or (12). The
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parameter, w, depends on type of appliance and the function has a minimum of zero when

they is no deviation meaning power is supplied as demanded.

1h 2
U= (X7 g, — X'ea,) or (11)
L= |Tsi}:art,ai - Tehnd,ail (12)
U
Y= Z{V=n ElTs’}:aTt,ai - Tehnd,ail (13)

The comfort function due to an appliance on-delays [30] at t = h can be formulated as in
(12). For all the N appliances of a household in each interval, this can be re-formulated as
(13). An alternative formulation [59] of user comfort as a function of delay is according to
(14).

Z?’=n E|T1ilnscheduled starta; s}i‘heduled start,a; | "

N ‘h
zi=1 tscheduled start,a;

Y= , (14)

Wherep =1, &= 1 aredesign cost factors per choice.
Combining (12) and (13) gives the discomfort due to appliances switch-on delays and power
curtailment as,

Discomfort = v+Y (15)

B. DSM load shifting
Table 1. Appliances Loading details

Operating Interval
CLASS OF Rating,
APPLIANCE |Hour kw t_ON t_OFF LOT |Diversity
Lighting: Single x 20 0.8| 18:00 6:00 5 1.00
Fridges 0.7 1:00 0:00| 12 1.00
PC's 0.3 1:00| 24:00:00f 8 0.83
None Stove:Large Plates 2.1 6:00 22:00, 3 0.83
Interuptable |Washing Machine 2.3 1:00 22:00| 2.5 0.33
Appliances |Audio Sets 0.45 1:00| 24:00:00f 5 1.00
TV 0.1 1:00| 24:00:00 6 1.00
Microwave 1 6:00 22 1 0.67
- Dishwasher 1.5| 15:00{ 22:00:00| 2.5 0.83
é Oven:Bake Element 1.5| 14:00 16:00/ 0.5 0.67
=3 Oven:Grill Element 1.5| 14:00 16:00| 0.5 0.50
S | Interruptable
(=3 K Oven:Warmer 0.4| 16:00 22:00, 0.8 0.83
w | Appliances, <=1
2 Hour Kettel 2 6:00 23:00| 0.5 1.00
8 : Tooster 0.8 6:00 18:00] 1 0.53
w
Cell Phone Chargers | 0.084 1:00| 24:00:00f 5 0.17
Washing Dryer 1.2| 18:00 6:00f 4 0.13
Heater 1| 18:00 23:00, 5 0.33
. Geysor 3| 5:00 20:00 6 1.00
Flexible -
. Ironing 1.5 6:00 16:00| 3 0.20
Appliances, =>2
. Vacuum Cleaner 2 6:00 15:00] 2 0.17
Hr Interruption
Pool Pump 0.75 1:00 12:00| 8 1.00
Air Con 2.5| 10:00 23:00| 12 0.67
Others 0.25 1:00| 24:00:00] 8 1.00
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Home appliances can be shifted in time(TSA) or power(PSA) level or both. In each
MG/home identify N;s, and N, g, as the number of TSAs and PSAs. The set of shiftable
appliances can be defined as Ag, ={1,2,3,..., Ny, Nesn + L, Nesn + 2,..., Negn + N s }-
Only the sequencing is represented here. For each appliance, the power consumption vector
over an H-hour period is defined by;
Xiq = |a} o 2 g, .. all ] forall appliances in Agy, (16)

The start and stop time of shiftable appliances for the k'™ consumer are confined to the time
window, TX = [Tenai  Tstarti]. The daily energy consumption L, over the operation time

window T¥of each appliance is given by (17),

TK 4 -
end,i l

i=Tk 3 xk,a (17)

start,i

Lk=

The time constraints over which the i** appliance can be scheduled is expressed as (18);

xh- ={ 0 ifhsj('end,i
kel 0 if h 2:T;tart,i ’

h e [gzstart,/i 7:;ﬂnd,fi]
Depending on the type of appliance, they is a general delay of At; , a multiple of the

0O<h<H (18)

stepping operational time interval, h. For each appliance they is an upper and lower bound to
the power consumption according to (19),

AL < < AMAX =12, ..,1; (19)

Each k' consumer's i*" appliance, a,; has a scheduling horizon between the time interval
[Tenai Tstarti]. However, the actual scheduling range of each appliance depends on its
LOT. We can denote scheduling horizon of any of the appliances by (19). ToU tariff is
applicable in this model such that cost of a unit of energy consumed in each time interval h —
1 <t<h changes but it’s known a priori to the HEMS. If e” represents this unit cost of
energy per hour for the k™ household, then the total hourly load (2, for all n-appliances is
I =%"qal .  The total daily load £L,, for the k'™ household is given by (17). The
corresponding hourly and daily costs of
energy consumption of all appliances are given by (21) and (22) respectively.
Ly =Y X7 aj (20)

The corresponding hourly €%, and daily costs C,, for the k™ consumer are; Hourly cost for
all n-appliances,

Cp =Xie - aj (21)
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Cp=Xh-1 20" ap, (22)
We consider the k™ smart home with smart appliances a, € {ay}i=1 .., Where each
appliance has its LOT, 7;. Using 7;’s flexibility and operating time constraints, we can
divide these appliances into categories or operational regimes for better scheduling and

energy management, [60][61].

C. Appliance Scheduling Algorithm
The objective is to minimize the electricity cost given in (10) subject to a tolerable maximum

switch delay time in (18). (naxa, < H — Bo,- The on or off state of an appliances is

represented by,

Aq, =

0 if off
{ 1 if on (23)

PSO is a heuristic optimization technique based on swarm intelligence concepts. It is used
solve high dimensional NL optimization problems where analytical methods experience slow
convergence due to high dimensionality. Binary Particle Swarm Optimization (BPSO) is a
discrete domain version of PSO. BPSO depends on four parameters i.e. the particle initial
position, velocity, best position, and global best position among rest of the particles.
Initialization parameters were adopted from[12]. In general, we take each particle or feasible
solution as being associated with N variables. The optimum point is tested by moving the
particle in N-dimension space. Each particle can take the binary value 0 or 1. For a swarm
with M particles, each particle’s initial position vector P; and velocity vector V; are random.
Each particle/feasible solution looks for the best feasible solution/particle in the vicinity
according to valuation of objective function, this is the local best particle/feasible solution
with co-ordinate, y;, = {Xbl:)(bz'---be(M—l)lf)(bM}- The most optimal of the positions or
feasible solutions is called the global best and its co-ordinate is designated yx,;, =
{Xgb1, Xgb2---» Xgpu—1)1, Xgom }- EaCh of the two positions particle update their velocity
using (24);

VI G) = pVRG) + erri () — PG xgn () = SEG) (24)

Where V/**1(j) is the j" element of the velocity vector of the i particle in the (h+1)"
iteration. S!(j) is the position of the ji element of the it" feasible solution/particle in the h™"
iteration and r; and r, are random numbers with magnitude not greater than 1. ¢; and c, are

pulls for the local and global best solutions respectively. p is the weight of the particle’s

momentum and it is calculated as;
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t
P = Pinitiar +7— (Pfinat — Pinitia) (25)

ax

The parameter t represents the current iteration and t,,,,, iS maximum number of iterations.
SI(j) is a binary function which in unity when , Sig (Vih“(j)) > r; otherwise its zero. The

sigmoid function is defined by [62],

1
140

sig (V/*1()) = (26)

The velocity of the feasible point is confined to some maximum and minimum speed. The
fitness for each feasible point is computed from the objective function (10). Feasible
solutions are ordered in accordance with their fitness. When t,,,, iterations have expired, the
best feasible solution X ,.s. is chosen as the optimal solution. X; s is a binary code that
specifies on/off status of appliances for optimality in every period h . Every instance the

algorithm tries to utilize the RESs to minimize costs.
Simulation Results

The sizes of DG REGs used are adapted from [10]. The respective capacities of PV, WT, DE,
MT and BESS are 2kW, 3.2kW, 4kW, 4.4kW and 4.8kW i.e. combined capacity of 18.3kW
or 60A single phase load limited system. ToU tariff employed in the model is depicted in . In
this simulation, each smart home has 2 PSAs and 3 TSAs. From the data in Table 1, those
appliances are randomly selected.

In Figure 3 is shown a typical day’s consumption load curves under various optimized
scheduling. For the unscheduled scenarios as expected consumption is high during in the
morning and evening hours resulting in high energy cost. Once scheduling is introduced
using BPSO, PSO or IBFO, consumption and hence cost in the same order. Shifting of peak
load in the optimized cases is also evident. Clearly the DSM algorithms reduce the cost. Of

the three techniques the BPSO is more promising.
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Figure 3. Simulated Results with and without DSM with different techniques

Conclusion

The benefits of optimization for the MG optimal has been simulated on three scenarios with
and the other without demand side management scheme. In each case we seek to
simultaneously optimize MG operational costs and consumers’ utility.

This problem is cast as a multi-objective optimization problem subject to uncertain load and
renewable energy generation. DSM can potentially mitigate operational costs incurred
without bit. However, there is a significant reduction in the operational costs with PSO
compared to the uncontrolled case. The consumer sacrifices some comfort, nevertheless. The
PSO and IBFO techniques give somewhat convergent results. The microgrid OPEX reduces
by a margin of 7.3% compared to uncontrolled case and the utility index(Ul) improves by
13.5%. The simulated scenarios show that the controlled microgrid with DSM can enable

lower OPEX with maximized utility given the stochastic nature of the problem.
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This article utilizes optimization techniques for MG with RES. The random nature of both
RESs and load are jointly considered with the help of statistical paradigms. When DSM is
introduced different categories of appliances are included with hard constraints of different
smart home appliances. The paper concludes by looking at the DSM effectiveness of three
different heuristic techniques which clearly show the potential cost serving under such DSM
regimes. The optimization problem is solved using heuristic techniques. In terms of
performance of the scheduling algorithms is seen that it tries to shift load from peak to toff-
peak periods. Simulation results show that, the electricity load is substantially reduced

References

M. Uslar and K. Heussen, “Towards modeling future energy infrastructures - The ELECTRA
system engineering approach,” IEEE PES Innov. Smart Grid Technol. Conf. Eur., 2017.

X. Yuan, C. Chen, M. Jiang, and Y. Yuan, “Prediction interval of wind power using
parameter optimized Beta distribution based LSTM model,” Appl. Soft Comput. J., vol.
82, p. 105550, 2019.

T. Kerdphol, F. S. Rahman, M. Watanabe, and Y. Mitani, “Robust Virtual Inertia Control of a
Low Inertia Microgrid Considering Frequency Measurement Effects,” IEEE Access,
vol. 7, pp. 57550-57560, 2019.

J. A. Taylor, S. V Dhople, and D. S. Callaway, “Power Systems Without Fuel,” pp. 1-15.

M. U. Afzaal et al., “Probabilistic generation model of solar irradiance for grid connected
photovoltaic systems using weibull distribution,” Sustain., vol. 12, no. 6, 2020.

M. A. A. Al-jaafreh and G. Mokryani, “Planning and operation of LV distribution networks :
a comprehensive review,” pp. 1-14, 2019.

A. Dolara, F. Grimaccia, G. Magistrati, and G. Marchegiani, “Optimization Models for
islanded micro-grids: A comparative analysis between linear programming and mixed
integer programming,” Energies, vol. 10, no. 2, 2017.

C. Essayeh, M. Raiss El-Fenni, and H. Dahmouni, “Cost-Effective Energy Usage in a
Microgrid Using a Learning Algorithm,” Wirel. Commun. Mob. Comput., vol. 2018,
2018.

A. M. Carreiro, H. M. Jorge, and C. H. Antunes, “Energy management systems aggregators:
A literature survey,” Renew. Sustain. Energy Rev., vol. 73, no. December 2016, pp.
1160-1172, 2017.

G. Frey and S. Member, “Load Control for Supply-Demand Balancing Under Renewable
Energy Forecasting,” pp. 365-370, 2017.

S. Parhizi and A. Khodaei, “Market-based microgrid optimal scheduling,” 2015 IEEE Int.
Conf. Smart Grid Commun. SmartGridComm 2015, pp. 55-60, 2016.

G. Hafeez, N. Javaid, S. Igbal, and F. A. Khan, “Optimal residential load scheduling under
utility and rooftop photovoltaic units,” Energies, vol. 11, no. 3, pp. 1-27, 2018.

S. Singh, A. Namboodiri, and M. P. Selvan, “Simplified Algorithm for Dynamic Demand
Response in Smart Homes under Smart Grid Environment,” 2019 IEEE PES GTD Gd.
Int. Conf. Expo. Asia, GTD Asia 2019, pp. 259-264, 2019.

S. F. Bush, Smart Grid communication-enabled intelligence for the electric poer grid,
Http://www. New Delhi: John Wiley & Sons, 2015.

N. Gunantara, “A review of multi-objective optimization: Methods and its applications,”
Cogent Eng., vol. 5, no. 1, pp. 1-16, 2018.

J.W.B.and J. L. W. M. Ilic, “Potential benefits of implementing load control,” in 2002 IEEE

6539



J.

On Demand and Supply Management in Domestic Microgrids

Power Engineering Society Winter Meeting. Conference Proceedings (Cat.
No.02CH37309), 2002, pp. 177-182.

Aghaei and M. 1. Alizadeh, “Demand response in smart electricity grids equipped with
renewable energy sources: A review,” Renew. Sustain. Energy Rev., vol. 18, pp. 64-72,
2013.

for peak load optimization in smart grid,” IEEE Trans. Ind. Informatics, vol. 14, no. 8, pp.

G

G

Y

O T >» X

oy

3447-3458, 2018.

. Zhang, C. Jiang, and X. Wang, “Comprehensive review on structure and operation of
virtual power plant in electrical system,” vol. 13, pp. 145-156, 2019.

. Messinis, A. Dimeas, N. Hatziargyriou, I. Kokos, and I. Lamprinos, “ICT tools for
enabling smart grid players’ flexibility through VPP and DR services,” Int. Conf. Eur.
Energy Mark. EEM, vol. 2016-July, pp. 1-5, 2016.

Y. Y. Y. Wang, Y. Huang, Y. Y. Y. Y. Wang, F. Li, Y. Zhang, and C. Tian, “Operation
optimization in a smart micro-grid in the presence of distributed generation and demand
response,” Sustain., vol. 10, no. 3, 2018.

. Deng, Z. Yang, M.-Y. Chow, and J. Chen, “A Survey on Demand Response in Smart

Grids: Mathematical Models and Approaches,” IEEE Trans. Ind. Informatics, vol. 11,
no. 3, pp. 1-1, 2015.

Naser et al., “Optimization methods for power scheduling problems in smart home:
Survey,” Renew. Sustain. Energy Rev., vol. 115, no. July, p. 109362, 2019.

. P. Esther and K. S. Kumar, “A survey on residential Demand Side Management

architecture, approaches, optimization models and methods,” Renew. Sustain. Energy
Rev., vol. 59, pp. 342-351, 2016.

. Deng, Z. Yang, M. Y. Chow, and J. Chen, “A survey on demand response in smart grids:

Mathematical models and approaches,” IEEE Trans. Ind. Informatics, vol. 11, no. 3, pp.
570-582, 2015.

. Kovacs, “On the Computational Complexity of Tariff Optimization for Demand Response
Management,” |IEEE Trans. Power Syst., vol. 33, no. 3, pp. 3204-3206, 2018.

. Ye, D. Papadaskalopoulos, and G. Strbac, “Investigating the Ability of Demand Shifting
to Mitigate Electricity Producers” Market Power,” IEEE Trans. Power Syst., vol. 33,
no. 4, pp. 3800-3811, 2018.

Marcello and V. Pilloni, “Sensor-Based Activity Recognition Inside Smart Building
Energy and Comfort Management Systems,” IEEE 5th World Forum Internet Things,
WEF-1oT 2019 - Conf. Proc., pp. 639-643, 2019.

. Ayon, J. K. Gruber, B. P. Hayes, J. Usaola, and M. Prodanovi¢, “An optimal day-ahead
load scheduling approach based on the flexibility of aggregate demands,” Appl. Energy,
2017.

. Zhang, Y. J. Gong, Y. Zhou, and Y. Lin, “A distributed coevolution algorithm for black
box optimization of demand response,” IEEE Access, vol. 7, pp. 51994-52006, 2019.

. Jamil et al., “An Innovative Home Energy Management Model with Coordination among
Appliances using Game Theory,” Sustainability, vol. 11, no. 22, p. 6287, 2019.

. Pourbabak, T. Chen, and B. Zhang, “Control and Energy Management System in
Microgrids,” 1882.

. K. Molzahn et al., “A Survey of Distributed Optimization and Control Algorithms for
Electric Power Systems,” IEEE Trans. Smart Grid, vol. 8, no. 6, pp. 1-1, 2017.

. KHAN and P. SINGH, “Selecting a Meta-heuristic Technique for Smart Micro-grid

Optimization Problem : A Comprehensive Analysis,” Renew. Sustain. Energy Rev, vol.
5, pp. 13951-13977, 2017.

. Irawati and A. Definition, “Study Trends and Challenges of The Development of

Microgrids,” pp. 383-387, 2017.

6540



An Analysis of Block Chain Technology Influence on Supply Chain Management: A Review

C. Wilson, T. Hargreaves, and R. Hauxwell-Baldwin, “Benefits and risks of smart home
technologies,” Energy Policy, vol. 103, no. April, pp. 72-83, 2017.

A. Monti and B. Martinez Romera, “Fifty shades of binding: Appraising the enforcement
toolkit for the EU’s 2030 renewable energy targets,” Rev. Eur. Comp. Int. Environ.
Law, vol. 1, no. February, pp. 1-11, 2020.

K.P,P. M, and B. E, “SMART HOME: Energy Measurement and Analysis,” pp. 1-5, 2020.

C. Yang, C. Meng, and K. Zhou, “Residential electricity pricing in China: The context of
price-based demand response,” Renew. Sustain. Energy Rev., vol. 81, no. April 2016,
pp. 28702878, 2018.

I. C. P. Mendoza, S. M. Timbol, and M. J. C. Samonte, “ImHome : An IoT for Smart Home
Appliances,” pp. 761-765, 2020.

D. Tripathi, A. K. Maurya, A. Chaturvedi, and A. K. Tripathi, “A Study of Security Modeling
Techniques for Smart Systems,” Proc. Int. Conf. Mach. Learn. Big Data, Cloud
Parallel Comput. Trends, Prespectives Prospect. Com. 2019, pp. 87-92, 2019.

D. Thesis, “Energy Management and Consumer Modeling in Smart Grid Systems Declaration
of Authorship,” no. February, 2017.

S. Kazmi, N. Javaid, and N. Alrajeh, “Towards Optimization of Metaheuristic Algorithms for
loT Enabled Smart Homes Targeting Balanced Demand and Supply of Energy,” IEEE
Access, vol. 7, pp. 24267-24281, 2019.

R. Carli and M. Dotoli, “Decentralized Control for Residential Energy Management of a
Smart Users * Microgrid with Renewable Energy Exchange,” IEEE/CAA J. Autom. Sin.,
vol. 6, no. 3, pp. 641-656, 2019.

S. V. Oprea, A. Bara, G. A. Ifrim, and L. Coroianu, “Computers & Industrial Engineering
Day-ahead electricity consumption optimization algorithms for smart homes,” Comput.
Ind. Eng., vol. 135, no. June, pp. 382-401, 2019.

E. Strategies, “1042 evolution strategies ¢j7£¥'§ © ¢ ©,” vol. 0, pp. 1042-1049.

M. Latifi, A. Khalili, A. Rastegarnia, S. Zandi, and W. M. Bazzi, “A distributed algorithm for
demand-side management: Selling back to the grid,” Heliyon, vol. 3, no. 11, 2017.

R. F. Chidzonga, “Energy Optimization for a Smart Home with Renewable Generation.”

B. Lokeshgupta and S. Sivasubramani, “Optimal operation of a residential microgrid with
demand side management,” Proc. 2019 IEEE PES Innov. Smart Grid Technol. Eur.
ISGT-Europe 2019, 2019.

J. Dai, “23 rd International Conference on Electricity Distribution SIMLULATION OF
DOMESTIC ELECTRICITY LOAD PROFILE 23 rd International Conference on
Electricity Distribution,” no. June, pp. 15-18, 2015.

H. M. Ruzbahani, A. Rahimnejad, and H. Karimipour, “Smart Households Demand Response
Management with Micro Grid,” 2019 IEEE Power Energy Soc. Innov. Smart Grid
Technol. Conf. ISGT 2019, 2019.

Y. Wang, Q. Chen, T. Hong, and C. Kang, “Review of Smart Meter Data Analytics:
Applications, Methodologies, and Challenges,” IEEE Trans. Smart Grid, vol. 3053, no.
June 2017, pp. 1-24, 2018.

D. Setlhaolo and X. Xia, “Electrical Power and Energy Systems Combined residential
demand side management strategies with coordination and economic analysis,” Int. J.
Electr. Power Energy Syst., vol. 79, pp. 150-160, 2016.

M. Wahbah, T. H. M. El-Fouly, B. Zahawi, and S. Feng, “Hybrid beta-KDE model for solar
irradiance probability density estimation,” IEEE Trans. Sustain. Energy, vol. 11, no. 2,
pp. 1110-1113, 2020.

D.W Scott, Multivariate Density Estimation: Theory, Practice, and Visualization. New York:
Wiley, 1992.

I. Richardson, M. Thomson, D. Infield, and C. Clifford, “Domestic electricity use: A high-

6541



On Demand and Supply Management in Domestic Microgrids

resolution energy demand model,” Energy Build., vol. 42, pp. 1878-1887, Oct. 2010.

S. Patidar, D. P. Jenkins, A. Peacock, K. B. Debnath, and P. Mccallum, “uSIM2020 -
Building to Buildings : Urban and Community Energy Modelling , November 12th ,
System of statistical approaches for community energy demand modelling Institute for
Infrastructure & Environment , Institute for Sustainable Building Design , Schoo,” no.
November, 2020.

S. Bhattacharyya and G. Timilsina, “Energy Demand Models for Policy Formulation: A
Comparative Study of Energy Demand Models,” World Bank Policy Res. Work. Pap.,
no. 4866, 2009.

A. Imran et al., “Heuristic-Based Programable Controller for Efficient Energy Management
Under Renewable Energy Sources and Energy Storage System in Smart Grid,” IEEE
Access, vol. 8, pp. 139587-139608, 2020.

J. Leitao, P. Gil, B. Ribeiro, and A. Cardoso, “A Survey on Home Energy Management,”
IEEE Access, vol. 8, pp. 5699-5722, 2020.

M. Beaudin and H. Zareipour, “Home energy management systems: A review of modelling
and complexity,” Renew. Sustain. Energy Rev., vol. 45, pp. 318-335, 2015.

N. Javaid et al., “An Intelligent Load Management System with Renewable Energy
Integration for Smart Homes,” IEEE Access, vol. 5, pp. 13587-13600, 2017.

6542



