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The utilization of fossil fuels for energy generation leads to the release of harmful emissions, posing a threat
to the environment. Therefore, the promotion of energy conservation through the adoption of new energy
systems and the utilization of renewable energy resources (RERs) has become a significant focus across various
sectors of the energy industry. This study evaluates the economic viability of intelligent residential buildings
by optimizing the integration of controllable appliances within an independent electrical residential network.
The proposed methodology emphasizes achieving an efficient coordination between controllable appliances
and RERs, with the coordination being modeled through the load shifting model (LSM) of the demand side
management (DSM) strategy. The power generation from RERs is analyzed using stochastic modeling techniques
to address uncertainties. The technical and economic modeling of the stand-alone electrical residential network
is formulated as a multi-criteria problem. To solve this problem, the augmented ε-constraint method and fuzzy
logic techniques are employed. Finally, numerical simulations are conducted across various case studies to
validate and demonstrate the effectiveness of the proposed approach.
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1. Introduction

1.1. Background and aims

The utilization of renewable energy resources (RERs) is
appealing to energy companies due to their avoidance of
fossil fuels, resulting in reduced pollution emissions and
the ability to meet demand reliably [1]. Among the well-
known RERs, wind turbines (WT) and photovoltaic (PV)
panels are particularly valuable in remote residential ar-
eas [2]. However, power generation through RERs can be
intermittent and unpredictable within electrical networks
[3]. To address these challenges, various modern technolo-
gies have been developed, including smart grid technology
and storage systems [4]. Additionally, RERs provide a reli-
able source of energy that is not subject to the fluctuations

in price and availability that can occur with fossil fuels
[5]. This stability can help energy companies better plan
for the future and ensure a consistent supply of energy to
meet the needs of their customers [6]. Furthermore, invest-
ing in RERs can also provide economic benefits for energy
companies, as governments and consumers increasingly
prioritize clean energy solutions [7]. By diversifying their
energy portfolio to include RERs, companies can position
themselves as leaders in sustainability and attract environ-
mentally conscious customers [8]. Overall, the appeal of
RERs to energy companies lies in their ability to provide a
cleaner, more reliable, and economically viable alternative
to traditional fossil fuels [9]. By embracing RERs, compa-
nies can not only reduce their environmental impact but
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also position themselves for long-term success in a rapidly
changing energy landscape [10].

Through the implementation of smart grid technology,
demand side management (DSM) emerges as a crucial strat-
egy for effectively meeting energy demand under different
circumstances [11]. DSM encourages consumers to regu-
late their energy consumption during critical periods [12].
Moreover, DSM is not limited to critical times and can also
optimize the coordination between RERs and controllable
appliances, thereby reducing energy generation costs and
promoting the integration of RERs [13]. Smart grids, which
enable controlled and intelligent transmission of electrical
energy from production to consumption, play a pivotal role
in this process [14]. By adjusting their consumption pat-
terns based on information from manufacturers, incentives,
and certain limitations, consumers actively contribute to
reducing manufacturing costs and enhancing grid relia-
bility. The development of smart grids has also led to a
greater focus on improving demand-side management pro-
grams [15]. While residential areas consume the majority
of energy compared to commercial and industrial sectors
[16], energy management in residential settings is a rela-
tively new platform for enhancing technical and economic
performance through the control of loads within electrical
systems [17]. In Fig. 1, energy management in a stand-alone
smart building is shown. In this figure, there are several
components for implementing energy management:

Fig. 1. Overview of the stand-alone smart building

Controllable loads: The controllable loads are appli-

ances with a manageable nature. These loads can be con-
trolled and used at various times of day. These loads in-
clude dryers, optional lighting, air conditioners, etc [18].

Generators: The RERs, electrical storage systems (ESS),
and diesel generators (DGs) are the main electrical gener-
ators. The electrical generation by RERs is dependent on
climate conditions like solar irradiance and wind speed.
As well, DGs are fed by fossil fuels for electrical generation
[19].

Home energy management system (HEMS): The HEMS
plays a crucial role in the efficient management of energy
in smart buildings by coordinating the controllable loads
and generators using data collected from smart meters. By
taking into account the forecasted climate data, consumers
can utilize the controllable loads at their optimal state [20].

1.2. Related studies

The energy management in the residential section has been
investigated using different approaches and optimization
modeling in previous studies. In Zhang et al. [21], the
optimal operation of the plug electric vehicles (PEVs) in
smart buildings is studied in order to reduce consumers’
bills. In Chamandoust [22], co-optimization modeling is
implemented to decrease greenhouse gases and costs in
residential sections. The lifecycle modeling of the energy
consumption by appliances in residential sections is inves-
tigated in Tribioli and Cozzolino [23]. In Babaei et al. [24],
focused on energy scheduling of the cooling and heating
appliances to increase energy-saving and consumers’ com-
fort in smart buildings. In Xie et al. [25] efficiency and
design of the RERs are studied in smart buildings with
attention to electrical price. The energy scheduling in res-
idential sections with optimal operation of the ESS and
RERs is investigated in Patel and Singal [26]. In Thiaux
et al. [27], optimal participation of the generators in electri-
cal microgrids and smart buildings is proposed in Babaei
et al. [28], without consideration of the RERs penetration.
The power management of the appliances is studied un-
der risk modeling and energy price uncertainly [29]. In
Rivera-Niquepa et al. [30], the day-ahead operation of the
energy hub system is reported with consideration of the
greenhouse gases and costs in the smart buildings.

1.3. Novelties

This study presents a research for the functioning of inde-
pendent smart buildings, focusing on economic and tech-
nical factors in the day-ahead operation. The main objec-
tives include minimizing operational costs and maximizing
the integration of renewable energy resources (RER). To
achieve this, a multi-criteria modeling approach is adopted.
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The coordination between the electrical demand, managed
through the load shifting model (LSM), and the power
generation from RER is emphasized. The multi-criteria
problem is addressed using augmented ε-constraint and
fuzzy methods. Consequently, the article highlights the key
novelties and innovations as follows:

The multi-criteria problem of the stand-alone smart
buildings is proposed.

The LSM is used as a DSM strategy to maximize RER
penetration and minimize operation costs.

The augmented ε-constraint method is employed to
solve multi-criteria problems.

The fuzzy method is utilized to maximize trade-offs
between objective functions.

1.4. Paper arrangement

The arrangement of this investigation is proposed as fol-
lows: In section 2, modeling RER is done. The ESS model-
ing is presented in section 3. The modeling multi-criteria
issue is proposed in section 4. In section 5, the solution
procedure is introduced. In sections 6 and 7, simulation
and conclusion are presented, respectively.

2. RERs modelling

The climate conditions greatly impact the power genera-
tion of renewable energy resources (RERs). Wind speed
as well as solar irradiance play a crucial role in generating
power through wind turbines (WT) and photovoltaic (PV)
systems, respectively [31]. However, the behavior of wind
speed and solar irradiance is uncertain when it comes to
energy generation. Therefore, the modeling of WT and PV
systems is as follows:

2.1. WT modelling

The power generation by WT based on uncertain behavior
is as follows [31]:

f WT(v) =

{
k
c ×

( v
c
)k−1 × e−(

v
c )

k

v ≥ 0
0 otherwise

(1)

PWT(v) =


0 if v ≤ VCi

PN,WT ×
(

v−VCi
VR−VCi

)
if VCi ≤ v ≤ VR

PN,WT if VR ≤ v ≤ VCo
0 if VCo ≤ v

(2)

Eqs. (1) and (2) are Weibull probability density functions
(PDF) for modeling uncertain behavior of wind speed and
power generation by WT, respectively.

2.2. PV modeling
The PV modeling is as follows [31]:

f PV(si) =

{
Γ(α+β)

Γ(α)Γ(β)
siα−1(1 − si)β−1 0 ≤ si ≤ 1, α ≥ 0, β ≥ 0

0 otherwise
(3)

PPV(si) = ηPV × SPV × si (4)

Eqs. (3) and (4) represent the Beta PDF and the PV out-
put, respectively. Conversely, RERs can be integrated at
any given moment to ensure optimal coordination with
controllable loads. Therefore, merged energy generation
by RERs is modeled by Eq. (5) [31]:

PPW(t) = PPV(si, t) + PWT(v, t) (5)

3. ESS modelling

The discharge power and charge power of ESS are modeled
by Eq. (6) [32]:{

Pdid
ESSS(t)/ηdis ≤ PmaxESS

ESS PESS(t) ≥ 0
Pch

ESS(t)× (−ηch) ≤ Pmax
ESS xESS PESS(t) ≤ 0

(6)

4. Multi-criteria problem modeling

The modeling multi-criteria problem is formulated as fol-
lows:

4.1. Operation costs

The first objective is minimizing the costs, which is mod-
eled as follows:

min f1 =
T

∑
t=1

[
D

∑
d=1

{
σP2

d (t, d) + ωPd(t, d) + λ
}]

+

T

∑
t=1

[
ESS

∑
ess=1

{
Cess

OP × Pdis
ESS(t, ess)

}
+

ESS

∑
ess=1

{
Cess

OP × Pch
ESSS(t, ess)

}]
(7)

In objective Eq. (7), the first term is the operation cost of
the DG, and the second term is the ESS operation cost in
discharge and charge modes, respectively.

4.2. RERs penetration

Maximization of the RERs penetration is the second objec-
tive function, which is given by Eq. (8). In this objective,
optimal coordination of the RERs with controllable loads is
provided.

max f2 = 1 −

 T

∑
t=1

. . .

[∣∣∣∑CL
cl=1 DCL(t, cl)− PPW(t)

∣∣∣]
DCL(t, cl) + DNRC(t, ncl)


(8)
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Where:

DCL(t, cl) = ∑
t′

cL

∑
cl=1

DCL
(
t, t′, cl

)
− ∑

t′

cL

∑
cl=1

DCL
(
t′, t, cl

)
(9)

0 ≤ ∑
t′

CL

∑
cl=1

DCL
(
t, t′, cl

)
≤ Υ(t)×

CL

∑
cl=1

DCL(t, cl) (10)

Here Eqs. (9) and (10) are demand shifted of the control-
lable loads at t to t′, and the level of the controllable load’s
participation in LSM, respectively.

4.3. Constraints
The multi-criteria problem is optimized while considering
the constraints outlined below:{

D

∑
d=1

Pd(t, d) +
B

∑
b=1

Pdis
ESS(t, b)−

B

∑
b=1

Pch
ESS(t, b) +

PW

∑
pw=1

PPW(t)

}

=

{
CL

∑
cl=1

DCLs(t, cl) +
NCL

∑
ncl=1

DNRC(t, ncl)

}
(11)

0 ≤ Pd(t) ≤ Pmax
d (12)

µon (t, d) +
min(T,t−1+MU)

∑
τ=t+1

µo f f (τ, d) ≤ 1 (13)

µoff (t, d) +
min(T,t−1+MD)

∑
τ=t+1

µon(t, d) ≤ 1 (14)

T

∑
t=1

Pd(t, d)−
T

∑
t=1

Pd(t − 1, d) ≤ RU (15)

T

∑
t=1

Pd(t − 1, d)−
T

∑
t=1

Pd(t, d) ≤ RD (16)

The constraint Eq. (11) is power balance each time. The
power limit of the DGs, minimum uptime of the DGs, min-
imum downtime, ramp up, as well as ramp down of DGs
are constrained in Eqs. (12) to (16), respectively.

5. Solution procedure

In this section, we present a proposed solution procedure
for solving multi-criteria problems. The augmented ε-
constraint procedure is a well-known approach for obtain-
ing non-dominated Pareto solutions in such problems. The
modeling of the augmented ε-constraint procedure is out-
lined as follows [33]:

min

[
f1(x)− δ

N

∑
n=1

sn

rn

]
10−6 ≤ δ ≤ 10−3 (17)

Where:

fn(x) + sn − εz
n n = 2, 3, . . . , N; sn ∈ R+

εz
n = f max

n −
[

f max
n − f min

n
qn − 1

]
× z z = 0, 1, . . . , qn

(18)

Here x, δ, and n are the decision variable, slack variable,
and nth objective function, in that order. The sn, f min

n and
f max
n are the slack variable, and ranges of nth objective,

respectively. And rn, qn, and εzn are the objectives range,
the equal range, and the zth interval of nth objective, in
that order.

5.1. Fuzzy approach

In this subsection, the fuzzy approach is introduced for
opting for the best trade-off solution in non-dominated
Pareto solutions. In this approach, using Eq. (19) extracted
non-dominated Pareto solutions from the augmented ε-
constraint procedure are normalized. Then, by Eq. (20), the
maximum rate is chosen as the best trade-off solution [34].

ϑm
n =


1 f m

n ≤ f min
n

f max
n − f m

n
f max
n − f min

n
f min
n ≤ f m

n ≤ f max
n

0 f m
n ≥ f max

n

(19)

ϑm =
∑N

n=1 ωn · ϑm
n

∑M
m=1 ∑I

i=1 ωn · ϑm
n

N

∑
n=1

ωn = 1, ωn ≥ 0 (20)

Here n and m are a number of objectives and the solu-
tions, respectively; fmn and ϑ mn are the objectives value
and membership function, respectively. The ωn is the
weight rate of the nth objective.

6. Case studies and simulation

The two cases are considered in simulation modeling to ver-
ify the proposed approach based on numerical simulation.
The cases are assumed as follows:

Case A) Coordination of the controllable loads with
RERs output is not considered.

Case B) Coordination of the controllable loads with
RERs output is considered.

The RERs such as PV WT and, also ESS are considered
for each node (consumer). The random variables are gener-
ated by Monte Carlo simulation to model the wind speed
and solar irradiance as well as load demand at day-ahead,
which is provided in Table 1. The data of the RERs, ESS,
and DGs are given in Table 2. The level of the demand
shifting for each consumer is 25%. As well, we used four
DGs with the same information and data.

6.1. Discussion and results

The outcomes analysis of the cases has been discussed in
this section. In Case A, optimal coordination between con-
trollable loads and RERs output is not taken into account.
Hence, the first objective function (operation cost) in Case
A is optimized.

In Case A, the total expenditure is $587, 686.32, with
97.9% of this expenditure being assigned to DGs. The
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Table 1. Demand, Solar irradiance, and wind speed at day-ahead

Hour Electrical demand (kW) Solar irradiance (kW/m2) Wind speed (m/s)

1 100.3 0 11.9
2 100.5 0 11.4
3 110.5 0 11.8
4 100 0 10.6
5 120.5 0 9.3
6 140.5 0.03 4.6
7 140.9 0.1 4
8 170 0.2 4.1
9 180.5 0.34 4.9

10 190.5 0.51 4.36
11 200.5 0.62 4.93
12 230.5 0.67 3
13 220.5 0.66 3.1
14 190.5 0.54 2.89
15 180 0.42 5.67
16 200 0.37 3.1
17 230 0.2 4.6
18 290.5 0.09 7.84
19 250.5 0.02 7.2
20 270 0 5.6
21 280.5 0 6.57
22 340 0 9.87
23 320 0 10.6
24 200 0 10.1

Table 2. Data of the RERs, ESS, and DGs

Parameters Value Unit

PV data

SPV 10 m2

η PV 32 %
PN, PV 5 kW

WT data

VCi 1 m/s
VCo 12 m/s
VR 4 m/s

PN, WT 5 kW

DGs data

σ 95.2 k/kW2

ω 30.2 $ kW
λ 240.2 $

Pmax 100 kW
MU 10 hour
MD 15 kW
RU 100 kW
RD 100 kW

PESS ESS data %
η ch 90 %
dis 95 $

ESSOP 90 8

power generation by DGs, RERs, and ESSs in case A is
shown in Table 3. The table clearly demonstrates that the
surplus power produced by the RERs during hours 1-4 and
7 is stored in ESS, resulting in an increase in the cost of
charging and discharging the ESS. Additionally, the power
discharged from the ESS during peak hours or hours 20-24
is scheduled accordingly.

Fig. 2 displays the non-dominated Pareto solutions and
the operation of electrical generation in case B. Table 4
presents the Pareto solutions derived through the aug-
mented ε-constraint method, with the optimal trade-off
solution obtained by setting equal weights ω1 = ω2 = 0.5.
The operation cost and RER penetration values in the
chosen trade-off solution are $569, 324.2 and 45.1%, re-
spectively. In Scenario B, the costs of DGs and ESS are
$565, 384.1 and $3, 940.1, respectively. However, by align-
ing controllable loads with RER power output, the oper-
ational cost in case B is reduced by 3.12% compared to
Scenario A, due to the absence of RER operational costs to
meet demand. The reduction percentages in the costs of
DGs and ESS in case B compared to case A are 1.73% and
68.1%, respectively.

Table 4 presents the power generation schedule in case
B. In this table, the excess power from RERs in hours 1 and
2 is utilized to meet demand. The electrical demand during
peak hours using LSM is shifted to hours 1-4, resulting in



940 Xiaodan Liang et al.

Table 3. Energy scheduling in Case A

Hour DG 1 DG 2 DG 3 DG 4 PW ESS

1 0 0 0 0 180 -80
2 0 0 0 0 150 -50
3 0 0 0 0 160 -40
4 0 0 0 0 170 -60
5 18 0 1 0 100 0
6 50 0 2 0 80 0
7 10 30 40 0 75 -20
8 30 50 40 0 50 0
9 0 0 45 50 80 0
10 0 30 50 40 70 0
11 50 56 30 10 50 0
12 10 50 50 50 65 0
13 40 50 30 15 86 0
14 12 20 30 40 85 0
15 0 10 20 60 90 0
16 0 20 45 40 88 0
17 10 40 50 50 76 0
18 20 60 50 70 84 0
19 40 50 60 10 87 0
20 30 28 50 50 110 5
21 20 60 56 50 90 10
22 50 55 40 55 100 40
23 30 20 60 40 110 60
24 0 0 0 20 120 60

Fig. 2. Non-dominated Pareto solutions in Case B

an increased RER penetration. The RER penetration rates
for cases A and B to meet demand are 40.3% and 45.1%,
respectively.

6.2. Sensitivity analysis

To indicate the validation and superiority of the suggested
energy optimization, the mentioned case studies are as-
sessed by using a sensitivity analysis approach via increas-
ing and reducing ESS capacity and increasing and reducing
load demand. In Table 5, the results of the sensitivity anal-
ysis in the mentioned case studies are provided.

By comparing results of the Case B with Case A, partici-
pation of the LSM leads to lessening operation costs in the
stand-alone smart buildings.

Table 4. Data of the RERs, ESS, and DGs

Hour DG 1 DG 2 DG 3 DG 4 PW ESS

1 0 0 0 0 180 0
2 0 0 0 0 150 0
3 0 0 0 0 160 -10
4 0 0 0 0 170 -20
5 18 0 1 0 100 1
6 50 0 3 0 80 2/5
7 10 30 40 0 75 -20
8 30 50 40 0 50 0
9 0 0 45 50 80 0
10 0 30 50 40 70 0
11 50 56 30 10 50 0
12 10 50 50 50 65 0
13 40 50 30 15 86 0
14 12 20 30 40 85 0
15 0 10 20 60 90 0
16 0 20 45 40 88 0
17 10 40 50 50 76 0
18 20 30 20 70 84 0
19 40 50 60 10 87 0
20 30 28 50 50 110 0
21 20 60 40 30 90 0
22 50 35 42 20 100 0
23 30 20 60 40 110 -30
24 0 0 0 20 120 60

6.3. Comparative analysis of solution procedure

In this subsection, the proposed solution procedure for
solving objective functions in Case B is compared with
the genetic algorithm (GA). In Fig. 3, Convergence char-
acteristics of the augmented ε-constraint procedure and
GA in Case B are shown. In this figure, 10 iterations are
considered for both methods. The augmented ε-constraint
procedure shows better performance than GA.

Fig. 3. Convergence characteristics of the augmented
ε-constraint procedure in Case B

7. Conclusion

This article delves into the operation of independent intel-
ligent buildings that utilize the Load Shift Management
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Table 5. Sensitivity analysis

Case studies Case A Case B
Sensitivity analysis

Objectives Operation cost ($) Operation cost ($) RERs penetration (%)

15% increasing ESS capacity 586645.41 565332.41 43.55
15% decreasing ESS capacity 587853.84 570876.38 45.62

10% increasing demand 592532.13 571463.33 44.58
10% decreasing demand 580143.33 560433.54 46.66

(LSM) technique to efficiently coordinate controllable loads
with renewable energy resources (RERs). The primary goal
of this system is to reduce operational costs and increase
the integration of RERs. In order to achieve this objective,
a multi-criteria problem is defined with objective functions
for the optimal operation of the system in day-ahead plan-
ning. Numerical simulation modeling is performed using
fuzzy and augmented ε-constraint procedures. Two case
studies are carried out to confirm the efficacy of the pro-
posed approach. The outcomes of the case studies regard-
ing the implementation of LSM are as follows:

Case A) Optimization without LSM. In this case, opera-
tion costs and power output of the RERs to meet demand
are $587686.32 and %40.3, respectively.

Case B) Optimization with LSM. The RERs penetration
rate and operation costs are %45.1 and $569324.2, respec-
tively.

Based on the findings from the case studies, it can be
inferred that the implementation of LSM effectively facili-
tates the efficient management of the demand side. This, in
turn, ensures that the system achieves the desired state in
terms of both economic and technical indicators.

nomenclature

Decision variables
µESS Binary variable for ESS
Cess

OP ESS’ Operation cost, $
Pdis

ESS Discharge power of ESS, kW
Pd Power of DG, kW
PESS Power of ESS, kW
PPV PV power, kW
PWT WT power, kW
Pch ESS Charge power of ESS, kW
Index
cl,CL Controllable appliances index
d,D Diesel generators index
ESS Electrical storage system index
t,T Time index, Hour
Parameters
ηch, ηdis Efficiency of discharge and charge states in ESS, %
ηpv PV Efficiency, %
σ, ω, λ DGs fuel cost, $/kW
DCL, DNCL Load of the Controllable appliances and non-

Controllable appliances, kW
MD , MU Minimum down and up times for DG, Hour
PN,WT WT power rate, kW
RU , RD Ramp up and down for DG, kW
SPV PV area, m2

si Irradiance of Solar, kW/m2

v,VR,VCi ,VCo Wind speed, Rated speed, cut-in speed, cut-off speed
of WT, m/s

References

[1] H. Chamandoust, S. Bahramara, and G. Derakhshan,
(2020) “Day-ahead scheduling problem of smart micro-
grid with high penetration of wind energy and demand
side management strategies" Sustainable energy tech-
nologies and assessments 40: 100747.

[2] K. P. C.-D. Cruz and L. K. S. Tolentino, (2023) “Unlock-
ing the market potential of electric vehicles in the Philip-
pines: A statistical and neural network approach to cus-
tomer willingness to purchase electric vehicles" Interna-
tional Journal of Innovative Research and Scientific
Studies 6: 888–902.

[3] C. K. Ingole, (2023) “Sustainability of productive use of
off-grid renewable energy: A case of a women’s collective
from rural India" Int. J. Manag. Sustain 12: 337–354.

[4] L. Han and H.-H. Yu, (2023) “An empirical study from
Chinese energy firms on the relationship between executive
compensation and corporate performance" Nurture 17:
378–393.

[5] A. Haslinah, T. Thamrin, T. N. Bandrang, T. Taryana,
T. B. Karyasa, B. Purwoko, and A. Andiyan, (2024)
“Green technology’s function in the production of renew-
able energy and mineral extraction" Caspian Journal of
Environmental Sciences 22: 93–102.

[6] N. Masoudi, N. D. Ghaleno, and M. Esfandiari, (2020)
“Investigating the impacts of technological innovation and
renewable energy on environmental pollution in countries
selected by the International Renewable Energy Agency:
A quantile regression approach" Caspian Journal of
Environmental Sciences 18: 97–107.

[7] S. Ahmadi and S. Ghorbanpour, (2021) “Smart con-
trolling cyanide emissions from surface water resources by
predictive models: an integrated GA-regression" Journal
of Research in Science, Engineering and Technol-
ogy 9: 38–49.



942 Xiaodan Liang et al.

[8] T. Mykola, K. Valerii, R. Andriy, V. Demeshchuk, and
K. hdan, (2019) “Evaluating simulation and development
of algorithms of energy consumption reduction based on
wireless sensor networks" Journal of Research in Sci-
ence, Engineering and Technology 7: 18–24.

[9] W. Chaichan, J. Waewsak, R. Nikhom, C. Kongru-
ang, S. Chiwamongkhonkarn, and Y. Gagnon, (2022)
“Optimization of stand-alone and grid-connected hybrid
solar/wind/fuel cell power generation for green islands:
Application to Koh Samui, southern Thailand" Energy
Reports 8: 480–493.

[10] B. K. Das, M. A. Alotaibi, P. Das, M. S. Islam,
S. K. Das, and M. A. Hossain, (2021) “Feasibility
and techno-economic analysis of stand-alone and grid-
connected PV/Wind/Diesel/Batt hybrid energy system: A
case study" Energy Strategy Reviews 37: 100673.

[11] H. R. Moradi and H. Chamandoust. “Impact of multi-
output controller to consider wide area measurement
and control system on the power system stability”.
In: IEEE, 2017, 280–288.

[12] H. Chamandoust, G. Derakhshan, S. M. Hakimi, and
S. Bahramara, (2019) “Tri-objective optimal scheduling
of smart energy hub system with schedulable loads" Jour-
nal of Cleaner Production 236: 117584.

[13] H. Chamandoust, G. Derakhshan, and S. Bahramara,
(2020) “Multi-objective performance of smart hybrid en-
ergy system with Multi-optimal participation of customers
in day-ahead energy market" Energy and Buildings 216:
109964.

[14] H. Chamandoust, G. Derakhshan, S. M. Hakimi, and
S. Bahramara, (2020) “Tri-objective scheduling of resi-
dential smart electrical distribution grids with optimal
joint of responsive loads with renewable energy sources"
Journal of Energy Storage 27: 101112.

[15] A. A. Wahedi and Y. Bicer, (2022) “Techno-economic op-
timization of novel stand-alone renewables-based electric
vehicle charging stations in Qatar" Energy 243: 123008.

[16] H. Chamandoust, A. Hashemi, and S. Bahramara,
(2021) “Energy management of a smart autonomous elec-
trical grid with a hydrogen storage system" Interna-
tional journal of hydrogen energy 46: 17608–17626.

[17] J. Naik, P. K. Dash, and R. Bisoi, (2021) “Optimized
droop controller based energy management for stand-alone
micro-grid using hybrid monarch butterfly and sine-cosine
algorithm" Sustainable Energy Technologies and As-
sessments 46: 101310.

[18] A. Abedi, B. Rezaie, A. Khosravi, and M. Shahabi,
(2020) “DC-bus Voltage Control based on Direct Lya-
punov Method for a Converter-based Stand-alone DC
Micro-grid" Electric Power Systems Research 187:
106451.

[19] A. A. Wahedi and Y. Bicer, (2020) “Development of an
off-grid electrical vehicle charging station hybridized with
renewables including battery cooling system and multiple
energy storage units" Energy Reports 6: 2006–2021.

[20] S. Mandal, B. K. Das, and N. Hoque, (2018) “Opti-
mum sizing of a stand-alone hybrid energy system for
rural electrification in Bangladesh" Journal of Cleaner
Production 200: 12–27.

[21] G. Zhang, Y. Shi, A. Maleki, and M. A. Rosen,
(2020) “Optimal location and size of a grid-independent
solar/hydrogen system for rural areas using an efficient
heuristic approach" Renewable energy 156: 1203–
1214.

[22] H. Chamandoust, (2022) “Optimal hybrid participation
of customers in a smart micro-grid based on day-ahead
electrical market" Artificial Intelligence Review 55:
5891–5915.

[23] L. Tribioli and R. Cozzolino, (2019) “Techno-economic
analysis of a stand-alone microgrid for a commercial build-
ing in eight different climate zones" Energy conversion
and management 179: 58–71.

[24] M. Babaei, E. Azizi, M. T. H. Beheshti, and M. Hadian,
(2020) “Data-Driven load management of stand-alone res-
idential buildings including renewable resources, energy
storage system, and electric vehicle" Journal of Energy
Storage 28: 101221.

[25] Y. Xie, Y. Ueda, and M. Sugiyama, (2021) “Greedy
energy management strategy and sizing method for a
stand-alone microgrid with hydrogen storage" Journal
of Energy Storage 44: 103406.

[26] A. M. Patel and S. K. Singal, (2019) “Optimal compo-
nent selection of integrated renewable energy system for
power generation in stand-alone applications" Energy
175: 481–504.

[27] Y. Thiaux, T. T. Dang, L. Schmerber, B. Multon, H. B.
Ahmed, S. Bacha, and Q. T. Tran, (2019) “Demand-side
management strategy in stand-alone hybrid photovoltaic
systems with real-time simulation of stochastic electricity
consumption behavior" Applied Energy 253: 113530.



Journal of Applied Science and Engineering, Vol. 28, No 5, Page 935-943 943

[28] R. Babaei, D. S.-K. Ting, and R. Carriveau, (2022) “Fea-
sibility and optimal sizing analysis of stand-alone hybrid
energy systems coupled with various battery technologies:
A case study of Pelee Island" Energy Reports 8: 4747–
4762.

[29] J. M. Aberilla, A. Gallego-Schmid, L. Stamford, and
A. Azapagic, (2020) “Design and environmental sustain-
ability assessment of small-scale off-grid energy systems
for remote rural communities" Applied Energy 258:
114004.

[30] J. D. Rivera-Niquepa, P. M. D. O.-D. Jesus, J. C.
Castro-Galeano, and D. Hernández-Torres, (2020)
“Planning stand-alone electricity generation systems, a
multiple objective optimization and fuzzy decision making
approach" Heliyon 6:

[31] N. Gholizadeh, M. J. Vahid-Pakdel, and B.
Mohammadi-Ivatloo, (2019) “Enhancement of
demand supply’s security using power to gas technology
in networked energy hubs" International Journal of
Electrical Power Energy Systems 109: 83–94.

[32] T. Ahmad and D. Zhang, (2021) “Renewable en-
ergy integration/techno-economic feasibility analysis,
cost/benefit impact on islanded and grid-connected op-
erations: A case study" Renewable Energy 180: 83–
108.

[33] Z. Zeng, T. Ding, Y. Xu, Y. Yang, and Z. Dong, (2019)
“Reliability evaluation for integrated power-gas systems
with power-to-gas and gas storages" IEEE Transactions
on Power Systems 35: 571–583.

[34] H. Pallathadka, S. J. Naser, S. Askar, E. Q. A. L. Hus-
seini, B. S. Abdullaeva, and N. H. Haroon, (2023)
“Scheduling of Multiple Energy Consumption in The
Smart Buildings with Peak Demand Management" In-
ternational Journal of Integrated Engineering 15:
311–321.


	Introduction
	Background and aims
	Related studies
	Novelties
	Paper arrangement

	RERs modelling
	WT modelling
	PV modeling

	ESS modelling
	Multi-criteria problem modeling
	Operation costs
	RERs penetration
	Constraints

	Solution procedure
	Fuzzy approach

	Case studies and simulation
	Discussion and results
	Sensitivity analysis
	Comparative analysis of solution procedure

	Conclusion

