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Abstract: Electric vehicles (EVs) and renewable energy resources (RERs) are widely integrated into
electrical systems to reduce dependency on fossil fuels and emissions. The energy management of
microgrids (MGs) is a challenging task due to uncertainty about EVs and RERs. In this regard, an
improved version of the RUNge Kutta optimizer (RUN) was developed to solve the energy manage-
ment of MGs and assign the optimal charging powers of the EVs for reducing the operating cost. The
improved RUN optimizer is based on two improved strategies: Weibull flight distribution (WFD)
and a fitness–distance balance selection (FDB) strategy, which are applied to the conventional RUN
optimizer to improve its performance and searching ability. In this paper, the energy management of
MGs is solved both at a deterministic level (i.e., without considering the uncertainties of the system)
and while considering the uncertainties of the system, with and without a smart charging strategy
for EVs. The studied MG consists of two diesel generators, two wind turbines (WTs), three fuel cells
(FCs), an electrical vehicle charging station and interconnected loads. The obtained results reveal that
the proposed algorithm is efficient for solving the EM of the MG compared to the other algorithms.
In addition, the operating cost is reduced with the optimal charging strategy.

Keywords: energy management; uncertainty; electric vehicles; smart charging

1. Introduction

A microgrid (MG) can be defined as interconnected loads with distrusted generators
(DGs) and energy storage systems that are connected to the grid (on-grid MG) or work
autonomously (isolated MG) [1]. The MGs can provide the required energy for different
customers, including commercial, residential and industrial loads [2]. Several benefits
are obtained from MG implementation, including improvements in system reliability,
reduced operating costs, resolution of system losses and overload problems, energy supply
decentralization and emission reductions [3].

Use of electric vehicles (EVs) and renewable energy-based DGs (RDGs) like solar PV,
wind turbines (WTs), hydropower and biomass has greatly increased for many reasons,
including reduced dependence on conventional fuel-based DGs, reduced greenhouse gas
emissions and the sustainability of electrical systems. The main feature of RDGs and EVs
is their stochastic nature and uncertain behavior. Thus, solving the energy management
(EM) of the MGs with EVs and RDGs is a challenging task. A scenario-based method was
applied for solving the EM of MGs considering the uncertain parameters of RDGs and the
loading [4]. The EM was solved using the equilibrium optimizer (EO) for multi-objective
functions in the presence of WTs and PVs and with uncertainty of these resources and the
load demand [5]. In [6], the EM problem was solved by considering the demand response
and the uncertainties of the RDGs. A microgrid central controller was utilized for the
EM of the MG and consists of PV-, WT- and biomass-based generators [7]. In [8], the EM
of the MG was solved using mixed-integer programing with demand-side management
in the presence of portable RDGs. Integrated multidimensional modeling software was

Energies 2023, 16, 6038. https://doi.org/10.3390/en16166038 https://www.mdpi.com/journal/energies

https://doi.org/10.3390/en16166038
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0001-8122-7415
https://doi.org/10.3390/en16166038
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en16166038?type=check_update&version=2


Energies 2023, 16, 6038 2 of 18

implemented for the EM solution of MGs and consisted of RDGs, FCs and a combined
heat and power unit [9]. The EM of an MG that consisted of WT, FCs, PV, batteries and
diesel generators was solved using the genetic algorithm [10]. An ε-constraint approach
was employed for solving the energy management of the MG [11] in the presence of a
tidal turbine, PV and WT [11]. Although these studies solved the EM of the RDGs, the
integration of EVs was not considered.

Several attempts have been made to solve the EM of EVs where mixed-integer
quadratic programming was implemented considering charging and discharging of the
EVs [12]. The EM was solved for an AC/DC microgrid in the presence of RDGs consid-
ering charging and discharging of the EVs using information gap decision theory [13].
Hong’s 2m point estimate method was applied to solve the EM of an MG considering the
different charging mechanisms [14]. It is worth mentioning here that the previous study
did not take everything into account (e.g., fuel cells). ε-constraint and decision maker
were implemented for the EM solution of a residential MG with EVs, RDGs and batter-
ies [15]. Although the EM solved uncertainties of the system, the smart charging of EVs was
not discussed.

The RUN optimizer is a novel optimizer that mimics solving the differential equations.
The optimizer is used for solving several problems like optimal ratings of microgrid
components [16], hydropower plant operation [17], PV parameters [18], photovoltaic
modeling [19], energy management with demand-side response [20], fractional-order
design of batteries [21], optimal PID of an AVR system [22], cancer classification [23] and
the equations of energy balance for an inverted absorber [24].

Selection strategy methods have been widely implemented in the meta-heuristic opti-
mization algorithm for improving their global searching ability as well as the diversity of
these techniques. The selection strategy can be divided into three categories: deterministic,
non-deterministic and probabilistic. In the non-deterministic method, solution candidates
are selected randomly from the population [25,26]. Fitness–distance balance (FDB) is a com-
mon selection method that has been applied for improving the performance of optimization
algorithms [27] like the stochastic fractal search algorithm [28], differential evolution [29],
moth swarm algorithm [30], particle swarm optimizer [31], wind-driven optimization [32]
and coyote optimization [33]. Improving the searching ability of the RUN technique using
FDB was presented in [34,35].

In this work, the EM of an MG is solved in the presence of EVs while considering
different uncertain parameters using an improved version of the RUN optimizer based on
FDB and Weibull flight distribution. The conventional RUN and improved RUN techniques
are with and without uncertainties. The studied MG consists of two diesel generators,
two wind turbines (WTs), three fuel cells (FCs), an electrical vehicle charging station and
interconnected loads. The rest of this work is laid out as follows. Section 2 describes the
objective function that is associated with MG energy management and representation of
the DGs. Section 3 explains the concept and steps of the RUN optimizer, while Section 4
presents an overview of the improved RUN technique. Section 5 shows the models of
the uncertainties. Section 6 contains the numerical results and corresponding discussion.
Section 7 concludes the findings and results and the main concepts. The novelty and
contributions of the paper are depicted in the revised paper.

The novelty and contributions of the paper can be outlined as follows:

The stochastic energy management of an MG is solved with implementation of a smart
charging strategy for EVs.
An improved version of the RUN optimizer based on FDB and Weibull flight distribu-
tion is proposed for solving the energy management problem.
Energy management of the MG is solved at a deterministic level for cost reduction
using the proposed optimizer; the obtained results are compared to other optimiza-
tion algorithms.
Energy management of the MG is solved by considering the uncertainties of the EVs,
load and output power of the WTs.
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2. Problem Formulation
2.1. Objective Function

The aim of this work is to reduce the operating cost of the smart grid in the presence of
two diesel generators, three fuel cells, two wind turbines and an electrical vehicle charging
station. The considered objective function is represented as follows [36]:

Ctotal = CD + CWT + CFC (1)

where CD, CWind and CFC are the operation costs of the diesels, WTs and FCs, respectively.
The cost of the WT can be calculated as follows:

CWT =
NWT

∑
n=1

(KnPWT,n) (2)

in which

PWT(w) =


0 f or w < wi and w > wo

Pr

(
w−wi
wr−wi

)
f or (wi ≤ w ≤ wr)

Pr f or (wr < w ≤ wo)

(3)

where Kn is the operation and maintenance cost of the WT. PWT is the power generated by
the WT while Pr is its rated power. wo, wr, and wi are the cut-out, the rated, and the cut-in
wind speeds, respectively. NWT refers to the number of wind turbines. The operation cost
of the diesel DG generator is represented as follows [37]:

CDiesel =
NDG

∑
i=1

aiP2
i,t + biPi,t + ci (4)

where, ai, bi and ci denote the coefficients of the cost of the ith generator. NDG refers to
the number of diesel generators in the MGs. The third term in Equation (1) represents the
operation cost of the FC, which is calculated as follows [38]:

CFC = ωn

NFC

∑
k=1

PFC,k

ηFC,k
(5)

where, NFC represents the number of FCs in the MG. PFC represents the output power
from FCs. ωn and ηFC denote the cost of the natural gas and the efficiency of the FC. The
mathematical model of the EV is related to its battery, including its state of charge (SOC),
the charging power (PCH), the discharging power (PDC) and the efficiencies of the charging
(ηCH) and the discharging (ηDC). The state of charging is represented as follows:

SOCt
i = SOCt−1

i + ηCH,iPt
CH,i∆tδ−

∆tγPt
DC,i

ηDC,i
(6)

2.2. Constraints

(a) Equality Constraints

These constraints refer to the balanced power in the electric system, which can be
described as follows:

PWT + PFC + Pi = Pload + PCH − PDC (7)

(b) Inequality Constraints

These constraints refer to the allowable limits of the variables of the system, which are
described as follows:

Pmin
i ≤ Pi ≤ Pmax

i (8)
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Pmin
FC ≤ PFC ≤ Pmax

FC (9)

Pmin
r ≤ Pr ≤ Pmax

r (10)

SOCmin ≤ SOC ≤ SOCmax (11)

Pmin
CH ≤ PCH ≤ Pmax

CH (12)

where min and max superscripts refer to the minimum and the maximum limits.

3. RUNge Kutta Optimizer (RUN)

RUN is a new optimization technique that simulates the Runge Kutta method (RKM)
for the differential equation’s solution. The RUN technique is based on two strategies—the
first strategy is based on the Runge Kutta method, while the second strategy is based on the
enhanced solution quality strategy (ESQ) [39,40]. The step procedure of the RUN algorithm
can be summarized as follows:

Step 1: Initialization

The initial populations will be generated randomly using (13) as follows:

Xi
j = Lowerj +

(
Upperj − Lowerj

)
× rand (13)

where Lower and Upper represent the lower and upper boundaries of variables.

Step 2: Root of the search mechanism

This step simulates the RKM, which can be described as follows:

SM =
1
6
(xRK)∆x (14)

in which
xRK = k1 + 2× k2 + 2× k3 + k4 (15)

where k1, k2, k3 and k4 refer to the weighted values, which can be formulated as follows:

k1 =
1

2∆x
(rand× xw − u× xb) (16)

u = round(1 + rand)× (1− rand) (17)

where rand refers to a random number in range [0–1], u refers to a random value that is
used to increase the importance of the best location, and xw and xb are the worst and the
best solutions, respectively. ∆x is depicted as follows:

∆x = 2× rand×
(
rand× ((xb− rand ×xavg

)
+ γ

))
(18)

γ = rand× (xn − rand×(u− l))× exp
(
−4× i

Maxi

)
(19)

k2 = f
(

x +
∆x
2

, y +
∆x
2
× k1

)
(20)
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k3 = f
(

x +
∆x
2

, y +
∆x
2
× k2

)
(21)

k4 = f (x + ∆x, y + ∆x× k3) (22)

Step 3: Updating the solution

In this step the populations will update their locations based on a unique exploitation
and exploration mechanism according to the following equations:

xn+1 = (xc + r× SF× g× xc) + SF× SM + µ× xs rand < 0.5 (23)

xn+1 = (xm + r× SF× g× xm) + SF× SM + µ× xs rand ≥ 0.5 (24)

in which
SF = 2·(0.5− rand)× f (25)

f = a× exp
(
−b× rand×

(
i

Tmax

))
(26)

where r represents an integer number equals to 1 or −1, g represents a random value
in the range [0, 2] and a and b refer to constant values. Tmax denotes the maximum
iteration number.

Step 4: EQS updating

The EQS method depends upon updating the locations of the populations using the
average of three populations and the best solution. The EQS can be described as follows:

If rand < 0.5
If w < 1

xnew2 = xnew1 + r · w ·
∣∣(xnew1 − xavg

)
+ randn

∣∣ (27)

then
xnew2 =

(
xnew1 − xavg

)
+ r · w· |

(
u · xnew1 − xavg

)
+ randn | (28)

End
End

w = rand(0, 2) · exp
(
−c
(

i
Tmax

))
(29)

xavg =
xr1 + xr2 + xr3

3
(30)

xnew1 = β× xavg + (1− β)× xbest (31)

where 0 ≤ β ≤ 1. c = 5× rand. w is a random factor that decreases with iteration. If the
new solution is worse than the current solution, it will be updated as follows:

xnew3 = (xnew2 − randxnew2) + SF× (rand·xRK + (v·xb − xnew2)) if rand < w (32)

where v = 2× rand. To depict the procedure of the EQS, Algorithm 1 lists the pseudocode
of the EQS.
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Algorithm 1. The pseudocode of the EQS

Update the value of w using (29).
Find the xnew1 using (31).

if rand < 0.5
if w < 1

Update xnew2 using (27).
else

Update xnew2 using (28).
end
end

if f (xn) < xnew2
if rand < w

Update xnew3 using (32).
end

end

4. The improved RUNge Kutta Optimizer (IRUN)

To overcome the stagnation of the conventional RUN optimization technique, the
balance selection method is utilized to improve the exploitation phase of the proposed
algorithm, while the Weibull Flight is proposed for improving its exploration phase.

4.1. Weibull Flight Distribution

Generally the cumulative Weibull distribution is based on two factors, the shape (v)
and the scale factor (u), that can be described as follows [41]:

f (x) =
v
u

( x
u

)v−1
e−(

x
u )

v
; x ≥ 0 (33)

Two movements can be obtained from the Weibull distribution, including the wide step
movement and small step movement. The wide step movement can be given
as follows:

Step = wblrnd (1, 1, [1, D])× sign(rand(1, D)− 0.5) (34)

wblrnd is a random number that is generated from the Weibull distribution. sign()
provides values −1, 0 and 1. The small step movement can be given as follows:

Step =


wblrnd(0.5, 1, [1, D]) · ×0.5 ∗ sign(rand(1, D)− 0.5)

×norm(xbest − xi), i f xbest 6= xi

wblrnd(0.5, 1, [1, D]) · ×0.1× sign(rand(1, D)− 0.5), else

(35)

The new generated location of the population can be calculated as follows:

xnew,i = xnew,i + Step (36)

4.2. The Fitness–Distance Balance (FDB)

The FDB method is one of the most robust selection methods that has been imple-
mented for enhancing the performance of optimization techniques [27]. FDB is based on the
distance between the selected candidates and the best solution as well as the fitness function
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values of the candidates. A distance vector and fitness function vector are constructed
as follows:

DX ≡

DX1
...

DXm


mx1

(37)

F ≡

 f1
...

fm


mx1

(38)

in which

DXi =

√(
x1[i] − x1[best]

)2
+
(

x2]i] − x2]best

])2
+ · · ·& +

(
xn[i] − xn[best]

)2
(39)

The scores of the populations are calculated based on the normalized fitness functions
(normFi) and the normalized distances (normDXi ) as follows:

SPi = w× normFi + (1− w)× normDXi (40)

where w is a weight factor between 0 and 1. Figure 1 shows application of the suggested
improved RUN technique for the solution of the energy management.
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Figure 1. The proposed improved RUN for EM solution. Figure 1. The proposed improved RUN for EM solution.
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5. Uncertainty Representation

In this work two uncertain parameters have been taken into consideration, including
the load demand, which can be modeled using the normal PDF, while the wind speed can
be modeled using the Weibull PDF. The normal PDF of the load demand is formulated
using (41) [42].

fL(SL) =
1√

2πσL
exp
[
− (SL − µL)2

2σL2

]
(41)

where σL and µL refer to the standard deviation and the mean value of loading. The Weibull
PDF of the wind speed is formulated using (42) [43,44].

f (w) =

(
k
c

)(w
c

)k−1
exp
[
−
(w

c

)k
]

(42)

where c represents the scale parameter of the wind speed, while k is the shape parameter.
The shape and the scale parameters are obtained from the mean (µw) and the standard
deviation (σw) as follows [45]:

kt =

(
σt

µt
w

)−1.086

(43)

ct =
µt

w
Γ(1 + 1/kt)

(44)

Figures 2 and 3 show the mean and the standard deviation of the loading and the wind
speed, respectively. Then, the Monte Carlo simulation method (MCS) [46] is implemented
for generating a set of scenarios for each hour of the load and the wind speed. Here,
1000 scenarios were obtained from the MSC method for each hour. Then the scenario-based
method [47,48] was utilized for reducing the huge number of scenarios to 25 scenarios.
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Table 1. The generator data of the studied MG. 

Generation 
Type 

a (USD/(kWh)2) b (USD/kWh) c (USD/h) 𝑷 𝒎𝒊𝒏 (kW) 𝑷 𝒎𝒂𝒙 (kW) 𝑽𝒊 (𝐦/𝐬) 
𝑽𝒐 (𝐦/𝐬) 

𝑽𝒓 (𝐦/𝐬) 
𝛈𝐅𝐂 (%) 

Diesel 1 0.0074 0.2333 0.4333 0 400 - - - - 
Diesel 2 0.0042 0.1453 0.2731 0 800 - - - - 

FC 1 0 0.05 0 0 150 -   90 
FC 2 0 0.05 0 0 100 - - - 90 
FC 3 0 0.07 0 0 100 - - - 85 
WT1 0 0.022 0 0 300 5 15 10 - 
WT2 0 0.032 0 0 300 5 15 10 - 

Figure 3. The mean and the standard deviation of the wind speed.
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Two stochastic parameters are associated with the electric vehicles, including the
arrival time and the state of charge that are modeled using the normal PDFs as follows [49]:

f t
n(TA) =

1
σTA
√

2π
× exp

[
−
(
(TA − µTA)

2

2(σTA)
2

)]
(45)

f t
n(SOC) =

1
σSOC

√
2π
× exp

[
−
(
(SOC− µSOC)

2

2(σSOC)
2

)]
(46)

σTA and µTA are the standard deviation and the mean values of the arrival time of the
EV, respectively. σTA and µTA are the standard deviation and the mean values of the state
of charge.

6. Simulation Results

In this section the energy management of the MG is solved using the conventional
RUN and the improved RUN techniques with and without uncertainties. The studied
MG consists of two diesel generators, two wind turbines (WTs), three fuel cells (FCs), an
electric vehicle charging station and interconnect loads as illustrated in Figure 4. The cost
coefficients of the diesel generators, FCs and WTs are listed in Table 1. The simulation
results were conducted using MATLAB software (MATLAB R2021a) on a Core I7 PC with
2.90 GHz and 32 GB RAM. The selected numbers of populations and iterations of the RUN
and the improved RUN techniques are 50 and 200, respectively. The studied cases are
presented as follows:
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Table 1. The generator data of the studied MG.

Generation
Type a (USD/(kWh)2) b (USD/kWh) c (USD/h) Pmin

(kW)
Pmax

(kW)
Vi

(m/s)
Vo

(m/s)
Vr

(m/s) ηFC (%)

Diesel 1 0.0074 0.2333 0.4333 0 400 - - - -
Diesel 2 0.0042 0.1453 0.2731 0 800 - - - -

FC 1 0 0.05 0 0 150 - 90
FC 2 0 0.05 0 0 100 - - - 90
FC 3 0 0.07 0 0 100 - - - 85
WT1 0 0.022 0 0 300 5 15 10 -
WT2 0 0.032 0 0 300 5 15 10 -

6.1. Case 1: Solving the Energy Management in a Deterministic Condition

In this section, the RUN and the suggested improved RUN are applied for solving
the energy management of the MG without considering the uncertainty of the system for
verifying the effectiveness of the proposed optimization algorithm. The load profile of
the system is depicted in Figure 5, while the wind speed is illustrated in Figure 6. The
obtained minimum operation costs via 25 runs by RUN and the improved RUN were USD
29,893.7746 and USD 30,779.9573, respectively. Table 2 lists the operating costs that were
obtained using other techniques. From Table 2, the reductions in the cost compared to the
improved RUN using the conventional RUN, the Equilibrium Optimizer (EO) [38], the
cuckoo search algorithm (CSA) [37], the differential evolution (DE) [37] and the spotted
hyena and emperor penguin optimizer (MOSHEPO) [50] are 2.879%, 9.687%, 11.619%,
11.898% and 11.569%, respectively.
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Table 2. Statistical comparison of the day-ahead scheduling by applying different optimization
techniques for Case 1.

Algorithm Improved
RUN RUN EO [38] CSA [37] DE [37] MOSHEPO [50]

Cost (USD) 29,893.7746 30,779.9573 33,100 33,824.10 33,930.94 33,804.53

The
reduction
of cost v.s.
Improved

RUN

- 2.879% 9.687% 11.619% 11.898% 11.569%

The optimal scheduling for this case obtained using the RUN and the improved
RUN are depicted in Figures 7 and 8, respectively. According to Figures 7 and 8, the
output powers of WT1 and WT2 are varied with the wind speed variations. In addition,
providing the required powers from the WTs to maximum utilization of the renewable
energy resource were prioritized. The FCs were the second-priority resources. This was
due to their inferior fuel costs compared to the diesel generators. The convergence curves
of the RUN and the improved RUN optimization algorithms for the cost reduction are
shown in Figure 9. It is evident that the proposed algorithm has stable characteristics
compared to the conventional RUN, where the suggested algorithm was converged at the
146th iteration.
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6.2. Case 2: Solving the Energy Management with EVs in a Stochastic Condition

In this section, the proposed algorithm was employed for EM solution with inclusion
of the EVs’ charging station with and without considering the smart charging strategy of
the EV. The EM was solved by considering the uncertainties of the load demand, the wind
speed, the state of charge and the arrival time of the EVs. The capacity of the battery found
in the EVs was 50 kWh, while its maximum charging rate was 10 kW [51]. The minimum
allowable limit of the EVs’ SOC was 15% of the battery’s capacity, and the EV left the station
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when its charging capacity was at least more than 90%. The mean (µSOC) and the standard
deviation of the (σSOC) of the initial state of charge were selected to be 50% and 14%,
respectively [49]. The mean (µTA) and the standard deviation (σTA) of the arrival time were
selected to be 18 and 5, respectively [52]. The expected load demand and the wind speed
are depicted in Figures 10 and 11, respectively. The charging station consists of 100 EVs,
and the states of the charge of each EV are depicted in Figure 12. The energy management
of the EVs is solved with and without considering the smart charging strategy of the EVs.
With the conventional charging strategy, the EVs charged with a maximum charging rate,
i.e., 10 kW, while in the smart charging strategy, the EVs charged with optimal controlling
of the charging rate. Table 3 tabulates the simulation results with an application of the
conventional charging strategy, including the optimal scheduling of the diesel generators,
FCs and WTs. The minimum operating cost that has been obtained with an application of
the conventional charging strategy is USD 32,585/day. The states of charge for this case
are illustrated in Figure 13. From Figure 13, the states of charge of the EVs are charged at a
continuous rate, with most EVs taking 3 to 4 h to be charged fully. In the case of considering
the smarting charging strategy, the operating cost was decreased to USD 32,484/day. In
other words, the annual saving of the operating cost between the conventional and the
smart strategy is USD 36,865 per year. It should be highlighted here that in Figure 13, the
different colors refer to the SOC for each car. The simulation results for the smart charging
strategy of the EVs are listed in Table 4. The optimal charging powers at each hour are
depicted in Figure 14. It should be highlighted here that in Figure 14, the different colors
refer to the optimal charging powers at each hour. It is clear that the charging powers are
high from 2:00 a.m. to 12:00 p.m.; this is due to the fact that the generated powers from the
WTs at this time are high, which leads to a reduction in the cost. In contrast, the charging
powers are high from 13:00 a.m. to 22:00 p.m.; this is due to the fact that the generated
powers from the WTs are low during this period, while the charging powers are high from
22 a.m. to 24:00 a.m. to ensure that all EVs are charged more that 90%. The EVs’ states of
charge for the smarting charging strategy are shown in Figure 15. Referring to Figure 15,
some EVs need more time compared to the previous case.
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Table 3. The simulation results with conventional charging strategy.

Time Diesel 1 Diesel 2 FC 1 FC 2 FC 3 WT 1 WT 2 Load EV Loading

1 0.00 0.06 133.94 98.76 95.78 300.00 300.00 918.54 10.00
2 0.07 0.00 149.99 42.21 100.00 300.00 300.00 862.27 30.00
3 0.10 0.00 95.68 100.00 100.00 300.00 300.00 829.84 65.94
4 0.06 1.22 150.00 99.99 100.00 283.54 283.54 813.42 104.93
5 37.58 78.14 150.00 100.00 100.00 264.36 264.36 825.26 169.17
6 42.97 88.98 150.00 100.00 100.00 288.67 288.67 836.88 222.41
7 137.52 254.20 150.00 100.00 100.00 261.36 261.36 964.94 299.50
8 213.75 383.18 150.00 100.00 100.00 262.55 262.55 1110.03 362.00
9 217.92 392.53 150.00 100.00 100.00 300.00 300.00 1213.37 347.08

10 196.16 360.11 150.00 100.00 100.00 300.00 300.00 1296.35 209.93
11 202.09 365.88 150.00 100.00 100.00 300.00 300.00 1286.07 231.90
12 219.02 394.62 150.00 100.00 100.00 300.00 300.00 1307.51 256.13
13 354.81 634.77 150.00 100.00 100.00 70.41 70.41 1250.52 229.88
14 326.14 583.71 150.00 100.00 100.00 69.98 69.98 1267.27 132.55
15 318.35 574.13 150.00 100.00 100.00 47.78 47.78 1236.92 101.13
16 287.80 518.79 150.00 100.00 100.00 41.25 41.25 1193.02 46.06
17 327.87 589.26 150.00 100.00 100.00 21.89 21.89 1264.30 46.61
18 342.79 614.08 150.00 100.00 100.00 0.00 0.00 1268.74 38.13
19 335.99 601.84 150.00 100.00 100.00 0.00 0.00 1265.47 22.37
20 329.77 594.85 150.00 100.00 100.00 0.00 0.00 1272.37 2.24
21 320.82 573.72 150.00 100.00 100.00 0.00 0.00 1244.54 0.00
22 301.19 542.47 150.00 100.00 100.00 0.00 0.00 1193.66 0.00
23 266.34 481.23 150.00 100.00 100.00 0.00 0.00 1097.56 0.00
24 230.15 412.44 150.00 100.00 100.00 0.00 0.00 992.60 0.00
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Table 4. The simulation results with smart charging strategy.

Time Diesel 1 Diesel 2 FC 1 FC 2 FC 3 WT 1 WT 2 Load EV Loading

1 4.09 10.26 110.23 99.96 99.99 300.00 300.00 918.54 5.98
2 1.00 3.61 129.40 65.81 99.67 300.00 300.00 862.27 30.00
3 4.32 2.83 119.71 72.96 99.97 300.00 300.00 829.84 69.95
4 3.31 0.15 149.08 100.00 98.73 283.54 283.54 813.42 104.93
5 44.20 71.53 150.00 100.00 100.00 264.36 264.36 825.26 169.18
6 48.17 83.87 149.98 99.96 99.97 288.67 288.67 836.88 222.41
7 141.56 250.28 149.89 99.98 99.99 261.36 261.36 964.94 299.49
8 204.34 384.97 150.00 100.00 100.00 262.55 262.55 1110.03 354.38
9 217.61 393.21 150.00 100.00 100.00 300.00 300.00 1213.37 347.44

10 205.77 356.00 149.97 100.00 100.00 300.00 300.00 1296.35 215.39
11 216.36 352.95 149.84 100.00 100.00 300.00 300.00 1286.07 233.08
12 230.87 383.41 150.00 100.00 99.90 300.00 300.00 1307.51 256.66
13 322.24 587.36 150.00 100.00 100.00 70.41 70.41 1250.52 149.89
14 333.89 581.74 150.00 100.00 100.00 69.98 69.98 1267.27 138.32
15 316.79 581.80 150.00 100.00 100.00 47.78 47.78 1236.92 107.23
16 310.13 552.55 149.99 100.00 100.00 41.25 41.25 1193.02 102.13
17 316.29 556.85 150.00 100.00 100.00 21.89 21.89 1264.30 2.62
18 329.68 591.25 150.00 100.00 100.00 0.00 0.00 1268.74 2.18
19 323.31 593.03 150.00 100.00 99.99 0.00 0.00 1265.47 0.86
20 327.96 597.43 149.99 100.00 100.00 0.00 0.00 1272.37 3.01
21 327.59 571.94 150.00 100.00 100.00 0.00 0.00 1244.54 5.00
22 317.26 574.74 150.00 100.00 99.98 0.00 0.00 1193.66 48.32
23 291.11 494.81 150.00 99.99 100.00 0.00 0.00 1097.56 38.35
24 238.78 424.13 149.99 100.00 100.00 0.00 0.00 992.60 20.30
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7. Conclusions

This paper proposed an improved RUN technique as an efficient optimization tech-
nique for solving the energy management of a MG in deterministic and probabilistic states.
The studied MG consists of wind turbines, fuel cells, EVs and diesel generators. In the
probabilistic state the uncertainties of the load demand, the wind speed, the arrival time
and the SOC of the EVs have been considered as uncertain parameters. The proposed
improved RUN is based on two improvement strategies: the WFD and FDB methods. The
yielded results verified the superiority of the improved RUN for solving the EM of the MG
compared to the EO, the CSA, the DE and the MOSHEPO. In addition, by application of the
smart charging strategy, the operating cost of the EVs can be reduced from USD 32,585/day
to USD 32,484/day.
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