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HIGHLIGHTS

e Proposing an energy management strategy for a renewable-based microgrid.
e Minimum total operating cost is achieved successfully.

o The bus voltage has been stabilized employing a flat controller.

e Comprehensive analysis and statistics have been provided.
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This research proposes an effective energy management strategy (EMS) for the economic operation under
standalone and grid-connected operating modes of integrated solar renewables microgrid. The proposed
microgrid is composed of a photovoltaic generator (PV), a fuel cell system (FC), and a battery storage system. The
random nature of the renewable and the load power imposed some stability problems and economic problems,
including operating costs. The suggested technique was based on the bald eagle search optimization algorithm
(BES), which was designed for a one-day scheduling horizon. The key objectives of this paper were to satisfy the
load power with the lowest operating costs under a stable direct current (DC) bus voltage, enhance the overall
system efficiency and protect the battery from deep discharge and overcharge. To demonstrate the effectiveness
of the proposed strategy, the obtained results were compared with other optimizers, including particle swarm
optimization (PSO), salp swarm algorithm (SSA), artificial eco-system optimizer (AEO), COOT optimizer, and
political optimizer (PO). The comparison confirmed the superiority of the proposed strategy in terms of minimum
operating energy cost (0.1577c€/kW), high efficiency (87.395%) and final SoC (33.268%).

1. Introduction

In the last decades, the penetration of distributed renewable energy
into distribution networks has increased rapidly. However, their
dependence on geographical and meteorological circumstances has
imposed several challenges on the control and the management [1].
Contrarily, the integration of controllable sources, such as fuel cells
(FC), microturbines (MT), and storage systems, including batteries, has a
power system with more controllability. Nevertheless, the combination
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of various sources, including renewables, may regardless lead to coor-
dination and controllability problems. Microgrid technology provides
significant solutions for these problems and provides more advantages,
including: minimizing the power peaks and fluctuations [2] and the
ability to integrate artificial intelligence (IA) within the microgrids
control and management systems [3].

Microgrids are low voltage autonomous clusters, composed of
renewable and fossil energy sources and storage systems that fulfill a
local establishment or community [4]. Energy storage systems (ESS), on
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Fig. 1. The Proposed MG Topology including the power sources, the main grid, the CC and the LCs.

the other hand, play an essential role in supporting renewable sources
and adding flexibility and controllability to their operation [5]. How-
ever, for commercial buildings with high consumption and low local
renewable production, the combination of renewable sources and stor-
age systems is not enough. For this reason, the integration of backup
support systems is necessary. Diesel generators have been used widely as
a backup support system; however, they have several disadvantages: low
efficiency, pollutant emissions, and expensive operating and mainte-
nance cost [6]. Hydrogen fuel cells may provide better performance as a
backup system, due to their considerable advantages, including: low
operating costs and maintenance, calm operating, and clean emissions
[71.

To maximize the benefits of MG, such as improved economics and
decreased main grid dependence, a suitable control system architecture
must be employed. Hierarchical control is one of the most used strate-
gies to control the MGs [8]. A typical MG hierarchical control system
consists of two levels: local controllers (LCs) to control the power elec-
tronic interface of each source, and the central controller (CC) that
generates the power references for each LC based on the embedded
energy management strategy (EMS) and the current measures [9].

The main objective of combining these resources within the micro-
grid is to meet the commercial building’s electrical loads, including
heating, lighting, and cooling. To fulfil the consumption and production
balance, techno-economic restrictions must be considered [10]. In
general, the conception, design, and optimization of microgrids are
attractive subjects. The technical issues have been presented in several
papers, where the objective was to control some variables of the system,
including the DC bus voltage, the storage system state-of-charge (SoC),
fuel level, or system emissions. Other works presented economic stra-
tegies, where the objective was to decrease overall running and main-
tenance costs. Drop control strategy [11], hierarchical control strategy
[12], and master-slave strategy [13] have been used widely in these
fields.

Many academics have concentrated their studies on formulating the
EMS and creating effective solutions to optimizing it. Two main

categories of MG’s EMS have been analyzed. These categories are:
deterministic and probabilistic [14]. The deterministic EMSs are con-
structed based on prior knowledge, and the data inputs are assumed
known. However, due to the fluctuation of renewable sources and
market prices, the probabilistic EMSs provide better performance. A
simple management strategy was presented in [15] for a standalone
WT/PV/FC system. This strategy employed comprehensive dynamic
models to evaluate their effects on system behavior. Hybrid model
predictive control and rule-based control strategies were proposed in
[16] for PV/FC grid-connected to reduce COy emissions. A technical
rule-based EMS was presented in [17] for a WT/PV/FC/SC microgrid.
An economic EMS was proposed in [18] for a PV/WP/ESSs power sys-
tem. Hatziargyriou et al. [19] proposed a coordinated operation of
various distributed generation (DG) units and storage systems, regarding
the economic benefits and power losses. An optimal techno-economic
EMS for WT/PV/FC/Battery power system was presented in [20].

The metaheuristic algorithms (MAs) are receiving increased atten-
tion because of their high performance with stochastic problems. EMSs
based on metaheuristic population-based optimization methods are
gaining more attention. Genetic algorithm (GA) based EMS was pro-
posed by Mohamed and Koivo [21] to minimize emissions costs (COo,
SO, and NOx), installation costs, and operating and maintenance costs.
A multi-objective adaptive modified particle swarm optimization algo-
rithm (MAMPSO) was studied and implemented for a typical MT/FC/
Battery MG with renewable energy sources [22]. Improved gravitational
search algorithm (GSA) based EMS’s were proposed by Li et al. [23] to
optimize fuel consumption, operation and maintenance costs while also
reducing pollutant emissions. Salp swarm algorithm (SSA) was used in
[24] to enhance the power quality of a DC microgrid. The same algo-
rithm was implemented in [25] to update the LQR parameters of a
battery/supercapacitor power system.

However, because of the stochastic nature of the metaheuristic al-
gorithms, each strategy may provide a different performance based on
the embedded optimization algorithm. For this reason, this paper eval-
uated the performance of modern optimizers from both technical and
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economic points of view. This paper presented a techno-economic EMS
for a PV/FC/Battery grid-connected LV DC microgrid. The main con-
tributions of this paper are listed as follows:

— Design an optimized techno-economic energy management strategy
(EMS) for a DC microgrid that responds to commercial building en-
ergetic requirements with optimal operating costs.

— Optimization of the microgrid operating cost employing the blade
eagle search algorithm on the EMS, the physical limitations of each
power source are included such as the battery limitations.

— Enhance the stability and provide power quality using the flatness
control approach.

— Enhance the power system overall efficiency.

The studied power system topology is presented in Fig. 1. The pro-
posed EMS was based on the bald eagle search optimization algorithm
(BES). The proposed strategy was compared with other metaheuristic
algorithms (MAs) to confirm its performance. The used algorithms were:
particle swarm optimization (PSO), salp swarm algorithm (SSA), polit-
ical optimizer (PO), artificial eco-system optimizer (AEO), and Coot
optimization algorithm (COOT). The DC bus voltage was stabilized using
the flatness control strategy. Controlling and optimizing the microgrids
was a typical multi-objective problem that included various MG issues,
such as: stability, cost, fuel consumption, safety, and efficiency. This
paper focused on reducing the total operating cost under stable bus
voltage. A single objective optimization strategy that included operation
costs was used to reduce the operating costs, where the stabilization
strategy was performed utilizing a flatness control strategy.

The rest of the paper was structured as follows: Section 2 presented
the power system description. The proposed EMS was explained in
Section 3; this section included the objective function formulation and
the DC voltage stabilization control law. Section 4 explained the opti-
mization algorithms. The results and discussion were presented in Sec-
tion 5. The paper then ended with a conclusion in Section 6.

2. Power system description

Fig. 1 shows the typical grid-connected low-voltage (LV) microgrid,
consisting of several types of DG: FC system, PV array, Li-ion battery
storage system, and building loads. The microgrid can exchange the
power with the main grid (MV distribution grid) through an MV/LV
transformer and bidirectional DC/AC converter. A boost converter was
used to control the PV and the FC system. A bidirectional buck/boost
converter was utilized to control the battery power. A bidirectional DC/
AC converter was used to manage the exchanged power with the main
grid. All of the power sources were connected to a 380 V dc common bus
via their power converters. Each converter was controlled using their
local controller (LC), which generated the PWM signal based on the
received power reference from the central controller (CC).

From Fig. 1, the available energy on the DC bus (Ep,) can be
expressed as a function of the exchanged power as follows:

Epus = Ppy + Prc + Ppan + Poria — Proaa (€9)

where Ppy, Prc, and Pgqy, are PV, FC and battery output power, Ppyqq is
the load power and Pg;q is the Grid power. The dc bus energy can be
expressed as follows:

Chux

Eps = )

Vs @
where Vs is the bus voltage and Cpys is the bus capacity.

3. The proposed EMS

An energy management strategy (EMS) was implemented on the CC
to optimize the operation of the microgrid following the electricity
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prices (EP), the power sources operating costs (C;), and predicted load
power. Moreover, the EMS had to ensure power quality and stability.

3.1. Objective function formulation

The PV generator as a free energy source operated at its maximum
power point (MPP). As such, its power reference was generated using an
MPPT algorithm. The PV power was injected directly to supply to the
load. However, the demanded power was considerably higher than the
generated PV power, meaning the deficit power was supplied by all of:
the FC, the battery, and the grid power according to the EMS decisions.

If the load power exceeded the generated power by the microgrid’s
power sources or if the power sources operating cost was higher, the
microgrid turned on on-grid mode, and the load was mainly supplied by
the grid power, considering the economic gains. This objective can be
formulated as an optimization problem that minimized the operating
cost. The optimization problem can be expressed and defined in the
objective function as follows:

N

T
Fpq = min ZI: Zl: ((Pai(t)) + Pera(1).EP(t))AT)
= 3

(Crc(Prc(t)) 4 Cpau(Ppan (1)) + Pria(t).EP(2))AT)
T

T
= mzn

I

where N is the number of power sources and T'is the total number of time
intervals; Pg; is the i-th DG power; C;, Crc and Cpg are the i-th DG, the
FC, the battery operating costs; EP(t) is the electricity market prices at
time t; AT is the sampling time.

This function was submitted to several constraints, such as the power
balance and the power generation capacity.

3.2. Constraints

Assuming that losses in the microgrid were neglected, the total
power generated by the power sources must be equal to the load power
for each time interval, t. Therefore, the power balance constraint can be
described as follows:

N
Proaa :ZPGI+PGr[d

i=1

= Ppy + Ppc + Py + Pgria

4

Moreover, each generation unit has its physical production capacity.
As such, it has to provide the power within its range as follows:
PRISPGSPET (5)

According to, each generator operating cost is a considered quadratic
relationship that can be expressed as follows:

C = (aiPGi)z +biPg;i + ¢ (6)

where a;, b; and c; are the cost coefficients.

Thus, the objective function has constraints on the power generators,
where the battery and the FC have their output limitations; these con-
straints are presented as follows:

PSPre<PE )
Pyt <Ppun<Pys (8)
Pgria = Proaa — (Prc + Pgan) (C)]

where Pl and PR¢* are the FC min and max output power, PRt and Pjex

are the max charging and discharging power, respectively.
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Fig. 2. BES Optimization Algorithm flowchart includes the three optimization stages: selecting space, searching in space and swooping.

3.3. Storage system requirements

The battery shared its energy with the microgrid, according to the
power reference generated by EMS. However, for many papers that
proposed an economic EMS, the battery state of charge (SoC) was not
included in the EMS. To avoid the battery’s deep discharge or over-
charge, the EMS had to include the SoC in the objective function. In this
paper, the battery SoC was considered on the objective function as fol-
lows:

Feoy = min(i(CFC(PFc(t)) + Coan(Pan(1)).(S0C(t) = SoCopn)? + Paiialt).EP(1))AT)

=1

where SoCop; is the optimal SoC.

In this study, the optimization variables were the power reference for
each generator, including the main grid power reference. However,
according to Eq. (9), the main grid power reference was unconsidered as
an optimization variable to ensure the power balance in Eq. (4).

The optimization problem was resolved by means of a recent meta-
heuristic algorithm called bald eagle search optimization algorithm.

3.4. DC bus voltage stabilization

Mainly, the load was supplied by the PV, the FC, and the main grid
power, where the main function of the battery was to stabilize the DC
bus voltage by supplying the transient periods. The voltage can be sta-
bilized using the flatness control strategy; this strategy provided excel-
lent performance as obtained in [26], where battery power reference
was obtained from Eq. (11) as follows:

Py, = E;:,Z + Prosa — Ppv — Prc — Pgria 11)

where E;;Zis the required power by the common bus, it can be obtained
based on the second-order trajectory generation equation as follows:

d(Eps — Ey) v ' "
(Epus s ki (Eps — Ebufs) +ky / (Epus — Ebl‘f_y)dt =0

—_ 12
— | a2

where k; and ky are the trajectory generation coefficients. These co-
efficients can be obtained as follows:

ki = 2w, 13)
ky = o (14)
(10)

where € is the damping coefficient (0.707) and wyis the cutoff frequency.
4. Optimization mechanism
4.1. Bald eagle search optimization algorithm:

BES is a new nature-inspired meta-heuristic optimization algorithm
that imitates bald eagle hunting behavior [27]. This algorithm has three
stages. In the first stage (selecting space), the bald eagle chooses the best
area in terms of food amount. In the second stage (searching in space),
the eagle searches for prey inside the designated area. From the best-
obtained position in the second step, the eagle swings to determine
the optimum hunting site in the third stage (swooping).

a. Selection space: In this stage, new positions will be generated ac-
cording to the following equation:

Prww(i) = Pbesl+a'r'(Pmean - P(l)) (15)
where Py, (i) is the i-th newly generated position, Ppe is the best-
obtained position, Ppeqn is the mean position, a is a control gain [1.5,
2], and r is a random number [0, 1]. The fitness of each new position will
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be evaluated, if any new position (Pp,) provides a better fitness
compared with the provided by the Py, this new position will be
assigned as Ppeg.

b. Searching in space: after the assignment of the best search space
(Ppesy), the algorithm updates the position of the eagles inside this
search space. The updating model is formulated as follows:

Prew(i) = P(i) +y(i).(P(i) — P(i + 1)) +x(i).(P(i) — Prnean) (16)
where Py,(i) is the i-th newly generated positions, Ppeqn is the mean

position, x and y are directional coordinates for the i-th position, they
can be defined as:

j) = xr() [) = r(i).sin(0(i
i) = iy ) = r0)5in(0()
Cl) an
i) = i i) = rli) cos(oi)

0(i) = a.w.rand; r(i) = 0(i).R.rand

where a is a control parameter that used for determining the corner
between point search in the central point, it takes value in [5, 10], Ris a
parameter in [0.5, 2] used to determine the number of search cycles. The
fitness of the new positions will be evaluated, and the Py, value will be
updated according to the obtained results.

c. Swooping: in this stage, eagles move toward the target prey from the
best-obtained position. The hunting model is presented as follows:
P (i) = rand.Ppes; +x1(i).(P(i) — ¢1.Puean) +y1(0).(P(i) — c2.Ppesr) ~ (18)

where ¢; and ¢y are random numbers [1,2]; xI and yI are directional
coordinates, they can be defined as

)= D) = r(i).sink(0(i
x1(i) = max(per]) xr(i) = r(i).sinh(6(7))

j yr(t) r i).cos i a9
y1(i) = max(yr) (i) = r(i)-cosh(6(i))

0(i) = a.w.rand; r(i) = 0(i)

Fig. 2 was presented to give more visibility and readability to this
algorithm, where Npop is the number of positions (population size), and
MaxIter is the max number of iterations.

4.2. Particle swarm optimization:

The PSO is a stochastic optimization method based on the collective
conduct of certain animal’s swarms, such as birds’ flock or fish schools
[28]. This behavior can be modeled as follows:

VI = @V! + 0r (pbest; — X) + 559r, (gbest; — X?)
XH = x4 v 20

1 v 1
where Vi*'and X!™are velocity and the position of the i-th agent at
instant ¢ + 1, w is the inertia weight constant, c?%and cf5°are the self-
knowledge and group knowledge weights- also known as correction

if Pl = D)<pl(<m’
if Pt —1)<m'<pl, (1)

m'+r(m’ = pl(1))

Pl 1) ={ m @D = P00

or I’?.k(l - 1)z
or Pt —1)zm"2p], (1) 24
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factors- r1,r, are random numbers [0, 1], t is the iteration.

4.3. Salp swarm algorithm

SSA is a bio-inspired algorithm inspired by the movement of the salps
on the ocean [29]. In the SSA population, there are two types of salps:
leaders and followers. The mathematical model that describes the
leaders (LP) and the followers’ positions (FP) at instant t is formulated as
follows:

FP(t) + cfs"((ubm‘ - lbm‘)cgm + leSA) cg“ < 0.5
LP(1) =
FP(t) — ¢S4 ((ub™* —

B eS™ + %) > 0.5

2D

—(ay )
C‘?SA = De T

FP;(k) = 0.5(FP;(k — 1) + FP;_,(k))

where c¢5%and c§5Arepresent random numbers [0, 1]. ub% and b5 are
the upper and the lower search space limits; Tpqy is the max number of
iterations.

4.4. Artificial eco-system optimizer

AEOQ is a novel meta-heuristic optimization algorithm inspired by
living organisms’ behaviors [30]. Living organisms have three stages:
production, consumption, and decomposition. The production operator
model can be represented at the iteration t + 1 as:

# = (1 - ), + ax,
0= (1= G2)

Xyand = (MbAEO _ leEO) + leEO
where x’l+l represents the first agent position at iteration t + 1, r{¥is a
random number [0, 1], r is a random vector [0, 1] and X,q.q is a set of
random positions.

The consumption behavior can be modeled according to the living
type. If the living is an herbivore, its model can be formulated as:

X =X 4 Ol =), i€ 2
1w (23)
~N(0,1) v, ~N(0,1)
T2’
where xi™! is the i-th agent position at iteration ¢ + 1, C is Levy flight

function and N(0,1) denotes the normal distribution. Political Optimizer

PO is a recent optimization algorithm inspired by the phased stages
of politics [31]. There are several phases in this optimizer: constituency
allocation, party switching, election campaign, inter-party election, and
parliamentary affairs. The exploration and exploitation are performed
on the election campaign phase, and the updating model is presented as
follows:

L(t)zm

w =D =P =D i = D) or m = 2P0




S. Ferahtia et al. Applied Energy 306 (2022) 118069
Table 1

e Case 2: the target solution is located between the current and the
System Paramaters.

previous position.
Parameter Value o Case 3: the previous position is located between the current position
and the target solution.

DC Bus Voltage 380V
FC max power 250 kW
Battery’s capacity 1500 Ah Eq. (29) can be explained similarly.
Max SoC 90%
Min SoC 30%
m Q=D —pl 0] = DO or ply(— 120l (1)zm°

pé,k(t +1)= Pi:,k(t 1) +r :k(t) _P{,k(t - 1) if Pi:,k(t - I)Sm*gpf,k(t) or ,:,k(t - 1)?””*?%,;( ) (25)

(
m e = D|m = =) i <= D<) or mBpl (= 120,00

where r is a random [0, 1], and m" first holds the value of the kth
dimension of the party leader.

Both of these equations have three cases. The key objective of these

Table 2
Load and PV power characterestics.

. - . . Metri Load PV
cases is to determine and exploit the best region in the search space. The etrie oac power power
cases of Eq. (28) can be interpreted as follows: Min power (kW) 12.43 0
Max power (kW) 268.9 170.4
. . . . . . Mean power (kW) 149.4 35.81
e Case 1: the current position is located between its previous position Median power (kW) 164.5 11.43
and the target solution. StD 84.69 46.87
Range 256.5 170.4

300
T T T T
Load power
— PV power
250 max power
(18:25)
Peak time
200
g 150
Tt
[
2
o
~
100
50
min power
(03:08)
0 | | |
0 5 10 15 20
Time (h)

Fig. 3. The considered load and Solar Power Profiles.
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Table 3 (b) Adjusting the position based on the group leaders: similar to the
Optimizer Paramaters. updating mechanism of the SSA algorithm, the COOT updates the
Parameter Value birds’ positions. Each bird updates its position following the
previous bird position as:
Number of agents 10
Max iterations 8 CootPos, (i) = 0.5-(CootPos, (i) + CootPos, (i) 27
Number of variables 2
Number of runs 10 . . .
where CootPosy(i) is the n-th coot at instant i.
4.5. COOT optimizer (c) Position updating based on the group leaders: the coots update

their position according to the leaders’ positions as follow
Coot is a novel meta-heuristic algorithm motivated by the movement
of birds called Coot on the water surface [32]. There are two distinct

CootPos, (i + 1) = LeaderPos, (i) + 2R, cos(2aR)(LeaderPos, (i) — CootPos, (i + 1))

28
k =1+ mod (n, Nieader) (28)
types of birds in this population: leaders, and the other birds that update
their positions (CootPos) according to the leaders’ positions (LeaderPos). where Nieqder is the leaders’ number, n is the search space dimension, Ry
There are four stages in this optimizer: is a random numbere [0, 1], R is a random numbere [—-1,1].

(a) Random movement to this side and that side: the birds move (d) Leading the group by the leaders towards the optimal area (leader
randomly to explore the search space, this movement can be movement): The leaders update their position as follows:
modeled as follow.

CootPos(i) = CootPos(i) + A-R,(Q — CootPos(i)) (26) Table 4
A =1—i/Maxlter Cost Coefficient for both FC and Battery.
Cost Coefficient Value Unit Cost Coefficient Value Unit
R3 is arandom numbere [0, 1], Q is a random position and MaxIter is the
max number of iterations. arc 0 Ect/kWh?  apq 0 €ct/kWh?
brc 0.294  €ct/kWh  bga 0.38 €ct/kWh
Crc 0 €ct/h CBart 0 €ct/h
I —
Cfc
Cbatt
Cgrid _
g
s -
[
2
=
~
£
g ]
B
1
2
=
~
)
0 | | | | |
0 4 8 12 16 20 24

Time (hours)

Fig. 4. The considered electricity Prices.
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Fig. 5. The generated battery, grid and fuel cell power using the AEO.
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Fig. 6. The generated battery, grid and fuel cell power using the PO.
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Fig. 7. The generated battery, grid and fuel cell power using the PSO.
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Fig. 8. The generated battery, grid and fuel cell power using the SSA.
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Fig. 9. The generated battery, grid and fuel cell power using the COOT.
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Fig. 10. The generated battery, grid and fuel cell power using the BES.
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Fig. 11. The battery State of Charge (SoC) using all the algorithms (%).

B-R;-cos(2Rn)-(gBest— LeaderPos, (i+1))+gBest Ry <0.5
B-R;3-cos(2Rx)-(gBest— LeaderPos,(i+1)) — gBest R320.5
B=2—

LeaderPos,(i)= {

i/ MaxlIter
(29)

where gBest is the best-obtained position, R3 and R4 are random
numberse [0, 1], B is a converging factor that can be calculated as the
above equation.

5. Results and discussion

To validate the performance of the proposed EMS, the microgrid was
simulated under variable load and solar radiance. The system parame-
ters are presented in Table 1. The typical solar and load power profiles
are presented in Fig. 3, while their characteristics are provided in
Table 2. The simulation parameters are presented in Table 3, and the
cost parameters are presented in Table 2 and Fig. 4 [14] (see Table 4).

To evaluate the performance of the proposed EMS, it was compared
with other popular and recent optimizers, including PSO, SSA, PO, AEO,
and COOT.

As can be seen in Fig. 3, that the load power was much higher than
solar power. As explained before, the deficient power was supplied by
the FC, the battery, and the grid. The EMS assigned the power reference
for each source. The obtained results are presented in Fig. 5 for the
obtained results using AEO based EMS, Fig. 6 for the PO based EMS,
Fig. 7 for the PSO based EMS, Fig. 8 for the SSA based EMS, Fig. 9 for the
COOT based EMS, and Fig. 10 for the BES based EMS.

From Fig. 4, there are two main times: the low grid price, from 22:00
to 7:00. In this time, the grid power was cheaper than the FC and the
battery power; at the other time: the low grid price, during the grid
power cost was higher.

From these results, in the periods from 1 to 6 h and from 23 to 24 h,
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the main grid supplied a large portion of the load. This is because the
electricity market was lower in comparison to power sources operating
costs and the battery charge during this time. After 7:00, the FC supplied
the load, while the battery supplied the transient periods caused by the
weather fluctuations. The grid price dropped after 13:00; and the load
power rose to reach its high level at 17:00. During this time, the FC
supplied most of the load; the grid injected its power according to the
prices, as displayed in the power figures. The battery shared its power
according to the dc bus required power and the bus voltage. The
exchanged battery power was expressed with its SoC, and the battery
SoC is presented in Fig. 11. The simulation results and statistics,
including: the efficiency, the final SoC, the mean operating cost, and the
optimizer efficiency, are presented in Table 5.

The ANOVA statistics are presented in Table 6, and the F value was
much higher than the p-value (critical value), which proved the variance
between the optimizers’ performance. Fig. 12 presents the ANOVA re-
sults for each optimizer. This figure demonstrated the robustness and the
accuracy of the BES when compared with the other algorithms. How-
ever, the high complexity of the BES algorithm may be challenging for
its hardware implementation. Moreover, the integration of other sources
on the microgrid will certainly require more advanced computers for the
real-world application due to the high complexity and computing time

Tukey HSD (honestly significant difference) test results are provided
in Fig. 13. This test was used to confirm that the results’ means were
significantly different for each optimizer. From these results, the pro-
posed BES had a significantly different mean from the other five
optimizers.

The DC bus voltage was stabilized by the used flat controller, as
displayed in Fig. 14. Voltage fluctuations were due to loads and solar
power fluctuations. The solar profile used was taken from the cloudy day
profile, and this profile was used to evaluate the durability of the
controller.

Table 7 shows statistics on the DC bus voltage. From these results, the
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Table 5
Simulation results.
PSO SSA AEO PO COOT BES
Run Sys. Final Sys. Final Sys. Final Sys. Final Sys. Final Sys. Final
Efficiency SoC (%) Efficiency SoC (%) Efficiency SoC (%) Efficiency SoC (%) Efficiency SoC (%) Efficiency SoC (%)
(%) (%) (%) (%) (%) (%)
1 85.242 30.039 86,006 31.647 83.518 28.693 84.340 4.0415 85.974 32.264 87.396 33.266
2 85.234 30.026 86.017 31.641 83.542 28.692 84.338 4.0066 85.973 32.261 87.397 33.268
3 85.270 30.040 85.984 31.624 83.519 28.700 84.328 4.0238 85.973 32.273 87.397 33.263
4 85.251 30.033 86.010 31.655 83.547 28.722 84.337 3.9856 85.982 32.277 87.392 33.259
5 85.228 30.039 86.022 31.653 83.512 28.694 84.330 4.017 85.977 32.266 87.398 33.271
6 85.260 30.038 86.019 31.650 83.546 28.690 84.335 4.028 85.989 32.297 87.398 33.275
7 85.256 30.035 86.019 31.610 83.496 28.674 84.343 3.995 85.979 32.271 87.396 33.268
8 85.243 30.028 86.012 31.655 83.540 28.707 84.336 3.988 85.968 32.268 87.390 33.267
9 85.246 30.037 86.018 31.638 83.565 28.724 84.331 3.975 85.967 32.266 87.393 33.272
10 85.253 30.034 85.996 31.659 83.524 28.696 84.338 4.010 85.962 32.276 87.396 33.266
Best 85.228 30.026 85.985 31.624 83.496 28.674 84.328 3.9753 85.962 32.261 87.390 33.259
Worst 85.270 30.040 86.022 31.661 83.565 28.724 84.343 4.0415 85.989 32.297 87.398 33.275
Mean 85.248 30.035 86.010 31.648 83.531 28.699 84.336 4.0070 85.974 32.272 87.395 33.268
Median 85.249 30.036 86.014 31.652 83.532 28.695 84.337 4.0080 85.974 32.269 87.396 33.267
StD 0.013 0.0049 0.012 0.0113 0.0205 0.0150 0.0047 0.0211 0.0078 0.010 0.0028 0.0046
Run Daily cost Cost per Daily cost Cost per Daily cost Cost per Daily cost Cost per Daily cost Cost per Daily cost Cost per
(c€) kW (c€/ (c€) kW (c€/ (c€) kW (c€/ (c€) kW (c€/ (c€) kW (c€/ (c€) kW (c€/
kW) kW) kW) kW) kW) kw)
1 1,732,174 0.2316 1,268,355 0.1685 2,426,193 0.3261 3,102,432 0.2453 1,493,717 0.1980 1,194,906 0.1576
2 1,730,007 0.2313 1,268,809 0.1686 2,421,798 0.3255 3,104,940 0.2455 1,494,695 0.1981 1,194,381 0.1577
3 1,734,499 0.2319 1,268,476 0.1685 2,422,010 0.3255 3,103,108 0.2453 1,494,752 0.1981 1,194,523 0.1577
4 1,733,342 0.2317 1,269,484 0.1687 2,423,270 0.3257 3,100,843 0.2452 1,495,670 0.1983 1,194,541 0.1577
5 1,731,563 0.2315 1,269,444 0.1687 2,425,343 0.3260 3,102,625 0.2453 1,495,056 0.1982 1,194,662 0.1577
6 1,731,723 0.2315 1,268,433 0.1685 2,421,875 0.3255 3,101,560 0.2452 1,495,345 0.1982 1,194,988 0.1578
7 1,729,291 0.2312 1,268,855 0.1686 2,423,328 0.3257 3,103,369 0.2454 1,495,925 0.1983 1,194,602 0.1577
8 1,733,356 0.2316 1,269,636 0.1687 2,425,034 0.3259 3,104,131 0.2454 1,495,928 0.1983 1,194,808 0.1577
9 1,730,956 0.2314 1,268,540 0.1685 2,420,079 0.3252 3,102,209 0.2453 1,492,750 0.1979 1,194,559 0.1577
10 1,734,204 0.2319 1,268,898 0.1686 2,419,501 0.3252 3,102,144 0.2453 1,494,011 0.1980 1,194,906 0.1578
Best 1,729,291 0.2312 1,268,355 0.1685 2,419,501 0.3252 3,100,843 0.2452 1,492,750 0.1979 1,194,381 0.158
Worst 1,734,499 0.2319 1,269,636 0.1686 2,426,193 0.3261 3,104,940 0.2455 1,495,928 0.1983 1,194,988 0.1578
Mean 1,732,112 0.2316 1,268,893 0.1686 2,422,843 0.3256 3,102,736 0.2453 1,494,785 0.1981 1,194,688 0.1577
Median 1,731,949 0.2315 1,268,832 0.1686 2,422,640 0.3256 3,102,529 0.2453 1,494,904 0.1982 1,194,632 0.1577
StD 1742.177 23.10%  472.933 6-10%  2216657.4  30-10*  1203.793 9-10"  1036.363 13-10*  202.001 2.10*
Effi 68.09 93.54 48.42 64.28 79.58 99.97
protect the battery from deep discharge and overcharge. To prove the
Table 6 superiority of the proposed energy management strategy, the obtained
ANOVA table. results were compared with other optimizers, including particle swarm
Source Ss df  Ms F p-value optimization, salp swarm algorithm, artificial eco-system optimizer,
Columns 018927 5  0.03785 1.28745¢6  9.82601 x COOT optimizer, and political optimizer. The minimum operating en-
(between) e—08 107136 ergy cost (0.1577c€/kW), superior efficiency (87.395%), and raised
Em’i (within) 1.58772 54 2.94021 final state of charge (33.268%) were achieved thanks to the proposed
Tota 0.18927 59

performance was similar for all optimizers. This can be interpreted by
the fact that a flat controller was an independent unit, thus, the opti-
mizer did not have a considerable impact on its performance. Never-
theless, the flat controller performance was still excellent.

6. Conclusion and future work

An efficient energy management strategy (EMS) for the economic
operation of a microgrid under standalone and grid-connected operating
modes was proposed. The proposed EMS technique was based on the
bald eagle search optimization algorithm (BES). Three goals were ach-
ieved: the first was to satisfy the load power with the lowest operating
costs under a stable direct current (DC) bus voltage, second: was to
enhance the overall system efficiency and lastly: the third goal was to
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energy management strategy, based on the bald eagle search optimiza-
tion algorithm. Thus, as a conclusion, the proposed EMS effectively
responded to the predetermined objectives.

In our future works, we aim to combine the energy management
strategy and the flat controller by including the controller parameters in
the optimizer as optimization variables. For this, the objective function
has to include the voltage error or use a multi-objective optimization
algorithm. Moreover, hardware in the loop (HIL) may be performed in
our future works to resolve the BES algorithm’s high complexity.
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Fig. 14. The DC bus voltage applying the proposed flat controller (V).
Table 7
Statistics on the DC bus voltage.
PSO SSA AEO PO COOT BES
min 371.0675 371.1028 371.0677 371.1081 371.1039 371.0988
max 385.4200 385.7237 385.0700 386.5195 385.5655 386.3551
mean 379.9854 379.9853 379.9856 379.9855 379.9857 379.9855
median 380.0259 380.0234 380.0276 380.0243 380.0197 380.0243
mode 371.0675 371.1028 371.0677 371.1081 371.1039 371.0988
std 0.5652 0.5872 0.5443 0.6398 0.5767 0.6224
range 14.352 14.6209 14.0022 15.4114 14.4616 15.2563
Appendix A
A.1. Flatness control equations
From Eq. (12), the required power by the common bus (Ej’}) can be obtained as
d(Epes — EX !
% = ki(Ep, — Ens) +ha /O (Epe = Enus)dt (30
For a constant DC bus reference voltage
d(E!r::;{) — d(cbusEl;f{\- ) =0 (31)
dt dt
Then
- d(E '
Ept = (Es) = ki (Epus) +k2/ (€pus)dt
dt 0 (32)
Epus = E;Zj; — Epyg
Replacing in Eq. (11)
33)

t
Py = (ki(&ps) + kz/ (Epus)dt) 4 Proga — Py — Prc — Pria
0
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A.2. AEO

Following Eq. (23), If the living is a carnivore

Bl =x+C —x)), i€[3,.n]

j=randi([2 i—1]) 34

If the living is an omnivore

X=X Ol —X) + (1) (3 —x)) i€ [3,.]

j=randi([2 i—1]) 35

The decomposition” model is presented as
A =x! +D(ex, —hxl), i€]l,.n|
D=3u, u~N(0,1)
e =ryrandi([1 2])—1
h=2r —1

(36)

where r4£0is a random number [0, 1].
A.3. The optimizer average efficiency

The average efficiency is estimated based on the following relation:

100 = OF
Nay = n Z<OF,,

37)
where n is the number of runs, OF; is the estimated fitness function, and OF,p, is the nominal objective function.

A.4. ANOVA table

Source Sums of Squares (SS) df Mean Squares (MS) F

Between SSB = an(X*)?j)Z k-1 MSB — SSB _ SSE
k-1 MSE
Error SSE=Y3% (X,X].)Z N-k MSE — ;SEk

Total SST=YS (X - ?j)z N-1

X;: Sample mean of the j-th group.
X: Overall sample mean of all groups.
k: the number of independent groups.
N: The total number of sample size.

A.5. Tukey test

Xmax — Xmin
s.e (38)

e=1/2/n

Xnax: The largest sample means.

Xmin: The smallest sample means.

s2: The pooled sample variance from these samples.
n: Size of the samples.

q=
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