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# ABSTRACT - To achieve the goal of allocating the generation capacity of isolated renewable energy system microgrids in
a stable, economical, and clean manner, an optimization model considering economic costs, environmental protection, and power
supply reliability was established. Compared with the normalization of fixed weight coefficients, a dynamic adaptive parameter
method was used in this study to balance the weights of economic, environmental, and stability factors in the objective function.
The Levy Flight Strategy, Golden Sine Strategy, and Dynamic Inverse Learning Strategy were embedded to increase algorithm
performance for optimization and simulation to address issues such as local optima, slow convergence speed, and lack of diversity
commonly associated with traditional Grey Wolf Optimization algorithm. The case analysis shows that the Improved Grey Wolf
Optimization algorithm effectively reduces the economic cost of microgrids, enhances environmental performance, and improves
system reliability.
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#1. INTRODUCTION

Global Electricity Review 2023 reveals a 15-20% growth rate
for wind and solar energy sources over a decade [1].
Nevertheless, the effectiveness of these sustainable sources is
inherently limited by their unpredictable nature and
environmental variables, leading to significant fluctuations in
energy production levels. Introducing hybrid renewable energy
systems (HRES) has emerged as a necessary solution to
counteract the instability observed in single-energy
configurations. These hybrid systems amalgamate wind, solar,
diesel, and storage elements, facilitating a cost-effective and
consistent supply of electricity supply.

To construct a robust optimization model that addresses
economic, environmental, and reliability considerations, it is
essential to integrate key factors and constraints: The economic
aspect often involves fixed and operational maintenance costs,
which are determined by some factors such as initial capital

outlay, ongoing maintenance expenses, and costs associated
with  component replacement [2; 3]. Environmental
considerations are gauged by the reduction in emissions of
harmful gases [4] and the increase in the adoption rate of
renewable energy [4-7]. Meanwhile, reliability metrics focus on
enhancing the system's self-balancing capabilities [8; 9] and
minimizing the frequency of load-shedding events ([10-14].
Currently, capacity optimization techniques are broadly divided
into two types. One employs Pareto front optimization, which
harmonizes various objective functions such as economic
factors, environmental impacts, and system reliability to derive
optimal Pareto solutions. The alternative approach involves
amalgamating numerous objective functions into a singular
cohesive objective function through the allocation of distinct
weights. Building on the previews of normalizing multiple
targets with fixed weight coefficients, an adaptive weighting
coefficient technique is introduced to correct the limitations
associated with subjectively assigned fixed weights in the
normalization process.

To achieve more precise optimal outcomes, various
metaheuristic algorithms have been employed to address the
objective function effectively. Sawle, et al. (2017) applied
genetic algorithms and particle swarm optimization techniques
to minimize the energy cost, aiming to enhance reliability,
maximize renewable energy utilization, and reduce emissions
and penalty costs. Different studies have implemented the
Whale Optimization Algorithm (WOA) across various Hybrid
Renewable Energy Systems (HRES) to optimize system
capacity, ensuring adequate power supply at minimal cost for
load demands [10; 16-18]. It was demonstrated that WOA
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outperformed PSO in aspects of reliability, convergence speed,
and accuracy. Another study introduced a design for a
photovoltaic/diesel/battery system, need to minimize the annual
total cost by employing the Grey Wolf Optimization (GWO)
algorithm [19]. During the latter phases of maturation, the
algorithm may confront challenges such as local convergence
or premature convergence arising from a limited diversity
within the populace. With the escalation of complexity in hybrid
systems, traditional methodologies are progressively
susceptible to being trapped in local optima [20; 21]. Aim at the
defects of GWO, which is prone to premature convergence, low
performance, and low accuracy in solving multi-modal complex
problems, Yan(2020) proposed the chaotic Gray Wolf
optimization algorithm from the aspect of GWO search
mechanism, which is very competitive in training neural
networks. It is an excellent algorithm that can deal with single-
mode and multi-mode problems well, but its defects are also
obvious. Through the simulation results on fixed-dimension
multi-mode problems, we can see that the optimization
performance of this algorithm is not ideal for fixed-dimension
multi-mode problems. In the capacity optimization of
independent micronets, Tent chaotic mapping, nonlinear
convergence factor, and Cauchy mutation operator are adopted
to improve the precocious performance of the Grey Wolf
algorithm in the late stage of evolution. However, due to the
relatively simple construction of the optimization target model,
it only involves minimizing the cost of economic factors [23].
It does not fully reflect the complexity of practical applications.
The article employs dynamic neighbourhood search technology
to enhance the algorithm'’s ability to search for and distinguish
multiple local optimal solutions. By considering multiple
optimization factors such as cost, environmental impact, and
system reliability, the practicality and versatility of the
algorithm have been strengthened.

The distribution of chapters is structured as follows: the
introductory section provides an overview, the subsequent
section elaborates on the mathematical formulation of
optimization, the Improved Grey Wolf Optimization Algorithm
(IGWO) is expounded upon in Sections 3, optimization results
are scrutinized and deliberated in Section 4, Section 5
encapsulates the conclusions and prospects for future research.

2. MATHEMATICAL FORMULATION OF
OPTIMIZATION

2.1 System Components Mathematical Modeling
The independent hybrid new energy system (HRES) discussed
in this study is a self-sufficient electrical system that functions
autonomously without reliance on the conventional power grid.
The research highlights a HRES design that integrates the
operation of a wind turbine, diesel generator, solar photovoltaic
system, and storage battery in a collaborative manner.

2.1.1 Wind turbine (WT) mathematic modelling

The analysis of WT encompasses various factors, such as wind
velocity, direction, energy density, atmospheric density, and
selected turbine diameter. Among these factors, wind speed

International Journal of

Electrical and Electronics Research (IJEER)
Research Article | Volume 12, Issue 2 | Pages 567-574 | e-ISSN: 2347-470X

emerges as the paramount element. [15; 24-26]. The output
power can calculate according to equation (1):

0 v(t) < v, v(t) = v,
v(t)-v;
Pye(t) =< Pwe-n - - v <v(t) <y, 1)
Pyt-n vy < U(t) <,

where, Pui(t) is the output power of WT; v; represents the cut-in
speed; set at 2.5 m/s; v, is the cut-out speed, set at 18 m/s, vy, is
the rated speed, set at 12 m/s; v(t) is the wind speed; Pwt.n is the
rated power.

2.1.2 PV mathematic modeling

The performance of a photovoltaic system is impacted by
various factors, with temperature and light intensity being
identified as the most crucial determinants of the system's
output power. [27; 28]. The output power can be calculated by
equation (2):

E E
Py =P, - =" |1+k,, | T(t) = Tsrc +30—"*

ESTC ESTC

3

where, Pp(t) denotes output power (KW); Ppv.n is the rated
power at standard test condition (Tstc = 25°C, Estc= 1000
W/m?); kpy is the temperature coefficient, set at -0.47%/°C; T(t)
denotes ambient temperature (°C); Eq is the sunlight irradiance
(W/m?).

2.1.3 Diesel generator mathematic modeling

The model used in this research to elucidate the relationship
between diesel fuel consumption and the electrical power
generated is expressed by equation (3) [4; 29-31]:

ng(t) = Aa : Pdg—n + Ab : Pdg(t) (3)

where, the fuel consumption (Fgg(t)) is determined by the power
output (Pgq(t)) and the rated power (Pdg-n). Additionally, the fuel
intercept coefficient (Xa) and curve slope coefficient (Ay) are
denoted as 0.2461 and 0.08415 respectively, measured in L/KW.

2.1.4 Energy storage battery mathematic modeling

The evaluation of the storage battery's condition plays a pivotal
role in assessing its efficiency and and capacity. This
assessment hinges on the state of charge (SOC), a metric that
takes into account the entirety of charging and discharging
operations [24; 32-34]. the mathematical representation of SOC
can elucidate through equation (4):

(1-6)S0C(t—1) + %
S0C(t) = AT (4)

(1 _ €)SOC(t _ 1) _ Pqis(t)/Mdis

Estc

where, SOC represents the status of the battery; the self-
discharge coefficient, denoted as ¢, is established at a value of
2%; Pgis(t) denotes the discharging power and and P¢(t) denotes
charging power (kW); n¢ and mgis are the energy efficiency
during charging and discharging, both 95%; Esrc is the rated
battery capacity (kWh).
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2.2 Optimal Objective
2.2.1 Mitigation of cost
The overall cost consists of several parts as shown in equation

()

— mi i@+r)™t
Ce =min(Cp; + Com + G- + C) = mm{ [7(1”) 4
JIORLO)

3l65dl + Z 12 [Com i B (t)] + Zl 1 t 1[Cr i’
Pi (t)] + Caie * Z?il[lapdg—n + ledg (t)]} (5)

where, Ce is economic function; Cy;is the purchasing cost; Com
is the operation and maintenance cost (O&M cost); C; is the
replacement cost; Cy is the fuel cost of diesel; ri is the discount
rate of the i equipment, (i) is the unit cost of i™ equipment, the
unit is yuan/kW; di is the lifecycle of the it equipment (year);
Pi(t) is the output power of the i equipment at time t; P(i) is the
maximum power of the i equipment (kKW); cgie is the unit fuel
cost, unit is yuan/L .

2.2.2 Reduction of emission
The objective function is chiefly expressed through emission
levels of pollutants and control factors, as outlined in equation

(6).

Cenvir is pollution abatement costs, Pk is the emission coefficient,
set unit g/kW-h; ax is the control standard coefficient; k is the
pollutant type. The parameters are shown in table 1 [35].

Cenvir ® = Zi:l[akﬁkpdg (t)] (6)
“Z Table 1. Pollution factors
Pollutant ox:  Pollution  control fk: Pollutant discharge
type standard factor factor (g/kWh)
CO2 0.21 649
SOz 14.842 0.206
NOx 62.964 9.80

2.2.3 Reliability index

The power deviation rate including load shedding power and
energy waste power is utilized to assess the power supply
reliability [36], as represented in equation (7):

Creliability @) = Cchutp (@) + cpPeys (t) (7)

where, Creiavility represents the penalty cost; cw denotes the
penalty unit price for overpower; ¢y signifies the price for power
shortage; Pcup(t) is the energy waste power at time t; Peuu(t)
indicates the load shedding power at time t.

2.2.4 Normalized objective function

The weighted objective function method assigns weights to
economic, environmental, and reliability factors, multiplies
them, and aggregates them into a scalar objective function[36-
39]. However, the subjective weight selection can greatly
influence optimization outcomes. This study introduces
adaptive weighting as a solution. The adaptive weight technique
modifies the weights of the objective function iteratively
according to the obtained optimization outcomes and specific
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problem attributes. The planning model is detailed in Equations
4-7) [40]

C= Z ﬁl (t) mvest ——t .Bl (t) Copera + .Bl (t) Creplace

+ ﬁl (t) : Cfuel
Zil[ﬂz (t) ' Cenvir (t)] + 2511[33 (t) : Creli(t)] (8)

Br(t) + B2 () + B3(8) =1 ©)
— Cenpir(t) .
ﬁZ (t) - max[Cenpir(1),Cenpir(2),+Convir(24)] 0.7 (10)
ﬁ ( ) Creli(t) .07
3 max[Creri(1),Creti(2),+Cre1i(24)]
{Bz(t) € [0.1,0.35] a
B5(t) € [0.1,0.35]

where, Bi(t), B2(t) and Ps(t) indicates cost, emission, and
reliability index weight at time t.

2.2 Design constraints
Equality and inequality constraints are shown in equation (12-
15) [4; 12; 14; 41; 42]:

Py (t) + va(t) + Ppa () + Pdg(t) + Pcutp(t) = Pioqa(t) +
Pcutl(t) (12)

Ppqi () = Pyis(t) — Pey(t) (13)

PII™ < Pop(t) < PR
Pdlm < Pdls(t) <P crirll.?X

max max (14)
= Pdls = _Ebat
SOlen — SOC(t) < SOCmaX
PIIM < Pyy(t) < P (15)

where, PT9* and P represent the upper and lower charge
power; PTU™ and PI%* represent the lower and upper discharge
power; SO Cyin and SOC,,., represent the lower and upper
SOC value; Pgg**and P"”” represent the diesel generator upper

and lower output power.

3. IMPROVED
OPTIMIZATION

Mirjalili,et al.(2014) proposed the Grey Wolf Optimization
(GWO) algorithm. The gray Wolf population's prey behavior
was simulated to optimize mutual cooperation within the group.
Due to the rapid decline of population diversity, the basic GWO
algorithm often encounters the problems of prematurity and
local convergence, which limits its further application in the
field of engineering optimization. This paper adopt Levy Flight
Strategy and Golden Sine Strategy to improve the global
optimal character. The following are enhanced steps of IGWO:

GREY  WOLF

Step-1: When seeking the prey, establish a dispersion model,
generating a random variable A. when |A| < 1, grey wolves
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adopt a strategy of grouping together to enclose the prey. In
contrast, when |A| > 1, individual grey wolves exhibit a
behavior of distancing themselves from located prey to pursue
more formidable targets. C is a stochastic variable within [0, 2],
serving as a probabilistic factor influencing the weight assigned
to the prey. Such stochasticity contributes to the modulation of
the prey's influence on the spatial arrangement of the grey
wolves during subsequent iterations. A and C expressions are
as equation (16-17):

A=2a-1n1—a (16)

where, r1 and r; are random value within [0, 1]; a is a
convergence factor gradually decreasing from 2 to 0 during the
iteration process.

Step-2: During the process of capturing, the grey wolves
surround the prey, the mathematical model is as follows
equation (18-19):

D=|C-X,(t) —X()| (18)
Xt+1)=X,()-A-D (19)

where, D is the distance between the prey and the individual
grey wolf; X, is the prey position; X(t) is the individual grey
wolf positions in t-th iterations.

Step-3: The wolf pack, led by the «, 8, 6 wolves, continuously
approaches its prey, their positions are constantly changing until
a successful hunt is achieved. This process can be represented
by equation (20-22):

Da(t) = Gy - Xo(6) — X ()]
Dg(t) = |C; - Xp(©) — X (@) (20)
Ds(t) = IG5 - X5(t) — X ()]

X(;c(t) = Xa(t) - Al ' Da(t)
Xg(6) = Xp(£) — Ay - Dp(t) (21)
X5(t) = Xs5(t) — Az - Ds(t)

Xa(D+Xp(D)+X5(t)

Xt+1)= 3

(22)
where, D(t), Ds(t) and D,(t) are the spatial separations between
a, B, 0 wolves and individual wolf; X,(t), Xs(t) and X;(t) are the
a, B, 6 wolve positions at the t-th iteration; X, (t), X,}(t) and
X (t) represent the individual positions affected by «, £, and o
wolves; The average of these three positions is considered to be
the position of the individual wolf in subsequent iterations.

Step-4a: The Golden Sine Strategy not only involves the current
location and the target location, but also controls the search step
size by introducing an adjusted sinusoidal waveform, enabling
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the search process to be dynamically adjusted between
exploration and exploitation, helps to accurately approach the
global optimal solution for a known good region. The basic Sine
Strategy expression is equation (23-24), the improved
expression are as follows equation (25-26):

Xnew(t) = Xcurrent(t) + A(t) X Sin( O.)t) X (Xt arg et(t) -
Xcurrent (t)) (23)

A(t) =4, e (24)

where, Xnew(t), Xeurrent(t), Xarget(t) denote the new position,
current position, and target position of individual wolf; A is
amplitude, @ is frequency, Ao is initial amplitude, A is
attenuation coefficient.

Xgo1a(t) = X (&) X [sin(Ry)| + R, X sin(R;) X
%1 Xpese (1) — x2X ()] (21)

x1=—-n+((1—-1) 21
{xz =-—mT+71 21 (25)
r=¥51 (26)

2

where, Xgod(t), X(t), Xeest(t) denote the new position, current
position, and target position of individual wolf; z is golden
ration; x; and x» are angular variables introducing the properties
of the golden ratio into the Angle adjustment, thus may optimize
the diversity and efficiency of the search path; Ry and R, denote
stochastic variables within the range [0, 2x]; Ri dictating
magnitude of the individual forthcoming movement, R
determines the orientation of the next movement.

Step-4b: The Levy Flight Strategy helps the algorithm to
perform a large range of jumps, jumping out of local optimal
solutions. Its mathematical expression is as follows Equation
(27-30):

XLevy(t) = Levy(d) + Xpese(t) + &1X(t) — Xpese (£) -
Levy(d)| 27)

Levy(d) = 0.01 x =5 (28)
7218
- mE)E
r(1+¢&)-sin(=»)
o= {—(1+§) 531] (29)
rf5 ez

[(z) = [, t“ e tdt (30)

Where, Xievy (t) evaluates the step array based on the dimensions
provided (dim) which is scaling by 0.01 to control the step size
in the solution space; d is the independent variable
dimensionality, set 4; ¢ is a constant, set 1.5; " is the gamma
function. Scaling the random step size by calculating o ensures
that the step size has the correct statistical properties based on
the selected beta value.
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Yes No
Dynamic selection?

Golden Sine Levy Flight
Strategy Strategy
Atre the two iterations
consistent in effect
No
Yes
Dynamic reverse
learning strategy
No

Reached maximum
iterations?
Yes

Output the position of the optimal
gray wolf individual

Output the fitness of the optimal
grey wolf individual

end

Figure 1. The IGWO algorithm flowchart

Step-5: The Dynamic Reverse Learning Strategy produces both
the optimal individual and the reverse learning individual,
subsequently choosing between the two based on their fithess
values. A greedy strategy is used to select the optimal
individual, as described by equation (31):

Xpopr (t) = 13{ra[X1p + Xup — Xpest ()] — Xpese ()} +
Xbest (t) (31)

where, the position of each grey individual is adjusted through
the dynamic reverse learning strategy at the t™ iteration, denoted
as Xpost (t); r3 and ra represent randomly generated numbers
within the range of 0 to 1; Moreover, Xug and X.g symbolize the
upper and lower limits of the independent variable; (X.g + Xug-
Xgest) denotes new positions and find potential better solutions
by exploring symmetric points in the current solution space.
The new location is generated by considering the boundary
information, so that the algorithm can use the limit information
of the whole search space to explore the opposite direction of
the center of the solution space on the basis of the optimal
solution.

The flowchart of IGWO algorithm is illustrated in figure. 1.

=4, RESULTS AND DISCUSSION

The study selected the conventional daily load information
originating from a community hospital situated in California,
USA, to serve as the load data for the HRES microgrid. The
scheduling timeframe encompasses T=24 hours, with a
sampling interval of 1 hour. The expense and related cost
factors of equipment are detailed in Table 2 [27].

7 Table 2. The expenses and related cost factors of the
decentralized power source

Type Unit WT PV DG BAT

Investment  10%uan-kW-  0.45 0.5 0.13 0.57
cost 1

O&M cost  yuan-kw- 0.0354 0.0887 0.0257 0.0057
Replaced 10%yuan-kW- 0 0 0.1 0.45
cost 1

Lifetime year 20 20 20 10
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Figure 2. Hourly profile of solar radiation, wind speed, temperature and load in a year

From figure. 4, the diagram shows the power balance of each
component. The the storage battery SOC and output power are
shown in figure. 5. The adaptive weight coefficient results are
illustrated in figure. 6.

5
3.5 2107 .
PSO
WOA
3.4 GWO | 4
IGWO
()
=1
= 33F
>
c
S
S
Ssa2r \
[
=
3 (-
= 3.1 =
o
3 —L
2.9 . . . . . . . . .
0 10 20 30 40 50 60 70 80 90 100

Figure 3. Comparison diagram of convergence process

1800

. .-
1600 I N P e P oad 1

1400 -
1200

1000

Power/kW

5 1|0 1‘5 zlo
Figure 4. Power balance diagrams

In figure. 3, it can be observed that during the iterative process,
the IGWO algorithm demonstrates superior convergence speed,
with convergence curves displaying a consistent trend towards
the optimal solution.

As illustrated in table 3, both PSO and IGWO algorithms reach
the optimal solution at 297,212 in the 76th, and 50th iterations,
IGWO significantly enhances convergence speed. Table 4
shows the system components' unit capacity and optimized
capacity.

Table 3. Convergent optimal solutions

algorithm | Optimal results (yuan) Convergent number
PSO 297212 76
WOA 309265 80
GWO 297985 94
IGWO 297212 50

Table 4. Optimized equipment capacity

Type Unit capacity (kW) Capacity (kW)
WT 20 1206

PV 20 491

DG 10 695

BAT 10 1600
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Figure 5. SOC status and output power of battery
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Figure 6. Dynamic adaptive parameters

These variations of adaptive weight coefficients indicate that
the system automatically adjusts its emphasis on economy,
environmental friendliness, and reliability during different
periods to adapt to varying workloads and external conditions.

5, CONCLUSIONS AND PERSPECTIVES

The study explores the balance of economic, environmental
friendliness, and reliability aspects of renewable energy system
microgrids through the weighted objective function method. By
introducing adaptive weighting, the subjectivity of weight
selection is reduced. Using the Golden Sinusoidal strategy and
the Levy Flight strategy effectively avoids local optima
problems and accelerates the convergence speed of the
algorithm. In subsequent iterations, the dynamic reverse
learning strategy avoids stagnation, effectively preventing
falling into local optima. Future research will add sensitivity
analysis of adaptive coefficients, assessing the influence of
varying weight scenarios on optimization outcomes, and
consider adopting other improved technologies and renewable
energy sources to meet heating and cooling needs, further
promoting the sustainability of renewable energy systems.
Additionally, the possibility of implementing more optimal
algorithms will be explored.
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