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Abstract: A two-layer optimization model and an improved snake optimization algorithm (ISOA) are
proposed to solve the capacity optimization problem of wind—solar-storage multi-power microgrids
in the whole life cycle. In the upper optimization model, the wind-solar-storage capacity optimization
model is established. It takes wind—solar power supply and storage capacity as decision variables
and the construction cost of the whole life cycle as the objective function. At the lower level, the
optimal scheduling model is established, considering the output characteristics of various types of
power supplies and energy storage, microgrid sales, and purchases of power as constraints. At the
same time, the model considers constraints, such as the power balance, the operating state of the
energy storage system, the power sales and purchases, and the network fluctuations, to ensure the
system operates efficiently. Taking a microgrid in South China as an application scenario, the model
is solved and the optimal capacity allocation scheme of the microgrid is obtained. Meanwhile, the
demand response mechanism and the influence of planning years are introduced to further optimize
the configuration scheme, and the impact of different rigid—flexible load ratios and various planning
horizons on microgrid capacity optimization is analyzed, respectively, by a numerical example.
The comparison shows that the ISOA has better optimization performance in solving the proposed
two-layer model.

Keywords: two-layer optimization model; capacity optimization; optimized scheduling; improved
snake optimization algorithm; demand response; electrical power system

1. Introduction

With the growth of energy demand and the urgent need for environmentally friendly
energy, microgrid systems have attracted increasing attention as a flexible and sustainable
energy solution [1]. A microgrid is a small distribution system composed of distributed
power sources, load, distribution equipment, and monitoring and protection devices.
Compared with the traditional power system, a microgrid features numerous distributed
power sources, energy storage, and new load access. This results in new morphological
characteristics in the power system, such as power supply diversification, source-load
interaction, power electronic integration, and intelligent control [2]. Its capacity allocation
becomes more complex, and higher requirements are demanded for economic dispatch.

A large number of scholars have conducted research on the capacity optimization
and allocation of microgrids and have achieved notable research results. In [3], Fu et al.
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proposed a capacity optimization design for an electrified gas storage system based on a
genetic algorithm, which could better meet the needs of an independent power system
and improved its reliability and stability. In [4], Modu et al. proposed a framework for
efficient design and evaluation of an independent hybrid renewable energy system that
met the energy needs of a rural community in Northeast Nigeria. The successful implemen-
tation of an energy management system led to the establishment of an environmentally
friendly and cost-effective energy system. In [5], Yang et al. focused on a microgrid system
that incorporated hybrid energy storage systems, real-time price demand response, and
distribution networks. The study aimed to address the supply and demand uncertainties
brought about by the high penetration rate of electric vehicles, thereby ensuring the security
of the power system. In [6], Hemmati et al. focused on the energy challenges of Lombok
Island, Indonesia, particularly the imbalance between peak and base load demands. The
focus was on evaluating both the environmental and economic impacts of these batteries
using a life cycle assessment and life cycle costing approach. In [7], Wang et al. proposed
a multi-strategy snake optimizer based on opposition learning, adaptive weight factor,
and Levy flight strategy. The proposed method was designed to effectively improve the
accuracy and stability of the non-convex capacity optimization model for hybrid energy
storage systems.

In the research of microgrid optimization scheduling, a large number of scholars
also carried out corresponding work and achieved numerous practical engineering re-
sults, and promoted the transformation and development of the power system. In [8],
Mu et al. used an improved deep reinforcement learning algorithm to solve the optimal
scheduling problem of microgrids under uncertain conditions. In [9], Chen et al. aimed
at distributed economic scheduling (DES) for the privacy protection of independent mi-
crogrids. An accelerated consensus scheme based on short-term memory was adopted to
improve the convergence speed of the DES algorithm. In [10], Hemmati et al. proposed a
multi-microgrid energy management method that optimized battery storage, renewable
energy, and demand response. The model optimized costs through Mixed-Integer Linear
Programming and evaluated power procurement and exchange in a sample network with
DC power flow constraints. In [11], Hemmati et al. proposed a risk-based optimal schedul-
ing method for a reconfigurable smart microgrid to maximize operator profit. A TVAC-PSO
algorithm was applied to optimize microgrid switch configurations, with a constraint on
the number of topology changes. The approach incorporated a conditional value-at-risk
measure to manage risk, and the results showed improved profits and longer periods
of power sales to the upstream network. In [12], Chen et al. developed a quantitative
distributed optimization algorithm using the Paillier cryptograph-decryption scheme.

In recent years, a large number of scholars have applied two-layer optimization
to research in power and energy systems. The two-layer optimization model has the
characteristics of hierarchy, independence, conflict, priority and autonomy. The two-layer
optimization model solves the disadvantages of low efficiency of the traditional single-layer
optimization in solving the optimization problems of large scale and complex structure.
For complex models of power grids, the two-layer optimization model can address the
optimization problems efficiently and reliably. In [13], Yan et al. aimed at addressing
the increasing problem of global environmental pollution and the demand for energy
structure adjustment, and proposed a comprehensive energy system planning model.
In [14], Hemmati et al. proposed a two-stage stochastic model aimed at minimizing total
operational costs while accounting for uncertainties in wind energy, electrical load, and
real-time power prices. The model addressed challenges related to the interconnection of
power and gas networks. In [15], Wang et al. used a two-layer collaborative optimization
approach to configure the device capacity and found the best variable operating strategy
and electric cooling ratio. In [16], Ji et al. addressed the trend of large-scale participation
of renewable energy in future electricity market bidding. The authors proposed a two-
layer bidding strategy based on deep reinforcement learning and utilized the equilibrium
supply function as the market clearing model. In [17], Phommixay et al. emphasized the
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importance of microgrids in the sustainable development of cities and communities and
proposed a novel two-layer model. The approach was designed to minimize the total
operating costs of microgrids under high-dimensional uncertainties such as generators,
load demands, and planned outages.

Although the above literature has achieved significant results, there are still many
problems in the development of microgrids in the context of energy transformation. In
terms of capacity optimization, most research only considers single power supplies or
energy storage configurations [18,19]. However, in engineering, the power supply of
microgrids is increasingly diversified, and the structure varies. Therefore, the optimal
capacity of single power supplies or energy storage configurations can no longer meet the
requirements of engineering applications. With the construction of smart grids being in
full swing, it is becoming more and more important to optimize power grid scheduling,
especially with higher requirements for algorithms to meet these needs. To meet the
demands of the smart grid, more advanced and efficient algorithms are required to fulfill
engineering requirements. Meanwhile, few scholars have combined the optimal allocation
problem with optimal scheduling. Aiming at the medium- and long-term operation of
microgrids, this paper adopts a two-layer optimal allocation method, which combines the
optimal allocation problem with optimal scheduling, and proposes an ISOA to optimize the
capacity of microgrids. At the same time, the influence of different rigid—flexible load ratios
on the capacity of microgrids under the time-of-use (TOU) tariff mechanism is analysed,
and the cost composition under different planning years is also analysed. Finally, the
capacity optimization allocation scheme of the whole life cycle of a wind—solar microgrid
is obtained.

2. Microgrid System Model
2.1. System Structure

A microgrid is mainly composed of wind turbines, photovoltaic arrays, energy storage
devices, converters and local loads, which are connected to the upper power grid [20]. This
paper studies a small microgrid. To meet the needs of the microgrid, surplus power is sold
to the main power grid to enhance the system’s economic efficiency. In addition, when
there is a power shortage in the system, power is purchased from the upper power grid to
ensure the reliability of the system. The system structure is shown in Figure 1.
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Figure 1. Microgrid system structure.
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2.2. Power Supply Model

The output characteristics of wind turbines are related to a variety of environmental
factors, mainly determined by wind speed, which can be approximated as a piecewise
function [21].

0 0<v<u,
V—0¢j
Pyt = rvr,zf;. Vi <UL 0y (1)
b, Uy <0< Vo
0 U > Vg

where Pyt indicates the output power of a wind turbine. P, indicates the rated power of
the wind turbine. v indicates the real-time wind speed. v,; indicates the cut-in wind speed.
Ueo indicates cut-out wind speed. v, indicates the rated wind speed.

The output power of photovoltaic modules is related to factors such as solar radiation,
ambient temperature and rated power under standard conditions, and its output model [22]
can be expressed as

Ge(t)

Ppy(t) = Pstc Gere

{1+ Kk[Te(t) — Tsrcl} )

where Ppy/(t) indicates the output power of a photovoltaic array at time ¢. Pgc indicates
the rated output power of a photovoltaic array under standard conditions. Gsrc indicates
the illumination intensity under standard conditions. G.(t) indicates the actual illumination
intensity at the working point. k indicates the power temperature coefficient. T(f) indicates
the operating temperature at time t. Tsrc indicates the operating temperature under
standard conditions.

2.3. Battery Model

In a grid-connected microgrid, the battery enhances the system’s energy utilization,
reduces dependence on the main power grid, and improves overall system economy.
Additionally, it helps mitigate grid fluctuations and enhances power quality. When the
system is in a defect state, it discharges; otherwise, it charges. The output model [23] is
as follows:

System discharge:
SOC(t) = SOC(t —1)(1 — o) 4 LeDAte o
b
System charge:
SOC(t) = SOC(t—1)(1 — o) — Py(t)At "
Ep4

where SOC(t) indicates the remaining power of the battery at time t. s indicates the self-
discharge rate of the battery per hour. At is the time step. P. and P; indicate the charging
and discharging power of the battery in the t time period, respectively. k. and h; indicate
the charging and discharging efficiency of the battery, respectively. Ej, indicates the rated
capacity of the battery.

2.4. Demand Response Under the TOU Tariff Mechanism

Demand response refers to the mechanism by which users change their electricity
consumption behavior by responding to price signals or incentive signals [24]. According to
the response mode, demand response can be categorized into price-based demand response
and incentive-based demand response. Among them, the price-based demand response
has the advantages of a large adjustment range, wide range, long implementation time
and stability, which can effectively change the user’s behavior of electricity consumption,
and has a positive role in promoting the full absorption of wind power generator and
photovoltaic power.
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The load can usually be simply divided into the following two categories:

Rigid load: Rigid load refers to the load with relatively high priority, which has a
greater impact on production and life and does not participate in the response. Flexible
load: The power consumption time of flexible load can be interrupted, not constrained by
continuity, and can be transferred from one time period to another time period, but the
total power consumption within the entire scheduling cycle must be ensured.

As a commodity, electric energy shares common characteristics with other goods, and
its price is generally inversely proportional to demand, as illustrated in Figure 2.
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Figure 2. Demand curve.

The customer’s response to electricity price is often described by the demand

elasticity coefficient.
P AL;(m)Cip(n)
Lig(m)AC;i(n)
AL;(m) = Li(m) — Lio(m) ®)
ACi(n) = Ci(n) — Cip(n)

where €, indicates the demand elasticity coefficient of user i. When the time m equals #, it
represents the self-elasticity coefficient, and its value is negative. As electricity prices rise,
user demand decreases accordingly. When the time m does not equal 7, it represents the self-
elasticity coefficient, and its value is positive. When the electricity price at time #n decreases,
users shift part of their load from time m to time n; conversely, if the price increases at time
n, users shift their load from time # to time m. AL(m) indicates the change in electricity
at time m. AC(n) indicates the change in electricity price at time n. L;p(in) indicates the
amount of electricity at time m before the TOU tariff is applied. C;o(1) indicates the price of
electricity at time #n before the TOU tariff is applied. L;(m) indicates the electricity quantity
at time 7 after the TOU tariff is applied. C;(n1) indicates the price of electricity at time 7 after
the TOU tariff is applied.

€11 €12 - &1t
€1 €2 - €2t

E=|. . . . (6)
€&n & - Ept

where t indicates the number of periods. The elastic matrix is obtained by statistical analysis
of the user behavior under the historical TOU tariff mechanism.
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When the demand elasticity coefficient matrix is known, the electricity quantity of
each period after the implementation of TOU tariff is as follows:

AC;(1
L] [Lo)] [LeM 00 Acg{gi
Li@ _ LiO‘(z) L0 Lo®@ E Co(2) )
: : : : : 0 :
Li(t) L,‘Q(i‘) 0 R 0 Lip(t) ACCl(tt))
i0

3. Capacity Optimization Allocation Based on Two-Layer Optimization Model

The capacity optimization method utilizes a two-layer optimization model, in which
the upper-layer model is the capacity optimization model and the lower-layer model is the
optimal scheduling model. The capacity optimization model uses wind speed, illumination
intensity, and load data as inputs. With the installed capacity of wind turbines, photovoltaic
arrays and batteries as the decision variables, and the minimum comprehensive cost as the
objective function, the capacity allocation scheme is calculated as the input of the optimal
scheduling model. The flow chart of the two-layer optimization model used in this paper
and the relationship between the upper and lower models are shown in Figure 3.

Operation cost

Figure 3. Flow chart of two-layer optimization configuration.
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3.1. Capacity Optimization Model
3.1.1. Objective Function of Capacity Optimization Model

Capacity optimization of the microgrid aims to determine the installed capacity of
wind turbines, photovoltaic arrays and batteries according to the load demand in a micro-
grid. The decision variables of the optimization model can be expressed as

X = [Nwind/ va/ Nbatt] (8)

where Ny;,; indicates the installed number of wind turbines. N, indicates the installed
number of photovoltaic arrays. Ny, indicates the installed number of batteries.

Capacity optimization aims for the lowest comprehensive cost, including construction
cost, periodic replacement costs of components, and operating cost.

minC = Cying + Cpo + Cparr + Coper ©)

where Cying, Cpo, and Cp,y represent the present value of the construction and periodic
replacement costs for wind turbines, photovoltaic arrays, and batteries in a wind-solar—
storage power generation system, respectively. Coppr indicates the operating cost of the
microgrid during the planned life, which is obtained by the scheduling model of the
lower-level model.

The specific expression of the cost of microgrid construction and periodic replacement
of components is as follows:

Co,windNwind
Cwind = Cl,windeind + (1:;_1:)@:;;
_ CZ,vapv
va - Cl,vapv + (1+7)TV” (10)

Catt = C1 batt Npatt + %
where Cq ying, C1,po and Cq pyy indicate the unit construction costs of wind turbines, pho-
tovoltaic arrays, and batteries, respectively. Cjying, Copp and Cp sy indicate the unit
replacement costs of wind turbines, photovoltaic arrays, and batteries, respectively. Tynq,
Tpo, and T,y indicate, respectively, the life cycles of wind turbines, photovoltaic arrays,
and batteries. r indicates the discount rate.

3.1.2. Constraint Condition of Capacity Optimization Model

Due to the influence of site, environment, and other factors, the capacity allocation
needs to be constrained by the capacity size.

Pwind,min < Nwindpwind,unit < Pwind,max
va,min < NpUva,unit < va,max (11)
Ebutt,min < NbuttEbﬂtt,unit < Ebatt,max

where Pying unit, Ppo unit and Epgy unir indicate, respectively, the capacity of wind turbines,
photovoltaic arrays and batteries. Puyiud,min, Ppomin @d Epatt min indicate, respectively, the
lower limits of the installed capacity of wind turbines, photovoltaic arrays and batteries.
Poind maxr Ppomax and Epgyr may indicate, respectively, the upper limits of the installed capacity
of wind turbines, photovoltaic arrays and batteries.

3.2. Optimized Scheduling Model
3.2.1. Objective Function of Optimized Scheduling Model

The optimal scheduling model takes the system operation cost as the objective function,
and the specific expression is as follows:

T,

mincopfr = Z (Coper,wind + Coper,pv + Coper,batt + Cgrid) (12)
k=1
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where Coper,wind, Coperpo and Coperpart indicate, respectively, the annual operation costs of
wind turbines, photovoltaic arrays and batteries. Cg,4 indicates the power purchase cost of
the interaction between the microgrid and the main grid. T, indicates the planned period.

The specific expression of the annual operation cost of wind turbines, photovoltaic
arrays and batteries is as follows:

8760
Coper,wind = Zl Xepind PWT Nuwing At
t=
8760
Coper,pv = 21 apUPPVNPUAt (13)
t=
8760

Coper,batt = Zl “battatpbattAt
=

where o,y and oy, indicate the operation costs per unit of power generation of wind
turbines and photovoltaic arrays, respectively. &, indicates the operation cost per unit
discharge of the battery. a; (a; = {0,1}) indicates the charge and discharge identifier of the
battery. a; = 0 when the battery is charged, and a; = 1 when the battery is discharged. Py
indicates the charging and discharging power of a battery.

The specific expression of the power purchase cost of the interaction between the
microgrid and main grid is as follows:

Cgrid = Cbuy — Ceen

8760
Cbuy = El b101(Piogd — Pwr — Ppy — Ppart) At (14)

8760
Csent = 21 ct02(Pwt + Ppy + Ppasr — Proga) At
f=

where Cp,,, indicates the cost of purchasing power from the microgrid to the main grid. Cyey
indicates the income from the sale of electricity from the microgrid to the main grid. Pjy4
indicates the load power. b; (by = {0,1}) is the power purchase identifier. When the power
supply in the microgrid is greater than the load, b; = 1; otherwise, by = 0. ¢; (¢t = {0,1}) is
the electricity sale identifier. When the power supply in the microgrid is less than the load,
¢t = 1; otherwise, ¢; = 0. 0 and 0, indicate, respectively, the electricity purchase price and
the electricity sale price.

3.2.2. Constraint Condition of Optimized Scheduling Model
(1) The power balance constraint is as follows:

Pwr + Ppv + Peatt + Peria = Pload (15)

where Pg;,; indicates the power exchange between the microgrid and the main grid. Py
and P,;; can be either positive or negative values.

(2) Battery constraint [25]: Battery operation constraints include the charge state, charge
and discharge power constraint, charge and discharge time constraint, and start and
end state constraint.

SOcmin S Soct S Socmax (16)

where SOC; indicates the charged state of the battery at time t. SOCpin and SOCpax
indicate the maximum and minimum values of the charged state of the battery, respectively.
Generally, the minimum charged state SOCpin = 0~0.2, and the maximum charged state
SOCmax = 0.8~0.9. In this paper, the minimum value of charged state SOCpin, = 0.2, and the
maximum value of charged state SOCpax = 0.8.
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In the unit time, the charge state of the battery caused by the charge and discharge of
the battery is uniform and can be expressed as

{ SOC; = SOC; 1(1— 6) + 5. 2ullx, (17)

S0C; = SOCt-l(l — 5) — WdMYt

Epatt

where J indicates the self-discharge rate. The value is 0.001. 5. and 5, indicate the charging
and discharging efficiency of the battery, respectively. P, ; and Py ; indicate the charging
and discharging power of the battery at time ¢, respectively. X; and Y; are charge and
discharge labels of batteries; that is, X; = {0,1} and Y; = {0,1}. When X; =1 and Y; =0, the
battery is charged. On the other hand, when X; = 0 and Y; = 1, the battery is discharged.
Epatt indicates the rated capacity of the battery.

To protect the battery and prolong its service life, the battery must be in the charged
state within adjacent periods.

1SOC; — SOC;_1|< 0.2 (18)

In order to improve reliability and safety, the battery can not discharge while charging.
At the same time, the charge and discharge capacity of the battery should not exceed 20%
of the capacity in one hour, as shown below:

Xt'Yt =0
0 < P At < 0.2Epq4 Xt (19)
0 < PyjspAt < 0.2Epq4 Yy

The charge and discharge frequency of a battery is closely related to its service life.
Therefore, the number of charges and discharges of a battery should be constrained.

YIXer1 = Xe| <N
{ E|Yt+l _ Yt‘ < Nz (20)

where N7 is the maximum charge number. N is the maximum discharge number.
In addition, the initial state, SOC, should be the same as the end state, SOCr, in a
scheduling period.
50Cy = SOCr (21)

(3) Main grid access power fluctuation constraints: The energy storage device must
smooth the power fluctuation caused by the wind—photovoltaic power generation
into the grid to meet the grid standard and load demand. Therefore, the power
fluctuation of the microgrid should be satisfied after the energy storage device is
added.

A7 (22)

D = Pgrid,max7 grid,min
grid —
D grid < Egrid

where D,;; indicates the power exchange rate between the microgrid and the main grid.
Pgrigmax and Pgigmin are, respectively, the maximum and minimum values of power
exchange between the microgrid and the main grid. Dt indicates the time interval between
the maximum and minimum values. ¢4, indicates the power fluctuation standard.

4. Model Solving Method Based on Improved Snake Optimization Algorithm

The snake optimization algorithm (SOA) is an optimization algorithm proposed by
Hashim et al. [26]. The algorithm divides snake groups into male and female groups with
the same number of individuals. Assuming the total number of snake groups is Np, the
number of male and female snake groups is Ny, = Ny = N5, respectively. The algorithm is
divided into global exploration and local development stages. SOA is a relatively effective
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optimization algorithm. However, it often falls into local optima, indicating insufficient
global search capability. Therefore, in order to enhance the search ability of SOA for
global optimization and speed up the convergence of the algorithm, the following ISOA
is proposed.

4.1. Improved Snake Optimization Algorithm
4.1.1. Snake Colony Position Initialization Based on Tent Chaotic Mapping and Quasi-
Reverse Learning Strategy

The diversity of the initial position of the population is crucial for achieving the global
optimal solution in the snake optimization algorithm. Chaotic mapping is characterized
by strong randomness, ergodicity, regularity and sensitivity to initial values, which can
help the algorithm jump out of the local optimal solution and obtain better global optimal
search ability. Additionally, the Tent chaotic map generates random numbers uniformly
in the range of [0,1], which can make the location of the initial population generated by
the algorithm more diverse [27]. Therefore, this paper introduces Tent chaotic mapping to
initialize the position of the snake colony.

The chaotic sequence based on Tent chaotic mapping is as follows:

4, 0<z<e
i1 =14 152 — = (=12 2
Zit1 {11_—25 s<zi§1(l 2,) (23)
where z; is the i th chaotic value of the chaotic sequence. ¢ is the control parameter, ¢ € [0,1],
and the value in this paper is 0.6 [28].

According to Equation (23), it can be obtained that the initial position of the snake
group individual based on Tent chaotic mapping is as follows:

Xi:b0+Zi(blfbo) (i:1,2/"',Np) (24)

where by and by indicate the upper and lower bounds of the solution space, respectively. In
order to further improve the diversity of the initial position of the snake group, a quasi-
reverse learning strategy was introduced. Based on the basic principle of quasi-reverse
learning, there is a point x (x € [c1, c2]) where ¢; and ¢, are the minimum and maximum
values of the value interval of x, respectively. And its quasi-reverse point x* is defined as

P= T2 (T2 (25)

According to Equation (25), x* is a uniformly distributed random number in the
interval [(cq + ¢2)/2, c1+ ¢ — x]. Tent chaotic mapping and quasi-reverse learning strategy
are combined to form a Tent chaotic map—quasi-reverse learning strategy. According to
Equations (24) and (25), it can be obtained that the initial position of the individual in the
snake group based on the strategy of Tent chaotic map—quasi-reverse learning is as follows:

b %4_(%—)(1‘)7’11 rg < pr (26)
i X; else

where P; indicates the initial position of the I-th snake; p, indicates the quasi-reverse
learning probability of the snake group; and p, = 0.3 in this paper.

During the initialization of the snake colony position, the initial position X of the
snake colony based on Tent chaotic mapping is mixed with the initial position P of the
snake colony generated by the Tent Chaotic map—quasi-reverse learning strategy to form
a mixed initial position X, = {X U P}. According to the fitness size, the positions with N,
fitness value in X, were selected as the initial locations of the snake group.



Electronics 2024, 13, 4315

11 of 23

4.1.2. Snake Population Position and Fitness Update Based on Snake
Optimization Algorithm

Suppose that the solution space is the foraging space of the snake group, and define
the amount of food in the space as

Q = 0.5¢! Nax V) (27)

where f. indicates the number of iterations. Nmay is the maximum number of iterations.

When the food quantity is lower than the threshold value Tj,; = 0.25, that is, when
Q < 0.25, the snake group enters the global exploration stage, and the position update can
be expressed as

frm

Xi(t+1) = X, m(#) £0.05¢ fim ((by —bo)ry+b
imli 1) = Xom (1) s (b =bolratbo) (o 15Ny @8)

Xip(t+1) = X, s(t) £0.05e o ((by — bo)ra + bo)

where X; ,, and X;indicate the positions of the i th male and female snakes, respectively.
Xym and X, indicate random individual positions in male and female snake groups,
respectively. f,, and f,fare X, and X, respectively, and f corresponds to fitness. f; ,, and
fim are the fitness of the i th male and female snakes, respectively. r; is random in the
range of (0,1). When the amount of food is above the threshold T}, i.e., Q > 0.25, the snake
population enters the local development stage. At this stage, the snake population is mainly
affected by the ambient temperature. Define the ambient temperature as

—tc

T = eFmax (29)

In the local development stage, when the ambient temperature is higher than the
threshold Ty, = 0.6, that is, Q > 0.25 and T > 0.6, the snakes only eat the stored food in the
habitat, and the position update of the male and female individuals is expressed as

Xim(t+1) = Xpa(t) £2T(Xpg — Xin())ra . 1 o

{ Xi,f(t-i-l) = de(t) iZT(de _Xi,f(t))rd (l =12 ,Np/Z) (30)
where Xj; indicates the food location of the snake group, that is, the global optimal.

Otherwise, the snakes will engage in courtship behavior, during which the snakes
choose to mate with the opposite sex or attack the same sex according to the random
probability P, (P, € (0,1)).

When P; > 0.6, the snakes engage in heterosexual mating behavior, and the position
update of the male and female individuals is expressed as

,ff

. _ X, T (QX; ¢ () — X
Xm0 = Xm0 20 0 Qs () = Xin Wt (_ 1.9 Nyr2) D)

Xip(t+1) = X p(t) +2¢ ' (QXjm(t) — X £(£))14

When P, < 0.6, the snakes stop the heterosexual mating behavior and turn to homosex-
ual aggression, and the position update of the male and female individuals is expressed as

7fb,r
Xim(t+1) = X (t) + 2e ;’V’" (QXp,r(t) = Xim ()14
“Jbm

Xip(t+1) = X p(t) +2¢ Jir (QXpm(t) — X f(t))ra

(i=12---,Ny/2) (32

where f;, ,, and f, ¢ indicate the optimal fitness values of male and female snake groups,
respectively. X}, and X, f indicate the optimal current positions of male and female snake
groups, respectively.
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4.1.3. Snake Colony Position and Fitness Update of Cuckoo Search Algorithm Based on
Cauchy Variation

The cuckoo search algorithm (CSA) was proposed by Yang et al. [29]. The inspiration
of the algorithm came from the behavior of cuckoo birds searching for nests to hatch
eggs. The algorithm adopts Levy flight strategy, which has a strong ability to jump out
of local optima. The heavy-tailed characteristics of the Levy distribution make it suitable
for capturing the occasional large deviations in power output, which helps improve the
robustness of the optimization model in handling these uncertainties. Therefore, this paper
introduces CSA into SOA to enhance the ability of the algorithm to jump out of local optima
and global search.

Based on the cuckoo nest search strategy, if the number of individuals in the flock is n,
when the birds search for a new nest, the position update of the cuckoo birds is expressed as

D,’(t—F 1) = D,’(t) —FOC(Di(t) — Db)L (l =1,2,--- ,Vl) (33)

where o indicates the step control factor of cuckoo flight, & € (0,1); Dy is the optimal position
of cuckoo birds. L is a random search path subject to Levy distribution, and the calculation

formula is expressed as
u

1/1.5

= (34)
ol

where both u and v are normal distribution functions, obeying N(0,0.6966) and N(0,1),
respectively. Cuckoos incubate their eggs in their own nests but also borrow other nests to
incubate their eggs, and the probability of being found by the host is 0.25. At this point, the
position update of the individual in the cuckoo flock is expressed as

Di(t+1) = {Dz(t) + (5?5?— 1)Dp(t))”d :Z 2 822(1 =12, ,n) (35)
where Dj(t) and Dy(t) represent the positions of any two birds in the cuckoo flock other than
individual i at the t iteration. In CSA, step control factor « is used to control the search area
of the algorithm. A larger value of « is conducive to global search, while a smaller value
is conducive to local development. In practical application, « = 1 is usually taken, which
makes it difficult to balance the global exploration ability and local development ability
in calculation. Based on this, Cauchy variation optimization is introduced to make each
cuckoo obtain different flight step control factors, so as to promote the global optimization
search ability of the algorithm.

The Cauchy variation is derived from the Cauchy distribution, whose cumulative
distribution function is expressed as

F(&) = % + %arctan(lOC —10u) (36)

where ¢ indicates the random variable of the Cauchy distribution. y indicates a posi-
tional parameter.
For Equation (36), if F({) = rd, the variable ¢ is expressed as

1

10 tan(7try) 57)

C=p—
In order to improve the adaptability of the cuckoo search algorithm, random variable
¢ in Cauchy distribution is used as step control factor a. Therefore, the flight step control

factor of any cuckoo can be expressed as

al:‘ul_l()tanlw (1:1,2,,7’1) (38)
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where y; indicates the position parameter of the i th cuckoo, and its calculation formula is
expressed as
i =01p;_1+09L; (i=1,2,---,n) (39)

where L; indicates the Lehmer average, which is used to balance the trade-off between
extreme values and the overall average in the system’s performance metrics. The calculation
method is shown in reference [30]. Equation (39) is a recursive expression, and the initial
value of positional parameter y; is yp = 0.5.

Equations (33)~(35), (37) and (39) can implement the Cauchy variation cuckoo search
algorithm (CVCSA) improvement of the standard SOA. When the search strategy is for
cuckoo birds to find their own nest or incubate their eggs in another nest undetected by the
host, the position update of the male individual in the snake colony is expressed as

Xi,m(t =+ 1) = Xi,m(t> + D‘i,m(Xi,m(t) - Xh,m)Li,m (40)

where «; ,,, indicates the control factor for the flight step length of Cauchy-variant cuckoo
in male snakes. L; ,, represents the Levy random search path of male individuals in the
snake group.

Otherwise, the male’s position update is expressed as

Xi,m(t + 1) = Xi,m(t) + (Xp,m(t) - Xq,m(t))rd (41)

where X, ;; and X, , indicate the positions of any two snakes outside individual i in the
male pack when the Cauchy mutant cuckoo searches.

The position renewal mode of the female individual in the snake group is the same as
that of the male individual, so this article will not go into detail on this.

4.2. Solving Method

This paper addresses the upper-layer capacity optimization by using the capacities of
wind turbines, photovoltaic arrays, and batteries as decision variables and optimizing their
respective capacities. The lower-layer optimal scheduling uses the battery state at 24 periods
per day as the decision variable and optimizes the battery state for each period. This paper
demonstrates the specific solution process for the upper-layer capacity optimization. Since
the lower-layer optimization scheduling is similar to the upper-layer capacity optimization,
it will not be detailed here. Figure 4 illustrates the algorithm flow chart.

In ISOA, each individual in the population represents the capacity of wind turbines,
photovoltaic arrays and batteries. The fitness of an individual’s position indicates the
economic efficiency of microgrid capacity optimization. The optimal allocation scheme of
microgrid capacity can be obtained by finding the best individual positions.

The procedure for applying the algorithm is as follows.

Step 1: Initialization: Determine the objective function f(x). Based on Tent chaotic
mapping and the quasi-oppositional learning strategy, the snake population’s positions are
initialized by randomly generating n individual snakes and their positions X;. Meanwhile,
randomly divide them into female and male subpopulations. Set algorithm parameters:
number of population individuals 7, dimension 74, maximum number of iterations N and
other parameters. Define food quantity thresholds and ambient temperature thresholds.

Step 2: The positions of female/male individuals were updated according to
Equations (28) and (30)~(32), and the fitness was calculated. Compared with the pre-
vious generation of snakes, individuals with higher fitness were retained.

Step 3: Calculate the population optima and fitness values based on the snake pop-
ulation obtained in Step 2, and save them as SOA-based population optima and fitness
values. At the same time, the position of female/male individuals was updated according
to Equations (40) and (41) of the snake group; compared with the snake group of the
previous generation, the numbers of individuals should be moderately higher.
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Step 4: The population optima and fitness values were calculated according to the
snake group obtained in Step 3 and saved as the population optima and fitness values
based on CVCSA.

Step 5: Based on SOA and CVCSA, the obtained population optimum and fitness
values were compared to select the snake population optimum and fitness values.

Step 6: Determine whether the number of iterations is reached. If the number of
iterations is not reached, return to Step 2. If the number of iterations is reached, the optimal
solution is output.

Set the total number of snakes  solving
dimension, solving interval and iterations

v

Initialize the position and fitness of individual
snakes

v

Groups of snakes are classified according to
male and female

v

Define food volume thresholds and ambient
temperature thresholds

v

Update the individual position and fitness
calculations of female/male snakes on SOA

v

The optimal position and fitness value of snake
group on SOA

Update the individual position and fitness
calculations of female/male snakes on CVCSA

v

The optimal position and fitness value of snake
group on CVCSA

v

The optimal location and fitness of snakes were
screened

‘Whether the number
of iterations is
reached ?

globally optimal solution

Figure 4. Calculation flow chart of ISOA.

5. Simulation Studies
5.1. Simulation Setting

In this paper, a small microgrid in southern China is taken as the background, and
an example analysis is carried out based on the meteorological data of this area. The
scheduling period of one day in this region is analyzed and solved. The annual wind speed
and illumination intensity are shown in Figures 5 and 6, respectively. The typical daily load
of the microgrid is shown in Figure 7.
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Figure 7. Typical daily load.

The rated power of the wind turbine set in this paper is 10 kW. The rated power of
the unit photovoltaic array is 250 W. The rated capacity of a group of batteries is 6 kW-h.
The rated power is 1.2 kW. The maximum depth of impulse discharge is 80%. The design
planning lifetimes for the microgrid are 5, 10 and 20 years. The life cycle of the wind turbine
and photovoltaic array exceeds the planning life, so the life cycle of the wind turbine and
photovoltaic array is considered based on the design planning life. The battery life cycle is
5 years. The configuration cost of each power supply of the microgrid is shown in Table 1.
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Table 1. Cost data for microgrid power supplies.

Type of Power Construction Cost Repfaacr:nfe}e’rc\ieCos t Operation Cost
Supply (CNY/Unit) (CNY/KW.-Year) (CNY/kW-h)
Wind turbine 42,900 390 0.35
Photovoltaic array 770 7 0.58
Battery 12,000 240 0.2

The electricity price of each period is shown in Table 2, and the demand elasticity
coefficient of the load is shown in Table 3. In a scheduling cycle, the state of charge of the
zero-time energy storage system is 0.4, and the number of charges and discharges is less
than or equal to 8 times.

Table 2. TOU price.

. . Electricity Sell Price Electricity Purchase Price
Period of Time (CNY/KW-h) (CNY/KW-h)
0:00-7:00 0.22 0.25
7:00-10:00
14:00-17:00 0.42 0.53
21:00-24:00
10:00-14:00
17:00-21:00 065 082
Table 3. Demand elasticity coefficient.
Period of Time Valley Period Normal Period Peak Period
Valley period —0.100 0.010 0.012
Normal period 0.010 —0.100 0.016
Peak period 0.012 0.016 —0.100

5.2. Analysis of Optimal Allocation Results

Figure 8a represents the cost composition of the allocation stage and the operation
stage. The allocation stage accounts for 19.2% of the total cost. The operation stage accounts
for 80.8%. Figure 8b represents the cost composition of various types of power supplies in
the allocation stage. Wind turbines account for 62.8% of the allocation cost. Photovoltaic
arrays account for 11.6%. Batteries account for 25.6%. Figure 8c shows the proportion of
the operating costs of various types of power supplies. Wind turbines account for 67.9%
of the operating costs. Photovoltaic arrays account for 29.5%. Batteries account for 2.6%.
The scheduling situation of a typical day of the two-layer optimization model is shown in
Figure 9. The optimal allocation results is shown in Table 4, and the microgrid system costs
is shown in Table 5.

Il Wt Il wT
I Operation cost Il rv I rv
I Construction cost I Battery [ Battery

80.8%

19.2%

(a)

0,
62.8% 67.9%

2.6%

’ 11.6% 29.5%

(b) (c)

Figure 8. Cost structure. (a) Two-stage cost composition; (b) allocation cost composition; (c) power
supply operation cost composition.
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Figure 9. Typical daily scheduling.

Table 4. Optimal allocation results.

ng}ie Pho;irzltalc Battery Total Cost Allocation Operation
y Number (CNY) Cost (CNY)  Cost (CNY)
Number Number
119 1220 173 4.36 x 107 8.16 x 10° 3.54 x 107
Table 5. Microgrid system costs.
Type
Wind Photovolatic . .
Cost Turbine Array Battery Main Grid
Allocation cost (CNY) 5.12 x 10° 9.43 x 10° 2.09 x 10°
Operation cost (CNY) 2.71 x 107 1.18 x 107 1.03 x 10° —5.55 x 10°

In the context of energy transformation, small microgrids should gradually reduce
their dependence on the main grid to meet the load demand in the region, and small
microgrids should also actively participate in grid connection to further promote energy
transformation. Therefore, the allocation of energy storage equipment for microgrids is
particularly important. The operation cost of the medium- and long-term planning of
wind-solar-storage is the most important factor affecting the economy of the system. The
introduction of a load demand response mechanism in the system is an effective means to
reduce the operation cost. The influence of flexible load on the microgrid is analyzed in the
next section of this paper.

5.3. Sensitivity Analysis of Flexible Load Adjustment Capability in Capacity Allocation

According to the rigid—flexible load ratios in the microgrid, ratios ranging from ten-
to-zero to zero-to-ten correspond to A through K in that order. The corresponding load
demand on a typical day is shown in Figure 10. It can be seen from Figure 11 that with the
increase in the proportion of flexible load, the peaking and valley-filling effect of the load
demand response model becomes more and more obvious. The period of high electricity
price of the load shifts to a period of low electricity price, which relieves the pressure on
the system to a certain extent. Based on this, Figure 11 illustrates the economic allocation
and operation of the system under various rigid and flexible conditions.
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Figure 11. Economic allocation and operation of the system under different rigid and flexible ratios.

The optimization results are shown in Figure 11; when the rigid—flexible ratio reaches
five-to-five, the total cost and construction cost of the microgrid reach the optimal level. At
this time, the construction cost is CNY 7.14 million, and the operation cost is CNY 33.7 million.
Compared with the rigid—flexible ratio of ten-to-zero, the allocation cost is reduced by CNY
1.01 million, and the operation cost is reduced by CNY 740,000. When the rigid-flexible
ratio is three-to-seven, the operation cost of the system reaches the optimal level. The total
cost is CNY 41.26 million. The operating cost accounts for CNY 32.76 million. Compared
to a rigid—flexible ratio of ten-to-zero, the operating cost is reduced by CNY 1.67 million.
The allocation cost of the system is mainly concentrated in the initial construction, and the
operation cost is the long-term investment in the later period. Therefore, the next section of
this paper analyzes the impact of planning years on the overall economic benefits of the
wind and solar storage power generation system.

5.4. Sensitivity Analysis of Planning Years in Capacity Allocation

As shown in Figure 12, when the planning period is 5 years, the allocation cost and
operation cost of the microgrid account for 46.12% and 53.88%, respectively, and the gap
between the two is not large. When the planning period is 10 years, the operation cost of the
microgrid is about twice the allocation cost; the operation cost is 66.90%, and the allocation
cost is 33.10%. When the planning period is 20 years, the operation cost of the microgrid
is much higher than its allocation cost, of which the operation cost accounts for 80.85%
and the allocation cost accounts for 19.15%. From the perspective of average annual costs,
the average annual total cost gradually decreases with the increase in planning years, but
the average annual operation cost is not significantly affected by the planning years. The
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reduction in the annual total cost is mainly due to the impact of planning years, improving
the utilization rate of equipment, resulting in a reduction in the annual allocation cost.

[ ] Allocation cost %106
90% - : [ ]Total cost
S00i] 1 Operation cost 3.59 [ Allocation cost
0 =304 ] [ ] Operation cost

70% Z
60% 225 ]
50% § 2.0 .
40%- g 5]
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10% 2051
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5 years 10 years 20 years Syears 10years 20years
Planning year Planning year
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Figure 12. The influence of different planning years on capacity planning. (a) Two-stage costs under
different planning years; (b) average annual costs for different planning years.

In general, the longer the planning years, the higher the overall economic benefits of
the microgrid. However, as the number of planning years increases, the economic benefits
gradually diminish. When the number of planning years exceeds 20, the power generation
equipment of the microgrid will generally reach the end of its service life. At that time,
the failure rate of the entire system will increase rapidly. The fluctuations in the power of
the grid will gradually become higher. It cannot meet the fluctuation requirements of the
power of the grid, resulting in significant underutilization of solar and wind power.

5.5. Algorithm Comparison

To verify the accuracy and superiority of ISOA, this paper compares Particle Swarm
Optimization (PSO) with unimproved SOA in a small microgrid in southern China to solve
a scenario with a planning life of 20 years and a rigid—flexible load ratio of five-to-five. The
cost of capacity allocation of the microgrid and the convergence of the algorithm are shown
in Table 6. In the case of the same number of iterations, the improved snake optimization
algorithm has the lowest cost and the smallest number of iterations reaching convergence.
The iterative process of the three algorithms is shown in Figure 13. Table 6 shows that
the computation time of ISOA is significantly longer than that of SOA, but shorter than
POS. The computation times for POS, ISOA and SOA are 14,051.99 s, 9412.30 and 2519.73 s,
respectively. The computational load of ISOA is approximately 3.7 times that of SOA, which
leads to the longer computation time for ISOA. However, ISOA significantly enhances the
global optimization capability, achieving the lowest number of convergence iterations and
the optimal solution.

Table 6. Algorithm comparison result.

Total Cost

Algorithm (Thousand Total. Iterations Conver.gence Com}) utation
Population Iterations Time/s
CNY)
ISOA 40,408 300 500 42 9412.30
SOA 40,986 300 500 151 2519.73

POS 41,335 300 500 185 14,051.99
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Figure 13. Algorithm iteration graph.

Table 7 shows the optimal allocation and cost composition for each algorithm. ISOA
yields the smallest battery capacity, followed by SOA, with POS requiring the largest.
Additionally, ISOA achieves the largest wind turbine capacity and the smallest photovoltaic
array capacity, while SOA achieves a wind turbine capacity slightly smaller than POS and
a photovoltaic array capacity greater than POS. Cost analysis shows that ISOA achieves the
best optimization results, with SOA close behind and significantly better than POS. These
results indicate that the most critical factor affecting the economy of capacity allocation is
the battery. As an energy storage device, the battery does not generate direct economic
benefits. Therefore, minimizing battery capacity while ensuring safe and stable system
operation enhances system economy. In terms of convergence speed, ISOA is the fastest,
followed by SOA and then POS. The results demonstrate that the ISOA exhibits strong
optimization capability and fast convergence.

Table 7. Cost structure analysis.

Algorithm ISOA SOA POS
Wind turbine number 129 110 119
Photovoltaic array number 697 1644 1389
Battery number 87 118 173
Total cost
(thousand CNYY) 40,408 40,986 41,335
Allocation cost
(thousand CNY) 7143 7432 8158
Operation cost
(thousand CNYY) 33,697 33,553 33,177

6. Conclusions

This paper aims to optimize the capacity of grid-connected microgrids through a
double-layer optimization model in order to improve the consumption rate of new energy
and reduce carbon emissions. The upper layer consists of a capacity allocation model,
where the capacities of wind turbines, photovoltaic arrays and batteries are the decision
variables. The lower layer features an optimal scheduling model, with the outputs of each
power source in the microgrid as the decision variables. Additionally, this paper examines
capacity optimization for wind-solar—storage systems across various scenarios, exploring
optimal capacity configurations and operational strategies. The paper concludes with the
following findings:

(1) The two-layer optimization model presented herein effectively addresses the cou-
pling issue between capacity and scheduling optimization. The results show that
the allocation stage accounts for 19.2% of total costs, with wind turbines contribut-
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ing 62.8% of these costs. In the operation stage, which makes up 80.8% of the total,
wind turbines account for 67.9% of costs. It not only ensures a cost-effective capac-
ity allocation but also considers economic factors in subsequent operational stages.
The model also demonstrates that whole life cycle planning of wind-solar-storage
systems can improve economic performance, particularly by focusing on reducing
operational costs.

(2) The demand response model based on the TOU tariff is effectively characterized. At a
rigid—flexible ratio of five-to-five, the total cost reaches its optimal level. A three-to-
seven ratio achieves the lowest operational costs. The results indicate that an optimal
ratio of rigid—flexible load can significantly improve economic efficiency. Meanwhile,
the total cost and operation cost of the wind-solar-storage system in whole life cycle
planning are not entirely consistent.

(3) The number of planning years significantly influences the microgrid’s subsequent
operating costs. Longer planning years result in higher operating costs, which ac-
count for a larger proportion of the total costs. Meanwhile, the higher the number of
planning years, the lower the average annual cost of the microgrid. Comparative anal-
ysis of various planning horizons reveals that longer planning periods can improve
economic efficiency of wind-solar-storage systems. Consequently, future landscape
storage capacity planning should adopt a multi-temporal perspective.

(4) The ISOA is proposed to tackle the complexities of a nonlinear and multivariable
two-layer model. Comparative analysis demonstrates that the ISOA notably enhances
global optimization search capability and robustness in contrast to the conventional
SOA and POS algorithms. This approach offers significant advantages in addressing
challenges like the two-layer optimization model for capacity allocation in wind—solar—
storage systems.

This study demonstrates that optimizing the capacity of wind—solar-storage systems
based on a two-layer optimization model effectively resolves the intricate coupling between
capacity and scheduling optimization. The proposed model solution is applicable for
comprehensive life cycle planning of wind—-solar—storage systems and provides valuable
guidance for the construction and grid integration of various new energy power plants.
Future research could extend the application of this model to other types of new energy
power generation systems, thereby facilitating the systematic and orderly advancement
of energy transformation efforts. Meanwhile, this article attempts to establish ISOA to
solve the two-layer model for microgrid capacity optimization. To improve the global
search capability of the algorithm, other optimization algorithms are introduced, for which
increases in complexity led to a higher computational load. As a result, the computation
time for ISOA became longer, presenting certain limitations. Balancing the enhancement
of the algorithm’s global search ability with a reasonable computational load will be a
meaningful direction for future research.
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