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Abstract: To promote the development of green industries in the industrial park, a microgrid system
consisting of wind power, photovoltaic, and hybrid energy storage (WT-PV-HES) was constructed. It
effectively promotes the local consumption of wind and solar energy while reducing the burden on
the grid infrastructure. In this study, the analytic hierarchy process (AHP) was used to decompose the
multi-objective function into a single-objective function. The economic and environmental benefits of
the system were taken as the objective function. Furthermore, the cuckoo search algorithm (CS) was
used to solve the specific capacity of each distributed power source. Different scenarios were applied
to study the specific capacity of microgrid systems. The results show that the equivalent annual cost
of the WT-PV-HES microgrid system is reduced by 7.3 percent and 62.23 percent, respectively. The
carbon disposal cost is reduced by 1.71 and 2.38 times, respectively. The carbon treatment cost is more
sensitive to load changes. The solution iteration of the cuckoo algorithm is 18 times. Meanwhile,
the system requires four updates of capacity allocation results for 20 years of operation. This result
validates the effectiveness of the proposed model and methodology. It also provides a reference for
the research and construction of capacity allocation of microgrid systems at the park level.

Keywords: hybrid energy storage; analytic hierarchy process; cuckoo algorithm; multi-objective optimization

1. Introduction

The limitations of centralized power grids are gradually becoming apparent as society
develops and human demand for electricity grows [1]. They are mainly reflected in the high
cost, serious environmental pollution, and power supply reliability challenges. Distributed
power generation systems can take full advantage of renewable energy sources and be
flexible in their configuration. At the same time, they are safer and more environmentally
friendly. But, these systems also present some problems, such as high volatility and the
weak power supply reliability of renewable energy. Microgrids are currently an effective
way of coupling renewable energy generation systems to the grid. Their stable operation
relies on energy storage technology, which can suppress fluctuations in wind and solar
power. In particular, there are two types of storage systems that complement each other:
battery energy storage (BES) and the hydrogen energy storage system (HESS). BES has the
advantages of flexible installation, fast response, and fast charging. The HESS, on the other
hand, has the advantages of long storage time, high energy density, and no pollution [2,3].

In the development of energy storage technology, single-energy storage has been found
to have limitations in meeting requirements, such as a long lifespan and a wide working
range [4,5]. Compared to single-energy storage, hybrid energy storage has significant
advantages. Currently, lots of research has been carried out on hydrogen-containing
hybrid energy storage (HES) systems. Most of it is based on hydrogen energy storage
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supplemented by battery energy storage. Through numerical examples, it is verified that
this method can effectively suppress the fluctuation in wind power [6]. The problem of
environmental pollution caused by conventional hydrogen production methods was also
emphasized by Wang et al. [7]. Hydrogen production from wind power systems not only
helps to realize green hydrogen production but also effectively solves the problem of wind
abandonment. Li et al. [8] proposed a strategy for operating a multi-microgrid system by
considering power interaction constraints between microgrids. After comparing multiple
scenarios, it was found that incorporating power interaction constraints in the capacity
optimization model helps to reduce the cost of microgrids and improve stability. An electric
and hydrogen energy storage system is proposed by Huang et al. [9], which is used to
regulate the fluctuation of photovoltaic systems and to fulfill the demand for electric and
hydrogen loads on the user side. Du et al. [10] developed a two-tier optimization model.
The microgrid capacity is configured and dispatched by combining a desalination system
and hydrogen production from an electrolyzer. Considering the economic objective and
reliability objective, Yu et al. [11] developed a capacity optimization allocation model for
off-grid wind–hydrogen storage microgrids. A multi-objective Taurus whisker exploration
algorithm is used to solve the problem. Luo et al. [12] used real-time meteorological data to
allocate capacity for a standalone wind–solar–storage–diesel microgrid in a remote area.
The optimal capacity configuration scheme is obtained using the whale algorithm, with
the objective of optimizing electricity costs and load shortage rates. When configuring
a grid-connected microgrid, the power interaction between the microgrid and the State
grid must be considered. Purchase and sale costs and exchange power constraints are
introduced in the optimization model. Many researchers have focused on grid-connected
island microgrids. Objective functions have been constructed based on the installation
cost, operation and maintenance cost, pollution control cost, residual grid revenue, and
purchase cost per unit [13–15]. Based on the net benefits of system operation and the
synergy between water and wind resources, a model for optimal allocation of microgrid
capacity was developed by Cui et al. [16]. The evaluation of microgrid configuration results
with the integration of demand-side response demonstrated that it could enhance the
economic efficiency of the system.

The optimal allocation of the capacity of the energy storage system is of great im-
portance for the economy and safety of the power system. Zhang et al. [17] established a
probabilistic model for wind, PV, and load. The energy storage operation control strategy is
established. Under the condition of considering the economics of distribution and storage,
an optimization model for energy storage siting and capacity setting with the objective
of minimizing system risk is established. The optimal allocation of energy storage is cal-
culated. Shao et al. [18] ensured microgrid economics with the minimum cost per unit
of energy (COE) as the optimization objective. Capacity optimization allocation of wind
and storage microgrid components is performed. Yang et al. [19] focus on the economic
assessment of the participation of optical storage charging stations in real-time demand
side response. The optimal capacity allocation method of optical storage charging stations
considering real-time demand side response is proposed. Zhang et al. [20] established
an HES capacity allocation scheme with the objective function of minimizing the annual
integrated cost. The optimal capacity allocation scheme was derived using an improved
particle swarm algorithm for solving. Yang et al. [21] applied various numerical analysis
theories by considering factors such as energy storage cost and output characteristics.
Based on the dedicated calculation tool for energy storage configuration, the method and
tool were verified through practical scenarios. The above research results utilized different
energy storage forms and optimization methods after considering the economics of the
energy storage system. The optimal capacity configuration scheme for energy storage was
finally derived.

However, the current research mainly focuses on the planning and construction of
large-scale grid-connected hydrogen microgrid systems. There is a lack of research on the
mode of operation and planning schemes for park-level hydrogen microgrid systems. Ma
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et al. [22] take wind turbines and hydrogen production–storage–burning devices as research
objects. Based on NSGA-II, the capacity of wind turbine and hydrogen production–storage–
burning devices are configured, respectively. Hu et al. [23] comprehensively considered
three indicators: economic cost, power supply reliability, and the wind abandonment rate
of microgrids. The capacity optimization configuration model of the hydrogen energy
storage system is constructed. The proposed model has proved to be reasonable. This
study addresses the energy transformation challenge faced by an industrial park in a
particular region of China. To solve this problem, this study proposes a regional wind
power, photovoltaic power, and hybrid energy storage (WT-PV-HES) microgrid model [24].
The multi-objective problem of annual cost and carbon treatment cost is transformed into
a single-objective problem using hierarchical analysis. To determine the capacity of the
microgrid under different scenarios, this study applies the improved cuckoo algorithm.
The obtained research results can serve as a valuable reference for addressing the energy
transformation challenges faced by similar industrial parks. Overall, this study proposes an
effective and efficient solution to the energy transformation problem faced by the industrial
park. This study has made some progress in addressing capacity allocation issues and
reducing carbon emissions. The results of this study can serve as a useful reference for
similar projects in China and beyond.

2. Microgrid System Planning Model
2.1. System Overview

In a specific region, a WT-PV-HES microgrid structure was implemented (Figure 1).
The microgrid system comprises two main components: the power generation part, con-
sisting of the WT and PV station, and the energy storage system part, including the battery,
electrolysis tank (ET), fuel cell (FC), and hydrogen storage tank (HST). Microgrids are also
coupled to the established State grid through a DC bus for energy exchange [25–27].
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2.2. Mathematical Modeling of System Equipment
2.2.1. Wind Power Module

The capacity of WT generation is strongly influenced by wind speed. The higher the
wind speed, the higher the efficiency of power generation. The working model of the WT
is based on this basic principle. The details are as follows [28,29]:

Pt(v) =


0, 0 ≤ v < vci

Pr, v2−v2
ci

v2
r−v2

ci
, vci ≤ v ≤ vr

Pr, vr < v ≤ vco
0, vco < v

(1)

In the formula, v is the wind speed at the hub height of the fan in m/s. vci, vco, and
vr are the wind turbine cut-in, cut-out, and rated wind speeds in m/s, respectively. Pr is
the rated power of the wind turbine in kW.

2.2.2. PV module

The PV power output situation is mainly affected by light intensity and temperature.
Among other things, the calculation of PV power requires factors such as longitude, latitude,
angle of incidence, installation method, and losses where the project site is located. The
mathematical model of the PV is [30,31] as follows:{

PPV = fPV PN
G

1000 [1 + ap(T − 25)]

T = Te + 30 × G
1000

(2)

where PPV and PN are the photovoltaic output power and rated power, respectively. The
unit is kW. fPV is the power scaling factor, with a value of 0.9. ap is the power temperature
coefficient. G is the total solar radiation on the horizontal surface in W/m2. T is the surface
temperature of the PV module in ◦C. Te is the ambient temperature in ◦C.

2.2.3. Battery Module

The battery module is used to buffer the variations in renewable power. There are
two main processes of charging and discharging in the operation results. Therefore, its
mathematical model is [32,33] as follows: Soc(t) = (1 − δ)Soc(t − 1) + Pc∆tηc

Ec

Soc(t) = (1 − δ)Soc(t − 1)− Pd∆t
ηdEc

(3)

where Soc(t) is the state of charge of the battery at the end of time t, in %. δ is the self-
discharge rate of the battery. Pc and Pd represent the charging and discharging power of
the battery, respectively. The unit is kW. Ec is the rated capacity of the battery, in Ah. ηc and
ηd represent the charging and discharging efficiency of the battery, respectively. The unit is
%. △t is the time interval, in s.

The capacity of the battery at time t is [34] as follows:

Ebat(t) = (1 − δ)Ebat(t − 1) + [Pc(t)ηc −
Pd(t)

ηd
] (4)

where Ebat(t) is the capacity of the battery at time t, in kW.

2.2.4. HESS Module

The hydrogen storage module consists of three parts: an electrolyzer, a hydrogen
storage tank, and a fuel cell. Among them, the electrolysis tank can produce hydrogen by
electrolysis using excess wind and solar energy. The fuel cell, on the other hand, converts
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hydrogen energy to electricity. The HST is used to store hydrogen. This system can be
described by a specific mathematical model, specifically [35]

Pel−tan k = Pelηel
Pf c−DC = Ptan k− f cη f c
Etan k(t) = Etan k(t − 1) + Pel−tan k(t)∆t − Ptan k− f c∆tηstor

(5)

where Pel,tank is the hydrogen production power of the ET, in kW. Pel is the electrical power
input to the ET, in kW. Pfc-DC is the output power of the FC, in kW. Ptank-fc is the hydrogen
power input from the HST to the FC, in kW. ηFC is the conversion efficiency of FCs, in %.
ηstor is the storage efficiency of the HST, in %. Etank(t) is the energy of the HST at time t,
in kW.

3. Integrated System Operation Planning Model

Based on the above equipment model, an integrated model for operation planning
of the WT-PV-HES microgrid system is established. That is, the system construction
investment cost and the production modeling cost of the target year are considered simulta-
neously. The objective of the planning and design is to minimize the total cost of the system
over a 20-year period (the design microgrid system has a life expectancy of 20 years).

3.1. Objective Function
3.1.1. Equivalent Annual Cost

The equivalent annual cost is

f1 = Cin ICRF + Com + Crep + Cgrid (6)

This includes 
Cin = ∑ Ci,in, i = wt, pv, bat, el, tan k, f c

Ci,in = Nici,inPi,r

ICRF = r(1+r)n

[(1+r)n−1]

(7)

In the formula, Ni represents the number of constituent units. Ci,in is the investment
cost coefficients of each component unit, in CNY/kW. Pi,r is the rated power (the unit is
kW) or the rated capacity (the battery and the HST are in kW·h) of each component unit.{

Com = ∑ Ci,om, i = wt, pv, bat, el, tan k, f c
Ci,om = Nici,omPi,r

, (8)

where Com is the annual operation and maintenance cost of the system, in CNY. ci,om is
the annual O&M cost coefficients for each constituent unit, in CNY/kW. Ni is the specific
number of units, in pieces. Pi,r is the unit power of each unit, in kW.{

Cre = ∑ Ci,recSFF(r, Yj), i = bat, el, f c
cSFF(r, Yj) =

r
(1+ r)Yi−1

(9)

where Cre is the system replacement cost, in CNY. Ci,re are the replacement cost factors
for the ET, the FC (the unit is CNY/kW), and the battery (the unit is CNY/kW·h), and
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cSFF(r,Yi) is the debt service fund coefficient, respectively. Yi is the operational lifetime of
each distributed power source, in a. r is the interest rate.

Cgrid = Cbuy − Csell

Cbuy =
T∫
0

kbuyPbuy(t)dt

Csell =
T∫
0

ksell Psell(t)dt

(10)

where kbuy and ksell are the unit prices for purchasing and selling electricity, respectively.
The unit is CNY/kW·h. Cbuy and Csell represent the cost of purchasing and selling elec-
tricity, respectively. The unit is CNY. Pbuy and Psell refer to purchased and sold electricity,
respectively. The unit is kW·h.

3.1.2. Carbon Disposal Cost

Since every part of the microgrid system consists of clean energy, no pollutants are
produced. However, due to the system’s over-dependence on the environment, an imbal-
ance between supply and demand within the system inevitably occurs. To meet the load
demand, the State grid is required to support it. Such a system causes some degree of
carbon emissions. Therefore, this objective function f2 is as follows: f2 = aCO2 CCO2

CCO2 = bCO2

∫ T
0 Cbuydt

(11)

where CCO2 is the amount of carbon processed, in kg. aCO2 is the CO2 treatment cost
coefficient, in CNY/kg. bCO2 is the grid carbon emission conversion factor, taking the value
of 0.598 kg/(kWh).

3.2. Objective Function Processing

In order to simplify the calculation, the analytic hierarchy process (AHP) is introduced.
The AHP method aims to qualitatively and quantitatively analyze the decision-making
with multiple influencing factors through mathematical analysis methods [36]. Through
the decomposition of the research objectives, a hierarchical system containing multiple
independent influencing factors is formed. By comparing the influencing factors, the
relative importance of each influencing factor is derived. Further calculations were made
to derive the influence weight of each influence factor on the research objectives [36,37].

minF = min{w1 f1 + w2 f2}
w1 + w2 = 1
w1 ≥ 0, w2 ≥ 0

(12)

where wi is the value of the weight of each objective function. The size of the weight directly
reflects the importance of the objective function.

3.3. Constraints

The constraints of the integrated operation planning model are mainly divided into
three parts: planning constraints, operation constraints, and coupled planning and oper-
ation constraints. The planning constraints are used to represent the planning capacity
constraints of various types of equipment in the system. The operation constraints are ori-
ented to the system production simulation, establishing the system power balance equation
and the subsystem production balance equation. The coupling constraints of planning and
operation are reflected as the constraints of equipment planning capacity and equipment
operation power.
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3.3.1. Power Balance Constraint

When the system is running, the total power is kept in balance [38,39]:

Pwt + Ppv + Pbat + Pf c + Pgrid = Pel + Pload (13)

where Pwt is the WT output power. Ppv is the PV output power. Pbat is the battery charging
and discharging power. Discharging is positive, while charging is negative. Pfc is the fuel
cell discharge power. Pgrid is the power traded with the State grid. Purchasing electricity
from the power grid is positive and selling electricity to the State grid is negative. Pel is the
charging power of the EC. Pload is the power required by the load.

3.3.2. Wind Power and Photovoltaic Power Constraints{
0 ≤ Pwt(t) ≤ Pwt,max
0 ≤ Ppv(t) ≤ Ppv,max

(14)

where Pwt,max and Ppv,max are the maximum output power of the WT and the PV, respec-
tively. The unit is kW.

3.3.3. Battery Energy Storage Constraints [40]
SOC−min ≤ SOC(t) ≤ SOC−max
0 ≤ Pc(t) ≤ Pch−max
0 ≤ Pd(t) ≤ Pdch−max

(15)

where SOCmin and SOCmax are the minimum and maximum values of the SOC, in %.
Pch-max and Pdch-max are the maximum charging and discharging power of the battery,
respectively. The unit is kW.

3.3.4. Hydrogen Energy Storage System Constraints
0 ≤ Pel(t) ≤ Pel−max
0 ≤ Pf c(t) ≤ Pf c−max
Etan k,min ≤ Etan k(t) ≤ Etan k,max

(16)

where Pel-max is the maximum charging power of the electrolysis tank, in kW. Pfc-max is the
maximum discharge power of the fuel cell, in kW. Etank,max and Etan,min are the upper and
lower limits of the capacity of the hydrogen storage tank, respectively. The unit is kW.

3.3.5. Power Purchase and Sale Constraints

If the microgrid sells too much power to the State grid, this can lead to voltage
fluctuations and affect power quality. If the microgrid buys too much power from the State
grid, it indicates that the self-balancing rate within the microgrid is low. The autonomy of
the microgrid is weak. {

Pbuy ≤ Pgrid−max∣∣∣Psell

∣∣∣≤ Pgrid−max
(17)

where Pgrid-max is the upper limit of the capacity of the microgrid to trade with the State grid.

3.3.6. Upper and Lower Limits of the Number of Each Device

Ni−min < Ni < Ni−max, i = wt, pv, bat, el, tan k, f c (18)

where Nwt-min, Npv-min, Nbat-min, Nel-min, Ntank-min, and Nfc-min are the minimum num-
bers of installations of the subsystems. Nwt-max, Npv-max, Nbat-max, Nel-max, Ntank-max, and
Nfc-max are the maximum numbers of installations of the subsystems.
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3.4. Evaluation Indicators

1. System power abandonment rate
The specific calculation formula of the system discard rate DCR is as follows [41]:

DCR =

8760
∑

t=1

{
Pz(t)− [Pz,load(t) + Pg(t) + Pp1(t)] + Pbp1(t)

}
8760
∑

t=1
Pz(t)

× 100% (19)

where Pz,load(t) is the power supplied to the load by the WT and PV, in kW.
2. Load power loss rate
The load power loss rate DLPSP is commonly used to assess the power supply reliability

of the power generation system. The specific calculation formula is as follows [42]:

DLPSP =

8760
∑

t=1
[Pload(t)− Pz,load(t) + PHES(t)]

8760
∑

t=1
Pload(t)

(20)

where PHES(t) is the power to meet the load demand by the hybrid energy storage system
at moment t, in kW.

3.5. Operation Strategy

The operational strategy of the microgrid system being studied is depicted in Figure 2.
In this figure, Pz(t) represents the output power of the WT and PV. Pload(t) represents the
local load demand at time t. Pg(t) denotes the on-grid power supplied by the WT and PV
at time t. Pe1(t) is the excess power of WT and PV power relative to the load. Pe2(t) is the
surplus power of WT and PV power after satisfying the load and battery. Pp1(t) and Pbp1(t)
are the hydrogen storage power and battery charging power supplied by wind power
photovoltaics, respectively. Pp2(t) and Pbp2(t) are the hydrogen storage power and battery
charging power supplied by the State grid, respectively. a is the ratio of power supply from
the HESS to the battery.
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In Figure 2, it can be seen that when Pz(t) is less than Pload(t), the HES system co-
generates electricity to meet the load demand. At this time, the HESS system operates in
the power generation condition, and the battery begins to discharge. When Pz(t) is greater
than Pload(t), excess WT and PV power are stored in hydrogen storage systems and batteries.
If Pe1(t) is greater than the required HESS power Pp(t) during this time period, the HESS
starts to operate. If Pe1(t) is less than the power required by the HESS Pp(t), part of the
power is supplied by the State grid for electrolysis. If Pe2(t) is greater than the charging
power of the battery Pbp(t), the battery starts charging and the remaining power Pg(t) is fed
into the State grid. If Pe2(t) is less than the charging power of the battery Pbp(t), the part of
the power is provided by the State grid to charge the battery.

3.6. Model Solving

Based on the integrated operation planning model of the WT-PV-HES microgrid
system established above, an improved cuckoo algorithm solution method is proposed to
achieve the solution of the complete planning model.

For the microgrid capacity optimization model, the number of WT, PV, battery, and
HESS are set as decision variables for the cuckoo algorithm.

The cuckoo search (CS) algorithm is a group of intelligent search techniques inspired
by the parasitism of cuckoos in nature. It is a population-based intelligent search technique
that considers the parasitism of cuckoo nests and Lévy flights. It has a strong global search
capability by changing the location of the nest through random wandering [43,44]. In this
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paper, a CS algorithm is utilized in the MATLAB platform to solve the model. The CS
algorithm offers several advantages over genetic algorithms (GAs) and particle swarm
optimization (PSO) algorithms, including fast convergence speed, high computational
accuracy, and ease of operation [45,46].

The CS algorithm takes into account dynamically changing step sizes [47,48].
The cuckoo search algorithm is based on the following three key assumptions:

(1) Each cuckoo lays only one egg at a time and randomly selects a nest location for incubation;
(2) In a flock of cuckoos searching for a new nest, the cuckoo occupying the best location

has the opportunity to lay the next generation of eggs in that nest;
(3) The number of available nests remains constant. It is assumed that the probability

of a host bird discovering a cuckoo’s egg is denoted as Pa, where Pa ∈ [0, 1]. If the
cuckoo’s parasitism is detected, the host bird will construct a new nest nearby.

The global search is executed via a Lévy flight, and the Lévy flight position is updated
as follows: 

xk+1
j = xk

j + α ⊗ L(s, λ)

L(s, λ) = λΓ(λ) sin(πλ)
π ∗ 1

s1+λ

Γ(λ) =
∫ ∞

0 tλ−1e−tdt
s = u

|v|
1
β

, (21)

In the formula, xk+1
j is the position of the j-th (j = 1, 2, 3, . . . , n) nest in the k-th

generation. ⊗ is the point-to-point multiplication. α is the step size control quantity.
The local search is executed by local random wandering. The position update formula

is as follows:
xk+1

j = xk
j + αs ⊗ H(Pa − ε)⊗ (xk

m − xk
n), (22)

where xk
m and xk

n are the positions of two random nests in the contemporary nest. H(µ) is
the Heaviside function. Pa is the maximum discovery probability. s is the movement step
size. ε is a uniformly distributed random number.

The step size of the algorithm determines the space in which the algorithm searches
for solutions. In general, the step size of a CS is usually α = 1. The fixed step size setting
limits the search for solutions to a certain extent. At the beginning of the algorithm run,
when the step size takes a larger value, the search space is expanded to achieve a better
global search. When the algorithm runs to a smaller space, shortening the step size can
be more favorable to a local search and improve search accuracy. Therefore, the search
efficiency of the algorithm can be enhanced using a dynamically changing step size.

a =


a, k ≤ N/3
(1 − k/N)b, N/3 ≤ k ≤ 2N/3
c, 2N/3 ≤ k ≤ N

, (23)

In the formula, a, b, and c are step control quantities and a > b > c. k is the current
iteration number. N is the total number of iterations.

The steps of applying the algorithm are as follows:
Step 1: Initialization;
Step 2: Update the location of the current bird’s nest;
Step 3: Use a random number r as the probability that the nest owner will find an

exotic bird’s egg. Compare this with the probability Pa that the bird is eliminated;
Step 4: Determine whether the current number of iterations meets the condition. If so,

end the search process. Otherwise, repeat step 2 for iterative search.
The model-solving flowchart is detailed in Figure 3.
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During the model-solving process, some of the parameters are set as follows:
The number of populations of CS is taken as 40. The maximum number of iterations is

taken as 100. The upper and lower limits of the nonlinear convergence factor are taken as
2 and 0.01. The iteration threshold is taken as 40 (Appendix A).

The MATLAB model implementation process is as follows:

(1) Objective function f (x), x = (x1, ..., xd)T.
(2) Generate an initial population of n hosts xi.
(3) While (t < MaxGgeneration) or (stop criterion) do

i. Randomly go to a cuckoo
ii. Generate a solution by flying through Levy
iii. Evaluate the value of the quality live objective function of the solution fi
iv. Randomly select one of the n nests (assumed to be j)
v. If fi < fj then

(i) Replace j with solution i

vi. end if
vii. A portion of the bad nest is abandoned
viii. New nest/deconstruction
ix. Preservation of optimal solutions (or high quality nests)
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x. Arrange solutions to find the current best
xi. Update t + 1→t

(4) end while
(5) Post-processing and visualisation

4. Analysis and Discussion

An industrial park in a region of Xinjiang, China, is selected for this study. Data on
the local annual average wind speed and irradiation intensity are collected (see Figure 4 for
details). In addition, the data are discretized using HOMER Pro 3.16.2 software. Meteoro-
logical data with a time interval of 1 month are processed into continuous data with a time
interval of 1 h. The operating cycle of the microgrid is set at 20 years.
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Figure 4. Monthly meteorological distribution data (wind speed and irradiance data) for
selected areas.

The cost of each distributed power source is shown in Table 1.

Table 1. Unit distributed power cost parameters.

Type Investment Cost
Factor/CNY

Annual O&M
Cost/CNY·a−1

Replacement Cost
Factor/CNY Lifetime/a

Wind turbine 8,000,000 192,000 - 20
Photovoltaic cell 2304 55.3 - 20

Battery 1984 47.6 2000 5
Electrolysis tanks 7,200,000 280,800 9000 10

Hydrogen storage tanks 2,240,000 47,040 - 20
Fuel cells 9,600,000 374,400 12,000 10

The parameters of the energy storage devices are shown in Table 2. The microgrid
used different amounts of electricity according to the different time periods [49–52].
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Table 2. Basic parameters of the hybrid energy storage system.

Parameter Value Parameter Value

Upper limit of charge state 0.20 Electrolyzer efficiency 0.65
Lower charge state limit 0.90 Fuel cell efficiency 0.50

Battery life cycle/a 5.00 Hydrogen storage tank efficiency 0.98
Self-discharge rate 0.01 Electrolyzer life cycle/a 10.00

Battery charging efficiency 0.90 Fuel cell life cycle/a 10.00

Battery discharge efficiency 0.90 Maximum battery charging and
discharging power/kW 30

The specifications of the wind turbines, the PV cell, and the batteries are 1000 kW/unit,
400 W/pc, and 1000 A·h/2 V/block, respectively. The capacity of both the HESS and the
battery at the initial moment is set to be 50% of their maximum capacity.

4.1. Optimization Results

Based on the current situation of an industrial park, the capacity of the WT-PV-
HES microgrid system is studied. After solving, it can be seen that the system is able to
make good use of wind and light energy resources. Table 3 shows the optimal capacity
configuration scheme of the WT-PV-HES microgrid system obtained by solving the model.
Figure 5 shows the cost distribution of the system components under the optimal capacity
configuration. In Table 3, it can be seen that when each component of the system is in this
time period, the DCR and DLPSP of the system are both zero. This shows that the system
achieves efficient wind and solar energy consumption with high reliability.

Table 3. Optimal capacity allocation scheme for the WT-PV-HES microgrid system.

Capacity Configuration Scheme Value

Number of WTs/unit 37
Number of PV cells/pc 114,546
Battery quantity/block 70,520

Hydrogen storage tank/kW·h 56,380
Electrolysis tank/kW 48,028

Fuel cell/kW 25,580

To provide a more intuitive representation of the system’s operating performance
under optimal capacity configuration, a sample day is selected for detailed analysis. The
results of the hourly output power of each subsystem of the microgrid system on the sample
day are shown in Figure 6. The system output power distribution is shown in Figure 7.
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Figure 6. Hourly simulation results of the variability of the WT-PV-HES microgrid system units on
a sample day: (a) new energy system output and load demand power; (b) hybrid energy storage
system output.
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Figure 7. Microgrid subsystem output on a sample day: WT, PV, and HES.
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As can be seen in Figures 6 and 7, this typical day WT operates throughout the day.
The PV only generates electricity during the daytime hours of 5:00–17:00. During the
nighttime from 22:00 to 5:00, the new energy generation power is greater than the load
demand due to the higher power of the WT and lower load demand. At this time, the
maximum power generated by the new energy is 36.5 MW. The maximum load demand
power is 24.5 MW. The excess power is stored in the HES system. Hydrogen storage
and battery capacity both show an increasing trend in this time period. Battery capacity
rose by 12.8 percent. Hydrogen storage capacity rose by 13 percent. During the hours of
5:00–7:00 and 17:00–22:00, the WT and PV are less than the load power. At this time, the
minimum value of new energy generation power is 10 MW. The minimum value of load
demand power is 21 MW. In this period, the combined power supply of the HES system is
needed to meet the load demand. Therefore, the capacity of the HES system is decreasing.
During the daytime from 7:00 to 17:00, the WT decreases but the PV increases significantly.
During this period, the new energy generation power can fully meet the load demand.
The excess power is stored in hydrogen storage tanks and batteries. Therefore, hydrogen
storage and battery capacity are on the rise.

The distribution of capacity between the HESS and the BES system in the HES system
on the sample day is detailed in Figure 8.
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Figure 8. Capacity allocation between the hydrogen energy storage system and the battery system in
the hybrid energy storage system on a sample day: (a) power distribution of the hydrogen energy
storage system; (b) power distribution of battery system power.

In Figure 8, it can be seen that there is excess power of new energy relative to the load in
the 0:00–5:00 and 8:00–11:00 time periods. The maximum amount of excess power available
to the hydrogen storage system is 11 MW. It can simultaneously satisfy hydrogen storage
systems for hydrogen storage and battery charging. There is some excess power in the
new energy relative to the load during the three time periods of 7:00–8:00, 12:00–17:00, and
22:00–24:00. At this point, the maximum value of excess power available to the hydrogen
storage system is 11 MW, and the minimum value is 0 MW. However, it only meets part of
the power required by the HESS. The other part of the HESS power is supplied by the State
grid. The battery is not charged. So, the curve representing the battery capacity is a straight
line. During 11:00–12:00 h, the excess power of the new energy relative to the load can only
meet the power required by the hydrogen storage system. A part of the charging power of
the batteries is supplied by the State grid. The maximum value of the system’s demanded
power from the State grid throughout a typical day is 350 MW.

In addition, Figure 9 gives the trend of power exchange between the microgrid system
and the State grid on the sample day. As can be seen in Figure 9, the system sells the most
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power to the State grid at night during the 1:00–2:00 time period, which is 13.05 MW·h. The
reason is that the new energy generation power, especially the power generation system,
has the largest excess power relative to the load during that time. The system purchases the
most power from the State grid during the 16:00–17:00 time period during the day, which
is 10.73 MW·h. The reason for this is that the WT and PV can basically only meet the load
demand during that time. To ensure the normal operation of the microgrid system, most of
the power consumption of the hydrogen storage system is supplied by the State grid.
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Figure 9. Trends in the exchange of electrical energy between a sample day’s WT-PV-HES microgrid
system and the State grid.

4.2. Considering Capacity Allocation Schemes with Different Weights

The economic and environmental costs have an impact on the system capacity allo-
cation of microgrids. Therefore, different weights are set to study them. The weights of
the indicators are set as follows: lowest economic cost (Option 1), lowest carbon emissions
(Option 2), and a balanced consideration of two indicators (Option 3). The microgrid
capacity is configured based on three different scenarios. Specific results are detailed in
Table 4.

Table 4. Comparison of the WT-PV-HES microgrid system cost and carbon emissions under
different weights.

Option Cost/109CNY Carbon Footprint/107kg·a−1

1 2.3 4.25
2 2.55 3.5
3 2.4 3.6

In Table 4, Option 3 is the optimal option. Option 1 is the least cost option. Option 2 is
the least carbon emission option. Compared to Option 3, the cost of Option 1 decreases by
3.13 percent. However, its carbon emissions increase by 12.23 percent. Compared to Option
3, while the carbon emissions of Option 2 decrease by 3.44 percent, the cost increases by
6.15 percent. Obviously, Option 3 can take into account the two different indicators well.
In summary, in terms of microgrid capacity allocation, different weight settings produce
different allocation results. Option 3 is the best solution for the system when considering
both economic cost and environmental impact.

4.3. Capacity Configuration Scheme for Different System Combinations

The capacity configuration schemes for different system combinations are presented
in Table 5.



Processes 2024, 12, 718 17 of 23

Table 5. Capacity allocation schemes for the WT-PV-HES microgrid system with different
system combinations.

Capacity Configuration Scheme WT-PV-HES WT-HES PV-HES

Number of wind turbines/unit 37 58 0
Number of photovoltaic cells/pc 114,546 0 320,246

Battery quantity/block 70,520 93,448 144,354
Hydrogen storage tank/kW·h 56,380 75,803 111,809

Electrolysis tank/kW 48,028 64,574 95,246
Fuel cell/kW 25,580 34,392 50,728

In Table 5, when there is only a WT or PV output in the system, the installed capacity of
the WT or PV needs to be increased to meet the load demand. This adjustment is necessary
due to the characteristics of each energy source. In general, WT output is higher at night,
while the PV has an output only during the day. In the case of the WT only, the installed
WT capacity is increased to 1.57 times its original capacity. In the case of the PV only, the
installed PV capacity needs to be increased to 2.79 times its original size.

In the WT system, solar energy cannot be utilized during the daytime. At the same
time, the WT generation is low. Fuel cell generation and battery action are required during
the day when the load demand is high. Most of the system power is provided by the hybrid
energy storage system. This leads to an increase in the capacity of the hybrid energy storage
system. The system reduces the PV input, but the increased storage capacity leads to higher
costs. It rose by 7.3 percent. At the same time, its carbon emissions became 1.71 times
higher.

In the PV system, there is no light at night, so the PV is not available. At this time, all
the power used to meet the load demand is supplied by the HES system. So, the capacity
of HES in this system is much larger than in the previous two systems. The cost has gone
up by 62.23%. The carbon emissions are 2.38 times higher.

In summary, the WT and PV systems have their advantages and disadvantages. For
example, greater energy storage capacity is required. Costs and carbon emissions increase.
Hybrid wind and photovoltaic energy storage microgrid systems have higher reliability.
They maintain lower costs and smaller carbon emissions. They have better economics and
environmental friendliness.

4.4. System Sensitivity Analysis

The analysis considered load demand variations of 50%, 100%, and 150% to evaluate
the impact on system capacity configuration. The system capacity configuration schemes
for different load demands are summarized in Table 6. As the load demand increases, the
installed capacity of each component of the system also increases. However, the trend is
not proportional to the change in load. The installed PV capacity is reduced when the
system load demand is halved. It decreases to 0.7 times its original value. Compared to the
50 percent increase in load, the value decreases to 0.4 times.

Table 6. Capacity allocation scheme for the WT-PV-HES microgrid system with different
load demands.

Load/% 50 100 150

Number of wind turbines/unit 15 37 49
Number of photovoltaic cells/pc 78,988 114,546 220,032

Battery quantity/block 36,090 70,520 106,543
Hydrogen storage tank/kW·h 28,326 56,380 84,822

Electrolysis tank/kW 24,130 48,028 72,257
Fuel cell/kW 12,852 25,580 38,485
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The cost and carbon emissions of the system grow essentially linearly with load
demand. However, the magnitude of the increase varies. This suggests that as load
demand increases, the system requires additional installed capacity. This leads to an
increase in cost and carbon emissions. The cost and carbon emissions of microgrid systems
have different sensitivities to load changes. System carbon emission is more sensitive to
changes in load demand. Costs are less sensitive to load than system carbon emissions.

4.5. Effectiveness of the CS Algorithm

As shown in Figure 10, the iterative curves of CS and PSO are compared. The effec-
tiveness of CS in optimizing the capacity allocation of the HESS is verified. Compared to
PSO, the cuckoo algorithm yields optimal solutions in shorter iteration cycles. Specifically,
after 18 iterations, CS produces a result that is close to the optimal solution. PSO, on the
other hand, requires 35 iterations to get close to the optimal solution.
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In terms of optimization results, CS outperforms PSO in obtaining the optimal value
of the objective function. This signifies that the CS yields more ideal optimization outcomes.
Based on the above analyses, it can be confirmed that CS solves the capacity allocation
problem. Meanwhile, it has high efficiency and feasibility in the capacity allocation problem
of the WT-PV-HES microgrid system.

4.6. Impact of Photovoltaic/Wind Power Attenuation and Load Growth on Capacity
Allocation Results

In practice, the power output of the WT and PV declines over time. This results in
a decrease in their total power generation. At the same time, the power demanded by
the internal load of the system increases with time. If the installed capacity of the entire
system is maintained as a result of the initial configuration, problems arise in the operation
of the system. As time increases, the rate of load shortage within the system rises. This
leads to the reliability of the whole system being affected. This eventually leads to an
imbalance in system autonomy. This, in turn, prevents the whole system from operating
stably. Therefore, it is necessary to adjust the capacity configuration of the system according
to the wind/photovoltaic attenuation and load growth.

This study examines the impact of wind/photovoltaic decay scenarios and load growth
scenarios on system capacity allocation. Wind/photovoltaic generation was assumed to
decay at a rate of 1% per year. Load is expected to grow by 1 percent per year [52]. Based
on the analyses in Section 4.4, it is necessary to recalibrate the capacity of each part of the
system periodically as the load changes. It is necessary to reconfigure the installed capacity
of each part of the system to maintain safety and stability. At the same time, the decrease in



Processes 2024, 12, 718 19 of 23

the generating capacity of the equipment means an increase in the load. Considering the
operating life of each piece of equipment, especially batteries, electrolyzes, and fuel cells,
the capacity configuration is set to be updated every 5 years. Table 7 shows the results of
the capacity configuration after each update.

Table 7. Results of the WT-PV-HES microgrid system configuration for the wind/photovoltaic
attenuation and load growth scenarios.

Ordinal Number First Time Second Time Third Time Fourth Time

Number of wind turbines/unit 37 39 41 42
Number of photovoltaic cells/pc 114,546 119,575 126,839 135,779

Battery quantity/block 70,520 73,666 76,681 81,662
Hydrogen storage tank/kW·h 56,380 60,034 74,129 80,394

Electrolysis tank/kW 48,028 49,594 51,682 55,859
Fuel cell/kW 25,580 27,146 30,278 33,933

In Table 7, it can be seen that four capacity allocation optimizations are required to
operate the microgrid system for 20 years. After each update, the system power loss rate
is calculated to be 0, 0.001, 0.001, and 0, respectively. The load loss rate is 0 in all cases.
This iterative renewal process ensures stable operation of the microgrid system for up to
20 years. With these updates, the system maintains stable operation of each micro-source.
Energy losses are minimized. Significant benefits are achieved in terms of economic return,
environmental protection, and energy efficiency.

In summary, periodic capacity reconfiguration of the microgrid system helps to en-
sure its long-term stability, maximizing the economic, environmental, and energy-saving
advantages of the whole system.

5. Conclusions

The wind–PV–hybrid energy storage (WT-PV-HES) microgrid model with equivalent
annual cost and carbon disposal cost as the objective is established. The AHP is used
to transform the multi-objective function into a single-objective function. The solution
is carried out by improving the cuckoo search algorithm. The following conclusions are
obtained. Based on the actual situation of a regional park-level microgrid, the most capacity
configuration of the system is obtained by solving the improved cuckoo algorithm. At this
time, the DCR and DLPSP of the system are 0. The system can maximize the use of wind
resources and solar energy, and it has the maximum power supply reliability. By setting
different objective weights, it can be seen that the WT-PV-HES microgrid system is more
advantageous. Its economic cost is 2.4 × 109 CNY, and its carbon emission cost is 3.6 × 107

kg·a−1. This shows that the microgrid system that takes into account the two objectives has
a good economy. At the same time, it has more advantages in terms of carbon emission.
The equivalent annual cost of the WT-PV-HES microgrid system is reduced by 7.3 percent
and 62.23 percent, respectively. The carbon disposal cost is reduced by 1.71 and 2.38 times,
respectively. This shows that the WT-PV-HES microgrid system can maintain lower costs
and smaller carbon emissions while ensuring reliability. Compared with the equivalent
annual cost, the carbon disposal cost is more sensitive to load change. Compared to the
PSO algorithm, the number of iterations for CS is only 18. This shows that it has a more
convenient solution speed and faster iteration rate. As the WT/PV output decreases and
loads increase, four updates to the microgrid system configuration are required to meet
load demands.
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Abbreviations

BES Battery energy storage
HESS Hydrogen energy storage system
HES Hybrid energy system
WT Wind power
PV Photovoltaic power
ET Electrolysis tank
FC Fuel cell
HST Hydrogen storage tank
GAs Genetic algorithms
PSO Particle swarm optimization
CS Cuckoo search

Appendix A

Number of Iterations PSO CS Number of Iterations PSO CS

0 1.35 1.2 51 0.73 0.51
1 1.35 0.9 52 0.73 0.51
2 1.35 0.88 53 0.73 0.51
3 1.35 0.85 54 0.73 0.51
4 1.35 0.81 55 0.73 0.51
5 1.35 0.8 56 0.73 0.51
6 1.35 0.79 57 0.73 0.51
7 1.24 0.78 58 0.73 0.51
8 1.24 0.78 59 0.73 0.51
9 1.24 0.7 60 0.73 0.51

10 1.24 0.62 61 0.73 0.51
11 1.09 0.58 62 0.73 0.51
12 1.09 0.57 63 0.73 0.51
13 1.09 0.56 64 0.73 0.51
14 0.9 0.55 65 0.73 0.51
15 0.9 0.55 66 0.73 0.51
16 0.9 0.52 67 0.73 0.51
17 0.9 0.52 68 0.73 0.51
18 0.87 0.51 69 0.73 0.51
19 0.87 0.51 70 0.73 0.51
20 0.87 0.51 71 0.73 0.51
21 0.87 0.51 72 0.73 0.51
22 0.85 0.51 73 0.73 0.51
23 0.85 0.51 74 0.73 0.51
24 0.85 0.51 75 0.73 0.51
25 0.85 0.51 76 0.73 0.51
26 0.79 0.51 77 0.73 0.51
27 0.79 0.51 78 0.73 0.51
28 0.78 0.51 79 0.73 0.51
29 0.78 0.51 80 0.73 0.51
30 0.78 0.51 81 0.73 0.51
31 0.75 0.51 82 0.73 0.51
32 0.75 0.51 83 0.73 0.51
33 0.74 0.51 84 0.73 0.51
34 0.74 0.51 85 0.73 0.51
35 0.73 0.51 86 0.73 0.51
36 0.73 0.51 87 0.73 0.51
37 0.73 0.51 88 0.73 0.51
38 0.73 0.51 89 0.73 0.51
39 0.73 0.51 90 0.73 0.51
40 0.73 0.51 91 0.73 0.51
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Number of Iterations PSO CS Number of Iterations PSO CS

41 0.73 0.51 92 0.73 0.51
42 0.73 0.51 93 0.73 0.51
43 0.73 0.51 94 0.73 0.51
44 0.73 0.51 95 0.73 0.51
45 0.73 0.51 96 0.73 0.51
46 0.73 0.51 97 0.73 0.51
47 0.73 0.51 98 0.73 0.51
48 0.73 0.51 99 0.73 0.51
49 0.73 0.51 100 0.73 0.51
50 0.73 0.51
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