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Abstract

This study investigates the optimal sizing of a grid-connected hybrid renewable energy

microgrid. The optimization, employing a multi-objective artificial hummingbird algo-

rithm (MOAHA) combined with fuzzy decision-making (FDM), aims to minimize the cost

of energy while maximizing renewable energy utilization. MOAHA is used to generate

a well-distributed Pareto front, while FDM identifies the preferred configuration under

the specified decision preference. However, the preferred solution obtained is a static

configuration. Most existing studies focus on such static planning, with limited attention

to dynamic mapping and validation of the optimized configuration. To bridge this gap, a

digital twin architecture is further proposed for hybrid renewable energy microgrids, and

a corresponding digital twin system is also developed to achieve virtual representation,

dynamic state mapping, operational visualization, and configuration validation. An indus-

trial park microgrid in Urumqi is selected as the case study. The results indicate that the

preferred configuration achieves a cost of energy of 0.065 $/kWh and a renewable energy

utilization of 0.675. Comparative results demonstrate that the proposed framework outper-

forms benchmark methods in terms of convergence, solution diversity, and computational

efficiency. Meanwhile, the developed digital twin system effectively supports time-series

state visualization and feasibility checking of the optimized configuration.

Keywords: hybrid renewable microgrid; sizing optimization; multi-objective artificial

hummingbird algorithm; fuzzy decision; digital twin

1. Introduction

Energy systems are consuming increasing amounts of electricity and require a stable

and reliable power supply. The transformation of energy systems is becoming increasingly

important because modern power systems must simultaneously satisfy growing electric-

ity demand, reduce carbon emissions, and maintain secure energy supply. Renewable

energy resources play a key role in this transition because they can reduce dependence

on traditional fossil fuels. However, a power system cannot only rely on intermittent

renewable resources. Therefore, the integration of traditional energy sources or the utility

grid with renewable energy is necessary. Such integration can provide dispatchable power

support when renewable generation is insufficient, improve system reliability, and reduce

the operational risks. However, renewable sources are variable and uncertain due to their
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dependence on solar irradiation, wind speed, and weather conditions [1]. The intermittency

of renewable energy also introduces several technical and operational challenges. Solar

and wind power outputs change with weather conditions and may not match the temporal

variation in load demand. This mismatch can lead to power imbalance, frequent battery

charging and discharging, increased grid power exchange, renewable energy curtailment,

and higher operating costs. From the perspective of system operation, large fluctuations

in renewable generation may also affect voltage stability, frequency regulation, and the

reliability of power supply, particularly when the storage system reaches its limits or when

load demand increases rapidly [2]. Therefore, renewable energy microgrid planning should

not only determine the optimal capacities of key components, but evaluate whether the

selected configuration can maintain stable operation [3].

Hybrid renewable energy microgrids (HREMs) are a promising solution for energy

systems. An HREM usually integrates photovoltaic (PV), wind turbines (WT), battery

energy storage systems (BESS), and the utility grid, and can operate in grid-connected

or islanded mode. Compared with single-source renewable energy systems, HREMs

can make better use of the characteristics of different renewable resources. For example,

a PV/WT/BESS-based hybrid microgrid optimization framework was proposed by [4]

to coordinate renewable generation and energy storage, with the objective of reducing

energy losses, voltage fluctuations, and power purchased from the main grid. An optimal

dimensioning model for a grid-connected PV/wind hybrid renewable energy system with

battery and supercapacitor storage was developed by [5], aiming to reduce annual system

cost while maintaining renewable energy utilization. A grid-connected PV/wind/battery

microgrid optimization model was investigated by [6] to determine cost-effective hybrid

configurations. However, the planning of an HREM is not straightforward. The system

involves multiple components and operating constraints. Moreover, different planning

objectives often conflict with each other. For example, increasing the capacities of PV, WT,

and BESS can improve renewable energy utilization, but it may also increase the system

cost. Therefore, HREM sizing is a typical multi-objective decision problem that requires an

effective optimization method.

Existing studies have employed various optimization algorithms for the sizing of

renewable energy systems. These methods can provide a set of Pareto-optimal solutions for

engineers. For instance, a hybrid NSGA-II and grey wolf optimizer was proposed by [7]

to determine the optimal combination of wind, PV, and battery capacities for a hybrid

microgrid. A multi-objective optimization framework was developed by [8] for an off-grid

hybrid renewable energy system, considering economic, reliability, environmental, and

social objectives. An improved NSGA-II method was proposed by [9] for a hydrogen-

integrated hybrid renewable energy system, with the objective of optimizing system cost,

efficiency, and reliability. However, after obtaining the Pareto front, multiple mutually

non-dominated solutions still remain, making it difficult to select a personalized final

configuration according to engineer preferences.

As mentioned before, existing HREM planning studies mainly focus on obtaining

an optimized sizing scheme, while the selected configuration is usually treated as a static

result. Such a static scheme cannot directly reflect the dynamic operational behavior of the

planned microgrid. As a result, there remains a gap between the planning result and its

dynamic operational performance.

To solve these problems, this study proposed an integrated framework for the optimal

planning and dynamic validation of an HREM, which combines a multi-objective artifi-

cial hummingbird algorithm (MOAHA) and fuzzy decision-making (FDM) optimization

framework with a digital twin system. In the optimization stage, MOAHA is employed to

conduct global search and generate a Pareto solution set with good convergence and diver-
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sity. FDM is then used to evaluate and rank the candidate solutions based on membership

functions and preference weights, enabling engineer to identify a practical sizing scheme

from the Pareto set according to their specific requirements. In the validation stage, this

paper further proposed a digital twin architecture and developed a corresponding digital

twin system for the optimized HREM configuration. The digital twin provides a virtual

representation of the physical microgrid and enables dynamic state mapping, operational

visualization, and performance validation.

From the planning perspective, the proposed framework can help engineers com-

pare the trade-off between economic cost and renewable energy utilization, and allocate

investment among PV, WT, and BESS in a more systematic way. Additionally, from the

operational perspective, the optimized configuration is not only presented as a static siz-

ing result but is further mapped into a digital twin environment to examine its dynamic

behavior under hourly variations in renewable generation, load demand, battery SOC,

and grid interaction. Therefore, the proposed framework can support practical decision-

making, reduce the risk of directly implementing an unverified configuration, and provide

useful operational insights for industrial park microgrid planning, energy management,

and low-carbon energy transition. As a result, the main contributions of this study are

as follows:

• A MOAHA-FDM optimization framework is proposed for the sizing of hybrid renew-

able microgrids. Different from optimization only frameworks that mainly generate

Pareto fronts, the proposed framework combines MOAHA Pareto front generation

with FDM preference ranking. MOAHA is adopted because its external archive and

dynamic elimination-based crowding distance mechanism help improve convergence

and solution diversity, while FDM further transforms multiple non-dominated solu-

tions into a final preferred configuration according to engineering preferences;

• A digital twin architecture for hybrid renewable energy microgrids is proposed,

and a corresponding digital twin system is developed to map the optimized con-

figuration into a dynamic virtual environment, enabling time-series state visualiza-

tion, operational feasibility checking, and validation of the planning result before

practical implementation;

• The proposed optimization framework and digital twin architecture are applied to

a grid-connected industrial park microgrid in Urumqi. The preferred configuration

achieves a COE of 0.065 $/kWh and an REF of 0.675, and the digital twin system

further verifies the operational feasibility of the optimized configuration through

dynamic visualization of PV output, WT output, load demand, battery state of charge

(SOC), and grid interaction.

The rest of this paper is organized as follows. Section 2 models the microgrid com-

ponents. Section 3 formulates the optimization problem. The proposed joint optimization

framework is presented in Section 4. Section 5 describes the operating modes of the

rule-based energy management strategy. The proposed digital twin architecture for the

microgrid is introduced in Section 6. Section 7 provides the case study location and input

parameters. The optimization results and digital twin system analysis are given in Section 8.

Finally, Section 9 concludes the paper.

2. Modeling of the Microgrid Components

As illustrated in Figure 1, this study considers a grid-connected hybrid renewable

energy microgrid, which consists of PV, WT, a BESS, an inverter, and the utility grid.
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Figure 1. The hybrid renewable energy microgrid considered in this paper.

2.1. Photovoltaic System

The PV system can transform solar energy into electricity. The PV output electricity

can be calculated as follows [10]:

PPV–out(t) = PN–PV ×
G

Gre f
×

[

1 + Kt ×

(

(Tamb + (0.025 × G))− Tre f

)]

(1)

where PPV–out(t) represents the PV output at time t. PN–PV indicates the nominal power

of the PV under standard test conditions. G is the solar irradiance. Gre f is 1 kW/m2;

Kt represents a constant with a value of −3.7 × 10−3 (1/◦C). Tamb indicates the ambient

temperature, and Tre f denotes the reference temperature (25 ◦C).

2.2. Wind Turbine

The wind speed mainly depends on height. The wind speed in hub height can be

expressed as follows [11]:
vWT

v1
=

(

hWT

h1

)α

(2)

where v1 and vWT represents the wind speed at the reference height h1 and the wind

turbine hub height h2, and α indicates the friction coefficient, which depends on terrain,

surface roughness, and other environmental factors. The output of WT can be determined

as follows:

PWT–out(vWT) =



















0, vWT < vcut–in or vWT > vcut–out

Prated ×
v3

WT−v3
cut–in

v3
rated−v3

cut–in

, vcut–in ≤ vWT < vratet

Prated, vratet ≤ vWT < vcut–out

(3)

where Prated. is the rated power of the wind turbine, vWT denotes the wind turbine hub-

height wind speed at the current time, vcut–in and vcut–out are the cut-in and cut-out wind

speeds of the turbine, and vratet represents the rated wind speed of the turbine.
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2.3. Battery Energy Storage System

The BESS can be used to store the surplus energy generated by renewable sources and

discharge it when renewable generation cannot meet the load demand. The factor that

indicates the battery’s charging or discharging states is the SOC. It is formulated as follows:

SOC(t) = SOC(t − 1) +
ηch × Pch

BESS(t)−
Pdis

BESS(t)
ηdis

CB
× ∆t (4)

SOCmin ≤ SOC(t) ≤ SOCmax (5)

where Pch
BESS(t) and Pdis

BESS(t) is the charging and discharging power of the BESS at time t,

ηch and ηdis is the charging and discharging efficiencies, which typically range from 0.85 to

0.95, and ∆t represents the time step duration.

2.4. Inverter

The inverter is responsible for transforming the direct current (DC) generated from

PV and BESS into alternating current (AC) to meet the requirement of AC load or grid

connection. The efficiency of inverter can be measured as follows [12]:

ηinv =
P

P + P0 + kP2
(6)

P =
Pout

Pn
(7)

P0 = 1 − 99 × (
10

η10
×

1

η100
− 9)

2

(8)

k =
1

η100
− P0 − 1 (9)

where Pout and Pn represent the actual output and the rated power of the inverter, η10 and

η100 denote the inverter efficiency at 10% and 100% of the nominal power, respectively

(provided by the manufacturer).

2.5. Utility Grid

When renewable generation and the battery cannot meet the load demand, electricity

is imported from the utility grid to meet the load demand and charge the battery. The

imported electricity is modeled based on Equation (10). On the other hand, when surplus

energy is generated by renewable sources and the battery is fully charged, the excess energy

is exported to the utility grid. The exported electricity is evaluated using Equation (13).

PGrid_imp(t) = Pload(t)–[PPV−out(t) + PWT_out(t) + [(SoC(t)− SoCmin(t))× ηinv]] (10)

EGrid_imp =
8760

∑
t=1

PGrid_imp(t) (11)

CGrid_imp = Cb × EGrid_imp (12)

where PGrid-imp represents the hourly electricity imported from utility grid, EGrid-imp is the

total imported electricity for one year, Cb indicates the price of importing 1 kWh electricity

from utility grid, and CGrid-imp denotes the total cost of purchasing electricity from utility

grid in one year.

PGrid_ exp(t) = PPV–out(t) + PWT_out(t) + [(SoC(t)− SoCmax(t))× ηinv]− Pload(t) (13)
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EGrid_ exp =
8760

∑
t=1

PGrid_ exp(t) (14)

IGrid_ exp = R f eed–in tari f f × EGrid_ exp (15)

where PGrid-exp represents the hourly electricity exported to the utility grid, EGrid-exp is the

total exported electricity for one year, Rfeed-in-tariff indicates the price of exporting 1 kWh

electricity to utility grid, and IGrid-exp refers to the total income of selling electricity to utility

grid in one year.

3. Formulation of the Optimization Problem

3.1. Objective Functions

This study formulates a two-objective optimization model to balance energy cost and

renewable energy utilization in proposed hybrid renewable energy microgrid.

3.1.1. Cost of Energy

Cost of energy (COE) reflects the ratio of the total lifecycle cost of the system to the

total load demand. It relates the total net present cost of the microgrid to the annual energy

demand through the capital recovery factor (CRF), thereby accounting for the time value of

money [13]. It is formulated as follows:

COE(
$

kWh
) =

Total Net Present Cost($)
8760

∑
h=1

Pload(h)(kWh)

× CRF (16)

Total Net Present cost($) = Cinv + COM + CBess_rep + CGrid_pur (17)

where total net present cost ($) is the total net present cost of the microgrid system during

its entire lifecycle. This typically includes the equipment investment cost Cinv, operation

and maintenance cost COM, battery replacement cost CBess_rep, and the cost of purchasing

electricity from the utility grid CGrid_pur . The system’s revenue obtained from selling

electricity to the grid, which is treated as a cash inflow and deducted from the total cost.

∑
h = 8760
h = 1 Pload(h) represents the total electrical load demand of the system over the course

of 8760 h in one year, where Pload(h) is the power consumption per hour. The denominator

reflects the overall energy supply scale of the system, facilitating the allocation of total cost

to each unit of electricity to compute the cost per kWh. The CRF is used to annualize the

total investment or net present cost of the microgrid system, accounting for the time value

of money. The formula is modeled as follows:

CRF =
r(1 + r)n

(1 + r)n
− 1

(18)

where r represents the actual interest rate, and n is the system life period. The primary

function of the CRF is to convert future investment or operational expenditure into their

present value and transform them into equivalent fixed annual payments.

In practical engineering applications, the actual interest rate r is typically determined

based on the national or regional benchmark interest rate, cost of capital, or industry norms,

commonly falling within the range of 5% to 10%. The system life period n is usually set

according to the design life, maintenance cycle, or contractual duration of key microgrid

components. Typical values from 15 to 25 years.
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3.1.2. Renewable Energy Factor

Renewable energy factor (REF) represents the proportion of renewable energy genera-

tion relative to the total energy supply, including electricity imported from the utility grid.

The second objective is to maximize REF, which is calculated as follows [14]:

REF =

(

∑ PWT + ∑ PPV

∑ PWT + ∑ PPV + ∑ PGrid_pur

)

× 100% (19)

A higher REF value indicates greater renewable energy penetration and a more sus-

tainable microgrid configuration. To facilitate the multi-objective optimization process,

all objectives are expressed in a minimization form. Therefore, in the actual algorithm

implementation, the second objective is defined as minimizing the negative value of REF,

which is equivalent to maximizing the renewable energy factor.

3.2. Problem Constraints

The constraints for the proposed combined multi-objective optimization approach are

as follows:

PPV(t) + PWT(t) + Pdis
BESS(t) + PGrid_pur(t) ≥ PLoad(t) (20)

SOCmin(t) ≤ SOC(t) ≤ SOCmax(t) (21)

PVmin ≤ PV ≤ PVmax (22)

WTmin ≤ WT ≤ WTmax (23)

where Equation (20) ensures that the total power supplied by renewable energy sources,

battery discharge, and electricity imported from the utility grid is sufficient to meet the load

demand at all times. Equation (21) guarantees that the battery operates within its allowable

SoC range, thereby ensuring safety and prolonging battery life. A constraint is introduced

that the SoCmin is sufficient to supply the load demand for at least one hour, thereby

ensuring system operation during utility grid power outages. Equations (22) and (23)

impose capacity constraints on PV and WT systems, respectively, requiring their installed

capacities to remain within predefined lower and upper bounds.

3.3. Decision Variables

In this study, the decision variables for multi-objective optimization consist of the

nominal power of PV (kW), the capacity of the BESS (kWh), and the number of WTs. The

nominal power of PV represents the total rated capacity of the installed PV system. And

battery capacity is an indirect indicator for measuring the scale of BESS. By optimizing

decision variables, the proposed improved multi-objective optimization algorithm aims to

enhance the performance of hybrid renewable energy microgrids in terms of renewable

energy factor and economic efficiency.

3.4. Assessment Metrics

3.4.1. Mean Ideal Distance

The mean ideal distance (MID) is used to assess the convergence of solutions towards

the ideal point in multi-objective optimization problems. In two-objective optimization,

MID measures the average normalized Euclidean distance from each solution to the ideal

point across all objectives. The ideal point is composed of the best values achieved for each

objective function. A smaller MID value reflects a closer proximity of the Pareto front to
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the ideal point, thereby indicating better convergence performance. It is formulated as

follows [15]:

MID =

∑
n′

i=1

√

(

F1i−F1Best

F1Max
Total−F1Min

Total

)2

+

(

F2i−F2Best

F2Max
Total−F2Min

Total

)2

n
(24)

where n represents the solution numbers in the Pareto front, F1i and F2i are the objective

functions’ values for the ith solution, F1Best and F2Best represent the ideal values of the

respective objectives, and F1Max
Total , F1Min

Total , F2Max
Total and F2Min

Total indicate the maximum and

minimum values of each objective function among all obtained solutions.

3.4.2. Diversity Metric

Diversity metric (DM) is utilized to measure the diversity of solutions along the Pareto

front. A larger DM value reveals better solution diversity. It is calculated as follows [15]:

DM =

√

√

√

√

n

∑
i=1

(Min Fi − Max Fi)
2

(25)

where Min Fi and Max Fi is the minimum and maximum value of each objective

function, respectively.

4. Proposed Joint Optimization Framework

As shown in Figure 2, this study proposed a joint framework that combines MOAHA

and FDM. MOAHA is used to generate a Pareto-optimal solution set. It improves con-

vergence and solution diversity. Since the Pareto set contains multiple non-dominated

solutions, it is difficult to choose one configuration directly. FDM is applied to score and

rank the candidate solutions using membership functions. Engineers can assign weights

according to their preferences, and the solution with the highest total membership value is

selected as the preferred configuration under the specified decision preference.

Figure 2. Framework of the proposed improved multi-objective optimization algorithm, red asterisks

represent non-dominated candidate solutions on the Pareto front.
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From a methodological perspective, MOAHA is suitable for the HREM sizing prob-

lem because it provides a good balance between global exploration and local exploitation

through its guided, territorial, and migration foraging behaviors, as well as different flight

patterns. This is important because the sizing problem involves nonlinear component

models, capacity constraints, SOC limits, and conflicting objectives between COE and

REF. In addition, the external archive and dynamic elimination-based crowding distance

mechanism of MOAHA help maintain the convergence and diversity of Pareto solutions.

Furthermore, FDM is introduced to overcome the limitation of optimization only frame-

works. Conventional multi-objective algorithms usually stop after generating a set of

non-dominated solutions, leaving the final configuration selection to subjective judgment.

In contrast, FDM converts the objective values of Pareto solutions into membership values

and ranks them according to predefined preference weights. Therefore, the proposed

framework provides a complete optimization to decision process, in which MOAHA gener-

ates high quality trade-off solutions and FDM selects the final configuration according to

engineer preferences.

4.1. Multi-Objective Artificial Hummingbird Algorithm

The multi-objective artificial hummingbird algorithm is proposed to address the multi-

objective optimization issues through three key components. An external archive, the

first component, is utilized to store a fixed number of non-dominated solutions during the

iterative optimization process. The second component is a solution update mechanism. This

mechanism first adopts the traditional non-dominated sorting (NDS), in which a solution

dominates another solution if it is no worse in all objectives and strictly superior in at least

one objective. Based on this principle, the first Pareto front is not dominated by any others

solution. After removing the first front, the second Pareto front is determined by the rest of

solutions using NDS, and so on. The candidate solution generated by different foraging

is compared to current solution based on their corresponding front level. If the candidate

solution has better front level, it can replace the current solution. However, when the

candidate solution and the current solution have the same Pareto front, MOAHA employs

a special update strategy in which the update is determined randomly with 50% to balance

the convergency and diversity in optimization process. Also, a dynamic elimination-

based crowding distance (DECD) mechanism is adopted to maintain archive diversity

and improve computational efficiency during optimization. The crowding distance for

all solutions is computed just one time in conventional archiving process. The solutions

are sorted based on the aforementioned crowding distance and the solution with smallest

crowding distance is removed first.

However, after removing the solution with the smallest crowding distance, the rest

of the solutions crowding distances will be changed. If the archive continues to delete

solutions based on the original crowding distance without update, it may mistakenly

elimination boundary solutions, which will degrade convergence and diversity of the

Pareto front. To address the above issue, MOAHA introduces a dynamic elimination-based

crowding distance. DECD only removes the current solution with the smallest crowding

distance and updates the crowding distance of its neighboring solution, while keeping

the crowding distance of the other solutions unchanged. This dynamic update strategy

avoids the computational overhead of global computational and enhances the diversity

of archives.

4.2. Comparison of MOAHA with Benchmark Algorithms

By evaluating the performance of three representative algorithms with MOAHA under

a unified environment across several performance metrics, this comparison highlights
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the superior performance of the MOAHA algorithm in terms of solution diversity and

convergence performance, thereby laying a solid foundation for the integration of the fuzzy

decision-making strategy.

The case study data from Urumqi (in Section 7) are used as input for all four algorithms.

To ensure a fair comparison across algorithms and avoid bias from different search spaces,

the population size is set to 50, and the number of iterations is fixed at 100. Each algorithm is

executed on the same platform (Windows 11, AMD Ryzen 7 8845H, MATLAB R2023b). As

the optimization of HRMS is a multi-objective problem, the optimal solutions are presented

in the form of a Pareto front, meaning multiple non-dominated solutions exist with varying

COE and REF values. In this sector, the solution with the highest crowding distance is

selected as the best solution. The details of the obtained results are presented in Table 1.

Table 1. Optimization results of MOAHA and benchmark algorithms.

Optimization
Algorithm

PV (kW) BESS (kWh) WT (Number) COE ($) REF MID * DM ** Run Time (s)

NSGA-II 5009.982 6991.641 11 0.066 0.683 1 0.079 423.66

MOPSO 5374.306 7451.974 9 0.065 0.663 0.500 0.114 450.60

MOGWO 5472.983 7490.181 10 0.065 0.666 0.497 0.107 454.92

MOAHA 5157.460 6983.420 9 0.063 0.685 0.483 0.115 422.34

* A smaller MID (mean ideal distance) value reflects a closer proximity of the solution to the ideal point, ** A larger
DM (diversity metric) value indicates better solution for diversity.

From the comparison results, it is obvious that the MOAHA algorithm outperforms

the others in several aspects. A smaller MID value reflects a closer proximity of the Pareto

front to the ideal point, thereby indicating better convergence performance of the proposed

improved optimization algorithm. DM indicates the diversity of the solution, and higher

values of DM are better, as they signify greater solution diversity. It can be observed that

MOAHA achieves the lowest MID value and the highest DM value. Consequently, this

study selects MOAHA as the candidate algorithm for further improvement and enhance-

ment in the following research stages. However, when used alone, MOAHA may suffer

from an inability to automatically select the best solution. These limitations can lead to

subjective and time-consuming final solution selection from the Pareto set, resulting in sub-

optimal planning decisions and ultimately reducing the cost-effectiveness and operational

reliability of the microgrid in real-world applications. Hence, it is necessary to improve the

MOAHA to achieve better performance.

4.3. Fuzzy Decision-Making

To support solution selection, this study integrates FDM with MOAHA. FDM does

not objectively determine the universally best solution, instead, it evaluates and ranks

the Pareto solutions based on predefined membership functions and preference weights.

Therefore, the solution with the highest total membership value is regarded as the preferred

configuration under the specified decision preference. In FDM, each objective is modeled

using a linear membership function [16]. For an objective to be minimized, the membership

function is expressed as follows:

µ
i
r =



















1, Fi
r ≤ Fi

min
Fi

max−Fi
r

Fi
max−Fi

min

, Fi
min ≤ Fi

r ≤ Fi
max

0, Fi
r ≥ Fi

max

(26)
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where Fi
min and Fi

max are the minimum and maximum of the Fi objective function range, Fi
r

and µi
r indicates the value of the ith objective function for the rth Pareto solution and the

corresponding membership value, which reflects the quality of the ith objective in the rth

Pareto solution. To calculate the total membership function for the rth Pareto solution, the

corresponding individual membership functions are expressed as follows:

µr =
∑

m
i=1 ωiµ

i
r

∑
m
i=1 ωi

(27)

where ωi denotes the weighting factor associated with the ith objective function, determined

based on specific requirements, and m refers to the number of objective functions. After

calculating the total membership value for each Pareto solution, the solution with the

highest total membership value is selected as the preferred solution under the specified

preference weights.

5. Modes of Operation in Rule-Based Energy Management Strategy

A well-designed energy management strategy (EMS) is essential for the operation

of hybrid renewable microgrid. This study proposed a rule-based EMS to program the

components of microgrid system. This strategy follows the principles including (1) the

electricity generated from renewable energy is first used to meet the load demand. If the

renewable generation exceeds the load demand, the surplus will be stored in the battery

energy storage system; (2) if the battery is fully charged, the additional surplus will be

exported to the utility grid; (3) when renewable energy generation cannot meet the load

demand, the battery is discharged to supply the demand shortfall; (4) if both renewable

generation and battery cannot satisfy the load demand, electricity is imported from the

utility grid to compensate for the shortfall. Table 2 presents the seven modes of operation

for energy management considered in this study. These modes are designed based on

practical power supply–demand relationships and predefined decision rules, aiming to

ensure reliable load satisfaction, efficient utilization of renewable resources, and secure

battery operation under different conditions.

Table 2. Summary of the seven modes of operation for energy management.

Mode No. If Statement (Condition) Then Statement (Action)

1
PPV_out + PWT_out ≥ Pload, SoC < SoCmax, without

additional electricity.
PPV_out + PWT_out → Pload + Pch

BESS

2
PPV_out + PWT_out ≥ Pload, SoC < SoCmax, with additional

electricity.
PPV_out + PWT_out → Pload + Pch

BESS + PGrid_sell

3 PPV_out + PWT_out ≥ Pload and SoC = SoCmax PPV_out + PWT_out → Pload + PGrid_sell

4 PPV_out + PWT_out < Pload and SoC > SoChealthy PPV_out + PWT_out + Pdis
BESS → Pload

5
PPV_out + PWT_out + PBESS < Pload and SoC > SoChealthy,

during peak demand
PPV_out + PWT_out + Pdis

BESS + PGrid_pur → Pload

6 PPV_out + PWT_out < Pload and SoC ≤ SoCmin PPV_out + PWT_out + PGrid_pur → Pload + Pch
BESS

7
PPV_out + PWT_out < Pload, grid outage, and

0 < SoC < SoCmax
PPV_out + PWT_out + Pdis

BESS → Pload until SoC = 0

6. Proposed Digital Twin Architecture for Microgrid

Digital twin technology has been successfully applied in sectors such as aerospace,

industry, and transportation, where it supports operational monitoring, performance

improvement, cost reduction, and enhanced safety and reliability. These applications

demonstrate their potential for improving system digitalization and intelligence.
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In the field of hybrid renewable energy microgrid planning, most existing sizing

optimization studies mainly focus on obtaining static optimal configurations. Limited

attention has been paid to how the optimized configuration can be dynamically mapped,

monitored, and validated under different operating conditions. Therefore, the application

of digital twin technology to the dynamic validation of static microgrid sizing results is still

at an early stage.

To bridge this gap, this study proposed a digital twin architecture for hybrid renewable

energy microgrids, as illustrated in Figure 3 [17,18]. The proposed architecture maps the

optimized configuration into a dynamic virtual environment, enabling state and operational

visualization, and validation of the planning result.

Figure 3. Proposed digital twin architecture for hybrid renewable energy microgrid.
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The digital twin system usually contains three components: physical space (physical

entities and connectivity), virtual space (virtual entities and services), and information

processing (data). The physical space includes both the physical components and intercon-

nections. In a hybrid renewable energy microgrid digital twin system, the component layer

primarily consists of PV, WT, BESS, the utility grid, and inverters. These physical devices

together form the foundation of the microgrid’s energy supply and regulation system. The

communication layer serves as a critical bridge in the framework. It connects the compo-

nent layer to the information layer, ensuring seamless data exchange both among physical

devices and between the physical space and the data layer. It facilitates this exchange

through standardized protocols and middleware, thereby ensuring interoperability and

real-time responsiveness. The information layer corresponds to the data of the digital twin.

In the context of a hybrid renewable microgrid digital twin, this includes load demand,

renewable energy generation data, and weather data. The core role of this layer is to collect,

store, manage, and pre-process original data to support decision-making and optimization

of the microgrid system. The virtual space of the digital twin includes virtual entities and

services. The function layer in the digital twin system enables capabilities such as real-time

simulation and display. These functions rely on both historical and real-time data from

the information layer, and the results of analysis are passed upward to the business layer.

Based on the analytical outputs, the business layer includes the planning, operational man-

agement, and market participation of the digital twin within the hybrid renewable energy

microgrid. Its primary objective is to enhance the economic efficiency and sustainability

of the microgrid system, while offering intelligent decision support for operators, users,

and policymakers.

7. Location of the Case Study and Input Parameters

Urumqi, located in northwest inland China, has abundant solar radiation and good

wind solar resource potential. Nevertheless, its energy structure is still dominated by fossil

fuels, and the utilization of renewable energy remains relatively limited. Therefore, Urumqi

provides a representative case for studying low-carbon energy planning for industrial

users in resource rich but fossil fuel-dependent regions. To evaluate the performance

of the proposed combined optimization strategy, this study implemented it to a hybrid

renewable energy microgrid of an industrial park in Urumqi. The hourly meteorological

data, including solar irradiation, ambient temperature, and wind speed, were collected

from 1 January to 31 December 2023 in Urumqi, as illustrated in Figure 4. The annual

load demand of an industrial park in Urumqi is provided in Figure 5. Table 3 refers to the

technical and economic parameters of the microgrid components. During optimization

process, the population size was 50, and the iteration number was 100.

Figure 4. Cont.
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Figure 4. Annual time-series profiles of temperature, solar irradiance, and wind speed in Urumqi [19].

Figure 5. The annual load profile of an industrial park in Urumqi [20].

Table 3. Technical and economic parameters of the hybrid renewable microgrid components.

Components Parameters Value Unit

PV Unit
(LONGi Hi-MOX7) [21]

Regulator cost 1000 $
Rated power 645 W

Price 540 $/kW
Regulator efficiency 98.8 %

Life-time 25 year

Wind Turbine
(GE 1.5 s) [22]

Price 1300 $/kW
Rated power 600 kW
Rated speed 11.5 m/s
Cut-in speed 3.5 m/s

Cut-out speed 25 m/s
Efficiency 92 %

Regulator cost 1200 $
Life-time 25 year

Battery Storage System [23,24]

Rated power 40 kW
Initial cost 108 $/kWh

Battery efficiency 85 %
Replacement cost 108 $/kWh

Life-time 12 year

Utility Grid [25]
Import price (purchase)

8:00–11:00, 19:00–24:00 0.082 $/kWh
0:00–4:00, 11:00–13:00,

17:00–19:00
0.062 $/kWh

4:00–8:00, 13:00–17:00 0.045 $/kWh
Export price (sell) 00:00–24:00 0.035 $/kWh

Inverter [23,26]
Initial cost 1500 $
Efficiency 92 %
Life-time 24 year

Economic Parameters [23]

O&M + running cost 5 %
Real interest 13 %
Discount rate 5 %

Project life-time 24 year

https://doi.org/10.3390/su18136532

https://doi.org/10.3390/su18136532


Sustainability 2026, 18, 6532 15 of 28

8. Results and Discussion

8.1. Optimization Results

Since the sizing problem is formulated as a multi-objective optimization problem, the

obtained Pareto front contains multiple non-dominated solutions with different trade-offs

between COE and REF, as shown in Figure 6. To further support decision-making, rep-

resentative Pareto solutions are evaluated and ranked using FDM, as shown in Figure 7.

According to the FDM ranking under the specified preference weights, the first-ranked

solution is selected as the preferred configuration. The selected configuration consists

of 5357.450 kW PV, 7441.467 kWh BESS, and 10 wind turbines, achieving a COE of

0.065 $/kWh and an REF of 0.675. The annual power generated from PV and WT is

illustrated in Figure 8 and Figure 9, respectively, and the monthly renewable generation

comparison is presented in Figure 10.

Figure 6. The optimal Pareto front generated by MOAHA, red asterisks represent non-dominated

candidate solutions on the Pareto front.

Figure 7. FDM ranking results of 15 representative Pareto solutions, red asterisks represent non-

dominated candidate solutions on the Pareto front.

Figure 11a shows the annual power generation from PV, WT, and a battery system,

along with the load demand of the system. Figure 11b presents a zoomed-in view of one

typical week from Figure 11a, showing the hourly operation details. It can be seen that

the RB-EMS effectively manages the operation of the proposed microgrid. It responds to

changes in renewable generation and load demand, ensuring balanced energy supply and

stable system operation.
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Figure 8. Generated output power from PV on the DC side for Urumqi for one year.

Figure 9. Generated output power from WT for Urumqi for one year.

Figure 10. Monthly output power from renewable energy sources.
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Figure 11. Electricity generated (a) annually charge/discharge, and load for one year; (b) zoomed-in

view of the dotted frame in (a).

Figure 12a shows the battery SOC variation over the 8760 h of the year 2023. Figure 12b

illustrates the battery SOC variations over 1 week in different seasons. By comparing the

fluctuation range and frequency of the SOC curves, it is possible to assess the seasonal

difference in battery utilization. In spring, the SOC fluctuates frequently and reaches

both the minimum and maximum limits, indicating that the battery is actively involved

in both charging and discharging. This leads to a high utilization rate. In summer, the

SOC remains high and often reaches the maximum limit, meaning that the battery stays

fully charged for long periods due to high solar radiation. As a result, the battery is less

utilized. In autumn, moderate SOC variation is observed, suggesting a balanced use of

the battery. In winter, the SOC frequently drops near the minimum level, indicating that

the battery is often discharged to meet the demand. The utilization is high but mostly due

to discharging.

Figure 12. The state of charge of the battery (a) annually and (b) weekly for four seasons.
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In short, battery utilization is highest in winter and spring, moderate in autumn, and

lowest in summer. These seasonal differences reflect the variability of renewable energy

generation and load demand and demonstrate the effectiveness of the proposed RB-EMS

strategy under different seasonal conditions.

To verify the superiority and robustness of the proposed optimization strategy, a com-

parative analysis was conducted using three representative multi-objective optimization

algorithms, namely the non-dominated sorting genetic algorithm II (NSGA-II), multi-

objective particle swarm optimization (MOPSO), and multi-objective grey wolf optimizer

(MOGWO). To reduce the influence of stochastic variations, each algorithm was indepen-

dently executed 20 times under the same parameter settings. For each run, the fuzzy

decision-making method was used to select the final compromise solution from the ob-

tained Pareto front. The mean and standard deviation of PV capacity, BESS capacity, WT

number, COE, REF, MID, DM, and computational time are reported in Table 4.

Table 4. Performance comparison of the proposed optimization strategy and benchmark algorithms

over 20 independent runs.

Algorithm
PV

(kW)
BESS (kWh) WT (Unit) COE ($/kWh)

NSGA-II 5534.46 ± 295.76 7456.88 ± 12.74 10 ± 0.49 0.0653 ± 0.0004

MOPSO 5309.70 ± 225.29 7447.88 ± 13.10 10 ± 0.22 0.0651 ± 0.0001

MOGWO 5548.40 ± 282.29 7467.46 ± 32.5 10 ± 0.41 0.0652 ± 0.0001

Proposed
Optimization

Strategy
5375.74 ± 244.90 7461.15 ± 19.47 10 ± 0.41 0.0651 ± 0.0001

Algorithm REF MID * DM ** Run time (s)

NSGA-II 0.6837 ± 0.0098 0.6414 ± 0.0866 0.0855 ± 0.0202 423.28 ± 22.57

MOPSO 0.6785 ± 0.0033 0.5376 ± 0.0263 0.1172 ± 0.0038 450.69 ± 27.98

MOGWO 0.6803 ± 0.0030 0.5605 ± 0.0294 0.1151 ± 0.0072 454.71 ± 23.26

Proposed
Optimization

Strategy
0.6782 ± 0.0040 0.5324 ± 0.0345 0.1215 ± 0.0074 418.04 ± 26.64

* A smaller MID (mean ideal distance) value reflects a closer proximity of the solution to the ideal point, ** A larger
DM (diversity metric) value indicates better solution for diversity.

The comparative results in Table 4 demonstrate the statistical robustness and practical

advantage of the proposed optimization framework. The proposed strategy achieves

the lowest MID value of 0.5324 ± 0.0345, indicating better convergence toward the ideal

point than NSGA-II, MOPSO, and MOGWO. It also obtains the highest DM value of

0.1215 ± 0.0074, suggesting better solution diversity. Although the COE and REF values

of the four algorithms are relatively close, the proposed strategy maintains a low COE

of 0.0651 ± 0.0001 $/kWh with stable performance across repeated runs. In addition, it

requires the shortest average runtime of 418.04 ± 26.64 s. These results indicate that the

proposed MOAHA-FDM framework provides a better overall balance among convergence,

diversity, economic performance, and computational efficiency.

To further examine whether the performance differences among the algorithms were

statistically significant, the Kruskal–Wallis test was conducted based on the results of

20 independent runs [27]. A significance level of 0.05 was used. The results are presented

in Table 5.
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Table 5. Kruskal–Wallis test results for performance differences among different optimization algorithms.

Indicator Chi-Square df p-Value Significant at p < 0.05

COE ($/kWh) 8.6794 3 0.0339 Yes

REF 7.5333 3 0.0567 No

MID * 31.2967 3 7.3616 Yes

DM ** 41.5326 3 5.0414 Yes

Run time (s) 55.4783 3 5.4283 Yes

* A smaller MID (mean ideal distance) value reflects a closer proximity of the solution to the ideal point, ** A larger
DM (diversity metric) value indicates better solution for diversity.

The Kruskal–Wallis test results in Table 5 indicate that significant differences exist

among the four algorithms for COE, MID, DM, and computational time, with p-values

lower than 0.05. However, no statistically significant difference is observed for REF, sug-

gesting that the renewable energy fraction obtained by the four algorithms is relatively

comparable. These results further confirm that the proposed MOAHA-FDM framework

shows statistically distinguishable performance in terms of convergence, diversity, and

computational efficiency. Combined with the mean and standard deviation results in

Table 4, the proposed strategy provides a stable and competitive optimization performance

for microgrid planning.

8.2. Seasonal Operating Scenario Analysis

To further discuss the applicability of the proposed framework, a seasonal operating

scenario analysis was conducted. Four representative 48 h periods were selected from win-

ter, spring, summer, and autumn to reflect different combinations of renewable generation

and load conditions.

The selected seasonal scenarios represent different operating challenges for the mi-

crogrid. Winter is characterized by low solar irradiance and relatively high wind speed,

where wind generation and grid support play a more important role. Spring generally has

both higher solar irradiance and wind speed, leading to frequent renewable surplus and

battery charging or grid selling. Summer is dominated by PV generation because of strong

solar irradiance and relatively low wind speed, while autumn shows weaker renewable

generation and, therefore, requires more coordination among renewable sources, BESS, and

the utility grid. By comparing the operating modes, battery charge/discharge behavior,

grid purchase/selling power, and load-following performance across these four seasonal

scenarios, the applicability of the optimized configuration and the proposed RB-EMS under

diverse operating conditions can be further examined.

8.2.1. Winter Operating Scenario Analysis

Winter occurs at the beginning and end of the year, corresponding to hours 1–1416 and

8040–8760. The first two days of the year were selected as a representative winter operating

scenario, as shown in Figure 13.

During this period, PV generation remains very limited, especially during the early

morning hours, while WT output contributes a major share of renewable generation. When

WT generation and battery discharge are sufficient, the load demand can be supplied by

renewable energy and the BESS. When the combined renewable generation and battery

discharge are insufficient, the system switches to grid-supported operation. In some hours,

the battery reaches its minimum SOC and cannot continue discharging; therefore, the utility

grid is used not only to supply the load but also to charge the battery until the healthy SOC

level is restored. These results indicate that the proposed RB-EMS can maintain feasible
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operation in winter by coordinating WT generation, BESS operation, and grid purchase

under low PV conditions.

Figure 13. Daily output electricity generation in winter.

8.2.2. Spring Operating Scenario Analysis

Spring covers March to May, corresponding to hours 1417–3647. The period from

1969 to 2016 was selected as a representative spring operating scenario, as shown in

Figure 14. In this period, the system first operates in grid-supported mode when the

combined renewable generation and battery discharge are insufficient to meet the load

demand. When the battery reaches its minimum SOC, the utility grid supplies the load

and charges the battery until the healthy SOC level is restored. As PV and WT output

increase, renewable generation exceeds the load demand, and the surplus electricity is

first used to charge the battery. When the battery charging limit or maximum SOC is

reached, the remaining surplus energy is exported to the utility grid. When renewable

generation decreases again, the battery discharges to support the load, and the system

switches back to grid-supported operation when necessary. These results indicate that,

under spring conditions with relatively abundant renewable resources, the proposed RB-

EMS can effectively coordinate PV, WT, BESS, and the utility grid to improve renewable

energy utilization while maintaining reliable load supply and safe battery operation.

Figure 14. Daily output electricity generation in spring.

8.2.3. Summer Operating Scenario Analysis

Summer covers June to August, corresponding to hours 3648–5855. The period from

hour 4537 to hour 4584 was selected as a representative summer operating scenario, as

shown in Figure 15. During this period, the system first operates in grid-supported mode

when renewable generation and battery discharge are insufficient to meet the load demand.

As PV output increases rapidly, renewable generation exceeds the load demand, and the
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surplus electricity is used to charge the battery. When the battery charging power limit

or maximum SOC is reached, the remaining surplus electricity is exported to the utility

grid. After PV generation decreases, the battery discharges to support the load, and the

system switches back to grid-supported operation when necessary. These results show that,

under PV-dominated summer conditions, the proposed RB-EMS can flexibly coordinate PV

generation, BESS operation, and grid interaction to absorb surplus renewable energy and

maintain reliable load supply.

Figure 15. Daily output electricity generation in summer.

8.2.4. Autumn Operating Scenario Analysis

Autumn (the mild season) is the fourth season of the year. The simulation focuses on

hours 6697 to 6744, and further analysis is presented in Figure 16. During this period, re-

newable generation fluctuates considerably, leading to frequent switching among different

operating modes. When the combined PV, WT, and BESS output is insufficient to meet the

load demand, the system operates in grid-supported mode. When the battery reaches its

lower SOC threshold, the utility grid supplies the load and charges the battery to restore

a healthy SOC level. As PV and WT output increase, surplus renewable energy is first

used to charge the BESS, and the remaining surplus is exported to the grid when charging

constraints are reached. When renewable generation decreases again, the BESS discharges

to support the load, while grid power is purchased when necessary. These results indicate

that the proposed RB-EMS can effectively coordinate PV, WT, BESS, and the utility grid

under autumn conditions with variable renewable generation, thereby maintaining reliable

load supply and safe battery operation.

Figure 16. Daily output electricity generation in autumn.
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These results indicate that the selected configuration is not only feasible under a single

operating condition but can also adapt to different seasonal renewable generation patterns

through coordinated operation of PV, WT, BESS, and the utility grid.

8.3. Sensitivity Analysis

To evaluate the influence of renewable generation and load uncertainties on the

selected configuration, a sensitivity analysis was conducted. The optimized configuration

obtained from the proposed MOAHA-FDM framework was kept unchanged, and the

annual solar irradiance, wind speed, and load demand profiles were adjusted under

different uncertainty scenarios. The base case represents the original deterministic profiles

used in the optimization process. In S1, solar irradiance and wind speed were reduced

by 10%, while the load demand was increased by 10%, representing a moderate adverse

condition. In S2, solar irradiance and wind speed were reduced by 20%, while the load

demand was increased by 15%, representing a more severe adverse condition. In S3, solar

irradiance and wind speed were increased by 10%, while the load demand was reduced by

10%, representing a renewable surplus condition. The changes in COE, REF, grid import

energy, and grid export energy relative to the base case are shown in Figure 17.

Figure 17. Uncertainty analysis of the selected configuration under renewable generation and

load variations.

As shown in Figure 17, renewable generation and load uncertainties have a clear influ-

ence on the economic and operational performance of the selected microgrid configuration.

Under the scenarios S1 and S2, the reduction in renewable generation and the increase

in load demand led to higher COE and greater dependence on grid import energy. In S1,

COE increases by approximately 13%, while grid import energy increases by about 45%.

Meanwhile, REF decreases by around 15%, and grid export energy decreases by about 37%.

These results indicate that even moderate renewable load uncertainty can reduce renewable

energy utilization and increase the need for electricity purchased from the utility grid.

The impact becomes more significant under the scenario S2. Compared with the base

case, COE increases by approximately 26%, and grid import energy increases by around

85%. At the same time, REF decreases by nearly 29%, and grid export energy decreases

by approximately 65%. This indicates that when renewable generation is substantially

lower and load demand is higher, the microgrid relies more heavily on the utility grid

to maintain the power balance. Therefore, renewable generation and load uncertainties

may significantly affect the economic performance and renewable energy utilization of the

optimized configuration.
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In contrast, S3 shows the opposite trend. When renewable generation increases and

load demand decreases, COE is reduced by approximately 14%, while REF increases by

around 13%. Grid import energy decreases by about 34%, whereas grid export energy

increases by more than 40%. This demonstrates that renewable surplus conditions can

improve the economic and environmental performance of the system by reducing grid

dependence and increasing the amount of energy exported to the utility grid.

Overall, the sensitivity analysis confirms that renewable generation and load uncer-

tainties can considerably affect COE, REF, and grid interaction behavior. Although the

proposed optimization model is based on deterministic weather and load profiles, the

scenario analysis provides additional insight into the operational robustness of the selected

configuration under different uncertainty conditions. The results also suggest that future

research should further incorporate stochastic or robust optimization methods to explicitly

consider renewable generation and load uncertainties during the planning stage.

8.4. Digital Twin System

Based on the proposed digital twin architecture, a digital twin system was developed

for an industrial park microgrid in Urumqi, as shown in Figure 18. The digital twin system

provides several practical insights for microgrid operation and management. The left

panel presents the key performance indicators of the optimized configuration, such as

COE, REF, annual energy purchase, annual energy selling, and curtailment. The lower-left

panel shows the battery energy, SOC, and current operating mode, which helps evaluate

whether the BESS operates within a safe and reasonable range. The upper panel displays

the current simulation time and operating variables, including PV output, WT output, load

demand, grid purchase, grid selling, and simulation step. The right panel presents the

last-48 h trends of PV/WT/load, SOC, and grid buy/sell power, which allows users to

observe the dynamic response of the microgrid to renewable energy fluctuations and load

variations. Therefore, Figure 13 demonstrates how the digital twin system transforms static

optimization results into observable operational states and provides a practical basis for

checking power balance, SOC constraints, grid interaction behavior, and the feasibility of

the selected configuration.

More importantly, this system is not only a visualization interface, but also an im-

portant link between the optimization results and the operational validation process. In

the proposed framework, the MOAHA-FDM optimization stage first determines the static

sizing configuration, including the PV capacity, BESS capacity, and the number of WTs.

These optimized sizing results are then imported into the rule-based energy management

strategy and the digital twin platform. The scheduling model calculates the hourly operat-

ing states of the microgrid, including renewable generation, load demand, battery charging

and discharging, SOC variation, grid power purchase, grid power selling, and operation

mode. The digital twin system maps these scheduling outputs into a virtual environment,

allowing the optimized configuration to be dynamically observed and validated under

time-varying operating conditions.

Therefore, the optimized static configuration is not directly regarded as the final practi-

cal solution. Instead, it is further mapped into a time-series operating environment through

the rule-based EMS and the digital twin system. This process enables the dynamic feasi-

bility of the optimized configuration to be verified under hourly variations in renewable

generation and load demand.

From the perspective of system development, the proposed digital twin system pro-

vides a virtual testbed for transforming optimization results into observable and executable

operating processes. In the design stage, the system allows developers to examine whether

the selected PV capacity, WT number, and BESS capacity can satisfy load demand while
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maintaining SOC constraints and reasonable grid interaction behavior. Compared with

directly testing different configurations in a physical microgrid, this virtual validation

process can reduce repeated trial-and-error, shorten the design iteration cycle, and lower

the potential cost and risk of system deployment. In addition, the modular structure of

the digital twin system makes it convenient to update component parameters, import

new scheduling results, or modify the EMS logic. Existing optimization and scheduling

programs developed in MATLAB can also be migrated or connected to the digital twin

platform through data interfaces, which improves code reusability and avoids rebuilding

the entire simulation process from the beginning.

 

Figure 18. Digital twin system for the hybrid microgrid in the industrial park.

For operators and system managers, the developed system improves the interpretabil-

ity and usability of the optimization results. Traditional optimization outputs are usually

presented as numerical tables or static curves, which makes it difficult to understand how

the microgrid actually operates over time. In contrast, the digital twin system converts

these results into dynamic operating states and visual energy-flow information. Opera-

tors can directly observe whether renewable generation is sufficient, when the battery is

charged or discharged, and when the microgrid needs to purchase electricity from or sell

electricity to the utility grid. This helps identify potential problems such as excessive grid

dependence, unreasonable battery operation, SOC boundary risks, or renewable energy

surplus. Therefore, the system can support operation analysis, schedule checking, and

energy management before practical implementation.

For end-users, the system reduces the technical barrier to understanding microgrid op-

eration. Instead of relying only on mathematical models and optimization indicators, users

can intuitively observe the relationship among renewable generation, load demand, battery

SOC, and grid interaction. This improves the transparency of the planning results and

helps users understand why a specific configuration or scheduling strategy is selected. In

practical applications, such visualization can support communication among planners, op-
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erators, and decision makers, especially when evaluating whether the proposed microgrid

scheme is technically feasible, economically reasonable, and operationally reliable.

In this study, dynamic validation is mainly reflected in the time-series verification of

power balance, SOC constraints, and grid interaction behavior. By observing the hourly

PV output, WT output, load demand, battery SOC, and grid import/export power, the

system verifies whether the optimized configuration can operate feasibly under variable

renewable generation and load conditions. Therefore, the developed digital twin system

not only makes the optimization results easier to understand, but also provides a practical

tool for configuration validation, operation analysis, schedule verification, and energy

management of industrial park microgrids.

Although the developed digital twin system can dynamically visualize the operat-

ing states of the optimized microgrid configuration and provide preliminary feasibility

verification under time-series renewable generation and load conditions, it should be ac-

knowledged that the current system is mainly designed as a digital twin visualization and

verification platform rather than a fully closed-loop digital twin. Its primary functions

are to map the optimized static configuration into a time-series virtual operating envi-

ronment and to support virtual representation, data mapping, operational visualization,

and pre-implementation feasibility checking. However, a comprehensive quantitative

performance validation of the digital twin platform has not yet been fully conducted at

this stage. Rigorous validation metrics, such as MAE, RMSE, NRMSE, R2, power balance

residual, SOC violation rate, communication latency, and physical to virtual synchroniza-

tion accuracy, were not fully evaluated using measured operational data. In addition,

full bidirectional synchronization between the physical microgrid and the virtual model,

online model updating, predictive operation analysis, and closed-loop control have not

yet been implemented in the current system. Therefore, future work will further improve

the proposed digital twin framework by integrating real-time data acquisition, measured

operational data, online parameter updating, quantitative validation metrics, predictive

analysis, and closed-loop control strategies, so as to more rigorously assess the accuracy,

robustness, synchronization performance, and real-time applicability of the digital twin

system for intelligent microgrid management.

8.5. Implications of the Proposed Framework

From a management science perspective, the proposed MOAHA-FDM framework is

not only an optimization tool, but also a decision-support method for practical microgrid

planning and management. In industrial park energy systems, managers are often required

to make investment and planning decisions under multiple conflicting objectives, such as

reducing energy cost, increasing renewable energy utilization, maintaining power supply

reliability, and controlling equipment investment. The proposed framework supports

this process by converting the technical sizing problem into a structured multi-objective

decision-making problem.

First, the framework supports decision-making by providing a set of Pareto-optimal

configurations and further ranking them through FDM according to predefined preference

weights. This allows decision-makers to explicitly express their preferences between

economic cost and renewable energy utilization. Therefore, the final configuration is not

selected only by subjective judgment, but through a transparent and repeatable decision-

making process.

Furthermore, the framework supports resource allocation by determining the installed

capacity of PV, the capacity of BESS, and the number of WTs. These decision variables

directly correspond to investment allocation among different energy resources. By com-

paring different trade-off solutions, managers can understand how increasing or reducing
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investment in renewable generation and storage affects the overall cost and renewable

energy factor of the microgrid.

Additionally, the proposed framework supports operational management when com-

bined with the rule-based EMS and digital twin system. The optimized configuration can

be mapped into a time-series operating environment, where PV output, WT output, load

demand, battery SOC, and grid import/export power can be observed dynamically. This

helps operators identify potential management issues, such as excessive dependence on the

utility grid, unreasonable battery charging or discharging behavior, SOC boundary risks,

and renewable energy surplus.

Finally, the framework supports sustainable energy planning by linking economic

performance with renewable energy utilization. The COE objective reflects the economic

feasibility of the planning scheme, while the REF objective reflects the contribution of

renewable energy to the energy supply. Therefore, the proposed methodology can help in-

dustrial park managers develop a more balanced and sustainable energy planning strategy

that considers both cost-effectiveness and low-carbon energy transition.

9. Conclusions

This study proposed an integrated framework for the optimal planning and dynamic

validation of a hybrid renewable energy microgrid. First, a combined optimization strat-

egy integrating the multi-objective artificial hummingbird algorithm and fuzzy decision-

making was developed to address the trade-off between economic cost and renewable en-

ergy utilization in microgrid planning. A multi-objective artificial hummingbird algorithm

was employed to generate a well-distributed Pareto front, while Fuzzy decision-making

was used to rank the candidate solutions and identify the preferred system configuration

under the specified decision preference. In this way, both Pareto-front generation and final

scheme selection were effectively addressed. Furthermore, to overcome the limitation that

the selected planning scheme remains a static result, a digital twin architecture for the

hybrid renewable energy microgrid was further proposed. Based on the optimized configu-

ration, a corresponding digital twin system was developed to realize virtual representation,

dynamic state mapping, operational visualization, and configuration validation under

time-varying operating conditions. This extends the role of planning research from static

optimal design to dynamic operational support and verification. Finally, a grid-connected

industrial park microgrid in Urumqi was adopted as the case study. The preferred configu-

ration consists of 5357.450 kW PV, 7441.467 kWh BESS, and 10 wind turbines, achieving

a COE of 0.065 $/kWh and an REF of 0.675. Compared with NSGA-II, MOPSO, and

MOGWO, the proposed strategy achieves the lowest MID, the highest DM, and the shortest

average runtime over 20 independent runs, with statistically significant differences con-

firmed by the Kruskal–Wallis test. The results verified the effectiveness of the proposed

optimization strategy in obtaining a balanced planning solution and demonstrated the

capability of the developed digital twin system in reflecting and validating the dynamic

operation of the optimized microgrid configuration. Therefore, the proposed framework

not only improves the scientific ability and practicality of hybrid renewable energy micro-

grid planning, but also provides a feasible pathway for promoting digitalized, intelligent,

and scalable energy system development from individual microgrid projects to broader

industrial energy applications.
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