
echT PressScience

Doi:10.32604/ee.2025.073042

ARTICLE

Boundary Decision-Based Multi-Objective Robust Optimization for Microgrid
Dispatching

Junjian Wu, Jingliao Sun*, Yejun Xiang, Zhenyu Zhou and Zhengchai Shi

Electric Power Dispatching and Control Center, State Grid Wenzhou Electric Power Supply Company, Wenzhou, 325000, China
*Corresponding Author: Jingliao Sun. Email: sunjingliao@163.com
Received: 09 September 2025; Accepted: 03 December 2025; Published: 18 June 2026

ABSTRACT: The inherent unpredictability of renewable energy generation poses significant challenges to the reliable
and economic dispatch of grid-connected microgrids. In response, this paper proposes a novel robust optimization
strategy grounded in uncertain boundary decision-making and enhanced through innovations in the multi-objective
cross-entropy method. An uncertainty budget-aware environmental economic dispatch model is first established, inte-
grating photovoltaic and wind power generation. By employing mathematical sophistication—particularly Lagrangian
transformation—the proposed method effectively resolves embedded uncertainties, transforming the original model
into a deterministic multi-objective optimization framework robust against renewable energy volatility. Furthermore,
by incorporating the dynamic operational demands of microgrids, this paper culminates in a robust optimization
approach that is both fundamentally based on and adaptively responsive to uncertainty boundaries. To address the
critical challenges of convergence and diversity in multi-objective optimization, crossover operators and an adaptive
parameter update mechanism are introduced, significantly refining the conventional multi-objective cross-entropy
algorithm. Case studies demonstrate the rationality and effectiveness of the proposed dispatch strategy and corroborate
the superior performance and applicability of the enhanced algorithm.

KEYWORDS: Microgrid; environmental economic dispatch; uncertain boundary; robust optimization; multi-objective
cross entropy algorithm

1 Introduction
Microgrid (MG) has garnered significant research interest due to its flexible and efficient energy

management capabilities. By integrating Renewable Energy Generation (REG), energy storage systems,
and intelligent control technologies [1], microgrids have optimized the allocation and utilization of power
resources, offering efficient and clean dispatch solutions. However, the inherent uncertainties associated with
REG, such as output fluctuations and randomness, pose significant challenges to the secure and economic
dispatch of microgrids [2,3]. Addressing these uncertainties to ensure stable system operation has become a
critical research focus.

Traditional optimization methods for dispatch primarily rely on deterministic analyses, which often fail
to adequately account for the impact of uncertainties on dispatch outcomes. To handle the uncertainties in
microgrid systems, various uncertainty-based optimization methods have been developed. Among these,
the mainstream approaches include Stochastic Optimization (SO) [4,5], Chance Constrained Programming
(CCP) [6,7], and Robust Optimization (RO) [8,9]. Stochastic Optimization (SO) relies on known and accu-
rate probability distributions of uncertainties, simplifying problems into deterministic scenarios. However,
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accurately capturing uncertainties often requires numerous scenarios, which is impractical. RO, noted for its
independence from probability distributions, ensures dispatch solution feasibility even in adverse conditions
by using uncertainty sets to define renewable energy generation fluctuations [10,11]. This set-based approach
eliminates the need for precise probabilistic knowledge and constructs robust objective function models
under extreme scenarios. Literature [12] introduces a robust multi-objective optimization dispatch method
for microgrids, employing robust measures to describe uncertain factors. Literature [13] proposes a planning
method for distributed energy storage systems in microgrids under emergency reserve constraints, analyzing
the worst-case scenarios of photovoltaic output volatility through robust optimization. Typically, RO can be
categorized based on the characteristics of the uncertainty sets into box-based robust optimization [14] and
ellipsoidal-based robust optimization [15]. Box-based robust optimization defines uncertainty sets through
linear constraints, enabling efficient solutions for linear mathematical models [16,17]. However, its strategy
of sacrificing economic efficiency for robustness often results in conservative outcomes. To strike a balance,
D. Bertsimas et al. introduced the concept of “price of robustness,” allowing for flexible adjustments between
economic efficiency and robustness by varying the price of robustness [18]. This approach provides an
effective solution for practical needs, enabling more flexible decision-making in the face of uncertainties.
Accordingly, to address the uncertainties in renewable energy output, this paper establishes a robust
optimization model for the environmental and economic dispatch of microgrids. Through mathematical
theories such as Lagrangian transformation, the model eliminates uncertain variables, deriving an improved
robust optimization method with uncertain boundary decisions, offering a balanced solution for practical
dispatch scenarios. Furthermore, for the deterministic environmental and economic dispatch model post-
decision, the need to balance economic efficiency and environmental protection in the optimal solution
necessitates the use of efficient and adaptable multi-objective optimization algorithms to solve the problem.

The Cross-Entropy Algorithm (CE), a trailblazing metaheuristic, orchestrates the refinement of elite
samples and the genesis of new populations by resampling rare events and minimizing the Kullback-
Leibler divergence. Renowned for its adaptable algorithmic architecture and streamlined population update
mechanism, CE has carved a niche in solving diverse engineering conundrums [19]. However, the algorithm’s
limitations are also notable: a tendency to converge to local optima and a reliance on predefined smooth-
ing parameters. Multi-objective optimization algorithms spawned from CE often inherit these inherent
flaws [20,21]. To circumvent these pitfalls, adaptive update operators are introduced to supplant the preset
parameter process, and crossover operators are integrated to eschew local optima entrapment. By amalga-
mating the non-dominated sorting mechanism of the NSGA-II (Nondominated Sorting Genetic Algorithm
II), the EMOCE (External Files-Based Multi-Objective Cross-Entropy Algorithm) is unveiled. Conclusively,
leveraging the proposed boundary decision-adjustable robust optimization strategy, the EMOCE algorithm
is deployed to scrutinize a case study involving the environmental and economic dispatch of renewable
energy units, thereby substantiating the cogency of the decision-making paradigm and the efficacy and
preeminence of the multi-objective algorithm.

2 Robust Optimization Method Based on Boundary Decision Strategy

2.1 Microgrid Optimization Model
2.1.1 Oriented Dispatch Model for Uncertain Renewable Energy Power Outputs

In modeling the fluctuations of Renewable Energy Generation, given its inherent variability, this study
employs an interval to define the uncertain output ranges for Photovoltaic (PV) units and Wind Turbine
(WT) units.
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⎧⎪⎪⎨⎪⎪⎩

P̃Rei ,t = PRe i ,t + ΔPRe i ,t

−P̂Re i ,t ⩽ ΔPRe i ,t ⩽ P̂Re i ,t
i ∈ NRe (1)

In the equation, the notation P̃Re i ,t represents the actual output power of the renewable energy
generation unit i at time period t, correspondingly, PRei ,t denotes its forecasted output, and ΔPRe i ,t measures
the output fluctuation of the renewable energy generation station. The terms P̂Rei ,t and −P̂Re i ,t respectively
signify the upper and lower bounds of the output fluctuation for unit i at time period t.

To analyze the volatility of this renewable energy during actual operation, the output fluctuation
coefficient δi ,t is introduced here, satisfying the following:

δi ,t =
ΔPRe i ,t

P̂Rei ,t
(2)

δi ,t ∈ [−1, 1] is used to quantify the fluctuation degree of the output of REG unit i at time period t in
actual production. Based on this, the actual output of the REG unit can be expressed as:

P̃Rei ,t = PRei ,t + δi ,t P̂Rei ,t (3)

Introducing the concept of “Uncertainty Budget” to define the uncertainty of REG output:

Γt = ∑
i∈NRe

∣δi ,t ∣ (4)

Within the scope of this study, the uncertainty budget is defined as the absolute sum of the ratio between
the actual output fluctuation of the REG units and their maximum fluctuation limit. This definition reveals
the quantitative essence of system robustness. As the output fluctuation of REG increases, the model exhibits
a stronger conservative tendency. This paper employs the concept of cost in economics to metaphorically
describe this degree of conservatism, termed as uncertainty budget. The value of Γt serves as a quantitative
indicator of this cost, where its increase or decrease directly reflects the robustness or aggressiveness of the
model strategy: a larger Γt indicates a more conservative model, while a smaller Γt signifies a higher degree
of model aggressiveness. In subsequent analyses, Γt will play a pivotal role in balancing the trade-off between
model robustness and economic low-carbon objectives.

2.1.2 CAES Energy Storage Scheduling Model
In the section dedicated to the selection of energy storage systems, Compressed-Air Energy Storage

(CAES) is chosen for its ease of deployment, environmental friendliness, and high overall efficiency [22,23].

ṗG,t = kGPG,t (5)

In the aforementioned equation, ṗG,t denotes the rate of change of air pressure in the storage chamber
during the power generation phases of the Compressed-Air Energy Storage system at time period t. PG,t
represents the generation power of the CAES at time period t.

The simplified mathematical expression is:

pCAES,t = pCAES,t−1 + uC,t kCPC,t Δt − uG,t kGPG,t Δt (6)
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pCAES,t represents the air pressure of the CAES at time interval t. The variables uC,t and uG,t correspond
to the gas compression and expansion power generation scenarios at time interval t, respectively. The term
Δt denotes the duration of the unit scheduling interval in day-ahead scheduling.

2.1.3 Diesel Generator Model
The diesel generator operates in two modes: constant power output and load-following operation. In

the latter mode, as fuel consumption increases, the output power correspondingly rises. Considering the
emission of polluting gases during the operation of the diesel generator [24], the cost components of the
diesel generator are as follows:

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

CDO ,t = KDO PDE ,t

CDF ,t = αP2
DE ,t + βPDE ,t + γ

CDE ,t =
n
∑
k=1
(Ckγd e ,k)PDE ,t

(7)

In the equation, CDO ,t represents the operation and maintenance cost of the diesel generator at time
interval t, CDF ,t denotes the fuel cost, and CDE ,t corresponds to the treatment cost of polluting gas emissions.
PDE ,t signifies the power generation at time interval t.

2.2 Robust Optimization Based on Boundary Decision-Making
2.2.1 Robust Optimization Day-Ahead Scheduling Model

This study employs a multi-objective framework to account for the non-negligible emissions produced
by conventional generators. The emission treatment cost is adopted as a well-established, proportional proxy
for the environmental objective, offering a quantifiable measure despite encapsulating only one facet of the
broader ecological impact.

REG, CAES, and diesel generation participate in power scheduling, where the output of REG is robustly
treated due to its uncertain nature. The system aims to minimize the economic cost of operation and the cost
of emission treatment, with the objective function being:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

min F1 = CREG + CC AES + CDE

min F2 = CE MI =
T
∑
t=1

n
∑
k=1
(Ckγd e ,k)PDE ,t

CCAES =
T
∑
t=1

cGPG,t

CREG =
T
∑
t=1
∑

i∈NREG

cREGδi ,t P̂REG i ,t

(8)

In the above formula, CC AES represents the economic cost of expansion generation of the CAES unit
within the scheduling period; CDE represents the operating economic cost of the diesel generator set; CREG
is introduced as an economic penalty cost for the uncertainty of REG output; CE MI represents the emission
treatment cost of the diesel generator.

The current constraints in day-ahead scheduling primarily include the following:

P̃REG ,t + uG ,t PG ,t + PDE ,t = PAL ,t + uC ,t PC ,t (9)
PREG i ,min ⩽ P̃REG i ,t ⩽ PREG i ,max (10)
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PDG,min ⩽ PDG,t ⩽ PDG,max (11)
PG,min ⩽ PG,t ⩽ PG,max (12)
pgsc,min ⩽ pgsc,t ⩽ pgsc,max (13)
P̃REG,t + uG,t PG,max + PDG,max ⩾ PAL,t(1 + L%) (14)

PAL ,t represents the total load power during time period t. PDG,max and PDG,min represent the upper and
lower limits of diesel generator output, respectively. PG,max and PG,min represent the upper and lower limits
of the CAES expansion power generation output, respectively.

2.2.2 Transformation of Uncertain Variables in Constraints
In the scheduling model discussed previously, the presence of the uncertain variable P̃REG,t in the

spinning reserve constraint, specifically in Formula (14), complicates the solution process. The following
section employs mathematical techniques to transform this uncertain variable, thereby facilitating the
resolution of the constraint.

Initially, substituting Eqs. (1) and (12) into Eq. (14) yields:

∑
i∈NREG

ΔPREG i ,t ⩽ [(PDG,max + uG,t PG,max) − (1 + L%) ⋅ (PDG,t + uG,t PG,t − uC,t PC,t)]/L% (15)

− ∑
i∈NREG

PREG i ,t

Formula (15) can be equivalently transformed into:

max ∑
i∈NREG

ΔPREG i ,t ⩽ [(PDG,max + uG,t PG,max) − (1 + L%) ⋅ (PDG,t + uG,t PG,t − uC,t PC,t)]/L%

− ∑
i∈NREG

PREG i ,t (16)

Then, based on linear duality theory, the maximum value problem can be symmetrically transformed
into a minimum value problem:

max ∑
i∈NREG

ΔPREG i ,t = −min
⎛
⎝
− ∑

i∈NREG

ΔPREG i ,t
⎞
⎠

(17)

Construct the Lagrangian function of −min (−∑i∈NREG ΔPREG i ,t) to obtain:

L = −∑i∈NREG
ΔPREG i ,t + μt∑i∈NREG

ΔPREG i ,t + λ1t [∑i∈NREG
ΔPREG i ,t − (∑i∈NREG

−P̂REG i ,t)]

+ λ2t(∑i∈NREG
P̂REG i ,t −∑i∈NREG

ΔPREG i ,t) (18)

Using the KKT conditions, the following can be obtained:

⎧⎪⎪⎨⎪⎪⎩

−1 + μt + λ1t − λ2t = 0
λ1t ⩾ 0, λ2t ⩾ 0

(19)
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Finally, by combining Formulas (15) to (19) and collecting like terms, the spinning reserve constraint
in Formula (14) is transformed into:

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

PDG,t + uG,t PG,t − uC,t PC,t {PDG,max + uG,t PG,max−
L%[ ∑

i∈NREG

PREG i ,t + (λ1,t + λ2,t) ∑
i∈NREG

δi ,t P̂REG i ,t]]

/ (1 + L%)
λ 1,t 0, λ 2,t 0

(20)

The practical significance of this transformation lies in the fact that the upper limit of power output
fluctuations for renewable energy sources, such as photovoltaic units, denoted as P̂REG i ,t , is typically given
before scheduling. Therefore, the transformation effectively eliminates the uncertain variable. Additionally,
the degree of fluctuation for REG, represented by δi ,t , can be selected based on the actual needs of the site.

2.2.3 Robust Optimization with Proactive Boundary Decision Method
In the context of microgrid scheduling, the fluctuation of REG directly affects the probability of violating

system reserve constraints, while the uncertainty robustness cost Γt quantifies the overall fluctuation degree
of REG. Boundary decision-making refers to the scheduling plan made when the power output of units
reaches the boundary of constraints under extreme scenarios. Consider a scenario where, during time period
t, the absolute values of the power fluctuation coefficients of N − 1 renewable energy units are equal to 1,
forming a set S; only one REG unit has a power fluctuation coefficient with an absolute value less than 1,
denoted as M. According to the derivation process in literature [25], the probability of violating the spinning
reserve constraint in this scenario satisfies:

Pr (
NREG

∑
i=1

P̃REG i ,t + uG,t PG,t + PDG,max < PAL,t (1 + L%) + uC,t PC,t) ⩽ Pr (
NREG

∑
i=1

γi ,t δi ,t ⩾ Γt) (21)

By applying the law of total probability to Formula (21) yields:

Pr (
NREG

∑
i=1

γi ,t δi ,t ⩾ Γt) ⩽ exp(− Γ2
t

2NREG
) (22)

By integrating Formulas (21) and (22), the following result is obtained:

Pr (
NREG

∑
i=1

P̃REG i ,t + uG,t PG,t + PDG,max < PAL,t (1 + L%) + uC,t PC,t) ⩽ exp(− Γ2
t

2NREG
(23)

If the constraint is required to be satisfied with a probability of at least 1 − σ , then at least the following
must be met:

Γt ≥
√
−2NREG ln(σ) (24)

where σ represents the probability of violating the reserve constraint.
Define the ratio of the robustness cost Γt to the number of REG units NREG as the robustness cost coef-

ficient, denoted by k, and let ξ represent the probability of constraint violation. According to Formulas (22)
and (23), an increase in the number of connected REG units reduces the probability of spinning reserve
capacity violation, thereby enhancing system stability.
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In this study, taking the case of NREG = 2, the relationship between k and ξ is illustrated in Fig. 1. As
shown in Fig. 1, a decrease in the robustness cost coefficient leads to an increase in the violation probability,
indicating a weakened ability of the system to cope with the uncertainty of the REG output. Therefore, it is
necessary to properly set and adjust the uncertainty budget to optimize system scheduling.

Figure 1: Relationship of robustness cost coefficient and constraint violation probability when NREG = 2

When the uncertainty budget Γt equals the total number of REG units NREG, the constraint confidence
level attains its maximum value ψ, signifying the system’s peak resilience to uncertainties. In essence,
Γt = NREG achieves the confidence apex ψ. Formula (25) reveals that increasing the number of REG units
NREG elevates the maximum attainable confidence apex ψ, thereby enhancing systemic resilience.

ψ = 1 − 1
2NREG

(25)

Building upon the foregoing, the core execution process of the boundary-decision-based robust
optimization can be summarized in Fig. 2.

Figure 2: Multi objective robust optimization based on boundary decision-making

The proposed uncertainty boundary framework enables scenario-adaptive selection of Γt , achieving a
Pareto-optimal equilibrium between robustness guarantees and economic/low-carbon objectives.
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2.3 Improved Multi-Objective Cross-Entropy Method
2.3.1 Cross-Entropy Method

The Cross-Entropy Method (CE), first proposed by Rubinstein (1997), was originally designed for
importance sampling and Kullback-Leibler divergence computation, later generalized to continuous and
combinatorial optimization.

The CE algorithm is briefly summarized as follows: The algorithm initializes a population of Np
solutions with dimensionality D, where each dimension n is bounded within [ln , un]. Parameters are
initialized with mean μn and variance σ 2

n(σn = 10 ⋅ (un − ln)). During the k-th iteration, the i-th candidate
solution is represented as:

Xk
i = (xk

1 , xk
2 , . . . , xk

D) (26)

wherein, for each dimension, the value is taken as:

xk
n = μn + randn() ∗ σ 2

n (27)

Subsequently, the algorithm selects an elite subset Xel i te (size∶ ρ ⋅ Np , ρ ∈ [0.1, 0.2]) by ranking solutions
based on fitness values. This subset drives iterative updates of the mean μn and variance σ 2

n .

Xel i te ,n(k) = ( x 1
n , x2

n , . . . , xρ×N p
n ) (28)

μ (k + 1) = αμ (k + 1) + (1 − α) μ (k) (29)
σ (k + 1) = βσ (k + 1) + (1 − β) σ (k) (30)

In the optimization process, the CE algorithm iteratively updates the mean and standard deviation using
smoothing parameters α and β (typically within [0.7, 1]). The updated statistics are then employed to generate
new population samples. The algorithm performs global search iterations, reconstructs the population, and
selects elite individuals based on fitness rankings. This cycle repeats until the maximum iteration limit is
reached, concluding the optimization.

2.3.2 Improved Multi-Objective Cross-Entropy Method
The core enhancements of EMOCE include three key aspects:
(1) Fast non-dominated sorting for elite solution selection, coupled with an external archive to preserve

Pareto front diversity;
(2) A crossover operator to expand the search space and enhance solution diversity, thereby overcoming

local optima entrapment and improving scalability for medium-large problems;
(3) An adaptive parameter update mechanism that dynamically adjusts the mean and standard deviation

through self-learning, eliminating the need for preset constants while ensuring convergence.
The flowchart of the EMOCE algorithm is shown in Fig. 3.
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Start

Initialize all parameters and variables

Initialize the mean value and standard deviation

Generate the population based on the mean and 
standard deviation

Is external archive empty?

Implement the crossover operation and generate new 
population

Identify nondominated individuals by fast non-
dominated sorting approach

Update the external archive set 
by calculating the crowding distance of candidate 

solutions

YES

Select the elite set 

Is maximum number of 
iterations reached?

Update the mean and standard in line with the 
different stages of iterative process

Select the solutions in the external archive

Stop

YES

NO

NO

Figure 3: Flowchart of EMOCE algorithm

The mechanisms of these enhancements are briefly introduced as follows:
(1) Crossover operator
The EMOCE algorithm integrates a crossover strategy to enhance solution diversity and expand search

space within feasible regions. Specifically: (1) Randomly select an individual Xi from the current population
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and an elite solution X j from the archive. (2) Perform partial parameter exchange between the paired
solutions under a predefined crossover probability, generating two new offspring through recombination:

xnew
i =

⎧⎪⎪⎨⎪⎪⎩

xn
j , rand < Pc

xn
i , el se

, xnew
j =

⎧⎪⎪⎨⎪⎪⎩

xn
i , rand < Pc

xn
j , el se

(31)

Herein, xnew
i and xnew

j denote the newly generated individuals after crossover, while Pc ∈ [0, 1]
represents the crossover probability.

(2) The establishment and update of the external archive set
The crossover operator serves as the core mechanism for expanding the search domain and circumvent-

ing local optima, relying on the information exchange between newly generated solutions and those stored in
the external archive named Ar . As a repository for non-dominated solutions, the external archive is updated
iteratively using the fast non-dominated sorting mechanism from the NSGA-II algorithm.

(3) Diversification & enhancement stage
To enhance solution diversity and accelerate convergence, this study draws on the concept from

Reference [26] and divides the iterative process into two phases: diversification and intensification, each with
distinct strategies for updating the mean and standard deviation. As the names suggest, the diversification
phase emphasizes expanding the distribution diversity of multi-objective solutions, while the intensification
phase focuses on deep exploitation. Consequently, the selection of this transition point becomes particularly
crucial. To address this, a series of experiments were conducted to systematically investigate the optimal
transition point selection. Fig. 4 illustrates the performance of both the convergence metric (Convergence)
and diversity metric (Spacing) for ZDT1 as the transition point varies from 40% to 80% of the maximum
function evaluations. The results indicate that the Spacing metric achieves its optimum within the 50%–60%
range, while the Convergence metric reaches its best value precisely at the 60% transition point. Considering
the need to balance solution convergence and distribution, the transition point is consequently set at 60% of
the maximum iterations. The results for transition points below 40% and above 80% are omitted due to their
significantly larger metric values.

Figure 4: Convergence and diversity metrics of EMOCE under varied phase transition points
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Furthermore, Tables 1 and 2 provides computed Spacing and Convergence values for ZDT1 and UF test
suites under varying transition points, offering additional validation for the rationale behind selecting 60%
of the maximum evaluations as the diversification-to-intensification switch in the EMOCE algorithm.

The bolded data in the table indicate that they are the minimum value in their respective row and
therefore represent the optimal value. When the transition point is set at 60% of the maximum evaluations,
the Spacing value is superior in three out of the five test functions, and the Convergence value leads in almost
all cases.

Table 1: EMOCE spacing values at different transition points

Test function Transition point

40% 50% 60% 70% 80% 90%
ZDT1 0.1080 0.0777 0.0776 0.0783 0.0832 0.1203
ZDT2 0.0956 0.1761 0.0823 0.0856 0.0867 0.0855
ZDT3 0.8622 0.4477 0.4852 0.5633 0.8681 0.8222
UF1 1.0624 0.9925 0.9933 1.1408 1.6632 1.8308
UF3 0.9936 0.9595 0.9036 0.9842 1.2039 1.8595

Table 2: EMOCE convergence values at different transition points

Test function Transition point

40% 50% 60% 70% 80% 90%
ZDT1 7.79E−04 7.78E−04 7.74E−04 8.14E−04 8.15E−04 9.04E−04
ZDT2 8.23E−04 7.43E−04 7.22E−04 7.90E−04 8.33E−04 9.22E−04
ZDT3 8.07E−04 6.88E−04 6.57E−04 6.96E−04 8.29E−04 9.07E−04
UF1 0.0066 0.0048 0.0052 0.0052 0.0058 0.0066
UF3 0.8230 0.4590 0.4210 0.4450 0.5212 0.4926

This empirically determined threshold ensures adequate exploration of the search space in the early
stages while focusing on convergence refinement in the latter stages. Eqs. (32) and (33) represent the
diversification phase, whereas Eqs. (34) and (35) correspond to the intensification phase.

μ (k + 1) = mean (el ite (k)) (32)
σ (k + 1) = std (XρN p (k)) (33)
μ (k + 1) = mean (Ar (k)) (34)
σ (k + 1) = std (XρN p (k)) (35)
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3 Results and Discussion

3.1 Function Test of the EMOCE Algorithm
To rigorously evaluate the optimization performance of the EMOCE algorithm, a comparative study

was conducted against five classical multi-objective algorithms: NSGA-II, MOPSO, PAES-II, MODE, and
MOEA/D. The performance assessment was carried out using two established multi-objective performance
metrics: Generational Distance (GD) and Convergence. The benchmark test suites, including the DEB, ZDT,
and UF series of standard test functions, were employed in the evaluation. Each algorithm was independently
executed 30 times for every test function, with the maximum number of function evaluations (FEs) set to
15,000.

Similarly to Tables 1 and 2, the bolded data in Tables 3 and 4 also represent the optimal values within
their respective rows. As summarized in Tables 3 and 4, EMOCE demonstrates superior performance in both
Convergence and Generational Distance (GD) across the ZDT1-3 and UF1-2 test functions, outperforming
all peer algorithms. This evidences its exceptional optimization convergence. Furthermore, the Pareto fronts
obtained by EMOCE, visualized in Figs. 5 and 6 against the true benchmark, intuitively showcase its leading
performance in both convergence and diversity.

Table 3: Convergence metric values of the algorithms

Test function MODE MOEA/D MOPSO NSGAII PESAII EMOCE
DEB 8.77E−04 0.0024 8.69E−04 8.66E−04 8.91E−04 8.09E−04
ZDT1 0.1671 0.1560 0.0528 0.6386 0.1074 7.74E−04
ZDT2 0.3508 1.1110 1.4718 0.7810 0.1433 7.22E−04
ZDT3 0.1170 0.2075 0.1208 0.4479 0.0593 6.57E−04
UF1 0.0430 0.3521 0.6460 0.4971 0.1573 0.0052
UF3 0.4351 0.4569 0.8361 0.5820 0.5811 0.4210

Table 4: Generational distance values of the algorithms

Test function MODE MOEA/D MOPSO NSGAII PESAII EMOCE
DEB 1.72E−04 4.79E−04 1.59E−04 1.73E−04 1.63E−04 1.78E−04
ZDT1 0.0176 0.0157 0.0057 0.0661 0.0112 2.64E−04
ZDT2 0.0354 0.1136 0.1746 0.2412 0.0149 7.55E−04
ZDT3 0.0214 0.0272 0.0215 0.0679 0.0107 1.63E−04
UF1 0.0078 0.0372 0.1380 0.0537 0.0171 0.0012
UF3 0.0068 0.0064 0.0563 0.0206 0.0139 0.0045
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Figure 5: Comparison of algorithm pareto fronts on ZDT benchmark suite

Figure 6: Comparison of algorithm pareto fronts on UF benchmark suite

3.2 Simulation Analysis of Robust Optimization Scheduling
In the microgrid case study examined herein, the system encompasses a photovoltaic unit and a wind

turbine. A winter period characterized by pronounced uncertainty in solar and wind power generation is
selected as the scheduling interval, thereby furnishing a rigorous testbed to substantiate the efficacy of the
robust scheduling approach proposed in this paper. For computational expediency, the maximum deviation
of actual power output from the day-ahead forecast for each renewable energy generation (REG) unit is
stipulated at±30%. The scheduling interval is delineated as 15 min. Moreover, the penalty coefficient for REG
output uncertainty is calibrated to 10. Table 5 summarizes some key parameters used in the simulation.
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Table 5: Key simulation data of the model

Key parameters Value
Single-machine capacity (KW) 400

Initial SOC (equivalent to air pressure)/bar 55
SOC range (equivalent to air pressure)/bar 46~66

Fig. 7 depicts the day-ahead forecast profiles of power generation for the PV and wind stations, as well
as the grid load trajectory.

In this study, the canonical multi-objective optimization algorithm, Multi-Objective Particle Swarm
Optimization (MOPSO), is deployed as a comparative benchmark against the EMOCE algorithm. For Both
algorithms use default parameters. Both algorithms are subjected to identical test cases, configured with a
maximum iteration cap of 10,000, a population cohort of 100, and an external archive dimension of 60.

Under specified operational constraints where system spinning reserve requirements are satisfied
with 55% probability threshold, Formulas (23)–(25) yield a robustness cost Γt = 0.632 and REG unit
fluctuation coefficients ∣δ1,t ∣ = ∣δ2,t ∣ = 0.316, Fig. 8 presents the optimized Pareto-optimal fronts derived by
both algorithms under these conditions, illustrating their solution space exploration capabilities. The results
show that EMOCE achieves significantly lower operational costs and environmental dispatch expenditures
compared to MOPSO. The proposed algorithm’s Pareto front exhibits superior convergence and distribu-
tion characteristics, comprehensively outperforming MOPSO and establishing a clear Pareto-dominance
relationship. This high-quality Pareto-optimal solution set enables strategic flexibility in decision-making:
operators may prioritize extreme-region solutions for specialized objectives or select balanced compromise
solutions through comprehensive performance metrics. The comparative analysis conclusively validates
EMOCE’s enhanced feasibility and superiority in multi-objective robust optimization frameworks.

Figure 7: Load and prediction curves of PV, wind power
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Figure 8: Multi-objective optimization results based on uncertainty budget decision

Utilizing the Fuzzy method, the compromise optimal solution of the EMOCE algorithm is identified,
with the power output profiles of each unit depicted in Fig. 9. The results reveal that, due to the low upper
limit of renewable energy output in this case, diesel generators and energy storage units primarily supply
power throughout most periods. Before 6:00 a.m., insufficient wind and low solar irradiance necessitate high-
power generation from diesel generators and energy storage to meet load demands. As solar irradiance and
wind speeds increase, renewable energy output rises, allowing CAES to recharge. From 12:00 to 4:00 p.m.,
renewable energy maintains high output. In the evening, as solar power wanes, diesel generators resume
primary output duties, complemented by increased wind power to support high nighttime loads. After
midnight, energy storage ramps up output to fill power gaps.

Figure 9: Output of each unit based on uncertainty budget decision

The resulting multi-objective optimization solution balances robustness and economic low-carbon
performance, aligning with scheduling expectations.
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3.3 Optimization Outcomes across Varied Uncertainty Budget Configurations
The test case adopted herein remains consistent with that employed in Section 3.2. To demonstrate

the limitations of idealized traditional dispatch methods when handling renewable energy integration with
stochastic fluctuations, Herein, the optimal compromise solution of the EMOCE set is extracted via the fuzzy
method and aggregated into a single objective “Optimization Dispatch Cost F”. The conventional single-
objective particle swarm optimization (PSO) algorithm is employed for comparison, with results shown
in Fig. 10.

Fig. 10 compares the dispatch cost curves of conventional approaches against our proposed robust
optimization method under varying renewable output conditions. As illustrated, the boundary decision-
based robust optimization exhibits significantly smaller cost variations compared to traditional dispatch as
renewable energy volatility increases. This disparity arises because traditional optimization must frequently
deviate from economically optimal generation schedules to maintain system reliability amid substantial
PV/wind power fluctuations, consequently driving up operational costs. In contrast, the proposed robust
optimization methodology inherently accommodates renewable generation uncertainties, thereby yielding
more resilient dispatch solutions.

Figure 10: Relationship between comprehensive dispatch cost F and outputs variation of REG power plants

In real-world scheduling contexts, the tolerance for spinning reserve constraint violations is often
modulated to align with operational demands, thereby dictating the choice of uncertainty budget. Here,
the uncertainty budget Γt is calibrated to 0, 1, and 2. Focusing on photovoltaic and wind turbine units, the
temporal power dispatch of REG units, optimized via the EMOCE algorithm, is illustrated in Fig. 11.
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Figure 11: REG unit output at different uncertainty budgets

Corresponding to different uncertainty budgetvalues, the probabilities of spinning reserve constraint
violations and the operational costs of the system are presented in Table 6.

Table 6: Comparative results of deterministic and robust scheduling under different uncertainty budgets

Scenario Description
Constrained
exceedance
probability

Cost

Case 1 Deterministic scheduling scenario (Γt = 0) 80.6 2977
Case 2 Robust optimization scenario 1 (Γt = 1) 57.9 3096
Case 3 Robust optimization scenario 2 (Γt = 2) 35.2 3217

Case 4
Application of the deterministic

theoretical solution within Robust
Optimization Scenario 1 (Γt = 1)

/ 3357

Case 5
Application of the deterministic

theoretical solution within Robust
Optimization Scenario 2 (Γt = 2)

/ 3556

The importance of robust optimization is further demonstrated by the comparative experiments
summarized in Table 6. As shown in the table, when the uncertainty budget Γt is set to 0, the dispatch
output of renewable energy stations equals their forecasted values, indicating a deterministic model that
ignores the stochastic nature of PV and wind power generation. While this deterministic approach yields the
lowest theoretical dispatch cost compared to robust optimization scenarios that account for renewable energy
fluctuations, implementing robust solutions within the deterministic framework reveals a different outcome.
The resulting costs exceed those obtained through direct robust optimization because actual renewable
generation often deviates from deterministic forecasts, necessitating costly real-time adjustments from con-
ventional thermal and diesel generators to maintain system balance. This comparative analysis demonstrates
that although robust optimization incurs additional theoretical costs compared to deterministic scheduling,
it proves superior in practical applications by ensuring solution feasibility and achieving optimal actual
economic performance when confronting real-world uncertainties.
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Fig. 12 also demonstrates a corresponding increase in economic cost with the elevation of the Uncer-
tainty Budget in the Pareto front, revealing a consistent pattern: achieving greater resilience against
uncertainties invariably incurs higher operational costs. In practical power dispatch operations, when
confronted with significant cost pressures, decision-makers may opt to moderately relax the probability
requirements for constraint satisfaction. This strategy can partially mitigate scheduling costs but inevitably
compromises system robustness. Therefore, to achieve a balanced trade-off between economic efficiency and
robustness, the robustness cost parameter must be dynamically adjusted according to specific operational
needs to identify the optimal equilibrium. This process highlights the complexity of decision-making in
power system optimization and demonstrates the critical need for dynamically adaptive strategies to suit
varying operational scenarios.

Figure 12: Pareto optimal frontier under different uncertainty budgets

4 Conclusions
To address the uncertainty of renewable energy generation in microgrid scheduling, this paper develops

a framework based on robust optimization principles. By employing mathematical theories like Lagrangian
transformation, the uncertainties in the model are eliminated, leading to a robust optimization strategy
based on boundary decision-making under uncertainty. Moreover, the Cross-Entropy (CE) algorithm is
enhanced by introducing crossover operators and parameter self-adaptive updates, resulting in an improved
multi-objective CE algorithm for model solution. In the case study, the boundary decision-making method
enables flexible selection of robustness cost according to actual needs, achieving a balance between the
system’s economic and environmental performance and its robustness. The results indicate the rationality
and applicability of this decision-making approach. Meanwhile, the proposed multi-objective CE algorithm
demonstrates superiority in solving environmental and economic scheduling problems. In conclusion, the
integration of the proposed robust optimization strategy with the enhanced multi-objective CE algorithm
yields a scheduling scheme with significant practical applicability and value.
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Abbreviations
MG Microgrid
REG Renewable Energy Generation
SO Stochastic Optimization
CCP Chance Constrained Programming
RO Robust Optimization
SO Stochastic Optimization
CE Cross-Entropy Algorithm
NSGA-II Nondominated Sorting Genetic Algorithm II
EMOCE External Files-Based Multi-Objective Cross-Entropy Algorithm
PV Photovoltaic
WT Wind Turbine
CAES Compressed-Air Energy Storage
MOPSO Multi-Objective Particle Swarm Optimization
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