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Data-driven industrial park
microgrids robust optimization
method

Chuanhong Ru1*, Lei Li2, Ji Lu1 and Beini Jiang1

1State Grid TaiZhou Power Supply Company, Taizhou, China, 2State Grid ZheJiang Electric Power
Corporation, Hangzhou, China

In order to accurately describe the impact of the volatility and randomness of
renewable energy output power on the operation of industrial park microgrids,
a data-driven robust optimization method for industrial park microgrids is
proposed. Firstly, based on the traditional interval set, the uncertain parameters
of renewable energy output are modeled using a polyhedral set. Then, an
ellipsoidal uncertainty set is established using historical data of renewable
energy output. By connecting high-dimensional ellipsoidal vertices, a data-
driven convex hull polyhedron set is established. Then, the uncertain parameters
are better enveloped by scaling the convex hull set. A data-driven robust
optimization model for industrial park microgrid was further established, and
the column and constraint (C&CG) generation algorithm was used to solve
the model. Finally, simulation comparisons were conducted through examples,
and the results showed that the data-driven industrial park microgrids robust
optimization method can reduce conservatism and improve the robustness of
optimization results, demonstrating the effectiveness of the proposed method.

KEYWORDS

industrial park microgrids, data-driven, robust optimization, convex hull set, column
and constraint generation algorithm

1 Introduction

With the increasingly prominent environmental and climate issues caused by
excessive reliance on traditional fossil fuels, accelerating energy transition and sustainable
development on a global scale has become a widely accepted consensus (Farh et al., 2024).
To address the challenges of energy supply diversity and the intermittency of renewable
energy sources, the industrial park microgrids featuring complementary and coupled forms
of multiple energy supplies has emerged (Ishaq and Dincer, 2024). However, due to the
instability of renewable energy outputs, power generation is affected by various factors
such as climate, weather, and seasons, leading to significant fluctuations in power supply.
These fluctuations can potentially trigger instability or even collapse of the industrial park
microgrids, posing significant challenges to its safety and stability (Poodeh et al., 2025).

Existing research on the industrial park microgrids operation planning focuses on
energy utilization efficiency and enhancing system stability. For instance, in Arooj (2024),
system stability is improved by adopting demand-side response under the premise
of considering flexible resources. In Rezazadeh and Avami (2024), a comprehensive
energy system with detailed power-to-gas conversion and carbon cycling is established
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through the utilization of the carbon tradingmarket. InRahman et al.
(2025), the grid partitioning of the integrated energy system is
optimized by taking into account the characteristics of the load,
thereby achieving cost reduction. Synthesizing these studies, there
is a noticeable lack of consideration given to the uncertainty of
renewable energy output.

To address the issue of uncertainty in renewable energy output,
existing uncertainty optimization methods are mainly categorized
into two types: stochastic optimizationmethods (Davidsdottir et al.,
2024; Son and Kim, 2024; Aliasghar et al., 2022) and robust
optimization methods (Vulusala and Madichetty, 2018; Stewart
and Bingham, 2016). Robust optimization methods typically
use a set-based approach to describe the distribution range
of uncertain parameters. Unlike stochastic methods, robust
optimization does not require the probability distribution of
uncertain parameters and avoids the high-dimensional problems
introduced by numerous scenarios. Consequently, it has gained
increasing attention in the optimal operation of industrial
park microgrids.

To enhance the reliability of robust optimization results and
describe the correlations among uncertain parameters, recent
studies have employed historical data of uncertain variables
to explore the relationships between the variations of random
variables, leading to the proposal of data-driven uncertainty
sets (Sulaiman et al., 2024; Freitas et al., 2007; Ibraheemi and
Janabi, 2024). For instance (Zhang et al., 2024a), constructed the
uncertainty of photovoltaic power generation using historical data
from smart meters and phasor measurement units to solve the
problem of voltage regulation (Zhang et al., 2024b). constructed
an uncertainty set using historical vehicle travel data to analyze
the impact of large-scale transportation electrification on power
systems (Lorca and Sun, 2015). established a polyhedral uncertainty
set based on historical wind power data for economic dispatch
modeling, analysis, and optimization (Jalilvand-Nejad et al., 2016).
Proposed a correlated polyhedral uncertainty set model by bending
the boundaries of a polyhedral set through mathematical analysis,
building on the polyhedral set approach (Hamed and Rasoul,
2021). further refined the approach of Jalilvand-Nejad et al.
(2016) by constructing a generalized correlated polyhedral
uncertainty set model, allowing the polyhedral set to better
envelop the range of uncertain parameters (Degefa et al., 2015).
Constructed an ellipsoidal set to describe photovoltaic (PV) output
and proposed an affine adjustable robust optimization strategy
for active distribution networks. Although the ellipsoidal set
effectively considers the correlations among uncertain parameters,
its nonlinear structure increases the difficulty of solving the
model. While Lorca and Sun (2015), Jalilvand-Nejad et al. (2016),
Hamed and Rasoul (2021), and Degefa et al. (2015) consider the
correlations within the uncertainty sets, the broader coverage of the
uncertainty sets they establish can lead to increased conservatism
in decision-making.

In addition to polyhedral and ellipsoidal sets, another common
method is constructing uncertainty sets based on extreme scenarios.
In Moradian et al. (2024) and Akter et al. (2025), historical data is
first selected to form the uncertainty set. Then, extreme scenarios
are identified based on the historical data, and convex hull sets
are constructed from these scenarios. An appropriate scaling factor
is introduced to cover all historical data, and finally, a robust

optimization model based on extreme scenarios is established. The
method in Ayene and Yibre (2024) and Bifei et al. (2022) does
not predefine the shape of the uncertainty set but represents it as
the convex hull of historical scenarios. These studies have made
improvements regarding the conservativeness of polyhedral sets.
However, although the uncertainty sets based on extreme scenarios
can address the conservatism issue, they have a large number
of vertices, making them difficult to solve. Therefore, this paper
proposes a data-driven convex hull uncertainty set model. This
model can not only reduce the conservatism of the solution but also
decrease the difficulty of solving.

Against this research backdrop, considering the lack of attention
to uncertain energy inputs in industrial park microgrids, this paper
proposes a data-driven robust optimization method for industrial
park microgrids. First, traditional polyhedral set modeling is
conducted based on interval sets. Then, ellipsoidal sets are
constructed based on historical scenarios, and the vertices of the
ellipsoids are connected to form convex hull polyhedral sets. Finally,
the constructed convex hull set is scaled to cover all historical
scenarios. Furthermore, the data-driven convex hull model is
embedded into the robust optimization model of the industrial
park microgrids. The effectiveness of iu-the proposed method is
verified through a case study of an integrated energy system in a
specific region.

This paper will mainly make contributions in the
following aspects:

1. In view of the current situation that the integrated energy
system insufficiently considers the injection of uncertain
energy sources, a data-driven robust optimization method for
industrial park microgrids is proposed.

2. Aiming at the deficiencies of traditional uncertain set
modeling, traditional polyhedron set modeling is first
carried out on the interval set. Then, an elliptical set is
constructed based on historical scenarios. Subsequently,
the vertices of the ellipse are connected to construct a
convex hull polyhedron set, and all historical scenarios are
covered by scaling, thus establishing a unique data-driven
modeling method.

3. The well-constructed data-driven convex hull set model is
successfully embedded into the robust optimization model of
the industrial park microgrids. Moreover, with the help of an
example of an industrial parkmicrogrid in a certain region, the
effectiveness of the proposed method is verified.

The rest of this article is organized as follows: Section 2
introduces the different uncertain set modeling. The industrial
park microgrid optimization model is introduced in Section 3.
In Section 4, the specific objective function and constraints is
presented. Section 5 studies the robust optimization method for
microgrid in industrial park. Finally, Section 6 concludes.

2 Uncertain set modeling

2.1 Traditional uncertain set modeling

In this paper, the budget uncertainty set U is used to
express the range of fluctuations in the magnitude of PV as
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well as wind power output. The specific expression is shown
in Equation 1:

U =

{{{{{{{
{{{{{{{
{

u = [ ̃PPVt , ̃P
WT
t ]

z = [zPVt ,z
WT
t ]

̃PPVt = P
PV,f
t +ΔP

PV,maxzPVt
̃PWT
t = P

WT,f
t +ΔP

WT,maxzWT
t

(1)

where ̃PPVt and ̃PWT
t denote the actual magnitude of output at

the moment t for PV and wind power, respectively; zPVt and
zWT
t represent the actual output levels of PV and wind power
generation at the moment t respectively. PPV,ft and PWT,f

t represent
the predicted power output levels of PV and wind energy at
the moment t respectively; ΔPPV,max and ΔPWT,max denote the
maximum fluctuation values of PV and wind power generation,
respectively; u represents the vector set of PV and wind power
output; z stands for the vector set of uncertain variables in PV and
wind power generation.

When there is no spatiotemporal correlation between uncertain
variables, to better represent the range of variation of uncertain
variables, this paper first characterizes them using traditional box
sets and polyhedral sets, as shown below.

2.1.1 Box set
The specific expression for a box set can be given as:

U = {z ∈ RN×1|βzdown ≤ z ≤ βzup} (2)

where RN×1 represents the dimension of the uncertain variable;
zdown and zup represent the maximum and minimum values of
the uncertain variables, with values set to 1 and −1, respectively;
β, which is the adjustment coefficient used to regulate the
conservativeness of the uncertain set, is set to (0,1].

From Equation 2, it can be seen that the box set is merely
an interval representation of the uncertain variable, and under
normal circumstances, the values are often taken at the boundaries.
However, since the extreme conditions corresponding to the
boundary values have a lower probability of occurrence, the box set
fails to accurately representmost other cases.Therefore, a polyhedral
set is often required.

2.1.2 Polyhedral set
The specific expression is shown in Equation 3:

U =
{{{
{{{
{

z ∈ RN×1|||

|

βzdown ≤ z ≤ βzup
N

∑
i
zi ≤ Γ

}}}
}}}
}

(3)

where Γ represents the uncertainty of the polyhedral set of
uncertain variables, used to constrain the range of uncertainty of the
polyhedral set. When the uncertain variables are two-dimensional,
the envelope ranges of the polyhedral sets corresponding to different
matrices Γ are illustrated as shown in Figure 1.

2.2 Data-driven modeling of uncertain set

When there is spatiotemporal correlation among uncertain
parameters, envelope lines can be adopted to represent different sets

FIGURE 1
The impact of uncertainty on polyhedral sets.

based on the scatter plots formed by the historical data of uncertain
renewable energy output. Figure 2 illustrates the difference in
envelope ranges when using box sets and ellipsoid sets.

As can be seen in Figure 2a, the box set envelopes all possible
outcomes of distributed PV and wind power generation. However,
due to the inherent spatiotemporal correlation of distributed PV
at different times and locations, the PV output data predominantly
clusters around the y = x and y = −x function lines. In this scenario,
using a box set to describe the uncertainty of PV output may
lead to overly conservative optimization solutions, since the box
set not only encompasses all possible fluctuations but also covers
areas with low probability of occurrence, which are essentially blank
spaces. Therefore, it is necessary to adopt a more suitable modeling
approach for uncertain sets.

2.2.1 Ellipsoid set
The specific expression is shown in Equation 4:

U = {z ∈ RN×1|(z − c)TΣ−1(z − c) ≤ 1} (4)

where c represents the center point of a high-dimensional
ellipsoid, while Σ ∈ RN×N is a positive definite matrix indicating
the offset direction of the high-dimensional ellipsoid relative to the
coordinate axes.

As illustrated in Figure 2b, the ellipsoid set, similar to the
box set, envelopes all possible outcomes of distributed power
generation. Unlike the box set, however, the ellipsoid set reduces
the envelopment of blank areas with low probability of fluctuation
occurrence, thereby decreasing the conservativeness of the decision
results. However, due to the quadratic form of the ellipsoid set’s
expression, it introduces complexity in the robust optimization
process, increasing the difficulty of the solution.

2.2.2 Generalized convex hull set
Building upon this (Moradian et al., 2024), proposed a

generalized convex hull set, which not only effectively reduces
the conservativeness of optimization outcomes but also avoids the
introduction of quadratic forms during the modeling process. Thus,
based onMoradian et al. (2024), this paper constructs a data-driven
uncertain set, with the modeling process illustrated in Figure 3.

Step (1): Firstly, construct a high-dimensional ellipsoidal
uncertainty set that covers all historical data fluctuations
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FIGURE 2
The envelope range of an uncertain set. (a) Box set. (b) Ellipsoid set.

FIGURE 3
The modeling process for the convex hull uncertainty set (parts (a–d) illustrate key transformation steps).

with minimal volume, as illustrated in Figure 3a. The specific
representation is given by Equation 5, which is:

U e1 = {z ∈ R
N×1|(z − c)TΣ−1(z − c) ≤ 1} (5)

Step (2): On the basis of the original high-dimensional ellipsoid,
perform an orthogonal decomposition of the positive definitematrix
Σ into matrix Σ = PTJP = P−1JP. Rotate and translate the existing
ellipsoid so that its center coincides with the origin of the coordinate
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axes, as shown by the green dashed line in Figure 3b. At this
point, the high-dimensional ellipsoidal uncertainty set becomesU e2,
which is shown in Equation 6:

U e2 = {z′ ∈ RN×1|(z′)TJ−1(z′) ≤ 1} (6)

z′ = P × (z − c) (7)

where J is a diagonal matrix, denoted as J = diag(λ1…λN); P is a
transformation matrix, representing the offset angle of the matrix.

Given the diagonal matrix J , the coordinates of the
vertices zc,i

′ of the transformed high-dimensional ellipsoid
are shown in Equation 8:

{{{{{{{{
{{{{{{{{
{

zc,1
′ = [1/√λ1,0…0],zc,N+1′ = −[1/√λ1,0…0]

zc,2
′ = [0,1/√λ2…0],zc,N+2′ = −[0,1/√λ2…0]

⋮

zc,N
′ = [0,0…1/√λNPV

],zc,2N′ = −[0,0…1/√λN]

(8)

wheremi represents the weight coefficient of the i-th vertex.
Step (3): Due to the high-dimensional linear polyhedral set

obtained from step 2, a small number of data points fall outside the
envelope. Therefore, a scaling process is necessary for the original
set, as shown by the solid lines in Figure 3c. After scaling, the vertices
of the high-dimensional linear polyhedron are shown in Equation 9:

{{{{{{{{
{{{{{{{{
{

kzc,1
′ = [k/√λ1,0…0],kzc,N+1′ = −[k/√λ1,0…0]

kzc,2
′ = [0,k/√λ2…0],kzc,N+2

′ = −[0,k/√λ2…0]

⋮

kzc,N
′ = [0,0…k/√λN],kzc,2N′ = −[0,0…k/√λN]

(9)

At this point, the scaled high-dimensional linear polyhedral
uncertainty set Up2 is shown in Equation 10:

Up2 =

{{{{{
{{{{{
{

z′ ∈ RN×1
|||||

|

z′ =
2N

∑
i=1

mikzc,i
′

2N

∑
i=1

mi = 1;  0 ≤mi ≤ 1

}}}}}
}}}}}
}

(10)

where k is the scaling factor, used to adjust the conservativeness
of the high-dimensional linear polyhedral envelope range. The
calculation method for k is detailed in Moradian et al. (2024), thus
there exists a minimum kmin that ensures the scaled polyhedral set
precisely envelops all possible data points. The derivation process
of kmin is shown in Supplementary Appendix SA1. Consequently,
the valid range for k is [0,kmin], and the polyhedral sets formed by
different values of k are illustrated in Figure 4.

The scaling factor influences the degree to which the convex
hull set envelops data points. When k = 1, the convex hull set,
formed by connecting the ellipsoid’s endpoints, does indeed
envelop all historical PV output points. However, it fails to fully
account for certain extreme scenarios, which, while reducing the
conservativeness of the optimization outcomes, compromises the
system’s robustness. By gradually increasing the scaling factor of the
convex hull set until it equals kmin, the set now fully encompasses all
historical output points. Unlike the box set, it minimally envelops

blank areas, thus, while decreasing the conservativeness of the
optimization results, it enhances the robustness of the outcomes
simultaneously.

Step (4): Rotate and translate the scaled high-dimensional
linear polyhedron so that it conforms to the original data points’
range. From Equation 7, it is known that after rotation and
translation, the high-dimensional linear polyhedral uncertainty set
Up1 is shown in Equation 11:

Up1 =

{{{{{
{{{{{
{

z ∈ RN×1
|||||

|

z =
2N

∑
i=1

mi(c + kP−1zc,i′)

2N

∑
i=1

mi = 1;  0 ≤mi ≤ 1

}}}}}
}}}}}
}

(11)

In summary, when the box set is used to describe the fluctuation
of photovoltaic output, because it is an interval set, as shown in
the black box square box line in Figure 4. Although it completely
envelopes all the possibilities of photovoltaic output, due to the
existence of a large number of blank areas, the results obtained by
using this set are conservative to a certain extent. When the convex
hull set is used, it is shown in the color diamond box in Figure 4.
Since it is connected by the endpoints of the elliptical set and the
polyhedron set obtained by scaling, it has a good ability to describe
the historical output points of the photovoltaic, and reduces the
envelope of the blank area while completely enveloping. This solves
the disadvantage of high conservatism brought by the box set.

3 Industrial park microgrid
optimization modeling

3.1 Industrial park microgrid system

The power-to-gas industrial park microgrid system is an
integrated system that combines electricity, thermal energy, and gas
energy, typically involving various energy conversion and utilization
technologies, aiming to achieve efficient energy utilization and
complementarity.

The typical power-to-gas industrial park microgrid system
established in this paper consists of the following components, and
the industrial park microgrid system diagram is shown in Figure 5.

Renewable energy facilities, including solar photovoltaic (PV)
systems and wind turbine generation (WT) systems, which
primarily convert renewable energy such as solar and wind power
into electricity to supply electric loads; energy storage facilities,
including battery energy storage systems (ES), heat storage systems
(HS), and cold storage systems (CS), which not only provide energy
to the system but also store excess energy for future use; heating
equipment, such as gas boilers (GB) and excess heat boilers (EH);
cooling equipment, such as absorption refrigerators (AC); and
various energy conversion equipment, including gas turbines (GT),
electroliers (EG), methane reactors (MR), hydrogen storage tanks
(CH), hydrogen fuel cells (HFC), and electric chillers (EC).

3.2 Demand-side response model

In order to better accommodate clean energy and enhance the
stability and economic efficiency of the system, a demand-side
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FIGURE 4
The range of convex hull sets under different values of k.

FIGURE 5
Industrial park microgrid system diagram.

response model needs to be established on the load side. The model
is constructed as follows:

−ξt =
ΔPDt
ΔρDt
=
PD,curt − P

D
t

ρD,curt − ρ
D
t

(12)

T

∑
t=1

Pcurt =
T

∑
t=1

PDt (13)

ρcur,max
t ≤ ρcurt ≤ ρ

cur,min
t (14)

ρcurt =
{
{
{

ρpeak t ∈ Tpeak

ρvalley t ∈ Tvalley
(15)

where ξt represents the price elasticity coefficient at the moment
t; ΔPDt represents the change in the demand-side load before and
after the response is implemented at the moment t; Δρt represents

the change in the demand-side electricity price before and after the
response is implemented at the moment t; ρDt and ρD,curt respectively
represent the electricity price before and after the demand side
response is applied at themoment t; ρcur,max

t and ρcur,min
t respectively

represent the upper and lower limits of the electricity price before
and after the demand side response are applied at the moment t;
ρpeak and ρvalley represent the peak and valley power before the
demand-side response is implemented; Tpeak and Tvalley respectively
represent the time periods of peak and valley power after the
demand-side response is implemented. Equation 12 defines the
elastic relationship between electricity price and load. Equation
13 ensures the balance of total electricity consumption before
and after the response. Equation 14 defines the value range of
electricity price. Equation 15 defines the peak and valley values of
electricity price. The modeling of thermal load response follows the
same logic.
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3.3 IDR model

However, the demand-side response model only focuses on
making response strategies for a single type of demand-side
resource, in the power-to-gas industrial park microgrid system,
due to the coordinated operation of multiple energy forms
and equipment, the demand-side response model is difficult to
coordinate the operation ofmultiple types of energy and equipment,
an efficient adjustment model is needed to manage and optimize the
operation of the system. Therefore, this paper adopts the Integrated
Demand Response (IDR) model.

0 ≤ ΔP0,IDRt ≤ P
IDR
t (16)

PIDRt ≤ P
IDR
max (17)

whereΔP0,IDRt represents the change of load when the system adopts
the IDR model, PIDRt represents the IDR reserve capacity of the load
at themoment t, and PIDRmax represents themaximum value of the IDR
load. Equation 16 defines the range of load change, and Equation 17
specifies the conditions that the load reserve capacity must satisfy.

4 Objective function and constraints

4.1 Objective function

In this paper, we consider the electricity-gas multi-energy
complementarymicrogridmodel that minimizes the integrated cost
of energy purchase cost, operation and maintenance cost, IDR cost,
and standby cost, and is shown in Equation 18:

min  C = Cbuy +Cmain +CSP +CIDR (18)

Equations 19–22 respectively demonstrate the calculation methods
for energy purchase cost, operation and maintenance cost,
Integrated Demand Response (IDR) cost, and standby cost.

Cbuy =
T

∑
t
[(

bet + s
e

2
PEt +

bet − s
e

2
|PEt |) + b

g
tQ

G
t ] (19)

where Cbuy represents the cost of energy purchased by the system
from the higher grid as well as from the gas grid; PEt represents
the power of interaction between the system and the grid at time
t. A positive value indicates that power is purchased from the grid,
while a negative value indicates that power is sold to the grid; QG

t
represents the natural gas purchased by the system at time t; bet and
bgt represent the price of the electricity and natural gas, respectively,
at the time of purchase at time t; and se represents the price of the
electricity at the time of sale.

Cmain =
N

∑
n

T

∑
t
cnPnt (20)

where cn denotes the number of O&M coefficients of the nth device;
Pnt denotes the output of the nth device at time t.

CSP =
T

∑
t
(c+spP

sp,+
t + c

−
spP

sp,−
t ) (21)

where c+sp and c−sp denote the upward and downward standby cost
coefficients of the grid; Psp,+t and Psp,−t denote the upward and
downward standby capacity of the grid at time t, respectively.

CIDR =
T

∑
t
(cIDRP

IDR
t ) (22)

where CIDR denotes the cost factor when the user
participates in IDR.

4.2 Constraint condition

4.2.1 Energy balance constraints
The expression for the electrical power balance of the system

is shown in Equation 23:

PEt − P
EG
t + η

HFCEPCH,outt + ηGTEQGT
t + P

WT
t

+PPVt + P
ES,dis
t − P

ES,ch
t − P

EC
t = P

D,cur
t −ΔP

0,IDR
t

(23)

where PEGt , PCH,outt , PWT
t , PPVt , PES,dist , PES,cht , PECt indicate the size

of the electrolyzer, hydrogen storage tank, distributed wind power,
distributed photovoltaic, battery storage, electric refrigeration
machine at the moment t to consume or send out the size of the
electric energy; QGT

t indicates that the gas turbine at the moment t
of the size of the gas-to-electricity power; ηHFCE indicates that the
electric efficiency of the hydrogen fuel cell; ηGTE indicates that the
gas turbine gas-to-electricity efficiency.

The gas balance expression for the system is shown in
Equation 24:

QG
t + η

MRQMR
t −Q

GT
t −Q

GB
t = 0 (24)

where QMR
t represents the amount of natural gas injected into the

system by the methane reactor at the moment t; QGB
t represents the

amount of natural gas consumed by the gas boiler at the moment
t; and ηMR represents the natural gas generation efficiency of the
methane generator.

The heat balance expression of the system is shown in
Equation 25:

ηEHPEHt + P
HS,dis
t − PHS,ch

t = P
H
t (25)

where PEHt represents the thermal power produced by the waste
heat boiler at the moment t; PHS,dis

t and PHS,ch
t represent the thermal

power issued or stored in the heat storage tank at the moment t
respectively; PHt represents the thermal load of the system at the
moment t; ηEH represents the heat production efficiency of the waste
heat boiler.

The cold balance expression of the system is shown in
Equation 26:

ηACPACt + η
ECPECt + P

CS,dis
t − P

CS,ch
t = P

C
t (26)

wherePACt represents the cold energy power issued by the absorption
chiller at the moment t; PCS,dist and PCS,cht represent the cold energy
power issued or stored in the cold storage tank at the moment t,
respectively; PCt represents the cold load of the system at themoment
t; ηAC and ηEC represent the refrigeration efficiency of the absorption
chiller, respectively.
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4.2.2 Energy coupling constraints
Electricity - gas conversion mainly includes two aspects of

electricity hydrogen and hydrogen methanization, the system
of electricity - gas conversion coupling constraints expression
is shown in Equation 27:

ηEGPEGt −Q
MR
t − P

CH,in
t = 0 (27)

where ηEG represents the efficiency of the electrolyzer to convert
gas; PCH,int represents the amount of hydrogen input to the hydrogen
storage tank at the moment t. The system heat-cooling conversion is
mainly to convert part of the system heat power into cold power.

The heat-cooling conversion is mainly to convert part of the
input thermal power of the system into cold power, and the
expression of the coupling constraints of heat-cooling conversion of
the system is as follows

ηHFCHPCH,outt + ηGBQGB
t + η

GTQGT
t = P

AC
t + P

EH
t (28)

where ηHFCH represents the thermal efficiency of the hydrogen fuel
cell, ηGB and ηGT represent the thermal efficiency of the gas boiler
and gas turbine respectively.

4.2.3 Operation constraints of energy supply
equipment

The operation constraints of each device in the system are
expressed as Equations 29, 30

Pnmin ≤ P
n
t ≤ P

n
max (29)

ΔPnmin ≤ P
n
t+1 − P

n
t ≤ ΔP

n
max (30)

where Pnmin and Pnmax represent the upper and lower limits of the
n-th equipment output, ΔPnmin and ΔPnmax represent the upper and
lower limits of the nth equipment output change in the neighboring
time period.

4.2.4 Energy storage operation constraints

Smt = S
m
t−1 + η

m,chPm,cht −
Pm,dist

ηm,dis
(31)

{{{{
{{{{
{

0 ≤ Pm,cht ≤ P
m,ch
max D

m,ch
t

0 ≤ Pm,dist ≤ P
m,dis
max D

m,dis
t

Dm,ch
t +D

m,dis
t ≤ 1

(32)

Smmin ≤ S
m
t ≤ S

m
max (33)

SmT = S
m
1 (34)

where Smt denotes the size of energy stored in the m-th storage
device at the moment t, Pm,cht and Pm,chmax denote the maximum
charging and discharging power of the m-th storage device at the
moment t, ηm,ch and ηm,dis denote the charging and discharging
efficiency of the m-th storage device, Dm,ch

t and Dm,dis
t denote the

charging and discharging state of the m-th storage device at the
moment t, respectively. Equations 31–34 sequentially define the
dynamic change relationship of the stored energy of energy storage

devices, the constraints on charging/discharging power and status,
the limitation on the range of stored energy, and the closed - loop
condition for the stored energy at the start and end of the period,
regulating the operation process of the energy storage system.

4.2.5 Hydrogen storage tank operation
constraints

Similar to the battery energy storage, the hydrogen storage tank
can also be regarded as an energy storage device.

SCHt = S
CH
t−1 + η

CH,inPCH,int −
PCH,outt

ηCH,out
(35)

{{{{
{{{{
{

0 ≤ PCH,int ≤ P
CH,in
max DCH,in

t

0 ≤ PCH,outt ≤ PCH,outmax DCH,out
t

DCH,in
t +D

CH,out
t ≤ 1

(36)

SCHmin ≤ S
CH
t ≤ S

CH
max (37)

SCHT = S
CH
1 (38)

where SCHt represents the amount of hydrogen stored in the
hydrogen storage tank at the moment t, PCH,int and PCH,outt represent
the maximum hydrogen filling and discharging capacities of the
hydrogen storage tank at the moment t, ηCH,in and ηCH,out represent
the hydrogen filling and discharging efficiency of the hydrogen
storage tank, DCH,in

t and DCH,out
t represent the hydrogen filling and

discharging energy state of the hydrogen storage tank at themoment t.
Equations 35–38 sequentially define the dynamic change of hydrogen
storageamount inhydrogenstorage tanks, theconstraintsonhydrogen
charging/discharging power and status, the range of hydrogen storage
amount, and the periodic closed-loop condition.

4.2.6 Power exchange constraints in large power
grids

PEt + P
sp,+
t ≤ P

E
max (39)

PEt − P
sp,+
t ≥ P

E
min (40)

where PEmax and PEmin respectively represent the upper and lower
limits of power exchange with the large power grid. Equation 39
defines the upper limit of the power exchange combined with the
upward reserve, and Equation 40 specifies the lower limit of the
power exchange after deducting the upward reserve.

4.2.7 Constraint on reserve capacity
In order to ensure the reasonable reserve capacity of the system,

the constraints are set as Equations 41–43.

0 ≤ Psp,+t ≤ P
sp,+
max (41)

Psp,−min ≤ P
sp,−
t ≤ P

sp,−
max (42)

Psp,+t + P
IDR
t ≥ P

sp,+
min (43)

where Psp,+max and Psp,−max respectively represent the maximum values of
upward and downward reserves, and Psp,−min represents the minimum
value of downward reserves.
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FIGURE 6
Renewable energy forecast output and load size.

4.2.8 Constraint on output of renewable energy
The constraints of renewable energy are as Equations 44, 45.

0 ≤ PWT
t ≤ ̃P

WT
t (44)

0 ≤ PPVt ≤ ̃P
PV
t (45)

5 Robust optimization method for
microgrid in industrial park

5.1 Robust optimization model
establishment

Let the renewable energy constraint variable of the system
be vector PRE = {PPVt ,P

WT
t }; the constraint variable of energy

storage equipment be vector PES = {Smt ,P
m,ch
t ,P

m,dis
t }; the constraint

variable of energy supply equipment be vector PE = {Pnt }; the
operation constraint variable of hydrogen storage tank be vector
PCH = {SCHt ,P

CH,in
t ,P

CH,out
t }; the energy purchase constraint variable

be vector PSP = {PEt ,Q
G
t ,P

sp,+
t ,P

sp,−
t }; and the IDR constraint variable

be vector PIDR = {ΔP0,IDRt ,P
IDR
t }. Then, the matrix form of the

robust optimization model for the microgrid in the industrial park
established in this paper is as Equation 46.

min
x
(max

u∈U
min

y∈Ω(x,u)
cTy)

s.t. Ax ≤ d (a)

Gy ≤ h−Ex −Mu (b)

(46)

where x and y are the decision variables of the model, and u
is the uncertain variable. Among them, the first-stage decision
variables x = {Dm,ch

t ,D
m,dis
t },D

m,ch
t , andDm,dis

t represent the charging
and discharging states of the m-th energy storage system; the
second-stage decision variable is y = {PRE,PES,PE,PCH,PSP,PIDR};
the second-stage uncertain variable is u = { ̃PPVt , ̃P

WT
t }. The constant

matrix A represents the coefficient matrix related to the decision
variable x. The column vector d is a constant and represents

the coefficient vector related to the decision variable x. The
constant matrices G and E represent the coefficient matrices
related to the decision variable y. The column vector h is a
constant vector and represents the coefficient vector related to
the decision variable y. The constant matrix M represents the
coefficient matrix related to the uncertain variable u. Ω(x,u)
is the feasible region of the continuous variable (x,u) when y
is given. cTy represents the objective function of the second
stage, corresponding to Equations 19 and 47 corresponds to the
constraint condition related to the first-stage variable x; (47-b)
corresponds to the constraint condition related to the second-stage
variable y.

For a two-stage robust optimization model like Equation 47,
since it contains both continuous variables and integer variables,
and the second stage of the model contains uncertain parameter
u, it cannot be directly solved. Therefore, this paper uses method
C&CG (Nayak et al., 2025; Michos et al., 2024) to transform it
into a master-slave problem for solution. Among them, the master
problem is to solve the integrated energy optimization model with
the minimum comprehensive cost under the worst case; the sub-
problem is to first solve the integer solution of the master problem
(such as the charging and discharging state of the energy storage
battery), and then optimize the remaining continuous variables to
minimize the comprehensive cost obtained by the system under the
worst case.

5.2 C&CG iterative solution method

The master-slave problem corresponding to Equation 47
is modeled as

MP1:

{{{{{{{
{{{{{{{
{

min
x,y,u
(η)

s.t. Ax ≤ d

Gyl ≤ h−Ex −Mul ∀l ≤ k

η ≥ cTyl ∀l ≤ k

(47)

SP1:
{
{
{

max
u∈U

min
y∈Ω(x,u)

cTy

s.t. Gy ≤ h−Ex∗ −Mu:π
(48)

The main problemMP1 corresponding to Equation 48 is solved
first, at this point, MP1 belongs to the mixed-integer second-order
cone programming problem. After solving the first-stage variable
solution x∗ corresponding to MP1 and the auxiliary variable η
introduced in k+ 1 iterations, which isC&CG-cut.Then, the variable
solution x∗ derived in the first stage is brought into the second
stage subproblem SP1 to find the worst-case scenario ul , where l
is the number of historical iterations and k is the number of current
iterations. Finally, the worst-case scenario ul solved in the second
stage is brought into the main problem MP1 of the first stage and
iterated. Where the last three constraints of Equation 48 are the set
of optimal and feasible cut planes resulting from the previous k
iterations, respectively. π is the dyadic variable of the subproblem
constraints.

5.2.1 Sub-problem solution method
Equation 49 is a max-min optimization problem, therefore, in

this paper, the pairwise theorem is used to convert the inner
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TABLE 1 Operation parameters of each device.

Device type Device parameters Value

EG
Transformation efficiency 0.8

Operation and maintenance cost (Yuan/kWh) 0.01

CH

Capacity (kWh) 20,000

Charging and discharging efficiency 0.95

Upper and lower limits of gas charging and discharging power (kW) 4,000

Initial gas volume 10,000

Operation and maintenance cost (Yuan/kWh) 0.01

GT

Electrical transformation efficiency 0.26

Thermal transformation efficiency 0.68

Operation and maintenance cost (Yuan/kWh) 0.03

GB
Operational efficiency 0.1

Operation and maintenance cost (Yuan/kWh) 0.8

AC
Operational efficiency 0.8

Operation and maintenance cost (Yuan/kWh) 0.03

EH
Operational efficiency 0.8

Operation and maintenance cost (Yuan/kWh) 0.025

EC
Operational efficiency 3

Operation and maintenance cost (Yuan/kWh) 0.03

ES

Capacity (kWh) 5,000

Charging and discharging efficiency 0.9

Upper and lower limits of charging and discharging power (kW) 2,000

State of charge at start” 0

Operation and maintenance cost (Yuan/kWh) 0.02

CS

Capacity (kWh) 5,000

Charging and discharging efficiency 0.9

Upper and lower limits of charging and discharging power (kW) 1,000

Initial capacity (kWh) 0

Operation and maintenance cost (Yuan/kWh) 0.02

HS

Capacity (kWh) 5,000

Charging and discharging efficiency 0.9

Upper and lower limits of charging and discharging power (kW) 1,000

Initial capacity 1,000

Operation and maintenance cost (Yuan/kWh) 0.02
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TABLE 2 The effect of scaling factor k on various costs.

Various costs/dollar k = 0.4 k = 0.6 k = 0.8 k = 1.0 k = 1.2

Operation and maintenance cost
238 236 234 232 231

44.1 62.2 79.4 96.7 21.6

Energy purchase cost
152 153 155 156 157

071.9 636.1 202.1 768 816.3

Standby cost
864 864 864 864 864

0 0 0 0 0

IDC cost
298 298 298 298 304

92.5 92.5 92.5 92.5 24.5

Total cost
214 215 217 218 220

448.5 830.8 214 597.2 002.4

TABLE 3 The influence of the three aggregations on individual costs.

Various costs/$ Cassette set Polyhedral set (%change) Convex packet ensemble (%change)

Operation and maintenance cost 22927.4 22984.8 (+0.25%) 23121.6 (+1.24%)

Energy purchase cost 159509.5 159044.5 (−0.29%) 157816.3 (−1.06%)

standby costs 8,640 8,640 (0.00%) 8,640 (0.00%)

IDR costs 30497.7 30497.7 (0.00%) 30424.5 (−0.24%)

system cost 221574.6 221,167 (−0.18%) 220002.4 (−0.71%)

min problem of Equation 49 into its pairwise form to merge
it into a maximization problem, which is shown in the form
of Equation 50.

max
u,π
−(h−Mu−Ex)Tπ

s.t. c +NTπ = 0

π,τa,τb ≥ 0

(49)

in Equation 50, there exists a bilinear term (Mu)Tπ , which is solved
here by using the outer approximation of the bilinear term. The
master problem MP2 and subproblem SP2 are obtained as shown
in Equations 51 and 52.

SP2:
{{{{
{{{{
{

max
u,π
−(h−Mu−Ex)Tπ

s.t. c +NTπ = 0

π,τa,τb ≥ 0

(50)

MP2:

{{{{{{{
{{{{{{{
{

max
u,π
−(h−Ex)Tπ + β

s.t. c +NTπ = 0

π,τa,τb ≥ 0

β ≤ Gm(u,π),∀m ≤ n

(51)

where MP2 and SP2 are used to solve the upper and lower
bounds of Equation 38, respectively, m is the number of historical

iterations, and n is the number of current iterations. An auxiliary
variable β is introduced to replace the bilinear term in the original
equation, and a bilinear term exists in Equation 52 Gm(u,π) =
(Mu)Tπ. Therefore, it is necessary to use the outer approximation
method for linearization, and the linearization formula is
shown in (53).

Gn(u,π) = (un)Tπn
sp + (u− un)Tπn

sp + (π −πn
sp)

Tun (52)

6 Example analysis

This section is validated using the IEEE-RTS 24 node
example system. To reflect the planning requirements of the
power generation and transmission system, the load will be
increased by 1.4 times. At the same time, 400 MW wind farms
were connected at nodes 3, 6, 15, 18, and 23, respectively.
According to Equation 28, the predicted wind power output
value is about 115 MW, and the fluctuation of wind power
output is ±30% of the predicted value. The typical value of sub
transient reactance for all units is 0.1 (standard value). This
example has two voltage levels, namely, 138 kV and 230 kV,
and the maximum allowable current of the circuit breaker is
31.5 kA and 35 kA, respectively. The abandonment cost and load
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FIGURE 7
(Continued).

shedding cost are $150/(MWh) and $5,000/(MWh) respectively.
This article considers N-1 random faults in power generation
and transmission, and the convergence threshold of the C&CG
algorithm ζ Set to 0.001.

6.1 Example setting

In order to verify the effectiveness of the data-driven industrial
park microgrids robust optimization method established in this
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FIGURE 7
(Continued). Influence of robust adjustment coefficient β on each cost. (a) Influence of robust adjustment coefficient β on O&M costs. (b) Influence of
the robust adjustment coefficient β on the cost of purchased energy. (c) Influence of the robust adjustment coefficient β on standby costs. (d)
Influence of the robust adjustment coefficient β on IDR costs. (e) Influence of the robust adjustment coefficient β on total costs.

paper, this section cites a 24-h operation example of an industrial
park in Hubei Province for verification. The equipment installed
in the industrial park includes wind power, photovoltaic, gas
boiler and waste heat boiler. Absorption chillers, gas turbines,
electroliers, methane reactors, hydrogen storage tanks, hydrogen
fuel cells, electric chillers, energy storage systems, etc. Among
them, the wind power, photovoltaic prediction and load size of
the system are shown in Figure 6. The operating parameters of
each device are shown in. The operating parameters of each
device are shown in Schedule A1. According to the calculation
method given in (Hamed and Rasoul, 2021), the value kmin
here is 1.22.

6.2 Result analysis and verification

6.2.1 The influence of scaling factor k on the
optimization results

The impact of the scaling factor on the robust optimization
of the industrial park microgrid is shown in Table 2. The size of

the scaling factor determines the extent to which the constructed
convex hull set covers historical data. As seen from Table 2, with the
increase of the scaling factor, the system’s operational cost gradually
decreases, while the energy purchase cost continues to increase.This
is because the increase in the scaling factor expands the envelope
range of the convex hull uncertainty set over the historical output
data, meaning that the fluctuation range of renewable energy output
becomes larger,making theworst-case scenariomore likely to occur.
When volatile renewable energies such as distributed photovoltaics
andwind power continuously inject into the distribution network, in
order to maintain supply-demand balance and reduce disturbances
caused by the injection of uncertain energy, the systemneeds to filter
out a large portion of the power injected by distributed photovoltaics
and wind power. This leads to a reduction in the maintenance cost
of photovoltaic and wind power equipment, and as a result, the
overall operational cost decreases. Meanwhile, since the injection of
distributed energy is reduced, more injection power from the grid
is needed to meet the system’s electricity supply, thereby gradually
increasing the energy purchase cost. Reserve cost refers to the
margin cost incurred to account for the system’s response to possible
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random events and depends on the system’s contingency plan for
the worst-case scenario. Therefore, regardless of changes in the
scaling factor, the reserve cost shows little variation. Similar to
the reserve cost, the IDR (Interruptible Demand Response) cost is
an added cost to enhance the system’s stability margin. When the
scaling factor is less than or equal to 1, the convex hull set does not
envelop the extreme worst-case conditions, and thus the IDR cost
remains unchanged. However, when the scaling factor exceeds 1, the
convex hull set covers all possible scenarios, including theworst-case
scenario. To improve the overall efficiency of the system, users need
to appropriately shed load, which results in an increase in IDR cost.

6.2.2 The influence of robust adjustment
coefficient β on the optimization results

Figure 7 demonstrates the influence of the robust adjustment
coefficient β on the results of the robust optimization of the
industrial park microgrid. From the figure, it can be seen that as the
robust adjustment coefficient increases, each of the costs changes
more or less, except for the standby cost, which is unaffected by
system changes, which stays constant at $8640. When the robust
adjustment coefficient of the system is small, the uncertain energy
injected into the system at this time will be approximated as
deterministic energy, the various equipment of the system will
operate stably, and the photovoltaic and wind power equipment
of the system will operate at full efficiency, so the operation and
maintenance cost is the largest, and at the same time, due to the
injection of the deterministic energy, the system purchased energy
from the port decreases, so the system’s purchased energy cost is the
smallest, and with the increase in the robust adjustment coefficient,
this uncertainty energy injection will rise and the amount of energy
purchased by the system from the port will keep on rising, which
in turn leads to the rise of the system’s energy purchase cost and
the decrease of the O&M cost. For the IDR cost, when β ≤ 0.7,
the envelope always fails to cover the extreme conditions for both
the boxed set and the convex packet set with different deflation
multiples, so the IDR cost always stays the same; while when β is
large, at this time, when the deflation multiples k = kmin, the convex
packet set will completely envelope theworst case when the deflation
multiples are large, which will increase the IDR cost at this time,
but due to the fact that the boxed set can not accurately envelope
the distribution of the uncertain parameters, resulting in the blank
area of the envelope. Region, resulting in more blank regions in
the envelope, so the boxed set corresponds to the largest IDR cost
compared to the convex packet set.

As the robust adjustment coefficient increases, the magnitude
of the change in the cost of purchased energy and O&M cost
will remain stable when the convex packet ensemble is used,
specifically, when the deflation multiplier increases from 0.4 to 1.2,
the magnitude of the change in the cost of purchased energy and
O&M cost will be stabilized at the time when the robust adjustment
coefficient is equal to 0.3, 0.4, 0.6, 0.7, and 0.8, which is related to
the renewable energy equipment’s power output situation. When
β is small, the system is poorly adapted to the renewable energy
perturbation and the cost does not change much no matter what

FIGURE 8
Output of each device under three aggregations. (a) Output of
Cassette set equipment. (b) Output of polyhedral set equipment. (c)
Outputs of the convex packet ensemble.
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TABLE 4 Comparative analysis of optimization methods.

Comparison item Scheduling cycle: 24 h Scheduling cycle: 72 h

Convex hull set Scenario-based
stochastic
optimization

Convex hull set Scenario-based
stochastic
optimization

Scheduling time/s 25 65 42 97

kind of ensemble is used, on the contrary, when β is large, the system
is better adapted to the distributed PV perturbation. However, when
the convex packet ensemble is used, the envelope range of the convex
packet ensemble is different due to different deflation multiples.
When the deflation multiplier k = 0.4, the envelope range of the
convex packet ensemble is also smaller. In this case, changing the size
of the robust regulation coefficient β will not significantly affect the
renewable energy output size, so the effect of changing β to a certain
extent on the renewable energy output will be minimal. However,
when the deflation facto k = kmin, the convex packet uncertainty
set will encompass all the historical data, so it will be adjusted
accordingly to the increase of the robust regulation coefficient β,
which will affect the size of the renewable energy output. Since the
purchased energy cost of the system accounts for a large proportion
of the total cost, the trend of the total cost of the system is similar to
that of the purchased energy cost.

6.2.3 The influence of the three aggregations on
individual costs

The effects of the three uncertainty sets on each cost are
further compared when the deflation multiplier k = kmin, the robust
adjustment coefficient β = 1, and the uncertainty Γ = 0.9 are used, as
shown in Table 3. From Table 3, it can be seen that when different
sets are used, the total cost of using the convex packet set is lower
than that of the box set and the polyhedral set, except that the
standby cost remains basically the same. This is due to the fact
that when there is spatio-temporal correlation of the uncertain
parameters, the convex packet ensemble can change the envelope
range of the convex packet ensemble by deflation to make it fit
the distribution region of the uncertain parameters better, which
enhances the robustness of the system and reduces the conservatism.
On the other hand, the polyhedral set changes the envelope of
the polyhedral set by changing the uncertainty, and in order to
encompass the historical data of all renewable energy outputs, the
polyhedral set needs to increase the uncertainty, which enables the
expansion of the envelope of the polyhedral set in an untargeted
manner, although this enhances the robustness of the solution
results, but over-expansion for the sake of a few scenarios of the
data increases the conservatism of the solution instead. The boxed
ensemble, on the other hand, is a preliminary characterization
of the uncertain parameter distribution range, and therefore the
conservativeness and robustness of the solution results are theworst.

6.2.4 Output of each device in three pools
Figure 8 gives the output of each device at the electric power

balance under the three uncertainty sets. From the figure, it can be
seen that in the multi-energy complementary microgrid system, the
individual devices coordinate with each other and work together to

maintain the electric power balance. In the PV big hairy time period
(12–16 h), the system purchases the lowest electric power from the
ports, the polyhedral ensemble is the second, and the box ensemble
is the most when the convex packet ensemble is used, which is the
same as the conclusion obtained in the previous paper, and further
verifies that the use of the convex packet ensemble enhances the
robustness of the solution results and reduces the conservatism.

6.2.5 Computational efficiency analysis
To verify the computational efficiency of the convex hull

uncertainty set, we supplemented simulation analyses comparing
the convex hull set method with scenario-based stochastic
optimization in the revised manuscript. The comparative results
are shown in the table below.

As shown in Table 4, when handling problems of the same
scale, the convex hull set method proposed in this paper exhibits
significant computational efficiency advantages over scenario-based
stochastic optimization. Even as the problem scale increases, the
convex hull set method still outperforms scenario-based stochastic
optimization in computational efficiency.

7 Conclusion

In this paper, a research model of the industrial park microgrids
robust optimization method based on data-driven is constructed
and solved by C&CG algorithm. Finally, by comparing the industrial
park microgrids robust optimization methods under different sets,
the simulation results show that:

1. Compared with the interval set which can only take extreme
conditions at the boundary, the polyhedron set has a better
envelope for the range of uncertain parameters, which makes
the operation result more robust.

2. When the robust adjustment coefficient is the same, the total
system cost of using the convex hull set is 0.71% lower
than that of the box set and 0.53% lower than that of the
polyhedron set. For the convex hull set with different scaling
multiples, this not only increases the envelope of the region
with higher distribution of uncertain parameters, but also
reduces the envelope of the blank region with low probability.
Therefore, compared with the polyhedral set, the industrial
park microgrids robust optimization method using the convex
hull set is less conservative and more robust.

In the future, we will explore the comparative analysis between
convex hull sets and advanced data-driven methods such as
distributionally robust optimization and machine learning-based
uncertainty sets, with a view to providing more comprehensive
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and forward-looking research results for the field of multi-energy
microgrid optimization.
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