
Academic Editor: José Matas

Received: 17 March 2025

Revised: 31 March 2025

Accepted: 10 April 2025

Published: 14 April 2025

Citation: Wu, Z.; Chen, C.; Xu, D.;

Guan, L. Frequency-Constrained

Economic Dispatch of Microgrids

Considering Frequency Response

Performance. Energies 2025, 18, 2014.

https://doi.org/10.3390/

en18082014

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Frequency-Constrained Economic Dispatch of Microgrids
Considering Frequency Response Performance
Zhigang Wu, Chuyue Chen, Danyang Xu * and Lin Guan

School of Electric Power Engineering, South China University of Technology, Guangzhou 510640, China
* Correspondence: epdyxu@mail.scut.edu.cn

Abstract: The increasing penetration of renewable energy sources (RESs) has reduced the
inertia and reserve levels of microgrids, posing challenges to frequency security during
power imbalances. To address these challenges, this paper proposes a multi-objective
distributionally robust frequency-constrained economic dispatch (DRFC-ED) model. First,
the model aims to jointly optimize generation dispatch, reserve deployment, and the virtual
inertia and damping constants of inverter-based resources to achieve a comprehensive
optimization of both economic efficiency and frequency response performance. Then, the
model further considers the distinctions between inertia and damping in the frequency
response for more effective parameter deployment. Furthermore, the model leverages
deep neural networks (DNNs) to convexify non-convex frequency constraints and employs
a distributionally robust chance-constrained approach with Wasserstein distance-based
ambiguity sets to handle RES uncertainty. Additionally, a method of directly obtaining the
compromise optimal solution is used to transform the multi-objective problem into a single-
objective one. Finally, the model is formulated as a mixed-integer linear programming
problem and validated through case studies, demonstrating (1) an 8.03% reduction in
the frequency integral time absolute error (ITAE) with only a 2.1% increase in economic
cost compared to single-objective approaches, while (2) maintaining maximum frequency
deviation (MFD) < 0.5 Hz during disturbances.

Keywords: microgrid scheduling; frequency-constrained optimal dispatch; virtual inertia
and damping dispatch; multi-objective optimization; distributionally robustness

1. Introduction
Microgrids, as carriers integrating diesel generators, renewable energy sources (RESs), energy

storage systems (ESSs), and local loads, can achieve integrated generation–storage–consumption
operations, offering vast development potential [1]. However, microgrids with a high
penetration of RESs have lower inertia and reserve levels, making frequency security issues
prominent during power disturbance events, such as unintentional islanding events or
load disturbances. Frequency-constrained optimal dispatch is proposed in this context to
enhance the frequency security of microgrids from the system operation level.

In the field of frequency-constrained optimal dispatch research, the modeling and
convexification of frequency constraints is an interesting yet challenging topic. Due to the
close electrical distances within microgrids, the topology can be neglected [2], and current
research on the modeling of frequency constraints is typically based on center-of-inertia
frequency response models (i.e., average system frequency model [3] or system frequency
response model [4]). By linearizing the primary frequency response (PFR) process of
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generators [5] or constructing the frequency deviation function [6], the high-order, closed-
loop average system frequency model is opened up, yielding the three key frequency
metrics of rate of change of frequency (RoCoF), frequency zenith/nadir (i.e., maximum
frequency deviation (MFD)), and quasi-steady-state frequency deviation (QSSFD). However,
the open-loop method of the average system frequency model can only obtain approximate
frequency constraints, leading to significant errors and unnecessary conservatism [7].
By directly solving the second-order system frequency response model, the analytical
expression for the frequency deviation function is obtained, thereby yielding accurate
frequency constraints [8,9]. Specifically, this refers to the MFD constraint, as the other
two constraints can be accurately derived regardless of the model used. To improve the
accuracy of frequency constraints, we will conduct research based on the system frequency
response model in the subsequent sections.

Currently, some studies are focused on developing algorithms to convexify the MFD
constraint. The piecewise linearization method has been widely adopted [10]. However,
this method struggles to achieve a balance between accuracy and the computational burden
of the fitting process. From a classification perspective, a support vector machine-based
convexification method [8] for the MFD constraint is used. Additionally, a convex hull
approximation method has been proposed to delineate the frequency security bound-
ary [11]. However, this method can only convexify the MFD constraint for a specific power
imbalance. When the power imbalance is a priori unknown (i.e., when it is a decision
variable in the optimization model), the security boundary is influenced not only by the
system parameters but also by the power imbalance itself. Therefore, it is necessary to
find a convexification method for the MFD constraint that offers high accuracy, strong
scalability, and does not introduce excessive computational burden. Similar convex re-
laxation challenges arise in hybrid AC/DC microgrid optimization, where the authors
of [12] proposed steady-state convex bi-directional converter models to handle massive
RES uncertainty scenarios.

In recent years, with the introduction of various advanced control algorithms, inverter-
based resources have acquired frequency support capabilities similar to those of syn-
chronous generators. This is particularly important in weak power grids. Previously, some
studies focused on developing real-time control algorithms at the device level for inverter-
based resources [13]. Recently, attention has shifted towards how to integrate device-level
control with system-level operation to achieve both economic efficiency and system security
in power systems. The coupling of rotor speed, primary frequency reserve, and virtual
inertia in wind turbines is modeled in detail, and the control parameters of wind turbines
are optimized online in look-ahead dispatch [14]. The inertia and damping constants of
RESs and ESSs are treated as decision variables and are similarly optimized in a rolling
manner in look-ahead power dispatch [11] to comply with newly released grid codes [15].
Similarly, the coordination of frequency regulation capabilities from multi-source convert-
ers is considered in unit commitment, and the control modes of wind turbines and ESSs
are modeled [16]. These studies have detailed the modeling of the coupling relationships
between the operating conditions of inverter-based resources (such as wind speeds for
wind turbines or energy reserves for ESSs) and control parameters. However, the previous
work only ensures that frequency metrics stay within thresholds, neglecting crucial factors
such as frequency fluctuations and their duration in dynamic response. This oversight can
lead to significant issues, such as an unsatisfactory frequency response, even when the
frequency constraints are met [17]. The integral time absolute error (ITAE) of frequency
is defined as a measure of the extent to which the frequency deviates from its rated value
over a period of time. It is calculated as the integral of the absolute value of the frequency
deviation over time, which serves as a proxy for the changes in kinetic energy induced by
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the disturbance [18]. Superior frequency response characteristics include a shorter recovery
time for frequency and a lower frequency deviation during disturbances [19]. A poor ITAE
of frequency can also lead to certain safety issues [20], such as the overheating failures of
electric motors, which subsequently aggravate the failure rates of sophisticated production
lines. Therefore, it is necessary to improve the ITAE of frequency as much as possible while
ensuring frequency security [21].

As the penetration of RESs continues to increase, in addition to deploying PFR reserves,
additional headroom should be reserved to smooth out RES fluctuations. This part of the
reserves is referred to as the “regulation reserves”. The deployment of regulation reserves
depends on the forecast error of RESs. Over-deployment can lead to economic inefficien-
cies, while under-deployment can cause power imbalances. However, unlike large-scale
disturbances, this type of power imbalance is continuous and smaller in scale, not causing
severe frequency security issues, but it can still pose a threat to system operation over time.
To reasonably describe and address the uncertainty of RESs, the distributionally robust
chance-constrained approach has recently garnered significant attention. This approach
combines distributionally robust optimization and chance-constrained optimization to
provide more flexible and reliable solutions when dealing with uncertainty. The bene-
fits include improved system reliability in uncertain environments and avoiding overly
conservative results [22]. The works of [23,24] describe the uncertainty of RESs using
moment-based ambiguity set. However, since moment-based ambiguity set cannot fully
utilize historical data, the results tend to be overly conservative. Additionally, in microgrids,
aside from diesel generators, both ESSs and power exchange lines between microgrids and
the main grid can reserve regulation reserves to fully utilize various regulating resources.
To the best of the authors’ knowledge, current studies have rarely considered this aspect.

Based on the aforementioned literature review and the knowledge gaps shown in
Table 1, this work makes the following contributions:

• A distributionally robust frequency-constrained economic dispatch (DRFC-ED) model
is proposed, with the objectives of minimizing economic costs and enhancing the
ITAE of frequency, a crucial metric for evaluating frequency response performance.
This model simultaneously optimizes generation dispatch, power exchange, and
upward/downward PFR and regulation reserves.

• The MFD and ITAE of frequency are modeled as ternary functions of the inertia con-
stant, damping constant, and power imbalance. To address their highly non-convex
nature, linear layers are used from deep neural networks (DNNs) for convexifica-
tion and embedded into the mixed-integer linear programming model using the
big-M method.

• To address the challenge of the different dimensions of economic cost and the ITAE of
frequency in the objective function, a multi-objective optimization method is used to
directly obtain the compromise optimal solution. This method transforms the original
multi-objective mixed-integer linear programming model into a single-objective model
that is easier to solve.

• The Wasserstein distance-based ambiguity set is used to describe the uncertainty of
RESs, which can make fuller use of historical data compared to the moment-based
ambiguity set. The regulation reserves of diesel generators, ESSs, and the power
exchange line are modeled to fully utilize various resources’ contributions in managing
the uncertainty of RESs.
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Table 1. Comparison of key contributions.

Aspect Previous Studies Our Work Advancement

Maximum frequency
deviation (MFD)

Constraint Convexification

Piecewise linearization
[10], Support Vector

Machine (SVM)-based
method [8], convex hull

approximation [11]

Deep neural network
(DNN)-based

convexification with linear
layers, big-M method

Higher accuracy and
scalability for variable

power imbalances

Frequency
Performance Metric

Focus only on MFD/Rate
of change of frequency
(RoCoF)/quasi-steady-

state frequency deviation
(QSSFD) threshold [7,8],

ignores transient
dynamics [17]

Integral time absolute error
(ITAE) optimization

alongside three
frequency constraints

Improves dynamic
response quality (recovery

time, oscillations)

Uncertainty Handling
Moment-based ambiguity
sets [23,24], relies on diesel
generators for reserves [22]

Wasserstein distance-based
distributionally robust

chance constraints

Reduces conservatism
using historical data

Multi-Objective
Optimization

Single-objective
(economics vs. security)

[11,14], decoupled
control/operation

layers [16]

Direct compromise
solution via transformation

to single-objective
mixed-integer

linear programming

Preserves Pareto optimality
without

arbitrary weighting

The rest of the paper is organized as follows. Section 2 derives the expressions for
frequency constraints and the ITAE of frequency based on the system frequency response
model and introduces the convexification method based on DNNs. Section 3 presents the
formulation of DRFC-ED, and Section 4 introduces the solution methodology of DRFC-ED.
Section 5 conducts a case study, and finally, Section 6 concludes the paper. Before introduc-
ing the detailed content, this paper first outlines the assumptions and simplifications made
in this paper:

• Although RES generators are also a type of inverter-based resource and various control
algorithms have been developed to provide frequency support, they are currently
mostly operated at the maximum power point to achieve maximum resource utiliza-
tion [25]. Additionally, the uncertainty of RESs introduces further uncertainty in their
frequency support, making the problem more complex. Therefore, this paper considers
the frequency support provided only by diesel generators and ESSs in microgrids.

• Power electronic inverters can be categorized into grid-following and grid-forming
types. Given that this paper focuses on microgrids, which are typically more fragile,
ESSs are considered to be connected to the grid through grid-forming inverters to
participate in the construction of frequency [26]. Additionally, the VSG strategy is
used to control ESSs, which is considered the most widespread and typical control
method [19,27].

2. Modeling of Frequency Constraints and ITAE of Frequency
2.1. Center-of-Inertia Frequency Response Model

The center-of-inertia frequency response of the power system after a disturbance can
be analyzed using the system frequency response model shown in Figure 1. The governor
dynamics of diesel generators are modeled as a first-order inertial system [28].
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The calculation of the parameters in Figure 1 is as follows:

Hsys = HG + HE =

∑
g∈G

Pmax
g HH

g + ∑
e∈E

Pmax
e HE

e

SB
(1)

Dsys = DL + DG + DE =

DLPD + ∑
g∈G

Pmax
g DH

g + ∑
e∈E

Pmax
e DE

e

PB
(2)

KG =

∑
g∈G

Pmax
g KG

g

PB
(3)

TG =

∑
g∈G

Pmax
g KG

g TG
g

∑
g∈G

Pmax
g KG

g
(4)

Assuming that a step disturbance occurs, the frequency dynamic process can be
expressed as (5).

∆ f (s) = −∆Pimb

s
× 1

2Hsyss + Dsys + KG

1+sTG

=
−∆Pimbω2

n
Dsys + KG × 1 + sTG

s(s2 + 2ζωns + ω2
n)

(5)

where:  ω2
n = Dsys+KG

2HsysTG

ζ = 1
2

2Hsys+DsysTG√
2HsysTG(Dsys+KG)

(6)

By performing the inverse Laplace transform on (5), the time-domain expressions
for the frequency deviation function in both overdamped and underdamped cases can be
obtained. The relevant derivation can be found in [29], where ∆f max is used to represent
the expression of MFD. ∆f (s), ωn, and ζ represent the frequency deviation, the natural
frequency of the system, and the damping ratio, respectively. In (6), Hsys represents the
aggregate inertia constant of the microgrid, reflecting the kinetic energy storage capacity;
Ksys denotes the system frequency regulation gain, quantifying the primary control response
speed; and Dsys models the composite load damping effect, which inherently stabilizes
frequency deviations.

2.2. Modeling of Frequency Constraints
2.2.1. RoCoF Constraint

The RoCoF reaches its maximum value immediately after the disturbance and must
remain below the permissible threshold:

RoCoFmax =

∣∣∣∣∣∆Pimb f0

2Hsys

∣∣∣∣∣ ≤ RoCoF (7)
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2.2.2. MFD Constraint

MFD should be constrained to prevent it from exceeding the threshold, which would
trigger under-frequency load shedding or over-frequency generator tripping.

The expressions for MFD in both cases are derived (see [29] for the full derivation).
The MFD function in the overdamped case is as follows:

∆ fmax =
−∆PimbTG

Dsys + KG

[
a0 −

b(a0 − a)
b − a

e−ato +
a(a0 − b)

b − a
e−bto

]
(8)

where 

a0 = 1/TG

a =
(

ζ −
√

ζ2 − 1
)

ωn

b =
(

ζ +
√

ζ2 − 1
)

ωn

to =
ln a0−a

a0−b
a−b

(9)

The MFD function in the underdamped case is as follows:

∆ fmax =

∣∣∣∣∣ ∆Pimb

Dsys + KG

∣∣∣∣∣
(

1 +
√

1 − ζ2αe−ζωntu

)
(10)

where 

α =

√
1−2TGζωn+(TG)

2
ω2

r
1−ζ2

ωr = ωn
√

1 − ζ2

φ = tan−1
(

ωrTG

1−ζωnTG

)
− tan−1

(√
1−ζ2

−ζ

)
tu = 1

ωr
arctan

(
ωrTG

ζωrTG−1

)
(11)

Since the MFD differs between overdamped and underdamped cases, a compact form
can be used to represent it:

∆ fmax = ψ1

(
∆Pimb, Hsys, Dsys

)
≤ ∆ fmax (12)

2.2.3. QSSFD Constraint

The constraint for QSSFD is as follows:

∆ fqss =

∣∣∣∣∣ ∆Pimb f0

Dsys + KG

∣∣∣∣∣ ≤ ∆ fqss (13)

where ∆f qss is the calculated quasi-steady-state frequency deviation, and ∆ fqss is the maxi-
mum allowable quasi-steady-state frequency deviation.

2.3. Modeling of ITAE of Frequency

The calculation of the ITAE of frequency is obtained by integrating |∆f (t)| over time:

Fq = ψ2

(
∆Pimb, Hsys, Dsys

)
= f0

∫ 30

0
|∆ f (t)|dt (14)

Because directly integrating |∆f (t)| is quite challenging, we adopt a more straight-
forward approach. N points are first uniformly sampled on the frequency response curve
within the interval 0–30 s, and then Simpson’s rule is used to compute the integral. Its cubic
convergence rate (error ∝ h4) provides superior accuracy compared to the trapezoidal rule
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for the smooth frequency response curve. Plus, it captures the nonlinear dynamics better
than lower-order methods while avoiding Runge–Kutta’s computational overhead.

2.4. Convexification Method for MFD and ITAE of Frequency

ψ1 and ψ2 are denoted as functions of the MFD and ITAE of frequency, respectively.
These two functions exhibit highly nonlinear characteristics, making it challenging to embed
them into the convex optimization model proposed later. Fortunately, the development of
DNNs has made it possible to overcome this difficulty.

DNNs are powerful machine learning models that use multiple layers of neurons
to capture complex nonlinear relationships. In DNNs, linear layers can effectively fit
highly nonlinear functions, transforming these nonlinear problems into more manageable
forms [30].

Training sets are generated within the feasible domain of the features in ψ1 and ψ2,
and they are trained separately to predict the MFD and ITAE of frequency. Two linear
layers are selected, which already achieve high accuracy. After training, the relationship
between the predicted values and the features can be expressed using (15).

z1 = W1x + b1

a1 = ReLU(z1) = max(0, z1)

z2 = W2a1 + b2

x ∈ Rn, W1 ∈ Rm×n

W2 ∈ Rp×m, b2 ∈ Rp, b1 ∈ Rm

(15)

The neural network architecture in (15) processes the input through three distinct
steps: linear transformation, nonlinear activation, and prediction, where W1 and W2 are
the weight matrices for the first and second layers, respectively. b1 and b2 are the bias
vectors for the first and second layers, respectively. n is the dimension of the input vector x.
In our problem, n = 3, representing the power imbalance, inertia, and damping constants.
m is the output dimension of the first linear layer, i.e., the number of neurons in the first
linear layer, typically set to 32, 64, or 128. p is the dimension of the final output vector
z2. In our problem, p = 1, representing the predicted value of either the MFD or ITAE of
frequency. The ReLU activation function is used. The non-convex max(x,y) operator is
exactly reformulated as a system of linear inequalities via the big-M method [31].

After training the DNNs, the linearized MFD constraint and ITAE of frequency
are reformulated:

∆ f̂max = DNN1

(
∆Pimb, Hsys, Dsys

)
≤ ∆ fmax (16)

F̂q = DNN2

(
∆Pimb, Hsys, Dsys

)
(17)

3. Formulation of the Proposed Model
3.1. DRFC-ED Scheduling Framework

The proposed DRFC-ED scheduling framework is shown in Figure 2. The unit com-
mitment has already been determined in the day-ahead schedule, so the online status of
diesel generators is assumed to be already fixed. After each execution of the DRFC-ED,
the system operator allocates the optimized inertia and damping constants to each ESS.
Additionally, the settings for power and reserves will also be distributed to each device.
Considering that excessive reliance on power exchange with the main grid can jeopardize
frequency security after unintentional islanding events, certain limits should be placed on
the power exchange.
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3.2. Modeling of RESs’ Uncertainty

The actual power of RESs (P̃Fore
r,t ) is composed of the forecasted power (PFore

r,t ) and the
forecast error (ξr,t):

P̃Fore
r,t = PFore

r,t − ξr,t, ∀r ∈ R, t ∈ T (18)

During real-time operation, diesel generators, ESSs, and the power exchange line can
adjust their outputs based on an affine strategy [32] to compensate for forecast errors:

P̃GEN
g,t = PGEN

g,t + αg,tΩt, ∀g ∈ G, t ∈ T
P̃GEN

e,t = PGEN
e,t + αe,tΩt, ∀e ∈ E, t ∈ T

P̃PE
t = PPE

t + αPE
t Ωt, ∀t ∈ T

Ωt = ∑
r∈R

ξr,t, ∀t ∈ T

(19)

3.3. Objective Function

The optimization objectives of DRFC-ED are twofold: minimizing operational costs
(F1) and minimizing the ITAE of frequency (F2).

Here, C1–C6 represent the following costs, respectively: fuel cost, regulation reserves
cost, PFR reserves cost, power curtailment cost of RESs, power exchange cost, and the
expected cost of activating regulation reserves under the worst-case distribution within the
ambiguity set of the random variables.

min
Θ

F1 = C1 + C2 + C3 + C4 + C5 + C6

C1 = ∑
t∈T

∑
g∈G

[
ag

(
PGEN

g,t

)2
+ bgPGEN

g,t + cg

]

C2 = ∑
t∈T

 ∑
g∈G

cR
g

(
PR+

g,t + PR−
g,t

)
+

∑
e∈E

cR
e

(
PR+

e,t + PR−
e,t

)
+ cR

PE

(
PPE+

t + PPE−
t

)


C3 = ∑
t∈T

(
∑

g∈G
cFS

g

(
PFS+

g,t + PFS−
g,t

)
+ ∑

e∈E
cFS

e

(
PFS+

e,t + PFS−
e,t

))
C4 = ∑

t∈T
∑

r∈R

(
cCut

r PCut
r,t

)
C5 = ∑

t∈T

[
ϑtc

Inj
t PPE

t + (1 − ϑt)cOut
t PPE

t

]
C6 = ∑

t∈T
sup
P∈PN

EP

 ∑
g∈G

cact
g αg,t + ∑

e∈E
cact

e αe,t

+cact
PEαPE

t

Ωt



(20)
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min
Θ

F2 = ∑
t∈T

DNN2

(
∆Pimb

t , Hsys
t , Dsys

t

)
(21)

Θ is the set of decision variables:

Θ =


αg,t, αe,t, αPE

t , ϑt, PGEN
g,t , PGEN

r,t , PGEN
e,t , DE

e,t, HE
e,t, PPE

t

Psup
t , Pimb

t , PCut
r,t , SOCe,t, χch

e,t, χdch
e,t , PR+

g,t , PR−
g,t , PR+

e,t ,
PR−

e,t , PPE+
t , PPE−

t , PFS+
g,t , PFS−

g,t , PFS+
e,t , PFS−

e,t


∀g ∈ G, e ∈ E, r ∈ R, t ∈ T

(22)

3.4. Constraints
3.4.1. Power Balance Constraints

The supply and demand balance between generation and consumption should be
ensured for each time period:

∑
g∈G

P̃GEN
g,t +∑

r∈R
P̃GEN

r,t + ∑
e∈E

P̃GEN
e,t + P̃PE

t = ∑
d∈D

Pd,t, t ∈ T (23)

∑
g∈G

(
PGEN

g,t + αg,tΩt

)
+∑

r∈R

(
PFore

r,t − ξr,t − PCut
r,t

)
+ ∑

e∈E

(
PGEN

e,t + αe,tΩt

)
+
(

PPE
t + αPE

t Ωt

)
= ∑

d∈D
Pd,t, t ∈ T (24)

Expanding (23), we get the following:
It is not difficult to see that when (25) holds, (21) is equivalent to (26). Therefore,

(25) and (26) together form the power balance constraint, eliminating the random variables
in (24).

∑
g∈G

αg,t + ∑
e∈E

αe,t + αPE
t = 1, t ∈ T (25)

∑
g∈G

PGEN
g,t +∑

r∈R

(
PFore

r,t − PCut
r,t

)
+ ∑

e∈E
PGEN

e,t + PPE
t = ∑

d∈D
Pd,t, t ∈ T (26)

3.4.2. Regulation Reserves Constraints

When the participation factorα is not zero, it indicates that certain up/down regulation
reserves need to be deployed to cope with the RES fluctuations in real-time operation.
Therefore, the following distributionally robust chance constraints apply:

inf
P∈PN

P
{

αg,tΩt ≤ PR+
g,t

}
≥ 1 − ε, ∀g ∈ G, t ∈ T

inf
P∈PN

P
{

αg,tΩt ≥ −PR−
g,t

}
≥ 1 − ε, ∀g ∈ G, t ∈ T

inf
P∈PN

P
{

αe,tΩt ≤ PR+
e,t

}
≥ 1 − ε, ∀e ∈ E, t ∈ T

inf
P∈PN

P
{

αe,tΩt ≥ −PR−
e,t

}
≥ 1 − ε, ∀e ∈ E, t ∈ T

inf
P∈PN

P
{

αPE
t Ωt ≤ PPE+

t

}
≥ 1 − ε, t ∈ T

inf
P∈PN

P
{

αPE
t Ωt ≥ −PPE−

t

}
≥ 1 − ε, t ∈ T

(27)

Equation (27) represents that, under the worst-case probability distribution within
the ambiguity set of the random variables, the probability that the constraints inside the
parentheses are satisfied is at least 1 − ε.
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3.4.3. PFR Reserve Constraints

Diesel generators and ESSs need to reserve a certain amount of up and down PFR
reserves to handle potential power disturbances:{

γKG
g,t∆ f maxPmax

g ≤ PFS+
g,t , ∀g ∈ G, t ∈ T

γKG
g,t∆ f maxPmax

g ≤ PFS−
g,t , ∀g ∈ G, t ∈ T

(28)

{
DE

e,t∆ f maxPmax
e + 2HE

e,tRoCoFPmax
e ≤ PFS+

e,t , ∀e ∈ E, t ∈ T
DE

e,t∆ f maxPmax
e + 2HE

e,tRoCoFPmax
e ≤ PFS−

e,t , ∀e ∈ E, t ∈ T
(29)

where γ is the power reserve coefficient, which is set to be 0.5 [10].

3.4.4. Diesel Generator Operation Constraints

The operational constraints for diesel generators include the maximum/minimum
power constraints (30) and the ramp-up/ramp-down rate constraints (31).{

PGEN
g,t + PFS+

g,t + PR+
g,t ≤ Pmax

g , ∀g ∈ G, t ∈ T
Pmin

g ≤ PGEN
g,t − PFS−

g,t − PR−
g,t , ∀g ∈ G, t ∈ T

(30)

 PGEN
g,t + PFS+

g,t + PR+
g,t −

(
PGEN

g,t−1 − PFS−
g,t−1 − PR−

g,t−1

)
≤ RU

g , ∀g ∈ G, t ∈ T

PGEN
g,t−1 + PFS+

g,t−1 + PR+
g,t−1 −

(
PGEN

g,t − PFS−
g,t − PR−

g,t

)
≤ RD

g , ∀g ∈ G, t ∈ T
(31)

3.4.5. ESS Operation Constraints

The operational constraints for ESSs are shown in (32)–(36), representing logical con-
straints between charging/discharging states and positive/negative power, maximum
and minimum power constraints, maximum and minimum energy constraints, the en-
ergy equality constraint at the beginning and end of the scheduling period, and energy
variation constraints.

PGEN
e,t ≤ M · χdch

e,t , ∀e ∈ E, t ∈ T
PGEN

e,t ≥ −M · χch
e,t, ∀e ∈ E, t ∈ T

χch
e,t + χdch

e,t = 1, χch
e,t, χdch

e,t ∈ {0, 1}, ∀e ∈ E, t ∈ T
(32)

{
PGEN

g,t + PFS+
g,t + PR+

g,t ≤ Pmax
g , ∀g ∈ G, t ∈ T

Pmin
g ≤ PGEN

g,t − PFS−
g,t − PR−

g,t , ∀g ∈ G, t ∈ T
(33)


(

PFS+
e,t + PR+

e,t

)
∆tp/ηe ≤ Qmax

e
(
SOCe,t − SOCmin

e
)
, ∀e ∈ E, t ∈ T

ηe

(
PFS−

e,t + PR−
e,t

)
∆tp ≤ Qmax

e (SOCmax
e − SOCe,t), ∀e ∈ E, t ∈ T

(34)

SOCe,0 = SOCe,|T|, ∀e ∈ E (35)

SOCe,t+1 = SOCe,t −
(

χch
e,tηePGEN

e,t ∆tp/Qmax
e + χdch

e,t PGEN
e,t ∆tp/ηeQmax

e

)
, ∀e ∈ E, t ∈ T (36)

3.4.6. Power Exchange Line Constraints

The constraints for the power exchange line, as shown in (37), limit its maximum
transmission power. {

PPE
t + PPE+

t ≤ Pmax
PE , t ∈ T

−Pmax
PE ≤ PPE

t − PPE−
t , t ∈ T

(37)
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3.4.7. Modeling of Power Disturbances

Power disturbances can be categorized into two types in our model: power fluctuations
on the load side and unintentional islanding events. The maximum power imbalance from
these two situations is chosen.

∆Psup
t − PPE

t ≤ M · (1 − ϑt), ∀t ∈ T
∆Psup

t − PPE
t ≥ −M · (1 − ϑt), ∀t ∈ T

∆Psup
t + PPE

t ≤ M · ϑt, ∀t ∈ T
∆Psup

t + PPE
t ≥ −M · ϑt, ∀t ∈ T

∆Pimb
t ≥ ∆Psup

t , ∀t ∈ T
∆Pimb

t ≥ λ ∑
d∈D

Pd,t, ∀t ∈ T

ϑt ∈ {0, 1}, ∀t ∈ T

(38)

where λ is the load disturbance coefficient.

3.4.8. Frequency Constraints

According to the derivations in Section 2, the constraints for RoCoF, MFD, and QSSFD
are shown in (39)–(41), respectively:

∆Pimb
t f0

2Hsys
t

≤ RoCoF, t ∈ T (39)

DNN1

(
∆Pimb

t , Hsys
t , Dsys

t

)
≤ ∆ fmax, t ∈ T (40)

∆Pimb
t f0

Dsys
t + KG

t
≤ ∆ fqss, t ∈ T (41)

where:

Hsys
t =

∑
g∈G

Pmax
g HH

g + ∑
e∈E

Pmax
e HE

e,t

PB
(42)

Dsys
t =

DL ∑
d∈D

Pd,t + ∑
g∈G

Pmax
g DH

g + ∑
e∈E

Pmax
e DE

e,t

PB
(43)

KG
t =

∑
g∈G

Pmax
g KG

g

PB
(44)

The formulation of the DRFC-ED is summarized as follows:

min
Θ

[(20), (21)]

s.t. (23)–(41)
(45)

4. Solution Methodology
The proposed DRFC-ED (45) presents several challenging issues that make it unsolv-

able by off-the-shelf solvers: the expected cost (C6) under the worst-case distribution in
the objective function F1, the DR chance constraints in (27), and the two objective func-
tions with different dimensions. Next, the methods to handle each of these issues will be
discussed separately.

Before addressing the objective function and DR chance constraints with random vari-
ables, the uncertainty of RESs using a Wasserstein distance-based ambiguity set is modeled.
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4.1. Modeling of Wasserstein Distance-Based Ambiguity Set

The Wasserstein distance-based ambiguity set is utilized to address uncertainty in
the probability distribution of random variables. The modeling process involves the
following steps:

4.1.1. Define the Nominal Distribution

Start by specifying the empirical probability distribution P0, which serves as a reference
point. This distribution can be derived from historical data:

P0 =
1
N ∑N

i=1 δξ̂i
(46)

where δξ̂i
is the Dirac distribution centered on the i-th historical data ξ̂i, and N is the number

of historical data.

4.1.2. Define the Wasserstein Distance

The Wasserstein distance Wp(P,P0) quantifies the discrepancy between two proba-
bility distributions P and P0. For distributions P and P0, over a metric space (X, d), the
Wasserstein distance of order p is defined as follows:

Wp(P,P0) =

(
inf

γ∈Γ(P,P0)

∫
X×X

d(x, y)pdγ(x, y)
)1/p

(47)

where γ ∈ Γ(P,P0) denotes the set of all couplings of P and P0.

4.1.3. Ambiguity Set Construction

The ambiguity set PN is constructed using the Wasserstein distance to capture distri-
butions that are close to the empirical distribution P0. It is defined as follows:

PN =
{
P|Wp(P,P0) ≤ θ

}
(48)

where θ represents the Wasserstein ball radius that quantifies the maximum allowable
statistical deviation between the true distribution and the empirical distribution P0. It is a
predefined tolerance level representing the degree of uncertainty, analogous to the radius
of a ball around P0. Therefore, the larger the radius is, the more potential distributions are
covered, resulting in greater conservatism.

4.2. Linearization of Objective Function and DR Chance Constraints

Next, the ambiguity set is incorporated into the optimization model. C6 in the objective
function F1 and the DR chance constraints (27) in the compact forms can be rewritten as
shown in (49) and (50), respectively.

sup
P∈PN

EP[ f (x, ξ)] (49)

inf
P∈PN

P
{

aT(x)ξ + b(x) ≤ 0
}
≥ 1 − ε (50)

where x is the decision variable, and ξ is a random variable. f (x, ξ) = cTx + dTξ is the
affine objective function (c is the deterministic cost vector, d is the uncertainty penalty
weights). a(x) = Ax + α is the constraint sensitivity vector (A: linear coefficient matrix,
α: intercept term). b(x) = Bx + β is the constraint threshold function (B: linear coefficients,
β: safety margin).
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According to [22], the expected cost under the worst-case distribution based on
the Wasserstein distance-based ambiguity set (49) can be transformed into the follow-
ing linear program:

inf
χ≥0

(χθ + ∑n
i=1 νi/n)

s.t.



νi ≥ f
(

x, ξ
)
+ χ

(
ξ − ξ̂i

)
, i = 1, 2, . . . , N

νi ≥ f
(

x, ξ
)
− χ

(
ξ − ξ̂i

)
, i = 1, 2, . . . , N

νi ≥ f
(

x, ξ̂i
)
, i = 1, 2, . . . , n

ξ = max
{

ξ̂1, ξ̂2, . . . , ξ̂N
}

ξ = min
{

ξ̂1, ξ̂2, . . . , ξ̂N
}

(51)

where χ is a dual multiplier. The non-convex DR chance constraint (51) can be approxi-
mated by the conditional value at risk (CVaR) constraint. Finally, the CVaR constraint is
transformed into the following linear program:

λθ − εβ + ∑N
i=1 zi/N ≤ 0

aT(x)ξ̂i + b(x) + β − zi ≤ 0, i = 1, 2, . . . , N
−λ ≤ a(x) ≤ λ

0 ≤ λ, β, zi, i = 1, 2, . . . , N

(52)

where λ and β are dual multipliers and zi is an auxiliary variable [22].
Thus, the non-convex terms of (49) and (50) are transformed into the linear programs

of (51) and (52), respectively.

4.3. Solution Method for the DRFC-ED

For the DRFC-ED model, increasing the virtual inertia or damping can obviously
improve the ITAE of frequency, but it also increases the reserves required from ESSs, limiting
their charging and discharging power and thus reducing economic efficiency. Therefore,
the two objectives not only have different dimensions but are also counterbalancing each
other. Traditionally, solving a multi-objective optimization model involves finding all non-
dominated solutions to form the Pareto optimal solutions [33]. Then, a compromise optimal
solution is selected from the Pareto optimal solutions as the optimal decision. However,
obtaining Pareto optimal solutions requires extensive computation time. To improve
computational efficiency, the aim is to minimize the difference between the distance of the
compromise solution to the utopian point and to the nadir point [34]. This approach does
not require solving for all non-dominated solutions, allowing us to directly search within
the feasible region for the compromise solution that is closest to the utopian solution.

Figure 3 illustrates the principle of the directly obtained compromise optimal solution
method. First, solve the single-objective optimization model for each objective Fi(x) to
obtain the optimal solutions xi* (i = 1, 2). This process also determines the utopian point
(F1(x1*), F2(x2*)), the payoff matrix (49), and the maximum values of each objective Fi,max

in the matrix, leading to the identification of the nadir point (F1,max, F2,max). Then, by
minimizing the difference between the squared distance to the utopian point (d+) and the
squared distance to the nadir point (d−), the multi-objective problem can be transformed
into a single-objective problem, as shown in (54), where ∆d2 is the quadratic difference
between d+ and d−. A smaller ∆d2 reflects a closer approximation to the utopian point,
representing a better trade-off among conflicting objectives.
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For the transformation from d2
+ − d2

− to 2 − 2d1− − 2d2−, please refer to [29].[
F1
(
x∗1
)

F2
(
x∗1
)

F1(x∗2) F2(x∗2)

]
(53)

min
x

∆d2 = d2
+ − d2

− = 2 − 2d1− − 2d2−

s.t. di− =
Fi,max−Fi(x)

Fi,max−Fi(x∗i )
, i = 1, 2

(54)

5. Case Study
The effectiveness of the proposed DRFC-ED is evaluated using a test microgrid system

composed of four diesel generators, four ESSs, one wind turbine, one photovoltaic genera-
tor, and one aggregate load. The case study is carried out on a computer with a 3.00 GHz
Intel Core i5-8500 CPU and 16 GB of RAM, using Gurobi 11.0.0 as the solver and Python
3.10.6 as the programming language.

The forecast power for the RESs and load are scaled based on actual data from a region
in Guangdong Province, China, as shown in Figure 4. Data for the diesel generators, ESSs,
and power prices have been uploaded to [29].
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Figure 4. Forecast power of RESs and load.

Based on the RES forecast value, 5000 samples conforming to a normal distribution
with a mean of 0 and a standard deviation of 15% of the forecast value are generated
using the Monte Carlo sampling method. From these samples, 20 samples are selected
to construct the ambiguity set. The remaining samples are used to verify the empirical
violation probability (EVP) of each chance constraint, with a confidence level of 1 − ε = 95%.

The power base value PB is 100 MW, and the nominal frequency is 50 Hz. The
frequency constraint limits RoCoF, ∆ fmax, and ∆ fqss are set to 1 Hz/s, 0.5 Hz, and 0.25 Hz,
respectively. The load damping coefficient DL is 0 [35]. The load disturbance coefficient
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λ = 15%. Additionally, before training the DNNs, the number of neurons is set to 32 for each
layer, i.e., m = 32. The mean squared error is chosen as the loss function, and the maximum
number of epochs is set to 1000. The ITAE of frequency is calculated by integrating the
frequency deviation, with an integration step size of 0.01 s and an integration time of 30 s.

To facilitate subsequent explanations, the following three models are defined: M1—a
DR-ED model for microgrids without considering frequency constraints and the ITAE of
frequency; M2—a single-objective DRFC-ED model considering frequency constraints but
not the ITAE of frequency; and M3—the proposed multi-objective DRFC-ED model.

5.1. Selection of Ball Radius θ

Before performing multi-objective optimization, it is necessary to calculate the optimal
and worst values for each single-objective problem. Different radii result in varying degrees
of conservative estimation of the RESs’ uncertainty, thereby affecting the upper and lower
bounds of objective F1. Therefore, the M2 model under different ball radius settings to
obtain a trade-off between EVP and economic performance is first solved. Based on this,
the M3 model is then solved.

The M2 model under five different ball radius settings is solved, and the results
are shown in Table 2. As can be seen, when the ball radius is equal to 0.025 and 0.02,
the maximum EVP among all DR chance constraints exceeds 5%, failing to meet the set
confidence level. When the ball radius is greater than or equal to 0.03, the maximum EVP
meets the requirement, albeit at the cost of increased economic expense. Balancing the
maximum EVP and economic efficiency, θ = 0.03 is chosen as a compromise.

Table 2. Results under different ball radii.

Radius Setting θ Maximum EVP Objective F1 (USD)

0.020 7.16% 36,585
0.025 5.32% 36,687
0.030 3.78% 36,772
0.035 2.81% 36,848
0.040 1.91% 36,946

It should be noted that once the ball radius is determined, the maximum EVP in the
M1–M3 models will be the same. Therefore, it is a reasonable practice to first determine the
ball radius through M2.

5.2. Comparison of Optimization Results
5.2.1. Comparison of Single-Objective and Multi-Objective Optimization Results

After determining the ball radius, the DRFC-ED is solved with F1 from (20) and F2

from (21) as the optimization objectives, respectively, to obtain the optimal and worst
values of each objective. Subsequently, M3 is solved. The results of the single-objective and
multi-objective optimization models are shown in Table 3.

Table 3. Results of single-objective and multi-objective models.

Objective Setting F1 (USD) F2 (Hz·ms) d+ d− ∆d2

F1 (20) 36,772 730,640 1 1 0
F2 (21) 40,655 601,020 1 1 0

∆d2 (54) 37,546 671,990 0.5827 0.9197 −0.5063

It can be seen that when F1 is the objective, the model is economically optimal but
overlooks the ITAE of frequency. When F2 is the objective, the model fully deploys the
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inertia and damping of ESSs, increasing the reserve costs of ESSs and thereby increasing
economic costs. However, in the multi-objective optimization model, by directly solving for
the compromise optimal solution, the ITAE of frequency improves by 8.03% at the cost of
only a 2.1% increase in economic costs. This demonstrates that the proposed multi-objective
formulation enables a balance between economic efficiency and frequency performance.

5.2.2. Optimization Results of M1–M3

Table 4 presents the optimization results of M1–M3. From the perspective of economic
costs, the costs for M2 and M3 are approximately 37% higher than those for M1. This is
because M2 and M3 incur additional PFR reserve costs due to the inclusion of frequency
constraints. Additionally, more power is sourced from diesel generators and ESSs rather
than the main grid to prevent excessive power imbalance after unintentional islanding
events, resulting in higher power exchange costs for M1 compared to M2 and M3.

Table 4. Optimization results of M1–M3.

Term M1 M2 M3

Fuel cost (USD) 19,727 27,041 27,037
Regulation reserves (USD) 1037 1107 1102

PFR reserves (USD) 0 6401 7188
RES curtailment (USD) 0 0 0
Power exchange (USD) 5941 2087 2083

Activating regulation (USD) 128 136 136
Total cost (USD) 26,833 36,772 37,546

ITAE of frequency (Hz·ms) 1,459,360 730,640 671,990

Figure 5 shows the scheduling results of diesel generators, ESSs, and power exchange
for the three models. It can be observed that due to the lack of frequency constraints, M1
purchases a large amount of power from the main grid at night and stores it in ESSs, which
then supply power during the day when the RES output is low. This results in lower
power supply requirements from diesel generators compared to M2 and M3. However,
under such a scheduling result, unintentional islanding events would result in a significant
power imbalance, posing safety risks. After considering frequency constraints, M2 and M3
both limit power exchange and rely more on power generation from devices within the
microgrid to ensure frequency security after unintentional islanding events.
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Figure 5. The scheduling results of diesel generators (DGs) (top), ESSs (middle), and power exchange
(bottom) for M1–M3.
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Comparing M2 and M3, the most significant difference lies in the PFR reserve costs
(the PFR reserve scheduling results are shown in Figure 6). Since M3 optimizes the ITAE
of frequency, it results in more damping being deployed (damping is more effective than
inertia in improving the ITAE of frequency [18]). M2, on the other hand, only ensures
that the frequency constraints are met without considering the different characteristics of
inertia and damping in the frequency response. Figure 7 shows the scheduling results of
the ESSs’ virtual inertia and damping in M2 and M3. The orange line serves as a baseline,
representing the inherent inertia and damping of diesel generators. It can be observed that
M2 prioritizes the deployment of the ESSs’ inertia because this approach maximizes benefits
while ensuring frequency security. In contrast, M3 prioritizes the deployment of damping
to optimize the ITAE of frequency, which leads to a reduction in inertia deployment to keep
the ESSs’ PFR reserve costs from being excessively high. Furthermore, Figure 8 shows the
scheduling results for each ESS’s virtual inertia and damping in M3. It can be observed that
only the inertia of ESS #1 is deployed, while the inertias of ESSs #2–#4 are not scheduled.
In terms of damping scheduling, the damping for ESSs #1 and #2 is fully deployed to
the maximum limit, while ESS #3 reaches full deployment in some cases, and ESS #4 is
scheduled the least. This is because the PFR reserve cost coefficients increase from ESS
#1 to ESS #4, leading to the prioritization of the more cost-effective ESS #1 for inertia and
damping scheduling.
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Figure 6. The scheduling results of PFR reserves for M2–M3.
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Figure 7. The scheduling results of ESSs’ virtual inertia (top) and damping (bottom) for M2–M3.

By inputting the scheduling results of each time period for M2 and M3 into the
system frequency response model, we obtain the frequency response curves for M2 and M3
(calculated for low-frequency scenarios), as shown in Figure 9. It can be seen that M3, which
schedules more virtual damping, has a smaller QSSFD compared to M2. Additionally, the
distribution range of QSSFD for M3 is broader, while M2 maintains the QSSFD at 0.25 Hz,
which is the set threshold. Furthermore, M3 shows no oscillation process before reaching
quasi-steady-state, indicating better stability. In contrast, M2’s frequency curve is not
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smooth due to lower damping. This phenomenon supports the conclusion of Sajadi et al.
that increasing damping can alleviate concerns among power system experts regarding the
reduction of inertia [18].
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Figure 8. The scheduling results for each ESS’s virtual inertia (top) and damping (bottom) in M3.
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Figure 9. Frequency response of M2 (purple) and M3 (blue).

5.2.3. Verification of Frequency Constraints’ Effectiveness

Figure 10 shows the MFD and the maximum power imbalance of M1–M3. Since the
RoCoF constraint and the QSSFD constraint are linear constraints and do not involve errors,
their results are not displayed here. It can be observed that, due to the lack of constraints
on power exchange in M1, the power exchange line transmits a large capacity during
nighttime. If unintentional islanding events occur at this time, the MFD can reach 3.5 Hz,
severely impacting power supply reliability.

In contrast, M2 and M3, after applying frequency constraints, strictly maintain the
MFD within 0.5 Hz and also impose limits on power exchange. The maximum power
imbalance in all cases is kept below 15% of the current load power. This ensures that
seamless islanding can be maintained after unintentional islanding events, and frequency
support capability is available during load disturbances.

Additionally, it can be observed that although the MFD of both M2 and M3 remains
below 0.5 Hz, M3 is farther away from the threshold. Therefore, the improvement in the
ITAE of frequency is closely related to the frequency metrics.



Energies 2025, 18, 2014 19 of 23
Energies 2025, 18, x FOR PEER REVIEW  20  of  25 
 

 

 

Figure 10. MFD (top) and power imbalance (bottom) of M1–M3. 

In contrast, M2 and M3, after applying frequency constraints, strictly maintain the MFD 

within 0.5 Hz and also impose limits on power exchange. The maximum power imbalance 

in all cases is kept below 15% of the current load power. This ensures that seamless is-

landing can be maintained after unintentional  islanding events, and frequency support 

capability is available during load disturbances. 

Additionally, it can be observed that although the MFD of both M2 and M3 remains 

below 0.5 Hz, M3 is farther away from the threshold. Therefore, the improvement in the 

ITAE of frequency is closely related to the frequency metrics. 

5.2.4. Verification of the Effectiveness of DNN Method 

The Latin Hypercube Sampling method is used to sample power imbalance, inertia, 

and damping constants, generating 20,000 samples. Of these, 90% are used for training 

the DNNs, while 10% are used for testing. Table 5 presents the evaluation metrics of the 

DNNs used for convexifying the MFD constraint (DNN1) and frequency quality (DNN2). 

Figure 11 shows the testing performance of DNN1 and DNN2 based on 200 samples drawn 

from 2000 testing samples. 

Table 5. Evaluation metrics of DNN1 and DNN2. 

Metric  DNN1  DNN2 

Mean squared error  6.49 × 10−5 Hz2  93,800 (Hz∙ms)2 

Mean absolute error  6.28 × 10−3 Hz  240 Hz∙ms 

R2 score  0.9992    0.9951 

Explained variance score  0.9993  0.9952 

Po
w

er
 im

ba
la

nc
e

(M
W

)

0

1

2

3

4

0 24 48 72 96
0.35

0.40

0.45

0.50

0.55
 M1  M2  M3  Lim

M
FD

 o
f 

M
2-

M
3 

(H
z)

M
FD

 o
f 

M
1 

(H
z)

0 24 48 72 96
2

4

6

8

10

12
 M1  M2  M3

Time period

Figure 10. MFD (top) and power imbalance (bottom) of M1–M3.

5.2.4. Verification of the Effectiveness of DNN Method

The Latin Hypercube Sampling method is used to sample power imbalance, inertia,
and damping constants, generating 20,000 samples. Of these, 90% are used for training
the DNNs, while 10% are used for testing. Table 5 presents the evaluation metrics of the
DNNs used for convexifying the MFD constraint (DNN1) and frequency quality (DNN2).
Figure 11 shows the testing performance of DNN1 and DNN2 based on 200 samples drawn
from 2000 testing samples.

Table 5. Evaluation metrics of DNN1 and DNN2.

Metric DNN1 DNN2

Mean squared error 6.49 × 10−5 Hz2 93,800 (Hz·ms)2

Mean absolute error 6.28 × 10−3 Hz 240 Hz·ms
R2 score 0.9992 0.9951

Explained variance score 0.9993 0.9952
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It can be observed that the DNN method shows high accuracy in convexifying the
MFD constraint and frequency quality. Additionally, the inclusion of DNNs does not
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introduce excessive computational burden. The average time to solve M3 is only 8 s with a
convergence gap of 0.1%.

Additionally, we compared the predicted values at each time period in M3 with the
actual values obtained through simulation by substituting the solved results. The relative
error statistics are shown in Table 6. It can be observed that the performance of the DNNs
is satisfactory when applied to the DRFC-LAED.

Table 6. Relative error statistics.

Relative Error DNN1 DNN2

Maximum 2.55% 8.53%
Average 1.27% 6.06%

Minimum 0.02% 0.58%

5.2.5. Comparison of Different Stochastic Optimization Methods

The optimization results and maximum EVP of M2 under different stochastic optimiza-
tion methods are compared. The definitions are as follows: C1—Gaussian-approximation
chance-constrained method, where the uncertainty of RESs is assumed to follow a Gaus-
sian distribution; C2—moment-based ambiguity set DRCC method; and C3—Wasserstein
distance-based ambiguity set DRCC method (θ = 0.03).

Table 7 presents the results under different stochastic optimization methods. It can
be observed that the cost of C1 is lower than that of C2 and C3, but the maximum EVP
exceeds the set threshold. This approach, which directly assumes a Gaussian distribution
for the RESs’ uncertainty, clearly fails to meet the requirements. Both C2 and C3 satisfy the
confidence level constraint, but the cost of C2 is higher than C3, despite its maximum EVP
being well below 5%. This is because the moment-based ambiguity set can only utilize the
mean and variance of historical data. In contrast, the Wasserstein distance-based ambiguity
set can more comprehensively utilize the available data. Therefore, its conservativeness is
reduced, but it can still balance conservativeness by controlling the ball radius.

Table 7. Results under different stochastic optimization methods.

Method Cost (USD) Maximum EVP

C1 36,698 5.12%
C2 36,914 2.22%
C3 36,772 3.78%

6. Conclusions
This paper proposes a microgrid frequency response enhancement-oriented DRFC-ED

dispatch model. For the first time, the ITAE of frequency is used as a metric to optimally
deploy the combination of system inertia and damping in frequency-constrained optimal
dispatch research while also optimizing the coordination of diesel generators, ESSs, RESs,
and power exchange. The case study verifies that the DRFC-ED model can effectively
ensure frequency security at the system operation level. Furthermore, case studies confirm
that the damping coefficients exhibit greater sensitivity in minimizing the ITAE metric
compared to inertia constants. Strategic damping enhancement can alleviate concerns about
the reduction of inertia. The proposed DNN-based convexification method achieves satis-
factory accuracy. Additionally, the proposed method effectively solves the multi-objective
optimization problem without incurring extra computational burden. The uncertainty
of RESs is effectively managed through the distributionally robust chance-constrained
approach, which ensures that the EVP does not exceed the limit. This study contributes
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to enhancing both the economic efficiency and dynamic security in renewable-dominated
microgrids while addressing critical challenges in modern power systems.

While this study focuses on inertia-damping coordination via ITAE optimization, two
important extensions are warranted: (1) incorporating RES frequency support mechanisms
(e.g., wind turbine virtual inertia and PV droop control) to enhance primary frequency
response, and (2) exploring hybrid ambiguity sets (e.g., Wasserstein-moment combined)
for uncertainty modeling to balance the robustness and computational efficiency. These
directions will be pursued in subsequent research.
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Abbreviations
The following abbreviations are used in this manuscript:

RESs Renewable energy sources
DRFC-ED Distributionally robust frequency-constrained economic dispatch
MFD Maximum frequency deviation
ITAE Integral time absolute error
ESSs Energy storage systems
PFR Primary frequency response
RoCoF Rate of change of frequency
QSSFD Quasi-steady-state frequency deviation

Nomenclature

Indices and Sets

g/G, r/R, e/E, d/D, t/T
Index and set of diesel generators, renewable energy sources (RESs)
generators, energy storage systems (ESSs), local loads, time periods

Parameters
Hsys System inertia constant
Dsys System damping constant
KG Droop coefficient of aggregated diesel generators
TG Governor constant of aggregated diesel generators
f 0 Nominal frequency
ag/bg/cg Fuel cost coefficients of diesel generators

cR
g /cR

e /cR
PE

Regulation reserve cost coefficients of diesel generators, ESS and power
exchange line

cFS
g /cFS

e
Primary frequency response (PFR) reserve cost coefficients of diesel
generators and ESS

cCut
r Power curtailment cost coefficient of RES

cInj
t /cOut

t
Regulation reserve activation cost coefficients of diesel generators, ESS,
and power exchange line

cact
g /cact

e /cact
PE

Regulation reserve activation cost coefficients of diesel generators, ESS,
and power exchange line

https://www.jianguoyun.com/p/DTJKXycQko_hChj7p-EFIAA
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Pmax
g /Pmax

e /Pmax
PE Output upper limit of diesel generators, ESS, and power exchange line

PU
g /PD

g Upward and downward ramp limit of diesel generators
M A big positive number
Qmax

e /SOCmax
e Energy capacity and state of charge upper limit of ESS

ηe Charge and discharge efficiency coefficient of ESS
∆tp Charge and discharge time of ESS
Pd,t Local load power at time t
Variables

αg,t/αe,t/αPE
t

Participation factor of diesel generators, ESS, and power exchange line
at time t

ϑt Power exchange direction: 1 indicates injection into microgrids at time t
PGEN

g,t /PGEN
r,t /PGEN

e,t Output of diesel generators, RES, and ESS at time t
HE

e,t/DE
e,t Inertia and damping constants of ESS at time t

PPE
t Power exchange at time t

Psup
t /Pimb

t Auxiliary variable and power imbalance at time t
PCut

r,t Power curtailment of RES at time t
SOCe,t State of charge of ESS at time t
χch

e,t/χdch
e,t Charge and discharge state of ESS at time t

PR+
g,t /PR+

e,t /PR+
t

Upward regulation reserves of diesel generators, ESS, and power
exchange line at time t

PR−
g,t /PR−

e,t /PPE−
t

Downward regulation reserves of diesel generators, ESS, and power
exchange line at time t

PFS+
g,t /PFS+

e,t Upward PFR reserves of diesel generators and ESS at time t
PFS−

g,t /PFS−
e,t Downward PFR reserves of diesel generators and ESS at time t
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