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ABSTRACT Multi-microgrids (MMGs) suffer from power shortages due to the loss of utility grid support
when an unintentional transition occurs. This imposes a transient shock on the system voltage and frequency.
To maintain the frequency stability and power balance of an islanded MMG, this paper presents an
underfrequency load shedding (UFLS) strategy with adaptive variation. A comprehensive load evaluation
method based on a composite least squares support vector machine (CLS-SVM) is proposed to ensure
uninterrupted power for critical loads. This method considers the comprehensive evaluation influence factors
(CEIFs) of loads. Then, a least squares support vector machine (LS-SVM) provides the load shedding
determination factors, transforming the problem of determining critical loads into a 0-1 planning problem.
A method with adaptive variation is proposed to solve the UFLS model. The effectiveness of the proposed
strategy is verified for an MMG model based on a modified IEEE 33-bus system. The test results show that:
1) the average accuracy of the proposed method is 21.05% higher than that based on LS-SVM; 2) compared
with UFLS strategies based on the load level alone and on an intelligent algorithm, the frequency fluctuation
range of the proposed strategy is 12.50% and 19.23% lower, respectively, and the frequency recovery time
is 3.90% and 5.73% shorter, respectively; 3) compared with PSO, GOA and GA, the standard deviation of
the iterative mean of the proposed algorithm decreases by 36.22%, 53.42%, and 34.00%, respectively. The
proposed strategy can reduce the frequency fluctuation range and frequency recovery time while maintaining
strong adaptability.

INDEX TERMS Adaptive solution method, comprehensive evaluation, load shedding, microgrid, power
shortage.

I. INTRODUCTION
As an effective new form of power supply technology
that integrates distributed generators (DGs), multi-microgrids
(MMGs) can promote local consumption of power from
DGs and improve the energy utilization rate [1], [2]. Under
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constantly changing operation conditions, an MMG can be
unintentionally forced to switch to an islanded mode when
the utility grids connected to the MMG fail [3]. In this
power shortage scenario, output adjustment of theDGs and an
underfrequency load shedding (UFLS) strategy are the keys
to the safe operation of islanded MMGs [4], [5]. Thus, it is
necessary to achieve power balance throgh a UFLS strategy
when an islanded MMG suffers a large power shortage.
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In recent years, several UFLS strategies have been pro-
posed to address the power shortage problem. In [6], a UFLS
strategy based on an implicit enumeration method was pro-
posed. This strategy compensates for the power shortage of
an islanded MMG by coordinating the energy storage output
and performing load shedding (LS) in an emergency. In [7], a
UFLS strategy for islanded microgrids (MGs) was proposed.
In this strategy, the probabilities of all scenarios are defined
based on a Markov two-state model, and the LS amount and
the swing frequency are minimized using a genetic algorithm.
In [8], a UFLS method for inverter-based MG was proposed.
This method uses frequency variations to estimate power
deficits and perform power balancing and frequency recovery
through several LS stages. However, this strategy relies on a
high-precision physical model and exhibits poor adaptability
to changes in the operating state of the MG. To address this
limitation, a coordinated LS control scheme based on double
Q-learning for an islanded MG was proposed in [9]. In this
strategy, the LS action is guided by analyzing information on
the MG operating environment. In [10], an improved UFLS
method was proposed. This method calculates the power
deficit by continuous monitoring of the overshooting signal
of the second frequency derivative of the inertia center, and
it obtains the optimal load shedding combination through
an optimization algorithm to perform frequency recovery.
In [11], an undervoltage–frequency LS schemewas proposed.
This scheme determines a proper LS amount in an islanded
MG by considering the power levels and power factors of
various types of loads, such as constant power, constant cur-
rent, and constant impedance loads. In [12], an effort-based
reward approach for the allocation of LS amounts in intercon-
nected MGs was proposed. In this approach, the LS amount
is determined based on the effort index, which is defined as
the relative contribution of anMG to the network with respect
to its capacity. However, the above research has not consid-
ered the problem of ensuring a continuous power supply for
critical loads when dealing with power shortages. In [13], a
local UFLS scheme without real-time communication was
proposed. This scheme uses local frequency measurements
to estimate the frequency change rate of the inertial center,
which is superior to the traditional centralized UFLS scheme
in terms of frequency deviation. In [14], a new probability
algorithm was adopted to minimize the LS amount at each
stage, and a multi-level UFLS scheme based on the frequency
response of the wind turbine generator and the uncertainty of
the power system was proposed. In [15], a continuous UFLS
scheme with precise load control was proposed. This scheme
considers the nonlinear factors of frequency threshold and
time delay. However, the UFLS schemes in the above works
do not have strong adaptability. Therefore, a semi-adaptive
multilevel UFLS scheme based on the frequency change rate
was proposed in [16]. This scheme can prevent the system
frequency from dropping seriously with a low LS amount
under the low-inertia scenario caused by the high penetration
of renewable power generation. In [17], an adaptivewide-area

UFLS scheme was proposed. The amount and locations of LS
are determined by the adaptive system frequency response
model, which satisfies the dynamic dependence of system
load on frequency and voltage deviation. However, the above
research does not focus on the evaluation of critical loads.
Priority should be given to maintaining a continuous supply
for critical loads in an islandedMMGwhen the system suffers
a large power shortage and needs to perform LS. Other-
wise, the outage of critical loads will impose large losses
on the islanded MMG. Thus, the accurate determination and
evaluation of critical loads is an important part of a UFLS
strategy.

For the evaluation of critical loads, the application of
machine learning methods can yield more objective eval-
uation results. Meanwhile, machine learning methods can
improve the rationality and efficiency of the evaluation pro-
cess. Neural networks and support vector machines (SVMs)
are mainstream machine learning methods, but neural net-
works are often prone to fall into locally optimal solutions
[18], [19]. As a classic tool in machine learning, SVMs can
be used to address classification and regression problems.
SVMs have unique advantages in processing data with small
sample sizes and nonlinear and high-dimensional data sets
and are widely used in evaluation models [20], [21]. In [22],
a learning scheme that can dynamically predict the stability
of the reconnection of subnetworks to the main grid was
proposed. This scheme uses an SVM to predict in real-time
whether the reconnection of a subnetwork to the main grid
would lead to stability or instability. In [23], an islanding
detection method was proposed. This method uses an SVM
to achieve greater precision in islanding detection and power
grid fault detection. Least squares support vector machines
(LS-SVMs) are an extension of SVMs. An LS-SVM requires
fewer parameters and simplifies the treatment of the problem
by converting the inequality constraint of an SVM into an
equality constraint. Only a few support vectors determine the
final result; therefore, an LS-SVM can focus on evaluating
key samples to quickly analyze data and make decisions.
This feature endows LS-SVMs with stronger data processing
capabilities and high calculation accuracy.

This paper focuses on how to compensate for a large power
shortage and maintain a continuous power supply for critical
loads within an islanded MMG. Considering the advantages
of LS-SVMs, this paper proposes a comprehensive load eval-
uation method based on a composite least squares support
vector machine (CLS-SVM) and a UFLS strategy with an
adaptive variation capability. The proposed load evaluation
method can account for the various comprehensive evaluation
influence factors (CEIFs) of loads and produce reasonable
and objective load evaluation results to ensure a continuous
power supply for critical loads. The proposed UFLS strategy
can quickly compensate for a power shortage and effectively
suppress frequency fluctuations during the transition between
the grid-connected mode and the islanded mode to achieve
power balance and frequency stability.
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TABLE 1. Comparison between the first contribution of this paper and
the contributions of related literature.

The main contributions of this paper can be summarized as
follows, and the differences with other studies are shown in
Tables 1 and 2:

1) To solve the problem of ensuring a continuous power
supply for critical loads, this paper presents a comprehensive
load evaluation method based on a CLS-SVM. This proposed
method provides a comprehensive evaluation of the load
outage loss, loading ratios, load level, and load frequency
adjustment effect coefficients (LFAECs). The proposed com-
prehensive load evaluation method can reduce the influence
of isolated points in the load data and improve the accuracy
of the load evaluation results.

2) This paper presents a solution method with an adap-
tive variation capability for the UFLS model. This solution
method has a strong global search capability and can quickly
obtain the LS results and achieve a power balance by analyz-
ing the load information and constraints.

II. PROBLEM FORMULATION
An islanded MMG loses utility grid power support and relies
only on regulating the power output of its DG systems to
achieve power balance. When a large power shortage occurs
in an islandedMMGafter the power output of the DG systems
has been adjusted, it is necessary to implement a UFLS
strategy to achieve power balance.When the frequency drops,
the power shortage can be estimated from the derivative of the
frequency [24]:

P′
LS =

2Heq
fN

f ′
|t (1)

where P′
LS is the power shortage, fN is the rated frequency, f

is the system frequency, andHeq is the equivalent inertia time
constant.

During the power shortage period for an islanded MMG,
a change in the power output of the DG systems can cause
a change in the power shortage. The power shortage can be
updated during the MMG islanding period by means of the

TABLE 2. Comparison between the second contribution of this paper and
the contributions of related literature.

following calculation:

PLS = P′
LS +

2Heq
fN

1f ′
|t (2)

where PLS is the updated total power shortage of the
islanded MMG.

When a UFLS strategy is implemented, the economy of
the MMG should be considered in addition to the LS amount.
To optimize the economy of the UFLS strategy, the load oper-
ation cost and the load outage loss should also be considered
to ensure that the requirements of LS operation are met. The
load operation cost and the load outage loss are modeled as
follows:

Cc,i = a1,i
(
PLS,i − PLS max,i

)2 (3)

Cn,i = a2,iPLS,i (4)

where Cc,i is the operation cost of the ith load, Cn,i is the out-
age loss for the ith load, a1,i is the operation cost coefficient
for the ith load, a2,i is the outage loss coefficient for the ith
load, PLS,i is the LS amount for the ith load, and PLS max,i is
the maximum LS amount for the ith load.

To reflect the difference in the load outage loss of a single
load based on its LS amount, the load outage loss coefficient
per LS unit is graded according to the LS amount for a single
load. Furthermore, the larger the LS amount is, the larger the
outage loss coefficient of the load. The relationship between
the outage loss coefficient and the LS amount for a load is
shown as follows:

a2,i =


a21PLS,i ≤ P1
a22P1 < PLS,i ≤ P2
a23P2 < PLS,i

(5)
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where P1 is the power threshold between the first and second
grades and P2 is the power threshold between the second and
third grades, which satisfy P1 < P2, and a21 < a22 < a23.
Therefore, the load outage loss can be calculated as follows:

Cn,i =


a21 × PLS,iPLS,i ≤ P1
a21× P1+ a22 ×

(
PLS,i− P1

)
P1< PLS,i ≤ P2

a21× P1+ a22× (P2− P1) + a23×
(
PLS,i − P2

)
P2 < PLS,i

(6)

In this paper, the objective is to minimize the load operation
cost and the load outage loss. The objective function is con-
structed as follows:

min(
n∑
i=1

λia1,i
(
PLS,i − PLS max,i

)2
+

n∑
i=1

λia2,iPLS,i) (7)

where λi is the load shedding determination factor (LSDF)
value for the ith load.
To meet the requirements of the UFLS strategy, the follow-

ing constraints should be satisfied:

PLS,i ≤ PLS max,i (8)
n∑
i=1

PLS,i = PLS (9)

n1 ≤

n∑
i=1

λi ≤ n2 (10)

fmin ≤ f ≤ fmax (11)

where n1 and n2 are the minimum and maximum numbers of
loads involved in the UFLS strategy, respectively; f is the bus
frequency; and fmin and fmax are the minimum and maximum
frequencies of the bus, respectively.

III. COMPREHENSIVE EVALUATION METHOD FOR LOADS
BASED ON A CLS-SVM
Achieving a power balance for an islanded MMG and main-
taining a continuous power supply for critical loads are the
key research contents addressed in this section. Factors such
as loading ratios, load outage losses, and load levels can affect
the determination of critical loads. To select LS objects more
reasonably and objectively to ensure a continuous supply
for critical loads, the proposed comprehensive load evalua-
tion method relies on fuzzy mathematics to determine the
membership degrees of the CEIFs. The evaluation grades
of the load CEIFs are obtained based on the membership
degrees of the load CEIFs. Considering the evaluation grades
of the load CEIFs can reduce the deviations in the accu-
racy of model training caused by isolated points in the data.
Then, an LS-SVM is used to determine the LSDFs based on
the evaluation grades of the CEIFs. Finally, the problem of
determining critical loads is transformed into a typical 0-1
planning problem, in which the 0-1 variables describe the
determination of critical loads and alternative shedding loads.

A. EVALUATION GRADE DETERMINATION FOR LOAD CEIFs
Some fuzziness will arise in the process of evaluating critical
loads when a certain CEIF of the loads changes from one
characteristic to another, such as when the influence degree
changes from large to small. This fuzziness increases the
challenge of judging the influence degrees. Fuzzy mathe-
matics can be used to handle such fuzziness by applying
exact mathematics to objective objects. As the core of a
fuzzy set, the membership degree function has an important
significance in fuzzy mathematics [25], [26]. Corresponding
membership degree functions should be chosen to describe
different types of fuzzy concepts. The steps of determining
the evaluation grades for the load CEIFs are as follows:

1) The data set is constructed. To obtain the fuzzy mem-
bership degrees of the load CEIFs, a data set

is constructed in this paper based on the load data.

X =


X1
X2
...

Xn

 =


L1 F1 D1 R1
L2 F2 D2 R2
...

...
...

...

Ln Fn Dn Rn

 (12)

where Xi is a matrix consisting of data regarding the CEIFs of
the loads, Li is the outage loss of the ith load, Fi is the loading
ratio of the ith load, Di is the load level of the ith load, and Ri
is the LFAEC of the ith load.

2) The evaluation set of CEIFs is constructed. The evalua-
tion set contains all possible evaluation results for the CEIFs.
The evaluation set is expressed as V = {v1, v2, · · · , vn},
where vi indicates the evaluation grade and the degree of
influence of the ith CEIF. For the determination of vi, values
of V = {1, 2, 3, 4, 5} are considered in this paper. The higher
the grade is, the larger the influence degree.

3) The membership degree function for each evaluation
grade is determined. The membership degree function can
be used to perform dimensionless processing on variables.
For the fuzzy processing of the data, a trapezoidal member-
ship degree function is selected in this paper based on the
evaluation grade set and the consideration of computational
convenience.

Ai (x) =



0 x ≤ a
x − a
b− a

a < x ≤ b

1 b < x ≤ c
d − x
d − c

c < x ≤ d

0 d < x

(13)

where a ≤ b ≤ c ≤ d .
4) The membership degrees of the data are determined

based on the membership degree functions. The deter-
mination of the fuzzy membership degrees for the ith
CEIF is shown in Fig. 1. First, the entire numerical space
is divided into 5 numerical ranges in accordance with
the evaluation grade set. These 5 numerical ranges are
{x1, x3, x2, x5, x4, x7, x6, x9, x8, x10}, where x1 and x10 are
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FIGURE 1. Fuzzy membership degree function for each evaluation grade.

the minimum and maximum values, respectively, of the ith
CEIF. Then the CEIF data are substituted into the member-
ship degree function for each evaluation grade to obtain the
corresponding membership degree. The fuzzy membership
degrees based on each evaluation grade are expressed asU =

{u1, u2, u3, u4, u5}, where ui ∈ [0, 1].
5) The evaluation result set for the load CEIFs is con-

structed. The evaluation grade vi is determined in accordance
with the principle of the maximummembership degree based
on U as calculated in step 4. Then, the evaluation grade set x
of the loads and the evaluation grade set xi of the ith load are
constructed based on vi.

x =


x1
x2
...

xn

 =


l1 f1 d1 r1
l2 f2 d2 r2
...

...
...

...

ln fn dn rn

 (14)

where li is the outage loss evaluation grade of the ith load, fi is
the loading ratio evaluation grade of the ith load, di is the load
level evaluation grade of the ith load, and ri is the LFAEC of
the ith load.

The determination of the evaluation grade set for each
CEIF makes the CEIFs of different attributes comparable.
Furthermore, the results are more accurate when this load
evaluation method is used.

B. DETERMINATION OF THE LOAD EVALUATION RESULTS
BASED ON AN LS-SVM
As a machine learning method based on data mining, an
LS-SVM is a learning machine that achieves an improved
generalization ability by seeking to minimize structured risk.
In the case of a small sample size, an LS-SVM can also
achieve better evaluation results than other similar mod-
els [27]. Considering the aforementioned advantages of
LS-SVMs, this paper presents a load evaluationmethod based
on a CLS-SVM. This method obtains a load evaluation func-
tion through training on a sample set of loads. The architec-
ture of the CLS-SVM used in the proposed load evaluation
method is shown in Fig. 2. The process flow of the determi-
nation of the load evaluation results based on a CLS-SVM is
shown in Fig. 3. The detailed steps are as follows:
1) The sample set of loads, S = (xj, λj)(j = 1, 2, · · · , n),

is built, where the samples xj are obtained using the previ-
ously described process for determining the evaluation grades

of the load CEIFs. xj = [lj, fj, dj, rj] is the d-dimensional
input, and λj is the LSDF value of the sample set.

2) The optimal hyperplane is determined. The determina-
tion of the optimal hyperplane is an important step of the
evaluation method. The load CEIFs constitute multidimen-
sional input, so a nonlinear transformation kernel function
ϕ(x) needs to be introduced to map this multidimensional
input from the original space to a high-dimensional fea-
ture space before determining the optimal hyperplane. The
process of kernel function feature mapping is illustrated in
Fig. 4. Then the optimal load hyperplane is constructed in the
high-dimensional feature space and expressed as follows:

f (x) = ωTϕ (x) + b2 (15)

The optimization problem is

min
1
2
ωTω +

1
2
c1

N∑
i=1

ξ2 (16)

subject to

yi = ωTϕ (xi) + b2 + ξ i = 1, . . . , n (17)

where ω is the normal vector of the hyperplane, b2 is the
parameter to be determined, ξ is the difference between the
actual output and the predicted output, and c1 is an adjustment
parameter.

3) The load evaluation function is determined. ALagrangian
function is introduced to address the optimization problem in
step 2. The load evaluation function for an LS-SVM can be
expressed as follows:

y (x) =

n∑
i=1

aiK (x, xi) + b2 (18)

where ai is a Lagrange multiplier and K
(
xi, xj

)
=

⟨ϕ(xi) , ϕ(xj)
〉
.

4) The load evaluation results are obtained by solving
the load evaluation function based on the load data. Based
on the function values, the LSDFs are obtained; then, the
comprehensive evaluation of the critical loads is completed,
and the corresponding LS positions are determined.

IV. SOLUTION METHOD FOR THE UFLS MODEL
When solving a UFLS model, the existing algorithms tend
to fall into local optima [28]. Different from particle swarm
optimization (PSO), the grasshopper optimization algorithm
(GOA) is a group-based nature-inspired calculation method.
The updating of the search agent positions is affected by the
position of each search agent, allowing theGOA to effectively
achieve gradual and balanced exploration of the search space
when searching for the optimal results [29], [30]. Therefore,
the GOA is a suitable method for solving the proposed UFLS
model.

The global and local exploitation capabilities of the GOA
are coordinated in each iteration by means of a decreas-
ing coefficient. However, because this decreasing coefficient
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FIGURE 2. CLS-SVM architecture.

FIGURE 3. The process flow of the determination of the load evaluation
results based on the CLS-SVM.

decreases linearly as the number of iterations increases, the
convergence speed of the GOA is poor. Therefore, based
on the GOA, this paper proposes a solution method with
an adaptive variation capability for solving the proposed
UFLS model. The proposed solution method uses a nonlin-
early decreasing coefficient instead of the original linearly
decreasing coefficient. Thus, the proposed solution method
achieves a better global search capability and improved self-
adaptability.

For solving theUFLSmodel, the flow chart of the proposed
solution method is shown in Fig. 5. The detailed steps of the
proposed solution method are as follows:

Step 1: The parameters used in the solution method are
initialized, including power and LS constraints for each load.

FIGURE 4. Kernel function feature mapping.

FIGURE 5. Process flow of the proposed solution method.

Step 2: The individual search positions are initialized, the
fitness values of all initial solutions are calculated, and the
solution with the highest fitness is retained as the initial
optimal solution.

Step 3: The nonlinearly decreasing coefficient c is updated
based on the following equation:

c = a×

[
cos(

(l − 1)π
L

) + 1
]

×

(
cmax − l ×

cmax − cmin

L

)
(19)

where c is the decreasing coefficient, l is the current iteration,
and L is the maximum number of iterations. In this paper,
cmax = 1 and cmin = 0.00001.
Step 4: The individual search positions are modified, the

fitness of the values of the current solutions is updated based
on equation (20), and the solution with the highest fitness is
retained as the current optimal solution.

Xdi = c(
N∑

j = l
j ̸= i

c
ubd − lbd

2
s(

∣∣∣xdj − xdi
∣∣∣)xi − xj

dij
) + Td3(20)

where ubd and lbd are the upper and lower bounds, respec-
tively, of the d-dimensional search space and Td3 is the
optimal value in the current population.
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Step 5: If the current optimal solution satisfies the con-
straints, this solution is retained. Otherwise, the algorithm
returns to Step 4.

Step 6: The objective function value of the current optimal
solution is compared against that of the previous optimal
solution, and the optimal solution with the smaller objective
function value is retained.

Step 7: If the maximum number of iterations has been
reached, the optimal LS results are output. Otherwise, the
algorithm returns to Step 3 to continue the search for the
optimal solution.

V. RESULTS
A. PERFORMANCE VERIFICATION OF THE PROPOSED
LOAD EVALUATION METHOD
To verify that the load evaluation method based on a
CLS-SVM that is proposed in this paper can be effectively
applied to carry out sample training and perform a cor-
rect evaluation analysis, the data of 40 load samples were
fuzzified, and the obtained evaluation results were substi-
tuted into the sample data. Of the 40 load samples, 30 were
selected as the training samples, among which the numbers
of samples belonging to categories 0 and 1 were 14 and
16, respectively, and the remaining 10 load samples were
selected as the prediction samples. To enhance the evaluation
accuracy, the radial basis function (RBF) kernel function was
selected, and the kernel function parameters were determined
through cross-validation. First, 5 load samples from each
category were randomly selected as prediction samples, and
the remaining samples were used as training samples. Then,
the proposed comprehensive load evaluation method based
on a CLS-SVM was trained.

As shown in Fig. 6 and Table 3, the evaluation accu-
racy rates of the proposed CLS-SVM method in 5 random
training iterations were 100%, 90%, 90%, 100%, and 80%.
The average evaluation accuracy rate was 92%. As shown
in Fig. 7 and Table 3, the evaluation accuracy rates of an
evaluation method based on an LS-SVM were only 80%,
70%, 80%, 70%, and 80% under the same random training
conditions. With this method, the average accuracy rate was
only 76%. This is because the CLS-SVM is less dependent
on parameters; the treatment of the problem can therefore be
simplified by converting the inequality constraint of the SVM
into an equality constraint. At the same time, this method
can reduce the impact of isolated points in the load bus data
on the evaluation results, and it can focus on assessing key
samples to quickly analyze data and make decisions, thus
improving the data processing capacity and the accuracy of
the load evaluation results. These findings verify that the
proposed evaluation method based on a CLS-SVM exhibits
high accuracy when the data are later fuzzified under random
conditions.

B. FEASIBILITY ANALYSIS OF THE UFLS STRATEGY IN THE
ISLANDING SCENARIO
To verify the effectiveness of the proposed UFLS strategy,
a modified IEEE 33-bus system model was built in the

FIGURE 6. Results of the proposed evaluation method based on a
CLS-SVM.

FIGURE 7. Results of an evaluation method based on an LS-SVM.

MATLAB/SIMULINK platform. All the simulations in this
paper are based on MATLAB R2016a/Simulink software
and were performed on a computer equipped with an Intel
(R) Core (TM) i5. The processor operates at 2.90 GHz with
16 GB of RAM. As shown in Fig. 8, this model contains
seven battery energy storage units (BESs), andBES1 inMG-1
is selected as the primary BES and enters the V/f control
mode when islanding occurs. The rest of the BESs and eight
photovoltaic units (PVs) operate in the PQ control mode.
The data information for the 9 loads in this model is shown
in Table 4. The power information of the DGs, loads, and
BESs in the MMG is shown in Table 5. The model parameter
information is shown in Table 6. A reference to the load data
of the system model is provided in [31].

The MMG system enters the islanded mode at t=1.2 s.
At this time, the DGs need to increase their active power out-
put after the occurrence of the islanding event to compensate
for the power shortage caused by the unintentional islanding
transition. The original tie-line power is 260 kW. When a
power balance within the islanded MMG cannot be satisfied
even after adjusting the DG outputs, it is necessary to shed
part of the loads. During the execution of the UFLS strategy,
the communication transmission delay time is set to 10 ms,
and the relay start delay and the LS delay are set to 10ms [32].

1) CONTROL PERFORMANCE ANALYSIS OF DIFFERENT
UFLS STRATEGIES
The required LS amount is calculated as 183 kW via
equation (2) based on the measured frequency. The shedding
situations based on different UFLS strategies are shown in
Fig. 9. UFLS strategy 2 is a UFLS strategy that considers only
the load level [8], and UFLS strategy 3 is a UFLS strategy
based on an intelligent algorithm [10].
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TABLE 3. Comparison of the evaluation accuracy rates of different
evaluation methods.

FIGURE 8. MMG model based on a modified IEEE 33-bus system.

TABLE 4. System load data information.

TABLE 5. Configuration information for the MMG.

Based on the proposed load evaluation method, the loads
are evaluated comprehensively and shed in accordance with
the evaluation results. The LS situations of each load under
different UFLS strategies are shown in Fig. 9. During the

TABLE 6. The model parameter information.

power shortage period, the proposed UFLS method com-
prehensively analyzes the situation of each load to find the
optimal solution in terms of the objective function. As shown
in Fig. 9 (a), part of the loads are shed from LD1, LD2, LD4,
LD6, and LD9 under the premise of satisfying the LS con-
straints. UFLS strategy 2 considers only the load level during
the LS period and sorts the loads from low to high according
to their load levels. As shown in Fig. 9 (b), all the loads are
shed in LD1 and LD6, and the loads are partially shed in LD8,
which causes an outage of power to the critical load LD8.
As shown in Fig. 9 (c), under UFLS strategy 3, partial LS is
performed in LD1, LD2, LD3, LD4, LD5, LD6, LD7, LD8
and LD9. This LS situation results in power outages to the
critical loads LD3, LD5, LD7, and LD8. These power outages
to critical loads occurmainly because this UFLS strategy does
not include a comprehensive evaluation of the loads.

The frequency curves corresponding to the three UFLS
strategies are shown in Fig. 10. Loads with high load levels
should be retained, and loads with low load levels should
be shed first during the LS period. The LFAECs during
the LS period are another important factor to consider. The
proposed strategy integrates the load levels and the LFAECs.
The selection of LS objects tends more toward loads with low
load levels and LFAECs when the proposed UFLS strategy
is implemented. This selection approach can effectively slow
down the frequency drop and quickly restore the frequency to
the rated value. LD1, LD2, LD4, LD6, and LD9 are selected
under the proposed UFLS strategy, and the selection of these
LS objects results in a small frequency fluctuation range and
a short frequency recovery time. The range of the frequency
fluctuations during the islanding period is 49.41–50.25 Hz.
The frequency is restored to a steady state after 0.2 s. In con-
trast, the frequency fluctuates over a large range during the
islanding period under UFLS strategy 2 and UFLS strategy 3.
Theminimum frequency fluctuation under UFLS strategy 2 is
49.24 Hz, the maximum frequency fluctuation under UFLS
strategy 3 is 50.30 Hz, and the frequency takes a long time
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FIGURE 9. LS situations of each load under three UFLS strategies. (a) LS
situation of each load under the proposed UFLS strategy. (b) LS situation
of each load under UFLS strategy 2. (c) LS situation of each load under
UFLS strategy 3.

FIGURE 10. MMG frequency waveforms under three UFLS strategies.

to return to a steady-state. The aforementioned results show
that the proposed UFLS strategy can effectively eliminate
power shortages during the islanding period. Furthermore, the
proposed UFLS strategy can reduce the frequency fluctuation
range and quickly restore the frequency to a stable state.

2) ADAPTIVITY ANALYSIS OF SOLUTION METHODS FOR THE
UFLS MODEL
As a solution method iterates to find the optimal solution, a
coefficient with a larger value in the early stage can help the

FIGURE 11. Variation in the decreasing coefficient under four solution
methods.

FIGURE 12. SDIAs of four solution methods in 3 scenarios.

solution method perform an effective global search, while a
coefficient with a smaller value in the later stage can help the
solution method search locally and converge to an optimal
solution quickly. In this section, the solution performances of
the GOA, PSO, a genetic algorithm (GA), and the proposed
solution method are compared and analyzed. The variation
in the decreasing coefficient under each of the four solu-
tion methods is shown in Fig. 11. In the proposed solution
method, the decreasing coefficient is nonlinearly varying.
Compared with the linearly decreasing coefficients of the
GOA, PSO, and the GA, the decreasing coefficient of the pro-
posed solution method takes larger values in early iterations
and smaller values in later iterations. The nonlinear variation
in the decreasing coefficient of the proposed solution method
allows it to better meets the requirements of an effective
solution method.

For this analysis, the performance of PSO, the GOA,
the GA, and the proposed solution method was tested in
3 scenarios based on solving the UFLS model. As shown
in Fig. 12, Scenarios 1, 2, and 3 correspond to the standard
deviations of the iterative average (SDIAs) calculated 50,
100, and 150 times, respectively, using each of the four
solution methods. The standard deviation is a quantitative
metric that reflects the degree of dispersion of a data set and
is an important indicator of accuracy. In Scenario 1, the SDIA
of the proposed solution method is significantly smaller than
those of PSO, the GOA, and the GA. In Scenarios 2 and 3,
although the SDIAs of the proposed solution method slightly
increase compared with Scenario 1, their values are still
smaller than those of PSO, the GOA, and the GA. The better
SDIA performance of the proposed solution method shows
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that thismethod ismore adaptive than themethods considered
for comparison and has better convergence stability.

VI. DISCUSSION
To achieve power balance and analyze the comprehensive
effects of loads in an islanded MMG, this paper proposes a
UFLS strategy based on a CLS-SVM. This UFLS strategy
integrates multiple CEIFs of loads so that the load evaluation
method does not unilaterally rely on a particular index. This
feature of the proposed UFLS strategy improves the objectiv-
ity of the comprehensive evaluation method and reduces the
influence of isolated points in the CEIFs on the evaluation
accuracy. For solving the UFLS model, a solution method
with improved adaptability and accuracy is proposed. The
feasibility of the proposed LS strategy is verified in the sce-
nario of a large power shortage in an islanded MMG. The
results show that the proposed UFLS strategy can eliminate
power shortages in islanded MMGs and reduce the frequency
fluctuation range and frequency recovery time compared with
two other compared UFLS strategies. Furthermore, the pro-
posed UFLS strategy improves the operational stability of
the islanded MMG while ensuring the supply reliability for
critical loads.
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