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Isolated Microgrids Dominant Modes Prediction
Based on Machine Learning

Mohammed Y. Morgan, Hatem F. Sindi, Senior Member, IEEE, Hatem H. Zeineldin, Senior Member, IEEE,
and Ahmed Lasheen

Abstract—This paper employs artificial intelligence and
machine learning techniques to predict the dominant
oscillation modes in AC microgrids. The dominant modes
are highly dependent on the droop gains and only slightly
affected by the loading conditions. This paper utilizes the
least absolute shrinkage and select operator (LASSO)
algorithm to extract the key features contributing directly
to dominant modes. The adaptive neuro-fuzzy inference
system (ANFIS) is employed as a nonlinear regression
technique to train a model that relates the system’s key
features to the dominant modes of the AC microgrid. The
data obtained from a 6-bus AC microgrid test system is
used to train the LASSO-based ANFIS model. The results
show that the proposed method can substantially reduce
the data volume of the training set due to LASSO sparse
feature. The precision of the proposed algorithm is de-
termined by comparing its output to the modes deter-
mined by the derived small-signal model of the system.

Index Terms—LASSO, ANFIS, system identification
islanded microgrid.

I. INTRODUCTION

Microgrids have been introduced in recent years as
an emerging technology that represents the
building block in the new smart grid concept [1]. Either
each microgrid can operate in islanded or grid con-
nected mode. In islanded mode, the Distributed gener-
ation units (DGs) employ decentralized droop control-
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lers to share active and reactive power. In this mode,
voltage and frequency are governed by the system’s
loading conditions and droop characteristics [2]. A
secondary layer oversees the primary control layer,
which is responsible for restoring the voltage and fre-
quency to their nominal values.

In addition to the steady state operation of microgrids,
reliable dynamic performance also needs to be assured.
Inverter-based distributed generators (IBDGs) com-
monly used in microgrids reduce physical inertia, and
their control loop parameters can highly affect the sys-
tem stability margin. Hence, it is necessary to investi-
gate microgrids’ small signal stability to ensure reliable
operation during transients. Small signal analysis of a
microgrid typically starts with linearizing the nonlinear
model of the system around a certain operating point [3],
[4]. The sensitivity analysis shows that the dominant
modes are highly affected by the active droop gains and
can significantly influence the system stability margin.
Other studies focused on studying hybrid microgrids
where the model is expanded to include both AC/DC
sub-grids and interlinking converter dynamics [5], [6].
The sensitivity analysis shows that the dominant modes
are highly dependent on the active droop gains of the
AC subgrids.

It is essential to develop a reliable technique capable
of identifying microgrid dominant modes and relating
them to the system operating conditions using a suitable
model. This can be highly beneficial for microgrid sta-
bility assessment in offline optimal load flow studies. In
these studies, the droop gains can be used as a controlled
variable to fulfill a certain objective, such as loss
minimization or precise power sharing [7]. These var-
iables should be constrained within a range that ensures
microgrid stability and guarantees the operability of the
optimal solution. Moreover, an online stability assess-
ment tool can be developed by combining this model
and an online estimator, such as a Kalman filter, to
evaluate microgrid stability based on measured system
states. If the stability margin is approached, corrective
actions can be implemented to dampen the resulting
oscillations and restore system stability.

Several power system identification techniques have
been presented in the literature. Some techniques are
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based on active probing [8], which depends on per-
turbing the system with a well-designed input signal and
measuring the corresponding output. Prony analysis [9]
has been applied to earlier power systems to estimate
their modal characteristics. It probes the power system
using impulse excitation, and then the system equivalent
model is derived from the measured responses. Stei-
glitz-McBride (SM) algorithm and the eigensystem
realization algorithm (ERA) are reported in [10] as an
alternative for the Prony method, where Prony is found
to be superior to SM while ERA is recommended for its
MIMO modeling capability. In [11], a subspace state
space system identification algorithm is used for mode
estimation. Unlike Prony analysis, it utilizes low-level
probing signals.

Other data-driven modeling techniques [12] are based
on artificial intelligence and deep machine learning.
Linear regression is employed to predict power system
oscillation modes, while in [13] it is used to predict
system transient stability boundary. In [14], decision
trees are used to classify the oscillation modes into well
or poorly damped based on system measurements. Ar-
tificial neural network (ANN) based power oscillation
identification and damping are introduced in [15], while
reference [16] applies the convolutional long short-term
memory 2-dimension (ConvLSTM2D) approach to
estimate dominant oscillation modes based on syn-
chrophasor data.

For microgrids, active probing or data-driven mod-
eling techniques are applied in some researches. In [17]
and [18], a real-time stability assessment approach
based on subspace identification is proposed. The pro-
posed algorithms rely on perturbing the DG active
control loop, and the response is measured to identify
the system-reduced order dynamic model. These ap-
proaches can only be used for online stability assess-
ment or enhancement but cannot be applied to offline
applications, as discussed previously. Data driven
models based on machine learning can offer deeper
insights into microgrid stability analysis, particularly
due to the lower model order of microgrids compared to
conventional power grids.

In [19], an ANN-based algorithm is proposed to en-
hance microgrid stability. The algorithm is based on
creating a dataset of proportional-integral controllers,
and ANN is employed to select the best one. This algo-
rithm focuses on controller tuning, without obtaining
the relationship between the system’s dominant modes
and the controller parameters. Reference [20] focuses
on estimating the stability margin using the LASSO
algorithm and ANN. However, no modeling is intro-
duced and the scope is limited to voltage stability.

This paper employs artificial intelligence and ma-
chine learning techniques to predict the dominant
modes of oscillation in AC microgrids. The main con-

tributions of this work can be summarized as follows: 1)
the use of the well-established LASSO algorithm to
extract key features that directly influence the dominant
modes, thereby reducing the training time; and 2) the
application of ANFIS to develop a nonlinear regression
model capable of predicting the system’s dominant
modes based on measurements of these key features.

The rest of the paper is organized as follows. Section I1
introduces the detailed model of an inverter-based is-
landed AC microgrid. An overview of LASSO and
ANFIS regression techniques is presented in Section III.
Section IV discusses the proposed algorithm for mi-
crogrid dominant modes identification, and the results
of the proposed case studies are discussed in Section V.
Finally, conclusions are stated in Section VI.

II. ISOLATED MICROGRID MODEL

In this section, the dynamic model of an isolated
microgrid is introduced. A typical microgrid contains it
droop-based DGs, load, and lines. To obtain the com-
plete model of the microgrid, each component needs be
modeled individually, and these models are then com-
bined to form the full model.

Figure 1 presents the different components of the AC
microgrid. For ease of analysis, the system is considered
a balanced three-phase system, and the dq frame trans-
formation is employed to model the AC microgrid
components [1].
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Fig. 1. AC microgrid components.

A. Inverter-based Distributed DG

In isolated AC microgrids, droop characteristics are
adopted to share the active and reactive power among
the system DGs, as shown in Fig. 2(a). The active and
reactive power outputs of each DG are calculated using
the measured output voltage and current [3]. The cal-
culated values are then used to determine the frequency
and voltage using the droop characteristics given by (1).
Low-pass filters are typically employed to eliminate
high-frequency harmonics in power measurements.
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where @ is the AC side frequency; while m, and n_,

are IBDG droop gains; P'and Q! are the no-load ref-

erence for active and reactive loops; P*and Q" are the
output active and reactive power from IBDG of bus £;
, is the cut-off frequency of the filters; i}, and v},

are the dg components of the output voltage and current
of the LC filter connected to the kth IBDG.
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Fig. 2. IBDG controllers. (a) Power controller. (b) Voltage and current
controllers.

The voltage and current controllers shown in Fig. 2(b)
can be modeled as:
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where vl';q and il'j,q are dq components of the terminal
voltage and current of the kth IBDG while v," and i
are their reference values; qfq and }/jq are intermediate
variables of the voltage and current controllers; K,
and K, are the proportional and integral gains of the

inner control loops; L, , R, and C, the parameters of the

LC filter.
The coupling filter and transformer between the
IBDG and the AC subsystem can be modeled by:
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where R_and L_represent the series impedance of the
coupling transformer; v,’jdq are dg components of the kth

bus in the AC subgrid; and ,, . is the base frequency.

B. Network and Load Model

Short lines and constant impedance models are
adopted to represent the AC lines and loads, respec-
tively, with both lines and loads modeled as a series R-L
circuits. The mathematical models described in the dg
frame are given by:

v‘l;ne — Rline i(lline lee d lme _ Lline l-(l]ine
4
lme lee -line lee d lme _ Lline line
d
t q
load load -load load d sload load -load
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t
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q dt‘l

C. Overall Model

The dq frame is adopted to model the microgrid. Each
component is modeled to its reference frame. It is a
common practice to choose one DG’s dg frames as a
reference frame and to convert all the variables from
each model to this common frame [4]. The angle dif-
ference between this frame and other frames is given by:

5= [(0-w,,)dt (6)

where @__ is the speed of the common reference dg

frame.
The complete system model can be obtained by
combining the individual models of the aforementioned
subsystems. Figure 3 represents the block diagram of
the complete system model and illustrates the inter-
connection between the different subsystems.
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Fig. 3. Overall system model.

This section presents an overview of machine learn-
ing methods that will be used to identify the microgrid
dominant modes of oscillations as a function of the
microgrid drop gains and operating conditions.

The system identification problem can be trans-
formed into a machine-learning problem in which the
training data set can be of the form:

D, ={(X,, 1), (X,, 1), (X,. ¥,)} (7

where X represents the system inputs (features) vector
while Y represents the corresponding output (response).
It is required to obtain a certain model that represents
the relationship between the given features and the
required observation or output. The model is trained
using the available training data set to minimize the
error between the given observations and the values
predicted by the model. The model can be linear or of
higher order according to the relationship nature.

A. LASSO Regression

The “least absolute shrinkage and selection operator”
was first introduced in the late 1990s [21]. The algo-
rithm was developed to solve the overfitting problem
related to the linear regression problem of the form:

P
Y= BX"+¢ ®)
Jj=1

where S, is the weighting factor; and € represents the

system noise. To overcome the overfitting problem, not
only minimizes the least square error but also introduces
an additional penalty term given by:

A 1 Z
fuso=nemp Lir-xa+351s)| 0
J=1

where A is a regularization parameter that needs to be
specified. It controls the amount of shrinkage in the
minimization criterion. In practice, one can select 4
according to some resampling methods, i.e., crossvali-
dation. It must be noted that an earlier version of the
enhanced minimization criterion is introduced by the
ridge formula [22], given by:

A

.1 p
fuo=arsmin xS a0
=

As shown in (9) and (10), the main difference be-
tween the two approaches is characterized by the pen-
alty term. LASSO’s approach employs the L1 norm of
the weights rather than the L2 norm utilized by the ridge
regression.

Using the L1 norm can be beneficial as it allows some
of the features to have zero weights in the regression
model. In contrast, ridge regression, which employs the
L2 norm, does not produce sparse solution. This sparse
property associated with the LASSO algorithm can
improve model accuracy and help eliminate irrelevant
features, particularly in high-dimension problems. This
extends the applications of LASSO in machine learning
not only for linear regression but also for feature selec-
tion. Employing the LASSO selection property can
significantly reduce the number of system features with
minimum impact on prediction accuracy, resulting in
lower computation complexity and higher efficiency [20].
In this paper, LASSO is introduced as a feature selec-
tion method to enhance the efficiency of the microgrid
dominant modes estimation algorithm, as will be dis-
cussed later.

The closed-form formula for both least square and
ridge regression can be given by:

B =(X"X)'(XY)
B =(X"X +121))(X"Y)

where I, is px p identity matrix.

(11)
(12)

Unfortunately, there is no closed-form solution for
LASSO regression. Instead, the weights are typically
computed using coordinate algorithms, often referred to
as “shooting algorithms”, which iteratively solve the
underlying optimization problem [23]. The advantages
of LASSO over other machine learning methods can be
summarized as follows:

1) Interpretability. Since LASSO reduces the
number of non-zero features; the final model is sim-
pler and more interpretable. For example, decision
trees or random forests can also provide a ranking of
features by importance. LASSO provides more in-
terpretable linear relationships and often leads to
faster feature selection on larger datasets.

2) Selection efficiency. Unlike some other variable
selection algorithms such as recursive feature elimi-
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nation (RFE) or stepwise regression, LASSO is
computationally efficient and provides much-I
proved scaling to datasets with a high number of
features.

3) Prevents overfitting. LASSO penalizes the size
of the coefficients, hence reducing the chances of
overfitting in models with large numbers of features.
This help retain only the most predictive features,
thereby enhancing the model’s ability to generalize to
unseen data.

B. ANFIS Regression

Fuzzy systems can turn knowledge gained by expe-
rience into rule-based models useful in system identi-
fication and control. Fuzzy modeling is beneficial for
dealing with complex and multidimensional systems. A
fuzzy inference system (FIS) model can be built to es-
tablish adequate rules and membership functions to
correctly model the system. Fuzzy systems offer several
advantages over neural networks when it comes to
modeling, including the following:

1) The ability to infer the relationship between im-
precise and ambiguous input data and effect (output)
[24].

2) Can easily overcome the overfitting problem and
provide better prediction capability [25].

To combine the learning capabilities of ANN and the
advantage of the fuzzy systems, ANFIS is introduced in
[26]. The inference system consists of a set of fuzzy
based rules, which can be given by:

R,:if xis A, and yis B, then z, = px+ ¢,y +7

R,:if xis A, and yis B, then z, = p,x + g,y +r, 13
R,:if xisA, and yis B, then z, = p,x+ g,y +1, (13)
R,:if xis A, and yis B, thenz, = p,x+¢q,y +7,

The structure of the ANFIS network, as shown in Fig. 4,
is based on five main layers [27]:

Layer 1
Layer 2

Layer 3

Layer4 Layer5

Fig. 4. Overall system model.

Layer 1: It represents the input layer and consists
of adaptive nodes. The fuzzification of the inputs
takes place in this layer through (14).

Layer 2: This layer (rule nodes layer) contains the
fuzzy rules, and its output represents the rule’s firing
strength given by (15).

Layer 3: This layer calculates the normalized fir-
ing strengths of previous rule nodes using (16).

Layer 4: This node is responsible for calculating
the contribution of each rule into the final output
using (17).

Layer 5: This is the output layer where the de-
fuzzification of the inputs occurs, and (18) give the
final output.

O =, (x), i=1,2

(14)
0 = Uy (x), 1=3,4
O =w, =, (Ot (x), i, j k=12 (15)
O} =i =—t— i=1,2 (16)
Zi:IW/‘
O =wx =w(px+qy+r), i=12 (17
2
0’ =3 W/, (18)
i=1

The advantages make the ANFIS a universal esti-
mator capable of predicting specific features under
varying operating conditions. This property is particu-
larly valuable in this research, as it enhance the accu-
racy of oscillatory modes prediction across different
droop gains and loading conditions [27], [28].

IV. SELECTION AND TRAINING ALGORITHM

This section presents the proposed steps including
data set generation, the LASSO selection algorithm, and
finally the ANFIS training procedures.

A. Generation of the Training Data

To generate the data for training the prediction model,
the following steps are undertaken. First, the active
droop gains are assumed to be the same for all DGs to
ensure equal load sharing and system stability (base
case). The droop gains are then increased equally from
the base case value to a value that causes the system to
operate around the stability limits. This make the system
modes move from their base case values to those close
to instability. Active droop gains used during the
training process can be written as:

m, = ms(l+Amp)

(19)
where mg and Am_ are the base case active droop gains

and the percentage of perturbation of active droop gain
allowed in each DG.

To broaden the range of the prediction model, the
loading of the microgrid is taken into consideration.
While loading only has small effect on the mode loca-
tions [3], the model prediction accuracy can be en-
hanced by incorporating the microgrid loading condi-
tion. For this purpose, the microgrid loading is ran-
domly changed within £50% variations from the base
case at each value of the active droop gain. Since this
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work assumed a constant impedance model to represent
the load, the load adjustment scheme can be given by:

Riload — R(l)oad (1 + ARiload)

Llf)ad — Lload (1 + ALI.Uad) (20)

where R and L™ represent the nominal impedance
of the ith the case;
AR and AL are the allowable percentage pertur-

bation in the ith load impedance.

The next step is to linearize the system around each
operating point to obtain the system state matrix and the
corresponding Eigenvalues of the dominant mode. The
linearization process is done using the Matlab “linear
analysis toolbox.” The output system model is given in
the form:

load in base while

{Aic(t) = AAX(t) + BAu(t) o

Ay(t) = CAx(t) + DAu(t)

The system states represent the inputs to the predic-
tion model, while the dominant mode Eigenvalues are
the corresponding outputs. The operating points are a
different combination of active droop gains and loading
conditions. Hence, each operating point represents the
system status at specific loading and droop gain.

B. LASSO Selection Algorithm

The number of the generated data sets is equal to the
number of the loading conditions multiplied by the
number of the active droop gain values. Each data set
represents a pair of the system states and the mode lo-
cation. The LASSO shooting algorithm is employed to
determine the weight that corresponds to each of these
states. LASSO can determine the states which have the
minimal effect on the prediction of the dominant mode
and then force them to zero. This minimizes the number
of states and, hence, the size of the training data.
Moreover, the structure of the corresponding ANFIS
network is substantially reduced, which speeds up the
training process. The LASSO feature selection algo-
rithm can be summarized in the following steps: 1)
normalize the data set; 2) divide the Data set into & folds;
3) calculate the regularization parameter using cross
validation; 4) determine the weights of the input states;
and 5) select the inputs of non-zero weights.

C. ANFIS Training

After selecting the effective states using the LASSO
algorithm, the revised data set is used for training the
ANFIS model. The data are divided into training,
checking, and validation data sets. The training data set
is used in ANFIS training, while the ANFIS learning
algorithm combines a backpropagation gradient with a
forward pass for each training iteration (epoch). The
descent algorithm employs the least-squares estimator.
After presenting an input vector, node outputs proceed
until layer four, where the resulting parameters can be

identified using the least-squares approach. The gradient
descent technique updates the network parameters as the
error signals propagate backward in the backward step.

In this stage, the resulting parameters are fixed. The
checking data set is used to help prevent ANFIS training
from overfitting. The validation data set is used to val-
idate the model and evaluate the model prediction ac-
curacy. For the final step, the validation data set is used
to validate the model and evaluate the model's predic-
tion accuracy. The validation data set allows testing of
each FIS model at this level. Two well-known perfor-
mance measures, the root mean square error (RMSE)
and mean absolute square error (MASE), are devised as
criteria for selecting the best FIS models. The initial
Sugeno-type FIS models are constructed using the
training data set and the subtractive clustering approach
[27]. Among clustering algorithms, this approach has
the advantage that its simplicity is proportional to the
quantity of data points and is independent of the prob-
lem’s dimension.

The eigenvalues of the dominant modes consist of
real and imaginary parts, which have different relations
to the system states. Hence, two distinct ANFIS models
are used to predict the real and imaginary parts. Simi-
larly, the LASSO selection algorithm is used to select
the dominant features for each model.

It must be noted that the proposed algorithm has
many advantages over sensitivity analysis in identifying
the system’s dominant modes. Sensitivity analysis re-
quires varying each parameter to estimate its impact,
possibly without directly eliminating irrelevant features
and thus can be computationally expensive in case of a
high number of parameters. In contrast, the proposed
algorithm utilizes a computationally efficient LASSO
technique to enhance feature selection. Sensitivity
analysis, by its very nature, does not consider parameter
correlation while looks at each input variable in isola-
tion. Therefore, when multiple inputs are interrelated, it
becomes challenging to determine which parameter is
truly dominant or how their interactions influence the
system. Moreover, non-linearity can cause problems
unless more advanced global sensitivity methods are
applied, which again increase computational costs. On
the other hand, the proposed algorithm utilized ANFIS,
which can handle various types of nonlinearity due to
ANN, while its fuzzy inference system captures com-
plex relationships between system inputs and outputs.

V. CASE STUDIES

This system presents the case studies used for testing
and validation of the proposed prediction model.

A. Test System

The system under study is an AC microgrid with a
6-bus, as shown in Fig. 5. The microgrid operates in
islanded mode with three droop-based DGs and two
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loads. The parameters of the test system can be found in [4].
As stated previously, the three DGs have the same ac-
tive droop gains to ensure equal power sharing. The
active droop gain of the base case is chosen to be 0.003
p.u while their loads are represented by equivalent re-
sistances of 20 Q and 25 Q, respectively. The system
modes are obtained by calculating the eigenvalues of the
state matrix A of the linearized system around the base
case operating point. It was found that the system has 45
states and eigenvalues. The critical modes of oscillation
of the linearized system can be found in Table I.

Fig. 5. The 6-bus test system.

TABLE I
DOMINANT MODES OF THE TEST SYSTEM
Real Imag. Damping Natural fre-
(/s) (rad/s) ratio (%) quency (Hz)
Mode 1 -8.836 +48.21 18 49
Mode 2 -13.8 +22.65 52 26.5

B. LASSO Selection Algorithm Verification

The linearized model contains a large number of states
that are used as input to the prediction model. Hence, the
LASSO selection algorithm is applied to eliminate the
states that have low contributions to the system’s dominant
eigenvalues.

Ninety-seven operating points are generated, which
corresponds to changing the active droop gains from
0.003 to 0.006. Figure 6 depicts the movement of the
dominant modes towards instability when changing the
active droop gains.

It can be seen from Table I that mode 1 is more
dominant than mode 2. Hence, the proposed prediction
model considers mode 1 as the required output. After
optimizing the regularization parameter A to remove
the redundant features, the final selected features only
have 4 and 5 states for predicting the real and imagi-
nary parts of the eigenvalue, respectively. The weights
of these states are demonstrated in Fig. 7 and are listed
in Table II.

10
g 3 1
=
»1)
Z 0 —
-5 1 L I L
0 10 20 30 40 50
State number
(a)
10
g 3 1
2
= 0
| I
-5

0 10 20 30 40 50
State number

(b)

Fig. 7. Weights of the dominant states in Eigenvalues. (a) Real part. (b)
Imaginary part.

TABLE II
SELECTED STATES BASED ON THE LASSO ALGORITHM

Real part selected states Imaginary part selected states

State Weight State Weight
St —-0.617 e 8.30
e 6.70 ! -4.23
0 —0.567 0 -1.67
A —-0.346 2 —2.62

2 2.88

100
z o T
g ot P
E
= —50 \A
—10053 —12 -9 -6 -3 0
Real (/s)

Fig. 6. The trajectory of the dominant modes while changing mp.

Figure 8 depicts the correlations between the real part
of the 48 Hz mode and the top four dominant states,
which greatly match the weight of the states selected by
LASSO and listed in Table II. The same consistency can
be found for the selected states for the predicted imag-
inary part. For further validation, the selected features
are used to estimate the mode location for the same
change in the active droop gains. A comparison between
the actual and estimated values is demonstrated in Fig. 9.
The calculated MAPE is 3.5% and 0.61%, while RMSE
is 0.0757 and 0.424 for real and imaginary parts, re-
spectively.
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Fig. 9. LASSO regression of the dominant modes.

C. ANFIS Model Testing: Single Loading Condition

Two ANFIS models are employed to predict the real
and imaginary parts of the eigenvalue, which corre-
sponds to the dominant mode (using Matlab fuzzy
toolbox).

Each ANFIS model acquires its optimal inputs from
the preceding LASSO selection algorithm. Subtractive
clustering is used to determine the initial FIS with six
membership functions for each input. The same gener-
ated data set used for feature selection is used to tune the
ANFIS models with 70%, 15%, and 15% of the data
used for training, checking, and testing, respectively.
The number of epochs required for training the two
ANFIS models is approximately 100 for both models.
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Fig. 10. Dominant mode actual and estimated locations. (a) Training data.
(b) Test data.

The RMSE of the trained models are 0.0008 and
0.0029. Figure 10 depicts the actual versus estimated
locations of the dominant mode. The results demonstrate
the capability of ANFIS to model the nonlinear relation
between the inputs and outputs with minimum error
compared to LASSO linear regression in Fig. 9. The
output Sugeno-type fuzzy rules are presented in Fig. 11.
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Fig. 11.  ANFIS model fuzzy rules.

D. Multiple Loading Conditions

In this test case, the system loading condition is taken
into consideration while generating the training data set.
While adjusting the active droop gain in the previous
range, the microgrid loading is changed at each gain
value within £50% variations from the base case. The
load variation range is divided into steps resulting in 12
loading conditions in total. Figure 12 depicts the actual
versus estimated values of the Eigenvalues of the
dominant mode when 12 loading conditions are used to
train the models.

Table I1I presents the data size and the statistics of the
models trained at the specified loading conditions. It can
be shown that the error increases as the number of
samples increases, which represents more loading cases.
Compared to the single loading case, three new inputs
are added to the real part model, while only two inputs
are added to the imaginary part model. The new inputs
appeared due to the microgrid loading effect, while the
number of inputs is much lower than the total system
states, due to the LASSO feature selection.
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Moreover, the number of fuzzy rules is reduced as the
number of loading conditions increases. The correlation
between the microgrid loading and the dominant mode
location becomes stronger when more loading condi-
tions are introduced. Hence, fewer fuzzy rules are re-
quired.

62 T T T T T
=Test data : f
o ANFIS: output : :
— 581 f@ : i
_g S6F- O S @ﬁﬁ o d
£ & : :
£ s A
R : s
4879 -8 -7 -6 -5 —4 -3
Real (/s)
(a)

xTraining data
5 LoANFIS output

Imaginary (rad/s)

-9 -8 -7 -6 -5 —4 -3
Real (/s)
(b)

Fig. 12. Dominant mode actual and estimated locations for multiple
loading conditions. (a) Training data. (b) Test data.

TABLE III
ANFIS RESULTS FOR MULTIPLE LOADING CONDITIONS
Model 1 Model 2

Loading Data

conditions  siz¢ nputs Rules RMSE Inputs Rules RMSE
3 180 7 11 0.000 338 7 12 0.0016

6 360 7 10 0.0005 7 9 0.0037
540 7 9 0.001 78 7 9 0.0057

12 720 7 7 0.0037 8 7 0.022

VI. CONCLUSION

In this paper, a machine learning-based method is
proposed to predict the location of the dominant modes
in isolated droop-based microgrids. The proposed
method employs the LASSO selection algorithm to
eliminate the redundant features and minimize the
number of inputs to the ANFIS model. To ensure ac-

curate estimation of the mode location regardless of the
nonlinearity of the system, two ANFIS models are
presented to predict the real and imaginary parts of the
corresponding Eigenvalues. The models are trained at
different operating points, including different droop
gains, and loading conditions. The agreement of the
proposed method results with the results from the small
signal analysis demonstrates the accuracy and robust-
ness of the proposed method. Hence, it represents a
powerful tool for planning the operation of droop based
microgrids.
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