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ABSTRACT

This paper proposes applying the Minimum Redundancy Maximum Relevance (MRMR) algorithm to
select variables for constructing a deep neural network-based classifier for Microgrid (MG) frequency
stability assessment. The MRMR algorithm is combined with the 1-Nearest Neighbor (1-NN) machine
learning classifier (MRMR&1-NN) to evaluate the classification accuracy in feature selection. The study
also compares MRMR-based feature selection with Fisher, Relieff, and Chi-squared methods. Reducing
the feature space is crucial for minimizing computational cost, optimizing memory usage, and reducing the
expenses of sensor measurement equipment in practical applications. Experimental results on a 16-bus MG
system demonstrate that the proposed method not only significantly reduces the number of inputs, but also
improves the classification accuracy. The MRMR method achieves higher accuracy compared to the other
feature selection techniques. Based on the MRMR&1-NN feature selection results, this paper proposes
employing a Bidirectional Long Short-Term Memory network with Fully Connected layers (BiLSTM-FC)
for model construction. The results indicate that the BILSTM-FC model achieves high classification
accuracy, highlighting the effectiveness of using MRMR for feature selection and applying the BiLSTM-
FC classifier for MG frequency stability classification.
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I.  INTRODUCTION

Early detection of frequency instability in power systems is
crucial for timely control actions to maintain system stability.
In the event of a fault, a Microgrid (MG) is highly susceptible
to frequency instability. This issue arises because MGs rely
heavily on renewable energy sources [1]. Renewable energy
sources, such as solar and wind power, offer the advantage of
being environmentally friendly; however, they are highly
dependent on weather conditions. Consequently, in the event of
a failure, weather fluctuations can lead to supply shortages,
causing power imbalances that result in voltage and frequency
instability [2], potentially leading to MG collapse. Clearly,

since MGs are inherently sensitive to variations in renewable
energy sources, predicting frequency stability becomes even
more essential.

The Artificial Neural Network (ANN) method plays a
crucial role in rapidly analyzing data [3] and enabling early
prediction of frequency instability in MGs. Traditional
analytical methods fail to meet this requirement, making
machine learning approaches, such as neural networks,
essential for addressing this challenge [4, 5]. Recently,
numerous studies have focused on applying deep neural
networks. In [6, 7], Convolutional Neural Networks (CNNs)
were utilized to assess the voltage stability of power systems.
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In [8], deep neural networks were applied for power system
stability assessment. Authors in [9] proposed an embedded
Long Short-Term Memory (LSTM) model optimized using
Bayesian techniques to predict the next-day Photovoltaic (PV)
power output. LSTM, a deep learning method, is widely used
in the field of machine learning. LSTM is a type of Recurrent
Neural Network (RNN) designed to address the challenge of
learning and storing long-term dependencies in sequential data.
It can capture long-range relationships within time-series data,
overcoming the vanishing gradient problem encountered by
traditional RNNs. LSTM achieves long-term memory retention
through a specialized gating mechanism, which includes the
forget gate, input gate, and output gate. This mechanism
enables LSTM to retain and adjust important information
throughout the training process, thereby improving its ability to
predict time series or problems that rely on long-term context.
LSTM memorizes long-term information and helps predict
future values based on past information. However, LSTMs can
still encounter the vanishing gradient problem (although to a
lesser extent than traditional RNNs), and in certain cases,
information from the beginning of the sequence may not be
well preserved during training. Bidirectional Long Short-Term
Memory (BiLSTM) is a variant of LSTM designed to enhance
learning and prediction of sequential data by utilizing
information from both forward and backward directions.
BiLSTM can achieve higher prediction accuracy compared to
standard LSTM, as it considers both past and future contexts
when making predictions.

When applying ANN to power system stability assessment,
processing input data attributes or reducing the number of input
attributes has practical significance in minimizing the number
of measurement sensors required. Intelligent search methods
provide high accuracy in selecting the optimal set of input
attributes; however, these algorithms are often complex and
computationally expensive. Feature space reduction for power
system stability assessment models has been proposed by many
researchers [10-13]. The Relief method has been proposed for
input feature reduction in neural networks for power system
security assessment in [10]. In [11], the Sequential Forward
Selection (SFS) algorithm was applied to select input variables
for power system security classification models. The Fisher
method was used in [12] to reduce variables in power system
security assessment and identification. Additionally, the Relief,
Fisher, and Chi-squared methods have been suggested for
selecting input features in intelligent systems for power system
stability assessment [13]. In [14], the Binary Particle Swarm
Optimization (BPSO) algorithm was applied for input feature
selection in power system stability classification models. These
studies consistently emphasize the need to reduce the number
of input features. Published studies on feature selection for
power system stability assessment models indicate that
applying statistical ranking-based methods for input selection is
computationally simple and easy to implement. In [14], it is
shown that the classification accuracy depends on a specific set
of variables, the correlation between these variables, and the
correlation between input variables and the target output. The
study in [15] proposes the Minimum Redundancy Maximum
Relevance (MRMR) algorithm to minimize redundancy among
input variables while maximizing their relevance to the target

output. In [16], mutual information was used for feature
selection in speech emotion recognition using machine learning
algorithms. Additionally, authors in [17] proposed the
application of MRMR algorithm for heart disease diagnosis.

This paper studies the selection of input variables for the
neural network model for classifying the frequency stability of
MG power grids. Specifically, the paper introduces the
application of the MRMR algorithm to reduce the variable
space and proposes the use of the deep learning BiLSTM
neural network for classifying the frequency stability of MG
power grids. The study evaluates its performance on a 16-bus
MG system.

II.  MINIMUM REDUNDANCY MAXIMUM
RELEVANCE ALGORITHM

The MRMR algorithm, introduced in [14], is a feature
selection method that aims to select the most relevant features
while minimizing redundancy. It ensures that the selected
features contain the maximum information about the target
variable without having high correlations among themselves.

The objective of the MRMR algorithm is to find an optimal
set S of features such that the correlation between S and the
output, y, is maximized while the redundancy within § is
minimized. The correlation and redundancy are determined
using the mutual information, I. I between two variables
measures the extent to which the uncertainty of one variable
can be reduced by knowing the other. The mutual information
between two discrete random variables X and Z is defined as in

(D).
1(X,Z) :ZW_P(X =x,2=12,)
P(X=x,Z=2,) (D
log J
P(X =x)P(Z=2z,)

If X and Z are independent, then / = 0. If X and Z are
identical random variables, then I equals the entropy of X.

The MRMR algorithm ranks features using a forward
selection approach based on the mutual information quotient.
This value is referred to as the MRMR,.,,., as defined in (2),
where |S| represents the number of features in the set S.

I(x,y)
|;| Z z€eS I(x’ Z)

The fscmrmr function, available in MATLAB 2021a, ranks
all features in the set 2 and returns idx by the MRMR
algorithm. idx represents the feature indices ranked in order of
significance. This function quantifies feature importance using
a heuristic approach and returns a score value, where a higher
score indicates greater feature importance. The fscmrmr
function executes the MRMR algorithm to rank the variables in
the following sequence:

MRMR A =

score

@)

e Step 1: Select the variable with the highest relevance,
max{[/(x, y)], x € Q}. Add the selected feature to the
initially empty set S.
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e Step 2: Find the variables in the complement set S, that
have nonzero relevance and zero redundancy. If S, does not
contain any variables that satisfy the above conditions,
proceed to Step 4. Otherwise, select the variable with the
highest relevance, max{[/(x, y)], x € S., W = 0}. Add the
selected variable to the set S.

e Step 3: Repeat step 2 until the redundancy is non-zero for
all variables in S..

e Step 4: Select the variable with the largest MRMR,,,, with
non-zero relevance and redundancy in S, and add the
selected variable to the set S.

e Step 5: Repeat step 4 until the relevance is zero for all
variables in S,.

e Step 6: Add the variables with zero relevance to S in a
random order.

III. DEEP NEURAL NETWORK BILSTM

A. LSTM Network

The working principle of an LSTM unit is based on a
control mechanism through four "gates": the forget gate, the
input gate, a tanh layer, and the output gate [9]. These gates
help the LSTM determine which information should be
retained and which should be forgotten during sequence data
processing. The structure of an LSTM unit is illustrated in
Figure 1 and the control mechanisms are described as follows.

e The forget gate determines which part of the cell state
information C,.; from the previous step should be
"forgotten” in the current step. It acts as a filter, allowing
only important information to be retained. The Forget Gate
is calculated using (3).

f=0(W.[h_.x]+b,) 3)

where f; is the forget gate value, o is the sigmoid activation
function, W, represents the weights and bias of the forget
gate, h,_; is the output of the LSTM at the previous time
step, x, is the input at the current time step.

e The input gate determines which information will be added
to the cell state C, of the LSTM. The input gate consists of
two parts. A sigmoid activation gate decides which portion
of the new information should be written into the cell state.
A tanh gate generates new candidate values for the cell
state. The input gate is calculated using (4) and (5).

I, :O-(W/i'[ht—l’xt]+bi) “4)
C, =tanh (W.[h_,.x,]+b,) (5)

where i, is the input gate value, C, is the candidate values
added to the cell state, W; and b; are the weights and bias of
the input gate, W, and b, are the weights and bias of the
updated candidate values.

e Cell state update: The cell state C, serves as the long-term
memory storage in an LSTM. It is updated by combining
old information (filtered through the forget gate) and new

information (introduced via the input gate). The cell state
update is computed using (6).

C=fC +iC (6)

e The output gate determines which information from the cell
state C; will be transmitted as the output. It utilizes a
sigmoid activation function to control the extent of
information released from the cell state. The cell state is
then processed through a tanh function for normalization.
The output gate is computed using (7) and (8).

o,=c(W,.[h_.x]+b,) @)
h, = o,.tanh(c,) ®)

where o, is the output gate value and £, is the output of the
LSTM at the current time step.

Fig. 1. LSTM network structure.

B. BiLSTM Network

BiLSTM [18] is a variant of LSTM in which sequence data
are processed in forward and backward direction. The BiLSTM
network enhances the model's ability to understand the context
of the sequential sample more effectively. The structure of the
BiLSTM network is illustrated in Figure 2, which includes key
components such as the input layer, forward processing layer,
and backward processing layer. These are specified as follows:

e Input: A sequence of data is provided to the BiLSTM
network, denoted as xr.

o Forward pass processing: The sequential data are passed
through an LSTM in the forward direction, from left to
right. At each time step ¢, the forward LSTM processes the
input x; and updates the hidden state 4, along with the cell
state C,

e Backward pass processing: Simultaneously, BiLSTM
employs another LSTM to process the sequence in the
reverse direction, from right to left. The backward LSTM
updates the hidden state and cell state similarly to the

www.etasr.com

Nguyen et al.: MRMR Feature Selection Algorithm for Microgrid Frequency Stability Classification



Engineering, Technology & Applied Science Research

Vol. 15, No. 3, 2025, 23422-23429 23425

forward LSTM, but the data are processed in the opposite
order.

e Merging information from both directions: Finally, the
information from both the forward and backward LSTMs is
combined. Typically, the outputs from both directions are

concatenated to form the BILSTM output at time step 7. The
BiLSTM  output  2*“™ is  represented  as

BiLSTM orward backward ard -
h” =[h,-"’”‘“' e ] , where h/"™? is the output

from the forward LSTM, A" is the output from the
backward LSTM.

Y1 Y2 yr
Outputs I I
Concatenate | | Concatenate | Concatenate
[ 4

Backward = Initial
Forward [ Initial LSTM LSTM LSTM
LSTM State

Inputs X1 xT

Fig. 2. BiLSTM network structure.

IV. MODEL DESCRIPTION select the input features for the frequency stability

A. Schematic Selection and Data Collection

To build an ANN model for frequency stability
classification of the MG power grid, the first step is to select
the schematic and proceed with data collection. The data can be
collected through a data acquisition monitoring system or via
simulation using software. In this study, the data are generated
from simulations with the support of PowerWorld software.
The collected data related to the frequency stability of the MG
should consider abnormal situations that may occur, such as a
generator failure causing a loss of power supply; the MG
operating and connected to the large power system,
experiencing a fault leading to islanding mode; or the MG
operating in islanding mode and suddenly losing a generator.
To ensure comprehensive coverage of operational modes, it is
important to consider the operating load levels of the MG. The
data should contain information closely related to the frequency
stability status of the MG. In cases of large fluctuations leading
to instability in the MG, the data attribute is related to the
variation in active (P) and reactive (Q) power distributed across
the transmission lines, the loads, the generation sources; the
voltage and frequency at the buses. The components for
building the frequency stability classification model of the MG
are shown in Figure 3.

B. Input Data Attribute Selection

The initial collected dataset has n variables; after going
through the variable reduction stage, the number of remaining
variables is m, m<n. Choosing or reducing the number of input
data features is wuseful for minimizing the number of
measurement devices or sensors required. Reducing the
number of input features helps to improve the classification
accuracy and reduce the data storage memory. This paper
proposes using the MRMR algorithm, as presented earlier, to

classification model of the MG.

Data Collection

Input X; Xy X§ —e—o———- %

- Feature
selection

Input Reduction I I |

XI XZ S — p— x[ll
(m <mn)
! | !
g ANN g
.

Stable or Unstable

Fig. 3. Components for building the frequency stability classification
model of the MG.
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C. Building the Neural Network Model

This step involves the construction of an ANN model for
frequency stability classification of the MG. MATLAB 2021a
provides powerful tools in the Deep Learning Toolbox for
building and training BiLSTM networks. This section presents
the structure of BiLSTM Fully Connected (BiLSTM-FC)
network, which is proposed for constructing the frequency
stability classification model of the MG. This configuration
will be applied to build the classification model for the 16-bus
power grid, as detailed in Section V below.

e sequencelnputLayer: This is the layer that accepts
sequential input, suitable for processing sequential data,
which is ideal for classification problems. The number of
inputs corresponds to the number of input variables in the
dataset.

e bilstmLayer: This layer processes the input data in both
directions, forward and backward. It performs learning
based on BiLSTM  networks. The  parameter
numHiddenUnits defines the number of hidden units in
each LSTM. The OutputMode can be set to 'last' (to return
the output at the last time step only) or 'sequence’ (to return
outputs for all time steps). In this case, 'last' will return the
output at the final time step after the data has been
processed through both directions.

e fullyConnectedLayer: This layer is used to convert the
output of the BiLSTM into a classification layer or target
value. The fully connected layer has 2 outputs
corresponding to a two-class classification problem, such as
the classification of stable or unstable frequency in the MG.
In other words, this layer is used to transform the output of
the BiLSTM into a binary classification output.

e softmaxLayer: This layer is used for classification tasks. It
converts the output of the fully connected layer into
probabilities for each class using the softmax function.

e classificationLayer: This is the output layer in a
classification network, used to compute the loss function in
classification tasks.

D. Evaluation

The training and testing results are evaluated using (9).
CCS is the sum of correctly classified samples, and TS is the
sum of samples in the dataset.

cCcS
Acc(%) =——.100 9
(%) 7S C))

V. APPLYING FREQUENCY STABILITY
EVALUATION OF THE MG BASED ON THE BILSTM-FC
NETWORK

A. Building the Sample Dataset

In this paper, the data are generated from the simulation of
the 16-bus MG system shown in Figure 4. The system consists
of 6 generation sources, the generator at bus 16 is considered as
the MG connected to the main grid, with 2 diesel generators
connected to buses 2 and 8, a solar power source at bus 14, a
wind power source at bus 15, and an energy storage battery at

bus 11. The model also includes 8 loads located at buses 3, 4,
5,7,9,10, 12, and 13.

To simulate the data collection, two scenarios are
considered: the first scenario involves the MG operating in
grid-connected mode and a disconnection fault occurs with the
main grid; the second scenario is when the MG is operating in
islanded mode, considering generator failures sequentially at
each of the generation source buses. The simulation process
will vary the total load power from 2.1 MW to 6.3 MW, with
each load step change being 10%. The load profile is shown in
Figure 5. The simulation samples consist of stable samples and
unstable samples. The stable samples consist of data collected
when the frequency oscillation remains within the allowable
range of 0.3 Hz [19]. Conversely, data that falls outside this
range are considered unstable.

<y

IS
< I..444
<
>
>

o
>m->-
>u>

MY
T

Fig. 5.

Load profile.
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The data contain information such as the active power
deviation and reactive power deviation of the generation
source, the active power deviation and reactive power deviation
of the load, the frequency deviation at the buses, the voltage
deviation at the buses, and the active power deviation and
reactive power deviation distributed across the transmission
lines. The dataset contains a total of 200 samples, with 110
stable samples and 90 unstable samples. The labels of the
stable and unstable samples are 0 and 1. There are 89 input
features in the dataset, including: 11 features related to the P
and Q of the generators and the energy storage battery
operating in active power generation mode; 32 features related
to the frequency and voltage at the buses; 30 features related to
the P and Q distributed across the transmission lines; 16
features related to the P and Q of the loads.

B. Input Data Feature Processing

This section applies the MRMR algorithm to select input
features for the frequency stability classification model of the
MG and compares the results with statistical feature selection
methods, including Relieff, Chi-squared, and Fisher. The
results of calculating the importance scores of the variables and
ranking them are presented in Figure 6. The classifier chosen to
evaluate the classification accuracy is the 1-Nearest Neighbor
(1-NN) classifier. The 1-NN classifier is chosen because it is a
simple and easy to implement algorithm. It is constructed using
cross-validation with k-fold = 10. The dataset is split into 10
equal parts. The model is trained and validated 10 times, each
time with a different fold serving as the validation set, whereas
the remaining 9 folds are used for training. The results from
each of the 10 trials are then averaged to provide a final
performance metric. The classification accuracy evaluation
results are presented in the graph in Figure 7, where it can be
observed that the classification accuracy of 1-NN with the
MRMR feature selection method (MRMR&1-NN) is higher
than the other methods in the range with up to 20 features.
Specifically, with 5 and 15 features, the accuracy reaches 97%
and 98%, respectively. This result will be used to proceed with
the training of the ANN in the next section. The computations
are executed on a laptop with an Intel CORE i7 8565U CPU, 8
GB of memory, and a 1 TB SSD.

C. Network Training

With the number of variables, m, equal to 5 and 15, selected
using the MRMR method, the paper trains two networks:
LSTM-FC and BiLSTM-FC, to compare the training and
testing results. The training results of the LSTM-FC and
BiLSTM-FC networks are presented in Table I. The structure
of the LSTM-FC network is similar to that of the BILSTM-FC,
with the main difference being that the BiLSTM layer is
replaced by an LSTM layer.

TABLE L. TRAINING RESULTS FOR LSTM-FC AND
BILSTM-FC NETWORKS
Number of Training Testing
inputs ANN (%) (%)
5 LSTM-FC 100 87.5
BiLSTM-FC 100 97.5
15 LSTM-FC 100 95
BiLSTM-FC 100 97.5
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Fig. 6. Chart ranking the importance score of variables.
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Fig. 7. Feature selection evaluation.

The training accuracy and loss graphs for the LSTM-FC
and BiLSTM-FC networks with 5 and 15 variables are
presented in Figures 8 and 9. The training is performed using a
trial-and-error method. The training algorithm used is 'adam’,
with 100 hidden neurons, and the number of iterations for the
LSTM-FC network is 100 with m=5. For the other cases, the
number of iterations is 50. To build the network, the sample set
is randomly split into a training set and a testing set. The
training set consists of 160 samples, with 88 stable samples and
72 unstable samples. The testing set contains 40 samples,
including 22 stable samples and 18 unstable samples.

D. Discussion

According to Figure 7, it is clear that within the range of up
to 20 variables, the classification accuracy of 1-NN used to
evaluate feature selection shows that the MRMR method
outperforms the Relieff, Chi-squared, and Fisher methods. For
5 variables, the feature selection accuracy using MRMR is
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97%, whereas the accuracies for the Relieff, Chi-squared, and
Fisher methods are 91%, 82.5%, and 89%, respectively. For 15
variables, the feature selection accuracy using MRMR is 98%,
whereas the accuracies for the Relieff, Chi-squared, and Fisher
methods are 95%, 94%, and 89.5%, respectively.

100
90 1
80
70 1
__ 60 H 1
S
g 50 1
<
40 1 1
307 BILSTM-FC, m=15| |
20 | BILSTM-FC, m=5 ]
J LSTM-FC, m=15
10 LSTM-FC, m=5 i
0 . . ‘
0 20 40 60 80 100
Iteration
Fig. 8. The training accuracy graph.
0.9
0.8
0.7
0.6
2
205
-
0.4
03 BILSTM-FC, m=15
0.2 BILSTM-FC, m=5
- LSTM-FC, m=15
04 LSTM-FC, m=5
0 h T
0 20 40 60 80 100
Iteration
Fig. 9. The training loss graph.

With MRMR&1-NN, the accuracy is 96.5% for 89
variables, whereas the accuracy is 97%for 5 variables and 98%
for 15 wvariables. These results indicate that the MRMR
algorithm effectively reduces the number of features. For 5 and
15 variables, the number of features is reduced by 94.4% and
83.4%, respectively, whereas the accuracy increases by 0.5%
and 1.5%, respectively.

In Figure 8 and 9, with m=5, the training accuracy of the
LSTM-FC network reaches 100% around the 42nd iteration
and the training loss approaches zero around the 74th iteration;
the training accuracy of the BiLSTM-FC network reaches
100% around the 15th iteration, and the training loss
approaches zero around the 46th iteration. With m=15, the
training accuracy of the LSTM-FC network reaches 100% at
the 33rd iteration and the training error approaches zero around
the 48th iteration; the training accuracy of the BiLSTM-FC

network reaches 100% at the 4th iteration and the training loss
approaches zero around the 30th iteration. These results
indicate that the BiLSTM-FC network converges faster than
the LSTM-FC network in all cases.

With the MRMR algorithm, for the number of features 5
and 15, Table I shows that the classification results with the
LSTM-FC network are 87.5% and 95%, respectively, whereas
the BILSTM-FC network achieves classification results of
97.5% in both cases. This result is fully acceptable when
compared to the published studies on power system stability
classification. For example, the classification accuracy in [11]
18 96.3%, in [13] is 96.9%, and in [14] is 97.1%.

A general observation from the study results indicates the
superiority of the BILSTM-FC network over the LSTM-FC
network due to its ability to process data in both directions.

VI. CONCLUSION

This paper introduced the implementation of the Minimum
Redundancy Maximum Relevance (MRMR) algorithm to
reduce the input size for the frequency stability classification
model of the Microgrid (MG). The study results on the 16-bus
MG system show that the algorithm successfully eliminates
redundant variables and selects the important ones. This is of
great significance as it helps to reduce the number of
measurement sensors, thereby reducing the cost of building the
hardware system in the sample collection process. Variable
reduction also helps improve classification accuracy and save
data storage space.

The paper also presented the application of a deep learning
neural network, the Bidirectional Long Short-Term Memory
network with Fully Connected layers (BiLSTM-FC), to build a
model for classifying the frequency stability of the MG. The
study results were obtained on a 16-bus MG system, where the
input size was reduced from 89 to only 5, achieving 100%
training accuracy and 97.5% testing accuracy. The research
results demonstrate that the application of BiLSTM-FC for
frequency stability classification in MG is entirely feasible. The
findings can be applied to the problem of synthesizing
recognition and developing intelligent control strategies to
manage grid instability in MG systems.
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