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High impedance (HI) faults in microgrid (MG) power systems are non-
linear, intermittent, and have low fault current magnitudes, making them
challenging to detect by typical protective systems. Consequently, it is
imperative to implement a sophisticated protection system that is dependent
on the precision of fault detection. In this study, a stacking ensemble
classifier (SEC) is proposed to discriminate HI fault from other transients
within a photovoltaic (PV) generated MG power system. The MG model is
simulated with the introduction of faults and transients. The features of data
set from event signals are generated using the discrete wavelet transform
(DWT) technique. The dataset is used to train the individual classifiers
(Naive Bayes (NB), decision tree J48 (DTJ), and K-nearest neighbors
(KNN)) at initial and meta learner in the final stage of SEC. The SEC
outperforms other classification methods with respect to accuracy of
classification, rate of success in detecting HI fault, and performance
measures. The outcomes of the classification study conducted under standard
test conditions (STC) of solar PV and the noisy environment of event signals
clearly demonstrate that the SEC is more dependable and performs better
than the individual base classification approaches.

This is an open access article under the CC BY-SA license.

[ONoIe

Corresponding Author:

Arangarajan Vinayagam

Department of Electrical and Electronics Engineering, New Horizon College of Engineering

Bangaluru, India
Email: arajanin@gmail.com

1. INTRODUCTION

Microgrids (MGs) are used to deliver dependable, cost-effective, and durable energy to remote
areas [1]. However, integrating multiple distributed generation (DG) sources, such as conventional, non-
linear, and intermittent renewable energy (RE) sources, and occurrence of abnormal events brought on by
switching transients and faults (low and high impedance (HI) faults) can negatively impact the MG's security
and reliability [2]. HI faults are prevalent in MG networks when conductors contact high-resistance surfaces
like wet sand, asphalt, tree limbs, and gravel [3]. These faults can cause electrical shock, fire, and cascading
failure, affecting healthy parts of the MG network [4], [5]. The HI fault exhibits a low fault current
amplitude, complicating detection and isolation with conventional protective relays. In this instance, a
sophisticated protection system is needed to accurately detect and differentiate HI faults in MG networks to
isolate the faulty area more quickly and precisely [6]. Therefore, to find the problematic network segment
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faster and more accurately, an enhanced protection system that depends on precise detection and
identification of HI faults is essential. To accomplish more precise detection and discrimination of HI faults
in MG networks, advanced machine learning (ML) classification techniques can be implemented.
Researchers have used various ML algorithms to discover and categorize HI faults in various power
system models and MG networks, ensuring a more efficient and accurate isolation of the problematic area.
This sophisticated protection system is important to ensure the safe and reliable operation of MG networks.
Multi-layer perceptron (MLP) neural networks [7], multi-class support vector machines (SVM) [8], [9], fuzzy
and ANFIS techniques [10], Elman neural networks [11], Kalman filter-based techniques [12], and
convolutional neural networks (CNN) [6] have been used to discriminate HI faults in power networks. HI
fault occurrences have been analysed in MG networks using the Naive Bayes classifier [13] and in
photovoltaic (PV) integrated power networks using mathematical morphology [14]. As per the literature,
single-base classifiers are widely used, and they are generally effective for specific tasks but may struggle
with generalisation due to their susceptibility to noise or overfitting. An ensemble model enhances the
accuracy and consistency of single-base classifiers by training multiple classifiers on the same problem [15].
Researchers have used ensemble approaches like voting probability [16], bagged tree [17], and random
forest [18] to classify electrical faults in power systems. Ensemble classifiers based on extended Kalman
filters [19] and KNN-based random subspace approaches [3] have been used to discriminate high intensity
current (HI) fault in PV-integrated power networks. A boosting ensemble method [20] and voting ensemble
method [21] have been proposed for detecting and classifying electrical faults. The research suggests that
ensemble classifiers are more reliable and efficient than single-base classifiers. The bagging and boosting
ensemble algorithms use homogenous weak classifiers, however an advanced stacking ensemble classifier
uses a collection of heterogencous weak classifiers for superior generalization accuracy [22], [23]. Therefore,
this investigation suggests a stacking methodology for classifying HI defects from other transients in a PV-
generated MG power system. The present research addresses a gap in the literature by concentrating on the
evaluation of HI faults using a stacking ensemble approach. This topic has been the subject of limited
investigation in PV-based MG power systems. The method is designed to accurately classify faults in a noisy
environment of event signals and standard test conditions of solar PV. Addressing these research gaps is
crucial for improving fault classification methodologies in RE-integrated MG power networks and developing
robust ensemble-based approaches for real-world applications. The study's primary contributions are:
— A stacking technique of an ensemble classifier is proposed to differentiate HI fault from other faults and
transients in a PV-generated MG power system.
— Using the discrete wavelet transform (DWT) method, features of the dataset from faults and transient
signals are generated to train the suggested stacking and individual classifiers.
— To verify the efficacy of the suggested stacking technique, a classification analysis is performed in terms
of accuracy and performance metrics (PM) while MG is operating under standard test condition.
— To verify the resilience of the suggested ensemble model, a classification study is carried out under a
noisy environment of event signals.
Structure of the manuscript: section 2 describes MG model, HI fault model, and process steps of classification
model; section 3 defines DWT method; section 4 presents the details of materials and methodology;
section 5 discusses classification results; and section 6 summarizes research findings and future steps.

2.  DESCRIPTION OF PV INTEGRATED MG MODEL

This study uses the ensemble classifier to distinguish HI faults from other transients in a PV-
generated MG model. MATLAB-Simulink is used to simulate and analyse MG network model. Figure 1
shows the simple diagram of an islanded PV generated MG power system with integration of following
elements: solar PV system: 3 units rated 300 kWp (100 kWp/unit); DC-DC powert converter (290 V/500 V
DC) with maximum power point tracking control; voltage source inverter interface PV source into AC
network through transformer T1 (0.260 kV/11 kV, 300 kVA, 50 Hz); diesel engine generator (DEG): 3.25
MVA DEG is interconnected to AC network through transformer T2; AC load maximum capacity of 2.2
MW at 11 kV; capacitor bank maximum capacity of 700 kVAR at 11 kV; and HI fault model with anti-
parallel diodes, resistors (R1 and R2), and voltage sources (V1 and V2).

This study uses a specific procedure to generate 800 current signal samples (100 samples per event),
with an MG model simulation time of 0.5 seconds: i) The HI fault model (Figure 2(a)) generates non-linear
voltage-current samples by varying resistor values (RS1 and RS2) between 0.10 kQ and 5.2 kQ, and voltage
sources (VS1 and VS2) between 0.5 kV and 10.2 kV in 0.3 s to 0.35 s. ii) Current signal samples for low
impedance faults (LGF, LLGF, LLLGF, and LLF) are generated by adjusting resistance values (10-120% Q)
in 0.3-0.35 s steps. iii) Heavy loads (0.5 MW-2.4 MW) and capacitor banks (250 kVAR-700 kVAR) are
turned on in stages to generate LST and CST signals (0.3 s switching).
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2.1. High impedance fault transient model

The high impedance (HI) fault model is a circuit that mimics the properties of the Emanuel
model [7], consisting of anti-parallel diodes, adjustable resistors, and DC source voltages [19]. It generates
distinct non-linear voltage-current curves by varying resistance values and voltage levels. The HI fault
voltage and current patterns within the microgrid network exhibit a nonlinear, asymmetrical, low-amplitude
current waveform dominated by second- and third-order harmonics. The model's configuration and V-I
characteristics of fault signal are illustrated in Figures 2(a) and 2(b), respectively.
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Figure 1. PV integrated MG model
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Figure 2. HI fault model: (a) basic configuration and (b) V-I curves
2.2. Signal processing with discrete wavelet transform (DWT)

DWT method is utilised in this work to decompose the HI fault and other transient signals to
retrieve features of data set for learning the classifiers. The expression of DWT is written as (1) [24].

DT () = 1 En ) X (Fmes) (M)

Where b? is the scaling parameter, ab! is the translation parameter, f is the mother wavelet function, p and m
are integer variables, x(m) is time signal, and k is the number of samples of an input signal. (2)-(4) express
co-efficient and energy value (EV) [22]. This study considers mother wavelet Daubechies 4 (db4) function
and decomposition level (5th) for signal decomposition. The earlier study [23] discusses DWT approach.

A;(m) =Y, x(m) X LF1 X (2m — k) 2
D;(m) = Y x(m) Xx HF1 X (2m — k) 3)
EV = Y0010, 1] + |An)? 4)

Where LF1 and HF1 stand for low and high pass filters, N denotes number of decomposition level, Ai and DJ
represent the approximate and detailed coefficients, respectively.
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3. MATERIALS AND METHOD OF CLASSIFICATION

The complete classification process, shown in Figure 3, includes various steps of analysis. First, the
PV-integrated MG model is created, and simulation analysis is carried out with the introduction of different
faults and transient events in the MATLAB/Simulink software environment. Also, using
MATLAB/Simulink, using the DWT technique, the features of the dataset are extracted from the faults and
transient events. The features are utilised to train the ML classifiers (NB, DTJ, KNN, and SEC) using an
open-source tool, WEKA. The WEKA provides supervised and unsupervised ML methods, including
grouping, visualisation, regression, and classification [23]. From the results of the confusion matrix, the
classification accuracy of each classification method is estimated. The events like normal condition, LGF,
LLGF, LLLGF, LLF, HI fault, LST, and CST in the network are classified in the class names CS1 to CSS.
While training the classifiers, a k-fold cross validation technique is used to learn classifiers, which is more
effective than the hold out data set method and can overcome overfitting issues with limited
datasets [3], [23]. A 10-fold cross-validation strategy has been successful in evaluating classifier
effectiveness, offering accurate approximations for classification accuracy across various tasks [3], [23]. This
study uses a 10-fold cross-validation methodology to train classification models, focusing on proposed
stacking (SEC) and individual classifiers (NB, DTJ, and KNN). Finally, the classification models effectively
identify fault types based on these predictions. In case of a fault, the procedure is completed with a trip signal
and passes to the protective system, or repeated in case of normal conditions. In addition, the materials,
methods, and concepts of each ML algorithm employed in this study are delineated as follows:

3.1. Materials
The materials and tools used in this study are summarized as follows:
— MATLAB/Simulink (R2019b) software tool: used for MG model development/simulation and signal
processing (wavelet tool box) with DWT approach.
— WEKA (V 3.9.6) open-source tool: machine learning models (for classification of events).
— Personal computer: Intel i5 CPU running at 2.4 GHz and 16 GB of RAM.
— Dataset: extracted features from the simulated current signals (faults/transients).

3.2. Methods
The overall methodology adopted in this study consists of the following stages:

— MG model simulation analysis: with introduction of faults and transients switching.

— Signal processing analysis: apply DWT method (decompose the signals to extract features from the
evaluated wavelet coefficients).

— Classification analysis: train the classifier models (NB, DTJ, KNN, and SEC) and evaluate the results.

— System operation: generates the trip signal on fault detection and repeats the process in case of no fault
conditions.
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Figure 3. Block diagram of classification process
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3.3. Classification method: Naive bayes (NB)

The proficient NB classifier uses Bayes' probability theory for categorization [25], [26], renowned
for its compute power, simplicity, and low variation [26]. It treats each characteristic independently during
training, allowing for the computation of posterior probability during classification [26]. The output probability
is the maximum argument for the given classification problem. The classifier's output probability can be
regarded as the maximum argument (arg. max) for the given classification problem, written as (5) [27], [28].

C Cc
Max. — Arg [ (Po(C,1X,)) = LEC2rE0LICL) ®

Since the value of the PR(XL) attribute value rarely changes with class, (5) can be expressed as (6).
Max. — Arg[(Pr(C,|X})) = Pr(Cy) X (Pr(X,IC))] (6)

When considering the likelihood PR(XL|CL) of variables in a data set (XL) is defined as [XL1, XL2, XL3,
... XLN] for the class (CL) as [CL1, CL2, CL3, ... CLK]. In the final assessment phase, the NB classifier
labels the class of events based on the most probable output of each class value.

3.4. Classification method: decision tree J48 (DTJ)

The DTJ method with WEKA is a C4.5 decision tree approach that can handle large scale data sets
with numerical and missing values [23], [29]. It consists of roots, branches, nodes, and leaves, with
classification starting from the root node. The algorithm's working function is determined by entropy
reduction. Each node receives test attribute values from learning instances, and a subset of these instances is
used to build new nodes. The output attribute is added with the leaf generation, and nodes are created until all
instances are used up [21]. The method uses a minimal confidence factor of 0.25 to prune the tree,
considering 10 leaves and 18 tree sizes for the pruned tree.

3.5. Classification method: K-nearest neighbor (KNN)

This is a straightforward method, and learning from instances using the training set's closest to k
values to categorize unknown sample distributions [30]. It uses distance metric functions like Euclidean,
triangular, Gaussian, and Cosine to calculate distances between samples and determine nearest
neighbors [31]. Instances are allocated to the majority class of the nearest k when there are multiple nearest
neighbors. The maximum probability of XT1 being associated with class CS1 is expressed as (7) [32].

KNN(X7q) = max P (Csy, X71) @)

Where the probability of XT1 in class CS1 is denoted by P (CS1, XT1). The study uses a KNN classifier with
multiple scanning techniques to find nearest neighbours. The optimal value of K is around 6, as it has been
proven to produce the maximum classification accuracy.

3.6. Proposed classification method: stacking ensemble classifier (SEC)

The stacking ensemble model (Figure 4) uses DWT analysis to retrieve features from faults and
transient signals, which are then used as input training datasets (DSET) for classifiers. In the first phase,
single base classifiers like NB, DTJ, and KNN are learned using a 10 folds cross validation technique [30].
The KNN method is used at a meta level, as it outperforms NB and DTJ at the first level. In the second
phase, the meta classifier KNN is trained using single base classifier predictions, with a K value of 6 and an
Euclidean distance metric function. The meta-learner predicts class labels (CS1 to CS8) for various events.
Table 1 illustrates the process steps of SEC.

Table 1. Process steps of stacking ensemble classifier

Step Description

Input Training dataset (Dsgr) = {(Xia, Yio) }, Where xia € R"and yio € Y
Output  Target output classes from the ensemble classifier Ep

(a) Apply k-fold cross-validation (Kf = 10) and partition DSET into K equal subsets: DSET = {DSET,, DSET>, ..., DSETy}

(b) Train individual base classifiers ACLi, ACLs, ..., ACL, using each subset. In this work: ACL: = NB, ACL. = DT, and ACL; =
KNN (Stage 1)

(c) Construct new training data from base classifier outputs: for each subset Xj, € DSETj, create instances (X', yjo) where X' =
{ACLi(X4), ACL2(X4), ..., ACLuy(Xi)}

(d) Train the meta-learner (KNN) using the constructed dataset (Stage 2)

(e) Generate final predicted class labels: Ei(x) = L.’(CSi(x), CS2(x), ..., CSn(x)), where M =8
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Figure 4. Proposed stacking ensemble classification model

4. RESULTS ANALYSIS AND DISCUSSION

The MG model was simulated with various class events, including normal, HIF, LGF, and LLGF
(Figures 5(a) to 5(d)) and LLLGF, LLF, LST, and CST (Figures 6(a) to 6(d)). The results of decomposing
signals of various events using the DWT approach are explained in section 4.1. Additionally, in section 4.2,
the results of the classification analysis for the cases of PV-connected MG under standard test conditions and
event signals exposed to noisy environments are discussed.
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4.1. Results of decomposed signals

This analysis generated wavelet coefficients by decomposing HI fault and other transient current
signals at several levels. (4) assessed feature energy using recovered coefficients. SEC and other single base
classifiers (NB, DTJ, and KNN) were trained utilising these features for classification. For decomposing
signals, decomposition at 5th level, the mother wavelet function db4, and a sampling frequency of 24 kHz
were taken into account. Figures 7(a) to 7(d) depict decomposed waveforms for normal, HI fault, LGF, and
CST events in an islanded MG network, along with wavelet coefficient representations. These
decompositions helped identify distinguishing features of each class event in the network. No spikes were
observed in the waveform coefficients of the normal state event, but spikes were observed for LGF and CST
events. LGF current magnitude was larger than the HI fault's small current. Similar decomposition
procedures were applied to extract wavelet coefficients from all other fault and transient events.
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Figure 7. Results of decomposed signals: (a) normal state, (b) HI fault, (¢c) LGF, and (d) CST

4.2. Results of classification

The study used attributes from faults and transient signals to train classifiers using a 10-fold cross-
validation technique [23]. The discrimination of HI fault from other faults and transients in PV generated MG
networks was considered. The accuracy and HI fault success rate of ensemble (SEC) and individual (NB,
DTJ, and KNN) classifiers were evaluated based on confusion matrix outcomes. The definition of accuracy
and success rate of HI fault is expressed as (8) and (9) [3].

Correctly classified instances

Classification accuracy = X 100 % ®)

Total number of instances

. Correctly classified instances of event
HI fault succesive rate = Y

V)
Total number of instances of event x 100 % (9)
4.2.1. Classification analysis: in PV connected MG network (under standard test condition)
This analysis distinguished between faults and transients in PV-generated MG power system. From
the results of confusion matrix (Tables 2 to 5), classification accuracy, HI fault success rate, and performance
indices were assessed. According to the results, the NB classifier incorrectly classified 140 instances,
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compared to 80 and 70 for DTJ (90% and 82%) and KNN, respectively. This resulted in lower accuracy and
HI fault success rate compared to DTJ (91.25% and 78%) and KNN (91.25% and 88%) classifiers. Stacking
classifier had higher accuracy (96.25%) and HI fault success rate (92%) than base classifiers. The stacking
classifier had 30 misclassified instances, the fewest. Overall, the proposed stacking model surpasses base
classification methods with respect to accuracy and rate of success in detecting HI Fault in PV-connected
MG networks.

Table 2. Classification results: NB classifier
Events Classes CSI  CS2 CS3 (CS4 CS5 (CS6 (CS7 (CS8 Incorrectly classified  Correctly classified

Normal CS1 100 0 0 0 0 0 0 0 0 100
LGF CS2 12 88 0 0 0 0 0 0 12 88
LLGF CS3 0 0 82 10 0 0 8 0 18 82
LLLGF CS4 4 12 4 80 0 0 0 0 20 80
LLF CS5 10 10 0 0 80 0 0 0 20 80
HI fault CSé6 0 0 0 0 0 80 0 20 20 80
LST CS7 0 0 12 0 0 0 62 26 38 62
CST CS8 0 12 0 0 0 0 0 88 12 88

Overall accuracy = 82.5% and success rate of HI fault = 80%

Table 3. Classification results: DTJ classifier
Events Classes CSI CS2 (CS3 (CS4 CS5 (CS6 (CS7 (CS8 Incorrectly classified  Correctly classified

Normal CS1 100 0 0 0 0 0 0 0 0 100
LGF CS2 0 96 4 0 0 0 0 0 4 96
LLGF CS3 0 10 90 0 0 0 0 0 10 90
LLLGF CS4 0 0 4 96 0 0 0 0 4 96
LLF CS5 0 12 0 0 88 0 0 0 12 88
HI fault CSé6 0 0 0 0 0 82 8 10 18 82
LST CS7 0 0 0 0 0 10 80 10 20 80
CST CS8 0 0 0 0 0 0 12 88 12 88

Overall accuracy = 90% and success rate of HI fault = 82%

Table 4. Classification results: KNN classifier
Events Classes CS1 CS2 CS3 CS4 CS5 CS6 CS7 CS8 Incorrectly classified  Correctly classified

Normal CS1 100 0 0 0 0 0 0 0 0 100
LGF CS2 0 96 4 0 0 0 0 0 4 96
LLGF CS3 0 12 88 0 0 0 0 0 12 88
LLLGF Cs4 0 12 0 88 0 0 0 0 12 88
LLF CS5 0 0 12 0 88 0 0 0 12 88
HI Fault CSé6 0 0 0 0 4 88 0 8 12 88
LST CS7 0 0 0 0 0 0 90 10 10 90
CST CS8 0 0 0 0 4 0 4 92 8 92

Overall accuracy = 91.25% and success rate of HI fault = 88%

Table 5. Classification results: SEC classifier
Events Classes CS1 CS2 CS3 CS4 CS5 CS6 CS7 CS8 Incorrectly classified  Correctly classified

Normal CS1 100 0 0 0 0 0 0 0 0 100
LGF CS2 0 100 0 0 0 0 0 0 0 100
LLGF CS3 0 0 100 0 0 0 0 0 0 100
LLLGF CS4 0 0 0 100 0 0 0 0 0 100
LLF CS5 0 0 10 0 90 0 0 0 10 90
HI Fault CSé6 0 0 0 0 0 92 4 4 8 92
LST CS7 0 0 0 0 0 8 92 0 8 92
CST CS8 0 0 0 0 4 0 0 96 4 96

Overall accuracy = 96.25% and success rate of HI fault = 92%

4.2.2. Results of performance analysis

To assess the classifier effectiveness in further level, performance measures (PM) like precision
(PR), recall (RC), F-measure (FMS), and receiver operating characteristics (ROCS) were assessed.
Performance measures are detailed in earlier works [22]. Table 6 illustrate performance parameters (PR, RC,
FMS, and ROCS) results of all classifiers. Individual base classifier PR and RC values vary from 0.886 to
0.929 and 0.896 to 0.913. Individual base classifier FMS and ROCS scores range from 0.898 to 0.907 and 0.9
to 0.976. In comparison to NB and DTJ, the KNN exhibits promising results and outperforms. Additionally,
the proposed stacking classifier surpasses individual base classifiers in PR, RC, FMS, and ROCS, with values
above 0.96 and 0.98, respectively.

High impedance fault discrimination in microgrid power system using ... (Arangarajan Vinayagam)
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4.2.3. Classification analysis with noisy event signals

The power system's electrical signals are often noisy. To realize disruption in noisy environments,
power system event signals are analysed with the addition of white Gaussian noise (WGN) [33]. The study
used noise levels with signal-to-noise ratio (SNR) values between 20 and 40 dB. The SNR is computed as
(10) [33].

SNR(db) = 10 log (=) (10)

The proposed ensemble classifier's classification accuracy at different noise levels is shown in Table 7. The
classifier's accuracy and HI Fault success rate ranged from 91% to 94.75% at 20 dB to 40 dB, and 84% to
90% at 20 dB of SNR. However, at higher noise levels, both accuracy and HI Fault success rate were lower.
Despite the noisier environment, the ensemble classifier still showed good results with respect to accuracy
(91%) and rate of success (84%) in detecting HI fault. The proposed ensemble classifier demonstrates
superior precision and robustness in the presence of elevated noise levels with event signals.

Table 6. Results of performance analysis (under STC)
Weighted average metrics
Classifiers PR RC FMS ROCS

NB 0.886 0.896 0.898  0.900
DTJ 0.909 0.9 0.9 0.962
KNN 0.929 0913 0907 0.976
SEC 0.966 0.963 0.962 0.984

Results of metrics with HI fault event

NB 0.875 0.612 0.778 0.841
DTJ 0.878 0.622 0.786  0.982
KNN 1 0.7 0.867 1
SEC 0.909 1 0.952 1

Table 7. Results of classification under noisy environment

Class events No Noise 20 dB 30dB 40 dB
Accuracy Mis-classified Accuracy Mis-classified Accuracy Mis-classified Accuracy

(%) instances (%) instances (%) instances (%)

CS1 100 5 95 3 97 1 99

CS2 100 4 96 2 98 2 98

CS3 100 4 96 3 97 1 99

CS4 100 6 94 3 97 1 99

CSs 90 15 85 12 88 11 89

CS6 92 16 84 12 88 10 90

CS7 92 13 87 11 89 10 90

CS8 96 9 91 8 92 6 94

Overall accuracy 96.25% 91% 93.25% 94.75%
Success rate of 92% 84% 88% 90%
HI fault

5. CONCLUSION

This study proposes a stacking ensemble classifier to differentiate between HI faults and transients
in a PV-generated Microgrid power system. The DWT approach is employed in the pre-stage of data analysis
to extract training set features from transients and fault events. The proposed stacking model has two steps:
learning individual classifiers (NB, DTJ, and KNN) using a 10-fold cross-validation method and learning the
meta-learner (KNN) to obtain targeted class labels. The outcomes from this study are as follows: i)
According to the outcomes of the analysis in the MG network (at STC), the suggested model outperforms
NB, DTJ, and KNN with respect to accuracy (96.25%) and rate of success (92%) in detecting HI faults. ii)
The suggested stacking model achieves 91% accuracy and 84% success rate in detecting HI faults, even in
noisy event data. iii) The performance measures (PR: 0.966; RC: 0.963; FMS: 0.962; and ROCS: 0.984)
prove that the suggested stacking model performs well in identifying faults in MG power systems.

Thus, the ensemble classifier's consistent results demonstrate its adaptability and usefulness in
practical situations. Adopting suggested ensemble classifier could improve fault detection systems in noisy
and dynamic environments, enhancing dependability and operational efficiency. Future study will investigate
the application of sophisticated deep learning techniques to differentiate between HI faults and other
transients in multi-MG power systems.
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