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A B S T R A C T   

Microgrids are essential for integrating renewable energy sources into the power grid. However, fault detection is 
challenging due to bidirectional energy flow. Traditional relay-based systems struggle in microgrids, primarily 
because of limited fault currents from grid-connected renewable energy inverters. To address these challenges, 
this paper proposes a new methodology for fault detection and classification in a renewable microgrid. The main 
contributions encompass two key aspects. Firstly, it enhances fault detection performance in microgrids char
acterized by nonlinear relationships, including photovoltaic, hydrokinetic, and variable electric load systems. 
Secondly, the combination of the discrete wavelet transform with various types of neural networks and super
vised learning techniques provides a robust methodology for fault detection and classification. The proposed 
approach is evaluated using an IEEE-5 feeder test bed representing a realistic ring network configuration. The 
results show that the radial basis function neural network model exhibited promising outcomes, yielding a low 
prediction error of 1.31 e-31, highlighting its practical potential for enhancing system reliability and perfor
mance. Furthermore, various test cases were conducted by altering the ground resistance to train the neural 
networks, demonstrating the effectiveness of this neural network in accurately identifying fault conditions. 
Additionally, this research achieved promising outcomes with other models, including support vector machine 
and nonlinear autoregressive with external input, emphasizing the adaptability of these models in fault 
detection.   

1. Introduction 

The remarkable growth of renewable energy is being driven by the 
increasing costs and limited availability of fossil fuels [1]. Smart grids, 
particularly microgrids (MGs), have played a significant role in accel
erating the development of renewable sources. MGs are systems for 
distributing electricity that consist of distributed generators and loads. 
These systems can operate both while connected to the main grid and in 
standalone mode [2]. MGs offer numerous benefits, including cost 
reduction, high energy quality, and enhancing the reliability of the 
system for end users [3]. However, they also come with challenges, 
particularly in managing bidirectional power flow with the main grid. 
These challenges involve various aspects, such as implementation, 
operation, control, and MG protection [4]. Conventional systems for 
detecting faults based on relays are ineffective when applied to MGs. 
This is because they are designed to detect high levels of fault currents, 
while the fault currents contributed by grid-connected inverters of 

renewable sources in MGs are extremely small. Consequently, the pro
tection schemes remain inactive, leaving the MG vulnerable and 
compromising its reliability and safety. As a result, the development of 
new methods for detecting and categorizing faults in electrical power 
systems (EPS) that include MGs has become essential. This paper aims to 
address this key objective. The bidirectional energy flow between MGs 
and the grid poses a challenge, as existing protection schemes become 
redundant. Moreover, MGs with generators of different capacities and 
types produce fault currents at varying levels, leading to a significant 
degradation of protection coordination [5]. Traditional overcurrent 
protection techniques become less suitable as fault currents differ 
depending on whether the MGs are connected to the main grid or 
operating in island mode. Therefore, an effective protection system 
should encompass fault detection, classification, and estimating the 
location of the fault [6]. This paper primarily concentrates on fault 
detection and classification, since localizing the fault comes into play 
once the fault is definitively detected and its type is determined. 
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In the existing literature, several studies have been conducted on 
fault detection and classification in MGs. For instance, a method for 
detecting faults using a differential relay is presented in Ref. [7]. 
However, this method is expensive and suffers from the aforementioned 
limitations. In recent years, researchers have predominantly employed 
techniques based on artificial neural networks (ANNs) and Traveling- 
Wave (TW) for fault detection in EPS and MGs [8]. These methods 
offer rapid fault detection, as demonstrated in Ref. [9], where a fault 
detection method utilizing TW analysis is proposed for DC MGs. 
Although DC MGs possess advantages over AC MGs, the latter are more 
common. Nevertheless, applying the TW method to AC MGs presents 
challenges in detecting the traveling wave head for fault diagnosis [10]. 
To overcome this limitation, various methods have been proposed for 
extracting information about the front of the traveling wave. These 
include Fourier Transform (FT) [11], Fast Fourier Transform (FFT) [12], 
Singular Value Decomposition (SVD) [11], Hilbert Huang Transform 
(HHT) [13], and Discrete Wavelet Transform (DWT) [14]. FT and DWT 
are widely adopted in digital signal processing for analyzing time
–frequency signals and extracting their characteristics [14]. The features 
obtained through these methods are then used un estimation models. 
Different estimation models have been proposed, such as Support Vector 
Machine (SVM) [15], Extreme Learning Machine (ELM) [16], Random 
Forest (RF) [17], Gaussian Process Regression (GPR) [18], and ANN 
[19]. A comprehensive study on fault detection and classification 
schemes for MGs can be found in [2], as well as in [5]. A review of this 
studies is also presented in [6]. Most estimation methods rely on ma
chine learning techniques, with SVM and ANN being the most applied 
approaches [20]. 

In contrast to ANN, SVM-based techniques have demostrated greater 
asuccess in classification and regression analysis applications. However, 
due to their high computational complexity and the absence of proba
bilistic estimates, they are less accurate in applications involving 
parameter estimation with uncertainty. Thus, the most promising 
methods currently involve combining ANN and DWT. Some studies have 
proposed such combinations for fault analysis in MGs. For example, 
Ref. [21] introduces a fault localization model based on Adaptive Neuro- 
Fuzzy Inference System (ANFIS), using DWT to extract effective and 
relevant fault current characteristics. The results are encouraging due to 
the improved optimization algorithm of ANFIS, which prevents 
convergence to a local optimum. Nevertheless, the computational effort 
and fault detection speed of the proposed model are not thoroughly 
addressed in the study. Ref. [9] presents a fault detection model for MGs 
that utilizes DWT and SVM, covering both radial and ring network 
configuration, showing promising outcomes. However, the study over
looks the role of renewable sources and focuses solely on DC-based MGs. 
Additionally, Ref. [14] introduces an intelligent fault detection scheme 
for AC-based microgrids that incorporates DWT and deep neural net
works (DNN). The renewable generators in this case consist of multiple 
photovoltaic (PV) systems. The results are compared with novel detec
tion and classification methods, demonstrating the superiority of the 
proposed approach. However, no comparative analysis with other ANN 
architectures is provided, which could further enhance the system’s 
performance for the same configuration. The Radial Basis Function 
Neural Network (RBFNN) stands out as a copelling choice for various 
scientific and technological applications, particularly in the detection of 
high impedance faults in MGs, due to its flexibility, generalization 
capability, computational efficiency, adaptability, and interpretability 
[10]. A study investigates fault detection in an MG comprising PV and 
wind turbines (WT) using a combination of DWT and RBFNN. The sys
tem is simulated using the IEEE 13-node radial test configuration, and 
the results demonstrate the method’s superiority in detecting various 
fault types, including high impedance faults [10]. The combination of 
ANN and DWT is crucial because DWT alone struggles to characterize 
faults in MGs, as the wavelet coefficients change if the fault occurs in a 
different region of the system. Therefore, employing ANN is essential to 
enhance fault classification during detection. However, the 

investigation of fault detection combining DWT and RBFNN in a ring 
system is overlooked in the study. Furthermore, most studies focus on 
specific ANN models to validate their approaches and do not extensively 
explore the wide range of existing ANN architectures. The contribution 
of fault currents from a renewable system comprising hydrokinetic 
turbines (HKT), has not been extensively studied. Considering multiple 
HKT turbines could yield different and unexpected results, making it 
crucial to investigate their impact. Therefore, despite extensive research 
into fault detection and classification schemes in MGs, several research 
gaps persist in this field, as outlined below:  

• Although the combination of ANN with DWT has shown promising 
results for fault detection and classification in MGs, there is a lack of 
conclusive evidence regarding the superiority of specific ANN ar
chitectures. Comparative analyses among multiple ANN architec
tures for the same MG configuration are essential to determine the 
most effective approach. For example, in [21], the optimization 
method of the ANFIS needs improvement to enhance efficiency and 
avoid local optima. However, it is necessary to explore alternative 
ANN models that may yield similar or even superior results. The 
performance and effectiveness of an ANN can vary depending on the 
specific application and training it receives.  

• Fault diagnosis and classification in MGs present challenges due to 
the difficulty in collecting sufficient data to train the ANN, often 
resulting in models getting trapped in local minima. To address these 
limitations and escape local optima, chaotic ANNs offer error 
handling capabilities and associative memory [22].  

• The consideration of MG topology is crucial. While a chaotic ANN is 
applied in [10] to detect and classify faults in a radial feeder, many 
MGs are interconnected in a ring configuration as part of the main 
distribution network. The presence of multiple interconnected lines 
alters the selectivity of protections and presents new challenges.  

• Most articles tend to overlook or disregard the diversity of renewable 
sources beyond PV and WT within MGs, or they focus solely on one 
type of source. In future smart grids, the integration of various 
renewable sources such as HKT, variable loads, and hybrid systems is 
expected. Therefore, it is essential to evaluate and model the 
behavior of these diverse sources in ring networks configuration and 
study their collective response to faults. 

This paper introduces a fault detection and classification approach in 
MGs by combining chaotic neural networks and DWT. The method is 
applied to a renewable system comprising PV/HKT and variable load. 
The system is evaluated on an IEEE-5 test bench, which represents a ring 
network configuration to simulate realistic fault detection scenarios. The 
system simulation is conducted using Matlab-Simulink. Generally, the 
contributions are detailed below.  

• In response to the research gap concerning the lack of conclusive 
evidence regarding the superiority of specific ANN architectures in 
MG fault detection, this paper conducts a comprehensive compara
tive analysis. Multiple ANN models and machine learning techniques 
are evaluated within the context of MG fault detection, shedding 
light on their varying performance in the specific MG configuration 
considered. This analysis extends beyond the application of a single 
ANN model, providing valuable insights into the effectiveness of 
alternative models, thus contributing to filling this gap.  

• Addressing the challenge of ANN models getting trapped in local 
minima due to limited data, this research introduces the use of 
chaotic ANNs. These chaotic ANNs offer advanced error handling 
capabilities and associative memory, providing a potential solution 
to escape local optima during fault diagnosis and classification in 
microgrids. This novel approach offers an innovative perspective to 
mitigate this research gap.  

• In recognition of the critical importance of MG topology, especially 
in interconnected ring configurations, this study focuses on a realistic 
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ring network scenario. By evaluating fault detection and classifica
tion in this context, the research aims to address the challenges posed 
by multiple interconnected lines, thereby contributing to a more 
comprehensive understanding of protection systems in microgrids.  

• To bridge the research gap related to the oversight of diverse 
renewable sources beyond PV and WT within MGs, this work con
siders a renewable system comprising PV/HKT and variable load. 
This approach reflects the future landscape of smart grids, where 
various renewable sources like HKT and hybrid systems are 

expected. By evaluating the behavior of these diverse sources in ring 
network configurations during fault scenarios, this research con
tributes to a more inclusive understanding of microgrid protection. 

The remainder of this paper is organized as follows. Section 2 out
lines the proposed methodology, including the definitions of DW and 
RBFNN. Section 3 conducts a sensitivity analysis concerning neural 
network control parameters. Section 4 presents a case study, while 
Section 5 discusses the results and engages in comparative analysis with 

Fig. 1. Graphical representation of the proposed methodology in this study.  

Fig. 2. Flow chart (a) DWT (b) RBFNN.  
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other prediction models. Finally, Section 6 provides the paper’s 
conclusions. 

2. Proposed methodology 

In the proposed fault detection and classification methodology, a 
systematic process is employed. This process initiates with fault simu
lation within an IEEE-5 test bench designed to replicate real-world 
conditions. The initial step involves applying the DWT to fault current 
waveforms. This mathematical technique decomposes current wave
forms into various frequency components, a critical aspect for accurate 
fault analysis. The outcome of this DWT analysis is the extraction of 
wavelet coefficients, representing crucial characteristics related to fault 
occurrences. These extracted wavelet coefficients are then input into a 
chaotic neural network, a vital component of the methodology. The 
chaotic neural network functions as a classifier responsible for identi
fying and categorizing specific faults that may occur within the MG. 
During this classification process, specific parameters such as fault 
resistance are varied to optimize DWT’s performance. To ensure the 
robustness and reliability of the fault detection methodology, multiple 
computational simulations are conducted. These simulations generate a 
wide range of input samples, crucial for training and testing the RBFNN, 
a central element in the approach. By training the RBFNN with diverse 
data derived from simulations, its ability to make accurate fault de
terminations in real-world scenarios is enhanced. Finally, to validate the 
effectiveness of the proposed methodology, comparative analyses are 
conducted against powerful neural networks and machine learning 
techniques. The entire diagnostic process, from fault simulation to the 
results of fault detection and classification, is visually represented in 
Fig. 1, providing a clear illustration of the sequential steps involved in 
this innovative fault analysis approach. 

More specifically, Fig. 2 illustrates the flowcharts depicting the DWT 
analysis process (a) and the RBFNN model (b). It is worth emphasize that 
obtaining the wavelet coefficients simplifies the training of the ANN. 
The effectiveness of the RBFNN is assessed by comparing it against an 
error threshold until it coverages to the optimal outcome. 

2.1. Discrete wavelet transform definition 

The discrete wavelet transform, is a signal processing technique that 
transforms a time series into a set of mutually orthogonal data points. 
This transformation allows for the extraction of time–frequency domain 
characteristics from a fault current. Wavelets, which are functions with 
zero mean in the time domain, are derived from a db4 mother wavelet 
process ψa,b(t) through scaling and shifting, as defined by Eq. (1). Uti
lizing this relationship, the continuous wavelet transform of a signal s(t) 
with a scale parameter a and shift parameter b is defined as in Eq. (2). 
The utilization of the db4 wavelet involves breaking down the traveling 
wave signals into distinct detail and approximation signals. These 

signals are subsequently integrated with data derived from the two- 
terminal traveling wave localization method for the purpose of fault 
detection. Furthermore, the DWT is obtained by discretizing the 
continuous wavelet transform, achieved by discretizing both the scale a 
and shift b, resulting in Eq. (3) by substituting the discrete values into 
Eq. (1), and DWT is derived by Eq. (4). 

ψa,b(t) =
1̅
̅̅̅̅̅
|a|

√ ψ
(

t − b
a

)

(1)  

C(a, b, s(t),ψ(t) ) =
∫ +∞

− ∞
s(t)ψ*

a,b(t)dt = 〈s(t),ψa,b(t)〉 (2)  

ψj,k(t) =
1̅
̅̅̅
2j

√ ψ
(

t
2j
− k

)

(3)  

dj,k =

∫ +∞

− ∞
s(t)ψ*

a,b(t)dt = 〈s(t), ψj,k(t)〉 (4)  

where a and b are scale and shift parameters, respectively. ψ*
a,b(t) de

notes the complex conjugate of ψa,b(t). When applied to a given signal s 
(t), varying the scale parameter a and shift parameter b produces a 
family of wavelet coefficients C (a, b, s(t), ψ(t)). Within these co
efficients, dj,k represents the wavelet detail coefficient at level j and 
position k. 

However, it is essential to noted that obtaining analytical solutions 
for wavelet coefficients is often unattainable for many signals s(t). [14]. 
Mallet introduced a widely recognized method [23] for decomposing the 
signal into multiresolution levels. The multiresolution decomposition of 
an arbitrary signal s(t) at level M is defined by Eq. (5). 

dj,k =
∑

k
aM,k

1̅̅
̅̅̅̅

2M
√ φ

(
t

2M − k
)

+
∑M

j

∑

k
aM,k

1̅̅
̅̅̅̅

2M
√ φ

(
t

2M − k
)

≜AM(t)+
∑

j
Dj(t)

(5)  

where aM,k represents the level approximation coefficients at level M, 
defined as aM,k = 〈s(t),ψM,k(t)〉 and φ(t) is corresponding scaling func
tion [26]. Through this transformation, the signal s(t) undergoes a 
decomposition process, resulting in an approximation coefficient AM(t) 
and a series of detail coefficients Dj(t) at level M. 

The use of DWT in fault detection schemes is widespread because it 
offers optimal resolution characteristics across various frequency ranges 
enhancing its feature extraction capabilities [24]. Each wavelet pos
sesses unique characteristics in the time–frequency domain, which can 
influence the DWT́s feature extraction effectiveness. Several wavelet 
families, including coif (coiflets), db (daubechies), dmey (discrete 
meyer), haar, bior (biorthogonal), and sym (symlets), have been 
employed in fault detection studies in MGs. The selection of wavelets 
should be strategic, considering the properties of the sampled data. In 
case where the data has a sufficient number of samples, the db and sym 

Fig. 3. Subband decomposition in the implementation of the Discrete Wavelet Transform, with g[n] representing the high-pass filter and h[n] representing the low- 
pass filter. 
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wavelet families are commonly preferred due to their robustness across 
various data properties, including sample length. In these cases, the 
choice of the decomposition level M has a more significant impact on the 
system’s performance than the specific mother wavelet selected. 

In this study, we utilize four wavelets from the db family as mother 
wavelets to transform the input signal. In theory, each wavelet member 
has a maximum decomposition level, determined jointly by the input 
signal’s size and the mother wavelet, as shown in Eq. (6). 

L =

⌊

log2
N

F − 1

⌋

(6) 

The maximum decomposition level, denoted as L, is determined by 
both the size of the input signal N and the properties of the mother 
wavelet filter F [23]. Following the heuristic outlined in [24], for 
effective handling of current measurements, it is recommended to set the 
decomposition level M to its maximum value L. 

The decomposition process involves multiple stages with two digital 
filters and downsamplers, reducing the signal by a factor of 2 at each 
step. The first filter, g[ • ], correspond to the discrete high-pass mother 
wavelet, while the second filter, h[ • ], serves as its low-passcounterpart. 
The high-pass filter extracts the detail component (D1), whereas the 
low-pass filter provides the approximation component (A1). This pro
cess iterates by further decomposing the approximation component, 
creating a hierarchical representation with progressively finer levels of 
detail (see Fig. 3). 

All wavelet transforms can be represented by a low-pass filter h, 
satisfies the quadrature mirror condition and can be computed using Eq. 
(7). By applying Eqs. (8) and (9) with the initial condition H0(z) = 1, a 
series of filters with progressively longer lengths (indexed by i) can be 
derived. This two-scale relationship in the time domain is expressed in 
Eq. (10). The normalized wavelet and scaling functions denoted as ϕi, 

l(k), ψ i,l(k), respectively, can be defined as shown in Eq. (11). Finally, the 
DWT decomposition is described by Eq. (12). 

H(z)H
(
z− 1)+H( − z)H

(
− z− 1) = 1 (7)  

G(z) = zH
(
− z− 1) (8)  

Hi+1(z) = H
(

z2i
)

Hi(z),Gi+1(z) = G
(

z2i
)

Hi(z), i = 0,⋯, I − 1, (9)  

hi+1(z) = [h]↑2i *hi(k), gi+1(k) = [g]↑2i *hi(k), (10)  

φi,l(k) = 2i/2hi
(
k − 2il

)
,ψi,l(k) = 2i/2gi

(
k − 2il

)
, (11)  

a(i)(l) = x(k)*φi,l(k), d(i)(l) = x(k)*ψi,l(k), (12)  

where H(z) denotes the z-transform of the filter h. The subscript [h]↑m 

indicates the up-sampling by a factor of m, and k represents the discrete 
time samples. The factor 2i/2 is a normalization term for the inner 
product. The parameters i and l correspond to the scale parameter and 
translation parameter, respectively. 

2.2. Radial basis function neural network 

The RBFNN is an artificial neural network that employs radial basis 
functions as activation functions. It comprises three layers: a linear 
distribution layer, a nonlinear layer with Gaussian functions, and a 
linear combination layer. In the training process, the connection weights 
linking the hidden layer and the output layer are adjusted using the 
Moore-Penrose generalized pseudoinverse. The Gaussian kernel is used 
as the radial basis function. Fig. 4 illustrates the structure of the RBFNN. 

The RBFNN offers computational efficiency and a compact topology. 
It excels in both global mapping generalization and local feature 
refinement without disrupting the existing learned mapping. The 
RBFNN starts with no hidden units and progressively incorporates units 
until a minimum radius is achieved through parameter and weight up
dates. Each hidden unit is characterized by center μ and width σ pa
rameters. The hidden units in the neural network respond to the input 
according to Eq. (13). The output layer, which varies in size based on the 
types of failures being classified, performs a simple summation. The 
overall RBFNN output is obtained by scaling the response of each hidden 
unit (Eq. (7)) with its corresponding connection weights (α’s) to the 
output nodes and summing them together Eq. (14). During the learning 
process of the RBFNN, new hidden units are allocated, and network 
parameters are adjusted. Initially, the network starts with no hidden 
units, and as training progresses, additional hidden units are added 
based on the novelty of the data. The decision to introduce a new hidden 
unit is determined by three conditions Eq. (15) [24]. If these conditions 
are met, a new hidden unit is introduced with specific parameters as 
defined by Eq. (16). 

ϕk(xxn) = exp
(

−
1
σ2

k
‖xxn − μk‖

2
)

(13)  

fm(xxn) = αmo +
∑K

k=1
αmoϕk(xxn) (14)  

‖xxn − μnr‖ >∈n

en = |yn − f (xxn) | > emin

erms =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑

i=n− M+1
e2

i

M

√
√
√
√

> e′
min

(15)  

αk+1 = en
μk+1 = xxn
σk+1 = ρ‖xxn − μnr‖

(16)  

where the k-th hidden unit is characterized by its central vector μk and 
width σk of the Gaussian function. The term ‖xxn − μk‖ represents the 
Euclidean norm between the input xxn and the central vector μk. K de
notes the total number of hidden neurons in the RBFNN. The connection 
weight from the m-th hidden unit to the k-th output node is denoted as 
αmk, and αm0 represents the bias term for the corresponding output 
neuron. The value μnr corresponds to the closest center to xxn. The 
threshold values ∈n represent the data window size for computing the 
RMS error, and ∈n decays exponentially during training, indicating the 
resolution scale in the input space. The error thresholds emin and e′

min 
represent the desired approximation accuracy of the network output. 
The parameter ρ represents the overlap factor. 

Fig. 4. Structure of RBFNN neuronal network.  
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3. Analysis of sensitivity regarding neural network control 
parameters 

This section conducts a sensitivity analysis of the proposed RBFNN 
neural network, exploring critical parameters to maximize its perfor
mance. Various variables were adjusted, including the number of neu
rons, training functions, learning rates, computational time, and 
activation functions, in search of the optimal configuration [25]. Spe
cifically, when evaluating activation functions, it was observed that as 
the number of neurons in the hidden layer increased, the Mean Squared 
Error (MSE) consistently decreased for the Gaussian Radial activation 
function used in this study, as shown in Fig. 5 (a). In contrast, the 
Saturated Linear and Log-Sigmoid activation functions also exhibited a 
decrease in MSE as the number of neurons in the hidden layer increased, 
but with a shallower slope, tending to stabilize beyond 80 neurons and 
not reaching as low an MSE as the Gaussian Radial. However, the Hy
perbolic Tangent Sigmoid function did show lower MSE values even 
than the Gaussian for certain numbers of neurons, but when reaching 
100 neurons, the error converged to a higher value than the latter. In 
Fig. 5 (b), the R2 results are presented, revealing that the Gaussian 
function maintains a consistently increasing trend until it reaches its 
maximum value, which is very close to unity, while the other activation 
functions exhibit variations converging to lower values. In summary, 
this sensitivity analysis highlights that the Gaussian Radial activation 
function stands out by consistently achieving a low MSE and high R2 

values, positioning it as a robust choice to enhance RBFNN performance. 
Although other activation functions also show promising results, the 
Gaussian Radial function emerges as the preferred option based on these 
indicators. 

Regarding training algorithms, four widely recognized ones were 
evaluated: Moore-Penrose, Levenberg-Marquardt, Conjugate Gradient 
Descent, and Resilient-Backpropagation [26]. The Moore-Penrose al
gorithm excelled due to its consistent MSE reduction (see Fig. 5c) and 
impressive R2 values (see Fig. 5d) as the number of neurons in the 
network increased. The Levenberg-Marquardt algorithm maintained 
competitive MSE and R2 values in all neuron configurations but even
tually converged to higher values than those used in this paper. On the 
other hand, the Conjugate Gradient and Resilient-Backpropagation al
gorithms exhibited variations in MSE as the number of neurons changed 
but consistently maintained strong R2 values. In summary, while all 

evaluated algorithms proved effective, the Moore-Penrose algorithm 
stood out due to its impressive performance in terms of MSE and R2, 
making it a promising choice for neural network applications. 

This study also assessed the neural network’s performance based on 
the training rate (%), examining critical aspects such as computational 
time, MSE, and R2, as depicted in Fig. 6. As the trainging rate increased 
from 10% to 100%, significant variations in computational time were 
observed. The MSE consistently remained at exceptionally low levels, 
while the R2 reached a peak value of 0.99994 with a learning rate of 
100%. 

4. Case study 

This section presents the outcomes of the experimental trials con
ducted on the MG, which is interconnected with the IEEE 5-bus system 

Fig. 5. Sensitivity analysis for the proposed RBFNN. (a) and (b) MSE and R2 estimation with respect to the number of neurons different activation functions, 
respectively. (c) and (d) MSE and R2 estimation with respect to the number of neurons and different training functions, respectively. 

Fig. 6. Sensitivity analysis of training rate on R2, MSE, and computation time 
for the proposed RBFNN. 
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as shown in Fig. 7. The power generation profiles of each renewable 
source are displayed in Fig. 8. These datasets were meticulously 
collected from the operational MG infrastructure at the Microgrid 

Laboratory of the University of Cuenca [27], in addition to data from a 
meter-equipped residential unit. In practical implementations, several 
considerations regarding sampling are integral to the effectiveness of 

Fig. 7. IEEE-5 bus system with the connected MG.  

Fig. 8. Operability tests of the MG connected to IEEE-5 bus test bench. (a) Power of renewable sources and demand. (b) Power sent to the grid.  
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our methodology in real-world scenarios. The energy control algorithm 
used in this study prioritizes the utilization of renewable energy sources 
to meet the load requirements, reducing reliance on the grid. Excess 
electricity generated by the MG is seamlessly fed into the grid, as illus
trated in Fig. 8 (b). Extensive simulations and meticulous fault scenarios 
were executed within the MG system to determine the optimal opera
tional point aligning with the specific objectives of this investigation. 
Furthermore, to enhance fault detection and classifications capabilities, 
the originally time window, despicting in Fig. 7, which covered a 12- 
hour daily duration, was substantially reduced to a high-resolution 
sampling of 0.4 s. This adjustment enables precise identification of 
fault occurrences within the MG system. 

Strategically placing sensors within the MG, optimizing data acqui
sition timing, conducting thorough data preprocessing, implementing 
redundancy measures, and addressing data storage and transmission 

issues are critical aspects that demand meticulous attention in practical 
implementations. These considerations collectively reinforce the 
robustness and reliability of the methodology when applied in real- 
world MG scenarios connected to larger systems. By incorporating 
these sampling-related considerations into the experimental setup, we 
align the fault detection and classification process with the specific re
quirements and characteristics of the microgrid, thereby enhancing the 
practical applicability of our findings. 

A three-phase fault was simulated between buses 1 and 4 of the 
configuration. This simulation was conducted to obtain clearer readings 
of the essential parameters required for building the ANN. After the fault 
occurred, current and voltage values were measured at the point of 
common coupling (PCC), and the results are depicted in Fig. 9. The 
system’s response to a three-phase fault is shown, characterized by a 
decay in voltage and a corresponding surge in. This surge can be 
attributed to contributions from both the main generator and the PV/ 
HKT generators within the MG. For this specific test, a sampling rate of 
0.8 s was employed. 

Multiple simulations were conducted to evaluate the performance of 
the proposed fault detection scheme. These simulations involved various 
fault types categorized by different ground resistance levels and other 
parameters, as outlined in Table 1. Measurements were taken at multiple 
locations whitin the system to account for potential noise-related issues 
and determine the optimal measurement point between bus 1 and bus 2. 
It’s important to highlight that these simulations were executed using a 
Matlab-Simulink-based model that includes the MG within the IEEE-5 
bus test system. Comprehensive fault scenarios and measurements 
were performed across different network configurations, including 
radial and loop modes, as well as connected and isolated modes. This 
was done to test the model’s robustness and generalizability. The 
computational calculations were carried out on an Intel Core i7-10700 
CPU operating at a frequency of 2.90 GHz, and the time series simula
tions were implemented using Matlab-Simulink. As a result, Fig. 10 il
lustrates the conditions of three-phase fault currents, both before and 
after simulation, between bus 1 and bus 2. 

Fig. 9. System behavior during three-phase fault measured at PCC.  

Table 1 
Fault Case Simulation Configurations in Matlab-Simulink.  

Parameter Configuration Count 

Fault type (A/B/C)/G, AB, AC, BC, (AB/AC/BC)/G, ABC, ABCG 12 
Fault resistance 0.01 – 100 Ohm 144  

Fig. 10. Simulation of a three-phase fault in the IEEE-5 bus and MG system. (a) Three-phase alternating current representation before the fault. (b) Three-phase 
alternating current representation during the fault. 
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5. Results and discussions 

To obtain the results from the RBFNN, it is imperative to collect 
training data. In this case, this data consist of the wavelet coefficients 
corresponding to each type of fault. We conducted a comprehensive set 
of 144 simulations, covering various fault types and ground resistances. 
The results of the initial 12 simulations, comprising 12 values for each 
resistance value (R = 0.01, 1, 10, and 100 O), are presented in Table 2. 
However, for brevity and to conserve space, specific values (ranging 
from 20 to 90 O) are omitted from this Table 2. It’s important to note 
that these omitted values are still included in the subsequent neural 
network analyses. This data is generated through a signal discretization 
followed by the computation of the peak db4 coefficient within the 
sample. Fig. 11 illustrates the detailed procedure used to determine the 
coefficient related to Phase A in the fault current. 

After establishing the coefficients for all 144 potential scenarios, they 
are designated as input data for the RBFNN. The output data, shown in 
Table 3, is binary, indicating the presence (1) or absence (0) of a fault. A 
subset of the 144 data points is presented due to space constraint. 

In ths paper, a robust normalization technique called min–max 
scaling was employed to normalize the input data for the RBFNN [28]. 
The input dataset consists of 144 real numbers, while the output dataset 
comprises 144 binary numbers. To ensure consistent and unbiased 
training of the RBFNN, the input data underwent the min–max scaling 
procedure. This technique transforms the input values to a standardized 
range, typically between 0 and 1, by utilizing the minimum and 
maximum values observed within the original dataset. 

The normalization process is carried out using the Eq. (17): 

Xnorm = (X − Xmin)/(Xmax − Xmin) (17)  

where X represents the original data value, Xmin denotes the minimum 
value observed within the dataset, Xmax is the maximum value observed 
within the dataset and Xnorm indicates the normalized value of the data. 

By employing this technique, all input data is standardized within a 
consistent range, allowing for the efficient training of the RBFNN. This 
approach ensures that no single input variable dominates the learning 
process due to its magnitude compared to others. Additionally, it is 
important to note that 70% of the dataset was used for training the 

Table 2 
Coefficient determination results for wavelet with various fault resistance.  

No. Fault Ground 
Resistance 

Type of 
Fault 

Max. Coefficient of Phase 
A 

Max. Coefficient of Phase 
B 

Max. Coefficient of Phase 
C 

Max. Coefficient of Ground 
Current  

1 R = 0.01 ABC-G  66.894  60.406  60.360 0.172  
2 R = 0.01 ABC  66.894  60.406  61.891 0  
3 R = 0.01 AB-G  64.696  61.217  13.779 0.17  
4 R = 0.01 AC-G  58.852  10.402  55.686 0.152  
5 R = 0.01 BC-G  14.785  77.130  70.490 0.128  
6 R = 0.01 A-B  58.630  46.342  12.563 0  
7 R = 0.01 A-C  45.846  13.224  72.337 0  
8 R = 0.01 B-C  15.874  60.981  54.253 0  
9 R = 0.01 A-G  61.009  13.658  13.631 0.213  
10 R = 0.01 B-G  12.795  65.500  12.563 0.174  
11 R = 0.01 C-G  13.554  12.074  67.843 0.188  
12 R = 0.01 No  11.836  12.283  13.008 0  
13 R = 1 ABC-G  66.894  60.406  60.360 0.0237  
14 R = 1 ABC  66.894  60.406  61.891 1.14E-07  
15 R = 1 AB-G  60.234  53.170  12.563 0.0146  
16 R = 1 AC-G  45.935  12.149  61.622 0.0124  
17 R = 1 BC-G  12.745  78.267  69.487 0.0107  
18 R = 1 A-B  58.630  46.342  12.563 1.7E-08  
19 R = 1 A-C  45.846  13.224  72.337 1.7E-08  
20 R = 1 B-C  15.874  60.981  54.253 1.4E-08  
21 R = 1 A-G  17.027  11.265  12.563 0.0204  
22 R = 1 B-G  14.704  22.965  12.563 0.0294  
23 R = 1 C-G  13.035  11.266  19.826 0.0231  
24 R = 1 No  12.878  12.283  13.008 0  
25 R = 10 ABC-G  66.894  60.406  64.294 0.0085  
26 R = 10 ABC  66.894  60.406  61.891 0.00000014  
27 R = 10 AB-G  58.056  46.102  12.563 0.0013  
28 R = 10 AC-G  60.511  14.461  66.068 0.0017  
29 R = 10 BC-G  15.420  70.225  68.445 0.0015  
30 R = 10 A-B  58.630  46.342  12.563 1.4E-08  
31 R = 10 A-C  45.846  13.224  72.337 1.4E-08  
32 R = 10 B-C  15.874  60.981  54.253 1.4E-08  
33 R = 10 A-G  12.945  13.451  12.563 0.0025  
34 R = 10 B-G  15.751  13.069  13.051 0.003  
35 R = 10 C-G  12.336  15.427  14.432 0.0096  
36 R = 10 No  12.878  12.283  13.008 0  
….…......................................................................................................................................  
133 R = 100 ABC-G  66.894  60.406  62.406 0.00114342  
134 R = 100 ABC  66.894  60.406  61.891 1.1488E-07  
135 R = 100 AB-G  58.736  52.926  15.703 0.00016694  
136 R = 100 AC-G  44.672  13.061  70.591 0.00019713  
137 R = 100 BC-G  15.768  60.446  62.986 0.00014983  
138 R = 100 A-B  58.630  46.341  12.563 1.271E-08  
139 R = 100 A-C  45.846  13.224  72.337 1.2983E-08  
140 R = 100 B-C  15.874  60.981  54.253 1.4653E-06  
141 R = 100 A-G  12.922  12.694  12.563 0.00023446  
142 R = 100 B-G  11.923  12.482  13.042 0.00040962  
143 R = 100 C-G  12.533  11.820  12.563 0.0007002  
144 R = 100 No  58.630  463.415  12.563 1.271E-08   
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RBFNN, while the remaining 30% was allocated for testing its perfor
mance and generalization capabilities. Retaining the normalization 
range (minimum and maximum values) is crucial to revert the normal
ized results obtained from the RBFNN back to their original scale if 
necessary, for the purpose of result presentation or further analysis. 
These procedures ensure the reliability and reproducibility of the 
training and testing phases, facilitating the interpretation and evalua
tion of the RBFNN’s performance in relation to the given problem 
statement. 

As a result, Table 4 presents the outcomes for a randomly selected 
subset of outputs, demostrating a high level of accuracy. 

The achieved performance level of 1.31e-31 is truly remarkable, 
especially considering the nature of the input data and the binary output 
that represents fault or non-fault conditions. The RBFNN’s ability to 
attain such an exceptionally low error demonstrates its capability to 
accurately classify and predict fault conditions based on these intricate 
input patterns. Fig. 12 provides a graphical representation of the cor
relation between the predicted outputs and the ground truth values, 
clearly showcasing the network’s precise classification accuracy in 
identifying fault occurrences. The consistent and high level of accuracy 
achieved by RBFNN highlights its effectiveness as a powerful tool for 
fault detection in complex electrical systems, demonstrating its potential 
for practical applications and its contribution to improving system 
reliability and performance. 

The linear regression analysis of the RBFNN provides insights into 
the relationship between the predicted outputs and the actual target 
values. It quantitative measures how closely the RBFNN’s predictions 
align with the ground truth. Fig. 13 displays the precision and validation 
results of the RBFNN model. The validation process yields an impressive 
correlation coefficient (R) of 0.99994, indicating a strong linear rela
tionship between the predicted and actual values. Similarly, the coeffi
cient of determination (R2) for the overall performance of the RBFNN is 
0.99998, signifying that the model captures a substantial portion of the 
variance in the data and demostrates an outstanding level of accuracy 
and reliability. These high correlation coefficients underscore the 
robustness and effectiveness of the RBFNN in precisely predicting the 
target values. 

After completing the validation of the neural network through con
ventional testing, an additional evaluation was carried out using K-fold 
cross-validation with K = 15 to confirm its performance in fault detec
tion and classification [29]. The results of this evaluation are presented 
in Fig. 14 and are highly promising. A consistently low MSE and a high 
coefficient of determination R2 are observed, indicating the accuracy of 
predictions made by the RBFNN in fault detection scenarios. 

5.1. Comparative with other prediction models 

To evaluate the effectiveness of the RBFNN method, it’s essential to 
compare it with other prediction models, including a machine learning 
technique and various ANNs. The GRNN, which utilizes radial basis 
functions for data prediction, bears some similarities to the RBFNN. 
However, there’s a scarcity of research combining DWT with fault pre
diction or classification in electrical systems, although DWT has been 
explored in other applications like electricity demand prediction [30], 
wind energy prediction [31], and transmission line outage prediction 
[32]. Other ANN models, such as PNN and FFNN, which operate on a 
direct feed principle, are also considered for comparison. Previous 
research has examined the use of DWT and PNN for fault detection in 
transmission lines. Feedforward models have shown promising results in 
DWT signal analysis [33], especially in MGs with renewable sources 
[34]. Additionally, various ANN models, such as Recurrent Neural 
Network (RNN) or Nonlinear Autoregressive with External Input 
(NARX), have been considered [35]. Machine learning models like 
Convolutional Neural Network (CNN) [36] and Support Vector Machine 
(SVM) have shown excellent performance in fault detection [37]. A line- 
by-line fault detection method in PV arrays using SVM has been pro
posed for systems with renewable sources [38]. The Adaptive Neuro- 
Fuzzy Inference System (ANFIS) has also been employed in fault 
detection techniques [39]. Adjusting the optimization function is 
necessary in some cases [40]. 

It’s important to recognize that the choice of a specific model depend 
on the nature of the problem, data availability, and the specific accuracy 
and performance requirements. Therefore, in this paper, the aforemen
tioned ANN and machine learning models have been customized to yield 
optimal outcomes in each specific case. For ANN, iterative algorithms 
have been developed to determine the optimal solution by considering 
factor such as the number of epochs, the quantity of hidden layers, the 
MSE, and the computational time. Conversely, SVM has demonstrated 
superior convergence performance by using parameters like Coding =
onevsall and Kernel function = Linear. The number of hidden layers has 
been set at 10 to establish a comparative reference framework. 

The number of epochs at which the function converges has been 
selected, and two ANFIS membership function has been employed, as 
increasing this parameter renders the computational time impractical. 
The comparative results are presented in Table 5. 

One of the primary challenges in this comparative analysis has been 
fine-tuning each method to match the specific input and output vari
ables. The results indicate that both RBFNN and GRNN exhibit excep
tional capabilities in modeling complex nonlinear relationships, 

Fig. 11. Wavelet coefficient determination in phase A during the fault.  
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demostrating remarkable performance in function approximation 
problems, rapid learning, and the ability to effectively model sequential 
time-series data and previous states. Consequently, these models show 
the lowest MSE and, thus, the highest overall performance. It’s impor
tant to note that while RBFNN requires fewer epochs to converge to an 
optimal solution, its training time is significantly longer due to the 
inherent difficulties associated with training on lengthy sequences, such 
as the vanishing or exploding gradient problems. 

Moving forward, SVM stands out as a top performer due to its effi
cacy in handling high-dimensional datasets, showing excellent perfor
mance in both linear and nonlinear classification tasks, and its resilience 
against overfitting. Consequently, SVM exhibits the most favorable 
training time, providing an optimal balance between computational 
effort and performance. However, it’s worth mentioning that SVM may 
requiere careful selection of hyperparameters and can eface challenges 
when dealing with imbalanced datasets. The results for NARX are also 
commendable, with low computational time and convergence achieved 
with a relatively small number of epochs. Its superior performance 
makes it a promising candidate for this type of problem, albeit requiring 
meticulous parameter tuning. On the other hand, ANFIS has the 

advantage of modeling intricate relationships by leveraging the synergy 
between fuzzy logic and ANNs, enabling automatic learning of inference 
rules. This characteristic proves especially powerful in scenarios char
acterized by high variability. However, ANFIS involves determining 
initial rules and fuzzy sets, resulting in a considerably longer training 
time compared to other methods. In fact, increasing the membership 
function to three leads to a quadrupling of the training time. 

Lastly, PNN, FFNN, and CNN exhibit lower precision but excel in 
terms of training time and number of epochs. This outcome can be 
attributed to several factors, including CNN’s reliance on substantial 
amounts of unstructured training data to achieve optimal performance, 
PNN’s sensitivity to redundant input data, and FFNN’s lack of memory 
of previous states. 

In summary, the evaluated models offer distinct advantages that can 
be leveraged for fault detection and classification in renewable MG 
power systems. While all methods yield excellent results, it is important 
to consider factors such as training time, accuracy, and simplicity. In this 
context, RBFNN emerges as the most suitable option for the problem 
presented in this research endeavor. 

Table 3 
Defined outputs for RBFNN based on wavelet coefficients.  

No. Fault Ground 
Resistance 

Type of 
Fault 

Max. coefficient of Phase 
A 

Max. coefficient of Phase 
B 

Max. coefficient of Phase 
C 

Max. coefficient of Ground 
Current  

1 R = 0.01 ABC-G 1 1 1 1  
2 R = 0.01 ABC 1 1 1 0  
3 R = 0.01 AB-G 1 1 0 1  
4 R = 0.01 AC-G 1 0 1 1  
5 R = 0.01 BC-G 0 1 1 1  
6 R = 0.01 A-B 1 1 0 0  
7 R = 0.01 A-C 1 0 1 0  
8 R = 0.01 B-C 0 1 1 0  
9 R = 0.01 A-G 1 0 0 1  
10 R = 0.01 B-G 0 1 0 1  
11 R = 0.01 C-G 0 0 1 1  
12 R = 0.01 No 0 0 0 0  
13 R = 1 ABC-G 1 1 1 1  
14 R = 1 ABC 1 1 1 0  
15 R = 1 AB-G 1 1 0 1  
16 R = 1 AC-G 1 0 1 1  
17 R = 1 BC-G 0 1 1 1  
18 R = 1 A-B 1 1 0 0  
19 R = 1 A-C 1 0 1 0  
20 R = 1 B-C 0 1 1 0  
21 R = 1 A-G 1 0 0 1  
22 R = 1 B-G 0 1 0 1  
23 R = 1 C-G 0 0 1 1  
24 R = 1 No 0 0 0 0  
25 R = 10 ABC-G 1 1 1 1  
26 R = 10 ABC 1 1 1 0  
27 R = 10 AB-G 1 1 0 1  
28 R = 10 AC-G 1 0 1 1  
29 R = 10 BC-G 0 1 1 1  
30 R = 10 A-B 1 1 0 0  
31 R = 10 A-C 1 0 1 0  
32 R = 10 B-C 0 1 1 0  
33 R = 10 A-G 1 0 0 1  
34 R = 10 B-G 0 1 0 1  
35 R = 10 C-G 0 0 1 1  
36 R = 10 No 0 0 0 0  
….….....................................................................................................................................  
133 R = 100 ABC-G 1 1 1 1  
134 R = 100 ABC 1 1 1 0  
135 R = 100 AB-G 1 1 0 1  
136 R = 100 AC-G 1 0 1 1  
137 R = 100 BC-G 0 1 1 1  
138 R = 100 A-B 1 1 0 0  
139 R = 100 A-C 1 0 1 0  
140 R = 100 B-C 0 1 1 0  
141 R = 100 A-G 1 0 0 1  
142 R = 100 B-G 0 1 0 1  
143 R = 100 C-G 0 0 1 1  
144 R = 100 No 0 0 0 0   
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Table 4 
RBFNN predictive results for fault detection and classification.  

RBFNN Forecasting Real data 

1 1 1 1 1 1 1 1 
1 1 1 − 4.58E− 08 1 1 1 0 
1 1 4.08E− 12 1 1 1 0 1 
1 − 8.73E− 12 1 0.99999999 1 0 1 1 
8.76E− 12 1 1 1.00000005 0 1 1 1 
1 1 − 3.23E− 12 3.68E− 09 1 1 0 0 
1 − 3.63E− 09 1 1.99E− 07 1 0 1 0 
3.12E− 09 1 1 − 9.68E− 06 0 1 1 0 
1 − 7.25E− 12 1.36E− 11 0.99999999 1 0 0 1 
− 8.29E− 12 1 1.63E− 11 0.99999999 0 1 0 1 
− 7.14E− 12 − 8.10E− 12 1 0.99999999 0 0 1 1 
2.64E− 10 9.92E− 10 − 1.19E− 10 − 8.67E− 09 0 0 0 0 
1 1 1 0.99999999 1 1 1 1 
1 1 1 − 3.46E− 09 1 1 1 0 
1 1 − 7.77E− 13 1 1 1 0 1 
1 − 1.07E− 11 1 0.99999999 1 0 1 1 
2.33E− 11 1 1 1 0 1 1 1 
1 1 2.41E− 12 − 7.73E− 10 1 1 0 0 
1 − 1.09E− 11 1 − 1.00E− 08 1 0 1 0 
3.79E− 11 1 1 − 3.99E− 08 0 1 1 0 
1 − 7.25E− 12 1.36E− 11 0.99999999 1 0 0 1 
− 8.29E− 12 1 1.63E− 11 0.99999999 0 1 0 1 
− 7.14E− 12 − 8.10E− 12 1 0.99999999 0 0 1 1 
2.64E− 10 9.92E− 10 − 1.19E− 10 − 8.67E− 09 0 0 0 0 
1 1 1 1 1 1 1 1 
1 1 1 2.96E− 08 1 1 1 0 
1 1 4.52E− 13 1 1 1 0 1 
1 − 1.27E− 11 1 0.99999999 1 0 1 1 
1.48E− 12 1 1 0.99999999 0 1 1 1 
1 1 5.94E− 12 − 3.17E− 09 1 1 0 0 
1 − 3.63E− 09 1 1.99E− 07 1 0 1 0 
− 1.16E− 09 1 1 3.73E− 06 0 1 1 0 
1 − 7.25E− 12 1.36E− 11 0.99999999 1 0 0 1 
− 8.29E− 12 1 1.63E− 11 0.99999999 0 1 0 1 
− 7.14E− 12 − 8.10E− 12 1 0.99999999 0 0 1 1 
− 1.77E− 09 − 6.47E− 09 9.36E− 10 9.98E− 09 0 0 0 0 
0.99971929 0.99766875 1.00233144 0.45245604 1 1 1 1 
1 1 1 2.96E− 08 1 1 1 0 
1.00004176 0.99663426 0.00083 0.62644936 1 1 0 1 
0.99995929 0.00717267 0.99550 1.2852454 1 0 1 1 
0.00824721 1.00709398 0.99115 4.87969207 0 1 1 1 
1 1 − 3.23E− 12 3.68E− 09 1 1 0 0 
1 − 3.63E− 09 1 1.99E− 07 1 0 1 0 
− 1.16E− 09 1 1 3.72E− 06 0 1 1 0 
1 − 7.25E− 12 1.36E− 11 0.99999999 1 0 0 1 
− 8.29E− 12 1 1.63E− 11 0.99999999 0 1 0 1 
− 7.14E− 12 − 8.10E− 12 1 0.99999999 0 0 1 1 
− 1.77E− 09 − 6.47E− 09 9.36E− 10 9.98E− 09 0 0 0 0  

Fig. 12. Performance evaluation of prediction error analysis of the RBFNN model.  
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6. Conclusions 

This paper presents an innovative methodology for fault detection 
and classification in renewable microgrids, addressing the unique 
challenges posed by bidirectional energy flow and nonlinear 

relationships within these systems. The main conclusions of our research 
are as follows: the integration of the discrete wavelet transform with 
various neural network models enhances accuracy in fault detection, 
especially in scenarios involving nonlinear elements such as photovol
taic, hydrokinetic, and variable electric load systems. The radial basis 
function neural network model demonstrates outstanding accuracy, 
with a minimum error of 1.31e-31. In a comparative analysis, the radial 
basis function neural network and generalized radial basis function 
neural network models show superior accuracy and performance. Sup
port vector machines excel in handling high-dimensional datasets, while 
nonlinear autoregressive with exogenous inputs models show note
worthy results with low computational time. The adaptive neuro-fuzzy 
inference system proves effective in modeling complex relationships 
but requires longer training times. Models like probabilistic neural 
network, feed-forward neural network, and convolutional neural 
network offer simplicity and quick training, albeit with lower precision. 
In summary, this research provides a robust fault detection methodology 
specifically tailored to renewable energy microgrids, offering improved 
accuracy and performance, ultimately contributing to the reliability of 
renewable energy integration into the electrical grid. The radial basis 
function neural network model stands out as a powerful tool for fault 
detection in these systems. It’s worth noting that in this study, ground 
resistance was varied, with high values (up to 100 O), and faults were 
correctly identified even under high ground resistance conditions, 
demonstrating the robustness of the proposed methodology. However, 
it’s worth noting that the study primarily focuses on addressing low- and 
medium-impedance faults, which were relevant to the current research 
objectives. While the exclusion of high-impedance faults is not consid
ered a substantial limitation in the context of this study, it does offer 
opportunities for future research endeavors. In future work, we plan to 
explore the comprehensive analysis of high-impedance faults in micro
grids, which will contribute to further enhancing the reliability of these 
systems. 
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Fig. 14. MSE and R2 results using K-fold cross-validation.  

Table 5 
Fault detection results using DWT-based prediction - comparative analysis of 
ANN and machine learning models.  

Model MSE Time of 
training (s) 

Epoch of best 
performance 

Hidden Layers 

RBFNN 1.31E− 31  1.63 100 10 
GRNN 6.87E− 05  1.66 50 10 
PNN 0.23  0.49 20 10 
FFNN 0.03  0.56 8 10 
RNN 3.27E− 27  4.49 12 10 
NARX 6.35E− 11  0.59 59 10 
CNN 0.46  0.86 46 10 
SVM 3.00E− 23  0.017 Coding = onevsall Kernel function =

Linear 
ANFIS 1.25E− 05  4.98 10 Membership 

Function = 2  

Fig. 13. Validation results of RBFNN using regression analysis.  
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