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Abstract

A novel method based on noise-assisted multivariate empirical mode decomposition
(NA-MEMD) combined with a modified multiple branch convolutional neural network
(MMBCNN) is designed to detect fault events in distribution networks and to classify
various faults in a distribution system. Given the presence of noise components in transient
voltage signals, a moving time window technique integrated with the NA-MEMD method
is employed to process high-frequency sampling and long-term series signals. This method
is also utilized to reliably identify noise components in modal components through permu-
tation entropy. On this basis, the Clarke transform is employed to convert transient voltage
signals into the d—q axis, and three-phase voltage waveforms are transformed into a ring
image. Moreover, an MMBCNN is developed to accurately detect and classify distribution
network faults, and a modified pooling function is introduced to improve feature extraction
ability and model convergence performance. Finally, the accuracy and effectiveness of the
proposed algorithm are estimated and analyzed using measurement and fault simulation
data from distribution networks.

Keywords: noise-assisted multivariate empirical mode decomposition; modified multiple
branch convolutional neural network; ring image; Clarke transform; modified pooling
function

1. Introduction

Power systems are related to a country’s economy, social stability, and security; all
power system equipment must operate with high efficiency and be protected against ac-
cidents. Line faults caused by nonhuman factors can be mitigated by allowing relays
to accurately classify phases. In accordance with actual distribution network protection
policies, modern distribution systems are required to maintain the operation of sound
phases. Tripping only the faulted phases is critical for ensuring system stability. However,
traditional phase classification methods are frequently compromised by factors such as
system topology, remote-end infeed, fault resistance, and mutual coupling from adjacent
parallel lines [1,2]. Moreover, high-impedance faults, an inherent problem in power distri-
bution, cannot be reliably identified using conventional protection mechanisms. Owing to
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the developments in information technology and the digital society, increasing attention
has been directed toward data-driven methods that enhance the stability and security of
distribution networks [3].

Current diagnostic methods for distribution network faults can be broadly classified
into impedance methods and artificial intelligence algorithms. Impedance-based analysis
methods rely on the physical models of the distribution network after a fault occurs and
determine fault locations by analyzing the distribution of fault voltages and currents.
In [4], the researchers devised a single-end fault-location algorithm by using a distributed
parameter model. The proposed algorithm can determine various fault locations in a
network with unbalanced loads and various kinds of feeder lines. In [5], an iterative
modification method of capacitive current was proposed to reduce the uncertainty of
complex equations with synchronous phasor measurement unit data. However, this
method cannot determine the locations of asymmetrical faults. In [6], a fault-location
technology for low-current grounding faults was introduced. This method uses zero-
sequence voltage fitting functions to determine fault points. Impedance-based analysis
methods are applicable to both transmission and distribution networks. However, the
accuracy of these fault prediction techniques heavily depends on the precision of impedance
parameters and is susceptible to variations in power system operating modes, rendering
them incapable of handling complex operational conditions.

Data-driven and artificial intelligence algorithms for fault type detection in distribution
systems have attracted considerable interest. These methodologies typically involve feature
extraction and fault classification, and typical feature extraction methods include the Fourier
transform, the S transform [7], wavelet analysis [8], Wigner-Ville distribution [9], and
empirical mode decomposition (EMD) [10,11]. In [7], a fast, adaptive S transform approach
was designed to improve the time-frequency resolution and computational efficiency of
feature extraction of fault disturbances in distribution networks. In [8], a discrete wavelet
transform algorithm adopting zero-sequence voltage and current measurements under
several conditions was proposed. In [9], a hybrid approach that incorporates the Wigner—
Ville distribution was developed to transform the 1D voltage disturbance signal into an
image file. Discrete wavelet analysis and the S transform can provide multiscale signal
features and are considered extensions of the Fourier transform. However, the performance
of discrete wavelet analysis and the S-transform is constrained by challenges related to
mother wavelet selection and computational efficiency. By contrast, EMD is based on the
local characteristic time scales of signals and can decompose complicated signals into a
series of intrinsic mode functions (IMFs). Moreover, EMD does not require predefined
wavelet basis functions and can mitigate the energy leakage problem. Furthermore, EMD
is a self-adaptive signal processing method that can handle various complicated signals.
In [10], an advanced detection method based on EMD was used to extract the vibration
signal features of a high-voltage circuit breaker. In [11], an intelligent approach that applies
EMD on the residual current signal was developed to detect high-impedance faults in an
active distribution system. In [12], EMD was employed to extract instantaneous features in
three-phase current signals. The first-level residue and decision tree were used to classify
faults. However, the traditional EMD method usually entails the mode-mixing problem,
which is detrimental to the extraction of fault features.

Machine learning models have been deployed for fault detection and classification
in transmission lines. Typical methods include support vector machines, decision trees,
random forests, and ensemble techniques [13-15]. Although these approaches yield de-
cent results, they are prone to overfitting and become computationally intractable when
processing a large number of features. With advancements in data storage and transmis-
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sion technologies, traditional machine learning methods often fail to deliver satisfactory
performance on large, noisy datasets.

As for the distribution network detection and classification, deep learning—based
models (e.g., convolutional neural network [CNN] models) and recurrent neural networks
(long short-term memory networks) have been employed to improve performance [16-24].
In [2], an improved stacked sparse denoising autoencoder combined with supervised
backpropagation training was proposed as a robust classifier of distribution network faults.
Moreover, a power quality detection algorithm based on maximal overlap discrete wavelet
transform was applied to determine the initiation and recovery of faults. In [18], a novel
CNN-based method for fault identification was proposed, in which fault time—frequency
matrices are converted into pixel matrices and used as inputs of CNNSs. In [19], a novel
hybrid method using a CNN was proposed for fault location and identification in power
systems. The Hilbert-Huang transform was adopted to extract fault features. In [20],
a CNN model was introduced to classify all kinds of faults in a distribution network
integrated with distributed generators. In [22], a new multiscale CNN architecture was
proposed to perform multiscale feature extraction and classification for identifying the
health conditions of a wind turbine gearbox. In [23], a novel detection method that combines
a 1D CNN and a long short-term memory network was proposed for time-series signal
pattern recognition and DC-DC converter fault diagnosis. In [24], a novel approach based
on an improved 1D CNN was introduced to detect arc faults in distribution networks.
However, conventional CNN and 1D CNN models are restricted to extracting spatial
features and temporal information, respectively. Moreover, traditional CNN architectures
are prone to the gradient explosion issue.

To date, power systems are equipped with a large number of monitoring and protection
devices. However, two problems are often encountered during actual data measurement.
First, raw data contain a large amount of redundant and noisy data. Second, the sampling
rate of recorded fault data is extremely high and requires a large storage capacity. Main
features need to be extracted, and noise components must be deleted initially. Moreover,
identifying fault characteristics is difficult because of the frequent occurrence of high-
resistance grounding fault events. Hence, fault features must be obtained, and advanced
technologies must be used to establish fault detection and classification models.

This study proposes a robust multistage fault diagnosis framework based on a modi-
fied multiple branch convolutional neural network (MMBCNN) to address the aforemen-
tioned problems. In the feature fusion stage, noise-assisted multivariate empirical mode
decomposition (NA-MEMD) and permutation entropy (PE) are employed to identify and
eliminate noise components within multi-channel data. In the fault classification stage, to
standardize data dimensions and mitigate the influence of sampling frequency and data
length on the diagnostic model, the Clarke transform is utilized to convert time-series data
into 2D images. An MMBCNN-based fault diagnosis framework is proposed to enable
online fault detection and classification.

The main contributions of this study are as follows:

(1) This study presents a novel multistage fault diagnosis framework based on an MM-
BCNN. The proposed framework encompasses fault data processing, fault detection,
and fault diagnosis models. Utilizing the feature extraction and pattern recognition
capabilities of the MMBCNN facilitates accurate analysis of the cause of faults. The
modeling process of the designed fault diagnosis framework is illustrated in detail.

(2) A moving time window technique combined with the NA-MEMD is employed to
handle multiple high-frequency sampling signals and long-term series signals. It is
also utilized to reliably identify noise components in modal components through PE.
The adaptive parameter is introduced for the selection of modal components with
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different degrees of randomness. Moreover, the NA-MEMD method is improved
using noise addition and a multidirectional projection mechanism to solve the modal
aliasing problem and obtain fault disturbance components accurately.

(3) A modified pooling function is proposed to improve the model’s convergence per-
formance. In addition, a lightweight CNN is developed by adding a parallel branch,
which consists of a 1D CNN and a fully connected network that enables the model
to filter input data and extract key fault features. The model mitigates gradient
vanishing problems.

This paper is organized as follows. Section 2 introduces the theory of the NA-MEMD
and MMBCNN models. The application of the fault waveform reconstruction, feature
extraction, and fault detection and classification methods is illustrated in Section 3. Real
measurement and simulation data are tested in Section 4. Section 5 concludes the character-
istics of the proposed methods and the results of case studies.

2. Basic Methodology

The proposed three-stage methodology for fault diagnosis in distribution networks is
illustrated as follows. The first stage identifies the noise components within the distribution
network fault waveform. At this stage, NA-MEMD and the PE method are employed. Com-
pared to standard EMD, NA-MEMD incorporates a noise-assisted and multi-directional
projection mechanism to effectively resolve the mode mixing problem and accurately ex-
tract fault disturbance components. In the second stage, to standardize data dimensions
and avoid the influence of sampling frequency and data length on the diagnostic model,
the Clarke transform is used to convert transient voltage signals into the d—q axis, which
can also comprehensively reflect three-phase fault characteristics. The third stage performs
fault detection and classification using the MMBCNN model, where images generated
from the fault waveforms serve as input to the proposed fault detector and classifier. The
following sections detail the underlying methodologies.

2.1. NA-MEMD
2.1.1. Hammersley Sequence Sampling Method

To explain the Hammersley sequence sampling method, we introduce the relevant
concepts of hyperspheres. With regard to the n-dimensional sphere 5", the radius is o, the
vector is s%, and the definition is illustrated as follows:

S" = {sd e R HsdH: 0} 1)

Therefore, the set of directional vectors in n + 1 dimensional space can be equivalent
to the set of points on an n dimensional sphere, and Hammersley sequence sampling can
achieve uniform sampling in the 7 + 1 dimensional space.

Hammersley sequence sampling, which is a type of Monte Carlo algorithm [25],
utilizes low-difference Hammersley sequences to generate a uniformly distributed set of
points on a hypersphere. Compared with uniform angle sampling methods, Hammersley
sequence sampling produces a more even sampling point set on a hypersphere. Therefore,
this method can provide suitable directional vectors and improve the accuracy of signal
average estimation. Details about the Hammersley sequence sampling are presented below.

Step 1: Select a set of prime numbers Aq, Ay,..., Ay, and 2 = Ay <Ay <...< Ay

Step 2: Use the prime numbers to obtain the jth element of the Halton sequence.

_ &0 81 82 s

where g; is the positive integer, which belongs to [0, z — 1].
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Step 3: Use the Halton sequence elements H} to obtain the Hammersley sequence and
define the n-dimensional directional vectors with Equation (3).

Dj=(j/N,H}",H?,...,H"")j=0,...,N-1 3)

2.1.2. Waveform Decomposition Method

To prevent mode aliasing, the noise-assisted multivariate EMD is proposed [26], which
introduces white noise signals as auxiliary channels and employs Hammersley sequence
sampling for multivariate EMD. By decomposing a set of g multivariate channel signals and
p Gaussian white noise signals, the IMF components of g + p channel signals can be obtained
simultaneously. Compared with an EMD method with added noise, NA-MEMD reduces
the interference of noise signals on the original signal and requires lower computational
cost. The details about the NA-MEMD method are illustrated as follows.

Step 1: Construct Gaussian white noise signals, each with the same length as the
original signal.

Step 2: Combine g multivariate original signals and p white noise signals into g + p
channel signals. The g + p channel signals are defined as s= (x1,%2,...,Xg4p) T

Step 3: Generate a uniformly distributed set of points on the g + p — 1 dimensional
hypersphere through Hammersley sequence sampling. The jth directional vector is defined
as D;.

Step 4: The g + p channel signals are projected onto the direction sets, and the maximum
and minimum values of these channel signals are calculated. The maximum points and
minimum points at the jth projection direction are defined as (t{nax, s{nﬂx) and (tlm in’ sin ; n) .
Then, the envelope of signals E/ [27] is obtained through cubic spline interpolation. The
average envelope of signals M is calculated as follows:

1&
M:ZZH (4)
j=1

where L is the total number of directions.

Step 5: The rest signals V = s — M, if the multivariate signals satisfy the IMF stop
condition, then V is determined as the IMF components. And the signals are updated as s =
s — V, which is assessed on the basis of EMD stop conditions. If the IMF stop condition for
the multivariate signal is not satisfied, then the residual V is regarded as the signal curve s.
Repeat Step 4 until the IMF stop condition is met.

Step 6: The multivariate signal is decomposed into K IMF components.

s = Ve+r )

K
c=1
where V. is the cth IMF component of the g + p channel signals and r is the residue.

2.2. Permutation Entropy

Signals are analyzed using PE for the identification of the noise signal. This approach
is based on the assumption that patterns do not have the same probability of occurrence in
a noise signal. The PE facilitates the quantitative evaluation of a signal’s randomness.

A signal is defined as vy and its embedding vector v’ can be obtained as follows:

o' ={o}, k=41 i+ (m=1), ©)
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where [ is the time delay and m is the embedding dimension. According to the exper-

imental results, the parameter m should be between 3 and 7 [28], and i is in the range

[1, N — (m — 1)]]. Then, the elements in v’ are arranged in ascending order.

V"= [0 (-1 S Vip (1t < 0 S Vi, -1l )
Given the condition that v (; _1),= ;4 (j,1)1, these elements are ordered according

to the smaller value of ji. Therefore, each 0! can be represented as G; = {ji}, k =1,2,...,m.
The probability of each permutation G; is defined as P;. Therefore, the PE of the time

series {v;} is defined as follows:
kp

Ep: —2 leTlPi, (8)
i=1
where Ep is the PE, kp is the total number of permutation types, and kp satisfies the condition
kp < m!. If the selected IMF component is not the noise component, then the Ep should
satisfy Equation (9).
0 < Ep < 6Ep, )

where 6 is the adaptive parameter and Ep is the PE when P; = 1/kp, i =1,2,...,kp. As
the adaptive parameter J decreases, the randomness of a selected component decreases.
Therefore, by changing the adaptive parameter J, this method can effectively remove
noise components. In this study, a grid search optimization is employed to determine the
adaptive parameter 4. The search range for § is defined as [CN", C@X], with a search step
of Cs. The total number of iterations is (C;'> — CINi") /Cg, and the optimization objective
is to minimize the deviation between the standard signal and the reconstructed signal.
Consequently, the adaptive parameter ¢ is set to 0.5 in this study.

2.3. Convolutional Neural Network

Widely used in image object detection and image classification tasks, CNNs extract
key features through convolutional and pooling layers. One typical CNN architecture
modification involves the addition of parallel branches, and another involves the addition
of attention modules [29]. The first improves feature extraction performance and prevents
gradient vanishing, whereas the second captures the multiscale characteristic of images by
highlighting key features. The proposed modified CNN belongs to the first type.

(1) Multiscale feature learning: In this process, high-dimensional features are extracted
from an image by using multiple convolutional and pooling layers. For example, in a
two-layer CNN, convolutional layers are denoted as CN1 and CN2, and pooling layers
are denoted as PL1 and PL2. Therefore, each feature map contains information at different
spatial scales.

A fault map of size CI is input to CN1. We move a filter of size CK across the entire
input fault map to obtain local features. Feature map output z is defined as follows:

i+CK—1k+CK—1
Zijy=0 Wy —i41,m—k+14nm+b ),
n=i m=k

i,k=1,2,...,CI — CK+1

(10)

where z;  is the element of the output feature map at (i, k), wy_j41,m-k+1 is the element of
the convolutional kernel function matrix at (n — i + 1, m — k + 1), uy, 1, is the element of
the input feature map at (1, m), b denotes the bias term, and ¢ (-) is an activation function.
Common activation functions include sigmoid and rectified linear units, which accelerate
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model convergence [22]. After deriving the first convolutional layer, we obtain the new
feature map z, which is expressed as

2= Az} ik =1,2,...,Cl— CK+1. (11)

Then, z is pooled for the extraction of key feature information. In this study, an
improved pooling layer model with a pool size of CP is adopted. An updated map (z) is
obtained using Equations (12)-(14).

z={Zjx} i,k=12,...,N,, (12)
CI — CK+1
N,=—""~~° (13)
Cp
- Azl +(1 —X)z(n;”n—z"”'”
Zik = - b
L Zmax —Zmin
ZMax — max Znm
ik (i—l)CP+1gngiCP,(k—l)CP+l§m§kCP{ m} p (14)
) icP kCP
2 =

2
(CP)” —icP— CP+1m=kCP— CP+1

where Z;; is the element in the pooled feature map, A is the coefficient used to balance
zZe
minimum elements in the current layer feature map z, respectively.

mean

and z/™ within the pooling function, and z"*

and z™" denote the maximum and

The feature maps are then processed using CN2 and PL2 models. The operations of
CN2, which are expressed in Equations (10) and (11), are adopted. We assume that the
number of output feature maps from the second convolutional layer is K. Therefore, all
feature maps can be denoted as follows:

qs: [21112,21-- -/Z,K2:|/ (15)

where g, is the feature map of the sth branch. 2k, is the element of the feature map. Map
q, is used as the input of PL2 to reduce its size. Then, the feature map g is obtained using
Equations (12)—(14). The concatenation of the learned representations of all the processed
feature maps is expressed as

9= q002 ), (16)
where 7., is the total number of branches.
In the fully connected layer, the softmax function is applied to yield a conditional
probability for each class [30]. Equation (17) is used to calculate the output probability
Oy € [0,1], which is used in the classification of the type of distribution network fault.

n
Op= e /Y o)1 =1,2,.. ., ny, (17)
=1

where ng refers to the classes of distribution network faults, 0; is the model parameter, and
Yl 0 =1

(2) Parallel Block Learning: Traditional CNN models typically consist of multiple
convolutional and pooling layers stacked together. However, a CNN model with numerous
layers can easily cause gradient vanishing. Based on residual blocks [31], which enhance
feature learning ability by setting skip connections, a CNN with a parallel branch is
proposed. The parallel branch consists of a 1D CNN and is a fully CNN. Parallel branches
facilitate the feature extraction at different scales. Meanwhile, an MMBCNN operates in an
end-to-end learning manner. Given the structure of the proposed CNN model, the model is
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effective in mitigating gradient vanishing. The CNN output of the main branch is presented
as Conv(u), and the parallel branch is denoted as Pb(u). The output of the MMBCNN, y, is
calculated as follows:

y= Conv(u) + Pb(u). (18)

The structure of the proposed MMBCNN-based fault classification model is depicted
in Figure 1. The MMBCNN features two branches, with the feature map size and number
of channels explicitly annotated at each block. The arrows in the diagram indicate the
steps for processing the fault dataset. For the first convolutional layer, 5 X 5 kernels are
designed, while 3 x 3 kernels are constructed for the second. The pooling size is set to 2 x 2.
Moreover, (*) denotes the fully connected layer in CNN in Figure 1.

16 X16X3 6X6X5 4X4X4 4X4X4 64X1 7X1

‘ Convolutlon Addition i»ll II
Connectlon
Reshape/
: 1
Fully

Connection 64 X 1 4X4X4

Convolutlon

Poolmg

Reshape 1D Convolution

|—>I —>

256X3 576 X1

Figure 1. Structure of the MMBCNN model with two branches.

As illustrated in Figure 1, the image data processing workflow within the MMBCNN
proceeds as follows: In the parallel branch, image data are first converted into feature
vectors, upon which a 1D CNN operates to filter features. Subsequently, a fully connected
network extracts key feature vectors, which are then transformed back into image data.
Finally, the processed data from the backbone network and the parallel branch are summed
element-wise.

Based on the previous methodologies, the proposed three-stage fault diagnosis frame-
work is illustrated in Figure 2. Stage I reconstructs the fault waveform by mitigating noise
components. Stage II performs feature extraction. Finally, Stage III executes fault detection
and classification.

e Simulation Fault Data
o. Actual Measurement Fault Data ’
Stage I : Fault Waveform
Reconstruction

Stage I1: Feature Extraction

e Reduce the sample data's size
and standardize data
dimensions using Clarke
transform

o Reflect the characteristics of
three-phase faults

e Divide the waveform using a
moving time window
technique

e Detect noise component using
NA-MEMD method and PE

Stage I1I: Detection and Classification

e Improve the detection and classification ability using
MMBCNN

e Improve the model convergence performance by adopting
modified pooling layer

Real-Time

Fault Classification

Figure 2. Multistage fault detection and classification framework.
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3. Application

This section mainly uses NA-MEMD and PE to process fault data. The MMBCNN
model is employed to detect and classify fault events. The details are shown in Figure 3.
The blue lines and green lines indicate main branch and parallel branch.

Data
Simulation

LA', , Data
Acquisition Data Process

Fault Detection ! Fault Classification

Online * Online

A-Phase to | B-Phase to Three-Phase

Ground Ground to Ground
Fault Fault Fault

I
16X 16 X 3 | 16X 16X 3
Input Map : Input Map
1 1
v I v
5X5X5 | 5X5X5
Convolution Layer Reshape2D=> 1D | Convolution Layer Reshape2D=> 1D
Activation Layer 193X 1 I Activation Layer 193X 1
l IDCNN Layer : l IDCNN Layer
2X2X5 [ 2X2X5
Pooling Layer 576 X 64 | Pooling Layer 576 X 64
l Connection Layer [ l Connection Layer
3X3X4 Reshapel D= 2D | 3X3X4 Reshapel D= 2D
Convolution Layer | Convolution Layer
I
P | P
\ 4 I \ 4
Full Connection I Full Connection
Layer | Layer
I
I
I
I
I
1

Figure 3. Flowchart of the fault diagnosis framework based on MMBCNN.

Step 1: Distribution network fault data are obtained using the simulation model,
and real measurements are derived with the data acquisition system. The NA-MEMD
method is used to split fault waveforms into several components through sifting. Then, a
reconstruction method is proposed through PE to delete noise components.

Step 2: The fault disturbance period is detected, and the processed fault waveform is
transformed into a 2D image through the Clarke transform. The image data are divided into
several groups for training and testing models. Fault detection and classification models
based on MMBCNN are established using training samples. Moreover, the online fault
detection and classification models are obtained.

Step 3: Real measurements and simulated data are used as test sets to verify the
performance of the built model in terms of indicators, such as accuracy and recall.

3.1. Fault Waveform Reconstruction

Fault waveform reconstruction consists of two parts, namely, NA-MEMD and PE.
Algorithm A1, which is used to remove the noise component of the fault waveform, is
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given in the Appendix A. The main steps of fault waveform reconstruction are illustrated
as follows.

The raw data are preprocessed using a sliding time window, which partitions the data
into multiple segments. NA-MEMD and PE are applied to each segment to accentuate the
characteristics of temporal variations. The noise components, i.e., high-frequency terms,
and the intrinsic mode functions for each segment are retained. The original fault waveform
is subsequently reconstructed by summing the medium- and low-frequency IMFs.

3.2. Feature Extraction

The Clarke transform is applied to reconstructed fault waveforms 0,, 9y, ;, and 9. for
the extraction of fault characteristics. The transformed vectors are denoted as 9, UA}g,t, and
0o+ The details of the Clarke transform are defined as follows [32]:

o] L[ 1 12 <172 [bu
Z},Blt = g 0 \/5/2 7\6/2 6b,t (19)
Doz 1/2 1/2 1/2 | |6es

Moreover, the Clarke transform is expressed as Equation (20) under the d—q axis.

2 . . Ot
s01=Bu+] 0, = 5|1 020 ] gy, (20)
zac,t‘

where sv; is the space vector. The space vector rotates with frequency, which is equal to
the system frequency. When the three-phase voltage waveform is symmetrical, the space
vector projection on the d—q axis is circular. By contrast, the fault voltage waveform on
the d—q axis is elliptical. Therefore, CNN models can be utilized to extract image features
and classify fault types. To improve the fault classification accuracy, the fault disturbance
period is detected by the maximal overlap discrete wavelet transform method [2].

3.3. Detection and Classification

This study proposes a fault diagnosis model that is based on an MMBCNN to conduct
online detection and classification of distribution network faults. Notably, feed line fault
detection must be implemented within an extremely short time. Algorithm A2, which
shows the details of the training process for MMBCNN, is given in the Appendix A. The
main steps of the fault diagnosis model training are shown as follows.

The feeder fault and normal feature sets | u,y |, are partitioned into several subsets.

For fault detector training, a 2-fold cross-validation method is adopted, whereas for fault
classifier training, a 10-fold cross-validation approach is used. The weights, biases, and
training parameters of the MMBCNN are initialized; specifically, weights are initialized
using Xavier’s method, and the Adam optimizer is employed for training. The test set

Utest, Yyoq | 1 then input into the MMBCNN model to evaluate the detection accuracy

and classification accuracy of detector DP and classifier CP.

The proposed method improves the robustness of the CNN by adding a parallel
branch. In practical applications, the fault detector DP always operates online. When a
fault is detected, the fault type is classified by CP in an extremely short time.

4. Case Studies

Simulation data based on MATLAB/SIMULINK 2025b and actual data are used to
validate the performance of the proposed diagnosis model. The single-, double-, and three-
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fault, and normal operation comprise the validation dataset. Moreover, all simulations are
performed using an Intel Core i7-8850U 2.4 GHz CPU with 16 GB of RAM.

The amount of simulation and actual measurement data for each type of feed line
fault is shown in Table 1, where SG;, SGp, and SG. denote single-phase to ground fault;
DG,p, DGy, and DGy, denote double-phase to ground fault; TG indicates three-phase to
ground fault; and GP refers to the distribution network’s regular operation. We obtain
various simulation data by setting different model parameters. The modifiable parameters
include fault location, fault occurrence time, and fault resistance. The configuration details
of the fault cases are presented in Table 2, and the structure of the simulation model is
depicted in Figure 4. In this figure, the line model consists of one set of resistor-inductor
series elements, where port a/b/c connects to the resistor, and port A/B/C connects to the
inductor. The simulation model parameters can refer to Reference [33].

Table 1. Number and causes of feed line fault records.

Causes Distribution Network Faults
Types SG, 5Gy SG. DG,  DGge DGy TG GP
Simulated data 300 300 300 300 300 300 300 600
Real data 150 150 150 150 150 150 150 200

Table 2. Configuration for fault case simulation.

Parameter Distribution Network Faults
Types 5G,/SGp/SG/DGp/DGue/DGy /TG
Fault line Feeder lines L1-L10
Fault location (km) 09,15,3
Fault inception angle (degrees) 0, 180, 270
Fault resistance (Q) 5,100,1k,10k, 20k
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Figure 4. Simulation of the distribution network.
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The data structure of the simulated and actual measurement data is provided in
Table 3. The table shows differences in the sampling accuracy of the actual data. The
actual sampling frequency range is 128-20,000 samples per cycle due to the various types
of monitoring equipment. However, differences in the duration of different types of faults
are found. Therefore, the recording time of actual fault events is distributed between 200
and 1000 ms.

Table 3. Data structure.

Distribution Network Faults

Data Type
Simulated Data Real Data
Resolution 256 samples per cycle 128-20,000 samples per cycle
Duration 200-800 ms 200-1000 ms

4.1. Analysis of Detection and Classification Methods for Feed Line Faults

This section discusses the different performance metrics, namely, accuracy, recall,
precision, and F1-score, on the basis of indicators [20]. The effects of the CNN structure on
detection and classification accuracy are analyzed, and the effectiveness of the proposed
diagnosis algorithm for feed line faults is assessed.

PE is applied to process waveforms with 20,000 samples per cycle to reveal the ef-
fectiveness of the proposed waveform reconstruction method in handling high-frequency
sampling and long-term series signals. The window size N; is set at 1000, and the results are
illustrated in Figure 5. In this figure, the blue, green and red curves represent a-/b-/c-phase
voltage signal. When the adaptive adjustment factor J decreases, few noise components are
included in the reconstructed waveform. The denoising performance is evaluated using the
signal-to-noise ratio, defined by Equation (21). The energy ratio, defined by Equation (22),
represents the proportion of energy retained in the denoised signal relative to the original
signal. Moreover, the standard deviation (SD) of the difference between the standard signal
and the denoised signal is also employed to assess denoising performance.

ra
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Figure 5. Voltage waveform: (a) original waveform, (b) reconstructed waveform § = 0.8, and
(c) reconstructed waveform § = 0.5.
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Table 4 presents a comparative analysis of the denoising methods. The test sig-
nal is the normalized a-phase voltage signal under various noise levels, with a total of
Ns = 2560 sampling points. Although wavelet packet decomposition (WPD) removes more
signal energy, the NA-MEMD method achieves a lower standard deviation, indicating
that the denoised signal more closely approximates the standard signal. Therefore, the
NA-MEMD combined with PE outperforms WPD. To ensure the reliability of these results,
all experimental outcomes are averaged over 10 independent trials.

_ Z%l 2
Sg = 10log | —=i=1%1 1)
_Zf\ﬁl (Ui_ (% /i)2
-21'\51 ( v/ ’)2
Esn= |25 (22)
2&1 vz2

where v; and v /; represent the original and denoised time-series data. Sg and Egy are the
signal-to-noise ratio and energy ratio.

Table 4. Comparative analysis of various denoising methods.

Noise Level 50 dB 30dB
Methods WPD NA-MEMD + PE WPD NA-MEMD + PE
SR 47 52 30 35
Esn 93.1% 96.2% 82.7% 86.5%
SD 0.0045 0.0031 0.0434 0.0285

The accuracy curves obtained by the MMBCNN-based detector and classifier are
shown in Figures 6 and 7, respectively. Notably, 5/6 of the samples are regarded as training
samples, and 1/6 are regarded as test samples. Specifically, the two-branch MMBCNN
model is applied. As indicated in Figure 6, the training accuracies of the detection and
classification methods stabilize after 20 and 30 epochs, respectively. The convergence speed
of the fault detector is higher than that of the fault classifier. Moreover, the optimized
model structure can extract distribution network fault features efficiently. We conclude that
the MMBCNN with the modified pooling function demonstrates enhanced convergence
performance (Figure 7). Compared with the MMBCNN with the average pooling function,
the model with the modified pooling function must be trained in fewer epochs to yield the

Same accuracy.
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Figure 6. Overall accuracy curves for the detection and classification models.

The structures of the CNN and MMBCNN models adopted in this study are shown
in Table 5. The network structure 5C-5P-4C-4P denotes that this CNN contains two pairs

https://doi.org/10.3390/en19092187


https://doi.org/10.3390/en19092187

Energies 2026, 19, 2187 14 of 21

of convolution and pooling layers, and the numbers of channels for the first and second
C-P pairs are 5 and 4, respectively. Specifically, the second branch, 1C-FC, denotes the 1D
CNN and fully connected network. The size of the converted image is critical, as it directly
affects feature fidelity and computational efficiency. To identify the optimal dimensions,
we compared the average classification accuracies for various image sizes, as shown in
Table 6. The results indicate that a size of 16 x 16 pixels yields higher accuracy than other
tested resolutions. Therefore, we set the image size to 16 x 16. Tables 7 and 8 present the
performance of the fault detection and classification models using simulation data. For
fault detection, the fault detection model is validated through a 2-fold cross-validation.
Table 7 indicates that the accuracy of fault detection improves when the parallel branch is
added to the CNN model. The highest accuracy obtained by the MMBCNN-based fault
detection model is 97%.

1.1 T T T T T T T T T

1

0.8

0.8

Accuracy

0.7

.61

training with medified pooling | 7
training with average pooling

0.5 1 I 1 I 1 r 1 1 1
0 5 10 15 20 25 30 35 40 45 50

Training epochs

Figure 7. Accuracy curves for classification models with various pooling functions.

Table 5. Structure of various CNN models.

Models Network Structure Convolut'lon Pooling Size
Kernel Size
CNN 5C-5P-4C-4P {5x5,3 x 3} {2 x 2}
B1: 5C-5P-4C-4P {5x5,3 x 3} 2 x 2}
MMBCNN B2: 1C-FC (1 x 193,576 x 64) —

Table 6. Average classification accuracy with various fault image sizes.

Classifier MMBCNN
Fault Image Size 12 x 12 16 x 16 32 x 32
Simulation Data 0.972 0.980 0.977
Actual Measurement 0.934 0.957 0.953

Table 7. Comparison of different structures in terms of fault detection.

CNN MMBCNN
Methods
F1 F2 AVG F1 F2 AVG
ACC 0.948 0.948 0.948 0.970 0.970 0.970
REC 0.952 0.933 0.943 0.976 0.947 0.962
PRE 0.980 0.848 0.914 0.985 0.919 0.952
F1 0.966 0.889 0.928 0.980 0.933 0.957

ACC: accuracy, REC: recall, PRE: precision, F1: F1-score, AVG: average.
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For fault classification, 7-fold cross-validation is employed, and the results are given in
Table 8. The highest accuracy achieved by the MMBCNN-based fault classification model
is 98%. Table 8 indicates that the proposed MMBCNN-based model exhibits superior
performance in fault classification.

Table 8. Comparison of different structures in terms of fault classification.

CNN MMBCNN
Methods
F1 F2 F3 F4 F5 F6 F7 AVG F1 F2 F3 F4 F5 F6 F7 AVG
ACC 0969 0969 0.969 0.969 0.969 0969 0969 0969 0980 0980 0980 0.980 0980 0.980 0.980 0.980
REC 0973 0963 0957 0970 0977 0967 0977 0969 0983 0980 0973 0980 0983 0.980 0.980 0.980
PRE 0.837 0.843 0.847 0.839 0.835 0.841 0.835 0.840 0.889 0.891 0.896 0.891 0.889 0.891 0.891 0.891
F1 0900 0.899 0.898 0.900 0.900 0.899 0900 0.899 0934 0933 0933 0933 0934 0933 0.933 0.933

ACC: accuracy, REC: recall, PRE: precision, F1: F1-score, AVG: average.

4.2. Effects of the Data Source

This section uses simulation data and real measurements for separate testing to verify
the performance of the proposed fault diagnosis model. Tables 9 and 10 show the detection
and classification accuracies of the proposed MMBCNN-based models, respectively. Accu-
racy is calculated for the estimation of the proposed methods’ performance. The results in
Tables 9 and 10 indicate that the detection and classification accuracies of the MMBCNN
model using simulation data are higher than those of the model using actual measurements.
This discrepancy arises because measurement data are significantly influenced by the oper-
ational state of the distribution network. The quality of on-site fault waveforms is affected
by monitoring equipment, leading to indistinct fault characteristics. Additionally, noise
interference during real measurement transmission compromises fault classification accu-
racy. High-impedance grounding faults in actual systems are also particularly susceptible
to misclassification.

Table 9. Average detection accuracy with various CNN structures.

Methods CNN MMBCNN
Simulation Data 0.948 0.970
Actual Measurement 0.951 0.968

Table 10. Average classification accuracy with various CNN structures.

Methods CNN MMBCNN
Simulation Data 0.969 0.980
Actual Measurement 0.932 0.957

4.3. Comparative Analysis of Different Methods

In this section, the proposed method is compared with existing approaches, such as
the hidden Markov model, artificial neural network, LeNet-5 CNN [34], 1D CNN [35], and
the Transformer model [36]. The simulation data and real measurements are adopted in this
test. We divide the training samples into several sets to estimate the accuracy of the detector
and classifier. Then, we average the results to ensure the reliability of the test results.
Tables 11 and 12 show that the MMBCNN and the Transformer model have higher fault
detection and classification accuracies than the other approaches. However, as shown in
Table 13, the Transformer model possesses a significantly larger number of total parameters
than the MMBCNN. Correspondingly, the single-image processing latency of the Trans-
former is also higher than that of the MMBCNN. Therefore, the Transformer model exhibits
certain limitations in computing efficiency and in the number of model parameters.
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Table 11. Comparison of different methods in terms of fault detection accuracy.
Methods HMM ANN LeCl;?\It-S 1D CNN  Transformer MMBCNN
Simulation 0.866 0.910 0.948 0.957 0.979 0.970
Data
Actual 0.850 0.897 0.932 0.943 0.969 0.957
Measurement
Table 12. Comparison of different methods in terms of fault classification accuracy.
Methods HMM ANN Lg;e;{s 1D CNN  Transformer MMBCNN
Simulation 0.871 0.921 0.969 0971 0.986 0.980
Data
Actual 0.865 0.907 0.951 0.964 0.979 0.968
Measurement

Table 13. Comparison of different methods in terms of model complexity.

Methods Transformer MMBCNN
Total parameters 0.660 M 0.050 M
Latency 1.673 ms 0.211 ms

The proposed fault classification model can be deployed in real-world distribution
networks utilizing cloud Al techniques, as shown in Figure 8. The data preprocessing
module and trained MMBCNN models can be hosted on cloud services such as Alibaba
Cloud or Google Cloud. Three-phase voltage signals measured by sensors can then be
transmitted to these models via an application programming interface (API), with the
prediction results relayed back to the distribution network relays. Depending on application
requirements, signal data can be sent in batches for offline prediction or in streams for
online prediction.

Cloud Service

API Three-phase Classification API

voltage signals results

Figure 8. Actual deployment plan of the MMBCNN model.

5. Conclusions

Feed line faults in distribution networks affect the quality of the user’s power supply
and damage power system equipment. This study proposes a novel method based on
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NA-MEMD and MMBCNN to detect distribution network fault events. Specifically, a
moving time window technique combined with the NA-MEMD method is employed to
remove noise from high-frequency sampling signals and long-term series signals. The
Clarke transform is used to convert transient voltage signals into the d—q axis, and an
MMBCNN is employed to detect and classify feed line faults.

The following conclusions are drawn from the case studies. (i) The adaptive adjust-
ment factor incorporated in PE effectively facilitates the elimination of diverse noise com-
ponents. The signal-to-noise ratio, energy ratio, and standard deviation were specifically
designed as indicators to evaluate the NA-MEMD and PE methods. (ii) A modified pooling
function was proposed to enhance the model’s convergence performance. (iii) Among the
compared approaches, the proposed MMBCNN-based method achieves superior detec-
tion and classification accuracies (97% and 98%, respectively), attributable to its parallel
branches that enable feature extraction at multiple scales. Although the Transformer model
exhibits the highest fault detection and classification accuracies, it underperforms the
proposed method in terms of computational efficiency and parameter count.

Feature extraction techniques and the source of fault data are key factors significantly
influencing fault classification accuracy. To address these challenges, future research will
focus on two primary areas: first, enhancing the model’s capacity to learn more complex
and abstract features by incorporating squeeze-and-excitation modules or other attention
mechanisms. Second, improving the model’s robustness in real-world applications by
accounting for the complexities of actual operational conditions and data quality issues.
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Appendix A

Algorithm A1 is used to remove the noise component of the fault waveform.
Line 2: The raw data are preprocessed. We assume that the number of data segments in
the three-phase voltage waveform is Ny and the number of samples in one data segment is

N;. Therefore, each data segment is defined as ngz/b/c = [xflsl/a/b/c, xf{sz,a/b/c, cery xﬁ\]hu/b/c ,
i=1,...,Ny.

Lines 3-6: NA-MEMD and PE are applied to each data segment to highlight the
characteristics of changes in time domain signals. Moreover, the noise component, namely,
the high-frequency term, and the IMFs for the kth data segment are saved in NIMF’; /b/c
and CIMF , .

Lines 7-12: The original fault waveform of the kth segment is reconstructed by
ads
adding medium- and low-frequency terms to IMFs and is denoted as xy,/,,.- The

overall reconstructed fault waveform consists of each segment, which is expressed as
ds ds ds
A A A A

Va/b/c= [Xl,a/b/CI X2.a/b/cr - "XNf,a/b/c]'
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Algorithm A1. Fault waveform reconstruction

Input: Three—phase voltage signals: v, ;,/., sampling interval: T, total number of
samples of each phase: N5, moving time window size: N;.

A
Output: Reconstructed fault waveform v, ;.

The NA—MEMD results of the kth segment for each phase and the noise
1:  components detected by PE are initialized, that is,
CIMFy /.= {}, NIMFy ., = {}.

/*Data-preprocess*/

The original a-/b-/c-phase voltage signals, v, ., are normalized and divided
2:  into multiple nonoverlapping data segments by using the moving time window
technique, and the number of segments is Nf = Ns/N;.
3: forkzl;k<Nf+1do
The IMFs of xzfu /) are obtained using NA—MEMD in Equations (1)—(5), and

* the results are stored in CIMF’; b/

5. PE is adopted to determine the noise component by using Equations (6)-(9),
" and the results are stored in NIMFZ b/

6: end for

/*The original fault waveform is reconstructed*/

7: forkzl;k<Nf+1do
8: Delete the noise component from CIMFI; Ib/c
Add the remaining IMFs in CIMF’; /p/c and obtain the kth segment of the

9: Ads
reconstructed fault x; , /5 /-

10: end
A ads ads Ads
11:

Vasb/e= ¥ra/b/crX2,a/b/cr- -1 ¥Npalb /e

A
12: Return v, ;.

Algorithm A2 shows the details of the training process for MMBCNN.

Line 1: The weights, biases, and training parameters of the MMBCNN are initialized.
The results on the detection and classification accuracies of the diagnosis model are saved
in Ry= {} and R= {}, respectively.

Line 2: The feed line fault and normal feature sets, | u,y |, are divided into several

sets to verify the effectiveness of the MMBCNN-based detector and classifier. The ith

- —i
feature set is denoted as (ufold/ yfold) .

AMpatch
Lines 3-11: The predicted training samples, ytmitn , obtained by the MMBCNN and the
—Mpatch
actual label of the training samples, y,,,,;,, , are utilized in the calculation of the loss function.

Then, the MMBCNN kernel and bias parameters are modified using the optimization
method. Specifically, AI/VZ;:;:f and Abe:;g’ are defined as the weight and bias parameter
correction values in the MMBCNN layer 7., respectively, at epoch 11,4 Moreover, the

MMBCNN model is trained.
Lines 12-14: Detector DP and classifier CP are obtained. Then, the test set <u tests Y post

is input into the MMBCNN model. The detection and classification accuracies of DP and
CP are evaluated.

https:/ /doi.org/10.3390/en19092187


https://doi.org/10.3390/en19092187

Energies 2026, 19, 2187 19 of 21

Algorithm A2. Fault waveform detection and classification

Input: The features of voltage and their corresponding labels are fed to the model:
u,y |, training times: Nyqp, total number of batches: Ny, layers (C-P pairs) of the

MMBCNN main branch: M, parameters for MMBCNN: input image size, kernel size,
and learning rate.
Output: Detector DP and classifier CP.

The weights and biases of MMBCNN are initialized, and the training parameters
1: include ngpoe; = 0 and npgye, = 0. The results of detection and classification are
Rdt/cf: {}/ Nipgten = 5, and Nepoch =50.

- - —i =i
2: The feed line fault feature sets <u, y> consist of several sets (ufoldr yfold) .

/*Supervised learning*/

3: for nepgch: 1; nepoch< Nepoch+1 do
4: for nyutcn=1; Mpatcn< Nparen+1 do

AMpatch
The output of the training samples y,,;,, is

5 calculated using the forward propagation
: —Mpatch

algorithm, and the labels of training set y,,,,
are used to obtain the loss function.
The update parameters are obtained using
the optimization method.
7 for njgyer = 1; Nigyer <M + 1 do
The parameters of MMBCNN are updated
8: anpmh = M/nepDChil_LmteAWnepm

Mayer Mayer Mayer
Meopch 1 Mepoch—1 Mepoch
Mayer  — “Miayer 7LrateAbnlayer
9: end for
10: end for
11:  end for
/*Test Validation*/

12 The labels of test set ;}test: DP(;test> and ]l}test: CP(;teSt> are determined.

13 The fault detection and classification accuracies are determined using
N -
Yiesr and Yoy, and they are saved in Ry -

14 Return DP and CP
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