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Power outages significantly impact the power industry by disrupting social welfare and economic stability. Still,
existing methods for fault detection face challenges due to load and network topology, conditions, and installed
equipment. However, recent advances in artificial intelligence (AI) are enabling researchers to create alternative
approaches for fault detection and location strategies. Therefore, this paper introduces a novel method for
detecting, classifying, and locating faults in power systems through voltage waveform analysis using a con-
volutional neural network (CNN) integrated with the Piecewise Function Put Together (PFPT) algorithm for fault
detection and fault zone localization in a power distribution network. Utilizing Park’s transformation, noise
reduction PFPT sine fitting, and CNNs, the proposed method distinguishes between "healthy’ and faulty’ con-
ditions. Simulation results reveal that while the voltage Park’s vector time behavior of a healthy system remains
stable, it exhibits circular or mixed patterns under faulty conditions. These patterns enable the identification of
four types of short circuit faults—single-line-to-ground (LG), line-to-line (LL), line-to-line-to-ground (LLG), and
three-line (3L) faults—by analyzing 3D voltage Park’s waveforms at network buses. The study validates fault
type identification through the observation of rotating Park vectors from sine fitting of time-based voltage
waveforms. By converting 3D voltage waveforms into high-resolution images, the method utilizes a CNN for fault
recognition, achieving an accuracy of 93.1%. This innovative approach underscores the robustness and precision
of combining traditional electrical engineering techniques with modern Al

highlights the importance of a precise fault classification and location
system, requiring swift fault analysis, classification, and location to

1. Introduction

Short circuits in power distribution networks can occur due to a
variety of factors, such as unfavorable weather conditions (wind, storms,
lightning, dust), equipment malfunctions (including transformers and
circuit breakers), cable and transformer winding insulation failures,
aging infrastructure, and human mistakes. These faults generate
abnormally high currents that may damage equipment. Over time, many
techniques have been developed to detect and protect against such faults
[1]. A commonly used protection method involves the use of relays.
However, while relays can trip during faults, they do not indicate the
fault’s type or location. This limitation, along with the increasing
complexity of power systems, has heightened the demand for accurate
and efficient fault classification and location techniques, particularly in
distribution grids where the quick restoration of power is crucial. This
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ensure a timely response [2].

In typical distribution networks, faults often cause a drop in bus
voltage during the transient spike (known as a voltage sag or dip) and a
sharp rise in line current. Voltage sags are characterized by a temporary
decrease of more than 10 percent in voltage during the fault time. The
extent and duration of this voltage dip are influenced by factors such as
system impedance, fault location, fault duration, and the protective
devices in place [3]. Fault current is divided between grounding elec-
trodes and medium voltage (MV) cable sheaths, largely determined by
the line impedances of the power distribution network and the type of
short circuit [4]. Therefore, a simple approach to detect and locate faults
could involve measuring the depths of voltage sags and the corre-
sponding fault currents. Further research has soon devised several
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methods for fault detection, classification, and location, considering
factors such as features, inputs, complexity, systems used and outcomes
[5]. Thus, now fault detection techniques include impedance-based,
knowledge-based, and hybrid approaches.

Impedance-based algorithms, although established since the early
stages of power systems, are hampered by load conditions, high
grounding resistance, and series capacitor banks, particularly in trans-
mission lines [6]. These drawbacks have led to studies on traveling-wave
fault location (TWFL) methods since 1931, especially for transmission
lines [7]. However, large-scale applications have only emerged in recent
decades due to advances in the technology of analog-to-digital con-
verters (ADCs) used by digital fault recorders (DFRs) and digital relays.
In general, TWFL (Traveling Wave Fault Location) methods provide
greater accuracy than impedance-based approaches, as their accuracy
relies solely on the sampling rates of the Data Acquisition (DAQ) system
and time synchronization, despite the need for specialized equipment
[6]. Nevertheless, TWFL methods encounter challenges when imple-
mented in distribution networks due to factors such as:

e Non-homogeneity of lines (unbalances)

Existence of laterals

Required measurements and the sparsity of monitoring devices
Uncertainty of network data [8]

Integration of distributed intermittent generation and micro-grids,
which can operate in grid-connected or stand-alone modes, compli-
cating fault location [9]

Bi-directional power flow, where multiple sources of potential fault
current make detection and fault location more complex, potentially
rendering auto re-closure unsuccessful due to continuous current
feeding by distributed generators [10]

Presence of sensors, IoT, controllers, and information/communica-
tions facilities along the main feeder and laterals [11]

Limited fault currents due to power electronics, which are often used
to connect renewable generation to the power grid [12]

Recent advances in signal processing, artificial intelligence (AI), and
machine learning (ML) are enabling researchers to explore new ap-
proaches to traditional fault detection and location strategies. The
general strengths and weaknesses of various Al and ML-based algo-
rithms, such as convolutional neural networks (CNN), are well under-
stood, allowing researchers to make informed choices in selecting and
applying these methods for fault detection. As a result, new hybrid ap-
proaches have emerged, combining signal processing techniques with
AL In particular, the Adaptive Neuro-Fuzzy Inference System (ANFIS)
has shown notable accuracy [13]. However, comparing fault detection
methods remains difficult due to the unique conditions under which
they are tested, making it challenging to determine a universally reliable
and cost-effective solution [14].

Park’s dqO transformation is a signal-processing technique used in
electrical engineering and power systems analysis to streamline the
analysis and control of three-phase electrical systems. It allows for
simultaneous monitoring of faults across all system phases by processing
voltage or current waveform samples from each phase in a real-time,
eliminating the need to store previous waveform samples in a buffer
[6]. The dqO transform generates a rotating reference frame in syn-
chronism with voltage and current phasors at the power frequency o,
which can also detect voltage or current imbalances due to faults [6].
The rotating reference frame can be aligned with the instantaneous
position of the three-phase system magnetic field or to another useful
position. The generated signals help analyze and control electric ma-
chines and inverters more effectively [15]. Park’s phasors time behavior
generates patterns that can be classified as ’healthy’ or faulty’ condi-
tions [16]. By comparing the patterns of Park’s phasors in each phase,
faults in distribution lines can be diagnosed.

While most fault diagnosis papers use Park’s transformation of cur-
rent samples during fault conditions for detection, this paper utilizes
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Fig. 1. dqO application as a transient detection technique [19].

Park’s transformation on voltage samples because voltage sensors are
often easier to implement and maintain in a distribution network
compared to current sensors. Voltage sensors also outnumber current
sensors in distribution networks. Moreover, voltage deviations during
faults are often more delimited and easier to detect compared to current
changes. This makes voltage-based fault detection more sensitive and
potentially faster [17]. Therefore, this paper proposes a fault detection
hybrid approach, using CNNs and Park’s transformation for voltage
samples with a sine-fitting algorithm.

The main innovations in this paper include a unique noise-reducing
procedure using sine-fitting methods averaging the four nearest samples
to provide noise-free voltage values to the dqO transform for real-time
fault monitoring significantly enhancing detection efficiency and
speed, without the needed buffer storage of moving average filters. The
proposed method provides trustworthy comparisons with actual voltage
measurements ensuring the accuracy of CNN fault detection. The pro-
posed CNN fault detection technique operates effectively without the
need of complex communication networks, requiring only data
communication at each bus to measure and transmit voltages. This may
help reduce infrastructure complexity and maintenance costs.

The paper is organized as follows: first, Section 2 describes the
training data preparation. Then, in Section 3 the artificial intelligence
method is proposed. Next, Section 4 describes a case study to evaluate
the proposed method. Section 5 deals with the CNN Fitting Method,
while Section 6 presents the machine learning outputs for the proposed
method. Before the conclusion, Section 7 compares the accuracy of the
proposed method with state-of-the-art existing methods.

2. Training data preparation
2.1. Park’s transformation

The dqO transformation is a mathematical technique used in the
fields of power systems modeling and control. It transforms the abc
coordinates to a new coordinate system (dq0) that rotates at the same
frequency as the electrical machine or system under consideration [18].
The voltage waveform at each sampling time can be written in terms of
V=V, cos(wt+ 6;), where V;, is the amplitude value, w is the angular
frequency, t is the time, and 6; is the phase angle, representing the shift
of the waveform along the time axis, regarding a reference.

Fig. 1 and Eq. (1) show the dqO vectors in terms of the three-phase
system voltages, abc, where 0 is the electrical angle in radians 6 = wt
+ 6o, being 6 usually selected to maximize the d component being the q
component usually close to zero. Vector a, b, and c represent the three-
phase quantities, while dqO represents the direct (d), quadrature (q), and
zero (0) components of Park transformation.
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Fig. 2. The plot of a three-phase voltage noisy waveform with a fault, and after using a sine-fitting algorithm; Upper graph: Voltage samples with noise; Bottom

graph: Plot using PFPT showing noise reduction.
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2.2. Noise reduction sinusoidal fitting method

During a fault, such as a short circuit, unbalanced currents flow
through the system. These currents passing through the line impedance
cause voltage drops due to the resistance of the lines and other elements
of the system. The voltage values can be sampled and digitized for
further processing.

The Park transformation over time can be represented in high-
quality images that are used to train a convolutional neural network
(CNN) to classify each image. In image classification methods, valida-
tion of results is a crucial step to ensure the accuracy and reliability of
the identified faults. To achieve this in the presence of noise a sine-fitting
algorithm is used to accurately estimate a digitized sinusoidal signal’s
parameters (V,, amplitude, phase, frequency, and DC component). The
extraction of the sine wave parameters is non-iterative if the frequency
of the signals is known beforehand. Therefore, this paper uses the three-
parameter (V;, amplitude, phase, DC component) sine fitting with the
known frequency [19] which is a faster solution compared to iterative
solutions. Subsequently, this value is compared to the largest circular
magnitude in the Park transform vectors corresponding to the fault
event. If these two approaches corroborate each other, it indicates the
correctness of the proposed algorithm.

In this study, values of Vp, just after the fault occurrence will be
calculated using the sine fitting method [19] and the Piecewise Function
Put Together (PFPT) formula that essentially combines two or three sine
functions with different amplitudes [20]:

The piecewise function fy,,(x) as represented in (2) is:

fi(x) x < xq
fa®) xg <x < X (2)
f3(x) xp < x

Jow(x) =

Where x is the independent variable, f;(x), f(x) and f5(x) are the
piecewise sine functions, and x, and x, with x, < x;, are the points at
which the function transitions.

In this paper, a Heaviside-based formula, referred to as the Piecewise
Function Put Together (PFPT) formula, is used as shown in (3):

Sow() = 1(0) + [fo(x) — i (O)IH(x — Xa) + [fs(X) = f2(0)]H(x —x5)  (3)

In (2), the first term represents f;(x) throughout the x range. The
Heaviside function H(x —x,) in formula (3) activates the second term
[f2(x) —f1(x)] when x is greater than or equal to x,, and the third term
[fs(x) =f2(x)] when x is greater than or equal to x,, allowing the
piecewise function to transition smoothly between f;(x), f2(x), and
f3(x) at specified points x, and x,. The second term in (3) is activated by
the Heaviside step function when x > x,, plotting f>(x), and canceling
out fi(x) from x, onwards. Upon reaching x;,, the Heaviside function
triggers the 3rd term, plotting f3(x) and canceling out f,(x) from X,
onwards.

The upper image in Fig. 2 shows the plot of Vabc from normalized
noise affected data, while the lower image shows the results of using (3)
formulation on an average of four nearest samples to find the Sin wave
time-based function using the sinusoidal fitting curve algorithm. This
result proves the most significant advantage of using the PFPT approach,
which is the noise reduction capability, making it a performing choice in
noisy environments. The "Plot from Data with Noise" in Fig. 2 shows the
voltage containing noise. In contrast, the "Plot using the PFPT Formula
with Noise Reduction" represents how this method mitigates noise,
resulting in a much clearer signal. As evidenced in Fig. 2, the voltage
amplitude obtained through the sine fitting method can be used to
identify the faulty zone. It can be seen from both graphs of Fig. 2 that a
fault occurred in t = 0.1 s and was then cleared at t = 0.2 s.

Therefore, the voltage V;,, amplitude obtained through the sine fitting
method can be utilized to identify the faulty zone, enhancing fault
detection by more effectively highlighting transient characteristics. This
approach also improves validation by minimizing noise and measure-
ment errors. Overall, the PFPT plot offers a clearer and more reliable tool
for analyzing voltage waveforms and identifying faults in power distri-
bution networks.


https://www.mathworks.com/help/symbolic/heaviside.html
https://mathworld.wolfram.com/HeavisideStepFunction.html
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3. Proposed artificial intelligence method

The fault detection proposed approach uses pattern recognition and
classification CNNs, applied to images created using Park’s trans-
formation of noise-canceling sinusoidal fitted voltage values. This
approach includes four steps as follows:

1. Fault Creation and Data Acquisition Faults, including single-line-to-
ground (LG), line-to-line (LL), line-to-line-to-ground (LLG), and
three-line faults (3L), are deliberately forced in the busses of the
electrical distribution network under study, using computer simu-
lations. The dq0 graphs of voltages and currents are recorded using
the PLL phase (wt+ 6p), with disturbances evident in the d and q
components. The circles’ size in the Park vectors of normalized
voltages at each bus determines the fault type and the faulty bus.

2. Validation. Through noise reduction sinusoidal fitting time-based
voltages are evaluated using the sinusoidal fitting method and
noise reduction to validate the outcomes of the voltage Park’s graph
analysis. Different short-circuit faults are analyzed in all buses, and
the circles visually represent the transitional regime during fault
occurrences.

3. Analysis of Park Circles pre and post-fault. The analysis of Park
Circles involves an assessment of the electrical parameters of the
distribution network. This step encompasses four key sub-steps:
3.1. Event Data Collection

- Gather data on the fault event, specifying fault type, location,
and occurrence time.
- Collect information on distribution network details, including
topology, line parameters, and transformer data.
3.2 Conversion to Park Coordinates

- After noise reduction sinusoidal fitting, convert three-phase
voltage quantities to the rotating reference frame as Park co-
ordinates (abc to dq0).

3.3 Analyze Park Circles

- Examine the behavior of rotating vectors in Park coordinates,
identifying specific patterns such as oscillations or distortion
after a fault.

- Identify fault characteristics through observations of the
behavior of Park circles.

- Utilize information gathered from Park circles to estimate the
fault location within the distribution network.

4. Convert the park circles output to high-quality images to train a
convolutional neural network (CNN). Fig. 3 shows this paper’s
flowchart of the applied machine learning procedure.

To identify the fault types, the voltage waveforms over the fault time
are transformed into high-quality images representing d,q transformed
space-time trajectories. This process involves converting the 3D voltages
into images that visually represent the behavior of the Park vectors
under different fault conditions. Each fault type has its own typical
image which can be considered as the fault signature pattern. The im-
ages are then processed using a convolutional neural network (CNN).
The CNN is trained to build criteria to recognize the patterns corre-
sponding to each type of fault by analyzing the shapes, sizes, and colors
of the Park vectors in the images. This method utilizes the image clas-
sification capabilities of the CNN to accurately detect and classify the
faults based on the visual features extracted from the transformed
waveforms. The above steps can be used to train another CNN to detect
faults in similar distribution networks.

The CNN Training for Image Classification approach through Data
Preprocessing would be as follows:
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Table 1

Test System Data.
Data Value Unit
Sn 10 MVA
Vi 20 kv
f 50 Hz
Z1=(R+jX) 0.0810+j0.0613 Q.km™?
By 76.4474 pS.kmt
Zo=(R+HjX) 0.1668-+j0.1333 Qkm?
Load No.1 (L;) 90 kVA
Load No.2 (Lp) 464 kVA
Load No.3 (L3) 360 kVA
Load No.4 (L4) 1890 kVA
Load No.5 (Ls) 180 kVA
Load No.6 (Lg) 1750 kVA
Load No.7 (Ly) 643 kVA
Load No.8 (Lg) 1460 kVA

1. Data Preprocessing: Effective preprocessing steps, including data
augmentation and normalization, significantly contribute to the
artificial intelligence method’s performance, enhancing its general-
ization ability across diverse input variations. Image normalization is
a crucial preprocessing step that involves adjusting the pixel values
of an image to a standardized scale, typically between 0 and 1. This
process enhances the model’s stability and convergence during
training by ensuring that input features are on a consistent scale. In
the context of RGB images, normalization often includes dividing the
pixel values by 256, contributing to improved convergence and
generalization across diverse datasets.

2. Hyperparameter Optimization: The systematic exploration of
hyperparameters, such as dropout rate, learning rate, and epochs,
underscores the importance of identifying an optimal configuration.
This approach enhances the model’s ability to generalize effectively
to unseen data.

e-Prime - Advances in Electrical Engineering, Electronics and Energy 10 (2024) 100820

3. Model Architecture: The model strikes a balance between
complexity and interpretability, making it suitable for image classi-
fication tasks. The proposed model architecture incorporates two
convolutional layers followed by batch normalization. This stream-
lined neural network structure indicates efficacy for diverse com-
puter vision applications.

4. Optimization Algorithm: The Adam optimizer, combined with
categorical cross-entropy loss, proves effective for training the CNN
model. The adaptive learning rate and optimization updates
contribute to efficient convergence.

4. Case study

This case study examines a real 20 kV distribution feeder in the
Tehran Electric Power Distribution Company. The data on line types
(underground or overhead), impedances, medium voltage loads, 63/20
kV transformer data, and the snubber circuit for mitigating faults were
collected from a real 20 kV industrial feeder in Tehran city, derived from
the SCADA system of the Tehran Electric Power Distribution Company.
Table 1 shows the essential parameters for performing power system
studies and simulations of the sample network, shown in Fig. 4, which
are the power rating and voltage of the system, as well as series
impedance, shunt admittance, and zero sequence impedance.

Fig. 4 shows the schematic of the distribution network under study. It
consists of a radial medium voltage industrial distribution feeder. The
network is divided into four zones with about 200 m each. It should be
noted that each zone contains of at least one bus. Although the data used
for CNN training is simulated, it closely replicates real-world conditions
and parameters to ensure the accuracy and reliability of the proposed
method.

Fig. 5 shows the three-dimensional Park diagrams before and after
different fault types occurred in the case study network. Without faults,
it shows almost straight lines as the normalized direct and quadrature
voltages are nearly constant over time (Fig. 5a).

_A§ A Output of 63/20kV
21L8 Subst.ation
Bus 6 L7 __Bus 0
Y
A
Zone 3 Zone |
A
Y Bus 1
Bus 5 ——
— L6 g—c
| Y SA
A 5Y1 | Y; % A - L1
E us
L4 L5 —
Bus 4 Bus 2 As Y
i - ® V\IN =. §€
A
Zone 4 Zone 2 l

/IY

L3

Fig. 4. Diagram of the distribution network under test (existing 20 kV distribution feeder).
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Time

This constant time behavior will disappear, turning to rotating circle
trajectories, after LG faults (Fig. 5b), where the direct voltage decreases
slightly, then rotates in small circles and nears the initial value after the
LG fault, while the quadrature voltage decreases, rotates in small circles
and stays lower than the pre-fault value. After LL fault (Fig. 5c¢), the
direct voltage decreases significantly, then rotates in large circles and
does not reach the pre-fault value after the LL fault, while the quadrature
voltage decreases moderately, rotates in medium diameter circles and
stays significantly lower than the pre-fault value. After LLG fault

e-Prime - Advances in Electrical Engineering, Electronics and Energy 10 (2024) 100820

(e)

Fig. 5. Three-dimensional representation of voltage Park transforms at Bus No. 6: a) before fault b) after LG fault c) after LL fault d) after LLG fault e) after 3 L fault.

(Fig. 5d) the direct voltage decreases significantly, then rotates in me-
dium/large circles and does not reach the pre-fault value after the LLG
fault, while the quadrature voltage decreases significantly, rotates in
small to medium diameter circles and stays significantly lower than the
pre-fault value. After 3 L fault (Fig. 5e) the direct voltage decreases
strongly, stays low and rotates in medium/large circles just after the 3 L
fault clears, while the quadrature voltage lowers significantly, stays low
during the fault and just rotates after the 3 L fault clears.
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Table 2
The Training Data for Zone 1.
Short Circuit Type 3L LLG LL LG
/Fault
Resistance:0.001Q
Zone Bus Biggest circular Bus No Biggest Park Bus No Biggest Park Bus No Biggest Park Bus No
No. No. sectors MinValue of Circle MinValue of Circle MinValue of Circle MinValue of
Vi Vin Vin Vin
Zone 1 0 Yellow 0to6 Yellow 0to6 Yellow 0to6 Yellow 0to6
(Bus0) 0.0695 (Bus0) 0.08707 (Bus0) 0.08708 (Bus0) 0.8723
1 Magenta 1to6 Magenta 1to6 Magenta l1to6 Magenta 1to6
(Busl) 0.0736 (Busl) 0.0851 (Busl) 0.09205 (Busl) 0.7966
Table 3
The Training Data for Zone 2.
Short Circuit 3L LLG LL LG
Type/Fault
Resistance: 0.001
Q
Zone Bus Biggest circular Bus No Biggest Park Bus No Biggest Park Bus No Biggest Park Bus No
No. No. sectors MinValue of Circle MinValue of Circle MinValue of Circle MinValue of
Vi Vi Vi Vin
Zone 2 2 Green 2t06 Green 2t06 Green 2t06 Green 2t06
(Bus2) 0.0743 (Bus2) 0.08277 (Bus2) 0.09291 (Bus2) 0.7805
Table 4
The Training Data for Zone3.
Short Circuit 3L LLG LL LG
Type/Fault
Resistance: 0.001
Q
Zone Bus Biggest circular Bus No Biggest Park Bus No Biggest Park Bus No Biggest Park Bus No
No. No. sectors MinValue of Circle MinValue of Circle MinValue of Circle MinValue of
Vi Vin Vin Vin
Zone 3 3 Cyan 3to6 Cyan 3to6 Cyan 3to6 Cyan 3to6
(Bus3) 0.0748 (Bus3) 0.0806 (Bus3) 0.001107 (Bus3) 0.7657
5 Red 5,6 Red 5,6 Red 5,6 Red 5,6
(Bus5) 0.0752 (Bus5) 0.07878 (Bus5) 8.8753e-04 (Bus5) 0.7599
6 Blue 6 Blue 6 Blue 6 Blue 6
(Bus6) 0.0756 (Bus6) 0.07892 (Bus6) 8.9693e-04 (Bus6) 0.7578

5. The CNN fitting method

Based on the case study, there are 56 diagrams for all fault types, i.e.,
LG, LL, LLG, and 3L. In the training sets a fault resistance R = 0.001Q
was considered, while fault resistances of 0.01Q and 0.1Q were used to
create sets of validation images. This includes 28 diagrams for each fault
type occurring near the buses and 28 diagrams for locating each fault
type between buses. In other words, there are 7 diagrams for each fault
type where the fault is located along the network lines. For example, LG
faults occur between bus 0 and bus 1, between bus 1 and bus 2, and so
on. This situation is repeated for LL, LLG, and 3 L fault types.

It is expected that because the highest load current passes through
bus 1 and bus 2, respectively, the highest overcurrent due to a three-

phase short circuit is observed in buses 1 and 2, to facilitate effective
fault diagnosis, emphasis has been placed on scrutinizing voltage Park’s
diagrams. Notably, the decision to prioritize voltage Park transforms
over current analysis is that, across various fault scenarios, the Park
vectors of current in bus 1 far exceed those in other buses. This delib-
erate focus on voltage-related information not only aids in pinpointing
the fault’s location but also contributes valuable insights into discerning
the specific type of fault encountered. This analytical strategy enhances
the accuracy and efficiency of the fault diagnosis methodology,
contributing to a more robust and reliable assessment of power system
disturbances. The fitting functions for deep learning are the diameter of
the Park’s circles and the minimum value of Vy, just after the fault occurs
att=0.1s.

Table 5
The Training Data for Zone 4.
Short Circuit 3L LLG LL LG
Type/Fault
Resistance: 0.001
Q
Zone Bus Biggest circular Bus No Biggest Park Bus No Biggest Park Bus No Biggest Park Bus No
No. No. sectors MinValue of Circle MinValue of Circle MinValue of Circle MinValue of
Vin Vi Vi Vin
Zone 4 4 Black 4 Black 4 Black 4 Black 4
(Bus4) 0.0756 (Bus4) 0.07981 (Bus4) 9.3790e-04 (Bus4) 0.7591
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Fig. 6. The progression of training and validation accuracy.

It should be noted that in the case of 3 L faults, instead of having Park
circles, a combination of line and circular sectors is observed. Therefore,
instead of the diameter of the circle, the radius of the circular sector can
be measured after removing the fault at the t = 0.2 s as shown in the
right side of Fig. 5(e). Tables 2-5 show CNN’s primary training data with
a fault resistance of 0.001 Q.

Using the simulation results, i.e., 3-D plots like Fig. 5, firstly, the
output data or mat files are converted to high-resolution pictures
(Tables 3-5).

A training method with convolutional layers and Sequential Meth-
odology was proposed in 2018 using a fully sequential methodology to
construct and train extremely deep convolutional neural networks [21].
The CNN architecture, labeled "sequential 64," encompasses convolu-
tional and fully connected layers. These layers introduce non-linearities
through activation functions and prevent overfitting with dropout
layers.

In the context of this study, the conversion of output data or ".mat"
files into high-resolution images is a critical step for subsequent analysis
[22]. The resolution is defined as the pixel density of an image and Dots
Per Inch (DPI) as the number of dots per inch when printed. The
trade-off between resolution and file size was carefully considered,
recognizing that higher-resolution images contain more information but
may result in larger file sizes. During the conversion process, meticulous
attention is paid to image processing techniques, including interpolation
or scaling, to achieve the desired DPI of 2000. The resulting images are
then classified based on criteria such as curve diameter and color,
contributing to the preparation of a diverse and well-classified image
database for algorithm training. The algorithm relies on features
extracted from these images, specifically focusing on curve diameter and
color. It is observed that when image quality drops below 2000 DPI,
accuracy decreases, and conversely when increased to 3000 DPI, accu-
racy improves. However, it is acknowledged that higher DPI comes at
the cost of increased simulation time, prompting a nuanced consider-
ation of the trade-offs between image quality, algorithm accuracy, and
computational efficiency.

Next, the image files are classified according to their types. A data-
base containing various and classified images is prepared and delivered
to the processing algorithm. Then, based on the features provided to the
algorithm, which are based on the diameter and color of the curves, the
algorithm makes some guesses and indicates that these nodes are more
likely to be in faulty situations. In the end, the image code converts them
into a data series, and the deep learning algorithm processes them.

6. Machine learning

In this study, Park’s transformation is synergistically integrated with
a noise reduction algorithm, image creation and CNNs to enhance the

fault diagnostic capabilities of power systems. Following the flowchart
of Fig. 3, after the preliminary step of transforming all 3-D plots into
high-quality 3-D images with a resolution of 2000 dpi, the machine-
learning procedure analyses all the images at the inputs of a CNN
model, named "sequential 64". It consists of two convolutional layers
followed by batch normalization and max-pooling, leading to a densely
connected layer with 256 neurons.

To determine the optimal values for the number of epochs, learning
rate, and drop-out rate, a comprehensive hyperparameter tuning
experiment was conducted. Employing a grid search methodology, the
model was trained using various combinations of hyperparameters, and
its performance was subsequently assessed on the validation set. This
involved exploring diverse combinations of epochs and learning rates, as
well as drop-out rates. The outcome of this experiment is the identifi-
cation of the best validation accuracy along with the corresponding set
of hyperparameters, providing valuable insights into the configuration
that yields optimal model performance. The best results were obtained
using a dropout rate of 0.2 to mitigate overfitting. The model is trained
for 22 epochs using a learning rate of 0.0001.

The CNN model architecture is presented as follows:

Input: Image data

Convolutional Layers: Two layers with 32 and 64 filters, respectively
Batch Normalization: Applied after each convolutional layer.
Mazx-Pooling: Reduces spatial dimensions.

Dense Layer: 256 neurons

Dropout: Rate of 0.2

Output Layer: 5 neurons for multi-class classification.

It should be noted that the carefully chosen hyperparameters and
architecture contribute to the model’s effectiveness in learning complex
features from the input data.

In this step, a non-labeled image is introduced, deliberately excluded
from both the training and validation sets, by strategically relocating the
fault occurrence between two buses. Training and validation sets for the
neural network were generated by varying the fault resistance (0.001 €,
0.01 Q, and 0.1 Q).

This unique data usage challenges the neural network to adapt it to a
previously unseen scenario. Fig. 6 visually depicts the iterative process
of adjusting the weights in the neural network architecture, showcasing
the methodology employed to achieve optimal accuracy through the
fine-tuning of model parameters.

Performance Evaluation: Rigorous evaluation based on validation
accuracy reveals the model’s proficiency in accurately discerning and
classifying image patterns, achieving an accuracy of 93.1% in epoch
number 16. After that, a saturation in accuracy is shown after epoch
number 20 as it is presented in Fig. 6.
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Fig. 7. Running the CNN model to predict new fault situation.
(a) The fault detected, fault type: 3 L, (fault resistance= 0.001 Q),
(b) The fault detected, fault type: LLG, (fault resistance = 0.01 Q)
(c) The fault detected, fault type: LL, (fault resistance = 0.1 Q)
(d) The fault detected, fault type: LG, (fault resistance = 2 Q).

The training and validation accuracy curves in Fig. 6 show fluctua-
tions especially beyond 20 epochs, indicating that the model has
reached a point of saturation. At this stage, further training does not
significantly improve accuracy or reduce loss, suggesting the model has
effectively captured the dataset’s complexity and learned the underlying
patterns. This phenomenon, characterized by diminishing returns, im-
plies that the model is encountering its limit in generalizing further with
the available parameters. Such fluctuations are typical when a model
reaches its optimal learning capacity. Despite these variations, the
model successfully distinguishes between healthy and faulty states and
accurately identifies the type of fault, as shown in Fig. 7. Fig. 7a) is
predicted as 3 L fault as the direct voltage decreases strongly, stays low
and just rotates in medium/large arcs after the 3 L fault clears, while the
quadrature voltage lowers significantly, stays low during the fault and
arcs after fault clearing like in Fig. 5e). Fig. 7b) is predicted as LLG fault

03
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W {111 S—
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(d

] - @s 334ms/step

The predicted class is
The predicted zone is: zone 4

as, like in Fig. 5d), the direct voltage decreases significantly, then rotates
in medium/large circles and does not reach the pre-fault value after the
LLG fault, while the quadrature voltage decreases significantly, rotates
in small to medium diameter circles and stays significantly lower than
the pre-fault value. Fig. 7c) is predicted as LL fault, like in Fig. 5c¢), as the
direct voltage decreases significantly, then rotates in large circles even
intercepting and does not reach the pre-fault value after the LL fault,
while the quadrature voltage decreases moderately, rotates in medium
diameter circles and stays significantly lower than the pre-fault value.
Fig. 7d) is alike Fig. 5b) and correctly predicted as LG fault, like in where
the direct voltage decreases slightly, then rotates in small circles and
nears the initial value after the LG fault, while the quadrature voltage
decreases, rotates in small circles and stays lower than the pre-fault
value.

The CNN is utilized to classify the type of fault based on high-
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Confusion Matrix for Fault Classification
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Fig. 8. The confusion matrix for fault classification.

resolution images derived from Park’s vector transformation of the
voltage waveforms. Once the fault type is determined, the PFPT algo-
rithm is employed to identify the location (zone) of the fault. The PFPT
algorithm processes the voltage amplitudes and uses a piecewise func-
tion to model the voltage behavior across different segments of the
network, effectively reducing noise and highlighting the fault zone. By
combining the classification capabilities of CNN with the precise local-
ization provided by PFPT, this approach ensures both accurate fault
identification and efficient fault zoning, thereby enhancing the reli-
ability and response time of power distribution systems. The location of
the faults is thus obtained using the PFPT algorithm.

The confusion matrix for the fault classification model is presented in
Fig. 8. The model was evaluated on a validation set comprising 270
samples distributed across five fault categories: 3 L, LG, LL, LLG, and No-

Table 6
Fault detection and feature extraction methods compared.
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fault. The confusion matrix reveals that the model achieved an overall
accuracy of 93.1%. Specifically, the model correctly classified 53 out of
54 samples for 3 L, 48 out of 51 samples for LG, 50 out of 52 samples for
LL, 50 out of 51 samples for LLG, and 51 out of 52 samples for No_fault.
Misclassifications occurred with the minimal rate (nearly 3% errors),
indicating the accuracy of the model in distinguishing between different
fault types.

7. Comparative analysis

Several advanced methods have been developed for fault location in
distribution networks, utilizing techniques such as Convolutional Neural
Networks (CNNs). These methods, while highly accurate, often require
additional equipment and significant investment. The proposed method
in this study utilizes existing data loggers installed at distribution sub-
stations, thus eliminating the need for additional equipment like Phasor
Measurement Units (PMUs), etc. A comparative analysis between the
proposed method and existing fault detection and feature extraction
methods is presented in Table 6.

Most of these methods require special equipment like PMUs (Phasor
Measurement Units), high-resolution data acquisition systems, and
smart meters. The installation and maintenance of these devices at
various points in the distribution network considerably increase ex-
penses. For comprehensive network coverage, a large number of PMUs
and smart meters are needed, each adding substantial costs for purchase,
installation, and ongoing maintenance. These high-accuracy methods
incur significant financial costs in large-scale networks.

In contrast, the proposed method valuates existing data loggers
installed at distribution substations, making it a highly cost-effective
and practical solution. By utilizing the existing infrastructure, this
method minimizes the need for new investments and complex in-
stallations. It provides a competitive accuracy of 93.1%, offering a bal-
ance between cost and performance that is particularly beneficial for

Criterion

Proposed Method

Measurement-Based Methods

Al-Based Methods Using Park or Clarke
Transformation

Impedance-Based Methods

Fault Types

Single-line-to-ground, line-

Faults in transmission lines [27],

Detected to-line, line-to-line-to- various faults in sustainable smart
ground, and three-line grids [29]
faults
Diagnostic CNN trained on images Reactive power measurements and
Technique generated from voltage wavelet transform [27], deep learning,
waveforms using Park’s and signal processing [29]
transformation
Validation Extensive simulation Simulation and experimental
studies considering various validation [27], simulation and
fault resistances real-world data [29]
Implementation High High (reactive power measurement
Complexity (image processing and CNN  and wavelet transform [27], deep

Predictive Accuracy

training)

High (93.1%)

learning model training and
deployment [29])

Not explicitly quantified [3], relatively
high (varies with model and data
quality [6])

Advantages Comprehensive fault Effective for various fault types in teed
detection\ Advanced lines [27], Uses reactive power
machine learning measurements for enhanced accuracy
techniques\Accurate fault [27], Advanced deep learning
prediction techniques [29]

Applicable in Yes Yes [27,29]

Distribution
Networks

Need for Special
Measurement
Equipment

Data logger or Power
Analyzer

Reactive power analyzers [27],
high-performance computing
hardware for deep learning [29]

Open-circuit and short-circuit faults [24],
faults in microgrids [26], power converter
open-circuit faults [28], faults in
distribution power lines [28]

Current Park’s Vector Pattern analysis [24,
25], Wavelet transformation combined with
current Park’s Vector approach [26], Neural
networks with current Clarke-Concordia
transformation [28]

Simulation and laboratory tests [24],
simulation and experimental validation [25,
26,28], experimental-based assessment [28]
Moderate to high (varies from current
measurement and pattern recognition [24]
to neural network training and
transformation analysis [28])

Not explicitly quantified, relatively high
(varies with methods) [1,2,4,5],

Effective for specific converter faults and
simpler current measurement techniques
[24], Uses current vector patterns [25],
Combines wavelet transformation with
Park’s Vector [26], and accurate fault
location [28]

Limited (varies based on specific focus areas
such as converters [24], power lines [26,
280)

Current transformers and data acquisition
systems [24,25,26,28]

Impedance measurement-
related faults [30], faults
detected using traveling waves
[31]

DSP-based ellipse-fitting
algorithm [30], traveling wave
analysis [31]

Simulation and experimental
validation [30,31]

Moderate (DSP-based
implementation [30], traveling
wave analysis [31])

Not explicitly quantified [30,31]

Accurate impedance
measurement and portable and
low-cost solution [30], Effective
fault location using traveling
waves [31]

Limited (focus on impedance
measurements [30], traveling
waves more applicable to
transmission lines [31])
Impedance analyzers and DSP
hardware [30], traveling wave
detectors [31]
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large-scale networks with numerous buses. This approach ensures
effective fault detection and location without the financial and logistical
burdens associated with deploying new equipment across the network.

8. Conclusions

This paper introduces a novel and efficient approach for instanta-
neous fault identification in medium voltage distribution networks using
Park’s transformation, noise reduction sine fitting algorithms, and
convolutional neural networks. The proposed method showed versatility
and effectiveness across various fault types, showcasing its potential for
real-world automated fault detection, and characterization. Through
simulation results, the paper establishes the capability of instantaneous
voltage values at each bus to accurately identify fault conditions,
emphasizing the practicality and reliability of the proposed diagnosis
strategy.

The contribution of this study lies in the utilization of Park’s trans-
formation together with noise reduction sine fitting algorithms to
simultaneously monitor faults in all system phases without the need to
store previous waveform samples, addressing limitations present in
existing fault location techniques. The distinctive feature of employing
Park’s transformation on voltage samples, rather than the commonly
used current samples, sets this paper apart from previous works in the
field. By employing the noise reduction sine fitting algorithm to generate
Park vectors, the interpretability, and trustworthiness of the neural
network-based fault detection system are enhanced, providing a valu-
able means of checking the results in real-world power system scenarios.

Additionally to the fault diagnosis strategy, the incorporation of
CNNs for image classification adds a powerful dimension to the meth-
odology. The CNN-based image classifier, labeled "sequential 64,"
proves effective in accurately discerning and classifying fault patterns,
achieving an impressive validation accuracy of 93.1%. The model ar-
chitecture, involving convolutional layers, batch normalization, and
dropout layers, represents its capability to generalize effectively across
diverse input variations.

This research presents a novel approach to identifying and charac-
terizing faults in medium-voltage networks. The integration of CNN and
PFPT allows for precise fault type classification and accurate fault
zoning, enhancing the reliability and response time of power distribu-
tion systems.

Future work will address the prediction of the exact fault location at
the bus level using the PFPT algorithm. It will focus on refining the fault
detection and exact fault location down to the bus level by expanding
the Convolutional Neural Network (CNN) architecture to distinguish
fault types in each bus, providing precise bus-level localization.
Increasing the complexity and diversity of training data, scaling up to
larger distribution networks, evaluating how different distortion levels
affect the performance of the (CNN), and incorporating additional
electrical parameters can enhance the model’s accuracy and applica-
bility. Real-time implementation and integration into existing power
distribution systems, along with collaboration with industry stake-
holders for field trials, will validate the methodology’s effectiveness in
practical scenarios. Additionally, the challenges due to the integration of
renewable energy sources into power systems can be considered to
further enhance the system’s robustness and adaptability [23].

Furthermore, incorporating power electronics components like UPFC
and handling distributed generation and microgrids will be added to
enhance the robustness of the CNN-based fault detection method [32].
These additions will allow for better adaptation to complex distribution
systems with flexible power flow control and varying renewable energy
sources, improving the fault detection accuracy and system adaptability.

Addressing these aspects in further work will contribute to advancing
fault detection in medium voltage distribution networks and improving
overall network effectiveness.
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