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Abstract—Series dc arc fault creates a fire hazard and negative
impacts on the distribution bus if not detected and isolated quickly.
However, the detection of a series arc fault is challenging due to the
low fault current, lack of zero-crossing, and the erratic behavior
of arc discharge based on different power electronic loads and
controllers in modern power applications. This article presents a
practical and versatile series dc arc fault detection method based
on ensemble machine learning (EML) algorithms. A buck con-
verter constant power load (CPL) and a boost converter CPL are
designed and built to study the different arc fault behaviors and
generate training data for the machine learning algorithms. A set
of time domain features is extracted from the experimental data
and analyzed using the feature importance attribute. An adaptive
normalization function then processed the features to mitigate
false positive classification caused by load changes. A two-step
algorithm is proposed to recognize the arc fault in different load
types. Various EML algorithms and the associated hyperparame-
ters are benchmarked to select the most accurate hyperparameters
for a detection algorithm for low-cost hardware implementation.
Finally, the detection algorithm’s effectiveness is verified with
CPL testbed.

Index Terms—Arc fault detection, constant power load (CPL),
dc arc fault, ensemble machine learning (EML).

I. INTRODUCTION

HE increasing of electronic loads in a modern electrical
T system using local dc distribution, such as electric ve-
hicles, ships, and more electric aircraft (MEA) [1]-[3], have
led to the growing use of converters/inverters and electrical
drives. Subsequently, these complex electrical systems create
challenges to maintain the system’s performance and safety, one
of which is series dc arc faults. The problem is not only limited to
vehicle-based systems; the growth of photovoltaic (PV) systems
that are installed on the residential houses and industries also
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poses a potential to develop arc faults [4]. The temperature at
the center of the arc can range from 5000 to 15000 °C [5]. If
not detected and interrupted in time, dc arc faults could lead
to fire hazards and potentially damage the main bus and the
neighboring loads.

Unlike arc faults in an ac system, dc arc faults lack zero-
crossing in the current, which inherently is more challenging to
detect and extinguish. The electromagnetic interference noises
from converter/inverter and electrical drive switching in dc
systems create even more complications in arc fault detection.
Many studies have explored the statistical characteristics of dc
arc faults to design detection algorithms [6]—[8], such as mean,
variance, max—min difference, and entropy. In [6], a current
entropy is calculated, which is used as a signature to differentiate
between an arc fault state and no arc. The entropy calculation
can reveal the degree of disorder and signal intrinsic behavior.
These methods require less sampling frequency and produce
short detection latency time, but their performance is easily
influenced by the noise level of the surrounding environment.

Extensive studies of dc arc fault signatures use different
frequency bands from wavelet transformation [7] and [9]. This
mathematical transformation can decompose the original time-
domain signal to multiple time-domain signals that contain
different frequency bands, which essentially were used to isolate
high-frequency noises. The current amplitude differences and
rms values of target frequency bands were found to be effec-
tive arc fault signatures in [9]. The detection algorithm was
implemented using a digital signal processing board in [10].
A relative magnitude-based arc fault detection algorithm in-
corporated with adaptive threshold values is proposed in [11].
The method requires a sampling frequency of 250 kS/s and a
window length of 2 ms. This method is quite capable of detecting
arc with very low latency of less than 16 ms. However, the
load current magnitude can be easily influenced by the large
disturbance of electronic components. The advantages of these
pattern recognition algorithms that use “threshold” are fast and
straightforward to implement. However, the threshold value is
a major limitation for most systems, especially in an electrical
system with a large number of power electronic loads that gen-
erate different electromagnetic noise magnitudes. The arc fault
behaviors also depend on the system configuration, which makes
it more challenging to decide the threshold values. Therefore,
a more robust detection algorithm is still needed in an electri-
cal system that has more than one type in multiple operating
loads.
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As an alternative, many studies have explored the use of
machine learning (ML) as a possible tool for an intelligent
fault detection algorithm. Besides effective pattern recognition
capability, ML can be robust and adaptive in systems with
versatile operating conditions. For example, benchmarks of var-
ious classification machine learning algorithms were analyzed
as a disturbance and cyber-attack discriminator [12]. There
were multiple fault scenarios, including short-circuit fault, line
maintenance, and three cyber-attack scenarios. A supervised
ML called support vector machine (SVM) was utilized for a
fault detection technique in an ac system using features from
3-phases current and voltage in [13]. This detection algorithm
focuses on a multiphase fault, single-phase fault, line-to-line,
and line-to-ground fault. In [14], a fault detection method uses
a supervised learning algorithm named DecisionTree (DT) with
the utilization of time domain reflectometry as a data acquisition
device for PV systems. A semisupervised learning algorithm
using graph-based was used to detect and classify line-line and
open-circuit faults from the nominal condition in PV arrays
with high accuracy [15]. These studies provide promising ev-
idence that ML algorithms can discriminate between nominal
and multiple fault scenarios. However, the main focus was only
on ac systems and parallel faults. Series arc fault detection in
the dc power system was studied using hidden Markov model
in [16]. SVM was implemented to detect series dc arc fault in
PV systems [17] and [18]. However, these methods were also
implemented wavelet transformation for signal feature extrac-
tion that required high sampling frequency, which induces high
computation power. In [19], an artificial neural network was
developed for series dc arc fault detection in spacecraft. This
method incorporated fast Fourier transformation to extract arc
fault signatures and resulted in an unsatisfactory in the amount
of error.

This article proposes an advanced technique of ML called
ensemble machine learning (EML) as a series dc arc fault
detection algorithm. The difference between EML and the other
conventional types of supervised ML algorithm is the use of
multiple classifier outputs to form a single decision. This pro-
cess eliminates extreme cases to reduce bias and variance in
the classification process, which can improve the predictive
performance [20]. As a result, EML does not suffer from a
major drawback called overfitting compared to conventional
algorithms. In practice, overfitting is a significant source of
error in real-time detection. EML provides the robustness and
adaptability in the broad spectrum of real-world applications.
Besides electrical fault detection, an ensemble learning using
incremental SVM as a base-learner was used for fault diagnosis
of the roller bearings [21]. An EML algorithm called Random-
Forest (RF) was implemented to detect multiple faults in wireless
sensor networks [22]. The algorithm demonstrates the superior
fault classification and the versatility in all six fault scenarios:
offset, gain, stuck-at, out-of-bounds, spike, and data-loss faults,
compared to SVM and neural network algorithms. Another
example, an RF algorithm was implemented as an industrial
process fault detection [23]. Feature importance was used to
identify the useful features to enhance the algorithm compared
to less reliable features. EML performance seems to be more
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robust and reliable compared to the conventional ML algorithm,
where multiple faults are presented in the system.

Although many approaches using ML for series dc arc fault
have been explored, these ML algorithms were selected arbi-
trarily along with the default settings. Without ML algorithm
customization, it becomes challenging for the detection algo-
rithm in more complex power electronic systems. Besides, most
developed methods were tested with a simulated arc fault detec-
tion environment. Provided that, the classification capability of
ML algorithms required further investigation. Specifically, the
sensitivity of each algorithm can be examined by using built-in
attributes known as hyperparameters for more accurate and
reliable arc fault detection. Customized hyperparameters allow
the algorithm to adapt to different applications. An experimental
arc fault detecting verification using complex power electronic
systems in real-time is essential to determine the method’s
reliability in practice.

Based on the experimental setup, the arc faultis initiated using
two copper rods control by a stepper motor. The series dc arc
fault behaviors under different current levels, motor speed, and
load resistances were studied and analyzed for detection. This
article is aimed to provide an accurate and versatile arc fault
detection using an EML algorithm. The sensitivity of the EML
algorithm performance based on hyperparameters, such as the
number of base learners, features, and training data size, were
evaluated. This process uses an exhaustive search method that
systematically selects the appropriate hyperparameters for arc
fault detection. The EML algorithm’s performance with selected
hyperparameters was further benchmarked, including accuracy,
precision, and recall scores as performance metrics. An adap-
tive normalization function was implemented to prevent false
positive classification during nominal load changes. A two-step
algorithm was proposed to recognize the arc fault in different
load types. The experimental setup, fault generator unit, and
the power electronics load-emulated real application scenarios,
which is verified by testing the arc fault detection algorithm
using a low-cost microcontroller.

II. DATA ACQUISITION AND ANALYSIS

There are two types of arc fault according to the location:
series, and parallel connecting to the loads. DC series arc
faults are commonly initiated because of chemical, electrical,
or mechanical deterioration of wires or interconnections. It is
considered to be more dangerous due to low fault current, which
makes it harder for the circuit breaker to respond on time. This
circumstance can reduce the safety and performance of the
distribution systems if not detected and isolated in time. Hence,
this article focuses only on series arc fault detection.

A. Experimental Setup

The testbed is established using a 10 kW Keysight dc power
supply, Opal-RT OP4510, arc generator, and power electronic
circuits that can be configured as a buck converter or a boost
converter, as shown in Fig. 1. The buck converter and the boost
converter, along with resistors, are controlled to form a constant
power load (CPL) in this article. The Opal-RT OP4510 is a
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Fig. 1.  Experimental setup.
TABLE I
EXPERIMENTAL TEST PARAMETERS
Input | Buck Converter | Boost Converter | Motor Rods
Current Load Load Speed Gap
5A 29.6 Q 90.7 3 mm/
10 A 148 Q 454 Q p mm/s 15
15 A 9.87 Q 30 Q 0 mm/S mm
20 A 74 Q 27 Q mmss

real-time hardware-in-the-loop simulator platform, but it was
implemented solely as a closed-loop controller to control the
switching frequency and duty cycle of the CPL output. DC
source voltage of 270 V is selected to emulate a dc distribution
system of more electric aircraft [24]-[26]. A lower dc voltage
bus 28 Vg is also used for lower power and avionic loads via
step-down dc/dc converter on small and large aircrafts [27].
Whereas another dc/dc converter can be used to step-up the
voltage from 115 V. to 270 Vg after an ac/dc inverter [28].
The step-ups and step-downs in dc voltage can be realized using
buck converter and boost converter.

The experiment parameters are outlined in Table I. The current
ranging from 5 to 20 A is tested to emulate the operational
load range of certain electromechanical actuators [29]. The
arc faults are created by separating two copper rods that were
initially in contact with a stepper motor, and therefore, separation
speed is also taken into consideration. The faster speed can
create a large current mutation that does damage to the wire
insulation [30]. Moreover, different speed tests emulate wires
in real-world scenarios based on material, stress, and breakage
force. Three different speeds were tested in this study ranged
from 3 to 9mm/s. At least five tests were conducted for each
testing condition, and all the tests were conducted at room
temperature and normal pressure.

The power electronic box consists of six insulated-gate bipolar
transistor (IGBT) modules, SKM50GB 123D, with freewheeling
power diodes connected in series. There are also four built-in
capacitors connected in series and parallel with a voltage rating
of 750 Vg, and a current rating of 30 A. An external capacitor
with a value of 600 pF with a current rating of 30 A to minimize
the ripple output current. The load resistances are configured
differently for different current levels, as opposed to changing
the duty ratio to achieve different current levels. This step
prevents the individual load resistor from exceeding the rated
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Fig. 3. Buck converter current signals at 10 A.

power of 2.5 kW. All the component values in both CPLs are
summarized in Table II.

Fig. 2 illustrates the buck converter type CPL with a closed-
loop controller. The voltage and current were being used with
two proportional-intergal (PI) controllers to control the duty
cycle of the IGBT. A voltage divider with two resistors of 560
and 18 k{2 was used to extract the load voltage for the first
controller loop. As aresult, the sensor gain of the voltage loop is
approximately 32. A 0.1 €2 current sensing resistor with a current
rating of 30 A was used to measure the inductor current for the
second loop. Therefore, the sensor gain of the current loop is
10, as shown in Table III. The current and voltage signals are
connected to the analog ports of the Opal-RT OP4510, where PI
controllers are implemented using MATLAB Simulink. Then,
the controller gains and PI values were tuned to output an
appropriate pulsewidth modulation (PWM) waveform from the
controller digital ports that are connected to the IGBTs. The
boost converter CPL has a similar closed-loop setup with the
current sensor measures the inductor current at the input side.

B. Arc Current Characteristics at Various Conditions

The Tektronix Mixed Signal Oscilloscope MSO56 was used
to record all the voltage and current data with a sampling rate of
500 kS/s. The arc current was measured using the TCP0030 A
current probe with a current rating of 30 A placed in between
the power supply and the arc generator. The differential voltage
probe 7'M D P0200 was used to measure voltages. The record-
ing length was 4 s.
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TABLE II
EXPERIMENTAL SETUP PARAMETERS

[l Label [ Vin™V)  Vout(V) Lin(A) Cint(UF)  Legt(mH)  Ceqt(pF) R () Lout(A) I
Buck Converter 270 200 5, 10, 15, 20 1100 10 600 30.2,14.7,0.0,7.3 _ 6.7,13.5,20.3,27
Boost Converter 270 330 5,10,15,20 1100 10 600 90.75,45.2,30.2,22  4.1,8.2,12.3,16.4

TABLE III
BUCK CONVERTER AND BOOST CONVERTER PI CONTROLLER PARAMETERS
Sensor Gain Controller Gain Voltage PI Current PI
[ Converter | Viey | Voltage | Current | Gaing | Gainy | P Value | I Value | P Value | I Value
[ Buck Converter | 200 [ 32 [ 10 [ 1 [ 1720 | 1 [ 35 [ 01 [ 40 |
[ Boost Converter [ 330 | 32 [ 10 [ 1/16 | 1/15 | 1 | 3 [ 07 | 05 |
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Fig. 4. First 10 ms of arc fault current variance in buck converter.

1) Constant Power Load 1, Buck Converter: Fig. 3 presents
several nominal and arc fault operation of arc current signals
of a buck converter at 10 A input current. As the copper rods
pulled apart, the gap creates a momentary open circuit before
arc discharge can be formed. It can be seen that the initial arc
fault behavior of the buck converter can be different at the same
operational current.

The large amplitude spikes during the initial transient in the
current are known as an electrical spark. These electrical sparks
could be more or less visible and audible at each test within
the first 10 ms of the arc fault initiation. Fig. 4 illustrates the
relationship within five tests of a particular arc fault generator’s
motor speed and first 10 ms of a particular current level variance.
It can be seen that as the motor speed increased from 3 to
6 mm/s, the average variance of current is large for 10 and 15 A,
respectively, and the trend remained the same. This indicates that
sparks are more likely to occur within slower motor speeds and
lower current levels. However, when the motor speed increased
to 9 mm/s, the average variance decreased, which indicates that
an electrical spark is less likely to occur. At 20 A, there is a
significant decrease from 3 to 6 mm/s, which implies that higher
current levels have a large effect on spark formation. At the
higher current level, a higher density of electrons in the electrode
is able to achieve sufficient energy to overcome the potential
barrier and speed up the gap ionization process, which creates
sustained arc immediately after the copper rods pulled apart.
The average current variance at 9 mm/s remained similar to the
average of 6 mm/s.

The electrical sparks produce abnormal current amplitudes,
which could be a potential precursor for arc fault detection [31].

Fig. 5. Boost converter current signals at 5, 10, and 15 A.

However, these sparks can be varied in the initiation, which
challenging to determined the appropriate number for fixed
threshold arc fault detection methods.

2) Constant Power Load 2, Boost Converter: Fig. 5 shows
several current behaviors of the boost converter during an arc
fault. Since the input inductor prevents the abrupt change in
current, the fault initiation produces a much slower current
change compared to the buck converter. Fig. 5 also shows that
the current level can have a significant impact on fault response
as well. At 5 A, the initial spark caused by the gap breakdown
is likely to extinguish quickly without turning into a sustained
arc. It is important to note that with a purely resistive load,
a current as low as 3 A is sufficient to generate a sustained
arc [10]. Having a CPL with passive components mitigates
the arc forming capability of a gap, which occurred with buck
converter-based CPL as well. At 10 A, the arc voltage induced an
input voltage drop for the CPL, which leads the CPL controller
to oscillation. The previous theoretical analysis and simulation
study has shown that parallel fault can lead to controller instabil-
ity in dc distribution system [32]. This is the first time that CPL
instability is observed experimentally with a series dc arc fault.
However, at a higher current, 15 A, the same fault is not sufficient
to disturb the stability of the controller, where the sustained arc
fault current stabilized quickly after the initial transition.

These test results further demonstrate the critical need for
more intelligent fault detection techniques for modern dc power
systems. With a power system highly penetrated with power con-
verters and electronic loads, fault response is highly subjective to
the load type, current level, and controller performance, which
is inherently different from that in a traditional power system
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TABLE IV
EXPERIMENTAL DATASETS FOR ML SIMULATION

Label Testing | Training Total # of
Datasets | Datasets | Datasets | Trials
Buck Converter | 10000 |10 — 3000| 19106 50
Boost Converter | 10000 |10 — 3000 | 36420 50

dominated by linear components. The different behaviors of both
CPLs with either the same or different current levels show that
the conventional “threshold” method will likely fail in a system
with various types of loads and operating conditions.

C. Arc Current Data Pool for Machine Learning

A large amount of buck converter and boost converter data was
obtained, including nominal and arc fault conditions. The data
was recorded at 500 kS/s; it was then resampled to 80 kS/s by
using a MATLAB function to match with the current sensor that
is part of the detector hardware. The resampling process involves
both operations of data interpolation and decimation to achieve
the desired sampling frequency. One of the crucial benefits of
resampling is the prevention of aliases by applying a low-pass
filter. In practice, aliasing creates distortion and inaccurate data
of the final signal. The recorded data was further divided into
smaller datasets of approximately 2 ms to train and test ML
algorithms.

Table IV illustrates the simulation setup on training and testing
data for ML algorithms. A random function was utilized to
prevent bias during the datasets selection process. For instance,
10000 different testing datasets were randomly selected at every
trial, which is equivalent to 52.34% of the total number of
datasets for buck converter and 27.46% of the total number
for the boost converter. The same process was also applied for
training datasets selection. All testing and training datasets were
split equally between nominal and arc conditions. To further
reduce the bias in datasets selection, the training and testing
process was simulated 50 times.

III. MACHINE LEARNING
A. Selected Features

Before formulating a reliable machine learning (ML) algo-
rithm, feature engineering is a crucial step in the ML algorithm
pipeline. A feature is an individual measurable property of the
data and an essential part of the machine learning implementa-
tion. A collection of features can describe the raw data, but not
completely represent the data itself. Therefore, having infor-
mative and independent features can produce a more effective
ML algorithm. Nevertheless, having too many features could
degrade the classification, also known as overfitting. There are
many techniques to extract useful features from raw data such
as fast Fourier transform [19], short Fourier transformation [33],
and wavelet transformation [10], [16]. However, the drawbacks
are a high sampling frequency, which requires extensive com-
putational power. In practice, these factors could affect accuracy
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and delay time when considering real-time arc fault detection.
In contrast, time-domain features can be performed with a
lower sampling frequency, which reduces the computation time
significantly. Five time-domain features were utilized for the
final detection algorithm: average, median, variance, rms, and
the difference between the maximum and minimum value. These
five features were analyzed rigorously to prevent having features
that overlapped between nominal and arc fault in the feature
space.

B. Ensemble Machine Learning

ML algorithm can be categorized into three types: supervised,
semisupervised, and unsupervised learning. Supervised ML is
one of the most prominent branches that use for classification.
The method requires prior knowledge to perform a particular
classification on new data. The teaching function uses training
errors to gain classification ability. This closed-loop feedback
can effectively increase ML classification accuracy. As a result,
only supervised ML algorithms were used as the base-learner
for EML in this article. Built on that, EML can further improve
the performance by increasing the adaptability and robustness
while reducing the common vulnerabilities such as overfitting.

For the past decades, EML has received much attention within
the machine learning community. EML algorithms have been
proven to be very capable and highly versatile in a broad
spectrum of real-world applications, such as object detection
and tracking, image recognition, and data mining [34]-[36].
EML algorithm uses the combination of multiple classifiers
to reduce the classification bias and variance effectively. As
computational power advances, different ways of combining
the base-learner outputs are exploited to produce a robust and
quick decision. There are three popular approaches to combine
classifiers: bootstrap aggregating (bagging), boosting, and stack-
ing. Each of the techniques has advantages and disadvantages
in specific applications. For example, the bagging technique
creates several classifiers with fixed bias, then combines their
outputs by averaging, to reduce variance in classification. This
technique would be a well fit for applications where features of
the data have high variance and low bias; whereas the boosting
technique is more reliable when the features of the data have
low variance and high bias.

1) Bootstrap Aggregating (Bagging): Bagging is one of the
simplest yet effective ensemble algorithms. Bagging technique
exploits the independence of the parallel generated base-
learners. This method combines outputs from the desired num-
ber of models with the same algorithm and then performs averag-
ing to determine the final decision. The combination approach
allows variance reduction in the final predictive performance.
Fig. 6 shows the general procedure and structure of the bagging
technique where subset (n) is a set of randomly sampled datasets
from the original training data pool. Model (n) is the independent
base model, where linear classifiers such as DT, linear SVM, and
asingle layer of perceptrons can be good candidates. Each model
is trained with a subset from the training datasets pool, where
each sample dataset in that subset can be selected more than
once during the training process. This data selection process is



LE et al.: SERIES DC ARC FAULT DETECTION BASED ON ENSEMBLE MACHINE LEARNING

— NS,
[ Subset 1 ] Subset 2 Subset 3 ] [ Subset n ]
v v v v

[subset2 | |
Model 1 [ModelZ] [Model3 Model n

Model Average
Final Pedictor

Fig. 6. Bagging ensemble technique flow diagram.
0.5- b=
0.0 i - =
0.5 =+, - E
0.0 & A &
e g
05 !
.0 -t Z
0.5 =
0,0 Sl oot e e e e e e e [

4 16 64 200 400 700 900 1500 3000
Number of Trees
Fig. 7. RF features importance using 800 datasets.

also known as sampling with replacement. The final step is to
aggregate all the predictions by averaging.

DT has been studied to be one of the most suitable base
learners than other linear learners for more extended bagging
techniques, such as RF [37] and ExtraTrees (ET) [38] algo-
rithms. Both methods’ objective is to decorrelate further any
relationship between all the models, which improves the final
decision. RF algorithm integrates an additional function that
randomly selects a smaller subset of training data from the
training data pool to reduce bias, then determines the number of
splits needed. Meanwhile, ET selects a random number of splits
for calculated features from all training data pool.

To optimize RF and ET algorithm for better performance,
hyperparameters such as number of models, number of splits,
number of leaf-nodes, training data size, and number of features
need to be further tuned. One of the unique attributes that RF and
ET provide is the relative importance of the calculated features. It
is critical to know which features are the most useful to represent
the data and potentially determine other hyperparameters. Fig. 7
illustrates the relative importance of the five features from the
RF algorithm using 800 training datasets.

It should be noted that the sum of all features importance
is one. The information gain is used at each split of the DT
to determine the relative importance between different features.
Once the feature importance of a single tree (model) is computed,
the same process is applied to all models, and all outputs are
then averaged. As can be seen from Fig. 7, variance (var) has the
lowest importance value, which is considered to be less effective
than other features. The number of trees can mitigate the effect of
extreme cases, which further reduces the variance of each feature
importance. For example, the box of each feature gets smaller
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and more refined as the number of trees increases. This indicates
that this process can alleviate a problem such as overfitting.

Fig. 8 illustrates the RF algorithm training time ranging from
milliseconds up to 13 seconds as the number of trees increases.
The number of training datasets can also affect training time
proportionally. The training time should be carefully considered
when adaptive training is implemented. All ML algorithms are
trained offline in this article.

The predicting time has a very similar trend as the training
time. The time to predict every 2 ms window can be done in
ms time frame, as shown in Fig. 9. However, it is critical to
reduce the predicting time as much as possible and still output an
accurate result. The predicting time increases significantly with
a higher number of trees. For example, it takes approximately
4 ms to predict for a model with 10 trees, 30 ms for a model with
100 trees, and 50 ms for a model with 200 trees.

2) Boosting: In contrast, the boosting technique requires the
dependence of the generated sequentially weak base-learners. A
weak base-learner is an algorithm that uses the least additional
parameters that are just enough to perform classification better
than chances. For example, DT could be one of the weak
base-leaner by using only one tree (if-else statement); it is
also called stump DT. Whereas a strong learner uses optimized
hyperparameters that can yield classifiers with small error.

Consequently, the weak base-learners (model) in the boosting
technique are always going to learn something from the training
datasets, but it not always accurate. The error of the previous
model can be used to correct the next model’s classification
ability. A calculated weight is also added to each model based
on the performance error. The final step is to fit all the sequence



7832

[Subsetl] [Subsetz] [Subset3] [Subsetn]

[Model 1 ]>{ Model 2 }>[ Model 3 }"")[Model n]

(Weight 2] [Weight 3]
Ensemble Model
Final Pedictor

Boosting ensemble technique flow diagram.

Weight n

Fig. 10.

. / / '3 .
E | f/ ! e L] - ']
g 0.96 f / ' .
Z / e O R
094 —e— Learning Rate 0.001 Learning Rate 0.1
—¥— Learning Rate 0.01 —=— Learning Rate 1
092 =X o ~ 4 | I ] I | I L I | I J
4 16 64 200 400 700 900 1500 3000
Number of Trees
Fig. 11.  Adaboost accuracy based on learning rate.

weak base-learners and its weight to form a strong learner, as
shown in Fig. 10.

One of the most widely used forms of the boosting technique
is Adaptive Boosting (AdaBoost). Similar to the bagging tech-
nique, there are also hyperparameters in the boosting technique,
such as the number of models, splits, and features that can be
tuned to a specific application. Since the weak base-learners
train sequentially, there is an additional hyperparameter that
dictates how fast the algorithm corrects the error at each model
(base-learner) known as the learning rate; it ranges from O to 1.
Generally, the lower learning rate requires more trees to com-
plete the final model’s classification ability, as shown in Fig. 11.
At the learning rate of 1, the Adaboost algorithm does not
require as many trees as the learning rate of 0.001 to output
a high accuracy performance. However, as the number of trees
increases to 3000, the learning rate of 0.001 outputs a slightly
higher accuracy score.

Another version of the boosting technique is called gradi-
ent boosting (GB). This method uses optimized arbitrary dif-
ferentiable loss functions to improve the data generalization.
Both boosting algorithms can either be used for regression and
classification. Each model in the boosting technique is trained
with a random subset of training data with replacement. The
comparison between Adaboost and GB algorithms is presented
in the later part of this section.

3) Stacking: Lastly, stacking is a technique that uses the
combination of different strong base-learners information to
generate a new model via a meta-classifier. Unlike the bagging
and boosting techniques that use a single base-leaner algorithm
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Fig. 12.

Stacking ensemble flow diagram.

throughout the training process. Where the training pool can be
small, bagging and boosting algorithms might output a model
with the same set of hypotheses that are having the same
accuracy on selected training data. This can be problematic
when predicting new unknown data. As the computational power
becomes more available, the stacking ensemble can find the best
prediction boundary instead of gets stuck in the wrong local
minimum [39]. The stacking technique uses various types of
the ML algorithm as base-learner. For instance, a supervised
learning SVM is model 1; KNN is model 2. Even the ensemble
ML algorithm could be a part of the stacking technique itself,
such as RF (Model 3) and ET algorithm (Model 5), as shown in
Fig. 12. In addition, a second layer is mandatory for the stacking
technique called meta-learner (Model 6); it is typically a linear
algorithm.

The stacking ensemble train and predict functions are similar
to the bagging technique. The final prediction is the average
(majority voting) from all chosen models. However, the stacking
technique can incorporate appropriate different base learners
where it performs best, and discard any base learners where
it performs poorly. As a result, it produces a more general-
ized classification, which creates less bias. For this reason, the
stacking technique is most effective when the base learners are
significantly different.

Furthermore, the stacking technique can have as many layers
to optimize classification capability. This technique resembles
the similarity to a neural network algorithm. However, a neural
network algorithm is sensitive to the initial training datasets,
which produces a high variance final predictor. It trains the algo-
rithm as a whole via a stochastic algorithm. Whereas the stacking
technique can be more flexible, it can train the individual model
(node) then combine the predictions from all the models.

C. Model Evaluation and Performance

To examine the effectiveness and reliability of all ensemble
techniques for arc fault detection, each algorithm has to be
well-tuned to optimize series dc arc fault detection capability. In
addition, tradeoffs need to be made to minimize the limitations,
including computational time, amount of required labeled data,
the complexity of the models, and maximize the classification
performance of the models, which can be correlated to the ML
model’s hyperparameters. Gridsearch is one of the methods that
can be used to find the optimal hyperparameters of a model by ex-
haustively sweep through all the hyperparameter combinations,
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as shown in Fig. 13. In addition, cross-validation is following
to ensure the test data does not leak over to train data, which
prevents overfitting. Once the optimal hyperparameters found,
it can be input to a corresponding ML model to evaluate the
classification performance further.

Different metric scores, accuracy, precision, and recall, are
presented to evaluate and analyze all EML algorithms. These
scores range from zero to one. The ideal algorithm should
perform with all three scores as close to one as possible. A
number of different training datasets ranging from 20 to 3000
were tested with 10000 datasets. The scores were calculated
based on the actual and predicted results.

The accuracy score is defined as the percentage of correct
classification decisions that were made. Fig. 14 presents the
accuracy score of all the ML algorithms from three methods
bagging, boosting, and stacking. It can be seen that the bagging
technique that uses SVM as a base learner (E-SVM) has the low-
estaccuracy score. The E-SVM only achieved 98.5% accuracy at
3000 training datasets. Whereas all the ensemble techniques with
the DT algorithm as base-learner outperformed the E-SVM even
with the lower number of training datasets. The ET and the RF al-
gorithms achieved up to 99.9% with 1000 training datasets. The
Adaboost and the GB from the boosting technique also achieved
a high accuracy score of approximately 99.8% at 1000 training
datasets. Lastly, the stacking ensemble (SE) technique formed
by three different algorithms, K-Neighbor (KNN), RF, Gaussian
Naive Bayes (GNB), and Logic Regression as a meta-classifier
achieved the highest accuracy score, approximately 99.95%.

7833

-
!

PR = B
2 13
= 0.98 12 0,998 7903
S = v
z &~ gt ! 1
(53 1
2 L% 1000 2000 3000
B~ 0.96 —®— Adaboost —#— GradientBoosting
v E-SVM +— RandomForest
—4— ExtraTrees —*— Stacking Ensemble
v
0.94 500 1000 1500 2000 2500 3000
Number of training datasets
Fig. 15.  Precision scores.

—&— Adaboost

—®— GradientBoosting

0.992 ¥ E-SVM —+— RandomForest
| —4— ExtraTrees —*— Stacking Ensemble
0.5% 500 1000 1500 2000 2500 3000

Number of training datasets

Fig. 16. Recall scores.

While the accuracy score provides the overall ML algorithm
performance, precision and recall scores provide a further under-
standing of how algorithms produce errors. Ideally, the higher
the score in precision and recall, the better. Mathematically, a
precision score is the number of true positives divided by the
number of true positives plus false positives. False positives are
the cases that were identified as positive but are actually negative.
Fig. 15 illustrates the precision scores of all three ensemble tech-
niques in both converters for further comparison. This provides
a sense of false positives performance when predicting arc fault.
The SE algorithm has the most reliable performance over other
ML algorithms.

Mathematically, a recall score is the number of true positives
divided by the number of true positives plus the number of false
negatives. True positives are the samples that were identified
positive by the classifier that are actually positive (correct);
whereas false negatives are the samples that identified as neg-
atives that actually positive (incorrect). Fig. 16 illustrates the
recall score of all three ensemble techniques. It can be seen
as the number of training datasets increases beyond 1000, ET
has the highest recall score. However, the stacking technique
performed comparably to ET across all training datasets. This
indicates the superior performance of correctly identified true
positives of most ML algorithms besides the Adaboost algorithm
with a slightly lower performance.

Even though the performance from most EML algorithms
does not vary much from each other in all three scores, the SE
algorithm outputs the highest accuracy score from 20 to 3000
training datasets. The precision and recall scores from the SE
algorithm are also comparable to other algorithms. As a result,
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SE provides a sense of better classification capability over other
algorithms.

D. Two-Step Detection Algorithm Structure

One of the critical functions in this article is a two-step
detection algorithm, which enables the detection algorithm to
detect arc fault in different load types. Fig. 17 illustrates the
flow diagram of the arc fault detection in different load types
sequentially.

This function can reduce the confusion of arc fault in different
load types; it is divided into two steps. The first step classifies the
load type based on the nominal operation of the CPLs, while the
second step identifies the nominal and arc fault conditions. The
continuous load type detection (step 1) is only triggered when
the load is operating in a nominal condition. Otherwise, the load
type detection is paused, and the arc fault detection continues
with the last detected load type. Two types of power electronic
loads are presented—a buck converter and a boost converter.
However, the function is expected to work with other load types
as well.

Fig. 18 illustrates the accuracy of two different detection
algorithm structures, one-step and two-step using the RF algo-
rithm. In addition, two different sets of features that including
five and eight features were used. It can be seen that more
useful features are essential to perform better in detection as
eight features trained with SE algorithm has higher accuracy
score in both one-step and two-step. More importantly, a more
advanced detection structure is required for better performance.
The accuracy scores from all the algorithms are increased
with a noticeable trend, as the training datasets increased from
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10 to 1000. However, it is stagnated beyond 1000 training
datasets. The two-step algorithm with either five or eight features
sets outperformed the one-step algorithm. This indicates that
after an optimal number of training datasets, the accuracy score
does not improve significantly unless an advanced detection
structure is used.

IV. EXPERIMENTAL VERIFICATION

Experiments were conducted to verify the detection algorithm
using a SE algorithm. Fig. 1 shows the experimental setup. In
addition, the fault detection unit is placed between the arc fault
generator and the power electronic box, as shown in Fig. 19.
The current sensor bandwidth is 80 kHz. The analog-to-digital
conversion capability of the detection unit is also 80 kHz. Hence,
the maximum sampling frequency of the detection unitis 80 kHz.
The detection window size for real-time arc fault detection
is 2 ms.

A. Experiment Results Without Adaptive Normalization

Fig. 20 illustrates the fault detection using the ML algorithm.
It should be noted that this detection result was obtained using
real-time hardware with a buck converter as CPL. The input
voltage (red) operates at 200 V. The input current signal (green)
starts at nominal operation; then, the arc is initiated by pulling
two conducting copper rods apart at ¢y. The arc fault detection
algorithm’s flag signal (maroon) remained (0) during the CPL
nominal operation and outputted a high signal (1) at ¢; as soon
as an arc fault was detected. The latency time between arc fault
initiation and detection was approximately 80 ms.

In addition, Fig. 20 also shows a current load change at 5.
The input voltage stepped up caused the input current to decrease
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from 13 to 11.5 A. It should be noted that the flag signal was
high (1) during the CPL operation at 13 A, even though it
was operating in nominal condition. This error is known as
false positive classification, and it occurred because the ML
algorithm was only trained with 11.5 A data. Therefore, as the
current stepped down to 11.5 A, the ML detection algorithm
was able to recognize it as a nominal operation. Provided that, it
is critical to prevent the detection algorithm from misclassified
normal load changes from an arc fault. An adaptive normal-
ization is proposed to combat this problem in the following
Section.

B. Adaptive Normalization Function

Normalization is a standard prerequisite process for many
machine learning algorithms. It allows all features in the feature
space to maintain the same scale, which ensures no single feature
has an advantage over the other features. With the experimental
testbed operates in a wide range of current in real-time, the
normalization method must be able to normalize a targeted
current signal properly to produce consistent scaled features.
However, a fixed normalization method is not capable of normal-
izing real-time signals as its characteristics always influenced by
the different current levels. It is also easily generated inconsis-
tent scaled features by a large spike during load changes and
noises. To address this problem, an adaptive normalization is
employed to transform a wide range of operating currents to the
same scale in real-time. The proposed adaptive normalization
algorithm calculates the average of the first 15 consecutive
data windows defined as a normalization factor. Next, the new
incoming signal windows are divided by the normalization factor
to achieve normalization. If there is a change in the nominal
current that is larger than a preset sensitivity threshold of 0.3 A,
then the algorithm recollects another 15 windows to update
the normalization factor. The adaptive normalization function
only takes approximately 50 us based on the internal clock
of the microcontroller. The number of the windows and the
sensitivity threshold were tested extensively to ensure the fi-
nal detection algorithm’s stability and low computation time.
With a small number of windows, the normalization factor
can be easily influenced by noises or transients during start-up
and load changes. In contrast, a large number of windows re-
quires higher computation power, which prolongs the detection
latency time.

Fig. 21 illustrates the result of the proposed adaptive normal-
ization. A nominal load change followed by an arc fault was
tested. The raw data of input current is shown in the top plot;
whereas the result of the adaptive normalization is shown in
the bottom plot. The different input current levels and the arc
fault were scaled accordingly. This normalization enables the
detection algorithm to work with a wide range of current levels.

C. Stacking Ensemble Algorithm

A real-time arc fault detection unit was used to verify the
performance of the SE algorithm thatincorporated with the adap-
tive normalization in a two-step detection structure. It should be
noted that the detection results were obtained using real-time
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hardware with a buck converter and a boost converter as the
CPLs.

The input current signal (red) is started at the nominal op-
eration, and the arc fault is then initiated by pulling the two
conducting copper rods apart in the buck converter, as shown
in Fig. 22. The flag signal (blue) indicates nominal and arc
fault conditions. The detection algorithm was able to ignore the
nominal step load changes from 270, 230, and then to 330 V,
then back to 270 V as the flag signal remained low (0). The
detection algorithm immediately outputted a high signal (1)
when the arc fault was initiated. Moreover, the flag signal was
kept high as the arc fault was sustained; this action indicated that
the detection algorithm was able to not only detect the onset of
the arc fault but also to recognize the sustained arc fault until it
was extinguished. The delay time between fault initiation and
detection is approximately 37.4 ms.

The detection algorithm was also tested with the boost con-
verter testbed, as shown in Fig. 23. The input current (or-
ange) and the flag signal (green) were measured. During a
step change in current from 15 to 17.6 A, the detection al-
gorithm flag signal remained low (0). As soon as the arc
fault was initiated, the flag signal quickly changed to high
(1) within 37 ms. The detection algorithm can also detect arc
fault at 10 A with a latency time of approximately 69 ms, as
shown in Fig. 24. The results highlighted the ability to rec-
ognize accurately multiple arc fault behaviors within the same
converter.
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D. DC Start-Up Versus Arc Fault

A dc start-up creates a high overshoot that resembles an
initial arc fault transient. This problem can cause false posi-
tive classification and mistrigger of the flag signal. To test the
reliability of the proposed detection algorithm, a dc start-up test
was conducted using a buck converter CPL. The capacitive load
of the buck converter was increased from 600 uF to 2.8 mF
to emulate a high overshoot start-up. Fig. 25(a) illustrates the
completed operation of the CPL: off state, start-up, nominal,
and arc fault. The power source was initially off until turned
on at time ¢. The voltage started to rise and stabilize at 270 V.
Then, the CPL was initiated and started to draw current from the
power source at time 1. With a high capacitive load, the peak of
the input current transient start-up reached 8.4 A, as shown in
Fig. 25(b). This overshoot resulted in a 3.4 A over the nominal
operating current of 5 A.

After approximately 4.5 s nominally operated, an arc fault
was initiated at time ¢3 and detected at time ¢4, as shown in
Fig. 25(c). Despite the similarity of the transient between start-
up and arc fault, the detection algorithm was able to ignore the
transient start-up and recognize the arc fault, as expected. This
result essentially verifies the capability of the EML algorithm to
differentiate nominal transients from arc faults.

E. Two Parallel CPLs Test

Existing literature on dc arc faults has shown that the high
frequency components of the arc current noise can travel to
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the adjacent branches and cause mistrigger of the detector [10],
[40], and [32]. It has been suggested that a system-level master
controller is required to detect the faulted branch and prevent
mistrigger of the unfaulted branches. While fault localization is
beyond the scope of this article, a preliminary experiment has
been designed to demonstrate the compatibility of the proposed
arc detection algorithm with a potential system-level master
controller.

Fig. 26 shows the test setup with two buck converters with the
same input current of 13.5 A and an output voltage of 200 V. Each
branch is equipped with its fault detector unit. A series arc faultis
introduced at the input stage of CPL 1. The goal of this set of tests
is to verify that the detector at CPL 1 branch can detect arc fault
timely while the detector at the unfaulted CPL 2 branch unaf-
fected by the high frequency components of the arc and remained
unchanged.

To emulate a simple master controller in the hardware setup,
a communication channel is established to exchange flag signals
between the two detector units. The detector unit that detects a
fault, it then sends a signal to disable the other detector until the
fault is extinguished.
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The test result is shown in Fig. 27. An arc fault is initiated in
CPL 1, and the detector unit 1 detected the arc fault first, as can
be seen from the flag signal (blue). At the same time, the flag
signal of the detector unit 2 remained low.

This preliminary test is only to show the compatibility of the
proposed detection method with such a master controller. It laid
out the foundation for a study of arc fault in a system-level
using a master controller that communicates with all the local
fault detectors. With the capability of coordinating all the fault
detectors, the master controller can localize the arc fault, and
isolate it with proper dc circuit breaker or solid-state power
controller. It is worth noting that a more sophisticated master
detector would be needed to cope with a versatile system-level
fault localization problem and reduce mistrigger. In a broader
perspective, the proposed EML algorithm can work with a
higher-level system, such as ships, MEA, and dc microgrid.
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F. Discussion

The detection latency time can be broken down into three
parts: pre-processing time, predicting time, and communi-
cation time between the analog-digital converter and the
microcontroller. Using the microcontroller internal clock, the
pre-processing time and predicting time are measured to be
around 5.5 and 15.5 ms, respectively. The communication time
can take up to tens of milliseconds. As shown from the ex-
perimental results, the typical detection latency time is ranged
from 37 to 69 ms. The time varies due to the randomness of the
arc fault signal. More specifically, if one time window failed to
capture the arc current features, it would take one or more time
window to detect the fault, and thus prolong the detection time.
Therefore, the detection latency time can be affected by the ef-
fectiveness of the features, the detection algorithm, as well as the
hardware.

The experimental results have shown shorter detection time
compared to most of the existing techniques in [41] and [42].
The detection time is also well below the fault interruption
time outlined in UL 16998, leaving sufficient time for fault
interrupting devices to act on the detection result.

V. CONCLUSION

An experimental testbed, including arc generator, buck con-
verter CPL, and boost converter CPL, was designed and built
to study the behavior of arc fault in different power electron-
ics loads. A set of effective features was extracted from the
experimental data to train the machine learning algorithms.
These features were validated to be computationally inexpensive
based on the computation time from the microcontroller. An
EML’s attribute, feature importance, was used to verify the
effectiveness of the features. They are further processed using
an adaptive normalization to eliminate false positive caused by
load changes.

A series dc arc fault detection method based on the EML
algorithm was proposed. Compared to conventional threshold
methods and other machine learning algorithms, the implemen-
tation of the EML algorithm enabled the versatility, reliability of
arc fault detection in different load types. Three ensemble tech-
niques, including bagging, boosting, and stacking, were studied.
Performance evaluation of various EML algorithms for arc fault
detection was established using accuracy, precision, and recall
scores. Each EML algorithm sensitivity was further analyzed
to optimize arc fault classification capability by exploring the
hyperparameters, the training time, and the predicting time. The
stacking ensemble algorithm maintains superior performance
compared to other EML algorithms.

Finally, the prototype arc fault detector was realized using
low-cost hardware. The stacking ensemble algorithm was im-
plemented on the hardware and tested on the experimental arc
fault testbed with a range of 37 to 69 ms in detection latency
time for both buck converter and boost converter. The detection
method was also tested with a high transient start-up and an
arc fault in one CPL that connected in parallel with another
CPL to verify the capability of EML. The proposed method has
achieved remarkable versatility, reliability, and low detection
latency time.
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