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Isolation and Detection of Arc Fault Noise in a Real
PV System Using Current Demodulation and
Autocorrelation Coefficients

Jonathan C. Kim ", Roy Ball

Abstract—The safety, reliability, and efficiency of photovoltaic
(PV) systems hinge on effective arc fault identification and detec-
tion. This research presents a new online current demodulation
algorithm to filter the switching signal injected into the dc side of the
inverter. Therefore, the detection algorithm adapts performance in
real-time so that it can accurately detect an arc fault without being
confused with unknown inverter harmonics or other unwanted
tripping events. This increases robustness of the arc fault detector.
The article provides deep theoretical analysis and explanation
of the arc fault detection algorithm. It is also verified in 1) an
experimental PV array using various commercial inverters with
different pulsewidth modulation (frequencies and 2) data captured
by Sandia National Laboratories.

Index Terms—Arc discharges, fault detection, fault diagnosis,
photovoltaic systems, power system reliability.

1. INTRODUCTION

ERIES dc arc faults represent a hazardous class of faults in
S photovoltaic (PV) systems, capable of igniting flammable
material around the fault location. Detecting arc faults accu-
rately, while minimizing false alarms and unwanted shutdowns
is crucial for reducing downtime, achieving expected energy
output, and discovering genuine arc faults. A reliable arc fault
detection device (AFDD) must be able to properly identify and
differentiate arc fault conditions from normal PV operating con-
ditions and other external disturbances. Although series dc arc
faults by themselves are relatively easy to detect, the challenge
lies in accurately distinguishing the arc fault from the various
operational behaviors exhibited by PV systems [1], [2], [3].
This research addresses critical challenges in the field of arc
fault detection within PV systems. It involves the purposeful in-
duction of arc faults in a functioning PV system that is tested with
three different string inverters. Within the commercial sector,
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there are recognized hurdles associated with arc fault detection
devices that warrant effective solutions, which are as follows.

1) One significant challenge is the consistent tripping of
many AFDD systems, particularly during system startup
or when subjected to abrupt changes in irradiance on a
string inverter. This issue underscores the need for im-
proved detection reliability [2], [4], [5].

2) Most commercial PV AFDDs are commonly designed
for inverters operating at narrow and known pulsewidth
modulation (PWM) switching frequency ranges. How-
ever, when inverters with unknown PWM frequencies are
integrated into the system, they can lead to false alarms
[11, [6], [7], [8]. The PWM noise confuses the AFDD.
Solving this frequency compatibility challenge is essential
for enhanced AFDD performance.

3) Another persistent challenge revolves around the failure of
AFDD systems to meet specified time clearing mandates
for arc fault detection within PV systems, especially under
conditions of low PV currents, such as shading or low
light [1], [9]. This emphasizes the importance of refining
detection algorithms to address these scenarios effectively.

This research contributes to tackling these pressing challenges
in the commercial PV industry, offering insights and solutions
to enhance the reliability and performance of arc fault detection
systems.

Arc faults inject a power spectral density (PSD) characteristic
proportional to 1/ f, called pink noise, where f is the frequency
[3], [10]. The magnitude of the injected pink noise can be
affected by different electrode characteristics such as material
composition, geometry, current and voltage levels, and arcing
state [11], [12], [13]. The effective arcing frequency band is
widely recognized to be between 0 Hz and 100 kHz [6], [14].
However, many detection algorithms only use a narrow band-
width or a select frequency inside the arcing frequency spectrum.
Therefore, they are susceptible to false alarms that the algorithm
was not specifically tuned to avoid or unexpected noise that falls
inside the observed arcing frequency window.

In [6], a discrete wavelet transform (DWT) is designed to
detect the arcing frequencies from between 31.3 and 62.5 kHz
and avoid switching frequencies under 20 kHz. However, some
string inverters do have switching frequencies at 30 kHz and
above that may cause false alarms [16]. In [17], a time-domain
characteristic such as a current magnitude change is used to
indicate a potential arc fault using DWT and wavelet packet
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decomposition (WPD). However, current magnitude changes
are not unique to an arc fault and can be caused by other
external factors, such as partial shading, irradiance changes,
dc disconnect switch operations and load changes. In [18], the
detected frequency range used to detect the arc fault is ten
magnitudes lower, between 150 and 750 Hz, in order to avoid
the switching frequency of the inverter. The algorithm utilizes a
moving average and fast Fourier transform (FFT) to determine
magnitude variations in the arc fault impedance characteristics.
However, only part of the arc frequency spectrum is observed.

The pink noise characteristic of arc faults can quantify the
chaotic nature of the arc fault. In [19], the Tsallis entropy is
used to quantify disorder of the measured current signal to
observe fast changing noise signatures to identify the presence
of pink noise. In [10], the Hurst exponent is used to detect
high-impedance dc arcing events and their measure of chaotic
current behavior. Although entropy analysis of the current signal
can detect arc faults, signal conditioning is favorable to eliminate
any other noise signatures on the measured current to decrease
the chance of false alarms.

In [20] and [21], multiple frequency bands are taken as inputs
mitigate the influence of the switching frequency, EMI, and other
background noise. However, there are further studies needed to
determine the efficient number of frequency bands for detection
and the number of elements and samples available influence the
reliability of the arc fault detection.

Machine learning (ML) algorithms help determine the most
useful detection parameters in hidden variables while utilizing
a large signal database for training. In [22], an ensemble ML
technique is discussed to extract useful arc fault features under
different load types and optimize the classification of arc faults.
However, ML techniques are heavily dependent on the size of
the dataset, data consistency and reliability, model complexity,
and interpretability [23].

In [24] and [25], the PV system configuration is utilized to
determine abnormal system behaviors using the intrinsic sensors
available in the module level dc/dc converter or dc optimizers to
improve the cost effectiveness of the detection solution. Typical
arc fault behavior is observed by analyzing the operating point
behavior of the voltage signal as the arc fault interacts with
the differential power processing structure utilized in the dc
optimizers. However, this strategy is specific to the dc optimizer
structure and not applicable to other PV system configurations.

The arc fault detection algorithm introduced in this article ef-
fectively isolates the arc fault frequency spectrum with different
string inverter PV systems, without the need to specifically tune
the search to a narrow bandwidth. Instead of directly tuning the
arc fault detector bandwidth, it leverages current demodulation
algorithms to eliminate undesired harmonics while preserving
the pink noise characteristics of arc faults. This article extends
the results of the preliminary conference paper by Kim et al.
[26] by adding theoretical justification and improved current
demodulation algorithms for the arc fault detection algorithms,
along with expansive experimental implementations on areal PV
installation. Specifically, research contributions of this article
include the following.

1) A new online search algorithm, current demodulation:

The proposed algorithm effectively filters out periodic
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noise and ripple from the current signal measurement, all
without prior knowledge of the string inverter switching
parameters. This contribution is essential as it lays the
foundation for reliable signal processing, overcoming the
challenge of dealing with varying and unknown parame-
ters AFDD.

2) Isolation and detection of a wide-bandwidth pink noise
spectrum of the arc fault: Unlike conventional techniques
such as FFT, DWT, and WPD, this method employs
differenced autocorrelation coefficient analysis. It allows
for capturing a broader range of frequencies associated
with arc faults. This is important because it enhances the
algorithm’s sensitivity and robustness, ensuring that even
subtle arc fault noise characteristics are not missed.

3) Simple outlier detection rules: Straightforward rules have
been established for identifying and disregarding single
transient events and unwanted tripping conditions. These
rules help prevent false alarms triggered by factors like
current magnitude changes, load variations, dc switch
operations, and sudden shifts in irradiance. This contri-
bution is crucial as it improves the algorithm’s reliability
in real-world scenarios, reducing unnecessary system dis-
ruptions.

4) Experimental validation of the proposed arc fault detec-
tion algorithm: Through rigorous testing on real photo-
voltaic systems with different string inverters, the effec-
tiveness and robustness of the algorithm have been demon-
strated. This contribution is of paramount importance as
it provides empirical evidence of the algorithm’s practical
utility, bridging the gap between theoretical development
and real-world application.

The rest of this article is organized as follows. Section II
introduces the arc fault frequency analysis and outlier elimi-
nation techniques. Section III discusses the arc fault detection
algorithm and criteria. Section IV presents the experimental
results validating the detection algorithm, and finally, Section V
concludes this article and discusses future work.

II. ARC FAULT FREQUENCY ANALYSIS

Unwanted tripping or masking of the arcing noise can be
caused by MPPT in the dc—dc converter and/or switching fre-
quency injected by the PV string inverter [3]. Current demod-
ulation and differenced autocorrelation coefficient analysis is
proposed in this research to eliminate signals that may cause
unwanted tripping and false alarms and isolate the pink noise
characteristic to accurately characterize the arc fault while ig-
noring other background noises. The major steps in the proposed
arc fault detection algorithm are shown in Fig. 1.

A. Experimental Setup

Most detection algorithms require a priori knowledge of the
PV system to effectively tune the band-pass filter and DWT
for selecting an appropriate arcing frequency band in detection
while avoiding the inverter switching frequency [17], [27], [28].
One major disadvantage is that the utilized arc fault frequency
band is narrow and does not capture the pink noise characteristic
of the arc fault PSD. The entropy methods discussed before
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Fig. 1. Overview of the proposed arc fault detection algorithm.

attempt to isolate the chaotic nature in a single step without
signal conditioning of the current signal [10], [19], [29].

The summation of different kinds of switching noise onto
arc faults generated by off-grid and grid-tied PV systems are
considered in this article. The off-grid PV system schematic is
given in Fig. 2(a). The off-grid PV system includes a charge-
controller unit which performs the MPPT and maintains a 48 V
dc bus. The power is either directed to charge a battery or feed an
ac load through an inverter unit. The arc fault can be generated in
series at any location between the PV modules in the PV array.
The PV array generates a maximum power of 1.2 kW with an
ac output of a single-phase 120 V.5 at 60 Hz.

The schematic of the grid-tied PV system is given in Fig. 2(b)
and a block diagram of the grid-tied PV system configurations
is given in Fig. 3. The grid-tied PV system can be configured to
either two parallel PV strings of six series connected PV panels
or a single PV string with 12 PV panels in series for an output
power of 3.9 kW. In addition, two different grid-tied inverters
can be switched on one at a time to test the effect of different
string inverters. Inverter A has a switching frequency of 20 kHz
and Inverter B has a switching frequency of 32 kHz. A resistive
load bank is available to sink the power generated by the PV
system.

In addition, the operation of two commercial AFDD (Com-
mercial AFDD A and Commercial AFDD B) was observed while
gathering arc fault data. These are standalone devices using
current sensors on a single PV string which send a disable signal
to the inverter to stop operation once an arc fault is detected. The
commercial devices are placed in series with the measurement
device used for the proposed detection algorithm and the results
are compared in Section V.
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B. Current Demodulation Operation

Current demodulation is proposed to eliminate periodic noise
and low-frequency DC trends, yielding a zero-meaned signal
suitable for autocorrelation analysis. This approach effectively
filters out the single-phase 120 Hz rectified ripple and PWM
switching frequency noise originating from the PV system’s
string inverter, all while preserving the essential pink noise
characteristics of arc fault noise. Consequently, the effectiveness
of the proposed arc fault detection algorithms remains consis-
tent, regardless of the inverter switching frequency within the
PV system, as the demodulated signal remains free from the
harmonics that could trigger false alarms.

Current demodulation is defined as the operation of subtract-
ing a time-shifted copy of itself with the original signal. If
the time-shift is equal to the period of the periodic signal, de-
constructive interference occurs eliminating the periodic signal.
This process is analogous to a smoothed derivative operation as
in the following:

é (1 — z_m)

Time - Shifted Subtraction

1
SN <1+z*1 + 272 +---+z*<AH)) (1-271)

Differencing Operation
ey

where At is the discrete time-shift, (1 — z~4%) is the operation
of subtracting the original signal “1” by the time-shifted signal,
2=t through the z-transformation. The averaging operation
acts as a low-pass filter with significant side-lobes determined
by the time-shift as given in the following:

_ I
fnotch — K (2)

Moving Average

where fioen 18 the location of the first notch of the side-lobes and
fs 1s the sampling frequency of the measured current signal. The
subsequent notch locations are multiples of fyowch. In addition,
the differencing operation generates a null at the dc component
generating a zero-meaned signal. In Fig. 4, the current demodu-
lation operation is performed on an ideal pink noise PSD (black).
The demodulated PSD (blue) shows the side-lobes which can be
tuned to eliminate peaks generated by switching noise and a null
at the dc component eliminating any dc components. Lastly,
the average shape of the pink noise present in the system is
preserved. Therefore, arc fault noise that is present in the shape
of pink noise will be preserved while switching frequencies and
other periodic noise can be eliminated.

The current demodulation operation is performed recursively,
as a function of the time-shift, as an online search method
of periodic noise. When the optimal time-shift, Aty is not
used, the periodic signal present in the current signal is not
eliminated through deconstructive interference. In Fig. 5(a), the
dc component, switching noise and harmonics are present in a
PV system. In Fig. 5(b), the original signal (black) is time-shifted
to some nonoptimal time-shift (red). Therefore, although the
differencing operation eliminates the dc component and the
moving average operation performs a low-pass filtering effect to
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Fig. 2. (a) Schematic of off-grid PV system. (b) Schematic of grid-tied system.

eliminate some harmonics, the switching frequency still exists
as a large component in the PSD (red) as shown in Fig. 5(c).
In Fig. 5(d), the resulting current demodulated signal (red) still
contains fluctuations from the periodic component.

However, when the time-shift is optimized for the switching
frequency, At = Alypy, the time-shifted signal (green) is in
phase with the original signal (black), in Fig. 5(b). Therefore,
the switching component is eliminated (green) in Fig. 5(c) and
there is no periodic signal present in the demodulated current
signal (green) in Fig. 5(d).

C. Signal Conditioning Algorithm

As shown in Fig. 6, the signal conditioning algorithm utilizes
the current demodulation operation to filter the current signal,
instead of using a narrow-band-pass filter. The current signal,
ik(t), is measured and then time-shifted by Aty, where k is
the index of the first time-shift. The lengths of the time-shifted
current, 7} (t), and original current signal are padded with zeros
for vector calculations and then each corresponding time indexed
is subtracted from each other. The standard deviation of the
differenced current signal, 4gisr  (t), is calculated and compared

to the standard deviation of the previous time-shift index differ-
enced current signal, igq(k — 1). The measured current signal
is tested in discrete steps, tgep, between the minimum and max-
imum time-shift, Aty < Aty + tiep < Almax. The time-shift
with the smallest standard deviation is considered the optimal
solution and labeled as the demodulated current.

The minimum and maximum time-shift values correspond
to the maximum and minimum inverter switching frequencies
expected in the PV system, respectively. The optimal time-shift
is determined by searching through the minimum and maximum
time-shift boundaries and choosing the demodulated current sig-
nal with the smallest standard deviation. The standard deviation
is large because of the amplitude of the periodic component.
Conversely, when the dominating amplitude from the periodic
component is minimized, the standard deviation will also be at
a minimum.

D. Autocorrelation Coefficient Analysis

After the current signal has been conditioned and the periodic
noise has been eliminated, the pink noise characteristic of the
arc fault can be easily extracted without errors from other
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Fig. 4. FFT plot of pink noise with the time-shifted subtraction operation. electrical systems and is characterized as a flat PSD with equal

background noise. To extract the pink noise feature of the arc
fault, the use of an autocorrelation function is proposed. The
autocorrelation function is a measure of correlation between a
signal and a delayed copy of itself, given by the following:

r(r)=FEz(r)x(t+7)] =acf(z (1)) 3)

where 7(7) is the autocorrelation function of the measured time
series z(7), 7 is the lag, E'[-] is the expected value operator, and
acf(-) is the short-hand notation for the autocorrelation function.
When r(7) is nonzero for any lag 7 > 0, the delayed copy at lag
T contains a degree of correlation.

energy across all frequencies. White noise does not have any
self-similarity or memory associated between consecutive time
samples. Therefore, the autocorrelation coefficient is close to
zero, as seen in Fig. 7 (black). Brown noise (3 = 2) is the
integration of white noise and contains strong correlations to pre-
vious values. If the lag index aligns with the switching frequency,
T = Algpy, the delayed copies are in phase and completely cor-
related. Therefore, the autocorrelation coefficients will remain
near 1, indicating strong self-similarity and correlation, as seen
in Fig. 7 (blue).

Pink noise (8 = 1), is a special case between white noise
and brown noise showing some level of self-similarity but not
completely. Therefore, as seen in Fig. 7 (red), the autocorrelation
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coefficients decrease from 1 slowly as the lag increases and the
samples are removed further from the original value.

When large periodic noise that may cause false alarms or mask
the arc fault signal is present on the measured PV current signal,
then a large autocorrelation coefficient across multiple lags can
be expected, similar to brown noise, 7(7) & 1. However, once
the current demodulation operation is completed, the periodic
noise is eliminated and the background noise drops to an uncor-
related white noise baseline, 7(7) ~ 0. If an arc fault is present,
then the chaotic nature of the arc fault is not filtered through
current demodulation and the autocorrelation coefficients will be
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some nonzero value with decreasing magnitude with increasing
lag, r(7) # 0.

E. Differenced Autocorrelation Pink Noise Detector

An arc fault is an event that changes with the environmental
conditions. Depending on the burning state of the arc fault,
the noise injected into the system will change [30]. Therefore,
when the arc fault is initiated, the autocorrelation coefficient of
the current demodulated signal will show an initial jump from
r(1) = 0tor(r) # 0. However, as the arc fault continues to burn
in air the arcing state changes, injecting different levels of pink
noise to the PV current as shown in Fig. 8. When the arc fault
is stable with no fluctuations in the arcing column between the
electrodes [31], the arc fault is in either a loose or bridged arcing
state with a smaller injection of pink noise. However, when the
arcing column is sporadic and in between two stable states, the
amount of pink noise injected increases because the arc fault
impedance changes with arc length in the arcing column as it
fluctuates over time [28], [30], [32].

The variation in the pink noise is quantified by subtracting the
previous autocorrelation coefficient calculation from the present
measured current window, generating a differenced autocorre-
lation coefficient parameter, as shown in the following:

Arg (1) =715 (1) — 181 (7) (5)

where Ar(7) is the differenced autocorrelation coefficient
between two demodulated current windows, k and k — 1, as
a function of lag, 7. The squared summation of the differenced
autocorrelation coefficients across lag produces a power signal
that quantifies the level of pink noise added to the system as
given in the following:

P (k) =Y Ar(r)? (6)
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where P(k) is the power signal of the differenced autocorre-
lation coefficients calculated at the measurement window, k.
A flow diagram of the calculation of the power signal for the
differenced autocorrelation coefficients is given in Fig. 9. The
power signal, P(k), is averaged over a fixed time frame, ko, as
given in the following:

kP
P <n>:z""};0 o) @

For example, the power signal at k£ = 20 is averaged over a
fixed time frame of kg = 20 (k =1 to k = 20) to produce a
single averaged power point with index n = 1. n = 2 would
be the next averaged power point for the next time frame (k =
21 to k = 40). Therefore, k is the index of the measurement
windows, and n is the index of the averaged power signals.

In Fig. 10, the power signal calculation is visualized for an arc
faultignition event. In Fig. 10(a), the current demodulated signal
of five consecutive PV current measurements, 1 < k <5, is
given, each represented with a different color. The measurement
must be large enough to contain enough samples for the switch-
ing frequency, but small enough to not include low-frequency dc
trends. Therefore, a measurement window of 0.5 ms is chosen
to include all switching frequencies above 2 kHz.

Before the ignition of the arc fault, £ =1 (orange), the
waveform shows no variations and remains relatively constant.
When the arc fault is initiated between k = 2 (yellow)and k = 3
(purple), the current demodulated signal shows an increase in
variation, indicating the presence of additional noise. When the
arc fault stabilizes and the gap distance no longer changes, k = 5
(blue) the fluctuation in the demodulated current signal reduces,
but still exists.

The autocorrelation coefficients reflect only the presence of
uncorrelated white noise associated with the PV system before
the arc fault, as shown in Fig. 10(b) (orange). After the ignition
of the arc fault, the autocorrelation values decrease as a function
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Fig. 10. (a) Five consecutive demodulated current signals. (b) Autocorrelation

coefficient calculations of each measurement window. (c¢) Differenced autocor-
relation coefficients for each corresponding measurement window. (d) Power
signal of differenced autocorrelation coefficients.

of lag and show nonzero values, 7(7) # 0. After the arc fault sta-
bilizes, k = 5, the autocorrelation coefficients remain nonzero,
suggesting the presence of self-similarity characteristic of an arc
fault in the PV system.

In Fig. 10(c), the differenced autocorrelation coefficients for
each corresponding measurement window are calculated ac-
cording to (5). The increased autocorrelation coefficients at the
arc fault ignition results in a large differenced autocorrelation
coefficient. While the arc fault is burning, the difference be-
tween autocorrelation coefficients is smaller than ignition, but
remains nonzero because the intensity of pink noise changes.
In Fig. 10(d), the power signal for differenced autocorrelation
coefficients for 1 second is shown and the average power signal
increases from Pjyg(n) = 0 to Puyg(n) > 0 at the ignition of
the arc fault. Therefore, the power signal of the differenced au-
tocorrelation coefficients can detect the presence of pink noise.

F. Outlier Elimination

The ignition of the arc fault generates a sudden decrease
in the current magnitude because of the added impedance of
the arc fault in the PV system [11], [18], [30]. However, other
cd disturbances occur which also cause sudden changes in the
current signal, such as dc disconnect switch operations, sudden
partial shading, irradiance changes, and load changes. Therefore,
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Fig. 11.  (a) Monitored PV string current with arc fault occurring elsewhere in

the PV array on a parallel PV string. (b) Outliers marked in red by the Hampel
identifier and ignored for future calculations.

outlier elimination is necessary to remove single transient events
while allowing continuous transients like arc faults to pass
through.

In [33], four outlier detection rules are explored for PV fault
detection, which are as follows:

1) the 30 rule;

2) the standard Boxplot outlier rule;

3) the Hampel identifier;

4) local outlier factor.

The Hampel identifier has low complexity and is resistant to
large contamination levels and is chosen for the outlier detection
rule. The contamination level is defined as the fraction of outliers
to a given data set as shown in the following:

number of outliers

contamination level = ®)

total number of samples

The Hampel identifier breaks down at contamination levels
greater than 50% compared to the 10% or 25% in the 30 and
boxplot outlier rules, respectively. According to the Hampel
identifier, an outlier is defined as in the following:

|z, — 2] > af

€))

where x; is the potential outlier sample observed, Z is the sample
mean, « is the threshold parameter, usually set to 3, and ( is the
measure of variation as defined below for the Hampel identifier
in the following:

median {|z; — Z|} . (10)

1

¢ = 06785

For example, in Fig. 11(a), crosstalk between parallel PV

strings may incorrectly trip a monitored PV string. When an arc

fault occurs elsewhere the transient is coupled onto a parallel PV

string. The Hampel identifier recognizes the transient events and

properly eliminates them in Fig. 11(b). However, in Fig. 10(d),

the arc fault is continuous and the sudden increase in the power
signal is not recognized as outliers.
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III. ARC FAULT DETECTION CRITERIA

The arc fault is a continuous event that injects a pink noise
frequency spectrum on the PSD. Therefore, two energy signals
are generated from the power signal of the differenced autocor-
relation coefficients to measure the persistent presence of arc
fault noise and variations in the injected arc fault noise over
time. The energy signals are compared against simple threshold
violation criteria to determine the presence of an arc fault.

A. Arc Fault Energy Signals

The energy of the power signal is the measure of the difference
in the self-similarity injected by the arc fault over a fixed time
period (a group of time frames), ng, of the averaged power
signals shown in the following:

D Pug(n).

n—no

G(n) = (11)

Therefore, if the arc fault continues to burn, pink noise is
continually present on the current. The average power signal of
the differenced autocorrelation coefficient remains high and the
summation over time presents a gradual increase in the energy
signal.

The second energy signal is a measure of the variation in
the power signal over time to represent the persistent presence
of a variable impedance added by the arc fault. The standard
deviation of the power signal, Pyq(n), is calculated using the
previous kg samples used to measure the average of the power
signal as shown in the following:

Pya (n) = std (P (k — ko : k)). (12)

When the standard deviation of the power signal is summed
over the given time period, ng, the energy of the variation of
pink noise, Gq(n), injected to the PV system can be measured
as shown in the following:

G (’I’L) = Z Pia (?’l) .

n—no

(13)

Therefore, the two energy signals, G(n) and Ggq4(n), rep-
resent the persistent arc fault frequency spectrum and random
variation of the injected pink noise as a function of the arcing
state, respectively.

B. Arc Fault Detection Criteria

When both energy signals calculated in (11) and (13) cross
their respective energy thresholds, Gipresh and Gl thresh, an arc
fault is declared, as shown in the following:

Detection Criteria 1: G (n) > Gihresh (14)

Detection Criteria 2: Gyqd (1) > Glsd,thresh- (15)

The thresholds are determined to detect the arc within the
specified time constraint given by the UL 1699B standard shown
in the following [35]:

750J } (16)

tac =ming ———— 2.5
e {VarcIarc
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where ¢, is the maximum time allowed for arc fault detection,
Ve 18 the voltage across the arc fault, and I, is the current
across the arc fault.

C. Arc Fault Detection Implementation

The constraints of the presented algorithm stem from the
practical constraints of the digital-to-analog converter (DAC)
and digital signal processor (DSP) in accurately sampling the
requisite number of data points to replicate a periodic signal.
For instance, considering a data acquisition rate of 1 Msa/s and
a minimum of 10 points needed to reconstruct a 100 kHz sine
wave, this falls within the capability of numerous DACs and
DSPs.

DWT is frequently acknowledged for its effectiveness in sig-
nal conditioning. The computational complexity of DWT with a
sample length of N is denoted as C(N), where C(-) represents
the number of computations. FFT, another widely employed
technique, is estimated to involve C(Nlog(N)) computations.
Similarly, autocorrelation calculations also entail C(Nlog(N))
computations. However, the proposed algorithm does not ne-
cessitate calculations for all lags from 0 to N-1. Consequently,
it demonstrates faster processing than FFT and can compete
effectively with DWT. Table I presents a comparative overview
of various attributes of the proposed algorithm in contrast to
other state-of-the-art arc fault detection methods.

IV. EXPERIMENTAL RESULTS

The current demodulation operation and pink noise extraction
of arc fault noise is validated using the experimental data from a
1.2kW off-grid and 3.9 kW grid-tied PV system. Different string
inverters with different MPPT and switching frequency opera-
tions have been tested without changing the signal conditioning
parameters and detection thresholds of the arc fault detection
algorithm proving versatility of the algorithm in different PV
environments. False alarms from unwanted tripping conditions
have also been distinguished from arc fault conditions and
avoided.

A. Arc Fault Detection in Off-Grid PV Systems

An arc fault is generated in an off-grid PV system as shown
in Fig. 12(a). The switching frequency of the inverter and the
charge-controller of the off-grid PV system is similar to the
background noise and can be seen as negligible as seen in the
persistence spectrum in Fig. 12(b). The persistence spectrum
shows the frequency on the y-axis with respect to time on the
x-axis and the magnitude of the power spectral density of the
frequency coefficients is given relative to the lowest value (blue)
to the highest value (yellow). After the current waveform has
been demodulated, in Fig. 12(c), the dc trend is eliminated and
the signal is zero-meaned. The persistence spectrum reveals that
the arc fault noise now dominates the spectrum (yellow) and is
extracted from any other background noise.

In Fig. 13, the tracked inverter PWM switching frequency
that is demodulated, defined as the shift coefficient, is given.
However, because the noise from the switching frequency is
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TABLE I
COMPARISON OF DETECTION METHODS

. o Computational Detection
Detection Method Advantages Limitations Intensity Speed
Time-Domain Current Magnitude Easy implementation - Misdetections from MPPT Light Medium/Fast
Changes [17], [28], [36] Simple detection rules - Susceptible to low-frequency noise
- Higher false positives/negatives
Fast-Fourier Transform (FFT) Simple detection rules - Only frequency information available Heavy Slow
[18], [37], [38], [39], [40] Widely implemented and studied - May trip from inverter, converter,
and controller noise
- Limited frequency extraction of arc
signal
Short-Time Fourier Transform Utilizes time- & frequency-domains - Requires proper tuning of detection Heavy Slow
(STFT) [4], [41] window length
Discrete Wavelet Transforms Widely studied - May trip from inverter, converter, Medium Slow/Medium
(DWT) & Wavelet Utilize time & frequency-domains and controller noise
Decomposition Packets (WPD) Current discontinuity detection - Requires proper tuning of
[171, [18], [29], [42], [43], Robust against false negatives decomposition levels
[44], [45], [46] Multilayer time-frequency - Can not distinguish from increased
characterization of arc faults white noise floor
Statistics Based [10], [18], [19], Easy implementation - Precise thresholds required Light/Medium Depends
[20], [21], [30], [47], [48], [49] Can be used with current and - Precise tuning of FIR filters
voltage signals - Usually pairs with other detection
- Observes the increased methods
entropy/chaotic/random nature of - Highly susceptible to false positives
arc faults from environmental conditions, PV
control algorithms, and DC
magnitude changes
Machine-Learning [22], [24], - Effectively differentiate arc fault - Requires large training data sets Heavy Fast
[25], [26], [50], [51], [52] transient behavior - Accurate modeling of arc faults is
- Adaptable across broad spectrum of required
applications - Highly complex implementation
- High accuracy for known arc fault - Susceptible to overfitting
conditions - Requires prior knowledge of PV
conditions and arc faults
Spread-Spectrum Time-Domain - Can be completed offline - High sampling rates Heavy Unknown
Reflectometry (SSTDR) [53] - Predictive fault detection - Inverter and converter noise causes
false positives
- Requires prior knowledge of healthy
PV conditions
Current Demodulation and - Doesn’t require prior knowledge of - High sampling rates Medium Medium/Fast

Autocorrelation Coefficients
(proposed algorithm) [11], [26] -

PV system

Implemented on wide-range of PV

system power levels

- Robust against DC current
magnitude changes

- Robust against transient conditions

- Observes pink noise characteristic
of arc faults

- Tuning of detection criteria
thresholds

- Susceptible to false positives from
other pink noise sources

negligible in this particular off-grid system, the demodulation
algorithm will choose a time-shift or shift coefficient that mini-
mizes the standard deviation of the current signal and detrends
the DC trend of the data without any particular elimination of
higher periodic noise.

In Fig. 14, the power signal and energy signal calculations are
shown for the off-grid PV arc fault. In Fig. 14(a), the power signal
of the differenced autocorrelation coefficients begins to increase
after the arc fault is initiated. Therefore, the energy signal begins
to slowly rise in Fig. 14(b). The arc fault continues to burn
through the electrodes causing more variation in the injected
pink noise signature of arc faults. Therefore, the autocorrelation
coefficients are no longer constant and have large variations as
shown in the increase in standard deviation in Fig. 14(c). As the
arc fault continues to burn the energy of the standard deviation
will continue to rise as shown in Fig. 14(d). Therefore, PV

current signals without a large switching frequency component
can still be “demodulated” using the current demodulation oper-
ation and the pink noise signature can be isolated and extracted
using the differenced autocorrelation coefficients.

B. Arc Fault Detection in Grid-Tied PV System (Inverter A)

In Fig. 15(a), an arc fault is generated in a 6 x 2 PV con-
figuration (six modules in series, two strings in parallel) using
Inverter A. The actual switching frequency of Inverter A is
approximately 20 kHz which the current demodulation operation
tracks successfully as shown in Fig. 15(b). The demodulated
current eliminates the low-frequency dc trends and generates
a zero-meaned signal while preserving the arc fault frequency
noise as seen in Fig. 15(c). The arc fault detected signal is given
in Fig. 15(d).
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Measured Current: Off-Grid Arc Fault
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Fig. 13.  Shift coefficient of the off-grid PV system.

The individual analysis of all the energy signals for the test
in Fig. 15 is given in Fig. 16. In Fig. 16(a), at the ignition of
the arc fault, the power signal is seen to increase immediately.
Therefore, the corresponding energy signal begins to slowly in-
crease as seen in Fig. 16(b). In Fig. 16(c), the arc fault continues
to burn and the magnitude of injected arc fault noise changes
over time, resulting in an increase in the standard deviation of
the power signal. The corresponding energy signal increases as
seen in Fig. 16(d). Therefore, when both energy signals have
crossed their respective thresholds an arc fault is detected as
seen in Fig. 15(d).

C. Other PV Configurations With Arc Fault

In Fig. 17, arc faults are generated in five different inverters,
each with a different PV configuration. Inverter A and Inverter
B are the string inverters tested at Northeastern University, as
shown in the experimental setup in Fig. 3. The arc fault generated
on Inverter C is data from a 3-phase inverter tested by Sandia
National Laboratories [6], [15]. The specific PV configuration
and specification of the inverter is unknown. Therefore, the pro-
posed current demodulation and pink noise extraction algorithm
can be tested for robustness against unknown parameters. The
arc fault is generated at time ¢ = 0 s for all inverter and PV
configurations.

(d)

1.50
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(a) Measured off-grid current with an arc fault. (b) Persistence spectrum of measured PV current. (c) Demodulated current signal with an arc fault.

In Fig. 17(a), the power signal of the differenced autocorrela-
tion coefficients is given. Arc faults generated on Inverter A and
Inverter B with both the 6 x 2 and 12 x 1 PV configurations
(red, blue, green, pink) all show an increase in the power signal
at time ¢t = 0 s. The arc fault generated in a PV system with the
3-phase Inverter C also shows an increase in the magnitude of
the power signal. Therefore, the energy signal of the differenced
autocorrelation coefficients calculated from the magnitude of
the power signal also increase as shown in Fig. 17(b).

In Fig. 17(c), the standard deviation of the power signal is
given. All five arc fault cases (6 x 2 Inverter A, 12 x 1 Inverter
A, 6 x 2Inverter B, 12 x 1 Inverter B, 3-Phase Inverter C) show
an increase in standard deviation of the power signal because the
arc fault injects a different magnitude of pink noise as it burns
in air. In Fig. 17(d), the energy signal of the standard deviation
of the power signal increases for all five arc fault cases.

D. Arc Fault Detection Time

By the UL1699B standard as shown in (16), the maximum
detection time is the minimum between 2.5 s and the time
calculated using the arc fault energy [36]. In Fig. 18, trip times
for the arc faults generated in the different PV configurations. For
example, in the worst-case scenario, the 12 x 1PV configuration
with Inverter A generates an arc fault with an arcing current
of approximately 5 A with an arc fault voltage drop of 50
V. According to (16), the detection time is calculated to be
tare = min {(507\,5—?(“5]A), 2.5 s} = 2.5 s. Although the objective
of the AFD algorithm was only to satisfy UL1699B detection
times, the proposed algorithm demonstrated the trip time of 120
ms, which is an order of magnitude faster than required. In fact,
the 120 ms trip time would have even satisfied UL requirements
for an arc fault power as high as 6.25 kW, which is not possible
in a maximum PV system power of 3 kW. In addition, the
UL 1699B standard requires tests for arc faults up to a power
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Fig. 14.
signal of standard deviation of power signal.

of 300 W. Therefore, all potential arc fault cases for this PV
configuration could be detected.

Inthereal 6 x 2PV configuration with Inverter A and Inverter
B have an arc fault detection time of approximately 10 ms. The
12 x 1 PV configuration for Inverter A has a detection time
around 120 ms and the 12 x 1 PV configuration for Inverter B
has a detection time around 44 ms. Lastly, the PV configuration
with the 3-phase Inverter C has a detection time of approximately
19 ms. These detection times are all well within the 2.5 s
maximum for these low power arc faults.

It is interesting to notice that the 12 x 1 PV configuration
has almost an order of magnitude longer detection time by than
that of the 6 x 2 PV configuration. The 12 x 1 PV configura-
tion (blue, pink) has a larger open-circuit, V5., and maximum
power point (MPP) voltage, Vi,pp, than that of the 6 x 2 PV
configuration (red, green). The arc fault is monitored on each PV
string and the measured current (on each individual PV string)
is the same, regardless of the number of PV modules in series.
The voltage across the arc fault generated by the PV string with
higher, V,,. will have a larger arc fault voltage drop because of the
larger voltage source. The larger arc fault voltage drop generates
a “more stable” arc, which is analogous to tighter arc column
[30], [31]. Therefore, the arc fault injects a smaller magnitude
of pink noise and generates less fluctuations in the impedance
[30], [31], as shown in Fig. 17(a) and (c). The smaller power
signal magnitude decreases the slope of the energy signal, and
the energy rises slower as shown in Fig. 17(b) and (d). The
detection times are longer because the energy signals cross the
detection threshold after a longer period. However, it is still
within the 2.5 s maximum detection threshold.

Therefore, the detection values mainly depend on: 1) the
signal integrity which may generate low signal-to-noise ratios
(SNR) decreasing the effectivity of the differenced autocorrela-
tion coefficients and 2) voltage of the PV string which determines
the stability of the arc fault, decreasing the amount of pink noise
available for detection. Unwanted tripping tests that support
these claims are given in the next section.

Arc Fault Initiated

(a) Power signal of differenced autocorrelation coefficients. (b) Energy signal of power of signal. (c) Standard deviation of power signal. (d) Energy

String inverters typically range from a few hundreds of watts
to afew kilowatts with short circuit ratings for each string near 10
A. The exact values of the detection thresholds in the proposed
algorithm were determined from a collection of real arc fault
data from two string inverters, an off-grid inverter, and 3-phase
inverter at system power levels up 3 kW with varying arc fault
lengths from 0.5 to 5 mm. For robustness, the value for the
thresholds in (14) and (15) in a particular PV system can be
generally determined by looking at the energy levels in (11)
and (13) in a normal system and setting thresholds around one
order of magnitude greater, depending on the desired speed for
detection. The SNR of the detectors should be below +3 dB (or
twice the signal power) such that the arc fault information can
be extracted effectively.

Of the two commercial standalone AFDD tested shown in
Fig. 3, Commercial AFDD A was unable to detect smaller energy
arcs under 300 W with low SNR and the “stable” arcs generated
by the 12 x 1 PV configuration.

In total, 285 arc faults were generated under various weather
conditions ranging from partly cloudy and sunny weather be-
tween the months of July and November. The algorithm is
specifically tuned for the wide range of cases mentioned and can
detect 97.6% of all arc fault cases. The 2.4% missed detections
are generated from intermittent arc faults where the arc fault
generator stalls, instantly closing the arc fault gap after attempt-
ing to separate. Despite these instances going unnoticed, the arc
fault is not sustained and not subject to the UL1699B detection
criteria. Consequently, the proposed algorithm complies with
UL requirements with 100% accuracy rate.

V. UNWANTED TRIPPING CONDITIONS

This section demonstrates that the proposed AFD algorithm
does trigger false alarms when tested with the three unwanted
tripping loading conditions as outlined UL 1699B standard
including the following:

1) inverters, converters, and charge controllers;
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Fig. 15.  (a) Inverter A of grid-tied PV system with arc fault. (b) Time-shift

coefficients averaging 20 kHz. (c) Demodulated current signal. (d) Arc fault
detected.

2) dc switch operations and;

3) irradiance changes.

The UL 1699B also lists unwanted tripping tests listed for dif-
ferent PV configurations, such as module-level dc/dc converters
and inverters to test the effect of switching frequencies and EMI
noise [35]. Module-level PV configurations are not available in
the experimental setup given in Fig. 3 and have been reserved
for future research.

Moreover, this section showcases the resilience of the pro-
posed algorithms through the incorporation of tests, including
simultaneous multiple inverter operations, crosstalk between
two PV strings, and start-up conditions, as illustrated in Fig. 17.
The undesired tripping condition is initiated at = 0 s, and it is
noteworthy that none of these tests resulted in triggering an arc
fault alarm.

A. Loading Condition I—Inverters and Controller Noise

In loading condition I, several different conditions are pre-
sented in the UL1699B standard. The PV array’s dc power is
either converted into ac power tied to a grid or into dc power
through a charge controller, which is then tied to a battery bank
as an off-grid system or goes through second stage to be tied into
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the grid. In this loading condition, the proposed algorithm should
successfully avoid false positives from low-frequency current
magnitude changes from the MPP and the high-frequency noise
coming from the switching noise of the first stage (inverter tied
to a grid or the charge-controller tied to the battery bank).

Mlustrated in Fig. 7, brown noise, encompassing the dis-
tinct switching noise generated by inverters and converters,
undergoes current demodulation in (1) to be transformed into
white noise. Following this transformation, white noise, when
subjected to the differenced autocorrelation pink noise detector
outlined in (5) and (6), is not classified as arc fault noise. Inverter
A and Inverter B have different switching frequencies, 20 and 32
kHz, respectively, while the switching frequency of the 3-phase
Inverter C is unknown. During the steady-state of Inverter A,
Inverter B and the 3-phase Inverter C (r < 0 s), all energy
levels remain close to zero and do not meet the detection criteria
given in (14) and (15). Therefore, even though different and
unknown switching frequencies are in operation, the algorithm
is successfully able to avoid false positives from inverter noise
operating with MPP.

In addition, noise generated by a charge controller in an off-
grid system as shown in Fig. 2(a) do not affect the efficacy of
the proposed algorithm. The arc faults are successfully detected
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as shown in Fig. 12, while the charge controller noise before the
arc fault is successfully ignored.

The inverter may also have different control schemes such
as spread-spectrum/frequency jittering to reduce EMI and fre-
quency shifting to accommodate a wide range of load levels. The
proposed algorithm may have the potential to detect frequency
drifts at rates longer than the measured time window of 0.5
ms given in Section II-E, which is chosen to include switching
frequencies greater than 2 kHz. In Fig. 15(b), the measured
switching frequency seems to shift, but the current demodulation
searches for the optimal time shift per window, as shown in
the algorithm presented in Fig. 6, Section II-C, successfully
detecting a switching signal averaging 20 kHz over a long
period of time. However, the effects of the hysteretic controllers,
constant off time, and other variable switching frequency control
schemes have not been fully tested and leaves room for future
research.

B. Loading Condition II—DC Switch Operations

In loading condition II, the PV array configuration is changed
by using a dc switch at the PV array to either connect or
disconnect PV strings. For example, a 6x1 PV configuration
would be changed to a 6x2 PV configuration by connecting

a parallel PV string. The operating point of the PV array will
suddenly change because of the addition or subtraction of a PV
string which is essentially a current source. This is tested in this
research by using the dc disconnect switch located before the
fuses inside the junction box as shown in Fig. 3. The sudden
current magnitude change should not cause false positives in the
proposed algorithm.

However, the current demodulation scheme generates a null
at dc frequencies eliminating false positives from sudden mag-
nitude changes. In addition, the color of the injected noise does
not change and the exponent of the power law in (4) remains
as white noise (8 = 0). Therefore, the standard deviation of the
power signal of the differenced autocorrelation coefficients does
not change, as shown in Fig. 17(d) and the energy levels do not
meet the detection criteria set by (14) and (15). Therefore, when
a PV string is suddenly added to/subtracted from the overall
system, the magnitude of the energy signal does not increase
or spike at the initiation of a dc switch operation as shown in
Fig. 17(b) and false positives are successfully avoided.

C. Loading Condition IlI—Irradiance Step Changes

Lastly, loading condition III irradiance step changes from
sudden partial shading such as cloudy weather, moving shadows
from stationary objects such trees and chimneys as the sun passes
overhead, and unexpected shadows such as people, animals, or
small clouds moving overhead should not trick the proposed
algorithm. These generate low-frequency current magnitude
changes that should be successfully disregarded.

Partial shading ON and partial shading OFF are generated by
quickly applying a blackout cloth over portions of the PV string
being monitored. These test results are shown in Fig. 17. Like
in Loading Condition II with dc switch operations, sudden irra-
diance changes generate a shift in the current magnitude which
are nulled by the current demodulation scheme. In addition, only
white noise exists in the system with no additional injected color
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Fig. 19.  Arc fault detection on Inverter A with Inverter B noise coupled on
the ac grid in close proximity.

noise. The detection criteria are not met in (14) and (15), and
the false positive from irradiance step changes are successfully
avoided, as shown in Fig. 18.

D. Additional Loading Conditions—Simultaneous Operation,
Crosstalk, Inverter Start-Up, and PV System Degradation

Because of the nature of the experimental setup in Fig. 3,
Inverter A and Inverter B are connected to each other at a com-
biner box before being injected to the ac grid source. Therefore,
ac noise generated by one inverter may couple to the second
inverter. In a specific trial, both Inverter A and Inverter B operate
concurrently, each with a 6 x 1 PV configuration operating
at MPP and delivering approximately 1.5 kW. In Fig. 19(a),
before the arc fault is generated at 3.78 s, any noise generated by
Inverter B is successfully filtered and disregarded. The detection
criteria in (14) and (15) are not satisfied, as shown in Fig. 19(b)
and (c), respectively. However, the pink noise of a 120 W arc
fault is detected and both criteria (14) and (15) are met within 15
ms of ignition. Therefore, any noise transmitted from a parallel
inverter operating at the same ac node inside the combiner
box is successfully isolated, preventing false positives, while
simultaneously detecting low-power arc faults generated with
arcing gaps of less than 0.5 mm.

When an arc fault occurs on a PV string parallel to the
monitored PV string, crosstalk between parallel PV strings has
shown to trip the AFDD (specifically Commercial AFDD B) on
the monitored “good” PV string. As shown in Fig. 11(a), the
arc fault occurs around ¢ = 5.3 s. However, using the proposed
current demodulation algorithm, the monitored string recognizes
a transient event from the burst of energy of the arc fault on
a parallel string but is successfully ignored as an outlier in
Fig. 11(b). The system begins to retrack the MPP between = 5.3
s and t = 5.8 s. However, the monitored “good” string does not
generate false positives from arc faults generated on a different
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string. Therefore, the proposed arc fault algorithm successfully
isolates arc fault events transpiring on its respective monitored
PV string while disregarding noise originating elsewhere in the
system.

The start-up condition of Inverter A, shown in Fig. 20(a) was
observed to trip Commercial AFDD B. However, the proposed
current demodulation scheme eliminates the transient from turn-
ing ON the dc switch to Inverter A at 19.65 s and the dc trend from
MPP initiated between 21.80 and 24.40 s, as shown in Fig. 20(b).
The energy levels for the detection criteriain (14) and (15) are not
met as shown in Fig. 20(c) and (d), respectively. Therefore, the
proposed algorithm successfully ignores the start-up condition
that may cause false positives in Commercial AFDD B.

E. PV Degradation and Sensor Inaccuracy

Lastly, the effects of PV degradation due to aging and sensor
inaccuracy is simulated using collected arc fault data. When a PV
system ages, there can be degradation of solder joints which is
simulated arc faults generated by submillimeter gaps as seen in
the experiments of Sections IV and V-D. When a PV system
degrades, the I-V curve changes, reducing the magnitude of
current at the MPP. This is simulated on data collected from
an arc fault generated on a 6 x 2 PV configuration shown
in Fig. 21(a). Current demodulation generates a null at the dc
frequency, thereby ignoring changes in the current magnitude.
Therefore, there is no change in the energy of arc fault noise
detected. In Fig. 21(b) and (c), the original energy values (blue)
overlap with the reduced current magnitude values (blue).

However, as a PV system degrades, there may be a higher
noise floor, which can also be similar to lower SNR in the
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current sensor. This is simulated by artificially adding +3 dB
(which is a normalized power ratio of approximately 2 times
the input signal) of white noise onto the original data collected
in Fig. 21(a). In Fig. 21(b) and (c), the increased noise floor
does reduce the magnitudes of the energy calculated from the
differenced autocorrelation pink noise detector from (3) to (7).
The detection time is increased from 12 to 65 ms. Therefore, al-
though the algorithm demonstrates robustness to current sensor
noise, it also indicates that even greater magnitudes of signal
degradation, e.g., above twice the input power signal could
increase detection times that eventually violate (16). In addition,
dc biases that occur in the sensor are similar to the current
magnitude changes observed from loading condition II and III
and can be successfully disregarded.

Therefore, the proposed arc fault detection algorithm can suc-
cessfully detect arc faults in a variety of PV configurations with-
out false alarms from unwanted tripping conditions caused by the
switching frequency of the inverters, MPP controllers, sudden
dc system changes, partial shading and irradiance changes,
crosstalk, simultaneous inverter operations, start-up conditions,
PV degradation like aging, and sensor inaccuracy.

In total, 270 unwanted tripping conditions were generated
under various weather conditions ranging from partly cloudy
and sunny weather between the months of July and November.
The tuned algorithm can successfully avoid 100% of unwanted
tripping conditions.

VI. CONCLUSION AND FUTURE WORKS

A new series PV arc fault detection algorithm has been pro-
posed which can successfully detect arc faults without a priori
knowledge of the PV system. Arc faults on different PV config-
urations of 6 PV modules or 12 PV modules in series with either
1 other parallel strings or no parallel strings, respectively, have
successfully been detected. In addition, an arc fault generated on
a completely unknown PV configuration with a 3-phase inverter

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 39, NO. 8, AUGUST 2024

has been tested using data provided by Sandia National Labo-
ratories and successfully detected without changing or tuning
any parameters from the Northeastern University experimental
setup. Therefore, the detection algorithm is versatile in detecting
arc faults with different PV configurations, independent of the
PV parameters.

Through current demodulation and the extraction of the full
arc fault noise spectrum describing pink noise, the arc fault
detection algorithm can successfully isolate arc fault noise from
other background noise. The detection algorithm avoided un-
wanted tripping scenarios caused by different switching fre-
quencies, dc disconnect switch operations, fast partial shading
conditions, and crosstalk across different PV strings.

In future research, different PV configurations involving
module-level dc/dc converters and inverters, multiple MPPT,
large parasitic inductance and capacitance masking should also
be tested [35]. Lastly, the detection algorithm can be imple-
mented in a digital signal processor (DSP) to accurately deter-
mine the trip time by also including the processing time of the
arc fault detection device on fast DSP’s.
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