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Fault Location in Ungrounded Photovoltaic System
Using Wavelets and ANN
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Abstract—Identifying ground faults is a significant problem in
ungrounded photovoltaic (PV) systems because such earth faults
do not provide sufficient fault currents for their detection and loca-
tion during system operation. If such ground faults are not cleared
quickly, a subsequent ground fault on the healthy phase will create
a complete short circuit in the system. This paper proposes a novel
fault-location scheme in which high frequency noise patterns are
used to identify the fault location. The high-frequency noise is gen-
erated due to the switching transients of converters combined with
the parasitic capacitance of PV panels and cables. Discrete wavelet
transform is used for the decomposition of the monitored signal
(midpoint voltage of the converters) and features are extracted.
Norm values of the measured waveform at different frequency
bands give unique features at different fault locations and are used
as the feature vectors for pattern recognition. Then, a three-layer
feedforward artificial neural networks classifier, which can auto-
matically classify the fault locations according to the extracted
features, is investigated. The proposed fault-location scheme has
been primarily developed for fault location in the PV farm (PV
panels and dc cables). The method is tested for ground faults as
well as line–line faults. These faults are simulated with a real-time
digital simulator and the data are then analyzed with wavelets.
Finally, the effectiveness of the designed fault locator is tested with
varying system parameters. The results demonstrate that the pro-
posed approach has accurate and robust performance even with
noisy measurements and changes in operating conditions.

Index Terms—Fault location, ungrounded photovoltaic (PV) sys-
tem, discrete wavelet transform (DWT), multi-resolution analysis
(MRA), artificial neural networks (ANNs).

I. INTRODUCTION

VARIOUS techniques have been described in the litera-
ture with respect to fault location methods in ungrounded

PV systems. The fault location approach currently employed in
most industrial ungrounded PV systems uses a pulse genera-
tor to send a high frequency signal into the faulted system and
traces the signal to locate the fault. This type of fault locating
method for high-impedance grounded or ungrounded systems
is briefly discussed in [1]. Researchers at Bender Inc., USA,
have implemented this approach in the solar PV industry [2].
Generally, fault location by tracing the signal consumes a lot of
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time; there is also the chance for errors because it is done man-
ually. This approach also involves tracing the fault point in live
equipment enclosures and requires reaching cables at difficult
locations. Reference [3] reported a protection scheme which is
capable of detecting a ground fault in ungrounded DC traction
power systems by applying voltage through a probe unit. The
probe unit consists of a power supply that can generate voltages
with arbitrary amplitude and frequency, and it is installed be-
tween the line and ground at each substation. Once the ground
fault is identified, this method locates the fault by DC or swept
frequency AC response analysis of the probe current returning
through ground.

The traveling wave (TW)-based technique has been imple-
mented for fault location with single-ended or double-ended
principles [4]. With the advancement of communication and
digital signal processing technologies, TW-based fault location
methods have been implemented in recent industrial applica-
tions for more accurate and reliable fault location estimations.
In recent papers [4], [5], TW fault locators were developed in
industrial hardware that uses time-synchronized measurements
of the TW currents at the line terminals to determine accurate
fault locations. Researchers from the University of Manitoba and
Manitoba HVDC Research Center utilized wavelet transform to
detect the arrival times of TWs and showed fault location accu-
racy of ±400 m for the conventional high voltage direct current
(HVDC) systems with a mixed transmission media consisting
of overhead lines and cables [6]. Although modern TW fault
locators are highly accurate and reliable for AC and HVDC
transmission lines, this technique would be very difficult to im-
plement for small size distribution and distributed generation
systems. This is due to a very small propagation time and the
low latency between incident waves and associated reflected
waves that might be very hard to individually detect in short
cable lengths.

In the time domain reflectometry approach, an external volt-
age signal is applied into the system from one end of the line and
reflection of the signal from the fault point is monitored along
with the incident waveform. In [7], the experimental analysis
of injected and reflected waveforms to identify and localize the
common faults in a 1 MW PV plant is presented. Other pa-
pers discuss the auto-correlation plots (the incident signal with
the reflected signal) generated by spread spectrum time domain
reflectometry (SSTDR) to find the location of ground and arc
faults in a PV system [8].

Reference [9] describes an artificial neural network (ANN)-
based fault locating algorithm for three-phase transmission lines
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that uses fundamental components of pre-fault and post-fault
voltage and current phasors as inputs. In [10], a fault diagnosis
in a PV array, especially for short-circuits, is proposed using a
three-layered feed-forward neural network. Furthermore, a two-
layered ANN is used in [11] to predict the expected power using
temperature and insolation as the inputs. An analytical method
is combined with ANN outputs to diagnose the PV string faults.
However, this method only examines the occurrence and types
of faults in the PV strings and the fault location approach has
not been investigated. This method utilizes raw sampled data as
the input to the ANN, and hence it requires long training and
computation times.

Yan Pan in her Ph.D. thesis work describes an approach for
locating ground faults in ungrounded shipboard DC distribu-
tion systems that utilizes the high frequency noise generated by
repetitive switching of power converters interacting with para-
sitic elements in the system [12]. She conducted tests in an ex-
perimental hardware setup and the results verified the approach
to differentiate various fault locations in a real environment [13],
[14]. In [15], the noise pattern analysis approach was extended
to integrate the wavelet-based multi-resolution analysis (MRA)
technique and ANN for detection and classification of common
faults (ground and short circuit) on ungrounded medium voltage
direct current (MVDC) shipboard power systems.

In the field of distribution systems, reference [16] discusses a
“compressive sensing” method to find fault location in distribu-
tion networks. Pre-fault and during fault voltages are measured
along the feeder. A current vector is generated from the volt-
age sag matrix and impedance matrix. There is one non zero
element in the sparse current matrix which corresponds to the
bus at which a fault occurs. In [17], compressive sensing and
l1-norm minimization approach was extended to estimate both
single and simultaneous fault location in distribution networks.
Since the number of nonzero values in the estimated current
vector is not necessarily identical to the number of faults, these
values are examined by Fuzzy-clustering mean to estimate four
possible faulted points. Furthermore, a machine learning tech-
nique based on the k-nearest neighborhood was implemented
to find a single fault. Reference [18] describes a downstream
graph marking algorithm for automatically locating fault area
based on the statuses of fault indicators that are telemetered to
the distribution control center. Reference [19] describes an al-
gorithm to detect, classify and locate power quality disturbances
and fault locations using currents and voltages recorded at sub-
station of the a distribution system. The method described in
the explores a combination of modern techniques for network
analysis, signal processing (WT-MRA), and intelligent systems
(Fuzzy-ANN). Reference [20] discusses a method for detecting
and locating high impedance faults in multiconductor overhead
distribution lines using power line communication devices. A
fault is detected by monitoring the change in input impedance.
Fault location is obtained by analyzing response to impulse in-
jection by all installed PLC devices along the line. Reference
[21] investigates the impact of distributed generation on voltage
sag based fault location methods. The paper quantifies the im-
pact of DG on fault location. Reference [22] discusses a PMU-
based fault detection and location method for active distribution

networks using real-time state estimation. The method described
in the paper identifies the faulted line irrespective of the neutral
connection, fault type/impedance or position along the line. Ref-
erence [23] also discusses a high-impedance fault identification
method. It uses DWT to monitor high and low-frequency voltage
components to find the most likely area where the disturbance
has occurred. Reference [24] discusses a method for the identifi-
cation and location of high impedance single-phase-earth faults
on neutral compensated and isolated medium-voltage networks.
It uses standard measurements available in substations.

The main objective of this research is to develop an accurate,
robust fault locator for ungrounded PV systems that, unlike
existing methods, can be used while the system is in operation.
It uses a DWT-based MRA and a classifier based on ANNs. The
main novelty of this algorithm is that it uses high frequency noise
patterns induced by converters switching transients interacting
with parasitic elements of PV panels and cables.

The paper is organized as follows. Section II describes the
modeling of an ungrounded PV test system in a real-time elec-
tromagnetic transient (EMT) simulation platform. The basic
structure of the proposed pattern recognition algorithm is pro-
vided in Section III. A brief description of the DWT-based MRA
technique is presented in Section IV. Section V presents the fea-
ture extraction technique. Section VI describes the structure and
training algorithm of the classifier based on ANNs. Section VII
provides the fault location results. Section VIII describes the
parameter sensitivity analysis of the proposed method.

II. UNGROUNDED PV SYSTEM MODEL

Ungrounded DC distribution cables are used often in North
America for low voltage PV systems, shipboard power sys-
tems and offshore wind farms as the system could be kept
running after a first ground fault. The size of the inverters
needed are also small due to transformer-less configuration and
therefore the inverter cost is also less with the ungrounded PV
configurations [25].

The test system shown below in Fig. 1 was modeled and
simulated in a real-time digital simulator (RTDS). A multi-
string ungrounded PV system was connected to the grid using a
500 kW, three-phase, two-level voltage source inverter (VSI),
which converts DC power generated from the PV array into AC
power. Two 250 kWp PV arrays were connected to individual
DC-DC converters (buck converters) to implement the maxi-
mum power point tracking (MPPT) technique. Each PV array
has 48 parallel strings, and each string consists of 17 modules
connected in series. The multi-string PV arrays were connected
to a 600 V common DC bus through DC underground cables, and
the DC bus was integrated with the DC-link capacitor and the
input terminal of the three-phase inverter. The VSI and DC-DC
converters were controlled based on the sinusoidal pulse-width
modulation (SPWM) technique. A harmonic filter connects the
output terminals of the VSI to respective phases of the point
of common coupling (PCC). The 500 kVA, 0.21/20 kV, three
phase, Δ/Y , step-up transformer was used to transfer PV power
to the distribution system. The station service load was 100 kW,
210 V, unity p.f., three-phase dynamic load that, was connected
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Fig. 1. 500 kWp grid integrated multi-string converter type solar PV system.

to the output of the inverter at the PCC. The mid-point volt-
ages (Vmid1 or Vmid2) of the DC-DC converters with respect
to grounding were measured and analyzed using a signal pro-
cessing method for detection and location of faults in the PV
system. The PV data are provided in Appendix A.

The ground and line-line cable fault locations are shown in
Fig. 1 and marked as loc. #1 to loc. #14. Here, the fault loca-
tions 1 to 7 simulate the ground faults on cables #1 and #2.
Locations 8 and 9 are ground faults on cable #3. Locations 10
to 14 are used to simulate the line-line faults in the DC and AC
parts of the PV system.

Ground, line-line, and arcing faults at different locations of the
PV arrays are also simulated and analyzed, and will be discussed
in Section VII-B. The fault location scheme presented in this
paper is used to primarily locate the ground and line-line faults
on the DC side of the PV system. A few representative results
are also included with AC distribution side faults to test the
effectiveness of the method.

A complete electrical model of a PV array and its insulation
to ground is required to analyze ground faults in an ungrounded
PV system. Therefore, a single diode model of solar cells in
the PV array is used in RTDS/RSCAD, which accurately rep-
resents nonlinear current-voltage characteristics of a solar cell
by including series and parallel resistance with an ideal solar
cell, as discussed in [26]. An equivalent circuit model simu-
lating the behavior of PV module insulation was proposed in
[27]. In normal operating conditions, the measured values of
insulation resistance and leakage capacitance in a real 68 kWp
PV generator are [0.12, 4.6] MΩ and [0.7, 42] μF, respectively
[27].

A classical lumped parameter cable model is not capable
of representing transient behavior of the system for different
frequencies. This is because the resistance and inductance of
the cable are frequency dependent due to skin and proximity
effects. The limitations of the lumped cable model have been
minimized with various frequency dependent TW-based cable

models developed in the literature [28]. TW-based frequency
dependent cable models require a simulation time-step shorter
than the propagation time of TW in the cable. The cables used in
PV systems are very short in length, between 30 and 200 meters.
As an example for a 30 m cable, travel time was calculated as
0.1 μs. Therefore, to simulate a frequency dependent EMT cable
model, the simulation time-step needed would have to be less
than 0.1 μs. However, a real-time simulation platform, that can
simulate with time-steps less than 1.4 μs is not available. Due to
the aforementioned limitations, a frequency dependent π cable
model was developed, which is essentially a lumped π model
with frequency dependent resistance and inductance, and EMT
simulation was done in small time-steps.

The frequency dependent cable model was simulated using
small-time step simulations (2.941 μs) in RTDS. For this small
time-step simulation speed, the cable was modeled as 30 me-
ter sections. Since the cable is modeled in 30 meters sections,
the minimum resolution for finding the fault location using the
proposed method is going to be 30 meters.

III. PATTERN RECOGNITION ALGORITHM

The analysis of high frequency noise patterns to identify fault
locations in ungrounded PV systems is proposed. These noise
signal patterns are generated due to the power electronic con-
verter switching frequencies and parasitic elements of PV panels
and cables (such as cable insulation capacitance and stray induc-
tance). The proposed location method requires a distinguishable
signal that uniquely identifies a fault position. The mid-point
voltage of a DC-DC converter 1 (Vmid1) or converter 2 (Vmid2),
with measurement points as indicated in Fig. 1, is monitored.
The simulation results illustrate that the high frequency noise
is observable in the measured voltage signal and different noise
patterns are introduced due to ground faults at various locations
of the PV system. Furthermore, the monitored voltage results in
a significant change in noise patterns for different ground fault
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Fig. 2. Flowchart of the proposed algorithm.

locations. Hence, in this paper, the Vmid1 voltage signal is mea-
sured and analyzed. No external signal generator is required to
locate the fault using the proposed method.

Fig. 2 gives a simplistic flowchart of the proposed method-
ology. The measured time-domain signal is transformed into a
time-frequency domain by splitting it into low and high fre-
quency components with a DWT-based MRA technique. The
energy or norm of the noise signals at each frequency band
gives a unique signature for different fault locations and is used
as extracted features for pattern recognition. The extracted fea-
tures are then used as inputs of a multi-layer neural network
classification algorithm. The outputs of the ANN classifier give
the exact location of the fault.

IV. SIGNAL ANALYSIS

A. Wavelet Transforms and Multi-Resolution Analysis

Consider the input signal f(t) that is discretized where integer
variable n refers to the sample number of a discrete series. To
obtain a discrete version of the WT, the scaling parameter (s)
and translation parameter (u) are discretized with s = aj and
u = kuoa

j . Then, the DWT of the sampled input sequence,
f(n), can be defined as

DWTf
Ψ(j, k) =

1√
aj

∞∑

n=−∞
f(n)Ψ

(
n − kuoa

j

aj

)
(1)

where k, j, a, and uo are integer numbers with a > 1 and uo �= 0.
The MRA introduced by Stephane G. Mallat [29] is a signal

decomposition procedure that divides the signal into a set of
frequency bands using a series of low-pass and high-pass filters.
The time domain signal f(t) can be represented in terms of
scaling, Φ(t), and wavelet, Ψ(t), functions as given below:

f(t) =
∞∑

k=−∞
aN (k)ΦN,k (t) +

N∑

j=1

∞∑

k=−∞
dj (k)Ψj,t(t) (2)

where dj is the detail coefficient at various resolution levels and
aN is the last approximation coefficient at level N.

Thus, to analyze a discrete signal with WT-based MRA,
two digital filters can be implemented: one high-pass filter,
h1 [n], associated with a mother wavelet Ψ(t), and its low-pass
mirror version, h0 [n], related to the scaling function Φ(t). A
schematic diagram of MRA of a signal using discrete wavelet
filters is provided in Fig. 3, where three levels of decomposi-
tion are carried out. The discrete input signal is decomposed
into different frequency bands, passing through a high-pass fil-
ter h1 [n] and low-pass filter h0 [n], and then the outputs of the
filters are down-sampled by 2. The high frequency components,
called detail coefficients (dj ), have high frequency and low time

Fig. 3. Multi-resolution analysis using DWT.

Fig. 4. Energy spectrum of Vm id1 for ground fault at Loc. #6 with different
types of wavelet functions.

resolution whereas the low frequency components, known as
approximation coefficients (aj ), provide low frequency and high
time resolution. Consider that the sampling frequency of an orig-
inal input signal is Fs and equals 340 kHz. Instruments with
a sampling frequency of 340 kHz are nowadays inexpensive
and could be used practically in the field. The modern dig-
ital signal processor and analog-to-digital converters provide
sampling frequency in the MHz range [5], [6], [30]. Then, the
frequency bands for different decomposition levels can be found
by

[
0, Fs/2N +1

]
for a low-pass filter and

[
Fs/2N +1 , Fs/2N

]

for a high-pass filter.
Based on the literature findings, Daubechies wavelets are

selected as appropriate mother wavelets herein.
Fig. 4 is an energy spectrum diagram of the measured signal,

Vmid1 (refer to Fig. 1 for the fault at Loc. #6). Using db1,
the energy of the measured signal is distributed over different
resolution levels [in Fig. 4 (a)] because of the wide cut-off
frequency of the filters. In contrast, with db10 the energy is
more concentrated at the 4th resolution level and a very small
part of the signal energy is leaked to neighboring resolution
levels. Therefore, a db10 wavelet is selected for WT-based MRA
to extract the unique features.
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TABLE I
DIFFERENT DECOMPOSITION LEVELS FOR CABLE FAULT ANALYSIS

Decomposition Level Frequency Band (Hz)

1 85 k–170 k
2 42.5 k–85 k
3 21.25 k–42.5 k
4 10.625 k–21.25 k
5 5.3125 k–10.625 k
6 2.656 k–5.3125 k
7 1.328 k–2.656 k
8 664–1.328 k
9 332–664
10 166–332
11 83–166

B. Selection of Decomposition Level

The noise signal is decomposed into 11 frequency bands to
cover frequencies from 83 Hz to 170 kHz, which will accommo-
date the resonant frequencies in the system; these are provided
in Table I. The optimum number of decomposition levels is
determined as presented in [31].

V. FEATURE EXTRACTION

The second norm (referred to as the norm) of the detail co-
efficients ‖dj (k)‖, which were extracted at different frequency
bands, is used as an input data vector for a classifier. The norm
of the decomposed signal is calculated as

normdj
= ‖dj‖ =

√√√√
n∑

i=1

|dji |2 (3)

where j represents the level of decomposition and the maximum
level is N , and dj is the detail coefficient with n elements at
level j. The proposed feature vector x can be mathematically
represented as

x =
[
x1 . . . xj . . . xN

]T

=
[‖d1‖ . . . ‖dj‖ . . . ‖dN ‖ ]T

(4)

Firstly, the error vector is calculated, which is the difference
of the feature vector for normal and the faulted conditions. If
the error vector is above a predefined threshold value (i.e., if
the norm is 500), then the fault location algorithm is triggered.
Secondly, to find whether the fault has occurred on PV panel,
or DC side cable, or AC side cable, the features of the DC
converter positive voltage could be looked at to identify if the
fault has happened on the PV panels, or else at the mid-point
voltage of the DC-DC converter to determine whether the fault
has happened on the DC or AC side cable. Normally the AC
distribution system will have its own fault detector so if the
DC-DC mid-point voltage and AC fault detector confirm a fault
then the fault has happened on the AC side; otherwise it must
be on the DC cable.

VI. CLASSIFIER BASED ON ANNS

In this study, a three-layer feed-forward network was used
for the fault locator. The number of neurons in the input layer
(q) is the same size as the feature vector extracted from the
WT-based MRA technique (i.e., q = 11). Similarly, the number
of neurons in the output layer (m) is considered equal to the
number of fault locations to be analyzed (in this paper, m =
14 for cable faults and m = 7 for panel faults). After analysis
with various hidden neuron numbers, feed-forward networks
with 18 hidden neurons were found to be sufficient for this
fault location technique. Tan-sigmoid and log-sigmoid activa-
tion functions are utilized in the hidden layer and output layer of
the network, respectively. The supervised Levenberg-Marquardt
back-propagation (trainlm) training algorithm is selected due to
its faster convergence rate and efficiency in provding good re-
sults when compared with other optimization techniques [32].
The training of the ANN is repeated until a predetermined mean
squared error (MSE), 0.2%, is achieved.

VII. SIMULATION RESULTS

A. Cable Faults

The underground cables used in large PV systems are suscep-
tible to ground faults or line-line faults. These faults are usually
due to failure of cable insulation or accidental short circuits
between conductors with different polarities.

1) Results of Feature Extraction With DWT-based MRA: The
fault locating method developed was first analyzed by simulat-
ing the PV system at standard test conditions (STC) with an
irradiance of 1000 W/m2 , temperature of 25 °C, humidity of
50%, and fault resistance of 10 mΩ. The proposed fault loca-
tion scheme is evaluated for low-resistance faults ranging from
0 to 0.5 Ω [32]. The mid-point voltage of DC-DC converter
1 with respect to grounding (Vmid1) was analyzed using WT-
based MRA with a db10 mother wavelet. This signal is recorded
with a sampling frequency of 340 kHz and decomposed into 11
resolution levels as shown in Table I. Using the wavelet MRA
decomposition results of Vmid1 for the ground faults at locations
1 and 2, norm values are calculated in each frequency band and
plotted as shown in Fig. 5. A difference of approximately 1000
norms at levels 3 through 7 is evident between the two fault lo-
cations. These differences in the norms reveal that the extracted
features represent unique signatures for classification of ground
faults at different locations.

Fig. 6 shows the feature patterns for ground faults at locations
1 to 7 for a specific PV system operating condition. In the
dominant frequency bands shown in the highlighted portion
of Fig. 6, the norm values for each location are significantly
different and can be used as input vectors for the ANN classifier.
In particular, a large difference in the norms at decomposition
level 4 is noted because the bandwidth (10.625 to 21.25 kHz)
of this level covers the dominant resonant frequency of the
noise signal. Moreover, resolution levels 6 and 7 also provide
clear distinguishable patterns of the norms for faults at different
locations. These bandwidths cover the switching frequency of
the inverter (3 kHz) and DC-DC converters (1.8 kHz).
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Fig. 5. Feature vector extracted for ground fault at Loc. # 1 and Loc. # 2.

Fig. 6. Feature patterns for ground faults at seven different locations.

In a similar manner, a unique signature of line-line fault lo-
cations at different frequency bands can be obtained as shown
in Fig. 7, and patterns corresponding to this feature can be used
to determine the line-line fault locations for the DC and AC
sides of the PV system. The feature patterns for 3-phase faults
at the PCC and infinite bus are considerably different and can
be utilized to find the location of faults on the AC side of PV
system.

2) Results of the ANN Classifier: 625 test cases for fault
and no fault conditions are generated by randomly varying the
power output of the PV array (i.e., irradiance level), temperature,
parasitic elements of PV panels (which depend on humidity),

Fig. 7. Feature patterns for line-line faults on the DC and AC sides of PV
system.

and fault resistance. The proposed scheme was tested with five
different values for each of these variables (5×5 × 5×5 = 625
test cases). The different values of the parameters used for the
simulations are given below:

Solar irradiance: 250, 550, 700, 900 and 1000 W/m2 which
varies the output power of the PV array from 200 to 500 kW.
Temperature: 10, 15, 20, 25 and 30 °C

Fault resistances: 10 mΩ, 50 mΩ, 0.1 Ω, 0.2 Ω, and 0.5 Ω
PV parasitic capacitance (Clek ), series resistance (Rs), and

parallel resistance (Rp ) values are given below in parenthesis
for different humidity levels [27]:

Humidity: 30 % - { 40.08 μF, 6.23 MΩ, 220.11 MΩ }
40 % - { 3.675 μF, 59.27 MΩ, 592.71 MΩ }
50 % - { 33.087 μF, 8.41 MΩ, 252.38 MΩ }
60 % - { 55.125 μF, 4.77 MΩ, 190.825 MΩ }
70 % - { 169.13 μF, 0.104 MΩ, 2.0698 MΩ }

In this paper, 13 fault locations and a no fault condition for
a total of 14 possibilities, are considered. For each of these 14
possibilities, 625 test cases are simulated for a total of 14 ×
625 = 8,750 different cases. The feature vectors are generated
for each case to utilize as inputs to the ANN classifier. 80%
of the 8,750 cases are used for ANN training and the rest of
the data are used for testing and validation of the fault locating
algorithm. The outputs of the ANN vary from 0 to 1 due to use
of a log-sigmoid activation function in the output layer. Because
the outputs of a multi-layer neural network rarely give exactly
the target of 0 or 1 for each output neuron, a decision threshold
output level of 10% is built into the ANN, i.e., outputs < 0.1 are
classified as normal conditions and outputs > 0.9 are considered
as faulty cases.

Table II illustrates the fault location results for cable faults
in PV systems. A 99.92% correct fault location rate is obtained
for ground faults, whereas a 97.32% success rate is found for
line-line faults. Thus, the overall fault locating accuracy of the
proposed fault location method for cable faults in PV systems
is 99.2%. For line-line faults at DC cables, no circulatory loop
is formed by the fault point and the parasitic elements of the
PV modules and cables. Hence, only a small amount of high
frequency noise due to leakage currents to ground would be
produced, and this is what was used to locate the line-line fault
locations. In addition, the features of the short circuit faults at lo-
cations 10 and 13 are somewhat similar to one other. Therefore,
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TABLE II
FAULT LOCATION RESULTS FOR CABLE FAULTS IN PV SYSTEM

Fault location Accuracy Average Overall accuracy

No fault 100 % 99.92 % 99.2 %
Loc. #1 99.2 %
Loc. #2 100 %
Loc. #3 100 %
Loc. #4 100 %
Loc. #5 100 %
Loc. #6 100 %
Loc. #7 100 %
Loc. #8 100 %
Loc. #9 100 %
Loc. #10 94.24 % 97.32 %
Loc. #11 100 %
Loc. #12 100 %
Loc. #13 95.04 %

the fault location accuracy for DC line-line faults is marginally
lower compared to the ground fault location accuracy.

The performance of the proposed method was also compared
to alternate approaches. Bender’s [2] method is one approach
used in the industry for ungrounded PV systems. It injects a
high frequency signal between the cable and the ground, and
manually uses a portable current probe on the cable path to trace
this high frequency signal up to the ground fault point. However,
the percent accuracy for pin-pointing the fault location using this
approach was not reported in [2]. A differential current based
fault location scheme for finding cable faults in PV systems
has a reported accuracy between 93.75 and 99.9% [33]. Using
a fuzzy rule-based method for detecting faults, [34] detected
90% of fault conditions including noisy conditions. The results
obtained from the proposed wavelet-ANN approach have better
or comparable accuracy to these approaches.

B. PV Panel Faults

Ground and line-line type faults (intra-string and cross-string
faults) are the most common type of faults in PV systems. Some
of the utility engineers report that about 1% of installed PV
panels fail annually. Fig. 8 shows the PV module configurations
of 250 kWp PV array 1 of the PV test system shown in Fig. 1.
nEach PV array consists of 48 parallel strings with 17 modules
in each string. To demonstrate the fault location method in PV
farms, two strings are separated and the rest are treated as a PV
array of 46 strings. Each string is divided into four sections,
with one group of five panels and three groups of four panels.
Ground faults (Loc. #P1, Loc. #P2, and Loc. #P3), line-line
faults (Loc. #P4, Loc. #P5, and Loc. #P6), and arcing faults
(Loc. #P7 and Loc. #P8) are simulated as shown in Fig. 8.
The arc fault model used in this paper is based on a differential
equation of the arc conductance described in [35].

Due to limitation in the simulation capability of the RTDS
in the lab, PV panels could not be modeled in small time-steps
(2.94 μs). Therefore, the PV farms shown in Fig. 8 were simu-
lated in large time-steps (50 μs) and the electrical information
transferred to small time-step simulations. The input positive

Fig. 8. Different types of faults in PV farms.

TABLE III
DIFFERENT DECOMPOSITION LEVELS FOR PV PANEL FAULTS

Decomposition Level Frequency Band (Hz)

1 5 k–10 k
2 2.5 k–5 k
3 1.25 k–2.5 k
4 625–1.25 k
5 312.5–625
6 156.25–312.5
7 78.125–156.25
8 39–78.125
9 19.5–39

terminal voltage with respect to grounding of buck converter
#1, Vpos1 , was measured and analyzed using DWT-based MRA
with a db10 mother wavelet. This signal was recorded with a
sampling frequency of 20 kHz and decomposed into nine res-
olution levels covering frequencies from 195 Hz to 10 kHz, as
shown in Table III.

For standard operating conditions of the PV system, norm
values of eight fault locations are extracted for each frequency
band and patterns are plotted in Fig. 9. The bar diagram shows
the large difference in the norms for different fault locations for
frequency bands 1 to 6, which makes the proposed fault location
method practical for PV faults. Typically, decomposition levels
2 and 3 cover switching frequencies of inverter and buck con-
verters, respectively. Also, level 6 contains the third, fourth, and
fifth harmonics of the fundamental power frequency (60 Hz)
and provides clear differentiation in norm values for different
fault locations.

As in the case of cable faults, 625 test cases were simulated
for each fault location with different system parameters. In this
case, 0.5, 2.5, 5, 7.5 and 10 Ω arc fault resistances are used to
simulate arcing faults in the PV array [8]. Thus, the total number
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Fig. 9. Feature patterns for faults in PV modules.

TABLE IV
FAULT LOCATION RESULTS FOR PV MODULE FAULTS

Fault location Accuracy Average Overall accuracy

No fault 100 % 98.4 % 97.4 %
Loc. #P F 1 ( ground fault) 99.7 %
Loc. #P F 2 ( ground fault) 94.2 %
Loc. #P F 3 ( ground fault) 99.7 %
Loc. #P F 4 (intra-string) 95.5 % 97.4 %
Loc. #P F 5 (cross-string) 96.5 %
Loc. #P F 6 (intra-string) 100 %
Loc. #P F 7 (arc fault) 92.2% 96.5 %
Loc. #P F 8 (arc fault) 97.2 %

of test scenarios for simulated PV panel faults was 5,625. The
ANN classifier with none input, 18 hidden, and eight output
neurons was trained until the MSE was < 0.6%. The proposed
algorithm can correctly classify 98.4% of ground faults, 97.4%
of line-line faults, and 96.5% of arc faults in the PV array as
shown in Table IV. An overall fault location accuracy of 97.4%
can be obtained for PV panel faults with the proposed fault
location method.

VIII. SENSITIVITY ANALYSIS

A. Performance of Classifier for Different Noise Conditions

The fault location performance was tested with input signals
containing various signal to noise ratio (SNR) values between
20 and 50 dB. A typical SNR value of 30 dB is equivalent to
a peak noise magnitude of nearly 3.5% of the voltage signal
[36]. The performance of the fault locator for the cable and PV
faults in noisy conditions was analyzed. However, only the re-
sults for cable faults are discussed. Fig. 10 shows that although
the accuracy decreases with the noise level, a satisfactory fault
locating success rate can be achieved even though the input sig-
nals contain different levels of noise. An overall accuracy of
98.10% can be still obtained even with a high noise level of 20
dB. A comparison of the fault location accuracies with the vari-
ous features extracted from norms, energy, RMS, variance, and
mean was undertaken, and the results also presented in Fig. 10.
The proposed norm-based approach has the best accuracy and
is robust for different noise levels.

Fig. 10. Accuracy of different extracted features.

Fig. 11. Effect of fault resistance during (a) ground faults and (b) line-line
faults.

B. Variation of Fault Resistance

Fault resistance is in the path of grounding oscillatory circuits,
and will impact the generated noise patterns. Simulation results
show that the resistance of cables for frequencies in the hundreds
of kHz is approximately 300 mΩ for 30 m of 1 kV, 250 MCM
(thousands of circular mils) cable [12]. For the bolted fault types
(resistances on the order of several mΩ) or faults with small
resistance values less than 100 mΩ, the loop resistance is still
going to be dominated by the cable resistance. Therefore, fault
resistances <100 mΩ do not change the noise level very much.
In contrast, when the fault involves high resistance, the degree
of its impact on the noise level largely depends on the specific
fault resistance. Fig. 11 clearly shows that the fault location
error does not exceed 2.4% in the worst case condition for the
ground faults at 500 mΩ. The fault locator is more immune to
changes in fault resistance (0 to 300 mΩ) for ground faults but
marginally less immune for line-line faults.
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Fig. 12. Effect of insolation during (a) ground faults and (b) line-line faults.

C. Variation of Power Generation

Basically, changing the output power will change the amount
of current to be switched on and off by the switching operation
of power converters, which acts like a high frequency noise
generator. For a fault at a given location, varying the insolation
levels will only change the magnitude of the measured noise but
the noise pattern will remain the same. Interestingly, the fault
location error is almost 0% for ground faults in all locations,
except for Loc. #1 where it is 3.2% with a change in solar
insolation, as shown in Fig. 12. However, in the case of line-line
faults, the fault location error increases to 12.8% at 900 W/m2

for a line-line fault at Loc. #10.

D. Variation of PV Parasitic Elements

Variations in humidity play a significant role in parasitic ca-
pacitance. Five different values of parasitic elements were ob-
tained by varying humidity from 30 to 70% and used to study
the effect of parasitic elements on the performance of the fault
locator. Fig. 13(a) demonstrates that the fault location error for
ground faults does not exceed 1.6% in the worst case condition.
On the other hand, the measured error at low humidity (about
30–40%) does not go beyond 8% for a short circuit fault at the
inverter input terminal (Loc. #10).

E. Switching Frequency of Converters

Fig. 14 shows a case when the switching frequency of con-
verter 1 increased from 1.8 to 2.4 kHz while that of the inverter
and another converter remained the same. The norms slightly
increased without changing the pattern of the features for each
fault location. Hence, with varying switching frequencies, the
feature vectors will provide nearly similar characteristics at

Fig. 13. Effect of humidity during (a) ground faults and (b) line-line faults.

Fig. 14. Effect of switching frequencies.

different MRA levels and not affect the performance of the
fault locator very much.

IX. CONCLUSION

A fault location scheme for ungrounded PV systems has been
presented. The ungrounded PV system was subjected to various
faults (line to ground, line-line and arc faults) on both the DC
and AC sides of the system. The DWT-based MRA technique
was studied to extract the unique features of the noise signal
measured at the mid-point of the DC-DC converter. Then, a
three-layer feed-forward ANN was adopted as a classifier of the
pattern recognition to identify exact fault locations for the cables
and PV modules of the ungrounded PV systems. Compared to
existing methods in the literature, the proposed method does
not require an external high frequency signal injector, reduces
the number of voltage sensors, and can locate the fault while
the system remains operational. Finally, the results show the
proposed method is promising, accurate, and robust with respect
to changes in operating parameter values and with noisy inputs.
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APPENDIX A
500 KWP UNGROUNDED PV SYSTEM DATA

PV Data (1000 W/m2 , 25 °C) Value

Max. Power (Pm ax ) 315 W
Max. power voltage (Vm p ) 39.8 V
Max. power current (Im p ) 7.92 A
Open circuit voltage (Voc ) 49.2 V
Short circuit current (Ioc ) 8.5 A
Series cells/module (Nc ) 72
Parallel strings of cells (Ncp ) 1
Isc temp. coeff.Jtm p 0.061 %/degC
Vsc temp. coeff.Kv −0.36 %/degC
OC series resistance (Rso ) 0.5 Ω
SC shunt resistance (Rsho ) 100 Ω
Series modules in a string (Ns ) 17
Parallel strings (Np ) 48

Parasitic Elements (STC) [27] Value
250 kWp 1.576 kWp

Riso 0.3264 MΩ 51.77 MΩ
Clek 33.0875 μF 0.208 μF
Rs 8.41 MΩ 6.68 MΩ
Rp 252.38 MΩ 200.4 MΩ
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