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To ensure reliable operation and prevent energy loss, equipment damage, or fire hazards in PV
systems, timely and accurate fault detection and localization are essential. Conventional methods
relying solely on total current or power often fail to distinguish faults that produce similar power
drops — for instance, a line-to-ground fault on the first panel of different substrings may result in
identical total power reduction. To overcome this limitation, this paper proposes a high-accuracy fault
diagnosis method based on the Phaselet Transform of the instantaneous DC power signal and
individual substring currents. A feedforward neural network is trained on several distinct scenarios
(including healthy operation and various line-to-line and line-to-ground faults) and achieves an
outstanding accuracy of 99.85% on the test dataset. For rare ambiguous cases where the network
output does not uniquely identify a single fault location, a thermal imaging camera is suggested as

a cost-effective secondary verification tool.
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1. Introduction

Photovoltaic (PV) systems offer numerous advantages over
conventional power generation technologies. They produce
clean energy with zero greenhouse gas emissions, have no fuel
costs, require minimal maintenance due to the absence of
moving parts, and can be installed at various scales from small
rooftop systems to large utility-scale power plants. Moreover,
PV systems reduce geopolitical dependency on fossil fuel-rich
regions, thereby enhancing national energy security.

In contrast, fossil fuel power plants suffer from severe
drawbacks. They are major sources of carbon dioxide and other
greenhouse gases, contributing significantly to global warming
and climate change. They also release harmful pollutants such
as sulfur dioxide, nitrogen oxides, and particulate matter, which
cause acid rain, smog, and serious respiratory diseases. Further-
more, fossil fuel power plants consume enormous amounts of
water for cooling, pollute water resources through leaks and
ash disposal, and their operation depends on finite and deplet-
ing resources with volatile prices.
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Due to these environmental, economic, and geopolitical
factors, PV systems are rapidly replacing fossil fuel power
plants worldwide. The installed capacity of PV systems has
grown exponentially over the past decade, and this trend is
expected to continue in the coming years.

However, PV panels are exposed to harsh environmental
conditions such as dust, temperature variations, humidity, hail,
and mechanical stresses. These factors can lead to various
faults, including line-to-line and line-to-ground faults. Such
faults cause a reduction in output power and energy efficiency.
If these faults are not detected, localized, and repaired in time,
they lead to decreased system reliability, significant power
loss, and accelerated aging and degradation of PV panels,
ultimately reducing their useful lifetime.

To address these challenges, various fault detection and
localization methods have been proposed in the literature.
Several studies have explored these techniques using imaging
and signal-based approaches. One approach combines thermal
and visual data imagery using a Canny edge detector, Gaussian
filter, histogram equalization, and seed pixels, which enables

Dolati, E., & Ghaffarzadeh N. (2026). Integrated phaselet-neural network-based approach to fault detection & localization in photovoltaic arrays. Advances
in Sustainable Energies & Environment 1 (3) 41 - 51. https://doi.org/10.22034 /a-see.2026.2090932.1026



https://a-see.mazust.ac.ir/
https://doi.org/10.22034/a-see.2026.2090932.1026
https://orcid.org/0000-0001-5552-9866

Dolati, E.,, & Ghaffarzadeh N / Advances in Sustainable Energies & Environment, 1 (2026) 3,41 - 51

real-time monitoring capabilities and can detect various types
of faults; however, it does not specifically address dust-related
issues [1]. Another study proposed surface defect detection
using Alex Net with a convolutional neural network (CNN)
based on online visual images, introducing an innovative
concept, but it relies on manual feature extraction during the
detection stage, and relying on online data collection may limit
the capacity of the classification model [2]. Dust and soil
detection using a gray-level co-occurrence matrix (GLCM)
with an RGB camera is relatively straightforward to imple-
ment, yet it does not account for other classes of anomalies such
as shadow areas, broken panels, or wet panels [3].

Further research has applied segmentation techniques for
PV solar panels, including filtering by area and the active
contours level-set method (ACM LS), refined using morpholo-
gical operations and the Hough transform, achieving a Dice
score of 0.97 and an loU of 0.94, though small statistical
differences exist between the two segmentation methods and
the analysis is limited to photovoltaic system analysis by cell
[4]. An autonomous drone-based solution employing RGB and
thermal cameras with an automatic flight path planning
algorithm and image processing algorithm enables automatic
detection and localization of faulty PV modules and precise
location estimation, but it requires testing and validation for
different power plant locations and environmental conditions
[5]- Thermographic non-destructive tests (TNDTSs) combined
with a convolutional neural network (CNN) for image classific-
ation have achieved 98% accuracy in tests for automatic class-
ification of thermographic images; nevertheless, this method is
limited to classification of dust and hotspots and requires
further evaluation for other faults [6]. An image processing
technique using maximally stable extremal regions (MSER)
and a homography translation technique applied to thermal and
visible images of PV modules provides automatic identification
of hotspots with 97% consistency with visual evaluation,
although it is limited to the identification of hotspots and
related abnormalities [7]. Deep learning approaches such as
Mask R-CNN, UNet, FPNet, and LinkNet applied to
UAV-based thermal imaging have achieved values of 0.741
and 0.841 on the Jaccard and Dice indices, but face challenges
in binary segmentation, multi-class segmentation, dataset
improvement, and real-time measurements [8]. A deep learning
unified model using various modalities (thermal to visual
images) for various energy installations has demonstrated an
accuracy of 0.79 in surface damage detection, yet it remains
limited to surface damage detection and specific energy
installations [9]. The use of drones, thermal images, and
MATLAB image analysis including image acquisition,
grayscale conversion, filtering, and 3D image construction for
solar modules installed on buildings has improved inspection
efficiency and enhanced defect diagnosis capability, but it is
limited to thermal image-based defects and has potential
dependency on image quality [10]. A method incorporating
Ghost Convolution, BottleneckCSP, a tiny target prediction
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head, YOLOVS5, Feature Pyramid Network (FPN), and Path
Aggregation Network (PAN) applied to PV panel surface
images has improved accuracy in tiny defect detection and en-
hanced model inference speed, though it is limited to PV panel
surface defect detection with potential scalability limitations
[11].

Other techniques include electroluminescence imaging us-
ing a high-resolution infrared camera, which can locate faults
but struggles with identification and requires expensive
equipment [12,13]. Similarly, thermal imaging with a thermal
camera also can locate faults but struggles with identification
and requires expensive equipment [14—-16]. Ultrasonic methods
using ultrasonic equipment likewise can locate faults but
struggle with identification and require expensive equipment
[17]. An energy loss detection method employing ambient
temperature and irradiance sensors can carry out continuous
fault diagnosis and identification while the PV array is
working; however, diagnosis accuracy depends on the accuracy
of the simulation model and the method cannot locate the fault
[18-21]. I-V curve based diagnosis using I-V curve measure-
ment equipment accurately diagnoses faults by measuring out-
put characteristics of PV arrays but lacks localization capability
[22-24]. A sequential voltage and current detection method
using voltage and current sensors for online measurement can
diagnose and identify faults while the PV array is working
without needing to measure irradiance and temperature, yet it
cannot locate the fault [25-28]. A power switch and diode-
based method with voltmeters offers simplicity, accuracy, and
module-level fault localization, but it is unfeasible for large-
scale systems due to the high cost of switches, wiring, mainten-
ance, operation, and voltage drop issues [29,30]. Virtual imag-
ing using infrared thermography provides high accuracy but
requires precise and costly cameras, and continuous monitoring
is essential [31-33]. Model-based methods are interpretable
and effective under high-irradiance conditions, but their accur-
acy is sensitive to environmental variations, depends on precise
system modeling, and is challenging in practice [34,35].
Data-driven methods using machine learning or artificial neural
networks offer higher diagnostic accuracy and adaptability to
varying operating conditions, yet they require significant
computational resources and long training times [36—39].

Additional protection and inspection methods present
further limitations. Undervoltage or overcurrent protection
lacks the required sensitivity for detecting high-resistance
faults or is unreliable due to communication delay and failure
[40,41]. The rate of change in current or voltage protection
similarly lacks sensitivity for detecting high-resistance faults or
is unreliable to communication delay and failure [42]. Direc-
tional current-based protection is unreliable when communic-
ation fails, and operation of high-bandwidth fiber optic com-
munication is expensive and not justifiable for low-voltage DC
grids [43]. Manual field inspection is costly, time-consuming,
subjective, and limited by the expertise of the inspector [44].
Finally, thermal imaging and electromagnetic imaging (elec-
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troluminescence or photoluminescence) are costly or require
unusual equipment [45,46].

Conventional methods mainly rely on monitoring the total
output current or voltage. While simple and low-cost, they
often fail to distinguish faults that produce similar drops in total
power. For example, a line-to-ground fault occurring on the
first panel of different substrings may result in nearly identical
total power reduction. This ambiguity leads to delayed or
incorrect fault localization, directly reducing system reliability
and accelerating panel degradation.

Compared with image-based inspection methods, the
proposed signal-processing approach does not require expens-
ive cameras, continuous visual monitoring, or external environ-
mental visibility. In addition, unlike conventional power- or
current-only methods, the integration of Phaselet-based feat-
ures from both total power and substring currents significantly
reduces ambiguity by providing complementary information
from different electrical measurements. Compared with deep
learning-based approaches, the proposed method also offers a
simpler and more interpretable solution, as it combines Phase-
let-based feature engineering with a lightweight feedforward
neural network. This reduces the dependence on large training
datasets and high computational resources, while still provid-
ing strong fault discrimination and localization capability.

To overcome the limitations of existing methods, this paper
proposes a novel fault detection and localization technique
based on the Phaselet Transform of both the instantaneous DC
power signal and individual substring currents. The proposed
method extracts Phaselet coefficients from the total power
signal (eight coefficients: four sine and four cosine) and from
each of the three substring currents (eight coefficients per
substring, totaling 24 coefficients).
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Fig. 1.PV panel configuration
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This results in a rich 32-dimensional feature vector per time
sample. Adding substring current features significantly reduces
ambiguities, enabling faster and more accurate fault detection
and localization. Consequently, system reliability is improved,
and the useful lifetime of PV panels is extended. A feedforward
neural network is trained on several distinct scenarios (include-
ing healthy operation and various line-to-line and line-to-
ground faults) and achieves 99.84% accuracy on the test
dataset. For rare ambiguous cases where the network output
does not uniquely identify a single fault location, a thermal
imaging camera is suggested as a cost-effective secondary
verification tool. The remainder of this paper is organized as
follows. Section 2 describes the proposed method, including
PV system simulation in PSCAD, Phaselet feature extraction
in MATLAB, and the neural network architecture. Section 3
presents simulation results and discussion. Finally, Section 4
concludes the paper.

2. Materials and methods
2.1. System Simulation in PSCAD

The proposed PV system consists of 12 panels arranged
in three substrings, with each substring containing 4 panels
connected in series. The total simulation time is 1 second, the
fault occurs att = 0.5 s, and the system provides 1112 samples
per second for each measured parameter. All three substrings
are connected in parallel to form the DC bus. For a general PV
array with Ns panels in series and Np, strings in parallel, the total
voltage and current are given by:

Viotar = Ns X Vpanel 1)
liotar = Np X Istring 2
Protar = Viotar X Istring = (N X Vpanel) X (Np X Istring) (3)

where Vianer and Iging are the output voltage of a single
panel and the output current of a single string, respectively. In
this work, Ny = 4 (four panels per substring) and N, = 3
(three substrings in parallel). The parameters in Table 1 are
defined in accordance with the panel configuration previously
illustrated in Fig. 1.

The system is simulated in the PSCAD/EMTDC environ-
ment. Various fault scenarios, including line-to-line faul-
ts and line-to-ground faults, are implemented at different loca-
tions. For each scenario, the instantaneous DC values of total
power, total voltage, total current, and the current of each
individual substring are recorded for further analysis.

Table 1. Parameter specifications
Para  Description

meter

N, Number of panels connected in series 4

in each substring
N, Number of parallel substrings (strings) 3
Vpaner  Output voltage of a single panel (V) Depends on operating point
Isiring  Output current of one substring (A) Depends on operating point
Vot  Total DC voltage of the entire PV array Vy,eq = Ny X Vyaner
Iioeqr  Total DC current of the entire PV array Ipq; = Ny X Lsgring

Pt Total DC power of the entire PV array  Pyoq; = Viorar X Lstring

Value in this work
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The equivalent circuit of a single PV cell is described by the
well-known single-diode model. The current—voltage charac-
teristic of a PV cell is given by:

V +IR V + IR
S)—l)— s (4)
nvy Rsh

I'= Iy, — Ip(exp (

The parameters of the single-diode PV cell model equation
are described in Table 2. Here, each substring consists of 4
series-connected panels, and the three substrings are connected
in parallel.

Therefore, N; =4 and N, =3. The values of Vg,
and Ising vVary depending on the type and location of the
fault.

For a PV panel consisting of N; cells in series, the output
voltage is multiplied accordingly. In this work, each panel
has Ny = 4 cells (for simplicity, without loss of generality).
The total DC power of the entire array is calculated as:

Ptotal (t) = Vtotal(t) X Itotal(t) (5)
Va = Vpanell + Vpanelz + VpanelS + Vpanel4 (6)
Vb = Vpanels + VpanelG + Vpanel7 + Vpanels (7)
Vc = VpanelQ + Vpanello + Vpanelll + Vpanellz (8)
Viotar =Va =V = V¢ 9)
Iy = Ipanell = Ipanelz = IpaneIS = Ipanel4 (10)
I, = IpanelS = IpanelG = Ipanel7 = Ipanels (11)
Ic = Ipanel9 = Ipanello = Ipanelll = Ipanellz (12)
Liotar = Ia +1p + 1, (13)

In a series-parallel PV array, the total voltage Vot is forced
to be equal across all parallel substrings. Consequently, when
a fault occurs, the faulty substring’s internal impedance
changes, but the healthy substrings try to maintain the common
bus voltage.

As a result, currents Iy, Iy, and I become different for each
substring, while Vit alone does not reveal the fault location.
Thus, substring currents provide the discriminative information
needed to detect and localize faults, even when the total voltage
remains common.

where Vo0 () and I;,:4; (t) are the instantaneous total DC
voltage and current of the whole PV array, respectively. In
addition, the currents of the three individual substrings are
denoted as Ig,p1(t), Lupo(t) and Ig,,s(t) . All signals are
sampled and stored for subsequent feature extraction.

2.2. Phaselet Feature Extraction

Phaselet transform was selected for feature extraction due
to the non-stationary nature of the monitored signal and the
transient behavior of fault-induced disturbances. Its inherent
time-frequency localization enables the capture of abrupt local
variations immediately after fault inception, without requiring
prior knowledge of the exact fault time. Consequently, the
extracted features exhibit high sensitivity to fault occurrence,
making the proposed approach well suited for online fault
detection and localization.
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Table 2. Parameters of the single-diode PV cell model

Parameter Description

I Output current of the cell (A)

|4 Output voltage of the cell (V)

) 9% Photo-generated current (proportional to irradiance)
Iy Reverse saturation current of the diode
R Series resistance (ohm)

Rgp Shunt resistance (ohm)

n Diode ideality factor

vV, Thermal voltage V, = kT /q (V)

k Boltmann constant (1.38 x 10723 J /K)
T Cell temperature (K)

q Electron charge (1.6 X 1071°C)

To capture time-frequency characteristics of the fault trans-
ients, a Phaselet Transform is applied to the recorded signals.
For a discrete-time signal xc[i] (where i=0, 1, ..., N—1), the
sine and cosine coefficients at harmonic index m and reference
time k are computed as:

N-1
) o 2mm(k —iQ)

Semlk] = x. [i] X sin(————) (14)

ComlK] = z %, [i] X cos(W) (15)

i=0

Table 3 describes the parameters of the Phaselet transform
equations.

In this work, four different signals are processed:

o Total DC power of the entire PV array, denoted as:

x1[t] = Protar[i] (16)

o Current of substring 1, denoted as:

%2 [i] = Isupa[1] (17)

o Current of substring 2, denoted as:

x3[i] = Lsupz[i] (18)

o Current of substring 3, denoted as:

x4 (1] = Lsupsli] (19)

For each of these four signals, four sine coefficients and
four cosine coefficients (corresponding to harmonics m=1,2,
3,4) are computed for every time index k. Therefore, the total
number of features per time sample is:

4 signals X (4 sine + 4 cosine) = 32 feature (20)

Table 3. Parameters of the discrete Phaselet transform used in this work
Parameter Description

x[i] Input signal (total power or substring current) at time instant i
N Window length = 1112

m Harmonic index (m=1, 2, 3, 4 for the first four harmonic)

k Reference time index (k=0,1,...,N-1)

Scmlk] Sine coefficient for channel ¢, harmonic m, at time k

C.mlk] Cosine coefficient for channel ¢, harmonic m, at time k
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The resulting 32-dimensional features vector for a single
time sample is:

flk]

= [51,1 [k], 51,2 [k], 51,3 [k], 51,4[k]. C1,1 [k], C1,2 [k], C1,3 [k], C1,4[k]'
S21lk], S22[k], S23(Kk], S2alk], Co1[k], Co2[K], Co5lk], Coulk], (21)
S3,1lkl, S32[k], S331k], S3.4[k], C31[k], C3alk], C3 3k, C5 K]
Salk], Sa2lk], Sazlk], Saalk], Colk], Ca2lk], Caslkl, Coalk] ]

’

where the first subscript (1 to 4) indicates the signal channel
(1 = total power, 2—4 = substring currents). All feature vectors
from all scenarios and all time instants are collected to form the
final dataset.

2.3. Selection of Distinct Scenarios

Initially, a total of 49 scenarios were simulated: one healthy
case and 48 fault cases (line-to-line and line-to-ground faults at
different locations). However, after extracting the 32-dimens-
ional Phaselet features, it was observed that some faults
produced identical or nearly identical feature vectors. This
indicates that the extracted Phaselet features are highly sensit-
ive to fault location, but in a few cases, the overlap between
certain scenarios makes unique separation impractical. These
redundant scenarios were removed from the training set to
avoid unnecessary complexity.

Therefore, such scenarios were merged into a single class,
resulting in 31 distinct classes in the final dataset.

The final training set consists of 31 distinct scenarios: one
healthy class and 30 unique fault classes (out of the original
48).

This selection significantly reduces the number of training
samples while preserving all distinguishable fault patterns. As
a result, the neural network is trained only on distinct feature
vectors, which improves convergence and classification accur-
acy.

2.4. Neural Network Architecture

In this study, a Feedforward Neural Network (FNN) is
employed for multi-class classification. The network
architecture consists of an input layer with 32 neurons, two
hidden layers with 350 and 180 neurons respectively (both
using tansig activation), and an output layer with 31 neurons
(softmax activation). The network is trained using the Scaled
Conjugate Gradient (trainscg) algorithm with a cross-entropy
loss function. The dataset is divided into 70% training, 15%
validation, and 15% testing. To ensure a balanced evaluation,
the samples were split within each class into training,
validation, and testing subsets. Redundant scenarios with
nearly identical Phaselet feature vectors were merged before
the split, reducing similarity between the subsets and improv-
ing the reliability of the reported accuracy.

After Z-score normalisation, the network achieved a near-
perfect test accuracy of 99.85%. The detailed parameters are
summarized in Table 1.
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Table 4. Neural Network Specifications
Parameter

Network Type

Number of Layers

Number of Hidden Layers

Value

Feedforward Neural Network (FNN)
4 (Input + 2 Hidden + Output)

2

Input Layer Neurons 32
Hidden Layer 1 Neurons 350
Hidden Layer 2 Neurons 180
Output Layer Neurons 31
Hidden Layers Activation Function tansig
Output Layer Activation Function softmax

Optimisation Algorithm
Loss Function

Scaled Conjugate Gradient (trainscg)
Cross-entropy

Number of Epochs 2400
Early Stopping (Max Fail) 480
Learning Rate 0.008
Regularisation 0
Normalisation Method Z-score
Training 70%
Validation 15%
Test Split 15%
Total Samples 34,472
Features 32
Classes 31 0f 49

Training Time 18.3 minutes

Activation for hidden layer 1:
21— ™21

e
tanh(z) = m (22)

Activation for hidden layer 2:

Z2 _ %2

_ 23
tanh(z) 072 7 o 22 (23)
Activation for output layer :
Zm
= 24
softmax(z,,) S, e (24)
Formula for hidden layer 1:
h® = tanh(WDx + pD) (25)
Formula for hidden layer 2:
h® = tanh(WPh® + p@)) (26)
Formula for output layer :
y = softmax(W ¥Dp(2) 4 pout)) (27)
B = WD _,—wDx+p(1) (28)
T oWWxp@ - wDx+b(D))
@rW4p@_ @ p1) 4p2)
h(2)=eW R 4p(2) _ w2 (1) 1p(2)) (29)
W@rW1p(2) |~ w2 r(1D)1+p(2))
(out) p(2) Lp(out)
y= W h(2)+p (30)

Tz, e’k

Table 5 presents the proposed neural network equations in
a step-by-step manner. Table 6 describes the parameters of the
proposed neural network equations.

Table 5. Neural Network Mathematical Formulations

Layer Activation Formula Output
Function Range

Hidden Layer 1 tapp(z) = £2-< h® = tanh(W Px + b ™) [-1,1]

(350 neurons) e”l+e™"1

Hidden Layer 2 tanh(z) = e2-e2 p2) = tanh(W @PhD + p@) [-1,1]

(180 neurons) e’z+e™"2

Output Layer  softmax(z,,) =

(31 neurons) e’m
Zke’k

y = softmax(W©*Dp@ +  [0,1]
b(out))
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Table 6. Parameter specifications of the neural network mathematical
formulations

Symbol Description

X Input feature vector

h@ Output vector of first hidden layer

h@ Output vector of second hidden layer

y Output probability vector (softmax output)
w Weight matrix (input — hidden layer 1)
w® Weight matrix (hidden layer 1 — hidden layer 2)
weuw Weight matrix (hidden layer 2 — output)
b® Bias vector of first hidden layer

b@ Bias vector of second hidden layer

pteut Bias vector of output layer

e Euler's number ~ 2.71828

2.5. Ambiguity Resolution with Thermal Imaging

During the testing phase, if the network outputs a class label
that does not uniquely identify a single fault location (i.e., the
same feature vector may correspond to two different physical
fault positions), a thermal imaging camera is used as a second-
ary verification tool. The operator first inspects the most proba-
ble fault location; if no fault is found, the other possible locat-
ion is checked. This hybrid approach (neural network + thermal
imaging) enables faster fault detection and localization while
maintaining high reliability.

The key advantage of the proposed method is that it signifi-
cantly reduces the time required to identify the type and loca-
tion of a fault compared to conventional methods that rely
solely on post-event inspection or thermal scanning of the
entire array.

I Acquire substring currents and total power data ‘

!

| Extract 32-dimensional feature vector ‘

v

| Neural network and fault detection ‘

v

| Does the label indicate ambiguity? ‘

|
| !

No Yes

110R 12

Check location
11 with a
thermal
camera

Yes No

' !

Declare Fault
Detection &
location

<i:m>

Fig. 2. Flowchart of the proposed method for fault detection and localization
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3. Results

In this section, the performance of the proposed fault
detection and localization method is evaluated. A total of 49
scenarios were initially simulated: one healthy case and 48
fault cases (line-to-line and line-to-ground faults at different
locations). After extracting the 32-dimensional Phaselet featu-
res, some faults produced identical feature vectors and were
therefore merged. As a result, the final dataset consists of 31
distinct classes: one healthy class and 30 unique fault class-
es (out of the original 48). The neural network was trained and
tested using this 31-classes dataset, as described in Section 2.
The results are presented in terms of the confusion matrix,
performance metrics, and comparison with an approach that
uses only total power (without substring currents).

3.1. Classification Performance

After training, the network was tested on the 15% unseen
test dataset. The overall confusion matrix is shown in Fig. 3.

Fig. 3 shows the confusion matrix of the proposed neural
network for the 31 classes (one healthy + 30 unique faults).
Diagonal entries represent correctly classified samples, and
only eight off-diagonal misclassifications are observed (each
from a different class). The network correctly classifies 5,169
out of 5,177 test samples, achieving a near-perfect accuracy of
99.85%. Table 7 presents the final neural network results for
the proposed method in full.

In the unlikely event that the network output corresponds to
a class label that does not uniquely identify a single fault loca-
tion (i.e., the same feature vector may arise from two different
physical fault positions), a thermal imaging camera is used as
a secondary verification tool. The operator first inspects the
most probable location; if no fault is found, the other possible
location is examined. This hybrid approach resolves the ambi-
guity in minimal additional time, preserving the overall fast
fault diagnosis capability of the proposed method.

3.2. Comparison with Total-Power-Only Approach

If only the total power signal were used (8 Phaselet
features), the number of distinguishable fault classes wou-
Id decrease dramatically because many different fault locations
produce nearly identical total power drops (e.g., a single--
phase-to-ground fault on the first panel of different substrings).
Consequently, fault detection and localization would be delay-
ed due to increased ambiguity, as the neural network would not
be able to uniquely identify the fault location. Resolving such
ambiguities would require time-consuming post-inspection
(e.g., thermal imaging of multiple possible locations), defeating
the purpose of fast automated fault diagnosis.

Table 7. Neural Network Results

Metric Value (%)
Overall Accuracy 99.8455
Macro-Average Precision ~99.85
Macro-Average Recall ~99.85
Macro-Average F1-Score ~99.85
Classes with 100% Accuracy 23 out of 31
Total test samples 5,177

Total misclassified samples 8 of 5,177
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To quantify this, we trained the same neural network using
only the 8 total-power Phaselet features. The resulting accuracy
was only 14.58%, and the network could not reliably
distinguish between fault classes that had identical power
drops. In contrast, the proposed method (32 features)

1 2 3 “ 5 6 7 8 9 0 " 12 13 14 15

16

Confusion Matrix of Neural Network - 31 Classes (Accuracy: 99.8455%)

17

Predicted

achieves 99.85% accuracy and uniquely identifies all 31
classes, as shown in Fig. 4 (The class that is correctly predicted
is the healthy state). Table 8 presents the comprehensive final
results of the neural network when only the total output power
of the PV panels is considered.

160

140

40

18 19 20 21 22 23 24 25 26 271 28 29 30 N

Fig. 3. Confusion matrix of the proposed neural network output for classification of the 31 classes
based on Phaselet features extracted from total power and substring currents.

16

Confusion Matrix with 8 Features (Total Power Only) - 31 Classes (Accuracy: 14.5837%)

17

Predicted
Fig. 4. Confusion matrix of the total-power-only network output for the 31-class test set
based on Phaselet features extracted from the total power signal.
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Table 8. Neural Network Results with just total power

Metric Value (%)
Overall Accuracy 14.5837
Macro-Average Precision ~14.62
Macro-Average Recall ~14.58
Macro-Average F1-Score ~14.48
Classes with 100% Accuracy 1 out of 31
Total test samples 5,177

Total misclassified samples 4,422 of 5,177

Furthermore, adding the substring current features signifi-
cantly increases the dimensionality of the feature space (from
8 to 32 features), which provides the neural network with
richer discriminative information. This resolves the ambi-
guity problem and improves overall classification accuracy.

3.3. Why Power Instead of Voltage or Current?

Faults in PV systems cause a decrease in both output vol-
tage and current, leading to a drop in overall system effici-
ency. While both voltage and current are sensitive to fault
occurrence and are readily available in most PV installations,
neither alone provides a complete picture. As illustrated
in Fig. 5 to 7, during a fault event, the current drops by
approximately 21%, the voltage drops by approximate-
ly 18%, while the power drops by approximately 36% —
nearly the sum of the individual drops. The power signal
therefore amplifies the fault signature by capturing the simul-
taneous effect on both voltage and current, making it more
robust against measurement noise and minor environmental
variations than either quantity alone. For this reason, the
instantaneous DC power is chosen as the primary signal for
feature extraction in this work.

As shown Fig. 5 to 7, the proposed method is based on the
signal with the highest sensitivity: during a fault, power drops
by 34% (from 938 W to 620 W), while current drops by
23% (from 7.3 A to 5.6 A) and voltage drops by 14% (from
128 V to 110 V). Therefore, power is selected as the primary
signal for feature extraction.

3.4. Why Substring Currents Instead of Substring Powers
and Voltages?

The power of each individual substring could theoretic-
ally be used instead of its current. However, computing
substring power requires measuring both voltage and current
for each substring, doubling the number of sensors (one
voltmeter and one ammeter per substring). In contrast, using
only the substring currents requires only one ammeter per
substring, while the voltage information is already captured
by the total power signal (which needs only one voltmeter for
the entire array). Moreover, installing voltmeters on each
substring is not cost-effective, as voltmeters are generally
more expensive than ammeters. Therefore, using substring
currents instead of substring powers is the most economical
choice. It provides sufficient discriminative information with
minimal additional hardware, making the proposed method
practical for real-world PV installations.
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3.5. Discussion

The results presented above confirm the effectiveness of
the proposed fault detection and localization method. Several
key observations can be highlighted:

First, the choice of the total power signal as the primary
feature source is justified by its superior sensitivity (34% drop
during a fault) compared to current (23%) or voltage (14%).
This makes the method robust against measurement noise and
minor environmental variations.

Second, while total power alone fails to uniquely disting-
uish faults with identical power drops, its classification
accuracy on the same 31-class dataset is only 14.58% (as
reported in Section 3.2). In contrast, the proposed method —
which adds Phaselet features of the three substring currents
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— achieves 99.85% accuracy on the same 31 classes. This
demonstrates that high sensitivity and high selectivity are not
mutually exclusive; they are achieved simultaneously by the
proposed 32-feature set.

Third, the use of substring currents instead of substring
powers is a deliberate cost-effective choice. It avoids the need
for additional voltmeters (which are more expensive than
ammeters) while still providing sufficient discriminative in-
formation.

Fourth, the overall accuracy of 99.85% on 31 distinct
fault classes, with only eight misclassifications out of 5,177
test samples (0.15% error rate), demonstrates the high
reliability of the proposed method. The rare ambiguous cases
can be resolved quickly using a thermal imaging camera
without compromising the fast diagnosis capability. This high
classification accuracy demonstrates that the proposed
Phaselet-based framework is well suited to the present fault
diagnosis problem, achieving 99.85% accuracy across 31
classes with a relatively simple and interpretable feedforward
architecture. Compared with thermal- or image-based inspec-
tion methods, the proposed approach does not require expens-
ive cameras or continuous visual monitoring. In contrast to
model-based methods, it does not depend on precise system
modeling or environmental assumptions. Compared with
machine-learning-based approaches that require large data-
sets and higher computational cost, the proposed framework
uses a compact Phaselet feature set and a lightweight feedfor-
ward network. Moreover, unlike 1-V curve-based diagnosis,
the proposed method achieves both fault detection and locali-
zation by combining total power and substring current in-
formation. The results indicate that the proposed method
provides an effective balance between diagnostic perform-
ance, computational complexity, and model interpretability,
which is particularly attractive for practical online fault
detection and localization.

Fifth, the proposed Phaselet representation was more effe-
ctive than conventional time-domain or frequency-domain
features for capturing transient fault signatures. Unlike purely
time-domain features, it provides localized transient inform-
ation, and unlike frequency-only features, it preserves the
timing of abrupt fault-induced changes. Compared with
commonly used wavelet-based features, Phaselet offered a
more compact and discriminative representation of the fault
transients in this study. This led to a more compact and
discriminative feature set and improved classifier responsive-
ness.

Sixth, although some fault scenarios yielded identical or
nearly identical feature vectors, these cases are limited in
number and correspond to physically ambiguous operating
conditions. In practice, a thermal imaging camera can be used
as a secondary verification tool to inspect only the few
candidate locations instead of the entire array, thereby pre-
serving the speed of fault diagnosis while resolving residual
ambiguity.
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Finally, the proposed method is generic and scalable. It
does not depend on the specific PV array size (number of
substrings) or the exact fault locations used in this study. The
same feature extraction and neural network framework can be
applied to larger systems by adding more substring current
channels. The scalability of the proposed method is supported
by the fact that it relies on measurable power and substring
current signals, which are available in on-grid, off-grid, and
hybrid PV systems and can be extended to larger arrays by
incorporating additional current channels without changing
the core feature-extraction or classification framework.

Although the present study is based on simulation results,
the proposed phaselet-based features exhibit strong separa-
bility. Therefore, moderate measurement noise and environ-
mental variations may slightly affect the extracted feature
values, but they are not expected to significantly degrade the
overall classification performance. The proposed method
relies on relative feature discrimination rather than exact
waveform matching, which supports its robustness under
practical operating conditions.

4. Conclusion

This paper proposed a novel fault detection and localiza-
tion method for photovoltaic (PV) panels based on Phaselet
analysis of the total DC power and individual substring
currents. The main novelty of this work lies in the simultan-
eous use of total power Phaselet coefficients (high sensitivity)
and substring current Phaselet coefficients (high selectivity).
Unlike conventional approaches that rely solely on total
current or total power — which cannot distinguish faults with
identical power drops — the proposed method extracts a
rich 32-dimensional feature set per time sample:

Eight Phaselet coefficients (four sine and four cosine)
from the total power signal, and eight coefficients from each
of the three substring currents. This combination is the key
innovation: total power provides strong fault signatures (34%
drop), while substring currents resolve location ambiguities
that total power alone cannot.

A total of 49 scenarios (one healthy and 48 faults) were
initially simulated in PSCAD/EMTDC. After removing redu-
ndant cases with identical feature vectors, the final dataset
consisted of 31 distinct classes: one healthy class and 30 uni-
que fault classes. A feedforward neural network with a 32-
350-180-31 architecture (two hidden layers) was trained on
34, 472 samples (1,112 per class) and achieved an outstand-
ing 99.85% accuracy on the test dataset. Eight misclassific-
ations were observed out of 5,177 test samples, demonstrate-
ing the excellent discriminative power of the proposed feature
set.

The superiority of the power signal over current or voltage
alone was demonstrated: power drops by approximately 34%
during a fault, compared to 23% for current and 14% for
voltage. However, total power alone fails to distinguish faults
that produce identical power drops (e.g., a line-to-ground
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fault on the first panel of different substrings). The key contri-
bution of this work is the addition of Phaselet features of the
three substring currents, which resolves this ambiguity com-
pletely, enabling unique and highly accurate localization of
all 31 classes (99.85% accuracy).

Using substring currents instead of substring powers is a
deliberate cost-effective choice. It avoids the need for additio-
nal voltmeters (which are more expensive than ammeters)
while providing sufficient discriminative information. For the
rare ambiguous cases where the network output does not
uniquely identify a single fault location, a thermal imaging
camera is suggested as a secondary verification tool, resolv-
ing the ambiguity in minimal additional time.

The proposed method is generic and scalable. 1t does not
depend on the specific PV array size or the exact fault loca-
tions used in this study. The same framework can be applied
to larger systems by adding more substring current chan-
nels. Future work includes testing the method on a real PV
installation, incorporating other fault types (e.g., high-imped-
ance faults, arc faults), and exploring deep learning architect-
ures (e.g., CNNs or LSTMs) for automatic feature extraction
from raw signals.

In summary, the key novelty and contributions of this
paper are:

1. Phaselet-based feature extraction from both total power
and individual substring currents.

2. Resolution of the “identical power drop” ambiguity by
adding substring current features.

3. High 99.85% classification accuracy on 31 distinct class-
es.

4. A cost-effective sensor configuration (only ammeters on
substrings, one voltmeter for total voltage).
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