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Abstract: The current-voltage characteristics (I-V curves) of photovoltaic (PV) modules contain a lot of
information about their health. In the literature, only partial information from the 1-V curves is used for
diagnosis. In this study, a methodology is developed to make full use of 1-V curves for PV fault diagnosis. In
the pre-processing step, the I-V curve is first corrected and resampled. Then fault features are extracted based
on the direct use of the resampled vector of current or the transformation by Gramian angular difference field
or recurrence plot. Six machine learning techniques, i.e., artificial neural network, support vector machine,
decision tree, random forest, k-nearest neighbors, and naive Bayesian classifier are evaluated for the
classification of the eight conditions (healthy and seven faulty conditions) of PV array. Special effort is paid
to find out the best performance (accuracy and processing time) when using different input features combined
with each of the classifier. Besides, the robustness to environmental noise and measurement errors is also
addressed. It is found out that the best classifier achieves 100% classification accuracy with both simulation
and field data. The dimension reduction of features, the robustness of classifiers to disturbance, and the impact
of transformation are also analyzed.

Keywords: Photovoltaic; fault diagnosis; I-V curve; feature transformation; I-V curve correction; machine
learning;

Nomenclature
Terminology Symbols
1D, 2D 1 Dimension, 2 Dimension a Irradiance correction factor
ANN Artificial Neural Network Arel Relative temperature coefficient of I (%/<C)
CNN Convolutional Neural Network Bret Relative temperature coefficient of V¢ (%/<C)
DT Decision Tree T Shift of phase space
FDD Ffiult Detection and Diagnosis Egrea Error of area (%)
FF Fill Factor _ ) Drmatrix Number of features of matrix
GADF Gramian Angular Difference Field Duector Number of features of vector
1-V curve Current-voltage Characteristic G Global in-plane irradiance (W/m?)
kNN k-Nearest Neighbors | Current (A)
MLT Machine Learning Technique Tupp Current at MPP (A)
MPP Ma_X|mum P(_)wer PO"_“_ Isc Short-circuit current (A)
NBC Naive Bayesian Classifier » Curve correction factor
ocC Open circuit - .
PCA Principal Component Analysis y \I\}u:nber of resampling points
- - oltage (V)
PS Partial Shading
PV Photovoltaic Ve Voltage at MPP (V)
Voc Open-circuit voltage (V)
RF Random Forest -
P Maximum Power (W)
RMSE Root Mean Squared Error . L .
Roc Resistance used in simulation for OC ()
RP Recurrence Plot . .
A Rg Series resistance (€2)
SC Short Circuit R Resist. din simulation for R
STC Standard Test Condition s.degra desm;nge usgez In stimutation for =s
SVM Support Vector Machine cera ation (Q) L. .
TC Temperature Coefficient Rge Resmtanc'e used in simulation for SC (Q)
SNE t-Distributed Stochastic Neighbour Rsn Shunt resistance (£2) _
Embedding Rsn_degra Resmtange used in simulation for Rsh
degradation (Q)
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Soriginal Avrea size enclosed by the original I-V curve

Sareaof error Areasize enclosed by the difference between the
original and the resampled I-V curve

Tm Module temperature (<C)

1 Introduction

The solar photovoltaic (PV) installed capacity has experienced rapid growth among all the main energy types
in recent years [1]. However, due to the environmental threats and the potential damages in the manufacturing,
transportation, installation, or other procedures, various PV faults may arise up [2,3]. These faults could not
only affect the power generation but also could cause severe safety hazards [4], e.g., fire risk, electrical shock,
physical danger. Therefore, it is necessary to perform effective detection and diagnosis of PV faults.

Common PV electrical data used for diagnosis include different types: output power, output voltage or current
at DC or AC side, and current-voltage characteristic (I-V curve) [5]. Since an |-V curve generally embeds rich
information about the health status of PV modules, 1-V curve-based diagnosis is a popular topic [6]. As for
acquiring I-V curves, common I-V tracers already support the measurement for a single module or small-scale
string or array. In recent years, the hardware solutions (integrated at inverter level) have become commercially
available to measure I-V curves periodically at the power plant level [7,8]. In this sense, diagnosis approaches
based on the 1-V curves could be applied to all common PV facilities.

In the literature, there are different methods of using 1-V curves to extract information. The most common can
be grouped into three categories: (1) Extract key features from the curve (like Voc, lsc, Vwee, Iwre, FF, Rs, and
Rsn) and then use these features for diagnosis (by threshold analysis, statistical approaches, or machine learning
techniques (MLT), etc.). For example, Chine et al. [9] use Voc, Isc, Vmer, and lypp features to detect partial
shading (PS), SC, open-circuit (OC), and bypass diode failures. Both threshold method and Artificial Neural
Network (ANN) are applied to classify the faults. Huang et al. [10] extract Voc, Vmep, Imee and Rs from I-V
curves to classify short-circuit (SC) fault, PS and degradation. CART decision tree is used as the diagnosis
tool. Fadhel et al. [11] adopt Vwee, Impe and Puee as features to detect PS. Dhimish et al. [12] use thresholds to
analyze Vwee and the voltage drop on the 1-V curves to identify PS. Similar approaches can also be found in
[13-16]. It should be noted that these studies use only partial information from the 1-V curves. (2) Calculate
the first or second-order derivative of the curve or identify steps on the I-V curves. For example, Ma et al. [17]
analyze the negative peaks on the derivative of the I-V curve to extract the steps. Then, a threshold is set to
classify PS and crack faults. Zhang et al [18] break down the I-V curves into low and high voltage domains.
With a statistical method, a detection line is used to identify hot spot, PS, and crack. Similar studies can also
be found in [19,20]. (3) Comparison of full I-V curves with simulated ones to generate residuals for analysis.
Mohamed et al. [21] compare the measured I-V curves with the simulated ones obtained from the double diode
model. They use threshold analysis to classify several types of PS and degradation. Bonsignore et al. [22]
generate residuals from |-V curve features to detect PS, SC and ground fault. The pros and cons of the three
categories are summarized in Table 1.

Table 1 Comparison of common methods using I-V curves

Ref. Methods Pros Cons
[9-16] Use extracted key curve * Simple feature extraction o Partial information
features o Suitable for multiple faults e Sensible to noise and outliers
diagnosis e Hard to extract Rs, Rsh from curves with

irregular shape
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[17-20] Calculate the 1°t or 2n e Able to identify the number of e Sensible to noise and outliers
derivative of the curve to reflection points ¢ Only applied to detect mismatch faults (PS,
identify steps on the curve crack, hot spot)
[21,22] Generate residual between e Full information e Poor generalization capability
measured I-V curves and e Suitable for multiple faults e Slow decision making
simulated ones diagnosis

Additionally, with the popularity of deep learning in PV diagnosis, in [23], -V curves are integrated with
irradiance (G) and module temperature (Tm) into 4-column matrices. These feature matrices are then processed
by an improved ResNet model (one type of deep neural network) to classify 8 PV array fault conditions. The
classification accuracy reaches 98.8%, but the duplication of information is introduced in the input features.
Besides, the diagnosis model exhibits a high complexity of 18 layers compared with common shallow neural
networks adopted in PV diagnosis (1 to 3 hidden layers).

Based on the literature review several gaps have been identified; there is no effective use of all the information
contained in the I-V curves [9-16]; the detectable faults using the proposed methods are quite limited, like
only the mismatch faults in [17—20]; practical applicability is limited due to low generalizability or redundancy
of information. The methodology proposed below therefore aims to fill these gaps.

The proposed PV diagnosis methodology uses three different methods to integrate the full -V curves into the
input features for diagnosis. Then, the performance of six classifiers based on MLT techniques [18] when using
different input features will be evaluated and compared for the fault classification.

The contribution of this work lies in the following points:

e A new methodology for photovoltaic panel fault diagnosis, based on the full use of I-V curves, is
proposed. It outperforms methodologies based on partial use of I-V curves;

e Based on the correction procedures of IEC 60891, a new procedure is proposed and applied to the I-V
curves of faulty photovoltaic panels, measured under different environmental conditions;

e In order to make the method independent of the number of points measured to obtain the I-V, a
resampling method is proposed. The number of resampling points is determined based on resampling
performance and computational cost;

o Two feature transformation techniques are applied and adapted to 1-V curves for the first time to
improve defect discrimination.

The paper is organized as follows: Section 2 introduces the configuration of the simulated dataset of I-V curves;
Section 3 presents the procedures of pre-processing, including the correction and resampling of I-V curves;
Section 4 puts forwards the feature extraction methods; Section 5 performs the feature analysis using different
MLT classifiers for PV FDD, presents the diagnosis results using simulated and experimental data, and a
comparative study with methods from the literature. Section 6 concludes the paper.

2 Configuration of the simulated dataset

2.1 PV array model

A small-scale PV array model, which corresponds to the setup of the field test (presented in Section 5), is
constructed under Matlab Simulink®. The array consists of 6 Wiltec 62391-50W sc-Si modules, with two
strings in parallel and each string of three modules in series, as shown in Fig.1. Each module has 36 cells and
two bypass diodes. Detailed module and array parameters are listed in Table 2 and Table 3, respectively.
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Fig. 1. Simulation model of the PV array
Table 2 Parameters of Wiltec 62391-50W PV module

Variable Value Variable Value
Isc 324 A Vipp 1755 V
Voc 21.58 V Arey 0.05 %/°C

Iypp 2.85A Bret 0.3 %/°C

Table 3 Parameters of PV array

Variable Value Variable Value
Isc 6.48 A Vipp 52.65 V
Voc 64.74 V Lypp 5.70 A

Where, Voc is the open-circuit voltage, Vwee and lypp refer to the voltage and current at maximum power point
(MPP), arel and Sl are the temperature coefficients (TC) of short-circuit current (Isc), and the open-circuit
voltage (Voc), respectively.

In total, eight configurations (i.e., healthy and seven faulty conditions) are studied:

1) Two types of Partial Shading (PS): 1 (or 2) module(s) in one string is (are) shaded (abbreviated as PS1
and PS2, respectively) by adjusting the block gain value that controls the irradiance;

2) Two types of Short-Circuit (SC): 1 (or 2) module(s) in one string is (are) short-circuited (abbreviated as
SC1 and SC2, respectively) by connecting a resistance Rg. in parallel;

3) Open-Circuit (OC): 1 string is open-circuited by connecting a resistance R, in series;

4) Rs degradation (Rs degra): increase of array equivalent series resistance, controlled by a resistance
R gegra added in series;

5) Rsh degradation (Rsh degra): decrease of array equivalent shunt resistance, controlled by a resistance
Rsh_degra @dded in parallel;

These faults are chosen mainly because of their significant impact on the PV power output and their high
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frequency of occurrence [24]. Besides, the reproducibility in simulation and in real conditions is also
considered.

Some examples of the I-V curves under these configurations are shown in Fig. 2. Typical I-V curves also
simulated under Matlab Simulink® reported in the literature [10, 23] are presented in Fig. 3. It can be noted
the similarity with those in Fig. 2.

For PS1 and PS2, reflection points appear due to the activation of bypass diodes that bypass the shaded module.
For SC1 and SC2 corresponding to one or two short-circuited modules out of three in one
string, VOC decreases by 1/3 or 2/3 compared to the healthy condition. For OC, the Isc decreases by 1/2
because one out of two strings is OC. For the degradation faults, the slope near the voltage or the current axis
region changes for Rs and Rsh degra, respectively.

I-V curve under 8 conditions

! L Healthy
‘ PS1
6 PS2
—————- SC1
5 —6—S8C2
~ . oc
=4 Y "';:--—-deegra
E) ‘ :. ............ Rsh degra
53 ]
(@]
2 .
1 4
0 1 1 1 1 ‘\ 1 1
0 10 20 30 40 50 70 80

Voltage (V)
Fig. 2. Examples of simulated I-V curves under eight PV array conditions

5 I-V curves of nine work statuses of 800W/mfand 25 °C

10
8
10F 7
< < 5 Normal
§ E 5 Short circuit
5 ¢ -Normal ; 4 PSBO
— = —Open circuit &}
5~ = ~Short circuit 1 3 ——PSBR
& - Short circuit 2 .
- o PV Degradation 2 Abnormal aging
— & -PVA Degradation 1 O MPPT point
= - Shading 1
& - Shading 2 0
4 - Shading 3 0 100 200 300 400 500
0 y y y : - . Voltage
0 20 40 60 80 100 120 ge (V)
Voltage(V)
(a) (b)

Fig. 3 Simulated I-V curves reported in literature, (a): [23], (b): [10]
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2.2 Generation of dataset

Based on the array model, two datasets are generated, one for training and one for testing. For each I-V curve
in the data set, G varies between 400 and 1200 W/m? and T, between 10 and 80<C. The corresponding
parameters for the two datasets are identical and presented in Table 4. Compared to previous studies in
literature [23], for PS, Rs, and Rsh degradation, the fault severity is not simply set as constant. Instead, the
fault severity is also varied with the corresponding parameters covering uniformly relatively wide ranges listed
in Table 4, which are also the effective range for FDD in this study. Examples of curves under several faulty
conditions are presented in Fig. 4. For better illustration of the impact of fault severity, the given curves are
generated under identical Standard Test Condition (STC, G =1000 W/m?, Ty, =25<C).

For PS, the PS degree is set from 10% (low shaded) to 100% (total shaded). The lower limit of 10% is set to
avoid the confusion between incipient PS (such as 1% PS degree) and the healthy condition [25]. For SC, the
R is set to 10° Q to emulate a full SC, similar for OC with R, equal t010° Q. For Rs and Rsh degradation,
the fault severity is tuned to introduce a wide range of shape distortion on the 1-V curves, as shown from the
slope change in Fig. 4.

Table 4 Parameter setting for the array under healthy and faulty conditions

Condition PS degree (%) Rgc (Q) Roc (Q) Rs gegra (©) Rsp_gegra ()
Healthy 100 - 10 10° -
PS (1 or 2 modules) 10 - 100 - 10 10 -
SC (1 or 2 modules) 100 10° 10 10 -
OC (1 string) 100 - 108 10° -
Rs degradation 100 - 105 05-5 -
Rsh degradation 100 - 105 10 20 - 200

* <= means that the related resistance is disconnected in the simulation model.

|-V curves at STC (PS) |-V curves at STC (PS2) I-V curves at STC (Rs degra) |-V curves at STC (Rsh degra)

6 PS degree=10% 6 \(ji;dggrree:m% 6 Added Rs=0.50 6 Added Rsh=2000 +Healthy
< o< < ro| < ' g
4 =4 4 4 g
o < | o \ < °
S 2 1 1 2 1 S 2 7 \ 5 2 E
o PS degree=100% © PS degree=100% \ o Added Rs=50 o Added Rsh=200 s

0 - 0 0 0 +Severe

0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60
Voltage (V) Voltage (V) Voltage (V) Voltage (V)

Fig. 4. 1-V curves (STC) under PS1, PS2, Rs, and Rsh degradation (For PS2, the shading level for the two modules
could be the same or different as shown in Fig. 2. For Rsh degradation, the shape of the curves does not vary linearly
with the additional resistance in parallel to the array)

The simulation curves are obtained under ideal conditions, i.e. without any measurement errors or fluctuations.
Therefore, in order to train the classifiers with data more representative of those measured in real conditions,
environmental noise and random measurement errors are introduced. The environmental noise follows a
normal distribution with a SNR of 35dB, and the random error is set at 0.5% of the variance of V and I. These
values are determined by combing the datasheets of the measurement devices used in field tests to the
uncertainties given in the literature and technical reports [26,27].

Finally, in total, the training dataset contains 12000 simulated I-V curves for the eight conditions (each
condition corresponding to 1500 curves). The test dataset contains 2400 curves (300 curves for each condition).
Both datasets will be subjected to the following pre-processing operations.

3 Pre-processing of I-V curves

The pre-processing of I-V curves consists of two main operations: correction and resampling. Irradiance or/and
temperature variations can introduce differences among into I-V curves. These differences could be mis-
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interpreted as fault signatures. Therefore, before exploiting 1-V curves obtained by measurement or simulation
under different environmental conditions, they must be corrected to an identical condition, usually the STC.
The IEC 60891 standard is intended for this correction. However, the methods it proposes are not suitable for
curves taken from defective photovoltaic panels. A new correction method is presented and applied in this
study. Another difficulty is related to the difference in the number of points that may exist between two 1-V
curves. This may be due to the quantization step or to the measuring equipment. After the correction step, a
resampling step is needed to ensure that all curves have the same number of points before being analyzed.

Different from the double-resampling method adopted in [23], a single resampling method is proposed and
employed in this study. A special procedure to determine the number of resampling points is also designed
considering resampling performance and computational cost. These steps are now detailed in the following.

3.1 Correction of 1-V curves

Under various environmental conditions (different G and Tn), measured or simulated I-V curves could have
distinct shapes. Thus, to avoid any misinterpretation, the I-V curves are corrected to the same environmental
condition. Here, STC is used as the target condition.

In [28,29], it is found that the usual I-V curve correction methods are the procedure 1 and procedure 2 from
the IEC 60891 standard [30]. However, these methods have limited performance in the presence of faults.
Therefore, an improved correction method has been proposed and proved able to achieve better overall
correction performance under all the tested faulty conditions (same fault types studied in this paper).
Accordingly, this proposed method, detailed as follows, will be applied to correct the collected I-V curves.

I, = 11(1 + et (Tinz — Tml))GZ/Gl €Y)

Vo =Vi+ clBrei(Tmz — Tma) + a - In(G,/Gy)]
_RS(IZ - 11) — K- IZ(TmZ - Tml) (2)
c= Vocl[l + Brei(25 — T1)] 3)

where, I; and I, V; and V,, T,,; and T,,», G, and G, are the current, voltage, T,,, and G before and after
correction, respectively; R, is the internal series resistance; a and x are the curve correction factors; Ry, a, and
K are determined from the simulations.

3.2 Resampling of I-V curves

After the correction, the 1-V curves are resampled. This is particularly necessary when dealing with new 1-V
curves with different number of points or distribution. This is the case, for example, for I-V curves measured
by different tracers. This treatment not only ensures that each |-V curve has the same number of points, but
also, and more importantly, that the points on the curve are uniformly distributed. The resampling to make the
FDD methodology interoperable is described below in several steps:

- Construct a voltage vector with N points linearly distributed in the range [0, Vmax] With a constant step
(Vmax is a constant for all the conditions, which could be set a little higher than the array Voc at STC in
healthy condition to avoid the voltage of improperly-corrected curves to exceed this limit);

For each voltage value, find the nearest point on the original curve and record the corresponding PV current
value;

Finally, construct a new current vector with the N values.

To determine N, the quality of the resampling must be quantified. Here, the area error (Eg,-..,) [31] is adopted
as the metric, as defined in (4).
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Earea — Area of error % 100% (4)

Soriginal

Where, Soriginai IS the area enclosed by the original 1-V curve, Spreq of error 1S the area enclosed by the
difference between the original and the resampled I-V curve. Considering the I-V curves for the eight cases
studied (the original number of points varies between 298 and 363 due the variable simulation time step), the
mean and standard deviation of E,., With varying N are presented in Fig. 5.

—o—Earea (%)

10 20 30 40 50 60 70 80 90 100
Number of resampling points

Fig. 5 Eg e, Of resampling of 1-V curves as a function of N (the dots represent the mean value, while the band
represents the standard deviation)

It is observed that, when N > 40, E .., becomes relatively small (~0.75%) and stable. However, it should be
noted that, beside the quality of the resampling, the complexity of the model (the computational burden of the
classifiers increases with the number of points) also needs to be considered. Therefore, in this study, N is set
to 50 to ensure good resampling performance and reduce computational cost. Thus, after resampling, each I-
V curve will consist of 50 points.

4  Feature extraction

After the correction and the resampling of the 1-V curves, three types of features are proposed: raw I-V data
or transformed into 1D or 2D vectors to increase the discriminability of features. The transformations are based
on two techniques that have not been so far, to the best of our knowledge, applied to 1-V curves. A dimension
reduction is also evaluated to reduce information redundancy and computational cost. These steps are now
presented.

4.1 Feature transformation

After the resampling, there are two means to extract features from the resampled current vectors. The first one
is to use these vectors directly as input to classifiers (this method is named ‘direct |-V’ hereafter), while the
second transforms the 1-dimensional (1D) vector to a 2-dimensional (2D) matrix. Specifically, two
transformation techniques, commonly practiced in the transformation of time-series signal will be used in this
research:

1) Gramian Angular Difference Field (GADF) [32]: It calculates the inner product of the input vector via
the characterization of angular difference and preserves the temporal dependency. The size of the
generated matrix (Dmatrix) =Dvector?s Where Dyector is the number of features of the original vector. In this
sense, when Dyector =50, each current vector is transformed to one matrix with Dmatrix = 2500.

2) Recurrence Plot (RP) [33]: It also reveals all the time dependency of vectors and constructs a square
matrix by calculating the inner distance among all the states in the phase space. The phase space is
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generated by embedding a shift (t) in the input vector, where 1 is determined by optimization. The Dmatrix
Of RP equa|S (Dvector_ T)z. In thls Study, 1-:1’ thUS, Dmatrix:2401.

Some examples of GADF and RP transformation are illustrated in Fig. 6. The reason for performing these
operations will be explained in Section 5.1.4.

(a) Healthy (b) PS (c) PS2 (d) Rs degra (e) Rsh degra

I-V curve I1-V curve I1-V curve I-V curve I-V curve
E 2 < |, < < o
<5 5 P S — 5 =HL ., .
o o | e, S | e o o -
: 0 0 - 0 - 0 -
0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60
Voltage (V) Voltage (V) Voltage (V) Voltage (V) Voltage (V)
Transformed by GADF Transformed by GADF Transformed by GADF Transformed by GADF Transformed by GADF
%0 R - n R !
40 05 40 05 40 05
30
0 0
20
10 -0.5 l 0.5
-1 - -1
10 20 30 40 50 10 20 30 40 50 10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
Transformed by RP Transformed by RP Transformed by RP Transformed by RP Transformed by RP

40 10 40 10 10 40 10 40 10
30 30 30 30
20 5 20 5 5 20 S 20 5
10 10 10 10
0 0 0 0 0
20 40 20 40 20 40 20 40 20 40

Fig. 6. Examples of matrices transformed by GADF and RP: (a) Healthy, (b) PS, (c) PS2, (d) Rs degradation,
(e) Rsh degradation (the value of each component on the matrix is marked by colormap)

From the examples of transformation, it is observed that the values in both RP and GADF matrix stretches
symmetrically around the main diagonal. When the value of the current vector exhibits a decline, a ‘square’
will correspondingly appear, as seen from the PS and PS2 cases. When the slope near the V. or I part of
the 1-V curve changes, the diagonal area in the matrix will also shrink along with different directions. In this
way, all the changes in an I-V curve could be reflected in the transformed matrix.

All the three feature extraction methods (direct I-V, RP, and GADF) capture complete information from the
vector of current resampled from original I-V curves. Their performance will be compared to the method that
only uses partial information of the I-V curves.

4.2 Dimension reduction of features

When there is a slight variation in one I-V curve, the resampled current vector used in direct I-V may contain
redundant points and the transformed features could also have information duplication. To reduce the
complexity of the classifiers, and improve the efficiency of the training process, a reduction of the number of
features is performed, using Principal Component Analysis (PCA). The number of principal components
finally retained is a trade-off between the dimension reduction and the loss of information due to the eliminated
components. The usual rule is to keep the minimum number of components that represent a certain amount of
the original information (cumulated variance); 95% is usually adopted. The diagnosis performance without
PCA will also be discussed in in Section 5.1.3.

5 Feature analysis for PV FDD

For the feature extraction methods, except the ones which capture complete 1-V curve information (direct I-V,
RP, GADF), one traditional method which uses partial I-V curve information will also be tested for comparison.
This method extracts the eight key features (named ‘8paras’ hereafter) from the original I-V curve and
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environmental parameters, i.e., G, Tm, Vipp, Inpps Voc, Isc, R and Rgy,. The parameters R and Ry, are
calculated by the reciprocal of the slopes of one I-V curve near the V,. and Is¢, respectively. In the section
devoted to the diagnosis, several MLT classifiers will be evaluated for the fault classification to find which
one performs better when using the four different input features.

In total, six common MLT classifiers are studied: Artificial Neural Network (ANN), Support Vector Machine
(SVM), k-Nearest Neighbors (KNN), Decision Tree (DT), Random Forest (RF), and Naive Bayesian Classifier
(NBC). These classifiers all tuned and evaluated under Matlab® for the classification of the eight conditions
of PV array. The configuration of these classifiers is listed in Table 5.

Table 5 Configuration of MLT classifiers

MLT Configuration

All Common setting

types < Normalization: true (to [-1,1])
+ K-fold validation: 5
» Hyperparameter optimization method: grid search or

Bayesian method

ANN  « Structure: 1 or 2 hidden layers (5-35 neurons)
» Loss function: Cross entropy
* Train algorithm: Scaled conjugate gradient
» Function: tansig (hidden layer), softmax (output layer)

SVM < Multiclass method: one-vs-one
» Kernel scale: optimized
* Penalty: optimized
» Kernel function: Linear, Quadratic, Cubic, Gaussian, or
RBF
kNN < Number of neighbors: optimized
+ Distance metric: Euclidean, City block, or Chebyshev
DT  « Max number of splits: optimized
+ Split criterion: Gini's diversity index
* Minimum number of leaf nodes: optimized
RF * Max number of splits: optimized
* Minimum number of leaf nodes: optimized
* Number of predictors selected for each split: optimized

NBC -« Distribution type: Gaussian, or Kernel
» Kernel Type: Gaussian, Box, Epanechnikov, or Triangle
» Kernel smoothing window width: optimized

5.1 Diagnosis results using simulated data

5.1.1 Performance of fault classification

The training database (presented in Section 2.2) is divided into 70% for training and 30% for validation. This
partitioning ratio (2/3 for learning and 1/3 for testing) is a commonly adopted rule of thumb [34]. With a dataset
of 12,000 samples (I-V curves), this partitioning ratio allows efficient learning and stable validation [35].
Thanks to this validation the hyperparameters of the six MLT classifiers can be determined. The trained model
will be evaluated with the test database (also presented in Section 2.2).

The test accuracy of the six classifiers using the four different input features is presented in Fig. 7. The details
(including the macro precision, recall, F1 score, accuracy, hyperparameters) of the best classifier are listed in
Table 6, and the corresponding confusion matrices are illustrated in Fig. 8.
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Fig. 7. Test accuracy of all classifiers (the best accuracy is marked in red bold)

Table 6 Details of the best classifiers

11

Ty?:a?Jrlensput claisisftier Precision Recall sr'::olre Test accuracy Classifier hyperparameters
8paras SVM 0.9520 0.9483  0.9479 94.83% Kernel: Polynomial 2, BoxConstraint=29.3
direct I-V ANN 0.9992 0.9992  0.9992 99.92% #Neurons in hidden layer =15
RP ANN 0.9996 0.9996  0.9996 99.96% #Neurons in hidden layer =10
GADF ANN 1 1 1 100% #Neurons in hidden layer =32
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Fig. 8. Confusion matrix of the best classifier when using four types of input features

From an input perspective, it can be seen that using features based on the full I-V curve (i.e. direct I-V, RP and
GADF) leads to higher classification accuracy and F1 score than using partial 1-V curve information (i.e.
8paras). For the 8paras type, the highest accuracy is only 94.83%.

Large misclassification occurs for PS1, PS2, and Rs degradation. This was predictable because under these
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conditions, the MPPs of some of the curves could have similar or even identical positions, especially in the
presence of measurement noise. In conclusion, if only Vypp, Iypp, Voc, Isc, Rs and Ry, are adopted as curve
features, poor performance will be obtained.

Comeparatively, for the full 1-V curve-based methods (direct I1-V, RP, and GADF), almost all the curve
information is embedded in the input features. Thus, the classifiers can learn the variation trend of the curves
and achieve high classification results, all of them higher than 99.9%. For GADF, using ANN as the classifier
achieves 100% classification. For direct I-V and RP, there are one or two I-V curves wrongly classified.

In terms of average accuracy, RP and GADF perform better than direct 1-V, with the six MLT classifiers. This
proves that the transformation of features is relevant as it improves the classification performance. This could
also be seen from the 2D t-SNE [36] graphs shown in Fig. 9, where the discriminability of the different features
can be observed.

(3)60 t-SNE of test samples pre-processed by 8paras (b)eo t-SNE of test samples pre-processed by directlV
. ‘ : ; ; . ; ; ; : T Healthy
e g PS
~ 20T Tsans, ~ 407 % Ps2
< ol < + SC
© 20r .2 @ 20r ., sc2
& o

g wftal® | t-%r?‘ s g oooe
g 0 “";.'-59;-“‘ . ,.0?3.'3 .3 = s g 0 +  Rsdegra
o "J\g} &::‘5‘:'9' - TR, 3] ©  Rshdegra
W 50| o SR Yot @ /
) N “‘%‘* (4 )
- A v =z ;

-40 Soel i -40 F

)
6ok . . . . . J 6oL . . . . . ]
-60 -40 -20 0 20 40 60 -60 -40 -20 0 20 40 60
t-SNE component 1 t-SNE component 1
(0)60 t-SNE of test samples pre-processed by RP (d)Go t-SNE of test samples pre-processed by GADF
; : : ‘ : ; : : ‘ ‘ T Healthy

40 + o 40 - - PS
~ # : ;L -
= 2 . "’ = 2 & - sC
§ 20 y 1 @ 20 R A sc2
8 : 3 % e e - oc
€ 0 1 € 0 F * - Rsdegra
8 8 ¢ Rshdegra
w w
W0t g / ] W oot by
@ @
< 40} { 1 < 40 ‘\

-60 . . / . . 60 . . . . .

-60 -40 -20 0 20 40 60 -60 -40 -20 0 20 40 60

t-SNE component 1

t-SNE component 1

Fig. 9. t-SNE graphs of 4 types of input features extracted from identical test database: (a) 8paras, (b) direct I-V, (c)

RP, (d) GADF

From the t-SNE graphs, it can be observed that the clusters of features- 8paras are nearly all mixed up, which
shows up its low capability of discriminating the different cases. For RP and GADF, the clusters are relatively
more separated than that of direct 1-V, like among PS1, PS2, and Rsh degradation. This is clearer for GADF.
This means, using RP or GADF, the discriminability of input features is enforced, which therefore allows all
the MLT classifiers to achieve better classification, as presented in Fig. 7.

5.1.2 Robustness to additional disturbance

In this part, the best MLT classifiers for the four types of input features (presented in Table 6) will be tested
with new test data sets to assess their robustness to random measurement errors and environmental noise. In
the following, the range of variation is larger than in the previous test data set. The corresponding best
classification results when using the four types of input features are presented in Fig. 10.
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Fig. 10. Best classification accuracy using test dataset with varying level of added disturbance ((a): varying
measurement random error of V and I; (b): varying environmental noise of V and I. The disturbance level adopted in the
training dataset is marked in ‘diamond’)

It is observed that, overall, the best accuracy, when using all four types of features, decreases with increasing
disturbance level. However, the use of features based on full 1-V curves (direct I-V, RP and GADF) is more
robust than the partial use of curves (8paras).

As for direct I-V, RP, and GADF, the best accuracy has a similar trend for low disturbance level. However,
GADF experiences a slighter decrease of performance with increasing disturbance in V and I. Nevertheless,
GADF clearly outperforms direct I-V and RP, with fewer I-V curves under heathy and Rsh degradation
misclassified in other conditions. It can be concluded that the classifier using GADF to extract features has a
better overall robustness to additional disturbance than other types of feature extraction methods.

5.1.3 Impact of PCA operation

As presented in Section 4.2, for direct I-V, RP, or GADF, the dimension of extracted features has been reduced
with PCA before fed to the MLT classifiers. In the following, the impact of this operation on the diagnosis
performance will be discussed. Specifically, the processing time, and the test accuracy with and without PCA
are compared as shown in Table 7. In this study, the platform is Matlab® R2020b with CPU of Intel(R) Xeon(R)
E-2174G CPU @ 3.80GHz and RAM of 32G.

Table 7 Influence of PCA on time and accuracy

Input PCA Pre-prc_)cessing time T_raining Pr_eprgcess+ 'I_'esting Test

feature type (PCA included) (s) time (s) train time (s) time (s) accuracy
. Y 0.39 41.57 41.96 0.01 99.92%
direct IV 0.37 58.65 59.02 0.01 99.88%
Y 97.72 48.31 146.03 0.01 99.96%
RP N 89.33 1209.23 1298.56 0.13 99.92%

Y 48.88 31.75 80.63 0.01 100%

GADF N 46.90 670.89 717.79 0.11 100%

From these results, the following conclusions can be drawn about the effects of PCA :

= Significant reduction of the total training time (pre-processing + training), especially for RP and GADF
for which there is a decrease of almost 90% when PCA is used,

=  The accuracy of the classification is hardly affected.

Thus, it is favorable to conduct the dimension reduction with PCA, especially for high-dimensional features
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extraction, as for RP and GADF.

5.1.4 Impact of transformation

In Section 4.1, in addition to direct I-V, two feature transformation methods (RP and GADF) have been
introduced. Clearly, the feature dimension after transformation greatly increases as the current vector is
transformed into a square matrix. On one side, this could increase the complexity of FDD methodology, like
the longer processing time needed to perform dimension reduction and training, as it can be observed in Table
7.

On the other side, it should be noted that the transformation is able to increase the discriminability of features,
as presented in the t-SNE graph in Fig. 9. This can also be noted from the observation of the outputs of the
neurons. From the test results given in Fig. 8, for the I-V curves of the array under healthy condition, direct I-
V, RP and GADF could all achieve 100% classification. However, from the detailed results of the output of
the best classifier, a difference in the confidence of the classification could be observed, for healthy conditions,
as shown in Fig. 11.
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Fig. 11 Neuron output of the best classifier under healthy condition using direct I-V, RP, and GADF: (a) direct I-V, (b)
RP, (c) GADF

For these three types of features, ANN is the best classifier. The output values of the eight neurons in the output
layer (corresponding to the eight cases) are presented. For each prediction of class, the sum of all the outputs
equals to one. The predicted class is the one whose neuron has the highest output. In this sense, the greater
the difference between the neurons' outputs, the more reliable the prediction. To quantify the output difference,
Aoutpue 1s defined as the difference between the largest neuron output minus the second largest output. The
larger A,y epue, the more confidence can be placed in the classifier. In Fig. 12, the mean of the Agyrput
(Aoutput) for the 300 test I-V curves under healthy condition is displayed. It can be observed that direct 1-V
and RP have almost the same performance, while GADF reaches the highest value with 0.996. This means,
when using GADF for feature extraction, the decision made by the best classifier is more reliable, which once
more confirms the merit of performing feature transformation.

In addition, the t-SNE figure of features (already presented in Fig. 8) also proves that the robustness to the
additional disturbance when using RP and GADF is enforced to that using direct I-V, especially for GADF.

To investigate why the transformation could increase the discriminability of features, the difference between
features under different conditions after transformation is analyzed. In fact, the I-V curves of an array under
incipient fault conditions (like low PS degree, low additional R, large additional R},) are prone to be confused



377
378
379
380

381
382

383

384

385
386
387
388
389
390

391

392

393
394
395
396
397

15

with those under healthy conditions. Therefore, taking the features of 1-V curves under healthy condition as a
reference, the difference between the reference and the features from I-V curves under PS, Rs, or Rsh
degradation with different fault severities can be quantified. Here, the Root Mean Squared Error (RMSE) is
used as the metric, defined as:

2
RMSE = \/Zrll (Xl _Xiref) (5)
n

where, X; is the it" element in the transformed feature X, n is the number of elements in the feature. X could
be the current vector built by direct I-V method or the matrix built by RP or GADF method.

() . Evolution of RMSE between Healthy and PS (b) 1Evo|ution of RMSE between Healthy and Rs degra  (C) Fvolution of RMSE between Healthy and Rsh degra
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Fig. 12 Normalized RMSE of features between healthy and (a) PS, (b) Rs degradation, (c) Rsh degradation

From Fig. 12, it is observed that the normalized RSME of direct I-V and RP have almost a similar evolution
under the three conditions, while that of GADF increases clearly faster, especially under PS and Rsh
degradation. This means, with increasing fault severity, GADF features will be more sensitive. It can also be
pointed out that incipient fault (variation lower than 10%) diagnosis is an opened challenge as the deviation is
very low for all the transformations. However, the discriminability of features under the different cases is
enforced with the feature transformation, especially with GADF.

5.2 Diagnosis results using experimental data

5.2.1 Field test setup

To evaluate the trained classifiers under real case, an experimental PV array of 6 sc-Si modules (Wiltec 62391-
50W) is constructed, as shown in Fig. 13. The parameters of the PV modules in the simulation and field tests
are identical. A reference cell (RG100) is used to measure G, and a Pt100 probe (class A) to measure the back-
sheet Tr, of one module. Two multimeters (Keithley 2440 and 175) record the measurements G and Tr,. The |-
V tracer (Chauvin-Arnoux FTV200) records the array’s I-V curves.
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399 Fig. 13 Field test setup

400  All the eight PV array cases are reproduced, and the corresponding I-V curves are recorded. Some fault setups
401  are shown in Fig. 14. Table 8 shows the severities of the faults, which are consistent with those used for
402  training and presented in Table 4. Fifteen curves are recorded for each of the eight cases. Therefore, there are
403 120 I-V curves, some of which after correction and extrapolation are shown in Fig. 15.
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Healthy, SC, SC2, OC None

PS. PS2 PS degree controlled by 3 different distances
' between the shelter and the panels

Rs degradation Additional resistance in series: 1Q, 2Q, 4Q

Rsh degradation ):‘Sd(;iglztlonal resistance in parallel: 30Q, 50Q,

5.2.2 Classification results

After the pre-processing (correction, resampling) and feature extraction (with four feature extraction methods,
namely, 8paras, direct I-V, RP, or GADF), the processed samples are then fed into the best tuned classifiers
(trained with simulated data presented in Table 6) for classification. The results are presented in Fig. 16.
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Healthy Healthy
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Fig. 16. Testing results using field-measured data

According to Fig. 15, similar to the previous observations for simulation results, the classifiers using the
features based on full 1-V curve information (direct I-V, RP, and GADF) outperform the one using partial
information (8paras). For 8paras, the main misclassification occurs between PS and PS2, between PS/PS2 and
Rs/Rsh degradation, which corresponds to Fig. 8. For the three types of features based on the full I-V curves,
the classification performance reaches 100% with GADF and RP. There is one I-V curve wrongly classified
when using direct I-V. This experimental test not only validates the effectiveness of the tuned classifiers using
simulated data but also shows the benefit of using features based on full I-V curves for PV FDD.
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5.3 Comparative study

There are several other methods in the literature to extract features from I-V curves for FDD. In the following,
a comparative study will be conducted with the simulated and experimental database presented in Section 2.2.
The extracted features will be processed by the MLTs presented in Section £5i21R#R 25| FYE. . For each
type of new feature, the MLT classifiers will be re-tuned. Then, the best classifier will be validated with the
same field-measured dataset. The accuracies and processing times are summarized in Table 9.

Table 9 Comparison of PV FDD results of different methods

Womes  Metod . = T
Train Test Field test ~ Pre-process +train Test Field test*

_ 6paras [37] 95.41% 94.04% 90.83% 3.59s 0.05s 0.05s
Parta 8paras 96.21% 94.83% 91.67% 3.08s 0.05s 0.09s
IVGT [23] 99.75% 98.83% 97.5% 38.62s 0.01s 2.13s
IV image [38] 100% 99.58% 95.00% 20min 13.9s 29.4s
Complete direct I-V 100% 99.92% 99.17% 41.96s 0.01s 0.17s
RP 100% 99.96% 100% 146.03s 0.01s 0.29s
GADF 100% 100% 100% 80.63s 0.01s 0.21s

* Field test time includes the time of pre-processing and classification of 120 curves

The method based on partial use of an I-V curve requires less time for the pre-processing and the training than
the others to the detriment of a limited accuracy. For the methods based on complete use of one I-V curve, the
three proposed methods (i.e., direct I1-V, RP, and GADF) show better classification accuracy than the other
ones. Additionally, the decision-making time in field tests is also rapid, less than 0.3s. The IVGT method is
also based on resampling but performs worse than the proposed three methods. This is supposedly due to a
lack of efficient integration of G and Ty information into the features. As for the IV image method, its
performance is similar to the IVGT method. However, due to the complexity of image data, the training and
field test times are significantly longer than the other methods, making it less competitive for rapid deployment
in PV FDD applications.

Compared with other I-V curve-based feature extraction methods, the three proposed methods (direct I-V, RP
and GADF) has the following advantages:

= the classification performance is very good both with simulation and field data,

= the processing time is reasonable with low complexity in the pre-processing and learning stages, so as
to ensure rapid decision making in field trials.

Therefore, the whole FDD methodology based on full 1-V curves and these feature extraction methods is very
promising for health monitoring of PV modules.

5.4 Discussion

From the diagnosis results, it is found that the performance of the classifier depends on the input features, i.e.,
support vector machine when using 8paras, artificial neural network when using other features. This is why it
is essential to tune several classifiers to find out which one will have the best performance depending on which
features are being used as inputs. Besides, it is also noteworthy that the type of input features has a more
significant impact on the classification performance (accuracy and robustness to disturbance) than the type of
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classifiers. These results prove the utmost importance of the pre-processing stage in which the original samples
are transformed to extract efficient features for higher discriminability. In essence, the objective of the pre-
processing process is to improve the quality of the input features. This, if achieved, could not only ease the
subsequent tuning process of classifiers but also improve the diagnosis performance.

6 Conclusion

In this paper, a methodology using full 1-V curves and machine learning techniques for the fault diagnosis of
PV array under eight conditions has been introduced. It has been shown that the three feature extraction
methods that employ full I-V curve information perform better than the one using partial information of one I-
V curve. Among the three complete information-based methods, through 1-dimension or 2-dimension
transformation, Gramian angular difference field has the highest capability of discriminating the eight
conditions and exhibits highest robustness to measurement errors and environmental disturbance. The
classifiers tuned with simulated samples have been validated with field-measured 1-V curves. The best
classifier (artificial neural network) achieves 100% classification accuracy for both simulation and field tests.
The methodology and the results may constitute a valuable experience for future researchers on how to take
benefit from the complete information embedded in I-V curves, to perform efficient PV fault diagnosis.

There are still some challenges to be addressed in future works: (1) incipient fault (at their earliest stage) should
be detected. I-V curves should be simulated and measured under these conditions to evaluate the proposed PV
fault detection and diagnosis methodology; (2) other transformation and dimension reduction techniques could
be evaluated to enhance discriminability and reduce computational cost and complexity; (3) for very large PV
plants, measurement of I-V curves at string or module level should be addressed; (4) the fault detection and
diagnosis methods should address different simultaneous faults that may affect the same module or string; (5)
the performance of FDD methods should be analyzed for PV plants in which only inverter-level measurements
are available.
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