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Abstract

For photovoltaic (PV) power plants, every kilowatt-hour is important, because only kilowatt-hours that are fed into the grid are
remunerated. A plant’s operator can only adopt prompt measures to eliminate operational faults when these are immediately
signaled. In fact, just reading the feed-in meter each month is not sufficient to promptly recognize faults and to avoid the loss of
yields. Many inverters record the most important operational data, automatically evaluate the data and, in case of a fault, send the
operator notifications via email or text message. However, it only allows obvious faults to be recorded. On the other hand,
continuous, absolute and comparative measurements are necessary to ensure the maximum efficiency and availability. Based on
real time and historical data, a technical plant manager should inform the operators of any fault which occurs or even take
independent measures to rectify it. In this context, suitable models are developed and applied to a 1 MW power plant where a
SCADA, Supervisory Control And Data Acquisition, has been installed and operational data are available on a Web page. In
order to evaluate the performance of the PV system, firstly the daily corrected Performance ratio has been evaluated. Then,
different approaches to estimate the AC and the DC power of the PV plant have been developed. Basing on the difference
between the measured and the estimated power, a statistical approach is proposed; it allows to define suitable thresholds on the
AC and DC power in order to individuate a fault when occurs. The experimental results show the effectiveness of the proposed
approach.
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1. Introduction

Accurate and consistent evaluations of PV system performance are critical for the continuing development of the
PV industry. For component manufacturers, performance evaluations are benchmarks of quality for existing
products. For research and development teams, they are a key metric for helping to identify future needs. For
systems integrators and end customers, they are vital tools for evaluating products and product quality to guide
future decision-making.

The development of diagnostic methods for fault detection in the PV systems behavior is particularly important
nowadays due to the expansion degree of grid connected PV systems and the need to optimize their reliability and
performance. The monitoring and regular performance supervision on the functioning of grid-connected PV systems
is necessary to ensure an optimal energy harvesting and reliable power production.

Most diagnostic methods are based on the comparison between monitored data and simulation results of the PV
system behavior [1-6]. Monitored climate data, irradiance and temperature are needed for an estimation of the
energy produced and the simulation of the PV system behavior in a determinate localization [7, 8]. Furthermore,
some works were carried out using artificial intelligent techniques [9—11] and statistical data analysis for supervision
of PV systems [12], but these techniques have not been yet optimized for fault detection analysis and clear
identification of the kind of fault that occurs in the system.

On the other hand, several researches were also carried out to generate the necessary climate data at the desired
location [13-17] or meteorological databases [18, 19] using climate data from satellites observation. These
approaches are cost-effective, since no climate sensors are needed on the plant, although they provide low accuracy
in estimation of expected energy yield in some specific climatic conditions.

Nowadays, most inverters designed for grid connected PV applications have a wide range of interfaces, in
particular sensor inputs and communication interfaces. These sensor inputs can be used to connect irradiance sensors
as pyranometers, reference cells and PV module temperature sensors. Therefore, these inverters include monitoring
capabilities for irradiance and temperature as well as for maximum power point tracking (MPPT) evolution.

In the fault detection procedure presented in [20], the computational analysis has been reduced avoiding the use
of electrical models for simulation of the PV system behavior and the number of monitoring sensors has been
minimized. Two indicators of current and voltage are used as benchmarks and the inverter himself can calculate both
relationships.

While, in [21] authors present an automatic fault detection method for grid-connected PV plants. The possible
faults are recognized using a diagnostic signal. In order to determine the location of the fault, the ratio between Ppc
and Pac is monitored. The different types of faults that can be identified are: fault in a PV module, fault in a PV
string, fault in an inverter, and a general fault that may include partial shading, PV ageing or MPPT error.

Common reference documents for monitoring of PV systems is the standard IEC 61724 [22] and the guidelines of
the European Joint Research Centre in Ispra, Italy [23]. In [22, 23] the required accuracies and check procedures for
data quality are detailed. Careful considerations should be given to the purpose behind the monitoring before
developing a specification. The ethos should be to measure only those variables that are necessary using. Guidelines
reported in [1] recommend that parameters which vary directly with irradiance shall be sampled with 1 minute or
less interval. Parameters with larger time constants, an arbitrary interval may be specified between 1 min and
10 min. Special consideration for increasing the sampling frequency shall be given to any parameters which may
change quickly as a function of system load. However, with the cost of hardware and storage decreasing there is no
reason to avoid 1-minute (or sub-minute) data collection. In order to be able to distinguish the performance of the
PV system from the variability of the solar resource, monitoring should always include both a measurement of the
energy generated and the incoming irradiation. For electricity yield measurements, energy meters or true-rms power
meters should be used. The inverter-integrated measurements are usually not sufficiently precise [23]. Nevertheless,
they may prove useful for identifying relative changes over time [24]. For more advanced monitoring, the power or
current on the junction box level or the string currents should be measured. As part of the European Commission-
funded project PERFORMANCE, new PV monitoring guidelines have been recently developed in order to take into
account the system performance over its lifetime [25, 26]. Based on these new guidelines, a failure detection routine
for comparing the monitored energy yield with the simulated one for a given period was presented in [27, 28]. The
additional cost for advanced monitoring depends on the PV plant layout and capacity.
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Objective of this study is to propose a new approach for effective detection of faults in grid connected PV
systems, which allows to minimize the monitoring system and number of sensors required. The industry factual data
of a 1 MW PV Plant (monocrystalline technology) constructed in Agrigento (Italy) is provided. A first study on
performance evaluation of the PV plant involves the analysis of the corrected PR methods. Then, the Ppc and Pac of
the PV plant are estimated with different methods and compared with the measured ones. Basing on the difference
between the measured values, a statistical approach is proposed, it allows to define some thresholds that allow to
individuate possible faults of the PV system.

Nomenclature

G solar radiation on horizontal plane

x mean value of measured data Ppc sre DC power in STC

CPR  daily Corrected Performance Ratio PR daily Performance Ratio

CSM  Clear Sky Model RMSE Root Mean Square Error

dist distance between the CSM and Groa STC  standard test conditions

Epyvma monthly average daily energy Tpv PV module temperature

G solar radiation on horizontal plane Tsrc temperature in STC (Tsrc = 25°C)
Gmd monthly average daily radiation on the horizontal plane Xi measured data

Groa  solar radiation on the plane of array Vi estimated data

Gsrc solar radiation in STC (Gsrc= 1000 W/m?) OpM Max power temperature coefficient
M number of available data Niam power loss due to incident angle
MBE  mean bias error niNv inverter theoretical efficiency
nRMSE normalized Root Mean Square Error nmis efficiency due to mismatch losses
N number of days when data are available nRr power loss due to series resistance
Ppc DC power

2. Study Case

The data collected to frame this study report is from a 1 MW PV plant situated in Agrigento, Italy. As per official
source of data (standard UNI 10349) in Agrigento area, the daily monthly average temperature lies between
10.4+24.6°C. Moreover, the forecast and measured values of G4 are shown in Table 1. Under these operating
conditions, the system is forecast to produce Epy,,4 (Table 1). In Table 1, measured values of Epy,,q are also shown.

Table 1. Forecasted and measured values of G,, and Epy,, in Agrigento (latitude 37° 31’ N, longitude 13° 58’ E, altitude 230m, Italy).

Month Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | Nov | Dec

Gum.a (kWh/m?) 244 | 347 | 4.69 | 6.17 | 747 [ 8.19 | 822 | 7.5 | 5.81 | 4.06 | 2.81 | 2.28
Gm.a (kWh/m?) Meas. 1.48 | 0.98 | 1.21 2.72
Erv.a (kWh) 2226 2992 | 3804 | 4762 | 5555 | 5985 | 6051 | 5719 | 4642 | 6441 | 2532 | 2129
Erv,m (kWh) Meas. 1144 | 816 | 910 2230

The PV plant is equipped with 5404 monocrystalline Si modules each of 180 — 185 Watts and 3 inverters. The
main characteristic of the PV plant, of the PV modules and of the inverters are reported in Table 2.

Table 2. Main characteristic of the PV plant.

PV plant PV module Inverter
Tilt/Azimuth (°) 12/18 ELETTRONICA
Type Monocrystalline SANTERNO -
Annual total energy (kWh) 1518 128.96 Model UPSOLAR - M18OM Model SUNWAY TG
« Total 987.08 P, (W) 180 - 185 385800V
", « Inverter 1: 348.13 vV, 3% 35.80 Vmppt,min (V) 430
Poc_stc (kW) « Inverter 2: 308.48 I.T,: (( A)) 5.03 Vimpptumax (V) 760
« Inverter 3: 330.47 Vo (V) 44.60 Lmax.pc (A) 657.6
Num. !’V modules 5404 Le (A) 538 Puaxnc (KW) 362.4
Num. inverters i 3 pvae (%/°C) 20.32 Pac (kW) 294.6
Num. of strings per 119 — 126 - 140 Hise (%1°C) 0.05 Pumax,nc (KW) 362.4
inverter
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The data are recorded by a SCADA system through the Met station installed in the plant premises and trivector
(TVM) meters. The stored data are: Gui, Gpoa, Tpv, ambient temperature, DC current and voltage of each of the 3
inverters; and AC current and voltage of each of the 3 inverters. To measure Tpy, two 4 lines Pt100 (class B)
temperature sensors (-20 + 120 °C) have been used. Then, a temperature transmitter for Pt100 in with 4 - 20 mA
analogue output has been used to acquire temperature data. The temperature values are the result of the average
value of the temperature measured on two strings. While the ambient temperature has been measured using a
mineral insulated platinum thermoresistance with metal sheath. Two LP PYRA 02 pyranometers have been used to
measure G and Gpoa. Then, a Thytronic NV10P interface protection control unit has been used for monitoring
voltage and frequency relay. Moreover, a Seneca T201DC, that is an isolated, contact-less loop powered direct
current transducer (4 to 20 mA), has been used to measure the current. Solar radiation, DC and AC voltage and DC
and AC current are acquired every minute, while temperature values are acquired with a 5 minutes timestamp since
they present a slower dynamic. Then, an interpolation of the values is done in order to have a value of temperature
each minute correspondent to the other parameters.

3. Monitoring and diagnostic methods
3.1. Corrected performance ratio

Various indices can be used for monitoring and diagnostic purposes, the most important and most authentic
metric to analyze the performance of a PV plant is the PR. It is defined in IEC 61724 and is a metric to measure how
effectively the plant converts sunlight collected by the PV modules into AC energy despite of many derating factors.
Conventionally PR is calculated as Eq. (1), however this equation does not incorporate any factors except irradiance.
Yet it is very important to consider the effect of temperature and module efficiency along with PV area to calculate
the CPR. Along with solar insolation, in fact, temperature also plays a big role in affecting the efficiency of a PV
plant. PR is often corrected to a common temperature of 25°C (standard test conditions) as mentioned in Eq. (2).

M M
Z Faci 2 Faci 5
PRy=— =L~ CPR, = =
d 1 4
oy, | Gpoai |. (1 v, | Sproai (s apyy -y ~Tope) @)
2 Fpe_src| 5 2 Fpc_src| G rm \Tpy ~Tstc
i=1 STC i=l STC

where opy is usually provided by module manufacturer (apy = 0.45 %/°C).
3.2. AC power estimation

A simple method for the inefficiency estimation is based on the comparison between the measured and the
estimated Puc in operating conditions.

There are several correlations in the literature to estimate the PV electrical power as a function of cell/module
operating temperature and basic environmental variables [29].

3.2.1. Physical approach

The first solution here proposed is based on a physical modelization of the power. In the operating conditions, it
depends on the power measured at STC (Ppc_scr) and can be estimated through Eq. 3. Eq. (3) takes into account
only the power losses due to temperature; therefore using it, the power is always overestimated. Consequently, other
causes of power losses should be modelized and considered to better estimate Puc. First of all, the power losses
caused by incident angle related to direct and diffuse irradiance have been taken into account (7;4m) [30]. Then, also
mismatch losses, due to variations in PV module current-voltage curves have been added. There are different causes
that can provoke module mismatch, which usually are between 1-9% [14]. For the sake of simplicity, in this paper
nuis has been taken into account as a constant loss during simulation, in particular 7;s has been evaluated through
the PVSyst software considering the design of the PV plant here studied [31] (17ss=98%).

G
Poc—pny_1=Ppc_src GZjAC (1=apm - (Tpy = Tsrc) 3) Poc_phy_2 =Mmam vis * Poc—phy_1 %)

Moreover, when power output is generated by solar irradiation on a PV module, Joule heating loss occurs by an
electric current to flow through a circuit [32]. Consequently, 7z can be determined by current flowing in a PV
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module (/) and series resistance (R) [33]. Therefore, to calculate #z, R should be calculated. In this case, if no other
losses are taken into account, R can be calculated by least square fits.

_ PDC7 phy_2
r

2
- Ppc_ppy+ R-T? (5) Ppc-phy = Ppc-pny_2 =R-1 (6)
_phy

Finally, to estimate Pac, v should be considered, which is indicated, with respect to the percentage of the
maximum output power, in the datasheet of the inverter:
P

AC-phy = My * PDC—phy (7
3.2.2. Fitting approaches
In order to predict power it is also possible to use polynomial regression models [29]. An example is reported in
[34]; the model consists of a polynomial fit to operational data where the power produced by the system is a
function of the incident global irradiance in the plane of the array and the PV array module temperature, it is
described by the following equation [34]:
Prc_fin =A+B-Tpy -Gpoy +C-Gpoy +D- GA%OA (3)

where A, B, C and D are polynomial constants determined by least square fits.
Another example is proposed in [35]:

Pic—fia =Dy - Gpos + Dy - Tpy + Dy '[hlGPOA ]m +D; - Tpy '[hlGPOA ]m )

also in this case D;.4 and m are polynomial constants determined by least square fits.

These simulation procedures require first the calibration of the model to the system under study in order to obtain
the polynomial constants that best represent the behaviour of the system. Once the model is well adjusted, the same
constants are used along with new temperature and irradiance inputs to predict the power generated by the system.

3.3. Parameters estimation

In order to estimate the parameters involved in the physical approach (R) and in the fitting approaches (A4, B, C,
D, D, D;, D3, Dyand m), only some of the whole set of the available data (from 1% December 2014 to 31% March
2015) should be used. To choose this reduced set of data in such a way to optimize the parameters estimation, it is
convenient to choose data relative to clear sky days. To this aim, the algorithm whose block diagram is shown in Fig.
1, has been used. It allows to choose the set of data to be used to estimate the parameters in an automatic way.
Firstly, the profile of the solar radiation of a clear sky day using the CSM proposed in [36] on an inclined surface,
has been generated for each day of available data. The distance, dist, is calculated as the sum of their difference
minute per minute. If dist is greater than a threshold, that has been heuristically set to 240 kW/m?, the analyzed day
is considered as a clear day and therefore Gpoa, Tpv and Pac profiles of that day are used to estimate the parameters.

)
CSM profile
generation

[ M (day)

dist = sum (CMS (day) — Gpoa(day))

YES G_vect = [G_vecl Gppy]
T_vect=[T_vect Tpy| —Z day =day +1 ;
Pac_vect = [Pyc_vect Pyc]

NO

Fig. 1. Block diagram of the algorithm used to choose the set of data to estimate the parameters of the physical and the fitting approaches.

For assessing the quality of the identified parameters and the estimated Pac though the three approaches here
proposed, different statistical parameters have been used: MBE, RMSE and nRMSE, which is a non-dimensional
form of the error, have been calculated.

M
Z(Y; —X; )2 (10) RMSE =

1
MBE = A - M
M -x

=

(vi-x) (1)
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4. Fault identification

After having estimated Pac with the three approaches here proposed, using the statistical parameters of Eq. 10 -
12, it is possible to establish which is the method that allows to better approximate Pac. Then, it is possible to
calculate the difference between the measured and the estimated Pac. A statistical analysis of the values of this
difference can allow to identify possible faults on the system.

The adopted procedure is described below. First of all, minute per minute of each available day, the difference
between the estimated and the measured Pac of each inverter is calculated:

diff’ P —IN Vi(day, min) = Ppc_sgimazed (MIN) = Poc_ o0, (day, min) i=1,2,3 (13)
where Pac-estimated 1S the Pac estimated with one of the three methods here proposed. Then the probability distribution
of diffrac_INV_i is obtained per each inverter.

In order to individuate a possible situation of fault, the interval of the diffp.c-INVi values in which lies a certain
percentage of probability should be identified. To this aim, firstly a Kolmogorov-Smirnov test to compare the diffpac-
INVi probability distribution with other known probability distributions (such as the normal distribution, gamma
distribution, etc.) has been applied, but no likenesses have been found. Therefore, to find the interval of diffpic-INVi
values, all the possible intervals in which the given percentage of the total area lies are identified. Then, the interval
whose mean value is the most near to the mean value of the diffp.c-INVi probability distribution is found. The
extremes of this interval are then used to identify possible faults in the PV system. In particular, if the value of
diffeac-INVi is out of the interval for more than 5 minutes, an alarm occurs. In order to verify if the fault is in the DC
side or in the AC side, when an alarm occurs, the same procedure is applied to the difference between the estimated
and the measured Ppc. The interval for the diffpoc-INVi values is found, if diffpoc-INVi is out of it, it means that the
fault concerns the DC side, otherwise the fault affects the inverter.

5. Experimental Results

5.1. Data analysis

In order to estimate Psc produced by each inverter, the physical (Eq. 7) and the fitting (Eq. 8 and Eq. 9)
approaches proposed in Sec. 4 have been considered. Fig. 2.a shows an example of the obtained results. As it is
possible to note, the three methods allow to estimate the power with a good accuracy except for the first hours after
sunrise; this is due to shading problems on the pyranometer used to measure Gpoa. To solve this problem that can
lead to individuate false fault problems, in the case the estimated efficiency with the physical method, Ppc.pny 2
(which represents the maximum value that Ppc can assume in any specific conditions), is lower that the measured
Ppc, Gpoa is calculated from the measured Ppc value. In particular, by plotting the measured Ppc of each inverter vs
Groa, the new value of the solar radiation is calculated using the equation resulting by the interpolating line data,
shown in Fig. 2.b.

3 oo Mewured P | b) ™
24th Dec. 2014 RN . A¢ ) Taverter 1
180 £ ///'/ AN —Estimated P, gy, ol —310977P 37522 |
160 {,' \‘S‘ Estimated P, . ;n:;;; m;,z -
2 PR __3.4726%P. 27415
4 Vi \\ [ Estimated Py pe | " ncz
g 4 A & Tnverter 3
o 4 3 H 3.4389°P  -6.2068
5 1m0 — E o — DO
E / A é
& 80 / f/ ]
/ w
o /
e ( ) 200} = |
20 \ —
R g
LT o L i i
om0 - i — & s . i -
Minutes Py kW]

Fig. 2. Shading problems; (a) Comparison between measured and estimated P, for inverter 1, which shows the shading problems of the solar
radiation sensor; (b) Ppc vs Gpoa and interpolating equations for each of the 3 inverters.

Considering the profile of the Gpoa after having eliminated the shading problems and using the set of the data
chosen using the algorithm shown in Fig. 1, the parameters of the different approaches here used to estimate the Pac
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of the three inverters have been estimated by least square fits.
Moreover, in the physical approach, to estimate the Pac, Eq. 7 is used, where nwv represents the theoretical
inverter efficiency. Nevertheless, the inverter efficiency is not always equal to that one indicated in the datasheet.
Therefore, Pac of each of the three inverters has been estimated using the different approaches here proposed.
Table 3 summarizes the obtained results in terms of MBE, RMSE and nRMSE.

Table 3. Values of MBE, RMSE and nRMSE for the three inverters. Data are available from 1% December 2014 to 31% March 2015.

Inverter 1 Inverter 2 Inverter 3
MBE (%) RMSE nRMSE (%) MBE (%) RMSE nRMSE (%) MBE (%) RMSE nRMSE (%)
Pac_pny 3.96 11.71 14.75 1.10 9.68 13.40 4.69 10.79 14.74
Pac it 1.33 15.48 19.48 242 13.00 19.36 2.62 14.22 19.43
Pac ez 0.35 15.51 19.52 1.56 14.02 19.40 2.08 14.24 19.47

5.2. Fault identification

Firstly, the PR and the CPR have been calculated (Fig. 3). Then, the statistical analysis has been applied to the
available data to recognize possible faults in one of the three inverters.

Total

| |
100 120

—&—Total (‘PRd /INV1 (‘,PRd
—=—Total CPR, / INV2 CPR
——Total CPRd /INV3 CPR"

s ]

AR e ,

| |
20 40 60 30 100 120
Days

Fig. 3. PR and CPR of the total PV plant and the CPR of each inverter with respect to the total CPR.

Fig. 4 shows the probability distribution of diffpac-INV1, using the physical approach (Eq. 7) to estimate Pac,
where the extremes of the interval in which the 90% of probabilities lie, their mean value and the mean value of the
distribution are also indicated. The probability distribution of diffpac_INV_2 and diffpac_INV_3 are similar to that
one shown in Fig. 5.a. The shape of these probability distributions have two peaks, therefore there are two values of
diffrac-INVi that have high probability of happening. Indeed, the probability distribution should be a unique peak
corresponding to the null value of diffpic-INVi, as it happens in the probability distribution of diffpsc-INVi (Fig. 5.b),
therefore these results could indicate problems to the inverter efficiency. The extremes values have been used as
threshold to identify possible faults in the PV system.

As an example, in Fig. 5.a the days in which the diffp.c-INV1 values are greater than Pac-thH-INV1 for more than
5 minutes are shown. In this case the alarm state is set to 1, 0 otherwise. When an alarm occurs, the diffppc-INVI is
analyzed. If diffpoc-INVI values are greater than Ppc-thH-INVI, it means that the fault concerns the DC side of the
PV system, otherwise it is due to a problem in the inverter 1. While in Fig. 5.b the days in which the diffp.c-INV1
values are lower than Pac-thL-INV1 for more than 5 minutes, are shown. Also in this case the alarm state is set to 1,
0 otherwise. The same procedure is applied to inverter 2 and 3.

Fig. 5.a shows how the low threshold is almost always due to a problem in the DC side, since the cause could be
attributed to sensors problems. While Fig. 5.b shows how it is possible to discern if the fault is in the AC side of the
analysed inverter, in this case only the efficiency state of Pac will be equal to 1, while if simultaneously also the
efficiency state of Ppc is equal to 1, it means that the fault is in the DC side.
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6. Conclusions

The goal of this study is to develop models and methodologies that allow monitoring and diagnostics of a PV
system in order to increase its manufacturability, efficiency and reliability.

A simple monitoring system that measures in real time the operating parameters of the PV system can allow the
detection of discontinuity operation or malfunctioning, but does not provide sufficient information to define whether
the performance of the PV system are the highest for the specific environmental conditions or a fault occurs. To this
aim, the first parameter that has been here proposed is the daily corrected performance ratio that, taking into account
the effect of temperature, gives an indication of the performance of the PV system of any specific day. If quantities
provided by a monitoring system of a PV system are used to identify a malfunctioning, they must be compared to a
reference value. To this purpose, a physical approach and two fitting approaches have been proposed to estimate Ppc
and Pac of each inverter in any specific condition. Basing on the difference between the measured and the estimated
Ppc and Pyc, a statistical approach has been proposed for monitoring and diagnostic aims. In particular, it allows to
set opportune thresholds that can be used to individuate and locate a fault in the PV system.

A 1 MW PV plant situated in Agrigento, Italy, has been taken as test-bed. It is equipped with 5404
monocrystalline Si modules each of 180 — 185 Watts and 3 inverters. A solar radiation sensor and a temperature
sensor have been installed. A SCADA system allows to store environmental variables, the irradiance on the plane of
array, the module surface temperature, DC and AC current and voltage of each of the 3 inverters. Basing on this
information, using the statistical approach here proposed, situation in which there is a fault on one of the inverter for
more than 5 minutes can be detected, it is also possible to distinguish if the fault concerns the DC or the AC side or
if there are measurement problems. However, it only allows to detect faults at inverter level.

On the other hand, to obtain a good compromise between cost and performance, a semi-distributed monitoring
and supervision system, in which the monitoring is carried out at the level of the string or group of strings, should be
considered. Actually, the available information on the PV plant here analyzed does not allow to exactly locate the
faulty strings. Therefore, next step is to install a current sensor on each string; analyzing the current of each specific
string, in fact, not only will allow to precisely locate the fault, but will also give more information to distinguish
among different causes of fault.
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