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Abstract

In the last years, the massive deployment of new photovoltaic (PV) power plants has launched
the connection of PV inverters to the electrical network. A single medium-sized ground-mounted
PV plant may have thousands of these inverters linked to the grid and even more PV panels on
the DC side. Upon reaching such a substantial magnitude of devices involved in grid-connected
installations, the effective operation, management, predictive maintenance, and fault detection
becomes increasingly challenging without integrating advanced prediction and automated anomaly
detection systems. Artificial intelligence algorithms, grounded in data measurements, can be pivotal
in addressing this challenge. This paper proposes several regression-based methods to predict PV
plants’ energy generation, which is useful for detecting transient and long-term anomalies. These
models are trained using a Recursive Least Squares (RLS) method and require a minimum number
of variables to yield satisfactory outcomes, which is one of the paper’s contributions. They mainly
rely on energy generation measurements and geolocation. Within the scope of this research, two
distinct algorithms have been implemented and validated. The first algorithm, a simplified model,
is engineered to analyze the daily efficiency variation, prioritizing the identification of faults and
abnormal operational profiles in PV plants. On the other hand, the second algorithm adopts a more
intricate model tailored to facilitate long-term diagnosis, enabling the assessment of PV efficiency
degradation. In this work, both algorithms are described and their performance is validated using
the historical data from more than 20 PV plants placed in different climatic regions.

Keywords: Renewable energy, Machine learning, Energy prediction, Smart grids, Fault detection
in PV plants, Low-Data methods

1. Introduction

The Paris Agreement, released on December 12th 2015 [1], comprised several strategies towards
energy decarbonization. After several years, we can ensure that almost all countries foster the
massive integration of renewable energy sources in their energy mix. However, integrating renewable
energy sources into the electrical network poses significant challenges related to generation/demand
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balance, potential outages, voltage fluctuations, and energy management. In this scenario, the
Smart Grid (SG) concept acts as the umbrella for new technologies and developments oriented
to overcome these issues [2] by incorporating advanced hardware and controllers that contribute
to increasing the intelligence and controllability of the electrical system [3]. This concept is also
integrating new solutions based on Artificial Intelligence (AI) tools lately.

The number of installed photovoltaic (PV) plants, ranging from large-scale centralized to small
distributed generation plants, has increased exponentially worldwide over the last years, and it
is expected to keep this trend in the next future [4]. No matter the size, all of them require
maintenance to prevent failures, as well as to ensure optimal efficiency, productivity, and payback.
However, it is necessary to rely on new advanced tools to handle the maintenance and operation of
all these installations, as the number of assets cannot be managed using conventional tools. Among
them, those that optimize the maintenance efforts, enabling the automatic detection of failures or
abnormal operations in the assets of the plants, are essential. Such solutions improve the decision-
making related to the maintenance planning process, contributing to reducing human interventions
while decreasing the risks and operation costs [5].

In recent years, some solutions based on Machine Learning (ML) techniques have been proposed
to enable fault detection and abnormal performance classification in PV systems. Essentially, they
can be divided into Supervised Learning (SL), Unsupervised Learning (UL) and Reinforcement
Learning (RL) methods [6]. For example, Fadhel et al. [7] proposed a ML method based on data
from Intensity-Voltage curves extracted from tests performed under healthy and shady conditions.
The main performance features were analyzed using a Principal Component Analysis (PCA) tech-
nique, and the results were used to perform fault detection and classification. Likewise, different
techniques based on SL have been proposed recently, as reported in [8], where SL, based on K-
Nearest Neighbors (KNN), was used in PV systems to detect faults and classify them by analyzing
the main features of the measurements. On the other hand, a UL technique was used by Abdellatif
Seghiour et al. [9] for fault classification in PV systems. Their approach used an autoencoder
for the module of temperature, irradiance, current, voltage and power at Maximum Power Point
(MPP) to extract features. These inputs were later connected to an ANN used for PV fault clas-
sification. Finally, it is worth mentioning that an example of RL used for PV fault detection was
presented in [10]. In that paper they used a Deep Neural Network (DNN) as an estimation model
to assess residuals between the estimated and measured values of AC power, voltage and current.
Then, a Proximal Policy Optimization (PPO) was used as a Deep Reinforcement Learning (DRL)
agent to detect PV faults with the trained model. Furthermore, in addition to fault detection, ML
techniques are used for several PV applications: such as maximum power point tracking algorithms,
voltage and frequency control forecasting, diagnosis and energy management [11].

Several authors have also developed alternative approaches for assessing the energy performance
in PV systems. Other methods are based on comparing the model results with observed data,
but using physically-based model approximations instead of data-based models. Therefore, they
require more knowledge about the characteristics and technical data of the PV plant under analysis.
Consequently, its large-scale application at high TRL levels turns out almost impossible. One of
these methods was described in [12], where the authors compared the measured yield and the
values obtained from a dynamic simulation model and used a threshold to check the errors between
them. In the work of Chine et al., [13], a method for fault detection based on the photovoltaic
cell single-diode model was proposed to obtain simulated I-V characteristics. They were further
compared with the measurements and analyzed their differences to detect different types of faults.
Also, instead of using ML techniques to analyze the electrical signals of the PV installations’
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components, other methods use these techniques to detect faults by analysing data from other
sources. One of these alternatives is based on the analysis of images of the PV plant, as in the
case of [14], where photovoltaic module’s fault detection was carried out using aerial images from
which image features are extracted using a CNN called AlexNet. In this application faults of various
classes are distinguished with the help of the CNN, which is capable of extracting complex and more
significant features. Also, using a different approach, [15] presents fault detection methods for PV
modules in large-scale PV plants using the true color images taken from unmanned aerial vehicles
(UAVs). In this case, a CNN network is used to extract the deep defect features for each abnormal
region. These failures are clustered and the PV module’s defects are classified using a multiple
classification support vector machine (MC-SVM). Another alternative is to analyze thermographic
images, as shown in [16], which combines the improved gamma correction function (preprocess) with
a convolutional neural network (CNN), and Infrared (IR) thermographic images of solar modules,
which are used to train the algorithms. Nevertheless, all these methods require additional data
sources, which are not common in distributed plants. Therefore, in this work, one of the goals is
to develop methodologies that take advantage of data sources available in all kinds of plants no
matter the scale.

This manuscript introduces two distinct methodologies employing supervised machine learning
(ML) techniques. The first approach is designed for short-term abnormal performance detection,
while the second addresses the long-term estimation of efficiency losses. Both methodologies are
characterized by their reliance on minimal input variables, a deliberate design choice to facilitate
their application in facilities with limited data availability. This pragmatic feature allows the pro-
posed approaches to be implemented in pre-existing solar energy plants without installing additional
equipment, contingent upon the presence of a system capable of reporting photovoltaic (PV) energy
generation data. This approach has raised the interest of researchers, due to its friendly integration
in existing facilities. Other authors, such as the ones publishing [17], have also presented meth-
ods for PV fault detection using only the data collected by PV inverters, with no need to install
additional sensors or getting large amounts of data.

This work is aligned with this trend, introducing additionally two distinct proposals. The
two methodologies presented in this work are used to discern sudden temporary efficiency losses
and long-term plant efficiency decay. The short-term method, designed for identifying sudden
efficiency losses, relies on scrutinizing model parameters as indicative markers of the evolution of
photovoltaic (PV) power efficiency. Conversely, the long-term method is geared towards estimating
the degradation of the PV plant over an extended period. This involves identifying various models
representing the PV plant at different stages, facilitating the detection of high degradation rates
through comparative analyses.

The proposed methods are applied to over 20 existing PV installations in Spain, with installed
power ranging from 30 kWp to 300 kWp and operational durations spanning from 1 to 11 years.
The wide range of nominal powers, and the different climate conditions of the different locations,
have permitted the validation of the good performance of the proposed algorithms regardless of the
surrounding plant conditions.

2. Methodology

The performance decrease in a PV plant can be mainly due to two different reasons: on one side,
due to a sudden fault that may affect either partially or totally the PV plant and, on the other side,
an inherent and progressive degradation due to components fading, soiling or other degradation
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causes. For this reason, two different anomaly detection approaches are proposed, the first one is
designed to track sudden energy efficiency decay while the second one, is devoted to track the PV
degradation over time.

In order to model the PV plant operation, whose performance is highly dependent on variable
phenomena such as weather conditions or even if PV panels are temporarily soiled or clean, a
model able to adapt to these changes is required. For this reason, the Recursive Least Squares
(RLS) algorithm is used for both anomaly detection approaches. The RLS algorithm is a weighted
linear Least Squares (LS) method that recursively tunes the coefficient values. The weight applied
to the LS is determined by the forgetting factor ( ), which reduces exponentially the weight of older
samples. Therefore, the forgetting factor controls the model adaptability level, which can be set
between 0 and 1. Hence, for =1, all past data is equally weighted, and for <1, a higher weight
is considered for recent data. The RLS algorithm used in this case has been extracted from the
online forecast package [18] available in R.

In [19] two procedures are followed, first establishing the trend based on extraction of solar
cell parameters, which are used to obtain IV and PV curves of the photovoltaic panels, against a
single integer value of current, and second step is splitting data set and modeling the variation of
solar cell parameters using four variants of linear regression. Extraction of solar cell parameters
is utilized to analyze its rate of change during fault occurrence, as it starts to change even before
occurrence. The disparity between the predicted and observed data points of the V-I and PV
curves serves as the foundation for evaluating the precision and categorization of fault detection.
The proposed fault forecasting technique requires Voc, Isc, Imp, and Vmp at the initial stage for
which technical information of the PV panels is required, instead the proposed method in this
paper does not require any technical information about the PV installation. Another study [20]
proposes two different methods for conducting anomaly detection in PV plants. One is based
on monitoring the deviations of each inverter from the behaviour of a chosen reference inverter
belonging to the same installation. The other method is based on performing a real-time prediction
of the inverter’s DC current and voltage using environmental information. In this method anomaly
detection is performed by comparing the measured current and voltage with the predicted ones,
using control charts based on a Decision Tree (DT) as a fault detection model. Additionally, this
second method uses a linear regression technique to estimate the coefficients for the prediction
model, using measured irradiance and ambient temperature as inputs. In a different approach, the
proposed method in this paper evaluates the changes of these coefficients over time thanks to the
RLS training method that retrains the model for each new input data available of the installation.
Therefore, using this method, the PV plant model can be adapted to the most recent status of
the PV plant, adapting itself to the regular PV degradation, so both sudden efficiency decay and
long-term plant degradation can be tracked. Generically, RLS can be expressed as Eq. 1, where

okits 1:kts mek:t are the coefficients estimated for each horizon (k) and updated each time step

(t).

Yepkie = okt T LktUneekie T 00+ miktUmierk(e T ekt (1)

The radiation data at the PV Plane of Array (POA) is necessary for both models, as the PV
generation directly correlates with it. To estimate the POA, the Perez model [21] implemented in
the pvlib python package [22] has been used. This model is an empirical model able to estimate
the irradiation in a plane using the Beam Normal Irradiance (BNT), Global Horizontal Irradiance
(GHI), Direct Horizontal Irradiance (DHI), and the orientation and elevation plane as inputs.

Irradiance components are gathered from the Copernicus Atmosphere Monitoring Service (CAMS)
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[23] using the PV location. However, there is no data provided from the PV installation apart from
the energy production, location and nominal power, so the orientation and elevation of the PV
panels are estimated. The PV array orientation is estimated by correlating the Beam Panel Irra-
diation (BPT’, Eq. 2) at different panel orientations (0) with the PV generation. The orientation
that produces the irradiance pattern with a better correlation against the PV generation yields
the necessary info for setting the PV array orientation. The same process is used to determine
the elevation. In this case, the different BPI (Eq. 3) are calculated for different elevations (A),
considering the estimated orientation, and these irradiation patterns are correlated with the PV
generation. To improve the accuracy of this method, non-cloudy days are used, actually, the days
with a GHI higher than 90% of the Clear Sky GHI are those considered in this stage.

BPI'(t) = BNI(t)cos(© — az(t)) (2)

BPI(t) = BNI(t)cos( — az(t))cos(90 — A — ¢(t)) (3)

Using this methodology, using just geolocation, CAMS, and hourly PV generation, the global,
direct and diffuse irradiation at the plane of the PV array can be obtained.

2.1. Short-term method

2.1.1. PV generation model

The goal of this model is to identify the sudden energy performance decay. To detect it, a
simple model is used to predict the plant’s generation only from the global POA irradiation (Eq.
4). The only fitted coefficient will be representative of the global PV efficiency. As the PV panel
area is unknown, the PV plant efficiency cannot be estimated. However, the coefficient will reflect
the plant efficiency variations.

P = poa,POAy (4)
e P corresponds to the PV energy generation predicted.

* poA, corresponds to the coefficient that relates the POA global irradiance and the PV energy
generation.

* POAy corresponds to POA global irradiance.

2.1.2. Coefficient analysis

Using the short-term model (Eq. [4]) with the RLS method, a set of coefficients fitted in each
time step can be obtained. The evolution of the POA irradiance coefficient decreases over time due
to the PV panels’ degradation. It also presents an annual seasonality pattern that can be due to
many factors like temperature variations or different panel reflectivity depending on the sunlight
angle of incidence, among others. For this reason, a linear model to predict the coefficient and
determine the anomalies through a threshold is implemented to make a first anomaly identification.
The model, as written in (Eq. 5), depends on a constant, time, temperature, and the Fourier series
of the day of the year to consider the seasonality pattern.

Since the model is trained with the RLS method, it is adaptive to temporary and permanent
changes in the PV installation. Therefore, its performance can even if climate conditions change.
This adaptability is transferred to the change in the studied coefficients and is used to evaluate the
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behavior of the plant. The thresholds have been defined by studying the experimental results to
avoid false positives in detecting anomalous behaviors that may be due, among others, to transient
climate conditions or sporadic shadows on the PV panels.

oh, = 1+ ot+ ST+ 4dy™ (5)

With this model, the coefficient obtained from the PV generation model (Eq. 4) can be compared
with the expected one (Eq. 5) and detect if the plant is behaving anomaly.

2.1.8. Short-term fault evaluation

The anomaly detection is made considering a deviation threshold. Once the coefficient of the
PV generation model and the expected coefficients are calculated, they are compared. In order to
consider the model and radiation inaccuracies, a maximum deviation of 20% is considered, which
is verified in the experimental results. Therefore, if the short-term model coefficient is lower than
80% of the expected one, it is considered a faulty behaviour.

The fault evaluation algorithm flux for the short-term model is presented in Figure 1.

[ Data acquisition ]

( Data filtering
Short-term
model training

POAq model
training

PoA, < 0.8 P(8|Ag

Yes

[ Fault ] [ Normal operation ]

Figure 1: Short-term fault detection flux diagram

2.2. Long-term method

2.2.1. PV generation model

Differently from the short-term model (Eq. 4), in which the aim is to obtain an efficiency
indicator to detect a sudden energy decay, the long-term model (Eq. 6) aim is to have an accurate
PV forecast to model the PV plant throughout its lifetime. This model depends on the global and
direct POA irradiation, temperature and the sun azimuth. Using RLS, the relation between the
input and the output must be linear. This is not the case for the temperature and the sun azimuth.
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For this, they are multiplied with the POA global irradiation in order to linearise their effect with
the PV generation. Moreover, the azimuth is a cyclic effect hence the Fourier transformation is
used to linearise it. For this application, two harmonics are considered in the azimuth Fourier
decomposition (Eq. 7). The Fourier transformation implementation, as the RLS, is extracted from
the forecast package [18].

P = 1,POAy + 1,POAy + 15POAGT + QP OAGTS( o7) (6)

TS( az) = (14c08(2 tf) + 15sin(2 tF)) + (1ecos(4 tf) + 17sin(4 tf)) (7)
e P corresponds to the PV energy generation predicted.

e I indicates the coefficients estimated. Note that 2 refers to the vector of ! corresponding to
the estimated coefficients of each Fourier series component.

P OAy corresponds to POA global irradiance forecast.

P OAy corresponds to POA direct irradiance forecast.

e T corresponds the temperature.

e fs( 4z) corresponds to the Fourier decomposition of the solar azimuth.
e t corresponds to time.

e T corresponds to frequency.

This model aims to detect the long-term degradation of the PV plant and, if the degradation
is higher than the expected 1.5% decrease in efficiency by year, ask for inspection to check if any
component has anomalous degradation affecting the PV plant generation. To quantify the degrada-
tion, the PV installation is modelled in different periods to capture the installation characteristics
at different moments. Then, to compare them, these models are used to predict the PV production
of different PV plant stages under the same boundary conditions.

2.2.2. Selection of the PV plant most representative coefficients

With the model fitted recursively, a set of coefficients is obtained each time step. In this case,
one model for each month is built to analyze the PV plant degradation. In order to enhance the
accuracy of the models, each set of coefficients predicting the power generation of a year is re-
evaluated. The fitting of the coefficients is evaluated through the coefficient of determination. The
set of coefficients having the best yearly fitting is the one selected as the most representative model
of the PV installation for that month.

2.2.3. Long-term fault evaluation

It should be considered that each set of coefficients (1) is representative of each specific point of
the PV plant’s lifetime when the Long-term model is being used to evaluate the energy generation.
For this, the same full year is forecasted with all the selected sets of coefficients from among all
those calculated at each instant. The mean forecast production of each set of coefficients should
point out the decrease in power generation as the PV installation gets older.
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In order to evaluate the global PV plant performance, a percentile filter that takes the upper 80%
percentile data is applied. This filter smooths the decay curve, showing the PV plant’s decay and
enabling the detection of any abnormal degradation. Moreover, by normalizing the PV production
to its initial stage, the efficiency decay due to the PV plant degradation turned out easily. The
efficiency decay can be combined with predictive maintenance techniques to plan maintenance
actions when the efficiency is below a threshold value.

The fault evaluation algorithm flux for the long-term model is presented in Figure 2.

[ Data acquisition ]

[ Data filtering j

Long-term
model training

J

Selection of
representative
coefficients

l

( R )
Model’s evaluation
Lon the same period)

(. . 7
Energy generation
decay analysis

Figure 2: Long-term fault detection flux diagram

3. Case study

This section describes the main features of the PV plants involved in the validation, as well as
the data used to evaluate the proposed algorithms.

3.1. Photovoltaic plant installations

The fault detection algorithm has been used in 22 PV installations in Spain (Table 1). These
plants have an installed peak power between 33 and 295 kWp, and the only data taken from them
are the PV generation profile and location. The installed capacity was also provided but not used
as an algorithm input. Among the plants used in the validation, some are brand new, with less
than a year of operation, while others have over 10 years of historical data.
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Table 1: List of PV installations analysed

PV plants
Location Operational Instaled
time [years] | power [kWp]
VAL_1 1.8 0
NV_1 2.1 50
NV_2 2.1 50
NV.3 1.7 50
NV_4 1.9 50
NV.5 1 60
NV_6 1.8 40
NV_7 0.9 66
CAT_1 9 160
CAT3 27 50
CAT 4 3.8 99
CAT5 3.7 40
CAT 6 3.8 71
CAT.7 1.9 9295
CATS8 1.8 19
CAT9 0.7 33
CAT_10 10.4 97
CAT_11 10.6 96
CAT_12 10.5 80
CAT_13 10.4 48
CAT_14 10.9 96

3.2. Data avaliability

As introduced previously, the data provided by the different PV owners were: the location of
the generation plants, the installed power and the hourly historical PV production.

In Figure 3, the diagram showing the data sources and traceability of this data is presented. The
two data types used by the methodologies are presented in the green circle: the location and the
PV generation time series. The locations have been used to collect data from two external services,
noted in yellow rectangles in the diagram: the weather is obtained using the WeatherKit [24] web
service and all the information related to irradiation from CAMS [23]. This data is used as the
input for modeling and calculating the information enclosed in the blue hexagons of the diagram,
which are: the sun’s position at any time through the sunAngle function from the Analysis of
Oceanographic Data package [25], the PV camp orientation through the methodology described at
the beginning of Section 2 and the POA irradiation using the Perez model [21].
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4. Experimental results

4.1. Short-term methodology experimental results

The short-term method is used to find transient faults in all PV plants under test. In this case,
the abnormal behaviour trigger is associated with the coefficient reflecting the PV efficiency. A fault
is detected when this value falls below 80% of the estimated one. The temporal evolution of the
obtained estimated coefficients ( FFB'AQ) for each installation of the different locations are shown in
Figure 4. In a) are shown the coefficients of all the periods with available data for CAT installations,
b) shows a zoom of the period compressed between 2017-09-08 and 2021-10-24, ¢) shows a zoom
of the period compressed between 2019-09-08 and 2021-10-24, in d) are shown the coefficients of
all the periods with available data for VAL installations and in e) are shown the coefficients of all
the periods with available data for NV installations. As expected, all plants usually provide values
higher than the threshold (Figure 5). In this point, it should be mentioned that one special feature
occurs in the case of the PV plant "NV _3’; as since month 20 of operation, it has been working for
5.6 months without producing any power due to a maintenance issue. Due to this feature, more
than 25% of the time is considered to be under fault conditions, and the boxplot reflects, as usual,
a coeflicient relation much lower than the expected one.
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Figure 4: Estimated coefficient evolution of all PV plants.

~ Model coef NV_01 - Model coef NV_03 - Model coef NV. 05 - Model coef NV_07
- Model coef NV_02 - Model coef NV_04 - Model coef NV_06

~ Model coef VAL_01

a) CAT pilot plants. b) CAT Pilots Coeflicients from

2017-09-08 to 2021-10-24. c) CAT Pilots Coefficients from 2019-09-08 to 2021-10-24. d) NV pilot plants. e) VAL
pilot plant.

11



272

273

274

275

276

277

278

VAL_1 - S | ——

NV_1 -4 ® om0 0D OCEODHHEE D COT— - - - D} ,,,,, —0
NV 2 . -
NV 34 bomeoe] i — +
NV 4 - P e P
NV 5 wawomo o oeo o o oommm--f [ |- Jom—
NV_6 e © @ o euwmoon e --{[ |- -
NV_7 - e————mEOO 0 CwOCEEIO0 0 0 O e --------{ | |------ 1

CAT 1- J——y -

CAT_2 | emmmhoooooooooemcoencnceees [ I 1

CAT 3 - pU— T

CAT A ] 1 o ——

N R — -

CAT 6 | e——cm— - -

CAT_7 -1 a» O o O OGO @MmO O OO O m_-----m.".-

CAT 8|  commmmmmmmmmmcmmm— ne
CAT 9 - -]
CAT 10 - A
CAT 11 1 B -
CAT 121 N
CAT 13 1 Iy N
CAT 14|  omime——— (L}
00 05 1.0 15

Broag / Broag

Figure 5: Relation between the estimated coefficient and the real one boxplot for all the PV plants.

Figure 6 presents the historical data of radiation and PV production, as well as the evolution
of the coefficients evolution and fault detection. In this experimental test, three different faulty
periods have been detected. The first two occur on March 29th and October 25th of 2020, and are
due to the lack of production during these days as a consequence of protection trips. They can
be seen in 6 with two spikes that cross the threshold line. On the other hand, there is a longer
third abnormal period between May 12th and July 21st, where the PV production decays, but it
doesn’t stop producing. In this case, there is a permanent issue that requires maintenance, hence
the algorithm works as expected.
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