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Abstract

Photovoltaic (PV) systems have become a cornerstone of renewable energy strategies, particularly due to the significant
reduction in solar power costs over the past decade. However, the long-term reliability of PV installations presents a persistent
challenge, requiring the development of advanced monitoring and predictive maintenance strategies. A wide range of data types
are used to evaluate the health of PV systems, including environmental conditions, electrical performance, and inspection imagery.
These data enable methodologies such as machine learning (ML) models for lifetime prediction and computer vision techniques
for defect detection. However, the acquisition of high-quality and comprehensive data is difficult, particularly in terms of long-term
consistency and data variety. Publicly available data sets serve as valuable resources for addressing these challenges, but they
often suffer from fragmentation and are difficult to access. This paper presents a comprehensive review of existing open-source
data sets related to PV degradation, analyzing their features, functionalities, and potential applications. We categorize these data
sets based on the specific aspects of PV system information they cover, such as environmental conditions, operational monitoring,
and material inspection, and propose relevant tools and ML models for processing them. In addition, we propose practices for
future data collection and usage, while also discussing potential directions in data-driven research. Our aim is to enhance data
utilization and publication among researchers and industry professionals, promoting a deeper understanding of the role of data in
enhancing the performance and durability of PV systems.
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Fig. 1. An overview of data types, project objectives, and data-driven methodologies. The left-hand diagram provides a schematic representation of data
sources pertinent to solar module degradation. The right-hand chord diagram elucidates the interconnections between data types and their corresponding project
objectives. The colors of connection differentiate the various prevalent methods employed in data processing.

I. INTRODUCTION

Solar energy has emerged as a critical renewable energy source, making substantial contributions to global initiatives aimed
at reducing carbon emissions and promoting sustainable development [I]]. In recent years, the global installation of photovoltaic
(PV) systems has experienced rapid growth, with the global weighted average levelized cost of electricity (LCOE) for utility-
scale solar power decreasing from 0.445 USD / kWh in 2010 to 0.049 USD / kWh in 2022, which represents a reduction of
approximately 29% compared to the most economical fossil fuel-fired alternatives [2]. As PV deployment continues to expand,
ensuring long-term durability and performance becomes critical to optimizing its economic and environmental advantages.
However, demanding operational environments and gradual material degradation present significant challenges in extending the
operational lifespan of solar modules, thereby necessitating rigorous monitoring and predictive maintenance strategies. These
tasks include root cause analysis using production data, fast inspection of solar farms, and prediction of PV system lifetime.
The effective implementation of these tasks relies heavily on the availability of high-quality data, which allows detailed analysis
and the application of data-driven methods such as machine learning (ML) modeling to enhance PV system reliability.

Various categories of data are utilized in PV health monitoring and analysis, each serving distinct purposes and requiring
specific data-driven methods. For instance, performance data from PV systems can be used in statistical models such as
physics-based regression models to predict future performance trends [3]. In addition, high-resolution images can facilitate
defect detection using computer vision techniques [4]], [3], [6], [Z], [8]. Figure |I| illustrates the relationship between different
data sets, the corresponding data-driven methods, and the tasks they support.

Despite the potential of data-driven methods, collecting comprehensive and high-quality PV degradation data poses several
challenges. Long-term data collection is particularly difficult due to the need for consistent monitoring over extended periods
to accurately capture degradation patterns. In addition, obtaining advanced imaging data and ensuring a high data variance that
covers different module types further complicate the process.

The sheer volume of data required to develop reliable models also presents challenges in storage and processing. In this
context, existing public data sets become invaluable resources. They not only provide benchmarks for validating new models
but also ease the burden of data collection for researchers. However, these data sets often suffer from issues such as being
unorganized and difficult to locate, which can hinder their effective utilization.

Previous papers [9], [10], (110, [12], [13], [14], [13]], [16] have provided valuable reviews of the application of data-driven
methods in solar module degradation. However, these publications, such as [16], [10], [14], focus mainly on the review of
methodologies rather than the aspect of data. In addition, most of the existing work focuses on specific aspects of data
processing rather than encompassing all types. For instance, papers [12]], [13] primarily review state-of-the-art ML techniques
in module power prediction, while papers [11], [14] focus on ML techniques used for fault detection. The paper [9] mentions
some open-source data sets, but covers only a small part of the data types in solar module degradation. To the best of our
knowledge, a thorough review of open-source data sets in this field has not yet been conducted.
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Fig. 2. Visualization of common types of environmental data, including (a) irradiance, (b) ambient temperature, (c) humidity, (d) atmospheric pressure, (e)
wind speed, (f) records of extreme weathers and (g) depth of snow. The extreme weather and snow data are from [22]] and other data are from [23].

Our paper aims to bridge this gap by providing a comprehensive review of available data sets related to PV performance
and degradation, along with insights into future data-driven projects using these data sets. We summarize the data sets by
highlighting their key features and functionalities, covering a wide scope of topics in PV degradation such as environmental
conditions, PV installations, current-voltage monitoring, image inspection, and materials. We also suggest corresponding tools
or ML models that can be used to process these data sets. Since this paper focuses primarily on reviewing the data rather than
methodologies, we present only some typical tools or models. In doing so, we offer a solution to current findability issues in
existing data sets, making it easier for researchers to access and use these resources. In addition to reviewing availability and
quality of existing data sets, we discuss potential research directions, suggest best practices for data collection, publication,
and utilization, and highlight innovative ML techniques that can be applied to PV degradation data in the future. We hope that
this paper can inspire and guide researchers in developing more effective and efficient data-driven methods for monitoring and
improving the durability of the PV system.

II. OPERATION ENVIRONMENT

This section reviews data sets and processing tools related to the operational environment of a PV system. The data sets
examined here include spatial and temporal information on various environmental factors that influence PV performance and
degradation.

The operational environment where PV systems are deployed is a key driver of material degradation and damage, in addition
to determining the power output of the array. Figure [2] provides a visual representation of some environmental data. Solar
irradiance, measured by direct normal irradiance (DNI), diffuse horizontal irradiance (DHI), or global horizontal irradiance
(GHI), is a primary factor in PV system degradation [17]. While the intensity and variability of solar irradiance are major
contributors to degradation, other environmental factors such as temperature, humidity, and wind speed and direction also play
significant roles [18]]. For example, studies have shown statistical correlations between degradation pathways and environmental
factors such as air temperature and humidity in different geographical locations [19]]. Similarly, high or turbulent winds can
impose significant mechanical stress on PV panels, potentially leading to aeroelastic flutter, which accelerates damage and
power loss [20].

Traditional physics-based models used to assess the impact of environmental conditions on PV degradation have often relied
on limited or sparse data sets [21]]. In contrast, ML models typically require large and comprehensive data sets for more accurate
model fitting and prediction. Therefore, there is a pressing need to expand the availability and accessibility of comprehensive
environmental data.



Platform data set REF|URL Spatial Temporal Spatial Resolution Temporal Remark
Coverage Coverage Resolution
NREL NSRDB [231]1251 Global 1998-Present 2 km-10 km 5 min-1 hr API and data viewer
ECMWF ERAS (26111271 Global 1940-Present 0.25° x 0.25° 1 hr API access
NASA MERRA-2 28111291 Global 1980-Present 0.5° x 0.625° 1 hr Access from web-
page

NOAA NCEP/DOE Re- | [30]|[31] Global 1979-Present 2.5° x 2.5° 6 hr-1 month Website access and

analysis II FTP
IMA JRA-55 (32111331 Global 1958-Present 1.25° x 1.25° 3 hr Website access
EUMETSAT | SARAH-3 (34111351 Global 1983-Present 0.05° x 0.05° 30 min API access

TABLE T

OVERVIEW OF NOTABLE GLOBAL METEOROLOGICAL DATA SETS.

A. Global weather data

The summary of open-source data sets is presented in Table | We first examine open data sets related to environmental
and meteorological information. Meteorological reanalysis, one of the primary approaches for constructing these data sets,
integrates sparse observational data with numerical weather prediction models to generate gridded data that typically spans
multiple years and covers nearly the entire globe [24]. This type of comprehensive data set is valuable for long-range or
geographically diverse studies. They are often used to generate typical meteorological year (TMY) data sets that provide a
statistically representative (e.g., median) time series of meteorological data for specific locations or regions. In this section, we
explore several global data sets containing extensive spatio-temporal solar irradiance and other meteorological data.

1) The National Solar Radiation Database: The National Solar Radiation Database (NSRDB) is a global spatio-temporal
database that includes solar radiation values along with various meteorological parameters, such as temperature, relative
humidity, atmospheric pressure, and wind speed and direction [23]. The NSRDB contains several data sets covering different
regions and time periods, with spatial resolutions ranging from 2 km to 10 km and temporal resolutions from 5 minutes to 1
hour. While NSRDB provides global data, its highest-resolution and longest-running data focus primarily on the continental
United States and nearby regions. Users can access the data interactively through the NSRDB Viewer or programmatically via
an application programming interface (API), both of which are available on the NSRDB website [25], as well as through the
US Department of Energy’s Open Energy Data Initiative (OEDI) [36].

The current version of NSRDB integrates multiple data sources with the Physical Solar Model developed by the National
Renewable Energy Laboratory (NREL). This model first generates cloud and aerosol data [[37], which are then used to produce
solar irradiance outputs through the fast all-sky radiation model for solar applications (FARMS) [38]]. Additional variables
needed for running models such as REST2 and FARMS (e.g., aerosol optical depth, precipitable water vapor, and albedo) are
derived from NASA’s Modern-Era Retrospective Analysis (MERRA-2) data set [28].

2) ERAS5: The European Centre for Medium-Range Weather Forecasts (ECMWF) has released a series of reanalysis data sets,
with its most recent iteration being ERAS [26]. ERAS is generated using ECMWEF’s Integrated Forecast System (IFS) model
Cy4112 [39], offering high-resolution, ensemble meteorological forecasts. The IFS model is enhanced through a data assimilation
approach using a hybrid incremental 4D-Var system [40]. ERAS provides global data on solar irradiance, temperature, humidity,
wind speed, precipitation, and albedo, covering the period from 1940 to the present. The data are available at a spatial resolution
of 31 km and an hourly temporal resolution. Additionally, ERAS includes the Ensemble of Data Assimilations (EDA) [41], a
ten-member ensemble data set at a spatial resolution of 63 km and a time resolution of three hours, which can be used for
uncertainty quantification and statistical analyses. ERAS data can be downloaded from the Climate Data Store [27], managed
by the Copernicus program [42], and can also be accessed programmatically through an API or through the ERAS Explorer
tool.

3) Other global data sets: Beyond NSRDB and ERAS, several other global data sets cover different regions, time periods, or
meteorological quantities. The National Aeronautics and Space Administration (NASA) maintains the Modern Era-Retrospective
Analysis (MERRA-2) data set [28]], which emphasizes advancements in aerosol observation and stratospheric and cryospheric
processes. MERRA-2 data are utilized by NSRDB for cloud formation modeling and can be accessed directly from NASA’s
Goddard Earth Sciences Data and Information Services Center (GES DISC).

The National Oceanic and Atmospheric Administration (NOAA) provides the NCEP/DOE Reanalysis II data set, covering
over 40 meteorological and environmental variables at various atmospheric pressure levels from 1979 to the present [30].
This data is available through the NOAA Physical Sciences Laboratory (PSL) website [31]]. Additionally, the Japanese 55-year
Reanalysis (JRA-55), another NOAA project, covers the period from 1958 to the present and is accessible through the Data
Integration & Analysis System (DIAS) [32].

The Surface Solar Radiation Data Set-Heliosat (SARAH-3), now in its third version, focuses on solar surface irradiance,
normalized direct horizontal irradiance, and other solar-related metrics based on satellite observational data [34]. This data
set is managed by the European Organisation for the Exploitation of Meteorological Satellites (EUMETSAT) and is available



Platform| data set REF|URL Quantities Location Temporal Coverage
Sandia Global Normal | [46]|[47] Spectral Irradiance (direct, diffuse, global | Albuquerque, NM 1 year constructed from
Spectral horizontal, global normal), meteorological | 35.0545°N, -106.5401°W | data collected from 2013-
Irradiance Data (temperature, humidity, wind speed, pres- 2015 at 5-minute resolu-
sure) tion
Sandia | Global Horizon- | [48]|[49] Spectral Irradiance (direct, diffuse, global | Albuquerque, NM 1 year constructed from
tal Spectral Irra- horizontal, global normal), meteorological 35.0545°N, -106.5401°W data collected from 2019-
diance Data (temperature, humidity, wind speed, pres- 2021 at 5-minute resolu-
sure) tion
NIST PV and Weather | [50]|[51] PV performance (power, IV metrics, mod- | Gaithersburg, MD 2015-2018, 1 second in-
Data ule temperature,), meteorological (irradi- | 39.1374°N, -77.2187°W stantaneous 1 minute aver-
ance, ambient temperature, humidity, wind ages
speed/direction, efc.), sky images
NREL Solar & Wind In- | N/A |[52][53] Multiple integration data sets (power, radi- | Multiple US sites Mutiple coverage, wind
tegration Data ation, wind, synthetic) 2004-2006, radiation since
1981, etc.
OEDI Extreme weather [541]122] Performance ratio, OM tickets, extreme | 837 US sites for OM data, | 2018-2020, daily
data weather events (storm, hurricane, flooding, 186 US sites for produc-
etc.) tion data

TABLE IT
OVERVIEW OF NOTABLE REGIONAL AND SITE-SPECIFIC METEOROLOGICAL DATA SETS.

for direct download from their website [35]. In addition, SARAH-2 [43] can be accessed through the website [44] or “pvlib”
API [45]].

B. Regional & Site-specific weather data

This section reviews site-specific and small-scale data sets that support ML analyses for PV degradation. Although these
localized data sets lack the expansive spatial coverage of the global data sets discussed earlier, they offer several key advantages.
First, they are typically measurement-based, avoiding reliance on the modeling and data assimilation techniques used in larger-
scale data sets. Second, they often provide higher-resolution insights into the meteorological characteristics of specific locations.
In addition, these data sets can be paired with actual power output data from nearby solar arrays, creating valuable opportunities
to investigate the relationships between weather conditions and PV performance or degradation.

1) Sandia Spectral Irradiance Data: The Sandia National Laboratories (SNL) provide global normal and horizontal spectral
irradiance data, along with other meteorological variables measured at their facility in Albuquerque, NM. The first data set
includes global normal spectral irradiance, broadband irradiance (GHI, DHI, DNI), temperature, humidity, wind speed, and
atmospheric pressure recorded every 5 minutes from sunrise to sunset in 2014 [46]. The second data set contains global
horizontal spectral irradiance, broadband irradiance (GHI, DHI, DNI), temperature, humidity, and wind speed, with data
collected in 5-minute intervals during daylight hours from 2019 to 2021 [48]. The 2019-2021 data set is composed of twelve
15-day segments, each representing a different month. Both data sets are accessible through the DuraMAT Datahub [47]], [49].

2) NIST PV and Weather Data: The National Institute of Standards and Technology (NIST) has created a data set from three
PV solar arrays and a weather monitoring station located on its campus in Gaithersburg, MD. This data, spanning from 2015
to 2018, includes a range of meteorological variables, such as solar radiation, wind speed/direction, temperature, humidity,
precipitation, and air pressure, paired with performance data from nearby solar arrays. All of these arrays use monocrystalline
silicon modules but differ in their configurations [50]]. The data set provides both second-by-second instantaneous values and
one-minute averages. In addition, images of the PV arrays are taken every 5 minutes and sky images are captured every 5
seconds. The data is accessible through the NIST Photovoltaic Data website [51]].

3) NREL Solar & Wind Integration Data: NREL provides comprehensive wind [52] and solar [53] integration data sets
designed for energy system analysis and grid integration studies. The wind data includes the Eastern and Western Wind
Integration Data Sets, offering time-series measurements from 2004 to 2006 in the US, specifically created for analyzing wind
power plant performance and transmission planning. For solar resources, NREL offers multiple data collections, including the
Baseline Measurement System [55] with live and historical solar radiation data since 1981. The Solar Integration National
Dataset Toolkit [56]] provides modeled subhourly solar power data with high temporal and spatial resolution, specifically
designed for regional solar generation integration studies. This toolkit focuses on time-synchronized weather conditions, site-
specific solar power output ramps, and appropriate spatial-temporal correlations for accurate power system modeling [57].
Additional specialized databases include the Spectral Solar Radiation Data Base [58], collected from 1986 to 1988 across
multiple US locations, representing various atmospheric conditions and collector types [59].

4) Extreme weather data: The final data set reviewed focuses on extreme weather conditions and their effects on PV
performance. These data were collected as part of a study investigating the impact of compound extreme weather events
on PV systems [54]. It combines operations and maintenance (O&M) ticket data, PV performance data, and weather data



from more than 800 sites in 24 states. The O&M and performance data are sourced from the PV Reliability Operations and
Maintenance (PVROM) database, maintained by SNL [60]]. Weather data is drawn from NOAA’s Storm Events Database, the
Global Historical Climate Network (GHCN), and the Parameter-elevation Regressions on Independent Slopes Model (PRISM)
from Oregon State University. This data set spans the years 2008-2020 with daily resolution and is categorized by climate
zone. It is available on the Open Energy Data Initiative (OEDI) website [22].

C. Data processing tools and models

Some of the aforementioned data sets can also be accessed through “pvlib” API [61].Global and site-specific data sets have
been extensively used to train data-driven models, with most focusing on irradiance forecasting problems [62], [63]], [64].
However, recent efforts have started exploring how these meteorological data sets can aid in investigating PV degradation. One
key challenge is that degradation modeling often occurs under varying environmental conditions. For example, NSRDB data
have been used to train and validate a spatio-temporal graph neural network model that estimates performance loss rates using
typical meteorological year (TMY) data [[65]. Similarly, ERAS satellite data have been applied with a teaching-learning-based
optimization algorithm to analyze degradation rates [66]. In contrast, some studies have employed machine learning techniques
to isolate non-weather-related factors contributing to performance loss. For example, NSRDB weather data, accessed via API,
was used to normalize weather impacts and isolate other drivers of degradation [67]. Site-specific data, such as the high-
temporal-resolution NIST data set, has been utilized to train deep reinforcement learning models for fault detection in PV
systems [68]]. Similarly, site-specific data from organic PV modules have been used to forecast degradation rates using neural
networks [[69], although this data set is available only upon request.

D. Insights

The operational environment, encompassing solar radiation and meteorological factors such as temperature and humidity,
plays a significant role in the performance, degradation, and overall lifetime of PV modules. Accurately characterizing these
relationships is becoming increasingly important as PV is deployed in more diverse environments worldwide. While the data
sets discussed above offer a broad view of the environmental conditions PV arrays might face, environmental data alone is
insufficient for fully understanding degradation mechanisms. It must be paired with performance or degradation data from
PV modules. Large-scale historical data sets, such as NSRDB and ERAS, can be combined with deployed PV module data
(discussed later in this review) that share spatio-temporal overlap. Site-specific data sets often include both meteorological and
performance data, providing an integrated approach to degradation research.

Recent studies have begun leveraging these combined data sources to explore predictive ML models that estimate degradation
rates under varying environmental conditions. However, significant open questions remain, particularly regarding the relationship
between different degradation pathways and specific environmental factors, as module materials and other array characteristics
that affect degradation rates also often vary between locations. The development of explainable ML methods, which aim to
provide interpretable insights into why certain factors contribute to degradation, could drive the design of more resilient PV
modules. Moreover, connecting these insights with operational decision making could help improve maintenance practices and
extend the lifespan of PV arrays.

III. PV LOCATION

This section reviews published data sets on PV installations, covering both utility-scale and rooftop systems across national
and international facilities.

PV location data includes geospatial information such as geographic coordinates, land cover details, and attributes of solar
installations, including capacity, operational status, and installation dates. Figure [3]illustrates an example of the global installation
capacity distribution as of 2018. This kind of data is crucial for understanding the global distribution, capacity and impact
of PV systems. Accurate PV location data assists in managing generation intermittency, assessing climate change mitigation
efforts, and identifying potential land-use conflicts with biodiversity and conservation priorities [70].

Collecting PV location data primarily involves processing remote sensing imagery to detect and classify installations [[71],
[72]. This approach allows for the extraction of detailed geospatial data, including precise location, size, and installation type.
Advances in machine learning, particularly deep learning models like UNet, have greatly enhanced the accuracy and scalability
of PV inventories derived from satellite imagery [73].

A. Data Sources

This subsection reviews four key PV location data sets, including country-specific PV sites in the US and UK, global PV
installations, and a rooftop PV database. Table [[II] provides an overview of these data sets.
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Fig. 3. Visualization map of global PV installation capacity by 2018. (a) Worldwide PV installation (b) US (c) Europe (d) Asia. Figure generated using the
data from [[74]

1) US PV sites: The Lawrence Berkeley National Laboratory (LBNL) and the United States Geological Survey (USGS)
have published the “United States Large-Scale Solar Photovoltaic Database” (USPVDB) [75] which documents 3,699 ground-
mounted large-scale solar photovoltaic (LSPV) installations in the United States, with a total rated capacity of 55,156 MWAC [76].
This data set covers facilities in 47 states and the District of Columbia, providing georectified polygons and detailed attributes
such as geographic coordinates, land area, operational year, power technology, and capacity. The data is accessible in multiple
formats (CSV, XML, GIS shapefile, GeoJSON) and through an interactive web application [77].

2) UK PV sites: Queen Mary University of London (QMUL) and the Alan Turing Institute, in collaboration with Open
Climate Fix Ltd. and the University of Sheffield, have published a data set [78] comprising over 260,000 PV installations
across the UK [79]. This data set covers an estimated 86% of the country’s total capacity, with mapped installations totaling
10.66 GW or 13.93 GW when inferred capacities are included. The data provide geographic details and metadata for each
installation, including coordinates, capacity, installation type, and surface area. The data is available in CSV and GeoJSON
formats.

3) Global PV sites: The University of Oxford and Descartes Labs Inc., in collaboration with the World Resources Institute,
have published a data set [70] of global PV installation sites [74]. This data set documents 68,661 commercial, industrial
and utility-scale PV installations worldwide, each with a nameplate capacity exceeding 10 kW, estimating a global installed
generating capacity of 423 GW as of the end of 2018. Each installation is associated with metadata including coordinates,
capacity, installation date, land cover, and proximity to protected areas. The data is available in CSV and GeoJSON formats,
as well as via an interactive web application [80].

4) PV Rooftop Database: NREL has published two databases of rooftop PV sites. The first data set, Photovoltaic Rooftop
Database (PVRDB) [81]], is a geospatially resolved lidar-derived data set of suitable roof surfaces and their PV technical
potential for 128 metropolitan regions in the United States. The PVRDB data are organized by city and by year of lidar
collection. The second one, PV Rooftop Database for Puerto Rico (PVRDB-PR) [82], collects additional data of PV suitable
roof surfaces for 96% buildings in Puerto Rico.



Platform Data set Ref | URL Size Spatial coverage Temporal coverage Remark
LBNL USPVDB [76] |1751 3,699 ground- | 47 US states plus the dis- | 1986 - current Interactive web application avail-
mounted trict of Columbia able [77]
facilities;
55,156 MWAC
capacity
QMUL UKPVGeo [781 |1791 over 260,000 | 86% capacity across UK | N/A - 2020
PV installation
sites
Oxford Uni- | Global [74] |[70] 68,661 PV in- | World wide N/A - 2018 Interactive web application avail-
versity inventory stallation site able [80]
NREL PVRDB N/A |[81] N/A 128 metropolitan regions | 2006 - 2014 rooftop data
in the US
NREL PVRDB-PR N/A |182] N/A PV suitable roof sur- | 2015 - 2017 rooftop data
faces for 96% buildings
in Puerto Rico

TABLE TII
OVERVIEW OF PV LOCATION DATA SETS.

B. Data processing tools and models

Most research in this area focuses on constructing PV installation data sets rather than performing post-modeling analyzes on
the data. The locations of PV installation can be determined from Google Maps [83] or OpenStreetMap [84]. To streamline the
collection and processing of PV location data, researchers increasingly rely on automated processes that integrate remote sensing
technologies, such as LiDAR and high-resolution satellite imagery, with computer vision models such as convolutional neural
networks (CNNs) for detecting and classifying PV installations. This section reviews two automated pipelines for building
large-scale data sets of rooftop and ground-mounted PV installations. The tools and models are summarized in Table
Other tools or models that are used to process satellite images, but are not designed primarily to construct location data sets,
will be reviewed in Section [V]

Kruitwagen, et al., developed a machine learning pipeline to map commercial, industrial, and utility-scale PV installations
worldwide using high-resolution satellite imagery [74]. The pipeline employs CNNs in the UNet architecture to process and
locate PV installations from Sentinel-2 and SPOT6/7 imagery, effectively identifying the presence and spatial arrangement
of PV panels. Recurrent neural networks (RNNs) are used in the second stage to analyze time-series data derived from the
imagery, helping to filter out false positives and estimate installation dates. This pipeline is implemented in Python and is
available online [85].

The second pipeline, “URSUS-PV,” developed by Rodriguez-Gémez, et al., uses LiDAR data to estimate rooftop solar
installations in urban areas [86]. Semantic segmentation techniques are applied to extract roof characteristics such as orientation,
inclination, and area from LiDAR images, which are then combined with meteorological data to predict PV energy production.
The tool estimates both the next-day hourly production and the long-term average solar energy potential for selected urban
areas. Written in R, this tool is available on GitHub [87], and while it also supports a web-based dashboard [88]], the dashboard
is currently nonfunctional.

C. Insights

Comprehensive PV location data sets are critical for understanding the global distribution, capacity, and future installation
trends of PV systems. To accurately and automatically detect installation sites, large-scale annotated data sets are essential for
training machine learning models. The data sets reviewed here provide detailed geospatial information on PV installations,
which will be vital for developing more advanced models as computer vision technology evolves. Improved models will also
facilitate timely updates of the installation distribution maps, addressing the issue of outdated data in the current maps. Future
projects could leverage PV installation data to analyze correlations with socioeconomic factors or urban planning metrics, grid,
distribution, and load planning, and to predict PV system degradation in specific areas. In addition, ML can be developed to
directly predict solar energy potential from satellite or LiDAR images by integrating geospatial and meteorological data.

IV. PERFORMANCE DATA

PV performance data is used for evaluating the efficiency, reliability, and overall behavior of solar energy systems under
various environmental conditions. This section reviews open data sets related to PV performance, focusing on two main types:
production data and current-voltage (I-V) characteristics data.

Production data provides insights into the actual power output of PV systems over time, facilitating the assessment of
performance degradation, shading impacts, soiling, and other real-world conditions. These data are essential for short-term
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Owner Data set Ref |URL Size Spatial coverage Temporal cover- | Remarks
age
NREL PVDAQ N/A |[89] 158 PV systems 158 sites in the U.S. 1 - 29 years Experimental and commercial
PV sites
Elia Group Elia Open | N/A |[90] 12 PV produc- | Belgium, Germany 2018 - 2024 Data platform
Data platform tion data sets
BOKU Chile GCPV |192] 103 PV systems Chile 2014 - 2018 Capacity factor
database
INESC TEC solar  power |194] 44 household PV | Portugal 2011 - 2013 Hourly time series
data sets units
UCsSD Micro  grid 125 26 PV plants San Diego, US 2015 - 2020 Real AC power
data sets
CWRU/UCF SunSmart N/A |[96] 90 PV systems Florida, US 2012 - 2016 Time series
CWRU/Sandia | DOE-RTC N/A |[97] 8 PV Systems of | Albuquerque, Denver, | 2014 - 2019 Minute-by-Minute time-
c-Si Las Vegas, Orlando interval data, with Ground and
Satellite based weather.
ARENA Yulara Solar | N/A |[98] 5 PV systems | Australia 2016 - 2024 used in
Project (22.6 - 1058.4
kW)
DKASC Alice Springs | N/A |[100] 38 PV systems | Australia 2009 - 2024 Higher resolution data may
system (2 - 10.5kW) also be available on request,
used in
Standford Stanford [T02] |[T03] 30.1 kW PV sys- | California, US 2017 - 2019
Benchmark tem
ABLE IV

OVERVIEW OF PRODUCTION DATA SETS.
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Fig. 4. Visualization of production and IV curve data and their applications.

performance analysis and long-term yield predictions, which are critical for optimizing system design and maintenance
strategies.

I-V curve data offer a more detailed view of the PV module performance by depicting the relationship between current
output and voltage under varying irradiance and temperature conditions. The analysis of the I-V curves provides valuable
information about the maximum power point and other critical operating points of the module, as well as potential problems
such as cell mismatch or partial shading.

A. Data sources for production data

PV production data, particularly related to electrical characteristics, involves monitoring current and voltage (DC or AC)
throughout the system to evaluate performance. These measurements are critical for calculating the power output, which
reflects the energy production capacity at any given time. Analyzing these data helps maintain optimal system operation, detect
performance issues, and diagnose system faults.

A summary of the production data available on the major platforms and individual data sets is presented in Table [[V]

1) Photovoltaic Data Acquisition (PVDAQ) Public Data sets: The NREL PVDAQ [89] is a large-scale time series database
that contains system metadata and performance data from various experimental and commercial PV sites. These data sets are



Owner Data set Ref |URL Size Spatial coverage Temperoal coverage Remark

NIST NIST PV testbed N/A [51] 6 reference mod- | Maryland, US 2015 - 2018 For roof, parkinglot, and
ules groudn PV installations

Sandia PV lifetime Mod- | N/A |[106] 916 modules NM, CO, FL, US | 2016 - now mono/multi-c-Si, HIT PV

ules module
NREL Performance 11071, [108] 11 modules CO, US 2011 - 2014 mono/multi-c-Si, CdTe,
model validation |[109] CIGS, a-Si, HIT PV

module

TABLE V

OVERVIEW OF DATA SETS FOR IV CHARACTERISTICS.

commonly used for ongoing performance and degradation analyzes, addressing factors that impact PV performance, such as
soiling and other environmental conditions.

2) Elia Open Data platform: The Elia Open Data platform [90], managed by the Elia Group, provides public access to
extensive data on electricity grid and market operations in Belgium and parts of Germany. The data are available in multiple
formats (CSV, JSON, XML). The platform offers tools for data access and visualization.

3) Chile GCPV database: The University of Natural Resources and Life Sciences, Vienna (BOKU) has published a
database [91] that includes hourly capacity factors (values O to 1) for 103 large PV installations in Chile. These factors,
derived from official sources and simulated using “pvlib” with ERAS5-land and MERRA-2 reanalysis data, cover the period
from 2014 to 2018. Simulations were performed under two system assumptions: a “fixed” system with optimal north-facing
orientation and latitude-based inclination, and a horizontal single-axis tracking system with backtracking.

4) INESC TEC solar power data sets: The Institute for Systems and Computer Engineering, Technology and Science
(INESC TEC) data set [93] contains hourly time-series data of electrical energy from 44 small household PV units, with
installed capacities ranging from 1.1 to 3.7 kWp. This data, collected via smart meters at 15-minute intervals, was used in the
“FP7 SuSTAINABLE” project.

5) UCSD micro grid data sets: The UC San Diego (UCSD) microgrid [93]] consists of 26 PV plants on campus, where
solar inverters operate at unity power factor according to the 2003 IEEE 1547 standard. The data set includes real AC power
generation data for the PV plants, which can be downloaded from the supplementary materials of their paper [93].

6) CWRU/UCF OSF SunSmart Schools data set: This data set originates from Florida’s SunSmart Schools program [104],
which installed 10 to 12 kW PV + battery systems in public schools to reduce energy costs and enhance resiliency when used
as emergency shelters. The data includes 30 systems, each equipped with three PV arrays, and provides PV and battery DC
current and voltage measurements, along with other relevant metrics.

7) DOE RTC Baseline System: The Department of Energy funds several Regional Test Centers (RTCs) [[L05] across four
locations in the US: Albuquerque, NM (Sandia), Denver, CO (NREL), Las Vegas, NV (Sandia) and Orlando, FL. (UCF/FSEC).
These sites provide high-resolution (1-minute interval) performance data from identical c-Si systems, which are maintained to
isolate the effects of different climates. These high-quality data are useful for model validation and development.

B. Data sources for I-V characteristics

I-V curve data sets typically fall into two categories: laboratory (indoor) measurements and in-situ (outdoor) measurements.
I-V curves demonstrate the diode behavior of PV modules and provide valuable insight into sources of power loss, such as
internal degradation and external factors such as non-uniform shading. These data sets can also be used for production modeling
to predict how a module will perform under specific irradiance and temperature conditions.

Since actual module performance may deviate from nameplate values, I-V curves measured at various irradiance and
temperature conditions are used to generate PAN files for PVSyst or to fit the Sandia Array Performance Model (SAPM).
These models enable for more accurate performance simulations for specific PV systems.

One of the most widely used databases for PV module performance characteristics is the California Energy Commission
(CEC) PV Module Database [[110], which lists nameplate values for key performance metrics under standard test conditions
(STC) and nominal module operating temperature (NMOT), along with temperature coefficients. The CEC database is regularly
updated and integrated with tools such as the System Advisor Model (SAM) and pvlib-python.

In some cases, only the I-V parameters are reported rather than full I-V curves. These parameters can include the full single-
diode model variables (I, Iy, Rs, Rsn, nINsVip,) or more basic parameters such as short-circuit current (/g¢), maximum
power current (I7p), open-circuit voltage (Vo ), maximum power voltage (Vs p), series resistance (R;), and shunt resistance
(Rsp)- It is important to note that R, and Ry, are typically fitted with the single-diode model, while in basic models they are
estimated from the slopes of the I-V curve near Voo and Igc, respectively.

Here, we review publicly available I-V data sets, including full curves and parameter data, for both laboratory and in-situ
measurements. These data sets are summarized in Table [V]



1) Laboratory (indoor) I-V data sets: Although I-V curve measurements are commonly conducted in PV test labs, high-
quality public data sets for laboratory I-V characterizations are relatively rare. Laboratory I-V measurements are typically
conducted under STC (1000 W/m?2, 25 °C), or across a range of irradiance and temperature values. Most laboratory setups
use flash testers, which emit a brief pulse of light at the desired intensity, and the I-V curve is recorded by modulating the
panel voltage and measuring the current response during the pulse. -V curves may also be derived from measurements such as
Suns-Voc [111], which provides a curve that is independent of series resistance. This can be useful for measuring the impacts
of accelerated aging on other parameters, although Suns-Voc measurements are not widely published.

Steady-state solar simulators, while less common, can also be used. Solar simulators are rated based on the IEC 60904-9:2020
standard, with classifications ranging from A to C, depending on their performance in spectral matching, spatial uniformity,
and temporal stability.

Often I-V curves are taken to verify initial performance of modules compared to nameplate values, and/or at various time
steps in the module’s life to identify degradation mechanisms and quantify power loss.

Laboratory I-V curves are often used to verify initial performance relative to nameplate values or to monitor degradation
mechanisms by periodically testing the same module over its lifespan, either for fielded modules or those undergoing accelerated
aging (e.g., damp heat or thermal cycling).

The Sandia National Laboratories PV Lifetime project [[106] has released laboratory characterization data for 12 module types,
including I-V curves and resulting PAN files, following the IEC 61853-1 and 61853-2 standards. However, few comprehensive
flash-test I-V data sets exist online, limiting their availability for machine learning applications.

2) In-Situ (outdoor) I-V data sets: In-situ I-V measurements, conducted outdoors on PV modules and systems, are less
common than lab-based tests, but advances in irradiance and performance monitoring tools make these data more accessible.
Module-level I-V tracers are now marketed for bifacial single-axis tracking PV arrays, which enable more effective irradiance
monitoring [[112]. In-situ I-V data is collected under ambient temperature and plane-of-array (POA) irradiance, and accurate
analysis requires corresponding meteorological data, including measured or modeled module temperature and global horizontal
POA irradiance.

An example of the in-situ I-V data set is the “Data for Validating Models for PV Module Performance” [109]] from NREL,
which provides approximately one year of time-series I-V and meteorological data for 11 PV modules of various technologies
across three locations: Cocoa, FL; Golden, CO; and Eugene, OR [107]], [108]. NIST has also built up an open-source online
data platform, where the time-series I-V curve data from 6 reference modules can be downloaded here [51]].

3) Synthetic I-V data: Some researchers have also developed synthetic I-V data sets for training and testing machine
learning algorithms [113]], [[114]], [L15]. These synthetic I-V curves are typically generated using the single-diode model or
other electrical models to simulate performance under different degradation scenarios or system faults. However, these data
sets are not widely published, with only the work by Hopwood [[113]] providing tools for generating synthetic data publicly.

C. Data processing tools and models

Common methods for processing PV performance data include time correction, clear-sky detection, outlier detection, and
I-V curve correction. Time correction ensures consistency by adjusting for daylight savings, time zones, and offsets [116].
Clear-sky detection identifies cloud-free conditions using algorithms or sensors, allowing high-quality data to be filtered for
analysis [117]]. Outlier detection is critical for identifying abnormal data points that deviate from expected patterns, using
statistical methods or machine learning algorithms to ensure data quality [L18]]. Time-series production data have been widely
studied for power forecasting, with machine learning models such as artificial neural networks (ANNSs) [119] and long short-term
memory (LSTM) networks [120] commonly applied.

For field-measured I-V curves that are typically recorded under varying environmental conditions, correction to STC is
essential for consistent analysis [121]. In addition, extracting key parameters from I-V curves is a common requirement. A
summary of open-source tools used for these data processing tasks is presented in Table [VI[ where each tool may support
multiple functions.

D. Insights

Performance data is one of the most readily available types of PV data, but several common issues persist in the published
data sets. A major issue arises from maintenance activities and configuration changes that occur over the years during field
operation, such as system shutdowns, sensor replacements, or panel removals. These events are frequently undocumented in the
data set, leading to “outliers” that require manual verification and correction if analyzed under the assumption of the original
system configuration.

Another significant challenge is the lack of essential metadata in some data sets. Without key information such as PV module
specifications, system configuration details, or the types of weather data recorded, it becomes more difficult to accurately analyze
and interpret the performance data. The absence of such metadata can hinder the ability to draw reliable conclusions.

In most cases, production data reflects the maximum power point (MPP) on the I-V curve, making it possible to correlate
the two types of data. Tools like PV-Pro can reconstruct I-V curves from production data, enabling more detailed performance
analysis.



Function Tool name Ref |[URL Data type Remarks
Time correction solar-data-tools N/A|[122] Time-series data
Time correction pvlib [116]|[123] Time-series data
Clear sky detection pvlib [116]|(123] Time-series power and weather data
Clear sky detection solar-data-tools N/A|[122] Time-series weather and production
data
Clear sky detection Rdtools N/A|[124] Time-series power and weather data Based on a multi-step clear sky work-
flow
Outlier detection Rdtools N/A|[124] Time-series power and weather data Remove outages and outliers
Outlier detection PV-Pro [30|1125] Time-series weather and production | Detect outliers based on current vs irra-
data (DC voltage, current) diance, voltage vs temperature
I-V curve correction Pdynamic [1210][126] I-V curves Applicable for degraded PV modules
Parameter extraction ddiv (Data-driven I- | [127]][127] I-V curves Quantify I-V features including steps
V feature extrac-
tion)
Parameter extraction Suns-Voco [128]| (1291 Time-series I-V curves Quantify degradation and power loss
Modeling SolarSpatialTools (1300|1311 Cloud motion Python package for spatial solar energy
analysis
Power forecating Analytics-project [1190](132] Time-series power and NWP data ANN model for power forecasting

TABLE VI
OPEN-SOURCE TOOLS FOR PROCESSING PERFORMANCE DATA (PRODUCTION OR I-V CURVE DATA).

V. IMAGE INSPECTION

This section reviews open data sources and processing tools for various imaging techniques used in PV system evaluation. We
cover data sets containing visual / satellite, Electroluminescence (EL), Photoluminescence (PL), Infrared (IR) and Ultraviolet
Fluorescence (UVF) images. Examples of these images are shown in Figure [5(a).

Early detection and replacement of PV modules with defective cells are essential to avoid significant energy losses and
mitigate potential safety hazards. To maintain optimal performance, fast and reliable evaluation methods during and after
module production are critical. Imaging techniques, often used alongside I-V curve measurements, are commonly employed
to detect defects in PV modules. Figure 5(b) and Table summarize some common failure modes and related imaging
techniques that can be applied [133]], [[134].

Imaging offers several advantages for PV system evaluation, such as non-destructive testing and rapid data acquisition.
Techniques such as IR imaging allow for inspection even during normal PV system operation. Recent advances in machine
learning and drone technology have further improved the efficiency and accuracy of these inspections, reducing the need
for human intervention. For example, object detection models have been developed to automatically locate defective cells in
images [6], [7], [135], [136]. Furthermore, quantitative information such as power output predictions can be derived from EL
images, providing deeper insights into system performance [137].

A. Data sources for Visual/Satellite images

Visual inspection is a common method for detecting defective modules in the field, traditionally performed by personnel
on the ground. In recent decades, this method has evolved with the use of unmanned drones, providing a bird’s-eye view of
installations [[141]. While drones can be integrated with more sophisticated inspection methods, the most cost-effective approach
is ordinary visual inspections, as they do not require special cameras. Visual images can detect many types of failures, as
listed in Table However, some faults are difficult to detect visually, making techniques such as EL, PL, or IR imaging
more effective, although at a higher cost due to the need for specialized equipment or labor. For example, taking EL images
requires disconnecting and polarizing the modules in a string. In addition, visual inspections can reveal issues beyond the
modules themselves, such as racking or tracker failures. Currently, there are no known open-source databases of drone-based
aerial images of solar fields to our knowledge.

A growing trend in visual inspections is the use of satellite imagery [142]. Satellite images have been employed in multiple
studies [74]], [143, [144], [145], [146], [147], enabled by freely available images from sources such as Google Maps, which
can be accessed using the Maps static API [83]. These images have a sufficient resolution to detect solar modules [142],
although the time resolution of the images is not consistent. Depending on the location, it ranges from three months to a year.

Annotated data sets are essential for detecting solar modules in satellite images using deep learning methods [142]]. One
such publicly available training set was obtained using Google Earth Engine and is described in [148], with the data accessible
on Zenodo [140]. Other satellite image data sets used for training models include those for DeepSolar++ [143] and PV
Identifier [[73]. The DeepSolar++ data are available on GitHub [149]], and the PV Identifier uses a labeled data set of solar
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PV component | Failure mode Imaging technique
Cracking EL, PL, UVF
Solar cell Hotspot EL, PL, IR, UVF
Contact disconnection EL
Yellowing Visual, UVF
Encapsulant
Delamination Visual, UVF
Delamination Visual
Backsheet
Cracking Visual
Front glass Breakage Visual
Frame Breakage Visual
Breakage, hot, poor sealing | Visual
Junction box Hot IR
Poor sealing UVF
Breakage Visual
Connector
Hot IR
Rack Breakage (wind) Visual
Tracker Breakage (wind), stall Visual
TABLE VII

OVERVIEW OF FAILURES AND IMAGE INSPECTION TECHNIQUES.

modules in 600 satellite images and are available here [150]. Training data for the Global PV Inventory [74] is also available
on Zenodo [70], and a data set to detect mounting configurations from NREL [131], is available on the DuraMat
DataHub [152].

B. Data sources for EL images

PV cells primarily function by absorbing light and converting it into electricity. According to the reciprocity principle, the
reverse process is also possible, allowing EL imaging. The EL technique involves applying a direct current to a PV module
and capturing the emitted photons with an infrared-sensitive camera. EL imaging is highly effective for detecting microcracks
and other defects in the cell material, helping to identify and address faults in PV modules.

To capture EL images, solar modules are typically set under forward bias in a dark environment, and an EL camera is
used to collect luminescence. Cameras equipped with silicon charge-coupled device (CCD), complementary metal oxide-
semiconductor (CMOS), or InGaAs sensors are positioned perpendicular to the module surface to prevent distortions such as
perspective errors. Long lenses help minimize lens or fisheye distortion, and long-pass filters (usually 850-1050 nm) isolate
the signal from background noise. Emerging technologies also allow for in-situ EL imaging during daylight [153].



Platform | Data set Ref |URL Size Indoor/Outdoor | Module Info Remark
LBNL Crack [1540|[155] 1,837 cell images with anno- | Indoor Mono/poly-c Contain pixel-level annotations
segmentation tated masks; cells; for crack segmentation
400 x 400 pixels / image Various busbars
NREL DMX [156]|[157] 146,226 time-series cell im- | Indoor Poly-c cells Study crack evolution through
ages; millions of small cycles
640 x 512 pixels / image
EPRI PREDICTS2 [158]|N/A 108 images from 36 mod- | Both Poly-c cells Data collected before and after
ules with I-V; aging test, and after field expo-
3408x1704 pixels / module sure;
image; Contain flash test data at each
284x284 pixels / cell image time step
Sandia EL for VAE N/A |[159) 1,180 cell masks with anno- | N/A N/A Crack mask only
tated masks;
400 x 400 pixels / image
PVEL- N-type field | N/A |[160] N/A Outdoor Half-cut cells; Cracked cells after field aging;
KIWA aging Multiple Contain flash test data
busbars
FAU ELPV [161|[162] 2,624 cell images with class | Indoor Mono/poly-c Used for classifying damage lev-
labels; cells els
300 x 300 pixels / image
FAU ELPVPOWER | [137]|[163] 718 module images with I- | Indoor Mono/poly-c Used for predicting the opera-
V; cells tional maximum power
900 x 1500 pixels / image
Beihang | PVEL-AD [164]|[165] 36,543 cell images with an- | Indoor Poly-c cells Contain bounding box annota-
notated bbox; tions for object detection
1, 024 x 1, 024 pixels / im-
age
Wits Benchmark [166]|[167] 1,266 cell images with anno- | Indoor Mono/poly-c Contain pixel-level annotations
EL tated masks; cells for 24 different objects
2,573 cell images without
annotations;
512x512 pixels / image
UCF EL-Defect [8)|[168] 17,064 cell images with an- | Indoor Mono/poly-c Contain pixel-level annotations
notated masks; cells for 5 objects
400 x 400 pixels / image
PERL TF-PV [169]|[170] 6,000 module images with I- | Indoor CIGS module Contain flash test data
A%
CWRU Damp heat | N/A|[171] 1028 cell images with class | Indoor Mono/poly-c Study indoor damp heat exposure
EL labels cells
250 x 250 pixels / image
TABLE VIIT

OVERVIEW OF EL IMAGE DATA SETS.

EL image data sets typically include raw images, annotations (if used to develop computer vision models), and module
information, such as silicon type and cell configuration. The EL data sets discussed in this section are summarized in Table

1) LBNL crack segmentation EL: LBNL has published a crack segmentation data set [[172], [155] containing 1,837 annotated
EL images of individual solar cells. This data set was used primarily to train semantic segmentation models [154]]. Cell
images, with a resolution of 400x400 pixels, include various types (monocrystalline and polycrystalline silicon) and busbar
configurations. Pixel-level annotations classify images into five categories: “background”, “crack”, “cross crack”, “busbar”, and
“degradation area”, stored as binary masks. The data set also includes 576 module images from which the cell images were
cropped. All images and annotations are in JPEG format.

2) NREL time-series EL: NREL has published a time-series EL data set [[157] that contains 146,226 cell images, in order to
study the long-term degradation of cracked cells. These images were collected from a single cell in a polycrystalline module
under dynamic mechanical acceleration (DMX) aging tests, simulating wind-driven pressure cycles [156]]. The data is organized
by four pressure levels (10 Pa, 30 Pa, 100 Pa, and 300 Pa), with one million cycles conducted at each level. EL images were
taken throughout the testing process, with a resolution of 640x512 pixels.

3) EPRI accelerated aging test EL: The Electric Power Research Institute (EPRI) has released a data set [173], [158]
that contains 108 module images collected from 36 polycrystalline modules at three time points in the project: “Physics of
Reliability: Evaluating Design Insights for Component Technologies in Solar 2” (PREDICTS?2) [174]. The data set includes EL
images taken before and after the standard IEC 61215 aging tests [[175] and after field exposure. Both original and processed
(perspective-corrected) module images are available, with resolutions of 34081704 and 284 x284 for individual cell images.
The flash test I-V parameters corresponding to the EL images are also included.
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Platform Data set Ref |[URL Size Indoor/Outdoor | Module Info Remark

Raptor InfraredSolarModules [178] |[177] 20,000 cell images with | Indoor Half-cut cells Contains class labels of 11
Maps Inc. class labels; different anomalies
24 x 40 pixels / image
University Solar panel infrared | [180] |[I81] | 67 module images with | Outdoor Mono-c cells Contain bounding box an-
of Valle images annotated bbox; notations for object detec-
336 x 256 pixels / image tion
TABLE IX

OVERVIEW OF IR IMAGE DATA SETS.

4) Sandia crack EL for VAE: SNL provides a data set [159] of 1,180 crack mask images, extracted from EL images. The
images, with a resolution of 400x400 pixels, were segmented using a retrained version of the PV-Vision model [172], [154],
and are stored in TIFF format.

5) University of Erlangen—Nuremberg (FAU): The University of Erlangen—Nuremberg (FAU) has published two EL data sets:
“ELPV” and “ELPVPOWER”. The ELPV data set [[173] contains 2,624 grayscale images (300x300 pixels) of monocrystalline
and polycrystalline cells from 44 different solar modules, classified into four damage levels [161]], [4]. The ELPVPOWER data
set [[176] includes 718 module images (900 x 1500 pixels), with measured maximum power (P,,;,) values for each module [[137]].

6) Beihang PVEL-AD: Beihang University has published a data set called "PVEL-AD” [165]], developed during research
on defective cell detection [164]]. This data set contains 36,543 cell images, each with a resolution of 1024 x 1024 pixels. It
includes annotations for 21,044 defects, classified into eight classes such as “linear crack”, “star crack”, “finger interruption”
and “black core”. Additionally, 4,148 images are labeled with two cell-level classifications: “misalignment” and “material”.
These cell images are stored in JPEG format, and the annotations are provided in XML files.

7) Wits Benchmark EL: The University of Witwatersrand, Johannesburg (Wits) has released a data set [[L67]] containing 1,266
labeled and 2,573 unlabeled cell images for semantic segmentation [166]. These images, with a resolution of 512x512 pixels,
are cropped from monocrystalline and polycrystalline silicon modules. The pixel-level annotation masks cover 24 different
classes. The labeled data are provided in two batches, with 582 cell images in the first batch and 684 in the second. All images
and corresponding annotations are in PNG format.

8) UCF-EL-Defect: The University of Central Florida has published a data set called “UCF-EL-Defect” [[168], used for
semantic segmentation [8]]. This data set contains 17,064 cell images, cropped from monocrystalline and polycrystalline silicon
modules, with annotation masks for ten categories. Due to class imbalance, some categories are grouped into five broader
classes: “background”, “crack”, “contact”, “interconnect”, and “corrosion”. The images are around 400x400 pixels, stored in
JPEG format, and the annotation masks are provided in PNG format.

9) PERL TF-PV: The IEK5-Photovoltaik Forschungszentrum Jiilich has published a data set [170] with 6,000 CIGS module
images and corresponding I-V data [[169]].

10) CWRU: The SDLE Research Center at CWRU has published a data set [171]] entitled “Electroluminescent (EL) Image
Dataset of PV Module Under Step-wise Damp Heat Exposures”. This data set is part of an indoor damp heat exposure project,
where modules were cut into cells and labeled as “Good”, “Cracked”, or “Corroded”. EL images were taken every 500 hours
during a 3,000-hour exposure, with 60 cell images captured at each step. The primary failure mode in this data set is heavy
corrosion, with some minor cracking in a few cells.

C. Data sources for IR images

IR thermal imaging detects radiation emitted by a surface in the infrared wavelength, providing a temperature distribution
across the surface. IR images are commonly used for detecting hotspots, electrical disconnections, and short-circuited cells in
PV modules.

Data sets containing IR images are summarized in Table

1) Raptor Maps: Raptor Maps provides one of the largest open-source infrared image data sets for solar module inspec-
tion [[177]. These images, captured by unmanned aerial vehicles, are low-resolution (24 x40 pixels) with a pixel size that varies
from 3 to 15 cm per pixel. The images are labeled into 12 categories, including cracked cells, soiling, and vegetation blockage,
among others [[177], [178]. The data is available for download as a zip file, with accompanying metadata in a JSON file. The
JSON structure and instructions for data access are provided in the Raptor Maps repository [177], [178]. This data set is well
suited for developing image classification pipelines using CNNs to detect anomalies in solar panels.

2) University of Valle: The University of Valle in Colombia has released a data set titled “Solar Panel Infrared Images”,
consisting of 67 grayscale infrared images of solar panels [179]. The images, which include defects such as snail trails and
hotspots, are available for download [180]. The data set is organized by acquisition date, with each folder containing the
IR images collected that day. An annotated version of this data set, with bounding boxes marking detected defects, is also
available [181].



Platform Data set Ref |URL Size Indoor/Outdoor Module Info Remark
KIT Perovskite PL [183] |[184] 1,129 cell images with I-V; Indoor Perovskite cells Contain flash test re-
65 X 56 pixels / image sults
NREL Field PL N/A |[183] 856 module images; Outdoor Half-cut cells
4056 x 3040 pixels / image
TABLE X
OVERVIEW OF PL IMAGE DATA SETS.
Platform Data set Ref |[URL Size Indoor/Outdoor | Module Info Remark
Southern OpenUVF (1900 |(138] 50 labeled module images; Outdoor Over 20 distinct mod- | Contain bounding box
Company 100 unlabeled module images; ule models from over 8 | annotation for defect
3,000 labeled cell images; manufacturers detection
21,600 unlabeled cell images
BrightSpot Inspection N/A |[191] 33 entries Outdoor Different modules of | See table at the bottom
Automation 30 unique make-model | of the webpage
combinatoins
UCF UVF in | [188] |[192] 2,989 module images Outdoor 7,190 modules of 26 | Covers 3 climate re-
Field unique make-model | gions
combinations
TABLE XI

OVERVIEW OF UVF IMAGE DATA SETS.

D. Data sources for PL images

PL imaging uses optical excitation to capture images without requiring electrical connectivity to the module. Cameras with
InGaAs detectors are commonly used to capture emitted light. PL imaging is effective for detecting cracks, snail trails, and
EVA degradation in PV modules [182]]. In addition, PL can help determine the power output of PV modules.

Data sets containing PL images are summarized in Table [X]

1) Karlsruhe Institute of Technology (KIT): The Karlsruhe Institute of Technology (KIT) has published a PL image data set
of perovskite cells to address the scalability challenges in perovskite fabrication [183]. This data set is hosted on Zenodo [184]
and can be downloaded in HDF format from [186]. The data set includes 780 solar cell images for training and 349 images for
testing. The target variables for training include metrics such as power conversion efficiency, open-circuit voltage, short-circuit
efficiency, and fill factor.

2) NREL field PL: NREL has published a PL image data set on DuraMat Datahub [185] for field-aged modules, which
includes 856 images of half-cut cells. The images are stored in JPEG format, with a resolution of 4056 <3040 pixels.

E. Data sources for UVF images

UVF imaging provides a high-throughput, non-intrusive method to inspect PV modules in the field. UVF images are typically
captured at night to minimize interference from solar radiation and are often collected using unmanned aerial vehicles (UAV)
or locally mounted monopod systems.

PV modules contain polymer encapsulants with some additives fluorescing under UV light. EVA, the most commonly used
encapsulant material, releases fluorophores as it degrades. UVF imaging can reveal cell defects (e.g., fractures, delamination,
cracks beneath busbars), differences in materials, and issues with edge and junction box sealing [187], [188].

The UVF data sets introduced in this section are summarized in Table X1l

1) Southern Company OpenUVF: Southern Company has developed a large UVF data set as part of the DuraMAT initiative,
available alongside the OpenUVF software on GitHub [[189]], with the data set hosted on Dropbox [[138]. This data set includes
50 labeled module images, 100 unlabeled module images, 3,000 labeled cell images, and 21,600 unlabeled cell images, all
in PNG format. The primary goal of this data set is crack detection in individual cells, and detailed methods are described
in [190].

2) UCFE, CWRU and Brightspot: UCF, CWRU, and BrightSpot Automation have jointly published a UVF image database
containing 2,989 images representing 7,190 modules across 26 unique make-model combinations [[192]. These modules are
installed in Florida, Ohio, and Massachusetts, with all images provided in JPG format.

F. Data processing tools and models

Image data provide valuable information on solar module health, which can be harnessed with appropriate processing methods.
The tools for pre-processing and analyzing these images enable enhanced visualization and facilitate automated tasks, such as
perspective transformation [193], [194]. Key tasks in processing these images include cell classification, defect localization,
object segmentation, and power prediction. This section introduces tools and models designed for processing the image data
sets mentioned above. A summary of these tools is provided in Table



Function Tool / Model Ref |URL Data I/O Remark
EL - image pre- | PV-Vision N/A |[193] Input EL images of original modules; Automate background removal, module align-
processing Output well-aligned module images or cropped | ment and cell cropping;
cell images Handle ML models
EL - image pre- | PVimage N/A|[194] Input EL images of original modules; Remove barrel distortion, reduce noise, remove
processing Output well-aligned module images or cropped | background, align modules and crop cells
cell images
EL - defect lo- | PV-Vision [136] |(193] Input EL images of aligned modules; Can detect cracks, solder disconnection, stria-
calization (YOLO v3) Output defective cell position and class with | tion rings, and intra-cell defects
bbox
EL - defect seg- | PV-Vision [154] |(193] Input EL images of cropped cells; Can segment crack masks and extract quantita-
mentation (UNet) Output object masks in pixel level tive crack descriptors
EL - defect seg- | Deeplab v3 + | [8] |[168] Input EL images of cropped cells; Can segment masks of nine objects including
mentation ResNeT-50 Output object masks in pixel level different types of cracks, interruptions, intercon-
nections, contact corrosion
EL - power pre- | ELPVPOWER [1371 |[176] Input EL images of aligned modules;
diction Output maximum operation power
PL - defect K-means [183] |[186] Input PL images of cells;
Output I-V parameters
UVF - defect OpenUVF [190] |(189] Input UVF images of original modules; Enable end-to-end processing that takes UVF
Output well-aligned module image and defects | photos of original modules and generate analy-
inside bbox sis report
Visual - module | DeepSolar [144] |[193] Input satellite images;
detection Output solar adoption trajectories (via seg-
mented module masks)
Visual - module | DeepSolar++ [143] |1149] Input satellite images; Compared to DeepSolar, DeepSolar++ also uses

detection

Output solar adoption trajectories (via seg-
mented module masks)

a diffusion model to understand PV adoption
over time

Visual - module

3D-PV-Locator

[196] |[197]

Input satellite and 3D building images;

Extract the module information from both satel-

detection Output segmented module masks lite image and 3D building image
Visual - module | PV global in- | [74] |[83] Input satellite images; Data collected until 2018;

detection ventory Output segmented module masks Also contains the installation capacity
Visual - module | PV identifier [731 |1731 Input satellite images;

detection Output segmented module masks

Visual - module | URSUS-PV [86] |1871 Input LiDAR images; For rooftop module image processing

detection

Output roof characteristic

TABLE XII

OVERVIEW OF TOOLS/MODELS FOR IMAGING DATA. SOME PREVIOUS STUDIES THAT DID NOT PUBLISH THE RELATED TOOLS/MODELS ARE NOT
SUMMARIZED IN THE TABLE BUT STILL REVIEWED IN THIS PAPER.

1) EL image preprocessing: The quality of solar module images taken in the field or laboratory is often affected by factors

such as lens and perspective distortion. In addition, the presence of vegetation, racks, or neighboring modules in the background
can complicate the localization of the target module. PV-Vision [193]] is a software tool developed to automatically preprocess
EL images, preparing them for analysis and model training. This tool includes features for background removal, module
alignment, and cropping, along with functions for model training and evaluation. The model weights retrained for cells with
thin busbars and multiclassification can be accessed here [159], with retraining and validation code available here [198]].

Another tool, PVimage [194], corrects barrel distortion, reduces noise, and removes irrelevant background data. After
detecting module edges, it applies a perspective transformation to uniformly orient and planarize the module image, which
can then be segmented into individual cells. Unlike PV-Vision, PVimage relies on classical image processing techniques rather
than machine learning. Although these tools were initially developed for EL images, their core algorithms can be adapted for
use with other imaging techniques, such as PL images.

2) EL defect identification: Numerous studies have focused on automatic defect identification using EL images, covering
cell classification, semantic segmentation, and defect detection. Beyond image preprocessing, PV-Vision also supports pipelines
for defective cell localization through object detection [136] and crack extraction via semantic segmentation [154]. The
model developed by Fioresi et al. [8] can differentiate between cracks, contact interruptions, cell interconnect failures, and
contact corrosion, using a Deeplabv3 model with a ResNet-50 backbone. This model is available on Github [168]]. Another
publication [137] comprises both EL images of the modules and the corresponding measured maximum power. This data set
was used to develop a fully connected neural network [[176] that can predict the maximum power of the module based on the
EL images of the modules.

Additional studies are also developing models for power prediction from EL images. Although these studies have yet to
publish related data or code, some notable projects include IEKS5-Photovoltaik Forschungszentrum Jiilich’s encoder-decoder



deep neural network for detecting shunts and “droplets” in CIGS module images, trained on 142 and 14 annotated images
for each defect [169]]. The code is available upon request. SNL is working on a variational autoencoder (VAE) for predicting
power loss from solar cell crack masks, with the code being released on GitHub [159].

3) IR tools: Currently we cannot find public models or tools for processing IR images. Some previous studies shown in the
following proposed workflows, such as IR image classification or object detection, but their codes are not publicly available.

Pierdicca et al. [199] analyzed 3,336 thermal IR images using CNN. Specifically, they trained images using the VGG-
16 network to categorize images as damaged or normal. To enhance model performance, they applied data augmentation
techniques, including rotating and flipping images. Niazi [200] analyzed 375 thermal IR images using a Naive Bayesian
classifier to categorize images into three classes. Feature extraction was conducted in Matlab, followed by principal component
analysis and classification using pattern recognition. Neither study has published its data or code.

Object detection techniques have also been explored in IR image processing. For example, Shihavuddin et al. combined
optical and IR images from their published data set [139] to detect defects using EfficientDet (D0-D5) and YOLO (v3-v5)
architectures [201]]. However, model overfitting was noted due to the small data set size, and while the data set itself is publicly
available, the models are not

4) PL tools: Several tools have been applied to analyze PL images in PV research. For example, Laufer et al. used K-means
clustering to predict I-V parameters based on an open-source PL data set [184], with a tutorial provided as a Jupyter notebook
on GitHub [186].

Gao et al. utilized a modified YOLOvS model to localize 13 defect types in silicon solar cells, though the code and model
weights are not publicly available [202].

Beyond defect detection, deep learning models have been employed to predict device parameters and losses in silicon cells.
Huang et al. used a neural network model with PL and EL images as input to estimate voltage and fill factor losses, showing
comparable results to Griddler mapping [203].

In another study, Hoffmann et al. captured 54 PL images with 2048-pixel resolution to investigate power loss in cells by
comparing them with reference EL images [137]. Using a CNN with ResNet18 architecture, they treated power loss estimation
as a linear regression problem and observed slight performance improvements when the model was pretrained on EL images
rather than on ImageNet data. However, the related code has not been published.

5) Visual tools: Deep learning applications for geolocating solar installations have been prominent in recent studies. For
example, Stanford’s DeepSolar [144], [204] has been used to analyze residential solar adoption trajectories, with model weights
accessible on GitHub [[195]. While the training and testing sets for DeepSolar are restricted, DeepSolar++[143] provides time-
lapse data and code on GitHub[149]. The same team has worked on validating 3D orientation detection of PV installations
using aerial imagery and the German PV registry [196], with code available on GitHub [197].

Kruitwagen er al. developed a global PV inventory of installations exceeding 10kW, using a similar approach for data
processing and analysis [[74], with code published here [85]. Additionally, the PV Identifier [[73] includes code as supplementary
material. PVNet is another segmentation model for PV sites from satellite images. Although PVNet data are on GitHub [205],
the model code itself has not been shared. The uses of these tools include energy prediction, planning, and land assessment,
as outlined in related publications [146]]. Studies also address pre-installation land use analysis [206] and specific installation
types such as floating PV [147], though without shared code or data.

Some other models detect building rooftops for potential solar capacity studies instead of detecting solar modules in satellite
imagery [207]], [208]. Their codes are not available.

6) UVF tools: UVF imaging in field inspections typically captures multiple modules per image. The low contrast from the
UV flash source complicates edge detection, making segmentation models essential for machine learning analysis.

OpenUVE, developed in TensorFlow, segments modules and cells and applies a segmentation model for crack detection
using TensorFlow’s object detection API and pretrained models [190]. The pipeline involves MATLAB for segmentation and
Python for crack detection, with the workflow accessible on GitHub [189]. Another approach utilizes a Mask-RCNN model in
Detectron2 for module segmentation in UVF images [188]]; however, this project is ongoing, and the tool is not yet publicly
available.

7) Image Data Augmentation Tools: Image sets are often unbalanced or lack sufficient samples for effectively training
ML models. Image data augmentation encompasses techniques aimed at increasing data set variation and size, categorized
broadly into geometric transformations and feature space augmentations. Geometric transformations directly manipulate images
through methods such as flipping, cropping, color space adjustment, and blurring. While these transformations are relatively
straightforward to implement, it is essential to apply them carefully to avoid obscuring critical features necessary for accurate
model training.

Feature space augmentations, in contrast, use generative Al to produce synthetic training samples. Techniques include style
transfer, generative adversarial networks (GANs), and VAEs [209].

Romero et al. [210] successfully utilized a custom GAN to generate synthetic images of cell defects. Their GAN was trained
on 602 cell-level EL images to create EL images with diverse cell defects from random seeds. The original and synthetic images
are available at [211]]. Each synthetic image was then assigned a maximum power value using a random forest regression model
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trained on real images. This enriched data set was subsequently used to train a CNN to predict the maximum power of cells
based on EL images in [212]. However, the authors had not published their code at the time of this review.

Similarly, Luo et al. [213] employed a custom GAN to generate synthetic EL images of defective cells. The GAN was trained
on a geometrically augmented EL image data set that included defect classification labels. This geometric augmentation involved
image flipping, rotation, and color jittering, increasing the original data set size 11 times. The GAN-generated images created
a balanced data set with evenly distributed cell defect types, which was then used to train a CNN classifier for cell defect
detection in EL images. Luo et al. reported up to a 14% improvement in classification accuracy using this feature space
augmented data set. However, the data and code have not been made public.

G. Insights

Most of the models developed for automatic inspection of solar cells are based on the researchers’ own data sets. A public
and universal data set for solar cell inspection is still missing to benchmark the performance of different models. In addition,
many studies do not publish the corresponding code or integrate models into user-friendly tools, limiting accessibility and
reproducibility.

For EL image automation, most available data sets contain high-resolution images, while field images, especially those
captured in daylight [214] or with InGaAs cameras, are typically lower resolution and have higher noise levels. This discrepancy
raises concerns that current pretrained models may perform poorly on these noisier, lower-quality images. Although there are
denoising techniques for EL images [215], it remains an open question whether these methods retain sufficient diagnostic
information. In addition, the variance of images due to different camera settings requires higher generalization of ML models.

Quantitative prediction of PV system power output based on EL images also remains an unresolved challenge. Future
work could focus on developing models capable of predicting I-V parameters directly from EL images, advancing predictive
capabilities in PV diagnostics. This approach is currently being pursued for specific PV degradation mechanisms such as cell
fracture. However a universal model would require a highly varied dataset in both module/cell type and observed degradation
mechanism, with correlated EL and I-V or other performance data.

For visual images, research is still in its early stages. Most current efforts involve extracting geolocations from satellite
images and providing the corresponding data and code for model training [143l], [74]. As satellite imagery becomes more
widely available and offers higher resolutions through subscription services, future work may enable failure detection and
potentially continuous monitoring of PV sites from space. High-resolution satellite images could allow image processing
techniques, similar to those used in drone imagery [216], to be adapted for fault detection, such as cracked glass or structural
damage from environmental impacts such as wind or stalled trackers.

Additional failure types, such as damaged connectors or junction boxes, could also be identified by applying deep learning to
ground-based visual images. However, since these components are located on the back of modules, their detection is challenging;
in such cases, IR imaging from drones may be better suited to identify overheated components.

VI. PV MATERIALS

In this section, we review bill-of-materials (BOM) data sets for silicon (Si)-based PV modules, which dominate the current
market, as well as data sets for perovskite solar cells, a promising next-generation PV technology. Here, the term “PV material”
refers to commercialized Si-based modules, unless the term “perovskite” is explicitly mentioned.

Material durability is essential for the long-term reliable operation of PV modules. Installed PV modules are exposed to
various environmental stressors, including sunlight, temperature fluctuations, humidity, precipitation, wind, and snow. Over
time, these conditions can degrade materials such as encapsulants, polymer backsheets, or even the solar cells themselves.
Mechanical stresses, such as wind, snow load or impacts such as hail, also contribute to degradation. These stresses can cause
microcracks in cells, damage to the protective glass, or structural issues in the module frame, potentially reducing efficiency,
or even leading to electrical failures if not promptly addressed. Comprehensive analysis and modeling of PV materials and
degradation mechanisms are crucial for replacing problematic materials and optimizing module design. However, published
data sets detailing each component material of PV modules remain limited.

A. Data sources for PV materials

A PV module is composed of several components designed to convert sunlight into electricity efficiently and reliably, as
shown in Figure [5[b). A typical silicon photovoltaic module consists primarily of interconnected c-Si solar cells encased in
a polymer encapsulant and protected by glass or polymer front- and back-sheets. These components are housed within an
aluminum frame for easy structural support and installation. Electrical connections are facilitated by busbars and interconnects,
which collect the generated electricity and deliver it to a junction box located on the backside of the module. The junction box
contains diodes and connectors to safely manage the electrical output. This multi-component structure of PV modules makes
the analysis of material degradation even more complex due to the synergistic effects of different degradation pathways of
each component materials. For example, moisture ingress causes the hydrolysis of polymers [217], which releases acetic acid
that can corrode metal contacts [218|] and embrittle the backsheet [219].
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Platform Data set Ref | URL Size Remarks

NREL REMPD [220] |1224] 531 records of materials required for | Material inputs needed to build solar power
solar power plants plants of different sizes

PVEL BOM N/A |[221]) 1094 (general) records of module BOM )
and test performance Compiled results from annual PV Module Re-

- liability Scorecards published by PV Evolution

LBNL BOM-TC [225] |1222] 251 (detailed) re;ords of m0<_iule BOM | Labs including cell and module technologies
and thermal cycling degradation

NREL PVDeg N/A |[223] small collection of material and degra- | Software tools and materials database for typical
dation properties degradation mechanisms found in PV modules

TABLE XIIT

OVERVIEW OF DATA SETS FOR PV MATERIALS

Platform Data set Ref [URL Size Remarks

Lund Uni- | Perovskite [229]) |[230] | 42,400 perovskite solar cell devices | Materials, fabrication processes, and perfor-

versity Database with up to 100 parameters per device. | mance metrics of perovskite solar cells;

Project FAIR data principles, interactive analysis tools.

Bogazici Long term sta- | [226] |[226] | 404 cells, around 15 parameters/cell Data set containing long-term stability data of perovskite solar

University bility cells, including materials, deposition methods, and storage
conditions;
Analysis using ML to investigate stability factors

TABLE XIV
OVERVIEW OF DATA SETS FOR PEROVSKITE MATERIALS

Public access to comprehensive BOM data sets for PV module technologies remains limited, leading to uncertainty for
module buyers and PV system owners about the specific materials used. This information is critical for understanding a
module’s long-term performance, durability, and reliability, as PV modules and their components are subject to various forms
of degradation and potential failure over their lifespan.

In the following, we review data sources that provide information on commonly used materials in PV modules, along with
sources detailing typical degradation mechanisms and failure modes observed in PV modules over time. Table summarizes
the data sets reviewed in this section.

1) Renewable Energy Materials Properties Database: The Renewable Energy Materials Properties Database (REMPD) is
a comprehensive repository of materials data relevant to renewable energy applications, including those in wind and solar
energy systems [220]. It documents material requirements for four types of solar PV systems: residential, commercial, and
utility-scale PV (UPV) systems with c¢-Si or cadmium telluride (CdTe) modules. The REMPD data are designed to represent
PV technologies as of 2022.

2) PV Module BOM and Test Data: The DuraMAT consortium hosts two data sets related to BOM and module degradation.
The PV module and test data [221] summarizes the BOM information and accelerated test performance of the modules tested
by KIWA PV Evolution Labs (PVEL). PVEL publishes the best performing modules in their annual scorecard reports. Although
detailed material information is missing from the data set, the summary spreadsheet provides an overview of different cell and
module technologies, as well as scorecard information of the reliability testing.

The second data set was also published in a work that correlated BOM and thermal cycling degradation [222]]. This data set
contains additional material information as the encapsulate material.

3) PVDeg — Data: PV Degradation Tools (PVDeg) is an open-source software toolkit that allows users to analyze PV
module performance degradation and durability comparing laboratory data with field exposure [223]. It also contains a library
of material parameters suitable for estimating the durability and reliability of components used in PV panels.

B. Data sources for Perovskite materials

While extensive studies on the stability and reliability of perovskite solar cells are rare, performance data are more readily
available [226], [227], [228]. However, large data sets linking materials, processing parameters, and device architectures to
stability can be created by mining research literature and compiling results from multiple studies. This section highlights two
such data sources that enable insights into the stability of perovskite solar cells through data analysis and machine learning.
Table [XIV] summarizes the data sets reviewed in this section.

1) Lund University (Perovskite Database Project): The Perovskite Database Project is a comprehensive initiative to organize
and consolidate data on halide perovskite solar cells, a field that is rapidly advancing [231]]. This project analyzes over
15,000 peer-reviewed publications, identified through Web of Science searches for “perovskite solar”, with contributions from
approximately 100 volunteers and an estimated 5,000 to 10,000 person-hours for manual data extraction [229]. The data set
includes 42,000 devices, each characterized by up to 400 device parameters, and is accessible on Zenodo [230] and the project
website [232].
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Function Tool / Model Ref |URL Remark

Materials PVDeg N/A |[223] Simplify common foundational computational operations for obtaining meteorological data,

degradation running the degradation analysis, performing Monte-Carlo simulations, as well as post processing
and plotting of the results

BOM analysis | BOM-TC [225] |1234] A workflow to correlate BOM and degradation with ML and study the predominant factors with
post-hoc interpretation

TABLE XV
OVERVIEW OF TOOLS/MODELS FOR PROCESSING DATA OF SOLAR MODULE MATERIALS.

The data set encompasses materials, synthesis methods, deposition techniques, and performance indicators such as power
conversion efficiency (PCE) for perovskite solar cells. It details 5,500 unique device stacks, covering over 400 perovskite
compositions, 194 substrates, 1,957 hole transport layers (HTLs), 1,443 electron transport layers (ETLs), and 288 back contact
configurations. Stability data are available for 7,400 entries, with approximately 5,500 measurements representing shelf life in
the dark and 550 under operational conditions. This rich data set enables analysis of performance and stability across various
stack types and allows researchers to investigate the effects of synthesis variations within similarly structured devices.

The Perovskite Database Project adheres to the FAIR data principles [233], Findability, Accessibility, Interoperability, and
Reusability, to ensure data utility for the broader research community. Ongoing updates are supported by user contribu-
tions [229].

2) Bogazici University (Long-term stability data set): Researchers at Bogazi¢i University have developed a perovskite solar
cell database by compiling data from the literature, similar to the Perovskite Database Project [226]]. This data set was manually
curated from papers published between 2016 and August 2018, with keywords such as “perovskite solar” and “stability”. It
includes degradation profiles (e.g., changes in PCE over time) for 404 cells, with 10-15 categorical variables describing each
cell. Key parameters include perovskite material type, deposition method, solvents, ETLs, HTLs, back-contact materials, and
storage conditions (humidity, temperature, and illumination). The data set is provided as an Excel file in the Supplementary
Information of the related paper [226].

C. Data processing tools and models

Currently, very few open-source tools or models are available for processing solar module material data. We summarize
two resources in Table Of the reviewed PV material data sets, only PVDeg provides readily usable tools. The PVDeg
repository [223]] includes functions for calculating material degradation in PV modules under both accelerated and field-
testing conditions. It is designed to streamline essential computational tasks, such as obtaining meteorological data, conducting
degradation analysis, performing Monte Carlo simulations, and post-processing results for visualization.

The BOM-TC project [225] also offers relevant code and models on GitHub [234]. It utilizes machine learning models to
correlate BOM characteristics with degradation and applies post-hoc interpretation techniques to evaluate the impact of primary
design factors on durability. However, these codes are provided as “Jupyter notebooks” rather than as a full software package.

To our knowledge, no standard tools exist for analyzing perovskite solar stability as a function of synthesis and processing
parameters. Current perovskite data sets are generally intended for users to download in raw formats (e.g., Excel) for customized
preprocessing and analysis using their own tools (e.g., R, Python / Pandas, Mathematica). However, the Perovskite Database
Project provides some online tools for exploring its data, enabling users to generate interactive, publication-quality plots for
various parameter combinations. Examples include swarm plots for open-circuit voltage by HTL choice, scatter plots correlating
open-circuit voltage with band gap, and T80 (time to 80% efficiency) stability as a function of publication date [229]].

D. Insights

The reviewed PV material data sets were generally created for specific project purposes, and a unified collection of commonly
used PV material properties has yet to be developed. The wide range of applications, from high-efficiency material discovery to
durable and reliable packaging materials, complicates the creation of a comprehensive database. In addition, new materials often
introduce unknown degradation pathways and failure mechanisms. A large, standardized database containing both PV module
and array materials and historical performance data could facilitate studies on life cycle and technoeconomic analyses, survival
analysis, and even the discovery of durable materials and combinations thereof that withstand the operating environmental
conditions of PV modules.

The stability data set from Bogazi¢i University was analyzed using various machine learning and statistical learning techniques
(association rule mining, decision trees, etc.) to determine factors influencing the stability (i.e., T80 value) of perovskite solar
cells [233]]. Furthermore, a decision tree was trained to classify the degradation results based on various factors such as stored
humidity and HTL additive. The results were broken down into recommendations for both regular n-i-p and inverted p-i-n
architectures. A subsequent study linked stability to other factors such as hysteresis, reproducibility, and PCE, finding that
factors leading to high stability correlate with these other desired outcomes [236].
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VII. DISCUSSION
A. Synergistic utilization of various data types

The effective evaluation of PV systems requires an integrated approach that combines diverse data types. By leveraging
environmental data, operational metrics, imaging techniques, and materials information, researchers and industry can gain a
comprehensive understanding of PV module durability, thus enhancing long-term system reliability.

Environmental data provide a critical context for understanding the external stressors that affect PV systems. By correlating
these environmental factors with performance data, such as power production metrics, researchers can assess how conditions
accelerate degradation processes, improving predictive models for system lifetimes and optimizing maintenance schedules.
PVPRO, for example, has explored this by applying a physical model to environmental factors [3].

Imaging data provides visual insights into internal defects, such as microcracks, corrosion, and hotspots. Combined with
performance and environmental data, imaging serves as a powerful diagnostic tool. For instance, EL images can be linked
with I-V curve data to quantify the impact of microcracks on power loss, enabling targeted maintenance and improving model
predictions for system degradation. Examples of such correlation are found in [237], [158]].

Integrating material data with performance and environmental data allows for pinpointing specific degradation pathways
across PV module designs. Material characteristics can act as inputs of predictive models that simulate long-term performance
under varying conditions. For instance, linking polymer degradation data with performance metrics in humid environments can
clarify how specific materials deteriorate over time, aiding the development of models such as PVDeg [223] and supporting
more robust material choices in module design.

Furthermore, these diverse data types can also be harnessed to build large-scale multi-agent systems based on large language
models (LLMs) which has been explored on energy data in a previous work [238]]. By integrating weather data, production
metrics and image processing tools, LLMs enhanced with retrieval-augmented generation (RAG) and function calling can
potentially process complex PV system data to perform root cause analysis and perform autonomously monitoring, diagnosing
and recommending maintenance actions.

B. Data sparsity and fragmentation

The success of machine learning models is heavily dependent on large, high-quality datasets, which are essential for both
training and benchmarking. In computer vision, data sets such as ImageNet [239] and CIFAR [240] have been crucial to
advancing deep learning models in object recognition, classification, and segmentation. In particular, ImageNet, with more
than 14 million images spanning more than 21,000 categories, has become a cornerstone for training and benchmarking
cutting-edge vision models.

In contrast, solar module degradation analysis lacks similarly comprehensive standardized data, which hinders machine
learning progress. Taking image data as an example, existing data sets, such as those based on EL, UVF, or IR imaging, are
limited in both quantity and diversity. While some annotated data sets are available [154], [159], [161], [137], [164], [166],
[8]], [169]], they are relatively small compared to benchmark datasets in computer vision domains. In addition, these data sets
often do not cover the wide range of degradation modes, environmental conditions, and module designs that are present in
real-world solar installations.

This issue is exacerbated by fragmented data sources. Data sets are typically collected independently by various research
groups and companies, leading to inconsistent metadata, such as camera settings and environmental parameters. This variability
complicates data integration, limiting the potential for large-scale unified repositories that could serve as community benchmarks.
Furthermore, many data sets are distributed across disparate platforms, making them difficult to access and consolidate. As a
result, solar degradation research often relies on isolated data sets specific to the original collectors, limiting the generalizability
and robustness of machine learning models in tasks such as defect detection and prediction of power output [5], [241], [8].

C. Suggestions for future data publication

Advancing machine learning applications in solar module degradation analysis will require the development of large, diverse,
and well-annotated data sets that cover various PV module designs, degradation modes, and testing methods. Certain data types,
such as I-V curve data and PL data, remain especially scarce, and we encourage researchers to make these data publicly available
for the PV community.

For future data publications, we recommend following the FAIR principles (Findability, Accessibility, Interoperability, and
Reuse of digital assets) [242]], which provide guidelines for improving the reusability of scientific data. To establish standardized
data sets, we suggest the following steps: First, thoroughly clean the data set to remove corrupt entries and ensure data integrity.
Second, include an overview table summarizing data set contents for ease of access. Third, clearly label any missing data, such
as absent timestamps or missing data pairs (e.g., a missing EL image corresponding to an IV curve) to enhance transparency.
Finally, include comprehensive metadata to facilitate data reuse and understanding, while respecting any constraints imposed
by nondisclosure agreements (NDAs).

Table summarizes some recommended platforms for publishing data.
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Resource Website Ownership

B;‘::%QT https://datahub.duramat.org/ Public - DOE/NREL

l?rljl ?eworls(cience https://help.osf.io/article/218-sharing-data lsblclibelrilcce_ Center for Open
gzgre Scientific https://www.nature.com/sdata/ Private - Springer
Data.gov https://data.gov/ Public - DOE
g?g;ti‘igergy data https://data.openei.org/ Public - DOE

Zenodo https://zenodo.org/ Public — European Com-

mission

Github large file | https://docs.github.com/en/repositories/working-with-files/managing- Private - Github

storage large-files/about-git-large-file-storage

OpenDataElia https://opendata.elia.be/pages/home/ Private — Elia Group

Open Data AWS https://registry.opendata.aws/ Private - AWS
TABLE XVI

OVERVIEW OF DATAHUBS FOR CONTRIBUTING DATA

VIII. CONCLUSION

Comprehensive data sources for PV systems are essential for understanding various degradation mechanisms, modeling
the performance of PV systems and optimizing their operational reliability. This work reviews available data sources for PV
systems, covering a wide scope of topics including operation environment, PV location, performance data, image inspection,
and PV materials. We explore what data are provided, how they were obtained, how they can be accessed, and what tools or
models can be utilized to process them. We also provide insights on how they could be used in future data-driven research.
We hope that this work can improve the issue of data fragmentation and guide the community to leverage the available data
to advance research in the field of PV durability.
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