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A B S T R A C T

Access to accurate solar resource data is critical for numerous applications, including estimating the yield
of solar energy systems, developing radiation models, and validating irradiance datasets. However, lack of
standardization in data formats and access interfaces across providers constitutes a major barrier to entry
for new users. pvlib python’s iotools subpackage aims to solve this issue by providing standardized Python
functions for reading local files and retrieving data from external providers. All functions follow a uniform
pattern and return convenient data outputs, allowing users to seamlessly switch between data providers and
explore alternative datasets. The pvlib package is community-developed on GitHub: https://github.com/pvlib/
pvlib-python.

As of pvlib python version 0.9.5, the iotools subpackage supports 12 different datasets, including ground
measurement, reanalysis, and satellite-derived irradiance data. The supported ground measurement networks
include the Baseline Surface Radiation Network (BSRN), NREL MIDC, SRML, SOLRAD, SURFRAD, and the
US Climate Reference Network (CRN). Additionally, satellite-derived and reanalysis irradiance data from
the following sources are supported: PVGIS (SARAH & ERA5), NSRDB PSM3, and CAMS Radiation Service
(including McClear clear-sky irradiance).
1. Introduction

The initial step in modeling solar energy systems typically involves
obtaining weather data for the site of interest. In particular, it is
important to obtain accurate and reliable information on the solar
resource, as this is the most influential factor when estimating energy
yield of solar energy systems. There are three primary sources for solar
irradiance data: measurements from ground stations, reanalysis models,
and satellite-derived datasets.

Within each category, there exist numerous data suppliers, encom-
passing both public and commercial datasets. To ease user access to the
different data sources, efforts have been made to create standardized
file formats. Most noticeable are the file formats for typical meteoro-
logical year (TMY) data, e.g., TMY2 [1], TMY3 [2], and EPW formats.
In particular, the TMY3 format has become one of the most commonly
used formats for TMY irradiance data, whereas the EPW file format
has been adopted as the standard for building simulation tools. An
attempt to develop a more flexible file format for solar irradiance and
weather data was developed in the MESOR project [3]. However, the
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MESOR file format never gained widespread adoption. Overall, the
aforementioned file formats have been plagued by several limitations
(e.g., not permitting sub-hourly data or multiple measurements of
the same quantity), which has regrettably led most data providers to
develop their own distinct file structures and data retrieval methods.

Consequently, users are required to scrutinize each data provider’s
documentation and develop customized data solutions. This time-
consuming process is in large part why identifying, accessing, cleaning,
and exploring data can take up to 80% of the time in solar energy
research projects [4]. An even more serious consequence is that this
poses a major barrier to entry, discouraging users from exploring alter-
native datasets, often resulting in the use of sub-optimal data. In line
with this, Gueymard [5] noted that "access to, and easy manipulation of
large specialized atmospheric databases ... constitutes a serious limiting
factor for most solar analysts".

For instance, the Baseline Surface Radiation Network (BSRN) serves
as an illustrative example [6]. BSRN is recognized as the only global
network dedicated to solar radiation measurements and is character-
ized by state-of-the-art infrastructure. However, obtaining data from
vailable online 3 November 2023
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BSRN presents a significant challenge due to the use of a complicated,
non-standard file format. This obstacle compels users to opt for lower-
quality datasets or compromise spatial coverage, both of which are
frequently encountered criticisms in solar energy research [7].

To enhance accessibility to solar resource data, a set of standardized
functions has been developed in the Python programming language.
The aim of this effort is to simplify the process and reduce the effort
required for reading and retrieving solar irradiance data. The set of
tools, called iotools, is part of the photovoltaic (PV) systems modeling
ackage, pvlib python (henceforth referred to as pvlib) [8]. The name
otools derives from the term IO, which stands for Input/Output and
efers to data transfer. This publication concerns the iotools subpackage

contained in pvlib version 0.9.5 [9].
Specifically, the iotools subpackage is a collection of functions for

reading local files and retrieving data from external providers. The
functions have been developed such that they follow a similar and
consistent pattern and return data in a uniform and structured manner.
In this way, the time required for users to obtain and parse solar
radiation data is reduced significantly. Going back to the example of the
BSRN, data can be retrieved using the corresponding iotools function
using only a single line of code, whereas the underlying code which
parses the data spans 200 lines of code and 230 lines of documentation.

Related efforts to promote the accessibility of public solar datasets
have been made in parallel with the development of pvlib iotools.
Most noticeably, the SolarData R package was released in 2018 and
eatured functions for accessing five solar datasets [7]. The following
ear, an update to the SolarData package was released, adding function-
lity for accessing data from the BSRN [4]. Similarly, the OpenSolar

R package [10] provides functions for accessing four different solar
datasets, including data on solar irradiance, PV production, and elec-
tricity consumption. Another example is the Python package IrradPy,
which provides functions for retrieving reanalysis data from MERRA-2
and clear-sky irradiance models [11]. Another initiative was recently
launched by Blanc et al. [12], consisting of releasing quality-controlled
solar irradiance ground measurements in the form of NetCFD files,
following the GEO and FAIR principles. An overview of open-source
tools related to PV modeling can be found at: https://openpvtools.
readthedocs.io [13].

pvlib iotools offers access to 12 different solar irradiance datasets as
of version 0.9.5. Additional benefits of the iotools subpackage include a
proven long-term maintenance record (aiming for quarterly releases),
adherence to documentation best practices, and standardized functions.
In contrast, neither OpenSolar nor IrradPy has received significant
pdates since their initial release. Maintaining momentum in the long
erm is a major challenge faced by scientific software packages with
nly a few developers, where despite best intentions, competing prior-
ties often cause maintenance and new development to drop off over
ime. Relative to the other mentioned packages, iotools association

with the pvlib project means it benefits from the attention of the
broader pvlib community, thereby bolstering long-term maintenance
by decreasing the package’s reliance on the continued availability of
any single individual.

Notably, pvlib’s large community of contributors (+100 contribu-
tors) also allows all contributions to be thoroughly peer-reviewed. In
terms of usage, it can be mentioned the iotools documentation has seen
13.000 visits during the past year, accounting for 7% of visits to the
pvlib documentation. The pvlib source code is available on GitHub:
https://github.com/pvlib/pvlib-python. In addition to the pvlib-python
package, the pvlib ecosystem also includes pvanalytics, a package for
PV data quality assurance and feature recognition algorithms [14],
and twoaxistracking, a package for simulating self-shading in arrays of
two-axis solar trackers [15].

Additional to describing the iotools functionality and supported
datasets, this article aims at providing information for users to make
informed decisions on which datasets to use. The remaining part of
this paper is structured as follows: the function pattern is described in
Section 2, followed by a description of supported ground measurement
datasets in Section 3 and modeled datasets in Section 4. Finally, a
2

discussion of future work is described in Section 6.
2. Function pattern

The iotools functions adhere to a consistent, standardized pattern,
aiming to make it effortless to read and retrieve weather data from
different sources. The standardized pattern is unique to pvlib and
encompasses several aspects, including:

• consistent naming and order of input parameters
• parsing date/time information and setting it as the index
• localizing time zones where applicable
• optional renaming of variables to a standard convention
• parsing metadata
• returning data structures in a uniform manner

This standardization ensures that there are minimal differences be-
tween the various functions, making it easy to switch between data
providers or investigate alternative datasets.

As of pvlib 0.9.5 the iotools subpackage contains two categories of
functions: read functions that read local data files (see Section 2.1) and
get functions that retrieve external data (see Section 2.2). The function
outputs are described in Section 2.3 followed by a description of the
variable mapping in Section 2.4. Last, the documentation is discussed
in Section 2.5 and inconsistencies in Section 2.6.

Listing 1: Illustration of the function patterns for the read and
get-functions. The ellipsis represents possible additional parameters
depending on the specific data provider.� ⊵
# read function pattern
data, meta = read_x(filename , map_variables=True)

# get function pattern (measurement data)
data, meta = get_x(station, start, end,

username, password , ...
map_variables=True, url="https://...")

# get function pattern (modeled data)
data, meta = get_x(latitude, longitude, start, end,

username, password , ...
map_variables=True, url="https://...")� �

2.1. Reading of local data files

Functions for reading local files are named read_x, where the x
is replaced by the dataset name or abbreviation. For example, the
function for reading data files from the BSRN is named read_bsrn. The
main input to the read-functions is the filename parameter, which is
a relative or absolute path to the local data file. An illustration of the
read function pattern is shown in Listing 1.

The user interaction with the various file reading functions is almost
identical for all file types. This is facilitated by the underlying code,
which has been custom developed to parse the specific file type. Thus,
the user avoids needing to understand the semantics of the various file
formats, resulting in significant time savings.

2.2. Retrieval of external data

Retrieval of external data is achieved using the get_x functions. For
data retrieval, there exist two function sub-categories, which depend
on the type of the external dataset. The two dataset categories are
(1) measurement data from ground stations and (2) modeled datasets
covering a large geographical area (reanalysis or satellite-derived).
The main difference in the function patterns is related to the location
specifier (see Listing 1). For ground-measured data, only the station

name or identifier is required to identify the location of interest. In
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contrast, for modeled irradiance dataset, the location is specified by
the latitude and longitude as these datasets typically are gridded and
have a large geographical coverage. The specification of latitude and
longitude follows ISO 6709, i.e., latitude is defined as degrees north,
and longitude is defined as degrees east. For both types of data retrieval
functions, the desired time frame can be selected by specifying the
start and end parameters.

Accessing certain external datasets may require credentials, e.g., a
username and password or an API key. Information concerning how
to obtain the necessary credentials is included within the function
documentation as appropriate.

2.3. Outputs

Both the read and get-functions return two objects (see the left-
hand side in Listing 1). The first object is the time series data, and the
second object is the associated metadata.

The first element, data, contains the time series data in the form
of a pandas DataFrame, which is a data structure containing tabular
data similar to a spreadsheet. The data object contains several columns
of data, typically global horizontal irradiance (GHI), air temperature,
and other irradiance/weather-related parameters. Columns containing
irradiance data are by default in the units of W/m2. If the external
service returns irradiation values (typically with units of Wh/m2), these
can be converted to irradiance values by specifying the integrated
keyword (defaults to True). Furthermore, the timestamps in the data
file are used to set the index of the DataFrame, making time series
operations convenient. Whenever possible, the index is made time-zone
aware (i.e., information on the timezone is assigned to each timestamp),
which is required when calculating solar position. Users need to be
aware that there is no standard practice as to whether timestamps refer
to the start or end of the period (left or right bin labeling), which is
an important consideration. Users are encouraged to consult the pvlib
documentation and that of the data provider.

The second element, meta, is a dictionary containing the associated
metadata. Metadata varies by data format and provider but commonly
includes latitude/longitude, altitude above mean sea level, and time
zone.

2.4. Variable mapping

Users have the possibility of renaming variables to pvlib’s standard-
ized naming convention by specifying the map_variables parameter.
This is particularly convenient as data providers tend to use their own
naming strategy, even for common parameters. For instance, global
horizontal irradiance (GHI) may be named ‘‘Global Horiz’’ or ‘‘G(h)’’ for
which the corresponding standard pvlib term is ‘‘ghi’’. Both the read
and get-functions feature the map_variables parameter, which is

set to true by default. Other notable standard variable names include
‘‘temp_air’’ for air temperature, ‘‘dni’’ for direct normal irradiance, and
‘‘dhi’’ for diffuse horizontal irradiance.

2.5. Documentation

All public functions in pvlib are thoroughly documented, which
includes a description of the function and the input and output param-
eters. Additionally, the documentation also features links to references,
typically a scientific publication or website providing additional infor-
mation. Important supplementary information may also be specified
in a separate notes section, such as the data frequency, geograph-
ical coverage, or procedures for obtaining credentials. The function
documentation is contained within each function and adheres to the
numpydoc style. The documentation is compiled using Sphinx by the
‘‘Read the Docs’’ platform and displayed at the pvlib website: https:
//pvlib-python.readthedocs.io.

An example of the documentation for the get_bsrn function is
shown in Fig. 1. Note, the specifics of each function implementation
3

Fig. 1. Screenshot of the documentation of the get_bsrn function.

and parameters are not presented here as this information is provided
in the pvlib documentation.

2.6. Inconsistencies

It should be noted that some functions deviate from the general
pattern, as the pattern has evolved during the development of the
package. The existing inconsistencies are mainly related to variable
mapping and the returned data objects. For example, only a data object
was returned for files that did not contain metadata, whereas newer
functions also return an empty metadata object to follow the (data,
meta) output pattern. Work is ongoing to update the existing functions
that do not adhere to the standard function patterns.

https://pvlib-python.readthedocs.io
https://pvlib-python.readthedocs.io
https://pvlib-python.readthedocs.io
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Fig. 2. Geographical distribution of ground stations. Each dot corresponds to a station, with the color corresponding to the station network (inactive stations as of July 2023 are
shown as semi-transparent). For visualization purposes, CRN and inactive SRML stations are not shown. For an interactive map, see www.SolarStations.org.
3. Measurement irradiance data

The highest level of accuracy in assessing irradiance is achieved us-
ing well-maintained and quality-controlled ground-based instruments.
Due to their high accuracy, ground-based measurements are critical
for high-quality applications, e.g., benchmarking modeled irradiance
datasets or developing empirical solar radiation models (e.g., [16,17]).
Moreover, for large-scale solar energy projects, one-year ground mea-
surement campaigns are recommended for ’tuning’ longer time series
of satellite-derived irradiance, a process known as site adaptation [18].
Another benefit of ground-measured irradiance is that measurements
can be made at very high temporal resolution (sub-minute).

One drawback of ground measurements is the need for quality
controlling the data and the existence of gaps in the data. Exten-
sive quality control of measurement data is crucial as any long-term
dataset inevitably contains some erroneous measurements. Some of
the most common issues include instrument soiling (e.g., due to dust,
pollen, or bird droppings), instrument misalignment, tracker malfunc-
tion, and humidity/frost. However, there is no universal method for
quality-controlling irradiance data; the reader is referred to the recently
developed comprehensive method by Forstinger et al. [16]. Due to the
time-consuming maintenance requirements and high equipment costs,
high-quality solar irradiance monitoring stations are scarce.

The following sections describe the ground station radiation net-
works for which the iotools supports data retrieval. A map of the
supported ground stations is shown in Fig. 2 (with the exception of
the CRN stations). For a global overview of solar radiation monitoring
stations, the reader is referred to the online catalog www.SolarStations.
org, which has been developed through the Assessing Solar initiative by
members of the IEA PVPS Task 16 [19].

3.1. BSRN

The Baseline Surface Radiation Network (BSRN) is the only global
network dedicated to monitoring solar radiation [6]. As of June 2023,
the BSRN features 56 active stations, 1 candidate station, 13 inactive
4

stations, and 6 stations pending status. The network provides all of
its data freely, which can be obtained from an FTP server or www.
pangaea.de. In order for a station to be included in the BSRN network,
it must first demonstrate the ability to provide high-quality data for sev-
eral years. Moreover, all BSRN stations are required to measure all three
components of irradiance using thermopile radiometers and several
additional meteorological parameters (including longwave irradiance),
all at a 1-minute resolution.

One limitation of the BSRN lies in the utilization of an outdated file
format known as the station-to-archive format. The file format splits
each data entry across two lines, making the data difficult to read.
However, this burden is removed by pvlib’s read_bsrn and get_bsrn
functions, which provide an easy way of reading and retrieving BSRN
data. An example of data retrieval from the BSRN is provided in Listing
2. It should be noted that there is not a standardized time frame for
which new data becomes available, thus, users are urged to check data
availability at https://dataportals.pangaea.de/bsrn.

3.2. NREL MIDC

NREL’s Measurement and Instrumentation Data Center (MIDC) pro-
vides irradiance and meteorological data from a network of stations
across the United States. Unlike the BSRN, the MIDC does not have
specific station requirements, e.g., not all stations have thermopile
instruments. The time span and measurement interval also vary from
station to station. As of July 2023, the MIDC network consists of 11
active and 23 inactive stations.

The most notable station in the MIDC network is the Baseline
Measurement System (BMS) at the Solar Radiation Research Labo-
ratory (SRRL) in Golden, Colorado. The BMS features the world’s
largest collection of radiometers in continuous operation [20]. This
includes numerous pyranometers, pyrheliometers, pyrgeometers, spec-
troradiometers, and cloud cameras. Due to the large collection of
continuously operated co-located instruments, the BMS data is ideal for
comparing different types of instruments.

https://SolarStations.org
https://SolarStations.org
https://SolarStations.org
https://SolarStations.org
https://www.pangaea.de
https://www.pangaea.de
https://www.pangaea.de
https://dataportals.pangaea.de/bsrn
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3.3. SRML

The Solar Radiation Monitoring Laboratory (SRML) is part of the
University of Oregon and provides irradiance and meteorological data
from a network of stations in the Northwestern United States. As of July
2023, there are 14 active stations and 24 inactive stations (see the inset
map in Fig. 2). The SRML stations vary in quality and instrumentation,
with some stations measuring all three irradiance components using
high-quality thermopile instruments and others using rotating shadow-
band radiometers. All active stations record data at a 1-minute time
resolution, although much of the historical data is only available at
lower time resolutions. For a detailed description of the SRML network,
see http://solardata.uoregon.edu and [21].

3.4. NOAA SOLRAD and SURFRAD

The National Oceanic and Atmospheric Administration (NOAA) op-
erates two solar radiation monitoring networks in the United States.
The first network is the SOLRAD network, which consists of nine
stations and has operated since the mid-1990s [22]. The time reso-
lution of the SOLRAD data has changed throughout the years, with
measurements being made with a 1-minute frequency since 2015.

The second network is SURFRAD, which at its start in 1995 had four
stations, which was expanded to six in 1998 and to seven in 2003 [23,
24]. The SURFRAD stations have been collecting measurements at a
resolution of 1 min since 2009, while prior to that, they were logged
at a resolution of 3 min.

Generally, SURFRAD stations are of higher quality and better main-
tained than SOLRAD stations. All SURFRAD stations are also part
of the BSRN, although only the full number of parameters can be
obtained from the SURFRAD FTP server. Both the SOLRAD and the
SURFRAD networks measure all three irradiance components using
thermopile radiometers, and the collected data is continuously quality
controlled. The iotools subpackage currently only has a read_surfrad
nd read_solrad function and no dedicated get-functions. However,

both read-functions support passing a URL as the filename parameter
and thus are able to retrieve external data.

3.5. US climate reference network (CRN)

The US Climate Reference Network (CRN) was set up in 2004 with
the aim of providing long-term measurements for climate research [25].
The network is managed by NOAA and consists of 114 sites in the con-
tiguous United States, 21 stations in Alaska, and 2 stations in Hawaii.
The primary variables measured at each site are air temperature,
precipitation, surface temperature, and soil moisture and temperature.
Solar irradiance is also measured but is considered an ancillary ob-
servation and is mainly used for quality-controlling air temperature
measurements. The utilization of non-spectrally flat photodiode sensors
and limited maintenance practices contribute to a considerably higher
uncertainty level than stations specifically designed for solar radiation
monitoring. As a result, users are strongly advised to exercise caution
when employing irradiance measurements from the CRN network for
solar energy applications. Data files can be read using the read_crn
function, which also supports URLs for retrieval of external data.

3.6. Example use case

As previously mentioned, ground-measured irradiance data are nec-
essary for evaluating the uncertainty of solar radiation models and
datasets. A brief example is provided in Listing 2, demonstrating how
to retrieve ground-measured irradiance data from the Cabauw BSRN
station and compare measured and modeled direct normal irradiance
(DNI). The modeled DNI is calculated using three different decomposi-
5

tion models and compared to measured DNI in Fig. 3.
Listing 2: Example of downloading of BSRN data and prediction of
DNI using separation models.� ⊵
import pvlib
import pandas as pd

# fetch measurements from the Cabauw BSRN station
data, meta = pvlib.iotools.get_bsrn(

station=’CAB’,
start=pd.Timestamp(2018, 7, 1),
end=pd.Timestamp(2018, 7, 30),
username=’username’, password=’password’)

# get solar position for each timestamp in " data "
solpos = pvlib.solarposition.get_solarposition(

data.index , meta[’latitude’], meta[’longitude’])

# estimate DNI from GHI using the DISC model
data[’dni_disc’] = pvlib.irradiance.disc(

data[’ghi’], solpos[’zenith’], data.index)[’dni’]
# estimate DNI from GHI using the Erbs model
data[’dni_erbs’] = pvlib.irradiance.erbs(

data[’ghi’], solpos[’zenith’], data.index)[’dni’]
# estimate DNI from GHI using the DIRINT model
data[’dni_dirint’] = pvlib.irradiance.dirint(

data[’ghi’], solpos[’zenith’], data.index)

# plot the measured and estimated DNI for three days
dnis = [’dni’, ’dni_disc’, ’dni_erbs’, ’dni_dirint’]
data[dnis].iloc[:4320].plot(ylabel=’DNI [W/m$^2$]’)� �

Fig. 3. Comparison of measured (blue line) and modeled DNI (output from Listing 2.
(For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)

4. Modeled irradiance data

Most modeled irradiance datasets can be categorized as either
satellite-derived or reanalysis. Modeled datasets are used at least in
some stages of most solar energy projects due to several inherent ad-
vantages, despite having a higher uncertainty than what is achievable
from ground-based measurements. The primary advantages of modeled
irradiance datasets are large geographical coverage (continental scale),
long time series (multiple decades), and low cost. Another advantage
of modeled datasets is that they are typically serially complete, i.e., do
not contain gaps.

Satellite-derived irradiance time series are based on cloud identi-
fication based on satellite images. In contrast, reanalysis datasets are
derived from mathematical weather models combined with observa-
tional data. Generally, satellite-derived data tends to have a lower
uncertainty and better spatial and temporal resolution than reanalysis
datasets. However, reanalysis datasets are able to provide complete
global coverage. In contrast, satellite-derived datasets are typically lim-
ited to ±60◦ latitude due to the view angle of geostationary satellites.
It should be noted that satellite-derived irradiance models typically
also rely on input data from reanalysis datasets, e.g., aerosols and
precipitable water vapor.

As of pvlib 0.9.5, the iotools subpackage support six different mod-
eled irradiance datasets from three data providers. A comparison of the
temporal and spatial resolution and coverage of the different datasets

http://solardata.uoregon.edu
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Table 1
Overview of the modeled irradiance datasets available through pvlib iotools. Data providers in parentheses denote the organization disseminating the data. Temporal resolution
corresponds to the lowest available resolution (the number in parenthesis corresponds to the highest resolution of the atmospheric input data). The spatial resolution is approximate;
see Fig. 4 for a detailed view of the spatial coverage.

Dataset Provider Type Time frame Temporal Geographical Nominal spatial
resolution coverage resolution

CAMS All-sky
Radiation

CAMS Satellite 2004– 1-min (15-min) Latitude: ±66◦

Longitude: −65◦ to 180◦
Interpolated to
point of interest

CAMS Clear-sky
Radiation (McClear)

CAMS Reanalysis 2004– 1-min (3-h) Global Interpolated to
point of interest

SARAH-1 CM SAF (PVGIS) Satellite 2005–2016 60-min Latitude: −40◦ to 62◦

Longitude: −65◦ to 128◦
5 km (0.05◦)

SARAH-2 CM SAF (PVGIS) Satellite 2005–2020 60-min Latitude: ±65◦

Longitude: ±65◦
5 km (0.05◦)

ERA5 ECMWF (PVGIS) Reanalysis 2005–2020 60-min Latitude: −60◦ to 75◦ 25 km (0.25◦)

NSRDB PSM3 NREL Satellite 1998–2021 30-min
5-min from 2018

Latitude: −20◦ to 60◦

Longitude: −175◦ to 25◦
4 km
2 km from 2018
is provided in Table 1. Additionally, the geographical coverage of the
datasets is visualized in Fig. 4. All of the supported datasets are public,
i.e., free to use. Each dataset is described in detail in the following
sections, followed by a short example.

4.1. PVGIS

PVGIS is a web application allowing users to retrieve solar irra-
diance from various datasets and estimate PV system energy produc-
tion [26]. Climatic variables, including temperature, wind speed/di-
rection, and humidity, are also available and stem from the ERA5 and
ERA5-Land reanalysis datasets. PVGIS is recognized as one of the most
popular sources for irradiance data and PV production estimates and
is an initiative by the European Commission’s Joint Research Centre
(JRC).

The most recent version is PVGIS 5.2, which was released in March
2022. As of July 2023, PVGIS supports four irradiance datasets, with
the following three being described in the following sections: SARAH,
SARAH-2, and ERA5. PVGIS also supports NSRDB PSM3, although
accessing this dataset using the PSM3 API described in Section 4.2 is
preferred (e.g., PSM3 data available through PVGIS is only available at
1-h resolution and for the period 2005 to 2015). Data from all datasets
is also available for download as a TMY.

4.1.1. SARAH
The Surface Solar Radiation Data Set - Heliosat (SARAH) is a

satellite-derived dataset of all-sky irradiance [27]. The SARAH data
is derived from satellite observations from the geostationary Meteosat
satellites and contain GHI, DNI, and effective cloud albedo. The dataset
is developed by the EUMETSAT Climate Monitoring Satellite Applica-
tion Facility (CM SAF).

PVGIS supports two versions of SARAH, SARAH-1 and SARAH-2.
As seen in Fig. 4, the SARAH-2 dataset covers parts of South America,
Europe, and Africa, whereas the older SARAH-1 dataset also covers
Asia and parts of Australia. SARAH-2 is the successor of SARAH-1,
and PVGIS urges users to use SARAH-2. A validation of SARAH-1 is
presented in [28], and SARAH-2 is validated in [29].

4.1.2. ERA5
With the newest version of PVGIS, data is available for practically all

inhabitable parts of the world due to the addition of ERA5 reanalysis
data [30]. ERA5 is the flagship reanalysis dataset from the European
Centre for Medium-Range Weather Forecasts (ECMWF) [31]. Due to the
higher uncertainty compared to satellite-derived datasets, reanalysis
6

data are primarily used in the polar regions.
4.2. NSRDB PSM3

The NSRDB (National Solar Radiation Database) is a collection of
irradiance and meteorological datasets, the flagship of which is gener-
ated using the Physical Solar Model v3 (PSM3). The PSM3 estimates
the three irradiance components using atmospheric data from various
sources, including cloud properties from NOAA’s GOES satellite im-
agery, aerosols from NASA’s MERRA-2 and MODIS projects, and surface
albedo from MODIS and the National Ice Center’s IMS project. The
NSRDB also provides other meteorological parameters, including ambi-
ent temperature, wind speed and direction, atmospheric pressure, and
other values, based on data from MERRA-2. For a detailed description
of the PSM3, see [32].

The NSRDB datasets are updated once annually, with data for
the previous calendar year typically becoming available sometime in
the second half of the year. The geographical coverage corresponds
roughly to the contiguous US, Mexico, Central America, and northern
South America. The 2-km and 5-min resolution is available from 2018
onwards. Historical data from 1998 onwards are available with a
resolution of 4-km and 30-min. The NSRDB also supports downloading
TMY data.

4.3. CAMS

The CAMS Radiation Service provides time series of global, diffuse,
and direct irradiation at ground level, a product called CAMS All-Sky
Radiation developed by the Copernicus Atmosphere Monitoring Service
(CAMS). The geographical coverage is shown in Fig. 4.

The CAMS Radiation Service also provides clear-sky irradiation,
denoted CAMS Clear Sky Radiation, derived using the McClear model.
Both the all-sky and clear-sky irradiations are available with a time step
of 1 min, 15 min, 60 min, daily and monthly, starting from 2004 to two
days ago. The data is available in CSV and NetCDF format from the
Copernicus Atmosphere Data Store (ADS) or SoDa. The pvlib function
get_cams retrieves data using the SoDa web service [33]. The param-
eter identifier can be set to either mcclear or cams_radiation
depending on which dataset is desired. Unlike most other datasets, data
from the CAMS Radiation Service is not stored in a database but rather
calculated on-the-fly; thus, only single-point requests are possible. It
should be noted that the spatial resolution of CAMS only refers to the
input data, which are then interpolated in time and space.

The McClear clear-sky model is a fully physical model based on the
radiative transfer model libRadtran [34]. The model relies on inputs
of aerosol properties, water vapor, and ozone from Copernicus. The
ground-level irradiation is derived from the CAMS Clear Sky Radiation
clear-sky irradiation time series coupled with satellite-based cloud
information. The cloud information is extracted in a physical retrieval
from images from the Meteosat Second Generation (MSG) satellite. As
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Fig. 4. Geographical coverage of the modeled irradiance datasets supported by pvlib iotools. Light blue indicates coverage over water. (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)
of the second half of 2023, CAMS will also process images from the
Himawari-8 satellite, thus adding coverage of Asia, Australia, and New
Zealand as shown in Fig. 4. Irradiation is processed using the Heliosat
−4 method [35,36].

The CAMS data is provided as irradiation in units of Wh/m2; how-
ever, the pvlib get_cams function converts to irradiance (W/m2) if the
integrated keyword is set to true.

4.4. Example use case

Modeled irradiance datasets are often used when reliable ground
station measurements are not available, for example, when estimating
the annual output of a solar farm before the system is actually built.
Listing 3 shows an example of retrieving a year’s worth of weather
data using the pvlib iotools subpackage, passing it through a basic
PVWatts-style [37] PV system performance model built with other pvlib
modules, and finally visualizing a subset of the simulated output power
(Fig. 5).

Listing 3: Basic PV performance model using satellite-based irradiance� ⊵
import pvlib

latitude = 35.0
longitude = -105.0

# fetch 5-minute data for all of 2019:
data, metadata = pvlib.iotools.get_psm3(

latitude=latitude , longitude=longitude ,
api_key=’DEMO_KEY’, email=’user@example.com’,
names=’2019’, interval=5)

# get solar position for each timestamp in " data "
solpos = pvlib.solarposition.get_solarposition(

data.index, latitude , longitude)
# get tracker orientation for each timestamp
tracker_angles = pvlib.tracking.singleaxis(

solpos[’zenith’], solpos[’azimuth’])
# transpose GHI, DHI, DNI into POA irradiance
components = pvlib.irradiance.get_total_irradiance(

tracker_angles[’surface_tilt’],
tracker_angles[’surface_azimuth’],
solpos[’zenith’], solpos[’azimuth’],
data[’DNI’], data[’GHI’], data[’DHI’])

# estimate PV cell temperature and power output
cell_temperature = pvlib.temperature.pvsyst_cell(

components[’poa_global’], data[’Temperature’])
dc_power = pvlib.pvsystem.pvwatts_dc(

components[’poa_global’], cell_temperature ,
pdc0=10000, gamma_pdc=-0.004)

# plot a few days as an example
dc_power.loc[’2019-12-15’: ’2019-12-17’].plot(

ylabel=’DC Power [W]’)
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Fig. 5. A simple DC power prediction for a tracking system, using weather data
retrieved from the NSRDB (output from Listing 3.

5. Licensing

The pvlib python code is open-source and released under a BSD 3-
Clause license. It is up to the user to ensure that the usage of the data
is used in accordance with the data provider’s terms and conditions.

6. Outlook and future work

By providing users with a set of standardized and well-documented
functions, pvlib iotools can significantly reduce the effort and time
requirement of obtaining and working with solar irradiance data, in
particular as all of the data providers discussed provide different access
methods and file formats. Based on our experiences, an API type of data
retrieval, as opposed to an FTP server for example, was found to be
the fastest and easiest method for accessing data, and as a minimum,
it is recommended that data is made available in CSV and JSON file
formats. A REST API with keywords separated by ampersands can be
recommended, which is a simple yet powerful and flexible solution.
Moreover, several stakeholders are promoting the use of the NetCDF file
format, which has several advantages but is not yet sufficiently widely
adopted to be recommended as the only method of data access.

The pvlib community has expressed interest in functionality for
accessing reanalysis data, which is particularly motivated by their
global coverage and short time lag compared to public satellite-derived
irradiance datasets (e.g., data from PVGIS and NSRDB is typically
more than one year old). Specifically, work has been initiated to add
functions for accessing the MERRA-2 and ERA5 reanalysis datasets. Ad-
ditionally, there are ongoing efforts to add functionality for commercial
providers of irradiance data (e.g., Solargis, SolarAnywhere, and Sol-

cast). Furthermore, other public data sources which may be supported
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in the future include Atmospheric Radiation Measurement User Facility
(ARM), Regional Test Centers (RTC), the SAURAN network, AERONET,
and NASA POWER.

Furthermore, the iotools is not limited to irradiance data but should
upport the main data types used in PV performance modeling. With
his in mind, it is planned to add functionality for retrieving precipi-
ation data (for modeling soiling) and horizon profiles (for modeling
ar-shading). The iotools subpackage may in the future also contain
unctions for saving/writing data to specific file formats (e.g., export
ata in the SAM format). Additionally, efforts will be made to en-
ure that future functions adhere to the standard function patterns
escribed in this paper. Lastly, it is important to mention that pvlib
s an open-source library and is always welcome to new contributors.
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