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Abstract
Advances in climate science have rendered obsolete the gridded observation data widely used in
downstream applications. Novel climate reanalysis products outperform legacy data products in
accuracy, temporal resolution, and provision of uncertainty metrics. Consequently, there is an
urgent need to develop a workflow through which to integrate these improved data into biological
analyses. The ERA5 product family (ERA5 and ERA5-Land) are the latest and most advanced
global reanalysis products created by the European Center for Medium-range Weather Forecasting.
These data products offer up to 83 essential climate variables at hourly intervals for the time-period
of 1981 to today with preliminary back-extensions being available for 1950–1981. Spatial
resolutions range from 30× 30 km (ERA5) to 11× 11 km (ERA5-Land) and can be statistically
downscaled to study-requirements at finer spatial resolutions. Kriging is one such method to
interpolate data to finer resolutions and has the advantages that one can leverage additional
covariate information and obtain the uncertainty associated with the downscaling. The KrigR
R-package enables users to (a) download ERA5(-Land) climate reanalysis data for a user-specified
region, and time-period, (b) aggregate these climate products to desired temporal resolutions and
metrics, (c) acquire topographical co-variates, and (d) statistically downscale spatial data to a
user-specified resolution using co-variate data via kriging. KrigR can execute all these tasks in a
single function call, thus enabling the user to obtain any of 83 (ERA5)/50 (ERA5-Land) climate
variables at high spatial and temporal resolution with a single R-command. Additionally, KrigR
contains functionality for computation of bioclimatic variables and aggregate metrics from the
variables offered by ERA5(-Land). This R-package provides an easy-to-implement workflow for
implementation of state-of-the-art climate data while avoiding issues of storage limitations at high
temporal and spatial resolutions by providing data according to user-needs rather than in global
data sets. Consequently, KrigR provides a toolbox to obtain a wide range of tailored climate data at
unprecedented combinations of high temporal and spatial resolutions thus enabling the use of
world-leading climate data through the R-interface and beyond.

1. Introduction

1.1. Climate data needs in the 21st century
With the onset of the Anthropocene, the numer-
ous fields of study that investigate the effects of
climate change require spatially and temporally con-
sistent climate data at high spatial and temporal
resolutions (Hewitt et al 2017, Bjorkman et al
2018, Trisos et al 2020). In response to this need,

an ever-growing number of climate datasets have
been created (Fick and Hijmans 2017, Karger et al
2017, Abatzoglou et al 2018, Beyer et al 2020,
Navarro-Racines et al 2020) making use of obser-
vations, reanalysis products, climate model outputs,
or some combination thereof. Historically, a vast
majority of efforts of climate data product creation
have prioritised spatial resolution over temporal res-
olution in-line with the widely accepted notion of
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Table 1. Contemporary climate data sets. A comparison of contemporary high spatial resolution climate data sets which are widely used
in analyses of climate impacts. Notes for data availability: 1… 19 of these are bioclimatic variables which are derivatives of temperature
and precipitation data; 2… 1 of these is elevation data. See Davy and Kusch (2021) for a comparison of these datasets against products
generated using KrigR.

Resolution

Name Time-period Spatial Temporal
Number of

variables available Reference

WorldClim 2.1
climatologies

1960–2018 1 km 59 years 261,2 (Fick and Hijmans 2017)

WorldClim
historical monthly
weather data

1960–2018 21 km 1 month 3

TerraClimate 1958–2019 16 km 1 month 14 (Abatzoglou et al 2018)
CHELSA 1979–2013 1 km 1 month 461 (Karger et al 2017)
ERA5 1950—today 30 km 1 h 83 (Hersbach et al 2020)
ERA5-Land 1981—today 11 km 1 h 50 (Sabater 2017)

small-scale processes affecting large-scale patterns
(Briscoe et al 2019, Rapacciuolo and Blois 2019).
This has resulted in climate products at spatial res-
olutions of up to 30 arcseconds (∼900 m) which
are typically available at monthly or climatological-
mean temporal resolutions. In view of climate-change
effects onmicroclimatic processes as well as the chan-
ging frequency and intensity of climatic extremes,
this emphasis on spatial rather than temporal resolu-
tion, has led to a decreased ability to identify extreme
events and their consequences (Maclean 2019). Con-
sequently, there is a pressing necessity for the develop-
ment and dissemination of climate data products that
offer data at high spatial and temporal resolutions.

Accurate representation of environmental condi-
tions is facilitated not just through high spatial and
temporal resolutions of climate data, but also through
a wide range of climate variables. For example, con-
temporary studies of environmental drivers of bio-
logical patterns and processes have focused on a
wide range of environmental variables including (a)
water-availability and temperature (de Keersmaecker
et al 2015), (b) compound metrics such as drought
indices (Seddon et al 2016), (c) bioclimatic variables
(Bruelheide et al 2018), and (d) combinations of the
former (Kling et al 2020). To the detriment of research
efforts, rarely are all necessary climatic variables for
a given study available from a single data product
thus necessitating the combination of climate inform-
ation from several data sources. However, each of
the available and widely used high resolution climate
data sets offer a unique configuration of variables,
period covered, methodology and data background,
and spatial and temporal resolution, which makes
the combination of data from different sources dif-
ficult. See table 1 for an overview of a selection of
contemporary climate data sets and their combina-
tion of spatial and temporal specifications as well as
the number of climatic variables offered by each data
product. Accordingly, the study of climatic processes
and patterns would be better served by obtaining
climate data from a single, internally consistent data

source rather than a patchwork of data sets of varying
quality and specification.

1.2. Climate reanalyses meet demands
Climate reanalysis products represent a major
achievement of climate science (Buizza et al 2018).
They meet the demand for high temporal resolutions
and abundance of self-consistent climatic informa-
tion criteria (see table 1). These products optimally
combine a wide range of surface and satellite obser-
vations with a dynamical model in order to produce a
self-consistent dataset which includes all essential cli-
mate variables (ECVs) (Sabater 2017, Hersbach et al
2020) effectively eliminating the need for retrieval
of data from a multitude of climate products for a
full picture of environmental conditions. Reanalyses
therefore avoid many of the issues of purely obser-
vational products (e.g. WorldClim, CRU). The best
reanalyses are often taken as a substitute for obser-
vations when studying climate processes and change
(Parker 2016).

Two of the most recent, and the most advanced
global climate reanalyses have been created by the
European Centre for Medium Range Weather Fore-
casting (ECMWF): ERA5 (Hersbach et al 2020) and
ERA5-Land (Sabater 2017). The ERA5 reanalysis uses
a vast array of observations of the Earth system to
constrain a numerical model of the ocean, sea ice,
land, and atmosphere using an ensemble data assim-
ilation framework. ERA5 has been demonstrated to
improve on data accuracy compared to previously
published climate data products (Tang et al 2021).
The ERA5 dataset is also the first reanalysis product to
make available the uncertainty information of its ten-
member ensemble used to create the analysis. This
uncertainty is a measure of both the observational
uncertainty (which is included in the data assim-
ilation framework) and the stochastic uncertainty.
However, this does not account for uncertainty asso-
ciated with the choice of model physics, which can
also be important (Banks et al 2016). ERA5-Land
(Sabater 2017) is a global land-surface reanalysis that
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dynamically downscales ERA5 to a resolution of 0.1◦

(11 km). See table 1 for an overview of ERA5(-Land)
data product parameters.

Due to increased data accuracy, temporal res-
olution, provision of data uncertainty metrics, and
number of climate variables provided, ERA5(-Land)
products are arguably the most appropriate climate
data products for contemporary studies which are
informed by climatic envelopes of the last five to seven
decades.

1.3. Limitations of climate reanalysis products
Despite the advantages of reanalyses, these products
have not been widely adopted outside climate sci-
ence. This is likely a consequence of their relatively
coarse spatial resolution (Sabater 2017, Hersbach et al
2020). This limitation hasmotivated several groups to
downscale reanalyses to create finer resolution data
products (Karger et al 2017, Abatzoglou et al 2018).
However, none of the existing high-resolution climate
products account for the uncertainty in the under-
lying climate data, or in the downscaling technique
effectively biasing user perceptions of their validity in
local applications. These products also provide vari-
ables which are challenging to robustly statistically
downscale to high (∼900 m) spatial resolution, such
as precipitation (Gutmann et al 2012, Hewitson et al
2014), or have otherwise violated the assumptions
behind statistical downscaling (Chilès and Delfiner
2012). In addition to spatial resolution mismatches
with pre-existing data products, climate reanalysis
data can prove challenging to retrieve for potential
users. Rather than downloading pre-prepared data
files, the user needs to make use of an application
programming interface or a webform for retrieval of
ERA5(-Land) data. Therefore, to make use of climate
reanalysis data effectively, one needs to overcome the
two limitations of (a) spatial resolution, and (b) data
accessibility.

Here, we present the R package KrigR, which has
been developed to address these limitations and cre-
ate anR-integratedworkflow toolbox for handling cli-
mate reanalysis data. KrigR can automatically acquire
and statistically downscale climate variables using kri-
ging — a Gaussian process regression technique for
interpolation (Chilès and Delfiner 2012). This pack-
age can be used to obtain high spatial (∼900 m) and
temporal resolution (hourly) climate data, together
with the associated uncertainty. Higher spatial res-
olutions can be achieved when providing third-party
covariate data.

2. Statistical downscaling

Studies relying on climatic information, such as
macroecological studies, often make use of cli-
mate products at spatial resolutions of 30 arcsecond
(∼900 m). This spatial resolution is roughly one

order of magnitude finer than the highest spatial res-
olution available via ERA5-products (see table 1).
This mismatch of spatial resolutions can be overcome
through statistical interpolation methodologies such
as kriging.

2.1. Statistical interpolation with kriging
Kriging is a two-step process that requires training
data that we wish to downscale, and co-variate data
both at the resolution of the training data and at our
target spatial resolution (Chilès and Delfiner 2012).
In the first step, we fit variograms to our training
data and establish covariance functions with our co-
variate data at the training resolution. This gives us
functions which describe the spatial autocorrelation
of our training data, and its relationship with our
chosen co-variate(s). During the second step we pre-
dict the value of our variable at new locations, in this
case at a higher spatial resolution, using co-variate
data at the target resolution.

2.2. Accuracy of kriging and implications for
biological studies
Kriging is a powerful statistical interpolation method
capable of accurately interpolating a multitude of
climate variables to high spatial resolution with
consistent performance across temporal resolutions
(Davy and Kusch 2021). A recent study of vegeta-
tion memory patterns across global drylands demon-
strated no difference in biological interpretation of
spatio-temporal model results when using climate
data at native resolution or interpolated from coarser
spatial resolution thus proving kriging to be a robust
downscaling technique fit for use in time-series ana-
lyses in geospatial studies (Kusch et al 2021). Con-
sequently, kriging products are expected to perform
well in static geospatial approaches such as species
distribution modelling efforts.

One major advantage to kriging over other stat-
istical interpolation methods is that it preserves the
uncertainty obtained when fitting the variogram,
which gives us an uncertainty associated with the
downscaled data. In KrigR this uncertainty is given
as a standard deviation of the estimate (Hiemstra
et al 2009). This statistical uncertainty can be com-
bined with dynamical uncertainty which is calculated
by taking the standard deviation of the ten-member
ensemble from ERA5 data for a measure of total data
uncertaintywhich can be used to highlight and invest-
igate differences between climatic data sets (Davy and
Kusch 2021) and should be propagated into down-
stream analyses.

3. Using the KrigR toolbox

We have prepared a comprehensive overview of how
the KrigR package works which can be reached via the
KrigRGitHub (https://github.com/ErikKusch/KrigR)
page.
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Figure 1. Obtaining ERA5(-Land) data. The download_ERA() function in KrigR has been designed to download and aggregate
ERA5(-Land) to user-specifications. Here, we demonstrate the download of air temperature (2m_temperature) from the
ERA5-Land data set for the 2nd of January 1995 across Germany (DE_shp, a shapefile loaded from Natural Earth 2021). Setting
TResolution to ‘day’ and TStep to one results in aggregation of hourly data to a 1 d interval. By default, KrigR computes the mean
for aggregated layers, however other functions for aggregation are supported (e.g. see figure 4). API_user and API_key are
personal identifiers for the CDS webAPI.

3.1. Workflow with the KrigR package
The goal of the KrigR package is to make available
state-of-the-art climate reanalysis data to R-users at
user-specified spatial and temporal resolutions. KrigR
does so via two routes: (a) the three-step process and
(b) the pipeline.

The three-step process commences by (a) obtain-
ing ERA5(-Land) data with calls to the ecmwfr R
package (Hufkens et al 2019) and subsequent pre-
processing to user specifications of either a rectangu-
lar area, a shape (e.g. a country border shapefile), or
point-location data. See figure 1 for an example of this
step.

The user specifies the target variable, climate
dataset (ERA5 or ERA5-Land), geographic area,
time-period and temporal resolution, and optional
aggregate metric for the given period (e.g. min-
imum, maximum, mean, or sum). The download
function can stage download requests either sequen-
tially or in parallelised fashion (depending on user-
specification) to circumvent bottle-necks in down-
load times. For shorter time-series, the usermay force
the download as a singular call by using the Singul-
arDL argument.

The second step (b) is obtaining and pre-
processing the co-variate data. By default, KrigR
provides GMTED2010 (Danielson and Gesch 2011)
— a digital elevation model (DEM) output which
provides global elevation data at a 30 arcsecond
(∼900 m) resolution — to be used as a co-variate
due to the demonstrated close relationship between
elevation and a wide range of widely studied cli-
mate parameters (Daly et al 2002). The KrigR pack-
age downloads the DEM data, masks them to the
area/shape/point-location-buffer the user specified
and then aggregates the raw DEM data to the user’s

target resolution and the resolution of the training
data. See figure 2 for an example.

Lastly, KrigR carries out (c) kriging as made avail-
able in R via the automap R package (Hiemstra et al
2009) of the raw ERA5(-Land) data obtained in step
(a) (see figure 1) using the co-variates obtained in step
(b) (see figure 2) which results in the output of (A)
downscaled ERA5(-Land) data as well as the corres-
ponding (B) statistical uncertainty of the downscaled
data given as a standard error (Hiemstra et al 2009).
See figure 3 for an example.

The KrigR package performs additional sanity-
checks before kriging commences, allows for multi-
core kriging using the cores argument, and stores
temporary files so that the operation can be ter-
minated and resumed without losing much pro-
gress (this functionality can be toggled off by set-
ting Keep_Temporary = FALSE in the function call).
The user can also specify the degree of localisation
(using the nmax argument) used in the kriging which
affects the estimate, uncertainty, and computational
resources used. The computational cost of kriging
using the KrigR package is discussed in further detail
in Davy and Kusch (2021).

By default, the downloading and pre-processing
functions in the KrigR package handle ERA5(-Land)
and GMTED2010 data. However, the kriging func-
tion of the KrigR package is not limited to the
use of these data sets. Third-party data can eas-
ily be introduced to the workflow to use the func-
tionality of KrigR on any spatial product with any
co-variate as supplied by the user. This is import-
ant for two reasons: (a) applicability of kriging has
been demonstrated for non-climate spatial products
(Bruelheide et al 2018) and users might also want to
downscale other climatic data sets than ERA5(-Land),
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Figure 2. Obtaining covariate data. The download_DEM() function in KrigR downloads and prepares GMTED2010 data to user
demands. Here, we demonstrate preparation of covariate data to be used for kriging of the data obtained in figure 1. KrigR
downloads and resampled the GMTED2010 data set to match the raster data which will be kriged (DE_raw). This data need not
be obtained via the download_ERA() function, but can be third-party spatial products in raster format. Next, the user specifies
target resolution (0.02) or a raster at target resolution. A shapefile can be used to mask the covariate data to relevant regions.
download_DEM() allows for storage of temporary files to circumvent repeated download of GMTED2010 data. This argument is
shared between all KrigR functions.

Figure 3. Kriging Using The Krigr R Package. The krigR() function in KrigR statistically interpolates spatial products to user
demands. Here, we present the kriging of the data obtained in figures 1 and 2. The krigR() function produces a list containing
three elements: (a) the statistical interpolation predictions pictured above, (b) the interpolation uncertainty reported as standard
error of the kriging as depicted above, and (c) a summary for the function call not shown here.

(b) flexibility in choice of co-variates allows for accur-
ate downscaling of a variety of climate variables and
other spatial products. This flexibility in choice of
covariates when using KrigR is demonstrated in Davy
and Kusch (2021).

The second route to obtaining high-resolution cli-
mate data through KrigR is the pipeline. This involves
a single function call that will automatically carry
out all three steps explained above. Doing so does
not allow for the use of third-party climate products
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Figure 4. Dynamic uncertainty. The download_ERA() function can be used to obtain dynamical uncertainty by specifying the
download of ensemble members from ERA5 and calculating their standard deviation in the aggregation step.

or co-variate data, effectively limiting the user to
ERA5(-Land) data and the GMTED2010 co-variate
data. Using the pipeline, a single function call can be
used to run the entire process of data downloading,
handling, and downscaling.

3.2. Data uncertainty
In addition to obtaining uncertainty pertaining to the
statistical interpolation (i.e. statistical uncertainty),
KrigR also enables users to obtain the uncertainty
of the underlying data stored in ERA5. This is also
referred to as dynamic uncertainty. See figure 4 for
an example of how to use KrigR to obtain dynamic
uncertainty.

As demonstrated by Davy and Kusch (2021),
the magnitude of dynamic uncertainty is non-trivial
when compared to statistical uncertainty using KrigR
particularly at high temporal resolutions.

3.3. Bioclimatic variables
Due to the demonstrated usefulness of bioclimatic
variables in biological studies, we have developed the
BioClim() function for KrigR which automatically
downloads all necessary data and carries out com-
putation of bioclimatic variables as described by Fick
andHijmans (2017). The BioClim function canmake
use of functionality in KrigR thus allowing for (a)
limitation of retrieved data to rectangular extents,
shapes, or point-location data, (b) multi-core pro-
cessing of data, (c) storing of temporary files for
interruption of the computational process, and (d)
full control over where to store temporary files and
whether to delete them upon completion of the cal-
culation of bioclimatic variables. Additionally, the
BioClim() function allows users to specify for which
temporal aggregate to identify extremes thus offering
unmatched potential in the quantification of expos-
ure to extreme events. This is of particular importance
to bioclimatic variables which record extreme values
such as BIO5 and BIO6 (maximum and minimum

temperature, respectively) as well as variables report-
ing climate variability or ranges such as BIO7 (annual
temperature range). Finally, the function has been
conceptualised in such a way that water availabil-
ity within the computed bioclimatic variables may
be derived from precipitation values (as is the status
quo in bioclimatic variables offered by other data
products) or any other variable contained within the
ERA5(-Land) data products such as soil moisture.

3.4. Kriging recommendations
For some variables, such as precipitation, the pro-
cesses that determine their spatial pattern at finer res-
olutions than the training data are largely determined
by atmospheric dynamics. Therefore, no combina-
tion of topographical co-variates is going to enable
us to statistically downscale precipitation with high
accuracy. We therefore do not recommend statistic-
ally downscaling precipitation data. However, there
can be alternatives which also tell us about the water
availability at high resolution, such as soil moisture,
that we can successfully statistically downscale by
using the soil properties and topographical proper-
ties as co-variates as has been demonstrated in Davy
and Kusch (2021). To communicate this effectively to
users, we are working on a list of recommendations of
kriging specifications for individual climate variables
to be implemented in the KrigR package in the near
future.

3.5. Kriged climate projections
Using KrigR, it is also possible to create high-
resolution climate projection products. Due to the
high computational cost of kriging at large spa-
tial scales, we recommend doing so at sub-global
scales. Here, we demonstrate the KrigR work-
flow for projection kriging using the Coupled
Model Inter-comparison Project Phase 6 (CMIP6)
(Eyring et al 2016) simulations of historical climate
and projections for the 21st century to create high
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Figure 5. Creating downscaled projections. Using downscaled CMIP-6 historical (1981–2000) and SSP585 (2041–2060), we
determined the anomalies between time-periods (B). Adding these to the downscaled ERA5-Land climatology for 1981–2000 (A),
we obtain a climate projection for 2041–2060 according to the SSP585 scenario (C). This figure is displaying data for monthly
climatologies of January.

resolution climatologies for future climate scenarios
following the shared socioeconomic pathways derived
from Integrate Assessment Models (O’Neill et al
2016). We have made a demonstration of how this
can be done using the surface air temperature over
Germany as an example (figure 5). First, we acquired
surface air temperature data at monthly resolution
from the full set of 36 available CMIP6models for the
historical simulations and the SSP585 scenario for
the 21st century. We created monthly climatologies
for the period 1981–2000 of the historical scenario,
and for the period 2041–2060 using the SSP585 21st
century scenario. Next, we downscaled each of these
monthly climatologies to a 30 arcsecond (900 m)
resolution using elevation as a co-variate. We then
subtracted the monthly future climatology from the
historical period to create monthly climatologies of
temperature anomalies (see figure 5B). This was done
to remove model biases in regional temperatures.
Finally, we added these monthly climatologies of
temperature anomalies to a downscaled ERA5-Land
monthly climatology for the period 1981–2000 (see
figure 5A) created using KrigR. In this way we make
use of state-of-the-art CMIP6 projections for tem-
perature changes in the 21st century under multiple
realistic scenarios, while retaining the realistic spa-
tial and seasonal variability in temperature obtained
from the ERA5-Land reanalysis. The ensemble spread
from the CMIP6 projections for a given scenario can
also be used to obtain the projection-uncertainty
of these future scenarios. However, integration of
projection uncertainty, statistical uncertainty, and
historical ERA5-Land uncertainty requires further
research.

4. Conclusions

KrigR is a powerful, intuitive, and easy-to-use tool
for acquiring and statistically downscaling state-of-
the-art climate data. We have integrated the use of
the ERA5 family of reanalysis products into KrigR.
Currently, these are the most advanced reanalyses.
KrigR offers a significant advantage in the field of
high-resolution climate datasets by (a) leveraging the
important advances behind the creation of the ERA5
reanalyses in terms of observations assimilated, the
underlying dynamical model, and the data assim-
ilation methodology; (b) offering access to the full
range of ECVs from a single, consistent source at
high temporal resolution; (c) providing the dynam-
ical and statistical uncertainty associated with the
high-resolution data, which allows for uncertainty
propagation in downstream modelling efforts as well
as a better understanding of data reliability; (d) offers
great flexibility to tailor the data and study domain to
user needs.

The ability in KrigR to pre-define spatial extent,
timescale, period prior to data acquisition and carry
out downloads/data processing through parallelised
computation helps users overcome an important lim-
itation of conventional workflows. With the rapid
growth of climate datasets, the traditional workflow
of downloading global data sets and subsequently
cropping these to the required areas becomes unman-
ageable. This data management workflow issue has
been an important topic in climate science for a
decade (Overpeck et al 2011), but is extending to
other domains where climate data is used. Thereby,
KrigR is a tool with great capability to efficiently
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provide researchers and other users with climate data
tailored to the needs of individual projectswhile being
executed with just a few lines of code in a widely used
open-source programming environment.
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