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Abstract

Land use and land cover change (LULCC) is one of the essential variables in climate
modelling. The accurate representation of feedback mechanisms between the land
surface and the atmosphere is crucial for Regional Climate Models (RCMs) to produce
reliable information about the past, present and future climate. Several LULC products
are available and used in RCM simulations. However, the LULC products used often
lack the required spatial and temporal resolution and, most importantly, thorough
validation. In order to overcome the short-comings of exiting LULC datasets this thesis
introduces a newly developed, high-resolution plant functional type (PFT) map for
Europe for the use in regional climate models, LANDMATE PFT 2015 Version 1.0. The
map is generated translating high-resolution LULC data (ESA-CCI LC) into PFTs for the
European continent. High-resolution climate data is used to differentiate the translation
of LULC classes for 30 climate zones depending on temperature and precipitation
data. Under consideration of the 30 climate zones, the LULC classes from the ESA-

CCI LC map 2015 are translated into PFTs using a newly developed cross-walking
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procedure. The validation of the map is provided through comparison of LANDMATE
PFT 2015 with an extensive ground truth database for the European continent. The
newly developed validation workflow makes it possible to compare fractional LULC
maps to a ground truth dataset, which is provided as point samples. The validation
results show improvement of LANDMATE PFT in comparison to the ESA-CCI default
PFT map and provide regional quality information to regional climate modellers. The
workflow is tailored to the validation of fractional LULC maps and can be applied to
already existing LULCC or PFT map products in order to tackle the challenge that

arises from uncertainty in LULCC input in RCMs.
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1. Introduction

The regional climate models (RCMs) used today require high quality and high resolution
land use and land cover change (LULCC) data in order to generate realistic and reliable
climate hindcast simulations and climate projections as a basis for climate change
research. However, the availability of suitable LULCC input data is limited due to
insufficient observations or observations in an unsuitable temporal or spatial resolution
or data format.

In order to conduct RCM experiments focused on simulations that require realistic
LULC conditions, the land use and land cover (LULC) product implemented into an
RCM needs to be selected according to the respective research objective. However,
for the majority of RCMs, one of the well-known LULC product is used for simulations
(Bontemps et al., 2012a), regardless the present research objective.

The importance of of high-quality LULCC representation in RCMs is investigated
in multiple studies for the European continent (Davin et al., 2020; Perugini et al.,
2017; Strandberg et al., 2019). It is shown that the impact and feedback effects of
LULC and further LULCC on near-surface climate parameters, such as temperature

and precipitation is non-negligible when investigating the climate system in a changing
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environment (de Noblet-Ducoudré et al., 2012). This impact is expected to be increasing
when moving towards convective permitting scales of 3 km or less (Adinolfi et al., 2021;
Tolle et al., 2021)

In the course of a user analysis in the context of the European Space Agency
Climate Change Initiative (ESA-CCI, Bontemps et al., 2012b) a survey was conducted
among the climate modelling community in order to identify the commonly used products
in climate modelling (Bontemps et al., 2012a). According to the survey, mainly 12 LULC
products are used among the community, most of which are only provided for one
time step. Most used LULC products are the IGBP DISCover' by the United States
Geological Service (USGS, Loveland et al. (2000)), the GLC2000 (Bartholome et al.,
2005), the MODIS? products (Friedl et al., 2010; Sulla-Menashe et al., 2018) and
the GlobCover database (Arino et al., 2012; Defourny et al., 2006). The versions of
the products are not defined in the survey results so it is assumed that the products
are used in all of their so far published versions. Beside the varying levels of LULCC
accuracy and the differences in classification detail, several comprehensive comparative
approaches show considerable differences between these products. Giri et al. (2005)
and Herold et al. (2008) show large areas of disagreement between GLC2000 and
MODIS over Europe. Herold et al. (2008) further include the IGBP DISCover dataset
into the comparison while it was added to Giri et al. (2005) in a follow up approach
(McCallum et al., 2006). The extreme disagreement between the IGBP DISCover
dataset and GLC2000 is confirmed by both approaches.

GLC2000, MODIS (for the year 2005) and GlobCover (2004-2005) were compared

'International Geosphere-Biosphere Program Data and Information System
2Moderate Resolution Imaging Spectroradiometer
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by Pérez-Hoyos et al. (2012). The fourth dataset in the comparison is the CORINE
land cover inventory (CLC) for Europe (Buttner et al., 2004), which limited the region
suitable for the comparison to the European continent, more precisely the 27 countries
covered by CLC. The overall agreement between the assessed datasets is noticeably
low. A major finding is that cropland is underestimated by GlobCover compared to the
other datasets, which are in relatively good agreement regarding the overall cropland
proportions. On the other hand, sparse vegetation is strongly underestimated by
GlobCover. MODIS 2005 shows deviating proportions of mixed vegetation, which is due
to the classification harmonization, where the MODIS LC class "Woody savannahs”, that
does not exist in the other datasets, is assigned to the mixed vegetation. Major to minor
differences between the LULC class proportions are found for all other classes, where
the smallest differences are found for needleleave vegetation. The low consistency
between GLC2000, GlobCover and MODIS is confirmed by (Hua et al., 2018), where
the focus is on multiyear consistency. The agreement between MODIS an GlobCover
increases from GlobCover 2005 to GlobCover 2009 but is still below 65 %. Reasons
for the strong disagreement between the datasets identified by multiple comparative
studies are different methods of data acquisition, classification and different spatial
resolution. Nevertheless, all datasets are used simultaneously within the climate
modelling community and the dataset differences cause uncertainty in simulations. The
impact of these uncertainties in RCM experiments arising from differences in the used
LULC products, is not negligible.

Sertel et al. (2010) created and used an updated LULC map and compared the
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RCM simulation results to the results using the default GLCC® map, where the focus of
the newly created map was set on the precise representation of urban expansion in the
Marmara Region in Turkey. While the impact on precipitation could not be assessed
due to dry weather conditions in the simulation period, temperature representation
was improved noticeably. A positive effect of more accurate LULC representation on
the simulation of wind estimates was shown by Santos-Alamillos et al. (2015) and
De Meij et al. (2014). The comparison of two RCM simulations, one with the GLCC
dataset, and one with CLC showed, that the CLC based simulation is advantageous
regarding the simulation of wind estimates over Southern Spain. The positive effect of
the implementation of updated LC (CLC and MODIS) into a high-resolution RCM was
also confirmed over two pilot regions in Austria Schicker et al. (2016). A study over the
complex terrain of the Eastern Pyrenees showed, that with the implementation of CLC
the entire RCM performance improved on average compared to the simulation using
the model specific default LULC data Jiménez-Esteve et al. (2018).

In order to overcome the uncertainty caused by using different LULC products
with different classifications and levels of accuracy, a new product is needed, that is
customized to the specific user needs of the RCM community. The European Space
Agency Climate Change Initiative (ESA-CCI) tackled the challenge, that arises from
LULC uncertainty caused by LULC products in RCMs and released a remote sensing
based land cover time series (ESA-CCI LC, ESA, 2017) on a continuous, global 300 m
grid. The time series was created following the investigation on the requirements of

climate modellers to a LULCC product (Bontemps et al., 2012a). Summarized, the

3Global Land Cover Characterization, Loveland et al., 2000
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requirements are focused on (1) a high-resolution (desirably 300 m or coarser) product
that represents intra-annual or even monthly dynamics regarding phenology and LULCC,
(2) a product with a LULC classification that is translatable to the Plant Functional Type
(PFT) concept used by many RCMs and (3) transparent quality information. The ESA-
CCI LC dataset covers the period from 1992 to 2020 in annual time steps. The product
is based on sensors from different satellite missions as shown in table 1.1

Table 1.1: Satellite missions involved in the production of ESA-CCI LC according to ESA, 2017

Time period Satellite product

Baseline Production 2003-2012 | MERIS FR/RR # global SR ® composites
1992-1999 Baseline 10-year global map; AVHRR © global SR
composites for back-dating baseline

1999-2013 Baseline 10-year global map; SPOT-VGT ’ global
SR composites for up and back-dating the base-
line; PROBA-V 8 global SR composites at 300 m
2013-2015 Baseline 10-year global map; PROBA-V global SR
composites at 1 km for years 2014 and 2015 for
updating the baseline; PROBA-V time series at
300 m

Since 2016 Sentinel-3 OLCI and SLSTR ° 7-day composites

“MEdium Resolution Imaging Spectrometer Full Resolution/Reduced Resolution (E. A. P. ESA, 2002)

SSurface Reflectance

8Advanced Very-High-Resolution Radiometer (Hastings et al., 1992)

7SPOT Vegetation satellite program (Maisongrande et al., 2004)

8Project for On-Board Autonomy - Vegetation (Dierckx et al., 2014)

90Ocean and Land Colour Instrument (OLCI) and Sea and Land Surface Temperature Radiome-
ter (SLSTR) (Donlon et al., 2012)
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The ESA-CCI LC is quality checked, which includes the comparison to a global
LC ground truth database with validation through regional experts. The global, overall
accuracy is over 75 % for the 2015 map (ESA, 2017), while the regional accuracy of the
dataset is assessed by independent researchers (Karvonen et al., 2018; Koubodana
et al., 2019; Majasalmi et al., 2021; Samasse et al., 2018; Vilar et al., 2019; Yang et al.,
2017). However, the investigation of regional accuracy over Europe has received little
attention so far (Reinhart et al., 2021a). The classification of ESA-CCI is based on
the United Nations Land Cover Classification protocol (UN-LCCS, Di Gregorio (2005))
and includes various mixed classes without specification of the respective LULC type
proportions within a grid cell. However, the survey conducted by Bontemps et al.
(2012a) regarding user needs within the RCM community revealed the translatability of
the LULC classification into RCM specific classes or PFTs as a main issue.

For the translation of the ESA-CCI LC classes into PFTs, the ESA-CCI provides
a dedicated user tool. The tool is set up for the user to facilitate processing of the
ESA-CCI LC maps, such as translating the maps into the desired PFTs or resampling
the maps into the desired resolution. Within the user tool, the ESA-CCI provides a
default PFT translation (Poulter et al., 2015) where the ESA-CCI LC map classes are
translated into 10 PFTs. An urban PFT was added shortly after publication to separate
the urban areas, that were translated mainly to bare soil before.

The translation from LULC classes into PFTs is not trivial considering the definitions
of the mixed classes, where only a percentage range of each LULC type proportion is
given. When individual proportions of PFT types are over- or underestimated, the total

PFT ratio is necessarily changed. The differences in global trends shown by ESA-CCI
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PFT in comparison to other available LULC maps are shown by W. Li et al. (2018),
where the ESA-CCI PFT time series is compared to other available long term LULC
time series. Further, differences between other available PFT datasets are shown
by Hoffmann et al. (2021). The global comparison between the MODIS PFT and the
ESA-CCI LC PFT time series shows clear differences not only in the proportions but
also in the global LULC change trends, especially in Europe. Hartley et al. (2017)
elaborate on the impact of uncertainty in PFT maps for RCMs. However, no quality
information is given for the two PFT time series (ESA-CCI PFT and MODIS PFT), that
could verify the LULC status or the regional trends.

Consequently, within the creation of a new PFT time series, quality information
needs to be considered. An accuracy assessment workflow for determining the quality
of a LULC product or time series needs to be developed and follow certain standards but
nevertheless, needs to be adjusted to the respective LULC product and to the purpose
of the respective assessment Foody (2015), Olofsson et al. (2014), and Stehman et al.
(2019). Summarized, the assessment workflow needs to be carried out with as little
as possible modification of the assessed dataset and with as much detail as possible
regarding the classification. The workflow needs to be provided transparently to the
user in order to ensure total clarity of the resulting accuracy measures in order to
determine strengths and weaknesses not only of the assessed dataset but also of the
performed assessment.

This cumulative dissertation is conceptualized to fill the research gaps that are
identified regarding the use of LULCC products in RCMs, which are formulated as

follows:
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» The four LULCC products mainly used in RCMs are partly outdated and not
valdiated, yet used simultaneously among each other. There is a need for
compaprison of and investigation of differences between these commonly used
products.

* In between the LULCC products are considerable differences in LULC proportions
and classifications that lead necessarily to uncertainty in between simulations.
It needs to be investigated how these commonly used products contribute to
inter-model variability and uncertainty.

« Little to no attention is paid by the RCM community to validation of LULCC prod-
ucts used in RCMs. A validation workflow needs to be developed that provides
quality information for LULCC products used in regional climate modelling.

 The translation of LULC classes into RCM specific LULC classification necessarily
changes the LULC class proportions and needs to be addressed as an uncertainty
within RCM simulations. The modifications applied due to implementation into
RCM specific LULC classifications need to be investigated and documented
thoroughly.

Section 2.1 gives an overview of the four main research questions of this dissertation.
The research design is elaborated in chapter 2.2 where the steps taken to answer the
research questions within the associated publications are shortly summarized. Chapter
4 connects the individual publications through an overarching discussion of the methods
and the results. Overall conclusions and an outlook to future tasks that necessarily

have to follow up to this dissertation are given in chapter 5.



2. Research approach

This cumulative dissertation is incorporated within the LANDMATE (Modelling human
LAND surface Modifications and its feedbacks on local and regional cliMATE)'® project,
which was launched in 2018. LANDMATE is one of the seven projects within the
Helmholtz Institute for Climate Service Science" (HICSS)'!, a cooperation between the
Climate Service Center Germany (GERICS) and the Universitat Hamburg.

The LANDMATE project is dedicated to improve the representation of LULCC in
regional climate models and to to include land management practices, such as irrigation
into RCMs. Further, in the course of the participation in the WCRP'?> CORDEX'® FPS
LUCAS™, the aim of LANDMATE is the quantification of the signal of LULCC on regional
climate in Europe. Within this framework of LANDMATE, the overall goals of this thesis
are focused on creating the prerequisite for the FPS LUCAS through development and
provision of validated, high-resolution LULCC input data.

In order to address these overall goals, the following main objectives were defined:

Ohttps://www.hicss-hamburg.de/projects/landmate/index.php.en

" https://www.gerics.de/science/hicss/index.php.de

2World Climate Research Programme, https://www.wcrp-climate.org/

13COordinated Regional Downscaling EXperiment, https://cordex.org/

“Flagship  Pilot  Study Land Use and land Cover Across  Scales,
https://ms.hereon.de/cordexs ps;ucas/index.php.en


https://www.hicss-hamburg.de/projects/landmate/index.php.en
https://www.gerics.de/science/hicss/index.php.de
https://www.wcrp-climate.org/
https://cordex.org/
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(1) the investigation of differences between LULC datasets used in RCMs focused
on available continuous, high-resolution time series. The collection of available LULC
products prepared objective (2), the conceptualization and production of a new PFT
dataset that is tailored to the needs of regional climate modellers in Europe. (3) Special
attention is paid to validation of LULC products by developing a tailored accuracy

assessment procedure for the newly developed dataset.

2.1 Research questions

The initial research questions are formulated as follows according to the research gaps

identified in chapter 1.

1. Which datasets are suitable to produce a consistent historical time series of
a LULCC dataset for RCMs over Europe?
The in-depth investigation on currently used LULC data in RCMs elaborated in
chapter 2 shows that the currently used data is to a large extent not suitable
for the challenges and tasks of future RCM experiments. Following that finding,
currently available LULC products are collected and checked for temporal and spatial

resolution and the overall quality of LULC representation in particular.

2. How can the hot spots of LULCC in Europe be validated?
The first step revealed that the ESA-CCI LC dataset released by ESA in 2017 is
most suitable for the upcoming analysis and the task to produce a high-quality
and high-resolution LULCC time series for RCMs. However, to that point a quality

assessment of ESA-CCI LC focused on and tailored to the European continent was
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missing. As a necessity, the hot spots of LULCC in Europe that are suggested by

the ESA-CCI LC for Europe need to be reviewed and verified.

3. Which methods are suitable to produce a consistent historical, high-quality
and high-resolution time series of a LULCC dataset for Europe?
In the previous quality assessment of ESA-CCI LC over Eastern Europe, the dataset
is considered to be suitable to represent the hot spots of LULCC over Europe
accurately enough for ESA-CCI LC to be the baseline product for a LULCC time
series for RCMs. The baseline product needs to be produced under the premise that
it has to be flexibly implementable into multiple RCM families but at the same time
does not forfeit LULC information and therefore, quality. Another requirement to a
newly developed product is the fine scale, regional applicability and accuracy which
can only be achieved by the consideration of specific regional information beyond

the pure LULC information derived from the ESA-CCI LC dataset.

4. What is a suitable method to determine the quality of the newly developed
PFT dataset?
The translation of LULC classes and the merge of multiple additional datasets
necessarily results in a change of quality of the new product in comparison to the
baseline product. Therefore, it is inevitable to assess the quality of the final product
respectively. Challenges, such as the fractional structure of the dataset, need to
be tackled in the quality assessment design in a way that produces useful quality

information for climate modellers, which are the target user group.
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2.2 Research design

In the first work of this cumulative dissertation, proportional area comparison (PAC) is
used to validate the regional accuracy of ESA-CCI LC over Eastern Europe (Reinhart
et al., 2021a). This first study is designed to give insights on the reliability of the LULCC
suggested by ESA-CCI LC in order to evaluate the suitability of ESA-CCI LC as baseline
product for the development of a new LULC product. According to Liu et al. (2018),
ESA-CCI suggests a LULCC of 5.36 % of the land area in Europe corresponding to
0.53 Mio km?, where 42 % of the LULC transitions are forest to cropland or vice versa.
The largest proportion of these most common transitions occurs in Eastern Europe,
which is why the area was selected as pilot region for the comprehensive accuracy
assessment. Challenges in accuracy assessment of LULC products elaborated in
Reinhart et al., 2021a should be overcome using the PAC, a method that can be applied
to compare two LULC products with different structure and resolution without spatial
modification. Although the advantages of the approach did not become evident in the
comparison over Eastern Europe, a PAC over Portugal by Fonte et al. (2020) shows
that the structure and different resolution of the reference and the assessed map have
non-negligible influence on the accuracy measures.

The comparison with CLC reveals the strengths and weaknesses of ESA-CCI LC
in the pilot region. The main LULC types (forest and cropland) are represented very
well while the lesser represented types, such as urban and shrubland show minor
uncertainties compared to CLC. Following this assessment, the ESA-CCI LC was
selected to be the basemap for the upcoming task.

Following the preparing investigation on suitable input data within the framework of
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the thesis, a PFT dataset was developed for the use in RCMs. The newly developed
LANDMATE PFT dataset' is a high-resolution PFT map for Europe. The PFT map
is available in two spatial resolutions (0.1°and 0.018°) for the year 2015. The PFT
distribution is based on the ESA-CCI LC map for 2015. The translation from ESA-CCI
LC classes to PFTs is based on the translation from Wilhelm et al. (2014), where
the GLOBCOVER2000 dataset, which shares a similar LULC classification with ESA-
CCI LG, is translated into the 16 REMO-IMOVE PFTs. During the development of
LANDMATE PFT 2015, the existing translation is thoroughly revised and adjusted to
the ESA-CCI LC classes as elaborated in the corresponding publication (Reinhart
et al.,, 2021b). The revision of the translations was done closely accompanied by
extensive comparison of the product with validated, high-quality and high-resolution
LULC maps and the inclusion of expert knowledge. The use of climate data in the form
of Holdridge Life Zones (HLZs) makes it possible to adjust the PFT fraction proportions
according to different climate zones and with that, to account for the variety of vegetation
communities along the latitudinal range.

The comprehensive development process of LANDMATE PFT 2015 should ensure
a very high quality of the map. Nevertheless, validation needs to be done in order to
provide the required quality information to the user. For the LANDMATE PFT dataset
for 2015, which is of fractional structure, validation with ground truth data is even more
challenging than for a product, that contains only one LULC type per grid cell. Recent
approaches tackled the challenge by comparing PFT products or PFT distributions

manufactured for the respective purpose to other existing LULC datasets (Hoffmann

S ANDMATE PFT land cover dataset for Europe 2015 (Version 1.0) available at https://cera-www.dkrz.
de/WDCC/ui/cerasearch/entry?acronym=LM_PFT_LandCov_EUR2015_v1.0


https://cera-www.dkrz.de/WDCC/ui/cerasearch/entry?acronym=LM_PFT_LandCov_EUR2015_v1.0
https://cera-www.dkrz.de/WDCC/ui/cerasearch/entry?acronym=LM_PFT_LandCov_EUR2015_v1.0
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etal, 2021; W. Li et al., 2018; Liang et al., 2015; Térma et al., 2015). A comparison of a
PFT product to real ground truth data has not been published to this time. Reinhart et al.
(2021b) present a novel approach for the validation of fractional, gridded data, where
one unit of a grid cell contains more than one LULC type that is furthermore not precisely
located within the respective grid cell. Using the proposed approach it is ensured, that
the best practice recommendations for LULC accuracy assessments are followed
thoroughly and that the accuracy measures are comprehensible and reproducible. The
approach makes use of the most comprehensive ground truth database for Europe and
produces a transparent, spatial overview over the strengths and weaknesses of the

LANDMATE PFT dataset for Europe for 2015.

2.3 Novelty of the approach

The entire approach followed within this cumulative PhD thesis is designed to tackle
the uncertainty that arises from the use of LULC products in RCMs. Latest findings
from remote sensing based research on LULC map production and validation are
transferred to benefit the improvement of LULC representation in RCMs. While in
remote sensing research, validation techniques for LULCC products are advanced and
constantly improved, the techniques are not used for products used in (or manufactured
for) RCM studies. Therefore, the products that are in use today in the climate modelling
community are insufficiently validated and to a large extent outdated. Yet, the maps are
used simultaneously within the RCM community.

Comprehensive validation of LULC input for RCMs with independent reference data
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following the good practice recommendations given by the remote sensing community
is put in the center of attention of the present approach in order to address the various
uncertainties that arise from the respective LULC input within an RCM simulation. The
newly developed high-resolution LANDMATE PFT 2015 map provides a product that
fills the gaps that were identified in chapter 1. Due to the transparency of the production
process provided by Reinhart et al. (2021b), translatability of LANDMATE PFT into
model-specific classifications is ensured. Further, the urgent need for transparent
quality information is met. The accuracy assessment design that is developed for the
validation of fractional, gridded map products produces reliable quality information in a
transparent, comprehensible way to the user community.

With this approach we are the first to apply validation with ground truth data to a
PFT map. The method used is easily adjustable to other fractional, gridded PFT maps
as it is done within chapter 4.2 to the ESA-CCI PFT map. Through the validation, the
uncertainty in PFT distribution that arises form the CWP is identified and the CWP
can be modified, if necessary. The validation workflow can further be applied for
the validation of other products outside Europe, assuming that ground truth data is

available.
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16
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Abstract

Comparison of ESA climate change initiative land cover
to CORINE land cover over Eastern Europe and the Baltic
States from a regional climate modeling perspective

Vanessa Reinhart, Cidalia C. Fonte, Peter Hoffmann, Ben-
jamin Bechtel, Diana Rechid, Jurgen Béhner

International Journal of Applied Earth Observation and
Geoinformation

https://doi.org/10.1016/j.jag.2020.102221
April 2020
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| raised the research interest, conceptualized the research
approach, wrote the original draft and applied the method-
ology adopted from the research group of C.C. Fonte to
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High-quality land use and land cover (LULC) information is of crucial importance

for the performance of regional climate models (RCMs), in particular at high spatial

resolutions down to convection permitting scales below 4 km. Several satellite-based

high-resolution products are currently available for implementation into RCMs. One

of the most recent products is the European Space Agency Climate Change Initiative

Land Cover (ESA CCI LC) dataset. While the ESA CCIl LC has been assessed

globally, an evaluation against regional, independent LULC datasets is necessary to
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identify LULC inaccuracies in the respective region of interest and to give regional
climate modelers estimates for the uncertainty in the land use forcing. In the present
work the ESA CCI LC dataset is compared to the COoRdination and INformation on
the Environment (CORINE) Land Cover (CLC). Agreement between the datasets is
assessed by proportional area comparison (PAC). The resulting agreement measures
are compared to the results of a majority approach (MA) to explore possible differences
between the methods. Three timesteps of ESA CCI LC matching the timesteps of CLC
are assessed to take a change in agreement over time into account. In addition to the
quantification of agreement, spatial patterns of possible issues with ESA CCI LC are
identified through utilization of geospatial information systems (GIS). Using the PAC,
the agreement of ESA CCI LC with CLC is found to be 76 % for the research area (RA).
Although the agreement decreases slightly using the PAC, no substantial differences in
agreement measures were found compared to the results of the MA. Dominant LULC
categories agriculture and forest show an agreement of over 80 % with CLC. A few
major issues were found for grassland, wetlands, settlements, and water bodies in the
RA of which some might influence RCM performance if the dataset is implemented
without adjustment. We highly recommend to apply the PAC to other regions in Europe
and further globally to investigate if the found issues are also found elsewhere. The use
of more independent regional and specified datasets for validation but also for possible

improvement of the ESA CCI LC dataset is suggested.
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| and Peter Hoffmann developed the cross-walking pro-
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generate LANDMATE PFT 2015. | revised the inclusion
of climate data within the workflow. | prepared the LAND-
MATE PFT 2015 map for publication within the WDCC
DKRZ database. | co-wrote the supplementary data de-
scription document together with Peter Hoffmann.

The LANDMATE PFT dataset provides a land cover map for Europe for the year

2015in 0.1°( 10km) and 0.018° ( 2km) resolution. The dataset is based on land cover

data of the ESA Climate Change Initiative (ESA-CCI, native resolution: 300m) which is

translated into 16 plant functional types (PFTs) and non-vegetated classes employing

the cross-walking procedure introduced by Reinhart et al. (2021). The translation is

done under consideration of the Holdridge Life Zones (HLZs), a system, that classifies
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land areas based on bioclimatic properties. Through the HLZs, regional distinction of
the individual PFT distribution can be achieved. The land cover information is given as
fractions per grid cell where each fraction represents the area covered by the respective
land cover within each grid cell (0-1). The dataset is available in two different horizontal
resolutions, 0.1°( 10km) and 0.018° ( 2km), whereby the land cover information is
resampled using a fractional approach to achieve the desired resolution.

The LANDMATE PFT dataset was carefully developed and designed to meet the
present and future requirements of regional climate models and is therefore recom-
mended to be used for regional climate modeling over the European Continent. The
LANDMATE PFT dataset (0.1 ° resolution) serves as basemap for the historical and
future land use and land cover dataset LUCAS LUC developed by Hoffmann et al.

(2021).
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support of all Co-authors. Together with Peter Hoffmann
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assessment design for the LANDMATE PFT map sup-
ported by Benjamin Bechtel. | conducted the accuracy
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results. | wrote the original draft of the manuscript, which
was revised by all co-authors.

The concept of plant functional types (PFTs) is shown to be beneficial in representing

the complexity of plant characteristics in land use and climate change studies using

regional climate models (RCMs). By representing land use and land cover (LULC) as

functional traits, responses and effects of specific plant communities can be directly
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coupled to the lowest atmospheric layers. To meet the requirements of RCMs for
realistic LULC distribution, we developed a PFT dataset for Europe (LANDMATE PFT
Version 1.0, Reinhart et al. (2021c)). The dataset is based on the high-resolution ESA-
CCl land cover dataset and is further improved through the the additional use of climate
information. Within the LANDMATE PFT dataset, satellite-based LULC information
and climate data are combined to achieve the best possible representation of the
diverse plant communities and their functions in the respective regional ecosystems
while keeping the dataset most flexible for application in RCMs. Each LULC class of
ESA-CCl is translated into PFT or PFT fractions including climate information by using
the Holdridge Life Zone concept. Through the consideration of regional climate data,
the resulting PFT map for Europe is regionally customized. A thorough evaluation of the
LANDMATE PFT dataset is done using a comprehensive ground truth database over
the European Continent. A suitable evaluation method has been developed and applied
to assess the quality of the new PFT dataset. The assessment shows that the dominant
LULC groups, cropland and woodland, are well represented within the dataset while
uncertainties are found for some less represented LULC groups. The LANDMATE PFT
dataset provides a realistic, high-resolution LULC distribution for implementation in
RCMs and is used as basis for the LUCAS LUC dataset introduced in the companion
paper by Hoffmann et al. (2021) which is available for use as LULC change input for

RCM experiment setups focused on investigating LULC change impact.
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4. Discussion

The original publications stand on their own but are closely connected. The discussion
is structured along the initial research questions in section 2.1 including the reference
to the respective publication. Research question 1 and 2 are discussed in section 4.1

and research question 3 and 4 are discussed in section 4.2.

4.1 Selection and validation of LULCC products for the
use in RCMs

The selection of ESA-CCI LC as an answer to research question 1, followed extensive
research on available LULCC data. The decision to build the LANDMATE PFT map on
this ready-to-use product instead of using remotely sensed raw data followed pertinent
reasons of practicability and the scope of this thesis. The most transparent approach
would have been building the PFT dataset for RCMs on remotely sensed raw data. An
obvious choice for a remote sensing dataset would have been the use of one of the
oldest and longest satellite programs, the LANDSAT program (Woodcock et al., 2008;
Woulder et al., 2019). Since the early 70s, the overlapping missions (LANDSAT 1-8,
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LANDSAT 9 since September 2021) cover the global land area with multiple fly overs per
year capturing image quality of 30 m horizontal resolution. Although the multispectral
images are freely available, the raw imagery requires careful processing in order to
generate a classified LULCC product (ED Chaves et al., 2020; Leinenkugel et al., 2019).
Beside the selection of suitable algorithms, supervised or unsupervised, the overall
image availability is a factor that determines the quality of the final product (Prishchepov
et al., 2012). Following the processing, validation is needed to determine the success
of the processing chain. There are several regional approaches using customized
algorithms to classify the LANDSAT imagery over the respective focus region in order
to identify changes in landscape patterns (Chetan et al., 2018). Furthermore, a pan-
European map for 2015 based on Landsat 8 imagery processed using machine learning
algorithms was published (Pflugmacher et al., 2019). Quality information for the map
is given, however, the classification, which contains eleven LULC classes, is not
diverse enough to meet the requirements of the RCM community. As the classification
approaches show, the focus of the production of LULCC maps from remotely sensed raw
data is necessarily laid on the development of high-performing classification algorithms,
which need to be developed through elaborate procedures. However, the focus of
this thesis is the identification of uncertainties within existing LULCC maps that are
in use in the RCM community in order to improve the LULCC representation, which
makes the development of classification algorithms to be clearly out of scope. With
regard to the time and resource consuming procedure of preparing classified maps from
LANDSAT data and the following design and implementation of a quality assessment,

the approach was not followed further. Since the ESA-CCI dedicated multiple years into
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the production and global validation of their classified LC time series, it was decided to
be the ideal baseline product for the production of a customized high-resolution PFT
map for Europe. Nevertheless, comprehensive validation tailored to the respective
purpose is incumbent on the user and is therefore tackled in the following research.

Research question 2 is focused on the ESA-CCI LC product itself and the LULCC
suggested by the annual maps, where the hot-spot LULCC locations in Europe were
found to be in Eastern Europe. While the ESA-CCI LC map for 2010 is validated on
a global scale using the GLOBCOVER 2009 validation database (global accuracy is
70 % to over 74 %, depending on the assessment design (ESA, 2017)), an extensive
validation on regional level was not done for Europe. In order to verify small scale
LULCC, the comparison to independent LULC data for the respective region of interest
is necessary and the quality figures of a coarse scale assessment cannot be transferred
to small scale studies, especially when it comes to the validation of changes. Small
scale changes that might be missed by a coarse scale assessment could lead to over-
or rather underestimation of LULCC. With the proportional area comparison (PAC) we
aim to overcome one major challenge in accuracy assessment of LULC maps, namely
the modification of map resolution in order to fit the reference to the assessed map
product.

A challenge that could not be tackled to a sufficient extent in this approach is
the harmonization of classifications, that always bears the risk of changing accuracy
measures. Assessed map and reference are mostly provided by different institutions
and are created to serve different purposes. Therefore, LULC map classifications or

precisely, class definitions may differ. The ESA-CCI LC maps are classified following
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the protocol of the UN LCCS classification system (Di Gregorio, 2005). According to
the user manual the classification is based on automated classifiers that are arranged
in a hierarchical structure. One of eight main LC types is defined as a first step followed
by specification, where the set of classifiers is determined by the previously defined
LC type. The final classification of ESA-CCI LC includes 37 LC classes including
various mixed classes which is also an implication of the 300 m resolution. In a highly
heterogeneous landscape like it is found in Europe, there is a high probability that a
patch of 300x300 m does include more than one LC type. Therefore, the classes within
the ESA-CCI LC legend, such as class 70 (Tree cover, needleleaved, evergreen, closed
to open (>15 %)) may contain tree cover in a range between 15 % and 100 % where
the actual proportion is not further defined.

The CLC database that is treated as reference in the approach by Reinhart et al.
(2021a) is classified based on the interpretation of objects within the recorded images,
precisely the interpretation of texture and patterns. This technique of classification
requires regional expert knowledge, which is given through the decentralized approach
of CLC (Buttner et al., 2004). The CLC datasets legend is available in three levels of
detail, where level | includes the five main LC types, level Il includes 15 subclasses and
the most detailed level Il includes 44 subclasses. The fine resolution of CLC (~100 m)
makes the occurrence of mixed pixels less likely than for ESA-CCI LC. Nevertheless,
the level Il classification includes mixed classes but the proportions on LC types within
a pixel are defined differently. For example, class 3.2.1 (Coniferous forest) is defined
with a crown cover of at least 30 % within a pixel, which means the tree cover can range

between 30 % and 100 %. The difference between the tree proportions in the two
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datasets might not be relevant when only one pixel is considered. When a continuous
map is compared to another, the differences may increase to an extent that influences
the overall LC type proportions.

The use of independent map data or ground truth reference data is necessary in
order to verify the quality of a LULC map. However, when independent map products are
not based on the same classification system, classification harmonization is inevitable.
Associated with a modification of a map legend, including aggregation or grouping of
individual classes are changes in the representation of LULC of the respective map.
The harmonization of ESA-CCI LC with the CLC classification is only one example
of this challenge. While in the present approach an established harmonization table
was utilized, there are multiple concepts successfully tested, such as the one-to-many
approach by Fritz et al. (2008), where a degree of overlap between classes is calculated
based on the class descriptions of each product in the comparison. Another approach is
the use of a Latent Dirichlet Allocation (LDA) model, where a newly created harmonized
class is allocated to each pixel (Z. Li et al., 2021). For future work, the application
of such advanced methods for comparing differently classified products should be

considered for the validation of LULCC maps that are used in RCMs.

4.2 A validated PFT map for climate modelling

In order to answer research question 3, the method selected is a connection between
previous approaches, where the ESA-CCI LC PFT translation is used as guideline

for the new translation and the concept for the inclusion of climate data is adopted
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from Wilhelm et al. (2014). By the addition of climate data the LULC representation is
adapted regionally.

The uncertainties arising from the translation of LULC maps into PFT maps was
investigated by Hartley et al. (2017) where the cross-walking procedure is identified as
a main source of uncertainty. The translation of a LULC map into a PFT map clearly
bears the risk of changing the map accuracy. Therefore, validation of the final product
should be key within the production process. The default ESA-CCI PFT translation
was developed by Poulter et al. (2015) who relied on expert knowledge to prepare the
cross-walking tables. However, detailed documentation on the production process of
the CWTs as well as information on quality is not given. Instead, the ESA-CCI PFT map
is compared to other available PFT maps in order to point out the differences between
the maps in use.

In the approach by Reinhart et al. (2021b), the default CWT provided by ESA-CCI
is revisited, modified and supplemented by high-resolution climate data. Nevertheless,
uncertainties remain in the LANDMATE PFT map. In order to evaluate the success
of the modification of the CWTs, the validation procedure that was developed for the
validation of fractional, gridded LULC maps is also applied to the default ESA-CCI
PFT map for 2015 and the results are compared to the spatial accuracy figures for
LANDMATE PFT (Fig. 4.1).

The maps show the differences in agreement with the ground truth dataset between
LANDMATE PFT 2015 and ESA-CCI PFT 2015, dependent of the respective count of
evaluable points per grid cell. While for cropland and urban areas no large improvement

is noticed, considerable improvement was achieved for the representation of woodland,
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Figure 4.1: The LANDMATE PFT 2015 cell count where the dominant LULC types cover 70 % or more
of a grid cell aggregated as count per 2.5° grid cell for improved visualization (left column), the producers
accuracy (PA) for LANDMATE PFT 2015 compared to the ground truth database LUCAS ground truth
survey (GT-SUR, expressed in percentage, middle column) and the difference between the PA of
LANDMATE PFT 2015 and ESA-CCI PFT 2015 per 2.5° grid cell where a positive value means an
advantageous LULC type representation by LANDMATE PFT 2015
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shrubland and grassland. The bare areas representation has improved as well. Never-
theless, the grid cells with improved representation include a low number of bare area
cells, which is why the results cannot not be weighted too heavily and might require
further investigation. All further results derived by the validation of ESA-CCI PFT are
prepared according to the workflow introduced in Reinhart et al. (2021b) and presented
in Appendix B.

The validation of LANDMATE PFT using the LUCAS ground truth survey (GT-SUR,
d’Andrimont et al., 2020) gives information on the uncertainty of the map for climate
modellers that implement the map within RCM simulations. The approach followed in
this thesis is designed to produce this uncertainty information especially for fractional
LULC maps that are used in RCMs. The challenges that occur when conducting such
an accuracy assessment are already addressed in section 4.1. While these challenges
remain, the validation of fractional maps brings additional issues into the production of
useful accuracy measures. With the selection of subsets within the LANDMATE PFT
map, where the selection criterion is the lower threshold for minimum coverage of a
LC type one map unit (grid cell), a range is determined for each accuracy measure,
based on the minimum fraction size. The ranges for each LULC type are published as
well as spatial distribution of accuracy and uncertainties. The accuracy measures are
further useful when the PFT map is transferred into an RCM that is not able to represent
subgrid fractions. In such RCMs, the fractional map is resampled with a majority
approach. Precisely, only the dominant LULC type is represented in the model. Since
the measures are calculated for different minimum coverage of the respective dominant

LULC type (from 10-90 %) the user can directly derive areas of LULC uncertainty within
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the respective RCM.

However, one of the biggest challenges, the classification harmonization addressed
in section 4.1, is still present for the quality assessment of LANDMATE PFT. The GT-
SUR consists of nine main LULC types, while two LULC types are water and marine
areas, which are not directly comparable to the LANDMATE PFT map. On the other
hand, LANDMATE PFT contains the special vegetation types tundra and swamps, which
are not comparable to the GT-SUR types. It was decided to focus the comparison on
the main LULC types to make the most use of the extensive database GT-SUR. Further
validation might not be achievable through the use of this database, but could be done
using specialized datasets. For example, the validation of forest type distribution could
not be included within the validation workflow. Within the LANDMATE PFT map, a
distinction is made between six different forest types. This unique feature is possible
through the inclusion of additional data, such as climate data and is highly important for
RCM studies focused on risk assessment (Albert et al., 2017; Honkaniemi et al., 2020;
Terrier et al., 2013) or vegetation change (Ahmed et al., 2021; Lehtonen et al., 2019;
Morin et al., 2018) Although the distribution of forest types within the LANDMATE PFT
map is supported by additional climate data, validation is crucially needed in order to
identify possible uncertainties and to modify the map to approximate realistic LULC
over Europe and needs to be addressed in future work.

ESA-CCI LC is available globally, which implies that the CWP used to create
LANDMATE PFT 2015 can be used to produce the PFT map also for other regions,
in case high-resolution climate data is available. However, this step is not trivial as

the regional adaptation of LANDMATE PFT for Europe might not be working out for
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other continents, considering the highly diverse ecosystems and plant communities
depending on climate and global location. The transfer of the CWP to outside of Europe
was done using the global climate dataset CRU (Harris et al., 2014) but it was decided
that the global data will not be published due to major inconsistencies for the other
continents, when compared to other global PFT datasets (Reinhart et al., 2020). The
CWP necessarily needs to be adjusted before application, depending on the continent
of interest. The modification of the CWP in order to adjust the CWP to other regions
than Europe is associated with thorough validation through comparison to regional
ground truth data and local expert knowledge, which is possible for future work, but is
beyond the scope of this thesis.

The fact that ESA-CCI does only provide maps for the past annual time steps and
therefore, does not provide continuity for future LULCC projections, lead to the decision
that the ESA-CCI LC time series was not used for the follow-up production of the
PFT time series. The associated work by Hoffmann et al. (2021) relied on the well
established LUH2 dataset to extend the LANDMATE PFT map for 2015 into the past and
future '8. In order to gain more detail to LULC type distribution and spatial resolution,
additional datasets are implemented, instead of considering the high-resolution ESA-
CCI LC annual maps. Future work should include a quality assessment for more time
steps of the LUCAS LUC time series in order to validate the LULCC suggested by the

dataset for the use in RCMs.

"8LUCAS LUC historical land use and land cover change dataset (Version 1.0) & LUCAS LUC future
land use and land cover change dataset (Version 1.0) available at https://cera-www.dkrz.de/WDCC/ui/
cerasearch/project?acronym=LANDMATE
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5. Conclusion

The ESA-CCI LC time series was found to be suitable as baseline product for the
production of a PFT time series for the use in RCMs. The LULCC suggested by
the ESA-CCI time series is validated by Proportional Area Comparison (PAC) to the
CORINE Land Cover Inventory (CLC). LULCC within ESA-CCI LC was found to be
reliable for the most common LULC types while uncertainties were found for the less
common LULC types. A workflow was developed for the translation of the ESA-CCI LC
map 2015 into PFTs. In order to compensate the uncertainties found in the previous
assessment, an existing cross-walking procedure (CWP) was revisited and modified
according to regional expert knowledge, scientific insights from literature and knowledge
from preliminary studies. Further, additional data was added, including high-resolution
climate data. In order to confirm the success of the modified CWP and the inclusion of
additional data, a quality assessment workflow was developed, tailored to the challenge
of validating gridded LULC maps with a fractional structure.

Applying the novel validation approach designed for fractional LULC data, it was
demonstrated that the LANDMATE PFT map for 2015 is able to represent the assessed

LULC types woodland and cropland very well while minor uncertainties are found for



CHAPTER 5. CONCLUSION 34

the other assessed LULC types. Limitations of the conceptual validation framework
arise from the classification harmonization and the structural differences between
LANDMATE PFT and the ground truth reference. While the structural differences could
be overcome by the implementation of filters, the classification harmonization can
be improved for future validation work. Nevertheless, the newly developed validation
approach can be transferred to other PFT maps and regions. The implementation of
LANDMATE PFT 2015 into RCMs is currently ongoing and is still is to be documented
thoroughly.

The methods applied to answer the research questions that the present thesis is built
on are tailored to fill the research gaps identified in chapter 1. Firstly, the LANDMATE
PFT dataset for 2015 is a PFT dataset that fulfils the requirements of the regional
climate modelling community. Through the involvement of high-resolution climate data
it is possible to tailor the dataset to regional climate conditions. Precisely, the CWP
can be adjusted to non-European regions to serve as LULC input for non-European
domains in regional climate modelling. Further, the sophisticated validation procedure
that was developed in the course of the creation of the dataset makes it possible to
generate quality information for fractional LULC datasets, as they are used frequently
as input for climate models. When ground truth data is available in the respective region
of interest, the validation workflow can be applied to all regional PFT datasets before
implementation into an RCM.

The LANDMATE PFT map for 2015 for Europe is originally developed to serve as
baseline map for a LULCC time series that is used within the CORDEX Flagship Pilot
Study Land Use Across Scales (CORDEX FPS LUCAS). The FPS LUCAS is dedicated
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to investigate the impact and feedback mechanisms of LULCC on regional climate,
where it is crucial to use LULCC input that is thoroughly quality checked. In the course
of this thesis the sensitivity to the impact of the quality of LULCC input in RCMs was
raised within the FPS LUCAS and will be investigated in the upcoming project phases.

The present approach contributes valuable insights to the whole RCM community
regarding the identification of uncertainties in RCM simulations caused by LULC input.
The LANDMATE PFT dataset for 2015 is the first high-resolution PFT map for Europe
that is thoroughly validated by comparison to an extensive ground truth database. The
validation workflow can be used to investigate the quality of PFT maps, that are currently
used. The generation of quality information of PFT maps can be majorly improved by
inclusion of the validation workflow in the production process, instead of just comparing
the respective PFT dataset to other products.

The added value of the LANDMATE PFT map even does extend beyond the RCM
community with having direct impact on climate services. With the improvement of
LULCC representation in RCMs the provision of climate information to stakeholders
can be improved. Under the consideration of the overall purpose of RCMs, to provide
high-resolution climate information to society, all components of an RCM need to be
constantly challenged for reliability. With the LANDMATE PFT map for 2015, a LULCC
component is introduced to the RCM community that provides validated, spatial quality
information for the European continent, which represents a great added value in contrast

to the other LULC products currently used.
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High-quality land use and land cover (LULC) information is of crucial importance for the performance of regional
climate models (RCMs), in particular at high spatial resolutions down to convection permitting scales below
4 km. Several satellite-based high-resolution products are currently available for implementation into RCMs. One
of the most recent products is the European Space Agency Climate Change Initiative Land Cover (ESA CCI LC)
dataset. While the ESA CCI LC has been assessed globally, an evaluation against regional, independent LULC
datasets is necessary to identify LULC inaccuracies in the respective region of interest and to give regional
climate modelers estimates for the uncertainty in the land use forcing. In the present work the ESA CCI LC dataset
is compared to the COoRdination and INformation on the Environment (CORINE) Land Cover (CLC). Agreement
between the datasets is assessed by proportional area comparison (PAC). The resulting agreement measures are
compared to the results of a majority approach (MA) to explore possible differences between the methods. Three
timesteps of ESA CCI LC matching the timesteps of CLC are assessed to take a change in agreement over time into
account. In addition to the quantification of agreement, spatial patterns of possible issues with ESA CCI LC are
identified through utilization of geospatial information systems (GIS). Using the PAC, the agreement of ESA CCI
LC with CLC is found to be ~76 % for the research area (RA). Although the agreement decreases slightly using
the PAC, no substantial differences in agreement measures were found compared to the results of the MA.
Dominant LULC categories agriculture and forest show an agreement of over 80 % with CLC. A few major issues
were found for grassland, wetlands, settlements, and water bodies in the RA of which some might influence RCM
performance if the dataset is implemented without adjustment. We highly recommend to apply the PAC to other
regions in Europe and further globally to investigate if the found issues are also found elsewhere. The use of more
independent regional and specified datasets for validation but also for possible improvement of the ESA CCI LC
dataset is suggested.

1. Introduction

subsurface and near-surface energy and moisture fluxes as well as to
investigate feedback mechanisms and coupling effects between LULC

Production of high-quality and high-resolution land use and land
cover (LULC) information has received increased attention in the last
decades due to the importance of land cover representation for
numerous fields of research. One important application is in regional
climate modelling, which is moving towards higher resolution and
therefore needs high-quality land cover information with high spatial
and temporal resolution and coverage. For regional climate models
(RCMs) a realistic LULC representation is crucial to realistically model

and regional climate (Chu et al., 2011; Verburg et al., 2011; Houghton
et al., 2012; Bontemps et al., 2013; Brovkin et al., 2013; Davin et al.,
2019; Georgievski and Hagemann, 2019). Several RCM studies focusing
on the quantification of uncertainties in near-surface climate parameters
caused by LULC showed the benefits of using more precise LULC infor-
mation in RCMs (Gao et al., 2015; Santos-Alamillos et al., 2015; Sertel
et al., 2010).

Continuous LULC information is nowadays mostly produced by a
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combination of manual and automatic interpretation of satellite imagery
with inclusion of existing ground truth data and regional or country
based LULC information (Loveland and Belward, 1997; Bontemps et al.,
2011). For the reconstruction of past LULC and the projection of future
LULC, supplementary data such as population development and distri-
bution or changes in climate are used as proxies to assimilate LULC
development with a model approach (Pongratz et al., 2008; Hurtt et al.,
2011). Historical “ground truth” documents such as cadastral maps are
an important input source or a validation instrument when recon-
structing historical LULC with a model approach (Ramankutty and
Foley, 1999; Petit and Lambin, 2002; Fuchs et al., 2013).

Uncertainties in a final LULC dataset can arise from various well-
known sources of error during the development process. Different
classification procedures, atmospheric disturbances as well as changing
satellite sensors and algorithms can contribute to uncertainties between
datasets but also within multiannual datasets (Castilla and Hay, 2007;
Verburg et al., 2011; Fuchs et al., 2013). Therefore, throughout the
development process of a LULC dataset, a comprehensive assessment is
required to gain information about the quality of the product. However,
there is no uniformly applied method and the procedure itself is widely
discussed (Foody, 2002; Olofsson et al., 2014; Sarmento et al., 2015).

One of the most recent and detailed LULC products is the European
Space Agency Climate Change Initiative Land Cover (ESA CCI LC)
dataset, a continuous global dataset with 23 annual time steps
(1992-2015) at 300 m grid resolution (ESA, 2017). Previous work found
the ESA CCI LC epoch time steps (2000, 2005, 2010 and 2015) to be
relatively accurate on a global scale (75.1 % for 2015, (Achard et al.,
2017). Regional quality assessments gave consistent results when
comparing ESA CCI LC to other high-resolution LC products in the
investigated regions respectively (Pérez-Hoyos et al., 2017; Yang et al.,
2017; Samasse et al., 2018; Koubodana et al., 2019). Hua et al. (2018)
indicated a high consistency with other global state of the art land cover
datasets for ESA CCI LC over Europe (over 60 % agreement with
GLC2000 and GLOBCOVER globally and slightly higher when only
Europe was compared). Due to its continuous global and annual avail-
ability and the detail in LULC description ESA CCI LC is most promising
to be implemented in RCMs for various regional domains. However, a
comparison of ESA CCI LC with independent reference data for Eastern
Europe on a regional scale is missing.

In this study, a detailed comparison of the global ESA CCI LC product
over Eastern Europe and the Baltic States with the COoRdination and
INformation on the Environment (CORINE) Land Cover (CLC) dataset is
carried out. We consider CLC as reference, since this dataset is more
detailed, has a higher resolution and is independent from ESA CCI LC.
Further, the quality of CLC is well known (Jaffrain et al., 2017). How-
ever, due to the different characteristics of the ESA CCI LC and the
reference data, resampling and nomenclature harmonization techniques
are necessary to adjust data sets of different resolution and classification
for comparison. As a consequence of the application of these techniques
at least one of the products is modified majorly during the process which
can bias agreement measures (Foody, 2002; Tchuenté et al., 2011; Yang
et al., 2017).

When applying a majority resampling approach (MA) to adjust the
spatial resolution of two or more products, LULC class areas are
changed. However, a recent approach in the region of Coimbra
(Portugal) showed the bias in agreement measures due to use of the
majority resampling is considerably high (Fonte et al., 2020). Against
this background, an alternative approach is required, to reduce the bias
due to resampling of LULC products and to improve the information
value of LULC map comparisons.

The present work uses an innovative approach to assess the quality of
high resolution LULC products in a way that is not restrained by the
static grid structure using proportional area comparison (PAC) (Sar-
mento et al., 2015). By applying PAC, the quantity of correctly classified
cells is transformed to a quantity of area that is correctly classified and
that is independent from the grid structure. The method can be applied
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to compare gridded datasets with different resolutions (Fritz et al., 2010,
2011). In addition, the method can provide a spatial pattern of inac-
curacies for the individual LULC classes.

In the present work, the method is applied to compare ESA CCI LC to
CLC for all time steps that were available for both datasets respectively.
In section 2, methods and data used in this study as well as the classi-
fication harmonization method are described. The agreement measures
for the PAC and the MA for all time steps respectively, followed by maps
of spatial disagreement patterns of the LULC categories are presented in
section 3. Ways to deal with the identified issues in the individual cat-
egories and their possible implications for regional climate modelling
are discussed in section 4. Finally, section 5 closes with conclusions and
an outlook for further research.

2. Methods and data
2.1. ESA CCI land cover

ESA CCI LC is a continuous global land cover product with 300 m
grid resolution. The product has been available online since 2017 and
was developed over nine years by the ESA Climate Change Initiative
(CCI) program. It provides global annual LC maps for 23 consecutive
years from 1992 to 2015 (ESA, 2017). ESA CCI LC is a combination
product of global surface reflectance from different satellite missions
(Table 1). One of the major purposes of ESA CCI LC was to create a land
cover product that meets the requirements of the climate modeling
community (Li et al., 2017).

Validation is achieved through use of a dedicated tool provided by
ESA and Google Earth images as background data. (Achard et al., 2017).
Globally regularly distributed two-stage stratified random sampling
including primary and secondary point sample units are validated by a
network of experts for the respective region. Satellite based Google
Earth data covering the respective time period is utilized as reference
and validation is still ongoing. When validated using the GlobCover
2009 validation database, on which the validation tool is based, it is
found that the overall accuracy for the ESA CCI LC 2015 map is 75.4 %.
(Achard et al., 2017). Global consistency with other existing high res-
olution satellite based global land cover datasets was found to be rela-
tively high for the European Continent (Hua et al., 2018). In addition,
the ESA CCI LC is compared to existing, validated LULC products over
the African Continent (Koubodana et al., 2019; Pérez-Hoyos et al., 2017;
Samasse et al., 2018) and China (Yang et al., 2017) but up to now, there
are no comprehensive assessment activities for ESA CCI LC over Central
and Eastern Europe published. Extension of the ESA CCI LC map series
until 2018 was provided in October 2019 (ESA, 2019).

Table 1
ESA CCI Product information (ESA, 2017).

Time period Satellite products

Baseline Production
2003-2012
1992-1999

MERIS FR/RR global SR composites

Baseline 10-year global map AVHRR global SR
composites for back-dating baseline

Baseline 10-year global map SPOT-VGT global SR
composites for up and back-dating the baseline MERIS FR
global SR composites to delineate the identified changes
at 300 m spatial resolution PROBA-V global SR
composites at 300 m for year 2013 to delineate the
identified changes at 300 m spatial resolution

Baseline 10-year global map PROBA-V global SR
composites at 1 km for years 2014 and 2015 for updating
the baseline PROBA-V time series at 300 m for 2014 and
2015 to delineate the identified changes at 300 m spatial
resolution

19992013

2013-2015
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2.2. CORINE land cover (CLC)

The CLC database was initiated by a European program and includes
land cover information for all EU member states in 1985 (Heymann,
1994). The first dataset from 1990 therefore covers 27 countries, while
the most recent CLC map from 2018 covers 39 countries (GISAT, 2019).

The CLC development process includes satellite image interpretation
(LANDSAT, SPOT, TM and MSS) and regional land cover information
such as aerial photography, local knowledge and statistics. Table 2
shows the technical specifications for each available CLC dataset
(Copernicus Land Monitoring Service., 2020).

Validation of CLC 2000 was done by reinterpretation based on
IMAGE2000 data and by comparison to LUCAS LULC data. Reliability of
CLC2000 was found to be 87.0 & 0.8 % and agreement with LUCAS
LULC data to be 74.8 &+ 0.6 % respectively (Biittner and Maucha, 2006).

For CLC2006, no individual validation was done but a change reli-
ability study from 2000 to 2006 was carried out (Biittner et al., 2011).
The changes were found to be small (1.25 % of total CLC area) and it was
concluded, that for CLC 2006 a similar accuracy can be expected. The
CLC change product (2000-2006) was validated using stratified random
sampling and including a weighted proportion of all occurring change
types. Accuracy of changes was found to be 87.8 + 3.3 % which con-
firms the assumption that CLC 2006 accuracy is similar to the CLC 2000
accuracy.

For CLC 2012, validation is done by evaluation of more than 25,000
sampling locations which were evaluated by experts (Jaffrain et al.,
2017). Overall accuracy was found to be 85 %.

CORINE CLC is considered as one of the most consistent and most
carefully prepared land cover product for Europe. Nevertheless, the
product is only available for a few countries in Europe and few time
steps. Therefore, CLC might be rather unsuitable for the use in high
resolution RCMs investigating LULC change induced feedback mecha-
nisms over continental scale domains. Yet, CLC provides a valuable
source of high resolution LULC information. This information can be
used to compare coarser, global LULC products over these countries to
investigate their quality in a comparative assessment.

Its availability for three timesteps of the ESA CCI LC time series (i.e.
2000, 2006 and 2012) makes CLC a most valuable product for validating
ESA CCI LC. CLC is classified into 3 levels with 44 land cover and land
use classes on level 3 (Heymann, 1994).

2.3. Dataset harmonization

In land cover comparison, agreement measures depend on the se-
mantic resolution of the chosen land cover typology where a lower
number of classes is resulting in higher agreement/ accuracy (Bechtel
et al., 2019). In order to avoid this issue, we decided to use an estab-
lished harmonization method. Harmonization of classifications is done
following Vilar et al. (2019) who provided a robust categorization
method for both, ESA CCI LC and CLC to eight LULC categories in total
(Table 3).

Overall, modification of utilized datasets was kept to a minimum
leaving the resolution of both datasets unchanged.

ESA CCILC and CLC are available in different projections. Therefore,
the projection of the ESA CCI LC maps was transformed to fit the CLC

Table 2
CORINE (CLC) Product information.
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Table 3
Classification harmonization of ESA CCI LC and CLC".
Category ESA CCILC CLC
1 Agriculture 10, 11, 12, 20, 30, 40 2
2 Forest 50, 60, 61, 62, 70, 71, 72, 3.1
80, 81, 82, 90, 100, 160, 170
3 Grassland 110, 130 3.2.1
4 Wetland 180 4
5  Settlement 190 1
6 Shrubland 120, 121, 122 3.2.2,
3.2.3,3.24
7 Sparse vegetation, bare areas, 140, 150, 152, 153, 200, 3.3
permanent snow and ice 201, 202, 220
8  Water bodies 210 5

@ Nomenclature can be found at http://maps.elie.ucl.ac.be/CCl/viewer/do
wnload/CCI-LC_Maps_Legend.pdf (ESA CCI LC) and https://land.copernicus.
eu/user-corner/technical-library/corine-land-cover-nomenclature-guidelin
es/html (CLC).

ETRS89 Lambert Azimuthal Equal Area (LAEA). The projection is suit-
able for all approaches where true area representation is required and is
further suited to the research area. Since the map product classification
consists of discrete categories on a nominal scale, a nearest neighbor
resampling strategy was applied. Both datasets were clipped to the
extent of the research area in Eastern Europe. In order to account for
geoprecision of the used data, the offset between datasets was looked
into by comparing certain landmarks like coastlines and rectangular
features. The offset was found not to exceed 20 m, therefore the geo-
precision was found to be sufficient for the present analysis.

2.4. Methodology

In the present study two LC data comparison approaches are carried
out, a PAC and a comparison method using only the majority CLC class
per ESA CCI LC pixel. For both approaches, overall accuracy (OA), user’s
accuracy (UA) and producer’s accuracy (PA) are evaluated for all
assessed timesteps and countries. In the following assessment the mea-
sures OA, UA and PA are referred to as overall agreement (OA = OA),
precision (PR = UA), recall (RE = PA), since they are used as compar-
ative measures and not as accuracy measures. Spatial comparison of ESA
CCILC and CLC is carried out using the PAC maps. All calculations were
performed using SAGA GIS (Conrad et al., 2015).

In the PAC, the proportion of each CLC category per ESA CCI LC pixel
is counted and added. Table 4 shows the calculated area of three CLC
classes for the proportional area method (Refyop) and for the majority
method (Refy,j) for four example ESA CCI LC pixels (Fig. 1).

The area proportions are added per assessed class or category.
Agreement is measured by utilizing an area based confusion matrix
(Story and Congalton, 1986; Stehman, 1997) where the rows of the
matrix correspond to the assessed dataset (ESA CCI LC) and the columns
correspond to the reference dataset. In the following comparison
assessment, the confusion matrix is referred to as contingency table,
since the confusion matrix term is rather to be used in the context of an
accuracy assessment. The cell values are calculated as follows in Eq. (1):

=) ppls) ey
s=1

Satellite data Time consistency Geometric accuracy satellite data ~ Geometric Thematic accuracy
accuracy
CLC 1990 Landsat-5 MSS/TM single date 1986-1998 <50 m 100 m >85 % (probably not achieved)
CLC 2000 Landsat-7 ETM single date 2000 +/- 1 year <25m >100 m >85%
CLC2006  SPOT-4/5 and IRS LISS IIl dual date ~ 2006 +/- 1 year <25m >100 m >85 %
CLC 2012 IRS LISS III and RapidEye dual date 2011-2012 <25m >100 m >85 %
CLC2018  Sentinel 2A/ 2B 2017 mid-spring to mid-autumn <10 m >100 m >85 %
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Table 4

Proportional area (Refy,,p) of three LULC categories (see Table 3 for category
descriptions) for four example ESA CCI LC pixels (Fig. 1) in comparison to a
majority comparison method (Refp,q)).

Map Refyrop Refimg;

. Class i L :
Pixel (ESA Reference Proportion in Reference Proportion
D (k) cal Class j pixel pp;; (k) Class j in pixel pp;

Lo (CLO) (CLO) Q]
1 1
9 pp11 (1) = 0.20 9 pp1 (D=0
1 2
5 pp1z (1) = 0.45 5 pp12(1) =1
pp1s (1) = 0.35 pp1s (1) =0
1 1
2 pp11 (2) = 0.60 9 pp11 (2) =1
2 1
5 pp1z (2) = 0.25 5 pp12(2)=0
pp1s (2) = 0.15 pp15(2) =0
1 1
9 pp11 (3) = 0.30 5 pp11(3) =0
3 5
5 pp1z (3) = 0.10 5 pp12(3) =0
pp15 (3) = 0.60 pp15s () =1
1 1
2 pp11 (4) = 0.25 9 pp11 (D=0
4 2
5 pp12 (4) = 0.6 5 ppiz(4) =1
pp1s (4 =0.15 pp1s (D=0

Fig. 1. PAC with three LULC classes for four example pixels (a-d). Proportional
area covered by CLC categories agriculture, forest and settlement can be found
in Table 4. Pixel IDs refer to example pixels as follows: a) Pixel ID = 1; b) Pixel
ID = 2; ¢) Pixel ID = 3; d) Pixel ID = 4.

where c; is the value of cell in row i and column j, r is the number of
spatial units in the reference dataset and ppj(s) is the proportion of class j
in the spatial unit s assigned to class i in the assessment.

The contingency table for the four example cells is shown in Table 5.
In comparison, Table 6 shows the contingency table for the majority
method. The main differences between the two matrices are the column
sums appearing in decimals that correspond to the added proportions of
area per class.

Indices of comparison are then derived from the resulting contin-
gency tables. OA, PR and RE are calculated using Egs. (2),(3) and (4).

OA; = @ 2)

Cii

PR = ="
2t Cik

3
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Table 5
Example contingency table using the PAC. Values derived from Table 4 (Refpop).
1 (Agriculture) 2 (Forest) 5 (Settlements) Sum
1 (Agriculture) 0.6 0.25 0.15 1
2 (Forest) 0.45 1.05 0.5 2
3 (Settlements) 0.3 0.1 0.6 1
Sum 1.35 1.4 1.25 4

Table 6
Example contingency table using the majority method. Values derived from
Table 4 (Refmyaj)-

1 (Agriculture) 2 (Forest) 5 (Settlements) Sum
1 (Agriculture) 1 0 0 1
2 (Forest) 0 2 0 2
3 (Settlements) 0 0 1 1
Sum 1 2 1 4
Cii
RE; = " )
k=1 Cki

where c; is the value of the cell in row i in column j of the contingency
table and n is the number of classes or categories in the map.

In addition, visual analysis of proportional overlay maps (according
to Fig. 1) can indicate spatial patterns of agreement between ESA CCILC
and CLC and therefore reveal inconsistencies for certain categories.

2.5. Research area

The total size of the Research Area (RA) in Eastern Europe is
~867.000 km?. Countries included in the RA investigated in this paper
are Estonia, Latvia, Lithuania, Poland, Hungary, Romania and Slovakia
(Fig. 2) for the available CLC time steps 2000, 2006 and 2012. Cells that
are not covered by one of the used datasets are left out of the analysis.

The RA in Eastern Europe and the Baltic States was chosen following
preliminary investigations that show extensive land use changes sug-
gested by ESA CCI LC (Figs. 2 & 3 ). The bars in Fig. 3 shows the area
gains and losses of the eight LULC categories according to the dataset.
The colors show the respective categories that the area was gained from
or lost to. Most dynamics are found in the categories agriculture and
forest. Most agricultural area loss is due to forest gain and most of
agricultural area gain is due to forest area loss. The dynamics might
indicate a spatial shift of LULC categories, where net area is not lost but
moved. Most of settlement area gain is due to agricultural area loss
which is a common dynamic all over the European continent, where
urban areas are known to expand.

3. Results
3.1. Contingency tables and agreement measures

Table 7 shows the proportion of each harmonized LULC category for
each assessed time step according to ESA CCI LC and CLC. Dominant
categories are agriculture and forest with total share of more than 80 %
in both datasets. Sparse vegetation is almost non-existent in the RA in
both datasets after classification harmonization while shrubland is
completely vanished in ESA CCI LC. For agriculture, the difference be-
tween the two datasets is ~2 % and for forest ~4% respectively. For
grassland and shrubland the proportional areas differ widely.

The proportional areas of categories do not change substantially
between the assessed time steps for most of the categories in the indi-
vidual data sets. The largest relative changes are found for settlement
areas, which double the percentage share over the assessed time period
in the ESA CCI LC dataset. However, CLC settlement area proportions are
~5 % while the area in ESA CCI LC is much lower with 1.5-2.5 %.
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Fig. 2. Research area (upper left) with ESA CCI LC representation of the city Riga (Latvia) in 1992 (lower left) and 2015 (lower right) as an example for extensive

LULC changes in the whole RA.

Fig. 3. Category to category changes from 1992-2015 in the RA according to ESA-CCI LC (in 300 x 300 m cell units).

A contingency table gives quantitative information on agreement
between the datasets and on issues between LULC categories. Table 8
shows the contingency table for the PAC between ESA CCI LC and CLC
for the year 2012. Table 9 shows the same matrix but for the MA. Since
there are no significant changes in agreement measures RE and PR
among the assessed time steps, only one pair of matrices is exemplarily
shown.

Agreement (PA) of ESA CCI LC agriculture and forest with CLC is
over 80 %. ~58.000 pixels of CLC agriculture are classified as settlement
by ESA CCI LC which is not a major share for agriculture areas but makes
a considerable difference for settlements. ESA CCI LC forest areas show
the highest agreement with CLC. Nevertheless, the classification of CLC
forest areas as agriculture and grassland areas might be not negligible
for the performance of RCMs and needs to be discussed. The low

accuracies of categories 6 and 7 (shrubland and sparse vegetation) might
occur because they are not (or almost not) present in the RA in one or
both datasets used after classification harmonization. With ~36 %,
agreement for settlements is very low. Most of the CLC settlement areas
are classified as agriculture by ESA CCI LC. Grassland and wetlands
accuracies are also not on a high level. For both categories, ~50 % of the
respective area is classified as forest or agriculture. Possible reasons for
this very high disagreement in three categories between the two datasets
are investigated in the visual map analysis. Table 9 shows a very similar
picture in the contingency table for the majority method. The differences
between the methods are not apparent using only the confusion
matrices. Nevertheless, the modification step of using only the dominant
LULC class of the reference dataset in the MA can give a biased picture of
the agreement between two datasets, depending on resolution and
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Table 7
Proportional area of every LULC category for ESA CCI LC and CLC [%]. Assessed
time steps are 2000, 2006 & 2012.

Area per category in the RA [%]

2000 2006 2012
Category ESA CLC ESA CLC ESA CLC
CCIL CCIL CCIL
LC LC LC
1 Agriculture 54.99 57.74  53.81 56.48  53.63 55.54
2 Forest 34.82 30.87  35.02 31.24  35.05 31.38
3 Grassland 6.08 0.79 6.11 1.05 6.15 1.04
4 Wetland 0.90 1.13 0.90 1.09 0.93 1.07
5  Settlement 1.54 4.57 2.47 4.86 2.58 5.19
6  Shrubland 0 3.02 0 3.38 0 3.86
7  Sparse vegetation, 0.04 0.10 0.04 0.07 0.04 0.07
bare areas,
permanent snow
and ice
8  Water bodies 1.60 1.74 1.61 1.79 1.60 1.81

complexity of classification.

A summary of agreement measures OA, RE and PR is given in
Tables 10-12. Like for the confusion matrices, only minor differences
are found between the two methods for the agreement measures. OA
(Table 10) gives a quantification of the overall agreement of the two
datasets. It is steady over all assessed timesteps and for both methods. A
more distinguished picture is given by PA and PR (Tables 11 and 12).

Table 11 shows the PR, the proportional share of reference pixels of
CLC correctly classified by ESA CCI LC for each category. PR for agri-
cultural and forest is highest. Also, the PR for settlements is high in 2000
but is decreasing considerably per timestep for both approaches. PR for
water bodies appears to increase slightly but remains below 75 %. A
relatively low proportion of wetlands and an extremely low proportion
of grassland is classified correctly by ESA CCI LC.

The RE in Table 12 shows the proportion of area classified by ESA
CCI LC that agrees with the respective category in CLC. While PR gives
information on the reliability of the assessed dataset, RE gives

Table 8
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Table 10
Overall agreement for all assessed categories and time steps.

Overall agreement (%)

2000 2006 2012
Refpmp Refmaj Refprop REfmaj REfpmp Refmaj
76.38 76.59 76.64 76.68 76.21 76.26
Table 11
Precision for all assessed categories and time steps.
Precision (%)
2000 2006 2012
Refyrop Refngj Refyrop Refimaj Refyrop Refmgj
1 Agriculture 85.30 85.48 85.51 85.47 84.72 84.69
2 Forest 75.12 75.91 75.90 76.64 75.99 76.68
3 Grassland 5.83 5.93 7.75 7.94 7.64 7.74
4 Wetland 61.66 62.88 65.76 65.89 64.04 64.37
5 Settlement 79.24 78.61 71.46 71.00 72.60 72.06
6 Shrubland 0.00 - 0.00 - 0.00 -
7 Sparse vegetation 36.08 37.35 33.90 33.92 35.01 36.55
8 Water bodies 72.47 7248 7325  73.38 73.84  73.88
Table 12
Recall for all assessed categories and time steps.
Recall (%)
2000 2006 2012
Refyrop Refiaj Refyrop Refiaj Refyrop Refiaj
1 Agriculture 81.24 80.86 81.48 81.04 81.81 79.46
2 Forest 84.73 85.51 85.09 85.77 84.88 84.75
3 Grassland 44.81 46.08 44.87 46.05 45.01 45.78
4 Wetland 48.93 50.69 54.25 55.46 55.36 56.68
5 Settlement 26.79 27.68 36.35 37.13 36.05 36.87
6 Shrubland - 0 - 0 - 0
7 Sparse vegetation 15.33 18.13 20.55 23.09 20.55 22.20
8 Water bodies 66.29 68.30 65.34 67.48 65.34 66.76

contingency table for the year 2012 - Refy,rop. Proportional area and SUM are given in thousands (e.g. 8,6 = 8600 spatial units). Recall (RE) and precision (PR) are given

in percentage.

1 2 3 4 5 6 7 8 SUM PR [%]

1 Agriculture 4373.9 379.0 20.3 14.6 264.0 79.5 1.8 29.9 5163.0 84.72
2 Forest 437.9 2564.0 32.6 21.6 34.0 262.3 1.7 19.8 3374.0 75.99
3 Grassland 450.8 51.0 45.2 5.5 15.7 18.7 1.7 3.3 592.0 7.64
4 Wetland 8.5 8.1 1.6 57.4 0.8 8.6 0.2 4.4 89.6 64.04
5 Settlement 58.7 5.2 0.0 0.3 180.4 1.0 0.1 2.7 248.4 72.60
6 Shrubland 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.00
7 Sparse vegetation 0.2 0.2 0.2 0.1 1.5 0.5 1.5 0.3 4.4 35.01
8 Water bodies 16.3 13.2 0.5 4.1 4.1 1.8 0.3 113.9 154.2 73.84
SUM 5346.4 3020.7 100.5 103.6 500.4 372.3 7.5 174.3

RE [%] 81.81 84.88 45.01 55.36 36.05 0.00 20.55 65.34

Table 9

contingency table for the year 2012 - Refy,,;. Area of categories and SUM are given in thousands (e.g. 8,6 = 8600 spatial units). Recall (RE) and precision (PR) are given

in percentage.

1 2 3 4 5 6 7 8 SUM PR [%]

1 Agriculture 4173.1 358.7 20.6 13.7 255.7 77.6 1.8 26.7 4927.8 84.68
2 Forest 415.6 2551.4 30.7 20.8 32.5 256.8 1.7 19.2 3328.9 76.64
3 Grassland 452.6 47.5 45.5 5.5 15.1 17.9 1.5 3.1 588.6 7.74
4 Wetland 8.6 7.3 1.7 58.2 0.7 8.6 0.3 5.0 90.5 64.37
5 Settlement 60.4 5.6 0.1 0.4 180.5 0.9 0.1 2.6 250.5 72.08
6 Shrubland 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 50.00
7 Sparse vegetation 0.3 0.2 0.2 0.1 1.4 0.4 1.6 0.3 4.4 36.56
8 Water bodies 16.4 13.6 0.5 4.1 3.8 1.6 0.4 114.3 154.7 73.90
SUM 5127.0 2984.2 99.4 102.7 489.9 363.7 7.3 171.2

RE [%] 81.39 85.50 45.84 56.70 36.86 0.00 22.20 66.77
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information on the probability of a pixel in the reference map being
classified correctly by the assessed dataset. Previously identified issues
with grassland, wetlands, settlements and water bodies appear for each
assessed timestep. A considerable increase of RE for wetlands and set-
tlements can be noted between 2000 and 2006 but the RE is still below a
reasonable level.

It needs to be considered, that slight changes in proportional area
influence the agreement measures especially for categories that are
rather rarely present in the RA (categories 3, 4,5 and 8). Therefore, in
addition to the agreement measures, we provide the visual map analysis,
which can give insight on the spatial occurrence of disagreement, also
for categories that are rarely occurring in the respective RA.

3.2. Visual map analysis

A spatial analysis of the data, in addition to the raw quantification
shown in the confusion matrices, reveals in which areas the disagree-
ments between ESA CCI LC and CLC occur. Since agricultural areas and
forest areas are the most well represented categories in the RA with a RE
of 81.8 % and 84.88 % respectively, special focus of the maps is on
grassland, wetlands, settlements and water bodies. The categories
shrubland and sparse vegetation, bare areas, permanent snow and ice
are not relevant for the RA and the present analysis and will therefore be
neglected in the visual map analysis. The effects of disagreement occur
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throughout the whole RA. Since the mostly small LULC features are not
displayable in a sufficient way for the whole RA, Figs. 4-7 show map
sections which highlight typical effects of the disagreeing categories
grassland, wetlands, settlements and water bodies for the most recent
assessed timestep 2012.

3.2.1. Grassland

RE of grassland for ESA CCI LC reaches around 45 % in the RA. For
2012, ~20 % of the CLC grassland areas are classified as agricultural
areas and ~32 % are classified as forest while only ~45 % are classified
correctly. According to CLC most of the grassland areas in the RA are in
Hungary and around the Carpathian Arc. Fig. 4 shows that the grassland
areas classified as forest and agriculture by ESA CCI LC are located
around correctly classified areas. Due to the location of the disagreeing
areas mostly in mountainous regions, the orography of the area might
have major influence on classification results of grassland in ESA CCI LC.
Another reason for the low agreement is the classification harmoniza-
tion. The ESA CCI LC classification includes many mixed classes where
for example grassland and low tree density occur as one class. In the
harmonization, many of these classes are assigned to the forest class,
although the classes might not incorporate actual forest surface prop-
erties. The same applies to agriculture in ESA CCI LC, where mixed
agriculture-shrubland or agriculture-forest classes are present.

Fig. 4. Romania and parts of Hungary including the grassland proportional area overlay. Grey areas show the agreement of ESA CCI LC with CLC in the grassland
category, colors green and orange show the disagreement and the respective other ESA CCI LC category (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article).
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Fig. 5. Proportional area overly map for wetlands in Continental Estonia. Grey areas show the agreement of both data sets.

3.2.2. Wetlands

Wetlands in the RA are found in the Danube river delta in Romania
and in the Baltic States Estonia, Latvia and Lithuania where they appear
as fens and bogs (Fig. 4). Most of the falsely classified areas are assigned
to the categories forest and agriculture by ESA CCI LC (reference year
2012: ~14 % to agriculture and ~21 % to forest, respectively. ~57 % of
wetland areas were correctly classified). The map shows the propor-
tional overlay map of ESA CCI LC and CLC for wetlands in Estonia for
2012. Here, the wetlands themselves are reasonably well recognized but
the surrounding transition areas are often confused with forest or agri-
cultural areas. Although the overall proportion of wetlands in the RA is
relatively small (~1 %) an underestimation of wetlands might have an
influence on RCM performance.

3.2.3. Settlements

In the reference year 2012, ~52 % of the total settlement area was
classified as agriculture by ESA CCILC. Fig. 6 shows the Romanian cities
Bucharest, Ploiesti and the surrounding area as an example. ESA CCI LC
works quite well for metropolitan areas but cannot capture smaller,
rural settlements which are rather classified as agriculture. Further,
linearly distributed features and infrastructure like streets are not
identified as settlements or urban areas. There is no clear pattern indi-
cated regarding an influencing spatial factor. The 300 m pixel size of
ESA CCI LC has most definitely an influence on the classification results.
However, there are also settlement structures seen in the map that are
not recognized as such but that are clearly bigger than the minimum

mapping unit (MMU) of ESA CCI LC (9 ha). ESA CCI LC includes only
one urban LULC class while CLC includes a set of more distinguished
artificial areas, which might also be partly responsible for the low
agreement of the datasets in the RA.

3.2.4. Water bodies

Around 66 % of water bodies in the RA are correctly classified by ESA
CCILC. As for all other categories, most of the disagreeing areas (~28 %
in total) are assigned to agriculture and forest. Fig. 6 shows that most of
the disagreeing areas are in or around narrow streams that could not be
identified as such by ESA CCI LC, presumably due to surface reflection or
surrounding vegetation. Nevertheless, the biggest issue here might be
the resolution. The ESA CCI LC resolution of 300 m is in fact not able to
capture micro scale landscape features, especially when the features are
line shaped.

4. Discussion

The present work investigated the ESA CCI LC dataset regarding
agreement with CLC and spatial disagreement patterns of LULC in
Eastern Europe and the Baltic States for 2000, 2006 and 2012. The aim
of the study was to test if ESA CCI LC agrees with a regional, high-
resolution LULC product to investigate the datasets suitability for
implementation in regional climate models. Classification harmoniza-
tion was achieved through transformation of both dataset classifications
into eight LULC categories. A PAC was tested against a majority
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Fig. 6. Proportional overlay map for settlements. ~50 % of the CLC settlement areas are classified as agriculture by ESA CCI LC. Biggest urban agglomerations are

the Romanian cities Bucharest (middle of map) and Ploiesti (North of Bucharest).

comparison. Main benefit of the PAC for a LC comparative assessment of
two or more LC products is that it makes datasets with different reso-
lution and structure comparable without performing preliminary spatial
modification. Following the quantitative assessment, spatial disagree-
ment issues for the all categories were investigated through visual an-
alyses. Several issues could be identified for all categories except for
shrublands and sparse vegetation, which are not relevant for the RA.
Previous work found the ESA CCI LC epoch time steps (2000, 2005,
2010 and 2015) to be relatively accurate on a global scale (75.4 % for
2015 according to Achard et al., 2017). The present analysis shows
consistent OA results for the assessed region (~76 %) for both ap-
proaches and all timesteps respectively. However, the comparability
between the agreement measures is limited because in all comparative
assessment approaches, different data harmonization techniques are
used. Nevertheless, the results of the global studies can give a good
measure of reliability of the present results. A further restriction is the
absence of the categories shrublands and sparse vegetation in the RA. To
achieve full comparability with other approaches regarding overall

agreement, all existing categories need to be present in the investigated
region. Since the aim of the present analysis was to investigate agree-
ment of ESA CCI LC with a regional LULC product in a certain region and
from a climate modelling perspective, this criterion can be neglected.
Based on the results for the RA, there are no significant differences in
agreement measures between the majority and the PAC for the investi-
gated time steps and categories. The comparison was carried out on the
basis of recent findings that showed a considerable bias in agreement
measures for the MA due to the loss of small landscape features (Fonte
etal., 2020). The findings could not be confirmed in the present study. A
reason could be the MMU of CLC which is in fact larger than the MMU of
ESA CCI LC (9 ha and 25 ha respectively). Due to the manufacturing
process of CLC, small landscape features still appear which makes the
product have greater detail than ESA CCI LC. It is expected that when a
high resolution product in vector format is used as reference that the
differences in agreement measures between the two methods become
more apparent. The PAC is therefore still recommended because it can
be applied to combine gridded or vector data sets regardless their
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Fig. 7. Proportional overlay map for water bodies. ~28 % of the CLC water bodies are classified as agriculture or forest by ESA CCI LC. The map shows the
southeastern part of Romania including the water body proportional agreement results.

structure and resolution. The possibility to compare LULC data products
with even less modifications makes the approach advantageous against
common LULC dataset comparison techniques. It is therefore highly
recommended to be used in LULC dataset comparisons including
high-resolution gridded or vector format land cover data.

No substantial changes in overall agreement of ESA CCI LC and CLC
over time were found. ESA CCI LC shows a consistent agreement of ~76
% with CLC for every assessed time step. Since the accuracy of CLC was
not consistently assessed for all time steps, the reference data set can be
biasing the present analysis. Although the CLC database is considered to
be one of the most accurate and consistent land cover products for
Europe, errors can occur during the production process. Since CLC is
only available for certain countries in Europe, independent regional land
cover data sets and other available ground truth data need to be used
when transferring the PAC to other regions of the globe accordingly. The
fact that the data structure of the reference data set does not matter for
the PAC solves the issue of finding suitable reference data partly. All
types of reference data, which might come in different formats and
structures should be used simultaneously for comparison without spatial
transformation biasing the agreement measures.

Agriculture and forest are the predominant categories in the RA.
Compared to CLC, Recall of ESA CCI LC is over 80 % for both which can
be considered as relatively high. However, consistency between other
global state of the art LC products seems problematic for both categories
(Fritz et al., 2011) Especially for land-climate interaction scenarios that
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depend highly on LU and LC, overestimation of forest and agriculture
has, due to specific LULC related surface properties (e.g. high surface
roughness and albedo), most certainly an impact on RCM performance.
Therefore, it can be beneficial to use a modification or a combination of
the ESA CCI LC data set with other reliable, independent LULC data (Chu
et al,, 2011). Crowdsourcing approaches like the Geo-Wiki (https:
//www.geo-wiki.org/) can further be a valuable source of high resolu-
tion input data to test reliability and to refine LULC maps in the desired
region of interest.

For grassland, mostly present in Hungary and Romania, inaccuracies
tend to be found in areas around mountains and in valleys along the
Carpathian Arc. Over 50 % of the grassland is differently classified by
ESA CCILC, ~32 % of it as forest. These inaccuracies might occur due to
shadowing in the valleys caused by steep and narrow slopes. The con-
straints of satellite image classifications in mountainous regions are
widely known in the remote sensing community and also permanent
improvement was achieved during the last decades (Giles, 2001; Mos-
tafa, 2017; Shahtahmassebi et al., 2013). It needs to be investigated if
the issue for grassland occurs only in the investigated region or also in
other mountainous regions to see whether this is a global issue of ESA
CCI LC. Further, the mixed classes of ESA CCI LC are a biasing factor. It
needs to be checked, if these disagreements also occur with different
reference datasets or with a different dataset harmonization method.

Issues with wetlands are mostly found in the Baltic Countries where a
considerable area of wetlands are classified as forest by ESA CCI LC.
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These findings are consistent with (Torma et al., 2015) who discovered
misclassification of bogs, mires and marshes as forest in Finland. Against
the background of widely differing surface properties of forest and
wetland respectively, it should be investigated how this issue can be
handled for implementation in RCMs.

Almost half of the settlement areas in the RA (~47 %) are classified
as agricultural areas by ESA CCI LC. Mostly missing are rural settlements
and infrastructure like roads without an agglomeration center and of
linear shape. This might be because ESA CCI LC only incorporates one
explicit urban LULC class. Since RCMs are moving to finer resolution,
explicit representation of settlement structures is becoming critical. In
particular, when RCMs are used on high spatial resolutions down to
convection permitting scales below 4 km and are increasingly employ-
ing an explicit urban parameterization, relevance of high quality urban
input data is extremely increased (Trusilova et al., 2013; Daniel et al.,
2019; Langendijk et al., 2019). Modifications of the ESA CCI LC maps,
which take the linear shaped infrastructure and rural settlements into
account, might be necessary. For instance, LULC datasets that are
specialized on urban representation like the urban atlas for Europe
(Montero et al., 2014) or equivalent regional and global data products
for other regions could be combined with the ESA CCI LC dataset.

The water bodies show a similar picture like the settlements
regarding spatial disagreement issues. Coherent features like lakes or
larger basins are captured very well but when it comes to rivers and
streams, ESA CCI LC classifies water bodies as agriculture. Considering
the surface properties of water bodies as well as the influence of rivers
and streams on the surrounding landscape features, the missing features
in ESA CCI LC will be relevant when implementing the data set into an
RCM. Since the disagreement seems to be limited to the streams and
rivers that are represented very well by CLC, it might be beneficial to
improve the ESA CCI LC dataset through the integration of CLC or other
suitable reference data that represents the river network in a more suf-
ficient way. ESA CCI LC addressed the issue themselves with publishing
a global water bodies map on 150 m horizontal resolution (Lamarche
et al., 2017). That map could be integrated into ESA CCI LC before ag-
gregation into coarser resolution, to preserve the small water body
proportions for further use of the data.

5. Conclusion

The present work investigated the agreement of the ESA CCI LC
dataset with CLC over Eastern Europe and the Baltic states to explore
ESA CCI LCs suitability for implementation into RCMs over Europe.
Three timesteps of the annual ESA CCI LC dataset were compared to
CORINE LC, applying a PAC and a majority method, respectively.
Classification harmonization of the assessed and the reference dataset
was achieved through transformation into eight LULC categories.

Taking all results regarding overall agreement of ~76 % and tem-
poral consistency into account the ESA CCI LC is considered to be suit-
able for implementation into RCMs by taking the following issues found
in the present study under consideration. Disagreement with CORINE
LC, which is considered a reliable reference for Europe, is for ESA CCI LC
~55 % for grassland, ~43 % for wetland, ~64 % for settlements and
~34 % for water bodies in the investigated RA.

Regional quality of the dataset must be confirmed for each region of
interest separately with comparison to independent reference data.
Although ESA CCI LC was found to be overall suitable for implementa-
tion in RCMs, spatial disagreement patterns were found that might in-
fluence RCM performance on certain scales which must also be
investigated in each region of interest.

To get a deeper understanding of spatial disagreement not only for
the RA but for the whole European Continent a consistent reference
database for Europe should be developed. In addition to the continuous
LULC product CLC, regional, independent datasets or also datasets
specified on one LULC aspect should be included in the analysis which
then can be compared using the PAC, regardless spatial structure and
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resolution.

In order to investigate the effects of detected LULC issues on the
performance of RCMs and on regional climate in a region of interest,
different LULC distributions and maps could be implemented into an
RCM and tested. The testing would include different intensities of LULC
over- and underestimation as well as varying spatial resolutions to
quantify the impact of inaccuracies of LULC on different scales and to
specify how to treat inaccuracies in LULCC products in regional climate
modelling.
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Abstract. The concept of plant functional types (PFTs) is shown to be beneficial in representing the complexity of plant
characteristics in land use and climate change studies using regional climate models (RCMs). By representing land use and
land cover (LULC) as functional traits, responses and effects of specific plant communities can be directly coupled to the
lowest atmospheric layers. To meet the requirements of RCMs for realistic LULC distribution, we developed a PFT dataset
for Europe (LANDMATE PFT Version 1.0; Reinhart et al., 2021b). The dataset is based on the high-resolution ESA-CCI land
cover dataset and is further improved through the the additional use of climate information. Within the LANDMATE PFT
dataset, satellite-based LULC information and climate data are combined to achieve the best possible representation of the
diverse plant communities and their functions in the respective regional ecosystems while keeping the dataset most flexible for
application in RCMs. Each LULC class of ESA-CCI is translated into PFT or PFT fractions including climate information by
using the Holdridge Life Zone concept. Through the consideration of regional climate data, the resulting PFT map for Europe
is regionally customized. A thorough evaluation of the LANDMATE PFT dataset is done using a comprehensive ground truth
database over the European Continent. A suitable evaluation method has been developed and applied to assess the quality of the
new PFT dataset. The assessment shows that the dominant LULC groups, cropland and woodland, are well represented within
the dataset while uncertainties are found for some less represented LULC groups. The LANDMATE PFT dataset provides a
realistic, high-resolution LULC distribution for implementation in RCMs and is used as basis for the LUCAS LUC dataset
introduced in the companion paper by Hoffmann et al. (submitted) which is available for use as LULC change input for RCM

experiment setups focused on investigating LULC change impact.
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1 Introduction

Land use and land cover (LULC), including the vegetation type and function, was declared an Essential Climate Variables
(ECVs) by the Global Climate Observing System (GCOS) (Bojinski et al., 2014). Changes in ECVs are crucial factors of
climate change and therefore need to be monitored and further represented in climate models to be able to assimilate and
understand atmospheric processes and feedback effects on different scales. For LULC, anthropogenic modifications are the
most important drivers of change. De- and reforestaion and expansion of urban and cropland areas affect biogeophysical (e.g.,
albedo, roughness, evapotranspiration, runoff) and biogeochemical (e.g., carbon emissions and sinks) surface properties and
processes (Mahmood et al., 2014; Lawrence and Vandecar, 2015; Alkama and Cescatti, 2016; Perugini et al., 2017; Davin
et al., 2020). Besides LULC changes, land management practices are being assessed regarding influence of related land surface
modifications on regional climate, and also the potential of land management practices regarding climate change adaptation
and mitigation efforts (Lobell et al., 2006; Kueppers et al., 2007; Burke and Emerick, 2016).

In order to represent impacts and feedbacks of LULC modifications as realistic as possible, regional climate models (RCMs)
require an accurate representation of LULC and its changes. In this context, the concept of plant functional types (PFTs)
is increasingly used for the representation of LULC in RCMs. A comprehensive review of the subsequent development of
PFTs representing vegetation dynamics in climate models was done by Wullschleger et al. (2014). The need for applicable
global PFT maps for vegetation models that are used with atmospheric models was already well emphasized by Box (1996).
Moreover, the requirement that a climate model should include a vegetation model representing the biosphere was discussed
by Lavorel et al. (2007). One criterion that is highly emphasized is the inter-regional applicability of a preferably simple PFT
classification, which has the ability to capture key characteristics of the biosphere from biome to continental scale, regardless
of climate zone and individual vegetation composition. A variety of PFT definitions and cross-walking procedures (CWPs),
used for translating LULC products into global or regional PFT maps, are currently available. The European Space Agency
Climate Change Initiative (ESA-CCI) and the United States Geological Service (USGS) provide the only two ready to use
continuous global products to the community (Poulter et al., 2015; Sulla-Menashe and Friedl, 2018). However, the individual
PFT definitions and CWPs as well as the mostly satellite based input data differ greatly in complexity and temporal and
horizontal resolution (Bonan et al., 2002; Winter et al., 2009; Lu and Kueppers, 2012). Moreover, inter-regional consistency
cannot be achieved by products that origin from regionally constrained input data or regionally adapted CWPs. Therefore,
the additional use of climate information in the CWP from LULC to PFT is a highly useful step, to create a dynamically
customizable product, that can be adapted to various climate and vegetation characteristics (Poulter et al., 2011).

With the present work, we introduce a PFT map for the European Continent that specifically addresses the requirements of
the RCM community (Bontemps et al., 2013). The land cover maps of the ESA-CCI are translated into 16 PFTs creating an
updated version of the interactive MOsaic-based Vegetation iIMOVE) PFTs that were originally developed for the RCM REMO
(Wilhelm et al., 2014). Climate information is implemented into the CWP employing the Holdridge ecosystem classification
concept based on the Holdridge Life Zones (HLZs; Holdridge et al., 1967), which provide a global classification of climatic

zones in relation to potential vegetation cover. The HLZ concept is commonly used as a tool for ecosystem mapping from
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various overlapping research communities (Lugo et al., 1999; Yue et al., 2001; Khatun et al., 2013; Szelepcsényi et al., 2014;
Tatli and Dalfes, 2021). This paper gives a detailed documentation on the preparation of the PFT map - hereinafter referred
to as "LANDMATE PFT" - within the Helmholtz Institute for Climate Service Science (HICSS) project "Modelling human
LAND surface Modifications and its feedbacks on local and regional cliMATE" (LANDMATE). The LANDMATE PFT map
is prepared in close collaboration with the EURO-CORDEX Flagship Pilot Study Land Use and Climate Across Scales (FPS
LUCAS; Rechid et al., 2017). Within the FPS LUCAS, RCM experiments are coordinated among an RCM ensemble to
investigate the impact of LULC change for past climate and future climate scenarios. Through creation of LANDMATE PFT
and the time series LUCAS LUC (Hoffmann et al., submitted), the need for improved LULC and LULC change representation
among the FPS LUCAS RCM ensemble is met. For the preparation of LANDMATE PFT, we developed a CWP for the
translation of LULC classes of ESA-CCI into 16 PFTs according to the needs of regional climate modellers from all over
Europe (Bontemps et al., 2013). A key issue to address in the map development process is the accuracy of LULC representation
in the final product (Hartley et al., 2017). In order to assess the quality of the product, we compared the LANDMATE PFT
map to a comprehensive ground truth database for large parts of the European Continent. The quality information derived from
the assessment supports the RCM community in addressing and interpreting uncertainties caused by LULC representation in
RCMs. The general workflow and subsequently all utilized datasets are summarized in section 2 while the major steps of the
CWP are listed in section 3. Section 4 introduces in detail the accuracy assessment procedure followed directly by the results
in section 4.3. All CWTs and figures corresponding to the CWP and the accuracy assessment can be found in Appendix A and
B.

2 Methods and data

The LANDMATE PFT map (Reinhart et al., 2021b) is a combination of multiple datasets and concepts created using well-
established methods and in addition, by considering the expertise of regional climate modellers from all over Europe within
the FPS LUCAS.

2.1 General workflow

The workflow to generate the LANDMATE PFT map is summarized in fig. 1, which also includes the steps to generated the
LUCAS LUC dataset further described in the companion paper by Hoffmann et al. (submitted). First, the ESA-CCI land cover
map (Sect. 2.2.1), which has a native resolution of ~300 m, is aggregated to the 0.1° target resolution using SAGA GIS (Conrad
et al., 2015). The target resolution results from the FPS LUCAS ensemble resolution (i.e., EURO-CORDEX domain EUR-11)
that is used for LULC change impact studies in FPS LUCAS Phase II. The LULC type information from the original product
is preserved in fractions per 0.1° grid cell which is advantageous to common majority resampling methods. The sum of PFT
fractions in the whole dataset remains the same in all target resolutions, only the distribution of fractions per grid cell changes

depending on the target resolution.
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Figure 1. The general workflow to generate LANDMATE PFT 2015 Version 1.0. This workflow is part of the workflow to generate the
LUCAS LUC time series as introduced in the companion paper by Hoffmann et al. (submitted)

The E-OBS gridded climate data (Sect. 2.2.2) is utilized for the preparation of the HLZ map over Europe (Sect. 2.2.4). From
E-OBS, the ensemble mean 2-meter-temperature and annual precipitation from 1950-2020 are used to create the HLZ map of
0.1° horizontal resolution which is further implemented in the CWTs to prepare the final LANDMATE PFT maps. For regions
that are not covered by E-OBS, the respective data of the CRU dataset (Sect. 2.2.3) is used.

For each of the 37 ESA-CCI land cover classes, an individual CWT is created (Sect. 3) that includes a unique translation
for each used HLZ. The translation process is based on Wilhelm et al. (2014) where the translation of the Global Land Cover
(GLC) 2006 to the 16 REMO-iMOVE PFTs is described. Since the nomenclature of GLC 2006 and ESA-CCI LC are similar
and based on the same classification system some of the CWTs were initially adopted from (Wilhelm et al., 2014). For the

more diverse ESA-CCI LC classes new CWTs need to be created. The new CWTs follow the translation of Poulter et al.
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(2015) (ESA-CCI PFTs) but were carefully revised and modified during the process. This revision of the CWTs is supported
by reference data and visual satellite image interpretation. The quality of the LANDMATE PFT dataset is finally assessed by

comparison to a comprehensive ground truth database (Sect. 4).
2.2 Datasets & concepts

2.2.1 ESA-CCILC

The European Space Agency Climate Change Initiative (ESA-CCI) provides continuous global land cover maps (ESA-CCI
LC) on ~300 m horizontal grid resolution. The ESA-CCI LC maps are available for download in annual time steps for the
years 1992-2018 (ESA, 2017). The classification of the LC maps follows the United Nations Land Cover Classification System
(UN-LCCS) protocol (Di Gregorio, 2005) and consists of 22 level 1 classes and 14 additional level 2 classes, which include
regional specifications. More information on ESA-CCI LC data processing can be found at maps.elie.ucl.ac.be/CClI/viewer/
download/ESACCI-LC-Ph2-PUGvV2_2.0.pdf. An overview of the satellite missions involved in the production of ESA-CCI
LC is given in table 1. Besides systematic global validation efforts (ESA, 2017; Hua et al., 2018), a few regional approaches
investigated the quality of ESA-CCI LC over Europe (Vilar et al., 2019; Reinhart et al., 2021a).

Table 1. Satellite missions involved in the production of ESA-CCI LC according to ESA (2017)

Time period Satellite product

Baseline  Production | MERIS FR/RR ' global SR ? composites

2003-2012

1992-1999 Baseline 10-year global map; AVHRR * global SR
composites for back-dating baseline

1999-2013 Baseline 10-year global map; SPOT-VGT * global
SR composites for up and back-dating the baseline;
PROBA-V ’ global SR composites at 300 m

2013-2015 Baseline 10-year global map; PROBA-V global SR
composites at 1 km for years 2014 and 2015 for up-
dating the baseline; PROBA-V time series at 300 m

Since 2016 Sentinel-3 OLCI and SLSTR © 7-day composites

'MEdium Resolution Imaging Spectrometer Full Resolution/Reduced Resolution (ESA, 2002)

2Surface Reflectance

3 Advanced Very-High-Resolution Radiometer (Hastings and Emery, 1992)

4SPOT Vegetation satellite program (Maisongrande et al., 2004)

SProject for On-Board Autonomy - Vegetation (Dierckx et al., 2014)

60cean and Land Colour Instrument (OLCI) and Sea and Land Surface Temperature Radiometer (SLSTR) (Donlon et al., 2012)
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2.2.2 E-OBS Climate data

The E-OBS dataset (Cornes et al., 2018) is a daily gridded observational dataset, derived from station observations from
European countries covering the period from 1950 to 2020. The point observations are interpolated using a spline method
with random perturbations in order to produce an ensemble of realizations. For the creation of the HLZs that are used for
the conversion of ESA-CCI LC classes to PFTs (Section 2.2.5), the ensemble mean of the 2-meter-temperature (TG) and
precipitation (RR) on a regular 0.1° grid from E-OBS version 19.0e is used. It covers most of Europe, some parts of the Middle

East and a narrow strip of Northern Africa.
223 CRU

The Climate Research Unit (CRU) TS 4.03 dataset is a global gridded high-resolution climate dataset based on station obser-
vations produced and maintained by the CRU of the University of East Anglia (Harris et al., 2014). The dataset provides global
monthly means of climate parameters at 0.5° resolution from 1901 to 2019. In order to achieve the target resolution of 0.1°
for the global LANDMATE PFT maps, the CRU climate data is downscaled using bilinear interpolation. Following Hoffmann
et al. (2016), distance-weighted interpolation was applied to the atmospheric observation dataset CRU to extrapolate the cli-
mate data to the coastlines of the ESA-CCI LC maps in order to compensate for the different land-sea-masks of the products.

The CRU climate dataset was used within this application for regions where E-OBS is not available.
2.2.4 Holdridge Life Zones

The Holdridge Life Zone (HLZ) concept was initially developed in 1967 (Holdridge et al., 1967) to define all divisions of
the global biosphere, depending on the relation of biotemperature (average of monthly temperature above 0°C; since plant
activities are idle below freezing, all values below 0°C are adjusted to 0°C), mean annual precipitation and ratio of potential
evapotranspiration to mean annual precipitation. By combining threshold values of biotemperature and annual rainfall, the
38 HLZs are created (Table 2). In the present analysis, the tropical and subtropical as well as the polar and subpolar HLZs
are mereged. Through the merging of the aforementioned HLZs, 30 individual HLZs in total are available for the creation

of the European HLZ map (Fig. 2). The dynamic character of the specific quantitative ranges of the long-term means of the

Table 2. The Holdridge Life Zones following (Holdridge et al., 1967).

Bio-temperature [°C] Precipitation [mm]
<125 125 to <250 250 to <500 500 to <1000 1000 to <2000 >2000
<3 Subpolar dry tundra Subpolar moist tundra Subpolar wet tundra Subpolar rain tundra
3to<6 Boreal desert Boreal dry shrub Boreal moist forest Boreal wet forest Boreal rain forest
6to<I2  Cool temperate desert Cool temperate desert shrub Cool temperate steppe Cool temperate moist forest ~ Cool temperate wet forest Cool temperate rain forest

12to <18  Warm temperate desert ~ Warm temperate desert scrub ~ Warm temperate thorn steppe/woodland ~ Warm temperate dry forest ~ Warm temperate moist forest ~Warm temperate wet/rain forest
18to <24  Subtropical desert Subtropical desert shrub Subtropical thorny steppe/woodland Subtropical dry forest Subtropical moist forest Subtropical wet/rain forest

>24  Tropical desert Tropical desert shrub Tropical thorny woodland Tropical very dry forest Tropical dry forest Tropical moist/wet/rain forest

utilized climate parameters make the HLZ classification more flexible than other available global ecosystem classifications and
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therefore makes the HLZs most suitable for the application presented in this article. In addition the requirement for input data

is relatively low.

Figure 2. Holdridge Life Zones map for the extent of LANDMATE PFT

In the past, the HLZ concept was not only found useful for global applications but successfully implemented especially for
regional mapping approaches due to its ability to capture regional climate features with the support of bioclimatic variables
(Daly et al., 2003; Tatli and Dalfes, 2016). Further, the HLZ concept was used for LULC change predictions, such as land use
impact assessments, related to current and future climate change scenarios (Chen et al., 2003; Skov and Svenning, 2004; Yue
et al., 2006; Saad et al., 2013; Szelepcsényi et al., 2018). With the implementation of climate data through the HLZ concept,

the resulting PFT maps become more detailed and can be customized to individual regions without losing global consistency.
2.2.5 Plant Functional Types

Table 3 shows the LANDMATE PFTs that are based on the PFTs introduced by Wilhelm et al. (2014). The implementation of an
irrigated cropland PFT (PFT 14) that is currently being developed within the HICSS project LANDMATE will be implemented
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in a later version of the dataset. In the initial version that is presented in this article, all cropland proportions are assigned to

the cropland PFT (PFT 13).

Table 3. LUCAS plant functional types based on Wilhelm et al. (2014) with modified crop types.

PFTs Names

—_

Tropical broadleaf evergreen trees

2 Tropical deciduous trees
3 Temperate broadleaf evergreen trees
4  Temperate deciduous trees
5  Evergreen coniferous trees
6  Deciduous coniferous trees
7  Coniferous shrubs
8  Deciduous shrubs
9 C3grass

10 C4 grass

11 Tundra

12 Swamp

13 Non-irrigated crops

14 Irrigated crops’

15  Urban

16 Bare

2.2.6 Potential C4 grass fraction NACP MsTMIP

The initial land cover map from the ESA-CCI LC does not provide a distinction between C3 and C4 grassland. Therefore, an
additional product is used after applying the CWP. The map from the North American Carbon Program Multi-scale Synthesis
and Terrestrial Model Intercomparison Project (NACP MsTMIP; Wei et al., 2014) is constructed based on the synergetic land
cover product (SYNMAP) by Jung et al. (2006). SYNMAP is a combination of multiple high-resolution LULC products using
a fuzzy agreement approach. The NACP MsTMIP map uses the grassland fractions from the SYNMAP product and the C4
grass distribution is estimated supported by growing season temperature based on present climate conditions (Wei et al., 2014).
The map is provided in 0.5° horizontal grid resolution for the period from 1801 to 2010. For the preparation of LANDMATE
PFT the NACP MsTMIP map of 2010 is used.

7the irrigated crop PFT is currently empty (see section 3.4)
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2.3 LUCAS - land use and land cover survey

The harmonized LUCAS in situ land cover and use database for field surveys from 2006 to 2018 (d’ Andrimont et al., 2020)
is the most consistent ground truth database for the European Continent. The survey was carried out at three-yearly intervals
between 2006 and 2018. The systematic sampling design of the survey consists of a theoretical, regular grid over the European
Continent with ~2 km grid size. The reference point locations are the corner points of the theoretical grid. Not all locations
within the survey were easily accessible. Therefore, the survey is supported by in situ photo interpretation, in-office photo
interpretation and satellite data in the latest time steps 2015 and 2018 (table 4). However, the main proportion of the reference
points was recorded through location visits at all time steps, which makes this land survey the most reliable and consistent

ground truth database for Europe.

Table 4. Number and recording method of reference points in the LUCAS land cover and use database per timestep.

Year Reference points  in situ insitu PI®  in-office PI° GT' [%]

2006 168401 155238 13163 92.18
2009 234623 175029 59594 74.6

2012 270272 243603 26669 90.13
2015 340143 242823 25254 71970 71.39
2018 337854 215120 22894 99803 63.67

The extent of the LUCAS survey was increased over time. The 2006 survey covered 11 countries while the 2018 map covers
large parts of the European Continent with 28 countries. Throughout the survey, the ground truth data has been continuously
checked for quality and plausibility. For the accuracy assessment of the LANDMATE PFT map the ground truth points of the
year 2015 are employed (Sect. 4). In order to avoid confusion between the FPS LUCAS and the LUCAS ground truth dataset,
the latter will be further referred to as Ground Truth Survey or GT-SUR.

3 Cross-walking procedure - ESA-CCI LC classes to PFTs

The CWP from ESA-CCI LC classes to PFTs presented in this article is based generally on (1) the translation introduced by
Poulter et al. (2015) and (2) the translation by Wilhelm et al. (2014). Both translations are not just combined with each other
but modified using additional data. The following sections introduce the PFTs of LANDMATE PFT aggregated into groups
and give an overview of the decisions on modifications that are made during the production process based on literature and
additional data. The final LANDMATE PFT map is shown in fig. 3.

8Photo interpretation close to the reference location
9Photo interpretation with supporting data, such as satellite images
10Ground truth
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3.1 Trees and shrubs, tropical and temperate | PFT 1-8

The LANDMATE PFTs are more diversified regarding tree-PFTs than the generic ESA-CCI PFTs. The expansion of tree-
PFTs to six in total was done at the expense of two shrub-PFTs. The increase of tree-PFT diversity is done in order to address
the strong biogeophysical impacts of forested areas on regional and local climate, such as decreased albedo and increased
roughness length (Bright et al., 2015). The effects of forested areas on near-surface climate are distinctively different to the
effects of shrub or grass covered areas, and are also highly depending on tree species composition and latitudinal range (Bonan,
2008; Richardson et al., 2013). Another reason for the six tree-PFTs is the intended use of the PFT maps in RCMs. In the
Land Surface Models (LSMs) of current generation RCMs, where a distinction is rather made between different tree or tree
community types than between different shrub types. Therefore and with regard to the implementation process that needs to
be done for each RCM individually, an increase in the number of tree-PFTs and a decrease in the number of shrub-PFTs is
considered to be convenient. Accordingly, the tree and shrub proportions were distributed following both, the needleleaf and
broadleaf definitions of the ESA-CCI LC classes as well as the HLZ map, where the HLZ map was decisive for an assignment
of forest proportions to the temperate or tropical tree-PFT, respectively. Following a comparison with different forest datasets
over Europe (not shown), the tree proportions in the translation of the mixed land cover classes (e.g. lass 61 - Tree cover,

broadleaved, deciduous, closed (>40%)) are increased to be in line with the indicated overall forest amount over Europe.
3.2 Grassland | PFT 9 & 10

The generic ESA-CCI PFTs include a natural grassland- and a managed grassland-PFT to include grassland and cropland
respectively. The LANDMATE PFTs include two grassland-PFTs, distinguishing between C3 and C4 grass. The contrasting
photosynthetic pathways and therefore contrasting synthetic response to CO, and temperature determine specific ecosystem
functions for both PFTs respectively. The main differences are found in global terrestrial productivity and water cycling (Lat-
tanzi, 2010; Pau et al., 2013). The translation from the LULC classes that contain grassland proportions into C3 or C4 grass-
PFTs respectively is supported by a map of potential C4 vegetation by Wei et al. (2014) where the potential global distribution

of C4 is estimated using bioclimatic parameters (Sect. 2.2.6).
3.3 Tundra and swamps | PFT 11 & 12

The specific vegetation PFTs tundra and swamps are treated individually in LANDMATE PFT. Tundra is mostly used for the
polar and subpolar HL.Zs, where the climatic conditions require a clear distinction of the land surface properties to the boreal
and temperate regions regarding exchange and feedback processes with the atmosphere (Thompson et al., 2004). Chapin Tii
et al. (2000) further suggest a differentiation of vegetation composition within these northern vegetation communities, which
can also be realized using the introduced translation. The swamp-PFT is mostly used for translating the ESA-CCI LC mosaic
tree/shrub/herbaceous classes and also partly for the flooded tree cover classes in most of the HLZs. Swamps occur mainly in

the boreal and polar regions.

10
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3.4 Cropland | PFT 13 & 14

Currently, two cropland-PFTs are defined in the LANDMATE PFT map. The cropland-PFT (PFT 13, see table 3) includes
all managed, agricultural land surface proportions. The uncertainties of the translation of the ESA-CCI cropland classes and
mixed cropland classes into the cropland-PFTs was investigated by Li et al. (2018) where the comparison of LULC change in
the ESA-CCI PFT maps against other LULC products showed inconsistencies between global trends and geographical patterns
between the products. However, Li et al. (2018) provide a modified CWT that was adjusted in regard to an improved knowledge
base on how to translate LULC classes into PFTs for climate models. Particular focus is laid on mosaic classes and the sparsely
vegetated classes of which appear numerous in ESA-CCI LC. Therefore, the translation from Li et al. (2018) for cropland is
adopted into the present CWP.

The irrigated cropland-PFT (PFT 14, see table 3) is currently empty in the LANDMATE PFT map Version 1.0. This decision
is made following intense research on available irrigation information. The ESA-CCI LC map that is used as initial input con-
tains an "irrigated cropland" class but this information was not used in the process. The investigation on irrigated areas included
the comparison of ESA-CCI LC to other products that are available, such as the irrigation map from the FAO (Siebert et al.,
2005).Although the ESA-CCI LC quality assessment shows a very good agreement of the ESA-CCI LC irrigated cropland
with the validation database (ESA, 2017), the comparison showed considerable differences between the products. The success
of detection of irrigated areas is highly dependent on the correct detection of the crop types to infer the water needs of the
respective crops, on atmospheric and environmental conditions and on the availability of multi-temporal, high resolution im-
agery (Bégué et al., 2018; Karthikeyan et al., 2020). Further, most remote sensing applications depend highly on ground truth
data and local knowledge. Applications using different satellite imagery to detect agricultural management practices, such as
irrigation, are only successfully tested and applied in local spatial units (Rufin et al., 2019; Ottosen et al., 2019). Therefore,
the irrigated cropland PFT remains unoccupied for now. Nevertheless, PFT 14 is defined within LANDMATE PFT Version
1.0 for the purpose of adding irrigated LULC fractions in the future. For the long term LUCAS LUC dataset (Hoffmann et al.,
submitted) which is extended backward and forward based on the LANDMATE PFT map for Europe 2015, irrigated cropland
areas are already implemented following the irrigated area definition of the Land Use Harmonization (LUH2) dataset (Hurtt

etal., 2011).
3.5 Non-vegetated | PFT 15 & 16

The non vegetated-PFTs in the LANDMATE PFT dataset are urban and bare. The urban grid cells from ESA-CCI LC are
directly translated into urban fractions for all HLZs in the CWP. The same applies for all bare ground proportions that are
translated fully into the bare-PFT. In addition, the ESA-CCI LC mixed classes are split up and the bare ground proportions
within the mixed classes are added to the bare-PFT. The explicit treatment of urban areas and especially differentiation from
bare ground provides the possibility to resolve urban surface characteristics in RCMs. The treatment of urban areas as a slab

surface or as an equal to rock surface as done in several RCM approaches cannot account for the complex geobiophysical
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235 processes associated with an urban agglomeration (Daniel et al., 2019; Belda et al., 2018). Due to the distinction of the two

surface types, the LANDMATE PFT map can be used for impact studies with an urban focus.
3.6 Water, permanent snow & ice

The LANDMATE PFTs do not include individual PFT definitions for water and snow/ice respectively. Regarding the water
representation, most currently used RCMs are utilizing a land-sea-mask to account for oceans and inland water areas. Therefore,

240 an explicit definition of water as individual PFT has not been implemented. Consequently, water grid cells are set to no data. In
the present translation, the snow/ice grid cells from ESA-CCI land cover are translated into bare-PFT following Wilhelm et al.
(2014).

Figure 3. LANDMATE PFT map for Europe for 2015 (a). Below a map section of the Alpine region shows an example of the resolution
difference between LANDMATE PFT 0.1 (b) and LANDMATE PFT 0.018 (c). LANDMATE PFT 0.018 is used in the present accuracy

assessment. For improved visualization all maps show the majority PFT per grid cell.
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4 Quality assessment of the LANDMATE PFT map

The LANDMATE PFT map is based on the ESA-CCI LC map which was quality checked and compared to similar LULC
products on a global (ESA, 2017; Yang et al., 2017; Hua et al., 2018; Li et al., 2018) and regional level (Reinhart et al., 2021a;
Vilar et al., 2019). However, the translation from LULC classes to PFTs necessarily results in change of the map. The final
product, the LANDMATE PFT map, is intended to be used in RCMs, which means the quality of the final product must be
assessed in addition to the available quality assessments of the initial ESA-CCI LC map. In order to overcome the resolution
difference, which is non negligible between LANDMATE PFT and the reference data GT-SUR, the LANDMATE PFT map is
prepared on 0.018° horizontal resolution, which corresponds closely to the 2 km theoretical grid of GT-SUR.

The design of such a quality assessment of a large scale map product is not trivial, especially since the map product itself
and the reference data are often different in structure and nomenclature, given that ground truth reference data is mostly
collected as point data and independently from the assessed map product Foody (2002); Wulder et al. (2006); Olofsson et al.
(2014). In order to produce reliable quality information for LANDMATE PFT, the present assessment follows closely the
well established good-practice recommendations. Nevertheless, adjustments are done to account for the fractional structure of
LANDMATE PFT. Section 4.2 provides additional information on the requirements of a "good practice" accuracy assessment,

the key components and the selected sampling design and metrics.
4.1 Research area

The coverage of GT-SUR in the year 2015 includes 28 countries which are highlighted in dark grey in fig. 4.
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Figure 4. Coverage of the Land Use and Coverage Area frame Survey (LUCAS) for reference year 2015 (top). The lower figure shows the
points and LULC group representation within the grid cell highlighted in black color in the top map as an example for the whole research

area.
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The total number of GT-SUR points for 2015 is 340,143. Out of these points, 338,619 points (~99.55%) are covered with
valid LANDMATE PFT grid cells of the assessed LULC groups and can be used in the analysis. Countries located within
the contiguous area but missing in the assessment are Switzerland, Norway, the Russian Oblast Kaliningrad, Bosnia and
Herzegovina, Montenegro, Albania, Serbia, Kosovo, North Macedonia, and Belarus. Figure 4 also shows the 2.5° grid that was
used for the analysis of the accuracy assessment results (Sect. 4.3). Due to the fine scale and the high number of points over the
whole research area, the visualization of the spatial analyses on continental scale is challenging. Therefore, the research area is
split up through an overlay of a 2.5° grid (as shown in fig. 4). The overall and class-wise accuracy results for all points within
each 2.5° grid cell are aggregated in order to identify large scale spatial quality differences for the analyzed LULC groups.
Additionally, the total number of points for each LULC group per grid cell are displayed in section 4.3.

4.2 Accuracy assessment - background & design

The key components of the accuracy assessment of a large-scale land cover product are objective, sampling design, response
design and the final analyses and estimation (Wulder et al., 2006). All of the key components have great impact on the
quality of the assessment and further, on the final metrics, especially in the present assessment, where reference and assessed
dataset differ widely in structure. LANDMATE PFT is a gridded dataset with fractional LULC classes but no information
on the subgrid location within the grid cell. Other than that, the points of GT-SUR have fixed locations expressed through
exact coordinates, but no (exact) information on the spatial extent of this class. Another challenge is the fractional structure of
LANDMATE PFT itself, where one unit (grid cell) possibly contains multiple fractions. Therefore, the design of the accuracy
assessment needs to be customized to the objective, which is to determine the overall quality of the LANDMATE PFT map for
Europe 2015 as well as the quality of individual LULC type representation within the map in order to derive recommendations
for the use of LANDMATE PFTs in RCMs.

When it comes to the sampling design, sampling size, spatial distribution of the respective sample and the representation
of each LULC group or class within the sample are crucial to produce reliable quality information about a LULC product
(Stehman, 2009). However, the collection of ground truth data is a rather expensive procedure regarding time and money, which
needs to be considered during the process. The sample size is therefore a compromise size and cost. In the present assessment,
an existing ground truth database containing over 340,000 records is used as reference which eliminates the possible issue of
a too small sample size. It is also known that all assessed LULC groups are represented in a sufficiently high number (Table
6). Nevertheless, the present assessment is a special case situation with every unit of LANDMATE PFT containing more than
one LULC group potentially. Therefore, the subsets are selected through application of a filter to capture the map accuracy in
a way that accounts for the fractional structure within the grid cells in the LANDMATE PFT map (see section 4.2.1).

The response design deals with the spatial support regions (SSR) and the labelling protocol or classification harmonization.
The SSR is a buffer region around a sampling unit that is selected to account for small-scale landscape heterogeneity that is
likely not captured by larger scale map products. In the present case, the sampling design is selected in a way that the grid
cells of LANDMATE PFT serve as SSR for each GT-SUR point. A fraction is not located precisely at one location within

the respective grid cell but evenly distributed over the whole grid cell. Assuming, the uniformly distributed fraction can occur
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in small patches or in one large patch within the grid cell, the whole grid cell is defined as SSR for the respective LULC
group. The labelling protocol needs to be determined to deal with the different legends of the reference and the assessed map.
The harmonization of legends is selected in regard to the objective of the respective assessment, as in this case, to provide
information about the quality of representation of the most dominant LULC types in LANDMATE PFT. The labelling protocol
used in the present assessment is summarized in table 5.

The analyses and estimation used are error matrices, that give an overview of the overall and LULC group-wise accuracy of
the LANDMATE PFT map. For both resolutions of LANDMATE PFT, the error matrices and the resulting accuracy measures
overall accuracy (OA), producer’s accuracy (PA) and user’s accuracy (UA) are calculated, where PA and OA are calculated
group-wise. The error matrix is a cross-tabulation between map and reference of the size g x ¢, where ¢ stands for the number
of land cover classes or groups. The map classes are placed in the rows and the reference classes in the columns so that
the diagonal of the matrix gives the sum of the correctly classified map units. The off-diagonal cell values represent the

disagreement between the map and the reference. The overall accuracy is calculated according to equation 1:
4q .
04 = Zi=1"i 109 (1)
n

The sum of the agreeing diagonal elements n;; of all LULC groups is divided by the number of all observations n. The
PA represents the accuracy from the view of the map producer. The PA stands for the probability, that a LULC feature in the
reference is classified as the respective feature by the map. The PA is calculated using equation 2 where the number of correctly

classified units per LULC group n;; is divided by the total number of LULC group occurrences of the reference n;:

Uz

PA, = * 100 2)

Nt
While the PA gives the proportion of features in the reference that are actually represented as those in the produced map,
the UA is the accuracy from the perspective of the map user. It is the probability of a feature classified as such in the map is
actually present in the reference. The UA is calculated using equation 3, where the number of correctly classified pixels n;; per
LULC group is divided by the row sum n;4 » &, i
Mii

UA; = * 100 3)
Ni+

4.2.1 Dataset harmonization & filter

The quality assessment is done assigning the PFT type with the maximum fraction per grid cell to the GT-SUR points located
within respective grid cell. The classifications of both datasets need to be harmonized in order to make the comparison as
detailed as possible but also to be able to produce reliable and robust results for the RCM community. For the analysis, the

classifications of LANDMATE PFT and the GT-SUR are harmonized as shown in table 5.
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GT- GT-SUR group LANDMATE LANDMATE PFT name Harmonization = Harmonization
SUR name PFT number group number name
LC
group
A Artificial Land 15 Urban 1 URBAN
B Cropland 13 Non-irrigated Crops 2 CROPLAND
14 Irrigatred crops
C Woodland 1 Tropical broadleaf evergreen trees 3 WOODLAND
2 Tropical deciduous trees
3 Temperate broadleaf evergreen
trees
4 Temperate deciduous trees
Evergreen coniferous trees
6 Evergreen deciduous trees
D Shrubland 7 Coniferous shrubs 4 SHRUBLAND
8 Deciduous shrubs
E Grassland 9 C3 Grass 5 GRASSLAND
10 C4 Grass
F Bare land 16 Bare 6 BARE AREAS
G Water 11 Tundra 7 OTHER
H Wetlands 12 Swamps
Other Marine areas

suolIssnosIq

The LULC groups URBAN, CROPLAND, WOODLAND, SHRUBLAND, GRASSLAND, and BARE ARES are harmo-
nized without applying modifications to the classifications. The LANDMATE PFTs can easily be grouped or directly adopted

while the GT-SUR level one classification (letters A-H) is completely adopted into the harmonized groups. The LANDMATE

PFT map is a product developed for the use in RCMs. In general, RCMs implement a land-sea-mask to determine aquatic areas

for both, inland and marine water. Therefore, the categories WATER and MARINE areas are neglected in the analyses. The

LANDMATE PFTs "Tundra" and "Swamp" can not be assigned with a sufficient agreement to the GT-SUR class definitions.

Therefore, the GT-SUR groups water, wetlands and marine areas as well as the LANDMATE PFTs Tundra and Swamps are

merged into the group "OTHER" for the assessment. Although the group cannot be evaluated regarding the quality of the

17



330

335

https://doi.org/10.5194/essd-2021-251
Preprint. Discussion started: 10 August 2021
© Author(s) 2021. CC BY 4.0 License.

Earth System
Science

Data

Open Access
suoissnasiq

LANDMATE PFT map, the group needs to be involved in the assessment to keep the numbers in the assessment correct and
reliable for all other groups.

Both datasets are provided in a regular Gaussian grid (WGS84 EPSG:4326) so that no reprojection of the datasets needs to
be done for the comparison. The descriptive statistics for each LULC group for the reference GT-SUR and the LANDMATE

PFT dataset are summarized in table 6.

Table 6. General information on data in the comparison

LULC group'! GT-SUR" LANDMATE Dominant
PFT 0.018°" LANDMATE
PFT 0.018°"
URBAN 14,393 65,000 7,577
CROPLAND 83,295 248,301 136,970
WOODLAND 124,374 277,290 124,437
SHRUBLAND 27,298 302,035 19,790
GRASSLAND 66,541 333,948 44,244
BARE AREAS 10,395 31,756 4,148
OTHER 12,340 28,823 1,470
Sums 338,636 338,636

The LANDMATE PFT dataset includes multiple LULC fractions per grid cell. Accordingly, the area proportion of the
dominant LULC group varies widely and thus the likelihood that the GT-SUR point sample falls within this area. The filter
applied is categorizing the grid cells regarding the proportion of the dominant LULC group, the higher the threshold, the stricter
the filter and the more likely a specific sample falls into the subgrid fraction of the dominant class. The filter set numbers 1-10

are representing the cells containing a minimum of 10 - 100% of the dominant LULC group according to table 7.

LULC group analyzed in the quality assessment

I2GT-SUR points assigned per LULC group

13 number of grid cells in LANDMATE PFT that have a share of the respective LULC group >0%
14Sum of LANMDATE PFT grid cells where the respective LULC group is represented dominantly

18
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Table 7. Filter sets with varying dominant LULC group share per grid cell from >10% to 100%

Filter set fraction size of dominant LANDMATE PFT

number LULC group cells within filter set
1 >10 % 338619
2 >20 % 338619
3 >30 % 336703
4 >40 % 311238
5 >50 % 259073
6 >60 % 203343
7 >70 % 137412
8 >80 % 74765
9 >90 % 26993
10 100 % 1449

340 4.3 Results

In order to show the impact of the applied spatial filter, the spatial distribution of agreement and disagreement of LANDMATE
PFT with the reference GT-SUR is investigated. The point counts and percentage agreement are aggregated and averaged,
respectively, per 2.5° grid cell. After giving an overview over the overall accuracy measures the individual LULC group results
are discussed in the following subsections. Note that due to the low overall point count as shown in table 6, the LULC groups
345 SHRUBLAND and BARE AREAS are discussed together in section 4.3.5. Figure 5 shows the spatial distribution of the filter

sets over Europe while fig. 6 shows the overall accuracy for the filter sets.

Figure 5. The distribution of the varying dominant LULC group filter sets over the research area in Europe. Since the >10% and the >20%

filter set share the same number of points the >10% filter set is not shown.
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Figure 6. Overall accuracy for the full domain of the 10 filter sets as introduced in table 7 as function of filter set size. Filter set numbers are

shown in grey boxes.

In order to be able to capture the LULC group diversity and distribution characteristics of LANDMATE PFT, the filter set
must be distributed well over the respective area and contain a sufficiently large proportion of the total cells. Figure 5 shows
that the filter sets are distributed reasonably well up to filter set 7. Filter set 8 shows a quite patchy pattern and a strongly
decreasing sample number in Northern Europe. Within filter set 9, the patchy pattern of low sample count per 2.5° grid cell
spreads over the whole continent. While filter set 9 could still be used for evaluation of LANDMATE PFT for limited regions
in Europe, filter set 10 is clearly not evaluable due to the overall small sample count (< 1500). This pattern is also found for
filter sets 9 & 10 of the individual LULC groups. The filter set sizes as well as the applied filter itself have direct impact on
the OA shown in fig. 6. The decreasing OA towards the higher sample count is an effect of the LANDMATE PFT grid cell
heterogeneity representation in each filter set. Filter set 1-3 include all LANDMATE PFT grid cells where the dominant LULC
group occupies a minimum of 10% to 30% respectively. Therefore, the probability that the GT-SUR point sample within the
respective grid cell represents a location that is occupied by one of the non-dominant LULC groups is relatively high. The
applied filter accounts for the impact of the structure difference of the two datasets. The higher probability of agreement is
reflected in the increasing OA for the samples that include only grid cells with an occupation of 50% or more of the dominant
LULC group. Sample 9 & 10 represent the LANDMATE PFT dataset not adequately regarding distribution and diversity while
sample 8 shows a poor coverage in northern Europe. In order to include the largest proportion of the total sample in the analysis,
the point count per LULC group as well as the PA per 2.5° grid cell for filter set 2 is analyzed in the results section (fig. 7). In
order to give an overview of the spatial accuracy for the evaluable filter range, The respective figures for filter set 5 and 7 are

shown in Appendix B (tables B1 & B2).
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(2) URBAN (b) CROPLAND (c) WOODLAND

(d) URBAN (e) CROPLAND (f) WOODLAND

(g) SHRUBLAND (h) GRASSLAND (i) BARE AREAS

(j) SHRUBLAND (k) GRASSLAND (1) BARE AREAS

Figure 7. Total count of GT-SUR points per 2.5° grid cell (a-c; g-i) and producer’s accuracy for the individual LULC groups (d-f;j-1) for
filter set 2 (dominant LULC group occupies > 20% per LANDMATE PFT grid cell)

365 4.3.1 URBAN

The urban representation in LANDMATE PFT for filter set 2 is shown in fig. 7a and 7d. The PA for the filter sets 1-10 is shown
in fig. 8 where an overall low PA for all filter sets is found. With increasing proportion of the dominant LULC group URBAN
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the PA increases slightly but is still lower than 40% for samples that include enough points to be considered representative for

the research area. The overall low PA is reflected in the URBAN maps in fig. 7 as well as in fig. B1 and B2.
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Figure 8. Producer’s accuracy of the 10 filter sets (Filter set numbers in grey boxes) for the LULC group URBAN as a function of sample

count per filter set.

A visual check of the map agreement between LANDAMTE PFT and GT-SUR revealed the issue that leads to the overall
low PA. Figure 9 shows four large URBAN agglomerations in different areas of Europe where the red points represent GT-SUR
urban points while the white points represent GT-SUR point representing non-urban LULC groups. The grey-scaled squares
represent the LANDMATE PFT URBAN fractions from zero (no coverage, white) to one (full coverage, black) within one grid

cell.
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Figure 9. Examples of URBAN representation in LANDMATE PFT (greyscale grid) and GT-SUR (points). Cities shown are Hamburg (a),
London (b), Rome (c) and Bukarest (d).

The LANDMATE PFT grid cells with a large urban fraction indicate the respective city core while the GT-SUR points that
are located within the city core are mostly not classified as URBAN. However, the GT-SUR points do not fail to represent the
structure of urban areas because they are characterized through a heterogeneous pattern of sealed surfaces, recreational areas
(e.g. parks) and different building types and density, not through a homogeneous sealed area. The LANDMATE PFT map
represents this heterogeneous structure through the varying fractions of non-urban PFTs within the grid cell. However, in order
to make the impact of a larger city visible in an RCM simulation, it is beneficial for LANDMATE PFT to represent a larger city
with a dense core structure. In order to verify the representation of the large URBAN agglomerations in Europe, a comparison
with the World Settlement Footprint for 2015 (WSF, Marconcini et al., 2020) dataset was done (not shown). The comparison
showed that not only larger agglomerations but also smaller patches of settlements are represented well in LANDMATE PFT.
Therefore, despite the low agreement with GT-SUR in the present assessment, the URBAN PFT of LANDMATE PFT 2015 is
of sufficiently good quality and suitable to represent urban land cover in high resolution (~2 km) RCM simulations. Due to the

abovementioned comparability issues the UA of the LULC group URBAN will not be further discussed.
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4.3.2 CROPLAND

The CROPLAND representation in LANDMATE PFT shows, together with WOODLAND the highest PA for the research

area. As shown in fig. 10 the PA for all filter sets is > 80% which is to be considered as a very good agreement with the

reference.
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Figure 10. Producer’s accuracy of the 10 filter sets (Filter set numbers in grey boxes) for the LULC group CROPLAND as a function of

sample count per filter set.

Figure 7b shows the distribution of CROPLAND points in GT-SUR over the research area. CROPLAND points are the
second most frequent LULC group in GT-SUR and are mainly distributed over middle and southern Europe. Although the
northern European grid cells show a lower count of CROPLAND points, figure 7e shows that the PA is still very high in
these areas. The PA increases with increasing filter set homogeneity (Fig. B1 and B2). Regarding the UA for CROPLAND,
LANDMATE PFT shows a strong overestimation, where ~51% of the LANDMATE PFT CROPLAND cells in filter set 2
are actually another LULC group in the reference. More than half of the LANDMATE PFT CROPLAND areas are mostly
WOODLAND, GRASSLAND, and a mix of the other LULC groups in the reference. The UA for CROPLAND increases
rapidly towards the more homogeneous filter sets (~61% for filter set 7). However, the confusion with WOODLAND and
GRASSLAND is non-negligible and will be discussed in section 6.

4.3.3 WOODLAND

For the representation of WOODLAND, the PA shows the second highest values with > 70% for all filter sets with a reasonably
high point count (filter sets 1-7, fig. 11). Similar to CROPLAND, the sampling filter does not have a large impact on PA. The
highest PA is reached over the northern European regions (Fig. 7f). Deficits are visible over the southern British Isles, some
parts of France and the coastline along Belgium and the Netherlands. Further, the Mediterranean Coast shows a low PA within

grid cells that have an overall small point count (Fig. 7c).
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Figure 11. Producer’s accuracy of the 10 filter sets (Filter set numbers in grey boxes) for the LULC group WOODLAND as a function of

sample count per filter set.

The differences between northern and southern regions tends to increase towards the more homogeneous filter sets as shown
in figures B1f and B2f. Agreement over the northern regions increases while agreement over the Iberian Peninsula decreases
together with a rapid decrease of the filter set count within the corresponding grid cells. The UA for WOODLAND is noticeably
higher than for all other LULC groups (> 70% for filter set 2 and increasing towards the more homogeneous filter sets) which
emphasises the very good quality of WOODLAND representation in LANDMATE PFT. (~10% for filter set 2). Further, ~4%
of the total LANDMATE PFT cells representing WOODLAND are actually CROPLAND or OTHER.

4.3.4 GRASSLAND

The GT-SUR sampling points show the highest GRASSLAND coverage in central Europe with the highest occurrence in
Ireland and the southern part of France (Fig. 7h). The PA for LANDMATE PFT GRASSLAND according to fig. 7k is not
noticeably higher in these areas but overall highest in the Southwest of the British Isles. For all filter sets, the PA ranges

between 32 and 34% which is considerably low (Fig. 12.

25



420

425

430

435

https://doi.org/10.5194/essd-2021-251 é Earth System g
Preprint. Discussion started: 10 August 2021 é:‘j SC| ence g
© Author(s) 2021. CC BY 4.0 License. c 7]
:Data:
(@) n
100
~ 80 Filter set number
< 60
o
40
20
0
Q QO QO 9 N O O O
96 90 _QQ _QQ Q QQ 9()
O Q/Q [NY W SR S D

Sample count

Figure 12. Producer’s accuracy of the 10 filter sets (Filter set numbers in grey boxes) for the LULC group GRASSLAND as a function of

sample count per filter set.

One reason for this low accuracy of LANDMATE PFT regarding GRASSLAND can be found looking at the results of sec-
tions 4.3.2 and 4.3.3. The UAs of CROPLAND and WOODLAND reveal that ~20% of the LANDMATE PFT CROPLAND
cells and ~10% of the LANDMATE PFT WOODLAND cells are actually representing GRASSLAND in the reference, which
adds up to over 60% of the total GT-SUR GRASSLAND points. Another reason is found in the dataset structure of LAND-
MATE PFT. A considerable amount of GRASSLAND is not part of the assessment because GRASSLAND does not make the
dominant but the second dominant PFT in many grid cells (~45% of all LANDMATE PFT grid cells). Therefore,the seemingly
weak GRASSLAND representation in LANDMATE PFT rather shows a weakness of the present assessment that is caused by

the different dataset structures.
4.3.5 SHRUBLAND & BARE AREAS

The PA for SHRUBLAND and BARE AREAS is the lowest of all assessed LULC groups with < 20% for all filter sets of both
LULC groups respectively (Fig. 13 and 14). The low point count of both LULC groups might be one reason for the low PA.
However, looking at the distribution of the SHRUBLAND and BARE AREA points in fig. 7i, LANDMATE PFT is not able
to capture the LULC groups even in grid cells with a relatively high point count. The GT-SUR shows ~27,000 SHRUBLAND
points while LANDMATE PFT shows only ~19,000. Therefore, one reason for the poor SHRUBLAND representation lies
within the base map (ESA-CCI LC) used for the creation of LANDMATE PFT, where the known small count of SHRUBLAND
proportions was inherited by LANDMATE PFT. It must be noted, that a large proportion of SHRUBLAND in ESA-CCI LC is
part of the mixed LC classes, such as Shrubland/Cropland or Shrubland/Forest. The known deficit was partly compensated by
the translation into the PFTs, where SHRUBLAND proportions were added to the total as proportions of the mixed ESA-CCI
LC classes. Further SHRUBLAND makes the second dominant PFT in ~20% of the total LANDMATE PFT grid cells in the
assessment. Just like for GRASSLAND, these SHRUBLAND proportions can not be addressed within the present assessment.
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Figure 13. Producer’s accuracy of the 10 filter sets (Filter set numbers in grey boxes) for the LULC group SHRUBLAND as a function of

sample count per filter set.

The overall BARE AREAS sample count in LANDMATE PFT in filter set 2 is < 50% of the actual BARE AREA points
in GT-SUR. Almost half of the GT-SUR BARE AREAS points are identified as CROPLAND while ~30% are identified as
WOODLAND or GRASSLAND. Only ~17% (< 2,000 points for filter set 2) of the GT-SUR BARE AREAS are actually

440 identified by LANDMATE PFT with the largest agreement in the Alps, Northern Great Britain, and Northern Scandinavia
(Fig. 71. However, due to the comparably low sample count the spatial assessment is not robust. Just like for SHRUBLAND,
the homogeneity of LANDMATE PFT cells does not have a large impact on the PA. UA is higher than PA with ~43% and
increasing towards the more homogeneous filter sets. However, considering the rapidly decreasing sample count for the more
homogeneous filter sets, the accuracy measures are becoming even less representative for the BARE AREA representation in

445 LANDMATE PFT. Nevertheless, the confusion with the other LULC groups is further discussed in section 6.
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Figure 14. Producer’s accuracy of the 10 filter sets (Filter set numbers in grey boxes) for the LULC group BARE AREAS as a function of

sample count per filter set.
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5 Data availability

The LANDMATE PFT dataset for Europe 2015 is published with the Long Term Archiving Service (LTA) for large research
datasets, which are relevant for climate or earth system research, of the German Climate Computing Service (DKRZ). As
World Data Center for Climate (WDCC), the DKRZ LTA is accredited as regular member of the World Data System. The
LANDMATE PFT dataset for Europe 2015 is available within the LANDMATE project data at https://cera-www.dkrz.de/
WDCClui/cerasearch/entry 7acronym=LM_PFT_LandCov_EUR2015_v1.0 (Reinhart et al., 2021b). Within the LANDMATE

project, a short documentation summarizes the technical information corresponding to LANDMATE PFT.

6 Discussion & conclusion

The present work introduces the preparation of the LANDMATE PFT map for the European Continent based on several LULC
datasets and climate data.

The LANDMATE PFT Version 1.0 is prepared in order to provide realistic, high-resolution LULC representation for RCMs.
The dataset includes LULC information from different, validated sources as well as regional climate information through
involvement of the HLZs. For each ESA-CCI land cover class, an individual CWT is developed to translate the original
LULC classes into PFTs. The various mixed LULC classes included in the base map ESA-CCI LC are extremely difficult to
resolve within RCMs. Through the developed CWP, the mixed LULC classes can be disaggregated into PFT fractions, which
improves the realistic representation of these classes in RCMs. The involvement of the climate data further allows a customized
translation of LULC classes for individual regions. The 16 LANDMATE PFTs are selected to provide simple transferability into
various RCM families in order to be able to conduct coordinated RCM experiments where the implementation of a common,
high quality LULC map provides minimum uncertainty for a multi-model ensemble.

The accuracy assessment of LANDMATE PFT is conducted in the form of a comparison with the ground truth dataset GT-
SUR. In order to account for the different structure of the reference GT-SUR and the assessed LANDMATE PFT map and
further the fractional structure of the LANDMATE PFT grid cells, a filter is applied. All filtered LANDMATE PFT subsets
are analyzed in terms of agreement with the reference (i.e., GT-SUR). In order to investigate regional differences in accuracy
measures, a spatial analysis supported by gridded maps of the research area is done. The quality of the LANDMATE PFT
map is assessed using the overall accuracy (OA) and the producer’s and user’s accuracy (PA and UA) for the individual LULC
groups. Overall, the assessment serves as recommendation and uncertainty information for regional climate modellers that use
LANDMATE PFT, or the time series LUCAS LUC (Hoffmann et al., submitted), which is based on LANDMATE PFT, in
RCMs.

Within the accuracy assessment, the OA does not change considerably between the evaluable filter sets of the respective
LULC groups which shows that the dataset structure has no noticeable impact on that accuracy measure. The highest PA is
found for CROPLAND and WOODLAND which are the dominant LULC groups in the research area. The lowest PA is found
for SHRUBLAND and BARE AREAS, which are also the LULC groups with the lowest overall sample count. The UA is found
to be highest for WOODLAND, followed by CROPLAND, GRASSLAND and BARE AREAS. Both accuracy measures, PA
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and UA are highly influenced by the proportion of the dominant LULC group in the individual grid cell. The difference between
the filter sets for UA of the LULC groups is 10 to 20% per group while the difference for PA is noticeable but considerably
lower, which means that the applied filter has a higher influence on the former.

The URBAN representation in LANDMATE PFT represents a special case in the present assessment due to the heteroge-
neous structure of urban areas. Both datasets, GT-SUR and LANDMATE PFT are able to represent the LULC group URBAN
very well for their respective purpose. Nevertheless, the PA for URBAN reflects the limitations of the present assessment
method. The fine scale point data of GT-SUR represents the patchwork structure of recreational areas, building blocks, and
other urban elements at the location of the respective points while LANDMATE PFT represents the urban area as an agglom-
eration of grid cells with URBAN as the dominant LULC group. The additional comparison with a high resolution dataset
(WSF2015) showed that not only large but also small agglomerations of urban areas are represented well in LANDMATE PFT.
Therefore and despite of the accuracy assessment results for the LULC group URBAN, the LANDMATE PFT dataset can be
recommended to be used in RCMs that resolve urban features over the European Continent.

A limitation of LANDMATE PFT is the overestimation of CROPLAND to the expense of WOODLAND and GRASSLAND
and the overestimation of WOODLAND to the expense of mostly GRASSLAND. This overestimation has a minor impact on
the overall WOODLAND and CROPLAND representation but a major impact on the representation of GRASSLAND in
LANDMATE PFT. The representation of GRASSLAND is comparably low due to the aforementioned reasons. Further, the
LULC groups with the lowest point counts SHRUBLAND and BARE AREAS are not well represented, which happens due to
the low overall sample size but also due to the overall too low representation in LANDMATE PFT, which is partly inherited
from the base map ESA-CCI LC. The representation of these LULC groups needs to be considered when using LANDMATE
PFT in RCM simulations using the supporting maps in fig. 7,B1 and B2.

The representation of LULC groups in LANDMATE PFT is assessed through the comparison with ground truth data. The
structural differences of the datasets, where gridded data is compared to point data, is a major weakness of this assessment.
Although the fractional structure does not have a major influence on the OA, the LULC group-wise PA and even more the UA
is affected.

The present assessment takes into account the dominant LULC group per grid cell of LANDMATE PFT. Depending on
the proportion of this LULC group, the second or third-most represented LULC group can occupy a considerable area of
the respective grid cell. Therefore, a follow up assessment, where these LULC group proportions are also considered and
compared to the ground truth is needed in order to investigate, if the PA of the less dominant LULC groups GRASSLAND,
SHRUBLAND, and BARE AREAS is increased. The use of additional LULC data, like it was done for URBAN in this
assessment, would be an additional useful step to validate the quality of GRASSLAND, SHRUBLAND and BARE AREAS
representation in LANDMATE PFT.

The results show that the LANDMATE PFT map is able to represent LULC over large parts of Europe in a sufficient
quality. Especially the dominant LULC groups are represented overall well which is highly beneficial for RCM experiments
that require realistic, high-resolution LULC representation. Nevertheless, there are uncertainties found for the less represented

LULC groups. When using LANDMATE PFT in an RCM it is crucial to consider these uncertainties when interpreting simu-
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lation results. Especially the spatial distribution of uncertainties in LANDMATE PFT needs to be considered when comparing
simulation results to observations because the input parameters in the employed land-surface schemes are influenced by the
individual LULC, which subsequently considerably impacts on lower-atmosphere processes, such as the intensity of heat and
moisture exchange. Thus, by carefully considering the issue of uncertainty introduced by the LULC input, misconclusions
about RCM model performance and about small-scale interconnections can be avoided (Ge et al., 2007; Sertel et al., 2010;
Santos-Alamillos et al., 2015; Reinhart et al., 2021a).

Beside the quality of the LULC product, the implementation process of each individual RCM is crucial for the realistic
representation of LULC in regional climate model experiments. When translating a LULC product into the model specific
LULC classes and structure, modifications are done that can change the map characteristics. When the LANDMATE PFT
product is used in an RCM that only uses the dominant LULC fraction per grid cell, the overall LULC proportions can change.
The same applies when LANDMATE PFT is used in a model with limited fractions per grid cell or a different classification
system. The present assessment gives a guideline on the quality of LANDMATE PFT (Version 1.0) when used unaltered.
Through the involvement of the ground truth data, regional deficits of LANDMATE PFT are presented that can be compensated
during the implementation process into the individual RCM or RCM family.

The findings of the present assessment support the identification of uncertainties within the LANDMATE PFT map for
Europe. Nevertheless, user feedback is crucial for the future overall improvement of LANDMATE PFT. The RCM community
within the WCRP FPS LUCAS is already participating in the feedback process where implementation of LANDMATE PFT
and the LUCAS LUC time series into different RCMs is comprehensively documented. The future work on LANDMATE
PFT also includes the extension of the dataset to other CORDEX regions. Although, the dataset is based on various globally
available datasets and therefore, can be created globally, the introduced quality assessment method must be performed for each
region individually, desirably using region-specific expert knowledge. Further, the assessment should be expanded in order to
include the second or third-most represented LULC group per grid cell to possibly achieve more accurate quality information
about LANDMATE PFT.
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Table A1l. Cross-walking table for ESA-CCI LC class 10 - Cropland, rainfed and LC class 11 -Cropland, herbaceous cover. For LC class 10

and 11, no HLZ were assigned

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous &} c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
130 10 90

Table A2. Cross-walking table for ESA-CCI LC class 12 - Cropland, tree or shrub cover. For LC class 12, no HLZ were assigned

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous & c Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous

evergreen deciduous evergreen deciduous
1-30 70 30

Table A3. Cross-walking table for ESA-CCI LC class 20 - Cropland, irrigated or post flooding. For LC class 20, no HLZ were assigned

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16

Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous a3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous

evergreen deciduous evergreen deciduous
130 100
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cropland (>50%) / natural vegetation (tree, shrub, herbaceous

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated

Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous & c4 Tundra Swamps crops urban bare ground

Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous

16 20 20 60

79 40 60

10 10 30 60

1,12 30 10 60

13,14 40 60

15 5 5 20 10 60

16 75 75 10 15 60

1718 20 10 10 60

19 40 60

20 20 20 60

21,22 10 10 10 10 60

2324 10 10 20 60

25 40 60

26 20 20 60

27 20 10 10 60

2 10 15 15 60

29 15 10 15 60

30 20 10 10 60

Table AS. Cross-walking table for ESA-CCI LC class

land(<50%)

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated

Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous & ca4 Tundra Swamps crops urban bare ground

Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous

12 35 30 35

35 30 35 35

6 25 40 35

7 60 40

8 10 50 40

9.10 15 45 40

11 20 40 40

12 30 20 10 40

13 10 10 10 30 40

14,15 20 20 10 10 40

16 25 20 15 40

17 25 25 10 40

18 30 30 40

19 60 40

20 35 25 40

21 20 15 15 10 40

22 25 10 15 10 40

2324 20 20 20 40

25 60 40

26 30 30 40

27 10 50 40

2 40 20 40

29 40 20 40

30 50 10 40
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Table A6. Cross-walking table for ESA-CCI LC class 50 - Tree cover, broadleaved, evergreen, closed to open (>15%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous 3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 12,5 125 75
7-18 90 10
19-24 100
25-30 100
Table A7. Cross-walking table for ESA-CCI LC class 60 - Tree cover, broadleaved, deciduous, closed to open (>15%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous [es} c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 100
7-24 70 15 15
25-30 70 15 15
Table A8. Cross-walking table for ESA-CCI LC class 61 - Tree cover, broadleaved, deciduous, closed (>40%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life ~tropical tropical temperate temperate evergreen deciduous evergreen deciduous c3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 85 15
7-24 70 15 15
25-30 70 15 15
Table A9. Cross-walking table for ESA-CCI LC class 62 - Tree cover, broadleaved, deciduous, open (15-40%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous [e] c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 65 35
7-24 30 25 45
25-30 30 25 45
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Table A10. Cross-walking table for ESA-CCI LC class 70 - Tree cover, needleleaved, evergreen, closed to open (>15%) and LC class 71 -

Tree cover, needleleaved, evergreen, closed (>40%)

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous & ca4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
16 35 35 15 15
7-18 70 10 5 15
19-24 35 35 10 5 15
2530 70 10 5 15

Table A11. Cross-walking table for ESA-CCI LC class 72 - Open (15-40%) needleleaved deciduous or evergreen forest (>5m)

1 2 3 4 5 6 7 3 9 10 1 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous a3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
16 15 15 25 45
7-18 30 20 5 45
1924 15 15 20 5 45
2530 30 20 5 45

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous [ei} c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-30 50 5 15 30
Table A13. Cross-walking table for ESA-CCI LC class 81 - Treecover, needleleaved, deciduous, closed (>40%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous 3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-30 70 15 15
Table A14. Cross-walking table for ESA-CCI LC class 82 - Tree cover, needleleaved, deciduous, open (15-40%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous c3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-30 30 5 20 45
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Table A1S. Cross-walking table for ESA-CCI LC class 90 - Tree cover, mixed leaf type (broadleaved and needleleaved)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous [ei} c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous.
evergreen deciduous evergreen deciduous
1-12 20 70 10
13-24 70 20 10
25-30 45 45 10
Table A16. Cross-walking table for ESA-CCI LC class 100 - Mosaic tree and shrub (>50%) / herbaceous cover(<50%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life tropical tropical temperate temperate evergreen deciduous evergreen deciduous ) c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1 30 30 30 10
23 30 25 25 20
46 30 20 20 30
79 20 20 20 40
10 25 25 20 30
11 30 30 20 20
12 30 30 25 15
13 15 15 35 35
14 20 20 30 30
15 25 25 25 25
16-18 25 25 30 20
19,20 30 30 40
2122 35 35 30
2324 40 30 30
25 20 50 30
26 25 50 25
27 30 45 25
28 40 35 25
29 60 20 20
30 70 15 15
Table A17. Cross-walking table for ESA-CCI LC class 110 - Mosaic herbaceous cover (>50%) / tree and shrub (<50%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life tropical tropical temperate temperate evergreen deciduous evergreen deciduous ) c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 50 45 5
7 10 10 20 60
8 10 20 10 60
9 25 25 50
10 30 30 40
11,12 35 35 30
13 15 15 70
14,15 20 10 70
16 30 10 60
1718 35 15 50
19 15 15 70
20 10 20 70
21 20 10 70
22 30 10 60
2324 35 15 50
25 15 15 70
26 20 10 70
27 25 15 60
28 30 10 60
29 40 10 50
30 50 10 40
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1 2 3 4 5 6 7 [ 9 10 1 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated

Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous &} c4 Tundra Swamps crops urban bare ground

Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous

16 40 55 5

712 10 50 40

13 70 30

14 40 30 30

15 20 60 20

16 20 70 10

17,18 10 80 10

19 10 90

20 50 50

21 90 10

2 80 10 10

2324 100

25 10 10 80

26,27 20 60 20

2 10 70 20

29,30 10 80 10

Table A19. Cross-walking table for ESA-CCI LC class 121 - Evergreen shrubland and LC class 122 - Deciduous Shrubland

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated

Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous & c4 Tundra Swamps crops urban bare ground

Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous

16 40 55 5

712 60 40

13,14 70 30

15 80 20

16-18 90 10

19 10 90

20 50 50

21,22 90 10

2324 100

25 20 80

2628 80 20

29,30 90 10

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated

Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous c3 c4 Tundra Swamps crops urban bare ground

Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous

1-6 40 55 5

7-12 60 40

13,14 70 30

15 80 20

16-18 90 10

19 10 90

20 50 50

2122 90 10

23,24 100

25 80 20

2628 80 20

2930 90 10
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Table A21. Cross-walking table for ESA-CCI LC class 130 - Grassland
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous 3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 90 10
7-13 100
14 5 95
15 75 92.5
16 10 90
17 125 875
18 15 85
19 100
2021 5 95
22 75 9225
23,24 10 90
25 100
26 5 95
27 5 5 90
28 10 90
29 125 875
30 15 85
Table A22. Cross-walking table for ESA-CCI LC class 140 - Lichens and mosses
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous [e] c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 90 10
7-30 100
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Table A23. Cross-walking table for ESA-CCI LC class 150 - Sparse vegetation (tree, shrub, herbaceouscover)(<15%)
1 2 3 4 5 6 7 8 9 10 11 12 14 15 16
Tree Shrub Grass Special vegetation Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous 3 c4 Tundra Swamps urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 50 10 40
7-12 10 40 50
13 5 5 5 35 50
14 5 5 10 30 50
15 5 5 10 30 50
16 5 5 20 20 50
17,18 10 10 20 10 50
19 5 45 50
2021 5 5 40 50
22 5 10 35 50
23 10 10 30 50
24 15 15 20 50
25 5 5 40 50
26,27 10 5 5 30 50
28,29 10 20 20 50
30 10 20 20 50
Table A24. Cross-walking table for ESA-CCI LC class 151 - Sparse tree (<15%)
1 2 3 4 5 6 7 8 9 10 11 12 14 15 16
Tree Shrub Grass Special vegetation Non-vegetated
Holdridge Life tropical tropical temperate temperate evergreen deciduous evergreen deciduous c3 c4 Tundra Swamps urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 50 10 40
7-12 10 40 50
13 5 5 40 50
14,15 5 10 35 50
16 10 5 35 50
17.18 10 10 30 50
19-21 5 45 50
22 10 40 50
23 15 35 50
24 20 30 50
25 10 40 50
26-29 15 35 50
30 15 35 50
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous 3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1 5 45 10 40
2-6 10 40 10 40
7-10 10 40 50
11,12 20 30 50
13,14 10 40 50
15,16 15 35 50
17,18 20 30 50
19 5 45 50
2021 10 40 50
22,23 15 35 50
24 20 30 50
25 5 45 50
26 10 40 50
27 75 75 35 50
28,29 15 35 50
30 20 30 50
Table A26. Cross-walking table for ESA-CCI LC class 153 - Sparse herbaceous cover (<15%)
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous c3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 40 10 50
7-30 50 50
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1

2

6

7

8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous 3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 10 45 45
7-18 70 30
19-24 70 30
25-30 35 35 30
Table A28. Cross-walking table for ESA-CCI LC class 170 - Tree cover, flooded, saline water
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous e} c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous. coniferous
evergreen deciduous evergreen deciduous
1-6 40 30 10 20
7-12 20 60 20
1318 30 50 20
19-24 60 10 10 20
25-30 80 20
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Table A29. Cross-walking table for ESA-CCI LC class 180 - Shrub or herbaceous cover, flooded, fresh / saline / brakish water
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous 3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-6 95 5
7 10 90
8 15 15 20 50
9 20 20 20 40
10-12 20 20 20 40
13 20 20 60
14 25 25 50
15 30 30 40
16 35 35 30
17,18 45 15 40
19,20 30 40 30
21,22 40 40 20
23 40 50 10
24 30 60 10
25 30 30 40
26 30 40 30
27 40 40 20
28 40 50 10
29 70 30
30 90 10
Table A30. Cross-walking table for ESA-CCI LC class 190 - Urban
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous 3 c4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous
evergreen deciduous evergreen deciduous
1-30 100

Table A31. Cross-walking table for ESA-CCI LC class 200 - Bare areas, LC class 201 - Consolidated bare areas and LC class 202 -

Unconsolidated bare areas.

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16

Tree Shrub Grass Special vegetation Crops Non-vegetated
Holdridge Life  tropical tropical temperate temperate evergreen deciduous evergreen deciduous &} ca4 Tundra Swamps crops urban bare ground
Zone broadleaf broadleaf broadleaf broadleaf coniferous coniferous

evergreen deciduous evergreen deciduous
130 100
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Appendix B

(a) URBAN (b) CROPLAND (c) WOODLAND
(d) URBAN (e) CROPLAND (f) WOODLAND
(g) SHRUBLAND (h) GRASSLAND (i) BARE AREAS
(j) SHRUBLAND (k) GRASSLAND () BARE AREAS

Figure B1. Total count of GT-SUR points per 2.5° grid cell (a-c; g-i) and producer’s accuracy for the individual LULC groups (d-f;j-1) for
filter set 5 (dominant LULC group occupies > 50% per LANDMATE PFT grid cell)
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(a) URBAN

(d) URBAN

(g) SHRUBLAND

(j) SHRUBLAND

(b) CROPLAND

(e) CROPLAND

(h) GRASSLAND

(k) GRASSLAND
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(c) WOODLAND

(f) WOODLAND

(i) BARE AREAS

(1) BARE AREAS

SuoISSNISI

Figure B2. Total count of GT-SUR points per 2.5° grid cell (a-c; g-i) and producer’s accuracy for the individual LULC groups (d-f;j-1) for

filter set 7 (dominant LULC group occupies > 70% per LANDMATE PFT grid cell)
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1 2 3 4 5 6 7 SUM UA

1 3234 806 1063 178 1769 120 407 7577 42.68
2 6625 67374 22298 5444 28559 4185 2485 136970 49.19
3 2414 5081 88064 8989 12818 1527 5544 124437  70.77
4 624 5316 4637 5498 1789 439 1487 19790  27.78
5 1411 4515 8063 6082 20763 1767 1643 | 44244  46.93
6 82 199 200 830 567 1810 460 4148 43.64
7 3 4 49 277 276 530 314 1453 21.61
SUM | 14393 83295 124374 27298 66541 10378 12340

PA 22.47 80.887 70.81 20.14 31.20 1744 254 OA: 5524

suolIssnosIq

Table B1. Confusion matrix for LANDMATE PFT filter set 1 - Dominant LULC group occupies a minimum of 10 % of a LANDMATE PFT

grid cell

1 2 3 4 5 6 7 SUM UA

1 3234 806 1063 178 1769 120 407 7577 42.68
2 6625 67374 22298 5444 28559 4185 2485 136970 49.19
3 2414 5081 88064 8989 12818 1527 5544 124437  70.77
4 624 5316 4637 5498 1789 439 1487 19790  27.78
5 1411 4515 8063 6082 20763 1767 1643 | 44244  46.93
6 82 199 200 830 567 1810 460 4148 43.64
7 3 4 49 277 276 530 314 1453 21.61
SUM | 14393 83295 124374 27298 66541 10378 12340

PA 22.47 80.887 70.81 20.14 31.20 1744 254 OA: 5524

Table B2. Confusion matrix for LANDMATE PFT filter set 2 - Dominant LULC group occupies a minimum of 20 % of a LANDMATE PFT

grid cell
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1 3221 793 1041 174 1748 117 404 7498 42.96
2 6596 67323 22210 5395 28488 4168 2457 136637 49.27
3 2377 5034 87838 8903 12750 1511 5483 123896  70.90
4 615 5280 4484 5363 1748 425 1401 19316  27.76
5 1401 4485 7961 5983 20716 1754 1559 | 43859  47.23
6 78 187 186 798 552 1799 452 4052 44.40
7 3 4 47 276 275 530 310 1445 21.45
SUM | 14291 83106 123767 26892 66277 10304 12066

PA 22.54 81.01 70.97 19.94 3126 17.46 257 OA: 5541

suolIssnosIq

Table B3. Confusion matrix for LANDMATE PFT filter set 3 - Dominant LULC group occupies a minimum of 30 % of a LANDMATE PFT

grid cell

1 2 3 4 5 6 7 SUM UA

1 3079 715 904 152 1597 109 364 6920 44.49
2 6263 66184 20069 4795 27209 4034 2304 130858 50.58
3 2061 4045 83073 7509 11168 1274 5030 114160 72.77
4 501 4813 3013 4235 1392 329 742 15025  28.19
5 1238 4031 6748 5091 19572 1571 1219 | 39470  49.59
6 54 123 122 606 469 1681 425 3480 48.30
7 2 2 40 254 258 517 252 1325 19.02
SUM | 13198 79913 113969 22642 61665 9515 10336

PA 2333 82.82 72.89 18770 31.74 17.67 2.44 OA: 57.22

Table B4. Confusion matrix for LANDMATE PFT filter set 4 - Dominant LULC group occupies a minimum of 40 % of a LANDMATE PFT

grid cell
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1 2 3 4 5 6 7 SUM UA

1 2632 499 676 117 1218 84 292 | 5518 47.70
2 5482 62499 15269 3772 23519 3737 1913 | 116191 53.79
3 1510 2215 71799 5277 7767 853 4284 | 93705  76.62
4 362 3865 1752 2689 915 206 350 | 10139  26.52
5 933 2992 4373 3605 16306 1227 893 | 30329  53.76
6 31 61 62 292 321 1375 392 | 2534 54.26
7 1 0 29 110 214 233 70 657 10.65
SUM | 10951 72131 93960 15862 50260 7715 8194

PA 2403 86.65 7641 1695 3244 1782 0.85 OA: 60.74
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Table BS. Confusion matrix for LANDMATE PFT filter set 5 - Dominant LULC group occupies a minimum of 50 % of a LANDMATE PFT

grid cell

1 2 3 4 5 6 7 SUM UA
1 2123 284 464 85 844 67 231 | 4098  51.81
2 4436 56963 10802 2887 19016 3314 1556 | 98974 57.55
3 1025 978 57212 2949 4699 488 3345 | 70696 80.93
4 194 2459 967 1713 518 122 240 | 6213  27.57
5 628 1847 2584 2333 12497 798 630 | 21317 58.62
6 14 27 34 104 181 1022 339 1721 59.38
7 1 0 18 40 153 87 25 324 7.72
SUM | 8421 62558 72081 10111 37908 5898 6366
PA 2521 91.06 7937 1694 3297 1733 0.39 OA: 64.70

Table B6. Confusion matrix for LANDMATE PFT filter set 6 - Dominant LULC group occupies a minimum of 60 % of a LANDMATE PFT

grid cell
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1 2 3 4 5 6 7 SUM UA
1 1684 167 311 53 568 44 185 | 3012  55.91
2 3288 49624 7217 2088 14351 2840 1145 | 80553 61.60
3 414 255 30158 806 1745 177 1910 | 35465 85.04
4 40 793 458 988 191 42 160 | 2672  36.98
5 410 1053 1363 1415 9113 478 425 14257 63.92
6 5 11 15 61 104 768 302 1266  60.66
7 1 0 9 19 99 50 9 187 4.81
SUM | 5842 51903 39531 5430 26171 4399 4136
PA 28.83 9561 7629 1820 34.82 1746 0.22 OA: 67.20
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Table B7. Confusion matrix for LANDMATE PFT filter set 7 - Dominant LULC group occupies a minimum of 70 % of a LANDMATE PFT

grid cell

1 2 3 4 5 6 7 SUM UA

1 1261 83 208 29 369 32 138 | 2120  59.48
2 2009 38997 4002 1296 9321 2239 745 | 58609 66.54
3 32 21 3201 54 195 8 108 | 3619  88.45
4 10 74 198 442 51 9 106 | 890 49.66
5 241 518 640 691 5957 240 229 | 8516 69.95
6 3 5 10 39 62 533 268 | 920 57.93
7 1 0 6 8 53 17 6 91 6.59
SUM | 3557 39698 8265 2559 16008 3078 1600

PA 3545 98.23 3873 17.27 3721 1732 0.38 OA: 6741

Table B8. Confusion matrix for LANDMATE PFT filter set 8 - Dominant LULC group occupies a minimum of 80 % of a LANDMATE PFT

grid cell
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1 2 3 4 5 6 7 SUM UA

1 808 44 111 14 207 16 89 1289  62.68
2 592 17167 877 414 2601 1043 269 | 22963 74.76
3 1 1 47 1 1 0 14 65 72.31
4 2 7 28 74 11 1 10 133 55.64
5 40 81 108 181 1358 83 58 1909  71.14
6 3 1 7 20 28 338 230 | 627 53.91
7 0 0 1 2 2 1 1 7 14.29
SUM | 1446 17301 1179 706 4208 1482 671

PA 55.88 99.23 399 1048 3227 2281 0.15 OA: 73.33

Table B9. Confusion matrix for LANDMATE PFT filter set 9 - Dominant LULC group occupies a minimum of 90 % of a LANDMATE PFT
grid cell

1 2 3 4 5 6 7 SUM UA

1 252 10 28 0 40 8 51 389 64.78
2 22 565 16 7 52 14 20 696 81.18
3 0 0 0 0 0 /

4 0 0 0 0 0 /

5 0 1 4 14 48 6 1 74 64.86
6 2 0 4 7 9 112 156 | 290 38.62
7 0 0 0 0 0 0 0 0 /
SUM | 276 576 52 28 149 140 228

PA 91.30 98.09 0.00 0.00 3221 80.00 0.00 | OA: 6743

Table B10. Confusion matrix for LANDMATE PFT filter set 10 - Dominant LULC group occupies 100 % of a LANDMATE PFT grid cell
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Table B.1: Confusion matrix for ESA CCI PFT filter set 1 - Dominant LULC group occupies a

minimum of 10 % of a ESA CCI PFT grid cell

&)
o A Q = <
Z = Z Z wj
< < | | o
P a ] o %) < o
< ) o 2 (%9} L L
g o 2 £ z gz £
D = (@] 7} 0] M (@) SUM UA
URBAN 3134 749 1072 172 1818 107 236 7288 43.00
WOODLAND 7289 72447 25082 6421 31898 4423 2117 149677 48.40
CROPLAND 2196 4340 84899 7557 11789 1324 3475 115580 73.45
SHRUBLAND 206 1508 2058 2938 653 127 65 7555 38.89
GRASSLAND 1196 3466 8820 7659 17894 1033 2167 42235 42.37
BARE AREAS | 82 415 581 1776 1673 3068 335 7930 38.69
OTHER 290 370 1871 784 822 310 5414 9861 54.90
SUM 14393 83295 124383 27307 66547 10392 13809
PA 21.77 86.98 6826 10.76 26.89 29.52 39.21 | 340126 55.80
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Table B.2: Confusion matrix for ESA CCI PFT filter set 2 - Dominant LULC group occupies a
minimum of 20 % of a ESA CCI PFT grid cell

o)
= o S 2 <
< Z < < o
z a — @ %) < o
< o o =) 0 LU L
s e 2 T s = =
) = O n o M (@) SUM UA
URBAN 3134 749 1072 172 1818 107 236 7288 10.28
WOODLAND 7289 72447 25082 6421 31898 4423 2117 149677 48.40

CROPLAND 2196 4340 84899 7557 11789 1324 3475 115580 73.45

SHRUBLAND 206 1507 2058 2938 653 127 65 7554  38.89
GRASSLAND 1196 3466 8806 7638 17863 1014 2160 42143 42.39
BARE AREAS | 80 409 573 1686 1595 2612 237 7092  35.42
OTHER 289 369 1870 769 820 270 5255 9642 54.50
SUM 14390 83287 124360 27181 66436 9777 13545

PA 21.78 86.98 6827 10.81 26.89 25.69 38.80 | 338976 55.07

Table B.3: Confusion matrix for ESA CCI PFT filter set 3 - Dominant LULC group occupies a
minimum of 30 % of a ESA CCI PFT grid cell

o) (%)

S 2o 2 z 3

< Z < < s

| <C - —
P a ] o %) < o
< o o 2 o L L
oy o 2 T * z =
) = (@) 7] 0] o O SUM UA

URBAN 3128 747 1066 170 1816 107 235 7269 43.03

WOODLAND 7288 72438 25069 6409 31885 4421 2115 149625 48.41
CROPLAND 2191 4335 84888 7555 11785 1322 3474 115550 73.46

SHRUBLAND 201 1495 2024 2895 641 124 64 7444  38.89
GRASSLAND 1181 3412 8627 7371 17759 972 1944 41266 43.04
BARE AREAS | 64 358 523 1406 1476 2192 171 6190 35.41
OTHER 278 366 1845 722 796 230 5051 9288 54.38
SUM 14331 83151 124042 26528 66158 9368 13054

PA 2183 87.12 6843 1091 26.84 23.40 38.69 | 336632 55.95
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Table B.4: Confusion matrix for ESA CCI PFT filter set 4 - Dominant LULC group occupies a
minimum of 40 % of a ESA CCI PFT grid cell

s g 2 2 3

> 3 3 & 3 T ¢

5 9 5 z 2 W T

5 = 5 5 G = 5 SUM  UA
URBAN 3055 712 997 160 1721 103 219 | 6967 43.85
WOODLAND | 7136 71899 24084 6003 31137 4367 2070 | 146696 49.01
CROPLAND | 2075 3985 83043 7083 11161 1240 3375 | 111962 74.17
SHRUBLAND | 163 1278 1454 2215 448 90 49 | 5697 3888
GRASSLAND | 1004 2813 6301 5136 15791 746 1241 | 33032 47.81
BAREAREAS |35 195 336 779 1018 1414 9 3868  36.56
OTHER 237 312 1657 499 668 175 4284 | 7832  54.70
SUM 13705 81194 117872 21875 61944 8135 11329
PA 2229 8855 7045 1013 2549 17.38 37.81 | 316054 57.49

Table B.5: Confusion matrix for ESA CCI PFT filter set 5 - Dominant LULC group occupies a

minimum of 50 % of a ESA CCI PFT grid cell

&)
o A Q > <
Z Z Z Z u
< < | | o
P a ] o %) < o
< o o 2 (%9} L L
g o 2 £ =z £ £
D = o 7} O] M (@) SUM UA
URBAN 2797 608 810 125 1428 86 192 6046 46.26
WOODLAND 6576 69227 20372 4938 28054 4109 1859 135135 51.23
CROPLAND 1628 2688 73489 5238 8567 881 2939 95430 77.01
SHRUBLAND 96 825 700 1307 248 47 25 3248 40.24
GRASSLAND 649 1823 3362 2719 11110 388 742 20793 53.43
BARE AREAS | 16 72 117 268 425 590 34 1522 38.76
OTHER 153 224 1336 313 476 111 3396 6009 56.52
SUM 11915 75467 100186 14908 50308 6212 9187
PA 23.47 9173 7335 8.77 22.08 9.50 36.97 | 268183 60.38
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Table B.6: Confusion matrix for ESA CCI PFT filter set 6 - Dominant LULC group occupies a
minimum of 60 % of a ESA CCI PFT grid cell

S ¢ £ £ 3

> 3 3 & 3 T ¢

5 9 5 2 2, W =

5 = 5 5 G = 5 SUM  UA
URBAN 2319 423 576 87 1075 63 137 | 4680  49.55
WOODLAND | 5575 63626 15427 3768 23450 8741 1526 | 117113 54.33
CROPLAND | 1039 1202 56321 2928 4730 493 2073 | 68876 81.77
SHRUBLAND |35 368 269 652 95 24 13 1456 44.78
GRASSLAND | 391 1081 1547 1244 7077 159 421 | 11900 59.47
BARE AREAS | 4 19 29 79 105 181 11 428 4229
OTHER 91 142 938 178 305 66 2355 | 4075 57.79
SUM 9454 66931 75107 8936 36837 4727 6536
PA 2453 9506 7499 7.30 1921 383  36.03 | 208528 63.56

Table B.7: Confusion matrix for ESA CCI PFT filter set 7 - Dominant LULC group occupies a

minimum of 70 % of a ESA CCI PFT grid cell

9]
o A Q > <
Z Z Z Z w
5 < _ | o
P a ] o %) < o
<< o o 2 (%)) L L
T 9 2 F & £ E
D = (&} ) 0] M (@) SUM UA
URBAN 1784 246 364 51 702 44 88 3279 54.41
WOODLAND 4444 56713 10728 2762 18637 3293 1160 97737 58.03
CROPLAND 228 266 17671 574 932 81 430 20182 87.56
SHRUBLAND 10 81 74 260 32 5 3 465 55.91
GRASSLAND 221 509 676 493 4379 62 201 6541 66.95
BARE AREAS | 1 5 4 27 19 34 5 95 35.79
OTHER 34 68 226 66 140 26 920 1480 62.16
SUM 6722 57888 29743 4233 24841 3545 2807
PA 26.54 9797 5941 6.14 1763 0.96 32.78 | 129779 63.00
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Table B.8: Confusion matrix for ESA CCI PFT filter set 8 - Dominant LULC group occupies a

minimum of 80 % of a ESA CCI PFT grid cell

s g 2 2 3

> 3 3 & 3 T ¢

5 9 5 z 2 W T

5 = 5 5 G = 5 SUM  UA
URBAN 1257 127 217 22 422 24 47 | 2116 59.40
WOODLAND | 3211 48638 6706 1923 13699 2769 807 | 77753 62.55
CROPLAND | 4 19 302 8 23 0 3 359  84.12
SHRUBLAND | 1 8 9 49 4 0 1 72 68.06
GRASSLAND |80 174 227 119 1940 18 66 | 2624 73.93
BARE AREAS | 0 3 0 3 0 1 0 7 14.29
OTHER 9 22 15 19 39 6 220 | 330  66.67
SUM 4562 48991 7476 2143 16127 2818 1144
PA 2755 9928 404 229 1203 004 1923 | 83261 62.94

Table B.9: Confusion matrix for ESA CCI PFT filter set 9 - Dominant LULC group occupies a

minimum of 90 % of a ESA CCI PFT grid cell

o) 0
2 ¢ 2z Z &
< Z < < s
3 < — —
P a ] o %) < o
< o) o > %) w i
T 9 2 F & £ E
D = (&} ) G M @) SUM UA
URBAN 781 43 113 10 205 13 25 1190  65.63
WOODLAND 1877 37309 3612 1176 8611 2105 441 556131 67.67
CROPLAND 0 0 1 0 1 0 0 2 50.00
SHRUBLAND 0 0 0 2 0 0 0 2 100.00
GRASSLAND 0 1 0 1 13 1 0 16 81.25
BARE AREAS | 3 1 1 3 3 1 29 41 2.44
OTHER 0 0 1 2 2 1 1 7 14.29
SUM 2661 37354 3728 1194 8835 2121 496
PA 29.35 99.88 0.03 0.17 0.15 0.05 0.20 56389 67.58
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Table B.10: Confusion matrix for ESA CCI PFT filter set 3 - Dominant LULC group occupies
100 % of a ESA CCI PFT grid cell

S ¢ £ £ 3

> 3 3 & 3 T ¢

5 9 5 2 2, W =

5 = 5 5 G = 5 SUM  UA
URBAN 302 14 36 3 59 6 9 429 70.40
WOODLAND | 663 19548 1096 463 3183 1135 166 | 26254 74.46
CROPLAND | 0 0 0 0 0 0 0 0 /
SHRUBLAND | 0 0 0 0 0 0 0 0 /
GRASSLAND | 0 0 0 0 0 0 0 0 /
BARE AREAS | 0 0 0 0 0 0 0 0 /
OTHER 0 0 0 0 0 0 0 0 /
SUM 965 19562 1132 466 8242 1141 175
PA 3130 9993 000 000 000 000 000 |26683 74.39
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Figure B.1: Total count of ESA CCI PFT cells where the dominant LULC types cover 20 % or
more per 2.5° grid cell (left column) and producer’s accuracy for the individual LULC groups for
the filter set 2 (right column)
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Figure B.2: Total count of ESA CCI PFT cells where the dominant LULC types cover 50 % or
more per 2.5° grid cell (left column) and producer’s accuracy for the individual LULC groups for
the filter set 5 (right column)
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Figure B.3: Total count of ESA CCI PFT cells where the dominant LULC types cover 70 % or
more per 2.5° grid cell (left column) and producer’s accuracy for the individual LULC groups for
the filter set 7 (right column)
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