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Abstract
Leaf or plant area index (LAI, PAI) information is frequently used to describe vegetation structure
in environmental science. While field measurements are time-consuming and do not scale to
landscapes, model-based air- or space-borne remote-sensing methods have been used for many
years for area-wide monitoring. As of 2019, NASA’s Global Ecosystem Dynamics Investigation
(GEDI) mission delivers a point-based LAI product with 25 m footprints and periodical repetition.
This opens up new possibilities in integrating GEDI as frequently generated training samples with
high resolution (spectral) sensors. However, the foreseeable duration of the system installed on the
ISS is limited. In this study we want to test the potential of GEDI for regional comprehensive LAI
estimations throughout the year with a focus on its usability beyond the lifespan of the GEDI
mission. We study the landscape of Hesse, Germany, with its pronounced seasonal changes.
Assuming a relationship between GEDI’s PAI and Sentinel-1 and -2 data, we used a Random Forest
approach together with spatial variable selection to make predictions for new Sentinel scenes. The
model was trained with two years of GEDI PAI data and validated against a third year to provide a
robust and temporally independent model validation. This ensures the applicability of the
validation for years outside the training period, reaching a total RMSE of 1.12. Predictions for the
test year showed the expected seasonal and spatial patterns indicated by RMSE values ranging
between 0.75 and 1.44, depending on the land cover class. The overall prediction performance
shows good agreement with the test data set of the independent year which supports our
assumption that the usage of GEDI’s PAI beyond the mission lifespan is feasible for regional studies.

1. Introduction

Leaf area index (LAI) describes the structure of veget-
ation as the ratio of leaf area to ground area. LAI
is a highly relevant variable for interactions between
vegetation and atmosphere and is therefore one of the
proclaimedEssential ClimateVariables (GCOS 2021).
The plant area index (PAI) is defined as half of the
total plant area per unit ground surface. Compared to
the LAI, not only leaves, but all above-ground plant
components such as branches and trunks are con-
sidered. However, the PAI is closely related to the LAI
(Myneni et al 2001, Weiss et al 2007, Feret et al 2008,
Tang et al 2012). On a global scale, carbon flux and

evapotranspiration are massively influenced by LAI.
At the regional scale, in addition to its use in models
for carbon assessment e.g. (Tharammal et al 2019),
the importance of LAI is, for example, evident in run-
off models as it affects not only evapotranspiration
rates but also immediate water retention (Tesemma
et al 2015, Seo and Kim 2021, Huang et al 2022).
Since LAI varies greatly due to seasonality, the use of
a temporally as well as spatially (Huang et al 2022)
detailed data set could help improve dynamic model-
ing of such variables.

Various field methods and techniques exist for
the direct (destructive) measurement and the indir-
ect estimation or inverse modeling of the LAI (Zheng

© 2023 The Author(s). Published by IOP Publishing Ltd

https://doi.org/10.1088/1748-9326/acde8f
https://crossmark.crossref.org/dialog/?doi=10.1088/1748-9326/acde8f&domain=pdf&date_stamp=2023-6-27
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0002-8613-8347
mailto:alice.ziegler@geo.uni-marburg.de


Environ. Res. Lett. 18 (2023) 075003 A Ziegler et al

andMoskal 2009, Fang et al 2019). However, direct or
field-based methods in general are time-consuming
and therefore do not scale over time and space.
In contrast, air-borne light detection and ranging
(LiDAR) missions provide high-resolution wall-to-
wall data on vegetation structure at landscape level
and can be used for spatial mapping of LAI (Yan et al
2019, Wang and Fang 2020). Nonetheless, they have
limitations with respect to temporal repetition, which
usually does not allow for spatial time series that
are dense enough to derive phenological information.
Global satellite-based products, e.g. from MODIS
(Myneni et al 2001, Qiao et al 2019) or Sentinel-3
(Fuster et al 2020) fill this gap by providing regu-
lar repetitions, but the resolutions of typically 300 m
to 1 km are too coarse for small-scale differentiated
studies. To bridge this gap between current global
space-borne products and air-borne or field-based
missions, the utilization of higher resolution radar
and optical sensor satellites, e.g. from Sentinel-1 or
-2 data, is promising (Frampton et al 2013, Baghdadi
et al 2016, Pasqualotto et al 2019, Wang et al 2019,
Kganyago et al 2020, Luo et al 2020, Padalia et al
2020). Yet, this requires extensive ground truth data
and sophisticated modeling strategies, to link optical
and radar data to the response variable—the LAI.
This leads back to the point that field observations are
not sufficiently comprehensive in the spatial and tem-
poral domain and hence do not provide a sufficient
baseline for model training. Bringing LiDAR into
space with NASA’s new Global Ecosystem Dynamics
Investigation (GEDI) mission in December 2018 was
a big step towards almost global, space-borne, and
direct observation of vegetation structure which may
provide training and testing samples with a much
higher temporal repetition rate. Since January 2019
data sets are available and studies confirm the high
potential for ecosystem monitoring (Boucher et al
2020, Healey et al 2020, Marselis et al 2020, Di
Tommaso et al 2021, Kacic et al 2021, Potapov et al
2021, Rishmawi et al 2021, 2022, Wang et al 2022, Xi
et al 2022).

A Level 2B standard product of GEDI is the PAI
that is closely related to the LAI (see section 2.2.1).
Version 2 of the PAI product provides information
for footprints with 25 m in diameter with a spa-
cing of 60 m along track and 600 m across track
(Dubayah et al 2020). To derive wall-to-wall products
fromGEDI’s PAI, ESA’s Sentinel-1 and Sentinel-2 sys-
tems are promising candidates, as vegetation struc-
ture interferes with radar and optical wavelengths,
and since both sensors come with a high spatial
and temporal resolution. The radar observations of
Sentinel-1 capture vertical vegetation heterogeneity
similar to LiDARobservations (Bae et al 2019) and the
multi-spectral scanner observations of Sentinel-2 are
indicators for plant physiology, vegetation type and
biomass. Previous studies have shown ahigh potential

to estimate LAI from a combination of different spec-
tral bands using non-linear models (Verrelst et al
2015, Baghdadi et al 2016, Korhonen et al 2017,Wang
et al 2019, Jiang et al 2020, Luo et al 2020).

The aim of this study is to use the PAI as estim-
ated by GEDI to produce wall-to-wall maps by an
integration of Sentinel optical and radar data. The
integration of GEDI’s PAI and Sentinel-1/-2 data was
already proven to be feasible (Di Tommaso et al
2021, Kacic et al 2021, Rishmawi et al 2021, 2022).
However, previous studies that aimed at wall-to-wall
mapping of GEDI-derived variables used tempor-
ally aggregation, i.e. long-term means of such vari-
ables (Healey et al 2020, Potapov et al 2020, Chen
et al 2021, Dorado-Roda et al 2021, Khati et al 2021,
Verhelst et al 2021, Francini et al 2022, Shendryk
2022). This is certainly suitable for a detection of
large-scale spatial patterns, however, does not sup-
port seasonality and is hence not suitable for stud-
ies that require the consideration of phenology. The
potential of learning the seasonal dynamics by using
the different overpasses of the GEDI with the corres-
ponding optical and radar data from Sentinel is, to
our best knowledge, not analyzed yet. In this study
we test the potential of matching GEDI point data
to the temporally closest Sentinel scene in a machine
learning approach, with the aim to derive wall-to-
wall predictions of the PAI with a temporal resolu-
tion that is in accordance with the availability of the
frequent Sentinel scenes. Motivation for this study
comes from the limited duration of the GEDI mis-
sion onboard the ISS. Therefore it is of particular
importance to apply and test the trained model bey-
ond its training period. Hence, in this study, we use
two of the three years of GEDI data to train a model
and we validate the performance with the remaining
year. The German state Hesse was selected as a study
area because of its heterogeneous landscape of forests,
pastures and cultivated land. Since we expect land
cover to cause differences in model performance, res-
ults are interpreted by taking the different types into
account.

2. Methods

2.1. Study area
The state of Hesse, Germany (about 21 000 km2) was
used as the study area (see figure 1). The area with
low mountain ranges and a temperate climate with
pronounced seasonal changes is composed of 26%
non-irrigated arable land, 25% broad-leaved forest,
20% pastures, 13% coniferous forest and 3% mixed
forest according to the Coordination of information
on the environment (CORINE) land cover inventory
2018 (EuropeanUnion, Copernicus LandMonitoring
System, 2018). The remaining area is mostly covered
by urban areas and some smaller patches of other land
cover classes that will not be considered in this study.
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Figure 1. CORINE land cover classes for the study area Hesse. Small sketch in the bottom-right corner shows the location of
Hesse within Germany.

2.2. Data sources
Data pre-processing was mainly executed in Google
Earth Engine (GEE) to handle the large data volume
(Gorelick et al 2017). All steps of model training
and evaluation were performed in R (R Core Team
2022). For the availability of scripts and data sets see

the data availability statement (Ziegler and Ludwig
2023).

2.2.1. PAI GEDI data
The GEDI mission was operational fromMarch 2019
toMarch 2023 and is tentatively scheduled to provide
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types, study seasons, variance in the data, validation
strategies and other aspects of the study design that
vary considerably between publications. In addition,
RMSE/sd values which facilitate a comparison across
studies are rarely communicated and many previ-
ous studies restricted data analysis to plots that were
clearly dominated by a single species (Brown et al
2019), or featured homogeneous cover (Korhonen
et al 2017, Cohrs et al 2020). Nevertheless, it is help-
ful to put the results of this study in the context of
previous research on LAI estimation. TheGEDImod-
els in our study generally reached lower R2 values
for arable land and pastures than models of previ-
ous studies. Frampton et al (2013) and Gitelson et al
(2003) report a training errorR2 value range of 0.36 to
0.88 in their LAImodels, differing drastically from the
performance of our correspondingmodel (independ-
ently validated R2 = 0.05). For pastures, Baghdadi
et al (2016) presented R2 values between 0.65 and
0.89 in contrast to 0.14 in our study. For agricultural
areas, RMSE values of previous studies ranged from
0.44 to 0.68 (Delegido et al 2011, Verrelst et al 2015,
Luo et al 2020) which is slightly better than ourmodel
(RMSE = 0.75). In the case of pastures we were able
to obtain a lower error (RMSE = 0.91) compared to a
study by Wang et al (2019) (RMSE = 1.09). For the
forest classes, the GEDI-based approach achieved a
slightly lower performance compared to other stud-
ies. While our RMSE scores are above 1.21, previ-
ous work by Korhonen et al (2017) and Meyer et al
(2019b) reached values between 0.8 and 0.9 in mod-
els based on field-observations. The study of Cohrs
et al (2020) in coniferous forest reached RMSE val-
ues of 0.63 to 0.89 with linear models while our
validation reached an RMSE of 1.21. For decidu-
ous forest, Brown et al (2019) achieved RMSE val-
ues of 1.55 using the Sentinel Application Platform
(SNAP) algorithm, and up to 0.47 using an optimized
algorithm, compared to an RMSE of 1.44 achieved in
this study. In addition to previously described lim-
itations in comparability, it is likely that the sys-
tematic, but spatio-temporally irregular coverage of
GEDI footprints bares more challenges for the statist-
ical modeling process compared to studies which do
not use GEDI data. Luo et al (2020) for example used
time series from a fixed set of plots and analyzedmore

homogeneous data than expected from the shifting
GEDI footprints.

The different validation methods also have an
impact on the comparability of the results. The
spatial and temporal CV used in this study tests the
applicability to new data, which in principle leads
to poorer validation measures, but provides a real-
istic picture for prediction on new data. However,
regardless of the absolute performance, the good
agreement of error measures between the model-
internal cross validation and the validation with
the external test data set (see table 1) shows that
modeling of LAI in regional studies is feasible
for applications beyond the lifetime of the GEDI
mission.

5. Conclusion

This study presents a first approach to match GEDI’s
PAI observations with their closest Sentinel-1 and -2
pixels in space and time to compile monthly wall-to-
wall maps of PAI in heterogeneous landscapes. The
high spatial resolution of the predictions and regu-
lar repetition rates improve the availability of inform-
ation compared to current operational global LAI
products. This study demonstrates that a stable year-
round monitoring of the key vegetation variable PAI
in a heterogeneous landscape is possible. However,
our findings reveal that there are great differences in
predictive power across land cover classes, the use
of multi-temporal variables might be an option to
optimize the model further. We further found the
prediction of PAI within forests to be more stable
possibly due to its variability in vertical structure.
Overall our results show good agreement for predic-
tions within the time range of our training data and
one year beyond. This leads to the conclusion that our
approach can even be applied to time periods outside
GEDI’s life-span.

Data availability statement

The data that support the findings of this study are
openly available at the following URL/DOI: https://
github.com/aliceziegler/GediEngineR.
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Appendix

Figure A1.Monthly predictions of PAI in Hesse (Germany).
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Figure A1. (Continued.)
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Figure A1. (Continued.)
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