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Chapter 1

Introduction

1.1 Motivation

1.1.1 Relevance of biodiversity and its monitoring

The inventory, monitoring and strategic observation of biodiversity and its loss is of major importance for
nature conservation. As documented in the United Nations Convention on Biological Diversity in 1992,
this includes genetic, species and ecosystem diversity (United Nations Environmental Programme, (1992).
One of the Sustainable Development Goals of the United Nations in the context of the protection and
restoration of terrestrial ecosystems is the halt of the biodiversity loss, with a special focus on forest and
mountain ecosystems (United Nations, 2015)). The environment is exposed to the multi-faceted threats
of climate change, pollution and deforestation, causing an escalation in a loss of species (United Nations
Department of Economic and Social Affairs, [2023). The future development depends on how ecosystems
in all their complexity can respond to these stressors (Trumbore et al., 2015). As a baseline to comprehend
biodiversity loss and to delineate conservation strategies, it is crucial to develop and install comprehensive
monitoring approaches to measure or model biodiversity (Gao et al., 2014; Myers et al., [2000]).

For the high-quality assessment of biodiversity, extensive in-situ studies are necessary. Besides project-based
field studies for specific research questions, regular inventories (e.g. governmental forest inventories) provide
continued statistically-designed procedures to monitor several biodiversity indicators like plant species or
structural features in given areas (Corona et al., 2011)). In contrast, field-based studies normally only contain
information for a limited spatial coverage. To draw conclusions on larger scales, remote sensing techniques
are valuable tools, which have led to a rapid evolution in the field of remote sensing for ecological purposes
in the last decades (Cavender-Bares et al., [2022; Reddy et al., 2021). To enhance comparability between
initiatives, there are efforts to establish essential biodiversity variables that can be generated through remote
sensing (Pettorelli et al., [2016)).

With the freely available optical data from ESAs (European Space Agency) Copernicus Sentinel-2 mission
in 2014, spatial resolution reached a quality (10 m) that is sufficient for many regional ecological questions
including tree species composition, grassland plant communities or invasive species mapping (Ahmed et al.,
2021} Grabska et al.,[2019; Hemmerling et al., [2021; Hoscito & Lewandowska, [2019; Immitzer et al., [2016]
Lange et al., [2022 Masemola et al., [2020; Rapinel et al., 2019; Welle et al., |2022; Wessel et al., 2018} Xi
et al., 2021)). Even prior to Sentinel, Landsat imagery with its 30 m spatial resolution opened up possibilities
for different ecological questions, including biodiversity studies and now even offer the great possibility for
time series reaching back to the 1980s (Berveglieri et al., 2021; Graf et al., 2019; Margono et al., [2012}
Parisi et al., [2022). This offers valuable information for documenting changes in the environment.

Apart from capturing vegetation and surface properties directly from the images, the integration of area-
wide remotely-sensed data with field observations (e.g. species composition) offer the possibility to model
the occurrence of small vegetation species or even animal species by assuming that the satellite imagery
provides a comprehensive view on the ecosystem and hence on potential habitats. Point-based observations
can be used as training data for models and in combination with remote sensing data it is possible to apply
the models to unsampled areas which allows mapping the target variable.



Remote sensing is a well established but still evolving method for measuring and modeling biodiversity (Pet-
torelli et al., 2016; Reddy et al., [2021)). However, the use of optical sensors alone lack the possibility to look
deeper than the uppermost vegetation surface. One important component of environmental heterogeneity
is the structural heterogeneity of the vegetation consisting of horizontal heterogeneity, vertical stratification
and a diverse species composition (Gao et al., 2014)). Especially in forests the structure below the canopy
surface is an indicator for species richness as more species-rich forests typically feature a higher structural
diversity. At the same time, heterogeneous forest structures provide a higher number of niches and as a
consequence, plant and animal species richness in general tends to be higher in complex than in simpler
forest systems (Brokaw & Lent, [1999; Heidrich et al., [2023; Macarthur & Macarthur, [1961; Polechova &
Storch, [2019; Stein et al., [2014; Wilson & Peter, 1988)). For example, Ozanne et al. (2003) have shown
that canopies with their structural complexity hold 40 % of all global species. Even though some studies
show no or even negative correlations between measures of vegetation structure and the species richness of
specific arthropod groups (Humphrey et al., [1999; Lassau & Hochuli, [2004; Miiller et al., 2018), the positive
relationship between the complexity of vegetation structure and biodiversity is generally accepted (Stein
et al., 2014; Tews et al., [2004)) leading to a need to quantify not only the horizontal, but also the vertical
structure. Horizontal complexity of the vegetation surface can be measured by widely available spectral
satellite remote sensing as outlined above. The vertical structure, however, requires different methods.
LiDAR (Light Detection And Ranging) with its three-dimensional point clouds is able to penetrate different
vegetation layers and therefore facilitates remotely-sensed insights into this important part of vegetation
structure and its heterogeneity.

1.1.2 LiDAR data: remote sensing based indicators for structure

Structural data derived from LiDAR sensors have become more and more prominent during the last decades
(Bergen et al., 2009; Davies & Asner, [2014; Simonson et al., 2014, Toivonen et al., [2023)). LiDAR data,
with the possibility to directly derive structure in both the horizontal and vertical direction, offers great
capabilities to assess biodiversity (Toivonen et al., 2023; Zellweger et al., [2013). A lot of originally field-
based measures for habitat heterogeneity that are considered to be relevant for species diversity can be
measured and quantified by LiDAR data (Simonson et al., [2014)). LiDAR is an active technology that sends
out laser beams from the infrared spectrum (Lohani & Ghosh, [2017). For remote sensing purposes it is
commonly mounted either airborne on airplanes, helicopters as well as UAVs (unmanned aerial vehicles)
or spaceborne on satellites or space stations. The sensors detect the time between emitting and receiving
a beam after the reflection at the surface at a specific location. As the signal is only partly penetrating
vegetation layers, several reflected returns can be detected (see figure , the first one representing the
uppermost surface and the last one ideally the ground (Senf, 2022)). Returns in between can be traced
back to reflections at different obstacles, such as vegetation layers. This results in a point cloud showing
the three-dimensional distribution of different surfaces (see figure [L.I). This point cloud needs to be
processed to derive further information. Different indices can be calculated and aggregated to raster layers
of different pixel sizes to make use of the point cloud and retrieve proxies such as vegetation structure
in forests. Metrics are used to characterize either the total vegetation (e.g. leaf area index, aboveground
biomass), single trees (e.g. crown diameter), single layers (e.g. canopy height, mean understorey height)
or multiple layers (e.g. penetration rates, return densities, height percentiles) (Bakx et al., 2019; Bergen
et al., 2009). One of the simpler calculated metrics would be using all last returns reflected at the ground
to create a digital elevation model or, respectively, all first returns to derive a canopy height model. Also
aggregated metrics like the mean height of returns per pixel are possible (see figure . Some LiDAR
indices that are computed specifically for distinct vegetation strata or for a designated height above the
ground would use, for example, a ratio of the number of returns in several layers (Wollauer et al., [2020)).

Currently mainly airborne LiDAR data are used for ecological research and offer spatial resolutions of
typically from around four pulses per square meter for governmental flight campaigns across a entire
federal state (e.g. Landesamt fiir Vermessungs- und Katasterverwaltung Rheinland-Pflaz, 2021)) to over 40
pulses per square meter for project-specific high-resolution campaigns (e.g. Mandl et al., [2023)). Since 2019
the new GEDI (Global Ecosystem Dynamics Investigation) mission offers new possibilities of spaceborne
LiDAR data. Compared to former spaceborne LiDAR missions that were primarily used for climate modeling



(Fouladinejad et al.,2019)), GEDIs main purpose is to measure vertical vegetation structure (Dubayah et al.,
2020). Compared to airborne LiDAR missions that typically cover areas wall-to-wall, GEDI offers scattered
footprints with a fixed spacing along its track. Areas are covered, depending on their longitude, every
couple of days to weeks and the exact coordinates of the footprints might shift with each overflight.

Ll o

Figure 1.1: Example of a LiDAR data set at Mount Kilimanjaro showing a three dimensional point cloud
and different levels of retrieved information. Plot a) shows a point cloud from side view including all returns,
while b) shows all ,first returns”. The plots at the bottom show rasterized information derived from the
point cloud from top view. Plot c) visualizes the mean vegetation height per pixel in meter, while plot
d) shows the canopy height in meter. Data were collected during an airborne flight campaign at Mount
Kilimanjaro in 2015 (Ziegler et al., [2022), processed using the remote sensing data base (RSDB) (Wollauer
et al., 2020) and visualized using the lidR package (Roussel et al., 2020).

1.1.3 State of the art: Modeling biodiversity with LIDAR data

As elaborated earlier, there are plentiful applications where LiDAR data can be beneficial for biodiversity
studies. With the evolving opportunities of especially LIDAR remote sensing and a growing number of
different sensors and data sets, the meaningful combination of data sets is becoming increasingly important.
Airborne LiDAR missions improved technically during the last years and are now able to provide reliable
detailed area-wide measures on regional scales (Guo et al., [2021} Luo et al., 2018; Sumnall et al., 2016;
Wang & Fang, 2020). Additionally, especially the new spaceborne GEDI data opened up great possibilities
for repeated large-scale or even global retrieval of vegetation structure like canopy height or aboveground
biomass (Duncanson et al., 2022; Potapov et al., [2021). Those structural data sets, along with the
continuously expanding spectral remote sensing database, provide a multitude of combinatorial possibilities
for ecosystem monitoring (Francini et al., [2022; Labenski et al., [2023; Li et al., 2020; Potapov et al., [2021)).
The advanced integration of readily available large scale data sets based on the knowledge and perspectives
that can be compiled from the individual aspects from former studies can yield practical and applicable
insights in a level of detail that was previously inaccessible for ecosystem conservation (Cavender-Bares
et al., 2022).

Generally, there are three different common approaches to derive area-wide information from structural
airborne LiDAR data that will be explained in the following paragraphs. Insights can be used to assess



either (i) vegetation measures, (ii) directly derived vegetation related properties or (iii) indirectly linked
properties.

Metrics that can be directly measured from the LiDAR point cloud (i) include canopy height and vegetation
layer distribution (Kalinicheva et al., |2022; Khosravipour et al., [2014; Liu et al., [2021; Luo et al., [2018;
Whitehurst et al., [2013). Airborne LiDAR offers the area-wide retrieval of those measures at smaller scales
and since the launch of the GEDI mission in 2019 there is even the possibility for almost global standardized
retrieval of those metrics. Apart from metrics that are inherently included in the point cloud (e.g. canopy
height), directly and indirectly derived metrics require ground truth data and modeling approaches to link
the LiDAR-derived information to the target variable. A subsequent application of models to entire LIDAR
data sets allows for an area-wide mapping of the trained biodiversity measures (e.g. maps of tree species
groups, above ground biomass, species distribution) (Burns et al., [2020; Saarela et al., [2020; Welle et al.,
2022)).

Metrics directly linked to the structure detected by LiDAR technology (ii) are vegetation properties like
tree species, leaf area index (LAI), aboveground biomass or forest successional stages (Duan et al., [2023;
Duncanson et al., [2022; Falkowski et al., 2009; Li et al., 2013; Michatowska & Rapinski, 2021 Richardson
et al., 2009; Torre-Tojal et al., [2022; Wang & Fang, 2020; Yan et al., 2019, Zhu et al., 2020). Those
properties are derived by using the three-dimensional point cloud as a proxy.

In addition to the direct modeling of vegetation, which is visible in LiDAR data, there is also the potential
for an indirect utilization (iii) through the association of structural heterogeneity with biodiversity measures
like animal species richness. As animal species richness is generally linked to heterogeneity in vegetation
structure, the vegetation indices derived from LiDAR data can be used as predictors for modeling animal
species richness (Cavender-Bares et al., 2022; Simonson et al., 2014)). Especially for the prediction of avian
species like birds and bats (Bakx et al., 2019; Clawges et al., 2008; Flashpohler et al., 2010; Froidevaux
et al., 2016, Goetz et al., 2007} Lesak et al., [2011; Melin et al., |2018; Miller & Vierling, 2014 Miiller
et al., [2009, [2010; Rechsteiner et al., [2017; Tew et al., 2022; Vogeler et al., 2014; Zellweger et al., 2013)
but also other vertebrates and invertebrates (Miller & Brandl, |2009; Miller et al., 2018; Simonson et al.,
2014])), structural metrics derived from LiDAR data have proven to be reliable predictors.

1.1.4 Current challenges

The state of the art for remote sensing based biodiversity models, as outlined above, shows that LiDAR
data have already proven to be a relevant and applicable source of information for delineation and modeling
of biodiversity. There are, however, still considerable challenges that require further research in order to
fully leverage the potential of LiDAR data. These challenges include, but are not limited to:

Disentangling of structural LiDAR information from co-factors

To draw conclusions on the relevance of LiDAR data for modeling, for example, animal species diversity,
the effect needs to be assessed in comparison to other sources. This is a complex task, as vegetation struc-
ture might be correlated to other environmental influences such as elevation gradients. As areas of high
biodiversity tend to be situated in mountainous areas (Myers et al., 2000), they are especially important for
natural conservation strategies. The elevation itself however also is a prominent driver for other abiotic and
biotic factors, including climate or land cover, which in return influences the LiDAR signal (Sandel & Smith,
2009; Stein et al.,|[2014). If this chain of effects is not considered, it might lead to an overestimation of the
importance of the actual vegetation structure and thereby may lead to false conclusions on the relevance
of LiDAR data. Therefore, it is important to disentangle the predictive power of LiDAR-derived structural
variables to other factors (Miiller & Brandl, [2009; Vierling et al., 2011)).



Lack of systematic tests across taxa

With a growing expertise in the merged fields of ecology and remote sensing, an increasing number of
essential biodiversity variables can be reliably predicted through remote sensing (Pettorelli et al., [2016)).
Nevertheless, progress still needs to be made and especially the comparability between methods as well
as results of studies needs improvement. For flying organisms it has been shown that information derived
from LiDAR data delivers suitable indicators for singular assemblages (Clawges et al., 2008; Flashpohler
et al., 2010} Goetz et al., 2007} Jung et al., |2012; Lesak et al., 2011 Madller et al., 2009, 2010; Rech-
steiner et al., 2017; Vogeler et al., [2014; Zellweger et al., 2013). But as environmental heterogeneity and
therefore also vegetation structure lead to niches and higher expected species diversity in general (Heidrich
et al., 2023; Macarthur & Macarthur, (1961} Stein et al., 2014; Tews et al., [2004), multi-taxa approaches
are needed. Especially when using structural LiDAR remote sensing for the indirect prediction of animal
species richness, work needs to be put in the comparability between different taxa to be able to eventually
bridge the gap between local and global knowledge (Senf, 2022)). This is not limited to the remote sensing
part of the monitoring, but at least equally important in field campaigns, as collecting ground truth will
always be necessary and provides the basis for the training and testing of models especially on larger scales.
The availability of those approaches would facilitate drawing more general conclusions that are comparable
across taxa and finding mechanisms that are not taxon-specific but applicable on a higher, more general
level.

Uncertainty about the effective utilization of irregular LIDAR data sources

The continuous monitoring in both space and time is of great importance to track changes in biodiversity.
Yet, most airborne LiDAR missions are singular campaigns or, in the case of governmental campaigns, are
typically repeated only after several years. Different data acquisitions tend to vary in technical details like
flight altitude, scan angle or phenological time of the year of acquisition, which hinders the comparability
between campaigns (Naesset, 2009; @rka et al., 2010; Solberg et al., 2009). Therefore, there is a need for
approaches to make use of heterogeneous data sets. In contrast to airborne LiDAR missions, the space-
borne GEDI mission covers regions multiple times a month, which holds advantages, but the scattered
footprints do not necessarily spatially overlap. Even though the irregular repetition offers new possibilities,
an actual observation of changes for specific areas is not feasible. Furthermore, GEDI was planned to
operate for only two years and even though extensions of operational time were granted, there will be at
least a several-month gap inbetween. The discontinuity of LIDAR data poses a major challenge for ongoing
biodiversity monitoring, highlighting the need for modeling strategies that are adapted to data sets with a
temporal mismatch or bias.

Linking ecological process understanding to appropriate remote sensing data sets

The now available and growing variety of options and qualities of different missions and systems for Li-
DAR data allow for the connection of different existing components, variables and indicators of biodiversity
(Reddy, 2021)). Reddy et al. (2021)) state that several biophysical properties, including floristic composition
and different vegetation strata, can be quantified especially well by the integration of spectral and LiDAR
data. But even with technological improvements, there are challenges that demand thorough investigations
and further developments. As biodiversity has to be monitored specifically in time and space depending on
the underlying process, a deep understanding of processes and their representation in adequate data sets is
the base for effective and meaningful monitoring strategies. Cavender-Bares et al. (2022)) even argue that
further developments are not as dependent on advancements in technology but on the collaborative work
in transferring knowledge and understanding biodiversity mechanisms. There is a need to overlay aspects
of biodiversity and remote sensing, especially LiIDAR, and examine the applications on different scales to
identify where the process understanding has to be matched with the utilization of data. Therefore, differ-
ent scales relevant for remote sensing based modeling approaches have to be considered and matched to



yield optimal results for the corresponding application (Wu & Li, [2009). Natural patterns evolve from dif-
ferent underlying natural processes that can even be working on different scales than the patterns emerging
(Estes et al., 2018; Reddy et al., [2021; Sandel & Smith, |2009). For a more comprehensive understanding
of processes at the interface of species diversity and ecosystem structure, further interdisciplinary research
is essential, emphasizing the integration of multi-platform and multi-scale data sets (Acebes et al., [2021)).

1.2 Aim of this thesis

In this thesis, | aim at making meaningful contributions towards addressing the challenges listed above.
With LiDAR remote sensing, it is possible to capture the structural components of vegetation which play
a vital role for biodiversity. In a mountainous study area, | want to disentangle the effects of vegetation
structure derived by LiDAR data and the impact of elevation on animal species richness. In working
towards systematic comparability across taxa, the goal is to offer results that can be transferred across
various taxa. From a data-driven perspective, quality and resolution of data sets are constantly improving
and new possibilities like global temporally and spatially scattered spaceborne LiDAR data are becoming
operational. As an objective of this thesis | want to investigate whether such supposedly superior data
consistently improve the potential for the mapping of biodiversity variables. Specifically, | want to provide
a systematic comparison of the ability of LiDAR data for predicting animal species richness across taxa,
mapping tree species specific successional stages and modeling seasonal leaf area index. With three different
case studies varying by scale, data and ecological process, | want to deepen the understanding of the utility
of LiDAR data at various scales for the mapping of biodiversity in the context of different data sources.
The three case studies are intended to illuminate the following aspects:

1. Understanding the relation of vegetation structure in mountainous areas using LiDAR-derived vege-
tation structure as a proxy for animal species richness across multiple taxa,

2. Leveraging heterogeneous LiDAR data for monitoring of biodiversity processes in forest ecosystems,

3. Understanding the potential of scattered spaceborne LiDAR footprints as provided by the GEDI
mission, for a comprehensive and seasonally differentiated assessment of leaf area index changes and
evaluating their potential for time periods outside the acquisition window.

1.3 Case studies

To approach these aims, | present three biodiversity studies in this thesis, focusing on different ecological
questions. Airborne as well as spaceborne LiDAR data sets with different spatial and temporal resolutions
were used to emphasize different aspects of the utility of LIDAR data in biodiversity research.

1.3.1 Case study 1: Comparison of multi-taxa animal species richness at Mount Kili-
manjaro predicted from airborne LiDAR data and elevational information

As the monitoring of animal species and functional diversity is of increasing relevance for the development
of strategies for the conservation and management of biodiversity, the opportunities of LiDAR data in the
observation for modeling occurrences of animal species were tested in this case study. Reliable estimates
of the performance of monitoring techniques across taxa are important to provide a base for systematic
comparison. Using a unique data set, this study investigated the potential of airborne LiDAR-derived vari-
ables characterizing vegetation structure as a predictor for animal species richness in a mountainous study
area. To disentangle the structural LiDAR information from co-factors related to elevational vegetation
zones, LiDAR-based models were compared to the predictive power of elevation models. 17 taxa and four
feeding guilds were modeled and the standardized study design allowed for a systematic comparison across
the assemblages.



1.3.2 Case study 2: Using heterogeneous LiDAR data for the modeling of tree species
group specific successional stages

Monitoring the forest is one key element for actions against biodiversity loss. The component of species
composition is satisfactorily distinguishable using spectral remote sensing. The important element of clas-
sifying forest succession for those tree species, however, is still a challenge but quite relevant for their
habitat quality. Both factors collectively shape the biodiversity within forests and thereby influence the
ecosystem services that forests provide. Remote sensing techniques offer promising solutions for obtaining
area-wide information on tree species composition and their successional stages. As successional stages are
closely linked to vegetation structure, LiDAR data are especially prone to providing additional information
for this part of biodiversity research. While optical data are freely available in appropriate quality, acquiring
LiDAR data, which provide valuable information about forest structure, present challenges due to its high
financial and labor cost. Nonetheless, LiDAR data are often collected by public authorities but are typi-
cally recorded across several years and therefore are heterogeneous in quality. This poses challenges when
attempting to model tree species and their successional stages. In this case study, it was tested if and how
a heterogeneous data set from a governmental flight campaign obtained over several years can improve
modeling tree species group specific successional stages of forest vegetation. Different combinations of
multi-spectral optical satellite data (Sentinel-2) and heterogeneous airborne LiDAR data, collected by a
federal government, were utilized to model successional stages of seven tree species groups (douglas fir,
larch, pine, spruce, beech, oak, other deciduous trees) in Rhineland-Palatinate, Germany. Ground truth
information was derived from forest inventory plots. Random forest models with spatial variable selection
and spatial cross-validation were used to model and map successional stages of tree species groups at
regional level.

1.3.3 Case study 3: Integration of Sentinel and GEDI data for seasonal explicit modeling
of the leaf area index

The leaf area index is defined as the ratio of leaf area to ground area and it is solely calculated from
structural features. It is an important metric for several fields in ecology. As field measurements are time-
consuming and do not scale to landscapes, it depends on model-based air- or spaceborne remote sensing
methods to document larger areas. As flight campaigns are expensive though, repetition rates are low and
only situational snapshots are available for larger areas. As leaf area index massively changes across seasons,
it is necessary to increase repetitions. Satellite-based remote sensing seems like a possible solution and with
the new spaceborne GEDI LiDAR sensor new opportunities arise, but in the technical trade-off for temporal
resolution, spatial resolution must be lowered immensely. As of 2019, NASA’s GEDI mission delivered a
point-based leaf area index 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, as the GEDI mission only has a limited lifespan, it was tested how temporally limited
data sets can be used for ongoing monitoring approaches. The landscape of Hesse, Germany, with its
pronounced seasonal changes was investigated. Assuming a relationship between GEDI's plant area index
and Sentinel-1 and -2 data, a random forest approach together with spatial variable selection was used to
make predictions for new Sentinel scenes. The model was trained with two years of GEDI's plant area index
data and validated against a third year to provide a robust and temporally independent model validation.
This ensured the applicability of the validation for years outside the training period.



Chapter 2

Potential of Airborne LiDAR Derived
Vegetation Structure for the Prediction of
Animal Species Richness at Mount
Kilimanjaro

This chapter has been published as:

Ziegler, A., Meyer, H., Otte, |., Peters, M. K., Appelhans, T., Behler, C., Bohning-Gaese, K., Classen, A., Detsch,
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Prediction of Animal Species Richness at Mount Kilimanjaro’, Remote Sensing 14(3), 786. Remote Sens. 2022, 14,
786. |https://doi.org/10.3390/rs14030786.

Abstract

The monitoring of species and functional diversity is of increasing relevance for the development of strate-
gies for the conservation and management of biodiversity. Therefore, reliable estimates of the performance
of monitoring techniques across taxa become important. Using a unique dataset, this study investigates
the potential of airborne LiDAR-derived variables characterizing vegetation structure as predictors for an-
imal species richness at the southern slopes of Mount Kilimanjaro. To disentangle the structural LiDAR
information from co-factors related to elevational vegetation zones, LiIDAR-based models were compared to
the predictive power of elevation models. 17 taxa and 4 feeding guilds were modeled and the standardized
study design allowed for a comparison across the assemblages. Results show that most taxa (14) and
feeding guilds (3) can be predicted best by elevation with normalized RMSE values but only for three of
those taxa and two of those feeding guilds the difference to other models is significant. Generally, modeling
performances between different models vary only slightly for each assemblage. For the remaining, struc-
tural information at most showed little additional contribution to the performance. In summary, LiDAR
observations can be used for animal species prediction. However, the effort and cost of aerial surveys are
not always in proportion with the prediction quality, especially when the species distribution follows zonal
patterns, elevation information yields similar results.
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2.1 Introduction

We are facing a decrease of global biodiversity (Ceballos et al.,[2017; Pereira et al.,[2012) and the rate of this
loss is accelerating with ongoing climate change (Warren et al., 2018) as well as the rapid transformation
of natural habitats by human landuse (Newbold et al., 2015). To mitigate the effects of this biodiversity
loss on the functionality of ecosystems (Hooper et al., 2005; Loreau et al., 2001; Soliveres et al., 2016),
monitoring of species and functional diversity is an important prerequisite for focused management strategies
(Nagendra et al., 2013; Noss, [1990; Wiens, [2009). To facilitate a unified monitoring system, a set of
essential biodiversity variables (EBVs) were developed during the last years (e.g. Haase et al., 2018; Jetz
et al., 2019; Pereira et al., 2013). However, gathering those variables during field campaigns is only possible
in a number of limited situations, as area-wide coverage is unfeasible due to high costs as well as the lack of
experts. This is particularly true for surveys across large areas with a steep elevation gradient, as complex
terrain hinders accessibility (Miller & Brandl, [2009).

Facing this challenge of comprehensive mappings of EBVs (Kissling et al., [2018; Proenca et al., [2017)),
Pettorelli et al. (2016 proposed a subset of the EBVs that could potentially be surveyed using satellite
remote sensing. Some of these remote sensing based EBVs already meet reasonable quality requirements
(e.g. land cover, leaf area index or phenology), others like species occurrences or taxonomic diversity require
further research. The retrieval of the latter is often based on correlations between land-cover properties
and information on taxonomic richness from field studies that is used to build remote sensing models
(Froidevaux et al., 2016; Macarthur & Macarthur, 1961; Martins et al., 2017; Melin et al., [2018; Rocchini
et al., [2010). Multispectral or hyperspectral retrievals primarily rely on compositional information (e.g.
Asner and Martin, 2016} Mairota et al., 2015; Nagendra and Rocchini, 2008} Wallis et al., [2017| reviewed
in Pettorelli et al., 2014)). LiDAR retrievals utilize information on the vertical structure of the ecosystem
(e.g. Lefsky et al., [2002; Miiller & Vierling, 2014)) and seem to be particularly successful for flying organisms
(Clawges et al., 2008; Flashpohler et al., 2010; Goetz et al., [2007; Jung et al., [2012; Lesak et al., 2011;
Miiller et al., 2009, [2010; Rechsteiner et al., 2017; Vogeler et al., [2014} Zellweger et al., [2013)), although
the biological background of this observation is poorly understood.

To advance the application of species richness related EBVs from remote sensing, performance must be
compared across many taxa. While meta-analyses across different case studies allow some conclusions, the
individual study design, different computations of error estimates and the uniqueness of the study regions
make it difficult to actually compare the results regarding the model performance for different taxa. This
becomes even more challenging if the study has been conducted in mountainous terrain, which is common
for ecological space-for-time approaches as global biodiversity hotspots often tend to be in mountainous
areas (Myers et al., 2000). Here, elevational change of the land cover in combination with a fixed amount
of work force generally limits the number of ground samples that can be collected within one land cover
zone. These individual limitations in training and testing datasets lead to a variety of testing approaches
with varying degrees of reliability and comparability of error estimates.

This study analyzes the predictive performance of airborne LiDAR-derived variables for mapping the species
richness of 17 taxonomic groups from four feeding guilds in a comprehensive manner. The study area is
located at the southern slopes of Kilimanjaro (figure and field observations stretch from an elevation of
800 to 4400 metres. Since the taxonomic assemblages cannot be directly observed using LiDAR, vegetation
structure is used as a surrogate for species richness. It is assumed that the taxa or the aggregated feeding
guilds can be predicted differently well by LiDAR data. For example, the "plant diversity hypothesis”,
links consumer richness (especially herbivores) to plant diversity (Basset et al.,2012; Novotny et al., 2006
Peters et al., 2016]). Therefore, it is expected, that the performances of structural models decline from
herbivores to predators (Miiller & Brandl, 2009; Vehmas et al., 2009), as the distance of their position in
the food chain to plants increases. Furthermore, as structural properties, at scales accessible for remote
sensing, tend to be more relevant for animals with larger body-sizes (Borthagaray et al., 2012, Morse
et al., 1985} Siemann et al., [1999; Stanska & Stanski, 2017)), it is expected that the performance of
species richness models incresase with increasing body size. Similar consideration of correlation between
structure and species traits apply for flying taxa that perceive the landscape with a grain not as detailed
as walking taxa (environmental grain hypothesis, eg. Kaspari and Weiser (1999) and Sarty et al. (2006)).
The unique dataset also allows to critically evaluate whether LiDAR-derived information brings any gain
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at all compared to models that rely solely on the known decrease of species richness with elevation or
elevation correlated environmental properties (Peters et al., . This study investigates the potential of
LiDAR-derived variables characterizing vegetation structure as predictors for animal species richness at the
southern slopes of Mount Kilimanjaro. To disentangle the structural LiDAR information from co-factors
related to elevational vegetation zones, LiDAR-based models were compared to the predictive power of
elevation models.

2.2 Materials and Methods

2.2.1 Study Area and Sampling Design

The study area are the southern slopes of Mount Kilimanjaro. In the framework of a comprehensive research
unit, study plots of 50 m x 50 m were established across 12 land cover zones with five replica plots per
zone. The 60 plots describe two ecological gradients: an elevational gradient from 800 m a.s.l. to 4400
m a.s.l. and a disturbance gradient from (near) natural to anthropogenic land-cover types within elevation

zones (figure and table 2.A1]).

3.0°5

3.1°5

3.2°s

3.3°S

Figure 2.1: Study area with sampling plots. Colors of symbols show different land covers, shapes show the
different flight missions from 2015 and 2016. The background image indicates the large-scale vegetation
zones along the elevational gradient (background: Google Maps (2020)).

2.2.2 Data and preprocessing
Diversity Data

On 59 of the 60 study plots, data for estimating the diversity of 17 taxa was available (see table [2.3)).
Sampling followed standardized approaches as described in detail in Peters et al. (2016]) and Peters et al.
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(2019). For an overview of the taxa and sampling methods see table The species richness data was
aggregated (sum of species) to four feeding guilds. See table [2.A3]and [2.A4] for the proportional allocation
of species per taxon to feeding guild. As true bugs, spiders and springtails were not identified to species
level, the entire group of spiders was assumed to be predators, springtails count as decomposers and true
bugs were ignored when estimating species richness of feeding guilds.

LiDAR Data

The LiDAR data set was acquired during two missions with a Riegl LMS-Q780 sensor carried by an Airbus
Helicopter at an altitude between 850 m and 1750 m above ground level. The northern (high land) plots
were sampled in March 2015 and the southern (low land) plots in November 2016 (figure 2.1). The
temporal distance was assumed to be negligible since both acquisition dates fall into the early rainy season
and plots of the same land-cover type are covered within the same flight campaign except for disturbed
ocotea forests. The LiDAR pulses contain between one and seven returns with a vertical accuracy of 0.15
m and a horizontal accuracy of 0.20 m (95 % confidence interval). The mean point density is 34 points
per square meter but varies due to terrain and flight conditions. Outliers were removed and points were
classified into ground and non-ground following the standard procedure using the LAStools preprocessing
software (Isenburg, n.d.)). Rasterized LiDAR layers (e.g. digital terrain model (DTM), digital surface model
(DSM), canopy height model (CHM)) were generated by the open source remote sensing data base (RSDB)
at a resolution of 1 m (Wollauer et al., 2020). The resulting DTM preserves fine details in regions with
high ground point densities and plausible elevation estimates in regions with low ground point densities
(e.g. dense forest).

To derive a set of potential predictor variables from the LiDAR observations, several indices, which char-
acterize structural properties of the 50 m x 50 m areas, were computed for each of the plots using the
RSDB (see table [2.1)) (Wéllauer et al., [2020). The compiled 97 LiDAR metrics used included e.g. canopy
height metrics (maximum, standard deviation, median, quartiles, etc.), return number metrics (maximum,
standard deviation of different layers, etc.) and ecological estimates (leaf area index, above-ground biomass
and gap fraction, etc., for the complete list of variables see table .

The land covers in the study area can be grouped into forest and non-forest (see figure and tablem
for details). Due to their complex multi-layered structure, forested plots appear considerably different to
non-forested plots hence the sets of LiDAR variables for these two types differ slightly. For the current
study this means that on non-forested plots, variables describing vegetation layers reached a maximum of 8
m height, and on forest plots, vegetation height reached a maximum of 29 m (indicated in table . The
two thresholds correspond to variables where at least 50% of the plots had vegetation in this height. In the
following, all modeling approaches were always carried out for forested and non-forested plots separately,
to account for these fundamental differences.

2.2.3 Predictive modeling of diversity

The computations and analyses in this study were performed using the R environment 3.5 in conjunction
with the caret package (Kuhn, |2018; R Core Team, 2018). Partial least squares regression (PLSR) is
useful for models in data settings with a smaller number of observations relative to the number of predictor
variables. It can also handle multicolinearity, a situation unavoidable, when using LiDAR-derived variables
(Carrascal et al., 2009; Laurin et al., 2014; Luo et al., [2017; Naesset et al., [2005)). To reduce the impact
of overfitting caused by correlated variables, a forward feature selection (FFS) implemented in the CAST
package (Meyer, 2018) was used, which ensures a more stable variable selection than recursive feature
elimination approaches (Meyer et al., 2018).

To distinguish between effects on species richness predictability based on a pure elevation gradient versus
habitat structure, three different model groups (elevation and its square only, structural metrics only and
structural metrics to predict residuals of elevation based model) were established. Then, within each of
these three groups of models, an individual prediction model was separately built for each taxon and feeding
guild for forested and non-forested areas. The same combinations of plots for training and testing were
used across all models (table for overview).
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Table 2.1: Overview of structural variables characterizing the vegetation and a description on their calcu-
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Table 2.2: Overview of the different models calculated in this study.

model name independent variables (predictors) target variables (response)
elevation elevation, elevation? species richness

structure structural LiDAR variables species richness

residuals structural LiDAR variables residuals from elevation model
combination sum of elevation model and structural model species richness

In the first group of models, only the elevation and its square were used to predict species richness ("elevation
model”). In the second group of models, only the structural metrics derived from LiDAR (no elevation)
were considered ("structure model”). In the third group of models, the same structural metrics were used
to predict the residuals of the elevation model ("residual model”). Hence the predictions of the residual
model do not represent the complete species richness, but only that part which cannot be explained by the
elevation model. Therefore, to be able to compare the results of this model with the elevation and structure
model, the results of the residual model were added to the elevation model (“combination model”). Even
though it is not a separate model in a strict sense, but only the sum of the elevation model and the residual
model, this mixed approach will be called "combination model" in the following. The pure residual model,
on the other hand, can be used to compare the plain structure dependence of taxa and feeding guilds
without effects of elevation. Prediction results from forested and non-forested areas were assembled to
one error estimation per response variable, to compare the general model performance of taxa and feeding
guilds for the whole study area.

To test if the model performance depends on species traits, the correlation of model performance of each
taxa and feeding guild to the respective body size and the mode of movement were tested. For body size
the Spearman rank correlation coefficient was calculated. Groups were sorted by body size from large (large
mammals with up to 1.7 m length) to small groups (parasitoid wasps with only a few millimeters). For the
test between model performance and flying/non-flying groups of organisms the Mann and Whitney U-Test
was performed.

Validation strategy and model tuning

Due to the limited number of observation samples per taxonomic group, choosing an appropriate tuning
and testing strategy of the various models was of major importance. As illustrated in figure [2.2) model
training and testing consisted of two separate cross validation cycles. The outer 20-fold-cross validation
withholds one random plot of each land-cover type in every resample. Those samples were held back from
model training to qualify them for estimating the model performance for new locations in the study region.
This repeated approach allows for more stable validation results given the limited number of plots. The
inner cross validation was embedded within the PLSR machine learning approach. It uses the same method
of leaving one plot per land-cover type out in each resample. The inner cross validation was used for model
tuning and variable selection only. Tuning affected the number of principal components used in the PLSR
and varied between one and two. Feature selection was implemented according to Meyer et al. (2018).
For quantifying the predictive performance, the root mean squared error (RMSE) was computed for each fold
of the outer cross validation. Previously, the results from forested and non-forested areas were combined, to
be able to make a general statement per taxon and feeding guild. Since species richness varied considerably
across the taxonomic groups, the RMSE of each group was normalized with the standard deviation of the
species richness per group of the plots used in each model.

2.3 Results

The elevation model performs best for 14 out of 17 taxa (figure and table . On average, the
RMSE/sd values for these 14 taxa are 0.21 lower than in the structural and 0.23 lower than in the combined
model. The structural model performs better only for parasitoid wasps and the combined model is the best
for aculeate wasps and insectivorous bats.
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Figure 2.2: The model training (upper right loop) uses a partial least squares regression (PLSR) and a
forward feature selection with a 20-fold cross validation. Validation is carried out by predicting the values
of the testing plots. The division of testing and training plots (outer loop) follows a repeated stratified
sampling approach, with randomly chosen resamples of one plot per land cover for the testing, leaving the
rest of the plots for training. Validation is based on the median root mean square error (RMSE) of the
individual resamples, normalized by the standard deviation of these RMSE values.

For all three model types, the interquartile range (IQR) of large mammals, springtails, bees, parasitoid wasps
and insectivorous bats is rather small, while syrphid flies, moths, dung beetles and grasshoppers show large
variations of RMSE/sd values. Only large mammals, millipedes and springtails show a siginificant superior
model performance for the best model (here elevation) compared to both other models (Tukey test). For
an individual taxon, a median performance of the RMSE/sd of half the standard deviation or better is only
reached for ants, grasshoppers, springtails, bees, parasitoid wasps, other aculeate wasps and insectivorous
bats. Bees reach the best model results across all taxa and model types with an RMSE /sd of 0.34 (elevation
model).

Regarding feeding guilds, the elevation model performs best for generalists, decomposers and predators with
an RMSE/sd value that is 0.20 and 0.13 lower on average than the structural and the combined model
respectively (figure and table [2.3). Only for generalists and decomposers the best model (elevation)
was performing significantly better than the other two. The structural model performs best for herbivores
but only with slight differences in the RMSE/sd to the combined (0.01) and the elevation model (0.02).
To explore the potential of modeling species richness outside the gradient of Mount Kilimanjaro, figure
shows a comparison of the plain residual models (RMSE/sd). These results are independent of the
elevation and do not model species richness, but the residuals of the elevation model. Therefore it is
possible to compare the ranking of species performance as it would be suspected if it was only dependent
on structure without an superimposing elevational gradient. Taxa and feeding guilds are sorted by their
median error estimates which range between 1.1 and 2.5 (table [2.3). Smaller values here mean a closer
relationship to structural metrics. Value ranges of model performances within each group lie within the
same magnitude, except for dung beetles which show a high variation. The RMSE/sd of the residual model
shows a ranking of the feeding guilds from predators (1.2), over herbivores (1.3), to decomposers (1.8)
and generalists (2.2). The analysis of the best subsets of prediction variables, could not identify regular
patterns (figures to [2.A4)).

There is no statistical relationship between model performance and body size of the assemblages (table
. However, there is a difference for the combined and residual model with a better performance for the
flying than for the non-flying taxonomic groups (see table .

2.4 Discussion

The study evaluated the potential of LiDAR data to predict species richness at Mount Kilimanjaro. The
influence of the respective effects of elevation and vegetation structure on species richness were investigated
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Figure 2.3: Modeling performances for each taxon (a) and feeding guild (b) in terms of the root mean
square error normalized by standard deviation (RMSE/sd). Smaller values show a better model perfor-
mance. Colors represent the different model types. Taxa are grouped into "elevation", "structure" and
"combination" depending on which of the three models shows the best median RMSE/sd. Stars indicate if
the best model is significantly better than both of the other models. Within the groups, taxa and feeding
guilds are sorted by descending RMSE/sd. The boxes include the median and the inter quartile range (IQR)
with notches indicating roughly the 95% confidence interval. Whiskers are extending to 1.5 times the
IQR and points indicate single error values outside of this range.
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Table 2.3: Mean =+ standard deviation across all plots of observed species richness per plot and median of
the root mean square error normalized by standard deviation of field samples per taxon and feeding guild
+ the standard deviation of model runs. Lower RMSE /sd values mean a better model performance.

taxon/ species richness elevation structure  combined residual
feeding guild per plot model model model model
n standr:rza?ieviation median RMSE/sd + standard deviation

ants 27+ 34 0.48 £0.29 0.62+£0.72 0.69 £0.57 1.5 +£1.3

bees 6.7 £5.9 0.34 £0.1 0.49+0.17 0.4 +0.11 1.5 +0.4

birds 16 + 8.6 0.67 £0.25 0.77£0.31 0.8 £0.45 19 +1

dung beetles 52+ 7.7 0.59 £0.5 0.77+£0.73 0.93 £1.3 1.6 £2.2
grasshoppers (locusts, crickets) 10 + 14 0.45 £0.54 14041 0.68+£0.82 1.1 +1.3
insectivorous bats 55+ 33 0.48 £0.13 0.62+0.18 0.44 +£0.14 1.4 £0.46
large mammals 23+138 0.91 £0.28 1.1 £0.24 1.3 £0.26 2.2 £0.45
millipedes 124+ 1.7 0.77 £0.34 1.1 £0.48 1+0.43 1.5 £0.65

moths 9.6 +11 0.62 £0.48 0.74£0.69 0.72 £0.61 1.2 £+1
other aculeate wasps 32+ 4 0.55 £0.21 0.82+0.26 0.5 +0.45 1.2 +1.1
other beetles 8.6 £4.9 0.92 £0.24 0.95+0.27 0.98 +0.46 1.7 £0.81
parasitoid wasps 16 £ 14 0.58 £0.26 0.5 +£0.18 0.56 £0.19 1.1 +0.38
snails (slugs) 6.8 + 5.6 0.58 £0.26 0.62+0.31 0.69 +£0.28 1.5 £0.61
spiders 5422 0.86 £0.26 1 £0.23 1.3 £0.39 25 +£0.72
springtails 46 +24 0.43 £0.2 0.594+0.27 0.57 £0.25 1.4 +0.63
syrphid flies 35 £33 0.8 +£0.47 1 +0.55 0.82 £0.5 1.2 +0.74
true bugs 21 +23 0.57 £0.39 0.91+0.37 1.3 +1.1 24 £2.2
decomposer 12+ 78 0.53 £0.13 0.62+0.25 0.56 £0.38 1.8 1.2
generalist 6.8 + 3.8 0.61 £0.21 0.93£0.57 0.94 £0.48 2.2 +£1.2
herbivore 40 £+ 30 0.46 £0.23 0.44+0.3 045 +0.26 1.3 £0.77
predator 41 4+ 22 0.44 £0.22 0.62+£0.23 0.48 £0.15 1.2 £0.37

Table 2.4: Results of rank tests comparing the performances of models measured by RMSE/sd (as shown
in figure 2.3 and figure [2.4)) with respect to selected traits (body size, mode of movement) of the taxa. For
the tests between the performance of the models and body size the Spearman rank correlation coefficient
(r) was used. Body size was sorted from large to small groups. For the test between flying and non-flying
groups of organisms the Mann and Whitney U-Test was used. Significant results, in terms of the p-value
are marked bold.

Body size mode of movement
r P P
RMSE/sd elevation -0.14 0.58 0.28
RMSE/sd structure -0.13 0.62 0.28
RMSE/sd combination -0.10 0.70 0.011 (flying <non-flying)
RMSE/sd residuals -0.22 0.39 0.006 (flying <non-flying)
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Figure 2.4: Modeling performance for the residuals of the elevation model for each taxon (a) or feeding guild
(b) as root mean square error normalized by standard deviation [RMSE/sd]. Taxa (a) and feeding guilds
(b) are sorted by increasing median modeling performance and therefore increasing influence of vegetation
structure on the target variable (which means decreasing median RMSE/sd). For the description of plot
elements see figure 2.3]
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by comparing the model performances of models that used elevation as the only predictor, models that
used LiDAR variables only and models that used LiDAR variables to predict the residuals of the elevation
models.

Generally, performances of the different models varied only slightly within each taxon, with no significant
difference of the best performing model to both other models, except for three taxa (large mammals,
millipedes, springtails). However, there is a trend, indicating that the elevation model performs best for
14 out of 17 taxa. All taxa which do perform significantly better with one specific model, belong to that
group. In the cases where the structure or combined model performs best, the performances differ only
marginally and differences are not significant.

As expected, results of the model performances of feeding guilds indicate, that herbivores are influenced
more by structure than generalists and decomposers (figure . However, considering the feeding guilds,
generalists and decomposers are the only groups for which the best of the three models (elevation model)
is significantly better than the other two. It is ecologically reasonable, that generalists, which obviously
use a wide variety of food, are, at least for feeding reasons, not specifically connected to the vegetation
structure. Opposed to that, for herbivores structure was suspected to be the most relevant predictor as
they rely solely on vegetation and therefore structure should influence feeding patterns and the occurrence
and diversity of species. Even though performances improve slightly with the structure model, differences
were not significant. Decomposers rely on the existence of organic material. Still, as long as the supply
of organic material is given, it seems reasonable that other environmental factors, which are linked to
elevation, would have a greater impact. In conclusion, prediction results for the feeding guilds show a
tendency of the hypothesized correlation between a lower feeding guild and a higher dependency on the
structure. However, these differences are very small and therefore not convincing. The model performances
of the feeding guilds are generally comparable with the ones of the individual taxa. Nevertheless, as more
field samples are included in the feeding guilds, sampling uncertainties are partly leveled out by the higher
number of sampled individuals.

This study further aimed at comparing the general potential of LiDAR-derived variables for the prediction
of the structurally dependent proportion of species richness for different taxa and feeding guilds. For this
comparison the elevation corrected residual model provides the relevant information (figure . In line
with the discussion about the best model type, generalists and decomposers seem to be the group not
tightly connected to habitat structure, whereas herbivores seem to depend more on vegetation structure
[2.3b] Along with the other models, there is no notable difference in the overall performances between taxa
and feeding guilds for the residual models.

A comparison between the model types allows for drawing conclusions about the influence of elevation and
structure as relevant predictors for biodiversity. In their study at Mount Kilimanjaro about diversity gradients
at different levels of aggregation, Peters et al. (2016)) already showed that mean annual temperature is the
most important variable to predict animal species richness in the region. In the present study, some taxa are
significantly more influenced by elevation than by properties of the structure itself, but generally, median
performances between models differ only slightly. The residual model attempts to illuminate patterns
within the remaining structural properties that are not attributable to the strong gradient in the study area.
However, only samples from four to five replica plots per land-cover type have been available for model
training which limits the performance. This might promote over-fitted models for structural properties
leading to larger prediction errors when applied to unknown locations, whereas the elevation model is able
to find a general pattern within all plots as they are well distributed along the elevation gradient (figure
. Still, even a slightly worse structural or combined model compared to the elevation model validates
the general usability of LiDAR data for predicting species richness, even though the effort of LIDAR missions
then seems questionable. In the variable selection of the LiDAR metrics, no patterns emerge (figures [2.A]]
to. Neither individual variables nor variable groups (table appear in clear patterns across models.
The LiDAR variables were calculated for individual plots (50m x 50 m). For some taxa it might be beneficial
to account for the structure of a larger spatial environment. Therefore, in future studies, it could be tested
whether variable cell sizes of the LIDAR metrics can improve prediction models.

The hypothesized positive correlation between body size and the modeling performance is not supported
by the data. However, the mode of movement significantly correlates with the prediction performance in
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the combined and the residual models. Especially in the residual model, flying taxa outperform the others.
The 6 taxa with the smallest median error are species with the ability to fly. Only the flying taxa bees
and birds (Rank 9 and 14 out of 17) lie within the worse performing half of taxa, showing the generally
poorer performance of non-flying taxa. The comparably poor performance of predicting birds with structural
metrics alone is rather surprising, as birds are the most studied taxonomic group in species-habitat structure
relationships (Acebes et al., 2021) and there are many studies that demonstrate promising correlations of
bird diversity and different structural features (e.g. Miiller et al. (2009), Smart et al. (2012), and Vogeler
et al. (2013) or see the detailed review of Davies and Asner (2014)).

The results of this study are based on 59 plots. Even though the total number of study sites seem to be
sufficient for modeling purposes, compared to similar studies, the different land-cover types that follow the
elevation gradient, in addition to the necessary division into forest and non-forest areas for modeling, limit
the number of repetitions. Hence, model building has to be carefully adjusted to the limited number of
plots. The possibility of also using land-cover type as a categorical predictor variable was discarded due
to the low number of replicates. However, land cover is indirectly included in the model by the natural
orientation of land cover along the elevational gradient at Mt. Kilimanjaro.

In general, it is not easy to evaluate the results in the context of other studies, since a comparison of
the results can only provide indications of the success of the modeling. This is because the studies were
conducted in different landscapes, for different taxa, but most importantly, with different measures of biodi-
versity. Species richness, beta diversity, and other metrics are related but not identical. In previous studies,
the role of elevation is handled in different ways. The studies of Miiller and Brand| (2009)) and Vierling et al.
(2011)) for example analyze the influence of LiDAR-derived variables compared to other abiotic and biotic
variables for the prediction of spider species distribution and forest beetle assemblages. Results show a
comparable or even much better performance of LiDAR variables to ground based measures (Vierling et al.,
2011). As the variable elevation is a by-product of LiDAR point clouds, these studies included elevation in
the group of LiDAR-derived variables, with elevation being a rather important variable. However, elevation
changes within the study area are limited to about 800 meters with a rather homogeneous forest cover.
The studies of Zellweger et al. (2013) and Rechsteiner et al. (2017)) are situated in a more mountainous
terrain (>1200 m elevation difference), however, the LiDAR derived variables are limited to structural ones
and elevation is not used as a predictor, although elevation is intrinsically included in structural variables at
least along elevational vegetation zones. With similar complex terrain (around 4000 m elevation difference)
Zellweger et al. (2017)) used structural as well as topographic and climate variables. Even though elevation
was not used directly, climatic variables (including temperature) showed the highest importance for modeling
beta-diversity of birds and butterflies, even exceeding results when vegetation structure was included in the
models. This seems consistent with the results of the present study, given that elevation is a main proxy for
temperature (McCain & Grytnes, [2010)). Overall, all these studies show clearly that the elevation gradient
might be able to explain a major part of structural variables. An observation in a similar sense is made
by Acebes et al. (2021)) in their review of 173 papers. They find, especially for forested areas, that while
canopy height is most commonly used as a LiDAR metric to model species-habitat structure, canopy cover
and terrain topography performed better overall when they where used.

The study of Miiller et al. (2014) covers an elevation gradient of around 800 m and does only take vertical
profile metrics derived from LiDAR data into account. They could show that canopy arthropod diversity
is driven by different structural features in the vegetation. Using a similar number of study plots as in our
study, but exclusively in spruce forest, the overall vegetation structure is much more homogeneous than
at Mt.Kilimanjaro. Thus, finer differences are likely to be masked by the large variability in vegetation
structure in the models. The same is true for the study of Schooler and Zald (2019), who analyzed the
predictability of small mammals diversity in temperate mixed forest and found that it could be predicted
by LiDAR derived structural metrics.

Therefore, when using LiDAR data, non-structural properties (e.g. elevation, temperature, or other abiotic
variables - depending on the study area) should be investigated separately to avoid false conclusions con-
cerning the effect of LiDAR-derived vegetation structure. Those abiotic conditions are relevant for modeling
and therefore models from one study area are not necessarily representative in other areas (Vogeler et al.,
2014). Using a separate residual model shows great potential to avoid spurious correlation that leads to
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erroneous predictions when the model is applied to new locations.

At Mount Kilimanjaro, with its substantial elevation gradient, the utilization of LiDAR data does not
significantly improve modeling results. A larger sampling size per land cover is required to further improve
the robustness of conclusions drawn for the selection of models. To approach the long-term goal of
comprehensive mapping of EBVs like species occurrence or taxonomic diversity with the use of remotely
sensed data, areas with a less complex land-cover gradient in homogenous landscapes need to be adressed
in future studies to understand the influence of structure better.

To provide comparable results, further studies need to be conducted on multi-taxon approaches with field
surveys and data sets of similar granularity. Study areas with different terrain complexities should be
considered. In doing so, a solid base for valuable model-building strategies can be generated and can assist
the research community in quantifying EBVs in the future.
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Appendix

Table 2.A1: Overview of land-cover types with elevation range of their occurrence, the number of plots in
each land cover and the basic ecosystem category (forest or non-forest).

land cover elevation[m a.s.]] number of plots ecosystem
maize plantation 866-1009 5 non-forest
savanna 871-1153 5 non-forest
coffe plantation 1124-1648 5 non-forest
homegarden 1169-1788 5 non-forest
grassland 1303-1748 5 non-forest
lower mountain forest 1560-2040 5 forest
ocotea forest 2120-2750 5 forest
ocotea forest (disturbed) 2220-2560 5 forest
podocarpus forest 2720-2970 5 forest
podocarpus forest (disturbed) 2770-3060 5 forest
erica forest 3500-3880 5 forest
helichrysum vegetation 3880-4390 4 non-forest
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Table 2.A2: General sampling methods as well as some details and the calculation of the species richness of

the biodiversity data. Further details on the sampling approaches can be found in Peters et al. (2016) and

Peters et al. (2019). If not indicated otherwise, the species richness is calculated as the total (cumulative)

number of species per study site (equal sampling effort for all sites)
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Table 2.A3: Fractional breakdown of feeding guilds. The numbers for each taxon represent the relative
contribution to the species richness of a given feeding guild. Therefore, each column adds up to a total of
1. Taxa are listed in alphabetic order. True bugs were not identified to species level and are therefore not
included.

decomposer generalist herbivore predator

ants 0 0.24 0.02 0.02
bees 0 0 0.14 0
birds 0 0.24 0.08 0.1
dung beetles 0.41 0 0 0
grasshoppers 0 0.03 0.17 0.01
insectivorous bats 0 0 0 0.02
large mammals 0 0.11 0.01 0
millipedes 0.16 0 0 0
moths 0 0 0.47 0
other aculeate wasps 0 0 0 0.12
other beetles 0.24 0.37 0.07 0.17
parasitoid wasps 0 0 0 0.51
snails 0.08 0.02 0.03 0.02
syrphid flies 0.11 0 0 0.02

Table 2.A4: Fractional breakdown of taxa. The numbers for each feeding guild represent the relative
contribution of species richness to a given taxon. Therefore, each row adds up to a total of 1. Taxa are
listed in alphabetic order. True bugs were not identified to species level and are therefore not included.

decomposer generalist herbivore predator

ants 0 0.47 0.24 0.29
bees 0 0 1 0
birds 0 0.18 0.31 0.51
dung beetles 1 0 0 0
grasshoppers 0 0.03 0.9 0.08
insectivorous bats 0 0 0 1
large mammals 0 0.52 0.33 0.15
millipedes 1 0 0 0
moths 0 0 1 0
other aculeate wasps 0 0 0 1
other beetles 0.13 0.17 0.17 0.53
parasitoid wasps 0 0 0 1
snails 0.24 0.05 0.41 0.31
syrphid flies 0.44 0 0.09 0.47
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Figure 2.A1l: Variable selection for the structure model of each taxon in forest. Colors show how often
variables were included during 20-fold cross-validation. Structural variables are sorted by the total number
of times they where selected. See Wollauer et al. (2020) for variable details.
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taxa in forest. Colors show how often variables were included during 20-fold cross-validation. Structural
variables are sorted by the total number of times they where selected. See Woéllauer et al. (2020) for
variable details.
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Figure 2.A3: Variable selection for the structure model of each taxon in non-forest. Colors show how often
variables were included during 20-fold cross-validation. Structural variables are sorted by the total number
of times they where selected. See Wollauer et al. (2020) for variable details.
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Figure 2.A4: Variable selection for structural variables for the residual model and combined model of
each taxa in non-forest. Colors show how often variables were included during 20-fold cross-validation.
Structural variables are sorted by the total number of times they where selected. See Woéllauer et al.
(2020)) for variable details.
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Environmental Data Science

Abstract

In the context of the ongoing biodiversity crisis, understanding forest ecosystems, their tree species com-
position and especially the successional stages of their development is crucial. They collectively shape
the biodiversity within forests and thereby influence the ecosystem services that forests provide, yet this
information is not readily available on a large-scale. Remote sensing techniques offer promising solutions
for obtaining area-wide information on tree species composition and their successional stages. While op-
tical data are often freely available in appropriate quality over large-scales, obtaining Light Detection And
Ranging (LiDAR) data, which provide valuable information about forest structure, is more challenging.
LiDAR data are mostly acquired by public authorities across several years and therefore heterogeneous in
quality. This study aims to assess if heterogeneous LiDAR data can support area-wide modeling of forest
successional stages at tree species group level. Different combinations of spectral satellite data (Sentinel-
2) and heterogeneous airborne LiDAR data, collected by the federal government of Rhineland-Palatinate,
Germany, were utilized to model up to three different successional stages of seven tree species groups.
When incorporating heterogeneous LiDAR data into random forest models with spatial variable selection
and spatial cross-validation, significant accuracy improvements of up to 0.23 were observed. This study
shows the potential of not dismissing initially seemingly unusable heterogeneous LiDAR data for ecological
studies. We advocate for a thorough examination to determine its usefulness for model enhancement. A
practical application of this approach is demonstrated, in the context of mapping successional stages of
tree species groups at a regional level.
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3.1 Introduction

Forests provide a variety of indispensable ecosystem services, such as water storage and purification, reg-
ulation of air quality, climate regulation by functioning as sink and source for greenhouse gases, as well
as recreation and provision of raw materials and food (TEEB, 2010). Thus, forests and their biodiversity
are indispensable for mitigating the effects of climate change e.g. as carbon sinks (Hisano et al., 2018).
In addition, forests with rich vegetation diversity and structural complexity offer various positive effects on
biodiversity, including the promotion of animal species richness (Felix et al., 2004; Heidrich et al., 2023;
Macarthur & Macarthur, 1961 Stein et al., 2014; Zellweger et al., 2013). To preserve the ecosystem
services and functions that forests provide and to secure their climate mitigation potential, comprehensive
information on the state and diversity of their ecosystems is needed to inform decision-making. An impor-
tant component in this context is the accurate assessment of tree species composition (Berg, |1997; Cavard
et al., 2011} Felton et al., 2020; Gamfeldt et al., 2013; Seidl et al.,[2011) and additionally, the classification
of forest successional stages at tree species level. Forest successional stages describe the development of
the forest ecosystem typically after a disturbance in several phases, which are different in forest structure
and can thus serve as indicators for forest biodiversity (Wilson & Peter, 1988). The knowledge on forest
successional stages and their associated ecological processes is crucial for understanding and mitigating for
example climate change or anthropogenic disturbances (Corona et al., [2011} Poorter et al., 2023). Such
an understanding can furthermore improve monitoring and is fundamental for the development of adequate
conservation strategies (Hilmers et al., 2018; Tew et al., 2022).

The monitoring of forests and their successional stages is one of the main goals of extensive manual for-
est inventories, which usually only provide point-based information (Vidal et al., [2016). Comprehensive
area-wide information on their spatial distribution and proportions can be of help for near-natural forest
management (Hilmers et al.,|2018) and remote sensing can contribute to enhance traditional forest invento-
ries (White et al., [2016). Multi-spectral remote sensing has been found to be a feasible approach to classify
tree species in numerous studies (Grabska et al., 2019; Hemmerling et al., 2021; Hoscito & Lewandowska,
2019, Immitzer et al., 2016; Welle et al., [2022; Wessel et al., [2018; Xi et al., 2021). Several studies have
utilized remote sensing, particularly Light Detection And Ranging (LiDAR) data, for area-wide classification
of successional stages and the age of forest stands, however, those studies analyze the successional stages
across large areas without differentiating between tree species (Berveglieri et al., 2018; Cao et al., 2015;
Duan et al., 2023; Falkowski et al., [2009; Fujiki et al., 2016; Maltman et al., 2023; Zhao et al., [2021)).
Up-to-date studies classifying tree species specific successional stages are still rare (Stoffels et al., [2015),
but would contribute to recognizing the distinct differences associated with each tree species. Additionally,
these studies were performed in rather small areas with temporally aligned LiDAR data, typically collected
through dedicated flight campaigns. Unfortunately, LiDAR surveys are still very cost- and labor-intensive
and therefore often not directly commissioned by ecological monitoring programs.

Even though costs for LiDAR flight campaigns are high, Germany and large parts of Europe benefit from
abundant LiDAR data collected through statewide governmental campaigns. The complete coverage of a
federal state in Germany with multiple flights typically spans several years, with for example an interval of
six years for regions like the federal states of Hesse (HVBG, 2023)) and Saxony (GeoSN, 2023), five years
for North Rhine-Westphalia (Geobasis NRW, [2023)) , and four years for Rhineland-Palatinate (LVermGeo,
2023). Similar circumstances are found in other European countries, for example in Finland (NLS, [2023)
or Spain (MITMA, [2023) where governmental LiDAR data are collected at intervals of approximately
six years, or in Estonia with updates every four years (Maa-amet, 2023). Moreover, data availability is
unsystematically documented with no common standard or database. As the data is collected over multiple
flights, there are e.g., inconsistencies in flight dates and technical scanning properties. Furthermore, also
the already rather low point resolution of LiDAR data can vary as there are ongoing developments in sensor
technologies (see figure . As a consequence, these data sets are often viewed as not reliable enough for
ecological research purposes at larger scales and in some cases, it is even documented that studies refrained
from using LiDAR data sets for modeling due to their presumed poor quality (Stoffels et al., 2015).

This study evaluates the potential of typically available heterogeneous LiDAR data in Germany and many
parts of Europe for mapping temperate forest successional stages at the tree species level. Instead of
only mapping e.g. tree species or age distribution of a forest, this present study explicitly focuses on
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classifying and mapping forest successional stages for individual tree species. A comparative analysis of
models is conducted, employing different combinations of variables, which were derived from optical satellite
data (Sentinel-2) and heterogeneous LiDAR data. Random forest models with a modeling approach that
takes spatial auto-correlation into account by using spatial variable selection and spatial cross-validation
techniques were used (Meyer, Reudenbach, et al., [2019; Ploton et al., |2020). In a hierarchical modeling
approach, first a large-scale map for the seven most common tree species groups (douglas fir, larch, pine,
spruce, beech, oak, other deciduous trees) was generated for the entire federal state of Rhineland-Palatinate,
Germany. Subsequently, for each mapped tree species group up to three successional stages (qualification,
dimensioning, maturing) were modeled in three modeling approaches utilizing different variable sets. In
doing so, the aim of this study is to determine whether the utilization of heterogeneous LiDAR data can
positively influences model outcomes for forest successional stages at the tree species level.

3.2 Material and Methods

In the following sections, the modeling of tree species group specific forest successional stages is presented
in detail (see sections to and figure [3.1). The methodology involves training different models
with varying combinations of Sentinel-2 and/or LiDAR data to predict forest successional stages utilizing
the forest inventory of Rhineland-Palatinate as reference data. Through the application of spatial variable
selection and spatial validation techniques, the potential of the heterogeneous LiDAR data was evaluated.
The successional stages of the different tree species groups were mapped with a hierarchical approach, using
a tree species group model across the entire area of Rhineland-Palatinate as the basis for the successional
stages models. All data processing and modeling was done in R version 4.2.3 (R Core Team, [2023).
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Figure 3.1: General modeling workflow that is applied to every tree species group to model the specific
successional stages. The modeling makes use of two different data sets for prediction. On the one hand
LiDAR data, on the other hand multi-spectral Sentinel-2 data. From the LiDAR data various indices are
derived and from the Sentinel-2 data, which was processed within the software FORCE, the original bands
and additionally spectral indices were calculated. As reference data and therefore response variable of the
models the data from the forest inventory is used. We conducted three different model types, namely
structural, hybrid and spectral models using different combinations of the predictive data sets.

3.2.1 Study area

The federal state of Rhineland-Palatinate with an area of 19 858 km? (see figure is one of the especially
forest-rich regions in Germany, with 42% of its area covered by temperate forest (BMEL, |2018). Only 25.6%
are state-owned and surveyed by regular forest inventory campaigns. Most of the forests in Rhineland-
Palatinate (46.1 %) are owned by public corporations (e.g. local administration) or privately owned (26,7%)
and therefore, no centralized information on the state of all forests is available (Thiinen-Institut, 2012a)).
The majority of the forests are mixed forests and only 17.7 % of the forests are pure stands (Thinen-
Institut, 2012b). Overall, deciduous forests predominate, with shares ranging from 54.8 % to 64.6 % of
the forest, depending on the ownership structure (Thinen-Institut, [2012c).
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Figure 3.2: a) Location of the study area (orange) in Europe. b) Study area confined to the forest mask
(grey) derived from Copernicus high resolution layer. Data: EEA, 2022; GeoBasis-DE / LVermGeoRP,

OpenStreetMap, .

3.2.2 Data bases
Forest inventory data

In this study, the official forest inventory of Rhineland Palatinate was used as reference data, encompassing
stand information from state-owned forests. Each forest stand in varying size and shape is recorded in
polygons, which led to approximately 170,000 polygons (see figure . From these forest inventory
polygons (Landesforsten Rheinland-Pfalz, information about the forest successional stage, the most
common tree species group and the species purity were utilized. The polygons were filtered to a purity
of the most common tree species group of at least 80%. Following this filtering process, seven tree
species groups with at least 50 polygons for two to three successional stages (see table in the
appendix) remained for model training: douglas fir, larch, pine, spruce, beech, oak and other deciduous
trees. Three successional stages were considered for all tree species groups except for larch and pine:
The qualification stage (1), represents the early growth phase, which begins as the young trees outgrow
competition vegetation (Landesforsten Rheinland-Pfalz, [2023)). Following this, the dimensioning stage (1)
develops, characterized by a notable decline in the height and lateral growth of the tree crown. The oldest
successional stage considered in this study is the maturing stage (lll), where the tree surpasses 75 to 80
percent of its final height, resulting in a deceleration of height growth. Since the number of polygons
available for the qualification stage of both pine (16 polygons) and larch (1 polygon) was insufficient to
provide representative information, the focus for these two tree species groups was directed solely on the
dimensioning and maturing stages.
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Figure 3.3: Spatial distribution of the tree species groups from the forest inventory. As the forest inventory
only surveys state-owned forests the depicted polygons represent only a subset within the whole study area.
Data: Landesforsten Rheinland-Pfalz (2014)).

Sentinel-2 data

Multi-spectral optical data are proven to be adequate for tree species classifications (Grabska et al., [2019}
Hemmerling et al., [2021; Hoscito & Lewandowska, 2019} Immitzer et al., [2016; Wessel et al., 2018} Xi
et al., 2021)), making it an essential component in this study as well. ESA’s Sentinel-2 data provided the
spectral predictors for the models and were processed using the 'Software Framework for Operational Ra-
diometric Correction for Environmental Monitoring’ (FORCE; version 3.7.10; Frantz, [2019)). With FORCE,
the Sentinel-2 data from 2019-2021 were downloaded at level 1C and further atmospherically as well as
topographically corrected. Within FORCE near-infrared Landsat data was used to correct the spatial po-
sition of the Sentinel-2 images and, thus, decreasing the spatial error across satellite images (Rufin et al.,
2021). The Sentinel-2 images of the three years were used to create high-quality gap-free monthly mean
composites for the entire state of Rhineland-Palatinate at a resampled spatial resolution of 10 m. To
cover the whole phenological development, one image for winter (January), four covering the fast-changing
period from deciduous leaf-unfolding to establishing the canopy (March, April, May, June) and two images
for leaf senescence (September, October) were created. In addition to the original bands, multiple spectral
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indices reflecting vegetation properties were calculated. Table shows the Sentinel-2 spectral bands and
indices that were used in this study.

Table 3.1: Sentinel-2 bands and indices used in this study. Images for these bands and indices were
calculated from monthly composites for 2019-2021 for January, March, April, May, June, September and
October.

Name Description Reference

Visible bands

B2 Blue 490 nm

B3 Green 560 nm

B4 Red 665 nm

Near-infrared bands

B5 Red edge 1 705 nm

B6 Red edge 2 740 nm

B7 Red edge 3 783 nm

B8 Near infrared 842 nm

B8a Broad near infrared 865 nm

Shortwave bands

B11 Shortwaved infrared 1 1610 nm

B12 Shortwaved infrared 2 2190 nm

Vegetation indices

Vi1 Chlorophyll index red edge Gitelson, Gritz, and Merzlyak (2003)
VI2 Enhanced vegetation index Huete et al. (2002)

VI3 Kernel NDVI Camps-Valls et al. (2021)

Vi4 Modified normalized difference water index Xu (2006)

VI5 Modified simple ratio red edge Chen (1996)

V16 Modified simple ratio red edge narrow Ferndndez-Manso et al. (2016)
VIT7 Normalized difference moisture index Gao (1996)

VI8 Normalized difference red edge index 1 Gitelson and Merzlyak (1994)
VI9 Normalized difference red edge index 2 Barnes et al. (2000)

VI10 Normalized difference vegetation index Tucker (1979)

Vi1l Normalized difference vegetation index red edge 1 Gitelson and Merzlyak (1994)
VI12 Normalized difference vegetation index red edge 2 Ferndndez-Manso et al. (2016)
VI13 Normalized difference vegetation index red edge 3 Fernandez-Manso et al. (2016)
VI14 Normalized difference vegetation index red-edge 1 narrow Ferndndez-Manso et al. (2016)
VI15 Normalized difference vegetation index red-edge 2 narrow Fernandez-Manso et al. (2016)
V116 Normalized difference vegetation index red-edge 3 narrow Ferndndez-Manso et al. (2016)
VI17 Normalized difference water index McFeeters (1996)

VI18 Soil adjusted and atm. resistant vegetation index Kaufman and Tanre (1992)
VI19 Soil adjusted vegetation index Huete (1988)

LiDAR data

The LiDAR data are the key elements of this study, as its aim is to identify the potential of these het-
erogenous data in contributing to the classification of successional stages for individual tree species groups.
The LiDAR data utilized in this study were collected by the department for Surveying and Geographic In-
formation of Rhineland-Palatinate (GeoBasis-DE / LVermGeoRP, 2022). Recently, the acquisition interval
for LiDAR data in Rhineland-Palatinate was increased from a collection over nine years to only four years.
As the transition is still ongoing, in this study data from a seven-year interval from 2014 to 2021 covering
the whole state were used (LVermGeo, [2023)). Since the data result from many different flights, there
are variations in data point density across the acquisition dates (see figure [3.4]). Study areas consisting
of different flight campaigns tend to also vary notably in technical properties like for example scan angle
and flight altitude (Naesset, [2009; @rka et al., [2010; Solberg et al., 2009)). In total, 29 indices were
computed from the LiDAR data using the remote sensing database (RSDB) of Wéllauer et al., 2020, The
indices were computed for all areas identified as deciduous or coniferous forest according to the Coper-
nicus high-resolution layer for forest types of 2018 with a spatial resolution of 10 m (EEA, 2022). The
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calculated indices represent different categories of forest structure including canopy characteristics (e.g.,
canopy height), vegetation structure (e.g., penetration rate of different vegetation layers), overall vege-
tation properties (e.g., aboveground biomass, vegetation coverage, leaf area index), and terrain features

(e.g., elevation; see table [3.2).
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Figure 3.4: Properties of heterogeneous LiDAR data of Rhineland-Palatinate. The year in which the data
were recorded as well as the calculated point density derived directly from the LiDAR data set, based on
100 m pixel are depicted. It is visible that there is a transition from lower point densities in earlier years to
higher point densities in later years. Data: GeoBasis-DE / LVermGeoRP (2022).
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Table 3.2: Overview of LiDAR indices characterizing the vegetation calculated with the remote sensing
database (RSDB; Wollauer et al., 2020; see appendix for RSDB labels).

Name

Description

Canopy
CH (canopy height) max

CHM (canopy height model) max

CH mean

CHM mean

CH sd

CHM sd

CH median

CH skew

CH curtosis

CH perc 30

CH perc 70

Vegetation structure

PR (penetration rate) canopy
PR regeneration

PR understory

RD (return density) canopy
RD regeneration

RD understory

VDR

Vegetation

AGB

LAI

FHD

VC (vegetation coverage) 1m
VC 2m

VC 5m

VC 10m

Terrain

Elev (elevation) max

Elev mean

Elev sd

Elev slope

Maximum canopy height

Highest surface above ground - canopy height model (CHM) raster based
Mean top-of-canopy height

Mean of surface above ground - CHM raster based

Standard deviation of canopy height

Standard deviation of surface above ground - CHM raster based
Median canopy height

Skewness of canopy height distribution

Excess kurtosis of canopy height distribution

30% Percentile of canopy heights

70% Percentile of canopy heights

Penetration rate of canopy vegetation layer
Penetration rate of regeneration vegetation layer
Penetration rate of understory vegetation layer
Return density of canopy vegetation layer
Return density of regeneration vegetation layer
Return density of understory vegetation layer
Vertical distribution ratio

Aboveground biomass

Leaf area index

Foliage height diversity

Vegetation coverage in 1 meter height
Vegetation coverage in 2 meter height
Vegetation coverage in 5 meter height
Vegetation coverage in 10 meter height

Highest ground a.s.l.

Mean elevation

Standard deviation of ground a.s.l.
Mean slope

3.2.3 Methods
Matching Data

For each tree species group, the successional stages from the forest inventory data were used as response
variables, while either Sentinel-2, LiDAR, or Sentinel-2 and LiDAR variables were used as predictors in
different models (see figure . To process the polygons from the forest inventory data, all intersecting
pixels from the Sentinel-2 and LiDAR variables were extracted. To prevent confusion with adjacent areas, a
10 m negative buffer was applied at the edges of the polygons to exclude the border areas of the polygons.

Balancing data and splitting into testing and training data

The data were balanced to ensure that all classes of successional stages of tree species groups were treated
equally in the modeling process finding a trade-off between as much training data as possible and equal
distributions across classes. The data was balanced so that for each tree species group (1) the same number
of polygons from each successional stage was used and at the same time (Il) the same number of pixels
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from each polygon was randomly sampled. If the number of pixels from within each polygon is chosen very
small, many of the available polygons can be used, but only a few pixels of each, even of the very large
polygons, will be used. On the other hand, if the number of pixels is chosen to be large, more polygons
fall below this threshold and are therefore not considered further, but more pixels are considered from the
remaining polygons. This sampling of the data set was therefore optimized individually for each tree species
group producing a balanced data set as large as possible (for more details see appendixor the R code
in the data availability statement). From the resulting data set, 20 % of the polygons from each class were
retained for external testing, the rest was used for model training and validation (see tables[3.AI]and
in the appendix). From all the training data sets for each of the successional stages model (one data set
for each tree species group containing 80 % of the polygons of each class) all data was used to balance
a data set for the tree species group model, which was later used as a base for the hierarchical mapping
of the successional stages. The same balancing process as for each of the successional stages models was
done for the tree species group model on this data set.

Model specifications

Random forest models (Breiman, [2001) were trained with a forward feature selection (FFS) from the
R package CAST (version 0.7.1; Meyer et al., 2023). The FFS trains the models with each possible
two-variable combination, keeps the best performing one and adds more predictor variables until none
decreases the error of the current best model. This allowed recognition and removal of variables that lead
to overfitting (Meyer et al., [2018). Spatial cross-validation was used during variable selection and model
tuning to evaluate which variables and hyperparameters lead to the highest ability to make predictions for
new spatial locations within the study area. The polygons were used as spatial units and were randomly
split into ten different folds for the spatial cross-validation (Meyer et al., [2018; Ploton et al., [2020). The
final models were then tested on 20 % of the polygons that were held out for spatially independent testing
(see section to evaluate the potential of LiDAR data for classifying successional stages.

Modeling approach

To analyze the utility of LIDAR variables to classify and map forest successional stages, models were trained
on different combinations of Sentinel-2 and LiDAR variables. Three models were trained independently for
each of the tree species groups douglas fir, larch, pine, spruce, beech, oak, and other deciduous trees, to
predict the successional stages. The models solely using Sentinel-2 variables are hereafter referred to as
the "spectral models", the models incorporating Sentinel-2 and LiDAR variables will be denoted as "hybrid
models" in the following and the models exclusively trained on LiDAR variables as "structural models". The
comparison focused solely on models for successional stages assuming the tree species group as known.
To show the applicability of the successional stage models, an area-wide map with a resolution of 10 m for
all forested areas of Rhineland-Palatinate was generated. To achieve this, the Copernicus high-resolution
layer forest type data from 2018 were used as a forest mask (EEA, 2022). To map the successional stages
a tree species groups model was used as a baseline in a hierarchical modeling approach. This entailed a
two-step process: first, modeling of all tree species groups across the entire area as baseline, and secondly,
modeling of successional stages based on the predicted tree species groups. The modeling approach (either
spectral, structural, or hybrid) that performed best across all tree species groups on the test data, was
used for mapping. The tree species groups model was based on 360 training polygons from the forest
inventory data, each with 180 pixels, and tested on 96 polygons. The tree species groups were modeled
using the same modeling approach and the performance was tested using the same testing data set as for
all successional stages models. These data sets were never considered during model training, neither for
the tree species model, nor for the successional stages models and were spatially independent from the
training data.
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3.3 Results

This section presents the study findings of comparing the performances of different modeling approaches
for successional stages of specific tree species groups and thereby, evaluates the potential of using heteroge-
neous LiDAR data. Additionally, the variable selection of the different models and the area-wide prediction
of tree species groups specific successional stages throughout Rhineland-Palatinate were analysed.

3.3.1 Model performance

The structural models and hybrid models performed notably better than the spectral models for all tree
species groups. The hybrid models and structural models were quite similar in performance with the hybrid
models performance always being slightly superior except for pine, where model performances were the
same. As the spectral information from Sentinel-2 data improved the performance of the hybrid models
compared to the structural models, and Sentinel-2 data are freely and globally available, the utilization of
hybrid models should be preferred. Therefore, and for a more clear comparability, the following analyses
were limited to the comparison of the spectral models to the hybrid models. The results of the structural
model can be found in appendix 3.A2] The two left columns of figure [3.5] show the results from the
application to the test data sets of each successional stage and model, and the right column shows the
difference of the proportion of correctly classified pixels between models. For the spectral models, an overall
accuracy between 0.33 for the group other deciduous trees and 0.63 for larch could be achieved. With the
additional LiDAR variables in the hybrid models, the overall accuracies could be increased to between 0.43
for other deciduous trees to 0.78 for larch. However, the models for spruce and beech only gained very
little improvements in overall accuracy (0.05 and 0.04) compared to the spectral models and therefore, the
additional use of LiDAR variables (hybrid model) could not notably improve those performances.

The largest increase per tree species group in overall accuracy by adding LiDAR variables occurred for
douglas fir with an increase of 0.23, followed by oak and larch with an increase of 0.19 and 0.15, respectively.
Overall, for individual successional stages only the performances of the maturing stage of larch and beech
decreased, all other stages benefited from the additional LiDAR variables. To investigate whether one
successional stage profited more from the availability of LiDAR variables than another, an analysis of
variance was performed. The differences in gain of accuracy between the modeled stages across all tree
species groups showed no significant trend (p-value 0.29). A t-test was conducted to determine if the
increase in accuracy differs between deciduous and coniferous forests, however, no significant difference
existed (p-value 0.72). Generally, confusion matrices indicated that confusion predominantly occured among
adjacent successional stages. The only exception is the qualification stage of other deciduous trees, where
only 5% of pixels were classified correctly and the most misclassifications were not even in the adjacent
stage (dimensioning stage) but the maturing stage, which led to low evaluation scores (precision, recall and
f1). In the hybrid model, the scores of the most diverse tree species group of other deciduous trees clearly
improved but still had the weakest performance with an accuracy of 0.43 and poor recall (Qualification:
0.22, Dimensioning: 0.36) and precision values below 0.4 (Dimensioning: 0.37). Therefore, it appeared
inappropriate to use this group and its classified stages for mapping and consequently, it was excluded from
area-wide mapping (see section . For all other hybrid models, overall accuracies were at least above
0.6 and the gain in accuracy through the usage of LiDAR variables was 0.13 on average (see figure .
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Figure 3.5: Model performances. The left column of plots shows the results of models applied to the
test data sets only using Sentinel-2 variables (spectral models), the middle column shows the results using
Sentinel-2 and LiDAR variables (hybrid models). Each colored plot shows the confusion matrices of the
testing for one tree species. Labels from the reference data are shown on the x-axis and the predicted
values on the y-axis in percent. For example, the bar for the maturing phase (yellow), indicating the model
classification, should be as large as possible in the first row (maturing) of each plot. All classifications in
the same row, but in the other phases (blue and green) are misclassified. The right column shows the
differences in accuracy for each class between the spectral models and the hybrid models. All values are
rounded to two decimals.

3.3.2 Contribution of predictor variables

During model training, the feature selection process optimized the selection of variables to create the
optimal model. As described in more detail in section [3.2.3] the variable selection of the FFS starts with
a combination of two variables and adds the variable to the model that improves the current model the
most until no further improvement occurs (Meyer et al., . As the hybrid model additionally used
LiDAR-derived variables it is expected that the composition of variables changed for each hybrid model
compared to the spectral model. As there might be similarities between variables (especially between the
vegetation indices), all variables were categorized into groups by their information content to enable a
comparison (see tables[3.1]and[3.2)). Figure [3.6]shows a boxplot each for the spectral and the hybrid model
containing the ranks of the variables per group as determined by the FFS. A smaller rank indicates an
earlier selection and therefore, a stronger improvement and contribution to the model. The boxplot of the
spectral model shows the lowest ranks for the variables of the shortwave infrared group (median rank 2),
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followed by the visible (median rank 4). The near-infrared and the group of the vegetation indices both
were selected on average at rank 6. For the spectral models, variables from all groups but the visible bands
were selected for the first variable combination (Note: As the FFS chooses a combination of two variables
to start the feature selection with, rank 1 exists twice for each model). In every model at least one variable
from the group of vegetation indices and for the hybrid models additionally one variable from the group
canopy were selected. For all other variable groups, at least two models did not select any variables from
the respective variable group (see table .

For the hybrid models, there was a clear shift in variable selection. During variable selection the group of
canopy variables, containing different properties of the canopy, was selected the earliest. This is represented
by the median on the first rank, which differed significantly from the other variable groups (see appendix
table with median ranks ranging from four to six. The vegetation indices and the group of near-
infrared bands had on average a lower rank in the hybrid model than in the spectral model. In all spectral
models except for Douglas fir, at least one variable from the group of vegetation indices was used as initial
variable combination. Only variables of canopy and vegetation indices were used in the initial variable
combination (rank 1) in the hybrid model. Each model used one of those two groups for the initial
combination, except for beech, where even two variables from the canopy properties group were used. The
number of selected variables did not significantly differ between the spectral and the hybrid models (t-test
p-value = 0.48).
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Figure 3.6: The ranks of variable groups from variable selection. Boxplots display the ranks of variables
selected during feature selection for different variable groups. Colored dots show the rank separated by tree
species group. The boxes in the plot show the interquartile range of the ranks, with the median marked by
a vertical line within each box. The whiskers extend to the minimum and maximum ranks without outliers.
The data within the boxes indicate the average rank at which variables from each variable group were
selected during the feature selection process in model tuning. As each variable group consists of several
variables (see tablesand , each model might be represented in each group multiple times. Numbers
in y-axis labels indicate how many variables belong to each specific group. Black y-axis labels indicate that
variables are Sentinel-2 variables, while gray labels are LiDAR-derived variables. *Each Sentinel-2 variable

is available for seven months.
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Table 3.3: Count of chosen variables during feature selection. Numbers in row names indicate how many
variables belong to the specific variable group. Black variables are Sentinel-2 variables while gray variables
are LiDAR derived variables. *Each Sentinel-2 variable is available for seven month.

Table 3.4

Douglas fir Larch Pine Spruce Beech Qak Other decidicous trees | Total times chosen

Visible bands (3*) 1 1 0 2 1 2 0 7
Near-infrared bands (5%) 2 1 2 0 3 0 1 9
Shortwave bands (2*) 3 0 0 2 1 1 0 7
Vegetation indices (19%) 1 9 2 9 14 7 15 57
Total number of vars per model 7 11 4 13 19 10 16

Table 3.5

Douglas fir Larch Pine Spruce Beech Oak Other decidicous trees | Total times chosen

Visible bands (3*) 0 1 2 4 0 0 1 8
Near-infrared bands (5*) 0 0 1 0 2 0 0 3
Shortwave bands (2*) 0 0 0 1 0 1 0 2
Vegetation indices (19*) 5 4 3 2 6 7 6 33
Canopy (11) 1 1 2 1 2 2 2 11
Vegetation structure (7) 1 0 0 2 1 1 0 5
Vegetation (7) 0 2 0 1 1 0 0 4
Terrain (5) 0 0 0 0 1 0 2 3
Total number of vars per model 7 8 8 11 13 11 11

3.3.3 Area-wide mapping

To assess the applicability of the models, successional stages for all forested areas in Rhineland-Palatinate
were mapped, allowing for the approximation of a comprehensive spatial cross-validation error and the
visual testing of the plausibility of spatial patterns. The tree species groups model reached an accuracy of
0.81. Details of the model and its variable importance are provided in the appendix (see figure and
table . The area-wide map of tree species groups specific successional stages for the entire state of
Rhineland-Palatinate using the tree species groups model as well as the hybrid models for the successional
stages achieved an overall accuracy of 0.6 when applied to the test data sets. For detailed confusion
matrices see table and table in the appendix.

Figure [3.7] shows the map of tree species groups specific successional stages for the entire federal state
of Rhineland-Palatinate. On this map, general spatial patterns of distributions are visible. In the South-
east (Palatinate forest), pine trees dominate, while in the North (Westerwald) and West (Eifel and Hun-
sriick), spruce trees are predominantly present. In the areas around the rivers (e.g., Moselle, Rhine),
mainly various classes of deciduous trees are found. For a more detailed view visit the digital map at
https://envima.github.io/LidarForestModeling/. Artifacts caused by the heterogeneous LiDAR data were
not detected.
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Figure 3.7: Area-wide map of tree species groups and its successional stages for Rhineland-Palatinate.
Leaflet available at: https://envima.github.io/LidarForestModeling/I.

Figure [3.8 shows two areas of the area-wide map in more detail, which are located directly at the survey
borders of different LIDAR scenes (see figure 3.8b) with up to six years of temporal difference. Figure[3.8p
shows an area dominated by deciduous species, while figure 3.8 illustrates an area where predominantly
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coniferous forests are located. In the detailed maps of these border areas, no patterns are identifiable that
can be attributed to artifacts of the LiDAR data.
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Figure 3.8: Detailed map of LiDAR survey borders. Variations of the tree species group specific successional
stages are indicated with colors in two map sections in plot a) and c). These exemplary areas were chosen
at boundaries of LiDAR scenes with large temporal differences. On plot b) the years of acquisition for the
LiDAR data set can be identified with lighter colors for older data and darker colors for more recent data.

3.4 Discussion

Although there have been attempts to identify either only tree species (Breidenbach et al., Hem-
merling et al., or tree species in combination with successional stages (Stoffels et al., 2015) on
large-scale recently, the identification of the successional stages of tree species remains a major challenge
(Fassnacht et al., [2016)). In this context, the successional stages of seven distinct tree species groups were
modeled using different combinations of input variables and a variable selection approach. The best results
were obtained through the combined use of Sentinel-2 and LiDAR data, even though the LiDAR data was
of heterogeneous quality. This approach illustrated the potential of incorporating heterogeneous LiDAR
data sources in varying quality as typically available from governmental sources for ecological mapping and
monitoring.
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3.4.1 Modeling of tree species groups specific successional stages

The results of the study highlight that models of tree species groups specific successional stages benefit
from additional structural LiDAR variables regardless of the tree species group. Only in three models, the
recall of singular successional stages decreased with the additional use of LiDAR variables, while at the
same time the overall model performance of the particular tree species groups specific successional stages
model was increased. This confirms that heterogeneous LiDAR data can supplement models based on
multi-spectral satellite data for modeling tree species groups specific successional stages.

Several of the hybrid models predicted the tree species groups specific successional stages with high pre-
cision, but there were still limitations. Especially the successional stages model for the tree species group
of other deciduous trees showed a rather poor performance. Even though its accuracy increased by 0.1,
from 0.33 to 0.43, with the additional LiDAR variables, the performance still seemed not sufficient to
use this model for accurate area-wide mapping. Therefore the group of other deciduous tree species was
excluded from mapping. One potential factor causing the poor performance was likely to be the highly
heterogeneous composition of this class. While polygons were filtered to have at least 80% purity, a large
number of different tree species was grouped together in this class (see appendix table . Individual
tree species as cherry, birch, or willow were available in the data set with extremely limited amounts of
polygons preventing a meaningful modeling of these groups independently. As these species are occurring
less frequently in the study area, only enhanced field surveys targeting these species could enable effective
modeling of these species. All other classes yielded overall accuracies above 0.6 for the hybrid models
and were therefore appropriate for the use of mapping (see the use-case in section . Larch achieved
the best performance with an overall accuracy of 0.78; however, due to limited data availability, larch was
one of the two tree species groups where only two successional stages were modeled, which increased the
possibility of random correct classification.

An area-wide map of tree species specific successional stages can be used for the identification of the
habitat suitability for a certain species (e.g. Felix et al., [2004). However, the reliability of such maps is
determined by the quality of the remote sensing and especially the forest inventory data as well as by the
modeling approach. Forest inventory data of higher spatial resolution, potentially collected at individual
tree level, could improve spatial mapping and could overcome limitations of data availability and quality
for accurate and transferable models (Yates et al., 2018). Despite these challenges, mapping successional
stages is essential due to their significant impact on biodiversity (Hilmers et al., [2018; Reif et al., [2013)
and the preservation of forest ecosystem services.

The mapping of tree species groups specific successional stages in this study not only served as an end in
itself but will form a baseline for more indirect biodiversity mapping. Specifically, this study is a component
of a broader project that will incorporate this information for modeling the habitat of endangered forest-
dwelling bat species. This direct application underscores how such readily available but heterogeneous
LiDAR data can significantly contribute to nature conservation efforts. The availability of governmental
LiDAR data is high in Europe, and the successful utilization of LiDAR data in biodiversity research is
proven (Reddy, [2021; Toivonen et al., [2023) for various ecological domains. However, the unsystematic
accessibility and inherent heterogeneity, in acquisition years and pulse densities, of large-scale governmental
data sets for entire federal states remain challenging and time-consuming. At least more focus has to be
put on the pre-processing of data and the adjustment of modeling techniques increases workload substan-
tially. Nonetheless, in this study the rather slow development of successional stages in forest ecosystems
was investigated and the additional value of heterogeneous LiDAR data was shown. The data set used
in this study, illustrates a typical temporal and spatial imbalance of data often faced. Advocating for
thoroughly analyzing and, if applicable, using such heterogeneous and "old" data with appropriate training
and validation procedures rather than dismissing it prematurely. In order to meet the growing requirements
on conservation monitoring, those readily available but highly heterogeneous data should not be neglected
(Vanden Borre et al., [2011)) to exploit the full potential for ecosystem monitoring, especially since they
provide relevant information on the three-dimensional forest structure which cannot be substituted by pas-
sive sensors. Although recent high-resolution LiDAR data, as used by Falkowski et al. (2009)), should be
preferable and likely yield better results, such options are too cost-intensive for most practical ecosystem
monitoring applications. Governmental LiDAR data are more and more freely accessible (at least for sci-
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entific projects) and, when combined with publicly available Sentinel-2 data, can provide a valuable and
cost-effective data set. Therefore, researchers and practitioners are encouraged to utilize the available
heterogeneous data to advance the understanding of ecosystems.

3.4.2 Change in variable selection

To assess the potential of heterogeneous LiDAR data for modeling of tree species groups specific succes-
sional stages, it is of interest how the variable composition changes, when LiDAR variables are available
for selection. Figure clearly shows that with the availability of LiDAR variables, the canopy properties
became important predictors. For the group of vegetation indices, interpretation is twofold. Except for
the spectral model for douglas fir and the hybrid model for beech, at least one variable from the group
of vegetation indices was used for every initial variable combination, indicating vegetation indices can fa-
cilitate the prediction of successional stages (see table . However, the rather low average rank shows
that vegetation indices were also often selected rather late in the FFS, indicating only little improvement
of modeling performance. Vegetation indices form a strong modeling base, with different other variables
in the spectral model depending on the tree species group. In the hybrid model these fluctuations were
uniformly replaced by canopy properties adding to a strong combination of canopy properties and vege-
tation indices for the prediction of successional stages in all tree species groups. Apart from the initial
variable combination, the median ranks of all variables but the canopy properties (rank 1) ranged between
four and six in the hybrid models. In the hybrid model, the variables of the canopy properties also seem to
replace the early usage of single Sentinel-2 bands in the spectral model. This means that the combination
of structural and optical features form a great baseline for the differentiation between successional stages.
The importance of structural information is reasonable as during succession the growth of vegetation is a
key component. Therefore, it seems plausible that canopy variables are more crucial. In particular, canopy
height (see appendix was often selected as one of the first and, therefore, most important variables.

3.4.3 Area-wide mapping

According to Holzwarth et al. (2020) and to our state of knowledge, large-scale mapping of tree species
groups specific successional stages has so far only been carried out once in Germany by Stoffels et al.
(2015). Here, the tree species groups specific successional stages for the entirety of Rhineland-Palatinate
were mapped. The hybrid models, which demonstrated superior performance in modeling successional
stages compared to the other models (see section supported by a preceding tree species groups model
were utilized for mapping. The accuracy as derived from the test data was 0.6 for all 16 classes (this
excludes the successional stages classes of other deciduous trees) and is therefore comparable with the
results of Stoffels et al. (2015]) (Accuracy 0.55).

While the direct comparability of results of other studies is limited due to slightly different classes and
the spatially independent validation and testing approach, a rough comparison of the magnitudes of their
performances is permissible given the similarity. Both models demonstrate similar qualities, with the
extended scope in the approach used here of including the tree species group larch into modeling. Notably,
both approaches also show confusion mainly among adjacent successional stages. One advantage of the
approach of this study is the utilization of free Sentinel-2 data in combination with readily available LiDAR
data. However, even though typically LiDAR data are being collected and available almost everywhere
across Europe, its documentation and accessibility vary significantly, often requiring case-based inquiries
with the relevant authorities to obtain access. Nevertheless, depending on local regulations, the LiDAR
data are often freely available for research and monitoring purposes, enabling monitoring regardless of
financial capabilities compared to the usage of for example SPOT data in Stoffels et al. (2015) approach.
The hierarchical modeling approach additionally features flexibility to improve the quality depending on the
research question. Especially when interested in specific tree species or tree species groups this approach
delivers the possibility to develop or use specialized tree species groups models and add successional stages
models. This study also demonstrates that certain tree species groups (beech, spruce) do not significantly
benefit from the additional LiDAR data. In cases where studies specifically focus on one of these tree
species groups for the modeling of successional stages, potentially, no further benefit can be derived by
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adding LiDAR data for these species.

Not only the careful quantitative testing but also the visual analysis of the map yielded convincing results.
Figure [3.7] shows general spatial patterns of tree species that align with the actual forest patterns in
Rhineland palatinate (see figure PEFC - Arbeitsgruppe Rheinland-Pfalz, 2010). If the heterogeneity
of the LiDAR data had posed a problem for the models, this would be expected to be revealed by the
observation of rectangular areas mirroring the LiDAR flight scenes across the map. No artifacts are visible
on the map, and even at boundaries between LiDAR aerial surveys that are furthest apart in time as shown
in figure do not exhibit any distorting patterns. At the intersection of the 2014, 2017 and 2020 flight
campaign boundaries in figure [3.8] there is an area classified as beech in the qualification stage spreading
across the borders of all three LiDAR scenes, without showing any artificial linear structures that could
originate from these abrupt transitions.

This study focused on forests, where changes occur rather slowly compared to other vegetation types. It
was demonstrated that even heterogeneous LiDAR data can be valuable for mapping tree species groups
specific forest successional stages. However, there might be limits with faster growing vegetation that
should be explored further.

3.5 Conclusion

In the ongoing biodiversity crisis, the monitoring of forests is of high importance. Traditional field-based
inventories are not able to provide comprehensive, area-wide coverage of information over large areas due to
their cost and labor-intensive nature. Remote sensing is a promising solution to develop efficient area-wide
monitoring strategies. However, capturing structural data, such as LiDAR information for modeling of
successional stages, necessitates expensive flight campaigns to acquire current high-resolution data. Such
resources are often unavailable for regional monitoring purposes or minor nature conservation projects.
In Germany, federal states commonly conduct smaller LiDAR flight campaigns, covering the same region
approximately every 5 to 10 years. Consequently, this results in heterogeneous data sets that are often
viewed with skepticism regarding their utility, leading to their exclusion from modeling efforts. The present
study reveals that these highly heterogeneous LiDAR data improved the modeling of tree species groups
specific successional stages considerably. Therefore, it can be concluded that the potential of LiDAR data
should not be underestimated and at least a thorough analysis of their potential benefit for ecological
studies should be conducted. The effort of adapting pre-processing and modeling can lead to improved
results that can be valuable to nature conservation approaches. It is expected that more recent and higher-
quality LiDAR data would improve model results further, however, such instances are rarely encountered
in reality for large-scale studies. Improving the available LiDAR data was not within the scope of this
study but it might be possible that utilizing current data sources like GEDI (Global Ecosystem Dynamics
Investigation), could potentially optimize the use of heterogeneous LiDAR data in the future. During this
study, it was found that even heterogeneous LiDAR data were evidently helpful for modeling tree species
groups specific successional stages and should not be neglected. While public authorities collect LiDAR data
almost everywhere in Germany and also other european countries, the direct availability and documentation
are highly heterogeneous, incomplete, and disorganized. Therefore, we advocate for relevant authorities
to make the data more accessible or at least visible in a structured manner. As this study showed, this
could provide a valuable contribution to ecosystem research and, subsequently, to the preservation of forest
ecosystem services.
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Appendix

Table 3.A1: Number of available pixels and polygons per tree species group after balancing.

Tree species group Training pixels Training polygons Pixel per polygon Test pixels Test polygons
Douglas fir 10380 60 151 3114 18

Larch 7596 36 211 2110 10

Pine 12844 26 494 30952 8

Spruce 30810 237 130 7410 57

Beech 61152 168 364 14560 40

Oak 18573 123 151 4983 33

Other deciduous trees 12714 78 163 3423 21
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Table 3.A2: Overview of structural LiDAR indices with the names of the the remote sensing database
(RSDB; Woallauer et al., |2020). The formulas of the calculation of each index can be found under their
RSDB name at: https://github.com/environmentalinformatics-marburg/rsdb /wiki/Point-cloud-indices.

Name RSDB label

Canopy

CH (canopy height) max BE_H_MAX

CHM max chm_height_max

CH mean BE_H_MEAN

CHM mean chm_height_mean

CH sd BE_H_SD

CHM sd chm_height_sd

CH median BE_H_MEDIAN

CH skew BE_H_SKEW

CH curtosis BE_H_KURTOSIS

CH perc 30 BE_H_P30

CH perc 70 BE_H_P70

Vegetation structure

PR (penetration rate) canopy BE_PR_CAN

PR regeneration BE_PR_REG

PR understory BE_PR_UND

RD (return density) canopy BE_RD_CAN

RD regeneration BE_RD_REG

RD understory BE_RD_UND

VDR VDR

Vegetation

AGB AGB

LAI LAI

FHD BE_FHD

VC (vegetation coverage) Im  vegetation_coverage_01lm_CHM
VC 2m vegetation__coverage_02m_CHM
VC 5m vegetation__coverage_ 05m_CHM
VC 10m vegetation__coverage_10m_CHM
Terrain

Elev (elevation) max dtm__elevation_max

Elev mean BE_ELEV_MEAN

Elev sd dtm__elevation_sd

Elev slope BE_ELEV_SLOPE
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function

end

density = count rows of data grouped by response

rename density columns to (“Varl", "Freq")

densityPlots = count rows of data grouped by polygonID

Rename desityPlots columns to ("Varl", "Freq")

balancingDF = create an empty data frame

for iin 1 to 500 (max number of pixel per polygon to consider)
minID = get rows from densityPlots where Freq is greater than or equal to i
locationID = unique values of minID Varl
dataSubset = filter rows of data where polygonID is in locationID
trainDensity = count rows of dataSubset grouped by response

summarize trainDensity with numberDistinctLocations and store it in sampels and
minSamples columns

append trainDensity to balancingDF
end
balancer = get rows from balancingDF where sampels is the minimum value
balancerDF = get rows from balancingDF where response matches balancer
maxBalancer = get rows from balancerDF where sampels is the maximum value
if rows in maxBalancer are more than 1

maxBalancer = get rows from maxBalancer where numberDistinctLocations is the
maximum

end
balanceAll = get rows from balancingDF where minSamples matches maxBalancer

minlID = get rows from densityPlots where Freq is greater than or equal to maxBalancer
minSamples

locationID = unique values of minID Varl
dataSubset = filter rows of data where polygonID is in locationID
IDs = empty list
for each class in unique response
tmp = filter rows of dataSubset where response matches class

ID = get unique values of tmp polygonID and sample a minimum of density
numberDistinctLocations

add ID to IDs
end
balancedData = filter Rows of dataSubset where polygonID is in IDs

return balancedData

Figure 3.A1l: Pseudocode balancing.
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Table 3.A3: Number of available forest inventory polygons for each successional stage and tree species

group.
Tree species group Establishment Qualification Dimensioning Maturing Generational change Decay
Douglas fir 8 157 1104 98 0 0
Larch 0 1 78 88 0 0
Pine 0 16 101 1726 0 0
Spruce 6 255 1777 1320 0 2
Beech 10 283 695 1636 0 13
Oak 25 162 1135 1810 0 1
Other deciduous trees 13 157 600 462 0 2
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Figure 3.A2: Left Column of plots shows test results of models only using Sentinel-2 variables (spectral
models), middle column shows test results using Sentinel-2 and LiDAR variables (hybrid models). The
right column shows the test results of the models using only LiDAR variables (structural model). Each
plot shows the confusion matrices of the testing for one tree species group. Observed values are shown on
the x-axis and the predicted values on the y-axis in percent. For example, the bar for the maturing phase
(yellow) should be as large as possible in the first row (maturing) of each plot. All values that end up in
the other phases (blue and green) are misclassified pixels. Values are rounded to two decimals.
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Table 3.A4: Significance of t-test for each variable group.

Visible Near-infrared Shortwave Vegetation index Canopy Structure Vegetation Terrain
Visible 0.6789 0.4249 0.4874 0.009882 0.7102 0.7979 1
Near-infrared 0.6789 0.7609 1 0.1009 1 0.5821 0.5066
Shortwave 0.4249 0.7609 0.8581 0.1761 0.8451 0.4811 0.4
Vegetation index 0.4874 1 0.8581 0.009464 0.8112 0.5548 0.666
Canopy 0.009882 0.1009 0.1761 0.009464 0.02926  0.03983 0.06984
Structure 0.7102 1 0.8451 0.8112 0.02926 0.705 0.6447
Vegetation 0.7979 0.5821 0.4811 0.5548 0.03983  0.705 1
Terrain 1 0.5066 0.4 0.666 0.06984  0.6447 1
Tree species groups
VI2 June & VI14 January - L)
V115 March 4 L)
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V114 October - L )
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Figure 3.A3: Variable importance of the tree species groups model.
Table 3.A5: Confusion matrix for the tree species groups model with a total accuracy of 0.81 on test data.

The values indicate the classified pixels as percentage.

Douglas fir Larch Pine Spruce Beech Oak Other deciduous trees
Douglas fir 85 0 4 2 0 1 2
Larch 1 86 2 2 1 2 4
Pine 5 3 90 2 5 1 2
Spruce 7 0 2 89 2 1 2
Beech 1 5 2 1 84 11 3
Oak 0 3 1 0 6 63 13
Other deciduous trees 1 2 0 3 1 23 74
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Table 3.A6: Confusion matrix for the hierarchical modeling of tree species groups and successional stages
with letter indicating the successional stages (qualification: q, dimensioning: d, maturing: m). The values
indicate the classified pixels as percentage.

coocoomo-oooocoXoj

61

m

Oakq d
1
1
0
2
0
1
2
2
0
0
12
1
9
54
14
1

m
0
0
0
0
0
1
1
1
0
1
5

12

0
0
0
2
1
5
0
1
1
1
3
53
30 72
1
2
1

Beechq d
0
0
0
1
1
1
1
3
0
1

48

25
10
5
3
3

m
0
1
2
0
0
1
1
2
22 62

0

0

0

0

0

1

1

26
47 29

Spruce q d
2
0
0
1
0
1
0
72
21
1
1
0
0
1
0
0

Pined m

Larchd m

m
2
31

12
41
36 56
1
0
4
1
1
2
2
0
1
1
0
0
0

Douglas firq d
65
1
3
0
0
3
0
12
1
0
0
0
0
0
0
0

Douglas fir q
douglas fir d

Douglas fir m
Larch d

Larch m
Pine d
Pine m
Spruce q
Spruce d
Spruce m
Beech q
Beech d
Beech m
Oak g
Oak d
Oak m

55



Table 3.A7: Most important species in the tree species groups in the forest inventory data.

Douglas fir

Douglas fir Pseudotsuga menziesii
False cypress Chamaecyparis
Juniper Juniperus

Redwoods Sequoioideae

Thuja Thuja

Tsuga Tsuga

Yew Taxus

Larch

European larch
Japanese larch

Larix decidua
Larix kaempferi

Pine
Black pine Pinus nigra
Pine Pinus nigra

Ponderosa pine
Weymouth pine

Pindus ponderosa
Pinus strobus

Spruce

Serbian spruce
Sitka spruce

Picea omorika
Picea sitchensis

Spruce Picea

Beech

Beech Fagus

Oak

Common oak Quercus robur
Downy oak Quercus pubescens
Sessile oak Quercus petraea
Turkey oak Quercus cerris

Other deciduous trees

Short-lived deciduous trees
Alder

Aspen

Balsam poplar

Birch

Black poplar

Cherry

Downy birch
European crab apple
European wild pear
Goat willow

Poplar

Rowan

Silver birch
Long-lived deciduous trees
Ash

Black locust
Common hornbeam
Common whitebeam
Eastern american black walnut
Elm

English walnut

Field maple
Large-leaved linden
Linden

Montpellier maple
Norway maple

Red oak

Service tree
Shadbush
Small-leaved linden
Sorbus species
Sweet chestnut
Sycamore maple
Wild service tree

Alnus

Populus tremula
Populus balsamifera
Betula

Populus nigra
Prunus

Betula pubescens
Malus sylvestris
Pyrus pyraster
Salix caprea
Populus

Sorbus aucuparia
Betula pendula

Fraxinus excelsior
Robinia pseudoacacia
Carpinus betulus
Sorbus aria

Juglans nigra

Ulmus

Juglans regia

Acer campestre

Tilia platyphyllos
Tilia platyphyllos
Acer monspessulanum
Acer platanoides
Quercus rubra
Sorbus domestica
Amalanchier

Tilia cordata

Sorbus

Castanea sativa

Acer pseudoplatanus
Sorbus torminalis
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Figure 3.A4: Variable importance of hybrid and spectral tree species groups specific successional stages
models. For each tree species group one model only using Sentinel-2 data (spectral on the left) and one
using Sentinel-2 and LiDAR (hybrid on the right) is depicted. Sentinel-2 variables are labeled black and

LiDAR variables are labeled gray at the y-axis.
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Chapter 4

Using GEDI as training data for an
ongoing mapping of landscape-scale
dynamics of the plant area index

This chapter has been published as:

Ziegler, A., Heisig, J., Ludwig, M., Reudenbach, C., Meyer, H. and Nauss, T. (2023), Using GEDI as training data
for an ongoing mapping of landscape-scale dynamics of the plant area index, Environmental Research Letters 18(7).
https://doi.org/10.1088,/1748-9326/acde8f.

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 spaceborne 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 LAl 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 PAl 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.
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4.1 Introduction

Leaf area index (LAI) describes the structure of vegetation as the ratio of leaf area to ground area. LAl
is a highly relevant variable for interactions between vegetation and atmosphere and is therefore one of
the proclaimed Essential Climate Variables (ECV) (GCOS, [2021)). The plant area index (PAl) 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 considered. However, the PAl is closely
related to the LAl (Feret et al., |2008; Myneni et al., 2001; Tang et al., 2012; Weiss et al., 2007). 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 runoff models as it affects not only evapotranspiration rates but also immediate
water retention (Huang et al., 2022; Seo & Kim, 2021; Tesemma et al., 2015)). Since LAl 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 modeling of such variables.

Various field methods and techniques exist for the direct (destructive) measurement and the indirect
estimation or inverse modeling of the LAl (Fang et al., 2019; Zheng & Moskal, 2009). 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 LAl (Wang & Fang, 2020;
Yan et al., [2019)). 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 regular 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 (Baghdadi et al., [2016; Frampton et al., 2013;
Kganyago et al., [2020; Luo et al., [2020; Padalia et al., [2020; Pasqualotto et al., 2019; Wang et al., [2019).
Yet, this requires extensive ground truth data and sophisticated modeling strategies, to link optical and
radar data to the response variable - the LAl This leads back to the point that field observations are
not sufficiently comprehensive in the spatial and temporal 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; Di Tommaso et al., [2021} Healey et al., 2020;
Kacic et al., [2021; Marselis et al., [2020} 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 plant area index (PAIl) that is closely related to the LAI (see
section . Version 2 of the PAI product provides information for footprints with 25 m in diameter
with a spacing of 60 m along track and 600 m across track (Dubayah et al., [2020). To derive wall-to-wall
products from GEDI’s PAI, ESA’s Sentinel-1 and Sentinel-2 systems are promising candidates, as vegetation
structure 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 LiDAR observations (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 a high potential
to estimate LAI from a combination of different spectral bands using non-linear models (Baghdadi et al.,
2016} Jiang et al., 2020; Korhonen et al., [2017; Luo et al., [2020; Verrelst et al., [2015; Wang et al., 2019)).
The aim of this study is to use the PAIl as estimated by GEDI to produce wall-to-wall maps by an integration
of Sentinel optical and radar data. The integration of GEDI's PAl 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 temporally aggregation,
i.e. long-term means of such variables (Chen et al., 2021; Dorado-Roda et al., 2021; Francini et al., 2022;
Healey et al., 2020; Khati et al., 2021; Potapov et al., [2020; Shendryk, 2022; Verhelst et al., 2021). This
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is certainly suitable for a detection of large-scale spatial patterns, however, does not support seasonality
and is hence not suitable for studies that require the consideration of phenology. The potential of learning
the seasonal dynamics by using the different overpasses of the GEDI with the corresponding 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 PAl with a temporal resolution that is in accordance with
the availability of the frequent Sentinel scenes. Motivation for this study comes from the limited duration
of the GEDI mission onboard the ISS. Therefore it is of particular importance to apply and test the trained
model beyond 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, results are interpreted by taking the different
types into account.

4.2 Methods

4.2.1 Study area

The state of Hesse, Germany (about 21000 km?) was used as the study area (see figure [4.1)). 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 (European Union, Copernicus Land Monitoring 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 4.1: CORINE land cover classes for the study area Hesse. Small sketch in the bottom-right corner
shows the location of Hesse within Germany.

4.2.2 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 (see

Plant Area Index GEDI data

The GEDI mission was operational from March 2019 to March 2023 and is tentatively scheduled to provide
additional data beginning in the fall of 2024. All orbits that intersected the study area within the study
period were identified using the rGEDI package in R (Silva et al.,[2021). The level 2B version 2 PAI product
was obtained within GEE and contains footprints with a diameter of 25 m for eight parallel tracks spaced
600 m across track and 60 m along track (Dubayah et al., . For our study area it offers about one
daily overpass but no complete spatial coverage or overlap (Dubayah et al., . Of the available 1441
GEDI overflights from April 2019 until December 2021, 1 347 potential overflights remained after excluding
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footprints with a low quality flag and GEDI'’s sensitivity value below 0.9 in the Level 2B PAI product (Tang
et al., 2019).

Sentinel-1 data

To provide spatially continuous predictors for PAIl, the ground-range-detected high-resolution product of
Sentinel-1's C-Band radar, retrieved directly within GEE, was used for the study. Both polarization modes
(VV: vertically transmitted and received, VH: vertically transmitted and horizontally received) with a res-
olution of 10 m and their difference and ratio (VV-VH, VV/VH) were used as potential predictor variables
since these metrics showed to be sensitive to seasonal changes in forested areas (Frison et al., 2018). For
the selection process of appropriate scenes and the matching with GEDI data, see section 4.2.3]

Sentinel-2 data

Sentinel-2 Level 2A multi-spectral data, retrieved directly within GEE, provided the second source of po-
tential predictor variables for the PAI. All available spectral bands except band 10, which lies within the
atmospheric absorption bands of water vapour and carbon dioxide, were selected as potential predictors in
their original resolution. The normalized difference vegetation index (NDVI), enhanced vegetation index
(EVI) and the inverted red-edge chlorophyll index (IRECI), that copes well with the problem of oversatu-
ration in LAl products, were computed (Frampton et al., [2013). For the selection process of appropriate
scenes and the matching with GEDI data, see section [4.2.3

4.2.3 Processing Methods
Temporal and spatial matching of GEDI data with Sentinel-1/-2

Temporally matching Sentinel data were queried for each of the 1441 available GEDI overpasses. We
allowed a temporal difference of +/- 3 days for Sentinel-1 and +/- 5 days for Sentinel-2 and a maximum
cloud cover of 50 % per scene. If more than one scene was available within this window, we chose the
temporally closest cloud-free pixel to the GEDI acquisition date. All pixels selected according to this
procedure were combined into a mosaic and used in the following for the corresponding GEDI recording. If
no adequate Sentinel data were available within this time window, the GEDI overpass was not considered
for further analysis. For each of the 25 m footprints, all intersecting pixels were extracted from the mosaic
and used as predictor variables for the model.

Data quality and sampling strategy

The availability of sufficiently large data sets allowed generous filtering to use only high quality data points,
especially because the GEDI location error adds additional uncertainty. Therefore, GEDI footprints were
excluded if located within a 1000 m buffer around pixels marked as clouds or cloud shadows or flagged as
defective by Sentinel’s scene classification band (SCL). If footprints were flagged in the GEDI quality band
or covered mixed land cover classes according to the CORINE inventory they were excluded from the study.
Additionally, only the five main land cover classes were taken into consideration (see section . Outliers
were rigorously eliminated from Sentinel and PAI data by excluding the upper and lower 0.1 % of the data
points. This temporal and spatial matching as well as sub-sampling resulted in 7 132 148 valid observations
from 1327 GEDI overpasses between April 2019 and December 2021. Due to the massive amount of
data points we randomly sampled 150 000 of those high quality points for model training (127 449 points)
and testing (22551 points, see figure . The number of samples for the training data set across land
cover classes and month is visible in figure and roughly follows the distribution corresponding to the
proportions of land cover classes (see section and prevailing weather conditions of the seasons.

63



mixed forest

coniferous 34431 2515 3244
frequency
8000
8 6000
S broad leaved o7l 7212 82509 1357 843 4000
)

2000

pasture 47825 4053 B5605 763 1204

arable land AAOZ3N6 O STANTF1I80) 1081 716

1 2 3 4 5 6 7 8 9 10 11 12
month

Figure 4.2: Number of available PAI observations in training data by month and land cover class.

Model training

In sum 16 predictors formed the set of training data: two from Sentinel-1 (see section ; nine Sentinel-
2 channels and five derived indices. A random forest machine learning approach was used to model PAI
with the R packages caret (Kuhn, 2008), ranger (Wright & Ziegler, and CAST (Meyer, [2018)).
During model tuning a spatial cross-validation (CV) was applied to evaluate the potential of models to
predict GEDI PAI for new spatial areas. Therefore, we divided the data into 20 folds by keeping footprints
from one orbit placed in the same fold, to ensure spatial and temporal independence between folds. For
training, we only took data from 2019 and 2020 and used the 2021 data to assess the ability of the trained
model to make predictions beyond the training phase. During model tuning, a spatial forward feature
selection as explained in Meyer et al. and Meyer, Reudenbach, et al. (2019)) was applied: from all
18 potential predictor variables, only those that led to the lowest spatial CV error (RMSE) were selected for
the model training. The models were trained with 50 trees and the hyperparameter mtry was tuned with
three different numbers of variables included in the respective training iteration step (2,6,11). After tuning,
model performance was quantified with the remaining 2021 data by computing R? and RMSE. Since the
land use classes differ strongly in their variance, the RMSE was additionally normalized with the standard
deviation (RMSE/sd) to allow a direct comparison of the performances between the different classes. To
visually interpret the spatial patterns of the predictions, we applied the model to monthly composites of
the predictors for the year 2021.
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4.3 Results

4.3.1 Comparison of the temporal phenology dynamics of GEDI PAIl and Sentinel-2
NDVI

To assess the plausibility of the GEDI PAI dynamics compared to the well-established NDVI, we first assessed
the time series of both data sets. The temporal development of PAI from GEDI and NDVI from Sentinel-2
show clear patterns of vegetation phenology. While the NDVI reflects the phenology of vegetation by
spectral properties responding to green biomass, the PAI reflects phenology by a change in the structure.
The temporal dynamics in both, PAl and NDVI, reflect general differences especially during the summer
months between arable land and pastures (lower values) and different forest types (higher values), but
feature a large within-class variability (figure . The forest bud burst and leaf growth is well represented
in the NDVI between February and May and also clearly visible in the PAIL. The three forest types show
different seasonal patterns in the NDVI, which also corresponds to the patterns in PAI. For pastures, the
similarity between NDVI and PAI dynamics is less distinctly compared to the forest classes, as expected.
However, the same tendencies can be observed considering an increasing variability during the summer
months. The most obvious difference in PAl compared to what is reflected by the NDVI is observed for
arable land. Here the NDVI shows clear seasonal patterns, which are not reflected by the median monthly
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Figure 4.3: Temporal variability of the GEDI's PAI (top) and Sentinel's NDVI (bottom) per land cover
class. The NDVI values are extracted from the same locations as the PAI and include a total of 150000
points across the years 2019-2021.
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4.3.2 Assessment of the trained model

The spatial forward feature selection revealed that eleven out of 16 predictors were useful for spatial
predictions of the PAI (figure [4.4). The best seven predictors include two visible bands (bands 3 and 4),
two Sentinel-1 bands (VV and VH), two near-infrared bands from the red edge spectrum (bands 5 and 7)
and one vegetation index (EVI). Both Sentinel-1 indices, and the two vegetation indices from Sentinel-2
data as well as the short wave infrared band (band 9) could not improve the model further.
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Figure 4.4: Ranking by RMSE of the predictor variables that were chosen in the feature selection to be
included in the model.

The cross validation error for the 2019 and 2020 data set reached a R? value of 0.45 (RMSE: 1.20,
RMSE/sd: 0.83). Based on the independent validation data set from 2021, the model reached an overall
R? performance of 0.40 (RMSE: 1.12, RMSE/sd: 0.78). The difference between the cross-validation
performance and the external validation statistics can be regarded as an indicator of the models potential
to be applied beyond the training period. A large difference would indicate that the model performs
significantly better within the training period. In our case, the cross-validation error (gray) agrees well with
the external test data set when validated across the land cover classes.

Figure shows a heat map of the RMSE/sd for the independent validation by land cover class and
month. Arable land performed worse than forest classes, overall and for each individual month except for
September. In the winter months they fall far behind other classes with RMSE /sd above 5 (see figure [4.5)).
Forested classes follow a seasonal pattern with better performance in the summer months. The ranking of
the performances of the forested classes alternates (see figure [4.5)). In most months, coniferous forest has
the best performance, despite an overall worse performance than mixed or broad-leaved forest (see table
[4.1)). The monthly breakdown of the external validation (see figure demonstrates that all RMSE/sd
values are below 1 and reveals a seasonal pattern with a better performance during the summer months.
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Regarding the error metrics throughout the whole year split up by land cover class as shown in table
RMSE/sd values stay below 1 for all forested classes and above 1 for arable land and pastures.

Table 4.1: Prediction errors that were externally validated against a testing data set from a different year,
differentiated by land cover class (white rows). The gray row indicates the error from the cross validation
within the model training.

corine Rsquared RMSE RMSE/sd
mixed forest 0.29 1.25 0.84
coniferous forest 0.20 1.21 0.90
broad-leaved forest 0.25 1.44 0.88
pastures 0.14 0.91 1.06
arable land 0.05 0.75 1.46
all 0.40 1.12 0.78
all (cross validation error)  0.45 1.20 0.83

mixed forest

coniferous

RMSE/sd
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broad leaved 15
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Figure 4.5: Assessment of prediction errors (RMSE/sd) for the 2021 validation data by month and land
cover class.
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Figure 4.6: R2 and RMSE/sd error metrics for the 2021 validation data by month.

4.3.3 Spatio-temporal prediction

Spatial wall-to-wall predictions for the study area were computed based on monthly median values of
Sentinel-1 and Sentinel-2 data from 2021. Figure shows a sequence of four PAI predictions covering
the growing season 2021. For a comparison of all 12 months see figure in the appendix. The
general expectation that PAl increases significantly during the growing season and that there are significant
differences between forest and non-forest are evident in figure [4.7] This impression is also confirmed by
analyzing the predicted PAI dynamics separately for each land cover class (boxplots in figure analogue
to figure . Predictions during January and November, however, are based on considerably less available
pixels than during the rest of the year (figure . To check the agreement of the annual dynamics,
Pearson’s correlation coefficient was calculated between the monthly medians for the 2021 observations
and the 2021 predictions. As detailed in table[4.2] this reveals a significant positive correlation for all forest
classes but can not find a significant correlation for arable land and pastures.
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Figure 4.8: Temporal variability of the GEDI's PAI per land cover class including all pixels of monthly
spatial predictions for 2021.
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Table 4.2: Pearson correlation of median monthly values between observations of testing data set and pixel
values of area-wide spatial prediction. Significant results, in terms of the p-value, are marked bold. *Due
to missing values in November for mixed forest, this value is only based on 11 median monthly values.

corine correlation  p-value
arable land 12 0.018 0.956
pastures 18 -0.004 0.990
broad-leave forest 23 0.910 0.000
coniferous forest 24  0.729 0.007
mixed forest 25 * 0.821 0.002
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Figure 4.9: Number of available pixels in the monthly spatial predictions by land cover class.

4.4 Discussion

GEDI's PAI product generally reflects the expected temporal variability in the study area. In forested areas
the increase in PAI during the early growing season corresponds to bud burst and leaf growth. On pastures,
a slight gain together with an extended variability marks the start of the growing season. Seasonal patterns
are more distinct for forested areas than for pastures and arable land. High variability of PAI on pastures
during the summer months can be explained by irregular management activities such as mowing or grazing
as well as isolated trees.

The spatial prediction of PAIl also generally reflects the expected seasonal dynamics described in section

(see figure and appendix [4.A1]). PAl increases in forests (see figure and figure during
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spring and fluctuates in summer. The latter is probably the result of alternating extreme weather conditions
in Germany. Related effects add to existing tree conditions induced by recent droughts (DWD, 2019, 2020)).
For arable land and pastures, the temporal dynamic in figure looks similar to the observed seasonal
course (figure . For January and November the number of valid pixels is extremely low compared to
the other months due to persistent and area-wide cloud coverage (see figure and appendix and
do therefore not allow for meaningful interpretation.

The PAI prediction was generally more accurate for the forest classes with broad-leaved forest and mixed
forest performing even better than coniferous forest. This can likely be explained by the larger vertical
variability of forests compared to other land cover types like arable land or pastures, and different moisture
properties. Both GEDI LiDAR and the Sentinel sensors can capture differences in PAI more easily if vege-
tation height and structural variability are large. However, mixed forest shows inconsistency in performance
throughout the year. This may either originate from its diverse ecological and structural composition and
related spatio-temporal anomalies throughout the seasons, or from the relatively small number of reference
footprints compared to the other land cover classes. Uncertainties in class assignment can be expected,
especially from the delineation of pure deciduous or coniferous forest and mixed forest. This may be an
additional factor causing lower model performance in the mixed forest class. In principle, and despite the
cross-check with the CORINE land cover classes, heterogeneous training footprints cannot be excluded from
the analysis with absolute certainty. Since pastures and arable land in the study area are typically embedded
in more heterogeneous structures (small settlements, roads, edges) that are not captured by CORINE, it
is likely that these classes are more affected by impure footprints compared to larger homogeneous forest
areas.

The temporal dynamics between observations and area-wide predicted pixel values for the test year 2021
agree well for forested areas. A significant positive correlation was found for the forested classes but not
for arable land and pastures (see table . This may partly be explained by the overall smaller variance
in PAI as well as individual growth and harvesting or mowing events of different crop types. Even though
GEDI and Sentinel acquisition times can lie no further apart than three days, these areas can change
significantly in the meantime, resulting in a mismatch between the data sets and, hence, an unfavorable
effect on prediction quality. The monthly performance across all CORINE classes (see figure shows
a clear seasonal pattern with better performances during the summer months. The monthly RMSE/sd
across all land cover classes scores below 1 and therefore lower than the standard deviation in the original
data set. This proves that our model is generally usable throughout the year. January, April, November
and December are the months with the weakest performance. This behavior may partially be attributed to
sparse data availability and therefore extremely low RMSE/sd values for those months for arable land (see
figure [4.9)).

A performance comparison with other studies can only provide limited indications in this case. Most other
studies used field-based measurements as reference and observed the related yet not identical LAl as the
response variable. The accuracy of GEDI's PAI for different landscapes has only been explored in few
studies. Dhargay et al. (2022) tested the accuracy of GEDI's PAIl in Australia and found rather poor
agreement and a significant underestimation compared to estimates derived from air-borne LiDAR data.
According to their assessment, however, both the complex study area and the time lag between air-borne
and space-borne observations can be possible sources of error. They further used only about one month
of GEDI data, which does not cover a time frame large enough to study temporal dynamics. Kacic et al.
(2021)) examined the integration of GEDI's PAl and sentinel data in Paraguay’s forests and aggregated
the data across one entire dry season (RMSE = 0.3, R? around 0.5). Rishmawi et al. (2021) produced
contiguous PAl maps at 1 km resolution over the United States by integrating GEDI and VIIRS data (RMSE
= 0.09, R2 = 0.76). Since we use data with high spatial and temporal resolution, the performance of our
models is worse, as would be expected, but difficult to relate directly. Few studies, including Miranda
et al. (2020)), use PAI winter observations to calculate the woody proportion of forest areas. With this
information they then calculate effective LAl during the growing season. This approach could potentially
also be applied to GEDI studies and should be investigated further.

Other study design components, that complicate a direct comparison include, study areas, vegetation
types, study seasons, variance in the data, validation strategies and other aspects of the study design
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that vary considerably between publications. In addition, RMSE/sd values which facilitate a comparison
across studies are rarely communicated and many previous studies restricted data analysis to plots that
were clearly dominated by a single species (Brown et al., [2019), or featured homogeneous cover (Cohrs
et al., 2020; Korhonen et al., 2017). Nevertheless, it is helpful to put the results of this study in the
context of previous research on LAI estimation. The GEDI models in our study generally reached lower R?
values for arable land and pastures than models of previous studies. Frampton et al. (2013) and Gitelson,
Vifia, et al. (2003)) report a training error R? value range of 0.36 to 0.88 in their LAl models, differing
drastically from the performance of our corresponding model (independently validated R? = 0.05). For
pastures, Baghdadi et al. (2016]) presented R? 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} Luo et al., 2020; Verrelst et al., [2015) which is slightly better than our model (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 studies. While our RMSE scores are above 1.21, previous work by Korhonen
et al. (2017) and Meyer, Heurich, et al. (2019) reached values between 0.8 and 0.9 in models based on
field-observations. The study of Cohrs et al. (2020) in coniferous forest reached RMSE values of 0.63 to
0.89 with linear models while our validation reached an RMSE of 1.21. For deciduous forest, Brown et al.
(2019) achieved RMSE values 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 limitations in comparability, it is likely that the systematic, but spatio-temporally
irregular coverage of GEDI footprints bares more challenges for the statistical 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 analyzed more 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 cross-validation used in this study tests the applicability to new data, which in principle
leads to poorer validation measures, but provides a realistic 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 shows that modeling of
LAl in regional studies is feasible for applications beyond the lifetime of the GEDI mission.

4.5 Conclusion

This study presents a first approach to match GEDI's PAIl observations with their closest Sentinel-1 and -2
pixels in space and time to compile monthly wall-to-wall maps of PAIl in heterogeneous landscapes. The
high spatial resolution of the predictions and regular repetition rates improve the availability of information
compared to current operational global LAl 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 predictions 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

R scripts used for this study are available under a GPL 3.0 license as Git repository at github.com. A release
of the Git repository to reproduce the results of the study is available at https://github.com/aliceziegler
/GediEngineR, accessed on 14.3.2023. Data supporting the findings of this study are freely available and
can be accessed using the routines on Github.
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Chapter 5

Synthesis

With this thesis | aimed at deepening the understanding of the utility of LiDAR data for the quantification
of different biodiversity measures depending on the represented ecological question. LiDAR data offer
unprecedented possibilities to quantify structure via remote sensing approaches and therefore | assumed
a great potential for biodiversity mapping, nonetheless with challenges. In the individual chapters of my
thesis, | aimed at addressing several challenges to contribute to a better applicability of LiDAR for biodi-
versity research. In the following paragraphs | will draw conclusions about the contributions of the three
case studies to the challenges outlined in chapter [1.1.4]

5.1 Disentangling of structural LiDAR information from co-factors

In the context of biodiversity, LIDAR data offer diverse opportunities for meaningful applications that use
vegetation structure as a direct or indirect proxy. To understand the importance of LiDAR data for biodi-
versity mapping, it is important to disentangle the mixed effects that impact the biodiversity measure in
the modeling approaches. | confronted this challenge with the example of modeling animal species rich-
ness at Mount Kilimanjaro (chapter [2)). | conclude, that in the context of predicting biodiversity by using
LiDAR-derived vegetation structure as a potential driver, interpretation of the results have to take the relief
of the study area into account, as it influences multiple environmental factors and thereby overshadows
the effect of structure and hence the relevance of LiDAR data. This comparison between LiDAR-derived
vegetation structure and elevation as predictors shows the great necessity of a holistic understanding of the
local ecosystem with all its components and influences and not just the examination of a specific aspect of
interest. Additionally, the obvious change of vegetation structure with vegetation zones along the elevation
gradient enhances the perpetual problem of sufficient training data. Due to the cost of field campaigns,
obtaining a sufficient number of in-situ measurements is almost always a considerable challenge. Generally,
efforts towards standardized or comparable data acquisition in the field could provide added value to the
effort of transferable knowledge. For instance, the enhancement of inventories with matching LiDAR vari-
ables would complement field work for spatially comprehensive data sets. However, in this study, with a
changing vegetation structure driven by elevation and the corresponding abiotic factors, the available data
were not sufficient to fully disentangle the effects of LiDAR data and co-factors (elevation, land use). For
follow up projects, there is a need for more training data per vegetation zone to account for intra-zonal
changes and relations within. This would probably assign more value to the LiDAR data, as otherwise finer
differences are concealed within the larger patterns.

5.2 Systematic comparison across taxa

Another raised challenge was the systematic comparability between modeled taxa. Multi-taxa approaches
for the prediction of animal species richness need intensive field campaigns to collect data used for model
training and therefore are rather rare. The study presented in chapter [2] followed an approach for modeling
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species richness to provide systematically comparable results across 17 taxa and four feeding guilds. Results
of this study are of particular value, as the methodology, which is consistent across all considered taxa,
permits more widely applicable statements. As results are not limited to single animal assemblages, but
available for an abundant amount of taxa, findings have greater relevance in the research context. Only the
multi-taxa approach in this study allowed a general cross-taxa statement about the significant difference
in the prediction performance of flying taxa compared to non-flying taxa. Consequently, this multi-taxa
approach might provide a more robust base to transfer the results for example to different study designs.
This comparability is the groundwork for bridging the gap between local and global scales and eventually
draw conclusions for global mechanisms. Hence, it represents a crucial component in the pursuit for global
ecosystem monitoring.

5.3 Potential of irregular LiDAR data

Generally, a comprehensive monitoring and consequently the knowledge about the current state of bio-
diversity, is the inevitable foundation for any targeted conservation strategy. Nevertheless, the inherent
discontinuity of some data sets poses another important ongoing challenge in the applicability of LiDAR
data. The trade-off between spatial resolution and temporal repetition is very prominent in LiDAR data
sets. Typically, project-based flight campaigns as in chapter 2] are singular events with a high spatial res-
olution for a limited area. Governmental flight campaigns offer data sets for whole countries or federal
states with medium resolution and a repetition rate of a couple of years. In contrast, the global spaceborne
GEDI mission has a repetition rate of several times a month but provides 25 m footprints in a scattered
pattern. Yet, especially when integrated with other data sets, good advances were made to mitigate the
discontinuities and exploit the advantages of the vertical information. While the recent GEDI spaceborne
LiDAR mission surveyed the surface in regularly spaced footprints and provided regular overflights of the
same area, the coordinates of the footprints might be shifted.

The temporal resolution of GEDI offers highly valuable continuous structure-based information and the
idea of chapter [4] was that, with the integration of additional area-wide data sets, the spatial gaps between
footprints could be filled to provide a monitoring that is continuous in space and time. It was shown that
the integration of spaceborne leaf area index measures derived from structural features in combination with
Sentinel-1 and Sentinel-2 data worked satisfactory for the purpose of seasonally explicit area-wide prediction
of the leaf area index as an example of plant traits.

Even the successful temporal prediction beyond the lifespan of the GEDI sensor was demonstrated and was
promising for the use of spaceborne missions with a limited lifespan for ongoing biodiversity monitoring. This
allows me to conclude that the approach was adequately fitted to both the temporal and spatial aspects
of the depicted phenomenon. The results show that within the right context and scale, even spatially
discontinuous observations can be beneficial to regional studies if processed adequately. This means that
even low-resolution spaceborne structural data in a scattered footprint pattern can add valuable information
and bridge gaps of certain comprehensive regional ecological questions by integrating appropriate data sets.
Generally, in contrast to that, area-wide airborne LiDAR data can be highly relevant for filling spatial and
temporal observational gaps in point-based in-situ biodiversity measurements. With the growing availabil-
ity of LIDAR data from different sources, the achievement in using heterogeneous data for the complex
prediction of tree species-specific successional stages in chapter [3| provided a positive example for a value
chain derived from readily available but less aligned data in terms of spatial resolution and time of data
acquisition. It was shown that, in combination with spectral Sentinel-2 data, those heterogeneous data
had a high potential for classifying vegetation processes such as successional stages in temperate forests.
In the context of successional stages, even the rather low-resolution data of the governmental LiDAR cam-
paigns seemed to adequately capture and represent structures and patterns within these forest sections.
The matching of the temporal scale of the rather slowly developing successional stages in forests were
within the same magnitude and therefore matching to the temporal differences in the LiDAR data. It was
demonstrated that on the scale of a whole federal state, with appropriate data balancing and an adapted
modeling approach, the prediction of slowly developing forest succession could benefit even from those
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heterogeneous data sets. This might initially be surprising but circles back to the overall question and the
assumption that to a large extent the proper matching of the ecological question to the appropriate data set
is responsible for the utility of data for biodiversity processes. The results highly recommend to evaluate the
area and process in space and time and to take even data into consideration that look unfavorable initially.
The cost-benefit-ratio for a specialized flight campaign for this endeavor appears disproportionately high.

5.4 Linking ecological process understanding to appropriate remote sens-
ing data sets

In general, LiDAR's great potential for biodiversity monitoring and modeling always needs to be analyzed
and utilized in the context of other data sets, particularly high-quality field data for ground truthing. Due to
the capability of LiDAR to sense vegetation structure below the surface, it allows for major improvements
for biodiversity monitoring. However, each research question has different demands regarding the temporal
and spatial scales. Therefore, it is of extreme importance to know and understand the ecological processes
behind environmental patterns to support a method-centered advancement of data integration. The three
individual case studies were conducted illuminating different aspects of biodiversity using LiDAR data sets
different in quality, acquisition mode and scale. Each of the three studies provided insights at the interface
between biodiversity and data science. Chapter [2 highlighted the importance to consider the characteristics
of the study area to select appropriate data sets, chapter [3| provided a positive example for the usage of
readily available heterogeneous data for a slow evolving process and chapter [4] provided insights about the
integration of scattered LiDAR footprints with comprehensive spectral data for seasonally explicit mapping
of leaf area index. All studies highlighted the importance of the understanding of the ecological processes
for the utility of LiDAR data.

5.5 Conclusion

LiDAR data can be beneficial, for multiple ecological purposes, as shown in the studies included in this
thesis, due to the general relevance of vegetation structure for biodiversity. LiIDAR data offer great chances
to supplement both traditional field observations as well as optical remote sensing data sets. The call
for interdisciplinary collaborations between ecologists and the remote sensing community is highly relevant
not only for the selection of appropriate variables but also in an even more general manner of choosing
appropriate data that match all the requirements essential for the respective underlying ecological process.
Future research should continue to deepen the understanding at the interface of technology and nature to
systematically advance biodiversity monitoring as a foundation for targeted nature conservation strategies.
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Chapter 6

Appendix

6.1 Summary

6.1.1 Summary - English

For the containment of the ongoing biodiversity loss, a targeted documentation of the status and dynamics
of ecosystems is necessary. With LiDAR remote sensing, it is possible to quantify the vegetation structure,
which plays a vital role for biodiversity. Technical developments in remote sensing and especially LiDAR
hold great potential to implement comprehensive monitoring strategies but still pose some challenges. In
this thesis, the ability of LiDAR data for predicting animal species across taxa, mapping tree species group
specific successional stages as well as seasonal mapping of the leaf area index was systematically analyzed.
With three case studies that vary by scale, data and ecological process, | aimed at analyzing the utility of
LiDAR data for the mapping of biodiversity in the context of different data sources.

In case study one, high-resolution airborne LiDAR data, were especially obtained at Mount Kilimanjaro
for the purpose of modeling animal species richness. Taxonomic data from an extensive multi-taxa field
campaign were used to study the contribution of LIDAR data compared to environmental co-variables for
species richness models. For most animal groups, the superior influence of elevation compared to vege-
tation structure was demonstrated. As the natural processes in the study area at the slopes of Mount
Kilimanjaro are highly influenced by the elevation gradient the especially collected structural LiDAR data
could not significantly add additional value. The study was designed as a multi-taxa approach, therefore
results were compared systematically across taxa which is a valuable component for eventually bridging the
gap between small scale local studies and global mechanisms.

Those specifically commissioned high-resolution LiDAR flight campaigns are resource intensive and not
always within the possibilities of ecological projects. In many countries, however, governmental LiDAR
data with rather low spatial resolution and a repetition rate of a couple of years exist. At the scale of
federal states, wall-to-wall data consist of several observation dates and have varying quality. With that in
mind, the benefit of these data initially appears questionable, which is probably why they are rarely used
for the classification of successional stages.

In the second case study, the potential of such data for modeling forest successional stages for Rhineland-
Palatinate was analyzed. By properly adapting data processing and modeling strategies, it was shown
that for mapping of forest successional stages, even highly heterogeneous LiDAR data, in addition to the
commonly used spectral data, could make a valuable contribution to biodiversity monitoring.

In the third case study included in this thesis, the seasonal changes of leaf area index with spaceborne
LiDAR data were investigated. This study was based on the rather new LiDAR data from the spaceborne
GEDI (Global Ecosystem Dynamics Investigation) mission. However, with its scattered collection of 25
m footprints and with overflights of the same area every couple of weeks the GEDI sampling design is
neither comprehensive nor repetitive for the exact same points. This initially presented novel challenges
since wall-to-wall monitoring is desirable but cannot be directly derived from GEDI data. The regular
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overflights of the same areas, however, open up new possibilities for the integration with area-wide sensors.
In this study the GEDI data were integrated with radar and optical data (Sentinel-1 and -2) to provide a
spatio-temporally continuous mapping of the leaf area index. This approach was the first to analyze the
monthly dynamics of the leaf area index derived from structural GEDI data comprehensively for a regional
study. The satisfactory results of this integration method for different types of land use seemed promising
in regards to further approaches in the direction of using multi-temporal data sets for regional ecological
monitoring. Hence, even though planned to monitor global ecosystem dynamics, it was shown that the
recorded GEDI data hold the potential of delivering valuable insights even for regional studies.

In summary, this thesis provides novel insights into the applicability of LiDAR data for biodiversity re-
search. The general relevance of vegetation structure for biodiversity and LiDAR's ability to quantify
three-dimensional vegetation structure offer great chances to support various ecological questions on dif-
ferent scales.

6.1.2 Zusammenfassung - deutsch

Um den fortschreitenden Biodiversitatsverlust einzuddmmen, ist eine gezielte Dokumentation des Ist-
Zustands und der Entwicklung von Okosystemen notwendig. Mit LiDAR-Daten ist es méglich, die Vegeta-
tionsstruktur, die fiir die biologische Vielfalt eine entscheidende Rolle spielt, zu quantifizieren. Die technis-
chen Entwicklungen in der Fernerkundung und insbesondere die wachsende Verfiigbarkeit von LiDAR-Daten
bergen ein groBes Potenzial fiir die Umsetzung umfassender Monitoring-Strategien, stellen aber auch einige
Herausforderungen dar. In dieser Arbeit wurde das Potenzial von LiDAR-Daten zur Vorhersage von Tier-
arten (iber mehrere Taxa hinweg zur Kartierung von baumartengruppenspezifischen Sukzessionsstadien
sowie zur saisonalen rdumlichen Vorhersage des Blattflachenindexes systematisch analysiert. Anhand von
drei Fallstudien, die sich nach Skala, Datengrundlage und &kologischem Prozess unterscheiden, habe ich
den Nutzen von LiDAR-Daten fiir die Erfassung der biologischen Vielfalt im Kontext unterschiedlicher
Datenquellen analysiert.

In Fallstudie eins wurden hochaufgeloste Daten aus LiDAR-Befliegungen verwendet, die speziell dafiir
am Kilimandscharo erhoben wurden. Hiermit sollte die Artenvielfalt der Fauna aus einer umfangreichen
Multitaxa-Feldkampagne modelliert werden, um das Potenzial der LiDAR-Daten im Vergleich zu Umwelt-
Kovariablen zu untersuchen. Fiir den GroBteil der Tiergruppen konnte der (iberlegene Einfluss der Gelan-
dehohe im Vergleich zur Vegetationsstruktur nachgewiesen werden. Da die natiirlichen Prozesse im Un-
tersuchungsgebiet an den Hangen des Kilimandscharo stark durch den Hohengradienten beeinflusst wer-
den, konnten die speziell erhobenen strukturellen LiDAR-Daten keinen signifikanten zusatzlichen Mehrwert
liefern. Die Studie wurde als Multitaxa-Ansatz konzipiert, so dass die Ergebnisse systematisch zwischen
verschiedenen Taxa verglichen werden konnten, was einen wertvollen Beitrag leistet, um letztendlich die
Liicke zwischen kleinrdumigen lokalen Studien und globalen Mechanismen zu schlieBen.

Speziell in Auftrag gegebene hochaufgeldsten LiDAR-Befliegungsdaten sind ressourcenintensiv und liegen
nicht immer im Rahmen der Méglichkeiten 6kologischer Projekte. In vielen Landern gibt es jedoch amtliche
LiDAR-Daten mit eher geringer raumlicher Auflésung und einer Wiederholungsrate von einigen Jahren. Auf
der Ebene der Bundeslander setzen sich die flachendeckenden Daten typischerweise aus mehreren Teilen
zusamen, die zu verschiedenen Beobachtungszeitpunkten und in unterschiedlichen Qualitaten vorliegen.
Vor diesem Hintergrund erscheint der Nutzen dieser Daten zunachst fraglich, weshalb sie wahrscheinlich
nur selten fiir die Klassifizierung von Sukzessionsstadien verwendet werden.

In der zweiten Fallstudie wurde das Potenzial solcher Daten fiir die Modellierung von Waldentwick-
lungsstufen in Rheinland-Pfalz analysiert. Durch eine geeignete Anpassung der Datenverarbeitungs- und
Modellierungsstrategien konnte deutlich gezeigt werden, dass fiir die Kartierung von Waldentwicklungsstufen
zusatzlich zu den Ublicherweise verwendeten Spektraldaten auch sehr heterogene LiDAR-Daten einen
wertvollen Beitrag zum Biodiversitatsmonitoring leisten konnen.

In der dritten Fallstudie in dieser Arbeit wurden die saisonalen Veranderungen des Blattflachenindexes mit
satellitengestiitzten LiDAR-Daten untersucht. Diese Studie basiert auf den relativ neuen LiDAR-Daten der
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GEDI-Mission (Global Ecosystem Dynamics Investigation). Mit seiner stichprobenartigen Erfassung von
runden Aufzeichnungsflichen mit 25 m Durchmesser und den Uberfliigen desselben Gebiets im Rhythmus
einiger Wochen ist das Aufnahmedesign jedoch weder flaichendeckend noch wird die Erfassung fiir genau
dieselben Punkte wiederholt. Dies stellt zunachst eine neue Herausforderung dar, da ein flachendeck-
endes Monitoring wiinschenswert ist, aber nicht direkt aus den GEDI-Daten abgeleitet werden kann. Die
regelmaBigen Uberfliige der gleichen Gebiete eréffnen jedoch neue Moglichkeiten fiir die Integration mit
anderen Sensoren. In dieser Studie wurden die GEDI-Daten mit Radar- und optischen Daten (Sentinel-1
und -2) integriert, um eine raum-zeitlich kontinuierliche Vorhersage des Blattflachenindexes zu erhalten.
Dieser Ansatz war der erste, der die monatliche Dynamik des aus strukturellen GEDI-Daten abgeleiteten
Blattflachenindexes fiir eine regionale Studie umfassend analysiert. Die zufriedenstellenden Ergebnisse
dieser Integrationsmethode fiir verschiedene Landnutzungsarten erschienen vielversprechend im Hinblick
auf weitere Ansatze welche die Nutzung multitemporaler Datensatze fiir das regionale 6kologische Moni-
toring anstreben. Somit konnte gezeigt werden, dass die GEDI-Daten, auch wenn sie fiir die Uberwachung
der globalen Okosystemdynamik geplant waren, das Potenzial haben, auch fiir regionale Studien wertvolle
Erkenntnisse zu liefern.

Zusammenfassend lasst sich sagen, dass die vorliegende Arbeit neue Erkenntnisse iiber die Nutzung ver-
schiedener LiDAR-Datensatze fiir die Biodiversitatsforschung liefert. Die allgemeine Bedeutung der Vege-
tationsstruktur fiir die Biodiversitat und die Fahigkeit von LiDAR-Daten, die dreidimensionale Vegeta-
tionsstruktur zu quantifizieren, bieten groBe Chancen, verschiedene 6kologische Fragestellungen auf unter-
schiedlichen Skalen zu bereichern.
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