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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 A airs, 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
eld studies for speci ¢ 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, eld-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 eld 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 e orts 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 su cient 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; Hoxci?o & 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 di erent ecological questions, including biodiversity studies and now even o er 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 o ers 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 eld observations (e.g. species composition) o er 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.
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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 strati cation
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
speci ¢ arthropod groups (Humphrey et al., 1999; Lassau & Hochuli, 2004; Mdller 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 di erent methods.
LiDAR (Light Detection And Ranging) with its three-dimensional point clouds is able to penetrate di erent
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, o ers great
capabilities to assess biodiversity (Toivonen et al., 2023; Zellweger et al., 2013). A lot of originally eld-
based measures for habitat heterogeneity that are considered to be relevant for species diversity can be
measured and quanti ed 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 re ection at the surface at a speci c location. As the signal is only partly penetrating
vegetation layers, several re ected returns can be detected (see gure 1.1), the rst one representing the
uppermost surface and the last one ideally the ground (Senf, 2022). Returns in between can be traced
back to re ections at di erent obstacles, such as vegetation layers. This results in a point cloud showing
the three-dimensional distribution of di erent surfaces (see gure 1.1). This point cloud needs to be
processed to derive further information. Di erent indices can be calculated and aggregated to raster layers
of di erent 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 re ected at the ground
to create a digital elevation model or, respectively, all rst returns to derive a canopy height model. Also
aggregated metrics like the mean height of returns per pixel are possible (see gure 1.1). Some LiDAR
indices that are computed speci cally 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 (Wdllauer et al., 2020).
Currently mainly airborne LIDAR data are used for ecological research and o er spatial resolutions of
typically from around four pulses per square meter for governmental ight campaigns across a entire
federal state (e.g. Landesamt fur Vermessungs- und Katasterverwaltung Rheinland-P az, 2021) to over 40
pulses per square meter for project-speci ¢ high-resolution campaigns (e.g. Mandl et al., 2023). Since 2019
the new GEDI (Global Ecosystem Dynamics Investigation) mission o ers new possibilities of spaceborne
LiDAR data. Compared to former spaceborne LIiDAR missions that were primarily used for climate modeling
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(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 o ers scattered
footprints with a xed 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 over ight.

Figure 1.1: Example of a LIDAR data set at Mount Kilimanjaro showing a three dimensional point cloud
and di erent levels of retrieved information. Plot a) shows a point cloud from side view including all returns,
while b) shows all rst 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 ight campaign at Mount
Kilimanjaro in 2015 (Ziegler et al., 2022), processed using the remote sensing data base (RSDB) (Wdéllauer
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 bene cial for biodiversity
studies. With the evolving opportunities of especially LIDAR remote sensing and a growing number of
di erent 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 di erent 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 o ers 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; Micha?owska & Rapi«ski, 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; Mduller & Vierling, 2014; Mdller
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 (Muller & Brandl, 2009; Miiller et al., 2018; Simonson et al.,
2014), structural metrics derived from LIiDAR 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 LIiDAR
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 e ect needs to be assessed in comparison to other sources. This is a complex task, as vegetation struc-
ture might be correlated to other environmental in uences 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 in uences the LiDAR signal (Sandel & Smith,
2009; Stein et al., 2014). If this chain of e ects 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 (Muller & Brandl, 2009; Vierling et al., 2011).



Lack of systematic tests across taxa

With a growing expertise in the merged elds 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 ying 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; Mduller 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 di erent 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 eld 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 nding mechanisms that are not taxon-speci ¢ but applicable on a higher, more general
level.

Uncertainty about the e ective 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. Dierent data acquisitions tend to vary in technical details like
ight altitude, scan angle or phenological time of the year of acquisition, which hinders the comparability
between campaigns (Naesset, 2009; Drka 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 o ers new possibilities,
an actual observation of changes for specic 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 di erent missions and systems for Li-
DAR data allow for the connection of di erent existing components, variables and indicators of biodiversity
(Reddy, 2021). Reddy et al. (2021) state that several biophysical properties, including oristic composition
and di erent vegetation strata, can be quanti ed 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 speci cally 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 e ective 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 LIDAR, and examine the applications on di erent scales to
identify where the process understanding has to be matched with the utilization of data. Therefore, di er-
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 di erent 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 e ects 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 o er 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. Speci cally, | want to provide

a systematic comparison of the ability of LIDAR data for predicting animal species richness across taxa,
mapping tree species speci ¢ successional stages and modeling seasonal leaf area index. With three di erent
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 di erent 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 LIiDAR 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 di erentiated 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 di erent ecological
questions. Airborne as well as spaceborne LIDAR data sets with di erent spatial and temporal resolutions
were used to emphasize di erent 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 unigue 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 speci ¢ 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 in uence the
ecosystem services that forests provide. Remote sensing techniques o er 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
nancial 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 ight campaign obtained over several years can improve
modeling tree species group speci ¢ successional stages of forest vegetation. Di erent 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 r,
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 de ned as the ratio of leaf area to ground area and it is solely calculated from
structural features. It is an important metric for several elds in ecology. As eld 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 ight 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-o 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, I., Peters, M. K., Appelhans, T., Behler, C., B6hning-Gaese, K., Classen, A., Detsch,
F., Deckert, J., Eardley, C. D., Ferger, S. W., Fischer, M., Gebert, F., Haas, M., Helbig-Bonitz, M., Hemp, A,
Hemp, C., Kakengi, V., Mayr, A. V., Ngereza, C., Reudenbach, C., Réder, J., Rutten, G., Schellenberger Costa, D.,
Schleuning, M., Ssymank, A., Ste an-Dewenter, |., Tardanico, J., Tschapka, M., Vollstadt, M. G. R., Wdllauer, S.,
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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, LiDAR-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 di erence to other models is signi cant. Generally, modeling
performances between di erent 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 e ort 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 e ects 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 uni ed 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 eld 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 (Muller & 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 eld 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; Muller & Vierling, 2014) and seem to be particularly successful for ying organisms
(Clawges et al., 2008; Flashpohler et al., 2010; Goetz et al., 2007; Jung et al., 2012; Lesak et al., 2011;
Mdiller 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 di erent case studies allow some conclusions, the
individual study design, di erent computations of error estimates and the uniqueness of the study regions
make it di cult to actually compare the results regarding the model performance for di erent 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 xed 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 ( gure 2.1) and eld 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 di erently 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 (Muller & 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 ying 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., 2016). 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 LIiDAR 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 ve 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 (gure 2.1 and table 2.A1).

Figure 2.1: Study area with sampling plots. Colors of symbols show di erent land covers, shapes show the
di erent ight 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 2.A2. 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 identi ed 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 (gure 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 ight 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 % con dence interval). The mean point density is 34 points
per square meter but varies due to terrain and ight conditions. Outliers were removed and points were
classi ed into ground and non-ground following the standard procedure using the LAStools preprocessing
software (Isenburg, n.d.). Rasterized LIiDAR 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 ne 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) (Wdllauer 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 di erent layers, etc.) and ecological estimates (leaf area index, above-ground biomass
and gap fraction, etc., for the complete list of variables see table 2.1).

The land covers in the study area can be grouped into forest and non-forest (see gure 2.1 and table 2.A1
for details). Due to their complex multi-layered structure, forested plots appear considerably di erent to
non-forested plots hence the sets of LIDAR variables for these two types dier 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 2.1). 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 di erences.

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; Neesset et al., 2005). To reduce the impact
of over tting 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 e ects on species richness predictability based on a pure elevation gradient versus
habitat structure, three di erent 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 2.2 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 di erent models calculated in this study.

model name independent variables (predictors) target variables (response)
elevation elevation, elevatiorf 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 rst 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 LIiDAR (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 e ects 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 coe cient 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 ying/non- ying 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 gure 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 a ected 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 (gure 2.3a and table 2.3). 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 strati ed
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 ies, moths, dung beetles and grasshoppers show large
variations of RMSE/sd values. Only large mammals, millipedes and springtails show a sigini cant 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 ( gure 2.3b and table 2.3). Only for generalists and decomposers the best model (elevation)
was performing signi cantly better than the other two. The structural model performs best for herbivores
but only with slight di erences 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, gure
2.4 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 (gures 2.Al to 2.A4).

There is no statistical relationship between model performance and body size of the assemblages (table
2.4). However, there is a di erence for the combined and residual model with a better performance for the
ying than for the non- ying taxonomic groups (see table 2.4).

2.4 Discussion

The study evaluated the potential of LIDAR data to predict species richness at Mount Kilimanjaro. The
in uence of the respective e ects 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 di erent 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 signi cantly 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% con dence interval. Whiskers are extending 1b times the

IQR and points indicate single error values outside of this range.
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Table 2.3: Meant standard deviation across all plots of observed species richness per plot and median of
the root mean square error normalized by standard deviation of eld 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

mean median RMSE/sd standard deviation

standard deviation

ants 27 34 0.48 0.29 0.62 0.72 0.69 057 15 1.3
bees 6.7 5.9 0.34 0.1 049017 04 011 15 04
birds 16 8.6 0.67 0.25 0.77 0.31 0.8 0.45 19 1
dung beetles 52 7.7 059 05 077073 093 13 16 2.2
grasshoppers (locusts, crickets) 1014 045 054 1 041 068 082 1.1 13
insectivorous bats 55 3.3 0.48 0.13 0.62 0.18 0.44 0.14 1.4 0.46
large mammals 23 1.8 091 028 11 024 13 026 22 045
millipedes 1.2 1.7 0.77 0.34 1.1 0.48 1 0.43 1.5 0.65
moths 9.6 11 0.62 048 0.74069 0.72 061 12 1
other aculeate wasps 324 055 021 082026 05 045 12 11
other beetles 8.6 4.9 0.92 0.24 0.950.27 098 0.46 1.7 0.81
parasitoid wasps 16 14 0.58 0.26 05 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 15 0.61
spiders 5 22 0.86 026 1 0.23 1.3 039 25 0.72
springtails 46 24 0.43 0.2 0.59 0.27 057 025 1.4 0.63
syrphid ies 35 33 0.8 0.47 1 055 082 05 12 074
true bugs 21 23 0.57 0.39 091037 13 11 24 2.2
decomposer 12 7.8 0.53 0.13 0.62 0.25 0.56 0.38 18 1.2
generalist 6.8 3.8 0.61 0.21 0.93 057 094 048 22 1.2
herbivore 40 30 0.46 023 04403 045 026 1.3 0.77
predator 41 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 gure 2.3 and gure 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 coe cient
(r) was used. Body size was sorted from large to small groups. For the test between ying and non- ying
groups of organisms the Mann and Whitney U-Test was used. Signi cant results, in terms of the p-value
are marked bold.

Body size mode of movement
r p p
-0.14 0.58 0.28
-0.13 0.62 0.28
-0.10 0.70 0.011 (ying <non-ying)
-0.22 0.390.006 (ying <non-ying)

RMSE/sd elevation
RMSE/sd structure
RMSE/sd combination
RMSE/sd residuals
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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 in uence of vegetation
structure on the target variable (which means decreasing median RMSE/sd). For the description of plot

elements see gure 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 di erent models varied only slightly within each taxon, with no signi cant
di erence 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 signi cantly better with one speci ¢ model, belong to that
group. In the cases where the structure or combined model performs best, the performances di er only
marginally and di erences are not signi cant.

As expected, results of the model performances of feeding guilds indicate, that herbivores are in uenced
more by structure than generalists and decomposers ( gure 2.4b). However, considering the feeding guilds,
generalists and decomposers are the only groups for which the best of the three models (elevation model)
is signi cantly 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 speci cally 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 in uence feeding patterns and the occurrence
and diversity of species. Even though performances improve slightly with the structure model, di erences
were not signi cant. 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 di erences 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
eld 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 di erent taxa and feeding guilds. For this
comparison the elevation corrected residual model provides the relevant information ( gure 2.4). 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 di erence 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 in uence of elevation and
structure as relevant predictors for biodiversity. In their study at Mount Kilimanjaro about diversity gradients
at di erent 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
signi cantly more in uenced by elevation than by properties of the structure itself, but generally, median
performances between models dier 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 ve replica plots per land-cover type have been available for model
training which limits the performance. This might promote over- tted models for structural properties
leading to larger prediction errors when applied to unknown locations, whereas the elevation model is able
to nd a general pattern within all plots as they are well distributed along the elevation gradient ( gure
2.1). 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 e ort of LIDAR missions
then seems questionable. In the variable selection of the LIDAR metrics, no patterns emerge ( gures 2.A1
to 2.A4). Neither individual variables nor variable groups (table 2.1) appear in clear patterns across models.
The LiDAR variables were calculated for individual plots (50m x 50 m). For some taxa it might be bene cial
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 signi cantly correlates with the prediction performance in
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the combined and the residual models. Especially in the residual model, ying taxa outperform the others.
The 6 taxa with the smallest median error are species with the ability to y. Only the ying 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- ying 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 di erent structural features (e.g. Miller 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
su cient for modeling purposes, compared to similar studies, the di erent 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 di erent landscapes, for di erent taxa, but most importantly, with di erent 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 di erent ways. The studies of Muller and Brandl (2009) and Vierling et al.
(2011) for example analyze the in uence 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 di erence), however, the LIiDAR 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 di erence)
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 butter ies, 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 nd, especially for forested areas, that while
canopy height is most commonly used as a LIiDAR metric to model species-habitat structure, canopy cover
and terrain topography performed better overall when they where used.

The study of Miller et al. (2014) covers an elevation gradient of around 800 m and does only take vertical
pro le metrics derived from LIDAR data into account. They could show that canopy arthropod diversity

is driven by di erent 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, ner di erences 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 e ect 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
signi cantly 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 in uence of structure better.

To provide comparable results, further studies need to be conducted on multi-taxon approaches with eld
surveys and data sets of similar granularity. Study areas with di erent 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
co e 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 e ort 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 identi ed 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 ies 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 identi ed 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
shails 0.24 0.05 0.41 0.31
syrphid ies 0.44 0 0.09 0.47
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Figure 2.A1: 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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Figure 2.A2: Variable selection for structural variables for the residual model and combined model of each
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 Wollauer 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 Wollauer et al.
(2020) for variable details.
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Chapter 3

Leveraging readily available heterogeneous
LIDAR data to enhance modeling of
successional stages at tree species level In
temperate forests

This chapter has been submitted as:

Bald, L., Ziegler, A., Gottwald, J., Koch, T.L., Ludwig, M., Meyer, H., Zeuss, D., Friey, N., "Leveraging readily
available heterogeneous LiDAR data to enhance modeling of successional stages at tree species level in temperate
forests'

to

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 in uence the ecosystem services that forests provide, yet this
information is not readily available on a large-scale. Remote sensing techniques o er 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 (LIiDAR) 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 LIiDAR data can support area-wide modeling of forest
successional stages at tree species group level. Di erent 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 di erent successional stages of seven tree species groups.
When incorporating heterogeneous LIDAR data into random forest models with spatial variable selection
and spatial cross-validation, signi cant 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 puri cation, 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 e ects of climate change e.g. as carbon sinks (Hisano et al., 2018).
In addition, forests with rich vegetation diversity and structural complexity o er various positive e ects 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 classi cation

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 di erent 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; Hoxci®o & 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 classi cation

of successional stages and the age of forest stands, however, those studies analyze the successional stages
across large areas without di erentiating 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 speci ¢ successional stages are still rare (Sto els et al., 2015),
but would contribute to recognizing the distinct di erences associated with each tree species. Additionally,
these studies were performed in rather small areas with temporally aligned LiDAR data, typically collected
through dedicated ight 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 ight campaigns are high, Germany and large parts of Europe bene t from
abundant LiDAR data collected through statewide governmental campaigns. The complete coverage of a
federal state in Germany with multiple ights 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), ve 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
ights, there are e.g., inconsistencies in ight 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 gure 3.4). 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 (Sto els et al., 2015).

This study evaluates the potential of typically available heterogeneous LIiDAR 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 di erent combinations of variables, which were derived from optical satellite
data (Sentinel-2) and heterogeneous LIiDAR 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, rst a large-scale map for the seven most common tree species groups (douglas r, 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 (quali cation,
dimensioning, maturing) were modeled in three modeling approaches utilizing di erent variable sets. In
doing so, the aim of this study is to determine whether the utilization of heterogeneous LiDAR data can
positively in uences 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 speci ¢ forest successional stages is presented
in detail (see sections 4.2.1 to 3.2.3 and gure 3.1). The methodology involves training di erent models
with varying combinations of Sentinel-2 and/or LIiDAR 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 di erent 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 work ow that is applied to every tree species group to model the specic
successional stages. The modeling makes use of two di erent data sets for prediction. On the one hand
LiDAR data, on the other hand multi-spectral Sentinel-2 data. From the LIiDAR 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 di erent model types, namely
structural, hybrid and spectral models using di erent combinations of the predictive data sets.

3.2.1 Study area

The federal state of Rhineland-Palatinate with an area of 19 858 Ksee gure 3.2) 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 (Thunen-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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