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Summary

Forests are critical habitats for terrestrial biodiversity and play a critical role in the
global carbon cycle. However, forest biodiversity is seriously threatened by climate
change and human activities. Efficient inventorying and monitoring of forest
biodiversity are urgently needed to support activities in the areas of ecological
conservation and sustainability. With the emergence of functional biogeography, plant
functional diversity has been increasingly recognized as a key driver of ecosystem
functioning (e.g. productivity). As a complement to traditional field surveys, remote
sensing provides a practical means for monitoring forest functional traits and diversity
over larger spatial extents with (potentially) frequent and regularly repeated
observations. However, scale mismatches between field measurements and different
resolution remote sensing data remain to be overcome to better reflect the diversity
within and between forest communities. Therefore, the aim of this thesis is to develop
a method to map forest functional diversity with remote sensing at different scales
relevant for informing conservation and assess its association with productivity for

understanding biodiversity—ecosystem function relationships.

To achieve this goal, a series of studies was conducted in a subtropical forest at the
Shennongjia National Forest Natural Reserve in Hubei province of China. First, an
individual tree-based method was developed to map functional diversity from tree
neighborhoods to whole forests in Chapter 2. The morphological traits (95th quantile
height, leaf area index and foliage height diversity) and physiological traits (spectral
indices as proxies for leaf nitrogen, carotenoids and specific leaf area) for each
individual tree crown (ITC) were retrieved from airborne light detection and ranging
(LiDAR) and imaging spectroscopy data. Based on the multivariate trait space filled
by ITCs, functional diversity indices were derived using a moving window approach.
This approach supports the analysis of within- and between-species trait diversity,
including the resolution of between-individual differences. Functional richness
showed a logarithmic relationship with increasing area or number of individual trees,
and local trait convergence was predominant. With very-high-resolution remote
sensing data, the ITC-based functional diversity approach shows the potential to study

individual-level trait-based ecology with wall-to-wall data.
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To better understand the scale gap between local sampling plots (which typically
measure individual trees) and large-scale satellite observations, Chapter 3 compared
functional traits derived from the ITC- and pixel-based approches and investigated
how grain and extent affect trait-based functional diversity. We found (1)
morphological traits showed more differences between ITC- and pixel-based
approaches than physiological traits, (2) the pixel-based approach captured less
variance in traits with increasing pixel size, reflecting a difference between species
and community-level traits, (3) The consistency of ITC- and pixel-based functional
richness measures also decreased with increasing pixel grain, and changed with the
observed extent for functional diversity monitoring. Whether an ITC- or pixel-based
approach is more suitable depends on the spatio-temporal resolution of the data and

the relevance of the individual perspective in a specific research question.

Chapter 4 upscaled functional trait and diversity estimations to a larger area and
linked functional diversity to productivity in naturally assembled forest communities.
We derived per-pixel community-level morphological and physiological traits, then
estimated community-weighted means (CWMs) of single traits and multivariate
functional diversity indices. Finally, we investigated the influence of forest functional
characteristics and environmental factors on remotely-derived ecosystem primary
productivity (vegetation index kNDVI) and carbon storage (aboveground biomass
(AGB), derived from a calibrated LiDAR model). Results showed CWMs of all
functional traits strongly affected kKNDVI and AGB, as suggested by the mass-ratio
hypothesis. Morphological functional diversity indices were also important predictors
of KNDVI and AGB, which indicated complementarity effects in crown architectures.
Our work highlights the potential of using remotely-sensed functional traits to assess
the relationship between trait diversity and ecosystem functioning across large,

contiguous areas.

The thesis discusses the advantages and limitations of using remote sensing for
mapping forest functional diversity and addressing trait-based ecological questions.
Potential future research directions include monitoring changes in plant physiological
traits and three-dimensional structure across time (seasonal and inter-annual variation)
and space (different biomes); and integrating remote sensing, field observations and
models to improve predictions of functional diversity and better understand the

relationships with ecosystem productivity.
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Zusammenfassung

Wailder sind wichtige Lebensrdume fiir die terrestrische Biodiversitédt und spielen eine
entscheidende Rolle im globalen Kohlenstoftkreislauf. Die Biodiversitit der Wélder
ist jedoch durch den Klimawandel und menschliche Aktivititen ernsthaft bedroht.
Eine effiziente Bestandesaufnahme und Uberwachung der Biodiversitit der Wilder ist
fiir der Erhaltung der 6kologischen Funktionen und im Sinne der Nachhaltigkeit
dringend erforderlich. Mit dem Aufkommen der funktionellen Biogeographie wurde
die funktionelle Vielfalt der Pflanzen zunehmend als wichtiger Faktor fiir das
Funktionieren von Okosystemen (z. B. Produktivitit) erkannt. Die Fernerkundung
erginzt die traditionellen bodengestiitzten Inventuren und bietet ein praktisches Mittel
zur kontinuierlichen und konsistenten Uberwachung der funktionellen Merkmale und
der Vielfalt der Wilder iiber groere raumliche Gebiete. Um die Vielfalt innerhalb
von und zwischen Waldgemeinschaften besser widerzuspiegeln, miissen jedoch noch
einige Herausforderungen bewdltigt werden. Ziel dieser Arbeit ist es daher, eine
Methode zur Kartierung der funktionalen Vielfalt von Wildern mit Hilfe der
Fernerkundung in verschiedenen Malistdben zu entwickeln und diese Karten in

Zusammenhang mit der Produktivitét zu bringen.

Um dieses Ziel zu erreichen, wurde eine Reihe von Studien in einem subtropischen
Wald im Shennongjia National Forest Natural Reserve in der Provinz Hubei in China
durchgefiihrt. Zundchst wurde eine auf einzelnen Bidumen basierende Methode
entwickelt, um die funktionelle Vielfalt von Bestinden auf ganze Wilder zu
iibertragen (Kapitel 2). Morphologische Merkmale (95. Quantil Hohe,
Blattflichenindex und  Blatthohenvielfalt) und physiologische = Merkmale
(Spektralindizes als Ndherungswerte fiir Blattstickstoff, Carotinoide und spezifische
Blattflache) fiir jede einzelne Baumkrone (ITC) wurden aus luftgestiitzten Light
Detection and Ranging (LiDAR) und bildgebenden Spektroskopiedaten gewonnen.
Auf der Grundlage des multivariaten Merkmalsraums, der durch die ITCs gefiillt
wurde, wurden funktionale Diversitdtsindizes mit Hilfe eines Moving-Window-
Ansatzes abgeleitet. Dieser Ansatz umfasste die inter- und intra-spezifische Diversitét
und maximierte die Abbildung der Merkmalsvariation zwischen Individuen. Der
funktionelle Reichtum zeigte eine logarithmische Beziehung mit zunehmender Flache
oder Anzahl der Einzelbdume, wobei lokale Merkmalskonvergenz vorherrschend war.

Mit hochauflésenden Fernerkundungsdaten liefert der ITC-basierte Ansatz zur



funktionalen Diversitit das Potenzial, auf individuellen Merkmalen basierende

okologische Fragestellungen mit rdumlich ausgedehnten Daten durchzufiihren.

Um die Skalenliicke zwischen lokalen Stichproben (bei denen in der Regel
einzelne Bdume gemessen werden) und grofrdumigen Satellitenbeobachtungen besser
zu verstehen, wurden in Kapitel 3 die ITC- und pixelbasierten funktionalen
Merkmale verglichen und untersucht, wie sich Kérnung und Ausdehnung auf die
merkmalsbasierte funktionale Vielfalt auswirken. Wir stellten fest, dass (1)
sematische und Verteilungsunterschiede zwischen den ITC- und pixelbasierten
Merkmalen bestehen, (2) der pixelbasierte Ansatz mit zunehmender Pixelgrofe
weniger Varianz in den Merkmalen erfasst, was auf einen Informationsverlust der
kleinrdumigen Variabilitdt hindeutet, (3) die funktionelle Vielfalt anhand der
funktionellen Merkmale entweder auf ITC- oder auf Pixelebene fiir mehrere
rdumliche Ausdehnungen effektiv bewertet werden kann, wenn eine geeignete
PixelgroBe gewéhlt wird. Ob ein ITC- oder ein pixelbasierter Ansatz besser geeignet
ist, hdngt von der rdumlich-zeitlichen Auflosung der Daten und der Relevanz der

individuellen Perspektive fiir eine bestimmte Forschungsfrage ab.

In Kapitel 4 wurden die Schétzung der funktionellen Merkmale und der Diversitét
auf eine groBere Fliche iibertragen und die funktionelle Diversitit mit der
Produktivitdt natiirlich zusammengesetzter Waldgemeinschaften in Verbindung
gebracht. Wir leiteten morphologische und physiologische Merkmale auf Pixel-Ebene
ab und schitzten dann gemeinschaftsgewichtete Mittelwerte (CWMs) einzelner
Merkmale und multivariate Indizes der funktionalen Vielfalt. SchlieBlich untersuchten
wir den Einfluss der funktionalen Merkmale des Waldes und der Umweltfaktoren auf
die durch die Fernerkundung abgeleitete Primirproduktivitit des Okosystems
(Vegetationsindex kKNDVI) und die Kohlenstoffspeicherung (oberirdische Biomasse,
AGB). Die Ergebnisse zeigten, dass die CWMs aller funktionellen Merkmale einen
starken Einfluss auf kNDVI und AGB haben, wie die Hypothese des
Massenverhiltnisses nahelegt. Morphologische Indizes der funktionellen Vielfalt
waren ebenfalls wichtige Priadiktoren fiir kNDVI und AGB, was auf
Komplementarititseffekte in der Kronenarchitektur hinweist. Dariliber hinaus
variierten die Beziehungen zwischen funktioneller Vielfalt und Produktivitét je nach
ausgewdhlten Diversitdtsmetriken und Skalen. Unsere Arbeit unterstreicht das

Potenzial des Einsatzes von durch Fernerkundung erfassten funktionalen Merkmalen
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zur Bewertung der Beziehung zwischen Merkmalsvielfalt und Okosystemfunktionen

in groBen, zusammenhingenden Gebieten.

In dieser Dissertation werden die Vorteile und Grenzen des Einsatzes der
Fernerkundung zur Kartierung der funktionalen Vielfalt von Wildern und zur
Beantwortung eigenschaftsbasierter 6kologischer Fragen erortert. Potenzielle kiinftige
Forschungsrichtungen  umfassen die  Uberwachung von  Verinderungen
pflanzenphysiologischer Merkmale und dreidimensionaler Strukturen tiiber Zeit
(jahreszeitliche und zwischenjéhrliche Schwankungen) und Raum (verschiedene
Biome), die Integration von Fernerkundung, Feldbeobachtungen und Modellen zur
Verbesserung der Vorhersage der funktionalen Vielfalt und zum besseren Verstindnis

der Beziehungen zur Produktivitit von Okosystemen.

vii






Table of Contents

Chapter 1: INtroduction .........ceeieiceicnsnicsseicssnecsssnessssnesssssessssressssssssssssssssssssssssssses 1
1.1 Background 3
1.2 Key challenges of remote sensing-based functional diversity ................. 13
1.3 Thesis aims and structure 18
1.4 References 20
Chapter 2: Mapping functional diversity using individual tree-based
morphological and physiological traits in a subtropical forest ..........ccceeeueeunene. 31
2.1 Introduction 34
2.2 Materials 39
2.3 Methods 41
2.4 Results 47
2.5 Discussion 54
2.6 Conclusions 61
2.7 Acknowledgement 62
2.8 Supplementary Material 62
2.9 References 71
Chapter 3: Individual tree-based vs pixel-based approaches to mapping forest
functional traits and diversity by remote Sensing .........cccccceeecercrcercssnnrcssnercssnsecnns 81
3.1 Introduction 84
3.2 Materials 87
3.3 Methods 88
3.4 Results 91
3.5 Discussion 98
3.6 Conclusions 102
3.7 Acknowledgement 103
3.8 Supplementary Material 103
3.9 References 111
Chapter 4: Remotely sensed functional diversity and its association with
productivity in a subtropical fOrest .........ccooveivvvrinirercsssercssercssnrcssnnicssnsesssssesssnnes 117
4.1 Introduction 120
4.2 Materials 122
4.3 Methods 126
4.4 Results 130
4.5 Discussion 138
4.6 Conclusions 144
4.7 Acknowledgement 144
4.8 Supplementary Material 145
4.9 References 153
Chapter 5: SYNtREsiS....ccouiievvicirsriciininssnicssnicssnissssnessssnessssnossssrosssssosssssssssssssssssses 163
5.1 Main findings 165
5.2 General contributions 170

ix



5.3 Final considerations and future directions
5.4 References

Acknowledgement




List of Abbreviations

3D
AGB
AIC
APEX
AVIRIS
BDM
BRDF
CBD
CFERN
CForBio
CHIME
CHLab
CHM
CRI

(O\Y
CWMs
DART
DBH
DEM
DESIS
DGVMs
DW

EBVs

ECOSTRESS

ED
EnMAP
EVI
EWT
FAO
FD
FDiv
FEve
FHD
ForestGEO
FRic
FW
GEDI
GF
GF-5
GNSS
GPP

Three-Dimensional

Aboveground Biomass

Akaike Information Criterion

Airborne Prism Experiment

Airborne Visible / Infrared Imaging Spectrometer
Swiss Biodiversity Monitoring Programme
Bidirectional Reflectance Distribution Function
Convention on Biological Diversity

Chinese Forest Ecosystem Research Network
Chinese Forest Biodiversity Network
Copernicus Hyperspectral Imaging Mission for the Environment
Leaf Chlorophyll a+b Content

Canopy Height Model

Carotenoid Reflectance Index

Coefficient of Variation

Community-Weighted Means

Discrete Anisotropic Radiative Transfer
Diameter at Breast Height

Digital Elevation Model

DLR Earth Sensing Imaging Spectrometer
Dynamic Global Vegetation Models

Dry Weight

Essential Biodiversity Variables

ECOsystem Spaceborne Thermal Radiometer Experiment on
Space Station

Ecosystem Demography Model

Environmental Mapping and Analysis Program
Enhanced Vegetation Index

Equivalent Water Thickness

Food and Agriculture Organization

Functional Diversity

Functional Divergence

Functional Evenness

Foliage Height Diversity

Forest Global Earth Observatory

Functional Richness

Fresh Weight

Global Ecosystem Dynamics Investigation

Gap Fraction

Gaofen-5 Hyperspectral Earth Observation Satellite
Global Navigation Satellite System

Gross Primary Production

xi



GPR
GPS

Hos
HBCORS
HISUI
ICESat-2
IMU
INFORM
IPBES

IQR

ITCs
kKNDVI
K-S test
LAI
Landsat TM
LiDAR
LDA

LMA
LPJmL-FIT
LUE
MDEV
MODIS
mNDVI
NDNI
NDVI
NEON
NIRv

NPP
PALSAR-2
PCA

PFTs
PHI-3
PLS-DA
PLSR
PRISMA
PROSAIL

RAINFOR
RMSE
RTK

SAIL
SARs
SBG

SD

Gaussian Process Regression
Global Positioning System

95th Quantile Height

Hubei GPS Continuous Operation Reference System
Hyperspectral Imager Suite

Ice, Cloud and land Elevation Satellite

Inertial Measurement Unit

INvertible FOrest Reflectance Model

Intergovernmental Science-Policy Platform on Biodiversity and
Ecosystem Services

Interquartile Range

Individual Tree Crowns

Kernel Normalized Difference Vegetation Index
Kolmogorov-Smirnov Test

Leaf Area Index

Landsat Thematic Mapper

Light Detection and Ranging

Linear Discriminant Analysis

Leaf Mass per Area

Lund-Potsdam-Jena managed Land of flexible individual traits
Light Use Efficiency

Mean Absolute Deviation

Moderate Resolution Imaging Spectroradiometer
Modified Normalized Difference Vegetation Index
Normalized Difference Nitrogen Index
Normalized Difference Vegetation Index

National Ecological Observatory Network
Near-infrared Reflectance of Terrestrial Vegetation
Net Primary Production

Phased-Array L-band Synthetic Aperture Radar - 2
Principal Component Analysis

Plant Functional Types

Pushbroom Hyperspectral Imager-3

Partial Least Squares Discriminant Analysis
Partial Least Squares Regression

Precursore Iperspettrale della Missione Applicativa
The combined PROSPECT leaf optical properties model and
SAIL canopy bidirectional reflectance model

Amazon Forest Inventory Network
Root Mean Squared Error

Real-Time Kinematic

Scattering by Arbitrary Inclined Leaves
Species richness—Area Relationships
Surface Biology and Geology

Standard Deviation

xii



SIF

SLA
Soil.OCS
Soi. VWC
SR

SRTM
SVH
TanDEM-X
TEAM
TRMM
TROPOMI
UAVs

Vis

Satellite-based Sun-induced Chlorophyll Fluorescence
Specific Leaf Area

Soil Organic Carbon Stocks

Soil Volumetric Water Content

Simple Ratio Index
NASA's Shuttle Radar Topography Mission

Spectral Variation Hypothesis

TerraSAR-X add-on for Digital Elevation Measurement
Tropical Ecology Assessment and Monitoring Network
Tropical Rainfall Measuring Mission

TROPOspheric Monitoring Instrument

Unmanned Aerial Vehicles

Vegetation Indices

xiil






Chapter 1

Introduction






Introduction

1.1 Background

1.1.1 Forest biodiversity and ecosystem functioning

Forests are one of the most important ecosystems of the terrestrial biosphere, which cover
approximately one-third of Earth’s total land area (FAO, 2015) and provide valuable ecosystem
goods and services such as food, timber, carbon and water cycling, and climate regulation,
among others (K&hl et al., 2015). They store about 80% of Earth’s total plant biomass and
contribute half of the terrestrial gross primary productivity (Beer et al., 2010). Forest
ecosystems are also the most important global repositories of terrestrial biodiversity, providing
habitat for over half of terrestrial plant and animal species (CBD, 2016; Liang et al., 2016).
However, the biodiversity of forests is seriously threatened by climate change and human
activities (e.g. rapid deforestation, forest fragmentation and degradation) (D &z et al., 2006;
Fang et al., 2012). The loss of forest biodiversity is in turn affecting human well-being with
irreversible consequences for ecosystem functioning and essential ecosystem services on which
humanity relies (Cardinale et al., 2012; Clavel et al., 2011; Hooper et al., 2005). Therefore,
monitoring and mapping forest biodiversity is essential from ecological conservation and

sustainability standpoints.

Biodiversity (or biological diversity) is a broad term representing the variety of life on Earth.
As defined in the Convention on Biological Diversity (CBD), biodiversity encompasses not
only the diversity of species, but also the diversity within species and of ecosystems (Pascual
et al., 2021). There are numerous dimensions of biodiversity, which reflect the composition of
biological communities and the structure and function of ecosystems at all levels of the
biological hierarchy, from genes to ecoregions (Isbell et al., 2017; Noss, 1990). Monitoring
dimensions of biodiversity is required to assess the state of biodiversity and achieve adaptive

ecosystem management (Cavender-Bares et al., 2022; Soto-Navarro et al., 2021).

Many previous large-scale biodiversity inventory and conservation assessments typically
relied on taxonomic diversity (e.g. species richness) (Girardello et al., 2019). With the
emergence of functional biogeography, other biodiversity components such as functional and
phylogenetic diversity have received increasing attention (Flynn etal., 2011; Violle et al., 2014).
Plant functional diversity refers to the range and distribution of functional traits of vascular
plants. It varies across scales of space (e.g. site, country or biome), time (e.g. minutes, decades
or millennia) and biological organization (e.g. individuals, species, population, communities or
ecosystems) (Jetz et al., 2016; Tilman, 2001). Functional traits are the morphological,

physiological, biochemical or phenological features of individual plants that affect plant
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performance and fitness (Homolovaet al., 2013; Pé&ez-Ramos et al., 2019; Violle et al., 2007).
According to the above definitions, plant functional traits can reflect plant adaptive strategies
to environmental change and play an essential role in determining ecosystem functioning (D &z
et al., 2013; Funk et al., 2017). Besides, evidence shows that functional strategies are more
strongly constrained in multivariate trait space than univariate trait axes because adaptation is
a multivariate process (Blows, 2007; Laughlin, 2014; Laughlin and Messier, 2015; Muscarella
and Uriarte, 2016). Therefore, selecting ecologically meaningful functional traits representing
multi-trait characteristics of organisms is critical for monitoring functional diversity and
ecosystem functioning (D Bz et al., 2016; Petchey and Gaston, 2006). Recently, functional
diversity measurements have shifted from the taxonomy-based functional group classification
to taxonomy-independent continuous multi-trait approaches (Laureto et al., 2015; Vill&yer et
al., 2008). A growing body of research indicates that plant functional diversity, accounting for
both inter- and intra- specific variation of key traits and functional redundancy (niche overlap
among coexisting species), is likely a better predictor of biodiversity effects on ecosystem
functioning (e.g. ecosystem productivity), and its stability and resilience, than species diversity
(D mz et al., 2007; Hooper et al., 2005; Isbell et al., 2017; Mori et al., 2013).

Many biodiversity experiments demonstrated higher productivity in species-rich ecosystems
than in monocultures (Hector et al., 1999; Reich et al., 2012; Roscher et al., 2005; Tilman et al.,
1996). Two general hypotheses have been proposed to explain positive species richness—
productivity relationships: the complementarity effect (i.e. increased resource use efficiency in
functionally diverse communities) and the selection effect (i.e. greater likelihood of sampling
more productive species or individuals in more diverse communities). These hypotheses also
imply that plant functional characteristics are at the core of a mechanistic understanding of
biodiversity effects (Loreau and Hector, 2001; Roscher et al., 2012). However, the generality
(e.g. in forests) of a positive relationship between biodiversity and productivity is still debated
because most of these experiments were carried out in fast-growing model systems, such as
early successional or semi-natural grasslands and terrestrial microcosms (Grace et al., 2016;
Naeem et al., 1994; Schmid et al., 2002). Although several forest biodiversity experiments have
been designed in recent years, the trees tested are often very young (Bongers et al., 2021;
Bruelheide et al., 2014; Grossman et al., 2017; Scherer-Lorenzen et al., 2007; Tobner et al.,
2014). On the other hand, many observational studies based on forest inventories or plots
revealed positive relationships of forest biodiversity with productivity in different naturally
assembled forest ecosystems (Chen et al., 2018; Liang et al., 2016; Liu et al., 2016; Paquette
and Messier, 2011; Ruiz-Benito et al., 2014; Vilaet al., 2007), while invariant, hump-shaped,
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U-shaped or even negative relationships were also reported (Belote et al., 2011; Mittelbach et
al., 2001; Vilaet al., 2003).

Observational data have the potential for investigating forest biodiversity—productivity
relationships in the “real world” under different ecological contexts (Vila et al., 2013). Global
and national forest monitoring networks have been growing in size and number, and include
the forest global earth observatory (ForestGEO), tropical ecology assessment and monitoring
network (TEAM), Chinese forest biodiversity network (CForBio), Amazon forest inventory
network (RAINFOR), national ecological observatory network (NEON), Chinese forest
ecosystem research network (CFERN), Swiss biodiversity monitoring programme (BDM) and
so on (Anderson-Teixeira et al., 2015; Baru et al., 2012; Feng et al., 2016; Ferretti, 2021; Malhi
et al., 2002; Nagy et al., 2021; Niu et al., 2013; Plattner et al., 2004); trait databases such as
TRY, LT-Brazil and China plant trait database are also growing (Kattge et al., 2020; Mariano
etal., 2021; Wang et al., 2018a). However, field surveys of forest traits and ecosystem functions
are still confined in space (limited and uneven distribution of forest sampling plots) and time
(inconsistent sampling time and generally lacking time-series observations) due to limitations
imposed by cost, complexity and accessibility, particularly in the species-rich tropical and
subtropical areas (Jetz et al., 2016; Schimel et al., 2015). To better understand diversity—
productivity relationships in forest ecosystems in the context of global change, it would help to
integrate multi-source data and develop suitable methods to assess functional trait diversity as

well as ecosystem productivity continuously and repeatedly over whole landscapes.

1.1.2 State of the art in remote sensing of biodiversity and ecosystem functions

Remote sensing involves a wide array of tools and techniques on orbiting satellites, near-space
vehicles, aircraft, and various near-surface platforms, which enable directly observing
ecosystems and large organisms by quantifying the reflection and emission of radiation from
the Earth surface with active and passive sensors (Cavender-Bares et al., 2022; Turner, 2014).
Remote sensing technologies have remarkably expanded our understanding of the living
environment on Earth from spatial and temporal perspectives (Ustin and Middleton, 2021) and
play a unique role in monitoring various aspects of biodiversity and ecosystem functions (Geller
etal., 2017).

Satellite remote sensing has the advantages of continuous spatial coverage and repeatable
observations, enabling the broader environmental context and climatic and anthropogenic
drivers of biodiversity change to be tracked rapidly (Turner, 2014; Turner et al., 2003). Early

remote sensing applications in biodiversity estimation were based on optical data with coarse
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spatial and spectral resolution (e.g. MODIS, Landsat TM) and thus mainly focused on mapping
landscapes or habitats through land cover classification (Stoms and Estes, 1993). Earth
observation missions with an enhanced spatiotemporal or spectral resolution (e.g. EO-1
Hyperion, Quickbird, IKONOS, Sentinel-2, Planet and Worldview-2/-3) facilitated more
comprehensive and accurate diversity and ecosystem assessment. Forest structural parameters
and diversity, biochemical components, density, productivity and other ecosystem properties
were estimated effectively over large areas (Andrew et al., 2014; Gdnez et al., 2011; Hauser et
al., 2021; Palace et al., 2008; Zeng et al., 2009). Remote sensing techniques were also
increasingly used to map species distribution and diversity by direct classification (Ferreira et
al., 2019; Immitzer et al., 2012) or indirect regression based on multi-source remote sensing
and in-situ diversity data (Turner et al., 2003). For example, earlier studies found standard
deviation (SD) and coefficient of variation (CV) of vegetation indices correlated positively with
species richness (Oindo and Skidmore, 2002). The widely available satellite-derived
environmental variables (e.g. SRTM DEM, TRMM rainfall) also facilitated the macro-
biodiversity monitoring since variation in geodiversity can lead to shifts in resource availability

that alter habitat types and drive species turnover (Zarnetske et al., 2019).

Airborne imaging spectroscopy (also called hyperspectral remote sensing) and light
detection and ranging (LiDAR, also known as laser scanning) systems provide remote sensing
data at unprecedented spatial and spectral dimensions (Asner et al., 2012; Thompson et al.,
2017). Imaging spectroscopy is a passive remote sensing technology for the simultaneous
acquisition of spatially coregistered images of the solar reflected spectrum of the object or
surface, in many, spectrally contiguous bands from a remotely operated platform, which has a
long history in quantifying chemical compounds in chemometrics and earth system science
(Green et al., 1998; Schaepman et al., 2009). Full-range imaging spectroscopy covering the
visible (400-700 nm), near-infrared (700-1000 nm), and shortwave infrared (1000-2500 nm)
regions of the electromagnetic spectrum can resolve narrowband absorption features associated
with biochemical traits that cannot be discerned from broadband multispectral sensors (Curran,
1989). LIDAR is an active remote sensing technology that sends laser beams toward an object
and measures the time and power of the backscattered energy, which is typically classified into
discrete return or full waveform types (Lefsky et al., 2002). Airborne LIDAR can penetrate
through gaps between leaves and capture the vertical, horizontal and inner structure of the
canopy accurately (Coops et al., 2016). Spectroscopic measurements combined with LiDAR
data on detailed three-dimensional (3D) measurements of forest structure can enhance the

ecological interpretation of the spectral imagery and help overcome limitation of using surface
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signals only (Jetz et al., 2016; Valbuena et al., 2020). The spectral variability hypothesis (SVH)
linking spectral heterogeneity to variation in habitats or species (Palmer et al., 2002) has been
extensively applied in many plant diversity studies with these high spatially and spectrally
resolved data (Rocchini et al., 2010; Wang and Gamon, 2019). Statistical metrics of spectral
variability (e.g. SD or CV of vegetation indices (VIs) or reflectance, convex hull volume or
area) (Xu et al., 2022), spectral similarity measures (e.g. spectral angle mapper, spectral
information divergence) (Gholizadeh et al., 2018), and spectral information theory (e.g. spectral
entropy) (Rocchini et al., 2017), were applied to achieve rapid biodiversity assessment at
different scales (Wang and Gamon, 2019; Frye et al.,, 2021). High-resolution imaging
spectroscopy and LIDAR data also showed great potential in tree species classification (Clark
etal., 2005; Fassnacht et al., 2016; Fé&et and Asner, 2013). Studies found that fusion of airborne
LiDAR and hyperspectral data and feature aggregation to ITC level improves tree species
classification in different forest ecosystems (Alonzo et al., 2014; Dalponte et al., 2012;
Torabzadeh et al., 2019).

“Spectranomics” maps species diversity and composition based on underlying unique leaf
biochemical signatures derived from airborne imaging spectroscopy (Asner and Martin, 20009,
2016). Spectral species were successfully applied to estimate canopy species a- (€.g. species
richness, Shannon-Wiener index) and B-diversity in tropical forests (Fé&et and Asner, 2014;
Sch&er et al., 2016). To better link ecological information and remote sensing observations,
Ustin and Gamon (2010) proposed a new concept of optically distinguishable functional types
(‘optical types’) based on vegetation structure, physiology and phenology assessments. Zhao et
al. (2018b) adapted these concepts in a subtropical forest to identify interspecies variations in
biochemical and structural traits of trees (Zhao et al., 2016) and then estimate forest species
diversity by a self-adaptive Fuzzy C-Means clustering algorithm. Similar to the local spectral
species, global spectral communities identified by MODIS data associated with a species
assemblage, habitat, or ecosystem were used to assess ecosystem diversity over wide
geographical areas (Rocchini et al., 2021). Moreover, imaging spectroscopy data provide
information on many traits and indirectly link to genotypes and phylogenetic signals, showing
the potential to reveal genetic variation and genetic composition in natural ecosystems
(Cavender-Bares et al., 2016; Czyz et al., 2020; Madritch et al., 2014; Meireles et al., 2020).

Remotely-sensed functional traits derived from empirical approaches (e.g. Vs, partial least-
squares regression (PLSR) and gaussian process regression (GPR)), radiative-transfer models
(e.g. INFORM, PROSAIL, DART) or hybrid approaches (Baret and Buis, 2008; Darvishzadeh
etal., 2019; Hauser et al., 2021; Singh et al., 2015; Xie et al., 2021) can also be used to quantify
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functional diversity at multiple scales. Functional diversity indices can be derived from
remotely-sensed traits directly or based on statistical relationships between in-situ functional
diversity measurements and remote sensing data. For example, Schneider et al. (2017)
integrated commonly-used functional diversity indices with remotely-sensed morphological
and physiological traits and mapped multivariate functional diversity continuously across a
temperate mixed forest. Similarly, Durdn et al. (2019) estimated single- and multi-trait
functional diversity metrics in tropical forests along elevation gradients based on per-pixel
values of four traits derived from airborne systems. Forest canopy functional trait maps derived
from laser-guided imaging spectroscopy have also been used to distinguish functional classes
and functional groups in tropical forests (Asner et al., 2017). At large spatial scales, free and
open-access satellite data (e.g. Sentinel-2, Landsat, MODIS) enabled estimation of community-
level functional traits and functional diversity across space and time (Ali et al., 2020; Hauser et
al., 2021; Helfenstein et al., 2022; Loozen et al., 2020; Ma et al., 2019; Moreno-Mart mez et al.,
2018; Rocchini et al., 2018; Wallis et al., 2019). “Ecosystem traits” that measure traits or
quantitative characteristics of organisms (plants, animals, and microbes) at the community level
have received increasing attention for linking functional traits to macroecology (He et al., 2019).
Besides, satellite remote sensing plays a crucial role in measuring ecosystem structure and
ecosystem function of essential biodiversity variables (EBVs) (Pereira et al., 2013), such as tree
cover (Hansen et al., 2013), vegetation structure, phenology and primary productivity (Pettorelli
et al., 2016; Reddy et al., 2021; Skidmore et al., 2015, 2021).

In addition, mechanistic and correlative models at different biological levels from individual,
species or population to community and ecosystem are powerful tools for addressing
biodiversity and ecosystem dynamics and predicting their response to environmental change
(IPBES, 2016). Remote sensing data are increasingly integrated with modeling with the
advantages of free availability, long-term observation, large-scale coverage, and high
spatiotemporal and spectral resolution. For instance, many species distribution models correlate
in-situ species distributions with remotely sensed climate or topographic variables (Kearney
and Porter, 2009). Besides, long-term remote sensing combined with dynamic global vegetation
models (DGVMs) and environmental data provides an alternative way to predict large-scale
trait diversity patterns (Sakschewski et al., 2015; Thonicke et al., 2020). Ecological data
assimilation further extends model-data integration and advances ecological forecasting of

diversity and ecosystem functions under future climate scenarios (Luo et al., 2011).

New generation spaceborne imaging spectroscopy (e.g. PRISMA, DESIS, HISUI, EnMAP,
GF-5 and the upcoming SBG, CHIME), LIiDAR (e.g. GEDI, ICESat-2), radar (e.g. Sentinel-1,
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PALSAR-2, TanDEM-X) and thermal imager (ECOSTRESS) systems have greatly enriched
the dimensionality of remotely sensed data, which further expands the range of detectable plant
biochemical, physiological and structural properties and improves the capability in remote
sensing assessment of diversity and ecosystem functions (Stavros et al., 2017; Ustin and
Middleton, 2021). Proximal remote sensing techniques, like unmanned aerial vehicles (UAVS)
carring hyperspectral, LIDAR or multispectral sensors, have also been reported in successfully
distinguishing species and estimating forest diversity (Ferreira et al., 2020; Getzin et al., 2012;
Plesoianu et al., 2020; Schiefer et al., 2020). Besides, backpack LIiDAR and PhenoCams can
track structural features and physiological phenology and show potential in forest inventories

and diversity assessment (Hyypp&et al., 2020; Luo et al., 2018).

In summary, remote sensing applications in biodiversity can be generally grouped into direct
and indirect approaches. The direct approaches map species or species assemblages or
functional types, from airborne or UAV-borne LIiDAR and imaging spectroscopy data or
satellite imagery based on parametric or non-parametric supervised and unsupervised
classification methods. The indirect approaches use empirical statistical models to infer several
dimensions of diversity (genetic or phylogenetic, taxonomic and functional diversity) based on
remotely-sensed spectral or environmental variables (e.g. VIs, spectral characteristics, habitat
area or structure, primary productivity, macro-topography and climate data) and in-situ data
following SVH, species—area curve, habitat heterogeneity and productivity hypothesis.
Examples of commonly-used methods for remote sensing of biodiversity monitoring at

different scales summarized in this section are also shown in Figure 1.1.
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Ecological del Species distribution models; Dynamic global vegetation models
cological models (e.g. LPImL-FIT, ED2); Ecological forecasting and data assimilation
. . Empirical statistical models to infer biodiversity based on macro-
Geodiversity .
topography and climate data
s
Global-regional RS-enabled Essential Ecosystem structure (tree cover, height) & function (phenology,
coverage Biodiversity Variables productivity); biophysical variables (chlorophyll, nitrogen), etc.
MODIS GPP/NPP/LAI/VCF/NDVI “
0CO-2 SIF E c di it Derive a- and B-diversity directly based on clustering or spectral
Landsat /Sentinel-2 cosystem diversity variability of spectral communities; Ecosystem traits
Sentinel-1 / Tandem-X J
GEDI/ICESat-2 \ p
Land cover products Habitat/landscape Land cover maps and landscape metrics (FRAGSTATS);

SRTM DEM /ASTER DEM

mappin
TRMM Rainfall ...... / PpIng

Habitat types number & variety (habitat heterogeneity hypothesis)
S

Functional traits: empirical (e.g. PLSR), physical & hybrid models;

Functional diversity Functional types; Single-/ multi-trait functional diversity indices

Regional-local
< Spectral diversity
coverage

Airborne or UAV-based
LiDAR & hyper- or multispectral data . e )
or very-high-resolution satellite Species classification
images (e.g. worldview-2/-3),
Field spectrometers, \
Backpack LiDAR, TLS,
PhenoCam....... (Phylo)genetic diversity,

Spectral variability: CV of Vls, convex hull volume or area;
Spectral similarity: spectral angle mapper; Spectral entropy, etc.

Parametric & non-parametric (machine/ deep learning) algorithms:
Supervised or unsupervised classification/ spectral species

g g0 333 40 41

:> PLS-DA to classify lineages/subspecies; PLSR to identify probability
to genetic clusters; Phylogenetic diversity—spectral diversity linkage

Figure 1.1 A conceptual map of the remote sensing of biodiversity at different scales. The remote sensing data mentioned here
are generally the data applied in the examples in this state-of-the-art overview section. For more satellite sensors available for
measuring biodiversity patterns, see Anderson (2018) where the authors listed 44 active and passive satellite sensors on
different spatiotemporal scales used to measure multiple types of essential biodiversity variables, and recent review papers
Ustin and Middleton (2021) and Zeng et al. (2022) that encompass many latest and upcoming satellites at various spatial,

temporal and spectral resolutions with the capability for monitoring plant diversity and ecosystem functioning.

Productivity, defined as carbon fluxes (or carbon uptake at a particular moment), is
challenging to measure directly using remote sensing. Practically, gross primary production
(GPP) and annual increment in stem volume or aboveground biomass (AGB) are commonly
used as ecological indicators for assessing forest productivity and carbon sequestration rates
(Liang et al., 2016; Nightingale et al., 2008). Empirical approaches linking flux observations
and remote sensing data (Jung et al., 2009; Xiao et al., 2008), or process models such as the
light use efficiency (LUE) (Running et al., 2004; Xiao et al., 2004; Zhao et al., 2005) and
DGVMs (Fisher et al., 2018), are widely-used methods for large-scale GPP estimation.
Satellite-based sun-induced chlorophyll fluorescence (SIF) opened new pathways to measure
GPP across ecosystems (Damm et al., 2015), although the integration of SIF in photosynthesis
models for a robust constraint to estimate GPP remains challenging. Moreover, normalized
difference vegetation index (NDVI), enhanced vegetation index (EVI), near-infrared
reflectance of terrestrial vegetation (NIRv) and kernel normalized difference vegetation index

(KkNDVI) were reported as good indicators for GPP in different biomes (Badgley et al., 2017;
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Brun et al., 2019; Camps-Valls et al., 2021; Oehri et al., 2017). These VIs are based on live
green vegetation absorbing solar radiation in red light to support photosynthesis but reflecting
most of the solar energy in near-infrared to avoid potential damage from overheating, thus can
indicate greenness or photosynthetically active biomass (Zeng et al., 2022). Multitemporal
LiDAR data has the potential for monitoring the growth and mortality of overstory trees or
ecosystem structure changes, which could also be used to represent forest productivity by the
changes in morphological traits, tree volume or AGB between two periods (Zhao et al., 2018a).
For small-scale study sites, many researchers also utilize AGB as a productivity-related
indicator to indicate carbon accumulation and storage (Liu et al., 2018; Su et al., 2016). In
previous studies, active (e.g. LIDAR, radar) and passive (e.g. optical imagery) remote sensing
data have been reported to successfully estimate AGB in different forest ecosystems (Lucas et
al., 2015).

1.1.3 Characteristics of the subtropical forest in Mt. Shennongjia

Mt. Shennongjia, located in the northwest of Hubei province in China, boasts an extraordinarily
high diversity of flora and fauna and represents one of the global biodiversity hotspots (Xie and
Shen, 2021a). The study was conducted at the Shennongjia National Forest Natural Reserve
with an area of about 11 x 14 km (31°14'29"~31°23'58" N, 110°22'45"~110°33'40" E) on the
southern slope of Mt. Shennongjia covered by an airborne campaign. The elevations range from
636 to 2500 m above sea level. This region belongs to the temperate climate zone (Cwa —
Monsoon-influenced humid subtropical climate), following the Kd&ppen-Geiger climate
classification (Beck et al., 2018). The mean annual temperature is ca. 10.2 <C and the mean
annual precipitation is ca. 1380 mm based on meteorological records (2001-2012) at 1290 m
a.s.l. The dominant soils are Mountain Yellow Cinnamon and Brown Earth (Zeng et al., 2008a).
Mt. Shennongjia lies within the Daba Mountains evergreen forests ecoregion, which also
belongs to the Global 200 priority ecoregions for global conservation (Olson and Dinerstein,
2002; Olson et al., 2001). The southern slope of Mt. Shennongjia is the northern edge of the
middle subtropical zone. The typical vegetation in this region is subtropical evergreen and
deciduous broad-leaved mixed forest. The vertical zonation of vegetation in Mt. Shennongjia
shows the ecological succession process of dominant species and functional groups of plant
communities along the elevational gradients (Ma et al., 2017), which is an ideal place to study

the reactions of functional traits and ecological processes on climate change.

Forest types vary from evergreen broad-leaved forests (dominant species are Fagaceae like
Quercus glauca, Q. oxyodon, Q. multinervis, Q. myrsinifolia and Lithocarpus glaber) at low
elevations (below 1000 m) to mixed evergreen and deciduous broad-leaved forests (1000-1700
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m) where some of the dominant species are gradually replaced by deciduous tree species like
Quercus serrata, Q. aliena var. acutiserrata, Platycarya strobilacea, Alniaria folgneri and
Fagus engleriana. With further increase of elevation, the evergreen tree species decrease and
deciduous tree species like Q. aliena var. acutiserrata, Betula luminifera, Populus davidiana
become the dominant species, forming a zone of broad-leaved deciduous forest (1600-2200 m).
The main forest types gradually turn to mixed coniferous and broad-leaved forests (2000-2400
m), and coniferous forests (above 2300 m) at higher elevations, with Pinus armandii, P.
massoniana and Larix kaempferi as dominant coniferous species (Shen et al., 2004; Xie and
Shen, 2021b). Figure 1.2 shows photos of the main forest types. In the 1970s, this region became
a critical wood-cutting area due to the high demand for timber, causing severe ecological
degradation. In the early 1980s, forest nature reserves were established in this region and
deforestation was forbidden to recover forest vegetation and protect valuable forest resources.
The vegetation constitution in the typical study area Longmenhe region can be divided into
three major types: (1) natural vegetation, which includes mixed evergreen and deciduous broad-
leaved forest (35.50%), deciduous broad-leaved forest (20.76%), hard evergreen broad-leaved
forest (2.99%), evergreen broad-leaved forest (0.86%); (2) semi-natural vegetation, which is
formed by natural regeneration after disturbance by human and non-human factors, including
mixed coniferous and broad-leaved forest (20.99%), coniferous forest (0.59%), shrub (0.93%)
and grassland (0.52%), where some conifer trees were planted; (3) planted vegetation, which
includes plantation forest (12.02%), orchard (0.32%) and cropland (4.52%), where the
plantation forest is generally used as shelterbelts in the area and is well managed (Tian et al.,
2002). Previous field surveys showed that plant species diversity was closely related to
vegetation type and the transition zone usually had a higher diversity. The largest tree species
diversity on Mt. Shennongjia was found at approximately 1500 a.s.1., supporting the rule of the
“mid-altitude bulge” (Zhao et al., 2005).
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Figure 1.2 Photos of main forest types in the study area. a) a evergreen and deciduous broad-leaved mixed forest with Fagus
engleriana, Quercus serrata, Quercus multinervis, Cornus kousa and Rhododendron hypoglaucum as dominant and co-
dominant species; b) a evergreen and deciduous broad-leaved mixed forest with Quercus oxyodon, Quercus multinervis, Fagus
engleriana, Rhododendron hypoglaucum and Betula insignis dominated in arbor layer; c) a deciduous broad-leaved forest
dominated by Quercus serrata, Castanea seguinii and Pinus armandii; d) a mixed coniferous and broad-leaved forest
dominated by Pinus armandii, Quercus variabilis, Rhus chinensis and Cornus kousa; e) a coniferous forest dominated by
planted Larix kaempferi. Photos are examples of plots within the study area taken by Yujin Zhao (2013.09 for plot a), Wenxue
Dong and Zhaoju Zheng (2016.09 for plots b, ¢, d and e).

1.2 Key challenges in the remote sensing of functional diversity

1.2.1 Remotely sensing forest functional traits and diversity

Remote sensing offers the potential to estimate plant properties at the leaf, individual plant and
community levels over large areas in a consistent, time and cost-efficient way. For studies on
forest traits and functional diversity, many earlier studies estimated morphological (e.g. height,

canopy cover or leaf area index (LAI)) and physiological traits (e.g. pigments or water content)
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with spaceborne optical data such as MODIS (250-1000 m), Landsat (30 m), EO-1 Hyperion
(30 m) and Sentinel-2 (10-60 m) based on statistical, physical or hybrid methods (Ali et al.,
2020; Garrigues et al., 2008; Homolovaet al., 2013; Ma et al., 2019; Townsend et al., 2003;
Zeng et al., 2008b). However, the sampling unit of these satellite imagery is a pixel in which
several individuals or parts of individuals might be mixed, making it challenging to estimate
between- and within-species trait variation. Airborne imaging spectroscopy and LIDAR data
have high horizontal and vertical spatial resolutions necessary to measure functional traits at
the individual tree level. Advances in LiDAR sensor technology and segmentation algorithms
have enabled the accurate detection of individual tree crowns (ITCs), making it possible to use
the ITC as a spatial unit and subsequently extracting structural information of individual trees
at large scales (Kaartinen et al., 2012). The combination of LIDAR and imaging spectroscopy
has been further used to identify sunlit crown pixels and build models for accurate retrieval of
physiological traits at the level of individual trees (Chadwick and Asner, 2016; Martin et al.,
2018).

Earlier studies found that the remotely sensed plant biochemical-structural properties create
a “fingerprint” for each species and then applied the “spectranomics” approach to link remote
sensing-derived trait variation to taxonomic variation in tropical and subtropical forests (Asner
and Martin, 2009, 2016; Zhao et al., 2016, 2018b). This approach can estimate species diversity
directly without species discrimination, assuming that inter-species trait variation is much
larger than the intra-specific variation. However, much intra-specific variation in leaf chemistry
and tree structure has also been reported in previous studies (Auger and Shipley, 2013; Bastias
et al., 2017; Fassnacht et al., 2016). Recently, spatially explicit measurements of functional
diversity based on morphological and physiological traits, independent of predefined vegetation
units (e.g. species, functional types) have also been developed using airborne imaging
spectroscopy and LiDAR data (Duran et al., 2019; Schneider et al., 2017). Although these high-
resolution data could account for both intra- and inter-specific variability together, without an
explicit delineation of individuals, it remains difficult to partition this variation since the mixing

of different biological entities may still occur within a single pixel (Guillén-Escrib&et al., 2021).

The accurate retrieval of ecologically meaningful functional traits forms the basis for
functional diversity estimation and further analysis. Although airborne systems showed the
potential capability of extracting ITC-based functional traits and modeling combining field-
based physiological trait data and remotely sensed crown spectra indicated good accuracy,
many studies have not involved ITCs in the final trait mapping step (e.g. Chadwick and Asner

(2016) applied the model built on crown spectra to 2 m pixel-wise trait mapping). One
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advantage of this high-resolution trait data is that it could include within-crown trait variation
since a single tree may occur in multiple pixels. However, for research questions that focus on
individuals or species, trait measurements of ITCs would be a more suitable representation of
the tree communities. Spatially explicit and consistent trait maps of remotely-detected
individuals across whole landscapes hold the promise to assess total community functional trait
variation without bias. Wall-to-wall measures of ITC-based functional traits and diversity are
also important to better understand community assembly processes. However, the potential of
remotely sensing individual tree-based functional traits and diversity in species-rich subtropical

forests remains to be demonstrated.

1.2.2 Scaling-up assessments of functional traits and diversity via remote sensing

Remote sensing facilitates the scaling up assessments of functional trait diversity by estimating
trait-related data at different scales (or spatial units) across broad spatial extents. However, scale
mismatches between field measurements and different resolution remote sensing data remain
to be overcome to better reflect the diversity within and between forest communities. Very high
spatial resolution airborne LIDAR and imaging spectroscopy or spaceborne multispectral
imagery such as Planet and worldview 3/4 (< 2 m) have shown their potential to identify crown
boundaries and extract information at the ITC level (Lelong et al., 2020; Torabzadeh et al.,
2019). As already mentioned, the typical sampling unit of trait measurements in the field survey
is the individual plant with species information. The very-high-resolution data has the potential
to map fine-scale functional traits spatially explicitly at ITC level. On the other hand, the
commonly-used spatial unit in previous remote sensing studies conducting trait estimation,
especially for the physiological traits, is a pixel, which could be linked with the plot (or the tree
community) conceptually. Although a pixel typically does not assign information to individuals,
it can be assumed that the very-high-resolution pixels (e.g. 1 m, 2 m) are more likely to include
only one species or individual than large pixels. However, it is unclear whether the distributions
of pixel-based traits at a resolution similar to tree crown size have significant differences
compared with ITC-based traits and how well the pixel-based functional diversity indices match
with the ITC-based measurements. This is particularly relevant to airborne data, where pixel
sizes are often smaller than or similar to those of individual tree crowns, allowing a
comprehensive comparison and consistency assessment of these two functional diversity

approaches.

The very-high-resolution data can bridge the scale gap between local field sampling points
of trees or plots to spatially explicit trait maps. However, these data are usually constrained to

local or regional scales and only limited time scales, and thus are less suitable for dynamic
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monitoring of forest diversity over a larger or even global scale. To upscale current methods
derived from these very-high-resolution data at local sites to regional and even global scales,
medium-high spatial resolution imagery (< 30 m), such as Landsat TM and Sentinel-2 data has
been used to estimate community-level functional traits (e.g. canopy height, LAI, chlorophyll,
leaf nitrogen, SLA) or functional diversity indices over large areas (Ali et al., 2020; Lang et al.,
2019; Sinha et al., 2020). Besides, the spaceborne LiDAR missions such as Global Ecosystem
Dynamics Investigation (GEDI) also showed the potential to upscale morphological trait and
structural diversity monitoring to larger scales (Potapov et al., 2021; Schneider et al., 2020).
There is no easy way to infer information on individual plants and species from these
spaceborne sensors, as field sampling does. Pixels at medium-high resolution generally capture
the aggregated information from the corresponding forest community (similar to the plot in the
field survey). However, it remains largely unknown how much fine-scale trait variation could
be captured with increasing pixel size and at what level functional diversity can be observed

from space.

In research on the remote sensing of biodiversity, scale has several dimensions, including
spatial, temporal, spectral, and angular, along with biodiversity at different levels of biological
organization (Gamon et al., 2020; Wang and Gamon, 2019). The spatial dimension typically
refers to the pixel size (grain size) and spatial extent. Previous studies in North American prairie
illustrated the effect of spatial resolution on retrieved optical diversity (CV derived from
reflectance spectra) and the scale-dependence of the optical diversity-biodiversity relationship.
They found that aggregation in larger pixels tends to obscure spectral variability of individual
leaves or plant canopies (decreased CV) and undercuts the capability of detecting local o-
diversity with optical diversity (Gholizadeh et al., 2019; Wang et al., 2018b). On the other hand,
higher regional B-diversity was found due to distributions of vegetation types and patch
diversity for the large pixel size. In contrast, very few studies have investigated the impact of
spatial scale on diversity assessment in forest ecosystems (but see Helfenstein et al., 2022), and

it remains unclear at which spatial scale forest functional diversity “should” be measured.

For forest ecosystems, choosing a suitable image resolution and designing an appropriate
sampling extent based on the trait distribution characteristics are critical but often ignored in
community-level trait retrieval from satellite remote sensing. Since most satellite sensors’ pixel
sizes are much larger than tree crowns, retrieving traits for large pixels based on in-situ plot-
level traits would average individual or species trait variation. It should be noticed that how
much trait variation will be lost in larger pixels might vary with different ecosystems. For

example, for hyperdiverse tropical forests with lots of potential trait redundancy, functional
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classes-based approaches have already been successfully implemented based on seven forest
canopy traits using airborne remote sensing data (Asner et al., 2017). It can be speculated that
relatively coarse satellite images are still likely to capture the main trait variation in this tropical
montane forest. Aggregating fine-scale airborne data allows us to investigate how much trait
variation could be captured by coarser pixels, namely, to what level functional diversity can be
measured using community-level traits. Developing test cases and scaling methodologies based
on higher resolution data in different forest ecosystems is thus vital for scale-aware global forest

biodiversity monitoring.

1.2.3 Linking functional diversity with productivity

Since 1990, biodiversity—ecosystem functioning relationships have been an ecological issue of
increasing global concern. Positive and saturating relationships between biodiversity and
ecosystem productivity have been reported on different time and space scales (Cardinale, 2012;
Naeem et al., 1994; Tilman et al., 1996), while invariant or even negative relationships have
also been reported. Many plot-level studies have suggested that ecosystem productivity and
carborn storage are influenced by functional identity (e.g. trait values of dominant species) or
functional diversity (Yuan et al., 2018; Cadotte, 2017). However, the relationships between
functional trait diversity and ecosystem functioning are still controversial and context-
dependent. For example, a recent study by van der Plas et al. (2020) states that plant functional
traits are, in fact, poor predictors of ecosystem functioning. In addition, observed diversity—
productivity relationships in natural ecosystems are usually affected by different environmental
conditions. It remains unclear whether variation in productivity in real-world forests is
explained by the variability of traits or environmental drivers (Fyllas et al., 2017; Guo et al.,
2021; Ouyang et al., 2019). Moreover, the diversity—productivity relationships also depend on
spatiotemporal scales and ecological organization levels (Gonzalez et al., 2020; Thompson et
al., 2018; van der Plas, 2019), as biological processes and functions operate across scales and

environmental filter also acts on different scales (D Bz et al., 1999).

The functional roles of vegetation such as photosynthesis or CO2 sequestration are directly
linked with remotely detectable signals through biochemical, morphological and physiological
traits (Ustin and Gamon, 2010). Remotely sensed spectral diversity and single- and multi-trait
functional diversity can be critical indicators of ecosystem productivity (Duran et al., 2019;
Schweiger et al., 2018). Therefore, assessing the influence of functional trait diversity and
environmental factors on ecosystem productivity and carbon storage using spatially contiguous
and consistent remote sensing data could help better understand the mechanisms driving these
relationships.
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1.3  Thesis aims and structure

1.3.1 Research aims

The aim of this thesis is to develop a method to determine spatial patterns of forest functional
diversity with remote sensing at different scales and assess its association with productivity
(Figure 1.3). To achieve this overarching goal, the following three main research questions and

corresponding hypotheses are formulated.
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Figure 1.3 The framework of incorporating field measurements and multi-source remote sensing observations to understand
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functional diversity and its association with ecosystem functioning in a subtropical forest.

1.3.2 Research questions and hypothesis
Three research questions have been formulated based on the research challenges and research

aims identified in the previous sections.

RQ1: How can we map functional diversity based on remotely-sensed individual-tree
functional traits by integrating airborne LiDAR and imaging spectroscopy data, and how

does functional diversity change with scale?

We demonstrate that airborne remote sensing can be used to measure forest functional diversity
from tree neighborhoods to whole forest communities based on functional traits at the
individual tree level. We expect that spectroscopic trait measurements combined with 3-
dimensional LIiDAR data can effectively quantify trait variation between individuals and reveal

spatial patterns of functional diversity across environmental gradients, considering the advances
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in airborne LIiDAR sensor technology and segmentation algorithms. We develop an individual
tree-based method to measure forest functional diversity at multiple scales for a typical
subtropical evergreen and deciduous broad-leaved mixed forest in central-eastern China. We
hypothesize that functional richness will increase with spatial scale (area) and tree density, but

likely differ from the species—area relationship due to the trait plasticity and redundancy.

RQ2: What are the differences between individual tree- and pixel-based functional traits
and diversity measures, and how do grain and extent affect the variability in functional

traits?

This research question is essential for better understanding the upscaling of functional traits and
diversity from local field sampling, regional airborne and global spaceborne observations. We
address the ecological interpretation (representing the species-level or community-level) and
distribution differences of individual tree- and pixel-based traits and the correlation of the
corresponding functional diversity metrics. We assume that the differences between ITC- and
pixel-based traits might vary with scales considering the information mixture and averaging
when signals from all individual plants and species as well as between-crown gaps present in
the pixel are spatially aggregated. We hypothesize that when the pixels get smaller, the
difference between individuals and communities becomes smaller and the individual tree- and
pixel-based assessments of forest functional diversity agree well in that case. On the other hand,
with increasing pixel size, we expect less variance in traits could be captured in the aggregated

pixel.

RQ3: What is the influence of forest functional characteristics and environmental drivers
on carbon storage and productivity? Do positive diversity—productivity relationships exist

in real-world subtropical forests?

The third research question addresses an important link between forest functional diversity and
productivity-related ecosystem functions. We aim to upscale functional trait and diversity
estimation to a larger area, so we first derive per-pixel community-level functional traits by
combining airborne LIiDAR and Sentinel-2 satellite imagery in a species-rich subtropical
mountainous forest and estimated community-weighted means (CWMs) of single traits and
multivariate functional diversity indices. We then investigated the influence of forest functional
characteristics and environmental factors on remotely-derived ecosystem carbon storage
(aboveground biomass, AGB) and primary productivity (vegetation index KNDV1). We expect

that both community-weighted mean values of single trait and multivariate functional diversity
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are important predictors of productivity in the studied forest, considering the mass-ratio

hypothesis and niche complementarity hypothesis.

1.3.3 Thesis structure
The three research questions resulted in three main chapters of this thesis, namely Chapter 2, 3

and 4. Additionally, we provide an introduction and synthesis in Chapter 1 and 5.

Chapter 1 provides the general background and relevance of the thesis, summarizes the key
challenges and opportunities of remote sensing-based forest functional diversity and introduces
the thesis aim and related research questions.

Chapter 2 addresses the first research question with a peer-reviewed article published in
Remote Sensing of Environment (Zheng et al., 2021). This chapter maps functional diversity
using individual tree-based morphological and physiological traits derived from airborne
LiDAR and imaging spectroscopy data in a subtropical forest and elucidates the area-based and

density-based scale-dependency of functional diversity in the studied forest.

Chapter 3 addresses the second research question with an article under review in International
Journal of Applied Earth Observation and Geoinformation (Zheng et al., under review). This
chapter compares the individual tree- and pixel-based approaches to estimate functional traits
and functional diversity and investigates how much variability of functional traits would be lost

when increasing pixel size.

Chapter 4 addresses the third research question with an article under review in Remote Sensing
of Environment (Zheng et al., under review). This chapter links remotely sensed functional
diversity to ecosystem functioning and investigates the influence of functional characteristics
and environmental factors on carbon storage and productivity based on airborne LiDAR and

Sentinel-2 data.

Chapter 5 summarizes the main findings of Chapter 2, 3 and 4, discusses general contributions
to the research field, and presents final considerations and an outlook on possible future

research.
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