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Abstract

Solar radiation is the prime energy source on Earth. It reaches any object in the form of elec-

tromagnetic radiation that may be absorbed, transmitted or re�ected. The magnitude of these

optical processes depends on the optical properties of each object, which in the case of plants

relate to their biochemical and structural traits. These plant phenotypic traits result from gene

expression underpinned by an individual’s genotype constrained by phylogeny, the environment

the individual is exposed to, and the interaction between genotype and the environment. Remote

observations of plant phenotypes across space and time may thus hold information about the

composition and structure of genetic variation, if a link between spectral and genetic information

can be established.

This dissertation encompasses studies linking information derived from imaging spectrometer

acquisitions under natural conditions with in situ collected information about genetic variation

within a tree species, the European beechFagus sylvatica. It presents the correlation between

spectral and genetic information by sequentially expanding temporal, spatial and genetic aspects,

and simultaneously accounting for environmental contexts that impact gene expression. By eval-

uating spectral-genetic similarities across decadal airborne imaging spectrometer acquisitions and

accounting for spectral phenotypes and whole-genome sequences of tree individuals from across

the species range, the studies provide a proof that observed re�ectance spectra hold information

about genetic variation within the species. Further, by accounting on uncertainties of spectral

measurements and deriving genetic structure of the most abundant tree species in Europe, the

dissertation advances the current remote sensing approaches and the knowledge on intraspeci�c

genetic variation. The studies focus particularly on the genetic relatedness between the trees of

the test species, whereas the acquired data may allow to establish direct associations between

genes and spectral features. The methods used may be expanded to other tree species or ap-

plied to spectral data acquired by upcoming spaceborne imaging spectrometers, which overcome

current spatiotemporal limitations of data collection, and demonstrate further paths towards the

association of genetic variation with variation in spectral phenotypes.

The thesis presents the potential of spectral derivation of intraspeci�c genetic variation within

tree species and discusses associated limitations induced by spectral, temporal, spatial and genetic

scopes of analysis. This sets a stage towards establishing a means of remote observations of spec-

tral signatures to contribute to monitoring biological variation at the fundamental genetic level,

which correlates with ecosystem performance and is an insurance mechanism for populations to

adapt to global change.
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Zusammenfassung

Die Sonneneinstrahlung ist die wichtigste Energiequelle der Erde. Sie erreicht die Ober�äche in

Form von elektromagnetischer Strahlung, welche von Objekten absorbiert, transmittiert oder

re�ektiert werden kann. Der Ablauf dieser optischen Prozesse hängt von den Eigenschaften

des jeweiligen Objekts ab, die im Fall von P�anzen mit ihren individuellen biochemischen und

strukturellen Eigenschaften zusammenhängen. Diese Eigenschaften werden durch den Geno-

typ der Individuen vorgegeben, der die genetische Ausprägung und damit den Phänotyp, der

beobachtet werden kann, bestimmt. Wird eine Verbindung zwischen spektraler und genetischer

Information hergestellt, können Raum und Zeit übergreifende fernerkundliche Beobachtungen von

P�anzenphänotypen zum Verständnis über die genetische Zusammensetzung und Struktur einer

P�anzenart beitragen.

Die vorliegende Dissertation befasst sich mit der Verknüpfung von spektraler Information von

Individuen derselben Baumart, der BucheFagus sylvatica, unter natürlichen Bedingungen mit

genetischer Information aus DNA-Proben von Blättern. Aus Ganzgenomsequenzen und Feldspek-

trometermessungen aus dem gesamten Verbreitungsgebiet vonFagus sylvaticasowie langzeitlicher

Datenerhebung mit luftgestützen Spektrometern, stelle ich die Zusammenhänge zwischen spek-

tralen und genetischen Informationen dar. Dazu beleuchte ich sequenziell die zeitlichen, räum-

lichen und genetischen Aspekte und berücksichtige dabei den Umweltkontext, der die Genex-

pression beein�usst. Durch das Einbeziehen der Unsicherheiten von Spektralmessungen und die

Beschreibung der genetischen Struktur der am weitesten verbreiteten Baumart in Europa trägt

diese Arbeit massgeblich zu den derzeitigen Fernerkundungsansätzen und dem Wissen über die

intraspezi�sche genetische Variation bei. Die Arbeit befasst sich mit der genetische ˜hnlichkeit

innerhalb der Art, die gewonnenen Daten können aber auch ermöglichen, direkte Assoziatio-

nen zwischen Genen und spektralen Signaturen herzustellen. Zukünftig können die gezeigten

Methoden auf andere Baumarten ausgeweitet oder auf Spektraldaten angewandt werden, die von

weltraumgestützten Spektrometern erfasst werden, welche die aktuellen räumlichen und zeitlichen

Beschränkungen der Datenerfassung überwinden.

Die vorgestellte Arbeit zeigt das Potenzial der Erfassung innerartlicher genetischer Variation über

spektrale Eigenschaften. Sie erörtert die derzeitigen Limitierungen dieses Ansatzes, welche die

spektralen, zeitlichen, räumlichen und genetischen Aspekte der Datengewinnung betre�en. Dies

scha�t die Voraussetzungen für die Einrichtung von Fernbeobachtungen spektraler Signaturen

zur Überwachung biologischer Variation auf ihrer grundlegenden genetischen Ebene, die eine

Lebensversicherung für Organismen bei der Anpassung an den globalen Wandel darstellt.
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Chapter 1

Introduction

Remote observations of genetically underpinned plant traits hold the potential to monitor

biodiversity on a global scale (e.g. Navarro et al., 2017; O'Connor et al., 2015; Pettorelli

et al., 2014; Skidmore et al., 2015; Turner, 2014). Current airborne and spaceborne imag-

ing spectrometers provide arguments towards repeated acquisitions of plant phenotypes

under natural conditions across spatial and temporal ranges. These plant phenotypes are

the result of interactions between environmental conditions and plant genotypes. Cur-

rent advances in genotyping have improved the derivation of genetic variations between

individuals within classi�ed species. The continuous characterization of plant individuals

within species acknowledges the importance of broad genetic pools to maintain ecosys-

tem functions under current conditions (Crutsinger et al., 2006) and potentially allow

populations to adapt to global change (Des Roches et al., 2021). By linking spectral ob-

servations under natural conditions with in situ collected information about intraspeci�c

genetic variation of the speciesFagus sylvaticaL. (European beech), the thesis develops

and presents a proof of concept of how spectral information may contribute to monitoring

genetic diversity (Fig. 1.1), and thus helps to mitigate risks resulting from the current

crisis of biodiversity loss (IPBES, 2019).

Figure 1.1: Genotype and environment de�ne the expression of plant traits, which in turn a�ect
their spectral phenotypes. The observations of plants' spectral phenotypes across wide spectral,
spatial, temporal and genetic resolutions and ranges hold the potential to unravel the composition
and distribution of intraspeci�c genetic variation.
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1.1 Plant spectroscopy

Spectroscopy is the study of the interaction of electromagnetic radiation with matter as

a function of wavelength. It allows for non-destructive characterization of matter proper-

ties through quanti�cation of re�ection, absorption or transmission of radiation in many

contiguous spectral bands (Rosencwaig, 1980). In the case of plants, the proportion of

these optical processes depends on genetically underpinned biochemical and architectural

characteristics of leaves and canopies.

The radiation incoming to a leaf may be re�ected (Fresnel, 1866) or refracted (Snell's

Law) depending on its incidence angle, its polarization, and the refractive index of the

matter. The radiation directly re�ected from the leaf surface emerges from single scat-

tering (e.g. Grant et al., 1993) and relates to the roughness of the leaf surface (e.g.

Vanderbilt et al., 1985). Part of the radiation that is entering into a leaf by refraction

may be attenuated by multiple scattering on air and cell interfaces (Kumar and Silva,

1973) and may be di�usely re�ected, or transmitted through the leaf (Breece and Holmes,

1971). These single and multiple scattering behaviors of radiation depend on structural

properties of leaves, whereas biochemistry a�ects their absorptive properties. Absorption

takes place when radiation of a particular wavelength, thus carrying particular energy,

encounters photoactive molecules sensitive at the same energy levels. The high energies of

wavelength in the visible (VIS) part of the solar radiation trigger electronic transitions in

molecules (Burns and Burns, 1993). Electromagnetic radiation in longer wavelengths of

near infrared (NIR) and short-wave infrared (SWIR) can be absorbed by the vibrational

changes of molecules. Their rotation can also trigger absorption of energy of wavelengths

in the far infrared (FIR) and the microwave (MV) spectral ranges. Both scattering and

absorptive properties in�uence optical properties of plants, which can be estimated as

their re�ectance spectra measured across the solar spectral range.

While quanti�cation of the optical properties of organic tissues beyond visible light was

conducted in laboratories from the 1930's onwards (Stair and Coblentz, 1933), the devel-

opment of devices sensitive to wider spectral ranges (Wright, 1941) and 2D array-sensor

technologies for the detection of scattered radiation in the early 1980's allowed for the de-

velopment of imaging spectrometers towards broader ranges of wavelengths and spatially

resolved quanti�cation of Earth surface properties (Boardman, 1990).
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1.2 Imaging spectrometers for Earth observation

The development of technologies allowing for spectrally and spatially resolved acquisi-

tions made observations of spectral features diagnostic of plant traits from air and space

feasible (Goetz et al., 1985).

Imaging spectrometers carried on airborne platforms allowed �rst remote measurements

of Earth surface properties derived from the entire spectral range of re�ected solar energy.

The Airborne Imaging Spectrometer (AIS) developed in the early 1980's was the �rst in-

strument that allowed the detection of re�ected solar radiation from the Earth's surface

(Vane et al., 1984). The extension of spectral coverage from VIS to NIR and SWIR (Goetz

et al., 1983) and improvements to instrument subsystems (Bailey, 1987; Chrisp et al.,

1987; Macenka and Chrisp, 1987) resulted in the design of the Airborne Visible/Infrared

Imaging Spectrometer (AVIRIS). AVIRIS along with other airborne imaging spectrom-

eters, such as Fluorescence Line Imager/Programmable Multiband Imager (FLI/PMI)

(Miller et al., 1987), Advanced Solidstate Array Spectroradiometer (ASAS) (Huegel,

1987), and the planned Shuttle Imaging Spectrometer (SIS) (Wellman et al., 1983) were

leading the path towards the launch of spaceborne imaging spectrometers. It was not un-

til 2000 when Hyperion � the �rst spaceborne imaging spectrometer � was launched to

acquire spectral properties of the Earth's surface from the Earth Observing One (EO-1)

platform. Until now, spaceborne imaging spectrometers represent exploratory missions

with limited acquisition capabilities such as the currently operational Precursore Iper-

spettrale della Missione Applicativa (PRISMA) and Environmental Mapping and Anal-

ysis Program (EnMAP) systems on their own platforms and the DLR Earth Sensing

Imaging Spectrometer (DESIS), the Hyperspectral Imager Suite (HISUI), and the Earth

Surface Mineral Dust Source Investigation (EMIT) systems mounted on the International

Space Station (ISS). These imaging spectrometers are demonstrations towards spatially

and temporally continuous measurements by the planned Earth-orbiting imaging spec-

trometers, as for example, Surface Biology and Geology (SBG) of the National Aeronau-

tics and Space Administration National Aeronautics and Space Administration (NASA)

(Cawse-Nicholson et al., 2021), the Copernicus Hyperspectral Imaging Mission for the

Environment (CHIME) of the European Space Agency (ESA) (Rast et al., 2021), and

their constellations.

As the development of spaceborne imaging spectrometers is progressing, their spectral,
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spatial and temporal requirements of acquired data are being de�ned based on investiga-

tions of data acquired by current airborne imaging spectrometers.

1.3 Acquisition and processing of airborne imaging spec-

trometer data

Airborne imaging spectrometers provide the ability to assess Earth surface properties

on a landscape scale. The accurate derivation of the surface properties depends on the

technical sensor characteristics as well as on the data processing chain, from acquired

digital numbers representing the electromagnetic radiation to re�ectance spectra holding

information about optical properties of the imaged surface.

Solar radiation re�ected from the Earth's surface towards the imaging spectrometer is

consecutively captured by the spectrometer, split in wavelength domains by a spectral

disperser, and focused on a detector array. The properties of the components of the

electro-optical chain, such as the sensitivity of the detector and the uniformity of the

spectral dispersion, de�ne the precision of the transformation of the at-sensor radiance

to electrical signals. The electrical signal is further converted to digital numbers by an

analog-to-digital converter, then to radiance units, and aligned to spectral sampling (Vane

et al., 1987) based on the radiometric and spectral calibration of the imaging spectrometer.

Spectrally aligned radiance data acquired over the time of the �ight are georecti�ed or

geoindexed to link pixels from imaging space into object space (Schlapfer et al., 2004).

Pixels in radiance represent spatially resolved information about optical properties of

the imaged surface and the atmospheric pathway between the surface and the sensor.

Georecti�ed or geoindexed radiance data are further atmospherically corrected based on

the acquisition and illumination geometry and the composition of the atmosphere (Conel

et al., 1988; Gao and Goetz, 1990) to derive re�ectance properties of the imaged surface

only. Currently, e�orts are being taken toward quanti�cation and propagation schemes of

the e�ect of the stability of the sensor system over time, the uncertainty of the calibration,

and the accuracy of the data processing chain, all contributing to uncertainties of spatially

resolved re�ectance data.

Radiometric, spectral and spatial resolutions and the �delity of re�ectance data (Chrien

et al., 1990; Green, 1990) govern the capabilities for remotely deriving plant traits at the

landscape level.
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1.4 Plant traits derived from airborne imaging spectrometer

data

Remotely acquired re�ectance spectra of plants hold information about their optical prop-

erties, which relate to multiple biochemical and structural plant traits. The plant traits

and their distribution over the landscape a�ect ecosystem functions and ecosystem dy-

namics on various spatial scales.

Plant biochemical traits may be derived from the magnitude of absorptions of electromag-

netic radiation indicative of the quantity and quality of a plant's photoactive molecules.

The electronic transitions in molecules triggered by light in the visible part of the spec-

trum (VIS) underlay, for example, the light absorption by plant pigments (Moss and

Loomis, 1952). In contrast, electromagnetic radiation of longer wavelengths, such as near

and short-wave infrared (NIR and SWIR), can be absorbed by the vibrational changes

of molecules such as water, lignin, cellulose, and leaf proteins (Peterson et al., 1988).

These plant biochemical properties may be derived from spectral indexes that account

for particular spectral features, from empirical models that account for the whole solar

spectral range (Singh et al., 2015), or from physical modeling (Jacquemoud and Baret,

1990). The width of spectral absorption features and the total magnitude of re�ections

are modi�ed by structural traits of plants, which a�ect radiation scattering at the leaf and

the canopy level (Allen et al., 1970; Gastellu-Etchegorry et al., 1995; Guyot et al., 1992;

Kupiec and Curran, 1995). The changes in re�ection magnitude also highly depend on the

surface anisotropy (Vögtli et al., 2020) and the acquisition geometry (Schaepman-Strub

et al., 2006; Zarco-Tejada and Ustin, 2001), which a�ect the remote derivation of plant

properties and their distribution. Spatial and temporal distribution of both biochemical

and structural plant traits (Peterson et al., 1988; Wessman, 1987) drive scale-dependent

ecological processes (Goetz and Herring, 1989). Temporally repeated acquisitions of trait

distributions may contribute to the monitoring of vegetation health (Herrmann et al.,

1988; Rock et al., 1988; Ustin et al., 1998), calibration of ecological models (M. E. Martin

and Aber, 1997; Zarco-Tejada and Miller, 1999), and understanding of ecological func-

tion (Asner et al., 2017). As airborne campaigns are often restricted by the tradeo�

between spatial and temporal coverage, the current e�orts towards dense multi-temporal

acquisitions will further enhance our understanding of repeated acquisitions by upcom-

ing spaceborne imaging spectrometers and the derived temporal dynamics of plant traits

(Chlus and Townsend, 2022) from local to global scales.
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Derivations of remotely observable plant traits across space and their dynamics across

multiple time scales under natural conditions may be diagnostic of genetic variation within

tree species, which is underpinned by evolutionary processes as described in the following

section (Fig. 1.2).

Figure 1.2: The solar radiation in-
teracts with plant tissues, whose phe-
notypic traits, such as morphological
structure and biochemical composition
are constrained by individual's geno-
type. The observable spectral pheno-
types may be indicative of genetic vari-
ation among phylogenetic groups and
among individuals within a species.

1.5 Evolutionarily underpinned plant traits and vegetation

mapping

Observable plant traits are determined by a plant's genotype and the in�uences of the

environment to which the plant is exposed. The interaction between genotype and the en-

vironment results in the plant phenotype, and genetic and environmental variation among

plants is re�ected in the phenotypic variation of plant traits (Schmid, 1992; Smith et al.,

1967).

During the life span of a plant, it acclimates to its environment and adjusts its phenotype

to enhance �tness and survival (Schmid, 1992). On longer, evolutionary time scales, plant

populations adapt to their environment through heritable changes in genotypes, which

may be passed down through generations. Adaptation to similar abiotic and biotic condi-

tions can drive convergent evolution of distant phylogenetic groups, whereas adaptation

to di�erent abiotic and biotic conditions can drive divergent evolution that can cause trait

diversi�cation between closely related phylogenetic groups or even within species. Diver-

si�cation of traits through evolution allows di�erent species or genotypes to �ll particular

ecological niches and utilize di�erent resources across space and time (Vellend and Geber,

2005). Adaptation through genetic change may be phylogenetically constrained, mean-

ing that not every genotype may be acquired via evolution by a particular phylogenetic
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group, at least not on ecologically and evolutionarily relevant time-scales. Furthermore,

the phenotypic expression of traits is genetically constrained, meaning that a particu-

lar trait is expressed for a particular genotype under a particular environment. Under

these conditions, when individuals grow in the same environment at the same time, more

genetically similar individuals will express more similar phenotypic traits, whereas genet-

ically distant individuals will express more di�erent phenotypic traits. Thus, genetically

di�erent individuals become distinguishable based on their phenotypic traits under the

same environmental conditions, or genetically di�erent individuals may be distinguishable

based on variation in their phenotypic traits separated from the variation in environmen-

tal conditions to which they are exposed. Based on this, simultaneous acquisitions of

multiple plant phenotypic traits by imaging spectrometers across space and time may

allow the mapping of genetic groups (Meireles et al., 2020; Schweiger et al., 2018), as long

as observed phenotypic traits are discriminative of genetic groups at the available spec-

tral, spatial and temporal scales. Earlier work has shown that plant traits derived from

airborne imaging spectrometer data can be indicative of plant communities (M. Martin et

al., 1998; Rock, 1983), species assemblages (D. A. Roberts et al., 1998; D. Roberts et al.,

1993), functionally distinct species (Asner et al., 2008; Gamon et al., 1993; Ustin et al.,

2004), and particular species (Borregaard et al., 2000; Zarco-Tejada and Miller, 1999). So

far, few studies have used remote sensing to assess genetic variation within species under

natural conditions (Madritch et al., 2014), presumably because within-species phenotypic

variation tends to be smaller than between-species phenotypic variation (Cavender-Bares

et al., 2016; Guillén-Escribà et al., 2021), and because the impact of environmental varia-

tions on variation in phenotypic traits may obscure variation in phenotypic traits resulting

from within-species genetic variation. Linkages between genetic variation and variation in

spectral phenotypes have been shown for laboratory conditions (Matsuda et al., 2012) and

for experimental designs (Cavender-Bares et al., 2016). Relating phenotypic variation to

genetic variation is becoming more useful on broader spatial extents as individuals within

one species may cover a wider range of environmental and genetic variation, exposing a

wider range of phenotypes (Castro-Esau et al., 2004; Cochrane, 2000; Roth et al., 2015),

and thus the derived correlation between genetic and phenotypic variation may be more

generic and potentially more transferable across space and time.

If observed within-species variation resulting from genetic variation could be separated

from within-species variation resulting from environmental variation, the remote observa-

tions would facilitate mapping of genetic composition and its distribution across space and
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time. Such assessments are relevant because this �ne-scale intraspeci�c genetic variation

underpins global biological variation.

1.6 Intraspeci�c genetic variation across space and time

Genetic variation within species represents a fundamental level of biological variation,

which underpins species and ecosystem diversity, ecological processes, and the potential

of populations to adapt to environmental change.

The exposure of plant populations to changing environments and their demographic his-

tory drives genetic diversi�cation within species via evolutionary processes. Such pro-

cesses include selection, drift, mutation, and gene �ow, which directly a�ect changes

in allele (variant of a gene) frequencies (Laland, 2015; Wilson, Bossert, et al., 1971).

Limited genetic diversity may limit phenotypic diversity, thus a�ecting the growth, re-

production, and survival of individuals under environmental pressure, with selection of

the best suitable genotypes (Irgens-Moller, 1958). While selection acts on adaptive plant

traits, genetic drift is a neutral transition in allele frequencies, which together with ge-

netic mutations drive genetic variations with no direction towards particular phenotypes

(Kimura, 1968). Mutation is the only evolutionary process that beyond changing allele

frequencies can also create new genes. Adaptive genetic variation results in particular

distributions of expressed plant traits, and impacts functions on intraspeci�c, interspe-

ci�c and ecosystem levels at local to global scales (Agashe, 2009; Reusch et al., 2005).

Neutral genetic variation can change into adaptive genetic variation if conditions change

and therefore contributes to the evolutionary potential of a population or species to adapt

to environmental change (Frankham, 2010).

Adaptive and neutral genetic variation may further a�ect the temporal turnover of ge-

netic diversity; therefore, monitoring and understanding drivers of genetic variation across

space and time is especially important in the light of global change (Carroll et al., 2014;

Des Roches et al., 2021; Thomassen et al., 2011). Yet, despite the urgency, there are no

global schemes for monitoring intraspeci�c genetic diversity.
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1.7 Monitoring of genetic variation with imaging spectrom-

eters

Intraspeci�c genetic diversity refers to di�erences in the genotypic composition between

individuals of a single species and may be measured from di�erences among genomes of

individuals of that species (Bruford et al., 2017). Given the methodological, spatial and

temporal restrictions of genotyping, genetic variation is challenging to monitor.

Before the development of genotyping methods, physiological and morphological traits

were used to measure variations among individuals. These phenotypic responses depend

on expression of particular genes at particular ontogenetic stages in particular environ-

ments and do not re�ect the total of all genetic di�erences between two individuals. The

development of molecular techniques allowed for the estimation of genetic diversity be-

tween individuals based on gene expression products such as particular enzymes or based

on DNA sequences directly. Di�erences among isozymes, which represent enzymes serv-

ing the same function but which may di�er in the genetic sequences between organisms,

were the �rst approach to derive genetic variation using molecular techniques (Hunter and

Markert, 1957; Lewontin and Hubby, 1966). The development of the Polymerase Chain

Reaction (PCR) in the 1980's (Mullis et al., 1992) allowed for direct DNA sequencing tech-

niques, which subsequently utilized short reads of repeated DNA known as microsatellites

(Hughes and Queller, 1993), Random Ampli�ed Polymorphic DNA (RAPD) fragments

(Williams et al., 1990), and Ampli�ed Fragment Length Polymorphism (AFLP) (Vos

et al., 1995). Molecular techniques advanced towards whole-genome sequencing of plant

species in 2000 (The Arabidopsis Genome Initiative 2000). Whole-genome sequences, as

well as genomic sequences of selected DNA fragments, require physical sampling and, for

the current stage of innovation, usually laboratory work. The necessary time and resources

limit the feasibility of mapping genetic diversity across space and time via genotyping of

individual plants. Remote sensing with its capacity for spatially wide and temporally

repeated acquisitions may contribute to biodiversity monitoring (Turner, 2014). Imaging

spectrometers acquiring spectrally dense information may provide information on integra-

tive phenotypic responses extensively across spatially and temporally variable conditions.

As each phenotypic response is a result of environment interaction with plant genotypes,

assessing phenotypic variation over large ranges of genotypes and environmental condi-

tions may allow for the establishing of links between remotely acquired information and
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genetic variation (Yamasaki et al., 2017). Finding associations between genetic and spec-

tral variation may then help to predict genetic composition and its distribution. Moreover,

associations of genome-wide sequences with spectral and environmental variation, sup-

ported by common garden and ultimately transplant experiments, may facilitate gene

recognition underpinning variation in spectral phenotypes and the recognition of spectral

features by genes of known function. Such associations would advance the understanding

of selective processes that underlie genetic adaptations across wide spatial scales.

Contributions by remote observation to the mapping of genetic variation and its spatial

structure, and gene variant distribution and its adaptation across space, may improve

current strategies for maintaining genetic diversity. It could help in the recognition of

genetically rich or distinct areas or areas where genetic variation is changing, enhance

sensitivity of global biodiversity indicators (Scholes et al., 2008) to early warning signs

(Lindenmayer et al., 2012), improve our understanding of adaptive capacity underpinned

by genes, and further introduce adaptive management strategies for the conservation and

restoration of biological diversity at local to global scales (Sarkar, 2002; Sutherland et al.,

2004).

1.8 Structure and aim of the dissertation

This thesis represents interdisciplinary research at the interface of remote sensing and

genetics. It shows empirical links between spectral data derived from spectroradiometers

and genetic data derived fromin situ collected plant material. The presented approaches

are based on observations conducted under natural conditions and thus represent the

complexity of plant interactions with their temporally and spatially heterogeneous en-

vironment. The overarching goal of the thesis is to provide a proof of concept on how

remote observations may contribute to the monitoring of biodiversity at the intraspeci�c

genetic level.

The work particularly focuses on the tree speciesFagus sylvaticaL., the European

beech, and the correlation of its spectral variation with genetic variation. Consequently,

the studies expand the potential of imaging spectrometer data across temporal scales and

the natural range of species, and exploits genetic information from short genetic markers

to whole-genome sequences (Fig. 1.3). The expansion of the temporal, spatial and genetic

components provides form to the structure of the thesis:
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Figure 1.3: This the-
sis evaluates the correla-
tion of spectral with ge-
netic variation. It subse-
quently explores temporal,
spatial and genetic ranges
and resolutions and dis-
cusses the current limita-
tions and further potential
of imaging spectrometers
to monitor genetic varia-
tion.

Chapter 1 An introduction that provides a background to the studies with emphasis

on information about vegetation traits derived from imaging spectrometer

data and the relevance of intraspeci�c genetic variation for biodiversity

assessments.

Chapter 2 Presents a population-wide study unravelling links between spectral infor-

mation derived from an airborne imaging spectrometer data and genetic

groups of F. sylvatica individuals derived from microsatellite data. The

study takes advantage of multitemporal acquisitions conducted at the peak

of the growing season over multiple years (Czy» et al., 2020).

Chapter 3 Expands the temporal aspect to decade-long airborne acquisitions over the

growing seasons and considers the genetic representation of individuals as

their relatedness derived from microsatellite data. Further, the study in-

corporates intrinsic uncertainties of spectral measurements and addresses

ecophysiological processes explaining spectral-genetic similarities on tem-

poral ranges from days to years (Czy» et al., 2023).

Chapter 4 Explores the correlation between the variation of leaf-level spectral re-

�ectance of F. sylvatica populations from across the species range measured

by a contact probe attached to a spectroradiometer, and the species genetic

structure derived from short-read whole-genome sequences. The study ad-

dresses the potential of environmental and spectral data to predict genetic

variation of a species across its natural range (Czy» et al. in preparation).

Chapter 5 Discusses contributions of the studies in respect to knowledge gathered in

the context of spectral, temporal, spatial and genetic resolutions and ranges.

Further, it presents limitations of the studies and proposes possible future
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directions towards understanding how remote sensing techniques could best

contribute to the monitoring of biodiversity, in particular genetic diversity

within tree species.

The studies improve understanding of the bene�ts and caveats of spectral information

in relation to contributing to not yet established worldwide schemes for genetic diversity

monitoring, and adds to a limited number of studies focusing on remotely sensed in-

traspeci�c variation under natural conditions (Guillén-Escribà et al., 2021; Madritch et

al., 2014). Further, the studies step ahead to describe the bene�ts and caveats associ-

ated with dense multi-temporal spectral acquisitions, which are so far not extensively

used (but see Chlus and Townsend, 2022) but in the future will presumably be widely

available (Cawse-Nicholson et al., 2021). By simultaneously accounting for uncertain-

ties in spectral measurements, the studies potentially help to set new standards for the

delivery and propagation of uncertainties of acquired spectral information. Finally, in

using advances in current technologies on genome-wide sequences, the studies builds on

the knowledge on genetic structure of ecologically and economically important species

strongly a�ected by current environmental pressure (Pfenninger et al., 2020; Pluess and

Weber, 2012), and discusses a potential path for further contribution of spectral data for

understanding genetic variation under global change.
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2.1 Abstract

The growing pace of environmental change has increased the need for large-scale moni-

toring of biodiversity. Declining intraspeci�c genetic variation is likely a critical factor in

biodiversity loss, but is especially di�cult to monitor: assessments of genetic variation

are commonly based on measuring allele pools, which requires sampling of individuals

and extensive sample processing, limiting spatial coverage. Alternatively, imaging spec-

troscopy data from remote platforms may hold the potential to reveal genetic structure

of populations. In this study, we investigated how di�erences detected in an airborne

imaging spectroscopy time series correspond to genetic variation within a population of

Fagus sylvaticaunder natural conditions.

We used multi-annual APEX imaging spectrometer data from a temperate forest located

in the Swiss midlands (Laegern, 47°28'N, 8°21'E), along with microsatellite data from

F. sylvatica individuals collected at the site. We identi�ed variation in foliar re�ectance

independent of annual and seasonal changes which we hypothesize is more likely to cor-

respond to stable genetic di�erences. We established a direct connection between the

spectroscopy and genetics data by using partial least-squares (PLS) regression to predict

the probability of belonging to a genetic cluster from spectral data.

We achieved the best genetic structure prediction by using derivatives of re�ectance and a

subset of wavebands rather than full-analyzed spectra. Our model indicates that spectral

regions related to leaf water content, phenols, pigments, and wax composition contribute

most to the ability of this approach to predict genetic structure of F. sylvatica population

in natural conditions.

This study advances the use of airborne imaging spectroscopy to assess tree genetic diver-

sity at canopy level under natural conditions, which could overcome current spatiotem-

poral limitations on monitoring, understanding, and preventing genetic biodiversity loss

imposed by requirements for extensive in situ sampling.

2.2 Introduction

It has long been recognized that declining genetic variation within species is a key factor in

biodiversity loss (Wilson et al., 1988). Since then several studies have acknowledged that

both inter- and intraspeci�c genetic variation have an important in�uence on ecosystem

structure and functioning (Bolnick et al., 2011; Des Roches et al., 2018; Hughes et al.,

2008). A reduction in the genetic variability of a population increases its susceptibility
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to diseases (Schmid, 1994), limits its evolutionary potential and reduces the �tness of

the next generation (Ellstrand and Antonovics, 1985). Therefore, maintaining genetically

variable populations, with their wider potential range of adaptive responses, can be im-

portant for conserving biodiversity under changing environmental conditions (Gienapp

et al., 2008; Szathmáry et al., 2001) and more frequent stochastic climatic events.

Considering the rapid pace of global climate change and habitat degradation in com-

parison with timescales of evolutionary processes, the ability of existing populations to

adapt to the changes is more important than the potential emergence of new variants

(Frankham, 2010). Both, the short-term evolutionary potential and the potential pheno-

typic plasticity of a population are positively correlated with its allelic variation (Gratani,

2014). Therefore, the number and frequency of alleles changing in time and space is con-

sidered to be a suitable measurement of change in genetic diversity (Hoban et al., 2014).

Measurements of the allele pool, together with DNA and RNA sequencing-based tech-

niques (Bruford et al., 2017; Yamasaki et al., 2017), provide direct estimates of popula-

tion genetic composition, which is de�ned as one of the six Essential Biodiversity Vari-

ables (EBV) for monitoring worldwide biodiversity status (H. M. Pereira et al., 2013).

These techniques require physical sampling of individuals combined with extraction and

analysis of samples (Davies et al., 2012) and are costly and time-consuming. The result-

ing measurements usually lack the spatial and temporal extent relevant for biodiversity

monitoring. Whereas, large-scale monitoring is essential for understanding the drivers of

biodiversity change arising from key global change at various spatial and temporal scales

(Jetz et al., 2016). Continuous temporal, spatial, and spectral data derived from remote

sensing platforms have the potential to overcome scale-induced limitations and are there-

fore receiving increasing attention for achieving global biodiversity assessments (Navarro

et al., 2017; O'Connor et al., 2015; Skidmore et al., 2015; Turner, 2014).

Both passive and active remote sensing technologies have been used to estimate func-

tional, taxonomic, and phylogenetic diversity of plants in a variety of ecosystems. For ex-

ample, Schneider et al., 2017 evaluated functional diversity in a temperate forest based on

vegetation traits interpreted from imaging spectroscopy and Light Detection and Rang-

ing (LiDAR) data. Taxonomic diversity assessment of other sites has been conducted

using both trait- and spectra-based approaches (e.g., Asner and Martin, 2009; Martin et

al., 1998). However, very few remote sensing studies to date have provided within-species

genetic diversity measures at a canopy level under natural conditions.
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Like di�erent species, genetically di�erent tree individuals can express di�erent mor-

phological and physiological traits, which shape their re�ectance features. These di�er-

ences are likely to be less pronounced at lower taxonomic ranks than at the species level

(Hulshof and Swenson, 2010). Therefore, the recognition of individuals of di�erent geno-

types based only on spectral information gained in nonexperimental conditions is limited

and not commonly attempted. However, the increasing use of remote sensing data in eco-

logical assessments has led to recognition of the potential for linking genetic with spectral

variation. Cavender-Bares et al., 2016 correlated spectral data from on-leaf measurements

with genetic clusters as well as species divisions for several species of oak (Quercus); and

Schweiger et al., 2018 correlated phylogenetic relationships among grassland species with

spectral information from both on-leaf and remote (tram-based) measurements. A re-

mote sensing study by Madritch et al., 2014 was able to correlate foliar re�ectance with

genotype for quaking aspen (Populus tremuloides) clones under natural conditions, and

furthermore revealed variation in below ground processes. Recent reviews by Bush et al.,

2017 and Yamasaki et al., 2017 discussed the potential of remote sensing to reveal genetic

composition in natural habitats.

Given the need for novel approaches to detect intraspeci�c genetic variation and the

potential of using imaging spectroscopy data (Geijzendor�er et al., 2016; Navarro et al.,

2017; Vihervaara et al., 2017), we attempt to identify a direct connection between the

spectral and genetic information from individual trees within a temperate forest. We aim

to demonstrate that genotype-speci�c phenotypic features can be detected in spectral

re�ectance data acquired under natural conditions and at the canopy level. Furthermore,

we emphasize that analyzing this spectral information could represent a time- and cost-

e�cient tool to reveal the genetic composition of forests, repeatedly and at large spatial

scales.

We base our study on the hypothesis that the foliar re�ectance changes on an annual

and seasonal basis, which contrasts the expression of stable, genotype-speci�c phenotypic

features of individual trees that are maintained over years. Based on that, we expect to

identify links between remotely sensed predictors (spectral bands) and genetic structure

(membership probability to the genetic clusters) which are maintained over multiple years.

To test this hypothesis, we use multi-annual airborne imaging spectroscopy data from a

temperate forest in Switzerland along with genetic information derived from microsatel-

lite analyses of individual trees at the study site. Our approach is based on the conditions
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that high-�delity spectral measurements are available (Schaepman et al., 2015; Schaep-

man et al., 2009), with residual measurement noise (Hueni et al., 2017) lower than the

expected genetic variation to be detected; and further, that individual tree crowns (here:

dominant F. sylvatica trees) can be detected using the spatial resolution of the imaging

spectrometer, and that a minimum of 2-3 sunlit crown pixels for each individual can be

identi�ed in the airborne data. We established the link between spectral and genetic data

by using PLS regression to assess the explanatory power of distinct wavelength regions

(between 372 and 2,540 nm) within the solar radiation re�ected from the tree canopy.

By combining interdisciplinary approaches, we take a step toward using the potential of

imaging spectrometry for spatiotemporal biodiversity mapping of genetic variation within

species.

2.3 Materials and Methods

2.3.1 Study area

The study area covers 12.6 ha of seminatural temperate mixed forest located on the

Laegern mountain on the northern boundary of the Swiss Plateau (47°28'N, 8°21'E)

(Fig. 2.1). The climate of this region is characterized by a mean annual temperature

of 7.4°C and mean annual precipitation of 1,000 mm (Etzold et al., 2011). Our study

site is located on an up-to-60°-steep south-facing slope with an elevation range of 620 to

810 m a.s.l (Guillén-Escribà et al., 2021). According to the United Nations Environment

Programme (UNEP)-World Conservation Monitoring Centre (WCMC), the vegetation

cover is classi�ed as Temperate Deciduous Broadleaf Forest, with 13 tree species consist-

ing of 3 conifers and 10 angiosperms; the European common beech (Fagus sylvatica) is

the dominant species. F. sylvatica trees are wind-pollinated, monoecious plants. Tree

age spans between 53 and 185 years with a mean height of 30.6 m and a diameter at

breast height of up to 150 cm (Eugster et al., 2007). This composition creates a complex

vertical structure of the mainly closed canopy (Schneider et al., 2017). The study area

is located in an unmanaged part of the forest and has been a forest ecosystem research

site for the last four decades (Kloeti et al., 1989). Individual trees in the study area have

been reconstructed in 3D using ground and airborne laser scanning, and modeled using

3D radiative transfer models (Schneider et al., 2014; Schneider et al., 2017), allowing to

model and validate airborne data with high accuracy.
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Figure 2.1: Location of the study site (rectangle). The temperate forest is located in northern
Switzerland (triangle) on a portion of the south-facing slope of the Laegern mountain

2.3.2 Genetic Data

Microsatellite genotyping was conducted on genomic DNA samples from 77 dominantF.

sylvatica individuals located in the study area. The individuals were georeferenced using

a tachymeter in April 2013. The tachymeter measurements were tied to reference points

of the Swiss national grid (LV95). We used a polygon traverse and additional �xed points

to measure all tree locations in the challenging terrain (Leiterer et al., 2015). Tree crowns

and tree trunks were mapped separately and linked to each other using photogrammet-

ric approaches, due to slope geometries distorting nadir projection of crowns to trunks

(Guillén-Escribà et al., 2021; Torabzadeh et al., 2019). Genomic DNA was extracted from

leaf disks (diameter 1.15 cm) sampled from each tree in September 2013. The collected

material was stored on silica gel. The DNA from the sampled material was extracted

using the cetyl trimethylammonium bromide (CTAB) method following the procedure of

Doyle, 1990. From the extracted DNA, �ve highly variable microsatellite loci (FS1-03,

FS1-15, FS3-04, FS4-46, FCM5; Pastorelli et al., 2003) were ampli�ed using PCR. To

assess the degree of polymorphism at each microsatellite locus, capillary electrophoresis

was performed on an ABI-3720 sequencer (Thermo Fisher Scienti�c, UK) andGeneMap-

per software was used to determine the length of the analyzed microsatellites for each

sampled tree (S.2.1). Population structure was inferred using a model-based Bayesian

clustering approach implemented in the softwareTESS2 (Durand et al., 2009). Twenty

independent runs were performed for K, genetic clusters; the total number of sweeps and

burns was 1,200 and 200, respectively, and the degree of trend was set to linear. Based
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Figure 2.2: Membership probabilities for 77 sampledFagus sylvaticaindividuals in �ve genetic
clusters as determined by microsatellite analyses.

on an average cross-entropy of the admixture model, we determined �ve genetic clusters,

to which each tree was assigned its membership probability (Fig. 2.2).

2.3.3 Optical Data

The spectral dataset contains seven acquisitions of the APEX AIS (Schaepman et al.,

2015) acquired between 2009 and 2016. To compare trees from similar development

stages, images from the range of 300 � 700 Cumulative Growing Degree Days (CGDD)

(corresponding to June - July) within each year were selected (S.2.2). The raw APEX

data preprocessing chain including calibration and correction for spectral shifts with

smile e�ect were performed in the APEX Processing and Archiving Facility and the

Atmospheric/Topographic Correction for Satellite Imagery (ATCOR) smile module, re-

spectively (Hueni et al., 2008; Hueni et al., 2012; Richter et al., 2010). Calibrated

and corrected radiance data were atmospherically corrected to surface re�ectances in

ATCOR (Hueni et al., 2017; Schläpfer and Richter, 2002) resulting in imaging spec-

troscopy datasets of 284 spectral bands, each in the range of 372�2540 nm with 2 m

spatial resolution. The wavebands most a�ected by atmospheric absorption features were

interpolated due to high noise level. Each dataset was vicariously calibrated with re-

peated �eld spectroradiometer (ASD FieldSpec 4, Boulder, CO, USA) measurements of

ground targets to ensure consistent data quality standards and cross-compatibility of the

datasets.

We geometrically coregistered the multi-temporal APEX datasets based on a spec-

trally distinct landmark (i.e., Laegern �ux tower). As multitemporal pixels never align

perfectly, we used the Spectral Angle Mapper (SAM) method (Kruse et al., 1993) to �ll

a canopy projected rectangular grid with residual abundances of the SAM to generate
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re�ectance data within one sampling grid. Furthermore, we masked shadows as they cre-

ated high spatial heterogeneity, and are a�ected by a lower signal-to-noise ratio in high

spatial resolution data (Nagendra and Rocchini, 2008; Stickler and Southworth, 2008).

Thus, the pixels with a cumulative re�ectance less than the 30th percentile of the en-

tire dataset were excluded from the analysis. We homogenized the tree-speci�c spectral

signature by adopting object-based rather than pixel-based analyses (Karl and Maurer,

2010). The object was de�ned as a tree crown for each sampledF. sylvatica individ-

ual; individuals were identi�ed using images derived from LiDAR and high-resolution

drone measurements resulting in a crown map of the site (Guillén-Escribà et al., 2021;

Torabzadeh et al., 2019). The spectral signature for eachF. sylvatica individual was a

mean of sunlit pixels' re�ectance from the delineated crown. On average, 17± 9 pixels

(mean ± standard deviation) were averaged per crown.

Using the annual APEX imagery, we based our analysis on the following three datasets:

(a) yearly averaged re�ectance data per tree crown, (b) z-score of �a,� and (c) the 1st

derivative of �b.� The z-score of the mean tree crown re�ectance was calculated separately

for each spectral band and independently for each year with the formula:(x l � � l )=� l ,

wherex is a value of a single spectral band from eachF. sylvatica individual, � and � are

respectively mean and standard deviation values of a single spectral band from the whole

analyzed F. sylvatica population and l stands for spectral band. Z-score of re�ectance

(dataset b) and their 1st derivative (dataset c) were included in the analysis to reduce

the impact of multi-temporal variation in the re�ectance magnitudes and simultaneously

emphasize the relative di�erences between re�ectance and absorption/transmittance in-

�uenced by structure, water content, and organic compounds (Huesca et al., 2016).

2.3.4 Statistical analysis

We investigated the relationship between imaging spectroscopy and genetic information

by using PLS regression. This method is commonly used in chemometrics (Wold et al.,

2001) and more generally to analyze datasets that are highly collinear and have a high

ratio of independent variables to observations (Wold et al., 1984). In comparison with

multiple linear regression (MLR), the latent variables of PLS regression are generated

not only based on the best explanation of dependent and independent variables, but also

with respect to the relationship between them (Wold et al., 2004). The method is used in

analyzing spectral data for classi�cation and prediction purposes (Cavender-Bares et al.,

2016; Lee et al., 2016; Peerbhay et al., 2013; Singh et al., 2015). In this study, for each
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sampledF. sylvatica individual, we predicted the probability of membership in one of �ve

recognized genetic clusters rather than assigning membership, because the total genetic

distance among trees in this population is relatively small. Thus, we conducted a PLS

regression rather than PLS discriminant analysis (PLS-DA).

For eachF. sylvatica individual, we predicted membership probability to �ve identi�ed

genetic clusters by using the spectral �ngerprint (284 spectral bands) as predictors. Due

to the relationship between genetic clusters of the analyzed population, we used one model

to predict membership probability in all �ve genetic clusters, rather than constructing

separate models for each of the genetic clusters. We predicted genetic information of each

analyzed tree with leave-one-out cross-validation and adjusted the number of components

based on the Predicted Residual Error Sum of Squares (PRESS) statistic (Chen et al.,

2004).

Firstly, we developed PLS models from all spectral predictors for each year separately

and we calculated the Variable Importance of Projection (VIP), by waveband. The VIP

score corresponds to the contribution of each waveband in the model prediction and is

dependent on variance of wavebands and the variance of genetic structure of the trees,

as well as the variances between the two (Wold et al., 2001). We averaged derived VIP

scores over 7 years.

Subsequently, we segregated all the wavebands by their importance in genetic cluster

prediction. To do so, we identi�ed local maxima of the averaged VIP scores over years and

ranked them in descending order based on their prominences. We refer to prominences as

the measure of how much the local maxima stands out due to its intrinsic magnitude and

its location relative to other local maxima. The threshold for local maxima identi�cation

was set to 10�5 minimum vertical distance. We estimated the prominences using the

�ndpeaks function in Matlab (MATLAB ver. R2017b). The VIP scores that were not

identi�ed as local maxima were assumed to have lower importance than any local maxima

and were assigned a ranking based on their absolute magnitude.

Afterward, we generatedN models out ofn spectral predictors selected based on the

nth most prominent VIP scores, wheren is the number of spectral variables included

for each model, increasing from 1 to the total number of predictors (N ). We calculated

the Root-Mean-Square Error (RMSE) for each model. We developed individual mod-

els for each year separately in order to retain intra-annual variation. We then averaged

the RMSE over all seven years, which we expect should reduce the in�uence of pheno-

typic plasticity, and thus increase the in�uence of stable genetic variation on di�erences
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calculated from spectra.

We conducted the procedure for each of the signal transformations (datasets a, b,

c under 2.3.3) separately and used theplsregress function in Matlab (MATLAB ver.

R2017b) for model development.

We expect that the model with the lowest RMSE is constructed based on spectral

information that is the most relevant to the genotype-speci�c phenotypic features main-

tained throughout the seven years.

2.4 Results

2.4.1 VIP scores

The VIP score reveals the relevant contribution of di�erent wavelength regions for pre-

dicting the genetic structure of sampledF. sylvatica individuals over the full-analyzed

solar spectrum (Fig. 2.3).

In the re�ectance dataset (dataset a, under 2.3.3), the near-infrared (0.75�1.4� m)

region of the spectrum is the most in�uential on predicting genetic structure. Over the

full-analyzed re�ectance spectrum, the VIP score is positively correlated to the absolute

re�ectance (Pearson coe�cient: .84, p < .001). Wavelengths with high VIP scores in

this dataset are also characterized by higher standard deviation of interannual data than

those with lower re�ectance (Pearson coe�cient: .86, p < .001).

In the normalized re�ectance dataset (dataset b), the highest VIP score in predicting

the genetic structure was identi�ed for spectral features around 0.48, 0.70, and 2.40� m.

In contrast to the re�ectance- and derivative-based analyses, the VIP scores do not vary

signi�cantly between 0.70 and 2.30� m and are not strongly correlated to the absolute

re�ectance (Pearson's coe�cient: .29, p < .001).

In the derivative dataset (dataset c), the spectral regions that show a closer relation to

the genetic structure of analyzed trees are located at 0.55, 0.68, 1.45, 2.00, and 2.27� m.

In comparison with the VIP scores derived from re�ectance and normalized re�ectance

datasets, the derivative dataset shows signi�cant variation in VIP scores throughout the

solar spectrum and exhibits a moderate negative correlation to the absolute re�ectance

(Pearson's coe�cient: .50, p < .001).
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Figure 2.3: VIP scores of PLS models generated to predict genetic structure ofFagus sylvat-
ica population in a temperate forest from airborne imaging spectroscopy data. The red, green,
and blue solid lines represent the multi-year mean scores achieved from analyses of re�ectance
(re�ectance), z-score of re�ectance (normalized re�ectance) and a 1st derivative of z-score of
re�ectance (derivative) signal transformations, respectively. The shaded areas represent the stan-
dard deviation of the scores from seven years of data acquired between 2009 and 2016. The gray
bars indicate bands that have been interpolated during data processing due to high noise levels
in atmospheric absorption bands, and the gray solid line represents the mean re�ectance from the
analyzed trees.

2.4.2 Root-mean-square error in prediction of the genetic structure

Prediction of genetic structure from the full-analyzed spectrum resulted in higher mean

RMSE than the analyses on a subset of spectral bands in all the signal transformation

datasets (Fig. 2.4). The RMSE of membership probability to the �ve detected genetic clus-

ters averaged over years, trees, and genetic clusters over the full-analyzed spectrum were

0.3025, 0.2998, and 0.3024 for re�ectance (datasets a)-, normalized re�ectance (datasets

b)-, and derivative (datasets c)-based analyses, respectively.

In the re�ectance-based analyses, the use of three spectral bands with the highest

prominence of the VIP scores (under 2.3.4) resulted in RMSE of genetic structure pre-

diction of 0.3013. Compared with the full spectrum-based analyses, the prediction im-

provement is of 0.4%. Likewise, the use of 37 spectral bands in the normalized re�ectance

dataset (RMSE: 0.2978) reduced RMSE by 0.7% in comparison with the model predic-

tion based on all spectral bands. The best membership prediction was achieved for a

subset of nine predictors derived from the derivative-based signal (RMSE: 0.2897). The

prediction of the model constructed from those nine variables resulted in an improvement

of 4.2% in comparison with the model based on the full spectrum. In the re�ectance

and normalized re�ectance datasets, the use of the single most prominent band did not

improve the prediction. However, in the derivative dataset, the use of the single most
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Figure 2.4: Root-mean-square error RMSE of genetic structure prediction from PLS models
generated from an increasing number of most prominent (de�ned under 2.3.4) spectral predictors
derived based on the VIP score of the models. The red, green, and blue solid lines represent
multi-year mean RMSE achieved from analyses made on re�ectance (re�ectance), z-score of re-
�ectance (normalized re�ectance), and a 1st derivative of z-score of re�ectance (derivative) signal
transformations, respectively. The shaded areas represent the standard deviation of RMSE cal-
culations derived from data acquired between 2009 and 2016

informative predictor selected based on the VIP score, rather than the full spectrum,

resulted in a 1.5% improvement in genetic structure prediction (RMSE: 0.2979). The

spectral indicator subsets of the datasets that result in the best-performing models are

presented in (Fig. 2.5).

Prediction of genetic structure does not change signi�cantly with the use of more than

120 and 90 spectral bands in re�ectance and normalized re�ectance datasets, respectively.

In contrast, the addition of further information (i.e., additional spectral variables) in the

derivative dataset has an in�uence on the PLS model performance. In addition to the

spectral predictors that construct the models resulting in lowest RMSE, incorporation of

predictors derived from 1.74, 2.24, and 2.33� m wavelengths in the derivative and 1.55

� m wavelength in the re�ectance dataset substantially reduce the RMSE of the genetic

structure prediction.

2.5 Discussion

2.5.1 Spectral subsets

Our results show that the use of spectral subsets rather than the full-analyzed spectrum

results in a lower error in the prediction of genetic structure.
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Figure 2.5: Spectral predictors selected based on the highest prominence of VIP scores (de�ned
under 2.3.4), from which the genetic structure was predicted with the highest accuracy. The red,
green, and blue refers to re�ectance (re�ectance), z-score of re�ectance (normalized re�ectance),
and a 1st derivative of z-score of re�ectance (derivative) signal transformations, respectively. The
gray bars indicate bands that have been interpolated during data processing due to high noise
levels in atmospheric absorption bands, and the gray solid line represents the mean re�ectance
from the analyzed trees

In contrast to spectroscopic measurements made in fully controlled environments,

aerial measurements under natural conditions are in�uenced by many factors other than

the genotype-speci�c features. The atmospheric in�uence (Richter and Schläpfer, 2002)

as well as phenotypic plasticity of the trees could mask genetic variation in an electromag-

netic signal acquired from airborne spectroscopy, if not correctly interpreted. Reduction

of nongenetically relevant variation would result in better prediction of genetic structure.

Accordingly, the use of 1%, 13%, and 3% of spectral information from the re�ectance,

normalized re�ectance, and derivative datasets, respectively, yields the best prediction of

the genetic structure in our study. Furthermore, accuracy in predicting genetic structure

does not change substantially after incorporating more than 42% of re�ectance- and 32%

of normalized re�ectance-derived variables.

Despite the relatively small di�erences in the prediction of genetic structure forF.

sylvatica from di�erent spectral subsets, we present evidence that the electromagnetic

spectrum of the canopy surface contains information on intraspeci�c genetic diversity.

This conclusion is supported by the analyses of di�erent wavelength regions having varying

performance in prediction of genetic structure. The improved performance of the spectral

subset-based approach is consistent with a study by Cavender-Bares et al., 2016, in which

the bands with highest VIP scores were selected for analyses. In our study, we additionally
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show that the results could be improved by choosing not only the highest but also the

most prominent VIP scores (de�ned under 2.3.4) derived over the spectrum (Fig. S.2.1).

Our method also reveals the spectral regions that are most appropriate for genetic

structure prediction, re�ecting genotype-speci�c phenotypic responses, which are most

consistent across years. Those regions vary in each signal dataset. In all the datasets, the

most in�uential wavelengths are those in the short-wavelength infrared (1.40�2.54� m)

and speci�cally those in�uenced by tissue water content (Gausman, 1985; Tucker, 1980).

The analyses may also indicate the importance of wavelengths connected with C-H bond

absorption of phenolic compounds located in this region of the spectrum (Kokaly et al.,

2009). Additionally, in the normalized and derivative datasets, the visible region of the

spectrum (0.37�0.75� m), which is in�uenced by pigment amount and composition (Ustin

et al., 2009) as well as epicuticular wax content (Petibon F., unpublished data), is among

the most informative about genetic structure.

Our results suggest that there is intraspeci�c variation in water balance as well as

the composition and content of phenols, pigments, and waxes for the analyzed popula-

tion of F. sylvatica, which can be elucidated remotely using aerial imaging spectroscopy.

This outcome is consistent with genetic and physiological studies.F. sylvatica individ-

uals originating from di�erent populations have provenance-speci�c genetic backgrounds

(Demesure et al., 1996) and di�erences in water management (Peuke et al., 2002). Fur-

ther, phenolic compounds are related to many physiological reactions of plants, includ-

ing protection against ultraviolet (UV) radiation (Close and McArthur, 2002), microbial

(Scalbert, 1991), fungal (Telles et al., 2017), and herbivorous (War et al., 2012) attackers,

as well as pollution (Pasqualini et al., 2003) and climatic responses (Stark et al., 2015).

The variation in the abundance of phenols is in part under genetic control (J. A. Pereira

et al., 2007) and is already used for remote taxonomic identi�cation of trees (Asner et al.,

2012), and within-species assessments. Additionally, pigments in�uence photosynthetic

performance (Flexas et al., 2012; Flexas et al., 2008). This performance is also related to

the physiological adaptation of the organism and therefore is subject to purifying selection

(Arntz and Delph, 2001). Similarly, epicuticular wax content responds to environmental

conditions (e.g., Schreiber et al., 1996) and may be genetically constrained. Correlation

of the spectral features identi�ed as being most informative about genetic structure with

variation in abiotic and biotic factors may be a �rst step to elucidate the in�uence of

genotype by environment interactions.

It should be noted that, due to the uncertainty of spectral measurements below 0.45
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� m and above 2.20� m, and in the spectral regions where the signal was interpolated

during data processing due to high noise levels in atmospheric absorption bands (indicated

by gray shading in �gures), the outcomes related to those speci�c wavelengths should be

interpreted with caution.

2.5.2 Signal transformation

The di�erence in outcome from analyses made on various forms of the electromagnetic

signal indicate the importance of signal transformation in multi-temporal data analy-

ses. Our analyses indicate that the transformation of the spectrum may be particularly

important in analyzing �ne-scale characteristics like intraspeci�c genetic variation.

The strong correlation of wavelength importance and the magnitude of the nontrans-

formed signal could be caused by statistical limitations of the PLS regression method.

The importance of speci�c wavelength regions might be assigned by overbalance of vari-

ation within one wavelength over �ne genetically relevant information recorded at that

particular wavelength. This could be supported by the observed reduction of importance

of wavelengths with high magnitude in the normalized re�ectance dataset, so in the signal

where interannual variation caused by system instability is reduced. However, normal-

ization may remove many sources of spectral variation, including the variation among

spectral features of genetic clusters. This problem is remedied in the derivative dataset,

where di�erences among individual measurements are emphasized and the intensity is

not a major source of variation across acquisitions. Additionally, each predicting vari-

able in the derivative dataset is an outcome of two neighboring spectral bands and thus

represents more information, but also information that is averaged over a wider spectral

window. The reduction of spectral resolution from high spectral resolution data results

in higher signal-to-noise ratios (Karl and Maurer, 2010; Nagendra and Rocchini, 2008;

Stickler and Southworth, 2008) and therefore may expose the spectral features for which

genotype-speci�c variation is greater than variation of the system acquisition.

Indeed, the derivative dataset over multi-year analyses performed best in predicting

genetic structure of the F. sylvatica study population, and thus, we expect this dataset

conveys relatively the most information about intraspeci�c genetic variation derived from

time series.
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2.5.3 Limitations and outlook

It should be emphasized that the approach we used takes advantage of relatively high

temporal, spectral and spatial resolution of available airborne data.

Using a dataset covering seven years, we have been able to reduce the in�uence of

phenotypic responses related to interannual and phenological variability and focus on dif-

ferences which remain stable across time and may be genotype-speci�c. However, there

are also likely to be genotype-speci�c responses which are more distinct on an intra-annual

or intradaily basis. For example, investigations over the phenological cycle of plant com-

munities (e.g., Merton, 1998) and plant species (e.g., Somers and Asner, 2014) improved

genetic cluster classi�cation. Beyond the di�erences in phenological responses, physiolog-

ical responses over the day could be indicative of genetic di�erences in a population (Gallé

and Feller, 2007). Therefore, we expect that multi-seasonal and daily resolved analyses

may improve the prediction of intraspeci�c genetic structure from spectral information.

Using other datasets lacking spectrally detailed information may not be su�cient to

resolve genetic variation. At the same time, the spectral resolution we used is most cer-

tainly not su�cient to identify all genetically relevant spectral features. Next steps might

be to use �ner genetic resolution and to investigate various populations, anticipating a

wider genetic pool that potentially expresses a larger distribution of phenotypic features

accessible with the spectral resolution of current airborne sensors. Additionally, incor-

poration of other remotely sensed data (e.g., LiDAR (Torabzadeh et al., 2019; Valbuena

et al., 2020), thermal (Ullah et al., 2012), or Solar Induced Fluorescence (SIF) (Keller

et al., 2019)) can provide means to detect additional phenotypic features indicative of

genetic di�erences.

The 2 m spatial resolution of the airborne data and the prior mapping of the Laegern

experimental forest using LiDAR data allowed us to work on canopy level in natural condi-

tions. By incorporating structural information from ground-based LiDAR data (Morsdorf

et al., 2018; Schneider et al., 2019) as well as airborne laser scanning (Kaartinen et al.,

2012; Schneider et al., 2014; Wang et al., 2016), we have been able to delineate species

crowns of the area and link spectral information toF. sylvatica individuals. Hence, this

methodological approach is expandable to other species, where individuals have a certain

probability of belonging to a genetic cluster within the detection sensitivity of the imaging

instrument used. RS-based studies of genetic composition, where spatial resolution is not

su�cient to recognize individual trees, might be limited to cases where the genetics of

the area are highly homogenous (c.f., Madritch et al., 2014).
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It should be noted that our results represent a case study limited to location and

species. The available genetic information of the population was not su�ciently large to

perform a spatial classi�cation to distinct genetic clusters with high con�dence using the

selected genetic markers. However, we relate di�erences among spectral �ngerprints of

individuals in a population of F. sylvatica to genetic di�erences among those individu-

als, and we identify spectral regions and signal transformation informative about genetic

structure. Using a dataset with relatively high temporal, spectral, and spatial informa-

tion, we demonstrate the potential of linking spectral and genetic information. This may

represent a step toward developing universal models to identify genetic variation from

spectral data.

2.6 Conclusions

This study highlights the potential for multi-temporal imaging spectroscopy data to de-

tect intraspeci�c genetic variation of trees in temperate forests. We investigated the use of

derivative-based analyses and PLS-based methods to overcome discrimination challenges

caused by multi-factorial in�uences on the spectral canopy signature acquired under nat-

ural conditions and at various time steps. We demonstrate that, using this approach,

intraspeci�c genetic diversity can best be assessed using spectral subsets, rather than the

full spectrum in�uenced by various sources. Moreover, our method successfully detected

the spectral regions most indicative for genetic structure prediction, without introducing

prior knowledge.

In this study, we contribute to resources available for further studies focusing on

genetic diversity using remote sensing techniques. Accordingly, our results suggest that

this kind of analysis, where the genetic resolution is low enough for remote detection and

high enough for practical purposes, is a promising tool for tracing the landscape of genetic

variation (Rocchini et al., 2010) in a direct, e�cient and globally consistent way.
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Supplementary Material

Table S.2.1: Microsatellite length statistics for sampled F. sylvatica individuals derived from
capillary electrophoresis using GeneMapper software.

Length Statistic FS1-03 FS1-15 FS3-04 FS4-46 FCM5
standard deviation 4.63 8.07 1.73 22.74 12.51
mean 91.55 111.99 200.95 251.75 299.87
variance 21.39 65.09 2.99 517.23 156.45
maximum 108 137 206 328 322
minimum 83 93 194 221 280

Table S.2.2: Date, Day Of the Year (DOY) and CGDD for the acquisition of the seven years
of Airborne Prism Experiment (APEX) Airborne Imaging Spectrometer (AIS) images.

Date
Day of the
year (DOY)

Cumulative Growing
Degree Days (CGDD)

17.06.2009 168 429
26.06.2010 177 368
16.06.2012 168 372
12.07.2013 193 461
18.07.2014 199 674
24.06.2015 175 438
07.07.2016 189 461
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Figure S.2.1: Root-mean-square error RMSE of genetic structure prediction from PLS models
generated from an increasing number of spectral predictors derived based on the highest VIP score
of the models. The red, green and blue solid lines represent multi-year mean RMSE achieved
from analyses made on re�ectance (re�ectance), z-score of re�ectance (normalized re�ectance)
and a 1st derivative of z-score of re�ectance (derivative) signal transformations, respectively. The
shaded areas represent the standard deviation of RMSE calculations derived from data acquired
between 2009 and 2016.
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3.1 Abstract

Remote sensing enhances large-scale biodiversity monitoring by overcoming temporal and

spatial limitations of ground-based measurements and allows assessment of multiple plant

traits simultaneously. The total set of traits and their variation over time is speci�c for

each individual and can reveal information about the genetic composition of forest com-

munities. Measuring trait variation among individuals of one species continuously across

space and time is a key component in monitoring genetic diversity but di�cult to achieve

with ground-based methods. Remote sensing approaches using imaging spectroscopy can

provide high spectral, spatial, and temporal coverage to advance the monitoring of genetic

diversity, if su�cient relation between spectral and genetic information can be established.

We assessed re�ectance spectra from individualFagus sylvaticaL. (European beech)

trees acquired across eleven years from 69 �ights of the Airborne Prism Experiment

(APEX) above the same temperate forest in Switzerland. We derived re�ectance spec-

tra of 68 canopy trees and correlated di�erences in these spectra with genetic di�erences

derived from microsatellite markers among the 68 individuals. We calculated these cor-

relations for di�erent points in time, wavelength regions and relative di�erences between

wavelength regions. High correlations indicate high spectral-genetic similarities. We then

tested the in�uence of environmental variables obtained at temporal scales from days

to years on spectral-genetic similarities. We performed an uncertainty propagation of

radiance measurements to provide a quality indicator for these correlations.

We observed that genetically similar individuals had more similar re�ectance spectra,

but this varied between wavelength regions and across environmental variables. The short-

wave infrared regions of the spectrum, in�uenced by water absorption, seemed to provide

information on the population genetic structure at high temperatures, whereas the visible

part of the spectrum, and the near-infrared region a�ected by scattering properties of tree

canopies, showed more consistent patterns with genetic structure across longer time scales.

Correlations of genetic similarity with re�ectance spectra similarity were easier to detect

when investigating relative di�erences between spectral bands (maximum correlation:

0.40) than re�ectance data (maximum correlation: 0.33). Incorporating uncertainties of

spectral measurements yielded improvements of spectral-genetic similarities of 36% and

20% for analyses based on single spectral bands, and relative di�erences between spectral

bands, respectively.
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This study highlights the potential of dense multi-temporal airborne imaging spec-

troscopy data to detect the genetic structure of forest communities. We suggest that the

observed temporal trajectories of re�ectance spectra indicate physiological and possibly

genetic constraints on plant responses to environmental change.

3.2 Introduction

Remote sensing has demonstrated its potential for large-scale biodiversity monitoring (e.g.

O'Connor et al., 2015; Pettorelli et al., 2014; Skidmore et al., 2021; Skidmore et al., 2015;

Turner, 2014). It is especially valuable in the context of current environmental change

a�ecting global biodiversity decline (Blowes et al., 2019; Proença and Pereira, 2017), as

it overcomes spatial and temporal limitations of ground-based assessments of biological

variation (Gamon et al., 2019; Jetz et al., 2016). Remote assessments of functional

diversity (Asner and Martin, 2009; Schimel et al., 2019; Schneider et al., 2017; Singh

et al., 2015; Z. Wang et al., 2019; Zheng et al., 2021) may advance our understanding of

ecosystem functioning and may be used for ecological modeling. Genetic diversity is an

equally important facet of biodiversity, but has received less attention in remote sensing

studies.

Genetic diversity is a key component of biodiversity loss (Wilson and Peter, 1988)

and has been de�ned as an Essential Biodiversity Variable (EBV) (Pereira et al., 2013;

Skidmore et al., 2021). Greater genetic variation re�ects the availability of more alleles,

or versions of genes, resulting in a wider range of phenotypic responses and thus increased

potential to maintain ecosystem functioning and evolutionary processes under changing

environmental conditions (Bolnick et al., 2011; Des Roches et al., 2018; Hughes et al.,

2008; Moritz, 2002). Monitoring current genetic diversity and its distribution across

populations of interbreeding individuals, and understanding what causes this to change, is

essential for preventing further biodiversity loss. Measurement of allele pools is commonly

based on �eld sampling followed by laboratory analyses, which both require substantial

time and e�ort per sample. Thus, the assessment of genetic diversity would bene�t from

approaches that overcome scale-induced limitations.

Remote sensing is being used to assess phylogenetic diversity in plant communities

in direct (Cavender-Bares, 2019; Cavender-Bares et al., 2016; Lin et al., 2021) and in-

direct ways (Feret and Asner, 2012; Frye et al., 2021; Rocchini et al., 2010; Schweiger



3.2. Introduction 51

et al., 2018). These assessments are done at species or higher taxonomic levels, while as-

sessments of intraspeci�c genetic variation are more challenging because trait di�erences

expressed in spectra are likely to be less pronounced at the within- than at the between-

species level (Guillén-Escribà et al., 2021; Hulshof and Swenson, 2010). Dense temporal

coverage of imaging spectroscopy acquisitions may allow detection of more di�erences

among individuals � thus helping to resolve intraspeci�c variation � if traits expressed

at di�erent times or ontogenetic stages are underpinned by di�erent genes within an in-

dividual and if thus a link between temporally variable spectral and temporally constant

genetic variation can be established (Czy» et al., 2020; Yamasaki et al., 2017).

Remote sensing allows for systematic monitoring of the land surface on a wide range

of temporal scales. Time series of remotely sensed data reveal information about the

dynamic behavior of vegetation and have signi�cant advantages over single time-point

measurements (Goetz, 2009), which tend to be a limitation of ground-based investigations

(Albert et al., 2011). Repeat-visit airborne imaging spectroscopy data can, for example,

capture seasonal changes in vegetation spectra. Changes in spectra over time may re�ect

leaf green-up (Garcia and Ustin, 2001), leaf ontogenetic stages (Chavana-Bryant et al.,

2017), mesophyll development (Rivera et al., 2002), seasonal changes in equivalent water

thickness (Roberts et al., 1997), lignin and cellulose turnover (Patton and Gieseker, 1942),

and start of senescence (Myneni et al., 1997). Re�ectance spectra can be used to assess

plant water stress (Suárez et al., 2008), and pigment (Ustin et al., 2009) and nitrogen

concentration in vegetation (Oldeland et al., 2010; Ollinger et al., 2002). These are

all traits, or observable features of individuals, which may be genetically constrained,

meaning that they have a genetic basis and thus their variation may in part be explained

by genetic variation. Therefore, time-resolved imaging spectroscopy data may help to

remotely sense genetic variation even within a species, as it has already been shown

to support the identi�cation of vegetation types (Merton, 1998) and plant species (e.g.

Asner et al., 2006; Castro-Esau et al., 2006; Somers and Asner, 2013). Dense temporal

coverage allows the assessment of plant responses to environmental conditions, which

drive adaptation in species (Hut et al., 2012). Some adaptations may be observed in

so-called temporal niche partitioning by individuals with varying strategies de�ned by

traits, and relationships between traits, which vary in di�erent ways over time (Angert

et al., 2009; Levine and HilleRisLambers, 2009).

Dense multi-temporal imaging spectroscopy data with their rich spectral information,

can simultaneously and systematically assess multiple plant traits and relations among
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them. Relationships between plant traits are recognized across levels of biological or-

ganization (Joswig et al., 2022). On the elementary level, stoichiometry explains the

balance among chemical elements as the basic components of living organisms. The spe-

ci�c composition of chemical elements in plants, in the form of molecular building blocks

but also as nutrients and cofactors, is related to their morphological and physiological

traits. These are in turn related to each other especially in terms of traits describing size

or allometry, versus economic investments of nutrients over a plant's lifetime (eg. Wright

et al., 2004), and describe a spectrum of form and function across plants (D�az et al.,

2016). For example, carbon �xed by photosynthesis is allocated di�erently into shoots

and roots, with trade-o�s between these, and may be used for energy or energy storage

in the form of nonstructural carbohydrates, for structural changes like ligni�cation, or

defensive measures such as phenol production (Eichenberg et al., 2015). The set of traits

ultimately expressed by individuals builds on speci�c ecological strategies of plants (West-

oby, 1998) and a�ects ecosystem processes (Marks and Lechowicz, 2006; Niinemets, 2001;

Reich et al., 1998; Wright et al., 2003). Natural selection favors strategies which optimize

�tness in a given environment, some of which vary within species (Albert et al., 2011; He

et al., 2009), while others are characteristic of phylogenetic groups (eg. Kerkho� et al.,

2006; Westoby and Wright, 2006), or of convergent evolution across phylogenies (Gamon

et al., 2019; Reich et al., 2003; Ustin et al., 2009). Expressed strategies characteristic

for plant phylogenetic groups could be derived by combining information derived from

spectral indices such as e.g. Normalized Di�erence Vegetation Index (NDVI) (Rouse et

al., 1974), Normalized Di�erence Water Index (NDWI) (Gao, 1996) or Photochemical

Re�ectance Index (PRI) (Gamon et al., 1992), partial least squares regression PLS re-

gression models (e.g. Singh et al., 2015) or potentially also the relationships within the

full range of re�ectance spectra.

In this study, we present a proof of principle for the use of dense multi-temporal

airborne imaging spectroscopy data to investigate intraspeci�c genetic variation of tem-

perate forest trees. We link multi-temporal aerial imaging spectroscopy with data on the

genetic structure of aFagus sylvaticaL. (European beech) population derived from �ve

nuclear microsatellites. We hypothesize that genetically similar individuals express simi-

lar phenotypes as detected in re�ectance spectra at di�erent time points. We investigate

(1) which of the time-resolved spectral feature(s) reveal the highest similarity with ge-

netic structure, (2) to what extent relationships between spectral features are genetically

constrained, and (3) under which environmental conditions and at what temporal scales
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genetic-spectral similarities are largest. Further, we suggest underlying physiological pro-

cesses that may correlate with genetic structure, and we investigate to what extent the

uncertainties associated with the spectral signal propagate to correlations.

We take advantage of detailed in situ and airborne mapping of trees at the study site

(Morsdorf et al., 2020). We use genetic markers of intraspeci�c genetic variation consisting

of lengths of �ve nuclear microsatellite markers, long-term measurements of environmen-

tal variables at the study site, and available high-resolution spectral data required for

time-series analysis of vegetation spectral measurements. Furthermore, we account for

inherent uncertainties of spectral measurements (Schaepman and Dangel, 2000; Schaep-

man et al., 2015) and propagate them through the analysis. This approach enables us to

assess reliability of information derived from spectra (Woolliams et al., 2014), which is of

importance in the context of multi-temporal investigations and coordination of upcom-

ing imaging spectroscopy missions and retrievals (Cawse-Nicholson et al., 2021). With

that, we hope to contribute to developing scalable approaches to monitor and understand

biodiversity change on its basic, intraspeci�c genetic level.

3.3 Materials and methods

3.3.1 Study area

The study area (`Lägern') covers 12.6 ha of semi-natural temperate mixed forest located

on an up to 60°-steep south-facing slope of the Lägern mountain in Switzerland (47°28'N,

8°21'E). Its elevation ranges from 620 to 810 m a.s.l. The climate of this region is char-

acterized by a mean annual temperature of 7.4°C and mean annual precipitation of

1,000 mm (Etzold et al., 2011). The vegetation cover is classi�ed as Temperate Decidu-

ous Broadleaf Forest (UNEP-WCMC) with 13 tree species including three conifers and

ten angiosperms, with Fagus sylvatica L. (European beech) being the most abundant

(Guillén-Escribà et al., 2021). Mean height of canopy trees at the site is 30.6 m and the

tree age ranges between 53 and 185 years, with a maximum diameter at breast height

of 150 cm (Eugster et al., 2007). The canopy is mostly closed and characterized by a

complex vertical structure (Schneider et al., 2017). The study area is located in an un-

managed part of the forest and has been a forest ecosystem research site for the last four

decades (Kloeti et al., 1989). Individual trees have been reconstructed in 3D using ground

and airborne laser scanning, and simulated using 3D radiative transfer models, allowing

the validation of airborne data with high accuracy (Kükenbrink et al., 2021; Schneider
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et al., 2014; Schneider et al., 2017). The tree trunks were previously georeferenced using

a di�erential Global Positioning System (GPS) system and tied to reference points of the

Swiss national grid (LV95), with a polygon traverse and additional �xed points to mea-

sure trunk locations in the challenging terrain (Leiterer et al., 2015). Because the slope

geometry distorted the nadir projection of crowns to trunks, tree crowns were mapped

separately and linked to tree trunks using photogrammetry (Guillén-Escribà et al., 2021;

Torabzadeh et al., 2019). The mapped tree crowns of the site allowed us to assign re-

�ectance spectra of multiple pixels and genetic information to 68 analyzedF. sylvatica

individuals.

3.3.2 Spectral data

The spectral dataset contains 87 acquisitions of the Airborne Prism Experiment (APEX)

Airborne Imaging Spectrometer (AIS) (Schaepman et al., 2015) obtained between 2009

and 2019 and covering the range of 23�1160 Cumulative Growing Degree Days [°C]

(CGDD) (S.3.2). Preprocessing of the raw APEX data including radiometric calibration

and correction for spectral shifts was done using the APEX processing and archiving fa-

cility (Hueni et al., 2008; Hueni et al., 2012; Richter et al., 2010; Schaepman et al., 2015).

The adjustment for smile e�ects and atmospheric compensation for surface re�ectance

accounting for solar zenith and azimuth and viewing angles was done using ATCOR, and

the re�ectance data were georecti�ed in Parametric Geocoding and Orthorecti�cation

for Airborne Optical Scanner Data (PARGE) (Hueni et al., 2017; Schläpfer and Richter,

2002). This resulted, for each acquisition, in a georecti�ed re�ectance spectra dataset

containing 284 spectral bands with a variable spectral resolution of 7�13.5 nm in the

wavelength range from 399 to 2425 nm, with 2 m spatial resolution at canopy level. For

the analyses, we selected only acquisitions with NDVI >0.5 and with the area of interest

being fully covered. This resulted in a �nal set of 69 cloud-free acquisitions obtained

during 27 airborne missions acquired under leaf-on conditions (Fig. 3.1).

Along with the re�ectance spectra data, we obtained data about radiometric uncer-

tainties. The uncertainties were calculated for each pixel and each spectral band based

on the radiometric calibration of APEX (Hueni et al., 2017; Jehle et al., 2014; Schläpfcr

et al., 2000; Schläpfer and Richter, 2002). They account for system noise derived from

multiple measurements using an integrating sphere, pressure changes a�ecting the spec-

tral positions of derived bands, sensitivity to sensor temperature, smear e�ect, spectral
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band binning, electronic anomalies, and estimation errors of radiometric gain and o�set

(Hueni et al., 2017).

For analysis, we derived re�ectance spectra and radiometric uncertainties of pixels that

represent the 68 canopy individuals ofF. sylvatica. For each tree, we selected only those

pixels whose centroid lay within the area of the mapped tree crown (see section 3.3.1)

and we used average values of re�ectance spectra weighted by their inverse uncertainty

per tree individual per day (see section 3.3.6).

3.3.3 Genetic data

Relatedness of individuals was assessed using �ve nuclear microsatellite markers, which

are repetitive DNA sequences commonly used for population genetics, from the 68 canopy

individuals of F. sylvatica as detailed in a previous study (Czy» et al., 2020). Brie�y, we

sampled leaf disks (diameter 1.15 cm) from each tree in September 2013 and stored them

on silica gel. Genomic DNA from the sampled material was extracted using the cetyl

trimethylammonium bromide (CTAB) method following the procedure of Doyle, 1990.

From the extracted DNA, we ampli�ed �ve highly variable microsatellite loci (FS1�03,

FS1�15, FS3�04, FS4�46, FCM5; Pastorelli et al., 2003). To assess the degree of polymor-

phism at each microsatellite locus, we performed capillary electrophoresis on an ABI-3720

sequencer (Thermo Fisher Scienti�c, UK) and we usedGeneMapper software (Applied

Biosystems) to determine the length of the analyzed microsatellites for each sampled tree

(S.3.2).

3.3.4 Climatic data

We used climatic data collected on a �ux tower 47 m vertically above ground level at

the site (Eugster et al., 2007). The data cover the 11-year period 2009�2019 representing

measurements at 30-min resolution.

The data used in the present study included air temperature [°C] and Vapor Pressure

De�cit (VPD) at di�erent temporal scales as follows. For each airborne acquisition, we

calculated the mean temperature (TMP) and mean VPD of the day, aggregated tempera-

ture (11TMP) and aggregated Vapor Pressure De�cit (11VPD) over 11 consecutive days

before the acquisition, and Cumulative Growing Degree Days (CGDD) and Cumulative

Growing Vapor Pressure De�cit Days (CGVPDD). The moderate time scale of 11 days

was selected based on a relatively high impact of selected climatic variables on spectral-

genetic similarities across all the spectral bands at this time span (Supplementary, 3.7).
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Figure 3.1: Airborne imaging spectroscopy missions segregated into time points based on Cu-
mulative Growing Degree Days [°C] (CGDD) and shaded by year of acquisition. Each CGDD
bar corresponds to a single day of acquisition. A base temperature of 5°C was used (see section
3.3.4). The numbers on top of the bars specify the number of acquisitions at that day (multiple
acquisitions per day). The background represents the NDVI calculated for each time point.

The CGDD were calculated with a base temperature of 5°C (Polgar and Primack, 2011).

Additionally, we included the Day of the Last Spring Frost (DLSF) [DOY] and Last Year

Climatic Water Balance (LYCWB) of March-August calculated as monthly potential

evapotranspiration (Hargreaves, 1994) subtracted from the monthly sum of precipitation.

3.3.5 Spectral-genetic similarity estimation

To investigate the correlation between re�ectance spectra and genetic structure, we con-

ducted partial Mantel tests between spectral and genetic distances among the 68 individ-

ual trees. We refer to the derived correlations as spectral-genetic similarities.

Firstly, we calculated the pairwise distances between trees using (1) the spectral Eu-

clidean distance of each spectral band fromi=1 to i=284 for each of the 27 time points

(average of multiple pixels and multiple acquisitions per tree per day, see 3.3.2 and 3.3.6),

(2) the spectral Euclidean distance of relative di�erences,dn between wavelengths calcu-

lated for all pairwise combinations of spectral bands for each time point as (3.1):

dn =
jx i � x j j
x i + x j

(3.1)

where x is the re�ectance value of the wavelength at spectral bandsi and j respec-

tively, (3) the spatial Euclidean distance based on the geographical position of the stem

bases of the individuals, and (4) Nei's genetic distance representing the relationship be-

tween individuals based on their genetic divergence from a common ancestor, calculated

based on the length of analyzed microsatellites of eachF. sylvatica individual. We decided

to introduce relative di�erences between wavelengths, because this normalization (1) re-

duced the impact of brightness, especially important in multi-temporal analysis, which
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Figure 3.2: Schematic representation of the work�ow. Spectral-genetic similarities were calcu-
lated as similarities between distance matrices derived from multi-temporal spectral and genetic
data. The spectral data were considered as a single spectral band and as relative di�erences
between the spectral bands, represented with one and two red lines overlaid on spectral responses
averaged per day and shaded by year of acquisition. The Cumulative Growing Degree Days [°C]
(CGDD) of each acquisition is represented with green shaded area. The spectral-genetic similar-
ities were �nally correlated with environmental variables.

entails variation in sun illumination and geometry of acquisition, and (2) simultaneously

accounted for interactions among multiple traits that a�ect the spectral signatures of an-

alyzed trees and may be indicative about their biological strategies. Nei's genetic distance

is used to compare populations where drift and mutation may explain genetic di�erences

(Nei, 1972) and we calculated it using thenei.distance function of the R packagepoppr

(Kamvar et al., 2014, R v.8.5). This resulted in (1) 284Ö 27, (2) (284Ö(284�1)/2) Ö

27, (3) one and (4) one symmetric matrices of dimension 68Ö 68 representing pairwise

distances between the 68 trees.

We then performed partial Mantel tests (Mantel, 1967; Smouse et al., 1986) to derive

the spectral-genetic similarities between each spectral distance matrix of each time point

and the genetic distance matrix. We assume that trees which are spatially closer together

may be exposed to a more similar environment and we thus controlled for spatial distances

between trees at the study site by subtracting the correlation of residuals from the linear

regression of spectral-spatial correlation and genetic-spatial correlations (Smouse et al.,

1986). We calculated partial Mantel correlations inMatlab v. R2017b software.
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Finally, we calculated to what extent variation in spectral-genetic similarities was

explained by variation of di�erent environmental variables at di�erent temporal scales.

For that, we calculated the Pearson correlations of time point-speci�c spectral-genetic

similarities and time point-speci�c environmental variables that represented daily, multi-

daily, seasonal and inter-seasonal environmental conditions (Fig. 3.2).

For clarity of representation, we do not visualize the spectral-genetic similarities lower

than 0, as such representa negative dependency of spectral signatures on genetic structure

(genetically more related individuals being more dissimilar spectrally at these regions),

which can not be used to infer genetic constraints. In our analysis, negative spectral-

genetic similarities account for 30.7% of results mean of negative correlations 0.05 and

lowest value 0.15 withp = 1. Furthermore, we discuss only the spectral-genetic similarities

and their correlations with environmental variables, which are signi�cant at p < 0.05 and

of which the relative uncertainties do not exceed 20%.

3.3.6 Uncertainty propagation

Each analyzed tree individual in the spectral data comprises multiple pixels represented

as surface re�ectance values with their uncertainties of radiance measurements (see 3.3.2).

We accounted for the uncertainties as relative reliability of measurements and propagated

them to the spectral-genetic similarities and their correlations with environmental vari-

ables. More speci�cally, we incorporated the uncertainties throughout the analysis at two

stages. In the �rst stage, we applied pixel-based uncertainty,ui (where i stands for pixel

within a tree crown) to derive the mean weighted by the inverse uncertainty,�x t (3.2) of

spectral re�ectance with its uncertainty, u �x t (3.3) of each tree crown per acquisition.

�x t =
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Following the same operations, we calculated the mean weighted by the inverse un-

certainty, �xd (3.4) of spectral re�ectance with its uncertainty, u �xd (3.5) of each tree crown

per day as the unit of further analyses:
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u �xd =

s
1

P
j u2

�x t j

(3.5)

where j stands for the acquisition within a day sorted by CGDD.

In the second stage, we propagated the uncertainty of each tree crown per day to

derive uncertainties of spectral-genetic similarities and their correlations with environ-

mental variables. For that, we followed the law of propagation of uncertainties (after

Joint Committee for Guides in Metrology (JCGM)), assuming the uncertainties to not

co-vary, to sequentially calculate absolute uncertainties of pairwise Euclidean distances, z-

score of Euclidean distances, correlation coe�cients, partial Mantel correlations, relative

di�erences, means of partial Mantel correlations, standard deviations of partial Mantel

correlations. The detailed description of the uncertainty propagation as sensitivity analy-

sis of each function to the uncertainty of its driver is described in the supplementary data

(Supplementary, 3.7). We represent the derived uncertainties as relative uncertainties to

the spectral-genetic similarities and their correlations with environmental variables.

3.4 Results

3.4.1 Spectral-genetic similarities

The similarities between re�ectance spectra and genetic structure (partial Mantel statistic

r) varied across single spectral bands and time points (Fig. 3.3). The highest spectral-

genetic similarity reached 0.33 (relative uncertainty: 5%,p = 0.01) for a spectral band

centered at 1925 nm at the 19th time point (993 CGDD, July) and was 36% higher

than the highest result (0.21) derived from analyses where the mean re�ectance spec-

tra per tree were not weighted by the measurement uncertainty (not shown). Across all

time points, the spectral-genetic similarities derived from the spectral regions ranging

from 650�680 nm and 1950�2000 nm were relatively stable over time, the rest di�ered

among time points. Across the whole spectrum, the 14th (866 CGDD, July) time point

had the highest (0.10) spectral-genetic similarities. The beginning of the growing sea-

son (116�515 CGDD, April until beginning of July) was characterized by relatively low

spectral-genetic similarities for spectral bands ranging from 1100�2500 nm. Towards the

end of the growing season (1317�1776 CGDD, end of July untill September) spectral-

genetic similarities were relatively high for spectral bands ranging from 680�1800 nm.

Time points which included of at least �ve acquisitions � the 10 th and the 23rd (see
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Fig. 3.1) � had higher spectral-genetic similarities derived from spectral bands ranging

from 550�650 and 690�1350 nm, respectively. Additional high spectral-genetic similarities

occurred at particular time points: at the second time point, for spectral bands ranging

from 400�500 nm; at time point 14, for spectral bands around 500 nm; at the time points

10, 12, 20 and 27 for spectral bands around 500�600 nm; at time point 26 for spectral

bands around 600�680 nm, and time point 14 for spectral bands around 680�1350 nm,

at time point six for spectral bands around 1400�2300 nm and at time points 26 and

27 for spectral bands around 2350�2450 nm. Across the spectrum, the lowest spectral-

genetic similarities overtime were found for spectral bands ranging from 400�420, 670�680,

1350�1400 and 1900�2000 nm, which are the spectral bands a�ected by the scattering and

absorption features in the atmosphere and also spectral regions having the largest relative

uncertainty. The overall relative uncertainty of spectral-genetic similarities derived from

single wavelengths had similar patterns over time and increased at longer wavelengths.

In comparison to similarities between re�ectance spectra and genetic structure derived

from single spectral bands, spectral-genetic similarities derived from relative di�erences

between spectral bands were on average lower (values of partial Mantel r of 0.002 for

relative di�erences between spectral bands vs 0.03 for single spectral bands), but reached

larger value and were moderately more stable (mean standard deviation across time points

of 0.06 for relative di�erences between spectral bands vs 0.07 for single spectral bands)

(Fig. S.3.2). We found the highest spectral-genetic similarity (0.40) for relative di�er-

ences for a spectral band centered at 515 nm with a spectral band centered at 1925 nm

(relative uncertainty: 2.9%, p = 0.001) during the 19th time point (993 CGDD, July)

(Fig. S.3.3). The relative uncertainties of spectral-genetic similarities derived from rela-

tive di�erences are on average higher (8%) than relative uncertainties of spectral-genetic

similarities derived from single wavelengths (1.8%).

3.4.2 Spectral-genetic similarities explained by environmental variables

Correlations between spectral-genetic similarities and environmental variables showed dif-

ferent patterns on di�erent temporal scales (Fig. 3.4). Daily mean temperature (TMP)

was positively correlated with spectral-genetic similarity derived from spectral bands

above 1000 nm and around 1900 nm, which is highly a�ected by water absorption. The

spectral-genetic similarities derived from around the 1900 nm spectral range were also

positively correlated with the vapor pressure de�cit of the day of the acquisition (VPD).

When considering environmental conditions over a longer time period, the correlations
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Figure 3.3: Spectral-genetic similarities (values of partial Mantel r) for the population of F.
sylvatica derived from spectral bands for each time point segregated according to CGDD. Addi-
tionally, the mean and standard deviation of the similarities from all time points are shown at
the top of the panel. The shown values range from 0 (white) to 0.33 (dark green). The relative
uncertainties of the spectral-genetic similarities for all the time points across spectral bands are
represented on the lower panel. The white lines represent the mean canopy re�ectance of all trees.

between environmental variables and spectral-genetic similarities were not signi�cant for

Aggregated Temperature over 11 consecutive days before the acquisitions (11TMP) and

were partly signi�cant for Aggregated Vapor Pressure De�cit over 11 consecutive days

before the acquisitions (11VPD). 11VPD was negatively correlated with spectral-genetic

similarities derived from spectral bands around 650�680 nm and 1900�2100 nm. On the

seasonal scale, the Cumulative Growing Degree Days (CGDD) and Cumulative Growing

Vapor Pressure De�cit Days (CGVPDD) showed similar patterns of positive correlation

with spectral-genetic similarities above 450 nm; however, the CGDD showed a stronger

correlation on this time scale than the CGVPDD, which in contrast has higher impact on

spectral-genetic similarities derived from the visible part of the spectrum (400�700 nm).

The Day of the Last Spring Frost (DLSF) was non-signi�cantly ( p > 0.05) negatively

correlated with the spectral-genetic similarity derived from all the spectral bands above

680 nm. Similarly, at the longest investigated temporal scale represented by the Last Year

Climatic Water Balance (LYCWB), spectral-genetic similarities were non-signi�cantly ( p



62 Chapter 3. Temporal trajectories of theF. sylvatica population re�ectance spectra

> 0.05) correlated with this environmental variable for all spectral bands.

In comparison to the correlation between climatic variables and spectral-genetic sim-

ilarities derived from single spectral bands, correlations between climatic variables and

spectral-genetic similarities derived from relative di�erences between spectral bands were

more pronounce at the shortest (TMP and VPD) and longest time scales (DLSF and

LYCWB) (Fig. S.3.4). For both TMP and VPD, we found signi�cant negative correla-

tions, with spectral-genetic similarities derived from relative di�erences of spectral bands

ranging from 400�420 nm, with spectral bands ranging from 1500�1800 nm. At the longest

considered time scale, the spring frost (DLSF) and water balance of the preceding year

(LYCWB) were, respectively, positively and negatively correlated with spectral-genetic

similarities derived from relative di�erences of spectral bands ranging from 1000�1350

nm, with spectral bands ranging from 1500�1800 nm.

The relative uncertainties of the correlation of environmental variables with spectral-

genetic similarities were on average higher for results derived from relative di�erences of

spectral bands than for results derived from single spectral bands, and were higher at

longer wavelengths, for spectral bands for which the correlations were weaker, and for

spectral bands around 1000 and 1200 nm.

3.5 Discussion

3.5.1 Spectral-genetic similarities suggest underlying biochemical and

morphological traits

The observed similarities between information derived from airborne imaging spectrom-

eter data and the genetic structure of a population ofF. sylvatica vary among the time

points and across the spectrum for both single spectral bands, and relative di�erences be-

tween spectral bands. However, some re�ectance spectra are similar for genetically similar

individuals more systematically across all time points (Fig. 3.5). The spectral regions that

express on average high, but not necessarily stable, spectral-genetic similarities lay in the

range of 450�680 nm, corresponding to leaf pigment content and composition (eg. Moss

and Loomis, 1952), 1000�2300 nm, corresponding to leaf water content that in�uences the

re�ectance spectra above 800 nm (Carlson et al., 1971), and 2350�2450 nm, a�ected by

dry matter content (Peterson et al., 1988). Additional spectral-genetic similarities that

are indicative of genetic structure and relatively time stable were derived in the 700�1400

nm spectral range. This spectral region is dominated by internal leaf scattering of light,
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Figure 3.4: Correlations between spectral-genetic similarities derived for single spectral bands
and: temperature of the day of the acquisition [°C] (TMP), Vapor Pressure De�cit of the day of the
acquisition (VPD), Aggregated Temperature over 11 consecutive days [°C] (11TMP), Aggregated
Vapor Pressure De�cit over 11 consecutive days (11VPD), Cumulative Growing Degree Days
[°C] (CGDD), Cumulative Growing Vapor Pressure De�cit Days (CGVPDD), Day of the Last
Spring Frost [DOY] (DLSF), Last Year Climatic Water Balance [DOY] (LYCWB). The shown
values range from 0.6 (dark blue) to the 0.6 (dark red). The bottom panel shows the relative
uncertainties of correlations between spectral-genetic similarities and environmental variables.
The white lines represent the mean canopy re�ectance of analyzed trees.

related to the mesophyll structure and thus intercellular air spaces (Gausman et al.,

1971), that are accentuated in canopy-level measurements by scattering within the tree

canopy (Ollinger, 2011). Beyond similarities derived from these spectral regions, there

are similarities between spectral information and genetic structure speci�c to di�erent

time points. At some time points, the spectral region ranging from 420�450 nm related

to the leaf carotenoids content (eg. Gitelson et al., 2006) showed similar re�ectance values

for genetically similar individuals. The absorption feature centered at 680 nm, related to

chlorophyll content (eg. Peñuelas et al., 1994), represents low spectral-genetic similari-

ties, which were also stable over time for single spectral band investigations. The relative

di�erences between spectral bands related to carotenoids and leaf waxy layer, in�uencing

the re�ectance spectra ranging from 400�420 nm (eg. Long et al., 2003) with spectral

bands related to the leaf water content (1400�1900 nm), are on average highly indicative

of the genetic structure of the studied population. Strong spectral-genetic similarities

at particular time points may occur if a genetically determined trait is only expressed
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Figure 3.5: The revealed spectral features and some underlying biochemical and morphological
traits indicative about the genetic structure of the F. sylvatica population over time of spectral
acquisitions. (The spectral ranges are limited to results of our analysis and do not represent
full spectral coverage in�uenced by particular vegetation traits after: Long et al., 2003; Gitelson
et al., 2006; Moss and Loomis, 1952; Peñuelas et al., 1994; Gausman et al., 1971; Carlson et al.,
1971; Peterson et al., 1988).

under particular environmental conditions occurring at that time point or if a trait is

only expressed at a particular developmental stage of the tree. For example, features of

re�ectance spectra during pigment breakdown in leaves (Matile et al., 1999), a�ected by

genetic variation between individual trees, can only be assessed before leaf shedding.

3.5.2 Genetically constrained traits and the temporal environments in

which they are expressed

Because many genetically determined traits are only expressed under particular environ-

mental conditions (Falconer, 1996), the inclusion of environmental variables over di�erent

time scales may help to explain observed links between genetic structure and remotely

sensed phenotypes of theF. sylvatica population. On a day-to-day time scale, higher

daily temperature leads to stronger correlation of re�ectance measured at single spectral

bands with genetic structure for spectral regions linked with leaf water content (above

800 nm). That may suggest that the water balance in the population is related to genetic

structure when the current air temperature is higher. In comparison, the relationships

between spectral bands in�uenced by the waxy layer (400�420 nm) and water content

(1500�1800 nm) follow the genetic structure of the population when the vapor pressure

de�cit is lower and the ambient air is colder. This may indicate that the correlation

between genetic structure and photoprotection via the waxy layer (Long et al., 2003) is

more apparent (Shepherd and Wynne Gri�ths, 2006) when plants are exposed to humid

and cold air, di�erently tolerated by genetically more distant individuals. The leaf waxes

provide an important barrier to water loss, and reduce light penetration into the leaf by

specular re�ection (Petibon et al., 2021; Vanderbilt and Grant, 1985), which may relate
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to mechanisms related to the genetic structure. Finally, analyses on the day-to-day time

scale suggest that genetically constrained traits are more correlated with daily tempera-

ture than with daily vapor pressure de�cit. However, more genetically constrained traits

seemed to be strongly expressed under di�erent 11-day vapor pressure de�cit conditions

(11VPD) than di�erent 11-day temperature conditions (11TMP). A lower vapor pressure

de�cit for 11 days before the acquisition led to observation of higher genetic-spectral sim-

ilarities of the analyzed population over the whole spectrum, especially the chlorophyll

content (680 nm) and water content (1900�2100 nm). This suggests that the balance be-

tween water management and light absorption by pigments is more similar for genetically

similar individuals under favorable environmental conditions sustained at moderate time

scale (11 days). Other studies have shown that water relations ofF. sylvatica can vary

within the species (Gonzalez de Andres et al., 2021) and could be characteristic for ge-

netically di�erent provenances (Peuke et al., 2002). Our observations indicate that water

balance may correspond more to genetic structure when the water availability at 11-day

time scale is not a limitation � at least within this single population over the observed

time points. However, we treat the correlations based on results derived from water and

carbon dioxide absorption features (1900�2050 nm) with caution, as the uncertainties

presented in our analysis do not account for uncertainties due to atmospheric correction.

More speci�cally, that absorption due to these substances along the path from leaves and

canopies, through the atmosphere, to the aerial sensor might not be perfectly accounted

in atmospheric compensations.

Across the season, our analyses found that the in�uences of water availability as

measured by CGVPDD and of temperature as measured by CGDD followed a similar

pattern and held positive correlations with spectral-genetic similarities derived from single

spectral bands for spectral regions related with pigment composition and content (400�680

nm) and water content (above 800 nm). Compared with CGVPDD, CGDD correlated

also signi�cantly with spectral-genetic similarities derived from 700�1000 nm, related to

canopy scattering properties. This suggests that chlorophyll content (absorption feature

at around 680 nm), leaf internal structure (700�1000 nm) and water balance (800�2390

nm) correlate with genetic structure towards the end of a hot and dry growing season.

We furthermore speculate that this may be due to more similar foliage development,

thus capacity to harvest light, of genetically similar individuals. Finally, the leaf internal

structure as inferred from the spectral bands ranging from 1000�1400 nm correlated with

water content as inferred from the spectral bands ranging from 1500�1800 nm may be
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informative about the genetic structure of the population when the last day of the spring

frost was relatively late and the year proceeding the acquisition was relatively dry. This

was indicated by the positive correlation with day of last spring frost (DLSF) and negative

correlation with Last Year Water Climatic Balance (LYCWB), and the spectral-genetic

similarity of this spectral range (Fig. S.3.4). We suggest that there could be a similarity

in closely related individuals in their responses to frost and drought, which in turn a�ects

leaf morphology and development (Menzel et al., 2015). It has been demonstrated that

juvenile F. sylvatica individuals from genetically di�erent provenances vary in sensitivity

to frost damage (Kreyling et al., 2012) and the development of leaf buds may be a�ected

by water availability.

Together, our observations show that the spectral information derived from airborne

imaging spectrometer data can be indicative for the genetic structure of the population

of a dominant tree species and that more genetic structure can be revealed if spectral

information is obtained under multiple environmental conditions and over time, which

allows plants to express more of their genetically constrained traits than under a single

environmental condition or at a single time of development.

3.6 Limitations and outlook

In our study, we focused on observing the temporal dynamics of re�ectance spectra,

on how those spectra correlate with genetic structure of a tree population, and under

which environmental conditions correlations for particular spectral features with genetic

structure are particularly strong. The environmental variables we correlated were wa-

ter availability as measured by either vapor pressure de�cit or climatic water balance

and temperature on multiple temporal scales. Both of these variables strongly a�ecting

F. sylvatica. The investigation of other abiotic and biotic factors, and their temporal

consequences on the re�ectance spectrum, could give insights to other similarities in the

spectral and genetic structures of populations, and the genetically constrained processes

that in�uence these similarities. For example, changes in leaf optical properties may be

induced by increases in ambient carbon dioxide and ozone (Carter et al., 1995), aerosols

(Farmer, 1993), or wind speed, light availability and thus irradiation that in�uence the

water potential of plant tissue. Additionally, resistance to infections from bacteria, viruses

and fungi, or attack by insects may also vary signi�cantly on an intraspeci�c level and
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could be potentially derived from spectral signatures (eg. Carter, 1993). Correlative ob-

servations between genetic structure, re�ectance spectra and environmental variables are

indicators of physiological processes speci�c for a population adapted to its environment

and under given environmental conditions.

While the above suggests that even more environmental conditions will likely a�ect

spectral-genetic similarities, our proof-of-concept study was small and correlative, which

at the same time limits con�dence regarding the results for multiple spectral features and

multiple environmental variables. Ideally, the spectra of a much larger number of repli-

cated tree genotypes (or genetic groups such as seed families) should be analyzed across

environmental variables that are not correlated with each other. This could be best done

in experimental settings, which we now do with seed families collected from populations

of F. sylvatica across Europe, or with very large numbers of trees in observational studies

by multivariate matched sampling of pixels or trees (Imbens and Rubin, 2015; Sturm

et al., 2022).

Further, we approach the analyses in a discrete manner by considering every time

point and their environmental characteristic separately. Even though the multi-temporal

selected acquisitions were distributed across growing seasons, the ontogenetic stages of

the tree crowns were speci�c for particular years. Thus, segregation of time points by

growing degree days does not allow us to follow the trajectories of individuals in time

(day-to-day or year-to-year) (eg. Asner et al., 2006; Castro-Esau et al., 2006). Discover-

ing such a trend could be facilitated by a long sequence of acquisitions on a more frequent

basis that assess spectral information at regular time intervals (Cawse-Nicholson et al.,

2021), although these are limited by instrument lifespan, cloud-free conditions and po-

tentially coarser spatial resolution which would not directly support the assessment of

individual trees and thus not help in detecting genetic variation within them. Further,

such acquisitions are generally constrained to a particular time of the day as a practi-

cal consequence of satellite orbits, which would reduce the variation across acquisitions

caused by systematic daily variations (eg. midday depression). From our analyses, we

deduce that the mean re�ectance spectra of the acquisitions over the day (six acquisitions

during the 10th time point and �ve acquisitions during the 23th time point) may result

in relatively low spectral-genetic similarities across the spectrum. Only distinct spectral

ranges express relatively higher spectral-genetic similarities (500�650 nm and 700�1800

nm), which could be potentially stable across the day. Unraveling which of the spectral

ranges are stable over the day and most informative about the genetic structure would
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require more within-day acquisitions. Here we did not analyze the within-day temporal

variation because the missions within a day (time point) were not �own at consistently

selected times of the day and because this additional possible analysis would have further

increased the multiple-testing level for a small sample size of 68 trees.

When investigating multi-temporal datasets, it is especially important to consider

di�erences in the particular geometry of the acquisition and the atmospheric composition.

These could cause inherent variations in shading, directional e�ects (Schaepman-Strub

et al., 2006) and atmospheric variation of the signal (Thompson et al., 2019). Combining

multiple acquisitions from one day that vary in illumination/observation geometry to

represent single time points potentially allows to average the variation due to illumination

and observation geometries as well as atmospheric variability. By weighting the spectral

information of the pixels by their inverse uncertainties, we account for the full set of

spectral information and their relative reliability. Modifying re�ectance spectra based on

measurement uncertainties according to our results revealed up to 36% more information

about biological variation. Still unknown is the impact of inclined surfaces on upright

growing trees, their anisotropic behavior (Ma et al., 2020; Vögtli et al., 2020) and the

uncertainties of surface re�ectance spectra (Carmon et al., 2020; Hueni et al., 2016;

Richter and Schläpfer, 2002).

It has to be noted that our proof-of-concept study is species-, site-, and time-speci�c.

We show that prediction of the genetic structure is possible to a certain degree, with de-

gree depending on airborne imaging spectroscopy measurements at speci�c time points,

on combining shorter-term with longer-term observation schemes, and on speci�c ranges

of wavelengths used. Our approach could be transferred to other species, di�erent spatial

and temporal scales, and di�erent sensor systems as long as the observed biological units

represent distinct genetic identities. In this study, we were able to investigate population-

level genetic diversity for European beech trees in natural conditions by incorporating

ground-based LiDAR (Morsdorf et al., 2018; Schneider et al., 2019), airborne laser scan-

ning (Kaartinen et al., 2012; Schneider et al., 2014; Y. Wang et al., 2016) and the 2

m-resolution pixel size of the airborne imaging acquisitions which allowed us to delineate

F. sylvatica individuals (Guillén-Escribà et al., 2021) and to link them with their genetic

identities. Working with data with a spatial resolution that is not suited to delineate

individual trees or species would require community-based analyses, where the signal is

averaged across several individuals and species (Zheng et al., 2021). As genetic di�erences
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between sites over larger areas are likely larger than genetic di�erences between individu-

als within a single site, this could still reveal genetic or phylogenetic variation at a cruder

level. Finally, a better understanding of the mechanistic links between re�ectance spectra,

genetic and trait variation could be discovered by genome-wide association studies using

e.g. whole-genome sequencing or gene capture datasets.

Our proof-of-concept study is only a �rst step to establish correlations between re-

motely sensed spectral information and genetic diversity in a dominant tree species. There

is still a long way to go from this to predicting genetic diversity using spectral informa-

tion in new areas where trees have not been genotyped. Prediction of genetic structure

would require relationships calibrated for genetic resolution of interest and likely will

need to account for spatially resolved environmental conditions. It would likely be sup-

ported by temporally rich acquisitions representing dynamic biological changes, and a

well-understood impact of instrument variation on the spectral signal provided with its

uncertainties as non-biological variation (Petibon et al., 2021). However, our study indi-

cates wavelength bands which should be considered and under which environmental con-

ditions multiple spectral signatures should be acquired to develop such prediction tools.

Further studies will be needed to determine the degree to which calibrations obtained for

one species in one area may be generalizable to other species and other areas.

3.7 Conclusions

This study demonstrates the potential of dense multi-temporal imaging spectroscopy data

to link spectral information with genetic structure of temperate forest trees. We investi-

gated 69 airborne imaging spectrometer data acquisitions along with genetic information

from 68 tree individuals and environmental data to derive spectral-genetic similarities in

population structure under di�erent environmental conditions.

We observed that more genetically similar individuals have more similar re�ectance

in distinct spectral regions correlated with particular environmental conditions such as

temperature and water availability on di�erent time scales. From this, we indicate traits

and physiological processes that may explain these similarities and may correspond to

genetic variation among tree individuals. We could demonstrate that relative di�erences

between spectral bands were more informative about genetic structure than single-spectral

band analyses, at least for speci�c times of the growing season. We were able to assess
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the quality of our derivation by incorporating uncertainty propagation at each step of

analysis.

With dense multi-temporal observations of re�ectance spectra indicative of multiple

plant traits, we hope to contribute to the scalable monitoring of genetic diversity via

remote sensing. That will allow us to better understand what is driving biodiversity

changes, how to stop further biodiversity decline, and how to restore ecosystems where

decline has taken place.
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Supplementary Material

Table S.3.1: List of investigated spectral images acquired by Airborne Prism Experiment
(APEX) Airborne Imaging Spectrometer (AIS) above Laegern forest, Switzerland between
2009�2019.

no.
APEX

Mission ID
Date

Solar Zenith

angle [°]

Solar Azimuth

angle [°]

1 MM002.1 17/06/2009 30.4 134.1

2 MM002.2 17/06/2009 29.5 137.4

3 MM017.1 26/06/2010 42.2 109.1

4 MM017.2 26/06/2010 48.1 259.0

5 MM017.3 26/06/2010 49.1 260.3

6 MM017.4 26/06/2010 50.2 261.8

7 MM026.1 29/06/2010 29.3 138.5

8 MM026.2 29/06/2010 28.6 141.1

9 MM026.3 29/06/2010 27.8 144.5

10 MM041.1 16/06/2012 28.6 140.8

11 MM041.2 16/06/2012 27.9 143.0

12 MM054.1 14/05/2013 67.9 273.9

13 MM041.3 16/06/2012 27.1 147.4

14 MM058.1 01/07/2013 24.4 180.5

15 MM058.2 01/07/2013 24.4 183.8

16 MM058.3 01/07/2013 24.6 188.8

17 MM063.1 12/07/2013 54.1 96.1

18 MM084.1 03/09/2013 40.7 166.3

19 MM084.2 03/09/2013 40.4 169.3

20 MM084.3 03/09/2013 40.2 172.0

21 MM086.1 10/04/2014 53.8 122.8

22 MM086.2 10/04/2014 52.3 125.7

23 MM086.3 10/04/2014 51.2 127.8

24 MM092.1 18/07/2014 26.5 179.6

25 MM092.2 18/07/2014 26.5 183.3

26 MM092.3 18/07/2014 26.7 189.0

27 MM102.1 10/04/2015 40.7 161.7

Continues on next page
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Table S.3.1: (Continued) List of investigated spectral images acquired by Airborne Prism Exper-
iment (APEX) Airborne Imaging Spectrometer (AIS) above Laegern forest, Switzerland between
2009�2019.

no.
APEX

Mission ID
Date

Solar Zenith

angle [°]

Solar Azimuth

angle [°]

28 MM102.2 10/04/2015 40.1 166.5

29 MM102.3 10/04/2015 39 169.2

30 MM107.1 21/04/2015 40.6 216.8

31 MM107.2 21/04/2015 41.5 219.5

32 MM107.3 21/04/2015 42.5 222.4

33 MM110.1 24/06/2015 33.7 125.1

34 MM110.2 24/06/2015 32.5 128.1

35 MM110.3 24/06/2015 31.2 131.7

36 MM119.1 24/06/2015 47.1 257.9

37 MM119.2 24/06/2015 48.6 259.8

38 MM119.3 24/06/2015 50.1 261.7

39 M0136.1 10/07/2015 39.7 244.0

40 M0136.2 10/07/2015 41.1 246.4

41 M0136.3 10/07/2015 42.3 248.5

42 M0142.1 21/08/2015 37.9 154.0

43 M0142.2 21/08/2015 37.3 157.1

44 M0142.3 21/08/2015 36.8 160.2

45 M0150.1 20/04/2016 37.5 201.1

46 M0150.2 20/04/2016 38.2 204.9

47 M0150.3 20/04/2016 38.8 208.3

48 M0159.1 07/07/2016 30.3 137.7

49 M0159.2 07/07/2016 29.4 141.0

50 M0159.3 07/07/2016 28.7 143.9

51 M0166.1 17/07/2016 27.5 200.7

52 M0166.2 17/07/2016 28.1 205.0

53 M0166.3 17/07/2016 28.8 209.2

54 M0181.1 07/09/2016 42.1 167.2

55 M0181.2 07/09/2016 41.9 169.7

56 M0181.3 07/09/2016 41.7 172.7

Continues on next page



Supplementary Material 73

Table S.3.1: (Continued) List of investigated spectral images acquired by Airborne Prism Exper-
iment (APEX) Airborne Imaging Spectrometer (AIS) above Laegern forest, Switzerland between
2009�2019.

no.
APEX

Mission ID
Date

Solar Zenith

angle [°]

Solar Azimuth

angle [°]

57 M0208.1 30/06/2018 25.9 204.2

58 M0208.2 30/06/2018 26.3 207.2

59 M0208.3 30/06/2018 27.0 211.0

60 M0218.2 09/07/2018 25.7 194.2

61 M0218.3 09/07/2018 26.0 197.3

62 M0227.1 26/07/2018 29 162.7

63 M0227.2 26/07/2018 28.7 165.6

64 M0227.3 26/07/2018 28.4 169.0

65 M0255.1 07/06/2019 34.9 235.9

66 M0255.2 07/06/2019 35.9 238.1

67 M0255.3 07/06/2019 37 240.2

68 M0263.1 19/06/2019 24.3 190.3

69 M0263.2 19/06/2019 24.5 193.6

70 M0263.3 19/06/2019 24.8 197.3

71 M0266.1 25/06/2019 24.1 180.6

72 M0266.2 25/06/2019 24.1 184.5

73 M0266.3 25/06/2019 24.2 187.9

74 M0273.1 04/07/2019 24.8 170.8

75 M0273.2 04/07/2019 24.7 173.5

76 M0278.1 10/07/2019 28.8 214.8

77 M0278.2 10/07/2019 29.4 217.4

78 M0278.3 10/07/2019 29.9 219.5

79 M0287.1 25/07/2019 46.5 249.6

80 M0287.2 25/07/2019 47.6 251.2

81 M0287.3 25/07/2019 48.5 252.4

82 M0292.1 30/07/2019 34.7 138.8

83 M0292.2 30/07/2019 34 141.1

84 M0292.3 30/07/2019 33.5 143.0

85 M0292.4 30/07/2019 32.9 145.3

Continues on next page
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Table S.3.1: (Continued) List of investigated spectral images acquired by Airborne Prism Exper-
iment (APEX) Airborne Imaging Spectrometer (AIS) above Laegern forest, Switzerland between
2009�2019.

no.
APEX

Mission ID
Date

Solar Zenith

angle [°]

Solar Azimuth

angle [°]

86 M0292.5 30/07/2019 32.2 147.8

87 M0292.6 30/07/2019 31.9 149.8

Table S.3.2: The statistics on lengths of �ve highly variable microsatellite loci (FS1-03, FS1-15,
FS3-04, FS4-46, FCM5; Pastorelli et al., 2003) of sampledF. sylvatica individuals derived from
capillary electrophoresis with GeneMapper software (Applied Biosystems).

Length statistic FS1-03 FS1-15 FS3-04 FS4-46 FCM5
Standard Deviation 4.63 8.07 1.73 22.74 12.51
Mean 91.55 111.99 200.95 251.75 299.87
Variance 21.39 65.09 2.99 517.23 156.45
Maximum 108 137 206 328 322
Minimum 83 93 194 221 280

S.Propagation of uncertainties

In the main text, we explained that uncertainties in radiance measurements were prop-

agated to assess the uncertainty in the key results obtained in our study: the spectral-

genetic similarities and their correlations with environmental variables. In this Supple-

mentary section, we explain this procedure in detail. To quantify uncertainty in a variable

of interest f , its approximate variance u2(f ) was obtained by applying the general rule

of uncertainty propagation (e.g. Ku 1966):

u(f ) =

vu
u
t

NX

n=1

�
�f
�x n

� 2

� u2
xn

(S.3.1)

with �f= (�x n ) quantifying the sensitivity of variable f to changes in a driver variable

xn , which has its own uncertainty, u(xn ). In the following, we will derive the speci�c

expressions needed to propagate uncertainty for the pairwise Euclidean distancedij in

detail and present the sequential expressions used to derive further key variables used in

our study.

Pairwise Euclidean distance,dij

The pairwise Euclidean distance mentioned in the main text was calculated as:
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dij =
q

(x i � x j )2 (S.3.2)

Where dij is the Euclidean distance that quanti�es the di�erence in x i and x j , which

represent the re�ectance within a certain spectral band for treesi and j , for example.

These re�ectance values are associated with uncertaintiesux i and ux j , respectively. Hence,

the uncertainty in the di�erence between x i and x j can be calculated using (S.3.1) with

f dif f = x i � x j , yielding:

u(x i � x j ) =
q

u2
x i

+ u2
x j

(S.3.3)

As the Euclidean distance calculation uses the squared di�erence between two vari-

ables, the uncertainty propagation can be estimated using (S.3.1), with the function

f square = x2
dif f , and xdif f = x i � x j . Including substitution of the right-hand side of

(S.3.3), this then yields:

u(x i � x j )2 =
q

4x2
dif f � u2

xdif f

=

r

4 (x i � x j )2 �
�

u(x i � x j )

� 2
=

r

4 (x i � x j )2 �
�

u2
x i

+ u2
x j

� (S.3.4)

Finally, the Euclidean distance takes the square root of the above distance. The

propagation of uncertainty in this step is then again estimated using (S.3.1), this time

using f root =
p

xsquare , with xsquare = ( x i � x j )2. Including substitution of the right-hand

side of (S.3.4), this then yields:

up (x i � x j )2 =

s �
1

2p xsquare

� 2

� u2
xsquare

=

s
1

4 (x i � x j )2 � 4 (x i � x j )2 �
�

u2
x i

+ u2
x j

�
=

q
u2

x i
+ u2

x j

(S.3.5)

Following the same approach, we calculated Euclidean distances between trees based

on relative di�erences between spectral bands, genetic identities and spatial distribution.

We calculated subsequent products and their inherent uncertainties following the same

rule (S.3.1) as represented below:

z-score of pairwise Euclidean distance, �dij
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In this study, z-scores of Euclidean distances between treesi and j , dij , were calculated

and subsequently used in computations of partial Mantel correlations (see below). These

z-scores,�dij were calculated as:

�dij =
dij � �d

r
P n

i =1
P n

j = i +1 (dij � �d)2

N � 1

(S.3.6)

Where N is the number of pairs considered, i.e.N = n � (n � 1)=2. For which the

uncertainty in �dij can be propagated as:

u(
P n

i =1
P n

j = i +1 dij ) =

vu
u
t

nX

i =1

nX

j = i +1

u2
dij

(S.3.7)

And:

u �d =

s �
1
N

� 2

� u2
(
P n

i =1
P n

j = i +1 dij ) (S.3.8)

The uncertainty in the numerator of (S.3.6) can then be calculated as:

udij � �d =
q

u2
dij

+ u2
�d

(S.3.9)

While the uncertainty in the denominator of (S.3.6) can be calculated through the

following steps:

u(dij � �d)2 =

r
�
2

�
dij � �d

�� 2 � u2
dij � �d

(S.3.10)

uP n
i =1

P n
j = i +1 (dij � �d)2 =

vu
u
t

nX

i =1

nX

j = i +1

u2
(dij � �d)2 (S.3.11)

u P n
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N � 1

=

s �
1

N � 1

� 2

� u2P n
i =1

P n
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Finally, the uncertainty in the ratio between numerator and denominator could be

calculated as:

u �d =
vu
u
u
u
u
u
u
u
u
u
u
u
u
u
t

0

B
B
@

1
r

P n
i =1

P n
j = i +1 (dij � �d)2

N � 1

1

C
C
A

2

� u2
(dij � �d)2 +

0

B
B
B
B
B
@

�
dij � �d

 r
P n

i =1
P n

j = i +1 (dij � �d)2

N � 1

! 2

1

C
C
C
C
C
A

2

� u2s
P n

i =1
P n

j = i +1 (dij � �d)2

N � 1

(S.3.14)

Correlation coe�cient, rAB

Using the z-scores of pairwise Euclidean distances,�dij , we calculated correlations

between spectral, genetic and spatial distances prior to computing partial Mantel corre-

lations and to estimate the variation in spectral-genetic similarities explained by environ-

mental variables. The correlation coe�cients, rAB were calculated as:

rAB =

P n
i =1

P n
j = i +1

�
dA ij � �dA

� �
dB ij � �dB

�

q P n
i =1

P n
j = i +1

�
dA ij � �dA

� 2 �
q P n

i =1
P n

j = i +1

�
dB ij � �dB

� 2
(S.3.15)

when performing partial Mantel correlations using Euclidean distances between trees

i and j regarding variables A and B, which could contain either spectral, genetic or spatial

information. The uncertainty in the numerator of (S.3.15) can then be calculated through

following steps:

uP n
i =1

P n
j = i +1 � A ij

=

vu
u
t

nX

i =1

nX

j = i +1

u2
A ij

(S.3.16)

u �dA
=

s �
1
n

� 2

� u2P n
i =1

P n
j = i +1 uA ij

(S.3.17)

udA ij � �dA
=

q
� 2

dA ij
+ � 2

�dA
(S.3.18)
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u(dAi � �dA )(dBi � �dB ) =
r �

dA ij � �dA
� 2 � � 2

dB ij � �dB
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� 2 � � 2
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While the uncertainty in the denominator of (S.3.15) can be calculated through the

following steps:

u�
dA ij � �dA

� 2 =
r �

2
�
dA ij � �dA

�� 2 � u2
dA ij � �dA

(S.3.21)
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Finally, the uncertainty in the ratio between numerator and denominator could be

calculated as:
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As noted in the main text, we also estimated the variation in spectral-genetic simi-

larities explained by environmental variables. In these cases, the correlation coe�cients,

rAB were calculated as:

rAB =

P N
k=1

�
dA k � �dA

� �
dB k � �dB

�

q P N
k=1

�
dA k � �dA

� 2 �
q P N

k=1

�
dB k � �dB

� 2
(S.3.26)

Where N is the number of time points, Ak is the spectral-genetic similarity at time-

point k, as derived for a speci�c spectral band or a relative di�erence between two spectral

bands. Finally, Bk stands for the value of an environmental variable at timepointk. Note

that the calculation of uncertainty propagating through (S.3.26) is analogous to the pro-

cedure described by (S.3.16)-(S.3.25).

Partial Mantel correlations, rp

We calculated Partial Mantel correlations, rp for standardized Euclidean distances be-

tween trees based on genetic and spectral information with extraction of correlation of

residuals from the linear regression of spectral-spatial correlation and genetic-spatial cor-

relations to derive spectral-genetic similarities as:

rp =
rGS � rGE � rESp

1 � rGE 2 �
p

1 � rES 2
(S.3.27)

Where G corresponds to genetic information,S to spectral information, and E to

environmental (spatial) information. In our study, the u2
r GE

was equal to zero, thus the

uncertainty of partial Mantel correlations, rp was calculated as:
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Relative di�erences, D r

In this study Relative di�erences, D r , were calculated between each spectral band for

each tree individual and each time point to derive spectral-genetic similarities alongside

with spectral-genetic similarities speci�c for each spectral band. The relative di�erences

were calculated as:

D r =
jx i � x j j
x i + x j

(S.3.29)

Where x is a value of re�ectance spectra andi , j are certain spectral bands. The

uncertainties for the nominator and the denominator of (S.3.29) were the same and were

calculated as:

u(jx i � x j j) = u(x i + x j ) =
q

u2
x i

+ u2
x j

(S.3.30)

What yield in a total uncertainty of Relative di�erences, D r to be:
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jx i � x j j (S.3.31)

Mean of partial Mantel correlation, �rp

We calculated the means of derived partial Mantel correlations,�rp, either derived for

single spectral bands or relative di�erences between spectral bands over time as:

�rp =
NX

k=1

rpk =N (S.3.32)

Where k is a time point. Uncertainties propagating through (S.3.32) can be calculated

as:

u�r p =

s �
1
N

� 2

� u2P N
k =1 u �r p k

(S.3.33)
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Standard deviation of partial Mantel correlation, � rp

In addition to the mean over time of derived spectral-genetic similarities, we also

calculated their standard deviations as:

� rp =

s P N
k=1 (rpk � �rp)2

N � 1
(S.3.34)

Where k is a time point (N = 27). Uncertainties propagating through (S.3.34) can

be calculated as:

u� r p =

vu
u
u
u
u
t

0

B
B
@

1

2

r
P N

k =1 (r pk � �r p)2

N � 1

1

C
C
A

2

� u2
P N

k =1 ( r pk � �r p)2

N � 1

(S.3.35)

S. Selection of moderate time scale

We correlated time speci�c spectral-genetic similarities with time speci�c climatic vari-

ables representing aggregated temperature and vapor pressure de�cit for multiple time

spans prior to acquisition (Fig. S.3.1a). We selected time spans from one day prior to ac-

quisition up to 43 days prior to acquisition, where 43 days are the minimal time between

an acquisition and speci�c for it day of last spring frost DLSF [DOY]. Subsequently, we

summed the absolute correlations across all analyzed wavelengths per each time span for

aggregated temperature and aggregated vapor pressure de�cit and we took a mean of the

correlation of two climatic variables (Fig. S.3.1b). That resulted in highest correlations of

spectral-genetic similarities with aggregated temperature and aggregated vapor pressure

de�cit from 11 days prior to acquisitions.
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Figure S.3.1: Correlations between spectral-genetic similarities derived for single spectral bands
and Temperature [°C] (TMP) and Vapor Pressure De�cit [%] (VPD) aggregated for one to 43 days
prior to re�ectance spectra acquisition (a). Additionally, averaged across all analyzed spectrum
absolute correlation per aggregated temperature, aggregated vapor pressure and mean of both
climatic variables per each time span is shown (b).
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Figure S.3.2: Spectral-genetic similarities (values of partial Mantel r) for the population of F.
sylvatica derived from normalized di�erences between spectral bands for mean (left panel) and
standard deviation (right panel) from all time points. The shown values range from 0 to 0.07
(dark green). The relative uncertainties of spectral-genetic similarities for mean and standard
deviation from all time points are represented on the lower left of panels. The shape of the mean
canopy re�ectance spectrum of all trees is shown at the top and left of the panels.
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