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Chapter 1 General introduction

1.1 Motivation

Biodiversity describes “the diversity of genes, populations, species, communities, and ecosystems”
(Hassan et al., 2005). As proposed by Franklin (1988) and Noss (1990), structural, compositional
(or taxonomical), and functional diversity are the three main aspects of biodiversity. These aspects
comprise different levels of biological organization: regional landscape, community—ecosystem,
population—species, and genetics (Noss, 1990). Structural diversity is related to structural patterns
such as habitat complexity within a community or number of patches at the landscape scale.
Taxonomic diversity describes the variety of species by using, for example, the simple number
of species, indices of species or genetic diversity. Functional diversity faces ecological processes
(e.g., competition, herbivory, and photosynthesis), ecosystem processes (e.g., primary production,
decomposition, and evapotranspiration) and ecosystem functions (e.g., nutrient regulation, and
water supply; Lovett et al., 2005; Martinez, 1996; Pettorelli et al., 2017). The classification of Noss
(1990) has been extended over time; e.g., with an additional category for phylodiversity which
relates to taxonomic diversity and functional diversity (see e.g., Lausch et al., 2018).

Biodiversity, thus, encompasses not only the often investigated species diversity but also
ecological and ecosystem processes and functions at different levels of complexity. There is also
growing evidence that the functioning of ecosystems provides services of high value for human
well-being (Cardinale et al., 2012), e.g., raw material production, carbon sequestration, recreational
experience, and food production (Costanza et al., 1997; Petter et al., 2013).

The ongoing human-induced land-use modifications, however, affect biodiversity and are a risk
to the provision of ecosystem services (Hanski, 2011). Biodiversity loss has been identified as
a core planetary boundary that has already exceeded its threshold triggering nonlinear, abrupt
environmental change (Rockstrom et al., 2009; Steffen et al., 2015). To diminish biodiversity loss,
the Convention on Biological Diversity (CBD) has set up 20 targets divided into five strategic
goals to be achieved by 2020 (CBD, 2014). These targets provide a framework to take effective and
urgent action to preserve biodiversity at global, regional, and national scales (Han et al., 2014). To
track the progress of these goals, robust monitoring systems are necessary (CBD, 2014). Two of
the Aichi targets emphasize the importance of protecting and safeguarding ecosystems that are of
particular relevance for biodiversity and ecosystem services (target 11 and 14; CBD, 2014).

Tropical mountain forests, particularly Andean rainforests, are among the most diverse, but at
the same time most threatened biodiversity hotspots in the world (Tapia-Armijos et al., 2015). Their
outstanding biodiversity mediates diverse ecosystem functions and provides essential ecosystem
services to humans from the regional scale (e.g., water supply) to the global scale (e.g., carbon
sequestratio; Curatola Fernandez et al., 2015; Hooper et al., 2005). Therefore, monitoring biodi-
versity in these ecosystems is necessary. But due to the inaccessibility of most montane regions
and exacerbated by the high species abundance and richness of tropical rainforests, an acceptable

field-sampling of taxonomic, structural and functional diversity would demand far more resources
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than available. Spatially explicit information about such diverse areas are therefore needed to
provide effective indicator systems for an area-wide monitoring of biodiversity.

Remote sensing and geoinformation sciences offer great opportunities to derive comprehensive
environmental indicators for characterizing ecosystems in areas where an effective field-sampling
is hardly possible due to their inaccessibility and size (Petrou et al., 2015). Such indicators can
be used to model biodiversity spatially and temporally (Pettorelli et al., 2014). Basically there
are two types of remote sensing sensors: active and passive sensors. Whereas active sensors
send their own signal to Earth and receive the backscattered reflection, passive sensors depend
on the reflection of sunlight from the Earth’s surface (Prasad et al., 2015). Both sensor types
are available in different spatial and temporal resolutions and differ in terms of their availability
from ground, airborne and spaceborne platforms. The current strengths and limitations of remote
sensing therefore primarily concern the sensor properties.

Although remote sensing has improved very quickly and new sensors offer new possibilities,
there are still weaknesses in the reproduction of environmental properties. These are primarily
related to sensor limitations in terms of their availability, their costs or their technical challenges
(Anderson et al., 2016; Nagendra et al., 2013; Popescu et al., 2011; Wolter et al., 2009). To date, only
satelliteborne multispectral sensors at low cost with a moderate to high repetition rate and ground
coverage provide information to derive spatial indicators suitable for an operational biodiversity
monitoring system (Pettorelli et al., 2016). These sensors are often used to model biological entities
and attributes at continental to global scales. Since these models often neglect within-habitat
heterogeneity, the high biodiversity in hotspot areas such as the tropical montane rainforests
is often underestimated (Foody, 2003). To enhance multispectral models of tropical montane
biodiversity, the development of comprehensive indicators at the landscape scale is therefore

necessary.

1.1.1 Remote sensing applications to biodiversity

Most remote sensing studies are based on empirical relationships between remotely sensed
environmental predictors and biodiversity variables derived from biological in situ observations.
These in situ observations might be related to biological entities or attributes of interest in
biodiversity monitoring and are used to train and validate biodiversity models (also known as
ground truthing; Ferrier et al., 2017).

Since biodiversity is a multidimensional concept, remote sensing-driven studies need to face the
multiple aspects of biodiversity and levels of biological organization in space and time. However,
in megadiverse ecosystems, the high taxonomic, functional and structural diversity cannot be
assessed continuously, and spatially explicit at the species-level. Therefore, at the landscape
scale, remote sensing-driven studies often use community-level approaches without providing

explicit information on the individual species comprising this diversity (Ferrier et al., 2017). To
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prioritize among different biodiversity measures, essential biodiversity variables (EBV) have been
proposed (Pereira et al., 2013). Skidmore et al. (2015) suggested ten important EBV that can
be tracked from space considering species populations, species traits, ecosystem structure and
ecosystem functions. These EBV are, to date, unequally investigated in remote sensing studies.
Certain measures of taxonomic and functional diversity such as species richness, habitat structure,
and primary production, have often been investigated using remote sensing data (Warren et al.,
2014; Zhao and Running, 2008). Less long studied by remote sensing but recently investigated
biodiversity variables are phylogenetic diversity, species turnover as well as functional leaf traits
(He et al., 2015; McManus et al., 2016; Pettorelli et al., 2017). The success of remote sensing data
in estimating different biodiversity variables can vary considerably, depending on the biological
entities and attributes studied. This is particularly important for the development of remotely
sensed indicator systems of biodiversity. A deeper understanding of these different predictabilities
of biological diversity is, thus, urgently needed, especially in biota, where biodiversity inventories
are difficult to obtain.

The oppertunities to model biodiversity using remotely sensed environmental proxies are mani-
fold. Recent advantages in sensor improvements have foster the use of airborne and spaceborne
platforms equipped with Light detection and ranging (Lidar) and hyperspectral sensors. Lidar data,
based on active sensors, has often been used to model the vertical structure of plants for habitat
characterization (Vierling et al., 2008; Wulder et al., 2008; Zimble et al., 2003). Lidar sensors are
independent of cloud cover and can therefore be used in regions such as tropical cloud forests. In
addition, hyperspectral sensors from airborne platforms are promising for modeling biodiversity
variables such as plant species diversity (Peng et al., 2018). The use of these sensors is, however,
limited due to their costs, their availability and their technical challenges (Anderson et al., 2016;
Nagendra et al., 2013; Popescu et al., 2011; Wolter et al., 2009). For this reason, to date, the real
strengths of remote sensing for monitoring biodiversity rely on spaceborne multispectral sensors.
Satellite data offer a reasonable lifetime and repetition rate for monitoring biodiversity. There are a
number of commercial satellite sensors with suitable combinations of spectral, spatial and temporal
resolution (e.g., IKONOS, Quickbird). A large part of remote sensing studies is, however, based on
freely available data, for example, provided by the Earth Observing System (EOS) missions (e.g.,
Landsat and Moderate Resolution Imaging Spectroradiometer, MODIS, images; Popkin, 2018).
Developing countries with limited access to expensive remote sensing data particularly benefit
from such open data archives. But the corresponding sensors come along with limitations in
terms of either their spectral or spatial resolutions. In tropical montane ecosystems, furthermore,
immense cloud cover makes it difficult to collect cloudless satellite scenes. To circumvent the
problem of cloud cover, airborne orthophotos with a high spatial but low spectral resolution

(either visible or multispectral wavelength bands) are often used. Consequently, yet, the ability to
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model and map certain aspects of biodiversity at the landscape scale using multispectral data is
limited (Homolova et al., 2013; Martinez et al., 2016; Ollinger, 2011).

1.1.2 Drivers of biodiversity and their remotely sensed proxies

The choice of remotely sensed predictors in biodiversity modeling is usually based on known theory,
relationships, processes and rules. MacArthur (1984), for example, proposed that biodiversity is a
function of climatic stability, vegetation productivity, and habitat structure. Many studies have
investigated the link between these environmental properties and different aspects of biodiversity
(e.g., Gaston, 2000; Rosenzweig, 1995). Additional hypotheses have been used to explain patterns
of biodiversity gradients in particular (e.g., the species-energy hypothesis, the metabolic niche
hypothesis, physiological tolerance hypothesis; Currie et al., 2004; Clarke, 2006; Currie, 1991).
However, most of these hypotheses again relate to environmental filters such as temperature,
vegetation productivity or habitat structure. In recent decades, remotely sensed proxies of these
environmental drivers have been used to examine their effects on taxonomic, functional and
structural diversity (Turner et al., 2003; Wu and Liang, 2018).

Particularly along elevational gradients, elevation has been used as a simple proxy for changes
in species diversity based on the elevational lapse of air temperature change (Kiibler et al., 2016;
Malsch et al., 2008; Nakamura et al., 2015). As elevation can be derived from free global digital
elevation model (DEM) data sources, its use as a remotely sensed proxy for the spatial variation of
temperature is widely accepted. Peters et al. (2016) revealed that temperature is the main driver
of elevational species diversity at the multi-taxa community level along an elevation gradient on
Mt. Kilimanjaro. For single taxa, however, they found varying environmental drivers. The results
are strongly taxon-dependent, since the temperature dependence varies greatly among taxonomic
groups (e.g., Fiedler et al., 2008; Tiede et al., 2016). However, the abiotic conditions in forests
also change with elevation (McCain and Grytnes, 2010). Elevation and its derivatives, slope and
topographic position, therefore, surrogate spatial variation in nutrient supply, wind exposure, and
soil hydrology in addition to temperature (Wilcke et al., 2008; Bendix et al., 2008; Wagemann et al.,
2015).

Vegetation productivity provides resources such as the availability of food, which lead to a
higher abundance of individual species (Evans et al., 2005; Wright, 1983). In turn, according to
the 'more individuals hypothesis’ a higher number of individuals is related to a higher number of
species that can have viable populations (Gaston, 2000). Proxies of habitat productivity are most
often derived from spectral indices such as the Normalized-Difference Vegetation Index (NDVI)
or the Enhanced Vegetation Index (EVI) of multispectral remote sensing sensors (Glenn et al.,
2008). These vegetation indices are based on the spectral reflection of leaf pigments. Generally
healthy vegetation absorbs light in the visible spectrum and reflects in the near infrared spectrum

(Bannari et al., 1995). In tropical mountain rainforests, however, elevation might affect vegetation
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and its spectral respond at the sensor. Therefore common vegetation indices might not explain
complementary information to elevation in modeling biodiversity.

A higher habitat structure, generally, provides more potential niches and different resources
allowing a higher number of species to coexist (Rosenzweig, 1995). It should be noted that there
are no clear boundaries between structural diversity (as biodiversity variable) and habitat structure
(as remotely sensed predictor). Although, in theory biodiversity is also defined by structural
diversity as proposed by Franklin (1988) and Noss (1990), structural diversity of plants, particularly
forests, can be used to model taxonomic and functional diversity (see also Figure 1.1a, b; Zellweger
et al., 2013). Remote sensing provides suitable information to derive cost-effective spatial proxies
for habitat structure and heterogeneity (Beguet et al., 2012; Chambers et al., 2007; Rocchini et al.,
2010; Wood et al., 2012; Zimble et al., 2003). Topographical metrics can be used as simple proxies
of habitat structure derived from digital elevation models (Turner et al., 2003). To account for the
three-dimensional structure of vegetation, active remote sensing sensors such as synthetic aperture
radar (SAR) and Lidar have been used also (Gonzalez-Jaramillo et al., 2018). Lidar metrics provide
more complex remote sensing products that surrogate vertical vegetation structure (Vierling
et al., 2008). Lidar metrics have been used, for example, to model the relationship between
canopy structure and (structural) plant traits such as the leaf area index (LAI), tree density and
canopy height (Martinez et al., 2016; Zhao and Popescu, 2009; Ferraz et al., 2016). However, in
tropical regions, Lidar surveys are known to be associated with serious problems due to the dense
canopy structure, which leads to low model performance (Miiller et al., 2010). A recent study
also suggested to use hyperspectral data for modeling plant species diversity due to its high
spectral variation (Peng et al., 2018). A technique to derive the horizontal habitat structure derived
from multispectral remote sensing is provided by the image textural approach. Image textures
derived from optical images characterize the spatial variation of spectral values within a defined
environment (fixed or moving window; Haralick, 1979; Wood et al., 2012). Within this defined
window, the central pixel is recalculated based on statistics applied on all pixels in that window
(see also Figure 1.1b). Texture, therefore, is a measure for the spatial arrangement of the spectral
values and its metrics have been successfully used as proxies of habitat structure (Wood et al.,
2012a) and to characterize biomass (Lu, 2005) and species diversity (St-Louis et al., 2009; Wood
et al., 2013).

1.1.3 Potential and challenges in modeling tropical montane forest biodiversity using

multispectral data

Monitoring tropical montane biodiversity needs effective spatially explicit indicators of biodiversity.
Owing to the high costs of airborne Lidar and hyperspectral surveys, access to their data is severely
restricted and often unaffordable for nonprofit organizations. Consequently, the environmental

proxies derived from multispectral remote sensing data need to be improved.
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Figure 1.1: Pathways to spatially model and map tropical montane biodiversity variables at the community-level
using multispectral remote sensing data. a) Sampling of in situ data of interest for biodiversity monitoring; these
could be related to different aspects of biodiversity, e.g., taxonomic, functional and structural diversity (Noss, 1990;
Franklin, 1988). b) To surrogate environmental drivers of biodiversity (such as temperature, vegetation productivity,
and habitat strucure) three remote sensing predictor sets are proposed: topographical, spectral and textural metrics.
Textural metrics take the spatial variation of spectral metrics into account. Within the image textural approach
the centered pixel (red) is recalculated based on texture statistics within a defined neighborhood (here a 3 pixel
x 3 pixel window). Black arrows define the movement of the moving window (here in two directions); textures
will be calculated for each shift. c) Statistical methods are necessary to calibrate and validate remote sensing
predictors using, for example regression models, considering the constraints of in situ data (e.g., a low number of
observations). d) The spatial predictors can subsequently being used to predict the derived model(s) across space.
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The pathways to model and map biodiversity variables with multispectral data are illustrated in
Figure 1.1. A remote sensing indicator system for tropical montane rainforests needs to address
multiple biodiversity variables considering taxonomic, functional and structural diversity at the
various spatial and biological scales, but in particular at the community-level (Figure 1.1a). Related
to the classification of MacArthur (1984), remotely sensed environmental proxies need to address
environmental drivers of biodiversity such as temperature, vegetation productivity, and habitat
structure (Figure 1.1b). To enhance predictions of biodiversity using multispectral data, remote
sensing predictors need to be improved. Such an improvement might be achieved by the further
development of spectral metrics such as vegetation indices and textural metrics as proxies for the
habitat structure. However, their benefit among different variables of tropical montane biodiversity
is not well explored yet. In addition, remote sensing-driven models need to address the constraints
of in situ observations. As the sampling of in situ data is labor-intensive, the number of samples is
often low. Linking remote sensing data with in situ observations, thus, involves a low number of
sampling points and has to address this challenge using appropriate statistical models (Figure 1.1c).
Partial least squares regression, for example, is able to treat a higher number of predictor variables
than observations (number of samples) and strong colinearity among predictors (Carrascal et al.,
2009). The development of remotely sensed environmental proxies and statistical methods would
subsequently improve maps of biodiversity (Figure 1.1d).

Thus, modeling biodiversity in diverse and topographically complex rainforests is advantageous
but simultaneously challenging. From the limitations, in summary, the following challenges result,

which are relevant for this thesis:

« derivation of enhanced proxies of vegetation productivity and habitat structure;

« to overcome a low number of sampling points by the application of appropriate statistical

methods;

« applicability of remotely sensed environmental proxies (e.g. surrogating temperature, vege-

tation productivity and habitat structure) among different aspects of biodiversity.



1.2 Conceptual design

10

1.2 Conceptual design

1.2.1 Aims, objectives and hypotheses

It is increasingly urgent to improve operational remote sensing proxies for modeling tropical
montane biodiversity. This is of particular concern for the development of a spatially explicit
monitoring system of biodiversity. In this thesis, I investigated multispectral remote sensing data
and biodiversity data in a diverse but also topographically complex tropical rainforest in southern

Ecuador.

In line with the challenges proposed in the previous chapter, the main aims of my thesis were

therefore to provide:
« improved models of biodiversity based on multispectral remote sensing data;
« a better understanding of the spatial variation of tropical montane biodiversity;
« and a better understanding of the remotely sensed environmental drivers of different

biodiversity variables.

The following hypotheses have been put forward:

H1 Models of biodiversity benefit from the inclusion of
(a) textural metrics as proxies for changes in abiotic conditions along habitat structure

(b) spectral metrics as proxies for changes in abiotic conditions along vegetation

productivity.

H2 The predictive performances of spectral and textural metrics differ across biodiversity
variables considering taxonomic and functional diversity, various diversity indices and

taxonomic groups.

My objectives were to (i) compare the performance of spectral and textural metrics in modeling
taxonomic and functional diversity, different diversity indices and taxa, (ii) assess the benefit
of spectral and textural metrics as complementary predictors to topographical metrics, and (iii)
compare airborne and spaceborne multispectral sensors in modeling biodiversity. As a benchmark
for comparison, I used topographical metrics as surrogates for changes in abiotic conditions along

the elevational gradient and as simple metrics of habitat structure.

1.2.2 Structure of this thesis

To access my aims and objectives, I followed the workflow illustrated in Figure 1.2. In Chapter
2-4, I modeled biodiversity variables using topographical, spectral and textural metrics. The first

two studies focused on taxonomic diversity considering different indices of species diversity. The
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Figure 1.2: Conceptual framework of this thesis. Three studies (Chapter 2-4) are conducted to analyze the potential
of spectral and textural metrics in modeling biodiversity variables considering taxonomic and functional diversity,
different diversity indices and taxa. Structural diversity is addressed indirectly in all studies since topographical
and textural metrics account for habitat structure. In each study the performance of topographical, spectral, and
textural metrics in modeling biodiversity has been analyzed. As a final result the potential of multispectral remote
sensing data will be assessed. In this thesis, spectral and textural metrics refer to multispectral data.

third study concentrated on functional diversity considering ecosystem processes and functions.
According to the nature of topographical and textural metrics, all three studies considered struc-
tural diversity of plant species, even though this was not directly modeled. The three studies of
Chapter 2-4 have been either published in or submitted to peer-reviewed international scientific

journals. They are structured as follows:

1. In Chapter 2, I focused on the potential of image textural metrics derived from very high
resolution satellite data to model biodiversity (H1a). I exemplarily used bird species records
to calculate indices of avian diversity since bird species are known to be highly sensitive

to habitat structure (Cody, 1981). I compared the performance of textural metrics to model

11
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the diversity of avian species with commonly used structural Lidar metrics. Since model
performance may differ between the different indices of species diversity, I compared the
Shannon diversity, the phylo-a-diversity and a community composition representing means
of species turnover (H2). Although taxonomic diversity was targeted in this chapter, one
of the species diversity indices, phylo-a-diversity, is also known as a proxy for functional

diversity (Flynn et al., 2011; Lyashevska and Farnsworth, 2012).

2. In Chapter 3, I focused on the performance of spectral and textural metrics to model bio-
diversity of multiple taxonomic groups (H2). The approach of Chapter 2 was therefore
generalized investigating models of species richness and species turnover of six taxonomic
groups. These were trees, pyraloid moths, geometrid moths, arctiinae moths, ants and birds. I
modeled their species richness and turnover (decomposed into two dimensions) as functions
of topographical and textural metrics derived from airborne very high spatial resolution
orthophotos. As a benchmark, I also calculated models that only used topographical metrics
and models that used a combination of topographical and spectral metrics. In addition to
the NDVI, a normalized vegetation index based on the red and the blue wavelength bands

was used as spectral metric (H1b; Appendix B Table B6).

3. In Chapter 4, I investigated the potential of spectral and textural metrics in modeling
functional diversity. I used forest biomass, productivity and morphological and biochemical
canopy traits (measured as community-weighted means of functional leaf traits) to account
for functional diversity. These ecosystem processes and functions were modeled using
spectral and textural metrics derived from Landsat 8, an operational satellite equipped with
a medium resolution multispectral sensor (H1; Vermote et al., 2016). My objective was to
assess the benefit of multispectral data in comparison to topographical metrics. To do so, I
tested whether topographical, spectral and textural metrics are able to explain functional

diversity along the elevation gradient and within single elevation sites.

1.2.3 Study area and data acquisition

The three studies were conducted in Southern Ecuador, with a focus on the Andean cordillera
between the cities of Loja und Zamora, an area of approximately 600 km?. For logistic reasons,
the field-work, that forms the basis of this thesis, was concentrated on the three study sites of
Bombuscaro, San Francisco and Cajanuma (Figure 1.3a, black rectangles). These three study sites
followed an elevational gradient from approx. 1000 m a.s.l. in Bombuscaro to 2000 m a.s.l. in San
Francisco to 3000 m a.s.l. in Cajanuma. All three study sites partly overlap with the Podocarpus
Nationalpark. The Reserva Bio6logica de San Francisco in the vicinity of the research station

(Estacion Cientifica San Francisco) is located in the northern part of the study area (Estacion
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Figure 1.3: a) Location of the study area in Ecuador (left) and a detailed view of the study area with a particular
focus on the three black rectangles covering the study sites of Cajanuma, San Francisco and Bombuscaro (right).
The elevation data is derived from the Aster elevation model (see Table 1.2). b) Field plots of all sampled biological
entities and attributes (see Table 1.1) and forest loss between 2001 and 2016 (Figure 1.3b; I reclassified forest loss
using the classification of Hansen et al., 2013). All three study sites have undergone forest loss events, but the
sampling plots were not directly affected and the forest losses in the vicinity have been low. Non-Forest areas were
masked out based on the land cover classification of Gottlicher et al. (2009).

Cientifica de San Francisco, ECSF, DFG field station: 3°58’18” S and 79°4’45” W, altitude: 1860 m
a.s.l; Bendix et al., 2006).

In situ data (or ground truth data), sampled by me and former research groups, was not constantly
available for all three study sites (Table 1.1). For this reason, different remote sensing sources were
necessary to address the scales and requirements of the sampled biological entities and attributes
(Table 1.2). While Lidar and multispectral Quickbird images were available for San Francisco only,
orthorectified aerial images derived from SIGTIERRAS with a resolution of 0.3 m and four spectral

bands (red, green, blue and near infra-red) were available for all three study sites. The latest data

13
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Table 1.1: Sampled biological in situ data within the study area. Further information can be found in Chapter 2-4.

Biological data Number of samples Recording date  Study site
Bird species 30 2000-2002 San Francisco
Bombuscaro
Tree species 50 2007-2008 San Francisco
Cajanuma
Moth species 20 1999-2000 Bombuscaro
San Francisco
Bombuscaro
Ant species 27 2014 San Francisco
Cajanuma
Bombuscaro
C/N ratio in plant tissues 27 2014 San Francisco
Cajanuma
Bombuscaro
Functional leaf traits 54 2014 San Francisco
Cajanuma
Annual wood production, an- Bombuscaro
. .’ 54 2008, 2009 San Francisco
nual fine litter production .
Cajanuma

originated from a cloudless Landsat 8 scene from 2016, which also covered all three study sites.
Although there was a time delay between the recording date of in situ data and the recording
date of the remote sensing data, I found that none of the sampling plots was directly affected by
land-cover changes between 2001 and 2016 (Figure 1.3b).

I conclude that the forests in this study area as well as the data available are well suited to
study the predictive performance of remotely sensed environmental predictors and to assess the
potential of multispectral and textural metrics in modeling various biodiversity variables along a

topographically complex and diverse ecosystem.
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Table 1.2: Remote sensing data used in this thesis.

Spatial Recording

Remote sensing data Sensor type Platform ) Study site
resolution  date
Airborne laser scanning 01/03/12
Acti Airb 1 San Franci
(Leica ALS-50-II laser scanner) chve Hbore o 1/11/12 an rranctsco
Passi
Quickbird ASSIVE, Spaceborne 2.6 10/22/10 San Francisco
multispectral
. 7/29/11 Bombuscaro
.. Passive, . .
Sigtierras multispectral Airborne 0.3m 11/25/10 San Francisco
p 10/29/10  Cajanuma
7/29/11 Bombuscaro
Sigtierras DEM Active Airborne 6 m 11/25/10 San Francisco
10/29/10 Cajanuma
) Bombuscaro
Passive, :
Landsat-8 OLI . Spaceborne 30 m 11/20/16 San Francisco
multispectral .
Cajanuma
Passive, optical, Bombuscaro
Aster Elevation model stereo-pair Spaceborne 30 m 10/17/11 San Francisco
imgaes Cajanuma
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Abstract

Ecosystems worldwide are threatened by the increasing impact of land use and climate change.
To protect their diversity and functionality, spatially explicit monitoring systems are needed.
In remote areas, monitoring is difficult and recurrent field surveys are costly. By using Lidar
or the more cost-effective and repetitive optical satellite data, remote sensing could provide
proxies for habitat structure supporting measures for the conservation of biodiversity. Here we
compared the explanatory power of both, airborne Lidar and optical satellite data in modeling the
spatial distribution of biodiversity of birds across a complex tropical mountain forest ecosystem
in southeastern Ecuador. We used data from field surveys of birds and chose three measures as
proxies for different aspects of diversity: (i) Shannon diversity as a measure of a-diversity that
also includes the relative abundance of species, (ii) phylodiversity as a first proxy for functional
diversity, and (iii) community composition as a proxy for combined «- and [-diversity. We
modeled these diversity estimates using partial least-square regression of Lidar and optical texture
metrics separately and compared the models using a leave-one-out validated R? and root mean
square error. Bird community information was best predicted by both remote sensing datasets,
followed by Shannon diversity and phylodiversity. Our findings reveal a high potential of optical
texture metrics for predicting Shannon diversity and a measure of community composition, but
not for modeling phylodiversity. Generalizing from the investigated tropical mountain ecosystem,
we conclude that texture information retrieved from multispectral data of operational satellite
systems could replace costly airborne laser-scanning for modeling certain aspects of biodiversity.

2.1 Introduction toring systems have been developed and tested

for tropical biodiversity hotspots, which predict

Modifications and losses of habitats by human aspects of biodiversity across space and time

impact affect biodiversity and ecosystem func- (i1} an extent and grain that is sufficient for

tionality worldwide (Cardinale et al., 2012; New-
bold et al., 2015; Popp et al.,, 2014; Thomas
et al., 2004). Thus, biodiversity monitoring sys-
tems are prerequisite to develop effective man-
agement strategies (Cardinale et al., 2012). In
this context, appropriate information derived
from remote sensing provides cost-effective
tools that support current monitoring systems.
Remote sensing has been successfully used
to model species diversity of various species
groups across a range of scales and habitats (Roc-
chini et al., 2015; Turner et al., 2003). These stud-
ies are based on the assumption that a higher
environmental heterogeneity can host a higher
number of species (Rosenzweig, 1995; Tews et al.,

2004). Presently, only few cost-effective moni-

meaningful management decisions.

In our work, we will concentrate on birds
as indicators of biodiversity because diversity
and composition of bird assemblages is highly
correlated with habitat structure (Harper and
Hawksworth, 1994; Lemaitre et al., 2012; Muller
et al., 2010; Pearson, 1994) as eg. tree trunk den-
sity (Bergner et al., 2015). Moreover, birds re-
spond quickly to habitat modifications, and oc-
currence as well as abundance of bird species
can be easily sampled (Wang et al., 2014). Fur-
thermore, their diversity is often correlated to
the diversity of other taxa, such as butterflies
(Blair, 1999) and plants (Kati et al., 2004). Larsen
et al. (2012) found that proxies of bird diversity
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may represent overall species diversity, espe-
cially in areas where birds are more speciose
than other taxa. Thus, time and costs of monitor-
ing biodiversity might be reduced by first linking
field data on birds with remotely sensed habitat
structure and subsequently using the derived
functions to predict biodiversity across larger
areas. Until the early 21st century, bird—habitat
relationships were mostly assessed using land-
scape metrics derived from classified satellite im-
ages across multiple habitats (Gottschalk et al.,
2005). However, such studies at larger scales of-
ten ignored within-habitat heterogeneity, which
may lead to more potential niches and conse-
quently more bird species (Bar-Massada et al.,
2012; Cody, 1981). For example, in the Andes
of South America, present models at continen-
tal scales inadequately explain avian species-
richness patterns, and new predictors are ur-
gently needed (Rahbek et al., 2007).
Bird-habitat studies have successfully as-
sessed vertical heterogeneity metrics derived
from active sensors, such as light detection and
ranging (Lidar) in the USA (Goetz et al., 2007;
Lesak et al., 2011; Vierling et al., 2008; Vogeler
et al., 2014) and textural metrics derived from op-
tical sensors in semi-arid landscapes of Mexico
(St-Louis et al., 2006, 2009, 2014) and multiple
habitat types in Midwestern USA (Culbert et al.,
2012). All these studies identified a positive
correlation between variability of habitat struc-
ture and species richness. Huang et al. (2014)
have shown that spatial heterogeneity of veg-
etation height derived from active sensor data
improves model performance over models us-
ing canopy height metrics alone. When texture

statistics from optical satellite images are used,

each pixel is recalculated by statistics applied to
the surrounding neighborhood using a moving
or fixed window algorithm. The home ranges of
bird species differ considerably across body size
and guilds. Image textures with multiple win-
dow sizes can help to cope with such differences
in using the environment (Pearman, 2002). A
suite of potentially useful statistics for calculat-
ing image textures has been proposed. Haralick
(1979) developed first- and second-order statis-
tics from the gray level co-occurrence matrix
(GLCM) that explain different aspects of habitat
heterogeneity. It was later shown that calcula-
tions of image textures using vegetation indices,
such as the Normalized Difference Vegetation
Index (NDVI), yield similar or even better re-
sults than calculations of raw bands (St-Louis
et al., 2009; Wood et al., 2013). Wood et al. (2012,
2013) compared image textures derived from a
high-resolution aerial photo and from a Land-
sat TM satellite image. They recommended us-
ing optical data derived from high-resolution
sensors if habitats are structurally heteroge-
neous and patchily distributed but moderate-
resolution sensors such as Landsat if habitat
types are broader distributed. However, only
few studies compared avian diversity models fit-
ted by Lidar and optical metrics (Clawges et al.,
2008; Goetz et al., 2007; Vogeler et al., 2014) or op-
tical metrics and elevation (Sheeren et al., 2014).
A comparison of complex Lidar metrics and tex-
ture metrics is important for evaluating whether
cost-intensive Lidar sensors are essential to map
bird diversity or whether texture metrics of op-
tical images, which can be recurrently derived

from operational satellites at lower computa-
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tional cost, are able to predict bird diversity with
the similar predictive power.

Most remote sensing studies use diversity
proxies, such as species richness and Shannon
diversity for predicting biodiversity across space
(Gottschalk et al., 2005; Magurran, 1988). How-
ever, species richness alone misses much of over-
all diversity by neglecting the difference in func-
tional traits of species and their roles that in-
fluence ecosystem functions (Lyashevska and
Farnsworth, 2012). Since some functional traits
are phylogenetically conservative (Cavender-
Bares et al., 2009), phylodiversity is a first proxy
for functional diversity of assemblages (Flynn
et al.,, 2011; Lyashevska and Farnsworth, 2012).
Dehling et al. (2014) showed that phylogenetic
and functional diversity decreased with eleva-
tion in the tropical Andes of Peru and they sug-
gested that this is related to factors other than
climate change, i.e., to changes in habitat types
or topography. Nevertheless, Shannon diver-
sity and also simple measures of phylodiversity
do not consider compositional patterns of avian
communities (Fairbanks et al., 2001; Huettmann
and Diamond, 2001; Marsh et al., 2010; Wiens,
1992; Wiersma and Urban, 2005). Community
composition combines species richness of a
given site (a-diversity) and the change of species
composition from site to site (5-diversity) (Whit-
taker, 1972). Various studies have shown that
bird community composition provide specific
information on structure, habitat requirements,
and responses to local changes in habitat qual-
ity (Banks-Leite and Cintra, 2008; Cintra and
Naka, 2012; Miiller et al., 2009; Thiollay, 1994);
e.g., Farwig et al. (2014) used the first principal

component of the matrix representing the abun-

dance of species across sites as a measure for
the bird community composition. This measure
was the most informative diversity proxy for
modeling differences among land use-scenarios
in western Kenya. As conservation resources
are limited, all management decisions (e.g. area
prioritization) should be based on measures of
biodiversity that provide the maximum of infor-
mation for the decision at issue.

Here we tested whether optical satellite data
are suitable for monitoring biodiversity in areas
where the availability of other remote sensing
data such as full-wavelength or discrete-return
Lidar and hyperspectral data are limited. We
compared statistical models predicting avian di-
versity in a tropical mountain rainforest ecosys-
tem at the landscape scale fitted by either Lidar
metrics or optical texture metrics. In particular,
we tested the predictability of three different di-
versity proxies: (i) Shannon diversity as a proxy
of species richness and evenness, (ii) phylodi-
versity as a proxy for functional diversity, and
(iii) community composition as a proxy for com-

bined «- and g-diversity.

2.2 Data and Methods

2.2.1 Study area

The study area is located in southeastern
Ecuador in the San Francisco River Valley
breaching the main eastern Andean cordillera
(Figure 2.1). Elevations range from 1,650 to
2,900 m a.s.l.; the climate is humid all year. Pre-
cipitation peaks from June to August; December
to February are relatively drier (Beck and Kottke,
2008; Bendix et al., 2006).

The topographical complexity, heterogenic cli-
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Figure 2.1: Study area and sites of bird point counts in the southern Ecuadorian mountain rainforest. The main
land cover classes (forest, pasture, bracken fern and barren) according toCuratola Fernandez et al. (2013) are

indicated.

mate regimes along the elevational gradient, and
anthropogenic disturbances have led to different
forest types, namely forest in valleys and ma-
jor ravines located on lower slopes (< 2,200 m
a.s.l.), forests on upper slopes and along ridges
(1,900-2,100 m a.s.L.), forests on ridges and up-
per slopes between 2,100 m and 2,250 m a.s.l,
and ridge forests above 2,250 m a.s.l. up to the
timberline at 2,700 m a.s.l. (Homeier et al., 2010;
Paulsch and Miiller-Hohenstein, 2008). The two

types occurring at lower elevations are subtypes
of evergreen lower montane forest, and at higher
elevation forests are subtypes of evergreen up-
These

forest types differ in species richness as well

per montane forest (Homeier, 2008).

as composition of plant species and therefore
also of plant traits and structural characteristics.
Outside the protected lands in the study area
(Reserva Biologica San Francisco and Podocar-

pus National Park), the forest has been mostly
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Table 2.1: Optical band and vegetation indices as base layers for the calculation of optical texture metrics.

Optical metrics Metric description

Near infra-red band (NIR) Pre-processed near infra-red band

Normalized difference vegetation index (NDVI)  (NIR - red)/(NIR + red), sensitive to chlorophyll pigments

Physiological reflectance adjusted index (PRI) (red - green)/(red + green), sensitive to carotenoid/chloro-

phyll ratio (Gamon et al., 1992; Sims and Gamon, 2002)

Anthocyanin reflectance adjusted index (ARI) (red - blue)/(red + blue), sensitive to anthocyanin pigments

(Gitelson et al., 2001)

converted to pastures and bracken-infested ar-

eas (Curatola Fernandez et al., 2015).

2.2.2 Avian field data and proxies for

avian diversity

The diverse forest habitats of South America
harbor numerous bird species. Myers et al.
(2000) identified the tropical Andes as one of the
world’s biodiversity hotspots, with about 1,666
bird species. Approximately 800 bird species
have been observed within the Podocarpus Na-
tional Park that partly overlaps with our study
area (Rahbek et al., 1995).

Between 2000 and 2002, a trained observer
collected data on the occurrence and abundance
data of birds in 30 forest sites in the study
area under favorable weather conditions at
6:00-10:00 and 16:00-18:00 (UTC-5:00) (Paulsch
and Miller-Hohenstein, 2008). Standardized
point counts (30 min) were repeated 12 times
per site and combined with mist-netting data to
comprehensively assess the bird assemblages.

From this data, we calculated three differ-
ent proxies of avian diversity and used them
as dependent variables in all further analyses:
(i) Shannon diversity index, (ii) phylodiversity,
and (iii) bird community composition. We cal-

culated phylodiversity based on 1,000 possible

phylogenies (Hackett et al., 2008) of all occur-
ring species derived from birdtree.org (Jetz et al.,
2012). We extracted for each tree the phyloge-
netic distances between species. Subsequently,
we calculated for each site and tree the mean
pair-wise distance (MPD) using the package ape
in R (Paradis et al., 2004). We averaged the MPD
values of all possible trees, and calculated the
standardized effect size (sesMPD) from the MPD
values using the R package picante (Kembel et al.,
2010; Webb et al., 2008). The null distribution
of MPD values is based on re-shuffling the dis-
tance matrix labels across all taxa. In this study,
sesMPD values serve as a measure of a-phylo-
diversity. For the bird community composition,
we used the first principal component represent-
ing the distribution of species along the first
ordination axis (Cintra and Naka, 2012; Farwig
et al., 2014). The principal component analysis
was based on the covariance matrix of square-
root-transformed bird counts to weight species
according to their abundance (McGarigal, 2000).
Results of analyses using transformed and non-
transformed values did not differ in respect to
the solution of the PCA (r between scores of
sites on the first axis: 0.99) and therefore also in

respect to the modeling exercises.
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Table 2.2: Texture statistics derived from gray-level co-occurrence matrices calculated from optical metrics (see
Table 2.1). In the moving window approach, which shifted in all directions, two sizes were considered: 5 x 5 and
45 x 45 pixels to cope with different dependencies between species and scale of environment.

Texture statistics

Equations

Mean (ME)

Variance (VA)
Homogeneity (HO)
Contrast (CO)
Dissimilarity (DI)
Entropy (EN)

Second moment (SM)

Correlation (CC)

ME = Zz] 0Pij

VA= Z’Lj Op%]( ME)
HO =Y Nh b,

,5=0 14(i.5)2
Co = Zzg oPij (i 3)2

N-1 .
DI = Zi,j:O pij i —Jl

SM = Ez] Opl,j

(i—ME)(j—ME)
CC=Yiimorii | e

. N—1
*Wlthpiyj = ij Zz] =0 V;J’
or columns.

2.2.3 Remote sensing indicators

To fit the models, we calculated two predictor
datasets: (a) texture metrics of optical images
derived from a satellite-borne passive sensor
and (b) Lidar metrics derived from an airborne
active sensor. The texture metrics were based
on a Quickbird scene acquired on 22 October
2010 at 9:54 local time under clear weather con-
ditions from Digital Globe. Images were pre-
processed, including geometric, atmospheric,
and topographic corrections (Curatola Fernan-
dez et al., 2015).

In spite of the time lag between field data and
image data acquisition, forest habitats in our
study area as well as neighboring habitats have
not changed during the time between sampling

of bird assemblages and remote sensing data

where V), is the value in cell 7, j and N is the number of rows

(Appendix A Figure A.1). Owing to computa-
tion time, we decided to use only the corrected
near-infrared (NIR) channel and three vegeta-
tion indices to calculate image textures (Table
1), namely (i) the NDVI to account for vege-
tation productivity and health, (ii) an approx-
imation of the physiological reflectance index
(PRI) to account for photosynthetic efficiency
(Gamon et al., 1992) and carotenoid/chlorophyll
ratio (Sims and Gamon, 2002), and (iii) an ap-
proximation of the anthocyanin reflectance in-
dex (ARI) to account for anthocyanin pigments
(Gitelson et al., 2001; Sims and Gamon, 2002).
Based on the four mentioned base layers, we
first calculated texture statistics derived from
the gray level co-occurrence matrix using the
glem package in R (Zvoleft, 2015). The calculated
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statistics encompassed mean, variance, homo-
geneity, contrast, dissimilarity, entropy, second
moment, and correlation (Haralick, 1979) for
four different sizes of the moving window to
match different scales of bird habitats among
feeding guilds (Table 2.2). Correlation is one
of the most independent algorithms among all
texture statistics and sometimes returns no-data
values since the software cannot handle 0 (no
correlation) as denominator in the correlation
equation. For those metrics with sparse unde-
fined areas, we applied a filter function in the
raster package in R to recalculate no-data pixels
by the mean of their neighboring pixels. How-
ever, we excluded those metrics with a large
number of undefined correlations. In the sec-
ond step, we reduced the window sizes to two
numbers (smallest and biggest); the model ac-
curacies did not change. Thus, considering the
spatial resolution of Quickbird images of 2.5 m
per pixel (after transformation for topographic
correction), we chose 5 x 5 and 45 X 45 pixel
moving windows to match a surrounding of
12.5 X 12.5 m? and 112.5 X 112.5 m?, respec-
tively.

The second dataset is based on vertical for-
est structure metrics derived from Lidar data
(Silva and Bendix, 2013). Airborne laser scan-
ning (ALS) data were collected using a Leica
ALS-50-1I laser scanner during two campaigns
in March and November 2012 with a Eurocopter
AS350B2 Ecureuil helicopter. The point cloud
density counts were at least 10 pulses per 1 m?,
considering steep slopes and valleys, and was
classified prior to metrics calculation, so that
only vegetation (not ground) points were con-
sidered (Silva and Bendix, 2013). From the point

cloud with x, y, z values, derived from Lidar
pulse returns, we calculated a suite of measures
related to vertical vegetation structure using the
FUSION software (McGaughey, 2009). In our
analyses, we chose metrics according to their
success in published bird diversity and forest
ecology studies (Table 2.3; Goetz et al., 2007; Mc-
Gaughey, 2009; Vogeler et al., 2014). Addition-
ally, we included the intensity of back reflected
energy, which was also recorded by the laser
scanner. Since some metrics had a few cells with
no-data, we replaced these cells with computed
focal statistics of type mean. We considered tex-
ture in the Lidar metrics to take into account the
spatial arrangement of vertical structure and to
increase comparability between Lidar metrics
and optical texture metrics. We measured the
texture statistics mean and variance of all Li-
dar metrics within two moving window sizes of
13 x 13 and 113 x 113 pixels.

2.2.4 Analyses

Approaches considering image texture have
to deal with high dimensionality and inter-
correlations which decrease model accuracy
in statistical models using standard methods
(Beyer et al., 1999). Partial least-squares (PLS)
regression is a machine-learning algorithm with
a prior feature space transformation that mini-
mizes a least-squares cost function. Thus, PLS
regression is able to cope with a higher num-
ber of predictor variables than predictants and
strong co-linearity among predictors (Andersen
and Bro, 2010; Carrascal et al., 2009; Mehmood
et al., 2012). We used the automatic PLS regres-
sion approach implemented in the R package

autopls (Schmidtlein et al., 2012). The algorithm
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Table 2.3: Vertical structure metrics for fitting Lidar models. For each index, first-order statistics, mean, and
variance were calculated using a 13 X 13 and a 113 x 113 pixel moving window (see Table 2.2).

Lidar metrics Abbr.  Metric description

Elevation DEM  Digital elevation model

Slope SLOPE Gradient of DEM in degree

Canopy height CH Maximum height

Median height MH The median canopy height

Vertical distribution

ratio VDR (CH-MH)/CH

Density metrics E57 Percentage of all returns above mode
E50 Percentage of returns above 3 m height
E55 Percentage of first returns above mode

Canopy closure E58 (All returns above mean)/(Total first returns) x 100
E59 (All returns above mode)/(Total first returns) x 100
E51 (All returns above 3 m)/(Total first returns) x 100

Canopy relief ratio E68 (mean - min) / (max - min)

Intensity INT Mean intensity of backscattered laser pulse

was trained with all 30 sites using a leave-one-
out (LOO) validation, where one observation is
omitted at a time in the models to provide pre-
diction errors. As a wrapper function, the imple-
mented variable selection was used to improve
model performance and interpretability, and to
reduce computation time (Andersen and Bro,
2010). We applied an optimization procedure
using a filtering based on thresholds for back-
ward selection, i.e., significance, variable impor-
tance in the projection (VIP), or both (Chong
and Jun, 2005; Mehmood et al., 2012). Each of
the three diversity proxies was regressed against
the two remote sensing datasets using PLS. To
compare the resulting six models, we used the
LOO R? values and LOO root-mean-square er-
rors (RMSE) as comparative measures for predic-
tive power and prediction error. We compared
significance and magnitude among predictors in
our top models utilizing the weighted regression
coefficients based on significance considerations
from jackknifing (Mehmood et al., 2012). In PLS

regression, the importance of predictors is pro-
portional to its distance from the origin in the
loading space. In the final step, we tested for spa-
tial autocorrelation and applied Moran’s I of the
residuals of each bird diversity model using the
R package spdep (Bivand and Piras, 2015). We
detected no significant spatial autocorrelation
even after considering various neighborhood
combinations.

For models with a high predictive power, we
predicted spatial patterns of the diversity proxy
within the defined area of interest (Figure 2.1).
To do so, the fitted model was applied to a raster
stack that included all predictors defined by the
backward selection process using the predict
function in the R package raster (Hijmans et al.,
2015). For the prediction maps, we masked out
non-forested areas because bird abundance was
only sampled in forest sites. The resulting raster
thus contains pixels with predicted values of the

diversity proxies derived from the fitted model.
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2.3 Results

2.3.1 Diversity proxies

A total of 147 different bird species were
recorded within the 30 study sites across an
elevation gradient of 700 m. The three diver-
sity proxies measured showed high variation
within study sites (Table 2.4). While phylodi-
versity was independent from the other prox-
ies, the bird community, however, was signif-
icantly related to Shannon diversity (r = 0.58,
p < 0.001), showing that the bird community
is not only a proxy for g-diversity, but also
for a-diversity (Appendix A Figure A.2). The
first principal component which was based on
abundance data explained more than 20% of the
overall variance in species abundances across
all sites (Appendix A Table A.1). Cyanocorax
yncas (Green Jay), Myioborus miniatus (Slate-
throated Whitestart), Henicorhina leucophrys
(Grey-breasted Wood-wren), Basileuterus tris-

triatus (Three-stribed Warbler) showed posi-

tive loadings in the first principal component
whereas Chlorospingus ophthalmicus (Common
Bush-tanager), Scytalopus unicolor (Unicoloured
Tapaculo), Synallaxis unirufa (Rufous Spinetail),
Pionus senilis (Crowned Parrot) showed negative
loadings (Appendix A Table A.2). We searched
for a pattern among morphological and life his-
tory traits, such as species size/weight, foraging
strata, or center of abundance, but the traits of
neotropical birds collected in Stotz et al. (1996)
and Dunning (2008) did not explain the scores
along the first axis (Appendix A Table A.3).

2.3.2 PLS regression model comparison

A suite of 52 Lidar metrics and 63 optical tex-
ture metrics were generated to test and compare
the predictability of bird diversity. We found
different patterns of sensor suitability for the
three selected diversity proxies, ranging from
highest LOO R? values for community compo-
sition to lowest values for phylodiversity (Ta-

ble 2.5). With both datasets community composi-

Table 2.4: Summary statistics for proxies of avian diversity. Mean (CI) = mean with the 95% confidence intervals.

Diversity measure Median Mean (CI) Min Max
Shannon diversity 2.99 3.04(2.85-3.27) 253 3.73
Phylodiversity -0.15 0.15(-0.49-1.01) -1.92 2.27
Bird community 036 0(-1.53-1.97) -3.70 3.89

Table 2.5: Comparison of partial least-square regression models of the three diversity proxies using Lidar and
texture statistics from optical satellite images. The best model results are in bold.

Diversity measure Dataset No. 9f No. of R?> RMSE LOOR? LOORMSE
predictors  latent vectors

Shannon diversity ~ Lidar only 5 2 0.26  0.85 0.07 0.95
Texture only 7 4 0.57  0.64 0.42 0.75

Phylo-diversity Lidar only 13 2 0.60  0.62 0.35 0.79
Texture only 8 2 0.24 0.86 0.09 0.94

Bird community Lidar only 11 3 0.86  0.37 0.81 0.43
Texture only 8 2 0.85 0.38 0.80 0.44
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Figure 2.2: Regression coefficient plots of the top (best) models identifying predictor variables and their significance
in the corresponding model. With * p < 0.1, ** p < 0.05, *** p < 0.001

tion showed the best statistical performance. For
Shannon diversity, LOO validated texture mod-
els outperformed Lidar models by far, and ex-
plained approximately 42% of variance in Shan-
non diversity. By contrast, texture models were
not able to model phylodiversity, whereas Lidar
models achieved moderate predictive power by

explaining 35% of variance in phylodiversity.

2.3.3 Feature selection

The backward selection process identified differ-
ent combinations of predictors for each diver-
sity proxy (Appendix A Table A.4). For Lidar
models, no patterns of selected window sizes
were found, but as a result of co-linearity, of-
ten both window sizes were selected together
within the latent vectors. Likewise, no general

pattern was found in the selection of specific
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(a), (b): Bird Community
o 25

35

(c): Elevation
-2,900m

- 1,650 m

(d): Difference Map
P 22

o255 A

- Non-forested area
Point counts

Figure 2.3: Prediction maps of the bird community by assessing (a) Lidar metrics and (b) optical texture metrics.
Colors are scaled according to the lowest minimum value and highest maximum value of the two predictions. (c)
Elevation (DEM) was one of the main predictors of the Lidarmodel. (d) The difference between the Lidar model and
optical texture models. Higher values indicate that the bird community was rated higher by the Lidar model, and
lower values indicate that the bird community was rated higher by optical texture models.

texture statistics among the metrics, but a high
interchangeability of most texture metrics was
found between latent vectors owing to high co-
linearity among texture statistics. Texture met-
rics derived from the larger window size were
more frequently selected as predictors.
Weighted regression coefficients of the top
models identified magnitude and sign of the
relationship between predictors and observed

diversity (Figure 2.2). The Shannon model fit-

ted by texture metrics included seven predic-
tors containing homogeneity as well as hetero-
geneity textures. All predictors in this model
were generated using the 45 x 45 pixel window
size. Most significant (p < 0.05) was the contrast
(heterogeneity) of NIR, which was positively re-
lated to Shannon diversity, followed by corre-
lation, which calculates linear dependencies of
PRI (p < 0.1) and is the most independent tex-

ture measure. Negatively related were second
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moment (homogeneity) of PRI and entropy (het-
erogeneity) of NIR. In the community model,
heterogeneity textures derived from NIR and
correlation of PRI were highly associated with
the bird community. The most significant pre-
dictors in Lidar community models were eleva-
tion and the median canopy height (MH) (both
p < 0.001), followed by canopy relief ratio (E68)
and canopy closure (E58) (both p < 0.1). For phy-
lodiversity, 13 Lidar metrics were included in
the model. In contrast to the community model,
slope had a negative effect on phylodiversity. In
addition, the effects of density metrics (E55 and
E57) depended on the window size of the tex-
ture approach, where a larger size was related
to a negative association, and a smaller size was

related to a positive association.

2.3.4 Prediction maps bird community

Because of the high predictability of the com-
munity composition, we mapped the two bird
community models across our study area (Fig-
ure 2.3a,b). Since the two models differed in
their predicted range (Table 2.6), we normalized
the color to their minimum and their maximum
range to make them quantitatively comparable.
The Lidar model predicted lower values of the
bird community than the optical texture model,
particularly in the northwestern and southeast-
ern parts of the study area, where forests are
at higher elevations and have a lower vertical
structure. The optical texture model predicted
higher bird community values, particularly at
lower elevations near the San Francisco River
and on higher slopes and in ravine forests next
to pastures. We subtracted the Lidar model from

the optical model to identify major differences

between the two models (Table 2.6, Figure 2.3).
Highest differences were found in the valleys of
the northwestern region, next to non-forested
(mostly pastures) patches or higher elevations

above 2,300 m a.s.l.

2.4 Discussion

Our analysis of three different proxies for bird di-
versity in a tropical mountain forest ecosystem
in southeastern Ecuador revealed clear differ-
ences in the suitability of sensor information
for predicting the various aspects of biodiver-
sity. The predictive power of Lidar and optical
texture models particularly differed when the
proxies Shannon diversity and phylodiversity
were used. Bird community composition was
best predicted with equal predictive power ir-
respective of the independent dataset used. In
the following we address the relation between
remotely sensed variables and forest structure
to further explain the spatial patterns of bird

diversity in our study area.

2.4.1 Forest structure and spectral

respond

In contrast to previous bird diversity studies as-
sessing remote sensing data in deserts or even
boreal forests, our study area consisted only of
forest habitats which are vertically more diverse
and complex. Our study area is characterized
by two gradients of forest types. First, the el-
evational gradient where lower tree density is
found with higher elevation and ridges (Home-
ier et al., 2010). Forests above 2,250 m a.s.l. are
characterized by the dominance of a single tree

species (Purdiaea nutans Planch) due to harsher
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environmental conditions such as wind speed
(Homeier et al., 2010; Wagemann et al., 2015).
The elevational change of forest structure asso-
ciates lower chlorophyll content at higher ele-
vations which in return implies less reflectance
of NIR and NDVI values. In the meantime, so-
lar ultraviolet radiation increases with altitude
(Piazena, 1996) which leads to more carotenoid
pigments within vegetation and in turn results
in higher PRI values (Gamon et al., 1992; Gitel-
son et al., 2001). The second gradient relates to
topography. Ravine and ridge forest differ in
their edaphic conditions owing to soil nutrient
dispersion in ridge forests and concentration
in ravine forests (Werner and Homeier, 2015).
Thus, we expect low reflection of NIR due to low
chlorophyll content in ridge forests with lower
tree density and tree height. Clearly, elevation,
and topography can affect forest structure as

well as the spectral response at the satellite.

2.4.2 Shannon diversity

With respect to the most significant optical pre-
dictors, i.e., correlation of PRI and contrast of
NIR, we deduce an association of high Shannon
diversity and forests with different tree layers
and a heterogeneous canopy structure. We con-
clude that a higher number of species is associ-
ated with lower montane forests in valleys and
major ravines that account for a higher struc-
tural variety that responds to variations in the
NIR. As noted by Culbert et al. (2012), models fit-
ted by image textures in landscapes with low ver-
tical variability gain higher predictability than in
vertically complex landscapes. In our study, the
predictive power of modeling Shannon diversity

was similar to predictions of overall species rich-

ness in earlier studies of desert landscapes or
multiple habitats (Culbert et al., 2012; St-Louis
et al., 2009).

The results obtained with our Lidar models
did not support studies in which topographi-
cal metrics successfully predicted avian species
richness (Goetz et al., 2007; Huang et al., 2014).
In the study of Vogeler et al. (2014), a higher
number of returns yielded a higher predictive
power. Lesak et al. (2011) used low density
discrete-return (1-3 returns) Lidar data, which
explained approximately 18% of variance (adj.
R?) in song bird species richness in deciduous
forests of southern Wisconsin, USA. Although
our Lidar data had up to 10 returns per m?, Lidar
metrics explained only 9% of Shannon diversity.
This is probably related to the relatively low re-
turn density of Lidar pulses in the understory
layers (Miiller et al., 2010). High closure in the
upper canopy reduces return densities in the
lower tree layers, and thus, understory charac-
teristics that are important for specific feeding

guilds are neglected.

2.4.3 Phylodiversity

The negative effect of topography on phylodiver-
sity observed in our study supports the results of
Dehling et al. (2014), in which higher values of
phylodiversity were found at lower elevations
and lower slopes. In our study, Lidar predic-
tors combined topographic aspects and vertical
density of vegetation. We found that higher
density in the upper strata had a positive effect
on the distribution of genetic diversity and sug-
gest that more diverse micro-habitats can har-
bor species from different feeding guilds in the

canopy and the understory. Texture metrics of
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Table 2.6: Summary statistics of predicted bird community models fitted by Lidar and optical texture metrics and

the difference between the two calculated values.

Bird community maps SD Mean Min Max
(a) Lidar model 0.85 041 -35 198
(b) Optical texture model 0.74 0.12 -2.18 2.5
(d) Difference map 0.61 0.30 -2.50 2.15

optical images are reduced to spatial variations
in reflectance and cannot cope with structural
forest components in different strata to explain
micro-habitat structure, and thus were not able

to predict phylodiversity in our study area.

2.4.4 Bird community

Our community models indicated that the an-
alyzed species composition was more strongly
associated with remotely sensed habitat struc-
ture than Shannon diversity and phylodiversity,
which supports the results of Banks-Leite and
Cintra (2008). In their study, bird community
measures of frugivorous and nectarivorous birds
assign lower importance to evenly distributed
species along the study area and the observed
bird assemblage was composed of only a few
species associated with canopy openness and
elevation. In our study, the bird community was
mainly composed of four species highly con-
tributing to the score of the first component (Ap-
pendix A Table A.2). Since the environmental
gradient of our study area is fine-scaled resulting
in many micro-habitats, it is likely that overall
species traits are not highly resolved enough to
explain species composition at a landscape scale.

Owing to the correlation of Shannon diversity
and bird community, optical predictors of the
Shannon diversity models and the community

models partly correspond to each other resulting

in a spatial overlap of high Shannon diversity
and bird community. Texture metrics of optical
images described the habitat of the bird commu-
nity with higher intensity and heterogeneity of
NIR and higher homogeneity of PRI which is
present in the lower montane forests in valleys
and ravines and partly along ridges and upper
slopes.

According to the Lidar model, forest habitats
of the bird community are located at lower el-
evations and higher mean canopy height. Low
community composition, mainly composed by
highly negatively loaded species (Appendix A
Table A.3), is associated with high altitudes, low
median canopy height and high vertical vari-
ations. Canopy closure metrics (E58 and E51)
define that the tree crowns are not closed due
to scattered large trees and a diverse upper veg-
etation strata.

The prediction maps differed in the predicted
bird community values from the observed rang-
ing from -3.8 to 3.7. Lidar models overestimated
the maximum community value with a mini-
mum value of -1.98, and texture metrics of opti-
cal images underestimated the community with
a maximum value of 2.18. The differences in the
predicted range of the community between Lidar
and optical texture models are associated with
higher elevations above 2,300 m a.s.l. The only
two observations were located around 2,500 m

a.s.l.; the lack of observations above this eleva-
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tion makes predictions difficult. Likewise, com-
munity values for the fragmented forest close
to pastures predicted by the two models also
greatly differ. Texture metrics of optical images
predicted significantly lower community values
than Lidar metrics. A low number of observa-

tions in these areas again result in uncertainties.

2.4.5 Limitations and recommendations

Given the low number of sampling sites, we de-
tected an over-fitting of most models when we
compared the calculated with the validated co-
efficient of determination in the response plots
(Appendix A Figure A.3). For an adequate val-
idation, in particular in those areas where our
two models for the bird community differed con-
siderably, further bird surveys are needed. This
is particularly the case in forests above 2,300 m
a.s.l. and in forests close to pastures and bracken
fern. Bird diversity may be affected by distur-
bances, such as cattle grazing and presence of
bracken fern (Maya-Elizarraras and Schondube,
2015), which can affect forest habitat structure
and in turn its spectral response. Further investi-
gations of fragmented forest sites and the upper
montane forests might improve bird diversity
models.

Owing to the scarce availability of remote
sensing data in our study area, we did not test
full-wavelength Lidar data, which might per-
form better in describing small-scale habitat pat-
terns (Goetz et al., 2007), and hyperspectral data,
which might perform better in characterizing
the habitat composition defined by tree species
(Carlson et al., 2007). Compared to these costly
sensor sources, optical satellite or airborne im-

ages are more accessible and more effective over

a longer period and for large-scale monitoring
(Nagendra and Rocchini, 2008; Turner et al.,
2003). Where high-resolution images are not
available, satellite data at medium resolution
such as Landsat have been successfully used to
model forest habitat structure and disturbance
related to avian habitat using either time-series
of cloud-cleared image mosaics (Helmer et al.,
2010) or image textures (Culbert et al., 2012;
Wood et al., 2012, 2013). Wall-to-wall coverage,
spectral and temporal resolution, in particular in
combination with a compositing or time-series
approach, makes Landsat a valuable tool in eco-
logical driven studies (Cohen and Goward, 2004;
Irons et al., 2012; Wulder et al., 2008). However,
in landscapes such as in the present study area
where forest habitat types change rapidly and
show structural complexity, the spatial resolu-
tion of 30 m per pixel might not cover small-scale
changes in habitat structure and thus avian di-
versity (Wood et al., 2012, 2013). Since optical
texture models performed equally or even bet-
ter in modeling certain diversity proxies than
Lidar models, we strongly suggest the use of op-
tical satellite or airborne high-resolution data in
combination with texture statistics to model bird
diversity proxies such as Shannon diversity or
community compositions at a landscape scale.
As an improvement to the use of texture met-
rics, we recommend using uncorrelated texture
statistics to save computation time (St-Louis
et al., 2006), and in a similar manner, reduc-
ing window sizes to a single size. Variograms
can help to identify the maximum window size
(Kuemmerle et al., 2009), or one can choose

an ecologically meaningful size that character-
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izes the potential maximum habitat of observed

species.

2.4.6 Conclusions and conservation

implications

The relationship between avian biodiversity and
metrics derived from remote sensing depends
on both the sensor type and diversity proxy. The
good performance of texture metrics observed
in our study underpins the use of optical remote
sensing data as a substitute for Lidar data in habi-
tat diversity studies, thereby reducing both costs
and pre-processing time. This is beneficial par-
ticularly for areas where other sensor data, e.g.,
Lidar or hyperspectral data, are lacking. How-
ever, optical texture models were limited to cer-
tain diversity measures, such as Shannon diver-
sity and community composition. In addition,
the spectral respond of the forest was related
to structural characteristics which significantly
correspond to the landscape of our study area.
Models of the bird community composition re-
vealed a high potential in identifying relation-
ships between some specific species assemblages
that are not found for overall species or genetic
diversity. Relationships between the environ-
ment and present avian species strongly depend
on the identity of their composing communi-
ties (Filloy et al., 2010). Hence, the integration
of avian community composition in addition
to proxies for species richness in conservation
planning could enhance the understanding of
bird assemblages in terms of habitat preferences
and response to habitat changes (Banks-Leite
and Cintra, 2008; Cintra and Naka, 2012; Farwig
et al., 2014). This is particularly of importance

at a landscape scale, where a high number of

species is evenly distributed and only a few of
the total species depend on micro-habitat for-
est structure. Compared to spatial reflectance
variations, Lidar metrics point out the impor-
tance of vertical structural complexity related to
ecological traits. Up-coming airborne and space-
borne sensor missions with passive and active
sensors on board will strengthen biodiversity-
driven research (O’Connor et al., 2015), in par-
ticular genetic diversity related to functional
traits. Nevertheless, field data such as a long-
time monitoring of bird abundance is necessary
to fully understand spatial patterns of bird diver-
sity in the mountain rainforest of southeastern

Ecuador.
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Chapter 3 Modeling species richness and turnover of six taxa by topographical and textural metrics

Abstract

Texture information from passive remote sensing images provides surrogates for habitat structure,
which is relevant for modeling biodiversity across space and time and for developing effective
ecological indicators. However, the applicability of this information might differ among taxa
and diversity measures. We compared the ability of indicators developed from texture analysis
of remotely sensed images to predict species richness and species turnover of six taxa (trees,
pyraloid moths, geometrid moths, arctiinae moths, ants, and birds) in a megadiverse Andean
mountain rainforest ecosystem. Partial least-squares regression models were fitted using 12
predictors that characterize the habitat and included three topographical metrics derived from a
high-resolution digital elevation model and nine texture metrics derived from very high-resolution
multi-spectral orthophotos. We calculated image textures derived from mean, correlation, and
entropy statistics within a relatively broad moving window (102 m x 102 m) of the near infra-
red band and two vegetation indices. The model performances of species richness were taxon
dependent, with the lowest predictive power for arctiinae moths (4%) and the highest for ants
(78%). Topographical metrics sufficiently modeled species richness of pyraloid moths and ants,
while models for species richness of trees, geometrid moths, and birds benefited from texture
metrics. When more complexity was added to the model such as additional texture statistics
calculated from a smaller moving window (18 m x 18 m), the predictive power for trees and birds
increased significantly from 12% to 22% and 13% to 27%, respectively. Gradients of species turnover,
assessed by non-metric two-dimensional scaling (NMDS) of Bray-Curtis dissimilarities, allowed
the construction of models with far higher predictability than species richness across all taxonomic
groups, with predictability for the first response variable of species turnover ranging from 64%
(birds) to 98% (trees) of the explained change in species composition, and predictability for the
second response variable of species turnover ranging from 33% (trees) to 74% (pyraloid moths).
The two NMDS axes effectively separated compositional change along the elevational gradient,
explained by a combination of elevation and texture metrics, from more subtle, local changes
in habitat structure surrogated by varying combinations of texture metrics. The application of
indicators arising from texture analysis of remote sensing images differed among taxa and diversity
measures. However, these habitat indicators improved predictions of species diversity measures
of most taxa, and therefore, we highly recommend their use in biodiversity research.

3.1 Introduction

Information derived from remote sensing (RS)
provides cost-effective proxies for primary pro-
ductivity and habitat structure (Rocchini et al.,
2016, 2015; Wang et al., 2010). Species occur-
rence of individual species and species diversity
are often correlated to these proxies (Cintra and
Naka, 2012; Couteron et al., 2005; Estes et al.,
2010; Goetz et al., 2007; Mairota et al., 2015; Roc-
chini et al., 2010; Tews et al., 2004). Therefore,

RS provides useful information for models of

ecological variables across large extents with a
high spatial resolution. Such spatially-explicit
models are of considerable importance in con-
servation planning if recurrent RS information
is available as they provide maps and offer ef-
fective indicator systems for area-wide moni-
toring. However, the success of these models
varies considerably among taxa and modeled
variables of biodiversity. A deeper understand-
ing of this variation in predictability of diversity

measures would be helpful for planning and es-
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tablishing monitoring systems for documenting
environmental change, especially in biota where
biodiversity inventories are difficult to achieve.

Particularly the use of RS texture metrics has
strengthened statistical models of biodiversity
(Culbert et al., 2012; Estes et al., 2010; Wallis,
2016; Wood et al., 2013). In textural approaches,
anew value is assigned to each pixel and charac-
terizes the distribution of spectral values in a par-
ticular neighborhood, which is defined by a mov-
ing or fixed window (Haralick, 1979). Depend-
ing on the considered textural feature, which
ranges from simple metrics (e.g., mean, variance)
to complex metrics (e.g., contrast, correlation),
such variables characterize different spatial as-
pects of habitat structure (e.g., habitat hetero-
geneity). For example, image textures based on
very high-resolution optical imagery success-
fully predict and map the structure of forests
(Wood et al.,, 2012) and distributional patterns
of bird diversity (St-Louis et al., 2014). Models
of a montane forest in southwestern Colorado
that include texture metrics from RS are more
strongly correlated with biomass than models
using topographical or spectral metrics (Kelsey
and Neff, 2014). Similar results have been ob-
tained for mature biomass in a moist tropical for-
est (Lu, 2005). Therefore, textural information
from RS images might address the relationship
between environment and biodiversity more ef-
fectively than raw spectral bands or common
vegetation indices.

Tropical mountain rainforests, particularly
Andean rainforests, are among the most di-
verse and threatened biodiversity hotspots of
the world (e.g., Brehm et al., 2016; Tapia-Armijos

et al.,, 2015). Studies of similarly diverse systems

have investigated elevation and topography as
predictors of biodiversity, and have successfully
modeled the occurrence of certain tree species
and species richness of moths and ants (e.g.,
Kibler et al., 2016; Malsch et al., 2008; Nakamura
et al., 2015). However, the results are highly
taxon dependent, and some taxa are difficult
to predict from simple environmental variables
(Fiedler et al., 2008; Tiede et al., 2016a). Thus,
models of tropical diversity would benefit from
the inclusion of structural habitat information.
A great challenge in tropical diverse systems
is the assembly of meaningful biodiversity data.
The extraordinary high species richness and the
low availability of taxonomic and ecological in-
formation for most of the species forces eco-
logical studies in tropical rainforest ecosystems
to target well-known taxa, e.g., woody plants
(Homeier et al., 2010), or taxa such as ants or
birds that occupy different trophic levels within
the food webs (Gerlach et al., 2013; Kati et al.,
2004; Schuldt et al., 2014; Sekercioglu et al., 2016;
Tiede et al., 2017; Donoso and Ramoén, 2009).
Most RS-based diversity research has focused
on measures of alpha-diversity and has ignored
community structure. Changes in species com-
position along environmental gradients are mea-
sured by a variety of metrics of species turnover,
ranging from dissimilarity measures to scores
along ordination axes (Socolar et al., 2016; Whit-
taker, 1972; Brehm and Fiedler, 2004). Vari-
ous studies have shown that the composition of
species usually provides detailed information on
habitat characteristics (Banks-Leite and Cintra,
2008; Cintra and Naka, 2012; Farwig et al., 2014;
Miller et al., 2009; Thiollay, 1994). RS-based

habitat indicators might improve predictions of
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species turnover as spectral distances are, for
example, strongly correlated to patterns of floris-
tic species composition among sites in Ecuado-
rian Amazonia (Tuomisto et al., 2003). Unfor-
tunately, the computation of spectral distances
and species similarities among sites and the map-
ping of distance-based species turnover is time
consuming because the number of spectral dis-
tances increases with the square of the number
of sampled sites (Rocchini et al., 2016). A num-
ber of studies, therefore, have assessed species
turnover using ordination techniques (Farwig
et al., 2014; Feilhauer and Schmidtlein, 2009; Gu
et al., 2015; Muenchow et al., 2013; Wallis, 2016).
For instance, Feilhauer and Schmidtlein (2009)
performed a detrended correspondence analysis
to identify different gradients in the composition
of vegetation. Scores of sites along the ordina-
tion axes that represent these environmental
gradients were regressed against topographical
and spectral metrics calculated for the sites. Or-
dination techniques, therefore, might be the su-
perior choice to assess species turnover when
RS information are used to produce continuous
maps of environmental gradients, e.g., the com-
positional change of bird species along habitat
structure (Wallis, 2016).

Here, we investigated models that consider
species richness and ordinations of composi-
tional change using non-metric multidimen-
sional scaling (NMDS) as a measure of species
turnover of trees, moths (Pyraloidea, Geometri-
dae, Arctiinae), ants, and birds in a tropical
mountain rainforest ecosystem. We fitted par-
tial least-squares regressions for all taxa and
diversity measures separately by assessing to-

pographical metrics derived from a digital ele-

vation model and image texture metrics derived
from an airborne multi-spectral sensor. Our aim
was to compare the predictability of species rich-
ness and species turnover across the six taxa. We
identified differences among the selected taxo-
nomic groups and examined which combination
of habitat indicators served well for each taxo-
nomic group as well as for the selected diversity
measure. Our findings provide guidelines for
the development of a RS-based indicator system
for monitoring biodiversity in response to envi-

ronmental changes in complex tropical forests.

3.2 Data and Methods

3.2.1 Study area

The study area is located in southeastern
Ecuador, an area known for its high climatic and
environmental heterogeneity and high levels of
species richness with numerous endemic taxa
(Bendix and Beck, 2016; Brehm et al., 2016, 2008;
Tapia-Armijos et al., 2015; Werner and Homesier,
2015, Figure 3.1). The climate is humid through-
out the year, with mean annual precipitation be-
tween 2,200 mm at elevations of ~1,000 m a.s.l.
and 4,500 mm at ~3,000 m a.s.]. Mean annual
air temperature decreases from 20° C at ~1,000
m a.s.l, to 15.5° C at ~2,000 m a.s.l,, to 9.5° C at
~3,000 m a.s.l. (Beck et al., 2008; Bendix et al.,
2008). Precipitation peaks from June to August,
and the period from December to February is
relatively dry (Beck and Kottke, 2008; Bendix
et al., 2006).

Topographical complexity, heterogeneity of
climate regimes along the elevational gradient,
and anthropogenic disturbances have formed

various forest types: evergreen premontane
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Figure 3.1: A) Study sites and B) plots of all taxa sampled, covering different elevation levels and environmental
gradients. A) Color images represent the true color composite of SIGTIERRAS orthophotos; gray areas are non-
vegetation areas or mask out pixels where the sensors signal was low owing to casted shadows. B) The number of
samples (n) stratified along the elevational gradient for each taxon.

forest (<1,300 m a.s.l., Bombuscaro site), ev-
ergreen lower montane forest (between 1,300
and 2,100 m a.s.l., San Francisco site), and ev-
ergreen upper montane forest (> 2,100 m a.s.L.,
San Francisco and Cajanuma sites), with charac-
teristic subtypes along valleys, ravines, ridges,
and anthropogenic replacement systems (Home-
ier et al., 2008). These forest types differ in
species richness, floristic composition, and struc-

tural characteristics, e.g., canopy height de-

nomic groups sampled on different forest plots
and elevations in the Reserva Biologica San
Francisco, or additionally at Bombuscaro and
Cajanuma which are parts of the Podocarpus
National Park (Figure 3.1; Table 3.1). Outside
the protected lands in the study area, the for-
est has been mostly converted during the last
few decades to pastures or further degraded
to bracken-infested areas (Curatola Fernandez
et al., 2015; Tapia-Armijos et al., 2015).

creases with elevation. We focused on taxo-
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3.2.2 Sampling of taxa

All woody plants (including palms and arbores-
cent ferns) with a diameter at breast height (dbh)
>5 c¢m and a height >1.3 m were sampled on 50
permanent plots each covering 20 m x 20 m be-
tween 2007 and 2008 (Wallis and Homeier, 2017).
GPS points were taken in the middle of each plot.
All plots were located in mature forest with-
out visible human disturbance. Tree individuals
were identified to the species or morphospecies
level when possible.

Nocturnal moths were sampled on 20 plots
during three periods between 1999 and 2000
using light traps equipped with two backlight
15 W tubes operated between 18:30 and 21:30
local time (UTC-5:00; Brehm, 2002; Brehm and
Fiedler, 2010; Suessenbach, 2003; Suessenbach
and Fiedler, 2010a,b). Catches were restricted
to periods from three days after full moon un-
til five days before full moon. Specimens were
sorted to morphospecies within three diverse
taxa: geometrid moths (Geometridae), pyraloid
moths (Pyraloidea), and arctiinae moths (Ere-
bidae: Arctiinae). Previous analyses of the same
samples have shown that these taxa differ in
diversity patterns, body size, host plant affilia-
tions, and other traits (Fiedler et al., 2008). To
account for such differences, we treated these
taxa separately to compare the predictability of
biodiversity patterns among putatively rather
homogeneous groups of insects.

Ants (Formicidae) were sampled on 27 plots
in two seasons in 2014 using a rapid assessment
method with nutrient baits following Peters et al.
(2014) and described in detail in Tiede et al.
(2017) and Wallis (2016). In short, we exposed
six different nutrient baits [H20, NaCl, CHO (su-

crose), protein (glutamine), CHO-protein mix,
and lipids (olive oil)] in the wet and the dry
seasons. The ant fauna of Ecuador consists
of species that are taxonomically poorly de-
fined (Salazar et al., 2015). Therefore, we built
a COI (mitochondrial cytochrome c oxidase I)
barcode reference library that aided us to refine
our morphology-based identification framework
(Tiede et al., 2016b; Dominguez et al., 2016; Tiede
et al., 2017). For analysis, ant species collected
in the two seasons were pooled.

Bird species occurrence was assessed on 30
plots in the study area under favorable weather
conditions at 6:00 - 10:00 and 16:00 - 18:00
(UTC-5:00) between 2000 and 2002 (Paulsch and
Miiller-Hohenstein, 2008; Paulsch and Wallis,
2016). Standardized point counts (30 min) were
repeated 12 times on each plot and combined
with mist-netting data to comprehensively as-

sess bird assemblages.

3.2.3 Diversity measures

For each taxon, we calculated species richness
and aspects of species turnover with the follow-
ing considerations. In species-rich communities,
the number of species recorded in a sample de-
pends on the number of sampled individuals
(Colwell et al., 2012). The number of moth indi-
viduals attracted to light traps, for example, de-
pends on light conditions and temperature (Beck
et al., 2011). In the study area, the number of
tree individuals varied considerably across plots,
which led to a bias in observed species numbers.
Thus, we estimated species richness for trees
and all moth taxa at a coverage of 70% of the
expected total species richness using rarefaction

and extrapolation as recommended by Colwell
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Table 3.1: Summary of basic information on sampling of the investigated taxonomic groups. See also Figure 3.1.

Taxonomic Total no. Min. no. of Max. no. of
Year Method . . . . .
group of species  species per site  species per site
Trees 2007, 2008 Counts on 443 12 41
20m X 20 m

Geometridae 1999, 2000 Light traps 1,223 135 296
Pyraloidea 1999, 2000 Light traps 753 62 315
Arctiinae 1999, 2000 Light traps 443 34 149
Ants 2014 Nutrient baits 88 1 25
Birds 2000, 2001, 2002  Point counts (30 min) 147 14 46

et al. (2012) using the function estimateD in the
R package iNext (Hsieh et al., 2016; R Core Team,
2016, for statistics see Appendix B Table B.1).
We characterized the change in species com-
position (S-diversity) across plots for each taxon
using ordination. For each taxon, we calculated
pair-wise Bray-Curtis dissimilarities using pres-
ence/absence data between all plots for which a
species list of the respective taxon was available.
Subsequently, we performed NMDS using the
R function metaMDS in vegan. The stress value
for two-dimensional ordinations of all taxa was
< 0.2 (Appendix B Table B.2), which indicates
an appropriate NMDS solution. We extracted
the site scores for the two dimensions. Both
dimensions (NMDS I and NMDS 1II) are a numer-
ical measure of the compositional change in the

community across all plots.

3.2.4 Preprocessing of multi-spectral

orthophotos

Within the framework of the Ecuadorian pro-
gram ’National System of Information on Rural
Lands and Technological Infrastructure’, a dig-
ital elevation model (DEM) with a spatial reso-
lution of 3 m and ortho-rectified images with a
resolution of 0.3 m and four spectral bands (red,

green, blue, near-infrared) were recorded during

three flight campaigns in 2010 and 2011 under
favorable weather conditions in our study area
(Ministerio de Agricultura, Ganaderia, Acuacul-
tura y Pesca; Proyecto Sistema Nacional de In-
formacion y Gestion de Tierras Rurales e In-
fraestructura Tecnoldgica — SIGTIERRAS). We
resampled the DEM and orthophotos to 6 m spa-
tial resolution to match the size of canopy tree
crowns. However, mountains and the airborne
multi-spectral sensor, which flew at a low height,
both casted shadows that appeared in orthopho-
tos. We thus had to mask out those regions
where shadows could not be corrected owing to
a low contrast of the sensor. These areas were
detected using the hillshade tool in the ’spatial
analyst’ of ArcGIS (version 10.3). Furthermore,
we corrected the orthophotos topographically in
a Java environment following Curatola Fernan-
dez et al. (2015). A problem of our procedure is
the time lag between taxon sampling and image
recording. The change of tree communities is,
however, generally slow, and the protected for-
est habitats investigated (Podocarpus National
Park and Reserva Bioldgica San Francisco) did
not substantially change between the sampling
of birds in 2000-2002 and the recording of or-
thophotos in 2010-2011 (Curatola Fernandez
et al., 2015; Thies et al., 2014). In addition, all in-
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vestigated plots of the older sampling campaigns
plotted on the digital orthophotos were situated
in what appeared to be intact forest, and a vi-
sual interpretation of the digital orthophotos of
the study area did not reveal disturbances (e.g.,
caused by landslides) or human-induced habitat
changes, such as deforestation.

We used indicators derived from topography
and textural information of RS images for char-
acterizing topographical complexity, vegetation
structure and habitat heterogeneity. For the
indicators derived from topography, we used
three topographical metrics, namely the DEM,
the slope calculated in degrees (SLOPE), and a
Topographical Position Index (TPI) using the
raster package in R (Hijmans et al., 2015, Ta-
ble 3.2). The TPI was calculated according to
Wilson et al. (2007) with a surrounding of 17
pixels; this TPI compares the elevation of a pixel
with the mean elevation of its environment.

For the indicators derived from textural infor-
mation, we used the near-infrared (NIR) band
and two vegetation indices, namely the normal-
ized difference vegetation index (NDVI), which
is based on the red and NIR bands, and an ap-
proximation of the anthocyanin reflectance in-
dex (ARI), which is based on the red and blue
bands of the multi-spectral orthophotos (Ta-
ble 3.3).

3.2.5 Habitat indicators

We used indicators derived from topography and
textural information of RS images for charac-
terizing topographical complexity, vegetation
structure and habitat heterogeneity. For the
indicators derived from topography, we used

three topographical metrics, namely the DEM,

the slope calculated in degrees (SLOPE), and
a Topographical Position Index (TPI) using the
raster package in R (Table 2; Hijmans et al., 2015)
The TPI was calculated according to Wilson et al.
(2007) with a surrounding of 17 pixels; this TPI
compares the elevation of a pixel with the mean
elevation of its environment.

For the indicators derived from textural infor-
mation, we used the near-infrared (NIR) band
and two vegetation indices, namely the normal-
ized difference vegetation index (NDVI), which
is based on the red and NIR bands, and an ap-
proximation of the anthocyanin reflectance in-
dex (ARI), which is based on the red and blue
bands of the multi-spectral orthophotos (Ta-
ble 3.3).

We chose these indices to account for different
vegetation properties that might shape the habi-
tats of our study sites. Both the NIR band and
the NDVI are often used as a proxy for biomass
or to account for primary productivity (Huete
et al., 1997). ARI accounts for the accumula-
tion of anthocyanin pigments in leaves (Gitel-
son et al., 2001; Sims and Gamon, 2002). Based
on the NIR band, NDVI, and ARI, we calculated
texture metrics derived from the gray-level co-
occurrence matrix using the glem package in R
(Zvoleft, 2015). Among various texture statis-
tics, we applied the statistics ‘'mean’, ’correla-
tion’, and ’entropy’ because we identified them
as the most uncorrelated ones (Haralick, 1979, ;
Appendix B Table B.3). We used a moving win-
dow size of 17 pixels x 17 pixels matching a sur-
rounding of 102 m x 102 m to account for textu-
ral information within a relatively broad spatial
scale. The image textural approach resulted in

nine texture metrics. We also calculated texture
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metrics derived from a second moving window
(3 pixels x 3 pixels, 18 m x 18 m) to account for
differences among taxa with regard to the spa-
tial scale of their habitat demands, subsequently
used as additional metrics in a second model
approach (Appendix B Table B.5).

All topographical and texture metrics were
extracted for the corresponding plots and poly-
gons, respectively, of each taxon. To avoid ran-
dom noise (pixel values with no relation to the
image scene) in predictor images, we extracted
the mean of all spatial predictor variables within
polygons for ant samples, and we extracted the
mean of all spatial predictor variables within a
buffer of 10 m around each sample point for the

remaining taxa.

3.2.6 Statistical approach

For the core analysis, we performed partial least-
squares (PLS) regressions to model diversity
measures for each taxon using textural and to-
pographical metrics. PLS regressions were de-
veloped for situations where a low number of
samples has to be modeled against a large num-
ber of inter-correlated predictor variables (Car-
rascal et al., 2009). To reduce the number of pre-
dictors and to deal with multi-collinearity, PLS
regression models derive latent vectors from the
predictors that explain the maximum variance

of the response variable. Even though this re-

gression is a reliable method, the generation of
latent vectors by the PLS algorithm is unfortu-
nately a black-box procedure. Since the struc-
ture of latent vectors would change if predictors
are added or removed, no precise information
on the explained variance of single predictors
can be made. Therefore, the possible variety of
statistically reasonable predictor combinations
could lead to different conclusions about the
relationship of species diversity and habitat in-
dicators. We chose those models with the lowest
prediction error and subsequently discussed the
ecological meaning of these models using the
most important predictors.

We used the autopls package in R (Schmidtlein
et al., 2012), which implements a variable selec-
tion to reduce the size of the set of predictor vari-
ables. At the same time, the variable selection
reduces computation time, and improves both
model performance and interpretability (Ander-
sen and Bro, 2010). This optimization procedure
was based on a filter combining significance of
predictors estimated by jackknifing and vari-
able importance in the projection (VIP). The VIP
scores are based on the weighted sums of the ab-
solute regression coefficients across the number
of latent vectors (Chong and Jun, 2005).

Following our proposed aims, we fitted mod-
els for species richness and the two NMDS axes

characterizing species turnover to compare their

Table 3.2: Topographical metrics used in addition to texture metrics to fit models which predict diversity of

sampled taxa.

Topographical metrics Abbr.  Metric description

Elevation DEM  Digital elevation model

Slope SLOPE Gradient of DEM in degree

Topographical Position Index TPI After Wilson et al. (2007) with a surrounding of 17 pixels
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Table 3.3: Optical band and vegetation indices used as base layers for the calculation of texture metrics (see

Appendix B Table B.3).

Optical metrics Abbr.  Metric description

Near infra-red band NIR Pre-processed near infra-red band

Normalized difference vegetation NDVI (NIR - red) / (NIR + red), sensitive to chlorophyll pigments
index

Anthocyanin reflectance adjusted ARI (red - blue) / (red + blue), sensitive to anthocyanin

index

performance using the leave-one-out (LOO) val-
idated R2. For all models, we tested the regres-
sion residuals for spatial autocorrelation using
Moran’s I with a neighborhood of five neigh-
bors, but we did not find a significant autocor-
relation of the residuals in any of the models
(p < 0.05). To identify both the most important
predictors for each model and an overall trend
among species richness and turnover, we used
VIP values as a measure of predictor importance,
and regression coefficients as a measure of pre-
dictor influence (Chong and Jun, 2005). In gen-
eral, special emphasis is put on the VIP values
greater than one, since the average of squared
VIP scores equals one (Mehmood et al., 2012).
However, to consider a model-specific VIP cutoff
and to facilitate the interpretation of predictor
variables, we placed emphasis on all VIP scores
greater than the third quartile of all VIP obser-

vations in each model.

3.3 Results

3.3.1 Species diversity measures

In general, the composition of species along
NMDS axes is often related to species rich-
ness. However, we found significant correla-
tions only between species richness and NMDS

I for pyraloid moths (r = 0.82, p < 0.01) and a cor-

relation between species richness and NMDS II
for ants (r = 0.66, p < 0.01). Since the three moth
taxa were sampled on the same plots, we were
able to test for correlations between diversity
measures of these taxa. Measures of species
richness showed no significant correlations be-
tween moth taxa, but correlations were found
for NMDS I (r>|0.95| in all three cases; p < 0.01)
and for NMDS II (r>0.81; p < 0.01).

3.3.2 Predictive power of diversity models

The predictability of species richness highly var-
ied among taxa, ranging from 4% of explained
variance for arctiinae moths to 78% for ants (Ta-
ble 3.4). When image textures from a different
window size (3pixels X 3 pixels; 18 m x 18 m)
were used as additive predictors (Appendix B Ta-
ble B.5), the predictive power of species richness
of trees and birds increased significantly from
12% to 22% and from 13% to 27%, respectively.
In contrast to species richness, the models of
NMDS I showed universally high LOO-validated
R? values for all six taxa, ranging from 0.64
(birds) to 0.98 (trees; Table 3.4). NMDS II showed
more variation in model performance among
taxa than NMDS I, and ranged from 33% of ex-
plained variance for trees to 74% for pyraloid
moths (Table 3.4).
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Table 3.4: Results of partial-least squares regressions with implemented backward selection and leave-one-out
(LOO) cross validation for the three diversity measures and all studied taxa using a set of spatial predictors (n = 12).

LV = latent vector.

Species diversity Taxonomic group ~ R?> LOOR? No. of LVs No. of predictors
measure
Trees 0.30 0.12 2 8
Pyraloidea 0.84 0.72 4 7
Species richness Geometridae 0.75 0.57 4 5
Arctiinae 0.40 0.04 2 7
Ants 0.85 0.78 2 10
Birds 0.33 0.13 1 4
Trees 0.99 0.98 7 9
Pyraloidea 0.96 0.94 2 2
NMDS Geor??etridae 0.96 0.90 3 8
Arctiinae 0.97 0.89 6 12
Ants 0.94 0.89 4 7
Birds 0.78 0.64 3 9
Trees 0.41 0.33 2 3
Pyraloidea 0.95 0.74 6 8
Geometridae 0.94 0.71 9 12
NMDS I Arctiinae 0.78 0.64 2 8
Ants 0.74 0.63 2 9
Birds 0.59 0.45 2 7

3.3.3 Predictor importance and influence

The species richness of both pyraloid moths
and ants increased with decreasing DEM val-
ues and, in addition, that of ants increased with
increasing ’entropy’ texture of ARI, while that of
pyraloid moths increases with decreasing ‘'mean’
texture of ARI (Figure 3.2). By contrast, DEM
was not included in the models of geometrid
moths and arctiinae moths, and it showed low
importance in the models of trees and birds (VIP
values < 3rd quartile, Figure 3.2). The species
richness of these taxa increased with increas-
ing ‘'mean’ and ’entropy’ texture metrics. Tree

species richness was negatively associated with

the TPI and positively associated with the ’en-
tropy’ statistics of the NIR band (Figure 3.2).
Since NMDS I and II are based on ordinations,
the direction of predictor influence is arbitrary.
NMDS I of all taxa except ants was predicted by
DEM,; for pyraloid moths, DEM and TPI were
the only predictors (Figure 3.2). NMDS I of bird
species was also predicted by SLOPE and the
texture ’correlation’ of ARI, whereas NMDS I
of trees, geometrid moths, and arctiinae moths
was also predicted by additional ‘'mean’ and ’en-
tropy’ texture statistics. For trees, NMDS II was
predicted by TPI, while DEM and 'mean’ and
‘entropy’ texture statistics together predicted
NMDS 1II of ants (Figure 3.2). NMDS II of all
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ectotherms animals was predicted by ’entropy’
texture metrics of NDVL

3.4 Discussion

Our models revealed considerable variation in
the ability of habitat indicators to predict species
richness across the six taxa studied. Four out
of six taxa were predicted by RS texture met-
Our
models also revealed the high predictability of

rics, largely independent of elevation.

species turnover assessed by NMDS ordination

of all six taxa. A combination of elevation and

taxon-specific texture metrics explained species
turnover along an elevational gradient, and tex-
ture metrics, particularly ’entropy’ texture met-
rics, explained species turnover along more sub-

tle, local changes in habitat structure.

3.4.1 Species richness and elevation

Considering the well-documented response of
ectotherms to temperature (e.g., McCain and
Grytnes, 2010), it is not surprising that the
number of species of pyraloid moths and ants
decreased with increasing elevation. Conse-

quently, elevation is a good proxy for the ther-
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mal gradient (Fries et al., 2009), but also precipi-
tation and water logging increase (Beck and Kot-
tke, 2008; Fries et al., 2014) and soil fertility and
N availability decrease with increasing elevation
(Wolf et al., 2011). In comparison with PLS re-
gression models using "topography only’ as pre-
dictor variables (Appendix B Table B.6), topogra-
phy would suffice to explain species richness of
pyraloid moths, and models for ants slightly ben-
efited from the inclusion of additional texture
metrics. In combination with elevation, textural
information provided further facets of the envi-
ronment to model additional variance in species
richness, such as ’entropy’ statistics of ARI for
ants. ARI accounts for the accumulation of an-
thocyanin pigments in leaves (Gitelson et al.,
2001; Sims and Gamon, 2002). Anthocyanin pig-
ments are generally higher in senescent leaves
but occur also as protection against herbivory
mostly in young leaves (Karageorgou and Mane-
tas, 2006), and might protect against UV radia-
tion (Caldwell, 1981; Steyn et al., 2002). Gener-
ally, tropical mountain regions have high UV-B
levels, which increase with altitude and canopy
openness (Flenley, 2011). ’Entropy’ statistics
account for the degree of disorder (Haralick,
1979) and thus high values of ’entropy’ ARI de-
pict a higher vegetation heterogeneity some-
how related to anthocyanin pigments in canopy
leaves. In addition, ’entropy’ ARI decreased with
a higher C/N ratio in plant tissues (r = -0.55,
p < 0.01; Appendix B Table B.4), which is a proxy
for N availability in forest soils that is related
to nutrient use efficiency of plants (Wolf et al.,
2011). Therefore, this texture metric might be
an important indicator of nutritional quality of

foliage for herbivores.

3.4.2 Species richness and habitat

structure

Species richness of trees, geometrid and arcti-
inae moths, and birds showed no significant re-
sponse to elevation, and models using "topogra-
phy only’ as predictor variables were weak or
even failed to explain the variability of species
richness (Appendix B Table B.6). This indi-
cates that information from topography can-
not predict the diversity of these taxa succes-
sively, which confirms the findings regarding
species richness of geometrid moths in Brehm
et al. (2016).

Species richness of trees, geometrid moths,
arctiinae moths and birds was better predicted
by textural predictors, such as ‘mean’ NIR
for geometrid moths and birds, and ’entropy’
NDVI/ARI for arctiinae moths. For our study
area, Pearson correlations suggested that ‘'mean’
and ’entropy’ texture metrics were equal or even
more highly related to site-based forest produc-
tivity data (r = 0.40—-0.78, p < 0.01) than topo-
graphical metrics (r = 0.38--0.64, p < 0.01; Ap-
pendix B Table B.4). We suppose that ’entropy’
statistics of the NIR band and NDVI thus depict
a high diversity of vegetation types. This habi-
tat heterogeneity, which is probably related to
a high structural complexity in ravine forests
or forest edges, might support more coexisting
species.

Particularly the predictability of geometrid
moths that explains 57% of species richness
should be noted because earlier studies that
assessed only the effects of temperature or el-
evation revealed much less predictive power
(max(|r]) = 0.29, p > 0.24, Brehm et al. 2016; RZ =
0.0243, p>0.488, Fiedler et al. 2008). As suggested
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in Stein et al. (2014), habitat heterogeneity might
be more important for certain herbivores than
climatic or topographical heterogeneity since
different clades of moth species have developed
distinct biological features to cope with environ-
mental factors such as temperature (Braga and
Diniz, 2015). By contrast, arctiinae moths com-
prise a speciose clade of which a large amount of
caterpillar species are not classical herbivores as
they feed on dead or withered leaves or epiphylls
(Bodner et al., 2015; Seifert et al., 2016). There-
fore, it is not surprising that neither topograph-
ical nor texture metrics as proxies for habitat
heterogeneity (dominated by tree crowns) were
able to model the species richness of arctiinae
moths successively.

Although the predictability of species rich-
ness of trees and birds was low, we showed that
it significantly increased when texture metrics
of multiple window sizes were used (Appendix
B Table B.5), as recommended by Mairota et al.
(2015) to match the approximate scale of activity
(e.g., home ranges) among species of the tar-
geted taxonomic group. Birds were sampled
only along a short stretch of the elevational gra-
dient (700 m; Figure 3.1), which might cause a
higher dependence of species richness on habi-
tat heterogeneity than on topography. How-
ever, general patterns of bird species richness
remain unclear because of contrasting results
obtained in tropical forests along elevational gra-
dients, ranging from increasing bird species rich-
ness with higher habitat heterogeneity (Wallis,
2016), to decreasing species richness with in-
creasing elevation (Jankowski et al., 2013), to
a hump-shaped relationship between elevation

and species richness (Herzog et al., 2005).

Our models of tree species richness were as-
sociated with negative TPI values that represent
locations that are on average lower in elevation
than its surrounding and that have lower val-
ues of “correlation’ NDVI, which indicated areas
of uniform NDVI values. Thus, in accordance
with Werner and Homeier (2015), higher tree
species richness might occur in valleys where
the canopy is higher and denser (= high leaf area
index) representing higher soil nutrient avail-
ability compared to upper slopes and ridges. The
low to moderate predictive power of tree species
richness found in this study and in earlier stud-
ies that assessed multispectral RS metrics (e.g.,
Fricker et al., 2015) lead to the need for infor-
mation on more subtle variance in either habi-
tat characteristics or the spectral response of
woody plant species in the canopy. Variables
derived from RS information with higher spec-
tral resolution, as recommended by Asner and
Martin (2011), have been successfully used to
model tropical tree alpha-diversity (Féret and
Asner, 2014; Schéfer et al., 2016). For exam-
ple, Vaglio Laurin et al. (2014) have shown that
hyperspectral data explain up to 84.9% of the
alpha-diversity of upper canopy trees in a West
African forest, whereas common vegetation in-
dices yield poor results. We therefore propose
that pigment-related hyperspectral data would
be more successful in modeling tree species rich-
ness than habitat heterogeneity assessed with

image texture metrics.

3.4.3 Species turnover along

environmental gradients

Models for species turnover showed far higher

predictive power among all taxa than models
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for species richness. The scores along the first
NMDS axis were strongly associated with el-
evation. By contrast, the scores of the second
NMDS axis showed a response to the elevational
gradient only for ants. Species have evolved spe-
cific adaptations to climatic zones that influence
their distribution (Angilletta Jr., 2009, for ants,
e.g. Bishop et al. 2015; for geometrid moths, e.g.,
Brehm et al. 2003; for other moths species, e.g.,
Fiedler et al. 2008). Thus, it is not surprising
that the elevational gradient is crucially impor-
tant for the compositional change (Guerin et al.,
2013). It is obvious that other factors besides ele-
vation influenced the composition and turnover
of the investigated assemblages, but our results
underline the importance of elevation for shap-
ing an important part of species turnover of al-
most all taxa, from primary producers to herbi-
vores, detritivores, and predators. The scores of
the second dimension of NMDS ordination (for
ants, the first NMDS axis) indicated a change in
species composition predicted by texture met-
rics that characterize local habitat heterogeneity.
Assemblages of all taxonomic groups of moths
and ants changed with primary productivity and
habitat heterogeneity (’entropy’ NDVI), or in
the case of arctiinae moths, with variation in
ARI, which is related to the C/N ratio in un-
derstory plant tissues. This might explain the
small-scaled compositional change in species as-
semblages along forest edges or glades to forests
with a higher canopy cover, as observed in the
study area for a range of organisms (Brehm et al.,
2003; Hilt and Fiedler, 2006; Hilt et al., 2006; Wal-
lis, 2016). Thus, the second ordination axis ap-

pears to account for compositional variation of

communities along a habitat structural gradient,

largely independent of elevation.

3.4.4 Conclusions

Indicator applications differed among both the
taxa and diversity measures studied owing to
distinct variation in patterns of species distribu-
tion. Species richness models of trees, geometrid
moths, and birds highly benefited from integrat-
ing RS-based texture metrics. By contrast, topo-
graphical metrics sufficiently modeled species
richness of pyraloid moths and ants. Models
of species turnover can be constructed across
taxonomic groups with far higher predictability
than models of species richness. The two ordi-
nation axes effectively separated compositional
change along the elevational gradient (NMDS
I) from more subtle, changes in habitat struc-
ture, which were surrogated by RS-based texture
metrics (NMDS II). However, we have to stress
that the interpretation of causal relationships
between RS texture metrics and species diver-
sity is sometimes difficult and that field based
inventories are still necessary to calibrate RS
proxies. In addition, airborne RS missions are
often not repeated and thus lack a temporal as-
pect, which is essential for recurrent monitoring.
We therefore recommend to obtain habitat indi-
cators from upcoming missions of satellites with
a fine to moderate spatial and temporal resolu-
tion (e.g., Sentinel-2 mission; Drusch et al., 2012),
which would allow the generation of cloud-free
composites for different time spans. Hence, tex-
tural information derived from future satellite
missions as habitat indicators would allow mon-
itoring species diversity of a range of taxa suc-

cessively in space and time.
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Chapter 4 Modeling forest biomass, productivity and canopy traits with multispectral data

Abstract

Remote sensing allows modeling of variables related to spatial patterns of carbon stocks and
fluxes. However, at the landscape scale, most studies conducted so far are based on airborne
remote sensing data such as Airborne Laser Scanning (ALS) surveys. In contrast, multispectral
satellite data with an appropriate life span and repetition rate are limited to modeling biomass,
productivity or canopy traits at the landscape scale due to their spectral or spatial resolutions.
However, image textures as proxies for the habitat structure might improve current approaches
using multispectral satellite data. Here, we investigated the relationship between multispectral
remote sensing metrics at medium spatial resolution and forest biomass, its productivity and
selected canopy traits of a tropical montane forest. To train and validate the models, in situ
data were sampled in 54 permanent plots in forests of southern Ecuador distributed within three
study sites at 1000 m, 2000 m and 3000 m a.s.l. Topographical, spectral and textural metrics
were derived from the Aster Elevation Model and a Landsat-8 OLI image. We used partial least
squares regressions to model and predict all response variables. Along the whole elevation
gradient, biomass and productivity models explained 31%, 43%, 69% and 63% of the variance
in aboveground biomass, annual wood production, fine litter production and aboveground net
primary production, respectively. Regression models of canopy traits measured as community-
weighted means explained 62%, 78%, 65% and 65% of the variance in leaf toughness, specific leaf
area, foliar N concentration, and foliar P concentration, respectively. Models at single study sites
hardly explained variation in aboveground biomass and the annual wood production indicating
that these measures are mainly determined by elevation. In contrast, the models of fine litter
production and canopy traits explained between 8% and 85% of the variance, depending on the
study site. As spectral metrics, in particular, a vegetation index using the red and green bands
provided complementary information to topographical information, and the model performance
in terms of leaf toughness, biochemical canopy traits and related fine litter production improved.
Although textural metrics were correlated with forest productivity and canopy traits, their benefit
in addition to topographical metrics was marginal. Our findings therefore revealed that fine
litter production and canopy traits are driven by local changes in vegetation edaphically induced
by topography. We conclude that multispectral remote sensing based on operational data on
the landscape scale including spectral metrics (in particular those not related to topography)
is an important tool to model underlying drivers of carbon-related variables, such as fine litter
production and biochemical canopy traits, in topographically and ecologically complex tropical
montane forest.

4.1 Introduction be supported by a quantitative understanding
of biomass, its productivity and key traits of

the species involved (Reich et al., 2012). Trop-

Forest primary production is a key for un- ical rainforests are the most productive terres-

derstanding the interactions between climate trial ecosystems and account for the highest

change and the carbon cycle (Houghton et al, terrestrial net and gross primary production

2009). Spatially explicit estimates of the carbon per unit area (Beer et al, 2010; Moore et al,

stocks and fluxes in forests are a prerequisite 2018). In particular, tropical montane forests

for land use management to mitigate rising car- store higher amounts of biomass along their

bon emissions. Carbon cycling in forests might
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steep slopes than expected (Spracklen and Righe-
lato, 2014). The measurements of the pools and
fluxes of the carbon cycle in these topographi-
cally and ecologically complex ecosystems are
very labor-intensive. Thus carbon cycling in
tropical montane forests is poorly understood
compared to tropical lowland and extratropical
forests (Anderson-Teixeira et al., 2016).

Remote sensing has been frequently used as a
tool to map and monitor variables related to car-
bon sequestration in space and time (Timothy
et al., 2016). Most of these studies are based on
airborne remote sensing sources, such as costly
Airborne Laser Scanning (ALS) or surveys using
hyperspectral imaging (Fassnacht et al., 2014;
Sinha et al.,, 2015). In particular, the use of mul-
tispectral satellite data in tropical rainforests is
rare since frequent cloud coverage hampers the
collection of cloud-free images. Notwithstand-
ing, operational satellite data are advantageous
relative to airborne data since their life span and
repetition rate enables long-term monitoring.
Moreover, medium-resolution satellite images
such as data from the Landsat or Sentinel mis-
sions are freely available (Popkin, 2018).

Estimates of tropical aboveground biomass
(AGB) have been derived from medium resolu-
tion satellite images with differing predictive
power (Lu et al., 2014; Timothy et al., 2016).
Landsat derived metrics explained 25% - 30%
of AGB in tropical forests of Brazil, Malaysia
and Thailand (Foody et al., 2003) and between
43% and 72% of the AGB of commercial forests
in South Africa (Dube and Mutanga, 2015a). At
continental to global scales, multispectral data
has been intensively used to model the produc-

tivity of forests (Song et al., 2013). In particular,

global gross and net primary production (NPP)
products from the Moderate-resolution Imag-
ing Spectroradiometer (MODIS) are widely used
to monitor primary production at broad scales
(Robinson et al., 2018; Turner et al., 2006; Yin
et al., 2017; Zhang et al.,, 2009). An improved
product of gross primary productivity and NPP
at finer resolutions for the United States has
been developed by Robinson et al. (2018) using
Landsat images. These estimations, however,
have limited predictive power in tropical for-
est regions at the landscape scale. Therefore,
an improved understanding of the relationship
between multispectral remote sensing data in
addition to tropical forest biomass and produc-
tivity is necessary at the landscape scale.

As proposed by Finegan et al. (2015) and
Coops (2015), estimates of forest productivity
can be also derived through remotely sensed fo-
liar leaf traits. Recent studies investigated the
composition of stands with respect to functional
leaf traits such as specific leaf area (SLA) or fo-
liar leaf nutrients as potential driver of tropical
AGB and NPP (e.g., Mercado et al., 2011; Reich
et al., 2012). Fyllas et al. (2017) suggested that
spatial variations in canopy traits can surrogate
the spatial variation in productivity along an
elevation gradient in the Amazon-Andes. In par-
ticular, the SLA, leaf nitrogen concentration and
the force to tear the leaf are important predic-
tors for annual biomass increments in three dif-
ferent tropical rainforests (Finegan et al., 2015).
Accordingly, a variety of remote sensing stud-
ies have focused on recording leaf traits to ac-
cess ecosystem processes and services at various
scales (Martinez et al., 2016). To match the scale

of field based leaf traits and remote sensing met-
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rics, leaf traits are averaged and weighted per
forest stand (community-weighted mean, CWM;
Homolova et al., 2013).

Similar to AGB and NPP, CWMs of leaf traits
(hereafter canopy traits) are generally retrieved
from hyperspectral sensors (Homolova et al.,
2013). A few studies have demonstrated that
multispectral satellite data at medium spatial
resolutions can be used to model morphologi-
cal canopy traits such as LAI or SLA (e.g., Ali
et al., 2017; Middinti et al., 2017) in addition to
biochemical canopy traits (Lepine et al., 2016;
Shiklomanov et al., 2016). Canopy traits, how-
ever, are often intercorrelated (Reich et al., 1999;
Wright et al., 2005, 2004). Maximizing photo-
synthesis codetermines also the properties of
the leaves that influence the spectral reflectance,
such as foliar chlorophyll, N and P concentra-
tions (Baraloto et al., 2010; Falster and West-
oby, 2005). This led us to the hypothesis that
photosynthesis-related spectral metrics such as
the enhanced vegetation index (EVI) can predict
canopy traits even if they are missing a specific
spectral signal or generally cannot be retrieved
using coarse-spectral-resolution data.

Regarding forest stands with a high biomass,
prior studies often found a saturation effect of
the spectral signal with high amounts of biomass
or canopy traits (Asner and Martin, 2008; Huete
et al., 1997; Lu et al., 2012; Zhao et al., 2016).
It has been shown that the inclusion of image
textures used in addition to the spectral signal
improves the estimation of variables character-
izing forest structure (Wood et al., 2012; Wulder
et al., 1998) and aboveground biomass (Kelsey
and Neff, 2014; Maack et al,, 2015). In general,

image textures represent the structure of an im-

age considering the spatial organization of spec-
tral information. At medium spatial resolutions,
image textures have been used not only to dis-
tinguish patterns of among-habitat vegetation
structure (Wood et al., 2012) but also to pre-
dict forest biomass (Safari and Sohrabi, 2016).
According to their success within vegetation
studies, textural information extracted from re-
mote sensing images might therefore address
the relationships of canopy structure with forest
biomass, productivity, and canopy traits more
effectively than point-based vegetation indices.

Here, we investigated the potential of multi-
spectral remote sensing data to predict forest
AGB, productivity and selected canopy traits in
tropical montane forests of southern Ecuador.
As we assume differences in the predictability of
canopy production and the production of woody
biomass, we measured the annual wood produc-
tion (AGB;), fine litter production (FLP) and the
sum of both, aboveground NPP (NPP,), in per-
manent forest plots. In the same plots we sam-
pled canopy leaves to calculate CWMs of leaf
toughness (the force required to punch a leaf),
the SLA, and foliar N and P concentrations as
canopy traits. Remote sensing metrics were de-
rived from Aster Elevation Model data and a
Landsat-8 OLI image, including topographical
information, vegetation indices and their textu-
ral information. We used partial least squares
regression (PLSR) to model AGB, forest produc-
tivity, and canopy traits along an elevation gra-

dient and at individual elevation sites.
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Figure 4.1: (a) Location of the study area within Ecuador (red star); (b) distribution of the three study sites along
the elevational gradient; (c) distribution of permanent plots (yellow rectangles) within Cajanuma, San Francisco
and Bombuscsaro (from left to right). Background layer: (b) Aster elevation model and (c) Sigtierras orthophotos

(see Chapter 1).
4.2 Data and Methods

4.2.1 Study area

The study was conducted in an area of south-
eastern Ecuador known for its high species rich-
ness (Brehm et al., 2008). We focused on three
study sites: Bombuscaro (lat: -78.97204, long:
-4.119909), San Francisco (lat: -79.07320, long:
-3.975525) and Cajanuma (lat: -79.17794, long:
-4.111812), which follow an elevational gradient
(1000 m - 3000 m a.s.l.) and thus gradients of abi-
otic variables (Figure 4.1 a, b). The three study
sites partly overlap with the Reserva Biologica

San Francisco and Podocarpus National Park.

The climate is humid throughout the year, with
a peak in precipitation from June to August and
a drier period from December to February. The
mean annual precipitation ranges between 2200
mm at an elevation of 1000 m a.s.l. (Bombuscaro)
and 4500 mm at 3000 m a.s.l. (Cajanuma; Beck
and Kottke, 2008; Bendix et al., 2006). The mean
annual air temperature decreases from 20°C at
~1000 m a.s.l. to 15.5°C at ~2000 m a.s.l. to
9.5°C at ~3000 m a.s.l. (Beck and Kottke, 2008;
Bendix et al., 2008).

Due to the high vertical and horizontal struc-
tural diversity of these forests, various forest

types have been recognized in the study area: ev-



Chapter 4 Modeling forest biomass, productivity and canopy traits with multispectral data

ergreen premontane forest (<1300 m a.s.l, Bom-
buscaro site), evergreen lower montane forest
(between 1300 m and 2100 m a.s.l., San Fran-
cisco site), and evergreen upper montane for-
est (>2100 m a.s.l, San Francisco and Cajanuma
sites), with characteristic subtypes along val-
leys, ravines, ridges, and anthropogenic replace-
ment systems (Homeier et al., 2008). These forest
types differ in terms of species richness, floris-
tic composition, and structural characteristics,
which in turn should affect their spectral and
textural responses. The area is characterized
by relatively nutrient-poor soils on metamor-
phic schists and sandstones. Nutrient supplies
of nitrogen and phosphorus are slightly better at
lower elevations than on upper slopes and at up-
per elevations (Werner and Homeier, 2015; Wolf
et al., 2011). The decreasing nutrient availability
is reflected by decreasing biomass and produc-
tivity with increasing elevation (Leuschner et al.,
2013; Wolf et al., 2011) and with the topographi-
cal gradient from lower to upper slope position
(Werner and Homeier, 2015).

4.2.2 Data regarding forest productivity

and functional leaf traits

We sampled data regarding aboveground woody
biomass, forest productivity and functional leaf
traits in 54 permanent plots, with 18 plots in
each of the three study sites (Figure 4.1 b, c).
Each plot was 20 m x 20 m. GPS records were
taken in the center of each plot. All plots were
located in mature old-growth forest without vis-
ible signs of human disturbance within the plots
or in their direct surroundings. We calculated
AGB and AGB; from two tree inventories of all

stems >10 cm diameter at breast height (dbh)

in 2008 and 2009 (Leuschner.2013). To calcu-
late AGB, we used the allometric equation for
tropical wet forests proposed by Chave et al.
(2005), which is based on stem diameter, wood
specific gravity (WSG) and tree height as pa-
rameters. WSG estimates for all trees were ob-
tained with a Pilodyn 6] wood tester (PROCEQ
SA, Zuerich, Switzerland) following the method
of Chave et al. (2008).

Total litterfall was collected monthly (bi-
weekly at 1000 m) during one year (5/2008 —
5/2009) using six 60 cm X 60 cm litter traps
within each plot. The samples were dried at 60°C
and weighed. We calculated NPP, as the sum of
annual AGB; and annual FLP (Appendix C Ta-
ble C.1). From the same permanent plots, we col-
lected canopy leaves from a minimum of ten ran-
domly selected trees (> 10 cm dbh; 7=14.2+2.4
per plot) and determined the SLA, leaf tough-
ness, foliar N and foliar P concentrations (for
detailed methods see Baez and Homeier, 2018).
The canopy traits (CWMs of leaf traits) repre-
sent the trait values of an average tree within the
community. We calculated the CWMs of each
trait for each plot by weighting tree species con-
tributions to the plot mean by their basal area
(Appendix C Table C.1; Lavorel et al., 2008).

4.2.3 Remote sensing predictors

A Landsat-8 scene recorded on 11/20/2016 and
four Aster elevation images were used to cal-
culate predictor variables for modeling. The
Landsat scene was acquired as level 2 surface re-
flectance data preprocessed by USGS, including
geometric, radiometric, and atmospheric cali-
brations. We further performed a topographic

correction in a Java environment following Cu-
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Table 4.1: Topographical, spectral and textural metrics. Texture statistics derived from gray level co-occurrence
matrices were calculated based on the three spectral metrics. In the moving window approach, which shifted in all
directions, a 3 pixel x 3 pixel window was employed. In total, three topographical, three spectral and 6 textural
metrics were calculated. We removed metrics that returned NAs. In total 11 metrics remained. NIR = near-infrared.

Predictor set Metrics Abbr. Metric description
= Elevation DEM Digital elevation model
Q
E
&
5 Slope Slope Gradient of DTM in degree
2.
S
Topographical Position Index TPI After Wilson et al. (2007), with a surrounding of 11 pixels
L 2.5 X (NIR band — red band) *
Enhanced vegetation index EVI (NIR band + 6 X red band — 7.5 X blue band + 1)
Ei
k3] s s (red band — green band)
g Red-Green vegetation index ~ RGVI “(red band = green band)
wn
. . (red band — blue band)
Red-Blue vegetation index RBVI iband + blue band)
TSS Entropy EN EN = Z;jl:o pi;(-Inp; ;) **
5
= . N-1 i—ME)(j—ME) | «x
Correlation cC CC = Zi,j:o Dij {%}

* with coefficients derived from the Landsat-8 product guide (Vermote et al., 2016)

*withp;; = Vi ZNA Vi j» where V), is the value in cell i, j and N is the number of rows or columns; with

1,j=0

ME = YN0 (pij) and VA = Zf\;—:lopw(z — ME)?.

1,7=0
ratola Fernandez et al. (2015). All spatial data
were resampled to 30 m per pixel and projected
to UTM 17 South.

To characterize the topography, we used three
topographical metrics, namely, elevation in m
a.s.l. (elevation), slope calculated in degrees
(slope), and a Topographical Position Index (TPI).
The TPI was calculated following Wilson et al.
(2007); this particular TPI compares the eleva-
tion of a central pixel with the mean elevation of
its surrounding, defined as 11 pixels x 11 pixels.
As spectral proxies for greenness and tree health
conditions, we calculated the following vegeta-
tion indices (Table 4.1): the Enhanced Vegetation

Index (EVI), using the Red-Green vegetation in-
dex (RGVI; Wallis, 2016), and the Red-Blue Veg-
etation index (RBVI; Wallis et al., 2017; Wallis,
2016). The latter two are normalized difference
indeces which have successfully been used in
vegetation and biodiversity studies (Motohka
et al., 2010; Wallis, 2016; Wallis et al., 2017). To
account for canopy structure, we calculated the
gray level co-occurrence matrix (glcm) based
image textures. The glem refers to the spatial
variation in reflectance in the image. According
to prior studies, image textures should be able
to model tree canopy cover and foliage height
(Karlson et al., 2015; Wood et al., 2012). We used
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‘entropy’ and "correlation’ statistics based on the
three vegetation indices (Table 4.1). These two
measures are known to be the most uncorrelated
second-order texture measures (Haralick, 1979).
Whereas ’entropy’ statistics derive textures as
a measure of spatial disorder with high values
in homogeneous areas, 'correlation’ statistics
measure the linear dependency of reflectance
within the glem. We applied a 3 pixel x 3 pixel
moving window size to make sure that the win-
dows of close sampling plots did not overlap
for independence reasons. The texture statistic
‘correlation’ sometimes returns no-data values
since the software cannot treat 0 (no correlation)
as the denominator in the ’correlation’ equa-
tion. This was the case for "correlation’ statistics
of the RGVI, which was subsequently excluded
from the further analysis. Image processing of
the topographical, spectral and image textural
calculations was performed in R (R Core Team,
2016) using the raster package (Hijmans et al.,
2015) and the glem package (Zvoleft, 2015).

4.2.4 Statistical methods

We used partial least squares regressions (PLSR)
to model and predict forest biomass, produc-
tivity and canopy traits using the proposed to-
pographical, spectral and textural metrics (Ta-
ble 4.1). We used the autopls package in R
(Schmidtlein et al., 2012). We applied an op-
timization procedure using a filtering based on
thresholds for backward selection, i.e., signif-
icance, variable importance in the projection
(VIP), or both (Chong and Jun, 2005; Mehmood
et al., 2012). The magnitudes of regression coef-
ficients and predictors significance were used to

identify the predictors with the highest impor-

tance. In total, we built eight regression mod-
els for the whole elevation gradient with the
following response variables: AGB, AGB;, FLP,
NPP,, and leaf toughness, SLA, foliar N and fo-
liar P. We subsequently modeled all response
variables at the individual study sites of Bom-
buscaro, San Francisco and Cajanuma to iden-
tify whether topographical, spectral and textural
metrics are able to model the response variables
at individual elevation levels. We compared the
predictability between response variables within
the whole elevation gradient and within single
study sites using the leave-one-out (LOO) vali-
dated R? value (Appendix C Table C.2) and the
root mean square error (RMSE). We mapped all
models and compared them visually. We masked
out non-forest areas using the land cover classifi-
cation published in Géttlicher et al. (2009) since

our models were only targeting forests.

4.3 Results

4.3.1 Models of forest biomass,

productivity and canopy traits

The best subset PLSR models along the whole el-
evation gradient exhibited moderate to high pre-
dictive power (Appendix C Table C.2; Table 4.2):
31% explained variance in AGB, between 43%
and 69% in forest productivity and between 62%
and 78% of variance in canopy traits. The high-
est predictive power among productivity models
was found for the annual FLP (LOO validated
R? = 0.69) with an LOO validated root mean
square error of less than 1 Mg ha™! yr~!. The
models of NPP, explained 63% of the variance,
and AGB; explained 43% of the variance. For

canopy traits, the respective models explained
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Figure 4.2: Observed versus predicted values for all PLSR models. Hollow points = calculated values, filled points
= predicted values. The dashed line represents the 1: 1 line (y=x). Aboveground biomass (AGB) in Mg ha~?, and
variables of forest productivity in Mg ha~! yr~!. Community-weighted means of leaf toughness in kN m~?, of

specific leaf area (SLA) in cm? g—!

and of foliar N and P in mg g~!. Plots for models of individual study sites

are appended (Appendix C Figure C.1 and Figure C.2). AGB; = annual wood production, FLP = annual fine litter
production, NPP, = aboveground net primary production.

62%, 78%, 65% and 65% of the variance in the
CWNMs of leaf toughness, SLA, foliar N and fo-
liar P concentrations

We found that the plots of Cajanuma were
clustered with lower values in biomass, produc-
tivity and canopy traits (except for leaf tough-
ness) than in the other two study sites, as shown
by regression plots of the observed versus pre-
dicted values color-coded by study site (Fig-
ure 4.2). For the leaf toughness, the sampled
plots exhibited higher observed values than for

Bombuscaro and San Francisco.

The PLS regressions of individual study sites
mostly failed to model forest biomass and pro-
ductivity or performed poorly. Only the mod-
els of FLP were able to predict a reasonable
part of observed variance within Bombuscaro
at approximately 1000 m a.s.l. (LOO validated
R? = 0.61) and within San Francisco at approx-
imately 2000 m a.s.l. (LOO validated R? = 0.48;
Table 4.2). The models of canopy traits for indi-
vidual study sites were able to model variations
of CWMs within all study sites. Whereas the

canopy trait models for Cajanuma explained be-
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Table 4.2: Results of partial-least squares regressions (PLSR) with leave-one-out (LOO) cross validation for forest
biomass, productivity and community-weighted mean (CWM) trait values using a set of spatial predictors (Table 4.1).
LOO RMSE values of AGB in Mg ha~!, forest productivity in Mg ha=! yr—!, leaf toughness in kN m~!, specific
leaf area (SLA) in cm? g1, foliar N and P in mg g~!. LOO validated RMSEN in % is the RMSE normalized by the
mean value of the observed data. LV = latent vector.

Response variable Sites LOOR? LOORMSE LOORMSENin% No. of LV
Z All 0.31 64.95 45 1
g AGB Bombuscgro -
) San Francisco -
g Cajanuma -
= All 0.43 1.05 56 2
AGB: Bombusc?\ro -
San Francisco -
.E‘ Cajanuma 0.11 0.32 50 2
'-5 All 0.69 0.92 17 5
—§ FLP Bombuscaro 0.61 0.64 11 1
g, San Francisco 0.48 1 15 1
e Cajanuma -
E All 0.63 1.63 22 5
NPP, Bombuscgro 0.44 1.27 15 2
San Francisco -
Cajanuma -
All 0.62 0.3 24 4
Leaf toughness Bombuscaro 0.2 0.09 10 2
San Francisco 0.65 0.18 17 2
" Cajanuma 0.08 0.46 27 2
= All 0.78 12.26 16 4
‘;{ SLA Bombuscaro 0.83 4.58 5 2
& San Francisco 0.76 13.07 16 2
§ Cajanuma 0.17 11.43 23 2
All 0.65 2.61 16 8
Foliar N Bombuscaro 0.35 1.69 9 2
San Francisco 0.79 1.91 10 1
Cajanuma 0.27 1.60 14 2
All 0.65 0.17 24 8
Foliar P Bombuscaro 0.85 0.08 10 6
San Francisco 0.80 0.14 14 2
Cajanuma 0.37 0.11 23 2

tween 8% and 37% of the variance, 20-85% of 4.3.2 Predictor importance

the variance was explained in Bombuscaro, and

69-80% of the variance was explained in San Regarding predictor importance, the predictors

F . significance and coefficient magnitude varied
rancisco.

slightly among the variables of forest biomass,
productivity and canopy traits (Figure 4.3). In

fact, elevation was an important predictor in all
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Figure 4.3: Weighted regression coefficients and significance of partial-least squares regressions (PLSR) models
for aboveground biomass and the productivity variables annual wood production (AGB;), fine litter production

(FLP) and aboveground net primary production (NPP,) for all sites. Only significant predictors are shown. With *
p<0.1, ** p<0.05 and *** p<0.001. SLA = specific leaf area.

models. We found a high correlation of elevation
with the RGVI (r = 0.90, p<0.001) and EVI (r = -
0.79, p<0.001) but not with RBVIL. RBVI exhibited
high importance in the models of FLP and NPP,
and in the models of foliar P. Slope was only
important in the model of NPP, and ’entropy’
statistics of the RGVI were only significant in
the model of foliar P.

We further compared the best subset model
with models fitted by only topographical, only
spectral and only textural predictor variables to
evaluate their predictive power (Appendix C Fig-
ure C.3). Regarding single predictor sets, AGB;

and SLA were best explained by topographical
metrics and AGB by textural metrics, whereas
spectral metrics best explained all remaining re-
sponse variables. Overall the best subset models
(Table 4.2; Figure 4.3) outperformed the single
predictor sets in all investigated models. In par-
ticular, for FLP, NPP,, foliar N and foliar P, the
best subset model explained a serious amount of

variance compared to the single-predictor sets.

4.3.3 Prediction maps

For all models, along the whole elevation gradi-

ent, we plotted the spatial variation of predicted
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Figure 4.4: Prediction maps of aboveground biomass (AGB, a), annual wood production (AGB;, b), annual fine
litter production (FLP, c), aboveground net primary production (NPP,, d) and community-weighted means (CWM)
of leaf toughness (e), the specific leaf area (SLA, f), foliar N (g) and foliar P concentration (h). Non-forest areas and
no-data values were masked out using a Landsat-based classification of 2001 (gray = non-forest; Géttlicher et al.,
2009). Elevation in m a.s.l. was added as contour lines for 1000 m, 2000 m and 3000 m.
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response variables within forests (Figure 4.4).
Visually, the prediction maps revealed a strong
spatial congruence in most parts of the forest.
In particular, the maps for AGB, AGB; and SLA
and the maps for FLP, NPP,, foliar N and foliar P
exhibited high similarities. For AGB, AGB; and
the SLA, a shift from high to low values was de-
tected between the study site Bombuscaro and
the other two study sites, San Francisco and
Cajanuma, with the highest biomass, productiv-
ity rates and SLA values at elevations between
1000 m and 2000 m a.s.l. In contrast, on average,
the annual FLP and NPP, exhibited the highest
productivity rates within San Francisco. The es-
timated mean annual NPP, accounted for 4.79
+ 1.13 Mg ha~! y~! in the study area (Figure 4.4
d). The three study sites (boxes in Figure 4.4
d) exhibited variations in annual NPP,, with an
average of 5.11 & 0.90 Mg ha~! y~! in Bombus-
caro, 5.16 + 1.23 Mg ha~! y~! in San Francisco,
and 4.95 + 1.18 Mg ha~! y~! in Cajanuma.

4.4 Discussion

Our study investigated topographical, multispec-
tral and textural metrics derived from remote
sensing data to model tropical forest biomass,
productivity and canopy traits along a promi-
nent elevation gradient. Models of biomass, pro-
ductivity and canopy traits were derived with
moderate-to-high predictive power along the
whole elevation gradient, in addition to FLP and
canopy traits within certain individual study
sites. Although elevation was an important pre-
dictor in all models, we demonstrated that spec-

tral and textural metrics explained additional

variance, in particular, of biochemical canopy

traits and related fine litter production.

4.4.1 Forest biomass and productivity

In our study area, forest biomass and produc-
tivity are driven by abiotic changes along the
elevational gradient. Abiotic factors such as
temperature, nutrient availability and soil mois-
ture, decrease with increasing elevation, and
therefore biomass and productivity decrease,
also (Homeier et al., 2010; Malhi et al., 2004;
Raich et al,, 2006; Ryan et al., 2006). A post
hoc analysis controlling for effects of elevation,
slope and topographic position revealed that
aboveground biomass and the annual wood pro-
duction were mainly determined by elevation
(results not shown). Models at single study
sites therefore hardly explained variation in
aboveground biomass and the annual wood pro-
duction. As proposed by Wallis et al. (2017),
tree species composition changes with increas-
ing elevation. Therefore, we assume that AGB
and AGB; were mainly driven by compositional
changes in trees among the three study sites,
which can be retrieved from elevation.

For AGB, however, textural metrics were also
important predictors. In agreement with Lu and
Batistella (2005), we found moderate correla-
tions between AGB and image textures (results
not shown), and in accordance with Dube and
Mutanga (2015b), we also identified that mod-
els fitted by multiple texture metrics slightly
exceeded the predictive power of models fit-
ted by spectral or topographical metrics only
(Appendix C Figure C.3). We therefore suggest
that image textures were able to discriminate

between differences in canopy structure among
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the three study sites and within each study site.
Thus, biomass is more strongly related to canopy
structure than to the initial topographical met-
rics.

In contrast to AGB;, the model of FLP exhib-
ited higher predictive power, and even the mod-
els within Bombuscaro and San Francisco still
explained 61% and 48% of the variance, respec-
tively. Models controlling for effects of topo-
graphical metrics revealed that spectral metrics
explained additional variance in the residuals for
FLP (R?=0.41) and for NPP, (R?=0.24; results not
shown). The litterfall, which is mostly derived
from canopy leaves, is most likely more related
to canopy characteristics such as the spectral
response and its texture than is AGB;. In con-
trast, AGB; might be less related to the spectral
signal and canopy structure than FLP; therefore,
its model might be enhanced by the inclusion
of environmental predictors not retrieved, such
as soil conditions and water availability (Unger
et al, 2012).

4.4.2 Canopy traits

Regarding the canopy trait models, our find-
ings supported our hypothesis that multispec-
tral satellite data are able to model the inves-
tigated canopy traits along the elevational gra-
dient and within single study sites. However,
there is an ongoing debate whether there is a
direct or an indirect relationship between spec-
tral reflectance data and biochemical leaf traits
(Knyazikhin et al., 2013a; Lepine et al., 2016;
Ollinger, 2011; Townsend et al., 2013). On the
one hand, our results are in line with previous
studies showing that the characteristics of mul-

tispectral wavelength bands and indices such as

the near-infrared (NIR), the soil adjusted ratio
vegetation index or the EVI are relevant to pre-
dict morphological traits such as the SLA at the
canopy level across forests (Ali et al., 2017; Asner
and Martin, 2008; Lymburner et al., 2000) or bio-
chemical canopy traits, such as the foliar N (Lep-
ine et al.,, 2016). On the other hand Knyazikhin
et al. (2013b) and Knyazikhin et al. (2013a) pro-
posed that foliar N cannot be estimated from the
NIR without accounting for the canopy struc-
ture. A different opinion is that the relationship
between NIR and foliar N might be derived via
the correlation of foliar N with structural traits
(Ollinger et al., 2013; Townsend et al., 2013). In
response to Ollinger (2011), using coarser sen-
sor data has been explored for modeling foliar N
and total chlorophyll density (Lepine et al., 2016;
Shiklomanov et al., 2016). Lepine et al. (2016)
compared data from the Airborne Visible/In-
frared Imaging Spectrometer (AVIRIS) with data
derived from Landsat TM data to model foliar
N concentration. Although the Landsat-derived
regression models were weaker than those from
AVIRIS, the difference vegetation index still ex-
plained 61% of foliar N (Lepine et al., 2016). Shik-
lomanov et al. (2016) stated that the performance
of Landsat 8 data for modeling certain leaf pa-
rameters is superior to that of Landsat 5 data,
indicating that even slight differences in the
wavelength locations of certain bands can be
important for the retrieval of canopy traits.
Notwithstanding, regarding our models, ele-
vation and topographic variability were promi-
nent factors influencing the compositions of
trees and their spectral and textural response
(Wallis et al., 2017). As proposed by Asner and

Martin (2016), elevational changes in canopy
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traits are mediated by shifts in the canopy
tree composition, and environmental filtering is
mostly driven by soil fertility, light availability
and air temperature (Asner and Martin, 2016;
Long et al,, 2011). The elevational and topo-
graphical gradients codetermine the distribu-
tion of tree height, for instance, with lower trees
at higher elevation and ridges, which, in turn,
are related to lower SLA values and higher leaf
toughness (Jucker et al., 2018; Madani et al,,
2018). Higher SLA values, in contrast, are found
at lower elevations where water and nutrient
availability are higher (Long et al, 2011). Al-
though these environmental filters could be re-
trieved by elevation and the TPI, we stress that
spectral metrics outperformed these topograph-
ical metrics in all canopy trait models and in the
FLP model. The change in forest structure with
increasing elevation is associated with lower
chlorophyll content at higher altitudes, which
in turn reduces the reflectance of green light
and NIR and leads therefore to lower EVI and
RGVI values. In contrast, the RBVI, which was
not correlated with elevation, was an important
predictor for biochemical canopy traits and the
related annual FLP.

Controlling for topographical effects showed
that spectral predictors explained 24% and 23%
of the residuals from the models of the morpho-
logical canopy traits leaf toughness and SLA, re-
spectively, and 33% and 44% of the residuals from
the models of CWM foliar N and foliar P con-
centrations (results not shown). In contrast, tex-
tural metrics explained only 12% for the model
of SLA and less than 10% of the residuals from
the remaining canopy traits. Thus, spectral met-

rics are able to explain additional information

in particular in biochemical canopy traits and
related canopy production not retrieved from to-
pographical information. Consequently, the pre-
dictive power of these models improved when to-
pographical, spectral and textural metrics were
used together as predictors.

Foliar N and foliar P, which are known as
key traits controlling gross primary produc-
tivity, were both strongly correlated with FLP
and NPP, in our study area (Appendix C Fig-
ure C.4; Hattenschwiler et al., 2011; LeBauer
and Treseder, 2008; Mercado et al., 2011). In con-
trast to leaf toughness and SLA, they exhibited
a higher association with spectral metrics. In
accordance with Smith et al. (2002) we therefore
suggest that biochemical canopy traits can act as
important surrogates of forest productivity and

can be retrieved from remote sensing metrics.

4.4.3 Limitations

In a similar manner as for most MODIS and
Landsat based tropical AGB models, our study
might suffer from mixed pixels and a mismatch
between pixel-size and field-plot area. Regard-
ing mixed pixels, we tested for the study site
San Francisco whether the proportional forest
cover per pixel derived from a linear spectral
unmixing had an effect on the predictive power
of the models (results not shown; Goéttlicher
et al., 2009). However, the mixed pixel effect
(forest — non-forest) was not significant in any
model; therefore, we suggest that the effect of
mixed pixels can be neglected in our study area.
Regarding the mismatch between pixel size and
field-plot area, the permanent forest plots are
situated in homogenous natural forest stands,

and their surroundings should not differ signifi-
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mote sensing metrics, forest biomass, produc-
tivity and canopy traits. We showed that a
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data will improve the retrieval of carbon-related
variables in tropical montane forest due to their
finer spectral and spatial resolution compared to
Landsat images (Drusch et al., 2012; Malenovsky
et al., 2012; Pandit et al., 2018). The enhanced
red-edge spectra might be able to more precisely
model canopy traits (Houborg et al., 2015) and

most likely also measures of forest productivity.

and PAK 823-825 (subprojects A1 HO3296/4, C2
BE1780/34-1, BR1293/11, FA925/7-1, Z1698/8-1).
We are grateful to the DFG (PAK 825/1) for fund-
ing our project, to the Ecuadorian Ministry of
the Environment (MAE) for permission to con-
duct research, and to the foundation Nature and
Culture International (NCI) for logistical sup-
port. We thank three anonymous reviewers for
helpful comments on the manuscript in its initial
form. Special thanks go to Roman Link, Greta
Weitmann, Stefanie Lorenz, Philipp Obst and
Nixon Cumbicus for field assistance (forest in-

ventories and leaf trait sampling).

References

Ali, A.M., Darvishzadeh, R., Skidmore, A.K.,
2017. Retrieval of Specific Leaf Area From
Landsat-8 Surface Reflectance Data Using Sta-
tistical and Physical Models. IEEE Journal of
Selected Topics in Applied Earth Observations

and Remote Sensing 10, 3529-3536. doi:10 .

1109/JSTARS.2017.2690623.

Anderson-Teixeira, K.J., Wang, M.M.H., McGar-
vey, J.C., LeBauer, D.S., 2016. Carbon dynam-
ics of mature and regrowth tropical forests de-
rived from a pantropical database (TropForC-
db). Global Change Biology 22, 1690-1709.
doi:10.1111/gcb.13226.

Asner, G., Martin, R., 2008. Spectral and chemi-
cal analysis of tropical forests: Scaling from

leaf to canopy levels. Remote Sensing of En-

95



References

vironment 112, 3958-3970. doi:10.1016/
j.rse.2008.07.003.

Asner, G.P., Martin, R.E., 2016. Convergent el-
evation trends in canopy chemical traits of
tropical forests. Global Change Biology 22,
2216-2227. doi:10.1111/gcb. 13164.
Baez, S., Homelier, J., 2018. Functional traits
determine tree growth and ecosystem pro-
ductivity of a tropical montane forest: In-
sights from a long-term nutrient manipula-
tion experiment. Global Change Biology
doi:10.1111/gcb.13905.

Baraloto, C., Timothy Paine, C.E., Poorter, L.,
Beauchene, J., Bonal, D., Domenach, A.M.,
Hérault, B., Patino, S., Roggy, J.C., Chave, J.,
2010. Decoupled leaf and stem economics
in rain forest trees: Decoupled leaf and
stem economics spectra. Ecology Letters 13,
1338-1347.d0i:10.1111/3j.1461-0248.
2010.01517 .x.

Beck, E.H., Kottke, I.L., 2008. Facing a hotspot of
tropical biodiversity. Basic and Applied Ecol-
ogy 9, 1-3. doi:10.1016/j .baae.2007.
06.017.

Beer, C., Reichstein, M., Tomelleri, E., Ciais,
P., Jung, M., Carvalhais, N., Rodenbeck, C.,
Arain, M.A., Baldocchi, D., Bonan, G.B., Bon-
deau, A., Cescatti, A., Lasslop, G., Lindroth,
A., Lomas, M., Luyssaert, S., Margolis, H.,
Oleson, K.W., Roupsard, O., Veenendaal, E.,
Viovy, N., Williams, C., Woodward, F.I, Pa-
pale, D., 2010. Terrestrial Gross Carbon Diox-
ide Uptake: Global Distribution and Covari-
Science 329, 834-838.
doi:10.1126/science.1184984.
Bendix, J., Rollenbeck, R., Gottlicher, D., Cermak,

J., 2006. Cloud occurrence and cloud proper-

ation with Climate.

ties in Ecuador. Climate Research 30, 133-147.
doi:10.3354/cr030133.

Bendix, J., Rollenbeck, R., Richter, M., Fabian,

P., Emck, P., 2008. Climate, in: Caldwell,
M.M., Heldmaier, G., Jackson, R.B., Lange,
O.L., Mooney, H.A., Schulze, E.D., Sommer,
U., Beck, E., Bendix, J., Kottke, 1., Makeschin,
F., Mosandl, R. (Eds.), Gradients in a Tropi-
cal Mountain Ecosystem of Ecuador. Springer
Berlin Heidelberg, Berlin, Heidelberg. volume
198, pp. 63-73.

Brehm, G., Homelier, J., Fiedler, K., Kottke, I,

Illig, J., Noske, N.M., Werner, F.A., Breckle,
SW., 2008. Mountain rain forests in South-
ern Ecuador as a hotspot of biodiversity —
Limited knowledge and diverging Patterns,
in: Caldwell, M.M., Heldmaier, G., Jackson,
R.B., Lange, O.L., Mooney, H.A., Schulze, E.D.,
Sommer, U., Beck, E., Bendix, J., Kottke, I,
Makeschin, F., Mosandl, R. (Eds.), Gradients
in a Tropical Mountain Ecosystem of Ecuador.
Springer Berlin Heidelberg, Berlin, Heidel-
berg. volume 198, pp. 15-23.

Chave, J., Andalo, C., Brown, S., Cairns, M.A.,

Chambers, J.Q., Eamus, D., Folster, H., Fro-
mard, F., Higuchi, N., Kira, T., Lescure, J.P.,
Nelson, BW., Ogawa, H., Puig, H., Riéra, B.,
Yamakura, T., 2005. Tree allometry and im-
proved estimation of carbon stocks and bal-
ance in tropical forests. Oecologia 145, 87-99.
doi:10.1007/s00442-005-0100-x.

Chave, J., Olivier, J., Bongers, F., Chatelet, P.,

Forget, P.M., van der Meer, P., Norden, N.,
Riéra, B., Charles-Dominique, P., 2008. Above-
ground biomass and productivity in a rain
forest of eastern South America. Journal of
Tropical Ecology 24, 355-366. d0i:10.1017/



Chapter 4 Modeling forest biomass, productivity and canopy traits with multispectral data

S0266467408005075.

Chong, I.G., Jun, C.H., 2005. Performance of
some variable selection methods when mul-
ticollinearity is present. Chemometrics and
intelligent laboratory systems 78, 103-112.
Coops, N.C., 2015. Characterizing Forest Growth
and Productivity Using Remotely Sensed Data.

Current Forestry Reports 1, 195-205. doi:10 .

1007/s40725-015-0020-x.

Curatola Fernandez, G., Obermeier, W., Gerique,
A., Sandoval, M., Lehnert, L., Thies, B., Bendix,
J., 2015. Land cover change in the Andes of
Southern Ecuador—patterns and drivers. Re-
mote Sensing 7, 2509-2542. doi:10.3390/
rs703025009.

Drusch, M., Del Bello, U., Carlier, S., Colin,
O., Fernandez, V., Gascon, F., Hoersch, B.,
Isola, C., Laberinti, P., Martimort, P., Meygret,
A., Spoto, F., Sy, O., Marchese, F., Bargellini,
P., 2012. Sentinel-2: ESA’s optical high-
resolution mission for GMES operational ser-

vices. Remote Sensing of Environment 120,

25-36. doi:10.1016/j.rse.2011.11.

026.

Dube, T., Mutanga, O., 2015a. Evaluating the util-
ity of the medium-spatial resolution Landsat
8 multispectral sensor in quantifying above-
ground biomass in uMgeni catchment, South
Africa. ISPRS Journal of Photogrammetry and
Remote Sensing 101, 36-46. doi:10.1016/
j.isprsjprs.2014.11.001.

Dube, T., Mutanga, O., 2015b. Investigating
the robustness of the new Landsat-8 Op-
erational Land Imager derived texture met-
rics in estimating plantation forest above-
ground biomass in resource constrained ar-

eas. ISPRS Journal of Photogrammetry and

Falster, D.S., Westoby, M., 2005.

Remote Sensing 108, 12-32. doi:10.1016/
J.1isprsjprs.2015.06.002.

Alter-
native height strategies among 45 dicot
rain forest species from tropical Queens-
land, Australia.  Journal of Ecology 93,
521-535. doi:10.1111/3j.0022-0477.

2005.00992.x.

Fassnacht, F., Hartig, F., Latifi, H., Berger, C,,

Hernandez, J., Corvalan, P., Koch, B., 2014.
Importance of sample size, data type and pre-
diction method for remote sensing-based esti-
mations of aboveground forest biomass. Re-

mote Sensing of Environment 154, 102-114.
doi:10.1016/j.rse.2014.07.028.

Finegan, B., Pena-Claros, M., de Oliveira, A.,

Ascarrunz, N., Bret-Harte, M.S., Carreno-
Rocabado, G., Casanoves, F., Diaz, S., Eguig-
uren Velepucha, P., Fernandez, F., Licona,
J.C., Lorenzo, L., Salgado Negret, B., Vaz, M.,
Poorter, L., 2015. Does functional trait diver-
sity predict above-ground biomass and pro-
ductivity of tropical forests? Testing three
alternative hypotheses. Journal of Ecology
103, 191-201. doi:10.1111/1365-2745.
12346.

Foody, G.M., Boyd, D.S., Cutler, M.E., 2003. Pre-

dictive relations of tropical forest biomass
from Landsat TM data and their transfer-
ability between regions. Remote Sensing of
Environment 85, 463-474. doi:10.1016/
S0034-4257(03)00039-7.

Fyllas, N.M., Bentley, L.P., Shenkin, A., Asner,

G.P., Atkin, O.K,, Diaz, S., Enquist, B.J., Farfan-
Rios, W., Gloor, E., Guerrieri, R., Huasco, W.H.,
Ishida, Y., Martin, R.E., Meir, P., Phillips, O.,
Salinas, N., Silman, M., Weerasinghe, LK.,

97



References

98

Zaragoza-Castells, J., Malhi, Y., 2017. Solar
radiation and functional traits explain the de-
cline of forest primary productivity along a
tropical elevation gradient. Ecology Letters
20, 730-740. doi:10.1111/ele.12771.

Gottlicher, D., Obregén, A., Homeier, J., Rollen-

beck, R., Nauss, T., Bendix, J., 2009. Land-
cover classification in the Andes of south-
ern Ecuador using Landsat ETM+ data as
a basis for SVAT modelling. International
Journal of Remote Sensing 30, 1867-1886.
doi:10.1080/01431160802541531.

Hattenschwiler, S., Coq, S., Barantal, S,

Handa, IT., 2011. Leaf traits and decom-
position in tropical rainforests: Revisiting
some commonly held views and towards

a new hypothesis. New Phytologist 189,

950-965. doi:10.1111/j.1469-8137.

2010.03483.x.

Hijmans, R.J., van Etten, J., Cheng, J., Mattiuzzi,

M., Sumner, M., Greenberg, J.A., Lamigueiro,
O.P., Bevan, A., Racine, E.B., Shortridge, A.,
2015. Raster: Geographic data analysis and

modeling.

Homeier, J., Breckle, SW., Giinter, S., Rollen-

beck, RT., Leuschner, C., 2010. Tree diversity,
forest structure and productivity along altitu-
dinal and topographical gradients in a species-
rich Ecuadorian montane rain forest: Ecuado-

rian montane forest diversity and structure.

Biotropica 42, 140-148. doi:10.1111/3.

1744-7429.2009.00547 .x.

Homelier, J., Werner, F., Gradstein, S., Breckle,

S., Richter, M., 2008. Potential vegetation
and floristic composition of Andean forests
in South Ecuador, with a focus on the RBSF.
Ecological Studies 198, 87-100.

Homolova, L., Malenovsky, Z., Clevers, ].G.,
Garcia-Santos, G., Schaepman, M.E., 2013. Re-
view of optical-based remote sensing for plant
trait mapping. Ecological Complexity 15,
1-16. doi:10.1016/j.ecocom.2013.
06.003.

Houborg, R., Fisher, J.B., Skidmore, A.K., 2015.
Advances in remote sensing of vegetation
function and traits. International Journal of
Applied Earth Observation and Geoinforma-
tion 43, 1-6. doi:10.1016/j . jag.2015.
06.001.

Houghton, R.A,, Hall, F., Goetz, S.J., 2009. Im-
portance of biomass in the global carbon cy-
cle: BIOMASS IN THE GLOBAL CARBON
CYCLE. Journal of Geophysical Research: Bio-
geosciences 114, n/a-n/a. doi:10.1029/
2009JG000935.

Huete, A., Liu, H.Q., Batchily, K., van Leeuwen,
W., 1997. A comparison of vegetation
indices over a global set of TM images
for EOS-MODIS. Remote Sensing of En-
vironment 59, 440-451. doi:10.1016/
S0034-4257(96)00112-5.

Jucker, T., Bongalov, B., Burslem, D.F.R.P., Nilus,
R., Dalponte, M., Lewis, S.L., Phillips, O.L., Qie,
L., Coomes, D.A., 2018. Topography shapes
the structure, composition and function of
tropical forest landscapes. Ecology Letters 21,
989-1000. doi:10.1111/ele. 12964.

Karlson, M., Ostwald, M., Reese, H., Sanou,
J., Tankoano, B., Mattsson, E., 2015. Map-
ping Tree Canopy Cover and Aboveground
Biomass in Sudano-Sahelian Woodlands Us-
ing Landsat 8 and Random Forest. Remote
Sensing 7, 10017-10041. doi:10.3390/
rs70810017.



Chapter 4 Modeling forest biomass, productivity and canopy traits with multispectral data

Kelsey, K., Neft, J., 2014. Estimates of above-
ground biomass from texture analysis of Land-
sat imagery. Remote Sensing 6, 6407-6422.
do0i:10.3390/rs6076407.

Knyazikhin, Y., Lewis, P., Disney, M.I,, Stenberg,
P., Mottus, M., Rautiainen, M., Kaufmann,
R.K., Marshak, A., Schull, M.A., Latorre Car-
mona, P., Vanderbilt, V., Davis, A.B., Baret, F.,
Jacquemoud, S., Lyapustin, A., Yang, Y., My-
neni, R.B., 2013a. Reply to Townsend et al.:
Decoupling contributions from canopy struc-
ture and leaf optics is critical for remote sens-
ing leaf biochemistry. Proceedings of the Na-
tional Academy of Sciences 110, E1075-E1075.
doi:10.1073/pnas.1301247110.
Knyazikhin, Y., Schull, M.A., Stenberg, P., Mot-
tus, M., Rautiainen, M., Yang, Y., Marshak,
A., Latorre Carmona, P., Kaufmann, RK,
Lewis, P., Disney, M.I., Vanderbilt, V., Davis,
A.B., Baret, F., Jacquemoud, S., Lyapustin,
A., Myneni, RB., 2013b. Hyperspectral re-
mote sensing of foliar nitrogen content. Pro-
ceedings of the National Academy of Sci-
ences 110, E185-E192. doi:10.1073/pnas.
12101961009.

Lavorel, S., Grigulis, K., McIntyre, S., Williams,
N.S.G., Garden, D., Dorrough, J., Berman,
S., Quétier, F., Thébault, A., Bonis, A., 2008.
Assessing functional diversity in the field -
methodology matters! Functional Ecology 22,
134-147. d0i:10.1111/j.1365-2435.
2007.01339.x.

LeBauer, D.S., Treseder, K.K., 2008. Nitrogen lim-
itation of net primary productivity in terres-
trial ecosystems is globally distributed. Ecol-
ogy 89, 371-379. doi:10.1890/06-2057 .
1.

Lepine, L.C., Ollinger, S.V., Ouimette, A.P., Mar-

tin, M.E., 2016. Examining spectral reflectance
features related to foliar nitrogen in forests:
Implications for broad-scale nitrogen map-
ping. Remote Sensing of Environment 173,
174-186.

11.028.

Leuschner, C., Zach, A., Moser, G., Homeier,

J., Graefe, S., Hertel, D., Wittich, B., Soethe,
N, Iost, S., Roderstein, M., Horna, V., Wolf,
K., 2013.

cal Mountain Forests Along an Altitudinal

The Carbon Balance of Tropi-

Transect, in: Bendix, J., Beck, E., Brauning,
A., Makeschin, F., Mosandl, R., Scheu, S.,
Wilcke, W. (Eds.), Ecosystem Services, Biodi-
versity and Environmental Change in a Trop-
ical Mountain Ecosystem of South Ecuador.
Springer Berlin Heidelberg, Berlin, Heidel-
berg. volume 221, pp. 117-139. doi:10.
1007/978-3-642-38137-9_10.

Long, W., Zang, R., Schamp, B.S., Ding, Y,

2011. Within- and among-species varia-
tion in specific leaf area drive community
assembly in a tropical cloud forest. Oe-
cologia 167, 1103-1113. doi:10.1007/

s00442-011-2050-9.

Lu, D., Batistella, M., 2005. Exploring TM im-

age texture and its relationships with biomass
estimation in Ronddnia, Brazilian Amazon.
Acta Amazonica 35, 249-257. doi:10.1590/
S0044-59672005000200015.

Lu, D, Chen, Q., Wang, G., Liu, L., Li, G., Moran,

E., 2014. A survey of remote sensing-based
aboveground biomass estimation methods in
forest ecosystems. International Journal of
Digital Earth 9, 63-105. doi:10.1080/
17538947.2014.990526.

doi:10.1016/j.rse.2015.

99



References

Lu, D., Chen, Q., Wang, G., Moran, E., Batis-
tella, M., Zhang, M., Vaglio Laurin, G., Saah,
D., 2012. Aboveground Forest Biomass Es-
timation with Landsat and LiDAR Data and
Uncertainty Analysis of the Estimates. Inter-
national Journal of Forestry Research 2012,
1-16. doi:10.1155/2012/436537.
Lymburner, L., Beggs, PJ., Jacobson, CR,
2000. Estimation of Canopy-Average Surface-
Specific Leaf Area Using Landsat TM Data -
Dialnet. Photogrammetric engineering and
remote sensing 66, 183-192.

Maack, J., Kattenborn, T., Fassnacht, F.E., Enflle,
F., Hernandez, J., Corvalan, P., Koch, B., 2015.
Modeling forest biomass using Very-High-
Resolution data—Combining textural, spectral

and photogrammetric predictors derived from

TJ., Laurance, S.G., Laurance, W.F., Lewis,
S.L., Montoya, L.M.M., Monteagudo, A., Neill,
D.A., Vargas, P.N,, Patino, S., Pitman, N.C.,
Quesada, C.A., Salomao, R., Silva, JN.M,,
Lezama, AT., Martinez, RV., Terborgh, J.,
Vinceti, B., Lloyd, J., 2004. The above-ground
coarse wood productivity of 104 Neotropi-
cal forest plots. Global Change Biology 10,
563-591. doi:10.1111/3j.1529-8817.
2003.00778.x.

Martinez, O.]., Oscar, J., Fremier, A K., Glnter,

S., Ramos Bendana, Z., Vierling, L., Galbraith,
S.M., Bosque-Pérez, N.A., Ordotiez, ].C., 2016.
Scaling up functional traits for ecosystem
services with remote sensing: Concepts and
methods. Ecology and Evolution 6, 4359-4371.
doi:10.1002/ece3.2201.

spaceborne stereo images. European Jour- Mehmood, T., Liland, K.H., Snipen, L., Seebg, S.,

nal of Remote Sensing 48, 245-261. doi:10.
5721/EuJRS20154814.

Madani, N., Kimball, J.S., Ballantyne, A.P., Af-
fleck, D.L.R., van Bodegom, P.M., Reich, P.B.,
Kattge, J., Sala, A., Nazeri, M., Jones, M.O,,
Zhao, M., Running, SW., 2018. Future global
productivity will be affected by plant trait
response to climate. Scientific Reports 8.
d0i:10.1038/s41598-018-21172-9.
Malenovsky, Z., Rott, H., Cihlar, J., Schaepman,
M.E., Garcia-Santos, G., Fernandes, R., Berger,
M., 2012. Sentinels for science: Potential of
Sentinel-1, -2, and -3 missions for scientific
observations of ocean, cryosphere, and land.
Remote Sensing of Environment 120, 91-101.
doi:10.1016/j.rse.2011.09.026.
Malhi, Y., Baker, T.R., Phillips, O.L., Almeida,

2012. A review of variable selection methods
in Partial Least Squares Regression. Chemo-
metrics and Intelligent Laboratory Systems
118, 62-69. doi:10.1016/j.chemolab.
2012.07.010.

Mercado, L.M., Patino, S., Domingues, T.F., Fyl-

las, N.M., Weedon, G.P., Sitch, S., Quesada,
C.A., Phillips, O.L., Aragao, L.E.O.C., Malhi,
Y., Dolman, A.J., Restrepo-Coupe, N., Saleska,
S.R., Baker, TR., Almeida, S., Higuchi, N,
Lloyd, J., 2011. Variations in Amazon for-
est productivity correlated with foliar nutri-
ents and modelled rates of photosynthetic car-
bon supply. Philosophical Transactions of
the Royal Society B: Biological Sciences 366,
3316-3329. doi:10.1098/rstb.2011.
0045.

S., Alvarez, E., Arroyo, L., Chave, J., Czim- Middinti, S., Thumaty, K.C., Gopalakrishnan, R.,

czik, C.IL, Fiore, A.D., Higuchi, N., Killeen,

Jha, C.S., Thatiparthi, B.R., 2017. Estimating



Chapter 4 Modeling forest biomass, productivity and canopy traits with multispectral data

the leaf area index in Indian tropical forests

using Landsat-8 OLI data. International Jour-

nal of Remote Sensing 38, 6769-6789. doi:10 .

1080/01431161.2017.1363436.

Moore, S., Adu-Bredu, S., Duah-Gyamfi, A,
Addo-Danso, S.D., Ibrahim, F., Mbou, AT,
de Grandcourt, A., Valentini, R., Nicolini, G.,
Djagbletey, G., Owusu-Afriyie, K., Gvozde-
vaite, A., Oliveras, I., Ruiz-Jaen, M.C., Malhi,
Y., 2018. Forest biomass, productivity and car-
bon cycling along a rainfall gradient in West
Africa. Global Change Biology 24, e496—e510.
doi:10.1111/gcb.13907.

Motohka, T. Nasahara, K.N., Oguma, H.,
Tsuchida, S., 2010. Applicability of Green-
Red Vegetation Index for Remote Sensing of
Vegetation Phenology. Remote Sensing 2,
2369-2387. doi:10.3390/rs2102369.

Ollinger, S.V.,, 2011. Sources of variability in
canopy reflectance and the convergent prop-
erties of plants: Tansley review. New Phy-
tologist 189, 375-394.
1469-8137.2010.03536.x.

Ollinger, S.V., Reich, P.B., Frolking, S., Lepine,
L.C,, Hollinger, D.Y., Richardson, A.D., 2013.
Nitrogen cycling, forest canopy reflectance,
and emergent properties of ecosystems. Pro-

ceedings of the National Academy of Sciences

110, E2437-E2437. doi:10.1073/pnas.

1304176110.
Pandit, S., Tsuyuki, S., Dube, T., 2018. Estimat-
ing Above-Ground Biomass in Sub-Tropical
Buffer Zone Community Forests, Nepal, Us-
ing Sentinel 2 Data. Remote Sensing 10, 601.
doi:10.3390/rs10040601.
Popkin, G., 2018.

ers charging for popular Earth-observing

US government consid-

doi:10.1111/3.

data. Nature 556, 417-418. doi:10.1038/
d41586-018-04874-y.

R Core Team, 2016. R: A language and environ-
ment for statistical computing. R Foundation
for Statistical Computing,.

Raich, JW,, Russell, A.E., Kitayama, K., Parton,
W.J., Vitousek, P.M., 2006. Temperature influ-
ences carbon accumulation in moist tropical
forests. Ecology 87, 76-87. doi:10.1890/
05-0023.

Reich, P.B., Ellsworth, D.S., Walters, M.B., Vose,
J.M., Gresham, C., Volin, J.C., Bowman, W.D.,
1999. Generality of leaf trait relationships: A
test across six biomes. Ecology 80, 1955-1969.
doi:10.1890/0012-9658(1999)
080[1955:GOLTRA]2.0.CO; 2.

Reich, P.B., Tilman, D., Isbell, F., Mueller, K.,
Hobbie, S.E., Flynn, D.F.B., Eisenhauer, N.,
2012. Impacts of Biodiversity Loss Escalate
Through Time as Redundancy Fades. Science
336, 589-592. doi:10.1126/science.
12179009.

Robinson, N.P., Allred, BW., Smith, WK., Jones,
M.O., Moreno, A., Erickson, T.A., Naugle, D.E.,
Running, SW., 2018. Terrestrial primary pro-
duction for the conterminous United States
derived from Landsat 30 m and MODIS 250 m.
Remote Sensing in Ecology and Conservation
doi:10.1002/rse2.74.

Ryan, M.G., Phillips, N., Bond, B.J., 2006.
The hydraulic limitation hypothesis revis-
ited. Plant, Cell and Environment 29,
367-381. doi:10.1111/3j.1365-3040.
2005.01478.x.

Safari, A., Sohrabi, H., 2016. Ability of
Landsat-8 OLI derived texture metrics in

stocks

estimating aboveground carbon

101



References

102

Sinha,

Spracklen, D.V., Righelato, R., 2014.

ISPRS - Interna-

tional Archives of the Photogrammetry,

of coppice oak forests.

Remote Sensing and Spatial Information
Sciences XLI-B8, 751-754. doi:10.5194/
isprsarchives-XLI-B8-751-2016

Schmidtlein, S., Feilhauer, H., Bruelheide, H.,

2012.
ing remote sensing. Journal of Vegetation
Science 23, 395-405.
1654-1103.2011.01370.x.

Mapping plant strategy types us-

Shiklomanov, A.N., Dietze, M.C., Viskari, T.,

Townsend, P.A., Serbin, S.P., 2016. Quan-
tifying the influences of spectral resolution
on uncertainty in leaf trait estimates through
a Bayesian approach to RTM inversion. Re-
mote Sensing of Environment 183, 226-238.
doi:10.1016/j.rse.2016.05.023.

LK.,
Nathawat, M.S., 2015. A review of radar re-

mote sensing for biomass estimation. Interna-

S., Jeganathan, C., Sharma,

tional Journal of Environmental Science and
Technology 12, 1779-1792. doi:10.1007/
s13762-015-0750-0.

Smith, M.L., Ollinger, SV, Martin, ME.,

Aber, ].D., Hallett, R.A.,, Goodale, CL.,
2002.
forest productivity through hyperspec-

Direct estimation of aboveground

tral remote sensing of canopy nitrogen.
Ecological Applications 12, 1286-1302.
doi:10.1890/1051-0761(2002)
012[1286:DEOAFP]2.0.CO; 2.

Song, C., Dannenberg, M.P., Hwang, T., 2013.

Optical remote sensing of terrestrial ecosys-
tem primary productivity. Progress in Physi-
cal Geography 37, 834-854. doi:10.1177/
0309133313507944.

Trop-

doi:10.1111/35 .

ical montane forests are a larger than
expected global carbon store.
sciences 11, 2741-2754. doi:10.5194/
bg-11-2741-2014.

Biogeo-

. Timothy, D., Mutanga, O., Shoko, C., Adelabu,

S., Bangira, T., 2016. Remote sensing of above-
ground forest biomass: A review. Tropical
Ecology 57, 125-132.

Townsend, P.A., Serbin, S.P., Kruger, E.L., Ga-

mon, J.A., 2013. Disentangling the contribu-
tion of biological and physical properties of
leaves and canopies in imaging spectroscopy
data. Proceedings of the National Academy of
Sciences 110, E1074-E1074. doi:10.1073/
pnas.1300952110.

Turner, D.P., Ritts, W.D., Cohen, W.B., Gower,

S.T., Running, SW., Zhao, M., Costa, M.H,,
Kirschbaum, A.A., Ham, J.M., Saleska, S.R.,
Ahl, D.E., 2006. Evaluation of MODIS NPP
and GPP products across multiple biomes. Re-

mote Sensing of Environment 102, 282-292.
doi:10.1016/j.rse.2006.02.017.

Unger, M., Homeier, J., Leuschner, C., 2012.

Effects of soil chemistry on tropical for-
est biomass and productivity at different
elevations in the equatorial Andes. Oe-
cologia 170, 263-274.  doi:10.1007/
s00442-012-2295-y.

Vermote, E., Justice, C., Claverie, M., Franch, B.,

2016. Preliminary analysis of the performance
of the Landsat 8/OLI land surface reflectance
product. Remote Sensing of Environment 185,
46-56. doi:10.1016/j.rse.2016.04.
008.

Wallis, C., 2016. [dataset] Ant species abun-

dance at C2 Plots doi:10.5678/1crs/
pak823-825.dat.1464.



Chapter 4 Modeling forest biomass, productivity and canopy traits with multispectral data

Wallis, C.I, Brehm, G., Donoso, D.A., Fiedler, K.,
Homeier, J., Paulsch, D., Stiissenbach, D., Tiede,
Y., Brandl, R, Farwig, N., Bendix, J., 2017. Re-
mote sensing improves prediction of tropical
montane species diversity but performance

differs among taxa. Ecological Indicators

83, 538-549. d0i:10.1016/j.ecolind.

2017.01.022.

Werner, F.A., Homeier, J., 2015. Is tropical
montane forest heterogeneity promoted by
a resource-driven feedback cycle? Evidence
from nutrient relations, herbivory and litter
decomposition along a topographical gradi-
ent. Functional Ecology 29, 430-440. doi:10 .
1111/1365-2435.12351.

Wilson, M.EJ., O’Connell, B., Brown, C., Guinan,
J.C., Grehan, AJ., 2007. Multiscale terrain
analysis of multibeam Bathymetry data for
habitat mapping on the continental slope.
Marine Geodesy 30, 3-35. doi:10.1080/
01490410701295962.

Wolf, K., Veldkamp, E., Homeier, ]J., Martinson,
G.O., 2011. Nitrogen availability links for-
est productivity, soil nitrous oxide and nitric
oxide fluxes of a tropical montane forest in
southern Ecuador. Global Biogeochemical Cy-
cles 25. doi:10.1029/2010GB003876.
Wood, E.M., Pidgeon, A.M., Radeloff, V.C,
Keuler, N.S., 2012. Image texture as a remotely
sensed measure of vegetation structure. Re-
mote Sensing of Environment 121, 516-526.
doi:10.1016/j.rse.2012.01.003.
Wright, 1]., Reich, P.B., Cornelissen, J.H.C., Fal-
ster, D.S., Garnier, E., Hikosaka, K., Lam-
ont, B.B., Lee, W.,, Oleksyn, J., Osada, N.,
Poorter, H., Villar, R., Warton, D.I., Westoby,
M., 2005. Assessing the generality of global

Yin, S., Li, X.,, Wu, W., 2017.

leaf trait relationships. New Phytologist 166,

485-496. doi:10.1111/3j.1469-8137.

2005.01349.x.

Wright, L]., Reich, P.B., Westoby, M., Ackerly,

D.D., Baruch, Z., Bongers, F., Cavender-Bares,
J., Chapin, T., Cornelissen, J.H.C., Diemer, M.,
Flexas, J., Garnier, E., Groom, P.K,, Gulias,
J., Hikosaka, K., Lamont, B.B., Lee, T., Lee,
W., Lusk, C., Midgley, JJ., Navas, M.L., Ni-
inemets, L., Oleksyn, J., Osada, N., Poorter,
H., Poot, P., Prior, L., Pyankov, V.I., Roumet,
C., Thomas, S.C., Tjoelker, M.G., Veneklaas,
E.J., Villar, R., 2004. The worldwide leaf
economics spectrum. Nature 428, 821-827.
doi:10.1038/nature02403.

Wulder, M.A., LeDrew, E.F., Franklin, S.E., Lavi-

gne, M.B., 1998. Aerial Image Texture Infor-
mation in the Estimation of Northern Decidu-
ous and Mixed Wood Forest Leaf Area Index
(LAI). Remote Sensing of Environment 64,
64-76. d0i:10.1016/S0034-4257(97)
00169-7.

Comparative
analysis of NPP changes in global tropical
forests from 2001 to 2013. IOP Conference
Series: Earth and Environmental Science 57,
012009. doi:10.1088/1755-1315/57/
1/0120009.

Zhang, Y., Xu, M., Chen, H., Adams, ],

2009. Global pattern of NPP to GPP ra-
tio derived from MODIS data: Effects of
ecosystem type, geographical location and cli-
mate. Global Ecology and Biogeography 18,
280-290. do0i:10.1111/j.1466-8238.
2008.00442.x.

Zhao, P, Lu, D., Wang, G., Wu, C,, Huang, Y., Yu,

S., 2016. Examining Spectral Reflectance Sat-

103



References

uration in Landsat Imagery and Correspond- Zvoleff, A., 2015. Glem: Calculate textures from
ing Solutions to Improve Forest Aboveground  grey-level co-occurrence matrices (GLCMs) in
Biomass Estimation. Remote Sensing 8, 469. R.

doi:10.3390/rs8060469.

104









Chapter 5

Synthesis

107






Chapter 5 Synthesis

5.1 Summary and conclusion

The development of spatially explicit indicators is of particular interest for biodiversity monitoring
purposes. This is especially the case in remote and topographically complex regions such as
tropical mountain rainforests. The opportunities to derive comprehensive environmental proxies
from multispectral data for modeling biodiversity are manifold.

In this thesis, I focused on the potential of spectral and textural metrics for modeling patterns
of tropical montane forest biodiversity in the Andes of Southern Ecuador. I hypothesized that
models of biodiversity benefit from the inclusion of these metrics (H1) but that their predictive
performances differ among the biodiversity variables, diversity indices and taxa studied (H2).
My objectives were to (a) compare the performance of spectral and textural metrics in modeling
taxonomic and functional diversity, different diversity indices and taxa, (b) assess the benefit
of spectral and textural metrics as complementary predictors to topographical metrics, and
(c) compare airborne and spaceborne multispectral sensors in modeling biodiversity. In three
studies (Chapter 2-4) I have demonstrated that the performance of topographical, spectral, and
textural metrics differ among biodiversity variables, investigated taxa and diversity indices studied
(Figure 5.1). Consequently, H1 was only valid for certain investigated biodiversity variables which
supported H2. This will be discussed as follows.

The success of spectral and textural metrics in modeling biodiversity variables mainly depended
on the following factors: i) the biological entity or attribute, the diversity index and taxon under
investigation; ii) the specific spectral or textural metrics used including the window size applied

in texture calculation, closely related to iii) the spatial resolution of the sensor.

(i) The potential of multispectral remote sensing is closely related to the abiotic conditions
driving the abundance and diversity of biological entities and attributes. As proposed by
Peters et al. (2016), there is no general model that explains elevational species diversity
of multiple taxa separately. Taxonomic diversity seems to depend on the taxon-specific
resource requirements and their specific adaption to the environment. In line with this
suggestion, I found varying predictor importance among topographical, spectral and textural

metrics (Figure 5.1).

The elevational lapse in temperature influences the abundance and species richness of
certain ectotherms (e.g., ants and pyraloid moths; Chapter 3). However, topography reveals
also variation of abiotic factors such as nutrient supply and hydraulic conditions driving
the composition of trees and their structure (Chapter 3; Jucker et al., 2018). Along with
topographic features such as mountains and topographic positions, microclimate changes,
which in turn influences the composition of trees and growth of vegetation (Chapter 3-4).
According to the changing habitat conditions, the species composition of most taxonomic

groups changed with increasing elevation (Chapter 3).
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Figure 5.1: Schematic overview of the benefit of spectral and textural metrics in modeling biodiversity variables.
The potential of spectral metrics is defined as the complementary information explained to topographical metrics and
the potential of textural metrics is defined as the complementary information explained to combined topographical
and spectral metrics. The three corners represent the three sets of remotely sensed predictors surrogating changing
abiotic conditions along with elevation, vegetation productivity and habitat structure. Symbols characterize
measures of taxonomic and functional diversity. Symbols of taxa represent their species richness (for birds Shannon
diversity). The position inside the triangle indicates the relative predictor importances; the center indicates that
approx. 33 % of the biodiversity variable are explained by each predictor set; dashed lines are the the 50 % mark of
the predictor set in the opposite corner. Bird species richness, for example, is highly determined by habitat structure
surrogated by image textural metrics derived from high-spatial-resolution data but not by spectral or topographical
metrics. No models were derived for arctiinae moths richness using high spatial resolution data and for bird species
richness using moderate resolution data. Species turnover is not illustrated for clarity reasons. In general, a change
in species composition across all taxa was found with elevation, as well as with a combination of spectral and
textural metrics indicating that community compositions also change along a habitat structural gradient. Model
results using topographical metrics only, topographical and spectral together, and combined topographical, spectral
and textural metrics can be found in Appendix B Table B.6, Appendix D Table D.2, Table D.3 and Table D.4. AGB,
aboveground biomass; AGB;, annual wood production; NPP,, aboveground net primary production; FLP, fine litter
production; SLA, specific leaf area.
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In contrast, other taxonomic groups have developed distinct features to cope with the change
of abiotic conditions along with elevation. Some of the investigated biological entities and
attributes were related to variations of habitat productivity or habitat structure (Chapter
2-4). The three studies demonstrated that spectral metrics, especially a broadband index
combining the blue and red wavelength bands, have a high potential for modeling the
richness of geometrid moth species (Appendix B Table B.6), in addition to biochemical
canopy traits and related canopy production (Appendix B Table B.6, Appendix D Table D.2;
Chapter 3-4). A high potential of textural metrics was found for the taxonomic diversity of
certain taxa and biochemical canopy traits and their production (Chapter 4, Appendix D
Figure D.1). Vegetation productivity and habitat structure thus drive ecosystem processes and
functions of the canopy, which might be related to the species richness of these taxonomic
groups, namely, birds (Chapter 2-3), trees, and geometrid and arctiinae moths (Chapter 3).
My findings also revealed a compositional change in species of most investigated taxa along
the habitat structural gradient (Chapter 3). Considering all investigated biodiversity variables
(viz. species richness and species turnover of trees, moths, birds and ants for the models
at high spatial resolution and additional forest biomass, productivity and canopy traits for
the models at moderate resolution), the summed proportion explained by textural metrics
was about 40% of variance (complementary to topographic and spectral metrics) in diversity
(Appendix D Table D.3, Table D.4). Whereas, topographic metrics explained about 50 % of
variance. This confirmed prior studies suggesting that habitat structure is an important driver
of taxonomic and functional diversity (e.g., Bae et al., 2018), and emphasized the potential

of textural metrics as remotely sensed proxies to model tropical montane biodiversity.

Regarding the predictor importance in all three studies, two points appeared to be important.
On the one hand, in contrast to the EVI and NDVI, the broad-band combination of the
blue and red wavelength bands was independent from elevation, and therefore, explained
complementary information to topographical metrics. Consequently, this spectral index
was responsible for the improved models of biochemical canopy traits (Chapter 4) using
moderate spatial resolution data and probably also for the model of geometrid moth species
richness (Chapter 3). On the other hand, the success of textural metrics depended on the
moving window size. Generally, the models of species richness of birds and trees, and

models of biochemical canopy traits and fine litter production benefitted from textural

metrics calculated from multiple moving window sizes (Chapter 3, Appendix D Figure D.1).

This is caused by the activity size (home range) of the investigated taxa that needs to be

matched by the size of the moving window in texture calculation (Mairota et al., 2015).

Multiple taxa simply require textural metrics derived from multiple window sizes as proxies
for their home ranges. This fact was crucial for the models of functional diversity such as

biochemical canopy traits and production. The window size in texture calculation, however,
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is affected by the spatial resolution of multispectral data (see iii). This highlights that texture
calculation should be performed carefully considering the choice of window sizes as well as

the spatial resolution to match the appropriate scale of habitat structure.

(iii) The benefit of spectral and textural metrics varied not only among biological entities and
attributes studied, but also among the spatial resolution of multispectral data. I investigated
different scales using multispectral data at very high spatial resolution (2.5 m, Chapter 2), at
high spatial resolution (0.3 m resampled to 6 m, Chapter 3) and at moderate spatial resolution
(30 m, Chapter 4). Although the Landsat 8 metrics had the lowest spatial resolution, the
predictability of most diversity measures was still high or even higher than in models
using high spatial resolution data (Chapter 3, Appendix B Table B.6, Appendix D Table D.2).
Therefore, I suggest that remote sensing data at moderate spatial resolution is still valuable

because the spectral bands of Landsat-8 data are well defined.

However, it turned out that the spatial resolution could be a crucial factor determining the
predictive power of the models and the benefit of spectral and textural metrics. For instance,
in contrast to textural metrics, spectral metrics at moderate spatial resolution were not able
to model the richness of geometrid moth species. I suggest that the spectral information
was to broad and therefore, additional information about the habitat provided by textural
metrics were necessary. Regarding bird species diversity, models at moderate resolution
performed poor (Appendix D Table D.2). This result was most likely related to the small
extent of bird species records. Consequently, the weak performance of the model highlights
the need of operational sensors with high to very high spatial and spectral resolutions to

model biodiversity at finer scales and small spatial extents.

To the best of my knowledge, this thesis provides the first evaluation of the potential of multi-
spectral data for modeling tropical montane biodiversity considering taxonomic and functional
diversity, multiple taxa and vegetation indices. As long as hyperspectral and Lidar data are
restricted to airborne surveys and commercial spaceborne missions, multispectral remote sensing
is still of great importance for monitoring biodiversity. Together, the findings of my research have
important implications for the development of a remotely sensed indicator system of biodiversity.

In sum, the following points are relevant:

« Biodiversity models could be enhanced through the use of specific broadband combinations

using visible wavelength bands and multispectral image textures.

« The benefit of spectral and textural metrics depends on the biological entity or attribute

studied.

« Multispectral remote sensing data at moderate resolution was able to model most biodiversity
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variables, but for some taxa more complex predictors in form of multiple texture metrics

were necessary (c.f. geometrid and arctiinae moths).

« The sampling extent of in situ data should match to the spatial resolution of remote sensing

data (c.f. bird species richness)

Nonprofit organizations, that depend on open-source data archives such as those provided by
the Landsat mission, benefit from the development of spatially explicit biodiversity indicators
using multispectral data. Regarding the Aichi goals, especially target 11 and 14, monitoring in
general and the identification of prioritization areas in particular, requires robust and spatially
explicit indicators of biodiversity. The enhancement of biodiversity models using operational
remote sensing data is, therefore, of value and can help to derive more accurate maps on biodi-
versity. Accordingly, the demonstrated potential of multispectral remote sensing for operational

biodiversity modeling, contributes to both the scientific community and nonprofit organizations.

5.2 Perspectives

The presented findings of this thesis point to further investigations. These arise on different levels.
Amongst others, to further enhance remote sensing driven models of biodiversity at a landscape
scale, investigations can be related to either sensor improvements, choice of biodiversity indicators
or statistical methods.

Sensor improvements have been intensively discussed in the last years by the Committee on
Earth Observation Satellites (CEOS) owing to the need for operational satellites with sensors
at higher spectral and spatial resolutions or with active sensors on-board (Kuenzer et al., 2014;
Turner et al., 2013; Nagendra et al., 2013). This need has been addressed by a range of upcoming or
recently launched new Earth observation satellites which provide free and open data at high spatial
and spectral resolution. The Sentinel mission, of the Copernicus program, from the European
Space Agency (ESA) is one of them. Sentinel-1, for example, includes four planned satellites with
a synthetic aperture Radar (SAR) on-board. Two of these four satellites were already launched
and first evaluations showed that Sentinel-1 will have a high potential in modeling vegetation
structure (Schmidt et al., 2017). The ability to derive the three-dimensional structure of vegetation
from space seems promising to model biomass and wood production directly. As shown in
Chapter 2, enhanced delineation of vertical structure might also improve models of phylodiversity.
Indicator derivation of functional leaf traits, in contrast, might profit from hyperspectral sensors
at high spatial resolutions. In particular the models of biochemical canopy traits, investigated
in Chapter 4, benefitted from spectral metrics and I suggest they would further benefit from
higher spectral resolution data. This need might be answered by the Environmental Mapping and
Analysis Program (EnMAP) that plans to launch a satellite with a hyperspectral sensor on-board

and thus provide free hyperspectral data at moderate spatial resolution (30 m x 30 m) and high
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temporal resolution (4 days revisit). But as suggested from previous studies and supported by my
findings, carefully selected wavelength bands perform sometimes even better in modeling and
mapping canopy traits and productivity, as well as taxonomic species diversity, than a high number
of narrow wavelength bands (Shiklomanov et al., 2016). Therefore for certain research even a
low number of well-defined wavelength bands might be appropriate. Promising, the Sentinel-2
mission will enhance recent land cover mapping possibilities. Sentinel-2 which has two satellites
in orbit carries multispectral sensors at high spatial resolution (10-60 m) with a revisiting time of
approx. 5 days (Malenovsky et al., 2012). This will enable a more precise mapping of vegetation
by leaf-chlorophyll content and vegetation indices (Berger et al., 2012). In combination with a
textural approach Sentinel-2 data might further enhance models of taxonomic and functional
diversity as horizontal canopy structure would be better depicted by textural metrics at higher
spatial and spectral resolutions. In addition a higher spatial resolution would avoid independency
problems that might arise from multiple plots within a moving window in texture calculation (see
Appendix D Figure D.1). Up to now no cloud-free scene has been derived from Sentinel-2 for the
study area. But it seems worthwhile to compute a composite from cloud-free pixels for the study
area in order to test its benefits for biodiversity purposes in comparison to the Landsat-8 data
assessed in Chapter 4.

With regard to biodiversity monitoring, a major challenge seems to be the combination of the
obtained spatial indicators to represent biodiversity as a whole. Even if the proposed essential
biodiversity variables can be tracked from space, their combination and weighting will be difficult.
To account for the functioning of the ecosystem directly, plant functional types could be investi-
gated. According to similarities in their spectral response, remote sensing metrics should be able
to detect groups of plant functional types (Bonan et al., 2002). On the one hand they therefore
provide finer scales than biomes. On the other hand they comprise many ecosystem processes at
once. This enables a monitoring of plant functional types at larger scales and at the same time
accounting for within-habitat variations. In addition, they may be used to study the effects of
climate change on plant communities with similar functions (Bonan et al., 2002). With regard to
this thesis, plant functional types could be, for example, derived from the results in Chapter 4. As
plant functional types could be investigated at the community-level, the scale of analysis would
match conservation decisions and, therefore, provide effective indicators for stakeholders.

The used partial least squares regression approach, the algorithm was able to handle a low
number of observations (samples) but with constraints regarding the predictor importance. If
multi-collinearity is present, no precise information on predictor importance were possible. If
predictors are removed or added, the latent structure would change and therefore no precise
inference on predictor influence can be obtained. In addition, there might be a variety of models
with different predictor combinations that are statistically reasonable but could lead to different

conclusions about the relationship between in situ data and remote sensing predictors. For this
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reason, in this thesis, the indirect benefit of predictor sets has been analyzed. But for more precise
information on predictor importance and robustness, further investigations are necessary. One
statistical solution for assessing the importance of predictors in the given predictor sets in general
(and not just in one model) would be sub-window permutation analysis, which addresses the
problem of the variety of predictor combinations. Subsets of samples and predictors are used in N
Monte-Carlo simulations (Li et al., 2010). This allows calculation of a conditional p-value for each
variable without considering the influence of the remaining variables. However, this approach is
rarely implemented nowadays in partial least squares regressions. I believe that a remote sensing
based indicator system would highly benefit from this method since it specifies which indicators
are the most informative and robust irrespective of additional predictors used.

In conclusion, various aspects can be addressed to increase the predictive power of biodiversity
models and the robustness of their remotely sensed environmental predictors. These investigations
will further emphasize the potential of recent and future satellite missions providing operational

remote sensing data at low cost for monitoring biodiversity.
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Zusammenfassung

Tropische Bergregenwélder, insbesondere die Regenwélder der Anden, gehoren zu den vielfal-
tigsten, und gleichzeitig zu den am starksten bedrohten Biodiversitats-Hotspots der Welt. Um den
Status der Biodiversitat der Bergregenwalder grofiflachig zu erfassen, ist die Entwicklung eines
raumlich expliziten Monitoringsystems notwendig. Fernerkundung bietet die Moglichkeit, umfas-
sende Umweltindikatoren fiir die Charakterisierung von Okosystemen in Gebieten abzuleiten, in
denen ein bodengestiitztes Monitoring aufgrund ihrer Unzugénglichkeit und Gréfie kaum moglich
ist. Ein Fernerkundungsgestiitztes Monitoring ist momentan jedoch nur mit multispektralen
Sensoren mdglich. Diese Sensoren weisen entweder eine geringe raumliche oder geringe spektrale
Auflosung auf, wodurch die Aussagekraft von Biodiversititsmodellen beeintrachtigt wird.

In dieser Arbeit wurde das Potenzial multispektraler Fernerkundungsdaten analysiert, taxo-
nomische und funktionelle Aspekte der Biodiversitdt in einem tropischen Bergregenwald im
Siidden Ecuadors zu modellieren. Im Speziellen wurden Vegetationsindizes aus multispektralen
Reflektanzen sowie auf diesen basierende Texturmaf3e verwendet. Dazu wurden (i) verschiedene
taxonomische Gruppen und Diversitatsmafle (z.B. alpha-/beta-Diversitit), untersucht, (ii) ein
Vergleich zu topographischen Metriken gezogen, und (iii) Sensordaten mit hoher sowie moderater
raumlicher Auflésung beriicksichtigt.

1. In der ersten Studie wurden optische Texturmetriken aus einem raumlich sehr hochauflsen-
den Satellitenbild (Quickbird) abgeleitet. Diese wurden als Pradiktoren der Shannon-Diversitit,
der Phylodiversitat, sowie der Artgemeinschaft von Vigeln erprobt und mit Strukturmetriken
eines aktiven Sensors (Lidar) verglichen. Anhand der Texturmetriken war es moglich die Shannon-
Diversitat, nicht jedoch die Phylodiversitat zu modellieren. Lidarmetriken hingegen zeigten einen
statistischen Zusammenhang mit der Phylodiversitat, nicht jedoch mit der Shannon-Diversitét.
Die Artengemeinschaft, die hier den Arten-Turnover beschreibt, konnte von beiden Datenquel-
len erfolgreich modelliert werden. Die rdumlichen Vorhersagen zeigten jedoch einen starken
Zusammenhang mit der Topographie der Region. Folglich wurde gezeigt, dass das Potenzial
multispektraler Bildmetriken in der Modellierung taxonomischer Vielfalt von dem untersuchten
Diversitatsmaf abhangt.

2. In der zweiten Studie wurden die Artenvielfalt sowie der Arten-Turnover von sechs taxonomi-
schen Gruppen untersucht. Wahrend die Artenvielfalt von Pyraloidea (Lepidoptera) und Ameisen
hauptsachlich durch die Topographie bestimmt wurde, zeigten die Modelle weiterer taxonomischer
Gruppen der Geometridea und Arctiinae (Lepidoptera) sowie von Baumen und Vogeln hingegen
einen starkeren Zusammenhang der Artenvielfalt mit spektralen Metriken und Bildtexturen. Ein
Vergleich zwischen luft- und weltraumgestiitzten Multispektraldaten zeigte Unterschiede in der
Modellierung der Artenvielfalt von Geometridea und Arctiinae sowie der Vogel. Wahrend fir
raumlich hochauflésende luftgestiitzte Orthophotos spektrale Vegetationsindizes zur Modellie-
rung von Geometridea ausreichten, wurde fiir moderat aufgeldste Satellitendaten (Landsat-8) die

Artenvielfalt von Geometridae und Arctiinae ausschlieBlich durch Texturmetriken bestimmt. Die
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Modelle zur Vogeldiversitat zeigten, dass ausschlieB8lich Texturmetriken von hochauflésenden
Multispektraldaten in der Lage waren die Artenvielfalt zu modellieren, wahrend kein Model mittels
moderat aufgelosten Landsatdaten abgeleitet werden konnte. Ein Taxa-tibergreifender Trend fiir
die Treiberfaktoren wurde fiir den Arten-Turnover festgestellt. Dieser dnderte sich zum einen mit
der Hohe bzw. der Topographie, zum anderen mit verschiedenen Bildtexturmetriken, unabhéngig
von der raumlichen Auflésung der zugrundeliegenden multispektralen Daten. Folglich variiert
das Potenzial multispektraler Fernerkundung zwischen verschiedenen Taxa sowie der raumlichen
Auflosung der Daten.

3. Im dritten Teil der Arbeit wurden Biodiversitatsvariablen der funktionellen Diversitat, u.a.
der Waldbiomasse, Waldproduktivitat und funktioneller Blatt-Eigenschaften des Kronendachs,
anhand raumlich moderat aufgeloster Landsatdaten modelliert. Es zeigte sich, dass einhergehend
mit der wechselnden Artzusammensetzung der Biume entlang des Topographiegradienten (Studie
2) sich auch dessen funktionelle Diversitat anderte. Waldbiomasse, der jahrliche Holzzuwachs und
morphologische Blatteigenschaften, wie die Blattzahigkeit und die spezifische Blattflache, haben
mit zunehmender Hohe abgenommen bzw. im Fall der Blattzdhigkeit zugenommen. Die Feinstreu-
produktion sowie biochemische Blatteigenschaften, insbesondere die Phosphor-Konzentration,
zeigten zuséatzlich zur Topographie einen starken statistischen Zusammenhang mit spektralen
Vegetationsindizes und Texturmetriken. Hervorzuheben ist ein Breitbandindex aus dem sichtbaren
Wellenldngenbereich (rot und blau), der komplementare Informationen zur Topographie lieferte
und mit dessen Hilfe sich die Modelle der biochemischen Blatteigenschaften, sowie der Feinstreu-
produktion signifikant verbesserten. Diese Modelle profitierten des Weiteren von komplexen
Texturmetriken, berechnet fiir zwei unterschiedliche Fenstergroflen.

In den drei Studien wurde gezeigt, dass das Potenzial multispektraler Fernerkundung eng mit den
Umweltfiltern der jeweiligen Biodiversitaitsmafle zusammenhangt, die fiir raumliche Muster der
taxonomischen und funktionellen Diversitit verantwortlich sind. Die Taxon-spezifischen Ressour-
cenanforderungen und ihre spezifische Anpassungsstrategien an die Umwelt sind ausschlaggebend
fir die Bedeutung der hier verwendeten Pradiktoren. Meereshohe und Topographie sind nicht nur
Proxys fiir die Temperaturabnahme mit zunehmender Hohe, sondern auch Proxys fiir wichtige
abiotische Faktoren, wie zum Beispiel Nahrstoff- und Wasserverfiigbarkeit. Andere taxonomische
Gruppen haben sich jedoch an diese verdnderten Bedingungen entlang der Topographie angepasst
und héngen somit von Umweltfaktoren wie beispielsweise der Ressourcenverfiigbarkeit entlang
eines Produktivitats- oder Strukturgradienten ab, die durch multispektrale Metriken und dessen
Bildtexturen ermittelt wurden. Dementsprechend variierten die Treiberfaktoren je nach unter-
suchtem Taxon und Diversitatsindex. Ebenso gab es Unterschiede zwischen den Treiberfaktoren
tir die untersuchten Variablen zur funktionellen Diversitat der Baume.

Der relative Anteil an der erklarenden Varianz der Texturmetriken als zusétzliche Pradiktoren

zu topographischen und spektralen Metriken betrug iiber alle Biodiversitdtsmodelle hinweg
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etwa 40%. Dieses Ergebnis war unabhiangig von der raumlichen Auflésung des Sensors. Neben
topographischen Metriken (etwa 50%) erklaren multispektrale Bildtexturen somit einen grofien
Anteil an der untersuchten Diversitat. Das Potenzial von Texturmetriken hing jedoch sowohl
von der rdumlichen Auflésung der multispektralen Daten als auch von der Komplexitat der
Texturberechnung ab. Die Robustheit multispektraler Bildtexturen als wichtiger Treiber von

taxonomischer und funktioneller Diversitat sollte somit weiter untersucht werden.
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Table A.1: Explained variance of the first four principal components of the PCA of bird abundance matrix. Each
principal component represents the distribution of bird species along its ordination axis. We chose the first
principal component as a proxy for a typical bird assemblage in our study area because it explains most variance in
community composition.

Importance of components: PC1 PC2 PC3 PC4

Standard deviation 2.3285 1.5448 1.32811  1.29228
Proportion of Variance 0.2074 0.09126 0.06746 0.06387
Cumulative Proportion 0.2074 0.29862 0.36608 0.42994

Table A.2: Loadings of first principal component based on the covariance matrix.

Species Loadings
Cyanocorax yncas 0.261
Myioborus miniatus 0.232
Henicorhina leucophrys 0.216
Basileuterus tristriatus 0.212
Pyrrhomyias cinnamomeus 0.196
Scytalopus micropterus 0.183
Lepidocolaptes lacrymiger 0.182
Anisognathus somptuosus 0.180
Basileuterus coronatus 0.174
Synallaxis azarae 0.164
Aulacorhynchus prasinus 0.160
Colibri thalassinus 0.139
Penelope barbata 0.132
Diglossa albilatera 0.132
Creurgops verticalis 0.123
Momotus aequatorialis 0.122
Thraupis cyanocephala 0.120
Ochthoeca cinnamomeiventris 0.116
Chlorospingus parvirostris 0.108
Zimmerius chrysops 0.107
Boissonneaua matthewsii 0.106
Rupicola peruvianus 0.104
Ocreatus underwoodii 0.102
Iridosornis analis 0.100
Tangara xanthocephala 0.095
Chlorospingus flavigularis 0.090
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Syndactyla subalaris
Myadestes ralloides
Heliodoxa leadbeateri
Chlorothraupis frenata
Adelomyia melanogenys
Aglaiocercus kingi

Dendroica fusca

Phaethornis syrmatophorus

Mionectes striaticollis

Chamaepetes goudotii

Myiodynastes chrysocephalus

Tangara nigroviridis
Doryfera ludovicae
Heliodoxa rubinoides
Thraupis episcopus
Tyrannus melancholicus
Catharus ustulatus
Tangara labradorides
Wilsonia canadensis
Troglodytes solstitialis
Zonotrichia capensis
Margarornis squamiger
Haplophaedia aureliae
Grallaria hypoleuca
Geotrygon frenata
Coeligena coeligena
Thryothorus euophrys
Eutoxeres aquila
Myiobius villosus
Pseudotriccus pelzelni
Piaya cayana
Nothocercus bonapartei
Premnoplex brunnescens
Odontophorus speciosus
Poecilotriccus ruficeps

Urosticte ruficrissa

0.086
0.085
0.084
0.082
0.081
0.081
0.077
0.077
0.068
0.062
0.059
0.056
0.050
0.048
0.048
0.048
0.044
0.043
0.043
0.042
0.040
0.039
0.038
0.036
0.035
0.033
0.031
0.025
0.025
0.025
0.024
0.024
0.023
0.023
0.022
0.022
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Arremon torquatus
Vireo leucophrys
Dendrocincla tyrannina
Diglossa sittoides
Leptopogon rufipectus
Xenops rutilans

Elaenia albiceps
Rhynchocyclus fulvipectus
Nyctibius griseus
Contopus fumigatus
Grallaria squamigera
Phyllomyias cinereiceps
Glaucidium jardinii
Turdus fuscater
Siptornis striaticollis
Colaptes rubiginosus
Coeligena torquata
Mecocerculus minor
Megascops petersoni
Colibri coruscans
Premnornis guttuligera
Chalcostigma ruficeps
Hemispingus frontalis
Parula pitiayumi
Xiphorhynchus triangularis
Grallaria rufula
Xiphocolaptes promeropirhynchus
Lesbia nuna

Myiarchus cephalotes
Anairetes parulus
Cistothorus platensis
Elaenia pallatangae
Lafresnaya lafresnayi
Scytalopus parkeri
Myiophobus flavicans

Cyclarhis gujanensis

0.021
0.021
0.019
0.019
0.019
0.019
0.018
0.018
0.015
0.015
0.013
0.012
0.009
0.008
0.007
0.006
0.005
0.003
0.002
0.001
0.001
0.001
0.001
0.000
-0.002
-0.003
-0.004
-0.005
-0.007
-0.008
-0.008
-0.008
-0.008
-0.009
-0.010
-0.012
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Phyllomyias nigrocapillus
Pipreola riefferii
Pharomachrus auriceps
Diglossa cyanea
Arremon brunneinucha
Tangara parzudakii
Turdus fulviventris
Metallura tyrianthina
Tangara vassorii
Campephilus pollens
Contopus sordidulus
Myiophobus lintoni
Ochthoeca diadema
Coeligena lutetiae
Mecocerculus stictopterus
Thamnophilus unicolor
Diglossa humeralis
Veniliornis dignus
Saltator cinctus

Colaptes rivolii

Piranga rubriceps
Atlapetes latinuchus
Basileuterus luteoviridis
Myiarchus tuberculifer
Accipiter ventralis
Trogon personatus
Lipaugus fuscocinereus
Turdus serranus
Cinnycerthia unirufa
Haplospiza rustica
Sericossypha albocristata
Cinnycerthia olivascens
Grallaria nuchalis
Hemitriccus granadensis
Myornis senilis

Anisognathus lacrymosus

-0.012
-0.012
-0.015
-0.017
-0.018
-0.019
-0.020
-0.020
-0.021
-0.021
-0.021
-0.021
-0.021
-0.022
-0.022
-0.023
-0.024
-0.025
-0.025
-0.026
-0.030
-0.032
-0.033
-0.036
-0.039
-0.040
-0.045
-0.045
-0.048
-0.052
-0.053
-0.054
-0.055
-0.058
-0.061
-0.064
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Myioborus melanocephalus
Eriocnemis vestita
Diglossa caerulescens
Grallaricula nana
Chlorornis riefferii
Buthraupis montana
Pseudocolaptes boissonneautii
Patagioenas fasciata
Heliangelus amethysticollis
Pionus senilis

Synallaxis unirufa
Scytalopus unicolor

Chlorospingus ophthalmicus

-0.067
-0.073
-0.076
-0.086
-0.102
-0.104
-0.108
-0.137
-0.145
-0.157
-0.170
-0.186
-0.197
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Table A.3: Excerpt of species loaded with highest and lowest values in the first principal component (based on
covariance matrix). Associations between loading and traits were not found. Abbreviations are as follows. Foraging
strata: U = understory, M = midstory, C = canopy; Center of abundance: UT = upper tropical, UM = upper montane,
HT = hill tropical, MM = middle montane; Relative abundance: C = common, F = fairly common, U = uncommon, P
= patchily distributed; Min/Max elevation: L = lowlands; Habitats: F4 = mountain evergreen forest, F15 = secondary
forest, N3 = semihumid/humid montane scrub, F1 = tropical lowland evergreen forest, F11 = pine-oak forest, F7 =
tropical deciduous forest, E = edge; Conservation priority: 1 = urgent, 2 = high, 3 = medium; Research priority: 1 =
high, 2 = medium, 3 = low. *species were not listed in Stotz et al. (1996).

0 z
= 3 E
< o
£ 5 35 E 2 i
E: 2z » B o 2z S
= % 6;50 “g % =] > :c:; é §
i it _ = 77
Species 8 §) < &} & = § £ Lo) &
Cyanocorax yncas 0.2608 Low C UT F/P L 2800 F4,F7F15 4 3
Myioborus miniatus 0.2323 Low M/C UT C 600 2500 F4F15F11 4 3
Henicorhina leucophrys 0.2162 Medium U UT C 900 3000 F4 4 3
Basileuterus tristriatus 0.2123 Medium U UT C 800 500 F4,F15 4 3
Pyrrhomyias cinnamomeus 0.1963 Medium C UT/MM C 1000 3350 TF4,F4E 4 3
Scytalopus micropterus® 0.1834 - - - - - - - - -
Lepidocolaptes lacrymiger™ 0.1824 - - - - - - - - -
Anisognathus somptuosus 0.1798 Medium M/C MM C 900 2300 F4 4 3
Basileuterus coronatus 0.1738 Medium U MM C 1400 2800 F4,F15 4 3
Chlorornis riefferii -0.1015 Medium C MM F 300 350 F4 4 3
Buthraupis montana -0.1038 Medium C MM C 2000 500 F4 4 3
Pseudocolaptes boissonneautii -0.1079 Medium M/C MM F 1400 400 F4 4 3
Patagioenas fasciata -0.1374 Medium C UM F 900 600 F4F11,F15 4 2
Heliangelus amethysticollis -0.1448 Medium U/M UM F 800 300 F4F15 4 3
Pionus senilis -0.1566 Medium C HT U L 1600 F4F1F15 3 2
Synallaxis unirufa -0.1701 Medium U UM F 1700 300 F4F5 4 3
Scytalopus unicolor -0.1860 High U UM ? 2000 3150 N3? 4 2
Chlorospingus ophthalmicus ~ -0.1966 Medium U/M UT C 1000 2500 F4,F15 4 3
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Table A.4: Predictors for each diversity measure selected owing to filtering in backward selection. For each
predictor the base layer of the texture approach, the texture algorithm, and the window size applied for calculating
the image texture is given. Window sizes define the surrounding of each pixel in which image textures were
calculated. Given window sizes refer to the pixel size of the sensor. ** Both window sizes were selected.

Shannon diversity Phylodiversity Bird community
NIR ME/VA **
%’ NIR CO/DI/EN/HO 45x45 NIR CC/CO/DI/EN 45x 45
¥ NDVI CC/CO 45x45
% PRI SM 45 x 45
S PRIEN 45x45
& PRI CC/EN/SM 45x45 PRI EN 45x45 PRI CC 45x45
ARI CO/DI/EN/HO/SM 45 x 45
DEM VA 113x113 DEM ME **/VA™
HOME ME/VA 113x113 MH ME/VA 13x13 MH ME/VA 113x113

CH ME 13x13/VA 113x113
VDR ME 113x113
SLOPE ME/VA 113x113
E51 ME/VA 113x113
E55 ME 13x13/VA™
E57 ME **/VA 113x113
E58 ME/VA 13x13

E68 ME/VA 113x113 E68 ME 13x13

Lidar (first-order texture)
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Figure A.1: Forest loss between 2001-2014 for the study area derived from Landsat forest classifications (Hansen
et al., 2013); classification data has been downloaded as “year of gross forest cover loss event” for the granule with
top-left corner at ON, 80W (Source: Hansen/UMD/Google/USGS/NASA). Rectangular buffers relate to the extent
of the textural approach of optical and Lidar metrics. Forest loss within the Reserva Biolégica San Francisco and
the Podocarpus National Park was probably caused by landslide events which are very common in this region.
Forest loss next to non-forest areas was probably caused by slash-and-burn events. Only one bird point count was
affected by forest loss in 2011. Since Lidar data was acquired in 2012 and this point was not an outlier within the
Lidar models, we conclude that habitat change had only a minor impact on our Lidar models.
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Figure A.2: Figure A2 Scatterplot matrix of diversity proxies. Correlations are based on the Pearson correlation
moment.
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Figure A.3: Figure A3 Response plots of all six models fitted by either Lidar or optical texture metrics. A leave-one-out validation was performed.
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Benefit of multi-sensor models

Other research areas, such as carbon stock estimations and forest stand inventories, also benefit
from the combined use of different sensor data (Baccini et al., 2012; Kellndorfer et al., 2010; Saatchi
et al., 2008; Walker et al., 2007). Some studies have explored the beneficial use of coupling image
textures with elevation or habitat type (St-Louis et al., 2009, 2006), but to our knowledge, no study
to date has explored the benefit of multi-sensor models fitted by combined Lidar and texture metrics
to address different aspects of species diversity. Elevation metrics in addition to optical-based
metrics might be beneficial for modeling bird species richness (Sheeren et al., 2014). Consequently,
we tested for all bird diversity proxies (a) the benefit of models fitted by textural image metrics and
complex Lidar metrics and (b) the benefit of models fitted with elevation and slope in addition to
texture metrics of optical images. We only found a benefit among bird community models, where
Lidar and texture metrics together yielded a LOO R? of 0.85 and texture models with elevation
and slope in addition yielded a LOO R? of 0.81. All other models did not perform better than the

best single-sensor models based on a comparison of LOO R? and RMSE values.
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Table B.1: Number of rarefied and extrapolated samples of tree and moth species covering 70% of the asymptotic
richness. Sum of each row reveal the total number of samples.

Taxonomic  No. of samples using No. of samples using No. of samples using
group rarefied species richness  extrapolated species richness observed species richness
Trees 28 21 1
Pyraloidea 20 0 0
Geometridae 20 0 0
Arctiinae 18 2 0

Table B.2: Stress values for the first two dimensions of NMDS ordinations.

Taxonomic group 1 Dimension 2 Dimensions

Trees 0.136 0.08
Pyraloidea 0.101 0.071
Geometridae 0.098 0.057
Arctiinae 0.14 0.08

Table B.3: Texture statistics derived from gray-level co-occurrence matrices calculated from optical metrics
(see Table 1). For the moving window approach that shifts in all directions, one window size was considered
within the core analysis (3 pixels x 3 pixels). Image texture metrics derived from an additional window size

(17 pixels x 17 pixels) to cope with different habitat scales of all taxonomic groups was used for a second model
(Table B.5).

Texture statistics Equation

Mean ME= ZU o (Piy)
Entropy EN=3"0 = Zo i ;(Inp; ;)
Correlation CC= Zl] 0P [ /VAVA; ]

*With p; ;=Vi; Z?g;lo Vij, where V/; is the value in cell i, j and N is the number of rows or columns.
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Table B.4: Pearson correlation coefficients of habitat indicators and tree growth parameters. For all derived habitat
indicators, we performed a correlation analysis with tree growth parameters derived from a plot-based inventory
(Homeier et al., unpublished). Pearson’s correlation coefficients depended on different numbers of samples. Data
on stem diameter at breast height, above ground biomass increment (AGB;), and a measure of aboveground net
primary production (NPP,; combination of AGB; and leaf litter production) were collected, and tree species were
sampled (n = 50). In addition, we measured the C/N ratio of leaves in understory plants and sampled ant species
(n = 27). Significant correlation coefficients are highlighted in bold. DEM, Digital elevation model; SLOPE, slope in
degrees; TPI, topographical position index; NIR, near-infrared band; NDVI, normalized difference vegetation index;
ARI, anthocyanin reflectance index.

Pearson correlation coefficient

Habiat indicators Stem size AGB; NPP, C/N ratio
DEM 0.38* -0.64* -0.64" 0.41
SLOPE 0.28 0.13 0.29 -0.46
TPI -0.20 0.28 0.13 0.41
NIR mean -0.32 0.59* 0.78" -0.08
NDVI mean -0.40* 0.62* 0.75* -0.19
ARI mean 0.11 0.09 0.33 0.24
NIR correlation -0.22 0.19 0.27 -0.31
NDVI correlation 0.07 0.04 -0.11 -0.44
ARI correlation -0.03 -0.01 0.03 -0.39
NIR entropy -0.36 0.58" 0.74" 0.19
NDVI entropy -0.49* 0.64* 0.56" -0.42
ARI entropy -0.32 0.35 0.13 -0.55"
“p < 0.01
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Table B.5: Results of partial-least square regressions with implemented backward selection and leave-one-out
cross validation (LOO) using additional ‘mean’ and ‘entropy’ texture statistics derived from a second moving
window of 3 pixels x 3 pixels (18 m x 18 m), which resulted in 18 predictors in total. All resulting models included
texture statistics from the additional smaller window after backward selection. LOO R? values higher than those in
Table 4 are in bold.

Species
d?versity Taxonomic group R? LOOR? No. of latent vectors No. of predictors
measures
@ Trees 0.49 0.22 5 9
;é Pyraloidea 077  0.48 2 11
2 Geometridae 0.75 0.57 2 8
2 Arctiinae 0.38 0.09 2 12
g Ants 08  0.74 2 10
& Birds 0.61  0.27 5 9
Trees 0.99 0.98 7 10
. Pyraloidea 0.94 0.87 2 12
8 Geometridae 0.96 0.93 2 13
= Arctiinae 0.96  0.93 2 10
z Ants 0.94 0.90 4 10
Birds 0.80 0.68 3 11
Trees 0.42 0.29 3 6
— Pyraloidea 0.89  0.82 2 9
8 Geometridae 0.79 0.62 2 7
= Arctiinae 0.83 0.72 2 11
Z Ants 0.82  0.75 3 7
Birds 0.66 0.53 2 8
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Table B.6: Results of partial least-squares regressions predicting taxa diversities using (1) only topographical
metrics (DEM, SLOPE, and TPI) as predictors and (2) both topographical and spectral (NIR, NDVI, ARI) metrics.
Because of the low dimension of predictors, we omitted the backward selection and chose two latent vectors for
all models. The LOO (pseudo-) R? values are calculated as 1 - SSE/SST, where SST is the corrected total sum of
squares of the response, and SSE is the sum of squared errors for cross-validated predictions. Negative LOO R?
values indicate an inability of the models (on average) to explain any of the variability in investigated taxa diversity
among sample plots. DEM, Digital elevation model; SLOPE, slope in degrees; TPI, topographical position index;
NIR, near-infrared band; NDVI, normalized difference vegetation index; ARI, anthocyanin reflectance index.

Topographical metrics only Topographical and spectral metrics

Species diversity Taxonomic group ~ R? LOOR? R? LOO R?
Trees 0.20 0.08 0.22 0.10
Pyraloidea 0.82 0.77 0.79 0.71
Species richness Geometridae 0.02 -0.68  0.64 0.51
P Arctiinae 0.11 -0.27 0.1 -0.41
Ants 0.80 0.75 0.81 0.77
Birds 0.15 -0.01 0.16 -0.11
Trees 0.98 0.98 0.98 0.98
Pyraloidea 0.96 0.94 0.95 0.93
Geometridae 0.96 0.94 0.96 0.93

DS1I
NMDS Arctiinae 0.93 0.86 0.95 0.92
Ants 0.21 -0.03 0.87 0.82
Birds 0.74 0.70 0.74 0.65
Trees 0.34 0.26 0.07 -0.05
Pyraloidea 0.04 -0.87 0.52 0.30
Geometridae 0.01 -0.86  0.30 -0.01

NMDS II
Arctiinae 0.06 -0.86 041 0.07
Ants 0.61 0.51 0.65 0.58
Birds 0.01 -0.20 0.01 -0.15
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Table C.1: Summary statistics of forest biomass, productivity variables and community weighted means (CWMs)
of functional leaf traits among all sampled study sites (all) and the single study sites Bombuscaro at approximately
1000 m a.s.l,, San Francisco at approximately 2000 m a.s.l. and Cajanuma at approximately 3000 m a.s.l. AGB,
aboveground biomass; AGB;, annual wood production; NPP,, aboveground net primary production; FLP, fine litter
production; SLA, specific leaf area.

Response variable Unit Study site Min Mean  Max
@ All 29.83 1433  423.87
g Bombuscaro ~ 84.27 182.52 338.67
.S AGB Mgha "1 . ' ) '
- g ha San Francisco 29.83 158.01 423.87
8 Cajanuma 45.04 8936 1827
o
P All 022  1.88 6.51
AGB; Bombuscgro 1.05 2.83 4.95
San Francisco  0.80 2.15 6.51
g Cajanuma 022 065 138
{'—3 All 2.78 5.41 9.18
5
B .62 . 3
3 FLP Mgha ~1 yr-1 ombusca.ro 3.6 5.76 8.35
g, San Francisco  4.49 6.78 9.18
2 Cajanuma 2.78 3.68 5.11
;c:> All 315  7.29  13.39
Bombuscaro 5.49 8.59 11.46
NPP, .
San Francisco  5.39 8.93 13.39
Cajanuma 3.15 4.33 5.89
All 0.51 1.23 2.63
Bombuscaro 0.66 0.9 1.07
Leaf tough kNm ! .
cal toughiness m San Francisco  0.51 1.07 1.64
Cajanuma 0.99 1.72 2.63
- All 32.19 7493 149.64
s Bombuscaro 76.53  95.59 110.84
= SLA gt
o cm g San Francisco 47.76  79.85 149.64
= Cajanuma 3219 4933 76.92
g All 9.04 16.07  27.06
E= Bombuscaro 14.21 18.29  21.26
= Foliar N Mgg~!
g ouar &8 San Francisco 1293 18.61  27.06
. Cajanuma 9.04 1132  14.69
All 0.32 0.73 1.53
Bombuscaro 0.56 0.76 1.31
Foliar P Mgg~!
ohar &8 San Francisco  0.55 0.95 1.53
Cajanuma 0.32 0.49 0.83
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Table C.2: Classification of model quality with respect to the coefficient of determination (R?).

R? range Model quality
<0.2 Poor

0.2-0.4 Weak

0.4-0.6 Moderate
0.6-0.8 Good

>0.8 Strong
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Figure C.1: Observed versus predicted values for PLSR models of forest biomass and productivity variables at
individual study sites. First column corresponds to Figure 2. The dashed line represents the 1:1 line (y=x). Hollow
points = calculated values, solid fill = predicted values. Aboveground biomass (AGB) in Mg ha™1, and variables of
forest productivity in Mg ha=! yr~!. AGB;, annual wood production; NPP,, aboveground net primary production;
FLP, fine litter production.
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Figure C.2: Figure C2 Observed versus predicted values for PLSR models of canopy traits at individual study sites.
First column corresponds to Figure 2. The dashed line represents the 1:1 line (y=x). Hollow points = calculated
values, solid fill = predicted values. Community weighted means of leaf toughness in kN m~!, of specific leaf area

Predicted values

Study site * Bombuscaro = San Francisco * Cajanuma

(SLA) in cm? g~ ! and of foliar N and P in mg g~!. FLP, fine litter production.
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Figure C.3: Comparison of LOO validated R? values for different model runs: predicting biomass, productivity
and community weighted mean canopy traits using (1) the best subset of predictor variables (Figure 4.3), (2) only
topographical metrics (DEM, SLOPE, and TPI) as predictors and (3) only spectral metrics (EVI, RGVI, RBVI) and (4)
only textural metrics (EVI entropy, EVI correlation, RBVI entropy, RGVI entropy). Because of the low dimension of
predictors, we omitted the backward selection for models fitted by topographical, spectral and textural metrics
only and chose two latent vectors for their corresponding models. AGB, aboveground biomass; AGB;, annual wood
production; NPP,, aboveground net primary production; FLP, fine litter production; SLA, specific leaf area.
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Figure C.4: Figure C4 Scatterplot matrix of forest productivity variables and functional leaf traits. Correlations
are based on the Pearson correlation moment. AGB, aboveground biomass; AGB;, annual wood production; NPP,,
aboveground net primary production; FLP, fine litter production; SLA, specific leaf area
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Table D.1: From chapter 2 the hypothesis arose that the horizontal heterogeneity of vertical structure calculated
as Lidar-derived texture metrics might improve predictions of bird diversity. For this reason, I calculated image
textures using the same texture statistics and window sizes from chapter 2 using Lidar metrics (see Table 2.2,
Table 2.3). This resulted in 188 Lidar-based texture metrics (Lidar texture). In addition, as a consequence of chapter
3 it remained unclear whether (textural) Lidar metrics are able to model the second bird community composition.
Therefore, I derived models for the second principal component. As shown, Lidar-based models benefitted only
slightly from the textural approach. In comparison with chapter 2, a higher predictive power was only found for
phylo-a-diversity using Lidar-based texture metrics. Lidar models also exceeded multispectral texture metrics in
modeling the second bird community composition. However, multispectral texture models were able to explain 39%
in variation of the second community composition. Thus, it can be assumed that the second principal component
indicates a change in species composition along a habitat structural gradient. The best model results are in bold.

No. of

Diversity mea- No. of latent

Dataset . R? RMSE LOOR? LOORMSE
sure predictors  vectors
Lidar 5 2 0.26 0.85 0.07 0.95
Shannon .
. . Lidar texture 7 2 0.26 0.85 0.03 0.97
diversity Multispectral
7 4 0.57 0.64 0.42 0.75
texture
Lidar 13 2 0.60 0.62 0.35 0.79
Phylo-a- .
. . Lidar texture 22 2 0.70 0.54 0.52 0.68
diversity Multispectral
8 2 0.24 0.86 0.09 0.94
texture
Bird Lidar 11 3 0.86 0.37 0.81 0.43
community 1  Lidar texture 7 3 0.85 0.38 0.80 0.44
(PC1) Multispectral 8 2 0.85 038  0.80 0.44
texture
Bird Lidar 7 3 0.68 0.56 0.58 0.63
community 2  Lidar texture 8 2 0.68  0.55 0.57 0.64
(PCA2) Multispectral 9 3 056 065 039 0.77
texture
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Table D.2: Results of partial-least squares regressions with implemented backward selection and leave-one-out
(LOO) cross validation for species richness of trees, moths, ants and birds, the corresponding species turnover (by
means of non-metric multidimensional scaling, NMDS), and forest biomass, its productivity and key canopy traits
(measured as community weighted means) using a set of spatial predictors derived from the Landsat image used in
chapter 4. As predictor metrics the same topographical, spectral and textural metrics were used as in chapter 4 but
with an additional window size (19 pixels x 19 pixels) for texture calculations resulting in 17 predictors. See also
Figure D1. The LOO (pseudo-) R? values are calculated as 1 - SSE/SST, where SST is the corrected total sum of
squares of the response, and SSE is the sum of squared errors for cross-validated predictions. Negative LOO R?
values indicate an inability of the models (on average) to explain any of the variability in investigated taxa diversity

among sample plots.

LOO R?
. . Topographical,
Biodiversity variables Taxa Topograp hical Topographlce.ll and spfct%al,pand
metrics spectral metrics )
textural metrics
Trees 0.12 0.19 0.38
Pyraloidea 0.58 0.51 0.72
Species richness Geometridae -0.64 -0.45 0.60
Arctiinae -0.16 -0.82 0.16
Ants 0.73 0.66 0.67
Birds -0.19 -0.45 0.03
Trees 0.98 0.98 0.99
Pyraloidea 0.95 0.96 0.96
Species turnover 1 Geometridae 0.93 0.90 0.90
(NMDS 1) Arctiinae 0.83 0.93 0.88
Ants -0.12 - 0.65
Birds -0.23 - 0.35
Trees 0.28 0.32 0.68
Pyraloidea -0.05 0.43 0.87
Species turnover 2 Geometridae -0.50 0.19 0.64
(NMDS 1I) Arctiinae -0.38 0.15 0.75
Ants 0.47 0.40 0.82
Birds -0.19 -0.19 0.35
Forest biomass AGB 0.19 0.08 0.27
AGB; 0.35 0.35 0.40
Forest productivity FLP 0.35 0.63 0.72
NPP, 0.44 0.58 0.71
Canopy traits Leaf toughness 0.48 0.60 0.63
(measured as community SLA 0.67 0.73 083
weighted mean) Foliar N 0.41 0.61 0.78
Foliar P 0.15 0.54 0.80
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Table D.3: Relative contributions of predictor sets at moderate spatial resolution based on the coefficients of
determination in Table D.2. To account for correlations among the predictor sets, the contribution for the spectral
predictor set has been calculated as the derived explained variance by topographical and spectral metrics minus the
explained variance by topographical metrics only. The relative contributions are here used as an approximation to
determine the benefit of the single predictor sets. In the last row the relative contributions were summed up (in %)

Relative contributions in explained biodiversity

Biodiversity variables for each predictor set in %

Topographlcal Spectral metrics Textural metrics
metrics

Trees 0.32 0.18 0.50
Pyraloidea 0.81 - 0.19
Species richness Geometridae - - 1.00
Arctiinae - - 1.00
Ants 1.00 - -
Birds - - -
Trees 0.99 - -
Pyraloidea 0.99 - -
Geometridae 1.03 - -
NMDSI Arctiinae 0.89 0.11 -
Ants - - 1.00
Birds - - 1.00
Trees 0.41 0.06 0.53
Pyraloidea - 0.49 0.51
Geometridae - 0.30 0.64
NMDS I Arctiinae - 0.20 0.80
Ants 0.57 - 0.43
Birds - - 1.00
Forest biomass AGB 0.70 - 0.30
AGB; 0.88 - 0.13
Forest productivity — Litter 0.49 0.39 0.13
NPP, 0.62 0.20 0.18
Toughness 0.76 0.19 0.05
Canopy traits SLA 0.81 0.07 0.12
FoliarN 0.53 0.26 0.22
FoliarP 0.19 0.49 0.33
Relative contribution across all biodiversity variables 50 12 42
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Table D.4: Relative contributions of predictor sets at high spatial resolution based on the coefficients of determina-
tion in Appendix B Table B5 and B6. To account for correlations among the predictor sets, the contribution for the
spectral predictor set has been calculated as the derived explained variance by topographical and spectral metrics
minus the explained variance by topographical metrics only. For the textural predictor set the explained variance
by topographical and spectral (the higher one) has been substracted. The relative contributions are here used as an
approximation to determine the benefit of the single predictor sets. In the last row the relative contributions were

summed up (in %)

Biodiversity variables

Relative contributions in explained biodiversity

for each predictor set in %

Topographical metrics

Spectral metrics

Textural metrics

Trees 0.36 0.09 0.64

Pyraloidea 1.00 - -

Species richness Geometridae - 0.89 0.11
Arctiinae - - 1.00

Ants 1.00 - -

Birds - - 1.00

Trees 1.00 - -

Pyraloidea 1.00 - -

Geometridae 1.00 - -

NMDS 1 Arctiinae 0.92 0.06 -
Ants - 0.91 0.09

Birds 1 - -

Trees 0.90 - 0.10

Pyraloidea - 0.37 0.63

Geometridae - - 1.00

NMDS 1T Arctiinae - - 0.90
Ants 0.68 0.09 0.23

Birds - - 1.00

Relative contribution across all biodiversity variables 49 14 37
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Figure D.1: In a prior version of the submitted manuscript in chapter 4, bigger window sizes were used in texture
calculations which resulted in stronger model performances. Here the gain of explained variance measured as the
coefficient of determination against the image textural metrics measured within different window sizes is shown.
The corresponding textural metrics were subsequently added to a model including elevation, the topographical
position index (TPI) and the RBVI as predictors. The RBVI was chosen as a spectral metric because it did not correlate
with topography and therefore explained complementary information. To figure out which textural metrics would
explain additional information in the eight response variables multiple window sizes were investigated. Overall,
the gain in additional explained variance was marginal in the case of above-ground biomass, annual production of
woody biomass (AGB;) and the morphological canopy traits leaf toughness and specific leaf area (SLA). For the
remaining response variables textural metrics from big window sizes reached a higher gain in explained variance.
However, I removed these predictor metrics in the submitted version of the article as the moving windows caused
independency problems of the textural predictor metrics. As the impact of multiple plots within the same texture
window could not be quantified, further studies with an enhanced sampling design are necessary to analyze the
potential of image textures calculated at bigger window sizes in modelling forest biomass, its productivity and
canopy traits. FLP = annual fine litter production, NPP, = net primary production. All canopy traits were measured
as community-weighted means.
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