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Introduction

1.1

Background

This thesis explores the potential of infrared spectra (short‐wave (SWIR), mid‐
wave (MWIR) and longwave infrared (LWIR)), in the identification of leaf traits
(characteristics inherent to the leaf ‐ such as size, form, thickness). It also
explores whether the expression of these leaf traits in the spectra can be used
to differentiate species as well as assess the plant’s health and stress status. The
first chapter reviews the importance of exploring the spectral features of a leaf
in the infrared, which can contain information about the leaf´s structure and
constituents in the reflected and radiated energy. For the analysis of these
spectral features, it is advisable to explore leaves under the latest spectroscopic
methods and combine these spectral results with the conventional methods
used by botanists and ecologists to analyse leaf traits. Creating a connection
between the spectra of a leaf and its traits represents an advance for the remote
sensing community to generate accurate applications for leaf traits retrieval and
plant assessment. In this Introduction, the importance of the identification of
leaf traits is discussed in relation to conventional and new spectroscopic
methods, as well as the future applications in remote sensing. The importance
of leaf traits in the identification of plant species is assessed, as well as how
species identification can be addressed with the new developments in
spectroscopy and remote sensing. Then, changes evident in the leaf traits
generated by stress are evaluated, and how these changes in leaf trait are
expected to change the spectra. Finally, the outline of the thesis chapters is
described.

1.2

Plant and leaf traits

All plants, have specific genetic pools that are expressed in their characteristics
‐from the molecular to the structural level‐ as traits that make them unique and
allow us to recognise them one from another. These traits reflect the outcome
of evolutionary and community assembly processes responding to abiotic and
biotic environmental constraints (Valladares et al. 2007). The high diversity of
these traits can be represented by their biochemistry (e.g., water, protein and
carbohydrate content), anatomy (e.g. size, height and area), and physiology
(e.g., photosynthesis, respiration and growth processes) (Violle et al. 2007).
Using these traits, it is possible to characterise individuals into roughly discrete
assemblies that can be grouped into orders, families, genera, species and even
to the level of varieties when the genetic variations are still small (Hamrick and
Godt 1996; Reich et al. 2003; Takhtajan 2009). In the case of plants and
depending on the level of analysis, these traits are called plant traits, but they
can also be followed at the level of the leaves and be called leaf traits. The
compilation of these characteristics makes each organism unique and contains
2
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valuable information about the species to which an individual belongs and its
health status (Reich et al. 2003). Advances in the methods for detecting diversity
and plant’s health evolve towards relying on fewer traits from the plant (e.g.,
conventional survey) or the visible canopy (e.g., remote sensing), to characterise
individuals or groups of individuals, and ecosystems more efficiently.

1.2.1 Methods to identify plant and leaf traits
In ecological and agronomical studies, it is important that the identification of a
few leaf traits yields relevant information about individual plants, populations
or ecosystems. Conventionally, these studies are expensive and time‐consuming
because they rely on sampling and measuring individual plants in the field, and
extrapolating the results to the population or ecosystem level when needed.
Conventional methods to determine traits are direct destructive harvesting, and
direct measurement and quantification of a specific leaf trait (e.g., laboratory
extraction of lignin from leaves) (Asner et al. 2003), and allometric methods
where a leaf trait is calculated by using the relation with other easy measurable
variables (e.g., plant productivity and biomass can be estimated by measuring
in the field height, stem diameter or leaf area) (Chave et al. 2014; Hunter et al.
2013). Conventional methods to identify species classify individuals with similar
leaf traits (e.g. Baltanás 1992; Stohlgren et al. 1997), and conventional methods
to determine health status can be based on measuring respiration, growth,
temperature, water content and pigment content (e.g. Lichtenthaler 1996).
Although conventional methods are the most direct and accurate tools to
measure or estimate plant and leaf traits, there is an increasing need for
accurate methods applicable over larger areas, especially for ecological studies
and environmental assessment.
At the leaf level, the most accurate methods to identify and quantify leaf traits
consist of direct field and wet chemical laboratory measurements. These
methods range from analysing leaves in the laboratory in order to quantify
concentrations of individual molecules for estimating a plant’s health, to
analysing leaf traits in the field in order to differentiate species (e.g. leaf form,
size). Although these direct laboratory measurements are accurate, they are
slow, expensive, and are based on destructive sampling (Allison et al. 2009;
Lichtenthaler 1996).

1.2.2 Spectroscopic methods
New non‐destructive spectroscopic methods were initially developed by the
biochemistry and food industry to estimate biochemical concentration in fresh
and dry living material (Curran 2001). Vibrational spectroscopy is based on the
analysis of the vibrational motion of molecules interacting with the
3
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electromagnetic radiation. Molecular bonds vibrate at a determined frequency
when stimulated by the absorption of certain electromagnetic radiation
(Christensen et al. 2000). The frequency where the molecular bond is stimulated
depends on the mass and the geometry of atoms and therefore is specific of
each bond. At shorter wavelengths, radiation has a higher energy content when
at longer wavelengths radiation has lower energy content and show
differentiable overtones and fundamental vibrations that can be related to the
molecular composition of objects. Since the infrared range is prone to have
weaker absorption of pigments in leaves, the influence of the overtone and
fundamental vibrations caused by other leaf compounds would be expected to
be more evident at longer wavebands. Several studies have proven that the
infrared shows fundamental vibrations associated with terrestrial objects, from
mineralogy (e.g. Christensen et al. 2000) to important leaf constituents such as
wax, lignin and cellulose, which are the main compounds of the outer and
epidermal layers of a leaf (e.g. Elvidge 1988, Salisbury 1986).
A spectroscopic approach allows detecting the chemistry of leaves, based on
identifying the fingerprints of the vibrational bonds of individual simple or
complex molecules (e.g. O‐H in water, C‐H in carbohydrates) (Schulz and
Baranska 2007). These methods also allow to detect the presence and to
estimate the concentration of particular molecules, by identifying the bands
where those molecules produce a fundamental vibration. This detection has
been done in laboratory studies with molecules such as water (e.g. Fabre et al.
2011; Ullah et al. 2014), and lignin (Nakanishi and Kawakami 1991; Soukupova
et al. 2002), among other organic molecules present in leaves (Table 1).
A leaf is composed of approximately 70% water and 30% dry matter. From this
dry matter, the main compounds are lignin and cellulose, contributing with
approximately 27‐32% (Chen 2014). Differences between leaf traits are evident
when differentiating the type of vegetation. For instance, woody species contain
more lignin than herbaceous species (27‐32% vs 14‐25%) (Chen et al. 1996). The
remaining dry matter is composed mainly of sugars (e.g. xylose, galactose,
mannose), enzymes, and microelements such as nitrogen, calcium, manganese,
and potassium (e.g. Sariyildiz and Anderson 2005). The spectra of cellulose and
lignin (Figure 1.1), contain many features that respond to the vibrations of the
molecular bonds in these organic compounds. In the SWIR lignin and cellulose
share many features related mainly to the C‐H and O‐H stretching (Curran 1989;
Elvidge 1988; Elvidge 1990; Kokaly and Clark 1999), while their spectra show
more striking differences in the MWIR and LWIR. For instance, lignin has a
particular feature at 6.16μm linked to aromatic skeletal vibrations of the lignin
molecule (Elvidge 1988) and cellulose has features at 3.37μm (C‐H stretching
(Elvidge 1988)), 5.20μm, 6.42μm, 10.65μm, 11.13μm, and 11.52μm (asymmetric

4
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out‐of‐phase stretching), which have been identified in the cellulose spectra in
several studies (e.g. Curran 1989; Elvidge 1988; Kokaly and Clark 1999).

Figure 1.1 Spectra of cellulose and lignin and their features, as measured in this thesis.
a) 1.50μm, b) 1.66μm, c) 1.82μm, d) 2.06, e) 2.23μm, f) 2.40μm, g) 2.60μm, h) 3.37μm,
i) 5.20μm, j) 6.42μm, k) 8.21μm, l) 8.40μm, m) 10.65μm, n) 11.13μm, o) 11.52μm, p)
1.64μm, q) 1.84μm, r) 2.08μm, s) 2.26μm, t) 2.68μm, and u) 6.16μm.

Knowledge of the specific bands where a molecule or compound generates
fundamental vibrations in the spectra serves to understand the spectra of leaves
and to detect or estimate the presence of these molecules or compounds by
using remote sensors that contain these specific bands. With geometric and
atmospheric correction, such methods have the potential to estimate leaf traits
using air and spaceborne sensors. Some studies have used the bands found in
laboratory studies to estimate leaf traits from air and spaceborne sensors with
accurate results (e.g. Curran et al. 2001).
Nowadays, more studies are using the knowledge acquired in the laboratory
about the spectral response of molecules of fresh leaves, especially in the visible
(VIS: 0.4‐0.7µm), near infrared (NIR: 0.7‐1.4µm) and short‐wave infrared (SWIR:
1.4‐2.5µm) (Clark and Roush 1984; Clark et al. 2003; Curran et al. 2001). Table
1.1 comprises the studies estimating or detecting leaf traits using spectral bands
from the visible to the infrared spectra. In the present study, infrared spectra
are considered from the SWIR, the MWIR (2.5‐6.0µm) and the LWIR (6‐16µm)
parts of the electromagnetic spectrum.
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Table 1.1 Leaf traits in the literature that have been detected with spectroscopy and
remote sensing methods in the VNIR or infrared range.
Molecules
elements
Cellulose

or Molecular bonds
detected
O‐H stretch
C‐H stretching /
deformation
C‐O stretching, skeletal
vibrations
Asymmetric out‐of‐
phase stretching
Ring breathing

Cutin / Cutan

Sugars (e.g.
glucose)
Hemicellulose
Hollocellulose
Humic acid
Lignin

C‐H stretching
C=C stretching
O‐H stretching
C‐H stretching in
methyl groups
C=O stretching
Aromatic skeletal
vibrations
C‐H out of plane
deformation
Syringyl and gualacyl
ring breathing

Nitrogen

Pectin

C‐O‐O‐H carboxylate

Laboratory or field
sensor
(Curran 1989; Elvidge
1990; Kokaly and Clark
1999; Michell 1990;
Nagler et al. 2003)

(Ribeiro da Luz 2006;
Ribeiro da Luz and
Crowley 2007; Stewart
1996)
(Card et al. 1988;
Curran 1989)
(Allison et al. 2009)
(Elvidge 1988)
(Elvidge 1988; Elvidge
1990)
(Allison et al. 2009;
Belanche et al. 2014;
Boeriu et al. 2004; Card
et al. 1988; Curran
1989; Elvidge 1988;
Elvidge 1990; Kokaly
and Clark 1999;
Peterson et al. 1988;
Soukupova et al. 2002)

(Card et al. 1988;
Elvidge 1990; Kokaly
and Clark 1999)
(Allison et al. 2009;
Chatjigakis et al. 1998;
Elvidge 1990; Ribeiro
da Luz 2006)
(Stewart 1996)
(Card et al. 1988;
Curran 1989)

Polysaccharide C=O Ester carbonyls
Protein
N‐H stretching
N‐H asymmetry
N‐H bend 2nd overtone
Silica
(Elvidge 1988; Ribeiro
da Luz 2006; Ribeiro da
Luz and Crowley 2007)
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Air/space borne
sensors
(Curran et al.
2001)

Range
VNIR

VNIR

VNIR
VNIR
Infrared
(Martin and Aber VNIR
1997; Mthembu
2006; Peterson et
al. 1988; Serrano
et al. 2002;
Soukupova et al.
2002)

(Curran et al.
2001; Martin et
al. 1998)

VNIR

VNIR

Infrared
Infrared

Infrared

Chapter 1
Molecules
elements
Starch

Tannic acid
Water

Wax

Xylan

or Molecular bonds
detected
O‐H stretch /
deformation
C‐H stretch
CH2 deformation

O‐H stretch
O‐H deformation

Laboratory or field
sensor
(Card et al. 1988;
Curran 1989; Elvidge
1988; Elvidge 1990;
Ribeiro da Luz 2006;
Ribeiro da Luz and
Crowley 2007)
(Elvidge 1988)
(Fabre et al. 2011,
Ullah et al. 2014)
(Elvidge 1990; Ribeiro
da Luz 2006; Ribeiro da
Luz and Crowley 2007)
(Elvidge 1990; Ribeiro
da Luz and Crowley
2007)

Air/space borne
sensors

Range
Infrared

(Gao 1996;
Gerber et al.
2011)

Infrared
VNIR,
Infrared
Infrared

Infrared

A new generation of imaging spectrometers is being developed into more
compact and accurate sensors (both spectrally and spatially) for surveying any
terrestrial objects, with the capacity of covering larger areas than those covered
while measuring individual plants with conventional field and laboratory
methods. The latest developments in remote sensing are using instruments with
information in the VNIR to estimate characteristics of the vegetation from the
visible canopy. VNIR data has been used to measure leaf area to estimate plant
productivity (e.g. Asner et al. 2003; Gower et al. 1999), canopy cover to estimate
forest structure (e.g. Lefsky et al. 2002; Schlerf and Atzberger 2006), leaf
compounds (e.g. Curran 1989; Kokaly et al. 2009), water content (e.g. Ceccato
et al. 2002; Gao 1996), and leaf/canopy temperature (Goward et al. 2002;
Jackson et al. 1981) to estimate plant and ecosystem status.

1.2.3 Spectroscopy of leaves
The green leaves of plants have a well‐known spectrum in the visible and the
near‐infrared (VNIR) (Figure 1.2). The visible part of the electromagnetic
spectrum is governed by the strong absorption of radiation by leaf pigments,
chlorophylls, anthocyanins and carotenoids. Changes in these pigments help in
the differentiation of the photosynthetic absorption of this electromagnetic
radiation by vegetation(e.g. Stagakis et al. 2012; Zarco‐Tejada et al. 2009). The
reflected spectra show a high absorption by pigments in the blue and red,
resulting in a high reflectance of green which is perceived by the human eye as
the typical green colour of leaves. This part of the spectrum is used to study
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changes in leaf pigments, and is the basis of studies of plant functioning and
health (e.g. Lichtenthaler 1996).
In the NIR (0.7 to 1.4µm) leaves show a high reflectance due to internal leaf
scattering and no absorption (Knipling 1970). In this part of the spectrum, the
difference between high absorption in the red and high reflection in the NIR is
known as the red edge and is used to determine vegetation indexes. Changes in
these vegetation indexes give information about plant productivity, plant’s
health and stress (e.g. Behmann et al. 2014; Dobrowski et al. 2005; Peñuelas and
Filella 1998; Stagakis et al. 2012).

Figure 1.2 Schematic reflectance spectrum of a typical green leaf.

Furthermore, in the infrared, the electromagnetic spectrum can be divided in
the short‐wave (SWIR: 1.4‐2.5µm), mid‐wave (MWIR: 2.5‐6.0µm), long‐wave
(LWIR: 6.0‐20µm) and far infrared (FIR: 20µm‐0.01cm). Since the strong
influence of pigment absorption decreases between the NIR and SWIR (Elvidge
1988), it is expected that the features and emissivity values in this region are the
result of the interaction between the radiation and leaf components other than
pigments, especially the ones interacting with the radiation on (or near) the
outer surface such as waxes, lignin, cellulose and water (e.g.Elvidge 1988;
Ribeiro da Luz and Crowley 2007).
The SWIR is known for the high absorption of water, which is dominated by low
reflectance and high emissivity (Knipling 1970). This section of the
electromagnetic spectrum is widely used in the evaluation of changes in leaf
water content (LWC), especially related to stress caused by drought (e.g.
Ceccato et al. 2002; de Jong et al. 2012; Eitel et al. 2006; Feng et al. 2013;
Fensholt and Sandholt 2003).
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The MWIR and the LWIR of leaves have less pronounced features when
compared to the region between the VIS and the SWIR, as well as when
compared with the infrared spectra of minerals. For this reason, and because of
a lack of research in this part of the spectrum, leaves were for a long time
considered to be featureless in the LWIR, and their emissivity has been used in
previous studies as a constant number to calibrate and feed radiative transfer
models and global climate models (e.g. Li et al. 1999; Olioso et al. 1999; Wang
and Leuning 1998). Nowadays, with more accurate instrumentation to measure
emissivity in the infrared, studies have found that spectral differences in this
region can be caused by leaf traits associated with the leaf's structure, such as
water content (e.g. Fabre et al. 2011; Gerber et al. 2011; Ullah et al. 2014), lignin
and cellulose content (e.g. Curran 1989; Elvidge 1988; Martin and Aber 1997),
epidermis thickness and cuticle composition such as fatty acid esters, waxes,
cutin and cutan content (e.g. Ribeiro da Luz 2006; Stewart et al. 1997) as well as
carbohydrate and protein content (e.g. Curran 1989; Elvidge 1988). Other
researchers have suggested that additional structural and microstructural leaf
traits can leave fingerprints in infrared spectra, such as epidermis thickness and
cell wall composition (e.g. Fabre et al. 2011; Ribeiro da Luz 2006; Salisbury and
Milton 1988). For instance, spectra of pure lignin and cellulose, show clear
features from the SWIR to the LWIR which are explained mainly by the molecular
vibrations of their molecular O‐H, C‐H and CH2 bonds (e.g. Elvidge 1988). There
are indexes to estimate cellulose based on bands such as 2.0, 2.1 and 2.2µm
(e.g. Cole et al. 2014), while water has been associated strongly with bands in
the NIR to the SWIR, especially between 2.5 and 6.0µm (e.g. Fabre et al. 2011;
Ullah et al. 2014). It is expected that changes in these leaf traits, but perhaps
also other physical leaf traits not explored before, could have recognisable
fingerprints that can be tracked in the infrared spectra.

1.3

Use of leaf traits in species identification

The global richness of plants exceeds 350.000 species, ranging from grasses to
woody plants (Plant List 2013). Every year new plant species are discovered,
especially when extending the surveying to remote areas where diversity has
not been previously assessed. The correct taxonomical classification of species
is a key factor in botanical and ecological studies, especially when identifying
species of economic importance, threatened species or species diversity in
critical ecosystems (e.g. Possingham et al. 2002; Thuiller et al. 2005). For the
classification at the most accurate levels, botanists make use of all possible plant
characteristics (plant traits). Each plant contains a genetic pool specific for each
species. This genetic pool is expressed in a set of morphological, physiological,
biochemical and anatomical traits that make them unique (e.g. Hamrick and
Godt 1996; Reich et al. 2003; Takhtajan 2009). Botanists use plant and leaf traits
9
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by matching these traits into categories and classify them into semi‐discrete
groups, to differentiate plants up to species and varieties levels (in taxonomic
classifications). These traits also determine how plants respond to
environmental factors and affect ecosystem processes and services (Kattge et
al. 2011).

1.3.1 Methods for species identification
Conventional surveying techniques identify individual plants by recognising their
specific plant traits. The most common traits used for species classification go
from characteristics of the whole plant such as growth type, ramification,
canopy form, size, height, but in general botanists rely mostly on the
characteristics of leaves, flowers and fruits, and the size and shape of seeds (e.g.
Brower et al. 1998; Cope et al. 2012) (Figure 1.3). Botanists often observe these
plant characteristics in the field, and if necessary collect samples to compare
them at the laboratory level, to achieve the most precise level of classification
(e.g. species or varieties). These botanical campaigns and techniques are time‐
consuming and can present additional difficulties in remote areas, in ecosystems
with high diversity and in systems where species have asynchronous flowering
(e.g. Brower et al. 1998; Elzinga et al. 2009).

Figure 1.3 Direct plant and leaf measurements used for species identification.

1.3.2 Indirect and newer methods in species identification
There is an increasing need for the development of indirect measurements of
leaf traits that allow the accurate identification of species at small and large
scales. For species identification at large scales, remote sensors are often the
most economic option, and therefore more appropriate and accurate
10
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spectroscopic methods are needed (e.g. Mora et al. 2011). However, clear
methodologies for the use of remote sensing in the identification of single
species have been incipiently developed (Ribeiro da Luz and Crowley 2010;
Turner et al. 2003).
Species identification using remote sensors has been explored especially in the
VNIR, where the strong absorption of pigments dominates the reflectance, and
therefore, differentiation of species is based on the differences in the
photosynthetic activity and the productivity of plants. So far, species
identification using this part of the spectrum has not focused on traits
identification.
Some studies identify species by using spectral signatures based on the
reflectance from the visible to the SWIR, such as Cochrane (2000) identifying 11
species, or Schmidt and Skidmore (2001) identifying eight species of rangeland
grasses. Other studies identified plant functional types groups based on their
productivity, physiology and structural properties detected by remote sensors
such as the studies of Ustin and Gamon (2010) and Bue et al. (2015). These
efforts are still far from identifying individual species with distinctive spectral
signatures, as well as recognising the leaf or plant traits that specifically allow
the species discrimination.
When developing methodologies for the classification of single species, some
studies have explored the spectra in the infrared, where the masking effect by
the strong absorption of pigments is minimal, and therefore other information
about the leaves can be more evident. These studies have found that species
show different spectral features in the infrared in the form of spectral signatures
(e.g. Elvidge 1988; Ribeiro da Luz and Crowley 2007; Ullah et al. 2012a).
Nevertheless, an explanation for these spectral differences has not been
provided yet, neither an indirect connection with leaf traits.
Some studies have suggested that the different spectral features of species in
the infrared could be explained by the composition of the leaf, which interacts
and reflects the incoming solar energy, and the emitted internal energy. Some
of the leaf traits that should be leaving marks in the infrared are the outer
structures of the leaf such as the wax composition and structure (e.g. Elvidge
1988; Merk et al. 1997; Ribeiro da Luz and Crowley 2007), the cuticle (e.g.
Ribeiro da Luz 2006; Slaton et al. 2001), and leaf composition (e.g. Slaton et al.
2001), but the intrinsic relations between leaf traits and species differentiation
have not been unveiled.
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1.4

Leaf traits as proxies for plant stress

Climate change is expected to include an increase in frequency and severity of
climatic events, such as extreme temperature (Stocker 2014). These changes
imply increased stress for plant and animal populations especially those with
narrow niches and those at the limit of their natural distribution (Hodges 2001;
Hopkins and Huner 2009; Yu et al. 2017). Conditions such as water scarcity,
caused by drought or due to frost, can seriously affect plant growth (Hopkins
and Huner 2009). Also, high and low temperatures due to extreme weather
events can affect the development of plants (Klueva et al. 2001). Frost is a strong
constraint for tree species to establish themselves at high altitudes. Some
species can cope with seasonal events of frost for a short duration, and some
other species cannot survive a single frost event due to cellular damage.
Therefore, the distribution of some species is restricted to warmer areas
(Hopkins and Huner 2009). Under freezing temperatures, plants can be
damaged by oxidative stress and by water crystallised inside and between the
cells (e.g. Ferullo and Griffith 2001; Gorsuch et al. 2010; Huner et al. 1981).

1.4.1 Plant responses
When water availability and temperature become the main stressors for plants,
the plant reacts, starting from immediate reactions at the leaf level. These
changes are dominated by enzymatic responses that are activated by different
types of stress. A mild stress can trigger an acclimation process that activates
the synthesis of compounds which aid to cope with future similar stressful
events. Other plants have an inherent tolerance or evolutionary adaptation
(Hamerlynck and Knapp 1994). Most of these enzymatic responses,
acclimatisation or evolutionary adaptation take place in the leaves. Leaves also
make up most of the plants' surface above the ground and are therefore the first
structure to be affected by temperature and water stress. There is a wide range
of leaf level responses to different stressors. In the following sections, the most
important ones will be described. Table 1.2 shows the main changes that the
plant and the leaves experience during short and long‐term stressors.
High temperatures: To cope with high temperatures, leaves transpire as a short‐
term reaction to decrease heating up. While being an effective temperature
control mechanism, this phenomenon can lead to excessive water loss.
Therefore, when needed, a chemical and mechanical mechanism is activated to
close the stomata preventing over‐transpiration (Grant et al. 2007; Kotak et al.
2007). After closing stomata, water loss is temporarily stopped, and water is
directed to the most needed plant organs to avoid desiccation (Grant et al. 2007;
Hopkins and Huner 2009). Also, a plant reacts with the production of
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antioxidants such as peroxidases, glutathione or ascorbic acid (ABA) to avoid
oxidative stress, lipid peroxidation, DNA damage and protein denaturation,
caused by Reactive Oxygen Species (ROS) (e.g. Chaves and Oliveira 2004; Grant
et al. 2007; Levine 1999; Prasad 2001). Under heat stress, the plant synthesises
enzymes and Heat Shock Proteins (HSP), to protect structural proteins from
degeneration. There is an increase of soluble components in the cytoplasm such
as carbohydrates, proteins, amino acids, osmolytes like Ca2+, and other
molecules such as starch, sucrose and glutamate, which help proteins to
maintain their hydration state. Also, sugars increase to replace water in
macromolecules, maintaining hydrophilic interactions (e.g. Chaves and Oliveira
2004; Klueva et al. 2001; Prasad 2001).
At a longer exposure to too high temperatures, plants display changes to adapt
to the sub‐optimal conditions. These changes or adaptations are the genetic
expressions of the tolerance of each species. These changes are visible in leaf
traits such as density and size of cells, the thickness of the cell wall, and the
thickness of the leaf. The composition of the cells and their membranes changes
by mobilising and increasing waxes, cellulose, xylem, tannins, pigments and
cutin. This reinforces the cell walls and adds protection against dehydration
(Kotak et al. 2007). Other long‐term changes or adaptations to excessive heat
are a change of leaf angle, senescence and wilting as mechanisms to avoid
extreme solar irradiation, heat and water loss. Changing the colour of the leaves
and bark also helps to absorb less energy and avoid water loss (Kotak et al.
2007). Leaves with more trichomes avoid dehydration and help to control
excessive transpiration. At the canopy level also growing smaller leaves, smaller
plants, and more closed canopies help to reduce transpiration.
Low temperatures: Also low temperatures can cause oxidative stress with the
same effects as high temperatures (Hodges 2001; Prasad 2001). Nevertheless,
the main effect of frost can be the crystallisation of intracellular and
extracellular water, which causes irreversible mechanical damage of cell walls
and other tissues (Hopkins and Huner 2009). In the short term, leaves synthesise
antifreeze to avoid the crystallisation of water and colloids at the cellular level.
In the membranes, fatty acids change their degree of saturation to enhance the
fluidity of the membrane (e.g. Hodges 2001; Murakami et al. 2000). Leaves also
synthesise other enzymes, osmolytes and osmoprotectants to protect proteins
and membranes from damage (Hopkins and Huner 2009). Over the long term,
plants express their genetic acclimations and adaptations to cope with frost.
Some of these adaptations are dwarfing towards more compact canopies, and
smaller leaves, to decrease the surface exposed to frost, as well as to excessive
evapotranspiration. Changing leaf angles and temporary leaf wilting are also
mechanisms to decrease surface exposure to low temperatures.
13
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Table 1.2 Changes generated by different stressors at leaf and plant level. ↑: increase
(red), ↓: reduc on (blue).
Plant response
Drought
High
Low
Nutrients
temperature
temperature
1. Chemical response
Stomata closure
↑ 1, 2, 3
↑ 4, 5
↑3
↑ 25, 26
3, 6
4, 5, 9, 10
7, 8
Protein, enzymes
↑
↑
↑
↓ 25, 26
8
12
Starch
↓
↑
↓ 25, 26
2. Physiological
response
Water content
↓1
↓5
↓ 13, 14
1, 6, 11
4, 10
Chlorophyll
↓
↓
↓7
↓ 25, 26
1, 2, 6
4, 5, 9, 10
3
Photosynthesis
↓
↓
↓
↓ 25, 26
1, 3, 6
4, 5, 10
3, 7, 8
Growth
↓
↓
↓
↓ 25, 26
3. Morphological
response
Cell size
↑ 15
↑ 13, 16
15
Cell wall thickness
↑
↑ 13, 16
17
Cuticle lipids
↑
↑ 7, 16
17,18,19,20
Cuticle wax
↑
↑ 16, 19
17, 20, 21
17
Cuticle thickness
↑
↑
Mesophyll thickness
↑ 13, 22
23
Palisade thickness
↑
Stomata size
↓ 23
Stomata density
↑ 23
Leaf thickness
↑ 17
↓ 7, 24
↑ 8, 13, 16, 22
Leaf area
↓ 4, 10, 24
↓7
20
5, 7
Trichomes
↑
↑
Wilting leaves
↑ 1, 2, 3
Leaf Area Index (LAI)
↓2
1.

Jones and Schofield (2008), 2. Grant et al. (2007), 3. Chaves and Oliveira (2004), 4 Sharkey and
Schrader (2006), 5. Wahid et al. (2007), 6. Prasad (2001), 7.Fitter and Hay (2002), 8. Bracale and
Coragio (2003), 9. Klueva et al. (2001), 10. Larkindale et al. (2007), 11. Knipling (1970), 12. Buttrose
and Hale (1971), 13. Huner et al. (1981), 14. Nilsen (1987), 15. Cutler et al. (1977), 16. Stefanowska et
al. (1999), 17. Kosma et al. (2009), 18. Cameron et al. (2006), 19. Riederer and Schreiber (2001),
20. Elvidge (1988), 21.Wang et al. (2011), 22. Gorsuch et al. (2010), 23.Nautiyal et al. (1994), 24 McCree
and Davis (1974), 25.Levitt (1980), 26.Rhodes and Nadolska‐Orczyk (2001).

Water deficiency: Under drought conditions, plants immediately reduce
activities that can drive water loss, such as photosynthesis, respiration and
transpiration (Grant et al. 2007). After closing stomata, and to avoid oxidative
stress and protein degeneration, the plant synthesises HSP, antioxidants,
enzymes and soluble compounds like osmolites, starch, carbohydrates, amino
acids, and proteins (e.g. Chaves and Oliveira 2004; Levine 1999; Wood 2007).
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After this immediate response, if the condition of water deficiency continues,
other reactions are triggered: membranes and cells shrink causing leaves to wilt.
Under this reduction of cellular volume, there is also an increased possibility that
molecular interactions lead to protein denaturation and membrane fusion
causing irreparable damage (Chaves and Oliveira 2004), ultimately leading to
plant mortality.
Nutrients: Deficiency in macro and micronutrients such as nitrogen and
phosphorus cause slow growth and chlorosis of leaves. Older leaves are affected
first, turning yellow and falling, due to the capacity of the plant to translocate
Nitrogen from older to younger leaves. Nitrogen and Phosphorus stress specific
also generates a reduction of rubisco and accumulation of anthocyanin
pigments in stems, petioles in the adaxial part of the leaf. Potassium deficiency
decreases the amount of starch and proteins and can affect the mechanisms
controlling leaf movements, also causing changes in the opening and closure of
stomatal guard cells and leaf orientation (Levitt 1980; Rhodes and Nadolska‐
Orczyk 2001).
Most studies related to spectroscopy of plants have explored the spectra of
leaves in the VNIR where the spectral response of fresh leaves is dominated by
the strong absorption of pigments, to obtain information mainly related to the
photosynthetic activity of plants. The infrared region (0.7 – 20µm), where the
spectra of leaves are expected to show features influenced by additional leaf
composition, has been explored little in comparison. Besides where the IR has
been investigated, it was mainly done on dried leaves, which have a different
spectral response compared to fresh leaves and therefore are different from
vegetation in field conditions. This study focuses on researching the infrared
spectra of leaves from the SWIR to the LWIR where there is a potential to
identify the influence of other compounds than pigments as well as structural
traits. Additionally, regarding the potential of leaf traits to identify species and
as proxies for the health status of plants, this thesis aims to explore using
infrared spectra of leaves to identify species and to detect stress in plants
respectively. Few studies have looked at unique spectral differences present in
the infrared spectra, which show advantages over VNIR spectra of leaves. This
thesis looks at reasonable connections between spectral differences in the
infrared spectra and differences in leaf traits between a wide group of plants
including herbaceous, woody, temperate and tropical species.
In this thesis laboratory‐based infrared spectral measurements from the SWIR
to the LWIR, measured with a Fourier Transform Infrared Spectrometer (FTIR)
were used. The FTIR that was used has the capability of making an accurate
measurement of thousands of contiguous bands. Such data, measured under
controlled laboratory environments, have advantages compared with imaging
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spectrometers. Although such sensors are ultimately needed for field and
remote sensing studies of vegetation, their spectra may contain many sources
of noise (e.g. due to atmospheric conditions, canopy structure, viewing
geometry, the distance between the target and the sensor, spectral and spatial
resolution and seasonal variation (Clark et al. 2005)). Characterising vegetation
with laboratory instruments controlling most sources of noise, and getting the
purest spectral signature of vegetation, can help to isolate and identify the real
spectral response of vegetation that has to be found back in remotely sensed
data, similar to the procedure that is done in mineralogy and soil science in the
identification of minerals.

1.5

Research objectives and thesis structure

The objectives of this thesis are:
1. To determine which relations exist between the features observed in infrared
spectra of fresh leaves and the structural, anatomical and chemical
characteristics of leaves.
2. To determine how infrared spectra of fresh leaves differentiate in a wide
group of species and to investigate how the leaf traits that differentiate these
species explain the spectral features.
3. To investigate how suboptimal (stressing) conditions change the infrared
spectra of a leaf.
4. To determine the connection between changes in leaf traits of plants under
suboptimal conditions and the changes in their spectra.
This thesis is comprised of six chapters, four of which are part of scientific
articles submitted to peer‐reviewed international ISI journals.
Chapter 1, the introduction, consists of a literature review on leaf traits, and
their assessment through spectroscopic methods. In addition, the introduction
analyses the use of spectroscopic methods for the identification of species and
how leaf trait modifications under suboptimal (stressing) conditions can be a
proxy for plant’s health assessment.
Chapter 2 consists of an analysis of infrared spectra of fresh leaves, their
features, and how leaf traits explain the presence of these features. Multivariate
analysis and partial least square regression models (PLSR) are used to estimate
the most relevant leaf traits that change/affect the infrared spectra of fresh
leaves.
Chapter 3 explores how leaf traits are key in the differentiation of species and
how the spectral differences associated to leaf traits differences can be used to
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differentiate species. An analysis of variance (ANOVA) and a Tukey’s posthoc
analysis between the spectra of 19 plant species allow the identification of the
essential bands for species identification using their infrared spectra.
Chapter 4 investigates in an experiment how suboptimal conditions generate
changes in the infrared spectra of fresh leaves.
Chapter 5 investigates how plants adapt their leaf traits under long‐term
suboptimal conditions in the same experiment as presented in chapter 4 and
how these leaf trait modifications generate changes in their infrared spectra.
Multivariate analyses and individual PLSR models for each essential leaf trait
affected under this experiment are used to identify these changes.
Chapter 6 summarises the findings of these experiments, especially the use of
infrared spectroscopy of fresh leaves for the identification and estimation of leaf
traits compared to other methodologies. Also, the advantages of using the
infrared spectra of fresh leaves in the identification of species and the
identification of leaves/plants under suboptimal (stressing) conditions. This
chapter also describes the direction of future research in this field, especially
regarding the adaptation of these findings to new remote sensors exploring the
infrared region.
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Chapter 2
Spectroscopic determination of leaf traits using
infrared spectra



This chapter is based on:
Buitrago, M.F., Groen, T.A., Hecker, C.A., & Skidmore, A.K. (2018) Spectroscopic
determination of leaf traits using infrared spectra. International Journal of Applied
Earth Observation and Geoinformation.
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Abstract
Leaf traits characterise and differentiate single species but can also be used for
monitoring vegetation structure and function. Conventional methods to
measure leaf traits, especially at the molecular level (e.g. water, lignin and
cellulose content), are expensive and time‐consuming. Spectroscopic methods
to estimate leaf traits can provide an alternative approach. In this study, we
investigated high spectral resolution (6612 bands) emissivity measurements
from the short to the long wave infrared (1.4‐16.0µm) of leaves from 19
different plant species ranging from herbaceous to woody, and from temperate
to tropical types. At the same time, we measured 14 leaf traits to characterise a
leaf, including chemical (e.g., leaf water content, nitrogen, cellulose) and
physical features (e.g., leaf area and leaf thickness). We fitted partial least
squares regression (PLSR) models across the SWIR, MWIR and LWIR for each leaf
trait. Then, reduced models (PLSRred) were derived by iteratively reducing the
number of bands in the model (using a modified Jackknife resampling method
with a Martens and Martens uncertainty test) down to a few bands (4‐10 bands)
that contribute the most to the variation of the trait. Most leaf traits could be
determined from infrared data with a moderate accuracy (65 <
< 77% for
observed versus predicted plots) based on PLSRred models, while the accuracy
using the whole infrared range (6612 bands) presented higher accuracies,
74< <90%. Using the full SWIR range (1.4‐2.5µm) shows similarly high
accuracies compared to the whole infrared. Leaf thickness, leaf water content,
cellulose, lignin and stomata density are the traits that could be estimated most
accurately from infrared data (with
above 0.80 for the full range models).
Leaf thickness, cellulose and lignin were predicted with reasonable accuracy
from a combination of single infrared bands. Nevertheless, for all leaf traits, a
combination of a few bands yields moderate to accurate estimations.

2.1

Introduction

Plant traits consist of morphological, chemical and anatomical features that
occur at scales of individual cells to entire plants (Violle et al. 2007). The high
diversity of plant traits is expressed in the biochemistry (e.g., water, fibres and
proteins content), the morphology (e.g., height, diameter, leaf area) and the
physiology (e.g., photosynthesis, respiration, carbon storage). Traits from the
canopy and the leaves can contain relevant, measurable information that can
describe the individual status of a plant. Some of the most representative
structures of a single plant include traits from the visible morphological
structures down to the molecular level.
Plant traits show strong variations between species but also vary within species.
Morphological leaf traits such as leaf area, leaf thickness, trichomes, and
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stomata, are commonly used for species differentiation by recognising the traits
that are an expression of the genetic differences between species. The smaller
variations within single species can be used to differentiate plant status and
health. These intraspecific differences can carry valuable information about the
exposure of a plant to different environments (McGill et al. 2006). Plants under
optimal conditions tend to express different leaf traits than individuals under
suboptimal conditions, even when belonging to the same species and varieties
(e.g., Buitrago et al. 2016)
Biochemical leaf traits such as water, lignin, cellulose and nitrogen content are
used for the assessment of plant status (e.g., plant stress, productivity), but also
in global ecological modelling as proxies of ecosystem processes. Leaf traits
estimations are needed to build global models, for understanding the role of
terrestrial ecosystems and biodiversity in the exchange between soils, water,
vegetation and atmosphere, and the increasing impact of global exchanges and
the variations in global climate (e.g. Cash and Moser 2000; Randin et al. 2009).
For example, leaf water content has been related to plant stress (e.g. Buitrago
et al. 2016; Jones et al. 2004), nitrogen to plant productivity (e.g. LeBauer and
Treseder 2008) and lignin and cellulose to plant biomass and wood quality (e.g.
Glasser and Sarkanen 1989). In ecological modelling, leaf biochemicals are used
as local inputs to calibrate models of ecosystems processes such as carbon
storage, nutrient‐ and water availability, primary net production and carbon
decomposition (e.g. Kattge et al. 2009; Kucharik et al. 2000; Lloyd et al. 1995).
The most accurate methods to identify and quantify leaf traits consist of
laboratory measurements, such as wet chemistry methods to calculate lignin or
cellulose (Curran 1989). Most of these methods are restricted to pure chemicals
and are based on destructive methods (Allison et al. 2009), which are expensive
and time‐consuming. The development of high‐resolution spectrometers has
provided tools for the identification of chemical components of organic
materials. Identification is based on the vibrational bonds of individual simple or
complex molecules (e.g. water and lignin molecules respectively) (Lin et al. 2009;
Subramanian and Rodriguez‐Saona 2009). These methods help to track the
fingerprints of the vibrational bonds of most organic materials at the molecular
level. The development of such new techniques for the estimation of the
biochemistry of leaf structure in the fresh living material is needed. For example,
for the non‐destructive assessment of plant health and performance at the level
of individual plants and plant populations (Curran 1989; Serbin et al. 2014).
Spectroscopy, which forms the basis of this technique, can in some cases also
be scaled up to the level of remote sensing.
The identification of leaf traits with spectroscopy and remote sensing has been
performed mainly in the visible to near‐infrared (VNIR, 0.7‐1.4µm) wavelength
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range. This part of the electromagnetic spectrum is governed by the strong
absorption of leaf pigments and often used to differentiate the photosynthetic
absorption of electromagnetic radiation by vegetation (Knipling 1970). Since the
strong influence of pigment absorption decreases in the NIR and further in the
electromagnetic spectrum, signals in the short‐wave infrared (SWIR, 1.4‐2.5µm),
mid‐wave infrared (MWIR, 2.5‐6µm) and long‐wave infrared (LWIR, 6‐20µm) are
known to be sensitive to other leaf compounds such as water, lignin and
cellulose, which are essential to the functioning and structure of the leaf (e.g.
Elvidge 1988; Ribeiro da Luz 2006; Salisbury and Milton 1988).
Studies have found that spectral differences in the infrared regions can be
caused by leaf traits associated with the leaf´s composition, such as water
content (e.g., Fabre et al. 2011; Gerber et al. 2011; Ullah et al. 2014), lignin and
cellulose content (e.g., Curran 1989; Elvidge 1988; Martin and Aber 1997),
epidermis thickness and cuticle composition such as fatty acid esters, waxes,
cutin and cutan content (e.g., Ribeiro da Luz 2006; Stewart et al. 1997) as well
as carbohydrate and protein content (e.g. Curran 1989; Elvidge 1988). Other
researchers have suggested that additional structural and microstructural leaf
traits can leave fingerprints in infrared spectra, such as epidermis thickness and
cell wall composition (e.g. Fabre et al. 2011; Ribeiro da Luz 2006; Salisbury and
Milton 1988). All these studies looked at a limited number of leaf traits for a few
plant species for different sections of the infrared spectrum. This study,
therefore, looks at a wide range of leaf traits (14 in total) and species (20 in total)
at the same time, over a large part of the infrared spectrum. We expect that
features in infrared spectra of leaves contain information about their
composition and structure. Therefore, we try to estimate both biochemical and
structural leaf traits from hyperspectral spectroscopic data and to identify which
parts of the spectra are more sensitive to changes in leaf traits. For structural
traits, we measured some variables that are not directly related to spectral
features (e.g., leaf thickness or area), but that are well‐known indicators of plant
status and might be related to other leaf traits that are less easy to determine,
but which are detectable through spectroscopy. This study aims to link leaf traits
to the most sensitive infrared bands.

2.2

Methods

This study was conducted in Enschede, The Netherlands, between July and
September 2015. Nine leaves were collected from different individuals from 20
different plant species (Table 2.1). Nine herbaceous species which are mainly
small plants from indoor and outdoor gardens, and eleven woody species, which
are mainly shrubs and trees from the gardens of the University of Twente and
surroundings. The species were selected from herbaceous to woody plants, as
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well as from tropical and temperate climates, to guarantee a large variance in
leaf traits.
Table 2.1 Plant species
Code Species
Am Aglaonema sp.
An
Asplenium nidus
Ap
Acer platanoides
Cr
Calanthea rufibarba
Df
Dieffenbachia sp.
Fs
Fagus sylvatica
Fv
Fittonia verschaffeltii
Gb
Ginkgo biloba
Gm Geranium
macrorrhizum
Hh
Hedera helix
Io
Ilex opaca
Ls
Liquidambar
styraciflua
Pa
Persicaria
amplexicaulis
Pl
Prunus laurocerasus
Po
Platanus orientalis
Qu
Quercus robur
Rc
Rhododendron
caucasicum
Rh
Rhododendron cf.
catawbiense
St
Spathiphyllum
cochlearispathum
Tp
Tilia platyphyllos

Family
Araceae
Aspleniaceae
Aceraceae
Marantaceae
Araceae
Fagaceae
Acanthaceae
Ginkgoaceae
Geraniaceae

Type
Herbaceous
Herbaceous
Woody
Herbaceous
Herbaceous
Woody
Herbaceous
Woody
Herbaceous

Climate
Tropical
Tropical
Temperate
Tropical
Tropical
Temperate
Tropical
Temperate
Temperate

Foliage
Evergreen
Evergreen
Deciduous
Evergreen
Evergreen
Deciduous
Evergreen
Deciduous
Evergreen

Araliaceae
Aquifoliaceae
Altingiaceae

Woody
Woody
Woody

Temperate
Temperate
Temperate

Evergreen
Evergreen
Deciduous

Polygonaceae

Herbaceous

Temperate

Deciduous

Rosaceae
Platanaceae
Fagaceae
Ericaceae

Woody
Woody
Woody
Woody

Temperate
Temperate
Temperate
Temperate

Evergreen
Deciduous
Deciduous
Evergreen

Ericaceae

Woody

Temperate

Evergreen

Arecidae

Herbaceous

Tropical

Evergreen

Tiliaceae

Herbaceous

Temperate

Deciduous

2.2.1 Spectral measurements
We harvested fresh leaves shortly before making spectral measurements. The
spectra of each leaf were measured with a Bruker Vertex 70 FTIR spectrometer
adapted with an external integrating sphere for hemispherical reflectance
(Hecker et al. 2011). This reflectance was converted to emissivity using
Kirchhoff’s law (emissivity + reflectance = 1), assuming the leaves behave as
opaque objects (Fabre et al. 2011; Gerber et al. 2011). For consistency,
emissivity was calculated for both MWIR and LWIR, even though in MWIR it is
more common to use reflectance data.
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We placed each sampled leaf against the sample port of the integrating sphere,
with a diameter of 3cm, and we taped two additional leaves of the same species
to the measured leaf to reduce possible loss of energy due to transmittance in
the MWIR (Gerber et al. 2011). The spectrum was measured in the range 7000‐
600cm‐1 (1.4‐16.6µm) with a resolution of 1cm‐1 (0.008‐0.110µm). Per leaf eight
measurements of 512 scans on the same spot were averaged to increase the
signal‐to‐noise ratio. Although the spectra were measured in the wavenumber
domain, the data is presented in wavelengths (in µm ‐ micrometres) as this is
customary in the remote sensing community.
We also measured the spectra, of liquid demineralised water and powders of
lignin (Sigma‐Aldrich code: 471003) and cellulose fibres (Sigma‐Aldrich code:
S6790), following the same procedure with the Bruker Vertex 70 FTIR.

2.2.2 Anatomical and chemical measurements
Fourteen leaf traits were measured to characterise leaves’ anatomy and
chemistry. Leaf chemistry was determined by measuring lignin, cellulose,
nitrogen and water content and various ratios between them (Table 2.2) as
representative leaf organic components. Anatomical features that are expected
to have direct interaction with the radiated energy are cuticle and epidermis
thickness. All other leaf traits (stomatal density, stomata size, vein thickness,
bundle area, leaf area and leaf thickness) were included due to their
physiological importance for plants.
We measured microstructural leaf traits (Figure 2.1) using a Leitz Wetzlar optical
microscope with amplification from 40 to 630 times. We extracted a sample of
the transversal section (Figure 2.1a and b) at the middle length of each leaf.
Pictures of each structure were taken at best suitable magnification, depending
on the size of the structures of the different leaves (from 100 to 630 times). The
average thickness of three measurements (in µm) of the upper cuticle, the upper
epidermis, and the total leaf thickness was measured. We measured a single
time the main vein thickness (in µm) and the bundle area (in mm2). Similarly, a
picture of the tangential section of the adaxial side of the leaf (Figure 2.1b and
c) was extracted and measured with an amplification of 630 times. From this
picture, covering 0.031mm2, at least five stomatal structures (including guard
cells) were measured to calculate the average stomatal size (µm2), and the
number of stomata was counted per picture, to calculate stomatal density
(number of stomata/mm2).
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Figure 2.1 Leaf anatomical traits: a transversal section for thickness measurements of
leaf anatomical traits (a, b) and a tangential section for stomata measurements (c).

Table 2.2 Codes for leaf traits
Code
Leaf trait
LWC
Leaf water content
lig
Lignin content
cel
Cellulose content
lig/cel
Lignin/cellulose ratio
N
Nitrogen content
C/N
Carbon/nitrogen ratio
lt
Leaf thickness
ct
Cuticle thickness
et
Epidermis thickness
vt
Vein thickness
ba
Bundle area
ss
Stomata size
sd
Stomata density
la
Leaf area

We measured individual leaf area (cm2) with the LI3100c area meter. Leaf water
content (in %) was gravimetrically calculated by oven drying the leaves at 50°C
and recording fresh and dry weights. We calculated lignin and cellulose
percentages with the Ankom Acid Detergent Fibers method (Ankom 2011), and
then we calculated the lignin/cellulose ratio. Carbon and nitrogen content (%)
were measured with a Perkin‐Elmer Elemental analyser (Culmo and Shelton
2013) to calculate carbon/nitrogen ratio. The uncertainty given by the
instrument measurement errors are 0.29µm for the cuticle, epidermis, vein and
leaf thickness, 0.57µm2 for bundle area, 1mm2 for leaf area, 0.01gr for LWC, 1%
for lignin and cellulose percentages and 0.01 for carbon and nitrogen
percentages.
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2.2.3 Statistical methods
Boxplots and Analysis of variance (ANOVA): We created boxplots with the
distribution of the leaf trait values per species, to show the distribution of the
data. An ANOVA shows for each leaf trait if the species are significantly different
between them with a confidence level of 95% (P‐value < 0.05). A Tukey’s post
hoc test shows how the species group together and identifies the species with
particular distributions different to all other species.
PLSR models: We used multivariate statistics to unveil the relations between
infrared spectra and individual leaf traits. Partial Least Squares Regression
(PLSR) transforms data into new orthogonal axes, restructuring most of the
variation into the first axes. While similar to a Principal Component Analysis
(PCA), PLSR goes further in using two matrices (response and an explanatory
matrix) to enhance the relationship between the two matrices. We fitted PLSR
models with leaf traits as response matrix and infrared spectra as an explanatory
matrix. A further description of this method is described in Buitrago et al. (2016),
Wold (1985), and Wold et al. (2001).
In this study, we created individual models for each leaf trait using a reduction
method, called here PLSR reduced (PLSRred). This simplification method reduces
the number of explanatory variables (i.e., spectral bands) to establish the most
parsimonious models. These methods for generating reduced and simplified
models can handle complex multivariate datasets with more variables than the
number of samples. Reducing the number of variables in an estimation model
has the advantage of (a) allowing for better interpretation of the underlying
processes and (b) simplifying the required measurements and the applicability
in future estimations (Andersen and Bro 2010). The PLSR models were
calculated using a leave‐one‐out cross‐validation method. We also tested a
validation using an independent validation subset (preliminary analyses, results
not shown). Since both validation approaches showed very comparable results,
we selected the leave‐one‐out cross‐validation method as the more suitable
method, given the limited sample size.
A modified Jackknife resampling method with a Martens and Martens
uncertainty test was used for the simplification. This test evaluates the
variability of the regression coefficients during cross‐validation, comparing the
coefficients from the cross‐validated model with the original model.
Bands that have less variability during the cross‐validation are considered to
have a strong relationship with the response variable and are allowed in the
following jackknife resampling (Feilhauer et al. 2015; Martens and Martens
2000). The variability of the regression coefficients is evaluated using a t‐test to
calculate the significance of the estimate of the regression coefficients,
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presenting only the coefficients that are statistically significant. In this way, the
significant variables to continue to the next step of the iterative reduction
routine can be determined. Each run selects a subset of significant bands
iteratively to generate a new model until getting a final reduced model. The
objective was set to obtain a model with minimum numbers of bands while
keeping an R‐squared of the cross‐validated model ( ) for measured vs.
observed around 70% and a low percentage root mean square error
(%
cv). The threshold to stop the reduction method was set to stop the
simplification routine before the
drops more than 15%. The progression of
these R‐squares as the number of bands reduced is also presented to assess the
selection of the reduced models.
The algorithm used to fit PLSR, and PLSRred models was NIPALS (Nonlinear
Iterative Partial Least Squares) as implemented in The Unscrambler version 10.1
(Camo Software 2010). We checked the data for a symmetric distribution,
before fitting the PLSR. For the spectral data, scaling is not necessary since all
these measurements are in the same units. We evaluated the accuracy of the
final models with the R‐squared of the cross‐validation ( ) and with the
percentage root mean square error (%
cv).
Correlation coefficients (r): The most influential wavelengths identified in the
PLSRred procedure were used to calculate correlations with the individual leaf
traits to show the connection between individual wavelengths and traits.

2.3

Results

Boxplots demonstrate the distribution of values for each leaf trait for the 20
selected species (Figure 2.2). All species differentiate according to an Analysis of
Variance (ANOVA). A Tukey’s post hoc test shows that most species overlap with
some other species, indicating that similar leaf traits are shared between
species. The relation between TIR measurements and these traits is therefore
assumed to be mainly an effect of the trait and not because of a species effect.
For a few leaf traits, one or two species have values with exceptional values that
do not overlap with other species according to Tukey’s post hoc test.
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Figure 2.2 Boxplots for each leaf trait and each species. Asterix (*) denotes species that
are significantly different for that trait from all other species in a Tukey’s posthoc of an
ANOVA analysis.
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Lignin content is larger for L. styraciflua and P. orientalis, which also has a higher
value in lig/cel ratio than for the other species. Cellulose is larger for A. nidus,
the ratio C/N is larger in R. caucasicum, epidermis thickness is larger for C.
rufibarba, the vein thickness is larger for A. nidus, and the stomata size of
Aglaonema spp., and the stomata density of R. cf. catawbiense are larger than
for any other species. The correlation coefficients between all leaf traits (Figure
3) show that nitrogen and C/N ratio are highly correlated (0.9) as well as lignin
and lignin/cellulose ratio. All other combinations of variables have
r values < 0.59.

Figure 2.3 Correlation coefficients plot among all leaf traits.

of the measured versus predicted
When creating reduced models, the
regressions, has a slow stable progression for most of the leaf traits, from the
original model with 6612 bands, until around ten bands (Figure 2.4). For most
models there is a distinct point where the
drops drastically. We consider the
most predictive models those that remain at a very high R2 with a small number
of bands (see circle in Figure 2.4).
Models of leaf thickness, LWC, cellulose and lignin show a consistently high
value above 80% that drops drastically (to around 40%) when removing the last
bands, demonstrating the robustness of the remaining variables. The leaf
thickness model retains a high explained variance in this process, with the final
model just 4% away from the maximum
. Other variables, such as nitrogen,
have a lower
from the beginning (6612 bands), and the final selected models
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did not drop more than 15% in
vein thickness with a drop in

from the maximum to the final model, except
of 20%.

Cuticle thickness, bundle area and stomatal size resulted in final models
(according to the threshold of 15% change) with
values below 60%. These
models are not considered to have a good fit and are left out of further analyses
in Figure 2.5.

Figure 2.4 Development of the R‐squared of the cross‐validation ( ) of the measured
vs. predicted regression, for each leaf trait as bands are reduced in the simplification
process over the full range (a) and a zoom‐in for the last number of steps (b). Vertical
.
lines show the cut‐off for the final models, at the threshold drop of at least 15% in
The dashed circle shows the leaf traits with final models with an assumed optimal
and low number of variables.
combination of high

The bands selected in the final PLSRred models, and the
from the observed
versus predicted regressions, are shown in Figure 2.5. The reduced model for
leaf thickness has the highest
of 76%, followed by models for LWC, lignin,
lignin/cellulose ratio, stomata density and cellulose. For each leaf trait model,
most selected bands are in the SWIR (especially bands at the features around
1.43, 1.66, 1.89 and 2.20µm), and in the MWIR around 6.3µm in a double feature
that is common to cellulose, lignin and water spectra (feature between 5.78‐
6.19µm). A few bands are selected in the LWIR around 8‐9µm. At longer
wavelengths, the reduced model for cellulose also includes one band at
13.13µm which is located at a known absorption feature for this molecule (Table
2.4).
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Figure 2.5 Bands selected in the PLSRred models for each leaf trait (grey vertical lines).
Spectral lines indicate average leaf spectra for the 5% highest (dark line) and the 5 %
lowest (grey line) values for each leaf trait. R‐squared of the cross‐validated model ( ),
and the percentage root mean squared error (%RMSEcv). Figure l, shows two standard
deviations around the average spectrum for all measured leaves, and the grouping of all
selected bands.
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The models for anatomical traits (leaf area, epidermis thickness, and stomata
density) have some bands selected in the SWIR that match the known features
of lignin and cellulose spectra (e.g. Curran 1989; Elvidge 1988), as well as bands
in the LWIR. Both the SWIR and LWIR are linked to known structural and
cuticular molecules such as cutin and waxes (e.g. Ribeiro da Luz 2006; Ribeiro da
Luz and Crowley 2007).
Figure 2.5 also shows that most selected bands for each leaf trait model are
located in parts of the electromagnetic spectrum with stronger differences
between low and high measurements for that leaf trait. For instance, the
cellulose model has two bands in the SWIR where leaves with low cellulose
content have lower emissivity than leaves with higher cellulose content.
Similarly, the band in the MWIR at 5.93µm, has lower emissivity with high
cellulose content compared with leaves with low cellulose content. Also, the
loading weights of both the full (all 6612 bands) and reduced PLSR models (see
Appendix 2.1 for an example of a model with a high and a model with a low
)
show that these loading weights match with recognizable features in the leaf
spectra.
When grouping the selected bands of all individual models (Figure 2.5l), most
bands for each leaf trait are located in the SWIR, matching conspicuous features
of an average leaf spectrum, especially around 1.43, 1.66, 1.89 and 2.20µm.
These features match features in the spectra of pure cellulose and lignin powder
(Figure 2.6). Features at 1.44, 1.89 and 2.20µm are common to lignin and
cellulose powder, while 1.54 and 1.66µm are features of the lignin spectra.
Lignin has a gentle dip at 6.16µm, and cellulose has a deeper feature around
6.20µm.
Figure 2.6 shows the absorption features of the spectra from cellulose and lignin
powders and demineralised water. The water spectrum shows few features but
a general high emissivity. The organic fibres cellulose and lignin show stronger
features especially in the SWIR which are linked to molecular vibrational bonds
associated with these molecules (Table 2.4). The molecular bonds between the
constituent atoms of both molecules have vibration properties that generate
specific features in the spectra, and a connection between the selected bands
in the reduced trait models and the known molecular bonds is compiled in
Table 2.4.
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Figure 2.6 Measured infrared spectra for an average leaf and the measurements of
powdered lignin, cellulose and demineralised water (right Y axis). Long vertical lines
indicate selected bands in PLSRred models, for cellulose (dark green), lignin (light green),
and water (blue).

The individual correlations between each selected band for each leaf trait
(Figure 2.7) are the highest for leaf thickness and cellulose with high values for
most bands in the SWIR, with single values even over 70%. Other leaf traits (e.g.
leaf area, stomata size and density) have the lower correlation coefficients for
most bands, except for few bands in the MWIR and LWIR. The bands selected in
the individual PLSR models have in general the higher correlation coefficients
for each leaf traits. For instance, LWC has in general low correlations for most
SWIR bands, except for 2.27µm which has the highest correlation coefficient for
LWC. Also, the band at 5.89µm is positioned at a spectral feature of the water
spectrum, which is also observable from the high correlation coefficients from
5.78 to 6.16µm.
Cellulose also has high correlations in zones where the pure cellulose spectrum
has features, in the SWIR from 1.43 to 2.43µm, and the feature from 5.78 to
6.16µm. Lignin and lig/cel have particularly low correlations with most bands,
but a high correlation at 6.16µm. Nitrogen and C/N with generally low
correlations have the highest correlations at 3.02 and 5.75µm.
This analysis shows that cellulose and leaf thickness with high correlation
coefficients in the entire SWIR, and lignin with a high correlation at 6.16µm, can
be estimated with single bands. The other leaf traits have lower correlation
coefficients with individual bands. Nevertheless, these traits can be accurately
estimated with a combination of bands when using the PLSRred models
(Figure 2.5).
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Figure 2.7 Correlation coefficients (r) between bands selected in individual models and
leaf traits. Low to high r values are shown with a gradient from light to dark blue. Bold
numbers show the bands selected in each left trait model. Li/ce: lignin/cellulose ratio.

Comparing between models for each leaf trait using full spectral ranges of
different sections in the infrared (Table 2.3) shows that some ranges contain
more information than others. In general models with full spectral ranges have
higher accuracies for most leaf traits compared with the reduced models. The
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model with the entire infrared range measured (6612 bands) has, in general, the
highest
for most leaf traits, but followed closely by models using the entire
SWIR range (3802 bands). Models for leaf traits using the MWIR (1729 bands)
and LWIR (1081 bands) have lower values of
and higher RMSE. Similar to the
reduced models, variables such as LWC, lignin, cellulose, lignin/cellulose ratio,
leaf thickness and stomata density have the higher
values, when using the
entire IR and the sections, while epidermis thickness has lower values for
.
The models for the MWIR, which is located in a region highly affected by
atmospheric transmittance, have lower accuracies for most leaf traits.
Table 2.3 Comparison between models for each leaf trait fitted on specific sections of
the spectrum. First value gives R‐squared of cross‐validation ( ) and second number
>80%.
gives %RMSE. Bold numbers show
Spectral
range
Infrared
reduced
model (few
bands)
Entire range
(1.4‐16.0µm)
SWIR
(1.4 –
3.0µm)
MWIR
(3.0 –
6.0µm)
LWIR
(6.0 ‐ 16µm)

2.4

LWC Lignin Cellulose Lig/cel

N

C/N

Leaf
Leaf
thickness area
76.23
68.64
19.00
40.59

Stomata
Vein
Epidermis
density thickness thickness
73.41
68.32
67.25
36.11
20.10
44.36

71.57 72.94
10.06 12.56

71.64
15.59

77.39
28.58

65.17
15.43

65.64
12.52

85.69
6.90
90.00
5.86

90.18
18.61
84.41
22.62

85.24
10.80
85.72
4.02

85.27
22.36
82.39
24.85

75.92
12.15
79.18
12.54

79.16
12.39
77.75
16.07

85.36
15.84
89.02
12.67

83.21
30.45
78.06
18.00

85.71
28.04
89.60
23.60

83.52
15.07
78.78
19.09

74.23
39.43
77.86
36.97

77.65 76.69
8.76 27.82

69.31
15.45

66.73
34.04

74.26
13.94

72.30
17.93

83.83
21.85

76.35
15.00

76.47
35.22

78.74
19.01

51.91
54.22

77.35 76.04
8.84 28.07

72.60
14.65

73.59
30.31

60.57
16.88

64.66
20.35

68.29
22.17

74.61
14.02

74.32
23.00

72.54
21.77

59.01
36.97

Discussion

In this study, we examined links between leaf traits and their infrared spectra.
We measured infrared spectra on fresh leaves for a wide range of species, and
found that leaves of all plant species share common spectral features for bands
at 1.44, 1.66, 1.89 and 2.20µm in the SWIR, while the MWIR and LWIR present
features associated with other, more species‐specific leaf traits such as the
feature at 6.16µm which has a particularly high correlation with lignin. Slight
waviness, especially in the LWIR, is attributed to residual instrument noise
associated with very low signal values in this region (e.g. Figure 2.5). The
common strong spectral features in the SWIR, match those of the main organic
leaf components, lignin and cellulose (Figure 2.6) which account in total for
approximately 31% of the leaf weight (12 and 19% respectively; own
measurements). The water spectrum (water accounts for approximately 68% of
the leaf weight) presents few features in the infrared, but a general high
emissivity in the MWIR (High positive correlation coefficients with MWIR and
LWIR). The high emissivity of water possibly masks and change the spectral
features associated with lignin, cellulose and other leaf traits, especially in the
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SWIR and MWIR. We find that leaves with high LWC have consistently high
emissivity not just in the SWIR and MWIR as found in other studies (e.g. Fabre
et al. 2011; Ullah et al. 2014), but also in the LWIR (Figure 2.5a, and high
correlation coefficients in Figure 2.7).
We identified parsimonious models (i.e. minimising the number of spectral
bands) that relatively accurate can explain the variations in leaf traits with only
a few spectral bands. Compared with models using the entire infrared spectral
range (1.4‐16µm), the reduced models have slightly lower accuracy (in
and
RMSE) but represent models that do not suffer from overfitting (e.g. Rocha et
al. 2017), and that identify few bands that likely explain the variation of each
leaf trait. These reduced models therefore have an added value in identifying
key bands for each leaf trait which could be explored in further spectroscopic
analyses, and in remote sensing.
Models based on the entire range of the electromagnetic spectrum that was
measured and models based on the SWIR range only have similar accuracies for
all leaf traits, while the models based on the MWIR and the LWIR have lower
accuracies than the SWIR for all leaf traits. It was expected that organic
compounds such as lignin and cellulose, with strong features in the SWIR
(Figure 2.6), would be modelled better in this part of the spectrum. But other
structural and anatomical leaf traits, especially from the external structures of a
leaf, are expected to be more connected to the MWIR and LWIR as it was
hypothesised by previous studies (e.g. Elvidge 1988, Ribeiro da Luz & Crowley
2007). However, strikingly, cuticle thickness cannot be well explained from our
infrared spectra. The cuticle, located on the upper (adaxial) surface is expected
to have a strong effect on the reflected and emitted energy and was therefore
expected to correlate with changes in the infrared spectra as suggested by
several studies (e.g. Buitrago et al. 2016, Elvidge 1988, Ribeiro da Luz 2006). The
relatively high measurement error for this trait with an optical microscope
(uncertainty of 0.0029mm, resulting in measurement errors from 1.79 to 33.3%
for the range measured) could be causing the low correlation between this trait
and infrared spectra.
Models based on spectral bands of the SWIR and LWIR have advantages over
models in the MWIR since this last sector has a strong influence of atmospheric
transmittance especially when measuring with air and spaceborne sensors (e.g.
Salisbury 1998). In contrast, models for leaf components such as leaf area and
vein and leaf thickness have similar and high accuracies in the SWIR and MWIR,
and they have a high correlation with infrared spectra. However, a direct
causative link between these variables and the emitted energy at the top layer
is difficult to conceive. Most probably, these anatomical variables are a proxy of
other leaf compounds or structures that are not measured in this study and that
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have a more direct influence on the reflection by the leaf, such as the leaf
rugosity, cuticular structures and cuticular waxes. Nonetheless, accurate
estimations of the anatomical structures measured in this study have an added
value for ecological studies, as they are key factors in the detection of health
status and productivity of vegetation (e.g. leaf area, leaf thickness) (e.g. Asner
et al. 2003; Gower et al. 1999). Further studies on other leaf traits from the
external layers of the leaf and with a more direct interaction with the reflected
energy could help with understanding the high correlation of these structural
leaf traits with the infrared, and provide a more causative link with the emitted
energy at the top layer of the leaf.
Leaf traits and spectral bands
For some traits, the correlations found with thermal spectra link to previous
studies, and we will discuss these one by one below.
Cellulose content and leaf thickness are the leaf traits that can be explained
most successfully with a single spectral band, especially with bands in the SWIR
(Figure 2.7). Cellulose has a high correlation (above 0.60) with the bands 1.43 –
1.48µm as well as the feature at 1.54 and 1.89µm which corresponds to spectral
features of pure cellulose (Figure 2.6). The band at 1.47µm is associated with
cellulose indices (Curran et al. 2001), and 1.49µm is a well‐known O‐H stretching
first overtone, also associated with cellulose (Table 2.4). The feature at 1.89µm
is also recognisable in pure cellulose spectra, and it is close to an O‐H stretch of
cellulose at 1.94µm (Curran 1989). When combining bands (in the PLSRred
analysis), all selected bands (except 13.13µm) correspond with features of the
pure cellulose spectra (Figure 2.6). The reduced model for cellulose has a lower
accuracy than the model including the entire IR or the entire SWIR, similar to
the lignin model (Table 2.3).
Leaf thickness, the trait with higher correlations with the IR spectra, has
correlations above 0.70 in the range 1.43‐1.56µm and 1.78‐1.85µm, and above
0.60 in the range 2.15‐2.43µm. These sectors of the SWIR have many known
active bonds of O‐H, C‐H and N‐H associated to N (proteins), sugars, lignin,
cellulose and water (e.g. Card et al. 1988; Curran 1989; Workman Jr and
Springsteen 1998). The chosen bands in the reduced model for this trait are
located in sectors that show a big difference between the spectra of thick and
thin leaves, for instance between R. cf. catawbiense and F. sylvatica (Figure 5g).
The reduced model for leaf thickness, with only four bands, has one of the
highest accuracies for all reduced leaf trait models (76.2%), but this accuracy is
still lower than the models using the entire infrared, the entire SWIR or MWIR
which estimate leaf thickness with similar accuracy ( =85.4, 89.0 and 83.8%
respectively).
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Lignin is a leaf trait that can be well explained by a single band at 6.16µm, which
is the central band of a feature in the lignin spectrum (Figure 2.6), and which has
been reported to be associated to the lignin molecule previously (e.g. Elvidge
1990; Kokaly and Clark 1999; Martin and Aber 1997). The final PLSRred model has
five bands located in the spectral features of pure lignin and three bands in well‐
known vibrational bonds related to lignin, or bands from known lignin indices
(Table 2.4). Similar to the results of the other leaf traits, the models covering the
entire infrared and the entire SWIR range presents a better accuracy than the
reduced model ( =90.2, 84.4 and 72.94% respectively; Table 2.3), although
the reduced model still has a fairly high accuracy using only a few variables
which are probably the most contributing in explaining the variance of lignin.
Nitrogen is a leaf trait that is traditionally estimated using the VIS‐NIR (Kokaly
2001, Knyazikhin 2013). However, the infrared has many bands influenced by N‐
H bonds (Table 4). Nitrogen has the highest correlations (> 0.5) with the bands
at 2.80, 2.96, 3.02, 3.03 and 5.75µm, some of which are known N‐H molecular
bonds (Table 4). The reduced nitrogen model has a low
(65.2), but the model
including the SWIR section has a fairly higher accuracy (
= 79.2). Nitrogen is
known to be difficult to predict in models that go across species boundaries (e.g.
Dybzinski et al. 2013). Since we use 20 species to achieve the spread of leaf
traits, this could be a reason why nitrogen is not modelled well.
For some reduced models, such as the ratio of lignin/cellulose, most selected
bands are located in ranges with clear differences between high and low values
of lignin/cellulose. These results indicate that in these bands the spectrum
responds to changes in these leaf traits. But there are also bands in the reduced
lignin/cellulose model, like 7.58µm, where the spectra do not show such a
difference. This band by itself has a low correlation with lignin/cellulose
(Figure 2.6), but perhaps in combination with the other bands, becomes a
shoulder or anchor in the PLSR models. These anchors can correct for absolute
differences in emissivity levels (similar to an “albedo” correction) of the general
spectral shape of the spectra. Differences in absolute emissivity over the
spectrum may be caused by changes in other leaf parameters and add noise to
the statistical link with the leaf parameter of the particular model. Candidate
bands for anchors are those bands that are unresponsive to one trait but do
respond to changes in other leaf traits. In the example of the 7.59µm feature,
the range of variation of leaves with low and high lignin/cellulose ratios
(Figure 2.5c) is much smaller than the total variability observed for that band
(Figure 2.5i).
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Table 2.4 Bands selected for each leaf trait model and known molecular vibrational
bonds.
Bands selected in
PLSR models
Band Model ǂ

Known chemical bonds and molecules connected to each band

1.43
1.44

Lig/cel
ET

1.46

LA

C‐H stretch (1.42µm)
C‐H stretch, C‐H
deformation,
O‐H stretch first
overtone
O‐H stretch (1.45µm)
C‐H stretch (1.45µm)

1.47

Lignin

1.48

Cellulose

1.52

LT

1.54

Cellulose

1.55

SD, VT

1.56
1.65

N
N

Chemical bond*

O‐H stretching
overtone
N‐H stretch first
overtone
O‐H stretch first
overtone
O‐H stretch first
overtone

Molecule
involved
Lignin
Lignin, starch,
sugar,
water, pectin
Water, starch,
sugar
Lignin, protein, N
Lignin N, protein
Cellulose, protein
Protein, N
Cellulose, starch,
wax
Arabinogalactan,
cellulose, starch,
wax
Starch, pectin
N

Reference
Curran (1989)
Curran (1989)

Curran (1989), Card et al.
(1988)
Soukupova et al. (2002),
Card et al. (1988)
Elvidge (1990), Card et al.
(1988)
Curran (1989), Workman Jr
and Springsteen (1998)
Curran (1989)
Elvidge (1990)
Elvidge (1990)

Elvidge (1990)
Card et al. (1988)
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Bands selected in
PLSR models
Band Model ǂ

Known chemical bonds and molecules connected to each band
Chemical bond*

1.66

Lignin,
LA,
Lig/cel

1.69

ET

1.78

N

1.85

Lignin

1.89
1.94

LWC,
C/N, N
SD

2.15
2.27

SD
LWC

2.31

C/N

C‐H stretch first
overtone
C‐H stretch first
overtone, O‐H
stretch, H‐O‐H
deformation
C‐H stretch first
overtone (1.84‐
1.86µm)
C‐H stretch / O‐H
stretch (1.90µm)
O‐H stretch, O‐H
deformation
(2.143µm)
C‐H stretch/O‐H
stretch/CH2 bend/
CH2 stretch
N‐H stretch (2.30µm)

2.41

VT

(2.39‐2.43µm)

2.43

ET

2.72
2.80

Lig/cel
LA

2.96
3.02
3.03

N
C/N, N
Lig/cel

3.09
3.33

SD
ET

3.41

C/N, N

3.42

SD

3.49

VT
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(2.80‐3.30µm)

Molecule
involved
Lignin, cellulose,
N, tannic acid

Lignin, protein,
starch, N
Cellulose, sugar,
starch

Reference
Card et al. (1988), Elvidge
(1990), Kokaly and Clark
(1999), Martin and Aber
(1997)
Curran (1989), Soukupova
et al. (2002)
Curran (1989)

Lignin

Card et al. (1988),
Soukupova et al. (2002)

Lignin, Starch

Curran (1989), Martin &
Aber (1997)
Curran (1989), Elvidge
(1990)
Soukupova et al. (2002)
Curran (1989), Elvidge
(1990)

Cellulose, lignin,
protein, water
Lignin
Cellulose, sugar,
starch, lignin
N, protein, wax
Wax (carnauba
wax)
Wax (carnauba
wax)

Curran (1989), Card et al.
(1988), Elvidge (1990)
Elvidge (1990)
Elvidge (1990)

Pectin, starch,
tannin
Humic acid,

Elvidge (1988)

O‐H stretch

Cellulose,
polysaccharides

Elvidge (1988),
Socrates (1994)

C‐H stretch

Aliphatic
compounds,
water
Cellulose

Socrates (1994), Ullah et al.
(2012b)
Elvidge (1988)

Lignin, humic acid

Elvidge (1988)

Cellulose, lignin

Elvidge (1988)

(2.94µm)

CH2 asymmetric
stretching
C‐H stretch in methyl
group
C‐H stretching
(3.48µm)

Elvidge (1988)
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Bands selected in
PLSR models
Band
Model
3.81
3.97
5.75

LT
Lig/cel
C/N

5.87
5.89
5.93

ET
LT, LA
Celluose

6.16

Lignin,
Lig/cel

6.56

LT

7.58

Lignin,
Lig/cel

8.59

VT

8.79

N, LA

9.05
12.65

LA
SD

12.71
13.13
13.90

VT
Cellulose
SD

15.23

LA

Known chemical bonds and molecules connected to each band
Chemical bond

C‐O, acetyl group
C=O, fatty acids
esters

Carboxylate COOH
Aromatic skeletal
vibrations
Aromatic skeletal
vibrations (6.60µm)
CH2 wagging

Aromatic C‐H in‐
plane deformation

Ring breathing

(15.38µm)

Molecule
involved
Water
Lignin, water
Cellulose, lignin
(5.76µm)
Water, lignin
Lignin (5.88µm)
Oleanolic acid,
lignin
Pectin
Lignin (6.13‐
6.23µm)
Lignin
Cellulose
(7.60µm), lignin
(7.54µm)
Cutin, cellulose,
wax
Lignin, wax, leaf
components

Cutin
Cellulose
(12.50µm), lignin
(12.65µm)
Cellulose, lignin
Wax,
nanocosane,
cutin
Cellulose

Reference
Ullah et al. (2014)
Ullah et al. (2012)
Elvidge (1988), Fabre et al.
(2011); Stewart et al.
(1997)
Boeriu et al. (2004)
Martin & Aber (1997)
Ribeiro da Luz (2006)
Chatjigakis et al. (1998)
Elvidge (1988)
Boeriu et al. (2004)
Boeriu et al. (2004),
Elvidge (1988)
Ribeiro da Luz (2006);
Ribeiro da Luz and Crowley
(2007)
Boeriu et al. (2004),
Elvidge 1988, Fabre et l.
(2011), Ribeiro da Luz and
Crowley (2007)
Ribeiro da Luz (2006)
Elvidge (1988); Martin and
Aber (1997)

Martin and Aber (1997)
Ribeiro da Luz (2006);
Ribeiro da Luz and Crowley
(2007)
Elvidge (1988)

*In parentheses, the waveband where the molecular bond is located, when is not exactly located in the band
selected. ǂbold letters mark molecules that match spectral features of cellulose or lignin, like in Figure 2.6.

2.5

Conclusions

In this study, we show that we can use infrared spectra to estimate leaf traits
across plant species, with models using the entire infrared spectral range
measured here, the SWIR, MWIR or LWIR ranges and with reduced models.
These reduced models are based on a few bands that contribute sufficiently to
estimate the variation of each leaf trait. These reduced models have the
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advantage of showing a clear connection between bands and each leaf trait,
avoid overfitting, and are easier to apply than models based entire spectral
regions. SWIR shows to be the region with the most information to predict the
leaf traits measured here. Especially molecules such as LWC, lignin and cellulose
could be well measured in this region. These results show the potential of
existing sensors that cover the SWIR such as AVIRIS (Airborne Visible Infrared
imaging spectrometer) which could be used to prove if these laboratory results
bear any meaning for field applications. Models based on spectral bands of the
SWIR and LWIR, therefore, have advantages over models in the MWIR when
considering using these bands for remote sensing, since this last sector has a
strong influence of atmospheric transmittance, especially when measuring with
air and spaceborne sensors (e.g. Salisbury 1998).
Leaf thickness, leaf water content, cellulose and lignin are the traits that could
be estimated most accurately from infrared data. Their reduced models retained
a high accuracy (with
around or above 0.70) while using a minimal number
(4 to 5) of bands.
Nitrogen, as well as cuticle thickness, are amongst the leaf traits that are less
successfully predicted. In the case of cuticle thickness, we suspect that the high
uncertainty and measurement error of this structure measured with an optical
microscope has led to the low correlation between the thickness and infrared
spectral results.
All leaves share the same general spectral shape in the short‐wave infrared,
where variation is mainly found in the absolute emissivity values of individual
leaves. These common features in the SWIR are originating from lignin and
cellulose which account for roughly 30% of the leaf’s composition. In the MWIR
and LWIR, however, leaves do show specific features which are related to
individual leaf traits, such as a feature at 6.16µm which seems connected with
and responding to changes in lignin content and is associated with aromatic
skeletal vibrations in the lignin molecule.
Some leaf traits such as cellulose, lignin and leaf thickness, have a high
correlation (higher than 60%) with a single band in the infrared, which suggests
that these bands can be used without further information to estimate these
traits fairly accurately. Cellulose and leaf thickness have a high correlation with
most bands in the SWIR, while lignin has a high correlation with the band at
6.16µm.
This study has shown that leaf traits can be extracted from Thermal Infrared
Spectroscopy and that most information can be found in the SWIR. We also
found empirical relations between leaf traits that are not directly logically linked
to emissivity, such as leaf area, and for which, probably a more fundamental
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logical explanation exists where these traits are correlated with other traits that
have a more logical connection with emissivity. This requires further
measurements. Nevertheless, the study shows the potential of TIR spectroscopy
and gives cues for wavebands where specific information on leaf traits can be
found.
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Appendix 2.1. Loading weights for the first and last factors for the original and
reduced models of leaf thickness, LWC and nitrogen, compared with the
average spectra of leaves with the 5% highest values of the corresponding leaf
trait (right Y‐axis).

The loading weights of the models for the original data (6612 bands) and the
reduced model show how the most important bands fit the spectral data. In the
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case of leaf thickness, the original model (first factor) shows a match in the
bands with higher loading weights and the deepest features in the spectra.
When reducing the model, the bands with the highest loading weights match
the deepest features, while bands with low loading weights match with small
features. Also, the last factor, which is expected to have less connection with
the most important features, shows that for the original data some features are
still noticeable in both spectra and loading weights. Nevertheless, the noise in
this last factor is more evident. The last factor for the optimised model shows
still the importance of the first group of bands. A similar interpretation can be
made for LWC and nitrogen which both original model and reduced model have
the bands with the higher loading weights in recognisable features of their
spectra. This figure shows leaf thickness and LWC as examples of two models
with the higher R‐squared in the original data and nitrogen with one of the
lowest R‐squared values.
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Connecting infrared spectra with plant traits to identify species

Abstract
Plant traits are used to define species, but also to evaluate the health status of
forests, plantations and crops. Conventional methods of measuring plant traits
(e.g. wet chemistry), although accurate, are inefficient and costly when applied
over large areas or with intensive sampling. Spectroscopic methods, as used in
the food industry and mineralogy, are nowadays applied to identify plant traits.
This is becoming especially useful given new developments of multispectral and
hyperspectral sensors for airborne and satellite platforms. However, most
studies analysed visible to near infrared (VIS‐NIR) spectra, while infrared spectra
of longer wavelengths have been little used for identifying the spectral
differences between plant species, nor to explain these differences relative to
species‐specific leaf characteristics. This study measured the infrared spectra
(1.4‐ 16.0µm) on individual, fresh leaves, as well as 14 leaf traits for a total of 19
plant species, ranging from herbaceous to woody species. The results presented
here, describe at which wavelengths (shortwave infrared‐SWIR, mid‐wave
infrared‐MWIR and longwave infrared‐LWIR) the leaves’ spectra can
differentiate most effectively between these plant species. A Quadratic
Discrimination Analysis (QDA) shows that using five bands in the SWIR or the
LWIR is enough to accurately differentiate the species in this experiment (Kappa:
0.93, 0.94 respectively), while the MWIR has a lower classification accuracy
(Kappa: 0.84). This study also shows that in the infrared spectra of fresh leaves,
the identified species‐specific features are correlated with leaf traits as well as
changes in the leaf trait values. Spectral features in the SWIR (1.66, 1.89 and
2.00µm) are common to all species and match the main features of pure
cellulose and lignin spectra. The depth of these features varies with changes of
cellulose and leaf water content and can be used to differentiate species in this
region. In the MWIR and LWIR, the absorption spectra of leaves are formed by
key species‐specific traits including lignin, cellulose, water, nitrogen and leaf
thickness. The connection found in this study between leaf traits and spectral
features and spectral signatures are novel tools to assist when identifying plant
species by spectroscopy and remote sensing.

3.1

Introduction

The global biological diversity of all plants exceeds more than 350,000 species
ranging from grasses to woody plants (Plant List 2013). Every year, new plant
species are discovered, especially in remote areas where diversity has not been
previously assessed. A combination of plant traits make each species unique and
reflect the outcome of evolutionary and community assembly processes
responding to abiotic and biotic environmental constraints (Valladares et al.
2007). These traits determine how plants respond to environmental factors and
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how they can influence ecosystem function (Kattge et al. 2011). Making
quantitative observations of traits can be used to classify plants into species as
well as determine a plant’s health and its potential to provide ecosystem
services (Lavorel and Garnier 2002). The correct estimation of leaf traits is
essential for the conservation of natural ecosystems since efforts towards the
conservation of plant biodiversity rely on the identification of traits for the
accurate detection of species (e.g. Chiarucci et al. 2011; Nagendra 2001; Pereira
et al. 2013; Skidmore and Pettorelli 2015).
Airborne and satellite spectral sensors can improve the efficiency of plant
species identification compared with conventional field identification (Adam et
al. 2010; Nagendra 2001). Remote sensing studies to identify species have
focused on the use of absorption features to classify species by identifying
changes in the visible (VIS) and near‐infrared (NIR) spectra (0.7‐1.4µm) (e.g.
Clark et al. 2005; Cochrane 2000; Martin et al. 1998; Schmidt and Skidmore
2001; Vaiphasa et al. 2007). The bands in this part of the spectrum, governed by
the strong absorption of radiation by leaf pigments, are often used to quantify
photosynthetic absorption, from which vegetation productivity and species
identity can be retrieved (Kerr and Ostrovsky 2003; Turner et al. 2003). The
strong absorption of light in the blue and red and the reflected energy in the
green have a masking effect of additional features for species differentiation. In
this VIS‐NIR region, most studies have focused on classifying functional groups,
vegetation types, or ecosystems based on their productivity (Ustin and Gamon
2010).
The strong influence of pigment absorption decreases in the NIR section of the
electromagnetic spectrum and beyond. As a consequence, signals in the short‐
wave infrared (SWIR, 1.4‐3.0µm), mid‐wave infrared (MWIR, 3.0‐6.0µm) and
long‐wave infrared (LWIR, 6‐20.0µm) are probably more sensitive to (other) leaf
compounds such as water, lignin and cellulose, which are essential to the
functioning and structure of the leaf (Elvidge 1988; Ribeiro da Luz and Crowley
2007). Studies have found that within the infrared spectral region, structural
traits and leaf compounds can be detected, including leaf and canopy water
content (e.g. Fabre et al. 2011; Gerber et al. 2011; Neinavaz et al. 2016; Ullah et
al. 2014), nitrogen (Serbin et al. 2011), lignin and cellulose (e.g. Curran 1989;
Elvidge 1988; Martin and Aber 1997), epidermis thickness and cuticle
compounds such as fatty acid esters, waxes, cutin and cutan (e.g. Ribeiro da Luz
2006; Stewart et al. 1997) as well as carbohydrates and proteins (e.g. Curran
1989; Elvidge 1988). Some researchers have suggested that these leaf traits,
which are species dependent, can be connected to specific features in the MWIR
and LWIR (2.5‐20.0µm) and that these features can be used to differentiate
species (Elvidge 1988; Ribeiro da Luz and Crowley 2007). For example, Ullah et
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al. (2012a) found that 13 species show significant spectral differences in the
wavelength range from 1.4‐6.0µm and 8.0‐14.0µm. However, possible
mechanistic causes for these differences in the spectra of plant species have so
far not been explored. This knowledge gap is tackled in the presented study.
Therefore, this study determines the wavelengths (within the SWIR, MWIR and
LWIR) that most effectively differentiate nineteen plant species. This study
investigates the spectral features that differentiate species, and that can be
explained to a large extent by the structure and composition of their leaves,
identifying the most likely leaf traits that cause the spectral differences for these
19 species.

3.2

Methods and data

Fresh leaf samples of 19 different plant species from different taxonomic
families were measured, including herbaceous and woody plants, occurring
from the tropics to temperate regions (Table 3.1). From each species, mature
leaves from nine different individuals were selected, for spectral, anatomical,
and biochemical measurements.

Table 3.1 Plant species
Code
Am
An
Ap
Cr
Df
Fs
Fv
Gb
Gm
Hh
Io
Ls
Pa
Pl
Po
Qu
Rh
St
Tp
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Species
Aglaonema sp.
Asplenium nidus
Acer platanoides
Calanthea rufibarba
Dieffenbachia sp.
Fagus sylvatica
Fittonia verschaffeltii
Ginkgo biloba
Geranium macrorrhizum
Hedera helix
Ilex opaca
Liquidambar styraciflua
Persicaria amplexicaulis
Prunus laurocerasus
Platanus orientalis
Quercus robur
Rhododendron cf.
catawbiense
Spathiphyllum
cochlearispathum
Tilia platyphyllos

Family
Araceae
Aspleniaceae
Aceraceae
Marantaceae
Araceae
Fagaceae
Acanthaceae
Ginkgoaceae
Geraniaceae
Araliaceae
Aquifoliaceae
Altingiaceae
Polygonaceae
Rosaceae
Platanaceae
Fagaceae
Ericaceae

Type
Herbaceous
Herbaceous
Woody
Herbaceous
Herbaceous
Woody
Herbaceous
Woody
Herbaceous
Woody
Woody
Woody
Herbaceous
Woody
Woody
Woody
Woody

Climate
Tropical
Tropical
Temperate
Tropical
Tropical
Temperate
Tropical
Temperate
Temperate
Temperate
Temperate
Temperate
Temperate
Temperate
Temperate
Temperate
Temperate

Foliage
Evergreen
Evergreen
Deciduous
Evergreen
Evergreen
Deciduous
Evergreen
Deciduous
Evergreen
Evergreen
Evergreen
Deciduous
Deciduous
Evergreen
Deciduous
Deciduous
Evergreen

Arecidae

Herbaceous

Tropical

Evergreen

Tiliaceae

Herbaceous

Temperate

Deciduous
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3.2.1 Spectral measurements
Fresh leaves were harvested shortly before measuring the thermal spectra with
a Bruker Vertex 70 FTIR spectrometer adapted with an external integrating
sphere for hemispherical reflectance (Hecker et al. 2011). This reflectance was
converted to emissivity using Kirchhoff’s law (emissivity + reflectance = 1),
assuming that leaves behave as opaque objects (Fabre et al. 2011; Gerber et al.
2011). For consistency, emissivity was calculated for SWIR, MWIR and LWIR,
even though in the SWIR and MWIR it is more common to use reflectance data.
Each sample leaf was placed against the sample port of the integrating sphere,
with a diameter of 3cm, and two additional leaves of the same species were
taped to the measured leaf to reduce possible loss of energy due to
transmittance in the MWIR (Gerber et al. 2011). The spectrum was measured in
the range 7000‐600cm‐1 (1.4‐16.6µm) with a resolution of 4cm‐1 (0.0008‐
0.110µm). Per leaf, eight measurements of 512 scans on the same spot were
averaged to increase the signal‐to‐noise ratio. Although the spectra were
measured in the wavenumber domain, the data was presented in wavelengths
(in µm ‐ micrometres) as this is customary in the remote sensing community.
Infrared spectra of liquid demineralised water and powders of lignin (Sigma‐
Aldrich code: 471003) and cellulose fibres (Sigma‐Aldrich code: S6790) were also
measured, following the same procedure with the Bruker Vertex 70 FTIR. These
spectra were used to compare with leaf spectra.

3.2.2 Anatomical and chemical measurements
For each leaf, microstructural leaf traits (Figure 3.1, Table 3.2) were measured
using an optical microscope (Leitz Wetzlar model) with an amplification of 40
times for bigger structures (i.e. leaf thickness) and 630 times for smaller
structures (i.e. cuticle thickness). For each leaf, a thin sample from the
transverse section at the middle length of the leaf (Figure 3.1a and b) was
dissected with a cutting edge. A digital picture was taken covering all structures
at their most suitable magnification (40‐630 times). The average of three
measurements of the upper cuticle, epidermis and leaf thickness (in µm) was
calculated. The main vein thickness (in µm) was measured a single time at the
same location. Similarly, a digital picture of the tangential section of the adaxial
side of the leaf was taken with an amplification of 630X (Figure 3.1c). For each
image, at least five stomatal structures were measured (including guard cells) to
calculate the average stomatal size (in µm2), and the number of stomata in the
picture area were counted to calculate the stomatal density (number of
stomata/mm2).
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Figure 3.1. Leaf anatomical traits: a Transversal section for thickness measurements of
leaf anatomical traits (a, b) and a tangential section for stomatal measurements (c).

Table 3.2. Codes used for leaf traits
Code
Leaf trait
LT
Leaf thickness
BA
Bundle area
CT
Cuticle thickness
ET
Epidermis thickness
VT
Vein thickness
SS
Stomatal size
SD
Stomatal density
LA
Leaf area
LWC
Leaf water content
Lig
Lignin content
Cel
Cellulose content
Lig/cel
Lignin/cellulose ratio
N
Nitrogen content
C/N
Carbon/nitrogen ratio

Individual leaf area was measured with the LI3100c area meter (in cm2). Leaf
water content (in %) was gravimetrically calculated by drying the leaves and
recording fresh and dry weights (in grammes). Lignin and cellulose percentages
were calculated with the Ankom Acid Detergent Fibers method (Ankom 2011),
and then lignin/cellulose ratios were calculated. Carbon (C) and nitrogen (N)
content (in %) were measured with a Perkin‐Elmer Elemental analyser (Culmo
and Shelton 2013), and from these measurements, the carbon/nitrogen ratio
was calculated. The instrument measurement errors were 0.29µm for the
cuticle, epidermis, vein and leaf thickness, 0.57µm2 for bundle area, 1mm2 for
leaf area, 0.01 gr for LWC, 1% for lignin and cellulose percentages and 0.01% for
carbon and nitrogen percentages.
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3.2.3 Statistical methods
The statistical analyses used in this paper can be summarised as follows:
a) Firstly, the infrared spectra were analysed to detect for differences between
species. The position of absorption features per species was located (using
continuum removal method). Then, the spectral separation and grouping of the
species were calculated using Principal Component Analysis (PCA).
b) Secondly, the intraspecific difference of leaf traits was analysed. Leaf traits
per species were plotted (box plots), and a PCA was used to illustrate the
separation of species, using leaf traits as input. Binomial logistic regression
models were developed to identify the leaf traits that most accurately defined
each species.
c) Lastly, a limited set of spectral bands were extracted to differentiate the
species and to identify the link between these selected bands and their
measured leaf traits.
These analyses are explained in more detail below.

3.2.3.1 Spectral differences between species
The continuum removal method uses a convex hull, represented by a set of
straight lines connecting local maxima (Kokaly 2001), followed by the extraction
of the deepest point in the features. This method can recognise the depth, the
width and the area of the feature, but for the current analysis, only the location
of the deepest point of the feature was used. This method has been mainly used
in vegetation studies of dry plant material (Kokaly and Clark 1999), to
discriminate vegetation types (Schmidt and Skidmore 2001) and to estimate
plant productivity (Mutanga and Skidmore 2004). For this study, the software
ENVI was used, to draw a convex hull and to identify the exact location of the
deepest point of each feature, for each leaf sample.
All absorption features were extracted from each leaf sample. If a feature was
present in the same location for 80% of the leaves of a given species, that
feature was retained for that species and annotated on the average spectrum
of that species (Figure 3.2). A feature was considered to be in the same location
if they were within a range of 0.01µm from the feature located in the average
spectra.
PCA was used to visualise the separation of the plant species by leaf spectra. The
scatter plots of the scores of the first few components showed the potential
separation of species into similar groups after the PCA transformation of the
axes, both for the PCA using the spectra matrix or the leaf traits matrix. For each
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analysis, the components that contain the majority of the variation of the data
were included, and the variation explained by each factor was shown for each
principal component (PC). Additionally, for the PCA using leaf traits, the loading
plots showed the proximity and possible correlations and connections between
these variables.

3.2.3.2 Leaf trait differences between species
Boxplots of each leaf trait showed the differences between species. An Analysis
of Variance (ANOVA) confirmed whether there was a significant difference
between any of the species (p‐value<0.05, 95% confidence level) and a Tukey
HSD post hoc test showed, for each leaf trait, if the species was statistically
different from all other species. Both analyses were made using the R software
(R Core Team 2015).
Additionally, a generalised binomial logistic regression was calculated for each
species based on all leaf traits and their interactions. A binomial model was
needed since the response variable (species) was binomial (the probability of
being a certain species or not) (Quinn and Keough 2002). These models were
fitted in a stepwise routine to select the minimum number of leaf traits and their
possible interactions, to estimate the probability for each record to belong to a
specific species. All binomial models were fitted with the R software (R Core
Team 2015) with the “multinom“ function of the “nnet” package (Ripley 1996).
The results were validated with cross‐validation, and the accuracy was
evaluated with a confusion matrix between the observed and the predicted
data, and the Kappa statistic which measures the classification accuracy taking
the possibility of the agreement by chance into account (Cohen 1968; Viera and
Garrett 2005)

Selecting spectral bands to differentiate species
An analysis of variance (ANOVA) was used to test whether emissivity of species
significantly differentiated between species at each band location. Further, a
Tukey HSD post hoc test was used to test how these values differed between
specific groups of species. From this post hoc test, a graph was created with the
number of pairs of species that significantly differ from each other. From this
graph, a first group of bands was signalled when at least 76% of pairs of
individuals were different (130 out of 171 possible pairs of individuals). A second
graph indicated with a dot those bands for which a given species was
significantly different from all other species. This graph also indicated with
vertical lines the bands where at least nine species shared a dot.
Bands selected as critical bands in these two graphs were used in a quadratic
differentiation analysis (QDA; with a stepwise function), to select a minimum
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number of significant bands that can differentiate species, for the entire infrared
range and the subsections (i.e. SWIR, MWIR, LWIR). The accuracy of these final
selected group of bands was evaluated by using a confusion matrix (Ting 2011)
and calculated the kappa statistic (Cohen 1968; Viera and Garrett 2005).
Correlation coefficients were used to identify the leaf traits that can be linked
to the spectral differences between species.

3.3

Results

3.3.1 Infrared spectra differentiate plant species
The average spectrum of all species (Figure 3.2) shows that the most
pronounced spectral features are located in the SWIR (1.66, 1.83, and 2.20µm)
(Figure 3.3) and match the absorption features of pure lignin and cellulose, for
all species. The MWIR shows fewer features than the SWIR, with mainly two
features at 3.43 and 3.51µm which are known vibration features of C‐H bonds
in aldehydes and carbonyl compounds that are abundant in organic material
(Pretsch et al. 2000). In the LWIR the average of many plant species is fairly
featureless between 0.96‐0.97. But it shows species‐specific features when
analysing averages of individual species (Figure 3.3).

Figure 3.2 Average spectrum of all leaves and the emissivity measurements of powdered
lignin, cellulose (left Y‐axis) and demineralised water (right Y‐axis). Vertical lines indicate
pronounced features or shoulders of the leaf spectra matching features on the cellulose,
lignin or water spectra.

The average spectra for individual species (Figure 3.3) show that in the LWIR
there are species‐specific features that are not evident in the average spectrum
of all species (Figure 3.2). In the SWIR, on the other hand, all species share the
same features, which match the strong features of lignin and cellulose (Figure
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3.2). The MWIR and LWIR have some features that are common to most species,
such as the feature between 5.87‐5.96µm, but also features that are unique to
individual species such as a strong feature at 6.16µm for P. orientalis or the
feature at 5.33µm for F. sylvatica.

Figure 3.3. Mean spectrum for each herbaceous species. Short vertical lines show the
position of the features identified in 80% or more of individual leaf spectra of a given
species. Long vertical lines show features common to the majority of species. Appendix
3.1 shows the connection between these features and known structural and chemical
bonds, and Appendix 3.2 shows the correlation between these spectral features and the
leaf traits measured in each fresh leaf.
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Figure 3.4. Mean spectrum for each woody species. Short vertical lines show the
position of the features identified in 80% or more of individual leaf spectra of a given
species. Long vertical lines show features common to the majority of species.

The principal component analysis using the entire infrared spectra shows that
the first two components explain 96% of the spectral variability (Figure 3.5)
although components 3 and 4 add additional information (e.g. helping to
separate A. nidus from I. opaca). Some species exhibit similarities in their spectra
– for example clustering together such as A. platanoides (Ap), G. biloba (Gb),
H helix (Hh), I. opaca (Io), L. styraciflua (Ls), P. amplexicaulis (Pa), P. orientalis
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(Po), R. cf. catawbiense (Rc) and T. platyphyllos (Tp), while other species clearly
single out, such as F. Sylvatica (Fs), A. nidus (An) and Dieffenbachia spp. (Df).

Figure 3.5. Scores plot of PCA analysis on the 6612 spectral infrared bands (1.4‐16µm).
PC1 and PC2 (a), PC3 and PC4 (b).

3.3.2 Leaf traits differentiate plant species
Figure 3.6 details the distribution of leaf trait values across the analysed plant
species, and across herbaceous and woody species. Most species can be
grouped by leaf traits according to their life form. Herbaceous and woody
species group around similar leaf trait values in variables such as LWC, lignin,
cellulose and stomata density, while other leaf traits do not show a clear
separation between these life forms. Most structural leaf traits do not serve to
differentiate herbaceous from woody species, such as cuticle, epidermis, vein
and leaf thickness, or bundle area, leaf area and stomata size, where species do
not group according to these life forms.
For each leaf trait, a wide range of values was measured. Nevertheless, some
species are significantly different to all other species (p < 0.05) for some specific
traits, such as L. styraciflua (Ls) and P. orientalis (Po) with the higher values of
lignin (woody species, Figure 3.6b), A. nidus (An) with the higher values of
cellulose content (herbaceous species, Figure 3.6c), P. orientalis (Po) with the
highest values of the lignin/cellulose ratio (Figure 3.6d), R. cf. catawbiense (Rc)
with the lowest values of N and highest values of C/N ratio (Figure 3.6f),
C. rufibarba (Cr) and Dieffenbachia sp. (Df) with the higher values of epidermis
thickness (Figure 3.6i), A. nidus (An), being a herbaceous species with a
particular high value of vein thickness (Figure 3.6j), and Dieffenbachia sp. (Df)
with the highest values of stomata size (Figure 3.6m).
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Figure 3.6. Boxplots for each leaf trait and each species. An asterisk (*) denotes species
that are significantly different from all other species in a Tukey HSD post hoc test
(P<0.05).
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The principal component analysis of the leaf traits shows that the first two
components explain 48% of the variability in leaf traits (Figure 3.7a and b), but
when the 3rd and 4th component (Figure 3.7c and d) are added, the explained
variance increases to 75%. Even though the total explained variance is lower
than with the PCA of the infrared spectra, the PC’s of the traits form well‐
behaved, dense clusters. Some species separate from all other species based on
their leaf traits (Figure 3.7a and c), including P. orientalis (Po), A. nidus (An), Q.
robur (Qu), Dieffenbachia spp. (Df), C. rufibarba (Cr), R. cf. catawbiense (Rc) and
A. platanoides (Ap), while other species separate less such as T. platyphyllos
(Tp), P. amplexicaulis (Pa), F. verschaffeltii (Fv), and G. biloba (Gb). The loading
(eigenvalue) plots (Figure 3.7b and d) show that LWC, lignin and stomatal
density, as well as the interactions Lig/cel, cel*lig, lwc*lt and cel*LWC (asterisk
denotes the product between the interacting traits), are the traits which mainly
separate the species (for PC1). For PC2, the traits that separate between species
are leaf area, stomatal density as well as interactions including LWC*LA, cel*N
and cel*LWC. The 3rd and 4th principal component reveal that also Nitrogen
content, the C/N ratio, Stomatal Size and Leaf thickness separate species
partially.

Figure 3.7. Score plots of a PCA analysis using all leaf traits and all the interactions
between these traits (asterisk denotes the product between the interacting traits) for
PC1 and PC2 (a) and PC3 and PC4 (c) (note different colours denote the species).
Loadings plots with the dispersion of the leaf traits for PC1 and PC2 (b) and PC3 and PC4
(d). Some interactions are not shown due to their lack of separability from the centre
axis (0,0).
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The generalised logistic regression models fitted using a selected set of leaf traits
or their interactions (Table 3.3) predict the likelihood that a sample belongs to
a certain species. Most traits selected in the step‐wise procedure confirm the
connection between species and leaf traits as presented in Figure 3.6. For
instance, R. cf. catawbiense (Rc) has a model based on the C/N ratio due to the
high carbon content and the low nitrogen of this species. P. orientalis has a
model based on the interaction between lignin and nitrogen due to the high
values of these two compounds.
Table 3.3 Individual binomial models for each species with leaf traits and their
interactions as explanatory variables. All models calculate the probability of being a
particular species given measured leaf traits with the formula: P(species) = 1/(1+e^(‐
1*(a))).
Species
Model form: P(especies) = 1/(1+e^(‐1*(a)))
Am
a = 206.11 + 257.04 LT + 5.00 Lig*N‐ 0.03 LWC*SD
An
a = ‐858.99 + 0.18 Cel *LA
Ap
a = 155.60 ‐455.84 LT – 0.99 SD
Cr
a = ‐7.44 – 292.49 LT + 895.09 ET
Df
a = ‐38.55 + 0.07 SS – 0.003 LWC*SD
Fs
a = 50.08 – 162.79 VT
Fv
a = ‐180.35 + 2.75 LWC – 0.02 LWC*LA
Gb
a = 107.68 – 110.78 VT ‐2.00 Cel*N
Gm
a = ‐56.86 + 23.63 Lig – 439.76 Lig/cel – 9.50 Cel*N + 2.36 LWC*N
Hh
a = ‐308.01 + 0.21 SS – 639.60 BA + 1.08 LA + 0.01 LWC*SD
Io
a = ‐105.61 ‐93.37 Lig/Cel + 572.14 LT‐ 151.27 VT
Ls
a = ‐53.91 – 0.25 SS+ 0.27 SD + 0.19 Lig*LA
Pa
a = ‐173.37 ‐568.51 LT + 241.11 VT – 0.05 Cel*LA
a = ‐1374.47 + 8.75 Lig + 63.10 N +12.23 LWC + 711.67 VT + 0.45 SD –
Pl
0.08 Lig*LA – 8.53 LWC*VT
Po
a = ‐473.17 + 4.94 Lig*N
Qu
a = ‐91.01 – 12.54 Lig + 0.61 SD
Rc
a = ‐314.81 + 8.14 C/N
St
a = 0.39 + 0.48 CT – 0.004 SS – 0.04 SD – 5.09 Cel*VT
Tp
a = ‐460.76 + 79.52 Lig – 111.04 Cel*LT – 20.56 Lig*N

3.3.3 Selecting bands that better separate plant species
For To investigate which infrared bands (or sections of bands) are particularly
useful in differentiating as many of our test species as possible, all species bands
were compared using a pair‐wise with a Tukey HSD post hoc test. For all spectral
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bands (1.4‐16.0µm) the emissivity of at least one species is significantly different
from the emissivity of the other species (P < 0.05). Figure 3.8 presents a
frequency plot with the number of pairs of species that can be differentiated for
each wavelength (using a Tukey HSD post hoc test) on the Y‐axis. Plots are shown
for the whole infrared range and also separated into SWIR, MWIR, and LWIR. In
this plot, it is possible to identify the highest frequencies of 130 to 136 pairs, 76‐
80% of the total number of pairs (171) for the entire infrared, and the
subsections (i.e. SWIR, MWIR and LWIR), marking the frequencies from 130 pairs
(76%). It shows bands at which species are better separated (indicated by
vertical lines) and bands where this is less the case.

Figure 3.8. The number of pairs of plant species that are significantly different in
emissivity values according to a Tukey HSD post hoc test (95% significance level, P<0.05).
The total number of species pairs per wave band is 171. Bands with the highest number
of species separated (> 130 pairs = 76%) are indicated by vertical lines (some vertical
lines missing from a) due to space constraints). a) the entire infrared, b) SWIR, c) MWIR,
and d) LWIR.

Using data from Figure 3.8, Figure 3.9 details for each species the spectral
band(s) that significantly differentiate the species from all other species. Species
that have many bands (> 20%) different to all other species are A. nidus (An), C.
rufibarba (Cr), Dieffenbachia spp. (Df), F. sylvatica (Fs), F. verschaffeltii (Fv), G.
macrorrhizum (Gm), S. cochlearispathum (St) and T. platyphyllos (Tp).
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Figure 3.9. Bands where a given species is significantly different (P<0.05) of all other
species, according to the Tukey’s post hoc analysis. Y‐axis shows the species and the
percentage of bands where each species differentiates from most other species. The x‐
axis shows the wavelengths. Vertical lines indicate the bands where at least nine species
have a dot.

With the selected bands from both analysis (maximum pairs of species in Figure
3.8 and bands where the species are statistically different from all other species
in Figure 3.9), it is possible to differentiate species with a quadratic
differentiation analysis (QDA). By using a stepwise QDA, the number of bands
are further reduced while still being able to make an accurate classification of
these species. This stepwise QDA analysis for the entire infrared range (Table
3.4), selects the following bands: 1.50, 2.15, 5.40, 8.54, 9.78µm with a
classification accuracy of 0.96 (Kappa). Similar stepwise QDA models were fitted
to subsections of the infrared. For a stepwise QDA with only SWIR bands 1.50,
2.00, 2.15, 2.29, and 2.99µm were selected with a Kappa of 0.93 ; for the MWIR
the bands 3.05, 3.68, 4.87, 5.26 and 5.40µm were selected with a Kappa of 0.85
; and for the LWIR the bands 6.91, 8.54, 9.78, 12.14, 12.76µm were selected with
a Kappa of 0.94 (Appendix 3.3).
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Table 3.4. Confusion matrix with the predictions from the stepwise quadratic difference
analysis (QDA) using the selected bands (1.50, 2.15, 5.40, 8.54, 9.78). Diagonal
represents the correctly classified individuals. A similar analysis for the SWIR, MWIR and
LWIR subsections are shown in Appendix 3.3.

For fourteen species, the classification using five bands from the entire infrared
range is 100% correct as calculated using the user’s and producer’s accuracy
(Table 3.4). The species that have individuals less consistently identified (for
either the full range or the subsections of the infrared in the QDA analyses) are
A. platanoides (Ap), P. amplexicaulis (Pa), I. opaca (Io), Q. robur (Qu), R. cf.
catawbiense (Rc), G. biloba (Gb), and L. styraciflua (Ls). Of these species Q. robur
(Qu) and P. amplexicaulis (Pa) are distinctly different from other species if the
entire infrared spectra are used as input for the PCA (Figure 3.5).
The infrared bands selected by the stepwise QDA analysis, are compared with
the leaf traits using a correlation analysis. The selected bands correlate mainly
with cellulose (Cel), nitrogen (N), C/N ratio, leaf thickness (LT) and leaf water
content (LWC), although some bands specifically correlate with lignin (Lig) and
lig/cel ratio (Figure 3.10a). Bands in the SWIR correlate mainly with cellulose
content and leaf thickness, nitrogen, C/N ratio and LWC. Cellulose has been
reported to have strong connections with these bands, as well as N content
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(Figure 3.10b). However, there is no other reported information about the
spectral connection of these bands with microstructural traits such as leaf
thickness. The selected bands at the MWIR correlate mainly with N, C/N, LWC,
and leaf thickness, while the bands of the LWIR correlate mainly with LWC and
lignin. The strong connection between some of the leaf traits studied here is
confirmed by the high correlations which match the reported molecules
associated with those bands (Figure 3.10b).

Figure 3.10. a) Correlation coefficients between leaf traits and the wavebands selected
by the stepwise QDA. Bold numbers show the two highest correlation coefficients values
for each band. Some leaf traits (i.e. BA, CT and SS) were omitted due to overall low
correlations. b) Known chemical vibrational bonds and associated molecules reported
at the given wavelength. * in parenthesis the real values where the given molecule has
been reported. References: a Card et al. (1988), b Curran (2001), c Workman Jr and
Springsteen (1998), d Nagler et al. (2003), e Soukupova et al. (2002), f Kokaly and Clark
(1999), g Martin and Aber (1997), h Elvidge (1988), i Ribeiro da Luz (2006), j Socrates
(1994), k Fabre et al. (2011), l Allison et al. (2009), m Ribeiro da Luz and Crowley (2007), n
Boeriu et al. (2004).

3.4

Discussion

Spectral features connected to leaf traits
Fresh leaves have for many years been thought to be featureless in the thermal
infrared. Therefore leaf emissivity was assumed to be constant in the MWIR and
LWIR when, for example, calibrating ecological models (Li et al. 1999; Olioso et
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al. 1999; Wang and Leuning 1998). When analysing all species together (Figure
3.2), the average spectrum indeed seems featureless, especially in the MWIR
and LWIR. Nevertheless, the spectra of individual species (Figure 3.3) do exhibit
different spectral signatures, which may be used to differentiate between plant
species. So although the SWIR has deep spectral features at 1.66, 1.89 and
2.20µm (spectral contrast > 0.4), common to all species and matching the
spectra of pure cellulose (Figure 3.2) (e.g. Card et al. 1988; Curran 1989), the
spectral signatures in the LWIR appear related to species‐specific structural and
organic traits (e.g., leaf thickness and cellulose), as was suggested by Elvidge
(1988), Ribeiro da Luz and Crowley (2007) and Buitrago Acevedo et al. (2017).
This study highlights that there is indeed a high correlation between leaf traits
and certain spectral bands (Figure 3.10a, Appendix 3.2). The strong connection
between leaf traits and biochemical features (molecules) and microstructures
associated with the spectral bands (Figure 3.10, Appendix 3.1 and 3.2) highlights
important leaf constituents such as cellulose, lignin, N, water and waxes. The
high correlation coefficients between microstructural traits such as leaf
thickness with the SWIR has not been earlier reported, and further research is
needed to investigate the connection between traits and other molecules or
microstructures not included in this study, which may have a direct connection
to the spectral response of leaves.
Our results support previously reported correlations between spectral features
and leaf traits measurements. For instance, species with a high content of water
have high emissivity in the SWIR and MWIR, making this region optimal for
detecting changes in water content and water stress in leaves, as explored in
recent studies (e.g. Buitrago et al. 2016; Fabre et al. 2011; Gerber et al. 2011;
Ullah et al. 2014). Species with high water content such as Dieffenbachia spp.
and F. verschaffeltii have higher total emissivity especially in the SWIR – MWIR
with values around 0.98, while species with low LWC content such as F. sylvatica,
Q. robur and R. cf. catawbiense have a lower total emissivity in the SWIR – MWIR
with values between 0.95 and 0.97.
Species with higher cellulose have in general deeper features in the SWIR with
a specific feature at 5.86‐5.97µm, (not previously reported for cellulose,
Appendix 3.1), which has high correlation with cellulose content (Appendix 3.2)
and is not present in species with low cellulose content such as F. verschaffeltii,
G. biloba and G. macrorrhizum (Figure 3.3). Species with high nitrogen content
have a feature at 4.24µm (not previously reported for N, Appendix 3.1), with the
highest correlation with N content (Appendix 3.2), while in species with low N
content such as R. cf catawbiense, A. nidus and S. cochlearispathum, this feature
tends to be absent or inverted when compared to species with high N content
(e.g. A. platanoides, P. orientalis, and Q. robur). Species with high lignin content

66

Chapter 3

(e.g. P. orientalis) have features at 6.16, 8.52‐8.86 and 10.70‐12.06µm (high
correlation coefficients, Appendix 3.2) that are not present in species with low
lignin content (e.g. G. macrorrhizum). These wavebands have been identified to
present strong vibrations by the lignin molecule (Boeriu et al. 2004; Elvidge
1988; Socrates 1994), supporting the association of these features with the
presence of high lignin content. From the structural variables, leaf thickness has
the highest correlations (above 0.50) with the SWIR and the region 6.30‐7.61µm
(Appendix 3.2). Individuals and species with high leaf thickness (e.g. Aglaonema
spp., A. nidus and I. opaca) have high emissivity in the SWIR, while low emissivity
in the 6.30‐7.61µm. Other structural leaf traits have lower and less
representative correlations with selected bands (Appendix 3.2).
When analysing individual species, the average infrared spectrum of each plant
species appears to be a sum of spectral features related to their leaf traits,
especially the MWIR and LWIR. For instance, P. orientalis has high lignin content
and low LWC, exhibiting lower emissivity across the whole spectra coupled with
features related to the vibrational bonds of lignin (i.e. the feature around
6.16µm is related to aromatic skeletal vibrations in the lignin molecule; (Boeriu
et al. 2004; Elvidge 1988). F. sylvatica has a feature at 3.94µm, common to most
herbaceous species with high correlations with N, and at 5.33µm a frequency
correlated to a low LWC (Ullah et al. 2014) which seem more pronounced in this
species. The average spectrum of F. sylvatica is similar to the one found
previously by Salisbury and Milton (1988), especially in the MWIR with strong
absorption features around 3.94, 5.33, 5.89 and 6.37µm. Salisbury and Milton
(1988) hypothesised that the differences between this species and others in the
infrared are caused by cuticular waxes, which are species dependent and vary
when leaves are subjected to environmental changes (Bargel et al. 2006; Gordon
et al. 1998). The spectra of this species show a strong feature around 10µm
which has been reported to respond to oleanolic acid and cuticular wax (Ribeiro
da Luz 2006; Ribeiro da Luz and Crowley 2007). A more comprehensive analysis
that also includes the chemical composition of these waxes could be followed in
future studies. For other species, the average spectra are presented in Figure
3.3, while Appendix 3.1 and 3.2 explain their correlation and connection with
the leaf traits presented in this study.
Infrared spectra can also be used to differentiate woody from herbaceous
plants. In general, herbaceous species share common characteristics such as
high cellulose, thicker leaves and veins, favouring larger tissues for water
accumulation in stems and leaves as a mechanism to counteract their lower
efficiency in the regulation of water. (e.g. Chaves et al. 2002; Shipley 1995).
Consequently, the emissivity of herbaceous plants (with higher LWC) is
increased compared to woody plants especially in the SWIR and MWIR (e.g.
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Dieffenbachia sp., G. macrorrizhum, P. amplexicaulis – Figure 3.3 and 3.4).
Herbaceous species also have higher cellulose and lower lignin levels (Figure
3.6), associated with species that lack secondary growth. This is more typical of
woody species which add lignin in woody tissues (e.g. Iiyama and Wallis 1990).
Woody species have, in general, lower LWC than herbaceous species (e.g. F.
sylvatica, P. orientalis – Figure 3.6), and therefore lower broadband emissivity
in the SWIR and MWIR spectra (Figure 3.3 and 3.4). All woody species have high
lignin content due to their secondary growth that favours the lignification of
tissues (Spicer and Groover 2010). Spectrally, plants with high lignin content
have a deep feature at 6.16µm correlated with lignin (Appendix 3.1 and 3.2).
This feature is visible in species with high lignin content such as P. orientalis and
L. styraciflua, as well as a wide feature of low emissivity around 8.52‐8.86µm
and another feature of low emissivity around 10.70‐12.06µm. Species with low
lignin content such as C. rufibarba and Dieffenbachia spp. do not show these
features related to lignin (Figure 3.3).
Species classification using infrared spectra
This study shows the potential and accuracy of species classification using
different ranges of the infrared spectrum. The stepwise QDA model is built on
bands from the entire infrared range selects five bands with a kappa of 0.96,
while when using sub‐sections of the IR, the best accuracies are reached when
using LWIR and SWIR (models with five bands and kappas of 0.94 and 0.93
respectively). These results, underline the notion that infrared spectra are not
featureless for plants and have potential to identify individual species.
Where misclassification based on the selected bands do occur, they frequently
happen among either herbaceous or woody species, but not between the two
groups (e.g. misclassifications between H. helix and I.opaca (woody) or between
P. amplexicaulis and C. rufibarba (Herbaceous) (Table 3.4, Appendix 3.3). Such
misclassifications are caused by traits being often more similar among their own
'group' (herbaceous or woody species). For example, woody species often have
lower LWC and higher Lignin content compared to herbaceous species (Figure
3.6) (e.g. Chaves et al. 2002, Iiyama and Wallis 1990). In general, the woody
species A. platanoides, G. biloba, I. opaca, R. cf. catawbiense, Q. robur and L
styraciflua, are the species with more often misclassifications in all infrared
ranges (Table 3.4, Appendix 3.3). In the SWIR the most frequent
misclassifications are between the herbaceous species P. amplexicaulis and C.
rufibarba since both species have similar high emissivity, and between the
woody species Q. robur, G. biloba and R. cf. catawbiense, which share similar
lower emissivity. In the MWIR misclassifications are frequent between A. nidus,
and S. cochlearispathum, between G. biloba and L. styraciflua, between L.
styraciflua, A. nidus, and T. platyphyllos, and between T. platyphyllos, I. opaca
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and P. lauraceous. These species have very similar mostly flat spectra, while
species with strong emissivity variations in the MWIR such as F. sylvatica are
correctly classified. In the LWIR most misclassifications are between A.
platanoides and T. platyphyllos, which have similarities in the bands selected by
the QDA. For these species, an additional analysis of the entire spectra (spectral
signature) is advisable since these species have displayed a wide variety of
additional features that can help in the final differentiation (Figure 3.3 and 3.4).
The selected bands in the SWIR region have a direct response to changes in LWC,
increasing with high levels of this trait (Figure 3.3, 3.4 and 3.6). The bands
selected with the stepwise QDA method in the SWIR (1.50, 2.00, 2.15, 2.29, and
2.99µm) are located around the most important features in this region (1.50,
1.66, 1.89, and 2.20µm), and change as LWC and cellulose content varies (Figure
3.2 and Appendix 3.2). Most of the latest SWIR sensors include multispectral or
hyperspectral bands, especially suitable for water assessment (e.g. Fensholt and
Sandholt 2003; Hatfield et al. 2008). Therefore, using only this spectral range for
species identification will have the advantage that most existing and planned
hyperspectral air and space‐borne sensors cover this spectral range. These
sensors come at high spatial resolutions that vary from a few centimetres for
airborne sensors, up to 10‐30m in the case of spaceborne sensors (e.g. SHALOM,
Hyperion, Sentinel‐2, HyspIRI).
The LWIR has a similarly high classification accuracy for species classification
(Kappa: 0.94), with the particularity of being a region of the electromagnetic
spectrum, where the spectral features are correlated to changes in leaf
composition and leaf traits, as shown in the present study (Appendix 1 and 2)
and previous investigations (e.g. Buitrago Acevedo et al. 2017; Ribeiro da Luz
and Crowley 2007; Salisbury and Milton 1988). The selected bands are located
at features highly correlated with cellulose and nitrogen content (6.91µm),
water and lignin (8.54, 9.78, 12.10, and 12.80µm). Recently, this spectral region
has proven to be adequate to differentiate plant species using laboratory and
field spectrometers (e.g. Rock et al. 2016; Ullah et al. 2012a). For classification
purposes, the LWIR range shows promising potential, since more and more
multispectral and hyperspectral sensors include this range for both laboratory
and field level measurements as well as for airborne and space‐borne missions
(e.g. IRS‐CBERS, SEBASS, TERRA, MAGI, Hyper‐Cam). Additionally, fast growth is
expected in the development of remote sensors covering the LWIR, due to the
increasing evidence for applications in the field of mineralogy, soil science, plant
ecology and species differentiation (e.g. Christensen et al. 2000; Rock et al.
2016; Van der Meer et al. 2012), as confirmed in this study.
It is important to note that these results are valid for the limited group of species
and leaf traits included in this study. So even though it includes 19 herbaceous
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and woody species with a wide range of leaf traits, a further validation with
additional species will be advisable. Additionally, the sampling size used in this
study could be limited to detecting intra‐specific interactions, imposed for
instance by growing conditions, which can influence leaf traits expression and
spectral response (e.g. Buitrago Acevedo et al. 2017). Therefore it is advisable
that further studies include the effect of intra‐specific variations.

3.5

Conclusions

This study shows that infrared spectra of fresh leaves of 19 investigated plant
species are a sum of spectral features that can be linked to species‐specific leaf
traits. These infrared spectra can be used to differentiate and classify the plant
species. In the SWIR part of the infrared range, all species share the same deep
features at 1.66, 1.89 and 2.20µm, which are related to the absorption features
of cellulose and lignin (C‐H and O‐H stretch of cellulose and lignin molecules).
The MWIR spectra show less pronounced features, except for the features at
4.24µm (associated with nitrogen bonds) and the regions at 2.60‐3.51µm and
4.24‐6.00µm, which respond to changes in LWC. The LWIR of fresh leaves is the
richest region in species‐specific features, which are connected to the chemistry,
composition and structure of the leaves of each species. Some of the most
specific features are found at 6.16, 8.52‐8.86µm, and 10.70‐12.06µm which
respond to lignin changes, 6.86µm which respond to cellulose changes and 6.25‐
7.61µm which respond to nitrogen changes.
This study also used the spectra of fresh leaves to determine at which
wavelengths (SWIR, MWIR and LWIR) the infrared spectra differentiate these
19‐plant species most effectively. Five bands in the SWIR or the LWIR provide
high classification accuracies (Kappa: 0.93 and 0.94 respectively) for this group
of species, whereas the classification accuracy when using the MWIR is lower
(Kappa: 0.84). The selected bands in the SWIR have a strong correlation with
cellulose, nitrogen and LWC levels, which are some of the main components of
a leaf. The selected bands in the LWIR correspond mainly to features that appear
in the presence of high lignin, cellulose, and nitrogen content, such as the
features at 6.91, 8.54 and 12.07µm. Species differentiation using the SWIR
shows a high classification accuracy and has advantages since this spectral range
is widely covered by current (or proposed) multi and hyperspectral remote
sensors on air and space‐borne platforms. The LWIR, with a similar accuracy for
species classification, is a range where species have demonstrated to have more
particular features forming spectral signatures per species that can further
improve classification accuracy. This range also has a high potential for remote
sensing applications in the future considering the fast growing development of
spectrometers covering this range.
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Although these results are limited to the group of species and leaf traits included
in this study, it is expected that the highly different species used in this study
(herbaceous and woody species), compiles a wide range of leaf traits. It would
be expected that other species whose leaf traits fall within the leaf trait range
presented here, should show similar results in spectral differences and species
classification. The leaf spectra from this study will be published as part of an
open‐access spectral library (https://dans.knaw.nl/spectral_library) with the
possibility to reuse the data identification of species with infrared spectroscopy
and remote sensing.
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Appendix 3.1. Known chemical vibrational bonds located in spectral features for
each species selected with the continuum removal method.
Band
1.43
1.66
1.89
2.20
2.69
3.20
3.43
3.51
3.80
3.88
4.00
4.24
4.26
5.20
5.33
5.86
5.91
5.93
5.96
6.16
6.25
6.26
6.40
6.86

6.92
6.97
7.04
7.44
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Known chemical bonds and molecules connected to each band
Chemical bond
Molecule involved
Reference
C‐H stretch
Lignin (1.42)
Curran (1989)
C‐H stretch 1st
Lignin, starch, protein, Curran (1989)
overtone
N
O‐H stretch / C‐O
Starch, lignin
Curran (1989), Martin & Aber (1997)
stretch
C‐H stretch
Protein, N, cellulose,
Card et al. (1988), Curran (1989), Kokaly
sugars
and Clark (1999)
Water (2.65µm)
Ullah et al. (2014)
C‐H stretch
Aromatic compounds
Socrates (1994)
Water
Ullah et al. (2012b)
CH2
Ribeiro da Luz (2006), Salisbury and
D'Aria (1994)
CH2 asymmetric
Cellulose
Elvidge (1988)
stretching
Water (3.89µm)
Ullah et al. (2014)
Water (3.89µm)
Ullah et al. (2014)
Lignin
Soukupova et al. (2002)
Lignin
Soukupova et al. (2002)
Pectin, tannin (4.25um) Elvidge (1988)
Cellulose, lignin, water Curran (1989), Elvidge (1988), Fabre et
al. (2011)
Cellulose (5.31µm)
Elvidge (1988)
Lignin, water (5.87,
Belanche et al. (2014), Boeriu et al.
5.88µm)
(2004), Martin and Aber (1997)
Lignin, oleanolic acid
Ribeiro da Luz (2006)
(5.92µm)
Water (5.94µm)
Fabre et al. (2011)
Lignin, pectin
Allison et al. (2009), Boeriu et al. (2004),
Serrano et al. (2002)
Carboxylate COOH Pectin
Chatjigakis et al. (1998)
Aromatic skeleton Lignin
Boeriu et al. (2004)
vibrations
Aromatic skeleton Lignin, water
Boeriu et al. (2004), Stewart et al. (1997)
vibrations
Lignin, starch
Elvidge (1988)
CH deformations
Lignin
Boeriu et al. (2004), Elvidge (1988)
from methyl and
methylene group
Cellulose
Elvidge (1988)
Wax ‐ nanocosane
Ribeiro da Luz (2006)
CH2 asymmetric
Cellulose(7.06µm)
Elvidge (1988)
stretching
OH in plane
Cellulose (7.49µm)
Elvidge (1988)
bending
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Appendix 3.1. Continuation.
Band
7.61
8.25
8.52
8.55

8.60
8.66
8.7‐
9.43
8.77
8.84
8.85‐
9.52
9.00

9.10
9.17
9.29

9.37

9.70
9.95

Known chemical bonds and molecules connected to each band
Chemical bond
Molecule involved
Reference
CH2 wagging
Cellulose (7.60µm)
Elvidge (1988)
C‐C/ C‐O C=O
Lignin (8.23µm)
Boeriu et al. (2004)
Epicuticular wax
Ribeiro (2006)
C‐O‐C
Cellulose
Michell (1990)
antisymmetric
stretch (Beta 1.4
Cutin
Ribeiro da Luz and Crowley (2007)
glycosil)
Cutin (8.59µm), cellulose Ribeiro da Luz and Crowley (2007)
(8.6µm)
Asymmetric C‐O‐C Cellulose
Elvidge (1988)
stretching
C‐O.C (ether)
Lignin
Socrates (1994)
Aromatic C‐H in‐
plane deformation
Aromatic C‐H in‐
plane deformation
Intensive
polysaccharides
Asymmetric in‐
phase ring
stretching
S‐O deformation
and stretch
Skeletal vibrations
involving C‐O
stretching
Skeletal vibrations
involving C‐O
stretching
Skeletal vibrations
involving C‐O
stretching

10.00
10.20
10.48
11.79
12.00
12.60
13.16
13.88

C‐H out‐of‐plane
deformation

CH2 rocking

Lignin

Boeriu et al. (2004), Elvidge (1988)

Cellulose, lignin (8.85µm) Elvidge 1988, Stewart et al. (1997)
Cellulose

Stewart et al. (1997)

Cellulose, cutin (9.03µm) Elvidge 1988, Ribeiro da Luz and
Crowley (2007)
Sulphate anion (SO2/4) /
silica
Wax
Cellulose (9.28µm)

Mayo et al. (2004), Ribeiro da Luz and
Crowley (2007)
Ribeiro da Luz and Crowley (2007)
Elvidge (1988)

Cellulose (9.43µm)

Elvidge (1988)

Oleanolic acid
Cellulose

Ribeiro da Luz (2006)
Elvidge (1988)

Oleanolic acid, wax
(10.03µm)
Cellulose, hollocellulose
Ester
Lignin

Ribeiro da Luz (2006), Ribeiro da Luz
and Crowley (2007)
Elvidge (1988)
Stewart et al. (1997)
Boeriu et al. (2004), Elvidge (1988)

Cutin
Lignin (12.65µm)
Cellulose
Cutin

Ribeiro da Luz and Crowley (2007)
Martin & Aber (1997)
Elvidge (1988)
Ribeiro da Luz and Crowley (2007)
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Appendix 3.1. Continuation.
Band
13.97
14.60
14.93‐
17.20
15.30
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Known chemical bonds and molecules connected to each band
Chemical bond
Molecule involved
Reference
Wax ‐ nanocosane
Ribeiro da Luz (2006)
Water
Ribeiro da Luz (2006)
Sulfate anion (SO2/4)
Mayo et al. (2004)
O‐H out of phase
bending

Cellulose (15.38µm)

Elvidge (1988)
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Appendix 3.2. Correlation values between the leaf traits and the features
found on each species spectra
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Appendix 3.3. Confusion matrix with the predictions from the quadratic
difference analysis (QDA) using the selected bands for a) SWIR, b) MWIR and c)
LWIR. Diagonal represents the number of correctly classified species.
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Appendix 3.3. Continuation
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Appendix 3.3. Continuation
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Changes in thermal infrared spectra of plants
caused by temperature and water stress



This chapter is based on:
Buitrago, M.F., Groen, T.A., Hecker, C.A., & Skidmore, A.K.(2016). Changes in Thermal
Infrared spectra of plants caused by temperature and water stress. ISPRS Journal of
Photogrammetry and Remote Sensing 111: 22‐31
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Abstract
Environmental stress causes changes in leaves and the structure of plants.
Although physiological adaptations to stress by plants have been explored, the
effect of stress on the spectral properties in the thermal part of the
electromagnetic spectrum (3 – 16 µm) has not yet been investigated.
In this research two plant species (European beech, Fagus sylvatica and
rhododendron, Rhododendron cf. catawbiense) that both grow naturally under
limited temperature conditions were selected, representing deciduous and
evergreen plants respectively. Besides TIR spectra, leaf water content (LWC) and
cuticle thickness were measured as possible variables that can explain the
changes in TIR spectra.
The results demonstrated that both species, when exposed to either water or
temperature stress, showed significant changes in their TIR spectra. The changes
in TIR in response to stress were similar within a species, regardless of the stress
imposed on them. However, changes in TIR spectra differed between species.
For rhododendron emissivity in TIR increased under stress while for beech it
decreased. Both species showed depletion of Leaf Water Content (LWC) under
stress, ruling LWC out as one of the principal causes for the change in the TIR
spectra. Cuticle thickness remained constant for beech, but increased for
rhododendron. This suggests that changes in emissivity may be linked to
changes in the cuticle thickness and possibly the structure of cuticle. It is known
that spectral changes in this region have a close connection with microstructure
and biochemistry of leaves. We propose detailed measurements of these
changes in the cuticle to analyse the effect of microstructure on TIR spectra.

4.1

Introduction

4.1.1 Plant stress
Stress in plants can be generated from biotic and abiotic factors such as living
organisms (bacteria, viruses and parasites), climatic conditions or natural
disasters (Rhodes and Nadolska‐Orczyk 2001). Changing climatic conditions such
as availability of water, irradiation or extreme temperatures, can create
stressing conditions that change the normal growth of the plant and the canopy,
(Levitt 1980). There are many known mechanisms to cope with stress, which can
be grouped into two classes: a) fast biochemical responses, followed by b)
microstructural re‐arrangement of the cellular space and therefore the leaf
structure, in the case of long duration stress or permanent stressors (Levitt
1980; Rhodes and Nadolska‐Orczyk 2001). Under long duration stress, plants
may change not just the microstructure but also the community physiognomy.
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Long duration and extreme stress conditions such as extreme temperature and
water availability are well known evolutionary drivers of phytogeographical
diversity and speciation, especially in alpine and desert environments (Charrier
et al. 2014; Nevo 2011).

4.1.2 Stress detection
Detecting stressors and their impact on vegetation are of importance for
agriculture and ecosystem conservation. Conventional methods of stress
detection are based on the observation of physical changes, e.g. colour or
turgidity, with the risk of being detected only after a critical point of damage has
been reached. Other methods focus on detecting early stress symptoms using
biochemical and biophysical techniques such as leaf water potential and
stomatal conductance (e.g. Hand et al. 1982; Hura et al. 2007; O'Toole and Cruz
1980; Zörb et al. 2004) or tracking changes in leaves and canopy temperature or
Leaf Water Content (LWC) with thermal cameras and infrared sensors (e.g.
Chaerle and Van Der Straeten 2000; Costa et al. 2013; Mahlein et al. 2012; Oerke
and Steiner 2010). These techniques are time‐consuming, expensive and not
applicable to the large areas observations.

4.1.3 Remote sensing
Remote sensing (RS) provides methods for early detection of plant stress based
on changes in the reflection of different regions of the electromagnetic
spectrum. The early availability of multispectral bands from air and spaceborne
sensors promoted the development of spectral indices in the Visible (VIS), Near
Infrared (NIR) and the Short‐wave Infrared (SWIR) parts of the spectrum. More
recently, the development of new technologies and remote hyperspectral
sensors, have promoted the development of a new generation of more accurate
hyperspectral indices which can detect a high variety of stressors. The
electromagnetic spectrum can be divided into regions according to the
interaction between energy and leaves, especially with the outer surface of
leaves and their composition. The VNIR is known for the strong interaction of
light with pigment concentrations in the VIS and the strong reflectance and
transmittance by the leaf in the NIR, which can be analysed with different
methods. The ultraviolet‐induced fluorescence in the VNIR is used to detect the
concentration of antioxidants and Reactive Oxygen Species (ROS), which are the
initial responses to water and temperature stress (Chaerle et al. 2007;
Frohnmeyer and Staiger 2003). The VNIR fluorescence can additionally be used
to detect changes in pigments as a response to the reduction in the
photosynthetic activity (Belasque et al. 2008; Lang et al. 1996; Lichtenthaler
1996; Zarco‐Tejada et al. 2009; Zarco‐Tejada et al. 2002). Reflectance methods
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in the VNIR allow the detection of leaf pigments, and their variations due to
stress conditions (e.g. Carter 1993; Cozzolino 2014; Dobrowski et al. 2005; Eitel
et al. 2006; Gao 1996; Peñuelas and Filella 1998; Peñuelas et al. 1997; Seelig et
al. 2008). Changes in other biochemicals can also be detected in the VNIR such
as nitrogen, lignin and cellulose (Kokaly and Clark 1999; Li et al. 2007; Martin
and Aber 1997; Serrano et al. 2002). The strong absorption features of water in
the SWIR have been widely used for assessing water stress, by formulating water
stress indices (e.g. Ceccato et al. 2002; Ceccato et al. 2001; Eitel et al. 2006; Feng
et al. 2013; Fensholt and Sandholt 2003; Seelig et al. 2008). While the Thermal
Infrared (Karlson et al.) range is conventionally used for detecting early signs of
stress by observing canopy temperatures (Calderón et al. 2013; François et al.
1997; Grant et al. 2007; Jones et al. 2009; Leinonen and Jones 2004)

4.1.4 Thermal infrared
TIR is the region of the electromagnetic spectrum where the radiation emitted
by objects due to their thermal state is more intense than the reflected solar
radiation (Prakash 2000). Sensors working in this region detect mainly the long‐
wave radiation of materials. The most explored regions in the TIR are the Mid‐
Wave Infrared (MWIR: 3‐6 µm) and the Long‐Wave Infrared (LWIR: 6‐16 µm)
which contain relevant information for the analysis of plant properties (Ribeiro
da Luz and Crowley 2007; Ullah et al. 2012b). Longer wavelengths, above 16 µm,
have not been used for plant studies.
Hyperspectral variations in the TIR region have so far been studied mainly for
geological purposes, due to the strong spectral responses of minerals in this
region (Van der Meer et al. 2012). Other scientific fields such as ecology and
plant science have used this region less due to a lack of sufficiently accurate
laboratory and field instruments to detect the subtle spectral differences in the
TIR that can be found in plants (Ribeiro da Luz and Crowley 2007). Nevertheless,
in the last decades the accessibility to new laboratory and field work equipment,
as well as new airborne and satellite sensors with hyperspectral TIR detection
capacity, is creating a need for further research in this field.
While the VIS, NIR and SWIR are dominated by the reflectance of the solar
energy, longer wavelengths in the MWIR and especially the LWIR operate
independently from reflected sunlight. The emissivity, i.e., the ratio of the
energy radiated from a material's surface to that radiated from a blackbody (a
perfect emitter) according to the Planck function at the same temperature and
wavelength, is one of the most important factors in the variation of energy
recorded in the TIR.
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Thus, emissivity is not the result of the interaction between solar energy and
pigments like in shorter wavelengths but is the effectiveness in emitting thermal
radiation by the surface of the leaf. This means that the thermal radiation in the
TIR can potentially contain information about the biochemistry and
microstructure of single leaves and plants (Ribeiro da Luz 2006; Ribeiro da Luz
and Crowley 2007, 2010). For instance, some researchers have found that single
plant species can have a different ‘spectral fingerprint’ in the LWIR which could
be used as a key for species identification (Ribeiro da Luz 2006; Ribeiro da Luz
and Crowley 2010; Salisbury 1986; Ullah et al. 2012a). Similarly, some regions in
the MWIR have a clear response to LWC (Ullah et al. 2012b), and the LWIR could
be associated to biochemistry and microstructure of the leaves (Elvidge 1988;
Ribeiro da Luz and Crowley 2007). This may be linked to physiological changes
in plants and may be associated with responses to stressors.
Despite early efforts with exploring the TIR (Fensholt and Sandholt 2003; Hunt
Jr and Rock 1989; Ullah et al. 2013) the changes caused by water and
temperature stress in the whole TIR has not yet been explored.

4.2

Materials and methods

4.2.1 Species
When selecting the species for this study, species which can grow up to the tree
line in mountains (the line above which trees do not grow anymore due to
temperature limitations) were chosen, due to their differential plasticity and
their capacity to cope with extreme conditions such as low temperatures and
water depletion. These plants are, therefore, expected to have different
mechanisms to cope with stressful conditions, such as structural changes in their
leaves, when stress conditions continue for a long period (Prasad 2001).
Rhododendron sp. are in general evergreen species whose leaves resist winter
temperatures without senescence and is found as a continuous tree line in Asia,
Europe and America. Fagus sylvatica (beech) is a European deciduous species
with a wide distribution in the mountains, where it forms tree lines in some
localities. As a deciduous species, it loses its leaves seasonally when
temperatures become colder. For this reason, the low‐temperature treatment
(see below) was not applied to beech, to avoid inducing premature senescence.

4.2.2 Experiment
A factorial experiment was established with two factors: temperature stress and
water stress (Figure 4.1). Temperature stress was defined as low or chilling
temperatures between 1‐10 degrees Celsius, which can have a negative impact
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on the metabolism of plants, especially during the growing season (Bracale and
Coragio 2003; Jouyban et al. 2013; Nilsen 1987). This treatment had 2 groups: a)
ambient warm temperature (3 months outdoors in summer and 3 months
warmed in the greenhouse in autumn; mean temperature: 19.1°C), and b) cold
temperatures (3 months of inside a cooled greenhouse in summer, and 3
months of low temperatures outdoors in autumn; mean temperature: 9.9°C).
Table 4.1, shows the temperature variations for each period and location. The
water stress treatment (dry) was set at 20% of the field capacity. The field
capacity was calculated in relation to the weight of the pot and regularly
controlled by weighing the pots (Figure 4.2). Plants under the ‘dry treatment’
had their pots covered with plastic to avoid additional rainfall in the pots. The
control group (wet) was watered weekly up to field capacity during the
experiment. Figure 4.1 shows the factors in the experiments for both species:
cold and dry (CD), cold and wet (CW), ambient and dry (AD) and, ambient and
wet (AW). The beech experiment consisted only of the last two factors (AD and
AW) and lasted three months (July‐September), while the rhododendron
experiment consisted of all four factors (water and temperature stress) and
lasted six months.

Figure 4.1. Water stress experiment for beech (left) and 2 x 2 factorial design stress
experiment for rhododendron (right).

Figure 4.2. Experiment settings: low temperature controlled at the greenhouse (left),
water control (centre), and leaves marked (right).
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Table 4.1 Temperatures recorded continuously during the experiment.
Standard
Mean
deviation
(°C)
(°C)

Minimum Maximum
absolute
absolute
(°C)
(°C)

% hours % hours
below
below
15°C or
5°C or
above
above
25°C
15°C
12.0
N/A

Treatment

Period

Ambient
outdoors
Ambient
greenhouse
Cold
outdoors
Cold
greenhouse

July‐Sep.

18.1

4.8

7.0

35.0

Sep.‐
Dec.
July‐Sep.

20

1.8

17.5

21.4

0.0

N/A

11.2

1.5

9.4

15.6

N/A

0.0

8.7

4.2

0.0

20.0

N/A

10.0

Sep.‐
Dec.

60 healthy rhododendron plants, ranging from 45‐60 cm in height, were evenly
divided over the four treatments, and 30 healthy beech plants between 80 and
120 cm of height were evenly divided over two treatments (15 plants in each
treatment). For each plant, five healthy and representative leaves of the spring
cohort were marked to be measured during the experiment (Figure 4.2). These
leaves were mature but still growing, therefore the experienced changes are
expected to be caused by the stress imposed on them. In total, 75 leaves were
measured per treatment before applying the treatments, after three months
(rhododendron and beech) and after six months (rhododendron only). The
experiment for beech was terminated after three months to avoid interference
with the natural senescence of the leaves after September.

4.2.3 Leaf spectra measurements
All plants were measured at the University of Twente with a Bruker Vertex 70
FTIR spectrometer, adapted with an external integrating sphere. This extension
allows measuring absolute directional‐hemispherical reflectance, which in turn
can be recalculated to emissivity using Kirchhoff’s law (emissivity + reflectance
= 1), assuming that leaves behave as opaque objects and therefore don’t
produce transmittance (Fabre et al. 2011; Gerber et al. 2011). For consistency
reasons emissivity was calculated for MWIR and LWIR, even though MWIR is in
remote sensing practice influenced by reflected as well as emitted radiance. An
Infragold plate with known spectral emissivity was used to calibrate each
measurement. Details on the spectrometer design and calibration procedures
can be found in Hecker et al. (2011).
Each leaf was placed under the external integrating sphere. Two additional
leaves were placed below the marked leaf and taped to the 3cm entrance of the

85

Changes in infrared spectra of plants caused by temperature and water stress

integrating sphere, to prevent any possible transmittance in the region 3.5‐
5.7um (Gerber et al. 2011).
Spectra were measured for the range 4000‐600 cm‐1 (2.5‐16.7 µm) with a
resolution of 4 cm‐1. Per leaf, 512 scans per sample, and eight samples in total
were taken. These measurements were averaged, and the results were
calculated per leaf. Five leaves per plant were measured in the same way for a
total of 75 leaves per treatment at every stage of the experiment. Although the
spectra were measured in the wavenumber domain, their wavelengths are
displayed in micrometres as is customary in the remote sensing community.

4.2.4 Leaf Water Content (LWC) and cuticle thickness
LWC was destructively measured at each stage of the experiment using leaves
from the same cohort of the marked leaves which were used for the spectral
measurements. The relative gravimetric LWC was calculated using the equation:
LWC = 100*(Ww‐Wd)/Ww, where Ww is the weight of the fresh leaf, Wd is the
weight of the dried leaf. Leaves were dried in an oven at 65°C. Cuticle thickness
was measured from a thin transverse section of the marked leaves, using a Leitz
Wetzlar microscope, with an amplification of 250X. This trait was measured at
least three times in each leaf and the measurements averaged and expressed in
µm.

4.2.5 Statistical analysis
To test whether all groups of plants belong to the same population before the
treatment, an ANOVA test was run on the spectra of four groups of
rhododendron and, and a t‐test was performed for the two groups of beech to
test for significant differences.
Differences in emissivity before and after the treatment for every spectral band
were analysed with a paired Students t‐test, (six months for rhododendron,
three months for beech). The resulting spectra of p‐values were used to
highlight areas that had spectrally changed in a significant way over the course
of the treatments (for p‐values lower than 0.05).
Overall changes in emissivity were expressed as a percentage of the spectral
contrast. Spectral contrast is defined here as the difference between the
minimum and the maximum emissivity values over the entire measured
spectrum. The spectral contrast measured in our experiment was 0.038 in the
MWIR and 0.018 in the LWIR for rhododendron and 0.043 in the MWIR and
0.036 in the LWIR for beech.
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4.3

Results

After three months treatment for beech, and six months treatments for
rhododendron, plants visually changed under all stress treatment regimes,
compared to the control group (ambient and wet). Leaves from plants under
stressed treatments changed from dark green to a light green. Loss of turgidity
of the leaves was also observed especially for the dry treatments.

4.3.1 Leaf Water Content and cuticle thickness
Through the course of the experiment period, LWC of beech decreased from
65.2 to 55.4% for the control treatment (AW) and from 64.3 to 40.7% for the dry
treatment (AD) (Figure 4.3). For rhododendron, LWC decreased from 67.2 to
61.8% for the control treatment (AW), and decreased in the stress treatments
from 66.1 to 42.5% for ambient‐dry (AD), from 65.2 to 48.3% for cold‐wet (CW)
and from 66.5 to 41.1% for cold‐dry. Cuticle thickness of each leaf measured
after the treatment (Figure 4.4), showed that beech leaves had similar cuticle
thickness for the control (natural growth) and the stress treatment (7.2 and
7.6µm respectively), while rhododendron developed thicker cuticles after the
stress treatments compared with the control treatment (Control: 12.4 µm, AD:
13.7 µm, CW: 13.5 µm, CD: 13.4 µm).

Figure 4.3 Leaf water content for beech and rhododendron before and after each
treatment. Same letters denote no significant differences according to an ANOVA test.
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Figure 4.4. Cuticle thickness for beech and rhododendron after the treatment. Same
letters denote no significant differences according to an ANOVA test.

4.3.2 Emissivity spectra
There were no significant differences in emissivity between the plants of both
species across the different treatments before the experiment started (Figure
4.5). An ANOVA between these groups, composed of 75 leaves per group,
confirms that for 98% of the spectral bands, there was no difference between
the treatment groups of rhododendron before the beginning of the experiment.

Figure 4.5. Mean spectra for each group of plants before stress treatments for (a) beech
and (b) rhododendron. (a) P‐value in a T‐test for beech and (b) P‐value in One‐way
ANOVA for rhododendron. Black arrows mark spectral features.
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The mean spectra differentiated both species, especially in the MWIR. The
emissivity spectra of both species before and after the treatment showed
significant differences (Figure 4.6 and Figure 4.7). As a general trend, after the
treatments, the emissivity along the spectra decreased for beech and increased
for rhododendron. The atmospheric CO2 artefact that was not corrected for the
measurements in the bands between 4.23‐4.29 µm, is still present in the results
and will not be considered in the analysis.
For beech, a t‐test showed that for 99% of the spectral bands there was no
difference before the experiment between the two groups. For this species,
after three months, the control plants (AW) showed changes in 60% of the
spectral bands (P‐value < 0.05) (Figure 4.6). This change was more evident
between 3.5 and 5.7 µm. At wavelengths of 5.7 µm and larger, the spectra
changed less. For the plants under dry treatment (AD), 84% of the spectral bands
changed after three months of stress conditions. The MWIR changed similar to
the control treatment, and the LWIR changed especially between 8.9 µm and
13.7 µm, with a significant reduction of the emissivity after the stress period.
After 14 µm the emissivity spectra were subject to more noise, and the results
are less reliable.

Figure 4.6 (a & c) mean spectra for beech leaves (0 and 3 months) and P‐value for a
paired T‐test for (b) ambient wet treatment and (d) ambient dry treatment (d). Black
arrows mark spectral features.
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For the rhododendron control treatment (ambient temperature and wet; AW),
fewer differences were observed between before (black line) and after three
and six months (green lines) (Figure 4.7a).

Figure 4.7. Mean spectra for rhododendron leaves in each treatment for 0, 3 and 6
months. The P‐value for a paired T‐test before and after each treatment (0 and six
months). Each graph shows the mean spectra before (black line) and after treatment
(color line), and the P‐value for AW(a,b), AD(c,d), CW(e,f) and CD(g,h). Black arrows mark
spectral features discussed in text.
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A paired Students T‐test showed that for 51% of the spectral bands there were
no significant differences between the time periods (P‐value > 0.05, Figure 4.7b).
In the ambient temperature and dry treatment (AD), the spectra for the
rhododendron changed more than in the control with a general increase in
emissivity, which was most pronounced between 7 µm and 14 µm where the
emissivity also shows more variation (Figure 4.7c). The P‐value of the paired T‐
test showed that for 79% of the bands there is a difference between the
beginning and the end of the treatment. The range 3.5‐5.5 µm changed except
for the zone between 4.2‐4.3 µm, where CO2 artefacts can be found. The main
changes in the spectra were found between 6.3 and 14.3 µm, with an increase
in emissivity (Figure 4.7d).
The spectra of plants under cold and wet treatment (CW) also diverged from the
beginning to the end of the experiment (Figure 4.7e). 90% of the spectral bands
showed a significant difference after the experiment, which was distributed
along almost the whole spectra except for some small regions that did not
change (3.5‐3.6, 4.2‐4.3 µm, associated with remaining atmospheric artefacts,
and 5.9, 12.4‐13.0 and after 14.5 µm, Figure 4.7f).
Plants under low temperatures and dry treatment showed the most
conspicuous changes in their general emissivity spectra (Figure 4.7g). Almost the
whole spectra from 2.5 to 14.5 µm exhibited increased emissivity. For 92% of
the bands, significant differences in emissivity after six months were found.
Some bands didn’t change in this period such as the region between 3.4‐3.5 µm
affected by a CH2 feature and the region 5.8‐5.9 µm (Figure 4.7h).

4.4

Discussion

As it was suggested by and Ribeiro da Luz and Crowley (2010) and Ullah et al.
(2012a) the TIR spectra of leaves show a clear separation that can be used for
species identification. In this study, the average spectra are different for both
species, especially in the MWIR. The mean spectrum of beech is similar to
the spectra measured by Salisbury and Milton (1988) on another related
beech species (Fagus grandifolia) with particular features at 4.0, 5.3, 5.7 and
5.8 µm. The mean spectrum of rhododendron is similar to the spectra of R.
caucasicum measured by Ullah et al. (2012a) which exhibits a narrower
variability in emissivity between 0.95 and 0.97 in the whole TIR and has lower
TIR emissivity at 5.8 and 6.8 µm. For both species, the mean spectra of the
leaves (Figure 4.5) showed a region affected by CO2 between 4.23 and 4.29 µm
(Elvidge 1988), and two strong C‐H symmetric stretching features are visible at
3.4 µm, and at 3.5 µm associated with carbon‐hydrogen fundamental stretching
vibrations (Salisbury and Milton 1988).
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4.4.1 Similarities between cold and water stress
We found that both long‐term stressors used in this study, (low temperatures
and water stress), create a similar response in the two‐studied species. Visually,
leaves for stressed treatments presented chlorosis, the LWC decreased, the
cuticle thickness increased (rhododendron only) and the emissivity changed,
decreasing for beech and increasing for rhododendron. In beech, the LWC
decreased by 15% for the control treatment and by 37% for the dry treatment.
For rhododendron, the LWC decreased by 33% on average for all stress
treatments and just 8% for the control treatment. LWC loss in the control
treatments can be expected due to natural ageing of the leaves. This has also
been found by Ackley (1954) and Kozlowski and Clausen (1965) in deciduous
leaves where the drop in LWC is caused by an increase in dry matter compared
with the leaf water content over the growing season. This change is less
consistent in species with perennial leaves that exhibit slight declines, no change
or even increments in LWC over the growing season (Gary 1971; Jolly et al. 2014;
Paganelli and Paganelli 1971).
Our results showed that water and cold stress have a similar physiological
response, with both having depleted LWC and an increase in cuticle thickness
(for rhododendron). These results agree with Stefanowska et al. (1999) who
reported that plants of Brassica napus L.,var. oleifera L., growing in cold
conditions showed similar modifications to plants under water stress (i.e.
smaller leaf surface, thicker leaves).
Biochemically, under cold stress, plants biosynthesize Reactive Oxygen Species
(ROS) such as H2O2, which can be damaging for cell walls (Prasad 2001). Plants
react to oxidative stress by favouring the concentration of osmoprotectors
(antioxidants and enzymes) over water content in the leaves. This reaction is
similar to that for water stress, where plants also react to oxidative stress by
mobilising osmoprotectants, creating a general depletion of water in the leaf
(Prasad 2001).
For the control treatments, no water loss was expected. Nevertheless, beech
showed a reduction on LWC and a strong change in the MWIR spectra. These
two changes are associated with the natural ageing of the leaves especially
when approaching senescent periods (Goss 1973). The rhododendron control
group showed no differences visually, in LWC, or cuticle thickness between the
beginning and the end of the experiment.
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4.4.2 Changes in MWIR
There are two distinct regions with changes in the spectra as a result of the
stress treatments for beech and rhododendron leaves, the MWIR (3‐6 µm) and
the LWIR (6‐16 µm).
For the beech control treatment (AW), the emissivity decreased by 9.1% of the
spectral contrast, and after the dry treatment, the emissivity decreased by
11.1% of the spectral contrast in the same region, with significant differences
between both treatments.
A strong relation between water loss and decrease in emissivity in the MWIR
has been widely reported for senescent leaves (French et al. 2000), and leaves
under short‐term dehydration and different water contents (Fabre et al. 2011;
Gerber et al. 2011; Salisbury and D'Aria 1992; Salisbury and Milton 1988; Ullah
et al. 2012b). It has also been used for calculating the mid‐wave infrared water
index (MWI) (Ullah et al. 2013). More specifically, the same strong positive
correlation found for beech in this study between LWC and emissivity in the
MWIR, has previously been reported by studies on LWC loss for deciduous
species such as Liquidambar styraciflua (Ullah et al. 2012b), Catalpa sp, Cercis
canadiensis, Sassafras albidum (Gerber et al. 2011), Prunus avium (Fabre et al.
2011) and Prunus serotina (Salisbury and Milton 1988).
For rhododendron, there were no significant changes between the start and the
end of the treatment for either the control treatment or the stress treatments
(an increase of spectral contrast by 2.7% and 4.0% respectively).

4.4.3 Changes in LWIR
The LWIR between 6‐16 µm showed a strong difference before and after the
stress treatments. For beech after the dry treatment, the emissivity in the LWIR
decreased by 6.2% of the spectral contrast, while LWC also decreased. The same
correlation (decreasing emissivity with decreasing LWC) was found for other
deciduous species like Sassafras albidum (Gerber et al. 2011) and Liquidambar
styraciflua (Ullah et al. 2012b). However, beech plants under the control
treatment did not show significant differences in the LWIR compared to before
the experiment, although the LWC was then also significantly reduced. These
differences in response in the LWIR, while both treatments experienced a
reduction in LWC, showed that the effect of leaf drying had a clearer connection
to the MWIR than to the LWIR. These results showed that changes in LWIR must
be showing stress responses other than changes in LWC.
The spectral differences found in the LWIR are probably due to changes in the
leaf microstructure since it has been reported that in this region spectral
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features can be species dependent and rely especially on mesophyll and
cuticular differences (Fabre et al. 2011; Gerber et al. 2011).
In the LWIR, rhododendron had a trend which was opposite to beech. The
control treatment didn’t show significant differences, while the stress
treatments all showed an emissivity increase by 23.6% of the spectral contrast
for this species. Gerber et al. (2011) analysed the spectra of Catalpa sp. and
Cercis canadiensis, that had a decrease in the MWIR associated to fast LWC loss,
but in the LWIR had a similar behaviour as the rhododendrons with an increase
in emissivity. Catalpa sp. had an emissivity increase between 6 and 11 µm, and
Cercis canadiensis had an increase in emissivity after 10 µm while drying out the
leaves.

4.4.4 Importance of cuticle for TIR spectra
Thicker and more complex leaf cuticle can create a mask for the spectral
features from underneath the cuticle. For instance, Fabre et al. (2011) found
spectral differences between adaxial and abaxial leaf surfaces of the same leaf,
with the adaxial side having a thicker and more complex cuticle than the
opposite side. Ribeiro da Luz (2006) also found that for thinner cuticles, the
spectra are more strongly influenced by the materials from the inner tissue
layers, such as cellulose and cutin.
This experiment includes two parallel species, a deciduous beech with a yearly
foliage change and thinner leaves and cuticles, and an evergreen rhododendron
with thicker cuticles and blades, which stay on the plant for multiple years. The
complexity of both leaf surfaces differs: beech (F. sylvatica) has a smooth
surface with sunken nervature and lack wax crystals, (Barthlott and Neinhuis
1997; Gülz et al. 1992; Hardin and Johnson 1985; Neinhuis and Barthlott 1998),
while Rhododendron sp. has a thicker striated cuticle with scales and crystals
which create a more complex texture (Balsdon et al. 1995; Hardin and Gensel
1982; Wang et al. 2008). Moreover, cuticle thickness tends to increase when
plants experience stress such as low temperatures and drought (Kosma et al.
2009; Le Provost et al. 2013; Shepherd et al. 1995; Wang et al. 2008).
We expect that the more complex waxy cuticle in rhododendron and the
increase in thickness experienced during the stress period is causing the
increased emissivity and the loss of spectral contrast. This loss of spectral
contrast related to an increase in emissivity is known as the cavity effect and is
observed on complex and rougher surfaces (Ribeiro & Crowley 2007, Kirkland et
al. 2002, Kirkland et al. 2003). A complex cuticle could increase multiple surface
reflections resulting in higher emissivity across the entire emissivity range
spectra (Ribeiro & Crowley 2007, (Salisbury, 1985 #372)(Salisbury and D'Aria
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1992) Kirkland et al. 2002, Kirkland et al. 2003) which was observed in the
rhododendron spectra.

4.4.5 Impact on energy budget
A better understanding of how stress generates variations in the LWIR spectra
of different species is important because the values and variability in emissivity
of plants are key parameters for atmospheric models. Often emissivity of
vegetation is assumed to be either unity or at least constant across the entire
LWIR spectrum. In this study, we found that rhododendron and beech have an
average emissivity of 0.9674 and 0.9683 respectively and that the emissivity can
vary down to 0.9583 in the case of rhododendron.
By using the Stefan‐Boltzmann equation
, we can calculate that due
to reduced emissivity (ε) a rhododendron leaf with a kinetic temperature (TK) of
295.15K (23°C) is actually showing a radiant temperature (TR) of 293.52K,
causing a considerable temperature error of 0.8135K comparing with the
average emissivity of an unstressed individual, and an error of 2.4354K when
comparing with an emissivity of 1 for rhododendron. This quick calculation
shows that even small changes can have a substantial effect on temperature
retrievals, if left uncorrected.

4.5

Conclusions

The results of this study showed that long‐term stress had significant effects on
the thermal infrared spectra of plants. Both the MWIR (3‐6 µm) and the LWIR
(6‐16 µm) sections of the TIR region showed significant changes after 3 to 6
months of water and cold temperature stress. We further found that both stress
treatments created a similar spectral response for a species no matter the type
of stress.
The two species investigated in this study showed opposing stress responses in
the thermal infrared spectra: the emissivity decreased for beech while it
increased for rhododendron under all stress treatments.
To explain these contrasting observations, we inspected leaf water content and
cuticle thickness as the two main contributing candidates. A decrease in LWC
should reduce the emissivity of leaves, as was observed in beech. Since LWC
significantly decreased in both species during the treatment while the TIR
spectral response in beech and rhododendron were opposite, we rule out LWC
as the main explanation for the opposing spectral behaviour. Opposite to that,
our results demonstrated that stress increased the cuticle thickness, especially
in rhododendron, making most of the spectral information in stressed
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rhododendron coming from the cuticle itself, while masking constituents of the
leaf’s interior. Since rhododendron has thicker and more textured cuticle than
beech, we conclude that the interaction between radiated energy and the
textured surface (i.e., ‘cavity effect’) will tend to shift the emissivity spectra
towards unity, increasing its emissivity in the process.
Future research should identify the cuticle properties that affect emissivity and
quantify its impact on the energy balance of plants. This will help our
understanding of plant response to stress.
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Abstract
Plants under constant water and temperature stress experience a chain of
reactions that in the long term alter their leaf traits (morphology, anatomy and
chemistry). The use of these traits as proxies for assessing plant stress was so
far mainly based on conventional laboratory methods, which are expensive and
time‐consuming. Remote sensing methods based on spectral changes can
detect changes in pigments and productivity using the visible and near‐infrared.
However, the use of infrared spectra, where changes in the spectra are
associated with physical changes of the leaf, is still incipient.
In this study plants of Rhododendron cf. catawbiense, were exposed to low
temperatures and low soil water content during a six months experiment. The
spectral response in the infrared region 1.4 – 16 µm, microstructural variables,
leaf water content, leaf area and leaf molecules such as lignin and cellulose
concentrations were measured in individual leaves after the period of stress.
This study revealed that under cold conditions plants have most changes in leaf
water content, lignin and cellulose concentrations and leaf area, while under
drought conditions the most striking change is water loss. These leaf trait
modifications are also correlated with changes in thermal infrared spectra,
showing their potential as proxies for detecting plant stress in this species. A
multinomial model allows the estimation of the stress treatments imposed on
these plants from their infrared spectra. This model reveals a group of 15 bands
in the SWIR and MWIR between 2.23 and 7.77 µm, which show relatively large
changes, and had an overall accuracy of 87%.
Finally, individual partial least squares regression models show that lignin,
cellulose, leaf water content and leaf area are the leaf traits reacting significantly
to long‐term stress and that are also generating measurable changes in the
infrared spectra. Although these models are based on laboratory data, the
congruence of the identified bands with the fundamental molecular vibrations
used in remote sensing shows the potential of these findings in the assessment
of plant stress.

5.1

Introduction

Plants growing under suboptimal conditions generate various responses in
leaves, of which some are relatively fast and others slower. The fast responses
are chains of chemical reactions to cope with a temporary stressor. While under
permanent stressors, plants display slower, semi‐permanent changes, from the
relocation of molecules (including water) to avoid desiccation and damage of
internal cellular structures, up to more physical changes like more compact
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leaves to reduce water loss (Chaves and Oliveira 2004; Prasad 2001; Wahid et
al. 2007).
Under stress cell size and cell wall thickness tend to increase (e.g. Huner et al.
1981; Stefanowska et al. 1999), production of cuticle lipids and waxes increases
resulting in thicker cuticles and reduced evapotranspiration (Cameron et al.
2006; Fitter and Hay 2002; Kosma et al. 2009; Riederer and Schreiber 2001;
Stefanowska et al. 1999; Wang et al. 2011) and mesophyll and palisade layers
grow thicker causing leaf thickness to increase (Bracale and Coragio 2003; Fitter
and Hay 2002; Huner et al. 1981; Nautiyal et al. 1994). Readjustments in the
outer layers lead to smaller stomatal sizes and higher stomatal densities to cope
with long‐term suboptimal temperatures or drier environments (Nautiyal et al.
1994). These strong responses of leaves to external conditions make these leaf
traits appropriate proxies for a wide variety of stressors.
Techniques to assess plant stress range from manual diagnosing of individual
plants to remote sensing of large areas. Remote sensing and spectral evaluation
are among the most accurate and cost‐efficient techniques to assess the status
of natural ecosystems and economic crops (Nautiyal et al. 1994). In plant
assessment, remote sensing is mainly used to evaluate changes in
photosynthetic activity of plants and changes in pigments through variations in
the visible (VIS, 0.4‐0.7 µm) and near‐infrared (NIR, 0.7‐1.4 µm) (Behmann et al.
2014; Dobrowski et al. 2005; Lichtenthaler 1996; Peñuelas and Filella 1998;
Stagakis et al. 2012; Zarco‐Tejada et al. 2009). The shortwave infrared (SWIR,
1.4‐3 µm) is widely used in the evaluation of changes in leaf water content
(LWC), especially related to stress caused by drought (Ceccato et al. 2002; de
Jong et al. 2012; Eitel et al. 2006; Feng et al. 2013; Fensholt and Sandholt 2003).
The thermal infrared (TIR 3‐16 µm) has been used to evaluate the health status
of plants (Calderón et al. 2013; French et al. 2000), canopy temperature (e.g.
Grant et al. 2007; Leinonen and Jones 2004) and LWC changes (e.g. Jones et al.
2004; Ullah et al. 2014).
This last range, which can be divided into the mid‐wave infrared (MWIR 3‐6 µm)
and long‐wave infrared (LWIR, 6‐16 µm), has been claimed to have less influence
of water, especially after 5µm (e.g. Ribeiro da Luz 2006), and therefore the
spectra could contain more information about physical leaf traits (e.g. Buitrago
et al. 2016; Elvidge 1988; Ribeiro da Luz 2006; Ribeiro da Luz and Crowley 2007).
Previous studies have shown that molecules of the outer surface of the leaf such
as lignin, cellulose, hemicellulose, cutin and cuticular waxes, configure the main
features of the leaf spectra at the NIR and the TIR (e.g.Elvidge 1988; Elvidge
1990; Ribeiro da Luz 2006). Spectra of pure lignin and cellulose, show clear
features from the SWIR to the LWIR which are explained mainly by the molecular
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vibrations of their molecular O‐H, C‐H and CH2 bonds (e.g. Elvidge 1988).
Cellulose has indexes based on bands such as 2.0, 2.1 and 2.2µm (e.g. Cole et al.
2014), while water has been associated strongly with bands in the NIR to the
SWIR, especially between 2.5 and 6.0µm (e.g. Fabre et al. 2011; Ullah et al.
2014). It is expected that changes in these leaf traits, but also other physical leaf
traits which change as a stress response of plants, could be tracked in this
section of the infrared spectra.
A previous study showed that different water and temperature regimes in plants
change the spectral behaviour in the TIR (Buitrago et al. 2016). However, the
physical adaptations in the leaves that cause these changes in the TIR spectra
have not been investigated.
In the present study, we quantify the effect of prolonged temperature and water
stress on some leaf traits, and how modifications of these leaf traits generate
changes in the leaf spectra.
Additionally, we use the relation between stress treatments, leaf traits and
spectra inversely to estimate stress in plants from spectra. Figure 1 serves as a
guide to explain the methods and results. Firstly, we explore the effect of stress
on leaf traits and spectra (Figure 5.1a). Buitrago et al. (2016) showed that TIR
spectra change when plants grow under stress conditions (Figure 5.1 arrow 1).
In this study, we test if stress generates measurable changes in leaf traits (arrow
2) and if leaf traits can be linked to specific features in TIR spectra (arrow 3). This
last step allows us to identify leaf traits that can be used for the estimation of
plant stress (Figure 5.1b) which are the basis to identify the real causes for
spectral changes generated by stress.
We fit inverted models from the empirical relations to make estimations
whether a plant has been subjected to stress conditions based on spectral
measurements (Figure 5.1b). We fit models to estimate changes in leaf traits
from the spectral variations (arrow 4) and to estimate stress from variations in
leaf traits (arrow 5). Finally, we identify how spectral changes are proxies to
detect stressed plants (arrow 6) using TIR spectra.

Figure 5.1. Diagram of the relations between stress treatment, spectra and leaf traits.
Blue arrows indicate “has an effect on” in (a) and “is used to estimate” in (b).
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5.2

Methods

5.2.1 Species
Rhododendron cf. catawbiense was selected for this study because it is an
evergreen species widely distributed in alpine ecosystems, from lowlands up to
the tree lines. Due to its wide distribution across mountains, this genus has a
wide variety of mechanisms to cope with suboptimal conditions. Among these
mechanisms are changes in the structure of the plant, wilting of the leaves and
microstructural and biochemical changes in the leaves (Wang et al. 2008). Its
high tolerance to extreme conditions combined with high plasticity makes it a
suitable species to track leaf changes under long‐term suboptimal conditions.

5.2.2 Experiment
During the growing season of 2013, 60 plants between 45‐60 cm of height were
randomly assigned to one of four treatments. Rhododendrons grow a cohort of
rosettes with new leaves each season, and only these new leaves were
measured in this study. For each plant, five mature leaves from the last cohort
were marked and tracked during the experiment. In total for each treatment, 75
leaves were measured at the end of the experiment. Individual leaves of plants
in each treatment were labelled and tracked throughout the study.
The experiment consisted of stressing the plants during six months on two
aspects: cold temperature and reduction in soil water in a full factorial design.
The temperature aspect was implemented with two treatment groups (see
Table 5.1 and Figure 5.2): ambient (i.e. the control) and cold temperature. In the
ambient treatment the first three months (in summer) the plants were growing
outside (mean temperature: 18.1°C) and consecutively (in autumn) they were
growing three months in a warmed greenhouse (mean temperature: 20.0°C). In
the cold treatment the plants were growing three months (in summer) under
low temperatures inside a cooled greenhouse (mean temperature: 11.2°C), and
consecutively (in autumn) they were growing three months outdoors (mean
temperature: 8.7°C).
The water aspect was implemented with two treatment groups as well: dry‐ and
well‐watered (referred to hereafter as the “wet treatment”). For the wet
treatment, plants were watered up to field capacity, which was determined
gravimetrically. For the dry treatment, plants were watered up to 20% of their
field capacity, and the pots were covered with plastic to avoid additional rainfall.
The combination of both treatments resulted in four possible combinations
(Figure 5.2): Ambient‐Wet (AW; the control), Ambient‐Dry (AD), Cold‐Wet (CW)
and Cold‐Dry (CD). Although temperature and water stress are continuous
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variables, in this experiment, a simplified categorization of extreme conditions
was implemented to explore the effects of these two factors and their
interaction on both TIR spectra and leaf traits.

Figure 5.2 Factorial stress experiment for rhododendron with temperature and water
stress.
Table 5.1 Statistics of temperature conditions that were continuously recorded during
the experiment.
Mean
Standard
Minimum
Maximum
Treatment
Period
(°C)
deviation (°C) absolute (°C)
absolute (°C)
Ambient
July‐
18.1
4.8
7.0
35.0
Outdoors
Sep.
Ambient
Sep.‐
20
1.8
17.5
21.4
Greenhouse Dec.
Cold
July‐
11.2
1.5
9.4
15.6
Outdoors
Sep.
Cold
Sep.‐
8.7
4.2
0.0
20.0
Greehouse
Dec.

5.2.3 Leaf trait measurements
At the end of the six‐month treatment period, spectral measurements (see
below) were taken, and the tracked leaves were harvested for anatomical
analyses. A sample of the transverse section (Figure 5.3a,b) at the middle length
of each leaf was extracted for each one of the 75 leaves per treatment. Each
sample was observed with a Leitz Wetzlar microscope with amplification of 250X
and 630x. From these transverse sections, the thickness (in µm) of the following
traits was calculated, averaging three measurements along the sample: upper
cuticle, upper epidermis, mesophyll, palisade, spongy mesophyll and total leaf
thickness. From the main vein, the bundle area (in µm2), height and width (in
µm), was directly measured from one section. A tangential surface section of
the adaxial side of the leaf (Figure 5.3b, c) was extracted and measured with the
microscope at an amplification of 630x. Then, stomatal size (averaged in µm2)
and stomatal density (number of stomata/mm2) was calculated. Other leaf traits
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such as individual leaf area (LA) were measured from a scanned picture of each
leaf and LWC was measured gravimetrically by oven drying the leaves at 50°C.
Lignin and cellulose content were measured in 3 leaves of 7 plants, for a total of
21 leaves per treatment, with the Neutral Detergent Fiber (NDF) method, using
Ankom technology (Ankom 2011). The accuracy of all measurements is
evaluated with the error of the instrument.

Figure 5.3 Leaf anatomical traits: a transversal section for thickness measurements of
leaf anatomical traits (a, b) and a tangential section for stomatal measurements (c).

5.2.4 Spectral measurements
The 75 marked leaves per treatment were measured after a six‐month period
with a Bruker Vertex 70 FTIR spectrometer adapted with an external integrating
sphere for hemispherical reflectance measurements.
The leaf was placed under an integrating sphere, and two more leaves were
taped to the marked leaf to have additional thickness and prevent any possible
transmittance in the MWIR (3‐6 µm) (Gerber et al. 2011).
The spectra were measured in the range 1.4‐16.0 µm with a resolution of 4 cm‐
. Per leaf, 512 scans per sample, and eight samples in total were taken. These
measurements were averaged per leaf. Although the spectra were measured in
the wavenumber domain, their wavelengths are displayed in micrometres as
this is customary in the remote sensing community. The results were converted
to emissivity units using Kirchhoff’s law (emissivity + reflectance = 1) assuming
the leaves behave as opaque objects (Fabre et al. 2011; Gerber et al. 2011). For
consistency reasons emissivity was calculated for both MWIR and LWIR, even
though in MWIR it is common to use reflectance data. Details on the
spectrometer settings and calibration are found in Hecker et al. (2011).

1

5.2.5 Statistical analyses
Several methods were used to describe the correlations illustrated in Figure 5.1.
Box plots for each leaf trait illustrate their variation among stress treatments
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(Figure 5.1 arrow 2), and a partial least squares regression (PLSR) analysis
identifies the relation between spectra and stress (Figure 5.1 arrow 1), and
between leaf traits and the spectra of leaves (Figure 5.1 arrow 3).
After exploring the relationships between stress treatments, leaf traits, and
spectral measurements, inverted statistical models estimate these three
relationships in the opposite direction (Figure 5.1b).
PLSR models with band reduction (PLSR optimized, PLSRopt: see 2.5.2) estimate
the leaf traits that respond strongly to stress treatments from spectra (Figure
5.1 arrow 4) and a multinomial logistic model estimates the categorical stress
treatments as a function of leaf traits (Figure 5.1 arrow 5) and of the spectra
(Figure 5.1 arrow 6).
For these multinomial models, we estimated stress treatments (categorical: AW,
AD, CW, CD) from leaf traits and TIR spectra (Quinn and Keough 2002) with the
control treatment (AW) as the reference category. These models are fitted in a
stepwise routine to select only the leaf traits and the most important bands that
best explain the stress categories. These models are fitted with the R software
(R Core Team 2015) with the “multinom“ function of the “nnet” package (Ripley
1996). They are validated with cross‐validation, and the accuracy is evaluated
with a confusion matrix and the Kappa statistic.
For estimating leaf traits from spectra, we calculated PLSR and PLSRopt models.
These models have an advantage in managing highly collinear explanatory
variables in the dataset, which is the case of spectral data that are by nature
highly collinear (Wold et al. 2001). PLSR modelling, relates two data matrices, X
and Y, with a linear multivariate model, by restructuring the relation between X
and Y. PLSR is similar to a Principal Component Analysis (PCA) but goes a step
further by using the interaction between the X and Y matrices to maximise the
explained covariance, generating new axes (factors) that contain the most
important information to describe the dependent variable (Wold 1985). In the
analysis, the first factors contain most of the variation of both X and Y matrices,
and higher factors contain decreasing levels of information.
In a PLSR analysis, score plots show the scattering of the data along the new
axes. The X and Y loading plots show the distribution of the variables (response
and explanatory) along the factors and give information about positive, negative
or low correlations between explanatory and response variables. It also
indicates how influential each variable is in defining the new data space.
Variables close to the origin explain little variability, larger distances explain
more variability and therefore show higher importance. Variables that group
together can be expected to have similar effects on the response variable.
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Models can be optimised by reducing the number of variables (called here PLSR
optimised; PLSRopt). For estimation models, we use modified jackknife
resampling with an uncertainty test (Martens and Martens 2000). This test
evaluates the variability of the regression coefficients during cross‐validation,
comparing the coefficients from the cross‐validated model with the original
model. Bands that have less variability during the cross‐validation have a strong
relationship with the response variable and remain for the jackknife resampling.
The routine selects a subset of bands iteratively to fit a new model until
obtaining an optimised model.
The algorithm for PLSR analyses is NIPALS (Nonlinear Iterative Partial Least
Squares) as implemented in The Unscrambler version 10.1 (CAMO 2010). Before
fitting the PLSR, data are checked for symmetric distributions, and the leaf traits
are centred (subtracting the mean) and scaled (dividing by standard deviation),
to make them comparable to each other (Wold et al. 2001). For the spectral data
(the X matrix), scaling is not necessary since they are in the same units.
We assessed the accuracies of these estimations with the relative root mean
squared errors (RMSE), explained variance and observation‐estimation plots,
including R‐squared values.

5.3

Results

5.3.1 Exploring the experimental data
The results of the experiment are analysed for changes in leaf traits and TIR
spectra at the end of the stress period. We use the arrows of Figure 5.1a as a
reading guide to explain the different causal relationships between the
variables.
Leaf TIR spectra experience changes under stress treatments
The PLSR analysis between TIR spectra and stress treatments (Figure 5.1 arrow
1) supports the separation between stress treatments and the control (AW) also
found by Buitrago et al. (2016). Factor 2 of the PLSR analysis separates the
control from the stress treatments (Figure 5.4a). This separation between non‐
stressed and stressed leaf spectra overshadows any separation among the stress
treatments. A second PLSR analysis that excludes the control group (AW, Figure
5.4b) shows separation amongst the remaining treatments, where factor 1
represents water stress and factor 2 temperature stress.
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Figure 5.4 a. Score plot of PLSR between leaf spectra (X) and stress treatments (Y). Four
factors explain 83% of the variance in the spectra and 50% of the variance in stress
treatments. b. Score plot of PLSR between leaf spectra (X) and stress treatments (Y)
excluding (AW). Four factors explain 82% of the variance in spectra and 73% of the
variance in stress treatments.

5.3.2 Leaf traits change under stress treatments
The stress treatments cause changes in leaf traits (Figure 5.1 arrow 2) compared
to the control. Plants that underwent stress treatments (CD, CW, AD) have
significantly lower LWC, thicker leaves, thicker cuticles, smaller stomatal size
and higher stomatal density (Figure 5.5). Fibre content (lignin and cellulose) is
lower for the cold treatments, (CD and CW). Furthermore, leaves under cold
treatments have smaller leaf areas than ambient temperature treatments.
Other physical features such as epidermis, mesophyll, palisade and spongy
thickness, as well as bundle width, bundle height, and bundle area, show no
systematic differences between the control and the stress treatments.
Most measurements of leaf traits have an error under 0.7%, except for the
measurements of cuticle and epidermis thickness which have an error of 7.0%
and 2.7% respectively since these are the smaller structures to measure with an
optical microscope and a magnification of 630X.
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Figure 5.5. Boxplots for leaf traits per treatment. Same letters denote no significant
differences between treatments according to Tukey’s post hoc test (P >0.05).
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5.3.3 Changes in infrared spectra related to differences
in leaf traits
The PLSR analysis between the TIR spectra (explanatory variable) and leaf traits
(response variable; Figure 5.1 arrow 3) shows that lignin has the strongest
separation in the first factor followed by cellulose, while LWC has the strongest
separation in the second factor (Figure 5.6). Other leaf traits that contribute to
a lesser extent to the variation in the spectra are stomatal density, leaf
thickness, leaf area, stomatal size, and cuticle thickness. The remaining leaf
traits (bundle width and height; thickness of mesophyll, palisade, and spongy
tissues) did not contribute to the model and were left out of figure 6 to avoid
cluttering.

Figure 5.6 X‐Y loadings plot of PLSR between leaf traits (response variable) and TIR
spectra (explanatory variables) for the first and second factor of the PLSR. TIR spectra
are left out of the figure to avoid cluttering. In parentheses, the explained variance of
the explanatory and response variables, by each factor.

After demonstrating relations between the variables as illustrated in Figure 1a,
models are fitted to estimate leaf traits from TIR spectra and stress in plants
from either leaf traits (physical responses of plants to stress) or directly from TIR
spectra (Figure 5.1b).

5.3.4 Estimating leaf traits from infrared spectra
PLSRopt models estimate the most relevant leaf traits (Figure 5.7; details on each
PLSRopt model in Appendix 5.1). These bands are compared when possible with
the emissivity spectra of the pure substance, (i.e. for lignin, cellulose, and water)
in Figure 5.7.
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Figure 5.7 Selected remaining bands of the PLSRopt models, after optimisation
procedure, overlaying spectra of the pure substance (a,b,c) (left). No pure spectrum for
“leaf area” or “stomatal density” exist. Measured and estimated values graphs for each
leaf trait (right). The regression line in black, and R‐squared value (R2) and root mean
square error (RMSE) shown in each graph.
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The model for lignin (Figure 5.7a) consists of six spectral bands which match with
some of the main features of the pure lignin spectrum. Two of these bands are
in the SWIR, three in the MWIR and one in the LWIR at 10.79µm. The measured
vs. estimated graph shows an R‐squared value of 0.73. This model with three
factors explains 95% of the variation in the spectra and 74% of the variation in
lignin concentration.
The model for cellulose (Figure 5.7b) with seven bands explains 93% of the
variation in the spectra and 72% of the cellulose concentration. Of the selected
bands, four are located in the SWIR, one in the MWIR and two between 6 and
7µm, matching most of the conspicuous features of the cellulose spectrum. The
measured vs. estimated values graph has an R‐squared value of 0.74.
The model for LWC (Figure 5.7c) has five bands, three in the SWIR and two in
the MWIR around 3 µm. The measured vs. estimated graph (R‐squared value:
0.73) shows the control treatment that separates towards the right side of the
graph. This model with four factors explains 97% of the variance in the spectra
and 64% of the variance in LWC.
For leaf area (Figure 5.7d) the model explains 97% of the variance in the spectra
and 65% of the variance for leaf area. The model has most bands in the SWIR
and two bands in the LWIR. The measured vs. estimated graph, shows the data
close to the regression line, with an R‐squared value of 0.65.
Other leaf traits that vary with stress treatments and spectra (Figures 5.5 and
5.6) such as cuticle and leaf thickness and stomatal size and density cannot be
estimated with the TIR spectra with acceptable accuracy (R‐squared value<0.5
for measured vs. estimated graph). Figure 7e includes an example of stomatal
density, as a trait identified as relevant in the separation of the spectra in a PLSR
that includes all traits, but which cannot be properly estimated in a PLSR with
only that trait included.

5.3.5 Estimating stress from leaf traits
The stepwise multinomial model to estimate stress treatments from leaf traits
(Figure 5.1 arrow 5), removes the non‐significant variables and selects LWC, leaf
thickness, lignin, leaf area and stomatal density as the significant variables,
indicated by the respective P‐values (Table 5.2). These selected variables match
with the important leaf traits identified in the previous PLSR analyses. The
accuracy of the model is high for each treatment (users and producers accuracy
> 90%; Table 5.3), and also the Kappa statistic for the entire model (0.95)
indicates a fair model fit.
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Stomatal density, leaf thickness, and lignin content have positive coefficients, so
higher values for these traits indicate a higher probability that the plant is under
one of these stress conditions. The negative coefficients of LWC and leaf area
show that plants with lower values of LWC and leaf area increase the probability
of being under stress.
Table 5.2 Multinomial models for stress treatments based on leaf traits with control
(AW) as the reference.
CD/AW
CW/AW
AD/AW
Stand. P‐
Stand. P‐
Stand. P‐
Coef.
Coef.
Coef.
error value
error value
error value
Intercept 57.42 0.03
<0.01 27.38
0.01 <0.01 ‐73.20 0.04
<0.01
LWC
‐93.48 0.95
<0.01 ‐92.68 0.96 <0.01 ‐95.21 1.89
<0.01
Leaf
12.12 0.15
<0.01 12.17
0.15 <0.01 11.91 0.30
<0.01
thickness
Lignin
4.27
0.24
<0.01
3.69
0.23 <0.01 20.66 0.26
<0.01
Leaf area ‐8.77
1.98
<0.01 ‐8.97
1.98 <0.01 ‐5.91 3.96
0.01
Stomatal 1.51
0.09
<0.01
1.49
0.09 <0.01 1.29
0.19
<0.01
density
Table 5.3 Classification matrix for stress treatment multinomial models based on leaf
traits.
Estimated
truth
Producer’s
CD
CW
AD
AW
overall accuracy (%)
Observed
CD
19
2
0
0
21
90.47
CW
1
20
0
0
21
95.23
AD
0
0
21
0
21
100.00
AW
0
0
0
21
21
100.00
Classification overall
20
22
21
21
64
User’s accuracy
95.00 90.90 100.00 100.00
Kappa: 0.95
Average user’s accuracy: 96.47%. Average producer’s accuracy: 96.43%.

5.3.6 Estimating stress from infrared spectra
The stepwise multinomial model between spectra and treatments (Figure 5.1
arrow 6) reliably calculates the probability of each measurement to belong to
one of the stress treatments compared to the control (AW). This model consists
of 16 bands which occur mainly in the SWIR and MWIR, and three bands after
6µm in the LWIR (Table 5.4). This model has a high user as well as producer
accuracy (> 90%; Table 5.5) and Kappa statistic (0.87) albeit lower than the
models fitted between traits and stress treatments.
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Table 5.4 Multinomial models for stress treatments based on TIR spectra, with control
(AW) as the reference
CD/AW
CW/AW
AD/AW
Coefficient

P‐value

Coefficient

P‐value

Coefficient

P‐value

Intercept

‐1497.64

<0.01

‐1458.58

<0.01

794.56

<0.01

2.13

1564.54

<0.01

1847.68

<0.01

72.68

0.04

2.21

‐1541.29

<0.01

‐734.30

<0.01

‐1846.15

<0.01

2.29

‐627.25

<0.01

‐916.87

<0.01

1123.64

<0.01

2.48

761.51

<0.01

‐1023.45

<0.01

‐13.54

0.04

2.92

505.18

<0.01

323.89

0.04

‐891.71

<0.01

4.31

‐997.65

<0.01

‐1808.35

<0.01

630.91

0.01

4.50

‐67.22

0.04

‐467.30

0.04

‐1362.66

<0.01

4.58

‐968.79

<0.01

‐917.03

<0.01

1133.05

<0.01

4.61

‐389.37

0.04

406.90

0.04

326.36

0.03

5.33

‐1570.57

<0.01

1253.20

<0.01

117.42

0.04

5.74

2194.09

<0.01

2850.80

<0.01

461.28

0.04

5.90

‐1575.12

<0.01

‐776.57

<0.01

‐3403.88

<0.01

6.11

‐173.75

0.04

‐169.20

0.04

‐1322.41

<0.01

7.23

2324.38

<0.01

971.79

<0.01

1630.44

<0.01

7.77

2000.48

<0.01

627.43

0.03

2398.13

<0.01

Table 5.5 Classification matrix for stress treatments based on TIR spectra.
Estimated
truth Producer’s
DC
WC
DA
WA
Observed
overall accuracy
DC
39.00
3.00
2.00
0.00
45.00
86.67
WC
6.00
37.00
1.00
1.00
45.00
82.22
DA
3.00
1.00
42.00
0.00
45.00
93.33
WA
0.00
0.00
1.00
44.00
45.00
97.79
Classification overall 48.00
41.00
46.00
45.00 180.00
User’s accuracy (%)
81.25
90.24
91.30
97.79
Kappa: 0.87
Average user’s accuracy: 90.14%. Average producer’s accuracy: 90.00%.

5.3.7 Comparison between models
The final model that estimates stress from spectra (Figure 5.1 arrow 6) has 16
bands, from which four bands match the selected bands from the individual
traits’ models (Figure 5.8a), especially with bands from the lignin and cellulose
models (2.20, 5.74, 6.10 μm). Among individual leaf trait models (Figure 5.1
arrow 5) there are also bands matching. For example, the band at 2.23 μm is
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identified in both the LWC and stomatal density model. The average spectra of
the control (AW) and CD as the most extreme stress treatment (Figure 5.8b)
show clear differences in the zones where most bands are selected by both the
PLSRopt models and the multinomial stress model.

Figure 5.8 a. Comparison of the selected bands for each leaf trait model and the stress
treatment model. Grey lines indicate spectral bands selected for each leaf trait. Bands
are classified as the same when they are within 10nm of the wavelength value. Vertical
red lines and dots show bands matching between the model for stress treatments and
leaf trait models, and green lines and dots indicate bands matching among individual
leaf trait models. b. Average leaf spectra for control and the most extreme stress
treatment (CD). Different Y axis for the SWIR (1.4‐2.6 µm) and the TIR from 2.6 µm, to
zoom into the differences in this last region. The selected bands of all models listed
above are indicated by short grey lines. Circles indicate zones with high differences
between control and CD.

Combining results from different analyses presented in this study (Figure 5.9)
confirms that LWC, cellulose, lignin and leaf area are key leaf traits changing
under stress and affecting the TIR spectra.
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Figure 5.9. The combination of results presented in Figures 5.5 and 5.7. The x‐axis
represents the number of times a leaf trait under a stress treatment is significantly
different from the trait under control (AW; Figure 5.5). Y‐axis represents the R‐squared
value of the models between individual traits and TIR spectra (Figure 5.7).

5.4

Discussion

5.4.1 Important leaf traits
This study identifies LWC, lignin, cellulose and leaf area as the key leaf traits that
change with stress and at the same time correlate to changes in TIR spectra.
The identification of LWC as an important trait could be expected as LWC
decreases as a direct consequence of drought (Huner et al. 1981; Nilsen 1987),
but also under temperature stress. Under cold temperature and dry soils, plants
have a fast response through closing stomata and then slowing down respiration
and photosynthesis. These changes in respiration may cause cellular damage
(Chaves and Oliveira 2004; Grant et al. 2007; Jones and Schofield 2008). As a
protective strategy plants need certain enzymes and carbohydrates to protect
organelles and cellular structure (e.g. Chaves and Oliveira 2004; Prasad 2001),
and as a consequence, water decreases to favour the presence of these
protective solubles.
LWC is also the most important variable related to changes in TIR spectra (Figure
5.7 and 5.9). The PLSR model estimating LWC based on spectra uses four bands
in the SWIR and two bands in the MWIR. These bands are known as being
sensitive to water absorption and are used in most LWC indices from the VIS to
the MWIR (e.g. Fabre et al. 2011; Gerber et al. 2011; Ullah et al. 2012b).
Organic fibres such as lignin and cellulose are among the variables sensitive to
the stress treatments. Plants under ambient dry temperatures have bigger and
thicker leaves and cuticles, and low LWC (Kosma et al. 2009). The high content
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of fibres suggests that the increase in leaf thickness is related to growth in cell
density and therefore a higher density of cell walls, which is one of the responses
of plants under drought (Khan 2001). Leaves under cold treatments are smaller
with thicker leaves and cuticles. The lower level of fibres in these leaves
indicates that thicker leaves are not necessarily just related to thicker cell walls,
but possibly also to bigger cells.
Leaf area is an indicator of productivity that changes under suboptimal
conditions (Bracale and Coragio 2003; McCree and Davis 1974). At constant cold
temperatures, leaves tend to be smaller, more compact and thicker to reduce
evapotranspiration (Bracale and Coragio 2003; McCree and Davis 1974).

5.4.2 Other leaf traits
Although physical variables such as leaf and cuticle thickness, and stomatal size
and density change with stress, they do not show a strong relation to the
respective TIR spectra. Consequently, estimation models for these individual
traits from spectra give non‐significant results. Other internal leaf structures
such as bundle area, height, and width, as well as epidermis, mesophyll, palisade
and spongy thickness, are neither important in the separation of stress
treatments nor their link to TIR spectra.
Cuticle thickness increases in all treatments compared to the control. This
thickening is a strategy attributed to protecting against water loss resulting
from, for example, sub‐optimal temperatures, limited availability of water or
changes in illumination (Goodwin and Jenks 2007). Other studies have found a
similar trend of increasing cuticle thickness when stress increases, as a coping
strategy (e.g. Aharoni et al. 2004; Kosma et al. 2009; Le Provost et al. 2013).
Although statistically there is a difference between the control and all stress
treatments, the PLSR analyses do not show cuticle thickness as an important
trait to differentiate stress, nor could it be successfully estimated from TIR
spectra.
Buitrago et al. (2016) expected cuticle thickness to be linked to the spectral
response of stressed plants. This hypothesis is not confirmed in this study. This
could be due to the relatively high measurement error (7.0%) of such a small
structure when measured with an optical microscope. But it is also possible that
the influence of the cuticle on TIR spectra is not based on its thickness, but on
the complexity of the surface and the composition of the cuticular waxes, as it
is also suggested by Ribeiro da Luz (2006) and Ribeiro da Luz and Crowley (2007).
These cuticular characteristics can create more complex spectral TIR responses,
such as the cavity effect of uneven surfaces (Gerber et al. 2011). Further studies
will require the use of scanning electron microscopes to investigate the leaf’s
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surface. Also, the composition of the cuticle (regarding waxes and lipids) might
further reveal the role of the cuticle on the TIR spectral response of stressed
plants.
An increase in leaf thickness of stressed plants is reported as one of the main
physical strategies to cope with cold conditions in previous studies (Bracale and
Coragio 2003; McCree and Davis 1974). Plants growing in high altitude areas
change to thicker and more compact leaves to mitigate cold stress but also to
avoid damage from increasing ultraviolet‐B radiation (Fitter and Hay 2002;
Wang et al. 2008). Plants under drought, experience similar changes towards
thicker leaves and thicker cuticles (Elvidge 1988; Kosma et al. 2009; Wang et al.
2011). This study also finds thicker leaves after the stress period for plants under
drought and low‐temperature regimes. Since spectroscopy is mainly interacting
with the surface layer of the leaves rather than the deeper inside, leaf thickness
is not surprisingly poorly correlated to TIR spectra. Nevertheless, changes in the
thickness are also linked to changes in lignin and cellulose content, which in turn
are correlated to changes in spectra.
Stomatal density and size also changed significantly under stress treatments.
One of the most immediate responses of plants to stress is to close the stomata
as a strategy to reduce water loss by over‐transpiration (e.g. Nautiyal et al.
1994). For leaves under more gradual but permanent stress conditions, the
observed development of smaller stomata could be a strategy to respond faster
to unexpected changes (Chaves and Oliveira 2004; Sharkey and Schrader 2006).
Other studies also report higher stomatal density for leaves under constant
stress conditions (Nautiyal et al. 1994). Opposite to our expectations, these
stomatal changes, which have a strong connection to the functioning of the leaf,
showed no clear link with the measured TIR spectra. This is possibly caused by
the location of the stomata on the abaxial side of the leaf.

5.4.3 Important infrared bands
The stress model presented in this study can be used to reliably calculate the
probability of a plant of being under stress. The individual PLSR models allow
the estimation of LWC, lignin, cellulose and leaf area from a small group of
sensitive bands. These models, based on laboratory data, include a wide range
of the infrared spectrum and do not exclude the atmospheric window which
provides a high rate of noise when measuring from longer distances.
Nevertheless, this laboratory work is a first step to recognising bands sensitive
to stress that could be used to develop future remote sensing products for stress
detection and the estimation of leaf trait changes.
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Most bands selected by the lignin, cellulose, leaf area, LWC and stress models,
are located in wavelength ranges where the control and the stress treatments
show differences in absolute emissivity. Most of these selected bands are
located in wavelengths where molecular bonds of the investigated molecules
have been reported. Appendix 5.1 contains all bands selected in the models and
their connection to known molecular vibrational bonds, as well as bands
associated with known indices.
The LWC model has five bands, three in the SWIR and two at 3.10 and 3.37 µm.
From these bands 2.30 3.10 and 3.37 µm are bands associated with water
molecules (e.g. Kokaly et al. 2009; Ullah et al. 2014), 2.01 is associated to
cellulose (e.g. Elvidge 1988; Nagler et al. 2003), and 2.24 is associated with
proteins (Curran 1989). Five bands of the lignin model are associated with this
molecule in previous lignin models (e.g. Martin and Aber 1997; Nakanishi and
Kawakami 1991), and two bands are associated with nitrogen and water (Kokaly
and Clark 1999; Ullah et al. 2014). Five bands of the cellulose model are linked
to fibres (cellulose and lignin), and two bands are linked to protein and xylan
molecular bonds (Elvidge 1990; Martin and Aber 1997). Our model for leaf area
uses bands that are associated with water, fibres, starch, proteins and wax
molecules (e.g. Curran 1989; Stewart et al. 1997).
The bands selected for our models to identify stress are mainly related to
molecular water bonds. The strong effect of water in the SWIR and MWIR
spectra of leaves indicates that water could be strongly masking the signal of
other leaf traits, as was also found by Elvidge (1988), who demonstrated that in
dry leaves the infrared spectra was strongly linked to various leaf structures.
Further work should investigate if TIR spectroscopy of leaf traits is more
successful on dried than on fresh leaves.

5.5

Conclusions

This study reveals that LWC, fibre content (lignin and cellulose) and leaf area are
the most diagnostic leaf traits for identifying long‐term stress. These traits not
only change as a result of exposure to long‐term stress but also correlate with
changes that were measured in TIR spectra. Although this study is based on
laboratory data, the similarity of our findings with the fundamentals of
biochemistry presented here and used in other remote sensing studies, show
the potential of these results in upscaling to functional remote sensing products.
Especially concerning the use of tracking changes in these leaf traits, which have
a footprint in the infrared spectra, to detect stressed vegetation.
This study also identified limitations that could hamper the possible application
of TIR spectra in such studies, as the limitations of identifying bands in the MWIR
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when upscaling to further sensors and the role of leaf water content in masking
other signals in the TIR spectra. Further cues are provided on why the cuticle is
not identified as an important leaf trait to detect stress, and how this could be
investigated in future studies.
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2.13
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‐3.61

1.72
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1.88
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1.54
1.57
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*

*

*
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Water
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(1:90µm)
Cellulose, / Lignin /
Wax
N‐H stretch
Protein
N
N‐H bend Protein / N / Starch /
Cellulose
Cellulose / Sugar
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Card (1988), Curran (1989), Kokaly &
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Curran (1989)

Card et al. (1988), Gerber et al. (2011),
Soukupova et al. (2002)
Curran (1989), Workman Jr and
Springsteen (1998)
Curran (1989)
Ullah et al. (2014)
Card et al. (1988), Kokaly et al. (2009),
Martin & Aber (1997)
Elvidge (1990)
Card et al. (1988), Martin & Aber (1997)
Curran (1989), Martin & Aber (1997)
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Appendix 5.1. Molecules and molecular bonds found in literature and
associated to the spectral bands from the individual leaf traits and stress
models.
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Water at (4.65 µm)
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Ullah et al. (2014)
Elvidge (1988), Ullah et al. (2012)
Fabre et al. (2011)
Elvidge (1988), Ullah et al. (2012)

Kokaly & Clark (1999), Martin &
Aber (1997)
Kokaly et al. (2009)
Elvidge (1990)
Elvidge (1990)
Elvidge (1990)

Reference

Water (2.59µm)
Water / Lignin / Cellulose
Water (3.05µm)
Cellulose / Lignin /
Water(3.33µm)
Lignin dry matter

Water (2.30µm)
Lignin / Wax
Wax
Cellulose /Starch

Cellulose / Lignin / N

Moleculesǂ
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1058.48

Interc.
6.27

Leaf area

506.84

‐168.12

‐187.83

1736.04

Stomatal
density

14.57

26.65

‐62.22

Model’s coefficients
447.03
41.15

Lignin

423.26

‐4.16

93.09
‐3.07

Cellulose

14.31

11.73

6.94
7.23
7.77
10.79

6.56
6.64

LWC

Bands
(µm)

*
*

*

Stress
model

C‐H out of plane
deformation
(11.80µm)
O‐H out of phase
bending (14.29µm)
Water

Cellulose (7.27µm)

Aromatic skeletal
vibrations (6.62µm)

Aromatic skeletal
vibration / CH
deformation

Molecular bondsǂ

Cellulose

Lignin
(10.52µm)
Lignin

Cellulose
Cellulose

Lignin (6.60µm)
Lignin

Lignin

Moleculesǂ

Ribeiro da Luz (2006)

Elvidge (1988)

Elvidge (1988)

Martin & Aber (1997)

Elvidge (1988)
Elvidge (1988)

Nakanishi & Kawakami (1991)
Elvidge (1988), Stewart et al. (1997)

Allison et al. (2009), Boeriu et al.
(2004)

Reference
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* coefficients for stress model are shown in table 4. ǂ band number in parentheses of the real
position of the bond/molecules indicated
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Synthesis: Importance of leaf traits in the analysis of
infrared spectra of green leaves stress detection and
species differentiation.
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The conservation and management of ecosystems requires an accurate
understanding of how ecosystems evolve and how anthropogenic modifications
change their processes. The association of ecosystem processes with
anthropogenic and natural changes can be unveiled by analysing changes in
plant traits in response to these changes. Although trait variation is
conventionally sampled at individual and local scales, remote sensing methods
can facilitate when scaling up the observations of these traits to a regional or
even global level. Scaling up leaf trait observations is critical for the study and
management of essential biodiversity variables as well as ecosystem services
since these assessments are mainly needed at regional and global levels, which
could not be reached without the incursion of remote sensing measurements
(e.g. Chiarucci et al. 2011; Nagendra 2001). This synthesis presents new findings
on infrared spectroscopy of fresh leaves, to recognise spectral features
associated with leaf traits. In addition, it discusses the possibilities of using these
spectral behaviours in recognition of single plant species, and the use of leaf
trait variations in the detection of plant stress. This synthesis also explores
potential challenges when scaling up observations from the laboratory to field‐
based measurements using remote sensing.

6.1

New findings in infrared spectroscopy of leaves

6.1.1 Differentiating species with infrared spectra
Most species differentiation studies using multispectral or hyperspectral
sensors have focused on discriminating groups based on functional and
structural types with strong differences in their physiognomy as in their spectra,
such as needle‐leaf versus broadleaf or grasses versus crops (e.g. Bue et al. 2015;
Ustin and Gamon 2010). Other studies achieved the differentiation to the
individual level up to 11 plant species using the differences between bands in
the VNIR associated with the absorbance of pigments and the red edge
(Cochrane 2000; Schmidt and Skidmore 2001).Recent studies have started to
explore the infrared and the complexity of its features which have proven to be
related to the unique leaf structure and composition of each species (e.g.
Chapter 2 and 3, Ribeiro da Luz and Crowley 2010). Studies in the IR spectra have
achieved the identification of the spectral signature of single species in the
infrared at the laboratory and the field level (1.5m from the sensor) achieving
higher accuracies than using the VNIR (92% and 84% respectively) (Rock et al.
2016; Ullah et al. 2012a). Additionally, few studies have added to this tried to
explain the features in each species spectra by analysing their leaf traits, such as
cellulose and waxes (Ribeiro da Luz and Crowley 2007). The present study
follows a similar reasoning, connecting the spectral differences between species
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in the infrared, with the anatomical, structural and chemical differences
between those individuals.
Chapter 3 explored the possibilities of differentiating nineteen species using the
infrared spectra, from the shortwave (SWIR) to the long‐wave infrared. The
results show that reduced models based on a few single bands in the infrared
(five bands) can be used to differentiate species with high classification accuracy
(Kappa: 0.96), showing just misclassification in few species of the same life form
(herbaceous or woody species). Reduced models based on five bands from the
SWIR or LWIR have similar accuracy (0.93 and 0.94 respectively) to differentiate
species. When using bands from the SWIR, differences between species are
determined by the depth (emissivity) of features that match the spectra of
cellulose and lignin (Figure 6.1).

Figure 6.1 Measured spectra of powdered lignin and cellulose (a), compared to the
average leaf spectra for all species (b), and the average emissivity spectra of two species
with different spectra: Platanus orientalis (c) and Fagus sylvatica (d). Vertical lines
indicate pronounced features in the cellulose and lignin spectra matching features of
the species spectra.
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The bands in the SWIR are only distinct enough to classify the spectra of leaves
into the species categories, whereas the other infrared regions show more
variety of species‐specific features. Models based on MWIR bands, which show
less conspicuous features, have lower classification accuracy than the LWIR and
the SWIR (Kappa: 0.85). The LWIR with the highest classification accuracy of the
three ranges has wider emissivity fluctuations forming particular spectral
signatures for each species, such as the average spectra of P. orientalis and F.
sylvatica, two species with, particularly different features (Figure 6.1, Chapter
3). Comparable studies have found that differentiation of species using the
thermal infrared (8‐14µm) improves the differentiation of species compared to
VNIR spectra with at least 12% (Rock et al. 2016) when using field
spectrometers.
To upscale and validate the usage of SWIR for species classification to remote
sensing, it is probably advantageous to use the selected bands presented in this
thesis (1.50, 2.00, 2.15, 2.29, and 2.99μm, Appendix 3.3), since there is a high
variety of instruments covering this spectral range. For example, multispectral
and hyperspectral sensors (air and space‐borne, e.g. AVIRIS, HyspIRI) are
available at the moment. The few misclassifications between species using the
QDA models can be overcome by using the entire spectral signatures of the
misclassified species to differentiate among them as proposed in Chapter 3. The
spectral signatures found in this study can be used as extra information to
differentiate this group of species, for example by integrating these
measurements in spectral libraries which for the first time is already available
for plant species in open access data in the portal https://dans.knaw.nl/en
under the dataset “spectral library plant species”.
Species discrimination, similar to mineral discrimination using the infrared
spectra, is based on the capability of detecting with remote sensors (field,
airborne and spaceborne) particular and species‐specific spectral features. The
detectability of these spectral features can be evaluated through the spectral
contrasts. In this study (Figure 6.2) the spectral contrast was measured as across
bands for single individuals (Figures 6.2a) and the maximum contrast within a
band (Figures 6.2b).
Chapter 3 shows that when analysing single leaves of a single species (Figure
6.2a), the highest spectral contrast is found in the SWIR followed by the LWIR.
In the SWIR, the spectral contrast is 0.51 within a single leaf (F. sylvatica), while
the minimum spectral contrast in the SWIR is still 0.26 within a single leaf (A.
nidus, Figure 6.2a). The spectral contrast of these strong features in the SWIR
have the potential to be detected by field sensors since this contrast is similar
to the one of quartz (0.3‐0.6, own‐measurement) which is among the most
conspicuous features in mineralogy (e.g. Christensen et al. 2000). The MWIR has
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a very strong double feature at 3.43 and 3.51µm, which is part of known
combination vibration features of C‐H in aldehydes and carbonyl compounds.
These compounds are abundant in organic material, and therefore this feature
is not suitable for plant species differentiation (Pretsch et al. 2000). When
leaving this feature out of consideration, the spectral contrast ranges between
0.05 for F. sylvatica to 0.01 for H. helix (Figure 6.2a), which is lower than the
spectral contrast of the other ranges. Spectra of leaves on the LWIR show more
variation across species, although also here the spectral contrast is lower than
in the SWIR, with a maximum value of 0.05 (for P. orientalis) and a minimum
value of 0.02 (for I. opaca) (Figure 6.2a). Some studies have shown that field
spectrometers subjected to larger noise than laboratory spectrometers, can still
detect these features, which still show the spectral contrast between 0.3‐0.1
(e.g. Rock et al. 2016). When comparing the overall values of all species in each
band, the largest differences are found in the SWIR with a spectral contrast of
0.34 (Figure 6.2b) while the MWIR has a spectral contrast of 0.07 (Figure 6.2e),
and 0.08 for the LWIR (Figure 6.2f).

Figure 6.2 a) Spectra of a leaf from the species with the highest emissivity (red line) and
lowest emissivity (yellow line) for each spectral range from all species. Highlighted
values show the maximum spectral contrast of the given individual along the respective
spectral range. b) spectra of a hypothetical leaf with the maximum (blue line) and the
minimum (green line) emissivity values per band registered in this study. Highlighted
values show the maximum spectral contrast for each range.

Although these results are the only representative of the group of species and
leaf traits included in this study, the high diversity of the analysed plants did
display a wide range of leaf traits and emissivity spectra. This wide variety of leaf

127

Synthesis: Importance of leaf traits in the analysis of infrared spectra of green leaves.

traits can make possible the use of the proposed models for leaf traits
estimation and species classification, in other plant species provided their leaf
traits fall within the range presented here. The association found here between
leaf traits, and TIR spectra can be used as a guide in the understanding of
spectral differences even between groups of species that were not part of this
study.

6.1.2 Infrared spectra of leaves and their connection
with leaf traits.
The spectra of all measured fresh leaves share the same features in the SWIR,
dominated by the water absorption bands and the features of two major leaf
components (i.e. lignin and cellulose). The similarities of all leaves in the SWIR
spectra remind of the characteristic reflectance of leaves in the VNIR where
leaves have a few strong features in common such as the green peak, the red
and blue absorption, the red edge and the infrared plateau, which have been
used in species differentiation. The features in the MWIR and LWIR seem to be
more species dependent, having different total emissivity and patterns for each
species. Figure 6.1 shows the strong features in the SWIR of fresh leaves, which
are explained by the strong lignin and cellulose absorption bands at 1.66, 1.89
and 2.20µm. Cellulose is highly associated with changes in this region, confirmed
by the high correlation coefficients between cellulose content and features in
this region (Appendix 3.2). The C‐H and O‐H stretch vibrations of the cellulose
molecule are responsible for the presence of these strong features in the in the
SWIR (1.66, 1.89 and 2.20 μm) spectra of organic and plant material (e.g.
Chapter 2, Kokaly and Clark 1999; Martin et al. 1998). The connection between
leaf spectra and lignin and cellulose is furthermore expected since lignin and
cellulose are the most abundant organic compounds of leaves after water. A leaf
is composed of approximately 70% of water and 30% of dry matter. From this
dry matter, lignin and cellulose contribute both approximately 37.38 + 12.07%
(own laboratory measurements), and the remaining dry matter is composed of
sugars, enzymes and microelements (e.g. Sariyildiz and Anderson 2005).
In the SWIR (Figure 6.1), the band around 1.46μm is known to be a strong O‐H
stretching first overtone for molecules of lignin and cellulose (Curran et al. 2001;
Soukupova et al. 2002; Workman Jr and Springsteen 1998). The strong feature
at 1.66μm is connected to a C‐H stretch first overtone of lignin and cellulose
(Elvidge 1990; Kokaly and Clark 1999; Martin and Aber 1997). The band at
1.84μm responds to O‐H stretching and C‐O stretching second overtone of
cellulose and lignin (Card et al. 1988; Curran 1989; Soukupova et al. 2002). The
band at 1.93μm is connected to O‐H stretching and O‐H deformation (Curran
1989; Elvidge 1990). The strong feature at 2.20μm has been reported to C‐H
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stretching in lignin and proteins (Curran 1989; Himmelsbach 1989; Kokaly and
Clark 1999) and matches the features of pure lignin and cellulose spectra (Figure
6.1).
In the MWIR and LWIR, the features of plant species seem to be related to their
leaf traits. Especially, it is expected that the most external epidermal structures,
which have a more direct interaction with the radiated energy, should have a
strong influence on the observed features (e.g. Elvidge 1988, Salisbury 1986). In
some species, the abundance of an organic compound or the high values in a
given leaf trait are correlated with the presence of a particular feature, showing
the marks of leaf traits in their spectra (Chapter 3). As an example, Figure 6.1
shows the spectra of two different species: F. sylvatica and P. orientalis. The
most striking feature of P. orientalis (Figure 6.1c) in the MWIR and LWIR is the
feature at 6.16µm, which has the highest correlation with lignin content and also
matches a feature in the pure lignin spectra. This feature is reported to be
formed by the vibration of carbonyl groups and aromatic rings in the lignin
molecule (e.g. Xu et al. 2005). Also, the strong features at 8.84μm and 10.60μm
are linked to lignin and are reported to be an aromatic C‐H in‐plane deformation
of the syringal type in lignin molecules and has been reported in several studies
as associated to lignin in leaves (e.g. Elvidge 1988; Martin and Aber 1997). This
linkage with lignin is supported by the fact that P. orientalis has the highest lignin
content of all woody species (Figure 3.6), for which the secondary growth
implies a need for high lignin content, reflected not just in the lignified tissues
(Iiyama and Wallis 1990). On the other hand, herbaceous species with the lower
lignin content such as C. rufibarba and Dieffenbachia sp. (Figure 3.3 and 3.6) do
not show any of these features associated to lignin. F. sylvatica has some of the
lowest lignin levels for a woody species, and consequently, these features are
not presented in its spectra. However, the spectra of this species show striking
features in the MWIR and LWIR (3.93, 5.29 and 5.85μm) which are related to its
most important leaf traits. The feature at 5.85µm is strongly related to leaf area
(Figure 2.4), being this one of the species with smallest leaf area, while the
features at 3.93 and 5.29µm are related to water. These last features and the
region between 3 and 6µm are known to show a strong decrease on emissivity
when LWC is low, as is the case of this species with one of the lowest LWC. Bands
in this region have frequently been used in leaf water indices (Fabre et al. 2011;
Ullah et al. 2014).

6.2

New methods for leaf traits estimation.

Estimation of vegetation parameters is a central topic in agricultural and
ecological studies, from individual plants to the ecosystem level. Vegetation
parameters are used in the evaluation of the health, development, productivity
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and diversity of individual plants or groups of plants. Several methodologies
exist to estimate plant and leaf traits at different spatial levels, from individual
leaves in the laboratory up to field level estimations derived from remote
images.
The results of Chapter 3 demonstrate that leaf traits can be accurately estimated
in the laboratory by using the entire infrared spectra or some sectors on it. The
estimation of leaf traits with infrared spectra has been mainly attempted on
dried leaves, where the masking effect of water is lowered (e.g. Elvidge 1990).
While the estimation of leaf traits in fresh leaves has been explored, mainly in
VNIR in water and organic molecules such as pigments, lignin, and cellulose, (e.g.
Peñuelas and Fillela 1998), other researchers have started to explore the
infrared spectra of leaves for explaining structural relations. These studies
suggested that this region should be dominated by relations between spectra
and the most external structures of leaves which have the most direct
interaction with the emitted energy and the least influence of the reflectance of
the sun and the strong absorption of leaf pigments (e.g. Elvidge 1988, Ribeiro da
Luz and Crowley 2007, Salisbury 1986).
Few spectroscopic or remote sensing studies have focused their investigation
on the structures or molecules interacting with emitted energy at the upper
surface of leaves. For instance, Ribeiro da Luz (2006) and Ribeiro da Luz and
Crowley (2007) measured the spectral behaviour of compounds such as waxes
and cutins, which make the outer surface of a leaf and which are most likely
connected to the emitted energy. This study (Chapter 2 and 3) goes further and
explores the spectra of fresh leaves and its connection to the structural traits.
Figure 2.7 and Appendix 3.2 show the correlations between the spectral bands
and features of fresh leaves and the most important leaf traits measured here
that range from molecules (LWC, lignin, cellulose and nitrogen) to structural
traits (e.g. leaf area, vein and leaf thickness). These results indicate that from
the structural traits, which have not been studied before, leaf thickness shows
the highest correlations with the infrared spectra. Correlations around 70% with
most bands in the SWIR show that these bands could be used to predict the
thickness of leaves in the range measured in this study. A reduced PLSR model
to estimate leaf thickness (with an
of 76.2%) includes one band in the SWIR
and three more bands in the MWIR and LWIR where leaf thickness also has high
correlations (Chapter 2). Other leaf traits have lower correlations with individual
bands, but the reduced PLSR models that show a reasonable fit, range from vein
thickness (
of 68.3%) to stomata density (
of 76.5%). The reduced models
compared to the original models using the entire infrared (Table 2.3) drop
estimation power with a lower
value, nonetheless based on few spectral
bands, present less overfitting problems than models based on 6612 bands and
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additionally have an added value in detecting the key bands for each leaf trait,
which could be explored in further spectroscopic analyses, and should be tested
at field, airborne or satellite level.
Models based on the entire range of the electromagnetic spectrum that was
measured (1.4‐16µm) and models based on the SWIR range only (1.4‐ 3µm) have
the higher accuracies for all leaf traits, while the models based on the MWIR and
the LWIR have lower accuracies for all leaf traits estimated. It was expected that
organic compounds such as lignin and cellulose, with strong features in the SWIR
(Figure 6.1), would be more accurately modelled in this part of the spectrum,
with a
.of 84.4 and 85.7% respectively (Table 2.3) Other structural and
anatomical leaf traits, especially from the external structures of a leaf, are
expected to be more connected to the MWIR and LWIR as was hypothesized by
previous studies (e.g. Elvidge 1988, Ribeiro da Luz & Crowley 2007). Chapter 3
shows that some of these structural traits such as leaf thickness, can be
accurately modelled with the infrared spectra. Models based on spectral bands
of the SWIR and LWIR have advantages over models in the MWIR, since in
remote sensing of vegetation this sector is hampered by the influence of
atmospheric transmittance, especially when measured with air and space borne
sensors (e.g. Salisbury 1998).
For the organic molecules, it is possible to compare with previous estimation
models such as presented for lignin by Grossman et al. (1996). Table 6.1 shows
that models for estimating lignin and cellulose have been fitted mainly to dried
leaves using the range from the VIS to the SWIR. These models are based on
data that are not hampered by the masking effect of water (e.g. Elvidge 1988),
and unveiling the interactions between the spectra and other compounds.
Nevertheless, when applied to real remote sensing applications, models based
on dried leaves will not work because they do not include the effect of water,
which in fresh leaves will mask the features detected with the “dry leaf models”.
This study adds to these studies by estimating leaf traits on fresh leaves using
spectroscopic methods. It focuses not just on the basic leaf components such as
LWC or nitrogen, but also on structural traits such as leaf thickness and leaf area.
Estimation of these structural variables, which are important in vegetation
studies, can also be used as proxies for other variables more logically linked to
emissivity, for instance, structures or compounds in the upper layers and
interacting more directly with emissivity. Nevertheless, these connections
remain to be explored in further studies.
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Table 6.1 Comparison between models from various studies for leaf traits estimation
from the visible to the infrared region.
Trait model

Band selection
method

Fresh Leaves
Lignin1 (fresh‐dry)
Stepwise MLR
Cellulose1 (fresh‐dry) Stepwise MLR
Nitrogen1 (fresh‐dry) Stepwise MLR
LWC1 (fresh‐dry)
Stepwise MLR
Water2 (fresh‐dry)
Stepwise MLR
LWC3 (fresh‐dry)
PLSR
LWC3 (fresh)
PLSR
Fresh leaves (this study)
LWC4
Stepwise PLSR
Lignin4
Stepwise PLSR

Instrument

Selected bands

R2

NIRSystems
NIRSystems
NIRSystems
NIRSystems
Perking‐Elmer
Bruker70v
Bruker70v

Multiple 0.80‐2.50
Multiple 0.80‐2.50
Multiple 0.80‐2.50
Multiple 0.80‐2.50
Multiple 1.18‐2.17
Multiple 0.40‐2.50
Multiple 2.50–6.00

0.90
0.91
0.82
0.98
0.91
0.91
0.96

Bruker70v
Bruker70v

0.80
0.80

Cellulose4

Stepwise PLSR

Bruker70v

Nitrogen4
Leaf thickness4

Stepwise PLSR
Stepwise PLSR

Bruker70v
Bruker70v

Stomata density4
Vein thickness4

Stepwise PLSR
Stepwise PLSR

Bruker70v
Bruker70v

Leaf area4
Dried leaves
Lignin5
Lignin6
Lignin7
Lignin2
Cellulose6
Cellulose7
Cellulose2
Nitrogen5
Nitrogen6
Nitrogen7
Nitrogen2
Starch5
Sugar5
Canopy
Lignin8 (canopy)
Lignin9 (canopy)

Stepwise PLSR

Bruker70v

1.89, 2.20, 2.27, 5.78
1.44, 1.54, 1.66, 3.01,
6.16, 7.51
1.44, 2.20, 4.21, 5.93,
12.62
Multiple (1.44‐9.38)
1.44, 1.52, 3.02, 5.88,
7.38, 13.25
Multiple (1.55‐13.9)
1.55, 2.41, 3.49, 8.59,
12.71
Multiple (1.46‐9.05)

Stepwise regression
Stepwise MLR
PLSR
Stepwise MLR
Stepwise MLR
PLSR
Stepwise MLR
Stepwise regression
Stepwise MLR
PLSR
Stepwise MLR
Stepwise regression
Stepwise regression

Perkin‐Elmer
NIR ‐S6250
ASD FieldSpec3
Perking‐Elmer
NIR ‐S6250
ASD FieldSpec3
Perking‐Elmer
Perkin‐Elmer
NIR ‐S6250
ASD FieldSpec3
Perking‐Elmer
Perkin‐Elmer
Perkin‐Elmer

0.55, 0.67
Multiple 1.66‐2.35
Multiple 1.20‐2.40
Multiple 0.65‐2.32
Multiple 1.66‐2.32
Multiple 1.20‐2.40
Multiple 0.65‐2.36
0.48‐0.58
Multiple 2.04‐2.18
Multiple 1.50‐2.40
Multiple 1.50‐2.17
Multiple 0.58‐0.68
Multiple 0.40‐0.72

0.70
0.66
0.69
0.88
0.82
0.72
0.96
0.90
0.95
0.97
0.96
0.74
0.71

Stepwise MLR
Stepwise MLR

AVIRIS
AVIRIS

0.75
0.77

Lignin10 (fresh)

MLR

Hyperion

Lignin11 (fresh‐dry)
Nitrogen8 (canopy)
Nitrogen9 (canopy)

PROSPECT model
Stepwise MLR
Stepwise MLR

AVIRIS
AVIRIS

0.867, 1.619, 2.048
0.627, 0.755, 0.822,
1.661
1.680
1750
Multiple 1.1‐2.5
0.48, 1.609, 1.748
0.783, 1.641
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0.77
0.71
0.86
0.79
0.71
0.74

0.761
0.719
0.37
0.75
0.87
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Trait model
Leaf area10 (fresh)

Band selection
method
MLR

Instrument

Selected bands

R2

Hyperion

Multiple

0.92

Nitrogen
PLSR
AVIRIS
Multiple 0.4‐2,5
0.77
Lignin
PLSR
AVIRIS
Multiple 0.4‐2,5
0.52
Cellulose
PLSR
AVIRIS
Multiple 0.4‐2,5
0.27
Pure measurements
Lignin12 (pure lignin) PLSR model
Bio‐Rad
Multiple 2.673‐3.888 0.88
1(Grossman et al. 1996), 2(Curran et al. 2001), 3(Ullah et al. 2014), 4This study, Chapter 2, 5(Card et
al. 1988), 6(Kokaly and Clark 1999), 7(Serbin et al. 2014), 8(Serrano et al. 2002), 9(Martin and Aber
1997), 10(Mthembu 2006),, 11(Jacquemoud et al. 1996), 12(Boeriu et al. 2004). Instruments:
NIRSystems model 6500, Perking‐Elmer 330 spectrometer, Bruker70v FTIR spectrometer, NIR ‐
Systems 6250 scanning monochromator, AVIRIS imaging spectrometer, Bio‐Rad FTIR
spectrometer (FTS‐60 A)

As explored in Chapter 2, the empirical models estimated in this thesis show the
possibility of estimating from thermal infrared spectra, not just organic
compounds such as LWC, lignin and cellulose, which are the main components
of leaves, but also other traits such as leaf area, leaf thickness and stomata
density. These leaf structural traits are key variables in vegetation studies, which
can be used in the identification of species (Chapter 3), in the detection of
changes in the photosynthetic activity of leaves and therefore stress conditions
(Chapter 5).
One of the main advantages of these reduced estimation models is that they
identify bands that can be used in other applications to accurately estimate leaf
traits, such as field spectrometers, multispectral and hyperspectral field
instruments and perhaps remote sensors.
An important warning for the use of any statistical model, like the ones
proposed in this study, resides in avoid overfitting and extrapolation beyond the
ranges between which these models were calibrated. They can be applied to the
same species, or to other species within the same range of leaf traits.
Nevertheless, further studies are advisable on the applicability of these models
in other species under the same leaf traits range. Extended research is advisable
including additional species than the broad leaves used in this study, also taking
into account coniferous species from which many species are known to be of
economic importance.
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6.3 Stress assessment by detection of changes in leaf
traits
The assessment of stress in vegetation is one of the most common purposes of
agronomical and forest studies, especially for the management of commercial
crops forest plantations, and vulnerable vegetation systems such as savannas
(Kempeneers et al. 2004). The detection of early signals of plant stress is
important for precision agriculture and conservation ecology to quickly
implement the corrective measurements to avoid commercial and biodiversity
loses when managing natural ecosystems, plantations and crops at small,
medium and large scales (Kempeneers et al. 2004). In this sense, hyperspectral
remote sensing is becoming a tool for multiple agricultural applications.
Conventionally, the most accurate measurements of stressed vegetation are
assessed with on the ground measurements, such as the detection of herbivory,
infestation, or through visual changes in the plants and leaves as proxies for
changes in water content, temperature, pigments or nutrients (e.g. Asner et al.
2003; Lichtenthaler 1996). Similar to most conventional direct methods to
measure leaf anatomical or chemical leaf traits, campaigns to detect stress in
the field (crops and plantations), are in general, more time‐consuming and
expensive than indirect measurements. Table 6.2 summarises the most
frequently used methods to measure common leaf traits employed as proxies
for stress detection. Most of these methods are destructive and include
laboratory measurements of individual leaves for detection of traits such as LWC
by dehydrating leaves (e.g. Turner 1981) or lignin, cellulose, nitrogen and
pigments by wet chemistry in the laboratory (e.g. Hu et al. 2013). These time‐
consuming and expensive measurements are not suitable for the analysis of
plant traits at larger spatial extents, which are needed in most agricultural and
silvicultural practices, as well as natural ecosystems conservation efforts. Newer
approaches are therefore needed to cover the two main needs (speediness and
costs). Faster methods are needed, that can accurately measure or estimate leaf
traits at both the level of an individual plant or at the level of the canopy. Non‐
invasive spectroscopic methods are showing their advantages in the accurate
estimation of leaf traits at different scales, from laboratory instruments to
remote sensors. Chapter 5 confirms that using spectroscopic measurements of
infrared spectra of fresh leaves provide useful information to differentiate
plants under optimal conditions from plants under suboptimal conditions
(stress). This study shows that stress in plants can be classified by using a group
of selected bands, from a reduced multinomial model to detect stress (Chapter
5, Figure 6.3).
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Table 6.2 Conventional methods to evaluate vegetation stress.
Trait

Type

Method

Leaf water
potential1

Direct /
destructive

Potentiometer

Leaf water
content2

Direct /
destructive

Leaf dehydration

3, 4

Indirect /
spectral

Spectrometers
using VNIR

5, 6, 7

Indirect /
spectral
Direct
/nondestructive

Spectrometers
using infrared
e.g. Pulse
amplitude
modulation
(PAM)
Wet chemistry

Leaf chlorophyll
fluorescence8

Chlorophyll and
pigments
concentration9

Direct
/destructive

Characteristics (+ positive and
– negative)
+ Direct, reliable measurements,
made with portable instruments.
‐ Time‐consuming for larger
areas.
+ Simple, direct, reliable
analytical method at the
laboratory.
‐ Time‐consuming and expensive
in larger areas.
+ Portable instruments, simple
and compatible with other RS
methods.
+ Spectroscopic model
compatible with RS methods.
+ Handheld instrument, simple,
and compatible with indirect RS
methods.

+ Conventional analytical
chemistry methods, used for
validating indirect methods.
‐ Time‐consuming and expensive.
10
Indirect
Spectrometers
+ Chlorophyll meter, simple,
using from
portable
visible to
‐ Calibration with laboratory
infrared
measurements is needed.
1(Boyer 1968), 2(Turner 1981), 3(Hunt Jr and Rock 1989), 4(Zhang et al. 2012), 5(Buitrago et al.
2016), 6(Gerhards et al. 2016), 7 (Ullah et al. 2014), 8 (Bolhar‐Nordenkampf et al. 1989), 9 (Hu et
al. 2013), 10 (Gamon and Surfus 1999).

The findings presented in Chapter 5 increase the range of possibilities in stress
detection, confirming that changes in leaf traits can be used as proxies for
detecting plants under suboptimal conditions. Although some of the leaf traits
have been previously used to estimate for example productivity, palatability and
nutrient concentration (e.g. cellulose, lignin, nitrogen), they have not been
related to stress. This study shows that a large group of chemical and structural
leaf traits change under suboptimal conditions and can be used to detect stress
in plants. Additionally, indices based on these traits can be used for detection of
leaves under suboptimal conditions.
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Figure 6.3 Score plot of a PLSR model between the five selected bands (matrix X)
(Stepwise multinomial model) and stress treatments (Y‐matrix). a) The scores plot of the
two first factors separates stress treatments from control treatments. Four factors
explain 83% of the variance in the spectra and 50% of the variance in stress treatments.
b) Score plot of PLSR between leaf spectra (X) and stress treatments (Y) excluding the
control treatment show a better separation of the stress treatments. Four factors
explain 82% of the variance in spectra and 73% of the variance in stress treatments.

As the results from Chapter 5 indicate, leaf traits that show the most change
under suboptimal conditions and which, at the same time, are the most
correlated to spectral changes (Figure 5.9) are cellulose, lignin, LWC, leaf area,
stomatal size, and stomatal density. These traits changed under stress (Figure
5.5) but also showed significant correlations with spectra, as calculated by PLSR
models (Figure 5.7). Chapter 2 and 3 also show that when measuring across
species, the same leaf traits have strongest correlations with the infrared bands,
explaining most of the features found in the leaves’ spectra.
The results in this chapter suggest two applications. Firstly, conventional
measurements of changes in these leaf traits are tools to detect plants under
suboptimal conditions, such as decrease on LWC, and changes in lignin,
cellulose, leaf thickness and leaf area, depending on the type of stress. Secondly,
changes in these traits can be tracked in the hyperspectral infrared spectra of
single leaves. Therefore, the estimation of changes in infrared spectra can be
proxies to determine leaf traits changes and stress in plants. Similar studies
detecting water stress in plants have found that indices using the SWIR
reflectance react faster and are equally sensitive than indices based on the
visible range such as the Photochemical Reflectance Index (PRI) and the
Normalized Difference Vegetation Index (NDVI) (e.g. Gerhards et al. 2016, Ullah
et al. 2014). Furthermore, the estimation models for each leaf trait generated in
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the present study, which can be proxies for stress (Table 6.1), can be used in the
estimation of changes in leaf traits of fresh leaves. These results apply to this
group of plants or plants with leaf traits in the same range of the ones employed
in this study. (Figure 2.2).

6.4

Future research paths

6.4.1 Scaling up
This study made steps forward to decipher the infrared spectra of fresh leaves
and to find an explanation for their features. The approach of this study to
connect spectral features with leaf composition paves the way for further
studies on leaf traits estimation, stress detection and species identification using
infrared spectra of fresh leaves, focusing on the connection between spectral
features and leaf composition. Further studies should focus on scaling these
results up from laboratory‐based measurements to field, airborne and
spaceborne measurements that are susceptible to atmospheric effects. In a
recent study, Rock et al. (2016) scaled the spectral signatures found in the
laboratory by Ullah et al. (2012). They made field measurements at 1.5m
between the sensor and the leaf sample demonstrating that the spectral
signatures of different species are even differentiable when atmospheric effects
are present. They differentiated a group of eight species, with a 92% accuracy
rate, compared to the 92% classification accuracy of the same species measured
by Ullah et al. (2012a), and with expected reduced noise from atmospheric
effects (laboratory spectrometer). This 92% accuracy achieved with field
instruments using the LWIR is higher than the 80% classification accuracy
reached when using the VNIR. Additionally, these field measurements showed
an offset of 1–3% in absolute emissivity (Rock et al. 2016). The offset between
laboratory and field measurements can be related to a) errors in the
temperature estimation, b) the radiometric calibration and 3) systematic
spectrometer errors. Hence, future applications should take into account these
constraints, and aim to reduce these sources of error. Neinavaz et al. (2016)
measured emissivity spectra of canopies of fresh leaves with a field sensor with
approximately half a meter of atmosphere in between and reported spectral
contrasts in the LWIR between species at specific features up to 2.8%,
suggesting that the features reported in the present study which ranges
between 1 to 7% have possibilities to be detected with field instruments.
Additional factors to consider when scaling up are temperature contrast,
spectral contrast, spatial resolution, atmospheric effects and signal to noise
ratio of the instruments. I will discuss these issues below.
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Temperature contrast between target and surrounding objects: Most
laboratory measurements use active sensors measuring the reflected radiation
while most spectroscopic remote and field sensors work with passive
measurements of emitted infrared radiation. For the sensor to capture the
radiance from the target, there should be enough temperature difference
between the target object and the surrounding objects (e.g. building,
construction). When measuring with passive instruments in a laboratory,
minerals can be heated up, but in the case of fresh leaves, better results are
found when cooling down the room, to avoid damaging the living material, and
then create a temperature contrast (Neinavaz et al. 2016, Schlerf et al. 2012).
These problems are avoided under clear sky conditions where relatively low
downwelling radiation (DWR) appears, and the samples can be measured at
ambient temperature. Nevertheless, warm radiating objects in the image can
dominate the scene and add noise to the subtle signals of the plants (Rock et al.
2016).
Spectral contrast: In this study, the spectral contrast was defined as the
difference between the minimum and the maximum emissivity values over the
entire measured spectrum, for individual species across each infrared range
(Figure 6.2a), or the spectral contrast for single features or spectral bands,
across all species (Figure 6.2b). When analysing the spectral contrast of a single
species, the spectral contrast in the SWIR can span up to 51% due to the strong
features in this region, while in the MWIR and the LWIR the spectral contrast
within a species can vary from 1 to 5%. The spectral contrast between species
for a single waveband can span up to 34% in the SWIR among all species
(1.66µm), while in the MWIR and LWIR span between 2 and 7% of the total
emissivity (Buitrago et al. 2016, Neinavaz et al. 2016, Rock et al. 2017). The wide
spectral contrast in the SWIR for vegetation (34% in single bands) is comparable
to what is found in mineralogic field studies which can vary around 0‐50% (e.g.
Salisbury 1998). In the MWIR and the LWIR the spectral contrast found in the
present study is lower (1‐7%). Nevertheless, this spectral contrast has proven to
be enough for differentiating species in the field. Rock et al. (2016), using a field
spectrometer covering the LWIR, differentiated a group of species with a
spectral contrast up to 4%, and with higher classification accuracies than using
the VNIR. Additionally, the species‐specific features provide additional
information for species differentiation, especially when including connections
between leaf traits and spectral features (Chapter 3).
Spatial resolution: When increasing the observation distances from field
instruments to airborne and spaceborne instruments, the scale differences
generate structural differences in the scenes related to mixed pixels, re‐
radiation and cavity effects (Kirkland et al. 2002; Ribeiro da Luz and Crowley
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2007). Multiple layers, leaf forms and canopy shapes from multiple plants can
create cavity effects with an important effect on decreasing spectral contrast
especially in the LWIR of canopies (Ribeiro da Luz and Crowley 2010). Creating
difficulties in detecting the variations in the spectral signatures, which respond
nonlinearly to increasing distances between sensor and objects (Ribeiro da Luz
and Crowley 2010)
Atmospheric effects: The presence of an atmosphere between the object and
the sensor affects the radiance measured by a spectrometer. The atmospheric
correction consists of correcting the radiance measured by the sensors coming
from the atmospheric attenuation, emission and emission‐reflection. Correcting
for atmospheric contribution requires accurate knowledge of the vertical
profiles of atmospheric water vapour, gases and temperature, which are highly
variable (Perry and Moran 1994). Radiative Transfer Models (RTM) are tools to
correct for this source of noise, by simulating the influence of the atmosphere
which ventures in the infrared range and subtracting its influence to make
possible the visualisation of other features (e.g. MODTRAN) (Kempeneers et al.
2004). Models such as PROSPECT‐VISIR and PROSPECT‐5 (0.4‐2.5μm) include the
simulations of the atmospheric column in the VIS to the SWIR, which can serve
to correct remote sensing data. In the thermal infrared region, other RTMs such
as SAIL‐Thermique are including the atmospheric influence in the thermal
infrared, and therefore these models could help in the atmospheric correction
of thermal infrared data from remote sensors for vegetation studies.
Sensor sensitivity: Signal to Noise Ratio (SNR) is one of the methods to estimate
the impact/extent of temperature contrast, spectral contrast, spatial resolution,
and atmospheric effects among others. SNR affects the upscaling of laboratory
measurements to field and remote sensing measurements. Field imaging
spectrometers such as the Hypercam have shown that their high SNR enables
them to detect weak signals of atmospheric gases and spectral signatures in
vegetation at short distances (e.g. Rock et al. 2016). Other instruments placed
on airborne and spaceborne platforms have radiometric accuracies that vary
from 1 to 3% (e.g. MTI, (Weber et al. 1999)) or 4% (e.g. TERRA, ASTER, (Abrams
2000)). These sensors are commonly used to retrieve leaf traits from the visible
range, but also have some bands located in the infrared range, where the
additional structural information researched in this thesis can be estimated.
When comparing the results of this study, with the sensor sensitivity, it is more
practical to compare them to the radiometric accuracy of these sensors. The
spectral contrast found in this study was at least 5% for single species in the
different spectral ranges from SWIR to LWIR (Figure 6.2). The spectral contrast
across all species of the most important features in the SWIR ranged from 26 to
51%. Under this perspective, the features presented have the potential to be

139

Synthesis: Importance of leaf traits in the analysis of infrared spectra of green leaves.

recognised with most airborne and spaceborne sensors listed in Table 6.3. In the
MWIR and LWIR the spectral contrast of specific features for most species varies
between 1 and 7% (Figure 6.2), although lower contrast than in the SWIR, this
spectral contrast can be detected by sensors with radiometric accuracies
between 1‐3% such as MTI, ASTER and Sentinel 2 (Table 6.3).

6.4.2 New generation of remote sensors including
infrared region
In the last decades, we have experienced a fast development of new sensors,
platforms and algorithms and also a wide range of applications of the remotely
sensed data in the VNIR, where most of the remote sensing research on
vegetation has been focused. The increasing research at the laboratory and field
level on vegetation traits is now pushing the development towards other ranges
including fluorescence and thermal infrared, which provide important
information about photosynthetic activity and structural traits (e.g. Ribeiro da
Luz and Crowley 2006, this thesis). For most sensors, the complexity of the
spectral data is determined by the spectral and spatial resolutions and the
revisiting time. When designing and developing sensors, the spectral resolution
and the spectral range are limited by the amount of data that can be gathered,
stored and developed. Therefore, most sensors focus on few spectral bands or
regions, with specific planned applications. For instance, the Terra and Aqua
satellite platforms are meant to provide information for atmospheric, oceanic
and terrestrial investigations with instruments measuring multispectral bands in
specific channels. The ASTER instrument (Advanced Spaceborne Thermal
Emission and Reflection Radiometer) is the highest resolution instrument (15‐
90m) on the Terra platform, measuring from the VIS to the TIR focusing on
change detection of terrestrial ecosystems. Table 6.3 shows other spaceborne
sensors with channels in the infrared that could be used to retrieve vegetation
information. Nevertheless, the best hyperspectral sensors including infrared
spectra with most adequate radiometric, spectral and spatial resolution, are the
instruments adapted for airborne platforms.
Airborne sensors such as SEBASS, AVIRIS and Hypercam, have ventured in the
infrared range with continuous hyperspectral bands and with high accuracies for
vegetation studies. The advantage of these sensors for vegetation studies is that
the spatial resolution depends on the recording altitude of the aircraft, which is
variable.
More recently, the fast development of unmanned aerial vehicles (UAV) and
remotely piloted aircraft (RPA), is opening a new gate on the development of
more portable sensors with higher radiometric and spectral resolution and
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higher SNR for vegetation studies for more accessible and practical applications
with the possibilities for hyperspectral sensors covering several spectral ranges
(Bellvert et al. 2014; Berni et al. 2009). One of the main constraints for the
utilisation of UAVs and SPAs is the weight constraint, since most infrared
spectrometers such as the Hypercam can count with tens of kilograms, while
most UAV´s because of their small size and low weight, have still constraints in
the power to weight ratio, to carry larger and heavier instruments.

Table 6.3 Examples of Airborne and spaceborne sensors that cover part of the infrared
region.
Sensor
/mission

AVIRIS1
AVIRIS

NG2

SEBASS3

Type

Bands in IR

63 (1.25‐1.86),
63 (1.84‐2.45)
Airborne 426 (0.38‐2.51μm) 222 (1.4‐2.5)
256 (2.42‐5.33,
Airborne
256
7.57‐13.52μm)
Space
0.38‐2.5μm
8 (4‐12)
Airborne 224 (0.4‐2.50μm)

HyspIRI4
Hyperion
Space
(EO‐1)5
6
IRS (CBERS) Space
Landsat 8
Space
OLI7
MTI8
Space
Sentinel 29

Total bands

Space

Sensor
sensitivity
(SNR* or
accuracyǂ)

Spectral
resolution
(nm)

Spatial
resolution.
(m)

>400

10

n/a

>800

5

n/a

>500

10

n/a

>200

10

60

220 (0.4‐2.50μm)

>40

30

4 (0.77‐12.50μm) 3 (1.55‐12.5)

>45

40‐80

11 (0.43‐12.51μm) 4 (1.57‐12.51)

>200

15‐30

15 (0.45‐11.50μm) 7 (1.55‐11.5)
3 (1.4, 1.6,
13 (0.43‐2.19μm)
2.2)

1‐3%ǂ

20

>50

15‐180

10‐60

TERRA
Space
14 (0.52‐11.65μm) 11 (1.6‐11.65)
4%ǂ
15‐90
(ASTER)10
*Minimum SNR value from all bands. ǂRadiometric accuracy. n/a: not applicable.
1.https://aviris.jpl.nasa.gov,
2.https://aviris‐ng.jpl.nasa.gov/
3Vaughan
et al. (2003),
4https://hyspiri.jpl.nasa.gov,
5
6.https://cbers.inpe.br,
https://eo1.usgs.gov/sensors,
7.https://landsat.usgs.gov, 8.Weber et al. (1999), 9.https://earth.esa.int/web/sentinel/technical‐
guides/sentinel‐2‐msi, 10.https://terra.nasa.gov.

In conclusion, this thesis has shown the potential of thermal infrared
spectroscopy to determine plant traits, and more specifically leaf traits. These
traits contain important information on species type and health status of plants.
Hence we have shown that thermal infrared spectroscopy holds great potential
to expand the application of remote sensing. However, to fully realise thermal
infrared remote sensing of vegetation some weaknesses still need to be
overcome. In this synthesis, we have discussed the most important limitations
that require further research and development. Nevertheless, this thesis shows
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that thermal infrared spectroscopy holds important promises to generate a
contribution for a more accurate monitoring of vegetation. To achieve this
potential, we have outlined in this synthesis which future steps need to be taken
to take the field further.
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Summary
There is an increasing demand for understanding the impact that climate change
and increasing anthropic activities have on terrestrial ecosystems and
vegetation, on local and large scales. In this sense, the collection of data on
vegetation characteristics (e.g. biochemistry, microstructure, structure and
diversity) from the individual to the ecosystem’s level is critical for all
management and conservation purposes, from precision agriculture to the
management of forest plantations and natural ecosystems.
Remote sensing, as a non‐destructive and cost‐effective method, has proven to
be a valuable tool for the monitoring and management of crops, forestry and
natural ecosystems. Hyperspectral remote sensing, in conjunction with a fast
development of methodologies and sensors and a growing spatial and spectral
accuracy, is approaching the high precisions in the estimation of plant and forest
characteristics that for a long time were only possible with direct conventional
methods, which are still more reliable but expensive and time‐consuming. This
thesis uses modern spectroscopic technology to understand the potential of the
infrared spectra of fresh leaves for the estimation of leaf traits at the leaf level.
It focusses on the study of leaves since they are the bulk of plant canopies, and
the leaf optical properties are the foundation of the canopy spectral response
perceived by remote sensors.
Chapter 2 and 3 of this study describe how observed features in the infrared
spectra of fresh leaves are connected to changes in the intrinsic characteristics
of a leaf, such as biochemistry and microstructure. The results show that specific
spectral features are explained by specific leaf traits. For instance, changes in
leaf water content have a strong impact on the leaf spectra, especially in the
SWIR where the emissivity typically decreases with lower water content.
Similarly, the vibrational movements of C‐H bonds in the cellulose molecules
create strong features especially in the SWIR, while the C‐H vibration in lignin
molecules are responsible for few features in the LWIR such as at 6.16µm. The
statistical analyses show that it is possible to accurately estimate leaf traits
based on the spectral characteristics of a leaf, and also to classify samples to the
right species based on a few spectral bands. This study adds to previous studies
on species differentiation since it gives explanations to the spectral differences
in the infrared, which contain species‐specific features that form the particular
spectral signatures of species. The findings show, for instance, that woody
species with naturally high lignin content present specific features that appear
only under high lignin content and which are not present in herbaceous species.
Similar relations are explained for other leaf traits and species.
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The second part of this thesis builds on these leaf trait‐spectra relations, to show
that leaf traits are not just species‐specific and serve to differentiate species,
but also display measurable differences when plants are under different
growing conditions. A stress experiment that is described in this thesis shows
that under suboptimal conditions most leaf traits display variations, from the
most immediate changes in leaf water content (LWC) to more permanent
biochemical microstructural variations, which lead to similar spectral
differences, when under constant long‐term stressors. This study shows that
changes in leaf traits are proxies for temperature and water stress, but it could
also be used for other types of stressors that are expected to alter the structure
and chemistry of leaves and plants.
In essence, this research has demonstrated that infrared spectroscopy is an
accurate tool for leaf traits estimation, species classification and stress detection
based on spectral differences, spectral features analysis and leaf traits changes.
The spectral regions and the bands selected for each case can be used in the
planning and development of future hyperspectral air and spaceborne
campaigns with the purpose of characterising vegetation and biodiversity
studies.
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Samenvatting
Er is een toenemende vraag naar inzicht in de impact die klimaatverandering en
toenemende antropogene activiteiten hebben op terrestrische ecosystemen en
vegetatie, zowel op lokale en grote schaal. Hiervoor is het verzamelen van
gegevens over de eigenschappen van vegetatie (bijv. Biochemie,
microstructuur, landschapsstructuur en diversiteit) van het individu tot het
niveau, van cruciaal belang voor alle beheer‐ en instandhoudingsdoeleinden,
van precisielandbouw tot het beheer van bosplantages en natuurlijke
ecosystemen.
Remote sensing, als een niet‐destructieve en kosteneffectieve methode, is een
waardevol instrument gebleken voor het bewaken en beheren van gewassen, in
de bosbouw en natuurlijke ecosystemen. Hyperspectrale remote sensing, in
combinatie met een snelle ontwikkeling van methodes en sensoren en een
groeiende ruimtelijke en spectrale nauwkeurigheid, benadert de hoge
nauwkeurigheid van metingen van plant‐ en boskenmerken die lange tijd alleen
mogelijk waren met conventionele methoden, die nog steeds betrouwbaarder
zijn, maar duur en tijdrovend. Dit proefschrift maakt gebruik van moderne
spectroscopie om het potentieel van infraroodspectra van verse bladeren voor
het schatten van bladeigenschappen op bladniveau te onderzoeken. Het richt
zich specifiek op de studie van bladeren omdat deze het grootste deel van de
kroon van planten vormen, en de optische eigenschappen van het blad vormen
de basis van het spectrum dat wordt waargenomen door sensoren op afstand.
Hoofdstukken 2 en 3 van dit proefschrift beschrijven hoe waargenomen
kenmerken in de infraroodspectra van verse bladeren zijn verbonden met
veranderingen in bladeigenschappen, zoals biochemie en microstructuur. De
resultaten laten zien dat specifieke kenmerken worden verklaard door
specifieke bladeigenschappen. Bijvoorbeeld, veranderingen in het watergehalte
hebben een sterke invloed op de bladspectra, vooral in de SWIR, waar de
emissiviteit typisch afneemt met een lager watergehalte. Op dezelfde manier
creëren de vibraties van C‐H‐bindingen in de cellulosemoleculen sterke
spectrale kenmerken, vooral in het SWIR, terwijl de C‐H‐vibratie in
ligninemoleculen verantwoordelijk is voor enkele kenmerken in de LWIR zoals
bij 6.16μm. De statistische analyses laten zien dat het mogelijk is om
bladkenmerken nauwkeurig in te schatten op basis van de spectrale kenmerken
van een blad, en ook om soorten te classificeren op basis van slechts enkele
spectrale banden. Deze studie voegt nieuwe kennis toe om plantensoorten te
differentiëren omdat het verklaringen geeft voor de spectrale verschillen in het
infrarood tussen soorten. De spectrale verschillen bevatten signalen van
soortspecifieke bladeigenschappen die de specifieke spectrale signaturen van
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deze soorten vormen. De resultaten tonen bijvoorbeeld aan dat houtachtige
plantensoorten met een natuurlijk hoog ligninegehalte specifieke kenmerken
vertonen die alleen bij hoge lignine gehaltes verschijnen en die niet aanwezig
zijn in kruidachtige plantensoorten. Vergelijkbare relaties kunnen worden
gegeven voor andere bladkenmerken en plantensoorten.
Het tweede deel van dit proefschrift bouwt voort op deze bladkenmerken‐
spectra‐relaties, om aan te tonen dat bladkenmerken niet alleen soortspecifiek
zijn, en dus gebruikt kunnen worden om soorten te onderscheiden, maar ook
meetbare verschillen vertonen wanneer de planten onder verschillende
omstandigheden groeiden. Een stress‐experiment dat in dit proefschrift is
beschreven, laat zien dat onder suboptimale omstandigheden de meeste
bladkenmerken variaties vertonen. Van de snelle veranderingen in het
watergehalte tot de meer permanente biochemische en microstructurele
variaties. Die leiden tot vergelijkbare spectrale verschillen als ze lang onder
suboptimale omstandigheden blijven groeien. Dit proefschrift laat zien dat
veranderingen in bladkenmerken indicatoren zijn voor temperatuur‐ en
waterstress, maar ook kunnen worden gebruikt om andere soorten stress te
detecteren waarvan wordt verwacht dat ze de structuur en chemie van bladeren
en planten veranderen.
Samenvattend heeft dit onderzoek aangetoond dat de infraroodspectroscopie
een nauwkeurig hulpmiddel is om bladeigenschappen te meten, plantensoorten
te classificeren en groeiomstandigheden in te schatten op basis van spectrale
verschillen, analyse van spectrale kenmerken en veranderingen in
bladkenmerken. De spectrale regio's en de banden die voor elke situatie zijn
geselecteerd, kunnen worden gebruikt bij de planning en ontwikkeling van
toekomstige hyperspectrale lucht‐ en ruimtecampagnes die als doel hebben
vegetatie te karakteriseren of die gebruikt kunnen worden voor
biodiversiteitsstudies.
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