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Abstract

The environmental threats to UK forests due to the changing climate are unprece-
dented. However, the potential for remote sensing to assess, model, and moni-
tor these threats at previously unattainable spatio-temporal scales has never been
greater. Drought stress is among the greatest threats to forests, and Sitka spruce
(Picea sitchensis (Bong.) Carr.), UK forestry’s most important conifer species, can
be susceptible to it. The present thesis explores potential ways that the UK forestry
sector could adopt remotely sensed Vegetation Indices (VI) and transition towards
more drought-resilient management. In the analysis presented in this thesis, VI
associated with the xanthophyll cycle and anthocyanin concentrations (PRI, ARI,
ARI2) detected early drought responses in Sitka spruce needles after about 10 days
of mild drought stress. At the stand level, the xanthophyll cycle-associated VI (CCI
and GPPyj) detected drought-induced annual reductions during the 2018 drought
year. Depending on the time interval, these reductions ranged between 5% and 15%,
compared to the 5% GPP reduction estimated by the flux tower. Gross Primary
Productivity (GPP) (within 0.5% of flux tower GPP) which were delectable from
space. These VI also act as Vemax proxies to improve model realism in process-based
biophysical models. Traditional VI such as NDVI generally performed poorly at the
needle and canopy scale for drought detection however, successfully tracked seasonal
GPP patterns (R? > 0.80) when combined with a measure of PAR in the Light Use
Efficiency Model (LUE). For the first time, intraspecific clonal differences in drought
responses were detected with VI in conifers. This demonstrated the possibility of
high-throughput phenotyping for drought tolerance and highlighted potential dis-
crepancies in the drought tolerance of existing breeding population Sitka spruce
trees. The results demonstrate how VI can directly aid in transitioning UK forestry
to a drought-resilient sector. Xanthophyll reflectance, detectable with MODIS satel-
lites at countywide scales, could facilitate Sitka spruce health monitoring and stress

assessments, as well as be incorporated into the breeding program to future-proof

progeny.
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Chapter 1

(zeneral introduction

1.1 Overview

Globally, forests are facing a multitude of threats to their health including climate
change, droughts, deforestation, pathogens, and poor management (Nemani et al.,
2003; Foley et al., 2005; Somers & Asner, 2012; Gauthier et al., 2015; Lewis et
al., 2015; Wingfield et al., 2015; Lausch et al., 2016). The healthy functioning of
forests is of high importance due to their extensive global coverage (around 30%
of the Earth’s terrestrial surface (Bonan, 2008)) and vital ecosystem services e.g.
carbon sequestration, climate change mitigation, water filtration, flood regulation,
air purification, erosion control, nutrient cycling, habitat for maintaining biodiversity
as well as timber and medicinal resources (Lausch et al., 2016; Aznar-Sanchez et al.,
2018). Monitoring forest function and health, to alleviate the threats and maintain
ecosystem services, is therefore of paramount importance. Satellite based remote
sensing (SRS) offers unprecedented potential for forest health monitoring owing to
global coverage, frequent observation revisits and systematic data retrieval (Huete,

2012; Ma et al., 2015; Lausch et al., 2016).

Drought stress is a significant risk to UK forestry (Davies et al., 2020; Locatelli
et al., 2021) which, due to climate change, is increasing in severity and frequency
(Le et al., 2023). However, the potential for satellite-based remote sensing to assess
drought stress in UK forests is great. For example, country-wide multiple daily over-
passes of the Moderate Resolution Imaging Spectroradiometer (MODIS) and 10 m
pixel size of the European Space Agency’s (ERA) Sentinel-2 satellites provide high
spatio-temporal resolution to assess stress. Sitka spruce (Picea sitchensis (Bong.)
Carr) is arguably the dominant conifer species for UK forestry but, relative to other
species, is susceptible to drought (Samuel et al., 2007; Krakau et al., 2013; Locatelli
et al., 2021). Studying the drought response of Sitka spruce is therefore essential in
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transitioning UK forestry into a more drought resilient sector. This thesis explores
the role of remote sensing, specifically reflectance retrieval via Vegetation Indices
(VI), to evaluate the effects of water limitation on Sitka spruce at differing spa-
tiotemporal scales, to characterise and expand the current state of understanding,

for UK forestry and the broader forest ecology community.

In this section, key concepts are introduced to summarise Sitka spruce, forest drought
responses, and the driving mechanisms behind linking remotely sensed VI with plant
biophysical processes. Primarily, it focuses on understanding the link between how
plant pigments regulate photosynthesis and stress, and the (sometimes subtle) in-
fluence this has on reflectance, and therefore VI. This is followed by an outline of

the primary research conducted in later chapters.

1.2 Sitka Spruce

Sitka Spruce is an extremely large, fast growing, coastal evergreen conifer species,
which can grow to around 75 m (up to 100m ((Van Pelt, 2007)) tall and live for
up to 500 years (Krakau et al., 2013). The natural range of Sitka spruce is along
the west coast of the USA, spanning from northern California, to Kodiak Island in
Alaska (Figure 1.1).

Sitka spruce is the most numerous planted tree species in the UK, covering around
700 thousand hectares, making up a third of all forest estate (Samuel et al., 2007;
Krakau et al., 2013). Therefore, research that can better inform silvicultural prac-
tices, especially in the context of climate change, will greatly benefit the forestry
community. The mild oceanic climate of northern and western parts of Britain
and Ireland, provide preferable growing conditions for Sitka spruce. It is therefore
favoured across much of the UK, as the fastest growing conifer species over a range
of site types (waterlogged and exposed to high wind levels) and locations (Davies
et al., 2020) owing in part to foliar morphology, which is adapted for high pho-
tosynthetic rates (Kramer et al., 2018). Sitka is easy to establish, has very high
strength-to-weight ratios and provides high timber yields, suitable for multiple ap-
plications (Van Pelt, 2007; Cameron, 2015). Sitka spruce is traditionally managed
in the UK as even aged monocultures on short (35 - 50 year) rotations (Cameron,
2015).

1.2.1 Susceptibility to drought

The high productivity of Sitka spruce, and relatively quick turnover, means its

centrality to the forestry sector across the UK is likely to remain into the near
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Figure 1.1: The natural distribution of Sitka spruce (Picea sitchensis (Bong.) Carr)
along the west coast of the USA. Sitka spruce exists over a wide latitudinal range
(around 3000 km) but, due to requirements for humid oceanic growing conditions,
not more than 200 km from the coast. Adapted from Krakau et al. (2013).

future (Davies et al., 2020). However, due to its susceptibility to drought, relative
to other commercial species in the UK, increasingly Sitka spruce forest sites will
become at risk of moving beyond the species tolerance conditions (Samuel et al.,
2007; Green & Ray, 2009; Locatelli et al., 2021). Naturally, Sitka spruce grows in
humid regions which experience 1000 - 3000 mm annual precipitation (Krakau et
al., 2013). Scottish planting guidelines state Sitka spruce performs poorly (reduced
productivity) in areas with less than 1000 mm of annual precipitation, however it
can sometimes perform adequately, where soil moisture is sufficient, at sites with
700 mm precipitation p.a. (Locatelli et al., 2021). Due to the effects of climate
change, the UK is currently, and will continue to experience, increasingly hot and dry
summers (Burke et al., 2010; Petr et al., 2014; Cameron, 2015; Betts & Brown, 2021;
Met Office, 2021). Presently, low rainfall across parts of the UK, including eastern
Scotland, limit the range of Sitka spruce (Krakau et al., 2013; Grant & O’Reilly,
2017), where over 120 existing Sitka forests are on moderate or high drought risk
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sites (Green & Ray, 2009).

Recent drought events are already impacting Sitka spruce in the UK. In the extreme
European drought of 2003, widespread damage and mortality of Sitka spruce was
recorded across north-eastern Scotland (Green et al., 2008; Green & Ray, 2009). In
the warm, dry spring and summer of 2018, net carbon sequestration of a mature
even aged Sitka spruce plantation in Northern England reduced by 30%, due in part
to a 5% reduction in photosynthesis and increased evapotranspiration, reducing soil
moisture and accelerating soil respiration, due to increased aeration (Xenakis et al.,
2021). However, soil respiration would likely decrease if soil moisture continued
to decline as microbial activity declines (Yan et al., 2018). During this summer,
mortality of seedlings at a clear-felled site also increased (Xenakis et al., 2021).
Summers like that of 2018 are likely to become the norm in the UK by 2050 (Betts
& Brown, 2021). This could transition areas beyond the tolerance range of Sitka
spruce, highlighting a potential unsuitability for future plantations and forestry. The
appropriateness of Sitka spruce across the UK may decrease as high drought risk
areas expand, although research on this is limited. As such the research here aims
to gain invaluable information on the responses of Sitka spruce to droughts akin to
those the country will routinely experience in the coming decades. Drought response
within species is important in understanding suitability to a changing climate. The
Sitka spruce breeding programme, established in 1963, has successfully bred and
proliferated trees with high timber quality (Lee, 1999). Screening or selecting for
more drought resistance strains could be a useful tool in moving towards a more
drought resilient UK forestry sector (Schiop et al., 2017). Remote sensing offers the
potential for high throughput phenotyping (Plesa et al., 2019; Liming & Huichun,
2020; Baldi & La Porta, 2022), which will be explored in the present research.

1.3 Drought stress in forest

1.3.1 Definitions of drought

Droughts are heterogeneous and complex events which, due to slow gradual on-
set and spatio-temporal variability, are hard to specifically define (Du et al., 2013;
AghaKouchak et al., 2015; West et al., 2019). Therefore, definitions of drought are
varied, but can be classified into four types: meteorological, agricultural, hydrologi-
cal, and socioeconomic (Heim, 2002). Whereby, (i) meteorological droughts occur as
a precipitation deficit, or below average precipitation in a specific region, (ii) agricul-
tural droughts are a deficit of soil moisture, insufficient to meet the water demands
of crops and other vegetation, (iii) hydrological droughts are a deficit of surface wa-

ter and groundwater levels and (iv) a socioeconomic drought impacts water scarcity
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on human populations and communities, and can relate to the shortage of economic
goods (Heim, 2002; Du et al., 2013; AghaKouchak et al., 2015). For the purposes
of this thesis, drought is defined as the condition in which, a water deficit, in either
the atmosphere (Vapour Pressure Deficit (VPD)), or soil, induces a physiological,
biochemical or molecular response from a plant, to acclimate or survive the water
deficit (Dalal & Tripathy, 2018; Gerhards et al., 2018; Le et al., 2023). For example,
a reduction in vegetation productivity, as a direct response of low water availability,

is considered a drought response.

1.3.2 Drought in forests

Globally, drought greatly limits forest’s productivity potentially more than any other
environmental factor (Ciais et al., 2005; Zhao & Running, 2010) and forest mortal-
ity, as a result of drought, has been recorded on every vegetation continent on Earth
(Ciais et al., 2005; Phillips et al., 2008; Allen et al., 2010; Zhao & Running, 2010;
McDowell et al., 2011; Anderegg et al., 2012; McDowell & Allen, 2015; Anderegg
et al., 2019) although the exact mechanisms of forest mortality are unknown (Mc-
Dowell et al., 2011; Anderegg et al., 2013, 2016; Klein et al., 2019). To avoid drought
induced mortality, trees possess a multifaceted drought response (Ensminger et al.,
2015). Many of these drought response mechanisms are conserved across the plant
kingdom (Fang & Xiong, 2015). As a drought intensifies, plants will employ differ-
ent strategies, to ameliorate the worst effects of drought. The conditions required
to initiate a drought response from an individual plant are a function of many in-
terplaying biotic (taxa, species, ecotypes, morphology, age, and development cycle)
(Gallé & Feller, 2007; Pantin et al., 2013; Harrison et al., 2020)) and environmen-
tal (meteorological, edaphic and topographic) (Gebler et al., 2006; Kreuzwieser &
Gessler, 2010; Anjum et al., 2011; Liu et al., 2017) factors.

The effects of drought on trees has been extensively studied (Ensminger et al., 2015;
Fang & Xiong, 2015; Lausch et al., 2016). Responses can be broadly characterised

into drought avoidance and drought tolerance strategies (Ensminger et al., 2015).

Drought avoidance strategies seek to increase water uptake and minimise water loss,
in order to maintain adequate water content, to avoid the onset of drought stress.
This can be done via investment into root biomass, to ensure a deeper or larger
root system, which can access larger portions of available water, for example seen in
maritime pine (Pinus pinaster) populations (Aranda et al., 2010). Water loss can
be regulated through transpiration. Reductions in transpiration can be achieved
with smaller total leaf area. For example, leaves grown in low water conditions
are smaller due to less cell turgor, leading to reduced cell expansion. Wilting,

heliotropism or senescence (in intense drought) also regulate transpiration in order to
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avoid drought stress (Chaves et al., 2003; Marron et al., 2003; Poorter & Markesteijn,
2008; Takahashi & Badger, 2011; Khanna-Chopra, 2012; Juvany et al., 2013; Estiarte
& Penuelas, 2015; Fang & Xiong, 2015; Schuldt et al., 2020; Nadal-Sala et al.,
2021). Stomatal regulation, via density on the leaf, or through changes in stomatal
conductance are a primary response to drought, reducing water loss and maintaining
hydraulic integrity (Hetherington & Woodward, 2003). When stomata are closed,
the diffusion of carbon dioxide (CO,) from the atmosphere is reduced, which limits
carbon uptake (Chaves et al., 2003; Hetherington & Woodward, 2003; Harrison et
al., 2020). Stomata close when guard cells lose turgor, which can occur passively
with dropping water potential (Tombesi et al., 2015; Wang et al., 2018). This is
regulated through various signalling pathways and chemical reactions (Saibo et al.,
2009; Pessarakli, 2018). One of the major identified drought signalling molecules is
abscisic acid (ABA), a phytohormone, which among other things decreases stomatal
conductance and initiates a drought response (Gomes et al., 2004; Pantin et al.,
2013).

Drought Tolerance mechanisms allow a plant to withstand water deficit conditions,
and maintain physiological functions, under low water availability. Osmotic adjust-
ment is an important mechanism to ensure that cells do not lose turgor, which is
achieved through increasing solutes/ osmolytes, including amino acids, glycine, be-
taine, proline, soluble sugars or sugar alcohols (Ashraf & Foolad, 2007; Ensminger
et al., 2015; Blum, 2017; Schonbeck et al., 2018). For example, proline is upregu-
lated under drought stress in Scots pine (Pinus sylvestris) (MacAllister et al., 2019).
A natural byproduct of photosynthesis are reactive oxygen species (ROS), formed
by excess energy absorbed by leaves, causing electrons with a higher energy state
to be transferred to molecular oxygen (Mittler et al., 2004; Nishiyama et al., 2006;
Miller et al., 2010; Pint6-Marijuan & Munné-Bosch, 2014). ROS are highly reac-
tive oxygen radicals and non-radical oxygen derivatives (Mittler et al., 2004; Patel
et al., 2018), which can cause photo-inhibitory oxidative damage to proteins, lipids
and DNA (Mittler, 2002). Antioxidants (including ascorbic acid and glutathione)
(Saibo et al., 2009) or ROS scavenging enzymes (Kruk et al., 2005; Miller et al.,
2010) are important to curb ROS acclimation during drought stress (Mittler et al.,
2004; Cheeseman, 2007; Jubany-Mari et al., 2010). A rapid rise in the production
of ROS, known as an oxidative burst, is important in the control of environmental
stress response by triggering acclimation (Torres & Dangl, 2005; Miller et al., 2008,
2010).
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1.3.3 Photosynthesis during drought

Down regulation or damage of the two major photosynthetic processes (the light
reactions (photochemical) and the carbon fixation reactions are potential conse-
quences of drought stress (Fang & Xiong, 2015; Harrison et al., 2020). The progres-
sive downregulation of photosynthesis and carbon assimilation, during increasing
drought stress, is characterised by Ensminger et al. (2015) into three phases: the
first involves reductions in stomatal conductance, photosynthetic enzymes are unaf-
fected, but photorespiration increases due to reduced internal CO,; during phase 2,
stomatal conductance is further reduced, the electron transport chain is disrupted,
and energy dissipation mechanisms begin to operate; finally in phase 3, photochem-
istry and carboxylation is decreased (via RuBP/Rubisco reductions), which can

leave permanent damage.

1.4 Pigments, reflectance and drought stress

The composition of leaf pigments is the key mechanism to evaluate plant biophysical
processes via remote sensing, due to their dominance in the spectral signature of
plants (Croft & Chen, 2018). Therefore, pigments are explored in depth throughout
this thesis. The role of leaf pigments in drought stress responses are significant and
varied and three major groups of pigments (chlorophylls, carotenoids, anthocyanins)

are the focus of this section and the subsequent thesis.

1.4.1 Pigments overview

Chlorophylls are the primary photosynthetic pigments (chlorophyll a and chloro-
phyll b) which are responsible for harvesting light and transferring excitation energy
to reaction centres (Chaves et al., 2003; Kiang et al., 2007; Govender et al., 2009;
Croft & Chen, 2018; Plesa et al., 2019; Sonobe et al., 2020). Under drought stress,
chlorophyll concentration is reduced via, (i) the accumulation of ROS which dam-
age photosynthetic machinery, including chloroplasts (Rasheed et al., 2021), or (ii)
photoinhibition related chlorosis and reduced chlorophyll biosynthesis (Grulke et al.,
2020). Detecting chlorophyll related reductions is an established biomarker of stress
and a primary mechanism to optically detect drought stress in plants (Plesa et al.,
2019; Grulke et al., 2020; Walshe et al., 2020).

After chlorophylls, Carotenoids are considered to be the second major pigment
group (Blackburn, 2007; Huang et al., 2018). Carotenoids have diverse functions in-
cluding light capture and, when photosynthesis is compromised under drought stress,

photoprotection, energy dissipation and antioxidation (Demmig-Adams & Adams,
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1996; Gamon et al., 2016; Sonobe et al., 2020). The most abundant carotenoids
in plant leaves are [-carotene and a group of five xanthophylls (lutein, zeaxanthin,
violaxanthin, antheraxanthin, and neoxanthin) (Gitelson et al., 2002). [-carotene
is the primary photosynthetic carotenoid pigment. It aids plants in maximising the
available radiation by absorbing light in wavelengths (blue-green region of the spec-
trum) where absorption by chlorophyll is low (Ida, 1981; Hashimoto et al., 2016;
Simkin et al., 2022). Dissipating excess light energy as thermal energy is a drought
stress strategy used to ameliorate photo-oxidative damages. Energy dissipation is
done via the xanthophyll cycle, in which de-epoxidation of xanthophylls and the
reverse reactions, reduce the amount of energy that reaches vulnerable structures
(Garcia-Plazaola et al., 2007; Esteban et al., 2009; Takahashi & Badger, 2011). The
dissipation of excess energy is known as non-photochemical quenching (NPQ) (Gu-
lias et al., 2002), and is a highly important component of stress acclimation. Young
leaves that are more susceptible to photoinhibition, due to lack of photosynthetic
machinery, therefore have relatively large xanthophyll pools (Jiang et al., 2006).
The xanthophyll cycle acts on rapid and longer timescales to regulate seasonal pho-
tosynthesis and stress responses (Gamon & Berry, 2012; Wong & Gamon, 2015b;
Gamon et al., 2016). It is detectable via remote sensing and is therefore one of the
most crucial processes within plant stress-remote sensing research (Demmig-Adams
& Adams, 1996; Peguero-Pina et al., 2007; Filella et al., 2009; Hernandez-Clemente
et al., 2011; Gamon & Berry, 2012; Wong & Gamon, 2015a, 2015b; Gamon et al.,
2016; Mottus et al., 2017, 2019).

Anthocyanins are flavonoid pigments. They are actively synthesised during stress,
however uncertainties surround the exact role the they play in drought stress (Steyn
et al., 2002; Landi et al., 2015; Croft & Chen, 2018; Cirillo et al., 2021). Antho-
cyanins’ role in stress responses is diverse and they have been termed ‘nature’s Swiss
army knife’ (Gould, 2004). Light screening properties are one role whereby antho-
cyanins absorb high energy photons, particularly excess UV-B radiation, directing
them away from light saturated photosynthetic machinery (Gould, 2004; Kyparissis
et al., 2007; Landi et al., 2015; Croft & Chen, 2018). Anthocyanin pigments may act
as antioxidants during times of stress by scavenging ROS, although this is uncertain
(Close & Beadle, 2003; Gould, 2004; Hernandez et al., 2009; Croft & Chen, 2018;
Cirillo et al., 2021).

All three pigment groups are characterised by strong absorption in the visible (VIS)
portion of the spectrum (Figure 1.2). Chlorophylls reflect green light, which accounts
for the characteristic green colour of plants. Chlorophyll a exhibits strong absorption
peaks in the blue-violet (around 430 nm) and red (around 662 nm) regions of the

spectrum. Chlorophyll b complements this by absorbing light in the blue (around
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453 nm) and red-orange (around 642 nm) regions, thus broadening the spectrum of
light that plants can utilise for photosynthesis (Croft & Chen, 2018). The reflectance
profiles of carotenoids and chlorophyll overlap, leading to high covariation, which
makes carotenoids hard to distinguish spectrally (Gitelson et al., 2002; Croft &
Chen, 2018; Gitelson, 2020; Sonobe et al., 2020). Carotenoids absorb strongly
around 450 nm and reflect highly in green to red wavelengths. Anthocyanins most
strongly absorb wavelengths around 530 nm, and reflect blue and strongly reflect
red wavelengths (Croft & Chen, 2018).

1.4.2 Vegetation Indices (VI)

In the research chapters presented throughout this thesis, Vegetation Indices (VI)
are routinely used to make inferences about the health status of Sitka spruce (For
full names, formula and references for the VI used within this thesis see Tables 2.1
(p.43) and 2.2 (p.58)). VI are mathematical combinations of wavelengths (generally
2 or 3 bands) associated with specific plant biophysical properties (Xue & Su, 2017;
Zeng et al., 2022). VI are simple, robust and diverse. They provide a measurable
link between plant reflectance and a myriad of biophysical processes. VI make use
of the spectral signatures of pigments, other compounds (e.g. water, nitrogen) and
plant morphology (e.g. Leaf Area Index (LAI), Leaf Angle Distribution (LAD) and
clumping index (CI)) to infer plant statues (Holzwarth et al., 2020; Zeng et al.,
2022). The specific choice of wavelengths (these can be narrow or broadband) is
selected to maximise a biophysical property, while minimising unwanted effects of
spectral contaminants, e.g. the atmosphere or soil (Didan et al., 2015; Zeng et al.,
2022). VI are simple to obtain and robust at different spatial scales, from hand held,
leaf level devices to global satellite coverages (Zeng et al., 2022). Therefore, the use
of VI in ecological research and earth science has been vast since inception in the
1970s (Huete, 2012; Zeng et al., 2022).

The first developed, and still most commonly used group of VI, e.g. Simple Ra-
tio (SR)) and Normalised Difference Vegetation Index (NDVI), are based on the
theory that chlorophyll pigments strongly absorb red light, and strongly reflect
Near-infrared (NIR) light (Didan et al., 2015). The difference between the two
spectral regions gives information about the presence of chlorophyll. There is more
chlorophyll in healthy vegetation which reflects more green light, therefore these VI
effectively measure the ‘greenness’ of a vegetated surface to determine plant statues.
NDVI is perhaps the most extensively used VI for a variety of purposes including as-
sessing drought stress status in vegetation (Anyamba & Tucker, 2012; AghaKouchak
et al., 2015) and as a plant productivity proxy (Hashimoto et al., 2012; Gamon et
al., 2016; Huang et al., 2019). However, NDVI suffers from atmospheric contami-
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nation, soil effects and saturates over dense vegetation. Other VI were developed
to negate these effects, most notably the Enhanced Vegetation Index (EVI) (Liu
& Huete, 1995; Didan et al., 2015). It has a greater vegetation density saturation
point so performs better at high LAIs such as conifer forests (Hufkens et al., 2012;
Huang et al., 2019; Zeng et al., 2022). EVI minimises atmospheric effects by using
the difference between blue and red reflectance. High cross scattering in the blue
wavelengths means that, with higher aerosol concentration, the differences between

the two bands becomes larger (Didan et al., 2015).
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Figure 1.2: A typical Sitka spruce needle reflectance profile measured with a field
spectroradiometer (ASD FieldSpec 4 standard Res, Analytik Ltd, Cambridge) dur-
ing a polytunnel experiment as part of the present reseach. An average of five
repeated measures of 25 rapidly collected spectra is displayed. Reflectance is unit-
less. The spectral resolution is 3 nm to 10 nm. Roughly, (visible wavelengths (VIS)
are 400 - 700 nm, Near infrared (NIR) are 700 - 1300 nm and short-wave infrared
(SWIR) are 1300 - 2500 nm. Low reflectance in the visible region is due to high
absorption by pigments, especially in non-green portions (Note: the spike in re-
flectance around 495-570 nm is due to higher reflectance by chlorophyll in the green
region, giving plants their characteristic green colour). The NIR profile is largely
affected by structural factors and the high reflectance of spongy mesophyll. Strong
absorption in SWIR is due to water, especially water absorption features at 1450
nm, 1940 nm, and 2500 nm.

A plethora of narrow band VI have also been developed which can detect more
specific biophysical properties. For example, VI have been developed for pigment,
water content, plant residues and nitrogen assessments (Gao, 1996; Gitelson et al.,
2001; Zarco-Tejada et al., 2001; Gitelson et al., 2002, 2005; Zeng et al., 2022).

Narrow band VI are applicable using hyperspectral spectroradiometers in the lab
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or field, whereby relative to satellite mounted sensors, the limitations of spatial and

spectral resolution and atmospheric interference are negated.

An important group of VI for the present thesis are those based on reflectance
at 531 nm, namely the Photochemical Reactance Index (PRI) and the Chloro-
phyll/Carotenoid Index (CCI) (Gamon et al., 1992, 1997; Gamon et al., 2016).
Reflectance at this specific region is sensitive to the xanthophyll cycle, the energy
dissipation mechanism used for stress amelioration and seasonal photosynthetic ac-
climation (Jiang et al., 2006; Filella et al., 2009; Takahashi & Badger, 2011; Wong
& Gamon, 2015a; Gamon et al., 2016). As xanthophylls undergo de-epoxidation
and the reverse reaction, reflectance at 531 is altered. Under drought stress, PRI
has routinely been used to track photosynthetic efficiency in conifers (Peguero-Pina
et al., 2007; Filella et al., 2009; Hernédndez-Clemente et al., 2011; Wong & Gamon,
2015a; Mottus et al., 2017, 2019). Some limitations with PRI retrieval have been
highlighted. The difference in absolute reflectance between the two PRI bands is
small, relative to visible and NIR contrasting indices (e.g. NDVI), the PRI signal
therefore can be susceptible to other influences, including the soil background at low
LAI PRI suffers particularly high variation with view angle and is sensitive to LAD
at high view angles (Gamon et al., 1992; Barton & North, 2001).

The characteristic absorption pattern of water, which heavily influences reflectance
in the Shortwave Infrared (SWIR) region of the spectrum (Figure 1.2) means VI
based on water content have been developed and widely used (Hunt & Rock, 1989;
Penuelas et al., 1993; Gao, 1996; Penuelas et al., 1997; Zarco-Tejada et al., 2001;
Chen et al., 2005; Cai et al., 2021). As SWIR radiation penetrates beyond the sur-
face, these VI can give representation of water content within a leaf, which can give
insights into drought stress when desiccation or reduced water content occurs during
a stress event (Ceccato et al., 2002; Chen et al., 2005; Stimson et al., 2005; Xue & Su,
2017; Cai et al., 2021). Drought stress can also be inferred from remote sensing by
measuring temperature changes from evapotranspiration reductions (Garcia-Tejero
et al., 2018) or measuring solar-induced chlorophyll fluorescence (SIF) (Govender
et al., 2009).

1.5 Gross Primary Productivity (GPP)

Plant productivity can be considered a ‘global sensor of environmental stress’ as
plants regulate photosynthesis to maintain photostasis (Biswal et al., 2011). As
discussed above, staged photosynthetic down regulation occurs as drought stress
intensifies (Ensminger et al., 2015). A great deal about a plant’s stress status can be

inferred from productivity. Gross Primary Productivity (GPP) is the total amount
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of carbon that is assimilated by plants through photosynthesis over a given period
(Hashimoto et al., 2012). GPP is one of the most crucial and uncertain parameters
for forest monitoring and global carbon models (Zhou et al., 2016; Joiner et al.,
2018; Joiner & Yoshida, 2020). The possibilities of Sitka spruce GPP retrieval via
SRS are explored in the current thesis due to the link between GPP and plant stress

status.

GPP cannot be measured directly with SRS, therefore modelling techniques exist
with various levels of complexity (Joiner et al., 2018; Joiner & Yoshida, 2020), see
Xiao et al. (2019) for an in depth review. Most simply, GPP can be inferred directly
from VI (Section 1.5.1).

1.5.1 VI and the Light Use Efficiency (LUE) model

A number of VI have been used for relatively accurate GPP retrieval (Nagai et
al., 2010; Gamon et al., 2016; Joiner & Yoshida, 2020), including those based on
‘greenness’ VI (Hashimoto et al., 2012; Hmimina et al., 2013; Gamon et al., 2016;
Huang et al., 2019), NIR reflectance (Badgley et al., 2019; Huang et al., 2019) and
carotenoid dynamics (Gamon et al., 2016; Wong et al., 2022). The analyses in
Chapter 5 assess how well a number of satellite-retrieved VI relate to Sitka spruce
stand GPP using theory from the Light Use Efficiency (LUE) model. This section
will introduce the VI used in Chapter 5 and how they related to LUE.

The Light Use Efficiency model (Equations 1.1 and 1.2), is a simplification of GPP
which, since its first inception by Monteith (1977), has been at the core of plant
productivity research (Wu et al., 2012; Joiner & Yoshida, 2020; Wang, Gamon, et
al., 2020; Wong et al., 2022). The parametrisation of the LUE model can take on

many forms but the basic formula is,

GPP = APARxe (1.1)

APAR = FPAR x PAR (1.2)

where, GPP is equal to the fraction of total photosynthetically active radiation
absorbed by plants (APAR) and the light use efficiency of plants in converting this
radiation into biomass (¢). PAR is the total photosynthetically active radiation
incident on a leaf and FPAR is the fraction absorbed. FPAR is closely related to
NDVI (and other greenness VI such as EVI) and is often used as the proxy for its
retrieval (Running et al., 2004; Wong et al., 2020). Whilst PAR may be estimated
from meteorological data or ground sensors, the parametrisation of ¢ is difficult and

is a major limitation of LUE model accuracy (Turner et al., 2005; Wong et al.,
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2022). It is often indirectly estimated from a biome specific Look-Up Table (LUT)
or meteorological data such as temperature or VPD (Running et al., 2004; Yuan
et al., 2007). € has also been linked to remotely sensed measures of SIF (Li, Zhang,
et al., 2020) or, as discussed below, VI (Rahman et al., 2004; Middleton et al., 2009;
Goerner et al., 2011).

As discussed above NDVI and EVI are measures of ‘greenness’ and have successfully
been used to estimate GPP across a wide range biomes and vegetation types (Goward
et al., 1985; Xiao et al., 2004; Rahman et al., 2005; Huete et al., 2008; Sims et al.,
2008; Hashimoto et al., 2012; Huang et al., 2019) as well as proxies for FPAR
(Running et al., 2004; Verma et al., 2015; Noumonvi & Ferlan, 2020; Wong et al.,
2020; Junttila et al., 2023).

CCI, based on broadband reflectance centred at 531 nm, was developed to track sea-
sonal changes in pigment ratios in conifers from satellites (Wong & Gamon, 2015a;
Gamon et al., 2016) and is a derivative of the widely used Photochemical Reflectance
Index (PRI). Conifers undergo large changes in carotenoid pigment pools, associ-
ated with temperature changes, which seasonally regulate photosynthetic activity
(Gamon et al., 2016). Increases in relative carotenoid pool size leads to decreased
photosynthetic capacity detectable with CCI (Ensminger et al., 2004; Wong et al.,
2022), meaning CCI can track photosynthetic dynamics better than traditional in-
dices in conifers (Gamon et al., 2016; Yin et al., 2022). Although in its research
infancy, CCI has potential as a direct proxy for GPP (Rahman et al., 2004; Wong
et al., 2020) and has also performed well in tracking end of season phenological
changes in deciduous forests (Zeng et al., 2022). Carotenoid dynamics are also al-
tered at finer temporal scales for regulating photosynthesis during stress, potentially
enabling CCI to detect acute stress responses as well as seasonal cycles. The ability
of CCI to track seasonal photosynthetic activity means that theoretically it can be
used as a proxy for € in the LUE model (Rahman et al., 2004; Middleton et al.,
2009; Goerner et al., 2011).

Near-Infrared Radiation from vegetation (NIRv) proposed by Badgley et al. (2017)
is another VI which can be used to estimate GPP by multiplying total NIR re-
flectance, a measure of vegetation photosynthetic capacity, with NDVI, a measure
of vegetation cover (Baldocchi et al., 2020). NIRv has been shown to be a good proxy
for GPP estimation, at monthly and annual scales (Badgley et al., 2019; Wang et
al., 2021), for species including eastern white pine (Pinus strobus L.) (Wong et al.,
2020). However, NIRv may just represent seasonal greening-up and photosynthetic
potential rather than actual GPP (Wang, Gamon, et al., 2020; Wong et al., 2022).
NIRv effectively captures the fraction of incoming solar radiation that is absorbed by
the plant canopy so it acts as a proxy for APAR (FPAR x PAR) in the LUE model
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(Wong et al., 2022). Due to these relationships, Wong et al. (2022) formulated the
LUE using only VI as:

GPP = NIRv x CCI (1.3)

This formulation removes the need for other data inputs; however, its use in the
literature outside Wong et al. (2022) is thus far non-existent. The authors termed
this: MODIS NIRv x CCI, however, for simplicity, here it is referred to as GPPyy.

Temporal scale is an important determinant of the VI/ GPP relationship (Dechant
et al., 2020; De Pue et al., 2023) and as such is included in Chapter 5 analysis. The
comprehensive analysis of remote sensing VI models, meteorological process-based
models and hybrid models by De Pue et al. (2023) demonstrated how the major
determinant of GPP variability changes from meteorological variables at subseasonal
temporal scales to biophysical variables at annual to interannual scales. Therefore it
is expected that meteorological inputs of the LUE are more crucial as time intervals
shorten. Exactly how this dynamic reveals itself in Sitka spruce may have important

consequences for UK forestry applications.

The five outlined VI (NDVI, EVI, CCI, NIRv, GPPvy) will be compared to evaluate
their usefulness for stress and drought monitoring. Their formulae, full names and

original publications are presented in Table 2.2 (p.58).

Increased accuracy and complexity in GPP retrieval is possible with process-based
models (Chapter 6). These are built on the understanding of the fundamental
mechanisms and interactions that drive ecological or meteorological processes, e.g.
photosynthesis. Process-based models incorporate equations that represent phys-
iological processes and environmental interactions. For GPP representation, the
most commonly used is the Farquhar-von Caemmerer-Berry photosynthetic model
(Farquhar et al., 1980; Collatz et al., 1991), which is routinely used in isolation or
integrated into larger models for GPP estimation (Alton, Ellis, et al., 2007; Powell
et al., 2013; Alton, 2016; Zhou et al., 2019; Chou et al., 2020; Liang & Wang, 2020;
Qian et al., 2021).

1.5.2 Eddy Covariance (EC)

Eddy Covariance (EC) CO, flux measurements are used to test accuracy of GPP
retrieval to validate techniques (Baldocchi, 2003). The EC technique directly mea-
sures the exchange of gases, energy, and momentum between the Earth’s surface and
the atmosphere and is considered the ‘gold standard’ for GPP estimation (Joiner et

al., 2018). By capturing rapid fluctuations in vertical wind velocity and gas concen-
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trations, this method calculates the covariance between these variables to determine
fluxes of CO,, water vapour (H,O), and other trace gases. EC has proved popular
for validation of satellite based GPP estimates because it produces ecosystem level
measurements, on temporal scales ranging from seconds to years, which can be re-
lated directly to canopy GPP (Baldocchi, 2003; Joiner et al., 2018). EC is sampled
over a specific area (flux footprint), which determines the probability of where a spe-
cific flux originates. This provides a spatial area, ranging from less than a hundred
metres to several kilometres, that can directly relate to satellite images (Schmid,
1994). EC instrumentation is mounted on tall (depending on forest canopy height)
towers. Installation and maintenance are expensive, however global networks (e.g.
FLUXNET (Baldocchi et al., 2001)) link EC data sets, facilitating global scale val-
idation across multiple biomes and plant functional types (PFT) (Reichstein et al.,
2007; Chen et al., 2009; Hashimoto et al., 2012; D’Odorico et al., 2015; Tang et al.,
2021; Zhang et al., 2023).

1.6 Thesis outline

The environmental threats to UK forests due to the changing climate are unprece-
dented. However, the potential for remote sensing to assess, model and monitor
these threats, at previously unattainable scales (spatial, temporal), has never been
greater. The present thesis aims to explore potential ways in which UK forestry
could adopt remote sensing to transition towards a more drought resilient sector.
The major avenues explore, (i) the potential for ground based hyperspectral mea-
surements to characterise detailed drought stress responses in Sitka spruce, and (ii)
evaluate the possibility for high throughput drought screening, for future breeding
programmes, and (iii) evaluate satellite based GPP retrieval, for opportunities for a
country wide forest monitoring programme. This would facilitate pioneering insights
into the state of forests and their responses to drought and other stressors. The the-
sis includes a materials and methods chapter (Chapter 2) including site description,
an experimental set up, satellite data processing and data source descriptions. This
is followed by four primary research chapters (Chapters 3 - 6) and a general discus-
sion (Chapter 7) to link themes together and draw conclusions on the thesis as a

whole. The research chapters are as follows.
Chapter 3 - Evaluating the drought responses of Sitka spruce (Picea

sitchensis) clones using Vegetation Indices (VI). Are genetic differences
detectable through VI?

Sitka Spruce is susceptible to drought stress. Characterising the dynamic effects of
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early drought stress, and screening or selecting for more drought resistance in Sitka
spruce genotypes, could prove crucial in moving towards a more drought resilient
UK forestry sector. By exposing six Sitka spruce clonal groups, from the Forest Re-
search clonal archive, to a progressively intensifying experimental drought, Chapter
3 investigates the effects of drought on needle reflectance over eight weeks to de-
termine; (i) the best VI to monitor drought stress; and (ii) if genotypic differences

occurred and were detectable using VI.

Chapter 4 - The effect of canopy position on Vegetation Indices (VI) for

Sitka Spruce (Picea sitchensis) needles during an experimental drought.

Localised variation in environment, both in space and time, and plant life cycles
mean biophysical properties vary across a forest canopy. This variation is often not
accounted for by satellite based remote sensing which indiscriminately captures and
homogenises different leaf classes. In Chapter 4, using an artificial drought exper-
iment, spectral differences in canopy positions are evaluated in Sitka spruce clonal
groups. To determine (i) if biophysical differences throughout the canopy are de-
tectable with VI, and if needle canopy position and needle age effect VI and (ii) if

the VI drought response varies across the canopy.

Chapter 5 - Evaluating five MODIS Vegetation Indices (VI) for tracking
GPP seasonal dynamics in a UK mature Sitka spruce (Picea sitchensis)

plantation. Are effects of the 2018 drought detectable from space?

Satellite-based remote sensing facilities the study of forests at stand to global scales.
Deriving Gross Primary Productivity (GPP) from satellites allows assessments of
forest heath, seasonal cycles, phenological events and stress status. GPP is routinely
modelled via the LUE model using satellite inputs or in some instances GPP can
be inferred directly from VI. Chapter 5 evaluates the accuracy of VI based GPP
retrieval, using MODIS satellite imagery and LUE theory, for a mature even-aged
Sitka spruce plantation in the UK. Five VI are evaluated within 10 model formula-
tions, at three temporal scales, to identify (i) how well these VI relate to GPP and if
newer VI (CCI, NIRv GPPyy), are better correlated to Sitka GPP than traditional
greenness VI (NDVI, EVI). Chapter 5 also assesses if (ii) drought induced GPP
reductions can be detected with satellite models at multiple temporal scales and
(iii) temporal aggregation or interpolation can overcome low data availability at a
high latitude site and whether (iv) drivers of GPP change between time intervals,

effecting model choice.
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Chapter 6 - Testing the Simple Biosphere Model (SiB) for GPP retrieval
in a UK mature Sitka spruce (Picea sitchensis) plantation. Can new VI
improve the model and are effects of the 2018 drought detectable with
SiB?

Correct parameterisation of process based eco physical models can facilitate high ac-
curacy Gross Primary Productivity (GPP) retrieval by simplifying the mechanistic
responses of plants into a series of formulae and sub models. The Simple Biosphere
model (SiB) had proved successful for good quality forest trait retrieval at satel-
lite scales. SiB however, like all models, is non-ideal. Chapter 6 uses different SiB
parameterisations for GPP retrieval of a mature, even aged Sitka spruce planta-
tion in the UK. These are analysed and model improvements tested to evaluate if
(i) introducing a more biologically realistic Vemax improves SiB-GPP predictions,
and if VI (CCI and GPPvy;) can act as Vemax proxies; (ii) if other VI (EVI, CCI,
NIRv GPPyy), relative to NDVI, improve SiB GPP estimation; (iii) and whether
the model performs differently across seasons, and (iv) if the introduction of a water

stress term, based on VPD, improves SiB sensitivity to drought stress.

1.7 Thesis aims

The chapters outlined will be used together to test the following questions:

— Can VI can detect drought responses in Sitka spruce (at the needle scale and

canopy scale)?

— Can VI detect clone and canopy difference in drought responses in Sitka

spruce?

— Do new generation VI based on xanthophyll dynamics outperform traditional

‘greenness’ ones?
— Can new generation VI improve process based modelling?

A general discussion is present in Chapter 7 where results from all chapters are
evaluated in relation to the thesis aims and conclusions of the research as a whole

are made.
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Chapter 2

Data and Methods

2.1 Overview

Methods and data used for the proceeding research are outlined in this Chapter.
Chapters 3 and 4 are analyses of data collected in an artificial drought experiment,
designed to test a wide range of Vegetation Indices (VI), collected using hyperspec-
tral field spectroradiometry. Chapters 5 and 6 then evaluate VI at coarser spectral
and spatial resolution using satellite based remotely sensed reflectance. In Chapter

6 the VI are ingested into a process-based biophysical land surface model.

This Chapter details the methods and data that provide the basis for, and are

common to, the subsequent research. The outline for this Chapter is as follows,

— 2.1 - The design and outline for a drought experiment on Sitka
spruce (analysed in Chapters 3 and 4). Including development of a novel
methodology for non destructive, in-situ, hyperspectral reflectance retrieval

for conifer needles.

— 2.2 - Description of the flux tower field site at Harwood forest, UK.
This site is a commercial even aged Sitka spruce plantation. For Chapters 5
and 6, satellite observations were validated against Harwood forest flux data.

The ‘truth’ data used for validation was initially collected and published by
Xenakis et al. (2021).

— 2.3 - Long term (20+ years) VI datasets (Vlgay, VIi6, VImontn), were
developed for this thesis, for use in Chapters 5 and 6. These are produced at

three temporal resolutions and are based on MODIS reflectance data.

— 2.4 - Description of the process-based biophysical land surface model
(the Simple Biosphere Model (SiBx)). This is based upon the formu-
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lation of the model presented by Sellers, Randall, et al.; Sellers, Tucker, et
al. (1996, 1996), which includes the photosynthesis model from Collatz et al.
(1991) and canopy integration by Los et al. (2000) but includes additional

components developed for this thesis.

— 2.5 - Development of maximum carboxylation rate (Vcmax) time
series. The static parameterisation of Vcmax is a potential limitation of SiBx
so a series of novel seasonally dynamic Vemax time series are outlined which

are tested in Chapter 6.

— 2.6 - Two datasets are described and validated in this Chapter before
use in later analysis. Specifically, the ERA5 climate reanalysis dataset is
compared to corresponding flux tower meteorological variables, and the newly
developed VIig is compared to the already established MODIS VI (MOD13)

dataset.

In general, throughout the thesis, statistical analysis is described within the corre-

sponding research chapter.

2.2 Experimental design for Chapters 3 and 4

2.2.1 Introduction

Remote sensing provides opportunities to monitor forest health at landscape scales,
by use of satellite mounted spectral sensors, informing foresters of early stress de-
tection and stress monitoring (Grulke et al., 2020). It also provides potential to
identify more drought tolerant individuals or genotypes by linking remotely sensed
variables with stress response phenotypes (Plesa et al., 2019). Satellite imagery is
limited in its spectral, spatial and temporal resolution and continuity. To better
understand the mechanistic processes linking reflectance and plant biophysical pro-
cesses, studying plant stress relationships at the leaf level is crucial. Therefore, for
the purposes of this PhD, a polytunnel drought experiment was set up to gain an
understanding of how the response of Sitka spruce subjected to drought is reflected
in VI, at a level of detail unachievable by satellite imagery. These findings will both
provide novel insights into Sitka spruce drought stress responses as well as inform

later chapters.

The specific aims of the experiment were to

— Measure the spectral response of Sitka spruce clones to progressively increasing

levels of drought at the leaf level.

35



— Identify VI that are sensitive to drought for further research and spatial scaling.

— Assess whether genetic differences in Sitka spruce result in differing stress

responses that are detectable with remotely sensed VI.

— understand how these VI responses differ due to needle age and needle canopy

position.

This section outlines the experimental design and procedure. The results and dis-

cussion of the outlined experiment are presented in Chapters 3 and 4.

2.2.2 Spectra collection and processing

The experiment was carried out in a polytunnel located at the Forest Research
Northern Research Station in Roslin, Midlothian during the Summer 2022. The
polytunnel allowed for total control of plant water inputs as it excluded external pre-
cipitation. Temperature and humidity exceeded that of the outside norms however,
to ameliorate these effects, the polytunnel doors were left open and a temperature

operated fan increased air flow and cooled the environment.

2.2.2.1 Technical design considerations

The experimental procedure required repeat measures of Sitka spruce needles. To
ensure accurate and reliable spectra collection, technical considerations were over-
come. This section outlines the practical challenges of needle spectral retrieval to

justify the chosen methodology.

Needle reflectance spectra were collected weekly for the duration of the experiment
using a field spectroradiometer (ASD FieldSpec 4 standard Res, Analytik Ltd, Cam-
bridge) which records wavelengths in the range of 350 nm to 2500 nm (3 nm to 10
nm resolution). This instrument is widely used for hyperspectral field or labora-
tory campaigns for leaf reflectance measurements (Mottus et al., 2012; Serbin et al.,
2014; Hovi, Forsstrom, et al., 2017; Hovi, Raitio, & Rautiainen, 2017; Lange et al.,
2017; Vanino et al., 2018). The instrument measures with a contact probe which
contains a light source perpendicular to the measuring surface on the end of a fibre
optic bundle. The standard leaf clip contact and probe available with the FieldSpec
4 is designed for broadleaf leaves therefore, measuring conifer needles poses specific
technical challenges (Lukes et al., 2013).

Broadleaf plants often have an, assumed to be, flat and relatively large adaxial sur-
face area. Whereas coniferous plants, with needle-like leaves, have a rhomboid cross-
sectional shape and small adaxial surface area. The cross-sectional shape (cylindri-

cal geometry) changes the incident angle, reducing the effective absorbing surface
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(Gates et al., 1965). Multiple scattering is high in coniferous plants due to mutual
shading in needle clumps, this traps incoming photons, increasing the likelihood of
absorption, and thus reduces reflectance detected at the instrument (Yanez-Rausell
et al., 2014). High multiple scattering poses significant challenges in radiative trans-
fer modelling and biophysical trait retrieval (Rautiainen & Stenberg, 2005), as the
spectral signals from different leaves are mixed non-linearly, making complex struc-
tural effects (Mottus et al., 2017). Multiple scattering in conifers is thought to be
the main driver of NIR darkness relative to broadleaf plants (Rautiainen & Stenberg,
2005; Rautiainen et al., 2012).

Despite these limitations, needle spectra are routinely analysed. However, they are
usually destructively sampled and the needles are placed in an integration sphere
(Mottus et al., 2012; Pottickova et al., 2016, Wu et al., 2018), laid flat as a single
layer of tightly packed needles (O’Neill et al., 2002; Zuzana et al., 2013), loosely
packed as a random bundle of needles (Serbin et al., 2014) or imaged using a small

contact probe (~0.5 mm diameter) (Richardson et al., 2001).

For the experimental set up here, repeated spectral measurements on small plants
with relatively sparse canopies were desired to monitor drought over time. Therefore
plants needed to be non-destructively sampled, to maintain full canopies, and avoid
stress associated with high levels of defoliation. Non-destructive repeat sampling of
conifer reflectance is rare. Mottus et al. (2017) measured in-situ Scots pine needles,
by inserting single needles into a grooved leaf clip, with a visor to limit stray light.
However, for the present analysis, no leaf clip capable of holding an individual needle
was available. Concerns about signal-to-noise ratio of measuring individual needles
(Sitka spruce needles are smaller than Scots pine so would decrease the signal-to-
noise ratio) required a new in situ, non-destructive, repeat sampling procedure to

be developed.

2.2.2.2 Spectra measurement procedure

Using a standard contact probe and low reflectance gloves, needles were arranged to
form a flat continuous surface over the probe’s field of view, this used the contact
probe’s full field of view to maximise signal. The low reflectance gloves allowed
external light to be blocked where gaps between the probe lens and sample were
present (Figure 2.1, see also Appendix A, Figure A.1(p.176)). The correct amount
of pressure could be applied to the sample by the user ensuring a good contact with

the probe without damaging the needles (Serbin et al., 2014).

The glove was highly absorbent across all wavelengths so performed a similar func-

tion to a black reference panel. The black reference panel available with the spectro-
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radiometer and the glove were compared spectrally, and both produced almost no
reflectance in any band. However, the thick layer of needles ensured minimal light
would penetrate fully through the sample. The method outlined by Mottus et al.
(2017) requires two people for sampling, one for inserting the sample and the other
to operate a computer. The use of a glove and a laptop holder, allowed samples to
be taken efficiently by one operator, who could position and hold the sample with

one hand, and record measurements with the other (Figure 2.2).

Figure 2.1: Measuring Sitka spruce spectra in situ on a branch. Left image: Using
the leaf clip without a glove creates gaps between the contact probe and the sample
(seen by the light escaping above the sample, also see Appendix A, Figure A.1
(p.176)). Right image: with the introduction of a low reflectance glove the user is
able to apply pressure to the sample which facilitates a greater contact between the
sample and probe.

To reduce measurement noise one measurement consisted of an average of 25 rapidly
collected spectra. To account for the systematic bias that could arise from a specific
orientation of the plant material or probe characteristics (Serbin et al., 2014), the
probe was removed from the sample after each measurement, then brought back to
the same location on the branch. Due to the regular arrangement of needles surfaces
facing vertically upwards, the same surface of needles was predominantly sampled
(Figure 2.3). Five measurements (25 rapidly collected spectra) were averaged to

produce a single spectrum which constituted one observation.

Needles from a number of positions in the canopy were taken. Current year nee-
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Figure 2.2: Reflectance measurements are recorded by a single operator. Samples
are held still with one hand while the computer is operated with the other. The
computer is held by an ASD laptop carrier (Analytik Ltd, Cambridge).

dles were ignored as their spectral properties vary greatly during the first year of
expansion (Wu et al., 2018; M. Perks, personal communications, 2022), confounding
the drought response. Measurements consisted of top of canopy needles (N"PPT))

bottom of canopy needles (N'"°r) and previous year needles (N°4).

NUPPer and NWer were overwintered needles from the previous year’s growth (2021),
taken in the top or bottom 25% of the vertical canopy profile. N° were sampled
from the top 25% of the canopy where possible or the highest available whorl. These
were needles grown in 2020. Sitka spruce needles are regularly arranged as branches,
branchlets and needles, so needle age is easily determined by counting internodes
backwards, from the current year (O’Neill et al., 2002) (Figure 2.3). One observation
per position on every tree was taken. A white reference was taken between each tree
using a 99% Spectralon white reference panel. Every tree was sampled on a weekly
basis to construct the spectral time series. The contact probe and low reflectance
glove were routinely assessed for plant material or dust and wiped with cleaning

alcohol wipes.
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Figure 2.3: Regular arrangement of Sitka spruce needles. Each internode represents
the boundary for a different year’s growth. The above sample is four years of growth.

2.2.2.3 Spectra processing

Spectra were interpolated to 1 nm. The spectroradiometer consists of three indi-
vidual sensors (350 - 1000 nm, 1000 - 1800 nm and 800 - 2500 nm), which take
independent spectra that are joined together by the instrument’s hardware. Noise
occurs where these spectra are joined so spectra are smoothed with a Savitsky-
Golay filter (Savitzky and Golay, 1964). Field collected spectra were converted from

relative (Rsampie) to absolute reflectance (Rgps) by,

D Nample
DNwyr
Where DNggmpie is the collected spectra, DNy g is the white reference taken in
the field and Ry g is a lab calibrated reflectance value calculated by the NERC

spectroscopy facility (Edinburgh, UK).

Raps = X Rwr (2.1)
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2.2.3 Experimental setup
2.2.3.1 Study plants

Sitka spruce (Picea sitchensis (Bong.) Carr) study plants was taken from the Forest
Research clonal archive (Roslin, UK). Ten ramets from six clonal groups were used.
Each ramet originated from scions, collected from mature grafts of the original
breeding population trees from West Scotland and Southwest England. Two of
these clonal groups made up part of the general breeding population in the UK.
These were grafted to root stock in 2015 and planted in 9.5 L pots in 'nursery stock
general’ soil (ICL, Suffolk) with slow-release fertiliser (120N, 60P, and 199K mg/1).

The groups of clones were randomly assigned to control or drought treatments and
moved to the polytunnel in late May 2022. Drought trees were placed on pallets to
stop any uptake of moisture from the ground (Figure 2.4). Plants were arranged,
so that there was equal representation of each clone around the edges, and no clone

existed more than once in any row or column (Figure 2.5).
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Figure 2.4: Study plants before experimental drought initiation. Plants on the left
(Drought treatment) were placed on pallets to avoid uptake of moisture from the
ground. Pot saucers were used when watering the control plants to ensure high soil
moisture content.
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Drought Control

Figure 2.5: Experimental layout of study plants. Plants were arranged so that there
was equal representation of each clone around the edges and no clone existed more
than once in any row or column. The numbers and colours denote the six different
clonal groups. 60 individual plants were used in total. 30 in the drought and control
treatments and 10 repeats within each of the six clonal groups.

2.2.3.2 Vegetation Indices (VI)

Vegetation indices (VI) were taken from the literature and are categorised as: Green-
ness VI (VIg) sensitive to chlorophyll concentration, Pigment VI (VIp) sensitive
to stress related pigments (Carotenoids and Anthocyanins) and Water Content VI
(VIw) which are sensitive to water content within needles. The VI used and their

formula is presented in Table 2.1.
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2.2.3.3 Soil moisture

Soil moisture was recorded using two methods, both using ThetaProbe ML2x soil
moisture sensors (Delta-T Devices Ltd, Cambridge, UK). Continuous measurements
were automatically taken every 30 minutes by a datalogger (CR1000x, Campbell
Scientific, Shepshed, UK) to give diurnal change in soil moisture (see Appendix A,
Figure A.2 (p.177)). One individual from each clonal group, in both treatments,
received an in situ probe for the duration of the experiment. Soil moisture was
also measured manually, two to three times a week, using a ML2x sensor wired to
a handheld HH2 soil moisture meter (Delta-T Devices Ltd, Cambridge, UK). For
these measurements, the sensor was fully inserted into the soil. Three measurements
per pot were taken around the tree and an average calculated to give representative

soil moisture of the pot.

2.2.3.4 Sensor calibration

To ensure accurate soil moisture readings, a soil-specific calibration was performed.
A 2 LL sample of soil was removed from a Sitka spruce clone, not used in the experi-
ment, which was potted with the study plants. The soil was weighed and a reading
in volts taken with a soil moisture sensor. The sample was then oven dried at 105 °C
for 24 hours. Once dry it was reweighed and a new voltage measurement taken. The
probe voltage is converted into dielectric constant with a third order polynomial fit
using,

Ve =107 +6.6V> 6.4V +4.7V3 (2.2)

Where V' is measured voltage. A specific soil conversion from V to soil moisture is

then calculated using,

g YE— (2.3)

a1

ag and a; are soil-specific coefficients, ag is the dielectric constant of the dry sample

and a is,

VEu = Ve (2.4)

al = ————

O

Where /€, and /gy are the wet and dry soil dielectric values and 8, is,

W, - W

O 7

(2.5)
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In which W,, and Wj are wet and dry soil weights and L is the soil sample volume

in litres.

2.2.3.5 Watering regime

Before the drought treatment began, all pots were watered to saturation then left
for two hours for excess water to drain. Soil moisture readings were taken, and this
value was used to determine the field capacity (FC) for each pot. Control plants were
maintained at around 80-100% FC with regular watering, occasionally dropping to

75%. This ensured that these plants were never limited by water availability.

Drought plants were exposed to gradually decreasing water availability, to avoid
rapid soil drying, which is unlikely to occur in natural conditions. In weeks one and
two, water content was allowed to drop, and was then maintained at around 20%
to 25% FC. For the next two week period, the pots were then watered to 20% FC,
once a week, then left unwatered for the remainder of the drought period.

To achieve the desired water content in each pot, a water deficit in L was calculated

using,

where,

SMFC = QFC X 9.5 (27)

SMpc is the total water in L at field capacity. Op¢c is soil moisture (m3m?) at FC

and 9.5 is the total pot volume in litres
and,

Tg
SMpr=5M — 2.8
T FCc X 100 ( )

SMry is target water in L and T'g is the target percentage of FC.

2.2.3.6 Maximal photochemical efficiency (Fv/Fm)

Chlorophyll fluorescence is a non-invasive measure of photosystem II activity and can
provide direct inferences of plant photosynthetic performance (Murchie & Lawson,

2013). It can provide relatively quick and reliable indications of plant function, so
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measurements were taken to complement the hyperspectral analysis. Chlorophyll
fluorescence is a phenomenon where chlorophyll molecules emit light (fluoresce),
when they return to their ground state, after being excited by light absorption
(Baker & Rosenqvist, 2004). When chlorophylls receive light energy it can take one
of three pathways, most light is absorbed, some excess energy is dissipated as heat
(NPQ) and a small portion is emitted as longer wavelength light, in the red (around
680 nm) and far-red (around 730 nm) regions. Measuring this re-emitted light is the
basis of chlorophyll fluorescence. Because these three processes occur in competition
with each other, chlorophyll fluorescence provides information about the quantum
efficiency of photochemistry and heat dissipation (Murchie & Lawson, 2013).

Multiple metrics can be inferred from chlorophyll fluorescence, here the maximal
photochemical efficiency of photosystem II (Fv/F'm) is used, as an indicator of plant
photosynthetic activity, and a good proxy for drought stress (Mena-Petite et al.,
2000; Fang-yuan & Guy, 2004; Bigras, 2005; Cifre et al., 2005; Zhuang et al.,
2020; Baldi & La Porta, 2022). Fv/F'm represents the potential efficiency of the
photochemical reactions occurring in photosystem II (PSII) when all reaction centres

are open.

Fv/Fm was measured with a Pulse-Amplitude-Modulation (PAM) chlorophyll fluo-
rometer (MINI-PAM-II, H. Walz, Effeltrich, Germany). Fv/Fm is calculated as,

Fv  (Fm— Fo)
= 2.9
Fm Fm (2:9)

Where Fo is the minimum fluorescence and F'm is the maximum fluorescence in the
dark-adapted state. Needles are arranged to form a flat continuous surface and dark
acclimated for 30 minutes using a dark leaf clip (DLC-8, H. Walz, Effeltrich, Ger-
many). Fo is taken using a low intensity measuring light. F'm is taken immediately

after a 0.8 s saturating pulse.

2.2.3.7 Polytunnel conditions

The experiment ran from 27" June 2022 when the drought treatment initiated, and
continued until 24™ August 2022 when the drought plants were watered. Temper-
ature and humidity were recorded as 10 minute averages at 2 m above the trees
within the polytunnel, however, data are only available from 11th July 2022 due to

low accuracy of initial measurements.
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2.2.3.8 Needle measurements

Dimensions for needles of all study trees were taken at the start of the experiment.
Three needles from NP Nlower and N4 were removed and the length and width
recorded with a pair of callipers to 0.1 mm accuracy. An average of the three samples

from each tree and canopy position were calculated.

2.3 Study location for Chapters 5 and 6

Following on from the polytunnel drought experiment, Sitka spruce was then studied
in natural environmental conditions, at a larger spatial scale. This was done via
satellite based VI retrieval at a mature plantation field site. The field site is outlined

in this section.

2.3.1 Introduction

The standardised global spatial coverage and long term temporal continuity of satel-
lite based plant biophysical trait retrieval, facilitates forest monitoring with limited
cost. The primary focus of Chapters 5 and 6 is the retrieval of Sitka spruce Gross
Primary Productivity (GPP) from satellite based reflectance and meteorological
variables. GPP cannot be directly observed with remote sensing so various mod-
elling approaches are used to link biophysical traits to productivity (Canadell et al.,
2000; Zhang et al., 2015). This PhD relates Moderate Resolution Imaging Spectro-
radiometer (MODIS) reflectance data to Sitka spruce GPP, using either VI as direct
GPP proxies, LUE term proxies (Chapter 5), or GPP retrieval via process-based
ecophysical land-surface modelling (Chapter 6). Modeling approaches require vali-
dation, and the use of the eddy covariance (EC) technique is the primary method
for high quality GPP measurements, and therefore model validation (Norman et al.,
1997; Baldocchi, 2003; Gonsamo et al., 2013; Wang, Gamon, et al., 2020; Wang,
Chen, & Ju, 2020a). For the aims of this PhD, GPP validation comes from the EC
flux and microclimate monitoring site in Harwood forest, England (Xenakis et al.,

2021). This section outlines the study site and data availability.

2.3.2 The Harwood forest

Harwood Forest is a commercial upland conifer forest in Northumberland, NE Eng-
land (55°13’00"N, 2°01°32"W) (Figure 2.6). It is an even aged, second rotation,
mature Sitka spruce plantation covering 40 ha, planted in 1973. The site leaf area
index is 5.7, mean tree density is 1348 trees ha™* and top height is 26 m. The site is

situated at 290 m elevation with a 2 °slope. Mean annual temperature is 7.6 °C and
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total precipitation is 1300 mm. The soil is peaty-gley. Sitka spruce is extensively
planted across the UK (Figure 2.6) and covers around half the planted conifer area.
The Harwood Forest site is climatically representative of typical forestry in Scotland
and much of northern upland UK (Locatelli et al., 2021).

Data from the site are collected via instrumentation on a tower installed in 2014 to a
top height of 32 m. Carbon fluxes are recorded with a modified semi enclosed IRGA
(LI7500, Li-Cor Inc., Lincoln NE, USA Clement et al., 2009). Air was sampled along
a vertical profile to determine CO5 and H,O fluxes at a frequency of 10 measurements
per second. Meteorological variables such as air temperature, humidity, incoming
radiation and photosynthetically active radiation were also recorded at 5 s intervals.
For a more detailed description of flux calculation and instrumentation see Xenakis
et al. (2021). A site footprint was determined using the Kormann and Meixner
(2001) model. This was used to determine a four-year average cumulative footprint,
to determine the sample location, within satellite images (Figure 2.8). CO, flux
data from 2015 to 2018 were used. Soil water content was recorded with 107 probes
(CS605, Campbell Scientific Ltd) at four soil depths (0.02, 0.1, 0.3, and 0.6 m). An

average of these depths was taken to give soil water content at a depth of 0.3 m.

2.3.2.1 GPP calculation

The storage flux (F's, pmol COy m? s7') was determined by Xenakis et al. (2021),
by calculating the differences in CO5 mixing ratio, multiplied by the depth of each
canopy layer, every 30 minutes, using the method described by Yang et al. (2007).
See section 2.2.2 in Xenakis et al. (2021) for more detail. These 30 minute F's values
were filtered to exclude any period where incoming global shortwave radiation < 20
W m2. These were considered as day-light observations and were then aggregated

to give daily values (F's, pmol COy m? s1). This was converted to GPP gC d! by,

0.85
GPP = Fs x ds x m (210)

Where ds is the number of seconds of daylight at the specific latitude. This was
multiplied by 0.85 to account for low light intensities at sunrise and sunset. This
value is converted to g C by converting CO, to mols then multiplying by the total
molecular weight of C within CO4 (12).

2.3.2.2 Meteorological variables

Other meteorological variables recorded at the flux tower were made available. These
are used in Section 2.7 to validate the European Centre for Medium-Range Weather
Forecasts (ECMWF) Reanalysis vb (ERA5) data set, used for parametrisation of
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Figure 2.6: The location of the Harwood flux tower site in north East England. The
red point represents the position of the flux tower. The scale bar represents 100km
The green area is the distribution of conifers from the National Forest Inventory 2020
(Forestry Commission. (C) Crown copyright and database right (2020), Ordnance
Survey [100021242]). Forest cover data is not available for Ireland and Northern
Ireland.

the Simple Biosphere Model (SiBx) (Chapter 6). The available variables were air
temperature (°C), Photosynthetically Active Radiation (PAR) (mW m?), relative
humidity (%), atmospheric pressure (KPa), soil water content (%) and precipitation

(mm day™!).
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2.4  Satellite data sources and data processing

2.4.1 Introduction

For the analysis in Chapters 5 and 6, a number of satellite based data sources were
used. A description of these data and processing steps are outlined in the following
section. Section 2.4.5 gives a detailed description of the processing steps undertaken
to develop a series of continuous VI time series, at three temporal time scales, from
MAIAC processed MODIS data.

2.4.2 ERAS5

Meteorological variables used to drive the LUE model (Chapter 5) and SiBx model
(Section 2.5 and Chapter 6) were taken from the European Centre for Medium-
Range Weather Forecasts (ECMWF') Reanalysis v5 (ERAB) dataset (Hersbach et
al., 2020; Munoz Sabater, 2021). ERA5 combines observation with model data to
produce a globally consistent and temporally continuous climate dataset containing
a detailed record of the evolution of 50 variables. It has global coverage at 0.1° x 0.1°
and hourly temporal resolution. Temporal coverage dates from January 1950 to the
present. ERA5 and its previous versions have been widely used, including among
other uses, in the Intergovernmental Panel on Climate Change (IPCC) State of the
Climate Assessments, atmospheric sciences and plant process modelling (Chen et al.,
2020; Hersbach et al., 2020; Intergovernmental Panel on Climate Change (IPCC),
2021). ERAS5 is routinely used, and selected for this thesis, due to its assessed
reliability (IPCC, 2021).

ERA5 data is available directly from https://cds.climate.copernicus.eu/. However,
for the present work, data were acquired through the Google Earth Engine GUI
(Gorelick et al., 2017). Whereby, for the ERA5 pixel overlapping the Harwood flux
tower footprint (55°13’00"N, 2°01’32"W), hourly values for the desired variables were
averaged, to obtain daily observations for all days from 2015 to 2018. The ERA5

variables are presented and discussed in Section 2.7.

2.4.3 MODIS

The focus of this PhD is evaluating the applicability of various VI for Sitka spruce
health monitoring. Chapters 5 and 6 use satellite based spectroscopy to evaluate VI
performance at the landscape scale. A variety of long term, globally expansive, open
source satellite mission data sets exist. For the present thesis, data acquired from
the Moderate Resolution Image Spectroradiometer (MODIS) were selected. This

was due to:
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— The availability of specific wavelength bands - most notably MODIS
band 11 is centred at around 531 nm (the band width is 526 - 536 nm), which
is not present in higher spatial resolution sensors e.g. Sentinel-2. This makes
the retrieval of CCI possible (Gamon et al., 2016).

— Daily overpasses - the high frequency of cloud cover at the study site means
data availability is low. High temporal resolution is therefore favoured to

ensure the best chance of cloud free observations.

— Long (+20 years) data availability - this ensures the data is available over
the study period (2015 - 2018), but also provides a good sample for historical

averages required for time series construction.

MODIS was launched on the ‘Terra’ satellite in 1999 and the ‘Aqua’ satellite three
years later, and has provided continuous reflectance measurements ever since (Sa-
lomonson et al., 2006). The sensors collect reflectance across 36 bands at 250 - 1000
m spatial resolution (bands 1-2 @ 250 m, bands 3-7 @ 500 m and bands 8 - 36 @ 1000
m). Since its launch, a large suite of MODIS products have been made available
including raw radiances, atmospheric products, cryosphere products, ocean prod-
ucts and land products. Including, but not limited to, ready processed LAI, FPAR,
GPP, NDVI and EVI as well as various preprocessed surface reflectance products.

The literature and use of these products is extensive and active (Garcia-Mora et al.,

2012; Yan et al., 2021).

To achieve the desired objectives for forest monitoring, data availability, due to
frequent cloud cover, was the major limitation. To overcome this, a series of tem-
porally continuous datasets were developed using various compositing and interpo-

lation techniques. The requirements of the developed datasets were to be
— Temporally continuous
— Contain multiple VI (NDVI, EVI, CCI, NIRv and GPPvy)
— Be repeatable over any MODIS pixel

To achieve these aims, two existing MODIS products were used which are out-
lined below. (i) The MODIS VI product (MOD13) is an established VI product,
which here provides a reference data set that has been justified within the literature.
And (ii) the MATAC reflectance product, which provides high quality processed re-

flectance data, from which the new time series are developed.
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2.4.3.1 MODIS VI (MOD13)

MOD13 is an established data product produced globally, which is a temporally
continuous time series of two ‘greenness’ VI (NDVI, EVI), at regular 16 day inter-
vals (23 observations per year) (Didan et al., 2015). The images are corrected for
molecular scattering, ozone absorption and aerosols. MOD13 overcomes discontinu-
ous observations, by implementing a Constrained View Maximum Value composite
(CV-MVC) algorithm, which selects the ‘best’ observation, for each 16-day window,
based on view angle and high NDVI (see Section 2.4.5.2 below). Compositing like
this strongly reduces the effects of clouds and noise (Testa et al., 2018), while main-
taining high precision for phenological cycles (Zhang et al., 2009). The product
is well established and has been widely used in the literature (Testa et al., 2014),
including for phenological start and end of seasons estimations (Testa et al., 2018),
canopy dynamics (Ahl et al., 2006), tree mortality levels (Spruce et al., 2019) and
forest defoliation (Spruce et al., 2011). It is however, limited to NDVI and EVI, two
indices which, although useful, are sub-optimal for some biophysical trait retrieval
(Huete et al., 2002), especially in evergreen conifers (Gamon et al., 2016). Therefore,
the new datasets proposed in this thesis (Section 2.4.5), expand on the CV-MYC

framework, to include newer VI.

MOD13 processing (VIyopis)

MOD13 products from both satellites (Terra (MOD13A2) and Aqua (MYD13A2))
were selected to ensure the best chance of good quality observations. These products
are at 1 km resolution making them comparable with the full range of MODIS
reflectance bands (bands 8 to 36 are only available at 1 km resolution). All data from
the pixel corresponding to the location of the flux tower (55°13'00"N, 2°01°32"W)
(see section 2.4.6), were cropped and downloaded for the years 2000 to 2022, using
Google Earth Engine (GEE) (Gorelick et al., 2017). Due to extreme values, from
non-ideal quality observations, the data were then further filtered. The filtering
used the inbuilt quality flags, to remove snow and cloud influenced pixels (QA = 0,
1). Observations which had view angles greater than 35° and extreme EVI values
(< 0.3) were also removed. This left a final dataset of NDVI and EVI consisting of
506 observations across the 22 year period (Figure 2.7). Filtering was conducted in
R and RStudio (RStudio Team, 2020). This filtered MOD13 dataset is henceforth

referred to as VIyiopis.

2.4.3.2 MAIAC

For high quality MODIS reflectance the Multiangle Implementation of Atmospheric
Correction (MAIAC) algorithm (Lyapustin et al., 2018) was used. The MAIAC
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algorithm grids MODIS L1B measurements to fixed 1 km cells, and with a number
of pixel and image-based processing steps detects clouds, snow and aerosols and
performs a number of image atmospheric corrections, using short sliding window
time series, known LUT inputs and a bidirectional reflectance distribution function
(BDRF) model (Laypustin et al., 2008, 2011, 2012, 2018).

MATAC pre-processing (Filtered MAIAC)

The MATIAC corrected MODIS data were downloaded from NASA Earthdata https:
/ /search.earthdata.nasa.gov and processed in R and RStudio (RStudio Team, 2020).
Every 1 km pixel corresponding to the location of the flux tower was downloaded
for the period 2000 - 2022 (see Section 2.4.6). Multiple daily overpasses results
in four to five daily observations. Only the clear sky data were selected based on
the MATAC quality assurance (QA) band. Data with a view angle of more than 45
*were removed to avoid anisotropic reflectance effects (Gamon et al., 2016; Middleton
et al., 2016; Yin et al., 2022). Observations with extremely high blue reflectance
values (> 0.01) were removed to minimise aerosols and other contaminates (Didan
et al., 2015). When there were multiple observations per day the observation with
the highest NDVI was selected. This filtered dataset (Filtered  MAIAC') was then
used to construct the continuous VI datasets at different spatial resolutions (section
2.4.5). The Filtered_ MAIAC was highly discontinuous and consisted of 400 high
quality observations over 23 years (Appendix A, Table A.1 (p.179)), the distribution

of these is discussed in Section 2.4.4.

2.4.4 Cloud contamination and quality data

The discontinuous nature of satellite reflectance retrieval poses a major limitation
for studying seasonal patterns and stress anomalies. To achieve continuous data

sets, differing interpolation and gap filling techniques can be employed.

Temperate regions such as the UK suffer from high frequency of cloud cover. The
average probability of a cloud free satellite image for the UK is 21.3% over a year
(Armitage et al., 2013). This figure drops significantly across much of Scotland and
upland areas. Zhang et al. (2017) finds the likelihood of a good quality MODIS pixel
decreases with latitude. These high cloud cover areas are generally where Sitka is
planted (Armitage et al., 2013)

Temporal gaps in the Filtered. MAIAC timeseries, between clear sky observations,
were frequent and large due to cloud contamination (Figure 2.7). On 20 occasions,
between 2000 and 2023, the gaps between observations were two or more months.

Three data gaps of at least five months occurred over the same period. On average
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17 cloud free pixels were available per year although this varied considerably between
years. There were 33 cloud free observations in 2003 compared to less than 10 in
four other years (2000, 2002, 2015, 2016). Spring is the most imaged season, and on
average 6.3 observations a year were available, compared to 4.3 in Autumn, 3.5 in
Summer and 3.3 in Winter. For six years (2000, 2002, 2010, 2015, 2016, 2018), no
observations were available for winter. The Aqua satellite mission was launched in
August 2002 meaning that only seven to ten observations are available for the first
three years. The full number of observations are presented in Appendix A, Table
A.1 (p.179). The VIyopis contains data gaps due to quality filters applied after the

MVC-CV meaning it is not a complete, continuous dataset (Figure 2.7).

2.4.5 Developing new VI time series

The below sections outline the processing steps for the newly developed VI time-
series; they are all based on the full Filtered  MAIAC dataset (section 2.4.3.2) (2000
- 2023). Three datasets are outlined which all contain five VI (NDVI, EVI, CCI,
NIRv, GPPyq) and are produced at regular and continuous but differing time inter-

vals. These are,
— Vlgay - Interpolated to daily observations
— VI - Aggregated to 16 day intervals using CV-MVC

— Vlnonn - Aggregated to monthly observations

2.4.5.1 Vg,

The variable quality of observations and subsequent removal of low-quality data re-
sulted in discontinuous time series, indicative of satellite observations in geographical
regions with high cloud cover. To account for this, Decomposition and Analysis of
Time Series software (DATimeS) (Belda et al., 2020) was used for interpolation,
to reconstruct continuous seasonal cycles of Filtered. MAIAC VI. DATimeS is a
stand-alone image processing GUI toolbox containing many mathematical fitting
algorithms, including conventional methods like Fourier transform and Whittiker

smoothing, as well as a suite of Machine Learning (ML) algorithms.
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When gaps in Filtered_ MAIAC were greater than one month, an average value was
inserted. This value was the average monthly value over the full dataset (2000 -
2023). This time series was then processed in DATimeS. To determine the most
appropriate gap filling method, the discontinuous Filtered_ MAIAC was fitted us-
ing multiple ML and conventional algorithms (Gaussian Process Regression (GPR),
Kernel Ridge Regression; Fourier Transform, Sigmoid, Whittiker and linear fit) to
daily observation within DATimeS.

These data were then compared to flux tower GPP (ftGPP) using regression analy-
sis to determine the most appropriate interpolation method (see Appendix A, Table
A.2 (p.182) for regression analysis results). Gaussian process regression (GPR) con-
sistently performed well relative to other tested algorithms (high R? when correlated
with ftGPP). GPR has been outlined as an optimum fitting algorithm, for vegetation
reconstruction over multiple seasons (Verrelst et al., 2019; Belda et al., 2020), due
to accuracy and the uncertainty estimates that can be produced. Other algorithms
also performed well, although GPR uses a Bayesian framework to calculate prob-
abilistic outputs, meaning that confidence intervals are possible, which facilitates
robustness assessments (Verrelst et al., 2011, 2019). GPR was therefore used for all

interpolation.

2.4.5.2 VI

Innovative to this research, the CV-MVC method implemented in the MOD13 is
adopted here, but expanded to a wider range of VI (NDVI, EVI, CCI, NIRv, GPPyy),
to create a comparable 16 day dataset. The Filtered  MAIAC dataset is split into
16 day windows. For each 16 day window, the two pixels with the highest NDVI
are selected (Didan et al., 2015). NDVI is reduced by the presence of clouds and
atmospheric contamination in most cases (Los et al., 2000; Didan et al., 2015).
Therefore, over a short time frame, where NDVI will be relatively stable, the highest
NDVI value for a given point will be the least contaminated pixel. From these two
pixels, the one with the smallest view angle, to reduce BRDF effects, is used. If, for
a given 16 day window, no high-quality observations are available then a historic
average, calculated on all available data for that 16 day period, is used to fill the gap
(see Appendix A, Figure A.5 for high quality observation dates). Applying these
methods to the Filtered MAIAC produced the product (for a time series of the full
VI data set see Appendix A, Figure A.6 (p.181)).

2.4.5.3 VlIontn

Monthly averages of Filtered  MAIAC were calculated for the full time series (2000

- 2022). When no observations for a specific month were available a historical
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average value was inserted (Figure 2.7). The historical averages were calculated as
the average monthly value for the full Filtered MAIAC dataset.

2.4.6 Pixel selection

Two MODIS pixels overlapped the flux tower footprint (Section 2.3.2 and Fig-
ure 2.8). The footprint was calculated as the average area over the study period
(2015 - 2018) in which 70% of all fluxes originated. The position of the flux tower
(55°13’00"N, 2°01’32"W) was on the boundary of the two footprint overlapping
MODIS pixels (Figure 2.8). The more southerly of these two pixels overlapped only
the Harwood forest, whereas the northerly pixel encompassed felled forest, and some
surrounding agricultural land. Therefore, the southerly pixel was used in analysis.
Harwood is an even age monoculture, so despite the relatively coarse resolution of
the desired MODIS bands (1 km), the response of the vegetation within the pixel

will likely be relatively homogenous, reducing mixed pixel related error.

Figure 2.8: The Harwood field site. The red point is the tower location. The grey
shape is the flux tower footprint, representing where on average, over the four study
years, 70% of the recorded fluxes originated from. The two coloured boxes represent
the MODIS pixels (1000 m x 1000 m) which overlap the flux footprint. Scale bar is
1000 m. The background image is a Sentinel-2 scene imaged on 24'" June 2018.
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2.4.7 Satellite Vegetation Indices (VI)

Five VI were calculated from MODIS MAIAC reflectance for the Vlg,y, and VIyontn
time series. Each VI is related to plant productivity and has been previously cor-
related to GPP, and used as a proxy for specific terms in the LUE model, in the
literature (Gamon et al., 2016; Badgley et al., 2019; Liu et al., 2021; Wang et al.,
2021). They consist of traditional ‘greenness’ VI (NDVI, EVI) and newer genera-
tion VI (CCI, NIRv, GPPyy) (a brief history and explanation of these is discussed
in Section 1.4.2 (p.25)). The selected VI and their formulae are presented in Table
2.2.

Table 2.2: Vegetation Indices used in Vlg,y,, VIis and VIyonn. All VI are taken
from the literature and have been related to Gross Primary Productivity (GPP). B
followed by a number is the MODIS band it represents in the formula presented.
The central wavelength and band range for each band used are: Bl (Red) = 659
nm (620 - 670 nm), B2 (NIR) = 865 nm (841 - 876 nm), B3 (Blue) = 470 nm (495
- 476 nm), B11 = 531 nm (526 = 536 nm). The additional constants in EVI are;
g =25 C1=6,C2="75and L = 1. GPPyy appears in Wong et al. (2020) as
MODIS NIRv x CCI however for simplicity, it is referred to throughout this thesis
as GPPyy, as it is a version of the Light Use Efficiency model (LUE) using VI alone
as inputs.

Abbrev. Vegetation Index Formula Reference

NDVI  Normalised Difference Vegetation Index (B2 - B1)/(B2+ B1) Hasegawa, 1976

EVI Enhanced Vegetation Index g % (B2—B1)/(B2+ C1x Liu and Huete, 1995
Bl—(2x B3+ L)

CCI Chlorophyll/carotenoid index (B11 — B1)/(B11 + B1) Gamon et al., 2016

NIRv Near-infrared radiation from vegetation (NDVI—0.08) x B2 Badgley et al., 2017

GPPy1r  Gross Primary Productivity Vegetation Index NIRv x CCI Wong et al., 2020
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2.5 The Simple Biosphere Model (SiB)

2.5.1 Introduction to SiB

The analysis in Chapter 6 uses process-based modelling to simulate Sitka Spruce
GPP at the leaf and canopy scale, and evaluates this in relation to spatially over-
lapping EC flux tower canopy GPP (ftGPP) calculated by Xenakis et al. (2021).

The modelling techniques used, are based on the Simple Biosphere model (SiB), a
process-based ecophysical land-surface model, originally proposed by Sellers et al.
(1989). SiB calculates the transfer of energy, mass and momentum between the
atmosphere, land surface and soil, including both biological and physical processes.
The work presented here is based on the formulation of SiB2 (Sellers, Randall, et al.,
1996; Sellers, Tucker, et al., 1996). Which, unless stated otherwise, is the origin of

the outlined equations within this section.

The use of SiB in the literature since its first inception has been extensive. It has
been used at global and regional scales and in global circulation models, hydrological
modelling and vegetation/ atmosphere flux modelling. The success of SiB is due to
relative simplicity and realistic performance at diurnal to seasonal time scales (Sun &
Xue, 2001; Baker et al., 2003; Oyama & Nobre, 2004; Baker et al., 2008; Lokupitiya
et al., 2009; Wang et al., 2009; Haynes et al., 2020).

The parameters of interest for this thesis are canopy and leaf GPP. Therefore the
relevant submodels of SiB are described and used; however, these are not the extent
of the full operational model, recently outlined by Haynes et al. (2020). SiB deter-
mines carbon assimilation at the leaf level (gross assimilation (A), net assimilation
(An)), using a photosynthesis model based on the Collatz et al. (1991) integration
of Farquhar et al. (1980) enzymes kinetics and the Ball et al. (1988) stomatal model,

to connect stomatal conductance with photosynthesis.

Leaf photosynthesis (A, An) and stomatal conductance (g,) are scaled to the canopy,
using the theory that max photosynthesis exponentially decreases though the canopy;,
following the Fraction of Photosynthetically Active Radiation (FPAR) gradient (Sell-
ers et al., 1992). Parameters for canopy integration are derived from remotely sensed
NDVT using relationships outlined in Sellers, Randall, et al. (1996) and built upon
by Los et al. (2000). NDVI is closely linked to FPAR which in turn is related to
maximum photosynthetic capacity. Since its initial inception, SiB has been devel-
oped and adjusted. For a brief history of its development up to and including SiB4
see Haynes et al. (2020).

The research aims of Chapter 6 are to,
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— Evaluate incorporating VI, other than NDVI, into the existing SiB model
(Equations 2.33 to 2.40 (p.65-67)).

— Test more biologically realistic dynamic Vemax time series within the model
(Section 2.6.2).

— Introduce a drought stress term (Sy) to improve drought stress monitoring
(Equations 2.25 to 2.29 (p.63).

The model presented is therefore relevant to these stated aims. The model outlined
here falls within the SiB formulation however, does not include all model com-
ponents. The corresponding analysis is exploratory rather than final so is hereby

referred to as SiBx.

2.5.2 Model formulation

The Collatz et al. (1991) photosynthesis model estimates leaf-level photosynthe-
sis (A) (pmol m? s') as the minimum value of three separate photosynthetic rate

functions, minus respiration for net leaf-level photosynthesis (An),

Ar min{JE,Jc,Js} (2.11)

or

An ~ mm{JE, Jc, JS} — Rd (212)

Jo is photosynthesis limited by Rubsico, the enzyme responsible for carbon fixation.
Jg is photosynthesis limited by sucrose synthesis and Jg is the light-limited rate of
photosynthesis. In nature, co-limitation means transition from one limiting factor is
not instant, so a smoothing function based on finding the solution to two quadratic
equations is used. The two equations are solved for their smaller roots.

The smoothing functions are,
0J2 — Jp(Jg + Jo) + JeJo =0 (2.13)

and,
BA® — A(Jp + Js) + JpJs =0 (2.14)

Where A is the assimilation rate (pmol m? s!). 6 and 8 are coupling coefficients
(0.98, 0.95) and Jp is the smoothed minimum of Jg and Je.
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The three photosynthetic functions are.

The Light limited rate of assimilation (Jg, pmol m? s!),

C; — I
c; + 2I'*

L@:(Gthm—wapAR[ ] (2.15)

where, G(u) is the relative projected area of leaves in direction cos™u and pu is the
cosine of solar zenith angle, specific to latitude and time of year. €3 is the intrinsic
quantum efficiency for CO; uptake (mol mol™). w, is the leaf scattering coefficient
for PAR; PAR is flux of PAR incident on the leaf (Wm?); ¢; is the CO, concentration
within the leaf (Pa) and I'* is the COy compensation point (Pa).

The Rubisco-limited rate of assimilation (J¢, pmol m? st) for C3 plants (CsV;,)

is,

ci—F* ]
Ci+KC(1 +POQ/K0

Jo = V| (2.16)

V,, is the maximum catalytic capacity of Rubisco (pmol m? s'); PO, is the O,
partial pressure in the leaf interior (Pa); K. is the Michaelis-Menten constant of
COy (Pa); K. = 30fr(T.) (Equation 2.20); K, is the inhibition constant of O;
Ky =30,000f7(T.) (Equation 2.20). IT'* is the CO, compensation point (Pa) which
is, Rubisco’s specificity for CO4 relative to O,

PO,

F*
S

=05 (2.17)

when S = 2600 fr (7).

V,, is maximum leaf catalytic capacity, (Vemax pmol m? s') (see section 2.6.2,

for Vemax parameterisation), at 7. (temperature),

Vin = Vemax29! (2.18)
Where the temperature coefficient (@) is,

T. — 298

= (2.19)

Q; = Qqpcoef ficient =

61



And the specific temperature function is,

_ 2Q
1+ explsi (1. — s2]

fr(T2) (2.20)

For respiration (R4V;,) s1 and sy in Equation 2.20 are replaced by s5 and sg (s; and
s5 are temperature inhibition parameters (K ') and s,, and sg are half inhibition
temperature parameters (K/2)). 2Q; is replaced for K., Ky and S by 2.1Q;, 1.2Q;,
and 0.570Q); respectively.

The sucrose limited rate (Jg, pmol m? s) is,
Vin
Js = 5 (2.21)

Respiration is derived from,
Rq = iV (2.22)

where f; = 0.015.

The model balances carbon assimilation and transpiration through stomatal regula-
tion and is based on the theory that, due to natural selection acting on plant growth
efficiency, regulation of stomatal conductance (g5) will be to achieve minimum water
loss for maximum carbon gain (Cowen & Farquhar, 1977). Using Equations 2.12
and 2.23, a unique solution for An, g, and C; (internal CO; concentration) can be
obtained by initially estimating C; then iterating to the unique solution, as in Sellers
et al. (1992, Figure 4). C; is initially determined by,

C;=C,—14AnP/qg, (2.23)

where, C, is COy concentration in the canopy air space, P is surface pressure (Pa)
and g, is the leaf boundary conductance. Determined from plant functional type
(PFT) LUT values and canopy dimensions. Here, canopy dimensions (inflection
point and canopy width) are determined from the canopy top height at the study
site (Xenakis et al., 2021), and allometric relationships determined by using an ex-
isting database of Sitka spruce measurements from Aberfoyle, UK (Suérez, personal

communications, 2022).
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The Stomatal sub model is,

gs = mAnC;'h,P +b (2.24)

Stomatal conductance for water vapour (gs) (mol m? s ); m is the coefficient from
observations (m = 6 for Evergreen Needleleaf Forests (ENF))) and is a function of
CO uptake (An), relative humidity (hs) and COq pressure at the leaf boundary
(C5); b is the minimal canopy stomatal conductance (b = 0.01Lg) where Lg is
green leaf area index calculated from NDVI (Equation 2.36). 0.01 is an observation
coefficient, derived from gas exchange studies see Collatz et al. (1991, sub model

section) for details.

2.5.2.1 Drought stress term (.S;)

The formulation of the model presented here does not include soil moisture, which
in other formulations, drives water stress by assuming soil water below field capacity
imposes stress on photosynthesis. Water is removed from the soil by transpiration
processes (Baker et al., 2008). Atmospheric water deficits (VPD), rather than soil
water deficits, are the primary driver of drought stress in the present study system
(Chapter 5; Xenakis et al., 2021). Therefore, for this work a novel additional drought
stress term was developed (Sy), based on VPD, to improve sensitivity to water stress.
This was added after initial model runs failed to detect reduced photosynthesis
during a drought in summer 2018. This new term limits A by a drought stress

factor (S4) to give drought stressed assimilation (Asd) by,
Asd = A x Sy (2.25)

Where Sy is accumulated VPD normalised to 0 to 1,

(Saﬁ) - Smar

S, =
¢ szn - Sma:p

(2.26)

Where S, is the accumulated VPD for the last 5 days for any VPD over the VPD
threshold. S,,;, and S,,., are the minimum and maximum of the accumulated
vapour pressure deficit and ¢ is a multiplier to limit the reductions in An caused
by S,. The 9 value (0.8) was derived from comparing the modelled response to
ftGPP, and a known drought response (Xenakis et al., 2021), and adjusting the
value. A threshold for stressful VPD was selected to be 0.0045 (mol x mol™) based
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on analysis of flux tower data and iterative runs of the model. VPD is mole fraction

vapour deficit (mol x mol™).

hs VPsat
100)( Py )

VPD = ( (2.27)

Where,
V Py = 0.61121exp((18.678 — T4234.5 1) (14257.14 + T)) (2.28)

and T4 = air temperature (°C).

2.5.2.2 Canopy scaling

The value of A, An or Asd, calculated from equations 2.11, 2.12 and 2.25 (p.60
and 63) are scaled to the canopy to give gross canopy assimilation (C'Ag), net

canopy assimilation (C'An) or water stressed gross/ net canopy assimilation (C'Aggq,
C'Angg). This is done by

CAg, CAn = ATIS, AnTls (2.29)

Equation 2.29 can also include the drought stressed productivity terms. C'Ag is
equivalent to GPP and C'An to Net Primary Productivity (NPP).

The canopy integration is based on the theory that photosynthetic performance
throughout the canopy will be distributed according to the amount of light over a

given amount of time.

A useful relationship between FPAR and NIR reflectance is that they are propor-
tional to one another because NIR is proportional to double the pathlength of FPAR
radiation in the canopy (Sellers et al., 1992). This is because radiation must enter

and leave the canopy whereas FPAR radiation must only penetrate the canopy.

IT is the canopy PAR use scaling parameter and is derived from satellite imagery
estimation of FPAR by,
FPAR

Where k is the PAR extinction parameter within the canopy. This varies between
0.4 and 1. So II is not just dependent on FPAR but also how the PAR is absorbed
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through the canopy (k).
k= (—52)(1 = wyy)? (2.31)

Wy, 1s the leaf scattering coefficient calculated from the green leaf as

Wyi = Lg(ty, +1y) + Ly(tn, + 1) (2.32)

Where L, is the green leaf fraction (Equation 2.36) and t,, t,, r, and r, are the
leaf transmissivity and reflectance for the visible and near infrared regions. G(u) is
the relative projected area of leaves in direction cos p and p is the cosine of solar

zenith angle (SZA) specific to latitude and time of year.

2.5.2.3 Biophysical parameters derived from satellite VI

Land surface parameters are estimated from satellite retrieved spectral properties
of vegetation. Visible light is strongly absorbed by plants for photosynthesis and
infrared is strongly reflected. This provides a basis for estimations of variables
associated with photosynthesis. NDVTI exploits this response by incorporating visible
and NIR light and is therefore closely related to the fraction of absorbed radiation
FPAR.

The present model requires estimations of FPAR and the green fraction of LAI (L,).
Work by Sellers, Tucker, et al. (1996) and built upon by Los et al. (2000) use satellite
retrieval of NDVI to estimate these biophysical parameters (Equations 2.34 to 2.40,
p.66-67).

For the current analysis, other VI (EVI, CCI, NIRv, GPPyj, Section 2.4.7) are
incorporated into the model to test their applicability. This was conducted by
applying the relationships found between NDVI and biophysical parameters to other
indices. Although not based on the exact same physical relationship as NDVI, the VI
analysed are all inherently linked by the function of photosynthesis and all better
track Sitka spruce photosynthesis compared to NDVI (Chapter 5). They are all
related strongly to NDVI, so here, they are effectively used as NDVI proxies and

therefore converted to the same scale as NDVI.

In order for the relationships between VI and biophysical parameters to be consis-
tent, with those presented by Los et al. (2000), other VI were transformed to the
same scale as NDVI (VIxpyr). By,

VINDVI =a+bVI (233)
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where a and b are coefficients determined by a simple linear regression between
NDVTI and the chosen VI (Table 2.3).

Table 2.3: Regression coefficients (Slope and Intercept) for simple linear models for
the relationship between NDVI and various Vegetation Indices (VI). These coeffi-
cients were used to transform the VI to the same scale as NDVI for use as NDVI
proxies.

VI Slope (b) Intercept (a)

EVI 0.3284 0.9081
CCI 0.7343 0.9511
NIRv 0.4328 1.546
GPPy;  0.7225 4.8656

Then VIypyr is used in equations 2.34 to 2.40 taken from Los et al. (2000) to

determine biophysical parameters.

(VINDVI - VImin)<FPARmaX - FPARmin)

FPAR B VImax - VImin

+ FPARmin (2.34)

Vlnax and VI, are related to maximum and minimum FPAR (Los et al., 2000).
Vlnax and VI, are values associated with the 2 and 98" percentiles in the VI
distributions to reduce the influence of outliers caused by noisy data. FPAR,,.. and
FPAR.in values were set, as in Los et al. (2000), to 0.95 and 0.01.

FPAR is then related to Leaf Area Index (LAI). In Sellers, Tucker, et al. (1996) a
linear relationship was derived, however this was found to be invalid at the canopy

level for conifers (Los et al., 2000). A logarithmic function is therefore applied using,

_ max(FPAR,)

v = 2.
0.95 (2:35)

Where f, is the vegetation cover fraction and maz(FPAR,) is the maximum FPAR
for a given year, this f, value is then used to adjust FPAR for the vegetation cover
fraction (FPAR}, = FPAR/f,). Green LAI (L) is calculated from,

In(1 = FPAR)Lg.mas

L pr—
“ 10g(0.05)

Jo (2.36)

Where L ma. is @ biome specific max LAI (0.8 for ENF) (Los et al., 2000). Two dead

leaf area indices are also calculated, depending on if LAI is increasing, or decreasing.

Lp = 0.0001 + L, (2.37)
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or,

Lp=05(Le1— L&) f. (2.38)

Then the total LAI is,
Lr=Lgfy+ Lp (2.39)

And the greenness fraction of LAI is,

Lg

fo=72

(2.40)

2.6 Dynamic Vcmax processing

2.6.1 Background

Within the SiBx model outlined in Section 2.5, and other process based photo-
synthesis models, maximum carboxylation rate, or Rubisco-limited photosynthetic
capacity (referred to as Vmax or Vemax), is one of the most crucial variables for
parameterisation, due to its sensitivity and influence on photosynthetic processes
(Farquhar et al., 1980; Collatz et al., 1991; Kattge et al., 2009; Alton, 2017; Yan
et al., 2021).

Vemax denotes the catalytic capacity of Rubisco within a leaf at 25°C and is intri-
cately linked to Jc in the co-limiting sub-model in SiB (Section 2.5, Equation 2.16
(p.61)). However, Vemax exhibits substantial variability across biomes, species, sea-
sonal cycles, and within the canopy (Wilson et al., 2000; Meir et al., 2002; Grassi et
al., 2005; Kattge et al., 2009). Such variability presents a significant challenge in ac-
curately parameterising Vemax (Collatz et al., 1991; Alton, 2017; Pacheco-Labrador
et al., 2019; Yan et al., 2021).

Common approaches to Vemax parameterisation often involve selecting biome or
PFT - specific LUT values, and using land cover classifications, which assume con-
stant Vemax across seasons. However, known dynamic seasonal cycles of Vemax
mean this simplification may lead to substantial errors. Despite this, temporal vari-
ation of Vemax is rarely included in process based modelling (Alton, 2017). Vemax
can be inferred at the leaf level by gas exchange measurements and CO, response
curves; however, this is time consuming and not practical over spatially large and

heterogeneous areas (Long & Bernacchi, 2003; Deng et al., 2024).

To address the seasonality and spatial variability of Vemax, various methods have

been proposed. These include hyperspectral remote sensing techniques, which relate
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satellite imagery to nitrogen (N) or chlorophyll content (Dillen et al., 2012; Jin et al.,
2012; Alton, 2017; Deng et al., 2024). N content is strongly linked to Vemax due to
the high proportion of plant N existing in Rubisco (Smith et al., 2002; Ollinger et
al., 2013). Additionally, assimilating space-borne chlorophyll fluorescence (SIF) into
canopy radiative transfer models has been explored (McCallum et al., 2009; Zhang
et al., 2014). Alton (2017) developed seasonal Vemax retrieval using MODIS LAI
and hyperspectral canopy chlorophyll estimation. However, this failed to capture
season peak Vemax. The authors highlight the need for Vemax retrieval that varies

across a season and throughout PFTs.

In evergreen conifers, reflectance at 531 nm, and VI associated with it (PRI, CCI,
GPPvy1), correlate with the conversions of light to canopy photosynthesis, and can
therefore track seasonal dynamics (Chapter 5; Gamon et al., 2016). VI based around
reflectance at 531 nm may therefore act as good, easy to acquire, proxies for Vemax,

which can be retrieved simultaneously alongside the satellite VI already needed for
SiB GPP.

Here, the aims are to develop seasonally dynamic Vemax to compare with static

values traditionally used in SiBx to improve model realism.

Three Vemax time series are developed. vimDy - built from fitting seasonal curves
over daily optimised Vemax values. This timeseries simulates seasonality but in-
cludes no interannual variation. vimCCI and vimGPP are derived from the daily
VI datasets for the two MODIS band 11 based indices (531 nm wavelength) (CCI
and GPPy). These VI are transformed to pmol m? s by min/ max normalisation,
where minimum and maximum values are determined by iterative model runs, to
minimise the differences between ftGPP and SiB modelled GPP (mGPP).

2.6.2 Vcmax development

Here, the development of the three Vemax time series is outlined. The applicability
of these for SiBx GPP retrieval is tested and discussed in Chapter 6.

2.6.2.1 Dynamic Vecmax (vmDy)

An ‘ideal’ Vemax time series was produced using global optimisation (Mullen et al.,
2011). This was created by running the SiBx model in its original formulation and
for every day running a global optimisation routine using the R package DEoptim
(Mullen et al., 2011). The optimisation implements a differential evolution algorithm
to minimise a user defined function output. For the Vemax optimisation here, the
absolute difference between SiBx modelled GPP (mGPP) and flux tower (ftGPP)
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was selected as the output variable to minimise. So that, for every day of the
study period (2015 - 2018), the best value of Vemax was found to achieve minimal
difference between ftGPP and mGPP. The ‘ideal’ Vemax is presented in Figure 2.9

(open circles).
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Figure 2.9: Development of Dynamic Vemax (vinDy) time series. Circles are the
initial daily optimised values (the ’ideal’ Vemax). The red line is a quadratic function
through the yearly average and the green line is a polynomial fit between years. The
final dataset is the red line except between 17*" November and 25" January where
the between years polynomial is used. For a more detailed description of the process
see Section 2.6.2.1.

To decrease the specificity and increase the applicability of the ‘ideal’ Vemax time
series, for a more general application, it was averaged and smoothed. The four
year 'ideal’ Vemax time series was was averaged to give 365 observations. Initial
smoothing was conducted by fitting a quadratic function though the yearly average
time series (red line in Figure 2.9). Then, to create a smooth transition between
individual years, a 3' order polynomial regression was fitted and inserted between

the 17" November and 25" January (Figure 2.9, green lines).

2.6.2.2 VlI-based Vcmax (vimCCI, vimGPP)

Determining a robust relationship between satellite based VI and Vemax would
allow spatially and temporally extensive Vecmax parameterisation using direct ob-
servations. This could reduce the reliance on static PFT values. These would vary

seasonally and temporally with vegetation condition.

CCI and GPPy; are based on MODIS band 11, centred at 531 nm (Chapter 5),
which track conifer seasonal photosynthetic patterns. Daily time series of these (see
section 2.4.5.1) were selected to build Vemax VI time series (vinCCI and vinGPP).
The VI time series were converted into pmol m? s by min/ max normalisation

using,
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Max — vmMi
vmCCL, vinGPP = VH\;I ax ;’/T VI = Vi) + vmMax (2.41)

where V1, and VI, are the smallest and largest values of the VI 2015 -2018 time
series and vinMin and vimMax are high and low Vemax values; selected by varying
them in iterative runs of SiBx (Figures 2.10 and 2.11).
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Figure 2.10: Performance results of varying vimMin and vimMax for VI transforma-
tion for CCI and GPPyy. C'Ag (R?) is the coefficient of determination (R?) for the
simple linear relationship between ftGPP and mGPP at the canopy scale. The SiBx
model was run iteratively, with different values for minimum and maximum Vcmax
(vinMin, vimMax), which were used to transform the VI time series to pmolm? s~
For each combination of vimMin and vmMax, the SiBx model was run and mGPP
was compared to ftGPP.
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Figure 2.11: Performance results of varying vmMin and vmMax for VI transfor-
mation for CCI and GPPy;. ftGPP - mGPP is the difference in estimated canopy
GPP (tC ha'! yr!) between ftGPP and mGPP (absolute values are used). The SiBx
model was run iteratively, with different values for minimum and maximum Vemax
(vinMin, vimMax), which were used to transform the VI time series to pmol m? s™.
For each combination of vimMin and vmMax, the SiBx model was run and mGPP
was compared to ftGPP.

For both VI-based Vemax time series, C'Ag R? increases with increasing vinMin
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(Figure 2.10). Within each vmMin value, C'Ag R? is relatively consistent but tends
to decrease with increasing vmMax (Figure 2.11). In terms of GPP estimation
(ftGPP - mGPP) over the study period (2015 - 2018), for every vmMin there is a
‘best” vmMax. This ‘best’ vimMax is higher for vmGPP compared to vinCCI. Based
on these results therefore, the parameters selected differ for the vmCCI and vinGPP.

They are presented in Table 2.4.

2.6.3 Summary

The three Vemax presented here are developed to act as more biologically represen-
tative proxies than the traditional fixed value. The aim is to improve the parametri-
sation of SiB, and other processed-based models, by allowing Vemax to vary in time
(seasonally), and in the case of the VI-Vemax, spatially within a PFT or biome. The
developed VI are incorporated into SiBx in Chapter 6. VmDy is purely statistical,
constructed from the smoothing and averaging of an optimised ’ideal’ Vemax time
series which was created from optimising Vcmax for every day of the study period
(see Section 2.6.2.1). vinCCI and VmGPP are derived from VI associated with re-
flectance at 531 nm, which has previously been linked to photosynthetic capacity.
Due to the strong association with these VI and seasonal photosynthetic dynamics,

developments in this field could improve satellite based canopy modelling.

Table 2.4: vimMin and vmMax values for use in equation 2.41 to transform VI
to vmCCI and vmGPP (pmol m? s'). vmMin = 50 (pmol m? s!) produced the
highest CAg R? for both VI whereas a slightly higher vmMax value produced a
more accurate total GPP estimate in vinGPP.

VI Vemax  vmMin (pmol m? s')  vmmMax (pmol m? s)

vmCCI 50 75
vinGPP 50 80

2.7 Data validation

Prior to further analysis, where possible, some of the datasets outlined within this
Chapter were validated against robust or established existing datasets. The ERA5
reanalysis datasets are evaluated against corresponding meteorological variables,
recorded at the Harwood flux site by (Xenakis et al., 2021), and the newly developed
V6 time series are compared to the established MOD13 VI time series (VIvoprs)-

71



2.7.1 ERAS5 validation
2.7.1.1 Rational

The ERA5 data source is considered an accurate, reliable source of a wide range of
meteorological variables (IPCC, 2021)). However, the coarse spatial resolution (0.1
° x 0.1°) means it may not capture local-scale phenomena. The accuracy of ERA5 is
reliant on the quality and quantity of local observations so biases within the model
can occur. Here, the specific ERAS variables used in Chapters 5 and 6 are evaluated
against flux tower (ft) data to evaluate the biases that may occur in the reanalysis
data at the Harwood field site. ERA5 does not produce a relative humidity variable
so this was calculated from dew point temperature and temperature at 2m (Zhang
et al., 2021) using,

aD,
coD,
al )
eC2_T

RH =100 x [ (2.42)

Where Dp is dewpoint temperature, T" is temperature and ¢; and ¢y are constants

(c1: 17.625, ¢o: 243.04) calculated by Alduchov and Eskridge (1996).

2.7.1.2 Results

Linear regressions were performed between the ft site data and ERA5 dataset for
the six meteorological variables. The ERA5 data for air temperature, leaf tempera-
ture, atmospheric pressure and PAR all have high correlation (R? > 0.88) with the
corresponding ft variable (Figure 2.13, Table 2.5). The two sources of PAR were
proportional to each other (Figure 2.13). The ERA5 derived temperature data are
on average higher than ft temperature, by 1.7°C for air temperature and 2.2°C for
leaf temperature. ERA5 atmospheric pressure consistently overestimates relative to
ft (on average 1.7% overestimation) (Figures 2.12 and 2.13). ERAS5 soil moisture
content correlates and tracks the seasonal dynamics of ft soil moisture content mod-
erately well (Figure 2.12, Table 2.5). However, values are on average 8.6% higher,
reaching a maximum difference of 14.1 %. The two relative humidity variables are
moderately well correlated (Table 2.5). The relative humidity variable calculated
from ERAS systematically underestimates relative to the ft by 1% on average (Fig-
ure 2.12).
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Figure 2.12: Meteorological variables for the Harwood study site from 2015 to 2018.
Across all panels the black lines are daily average values of field measurements
made at the Harwood field site by Xenakis et al. (2021) and coloured lines are
ERAS variables for the area overlapping the Harwood flux tower footprint. Caption
continued on the following page.

73



Figure 2.12: Continued caption from previous page. (A) Mean daily temperature
(°C). The red line is leaf temperature derived from ERA5: Temperature of the
surface of the Earth (°C)(referred to as Leaf Temperature for use in the SiBx model).
The blue line is air temperature derived from ERA5: Temperature of air at 2m above
the surface of land (referred to as Air Temperature in the SiBx model). (B) Mean
daily Photosynthetically Active Radiation (PAR, mW m?). The blue line is derived
from ERA5: Solar radiation reaching the surface of the Earth. (C) Mean daily
relative humidity (%) (observations for January 2018 are removed due to anomalous
values). The blue line is derived from ERA5: Dew point temperature and ERA5:
Temperature of air at 2 m above the surface of land. (D) Mean daily atmospheric
pressure (KPa). The blue line is derived from ERA5: Pressure of the atmosphere
on the surface of land. (E) Mean daily soil water content (%). The black line is soil
water at an average of 30 cm depth, see Xenakis et al. (2021). The red, pink and
orange lines are ERA5: Volume of water in soil layer 1 (0 - 7 cm), 2 (7 -28 cm), and
3 (28-100 c¢m) respectively, and the blue line is the average of the three.
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Figure 2.13: Comparison of meteorological variables measured at the Harwood flux
tower site (ft, z axis) and derived from ERA5 datasets (ERA, y axis). All points are
daily average values across 2015 to 2018. See Figure 2.12 for a detailed description
of the variables. Note: For the temperature plots (A and B) two ERA5 variables
(Air Temperature and Leaf Temperature) are compared to the same flux tower (ft)
variable as this is the only available temperature record.

2.7.1.3 Summary

Relative to the ft data, the ERA5 variables varied in the strength of correlation.
Both sources of PAR estimation correlated well. The temperature variables had

a very tight relationship although ERADH consistently produced marginally higher
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Table 2.5: Regression analysis for ERA5 and Harwood flux tower meteorological
variables. Met.Var are the meteorological variables, see Figure 2.12 for details.

Met.Var F value df pvalue R?

Air Temp. 41187 1, 1459 <0.001 0.97
Leaf Temp. 23401 1, 1459 <0.001 0.94
PAR 11034 1, 1459 <0.001 0.88

R. Humidity 2160 1, 1459 <0.001 0.60
Atmos. Pres. 12713 1, 1459 <0.001 0.90
Soil Water 2077 1, 1459 <0.001 0.60

estimates than the ft recorded temperatures (Figure 2.12). Similarly, both pressure
data sources correlated well but the ERAS estimates were slightly higher. The ERA5
soil moisture tracks the overall seasonal patterns and anomalies reasonably well. Soil
moisture reanalysis data is complex to measure and a lack of observations hampers

the data reliability. However, recent developments in renalyses processing increases
this reliability (Li et al., 2020).

The retrieval of relative humidity was similar in accuracy to the soil moisture. Rela-
tive humidity is not directly produced in the ERAS product and involves a secondary
calculation (Equation 2.42). Although relative humidity is routinely retrieved from
the ERAS datasets (Zhang et al., 2021), the secondary processing steps outside the
overall ERA5 model likely reduces robustness, relative to the other retrieved vari-
ables presented here. In contrast to Zhang et al. (2021), who found that ERAS
overestimates relative humidity over China, in this analysis, ERA5 underestimated

ft relative humidity.

In this section, the accuracy and biases of the ERA5 dataset are evaluated. In general
the ERAb data are reliable and fairly accurately replicate the ft meteorological data.
However, by understanding where the error and biases lie, appropriate care can be

taken and interpretations and analysis of data are better informed.

2.7.2 VI, Validation
2.7.2.1 Rational

Section 2.4.5.2 outlines the methodology for development of a continuous (observa-
tion every 16 day) dataset (VIig) consisting of five VI. The dataset used a CV-MYV
method, described by Didan et al. (2015), and implemented for the established
MOD13 VI product (referred to here as VIyiopis (section 2.4.3.1)). VI was devel-
oped in this thesis to include a wider range of VI compared to VIyioprs however,
the two datasets both include NDVI and EVI. Therefore, it is possible to directly
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compare the established (VIyopis) and new datasets (VIig) against each other, and
against the flux tower GPP (ftGPP) to understand any biases or anomalies within
the data. To ensure a consistent sample size, for any given 16 day window, Vg4
observations were removed if no Vlyoprg observation was available. This resulted
in 379 observations. The ftGPP correlations were performed over 2015 - 2018 (flux

tower data availability) leaving 72 observations per dataset.

2.7.2.2 Results

Regression analysis was conducted on VIyopis (NDVIyvopis, EVIyobis), Viie (NDVIyg,
EVIs) and {ftGPP to assess how the new datasets relate to the established MODIS
product and site productivity. A highly significant correlation between the VIyioprs
and the VI were found for both NDVI and EVI (NDVI: y = 0.5437 + 0.00002z, F
=2294,d.f = 1,377, p = <0.001, EVL: y = 0.1002 + 0.83999z, F = 222, d.f =1,
377, p = < 0.001). The NDVIyiopis values were consistently higher than NDVI;4 but
had a similar regression slope with ftGPP(Figure 2.14). EVIyopis and EVIjs had
a tighter relationship although EVIj¢ values are generally lower than the MODIS
data (Figure 2.14). Regression analysis between ftGPP observations and VI values
revealed a larger coefficient of determination (R?) for both the VIjs compared to
VIyopis (Table 2.6). The R? for NDVIj5 was 0.28 compared to 0.13 for NDVIyops.
The EVI datasets had higher R? values than NDVI and the EVI;4 R? was 0.41 and
EVIyiopis was 0.24 (Table 2.6).

Table 2.6: Regression analysis for VIyiopis (NDVI, EVI) and VI (NDVI, EVI) with
flux tower GPP (ftGPP). Simple linear recessions were performed between each time
series and ftGPP.

VI Time Series F value  df p value R?

NDVI Vi 2834 170 0.000 0.28
NDVI Vimobis 11.70 170 0.001 0.13
EVI Vg 50.48 170 0.000 0.41

EVI Vimobis 23.65 170 0.000 0.24

2.7.2.3 Summary

The new dataset (VIig) produces consistently lower NDVI and higher EVI values
relative to the MODIS product. This likely predominantly arises from differences in
the processing of the reflectance data, prior to the CV-MVC. Both datasets originate
from the MODIS Level-1B calibrated radiances (Didan et al., 2015; Vermote et al.,
2015; Lyapustin et al., 2018). However, VIjs undergoes the MAIAC algorithm

(Section 2.4.3.2), which instead of swath-based processing used in VIyoprs, uses
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Figure 2.14: Regression analysis for VIyoprs and VIig. A: NDVIj4 (Dashed line solid
circles) and NDVIyopis (solid line open circles) correlations with ftGPP. B: EVIj
(Dashed line solid circles) and EVIyopis (solid line open circles) correlations with
ftGPP. Bottom row - VIyioprs and VIig correlations. C: NDVIyioprs and NDVIy.
D: EVIyiopis and EVIig. The solid line in the bottom row is the 1:1 line.

a 16 day sliding window technique, combined with a physical-atmosphere-surface
model. This aids in the separation of atmospheric and surface effects (Lyapustin
et al., 2018). This procedure allows MAIAC data to reveal more realistic greenness
reflectances (Wu, Kobayashi, et al., 2018; Smith et al., 2019; Zeng et al., 2022).
The VI time series are better correlated to ftGPP, suggesting the methodological
procedure to develop the VI produces a data set of a quality similar to, or better
than, the established MODIS product. Although comparisons are only possible for
NDVI and EVI, it is likely that the quality of observations is similar for the other
three VI (CCI, NIRv, GPPyj) due to acquisition of all spectral bands occurring

simultaneously by the satellite.
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2.8 Chapter summary

Chapter 2 has outlined the data, methodologies, study locations, developed and
evaluated new analysis techniques and validated some data sources that are used
the proceeding research chapters. Statistics and some specific methods are outlined

within the corresponding chapter.
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Chapter 3

Evaluating the drought responses of
Sitka spruce (Picea sitchensis)
clones using Vegetation Indices (VI).

Are genetic differences detectable
with VI?

The work in this chapter aims to use Vegetation Indices (VI) to evaluate the drought
responses of Sitka spruce (Picea sitchensis (Bong.) (Carr.). This is done via an
artificial drought experiment. The materials and methods of this experiment are

outlined in detail in Section 2.2.

3.1 Introduction

Sitka spruce can be susceptible to drought stress and during two major drought
events in the UK this century (in 2003 and 2018) increased damage, mortality, and
decreased productivity have been recorded (Green et al., 2008; Green & Ray, 2009;
Xenakis et al., 2021). However, due to its current prominence and high productivity,
it is likely to be favoured for forestry across much of the UK in the near future (Davies
et al., 2020). Its appropriateness across the UK therefore may decrease as drought

risk increases.

Drought response within species is important in understanding their suitability to
a changing climate. The Sitka spruce breeding programme, established in 1963
has successfully bred and proliferated trees with high timber quality (Lee, 1999).

Screening or selecting for more drought resistance strains, could be another useful
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tool, in moving towards a more drought resilient UK forestry sector (Schiop et al.,
2017).

Remote sensing provides potential to identify more drought tolerant individuals
or genotypes by linking remotely sensed variables with stress response phenotypes
(Plesa et al., 2019). This study aims to characterise drought stress response in
Sitka spruce, using remotely sensed hyperspectral reflectance measurements, and to

identify intraspecific reflectance differences, between clonal groups.

VI are mathematical combinations of wavelengths associated with specific plant bio-
physical properties. Here, they are characterised into greenness indices (VIg), which
are historically the most widely used indices, and are based on the assumption that
healthy plants are greener, due to the reflectance properties of chlorophyll; pigment
indices (VIp) sensitive to other pigments, such as xanthophylls, anthocyanins and
carotenoids which are often expressed in stress responses to dissipate excess light
energy (Peguero-Pina et al., 2008); and finally, water content indices (VIw) which

use water absorption peaks in spectra to measure water within a needle.

This study exposed clonal bank Sitka spruce scions to increasing levels of drought
over eight weeks (from 27" June 2022 until 24" August 2022) and measured the
spectral response of needles. VI that are sensitive to drought in Sitka spruce are
evaluated for further research. Different clonal groups were used to evaluate if
genetic differences in Sitka spruce result in differing stress responses and if these are

detectable with remotely sensed VI.

3.2 Research aims

Using an experimental drought set up, outlined in Section 2.2, the specific aims were

to

— Measure the physiological changes from the onset of drought, compared to

control
— Determine the best VIs to monitor this process
— Determine genotype differences

— Early detect clear differences between stressed and control individuals
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3.3 Chapter methods

3.3.1 Soil Moisture

After 10 days, water content had dropped to 25% Field Capacity (FC) in the
droughted plants (Figure 3.1). Due to this fast decline, drought plants were par-
tially watered at specific times during the experiment, to prolong the early stages of
drought stress, and avoid rapid drying of soil, which is unlikely to occur in trees in the
UK. Watering pots to the desired FC based on a pot-specific water deficit (Section
2.2.3.3 Equation 2.6 to 2.8 (p.45)), allowed re-watering to be accurate and maintain
a similar water content in all pots under the same watering regime, throughout the
experiment. Pots in the control group twice reached soil moisture below 75% FC
due to no watering over weekends. However, this remains sufficiently high to avoid

any significant water limitation.

3.3.2 Polytunnel conditions

Plants were kept in a polytunnel to avoid rainfall. Doors were left open and auto-
matic fans operated to increase airflow however, temperature and humidity levels
within the polytunnel were still different to the outside environment. In general, the
polytunnel was hotter and more humid than outside. This resulted in temperatures
reaching 35°C during two heatwaves potentially causing heat stress to plants (Figure
3.2). However, conditions largely remained within a range likely to be experienced

across much of the UK.

3.3.3 Statistical analysis
3.3.3.1 Maximal photochemical efficiency (Fv/Fm)

To analyse the effects of drought on F'v/Fm, a Wilcoxon rank sum test was used to
identify differences in the means of droughted and well-watered plants. Fluorescence
measurements rarely have Guassian distribution so nonparametric tests are used
(Lazér et al., 2006). A test was performed for each clonal group on each measurement

day.

3.3.3.2 VI model building

To analyse the change in VI over time, mixed effect models were formulated. Mod-
els were built for each VI using the Imer package in R (Bates et al., 2015). Each
individual plant was treated as a random effect. Time in days after drought treat-

ment initiation (Time), watering regime (Treatment) and clonal group (Clone) were
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treated as main effects. Interactive effects of these main variables, including a three-
way interaction, were also tested. Where interactions did not show a significant
effect (p > 0.05, p values calculated by Satterthwaite’s method (package lmerTest,
Kuznetsova et al., 2017)), and the removal of them improved the model (evaluated
by AIC to avoid overfitting), they were excluded from analysis. To account for non-
linearity in biophysical response, polynomial regressions (df = 3) were fitted when
this improved the AIC score relative to a linear trend. Model residuals were tested

for normality and autocorrelation.

3.3.3.3 Estimated Marginal means (EMM)

To analyse the effect of drought compared to the control group over time, estimated
marginal means (EMM) were calculated. EMM can control for seasonal effects and
other variability in the model by adjusting the means of other effects to 0. The EMM
could also be used to compare different VI. Where a significant effect of drought over
time (Time x Treatment or Time x Treatment x Clone) was found for a specific VI,
EMM were performed on each day of the experiment. The t.ratio of EMM gave a
statistical measure of difference between control and drought groups, on a relative
scale, which was comparable between VI. All analysis was performed in R and R
studio (RStudio Team, 2020).

3.4 Results

3.4.1 Fv/Fm

In all clonal groups, no differences between drought and control Fv/Fm were de-
tected in the first two weeks (Figure 3.3). By day 56, droughted plants all had
significantly lower F'v/Fm than the control plants. The well-watered clones had
consistently high F'v/F'm values, only dropping below 0.79 twice and never below
0.77 in any of the groups. In clones C1, C2 and C3, no decreases in Fv/Fm were
detected until the final weeks (days 56, 49 and 43 respectively), where F'v/Fm con-
tinued to decrease until the end of the experiment. In the clones C4, C5 and C6
which were exposed to drought, low values of F'v/Fm were recorded at day 30, but
had all recovered to the control level by the following week (day 38). Clone C6 had
low drought values from the third measurement week but recovered during days 38
and 43. Fv/Fm then dropped to below control levels until the end of the experi-
ment. Clones C2 and C4 had very steep decreases in some individual plants, seen

by low average values, whereas C1 has the smallest decrease among clones.
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Figure 3.1: Soil moisture as a percentage of Field Capacity (FC). Lines are con-
tinuous (30-minute intervals) measurements taken with a data logger. Continuous
measurements are averaged (n = 6) by watering regime (£ SE). Points are averages
(n = 5), for each clonal group for both watering regimes, taken manually with a
handheld soil moisture probe. Note: missing continuous data due to file corruption
before 29th June and from 30th June to 5th July represented by dashed line. No
watering occurred during these missing periods.
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Figure 3.2: Polytunnel conditions at 2 m above canopy. Solid lines are daily averages
(£ SE) and dashed lines are high and low extreme daily values. Top panel: Air
temperature (°C), Bottom panel: Relative humidity (%). No data is available before
11" July (day 14 of experiment) due to low accuracy of initial measurements.
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Table 3.1: Results from the mixed effects models built for each Vegetation Index
(VI). Results presented are p values (in bold, ns: > 0.05, *: p < 0.05, **: p <
0.01 and ***: p < 0.001) when lower than 0.1 and associated F values. Where
interactions did not show a significant effect (p > 0.05 and the removal of them
improved the model, they were excluded from analysis

Time Treat. Clone Time: Treat. Time: Clone 3-way R? Cond. R? Marg.

Vig

CCI <0.001*** 0.022* <0.001***  <0.001*** - - 0.533 0.336
48.353 5.5674 7.7253 9.6566

Clgr 0.01%* ns <0.001***  <0.001*** - - 0.838 0.329
3.7363 0.1337 7.1152 6.3271

Clre <0.001*** 0.091 <0.001*%**  <0.001%** - - 0.860 0.318
36.5481 2.9621 5.4200 1.0866

NDVI <0.001***  ng <0.001%*** - - 0.444 0.290
18.7147 1.4017 12.4925

NRre <0.001*** ng <0.001***  <0.001*** - - 0.875 0.319
38.3138 2.8286 5.0732 15.2615

SR <0.001*** (.082 <0.001*** - - 0.371 0.253
17.4382 3.1459 11.5687

VIp

ARI <0.001***  ng ns 0.007** ns 0.006** 0.622 0.446
85.8942 0.8679 0.4446 7.2431 0.7437 3.3048

ARI2 <0.001***  pg ns 0.005%* ns 0.004** 0.638 0.471
93.2767 0.7914 0.4548 7.9001 0.9086 3.6006

CRI1 0.001** <0.001*** <0.001*** 0.0267* - - 0.382 0.297
5.4867 15.7597 17.4781 3.0884

CRI2 0.001** <0.001***  <0.001*** 0.064 - - 0.391 0.303
5.4695 16.4968 17.7988 2.4410

PRI 0.003** ns 0.061 0.036* ns 0.012%* 0.704 0.401
8.8385 0.1971 2.2167 4.4166 0.2659 2.9744

Viw

MSI <0.001***  pg <0.001*** 0.026* ns <0.001***  0.634 0.426
5.8121 1.4719 12.0397 3.1288 0.5891 3.4200

NDWI ns ns <0.001***  0.006** ns <0.001*** 0.593 0.426
1.7193 1.7703 10.7734 4.2621 0.7005 2.9441

NDWI2 0.004** ns <0.001*** 0.016* ns <0.001*** 0.641 0.496
4.5845 0.8937 14.8006 3.4919 0.5987 3.2297

SRWI ns ns <0.001***  0.006** ns <0.001*** 0.590 0.421
1.7359 1.5678 10.8518 4.2664 0.7134 2.8821

WI ns 0.084 <0.001***  0.087 ns 0.002%* 0.544 0.411
1.0869 3.0871 16.6311 2.2045 0.7338 2.4364

WI/NDVI  <0.001*** ng <0.001***  <0.001*** - - 0.505 0.321
16.8131 0.7920 12.7523 5.8726
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Figure 3.3: Maximum photochemical quantum yield of photosystem II (Fv/Fm)
over time in six clones with different watering regimes (black: Control, no water
limitation, red: Drought, progressively increasing drought stress). Points are median
values (£ SE). Difference between Fv/Fv for the watering treatments for each clone
and each time point was analysed using Wilcoxon rank sum test (ns: not significant,
*: p < 0.05, and ** p < 0.01).

3.4.2 Greenness Indices (VIg)

All VIg changed over time during the experimental period without the influence
of drought (Table 3.1), this effect was weakest in Clgr but was characterised by
a slight downwards trend (Figure 3.4). There were strong clonal effects for all VIg
irrespective of drought, where VI values were consistently higher or lower, depending
on the clone (Figure 3.4). The drought duration (Time x Treatment) had a strong
effect on CCI, Clgr, Clre and NDVIre and no effect on NDVI and SR. Despite the
strong influence of drought duration on Clgr, which caused an increase towards the
middle of the drought period, and subsequent fall as the drought progressed, the
modelled t.ratio values never crossed the p value thresholds (Figure 3.5). This is
in contrast to other VIg, where the difference progressively became larger as the
drought continued (Figure 3.5). The difference in CCI slightly decreased towards
the end of the experiment. CCI was the first VIg to cross the p = 0.01 line just
before day 30 while Clre and NDVIre crossed the p = 0.01 line just before day 50.
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The models for Clgr, CIre and NDVTre all had a R? (cond.) of more than 0.8. The
models for NDVT and SR had low R? (cond.) (0.44 and 0.37). There was no differing

drought response between clones (Time x Treatment x Clone) for any of the VIg.
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Figure 3.4: Greenness indices (VIg) for six Sitka spruce clones under drought or
control conditions. Points are VI values and lines (+ SE) are modelled trends.
Black lines and filled points are the control treatment plants. Red lines and unfilled

points are drought treatment plants. For full VI names, formula and references see
Table 2.1 (p.43).

3.4.3 Pigment Indices (VIp)

An effect over time was detected for all VIp (Table 3.1) although the slope of the
response varied. The two carotenoid-based indices (CRI1 and CRI2), exhibited
a shallow non-linear downwards trend, which accelerated towards the end of the
experiment (Figure 3.6). A main effect for treatment was found in these carotenoid
indices, suggesting differences in the treatment groups, regardless of watering regime.

A t-test between drought and control groups was conducted, for measurements made
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Figure 3.5: t.ratio of estimated marginal means (EMM) for drought effect of green-
ness indices (VIg). These EMM were calculated when the two way interaction of
Time x Treatment was detected. Black dashed line is 0 where the drought and con-
trol group are equal. VI are normalised so t.ratio > 0 is the expected stress response.
Red dashed lines are estimated p value levels (p = 0.05 and 0.01), calculated from
the robust relationship between p values and t.ratio produced by EMM. For full VI
names, formula and references see Table 2.1 (p.43). For full results for the EMM
contrasts see Appendix B, Table B.1 (p.184).

at the start of the experiment, for each clone group and the combined clonal groups,
to evaluate pre-treatment differences. However, no significant relationships were
found. The strength of Time x Treatment was weak in carotenoid-based indices
(CRI1 and CRI2). The p values for the two indices fell either side of p = 0.05
(CRIL: p = 0.027, CRI2: p = 0.064). The Time x Treatment term was included
in the CRI2 model as it improved model fit and was only marginally above the
significance (p < 0.05) threshold however, the VI was not included in the EMM
analysis due to the relatively weak relationship. With the exception of SR, these
two VI also had the lowest R? (cond.) of all other VI tested. The t.ratio of CRI1
gradually increased through the drought and crossed the p = 0.01 threshold around
day 48 (Figure 3.7). The VIp ARI, ARI2 and PRI had similar responses and were
the only VI tested where a linear model was the best fit. This linear trend resulted
in progressively greater difference between the control and drought treatment as the
drought continued (Figure 3.7). By day 20, all VIp except CRI1 had crossed the
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p = 0.01 line where ARI, ARI2 and PRI remained above for the duration of the
experiment. CRI1 dropped below the line around day 40. The drought effect was
different between clones in ARI, ARI2 and PRI, indicated by a significant three-way
interaction. The R? (cond.) values for these VI was above 0.6 and within a 0.1

range.
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Figure 3.6: Pigment indices (VIp) for six Sitka spruce clones under drought or control
conditions. Points are VI values and lines (£ SE) are modelled trends. Black lines
and filled points are the control treatment plants. Red lines and unfilled points are
drought treatment plants. For full VI names, formula and references see Table 2.1

(p.43).

3.4.4 Water Indices (VIw)

NDWI, SRWI and WI were the only VI not influenced by the Time main effect
(Table 3.1). All the VIw had significant clone main effects and, with the exception
of WI, all had a significant effect of Time x Treatment. The three-way interaction,
with the exception of WI/NDVI, was significant across all VIw. Clone C2 had the
most drastic change in VIw towards the end of the drought (Figure 3.8). The shape
of the curve (although in the opposite direction for MSI), varied between clones, but

was conserved across the VIw. All VIw crossed the p = 0.01 line within 10 days of
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Figure 3.7: t.ratio of estimated marginal means (EMM) for drought effect of pigment
indices (VIp). These EMM were calculated when the two way interaction of Time
and Treatment was detected. Black line is 0 line where drought and control group
are equal. VI are normalised so that t.ratio > 0 is the expected stress response. Red
lines are estimated p value levels (p = 0.05 and 0.01), calculated from the robust
relationship between p values and t.ratio produced by EMM. For full VI names,
formula and references see Table 2.1 (p.43). For full results for the EMM contrasts
see Appendix B, Table B.1 (p.184).

each other between days 45 to 55 (Figure 3.9). The initial decrease in t.ratio varied
in intensity between VIw. This was most pronounced in SRWI where it dropped
below the p = 0.01 line and least pronounced in WI. NDWI2 had the largest R?
(cond.) (0.64) and all VIw had a R? (cond.) of at least 0.5.

3.4.5 Differing drought responses between clones

When three-way interactions were modelled, estimated marginal means (EMM) plots
were used to evaluate differing responses between clones (Figure 3.10). Clone C6
exhibited the strongest anthocyanin response under drought, where ARI and ARI2
crossed the p = 0.01 line around day 5, and remained much higher than the other
clones for the remainder of the drought. Anthocyanin responses for the other clones
were similar, all crossing the p = 0.01 line between days 10 and 20 and peaking

around t.ratio = 3. PRI in C1 never crossed either of the p value lines. PRI crossed
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Figure 3.8: Water indices (VIw) for six Sitka spruce clones under drought or control
conditions. Points are VI values and lines (£ SE) are modelled trends. Black lines
and filled points are the control treatment plants. Red lines and unfilled points are
drought treatment plants. For full VI names, formula and references see Table 2.1

(p.43).

p = 0.01 around day 30 for C2 and C3 and between day 10 and 20 for clones C4,
ChH and C6. The response in the VIw was characterised by an initial drop or shallow
increase, then slight drop, followed by a rapid rise as the drought progressed. The
differences between drought and control were most extreme in C2 and least in C1.
In C1, except for around day 0 the VIw never crossed the p = 0.01 line. The p =
0.01 was crossed for all other VIw; around day 45 in C2 and day 50 in C3, C4, C5
and C6. The drop in VIw during the final few days of the drought, most pronounced
in C2, is likely due to a decrease in statistical power, rather than a treatment effect

as the variance of data becomes larger.
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Figure 3.9: t.ratio of estimated marginal means (EMM) for drought effect of water
indices (VIw). These EMM were calculated when the two way interaction of Time
and Treatment was detected. Black dashed line is 0 line where drought and control
group are equal. VI are normalised so t.ratio > 0 is the expected stress response.
Red dashed lines are estimated p value levels (p = 0.05 and 0.01), calculated from
the robust relationship between p values and t.ratio produced by EMM. For full VI
names, formula and references see Table 2.1 (p.43). For full results for the EMM
contrasts see Appendix B, Table B.1 (p.184).

3.5 Discussion

The combination of multiple VI calculated from hyperspectral reflectance data, gives
a picture of drought response in Sitka spruce, over an eight week progressively inten-
sifying drought. By using EMM to statistically account for seasonality, control and
drought groups were compared. Due to their major influence on both reflectance
and biophysical processes, foliar pigments are the bases for the majority of physi-
cally based VI. The characteristic absorption signature of water also links VIw to
plant water dynamics. The results presented here show how drought alters pigment
concentrations and water content, which affect needle reflectance (Zhang & Zhou,
2019). In general, VI associated with chlorophyll (VIg) decrease or are unchanged
under drought, and VIp suggests higher expression of carotenoids and anthocyanins.
However, these changes are influenced by multiple factors and are not always linear

over time.
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Figure 3.10: t.ratio of estimated marginal means (EMM) for drought effect of VI
for each clone group. These EMM were calculated when a significant three way
interaction was detected (Time x Treatment x Clone). Black dashed line is 0 line
where drought and control group are equal. VI are normalised so that above the
black line is the expected stress response. Red dashed lines are estimated p value
levels (p = 0.05 and 0.01), calculated from the robust relationship between p values
and t.ratio produced by EMM. For full VI names, formula and references see Table
2.1 (p.43). For full results for the EMM contrasts see Appendix B, Table B.2 (p.188).

3.5.1 Chlorophyll and greenness VI (VIg)

Chlorophylls are the main light harvesting pigments and are established biomarkers
of biotic stress (Chaves et al., 2003; Govender et al., 2009; Plesa et al., 2019). Under
drought stress, photoinhibition occurs when the quantity of light energy plants re-
ceive outweighs the capacity of photochemistry to use it (Long et al., 1994). During
photoinhibition, reactive oxygen species (ROS) accumulate, which are damaging to
photosynthetic machinery, including chloroplasts (Rasheed et al., 2021). Decreases

in chlorophyll concentration, arising from photoinhibition related chlorosis and re-
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duced chlorophyll biosynthesis, can be detected in VIg (Plesa et al., 2019; Grulke
et al., 2020). Here, reductions in chlorophyll under drought stress were detected in
some, but not all VIg.

NDVI, the most widely used VI, is sensitive to green leaf area but can perform poorly
when evaluating evergreen needles (Gamon et al., 2016). NDVI was not affected by
drought stress in this study. NDVI and SR use bands with wavelengths in the red
portion of the spectrum (625 — 750 nm). In this region, chlorophyll has very high
absorption, so the signal is readily saturated. The red-edge region (680 — 750 nm),
is an area of the spectrum where absorption by plant pigments rapidly shifts from
high to low. The red-edge shifts to shorter wavelengths when chlorophyll decreases.
This region is more sensitive to chlorophyll than the red, as lower absorption leads to
a weaker saturation effect (Horler et al., 1983; Gitelson & Merzlyak, 1994; Clevers
& Gitelson, 2013). This is in line with the findings here, where drought steadily
decreased the two red-edge based VIg (Clre, NDVIre), suggesting these may be
more applicable for needle level chlorophyll estimation. The CCI model fit the data
less well than the red-edge VIg, although CCI crossed the p = 0.01 earlier than
any other VIg in the EMM analysis. CCI was designed to measure chlorophyll/
carotenoid ratios in evergreen needles for broadband satellite based sensors (Gamon
et al., 2016). A possible hypothesis is that CCI responded quicker to stress due to
chlorophyll/ carotenoid ratios whereas the red-edge indices may be more applicable

for chlorophyll estimation.

Relative to the control group, the response of Clgr (which takes green light infoma-
tion) to drought was less pronounced than the red-edge VI. This could be due to
the relationship between chloroplasts and green light. Green light is absorbed less
readily than other visible light by plant leaves, therefore it passes deeper into the
tissue (Brodersen & Vogelmann, 2010). Chloroplasts in the top few layers of cells
receive the most excess light during stress causing the greatest photoinhibition. The
chloroplasts reflecting green light, which Clgr detects, receive less excess energy so

remain less stressed (Liu & van lersel, 2021).

NDVI and other VIg have a relationship with canopy properties such as Leaf Area
Index (LAI). Under drought stress, defoliation is an emergency response in conifers
which reduces LAI (Schuldt et al., 2020; Nadal-Sala et al., 2021). Some defoliation
was observed in this study, especially in older needles in the drought treatment (see
Appendix A, Figure A4 (p.178)). However, the spectral needle measurements do
not detect such canopy parameters so are not reflected in NDVI. This highlights a

limitation of scaling VI from needle to canopy level.
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3.5.2 Stress Pigment VI (VIp)

Plants have evolved many mechanisms to cope with drought stress. Foliar pig-
ments have a crucial role in photoprotection from oxidative stress caused by ROS.
Carotenoids are considered the second major pigment group, after chlorophylls
(Blackburn, 2007; Huang et al., 2018). They have many functions including light
capture, photoprotection, energy dissipation and antioxidation, when photosynthesis

is compromised (Gamon et al., 2016).

There are uncertainties surrounding the exact role of anthocyanins under drought
stress (Steyn et al., 2002; Landi et al., 2015; Cirillo et al., 2021). There is a body of
evidence to suggest light screening properties of anthocyanins, whereby the severity
of photoinhibition is reduced by anthocyanins receiving high energy photons, and
directing them away from light saturated photosynthetic machinery (Gould, 2004;
Kyparissis et al., 2007; Landi et al., 2015). Anthocyanins may also have an an-
tioxidant role, although this is under debate (Hernandez et al., 2009; Cirillo et al.,
2021).

The quantities and ratios, relative to chlorophyll, of these two pigment groups in-
crease under drought stress (Lichtenthaler et al., 2007; Cirillo et al., 2021; Wong
et al., 2022). In the present study, PRI, ARI and ARI2 were linearly affected by
drought. Decreasing ARI and ARI2 indicates increasing anthocyanins, which alter
reflectance, as the plants upregulate photoprotection and try to acclimate to stressful
conditions. The anthocyanin drought response was quick and increased throughout
the drought, suggesting the regulation of these pigments is crucial in Sitka spruce,

from mild to severe drought stress.

PRI is becoming an ever increasingly used VI to infer plant stress and photosyn-
thetic function. Here, PRI decreases linearly under drought stress. PRI is based
on a specific group of carotenoid pigments called xanthophylls, which change the
distribution of absorbed light at a specific region (Demmig-Adams & Adams, 1996;
Gamon et al., 2016). The xanthophyll cycle dissipates excess light and heat energy,
via the de-epoxidation of violaxanthin to zeaxanthin, and the reverse reaction (Jiang
et al., 2006; Takahashi & Badger, 2011). Under drought stress, PRI decreases due
to the de-epoxidation of xanthophylls, seen across differing conifer species (Peguero-
Pina et al., 2007; Filella et al., 2009; Wong & Gamon, 2015a; Mottus et al., 2017,
Hernandez-Clemente et al., 2019; Mottus et al., 2019).

The carotenoid based VI (CRI1 and CRI2) responded weakly to the drought over
time. The CRI1 drought response was very similar to the chlorophyll VI responses.
The spectral overlap between carotenoids and chlorophylls make it hard to extract

carotenoid-only information (Blackburn, 1998; Gitelson et al., 2002; Sonobe et al.,
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2020). A study monitoring carotenoid concentration in crops, using carotenoid VI
included here, to estimate pigment concentration concluded that the accuracy and
robustness of these indices needs to be improved for accurate carotenoid estimation
(Huang et al., 2018). The results suggest that focusing on reflectance at 531 nm (as
used in CCI and PRI), which acts as a proxy for the xanthophyll cycle, provides the

most drought sensitive information on carotenoids in Sitka spruce.

3.5.3 Water VI (VIw)

VIw all exhibited a similar pattern during the drought. Initially, VIw decreased
relative to the control, then sharply increased from days 30 - 40 (except MSI which
is inverted relative to other VIw). VIw are correlated with foliar water content and
water potential in conifers (Stimson et al., 2005). The rapid change in VIw towards
the end of the experiment, strongly suggests a rapid loss of water in needles as the
plants become increasingly stressed, and were unable to maintain foliar water. The
initial increase in water content relative to control plants was unexpected. Water
content in conifer needles can take a long time to decline (Dao et al., 2021). It
is hypothesised that in the early stages of drought, while stomata are closed, high
water potential is maintained in the needles, due to lack of transpiration. This is
similar to pre-dawn needles maintaining high water potential due to stomata closure
overnight (Andrews et al., 2012). Past a certain drought stress threshold (Irvine et
al., 1998), the spruce cannot maintain water content and needles begin to desiccate
rapidly. This effect should be studied further in Sitka spruce by combining VIw with

direct water content and water potential measurements over time.

3.5.4 Fv/Fm

Fv/Fm is a relatively quick to measure indicator of plant photosynthetic activity
and a good proxy for drought stress (Mena-Petite et al., 2000; Fang-yuan & Guy,
2004; Bigras, 2005; Cifre et al., 2005; Zhuang et al., 2020; Baldi & La Porta, 2022).
Healthy plants have a F'v/Fm of over 0.8, which the control plants in this study
maintained. As the drought progressed, F'v/F'm decreased in water limited plants.
Around day 30, just before the final watering in the drought group, many plants
exhibited a decline in F'v/F'm, indicating signs of stress. This recovered post water-
ing. Declines of Fv/Fm due to drought and rapid recovery post watering has been
measured in Sitka spruce (Black et al., 2005) and Norway spruce (Picea abies) under
differing irrigation treatments (Matisons et al., 2021). This highlights the dynamism
of Fu/Fm as a stress marker. Grant and O’Reilly (2017) exposed Sitka spruce to a
gradual, less intense drought, potentially more indicative of most natural droughts,

and found no change in F'v/Fm. The sensitivity of F'v/Fm in Sitka spruce should
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be further evaluated in contrasting drought intensities or under field conditions.

3.5.5 Clonal differences

Selection of appropriate species or genotypes will be crucial in ensuring a drought
resilient UK forestry sector (Locatelli et al., 2021). Linking species genetic informa-
tion to remotely sensed VI, or fluorescence data, highlights the potential for rapid
non-destructive, and cost effective drought tolerance assessment and high through-
put phenotyping (Plesa et al., 2019; Liming & Huichun, 2020; Baldi & La Porta,
2022). This could be incorporated into existing breeding programmes, to select for

drought resilient progeny for future forest management.

By using six clones from the breeding population, initial evaluation of spectral phe-
notypic variability in Sitka spruce, using existing VI, is performed here. Conifer
spectral heritability research is in its infancy, but a few recent studies are begin-
ning to identify important regions of the spectrum, to identify intraspecific genetic
differences. In Scots pine (Pinus sylvestris), heritable spectral variation was largest
in the red-edge portion of the spectrum (found also in rice (Feng et al., 2017)).
Significant variation was also present in near infrared (NIR) and shortwave infrared
(SWIR) (Cepl et al., 2018). Spectral measurements on three different Norway spruce
ecotypes, were taken across two months, by Hejtmének et al. (2022). For differing
ecotypes, previous year needles measured in May had significant variation around
the red-edge and visible part of the spectrum. Whereas, when mostly current year
needles were measured in August, differences were found between medium and low
elevation trees in the NIR and SWIR region. Differences between medium and high
elevation trees were found in the blue and red regions (Hejtmének et al., 2022).
These studies have highlighted the red-edge as a high potential area to differentiate
genetically distinct conifers from their spectral reflectance, although factors such as

needle age, environmental stress and time of year add complexity.

Differences between clones were detected in all chlorophyll-based indices (VIg). The
red-edge VI were among the best fitting models, adding to existing evidence that
chlorophyll reflectance, especially in the red-edge, could be a useful marker for ge-
netic variation in conifers (éepl et al., 2018). The chlorophyll stress response, how-
ever, was conserved across clones. These findings suggest VIg alone may be of

limited use for identifying drought tolerant clones.

Intraspecific drought responses are widespread in the plant kingdom and have been
reported in conifers (Lopez et al., 2009; Sanchez-Gomez et al., 2011; Taibi et al.,
2017; Balekoglu et al., 2023), including Sitka spruce (Grant et al., 2018). How-

ever, evaluating these differences through remote sensing is rare (C‘epl et al., 2018).
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Chlorophyll fluorescence has been the most widely explored remotely sensed in-
traspecific drought tolerance marker in conifers (Liittge et al., 2011; de Miguel et
al., 2014; Cepl et al., 2016; Grant & O’Reilly, 2017; Taibi et al., 2017). Identi-
fying drought tolerant varieties of agricultural crops using VI is possible (Barakat
et al., 2016; El-Hendawy et al., 2019). However, no analysis of intraspecific drought

tolerance using remotely sensed VI on conifers exists.

This study provides new insights of differing clonal stress responses, by tracking
VI over the course of an experimental, progressively increasing drought. The two
anthocyanin VI, PRI, VIw and F'v/Fm drought responses differed between clones.
Assessing multiple VI and Fv/Fm simultaneously using repeated measures gives a
more complete overview of stress response. For example, Clone C1 had the smallest
change in PRI and F'v/Fm, a relatively weak ARI response and maintained control
level water content for most of the drought. The VI response for Clone C6 however,
was much more pronounced, and was one of the first clones to show a significant drop
in Fv/Fm, suggesting a much greater susceptibility to drought than C1. Clones C2
and C3 are part of the UK Sitka spruce general breeding population. C3 appears to
be relatively drought tolerant. C2 however, has an extreme drop off in water content
and Fv/Fm. This preliminary work suggests that currently, breeding population
trees could be different in their drought tolerance, and some may be potentially

vulnerable.

Conifer drought responses are complex, involving multiple physiological processes
and mechanisms, which vary through time and stress severity (Baldi & La Porta,
2022). The results here highlight this complexity, and the value in combining VI
and analysing stress at regular time points. Clone C2 was the second last clone
to show a decrease in Fv/Fm (seen in week 8), and had a relatively small change
in PRI. However, by the end of the drought, it appeared to be the most severely
stressed group (based on F'v/Fm and rapid loss of water content). Using only one

VI or time point could lead to incorrect conclusions about drought tolerance.

3.5.6 Seasonality

The biophysical properties of plants are not static in time. Healthy vegetation
undergoes cycles at multiple time scales (Wong & Gamon, 2015b). This results in
a constantly dynamic reflectance signal from leaves, where different processes have
contrasting influences. One of the most dramatic changes trees undergo is across
seasons. As temperatures and available light change, leaves make adjustments to
ensure optimum photosynthesis, or to protect organs from climatic extremes, which
involve long term changes in metabolism (Ensminger et al., 2004; Wong & Gamon,

2015a). The eight-week period of this study was from mid to late summer, where
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trees may start to downregulate physiological processes, prior to the winter months.

All pigment indices showed some level of change over the study period, irrespective of
irrigation treatment. Pigment pools vary substantially in seasonal cycles in conifers,
where photosynthetic capacity is regulated primarily through pigments, rather than
senescence (Gamon et al., 2016). Chlorophyll/ carotenoid ratios track evergreen
conifers seasonal photosynthetic patterns, this increases reflectance in the visible
region from summer to winter (Gamon et al., 2016). This increase was observed here,
affecting all VI with bands in the visible region. This is largely driven by a down
regulation of chlorophyll and increase in xanthophylls and the overall carotenoid
pools (Miller et al., 1991; Ensminger et al., 2004; Gamon et al., 2016). Chlorophyll
is down regulated to reduce light absorption while lower temperatures reduce the
efficiency of photosynthesis. Xanthophyll pools increase to aid in photoprotection
(Ensminger et al., 2004).

The needles measured in this study were overwintered needles and reflectance in the
NIR region increased over the experimental period. A study looking at boreal forest
trees compared needle spectra from June and September (Hovi, Raitio, & Rauti-
ainen, 2017). The authors found increased NIR in current year needles. However,
Hovi, Forsstrom, et al. (2017) found that NIR reflectance of previous years was
dynamic and likely caused by changes in pigment composition, although the au-
thors found this hard to explain. These are likely to be biochemical changes rather
than structural as morphology is conserved in older needles. Minimal data for over-
wintered needles is available (Rautiainen et al., 2018). It has also been suggested
that a decrease in NIR in overwintering needles could be due to accumulation of
starch (Middleton et al., 1997) so the increase here may be caused by non-structural

carbohydrate processes.

Water content can also change seasonally in conifer needles, although in over win-
tered needles, this change is limited. In lodgepole pine (Pinus contorta), for current
year needles, water associated reflectance increased substantially in the NIR and
SWIR regions, compared to a much smaller increase in the SWIR, and negligible
change in the NIR in old needles (Qi et al., 2014). The slight increase over the sea-
son in the SWIR recorded by Qi et al. (2014) is comparable to the spectra collected
here. And, excluding WI/NDVI which is influenced by chlorophyll content, the VIw
that used SWIR bands (NDWI2 and MSI) showed a significant difference over time
without drought influence. This suggests that in older needles the SWIR region is

the most sensitive region to seasonal water change.

99



3.6 Conclusions

The study here used several different VI, broadly characterised into three groups
(VIg is associated with chlorophyll, VIp is associated with stress pigments, and VIw
is associated with water content). Many of these VI capture the same biophysical
processes however, due to spectral interspecific plant variation, sensor sensitivity
and collection methods, the most appropriate VI for a given use changes. The study
here was concerned with highlighting appropriate VI, for drought stress detection in
Sitka spruce, and the potential to differentiate stress responses between clones. For
chlorophyll detection, a useful biomarker of stress, at the needle level, found that
indices based on the red-edge were most sensitive, despite NDVI often being favoured
in the literature. VIw provided good indicators of severe water stress once a critical
threshold has been crossed. The initial increase in water content suggests that care
should be taken using these indices, when using single time point measurements,
or measuring mildly stressed trees. The VIw indices NDWI and SRWI would be
recommended when evaluating drought stress due to a weaker seasonal effect. The
detection of stress associated pigments can inform a great deal about a plant’s
current state. Here ARI, ARI2 and PRI were the best performing models in the
current study. The linear nature of the response provides the most robust measure
of stress. The stress response is also different between clones, suggesting that these
VI could be important in identifying intraspecific drought tolerance for use in future

breeding programmes.
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Chapter 4

The effect of canopy position on
Vegetation Indices (VI) for Sitka
spruce (Picea sitchensis) needles

during an experimental drought

4.1 Introduction

In Chapter 3, the spectral response of Sitka spruce to an experimental drought was
assessed using pigment and water content Vegetation Indices (VI). The study mea-
sured upper canopy needles of the same age (from the 2021 growing season). Satellite
or airborne sensors function at the canopy scale, rather than needle or individual
branch. This means that the spectral signal will encompass needles of different ages
and canopy depths. In order to produce reliable estimates of spectral response, it is
therefore important to assess the variability across the canopy, to establish poten-
tial inconsistencies in spectral responses which may contribute to the canopy signal.
This chapter follows on from Chapter 3 and uses the same experimental set up as
outlined in Section 2.2 however, uses spectra collected throughout the canopy for

analysis.

Across a plant canopy, biophysical traits are regulated for efficient light assimila-
tion. As Kattenborn and Schmidtlein (2019) state for optical properties, ‘reflectance
follows function’; environmental conditions and plant phenology can cause leaf bio-
physical properties to vary, which alters reflectance (Kierzkowski et al., 2007; Mottus
et al., 2014; De Toméas Marin et al., 2016; Vinod et al., 2022). Needles in the upper
canopy are likely to be exposed to higher levels of radiation, which can be explained

by Beer’s Law (also known as the Beer—Lambert law, or Beer-Lambert—-Bouguer
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law) ("C/F’, Monsi et al., 2005). This describes decreasing probability of light at-
tenuation with increasing leaf area throughout a plant canopy (Foroutan-pour et al.,
2001; Ledn & Bailey, 2019). Pigment levels in leaves therefore tend to follow irradi-
ance gradients, as absorbing excess light energy is potentially disadvantageous due
to photoinhibition or oxidative damage (Niinemets et al., 2003; Gamon & Berry,
2012). A body of evidence highlights how spectral differences occur throughout the
canopy, due to age, structure and environmental conditions (O’Neill et al., 2002;
Niinemets et al., 2003; Lukes et al., 2013; Olascoaga et al., 2014; De Toméas Marin
et al., 2016; Rautiainen et al., 2018; Kattenborn & Schmidtlein, 2019; Lhotékové
et al., 2021). However, the effects are often overlooked in canopy level analysis (Wu
et al., 2018; Bi et al., 2022).

The influence of drought on these differences is less well studied. Previous work
has shown that drought responses can vary throughout a canopy in tropical forests
(Smith et al., 2019), and that different age or height classes of tree can have different
drought responses (Cavender-Bares & Bazzaz, 2000; Vinod et al., 2022). Needle
life history influences biophysical function, as long-lived needles may incur legacy
effects of drought damage given needles are not rapidly replaced (Song et al., 2022).
It is therefore highly possible that the drought responses found in Chapter 3 may
differ with age or vertical canopy position. If differences in drought response exist
within a Sitka spruce canopy, and can be detected by VI, then this should inform
interpretation of remote sensing work at larger spatial scales (canopy, regional or
global). For example, Smith et al. (2019) suggest refining whole-canopy reflectance
interpretations by accounting for distinct canopy layers. Without this, in situations
where different portions of the canopy have contrasting phenologies or life histories,
measuring the reflectance of the canopy as a whole could fail to detect important

stress responses.

4.2 Research aims

The aims of these analyses are to build upon the findings in Chapter 3 to determine
whether:

— Biophysical differences throughout the canopy are detectable with Vegetation
Indices (VI), and if canopy position and age affect VI.

— The VI drought response varies across the canopy.
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4.3 Chapter methods

Using the experimental set up and data collection methods set out in Section 2.2, the
processed VI for the experimental drought period (27th June 2022 to 24th August
2022) for all canopy positions (top of canopy needles (N"PP®") bottom of canopy
needles (N'°¥°r) and previous pear needles (N°4)), were analysed. Due to inconsistent
N'over and N°'4 measurements in Clone 6, these data were removed from this analysis.
These inconsistencies arose from the small vertical stature of some trees making the
NwPer and NoWer canopy distinction vague. Clone 6 genotypes were also exposed to
high rates of defoliation, especially in N*P¢* and N°4 in the drought treatment (see
Appendix A, Figures A.3 and A.4 (p.177, 178)).

4.3.1 Statistical Analysis
4.3.1.1 Mixed effects models

To determine how the position in the canopy affected VI dynamics over the drought,
mixed effects models that treated each individual plant as a random effect were built
for each VI. The main effects modelled were: time in days after drought treatment
initiation (Time); watering regime (Treatment); position of needles in the canopy
(Position); and clonal group (Clone). Additional interaction effects for the main
effects over Time (Treatment:Time, Position:Time and Clone:Time), and three way
interactions between Time:Treatment:Position and Time:Treatment:Clone, were in-
cluded in the model where this improved model fit (determined using AIC to avoid
overfitting). To account for non-linearity in biophysical response, polynomial re-
gressions (df = 3) were fitted where this improved the AIC score relative to a linear

trend. Model residuals were tested for normality and autocorrelation.

4.3.1.2 Estimated Marginal Means (EMM)

Using these models, estimated marginal means (EMM) were used to evaluate spe-
cific questions. If a significant (p < 0.05) main effect of Position was detected in the
model, EMM contrasts were made between the three canopy positions. To evaluate
how this relationship varied across time (when a significant Time:Position interac-
tion was detected), canopy position contrasts were performed every seven days over
the study period. Contrasts for the Time:Treatment:Position interaction were also
evaluated to determine if the drought effect differed throughout the canopy. The
Neld and NP peedles are measured at a similar canopy height. The contrasts
between canopy positions therefore evaluated; the effect of age on VI (Nuwpper:Neld),
effect of vertical position in the canopy on VI (NUPPer:Nlower) and the effect of vertical
position and age on VI (Nold:Nlower),
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4.3.1.3 Treatment main effect

For some VI, a main effect of Treatment was detected. To establish if differences
between drought and control groups existed before the drought treatment had initi-
ated, EMM contrasts between the control and drought groups for each VI and clonal
group at day 0 (t0) were conducted.

4.3.1.4 Needle measurements

Needle measurements (length and width) were taken prior to the drought initiation
(Section 2.2.3.8). These data were analysed using a two-way-anova to determine
differences between canopy positions and clonal groups. All statistical analysis was
conducted in R and RStudio (RStudio Team, 2020).

4.4 Results

Time series of measured VI and model estimates are presented in Figures 4.2 - 4.4.
Results from the mixed-effect models are summarized in Figure 4.1, and presented
in full in Appendix C, Table C.1 (p.198).

4.4.1 Position main effect

Position as a main effect was highly significant (p < 0.001) for all VI (Figure 4.1),
highlighting clear differences in reflectance between canopy positions, resulting in
differences between VI. EMM contrasts where therefore conducted between canopy
positions for all VI (Figure 4.5; full contrast results are presented in Appendix C,
Table C.2 (p.202)).

VI values were greater in N"PP" | for the carotenoid based VI (CCI, CRI1 and CRI2)
and all water based VI (excluding MSI which is on the reverse scale), than in N,

VI values were lower in NPT compared to N°4 in most other VI (with the exception
of NDVI, SR and WI/NDVI, where no differences were detected).

There was consistency in the NUPPeT:NIWer contrasts across VI (Figure 4.5). NUPper
values were lower than N°"¢" across all pigment VI (greenness and pigment) (Figures
4.2, 4.3 and 4.1). This difference was most pronounced in Clgr (estimated difference
1.08 £ 0.07) and PRI (estimated difference: 0.02 £ 0.005) and weakest in CCI
(estimated difference: 0.03 £ 0.005). Conversely, N"P was larger than N in
all water VI (with the exception of MSI, where the scale is reversed) (Figures 4.4
and 4.5). The statistical strength of this was similar across VI, with the exception
of WI/NDVI (Figure 4.5).
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Figure 4.1: Summary of mixed effects models for all Vegatetion Indcies (VI) showing
main and interaction effects. Model terms are on the y-axis. Colours denote the
statistical significance (p values), where dark blue is p < 0.001 (highly significant),
light blue is p < 0.01 and white is p < 0.1. Red indicates p > 0.1 and grey indicates
the term is not included in the model. For p < 0.1, p values are displayed. Note: .001
represents any p value equal to or less than than 0.001. Full results are presented
in Appendix C, Table C.1 (p.198). For full VI names, formula and references see
Table 2.1 (p.43).

For NDVI, SR, CCI, CRI1, CRI2 and MSI, N°**" VT values were greater than N
(Figure 4.5). For CIre, NDVIre, NDWI1, NDWI2, SRWI, WI and WI/NDVI, Nlover,
VI values were smaller than N°¢ VI values. And for CIgr, ARI, ARI2 and PRI, there

was no difference between N and N°4 (Figure 4.5).

4.4.2 Canopy position over time

A significant Time:Position interaction was detected in 12 out of 17 VI (Figure 4.1).
These included all pigment and greenness VI. WI/NDVI was the only water based VI
where a Time:Position interaction was present. The results of the EMM contrasts

for these VI, are summarised in Figure 4.6 and presented in full in Appendix C,
Table C.3 (p.204).

For ARI and ARI2, no differences were detected in the N°9:N¥er contrast. For
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Figure 4.2: Time series of greenness/chlorophyll VI over the drought period. The
points denote the average value for repeats of each clone group. Circles signify con-
trol groups and triangles signify droughted plants. Lines are plotted using estimates
from mixed effects models, where solid lines are the control group and dashed lines
are droughted plants. The full results for the mixed effects models are presented in
Appendix C, Table C.1 (p.198). For full VI names, formula and references see Table
2.1 (p.43).

Nupper:Neld and Nupper:Nlower the VI differences between canopy positions were most
pronounced at the start of the experiment, then gradually converged, until by day

49 they were not significantly different.

For the carotenoid based VI (CCI, CRI1, CRI2), N"PP¢" VT values were generally
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Figure 4.3: Time series of pigment VI over the drought period. Point and line
notation matches that detailed in 4.2.The full results for the mixed effects models
are presented in Appendix C, Table C.1 (p.198). For full VI names, formula and
references see Table 2.1 (p.43).

higher than N°Y (Figures 4.3 and 4.6). This difference is most pronounced near
the start of the experiment around day 7, and then is gradually reduced. For CRI1
and CRI2, by day 49 there is no significant difference (Figure 4.6). The other two
contrasts (NWPPer:Nlower and Nlower:Nold) for the carotenoid based VI followed the
same pattern. N°"® had constantly higher VI values than N"PPeT and N°¢. These
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Figure 4.4: Time series of water based VI over the drought period. Point and line
notation matches that detailed in 4.2.The full results for the mixed effects models
are presented in Appendix C, Table C.1 (p.198). For full VI names, formula and
references see Table 2.1 (p.43).

values began to converge as the experiment continued. The difference was weakest

for CCI Nupper;Nlower,

NDVI and SR followed the same pattern as the carotenoid VI across all the con-
trasts (Figure 4.6). However, the difference between N'PPer:N°d was smaller and no
difference was detected up until day 7 and after day 21. For the red edge VI (Clre

108



t.ratio

Upper: Old . ! 10
Upper: Lower 0
e — -10

R} - N — >

o o 2 n» T o % ¥%a =00k = Z

© O =z % < < O O 2 2 =

Vegetation Index (VI)

Figure 4.5: Estimated marginal means (EMM) contrasts between canopy positions
for VI. For each contrast, colours denote the t.ratio. Grey squares indicate non-
significance (p < 0.05). Note that MSI is on a reversed scale relative to other
water VI. A positive t.ratio (red) indicates the first contrast term (e.g. ‘Upper’ in
‘Upper:01d’) has a higher VI value, and a negative t.ratio (blue) indicates the first
contrast term has a lower VI value. The full results are presented in Appendix C,
Table C.2 (p.202). For full VI names, formula and references see Table 2.1 (p.43).

and NRre), NPT and N°M diverged from N°¥ over the experimental period. The
difference between NUPPe' and N°¥¢' remained relatively stable throughout (Figure
4.6).

For Clgr and PRI, the difference in VI values between NP and N°Y was lower
during the first half of the experiment and then began to increase from around day
14 (Figure 4.6). N°over and N°4 were similar or the same for Clgr and PRI. No
difference between N"P and N°M was observed for NDVI/WT until day 42. The
differences between N°V' and the other positions for WI/NDVI were greatest at
day 14, and they gradually converged and then diverged before and after this point.

4.4.3 Differing drought effects across the canopy

For three VI (ARI, ARI2 and PRI) a significant Time: Treatment:Position interaction
was detected (Figure 4.1). The pattern in all EMM contrasts between the control
and drought treatments for these VI is broadly conserved in all three VI at all
canopy positions (Figure 4.7, full EMM contrast results are presented in Appendix
C, Table C.4 (p.212)). Up until day 7, for N®Pe* and N4 and day 14, for Nlower,
no differences between the control and drought groups are detected. After this
point, the difference gradually increased. Between canopy positions, the extent of
the divergence between control and drought groups over time differed. This was
strongest in N'"PP®" and weakest in N For ARI and ARI2, where differences were
detected, the VI values for the control treatment were consistently higher than in the
drought group. For PRI, the VI values for the drought treatment were consistently
lower (Figure 4.3).
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Figure 4.6: Estimated marginal mean (EMM) contrasts between canopy positions
for VI over time. A EMM contrast is conducted on each VI model at regular time
intervals every 7 days. Colour and notation matches those detailed in Figure 4.5.
The full results are presented in Appendix C, Table C.3 (p.204). For full VI names,
formula and references see Table 2.1 (p.43).

4.4.4 Needle measurements

Needle width and lengths differed significantly between canopy positions (ANOVA:
Width: F = 41.659, df = 1,2, p < 0.001, Length: F = 158.213, df = 1,2, p < 0.001 )
and clones (ANOVA: Width: F = 4.016, df = 1,2, p = 0.04696, Length: F = 46.022,
df = 1,2, p < 0.001) (Figure 4.8). Needles were clumped by position. In general
NUPPer needles were the longest and widest, whilst N'°"" needles were longer than

Nl but existed over a similar range of widths.

4.4.5 Treatment main effects

Where significant treatment main effects were detected, EMM contrasts revealed
some differences between control and drought groups at t0 which are presented in
Appendix C, Figure C.1 and Table C.5 (p.215 and 215). Differences at t0 occurred
in Clone 1 and 5 for the water VI (MSI, NDWI NDWI2, SRWI). This was consistent
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Figure 4.7: Estimated marginal mean (EMM) contrasts for drought effects over time
for different canopy positions. A EMM contrast is conducted between the control
(C) and drought (D) treatments for each position at regular 7 day intervals. The full
results are presented in Appendix C, Table C.4 (p.212). For full VI names, formula
and references see Table 2.1 (p.43).

across VI but not across clones. Differences between groups also occur in CRI1 in
Clone 2 and 5.

4.5 Discussion

Differences in microclimate and physiology lead to variation in needle optical prop-
erties within a single plant canopy. Chapter 3 focuses on needles from a specific
age class and vertical canopy position. Scaling leaf-level properties to the canopy
is important for SRS vegetation monitoring (Lhotakovéa et al., 2021). Therefore,
understanding variation in VI within the canopy provides crucial information re-
lating leaf-level processes to canopy-level information. The analysis here aimed to
evaluate if variations in vertical position and age are detectable with a range of VI

during an artificial drought experiment on Sitka spruce. This work demonstrates
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Figure 4.8: Needle dimensions of study plants. Colours denote the position in the
canopy the needles were removed from (N"P and N°"e' were overwintered needles
from the previous year’s growth (2021), taken in the top or bottom 25% of the
vertical canopy profile. N°4 were sampled from the top 25% of the canopy where
possible or the highest available whorl.) Shapes indicate the clones (C1 = Clone 1
etc.).

significant variation in VI values between canopy positions, providing evidence for

within canopy pigment differences and stress response in Sitka spruce.

Light gradients are a strong driver of canopy biophysical variation across needles
of the same age (Lukes et al., 2013; Chin & Sillett, 2017; Kramer et al., 2018;
Lhotékova et al., 2021) and within-canopy needle differences can be larger than in-
terspecific age differences (Tegischer et al., 2002). Top of canopy needles receive
the most incident light, whilst shading in the lower canopy reduces the quantity of
light available. The small stature and relatively sparse canopies, of the study plants
used for this work, might suggest relatively little differences in light levels through-
out the canopy. However, the plants are from a clone bank, stored in high density,
and close proximity, creating a high contrast in light levels between the upper and
lower canopies. The needle measurements clearly show morphological differences
between all three needle classes (Figure 4.8), which for NUPPer:NIower contrasts is at-
tributed predominantly to microclimatic differences (Lewandowska & Jarvis, 1977).
Needles in the N"PP" are the widest on average, which is an adaption to high light

environments reported previously in Sitka spruce (Chin & Sillett, 2017).
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4.5.1 Pigments throughout the canopy

Canopy position affected all VI studied. Differences in vertical canopy position were
the most consistent. Sitka spruce needle morphology has been found to be the pri-
mary ecological driver of needle anatomical variation in Sitka spruce (Chin & Sillett,
2017). Across all pigment based VI, values were higher in N'°*' compared to NuPPer
suggesting higher concentrations of chlorophylls, carotenoids and anthocyanins lower
in the canopy. In the lower canopy, light availability will be reduced due to increased
shading. Under lower light conditions, plants can increase light absorption efficiency
by investing in pigments in shaded or lower areas of the canopy (Demarez et al.,
1999; O’Neill et al., 2002; Robakowski & Bielinis, 2017). Regulating chlorophyll
according to available light increases total canopy photosynthesis due to improved
distribution of light harvesting throughout the canopy (Simkin et al., 2022). This
is consistent with an extensive canopy depth review by Vinod et al. (2022), who
found denser chloroplast layers in shaded leaves. In Sitka spruce, chlorophyll con-
centration has been demonstrated to be greater in the lower canopy (O’Neill et al.,
2002), in shaded canopy needles (Lewandowska & Jarvis, 1977). Homolova et al.
(2007) present the same response in Norway spruce (Picea abies), while (O’Neill
et al., 2002) found that chlorophyll correlated with reflectance more than any other

measured biophysical property.

For three of the four carotenoid VI (CCI, CRI1, CRI1), higher values suggest higher
quantities of carotenoids in the lower canopy. This adds to evidence that, under
shaded conditions, conifers invest more in photosynthetic apparatus when light in-
tensities are lower. Carotenoids have a diverse set of functions including light cap-
ture, and are crucial in absorbing light in the blue-green region or spectrum, where
absorption by chlorophyll is low. Carotenoids pigments transfer energy to chloro-
phyll, thus expanding the available spectrum of light available to a plant, and making
efficient use of the available energy (Ida, 1981; Hashimoto et al., 2016; Simkin et al.,
2022). Ida (1981) found that carotenoids increased almost linearly with chlorophylls
with shading in four Taxodiaceous conifers. Homolova et al. (2017) found slightly
increased carotenoids and chlorophyll in sunlit Norway spruce needles, but the ratio

between the two remained consistent.

PRI is also associated with carotenoids. However the PRI value suggests higher
concentrations of carotenoids in the upper canopy. This contradictory finding may
be explained by the diversity of carotenoid groups, and their functions, which act on
different temporal scales (Wong & Gamon, 2015b). PRI uses the specific reflectance
band at 531 nm, which is sensitive to the interconversion of pigments within the
xanthophyll cycle (Wong & Gamon, 2015a). The xanthophyll cycle is crucial in

energy dissipation, acting on short term scales with reversible adjustments. This is
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considered a facultative response (Gamon & Berry, 2012). Over longer time scales
carotenoid concentration changes can alter photosynthetic capacity over seasonal
time scales to track changing light and temperature levels. This is considered a
constitutive response (Gamon & Berry, 2012). In-depth analysis of PRI on three
conifer species (Gamon & Berry, 2012), in accordance with this study, found higher
investment in xanthophyll pigments (violaxanthin, antheraxanthin and zeaxanthin),
in sun exposed needles. This highlights investment into photoprotection mechanisms
in higher light microclimates, which has also been demonstrated elsewhere (Demmig-
Adams, 1998; Niinemets et al., 2003; Porcar-Castell et al., 2009).

The contrasting responses in this study between PRI and other carotenoid VI could
be explained by different sources of carotenoid variation. PRI is likely detecting
facultative (short term) responses to increased light levels in the upper canopy, which
ameliorate detrimental photoinhibition. By contrast, the other three indices (CCI,
CRI1 and CRI1) are sensitive to constitutive pigment pools, and other carotenoid
pigments (e.g. a-carotene and f(-carotene), which act to maximise photosynthetic
capacity in the shaded lower canopy. These results demonstrate the complexity of
sources of variation within the carotenoid pigment group, and highlight the need to

understand mechanistic responses behind reflectance based VI.

Analysis from Rautiainen et al. (2018) and Hovi, Raitio, and Rautiainen (2017)
suggests that age is more important than canopy position for reflectance in conifers.
As a basic principle, conifers accumulate photosynthetic pigments over time (O’Neill
et al., 2002; Homolova et al., 2013, 2017; Lhotakova et al., 2021). However, younger
needles are the most photosynthetically active (Warren, 2006; Merilo et al., 2009;
Lhotakova et al., 2021; Wu et al., 2021). Here, depending on the VI, the relationship
between the two needle age classes differed. For Clgr, Clre and NDVIre, N° values
were higher than N"PP®" suggesting increased chlorophyll concentrations. This is in
agreement with general consensus in the literature (Tegischer et al., 2002; Homolova
et al., 2013, 2017; Lhotakova et al., 2021). Likewise, O’Neill et al. (2002) found
a small increase in chlorophyll with age in Sitka spruce needles. NDVI and SR
are also related to chlorophyll concentration, however no difference between N
and N"PP" peedles was found. As discussed in Chapter 3, NDVI and SR use red
light, rather than red edge or green light (as in Clgr, Clre and NDVIre) to detect
chlorophyll. Red light is readily saturated by chlorophyll and so is less sensitive
to change (Horler et al., 1983; Gitelson & Merzlyak, 1994; Clevers & Gitelson,
2013), meaning relatively subtle chlorophyll age differences could be missed. Needle
spectral analysis by Dengel et al. (2013) also concluded that NDVI was not sensitive

enough to detect age related differences in Scots Pine (Pinus sylvestris).

The opposite trend is found in carotenoid VI, where values are lower in N° rel-
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ative to N'PP®", The discrepancy between this and previous findings in Norway
spruce that chlorophyll and carotenoid concentrations increased with needle age
(Homolova et al., 2017; Lhotékova et al., 2021), may make sense in the context of
carotenoid:chlorophyll ratios. A detailed pigment analysis by Tegischer et al. (2002)
compared Norway spruce needles from the current and previous year, and found that
while chlorophyll concentrations increased in the old needles, neoxanthin, lutein, a-
carotene and [-carotene decreased relative to chlorophyll. Total chlorophyll is more
abundant in leaves than total carotenoids (Homolova et al., 2017; Lhotékova et al.,
2021), and the spectral influence of chlorophyll and carotenoids overlaps, leading to
strong covariation between the two (Gitelson et al., 2002; Gitelson, 2020; Sonobe
et al., 2020). Because of this, VI relating to carotenoids can be heavily influenced
by chlorophyll concentrations and therefore carotenoid:chlorophyll ratios. CCI and
PRI are related closely to carotenoid:chlorophyll ratios in conifers (Wong & Gamon,
2015a; Gamon et al., 2016). Gitelson et al. (2002) tried to overcome the influence
of chlorophyll to directly estimate carotenoids by introducing bands at 550 and 700
nm for CRI1 and CRI2 respectively. These wavelengths were found to be linearly
proportional to chlorophyll in some deciduous species. However, the relationship
between carotenoids and chlorophyll varies between species, growth stages and en-
vironmental stresses (Gamon et al., 2016; Gitelson, 2020; Sonobe et al., 2020). It
is therefore plausible that CRI1 and CRI2 are influenced by carotenoid:chlorophyll
dynamics. Future work should look to establish a robust carotenoid estimation VI
applicable to conifers or specific conifer species. These results further highlight the
complexity of pigment dynamics (Tegischer et al., 2002), and the care which should

be taken in VI analysis when accompanying metabolomics are not possible.

Studies examining anthocyanin relationships throughout the canopy are sparse for
conifers although their roles are important and diverse (Gould, 2004; Simkin et al.,
2022; Shi et al., 2023). Like carotenoids, anthocyanins absorb light in the blue region
of the spectrum (Chalker-Scott, 1999; Feild et al., 2001; Simkin et al., 2022), and
so may aid efficient light absorption. The results presented here suggest that, like
chlorophyll and carotenoids, Anthocyanins accumulate over time in needles and in
the lower canopy. Possibly to improve canopy light uptake distribution (Robakowski
& Bielinis, 2017; Lhotéakova et al., 2021; Simkin et al., 2022). Anthocyanins are also
important in stress responses, as seen in Chapter 3, and can act as photo protectants
in times of extreme stress (Chalker-Scott, 1999; Steyn et al., 2002; Kyparissis et al.,
2007; Zhu et al., 2016; Simkin et al., 2022). However, no evidence of increased

photoprotection by anthocyanins in the upper canopy is found here.
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4.5.2 Water content throughout the canopy

The water based VI were consistent in suggesting that water content is less in N'ower
and N°9 compared with N'"PP* Water content has also been shown to decrease
with needle age in silver fir (Abies alba) (Robakowski & Bielinis, 2017), maritime
pine (Pinus pinaster) (Eimil-Fraga et al., 2015), Scots Pine, Norway Spruce, West-
ern hemlock (T'suga heterophylla), Lawson cypress (Chamaecyparis lawsonian) and
Western redcedar ( Thuja plicata) (Hatcher, 1990). However, evidence for variation
in water content throughout conifer canopies due to vertical position or sun/ shading
is limited. In the Sitka spruce specific analysis by O’Neill et al. (2002), the highest
water content was found in the lower canopy, and lowest in the upper canopy; how-
ever, these effects were small and conducted on mature (mean height 6.5 m) trees.
Using spectral data and direct water content measurements, Homolova et al. (2017)
found slightly lower water content in shaded needles for Norway spruce in immature
(~40 years) and mature trees (~80 years). Neither of these studies however, posit

an explanation for why these differences in needle water content distribution exist.

In contrast, Zhu et al. (2017) found no significant differences in water content be-
tween canopy levels in multiple species of non-conifers. Although they recorded a
slight trend towards higher water content lower in the canopy for weeping fig (Ficus
benjamina). The authors attributed this partly due to the small vertical stature of

the study plants.

One possible explanation for the detection of lower quantities of water in lower,
more shaded needles is that higher photosynthetic rates and stomatal conductance
occurs in upper canopy leaves (Sellin & Kupper, 2004). The ‘leaf economic spec-
trum’ hypothesis states that maintaining higher levels of metabolic function requires
increased resource allocation (Prieto et al., 2018). It is feasible therefore, that the
study plants could be moving increased water to needles with higher photosynthetic
demands higher in the canopy. Another possibility is that morphological differences
between the needles in N"PP®" and the other canopy layers may have led to more
biomass being measured in the N"PP" samples (Lillesaeter, 1982; Gao, 1996; Sims &
Gamon, 2003; Berard et al., 2017). A fuller investigation of this relationship could
consider determining water content on a per weight basis, which was beyond the

scope of the non-destructive methods used here.

4.5.3 VI temporal dynamics

Chapter 3 discusses the seasonality of VI within Sitka Spruce needles and highlights
the great complexity of varying pigment and water dynamics within a growing sea-

son. This is attributed to pigment pool regulation, which acts to maximise pho-
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tosynthetic capacity while minimising photoinhibition at multiple temporal scales
(sub-hourly, daily and seasonally) (Miller et al., 1991; Ensminger et al., 2004; Ga-
mon & Berry, 2012; Wong & Gamon, 2015b; Hovi, Raitio, & Rautiainen, 2017).
Water content shifts were also detected in Chapter 3, especially in the SWIR region
(Qi et al., 2014), likely reflecting plant acclimation strategies.

The aims here were to understand if VI temporal dynamics varied between needles
in different canopy positions across the experimental period. If large differences
or contrasting seasonal responses are present, then this should affect how canopy
measurements (i.e. satellite based) are interpreted. For the water based VI, (except
WI/NDVI, which is influenced by changes in NDVI), the temporal effects did not
differ between canopy positions. However, differences occurred for all pigment-based
(chlorophyll, carotenoid and anthocyanin) VI. These results paint a complex picture
of potentially multiple dynamic processes competing over time, whilst also demon-
strating reasonably consistent relationships between different canopy positions. In
general, the contrasts between canopy positions remain either positive or negative
(Figure 4.6). It is only the strength of the relationship which changes over time. The
differences between canopy positions are greatest in the middle of the experimental

period and estimates converge more towards the start and end.

Despite the established differences found within canopies for needle age classes and
positional/ light levels (Demarez et al., 1999; O’Neill et al., 2002; Hovi, Raitio,
& Rautiainen, 2017; Robakowski & Bielinis, 2017; Rautiainen et al., 2018), and
the knowledge that at a needle level, reflectance properties over time are dynamic
(Gamon et al., 2016; Hovi, Forsstrom, et al., 2017), studies which simultaneously
monitor reflectance throughout the canopy over time are rare (Wu, Song, Song,
Wang, Chen, & Yu, 2018; Wu et al., 2020), but see Wu, Kobayashi, et al.; Wu,
Song, Song, Wang, Chen, and Yu (2018, 2018). Wu, Song, Song, Wang, Chen, and
Yu (2018) took reflectance measurements of Chinese fir (Cunninghamia lanceolata)
needles, of varying ages, across a growing season. They found that phenological
spectral differences in visible and NIR reflectance were found between current year
and mature (at least one year old) needles. The current year needles showed in-
creased absorbance in the visible and NIR bands, while mature needles decreased
NIR absorbance over the same period. In Wu, Kobayashi, et al. (2018), for Amazo-
nian tropical canopies, incorporating leaf demography in radiative transfer modelling

(RTM) greatly increased explained model variability.

Explaining the precise mechanism for how pigments in different canopy positions
vary across the experimental period, and how this influences VI, is challenging with-
out more detailed metabolomic analysis. It is hypothesised that during times of high

productivity in mid/late summer, pigment differences throughout the canopy are at

117



their most pronounced and dynamic (as suggested by Dengel et al. (2013)). The
growing season peak is when plants are both capable of maximin rates of photo-
synthesis, but also at high risk of photoinhibition from high radiation levels and
temperatures. By combining gas exchange measurements and photosynthesis mod-
elling, Wu et al. (2021) found that in Chinese fir, maximum rate of photosynthesis
(Vemax) was highest in younger and sunlit needles and lowest in mature shaded
needles. In Wu et al. (2021), the seasonal cycles of Vemax followed the same pat-
tern over the growing season, peaking in the middle of summer, at which point the
differences in Vemax between needle classes were largest. Similarly to the results
from Wu et al. (2021), the results here show the general seasonal VI pattern across

positions was conserved, but the difference between them changed.

4.5.4 Drought effects throughout the canopy

The experimental setup for this study was predominantly focused on using VI to de-
tect drought responses, which is covered in Chapter 3. However, how these drought
effects differ throughout the canopy is of interest and importance in its own right,
as well as a relevant factor in remote sensing of forest canopies. Across the majority
of VI, drought effects were consistent between age classes and vertical positions.
In three VI (ARI, ARI2 and PRI) however, drought effects differed. In the upper
canopy, drought effects were most pronounced, followed by the N°9 needles then
Nlower - Anthocyanins and the xanthophyll cycle (PRI) are associated more with
stress responses than light capture (Chalker-Scott, 1999; Steyn et al., 2002; Chou
et al., 2017; Wang, Chen, & Ju, 2020a; Simkin et al., 2022), and ARI, ARI2 and PRI
were identified as the best performing VI for drought stress monitoring in Chapter
3. It is perhaps unsurprising that these indices are sensitive to within-canopy stress
response variation. For all three of these VI, the stress response is greatest in N"PPer,
followed by N°d then N°v (Figure 4.7). During drought stress, stomata close to
avoid water loss, which reduces photosynthesis and therefore the quantity of energy
which can be dissipated. Under these conditions, plants are more susceptible to pho-
toinhibition as they have an excess of energy (Filella et al., 2009; Wong & Gamon,
2015a; Mottus et al., 2019). This is counteracted by expression of non photochemical
quenching mechanisms such as the xanthophyll cycle and anthocyanin expression.
Gonzalez-Dugo et al. (2012) finds heterogeneity in drought stress response (closed
stomata) throughout an Almond (Prunus dulcis) canopy. Taller trees are inherently
more vulnerable to drought stress due to higher evaporative demand, non-linear
increase in xylem-wall resistance with height and higher radiation (Bennett et al.,
2015; McDowell & Allen, 2015; Stovall et al., 2019). Top-dying has been observed
as a response to drought in Norway spruce (Green & Ray, 2009). It is likely that in
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the upper canopy (NP and N°4) higher light intensities are intensifying photo in-
hibitory effects leading to a more pronounced drought stress response because these

needles are effectively in a higher stress environment.

4.6 Conclusions

Repeat measurements and calculation of VI provide possibilities to efficiently evalu-
ate a range of plant biophysical properties over time and throughout a plant canopy.
The results here highlight clear differences in needle reflectance properties between
needle positioning in the canopy and needle age. In support of existing evidence,
higher quantities of all pigments were detected in the lower canopy, despite the
trees in this experiment being relatively small in stature (all trees were < 3 m).
General pigment patterns were less clear across needle age cohorts. Pigments in
needles accumulate over time in many conifer species, however, this effect was not
detectable in carotenoid VI. It is suggested here that the overlapping spectral range
of chlorophyll and carotenoids makes retrieval of carotenoid concentrations difficult
and that chlorophyll:carotenoid ratios are better represented. Future work could
aim to develop conifer specific carotenoid estimation with remote sensing, possibly
by using a wider range of hyperspectral bands to disentangle the effects of the two
pigment groups. Anthocyanins are routinely understudied in the literature despite
their important and diverse roles in plant regulatory mechanisms. Directly measur-
ing anthocyanin content in needles across canopies could further understanding of

their distribution and allocation.

An explanation for the distribution of water content through the canopy using the
leaf economic spectrum hypothesis is presented, with the caveat that measurements
using longer wavelength (NIR, SWIR) reflectance should be interpreted with caution.
The cruciality of water distribution during drought stress suggests this merits further

research.

The work here highlights the potential to build on reflectance-based trait retrieval
methods using complementary metabolomic or water content measurements. Includ-
ing repeat pigment sampling across various canopy positions, over an experimental
stress, in combination with hyperspectral analysis, would further provide potentially

crucial insight into Sitka canopy dynamics.
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Chapter 5

Evaluating five MODIS Vegetation
Indices (VI) for tracking GPP

seasonal dynamics in a UK mature

Sitka spruce (Picea sitchensis)
plantation. Are effects of the 2018
drought detectable from space?

5.1 Introduction

Monitoring plant drought stress through Satellite-based Remote Sensing (SRS) can
contribute to effective forestry management (Le et al., 2023) and reduce drought risk
(Altemus Cullen, 2023) at the regional scale (Vicente-Serrano, 2007; Brown et al.,
2008; Song et al., 2013). The potential to evaluate and monitor UK forestry species
could greatly improve future drought resilience, by informing their silviculture and
identifying drought resistant or vulnerable populations. Despite increasing recogni-
tion of drought stress as a critical issue for forest health and future forest resilience,
research on remote-sensed methods to assess water stress in forests is relatively lim-
ited (Le et al., 2023), with the majority of work being conducted on agricultural
systems. Most UK commercial forestry species are conifers, which are one of the
most at risk groups of drought induced mortality (McDowell, 2011; McDowell &
Allen, 2015; Klein et al., 2019; Balekoglu et al., 2023). Mortality could be detri-
mental to the long term investments required for forestry and reduce the important
carbon sink forests provide (Berry & Brown, 2021; Locatelli et al., 2021).
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The drought experiment analysed in Chapters 3 and 4 highlighted the usefulness of
VI for detecting drought responses in Sitka spruce and the plethora of information
that can be acquired with hyperspectral imaging. Scaling this to the satellite level
must overcome a number of practical constraints such as decreased spectral, tempo-
ral and spatial resolution. To overcome these limitations, the scope of trait retrieval
is narrowed compared to previous chapters and the focus here is on linking VI to
Gross Primary Productivity (GPP).

GPP is the total carbon assimilated through photosynthesis (Hashimoto et al., 2012).
It is related directly to photosynthetic function and growth (Landsberg et al., 2020)
and is therefore an important component of global forest monitoring and carbon
models (Beer et al., 2010). GPP is generally downregulated under both abiotic
and biotic stressors and can be considered a ‘global sensor of environmental stress’
(Biswal et al., 2011; Liu & van Iersel, 2021). Correct parameterisation of GPP
is difficult but essential, with accurate detection of GPP phenology and dynamics
giving insights into forest health including drought stress detection and monitoring.

Using SRS to retrieve GPP is therefore a critical research aim.

A reliable and robust time series of GPP derived from satellite VI would be a
vital tool for the UK forestry sector. It could help detect and monitor drought
and other stressors to mitigate risks as well as evaluate carbon stocks to aid in
carbon budgeting at regional and global scales. The study here will focus on Sitka
spruce, the UK’s most abundant conifer which is planted across uplands in northern
England, Wales and Scotland (Armitage et al., 2013).

Evergreen conifers are notoriously difficult to assess using traditional VI as they
stay green all year round with very subtle foliage changes (Wong et al., 2020). This
means that canopy structure and pigment compositional alterations are more subtle

than deciduous trees which seasonally undergo full canopy senescence.

5.1.1 Vegetation Indices (VI) selection

Many VI are available which are sensitive to a range of biophysical processes. This
study uses five VI which are measures of processes related to GPP and the LUE
model (Section 1.5.1 (p.28)). The selected VI have been previously correlated to
GPP in the literature (Badgley et al., 2019; Huang et al., 2019; Liu et al., 2021;
Wang et al., 2021) as well as related to components of the LUE model (Running et
al., 2004; Middleton et al., 2009; Goerner et al., 2011; Verma et al., 2015; Noumonvi
& Ferlan, 2020; Wong et al., 2020; Junttila et al., 2023). They consist of traditional
‘greenness’ VI (NDVI, EVI) and newer generation VI (CCI, NIRv GPPy;). For a
background and the theoretical bases for these VI see Sections 1.4.2 and 1.5.1 (p.25
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and 28). The formula for these VI is presented in Section 2.4.7, Table 2.2 (p.58).

5.1.2 Contamination and discontinuity

Temperate regions such as the UK suffer from high frequency of cloud cover (see
Section 2.4.4 (p.53)). Various gap filling and composite creating methods exist
to deal with the discontinuity of satellite time series. However, these suffer from
potential bias (Testa et al., 2018), can miss rapid vegetation transitions and cannot
account for prolonged periods with no usable observations. The analysis here uses
the MODIS VI time series developed in Section 2.4.5 (p.54) which aims to overcome
this limitation with various compositing and interpolation techniques. These include
time series of the VI outlined above at three temporal resolutions which differ in
their signal-to-noise trade offs (Verbesselt et al., 2010; Yan et al., 2020). This study
will evaluate the VI and associated models at these time intervals and discuss the

recommendations of each for future work at high cloud probability sites.

5.1.3 Research aims

— Evaluate five VI for uses in modelling Sitka spruce GPP phenology. How do
different formulations of the LUE model affect GPP prediction and is combin-
ing meteorological variables (PAR, air temperature, VPD) crucial for accurate
GPP estimation?

— Are newer VI (CCI, NIRv GPPy;) better correlated to GPP than traditional
greenness VI (NDVI, EVI) for evergreen needleleaf forests?

— Can drought induced GPP reductions be detected with VI models at multiple

temporal scales?

— How well can temporal aggregating or interpolation successfully overcome low
data availability at a high latitude site? And what are the cost-benefits of

different time interval VI timeseries?

5.2 Chapter methods

5.2.1 Data

The study was conducted at the Harwood field site using data spanning 2015 - 2018
(Section 2.3.2 (p.47)). This period was characterised by a drought in 2018 which
reduced site productivity (Xenakis et al., 2021). The analysis used a number of
data sources. For detailed description of study site and data sources see Sections
2.3.2 and 2.4 (p.47 and 50). Briefly, time series for five VI (NDVI, EVI, CCI, NIRv
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and GPPvyy), at three temporal resolutions (Vlgay, Vlis, Vlnontn), were created from
the same MODIS MAIAC scenes which spatially overlap the flux tower footprint
of the study site (55°13’00.1"N 2°01’31.7"W). Vlj,y, uses a Gaussian process regres-
sion (GPR) to statistically interpolate available data to daily observations (Belda
et al., 2020). The VI uses a Constrained View-Maximum Value Composite (CV-
MVC) (Didan et al., 2015) procedure to select the best available pixel every 16
days. VInontn are monthly averages of high quality observations. For VI and
Vlnonth When data are not available for a specific time window, a historical average
value is inserted. For construction of LUE models (Section 1.5.1 and 5.2.2), in com-
bination with the VI timeseries, meteorological variables were downloaded from the
ERAD climate reanalysis dataset (Mufioz Sabater, 2021) (see Section 2.4.2), namely
Mean daily Photosynthetically Active Radiation (PAR, mW m?, mean daily tem-
perature (°C) and mean daily mole fraction vapour pressure deficit (VPD, derived

from temperature and relative humidity using Equation 2.28, (p.64)).

Eddy covariance flux tower GPP data (ftGPP) were recorded at the study site. This
was used to evaluate the relationship between VI model and forest productivity. The
ftGPP was treated as ground ‘truth’ data. To characterise the drought period, ERAS
meteorological variables and the analysis by Xenakis et al. (2021) were used. ftGPP

and meteorological variables were averaged to daily values.

5.2.2 Model construction

For the evaluation of different forms of VI-based GPP retrieval, 10 models were
constructed, either using VI alone or incorporating LUE theory and including PAR
and a light use efficiency term (g). As discussed in Chapter 1 (Section 1.5.1, (p.28)),
NDVI and EVI can act as proxies for FPAR, NIRv as a proxy for APAR (FPAR X
PAR), and CCI as a proxy for € (qcr). As such, the models used in the analysis
are as follows.

5.2.2.1 VI only models

Simple linear correlations between VI and GPP are used where,
GPP = VI (5.1)
and VI is replaced by one of the five selected VI (NDVI, EVI, CCI, NIRv, GPPyy).

5.2.2.2 Light use efficiency term (&)

For the formulation of LUE models, a measure of ¢ is needed. And for the purpose

of this analysis that comes from either CCI (eccp) or from meteorological scalars
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Figure 5.1: Meteorological scalar functions used to reduce £ max in Equation 5.2.
Minimum and maximum temperature and Vapour Pressure Defict (VPD) are taken
from the MOD17 Biome Parameter Lookup Table (BPLUT) which determine the
biome specific meteorological limits to photosynthesis (Running & Zhao, 2015).

(emopis). emoprs 18 equal to € from the MODIS daily GPP product (MODI1T7)
(Running & Zhao, 2015; Junttila et al., 2023) and is calculated as,

EMODIS — €max X Tscalar X VPDscalar (52)

Where ey, is a biome specific (Evergreen Needleleaf Forest (ENF')) value of 0.000962.
Tecatar and VPDgea1ar are temperature and VPD restrictions calculated from linear
ramp functions of daily air temperature and VPD (Figure 5.1). The temperature
and VPD limits range from 0 which strongly constrains photosynthesis to 1 where
no limits on photosynthesis occur. The .., temperature limits and VPD limits
are taken from the MOD17 Biome Parameter Lookup Table (BPLUT) (Running &
Zhao, 2015).

For determination of eccp, CCI is scaled to obtain only positive values using the

transformation,

CCI+1

Eccr — T (53)

as in Drolet et al. (2005) and Rahman et al. (2004) to convert CCI into an ‘efficiency’

term.
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5.2.2.3 LUE models

Four traditional LUE models using a measure of PAR and ¢ (see Equation 1.1 (p.28))

and one using the equation,
GPP = NIRv x EMODIS (54)

are included in analysis.

Therefore the models used were NDVI, EVI, CCI, NIRv, GPPvy1, NDVI x PAR X enopis,
NDVI x PAR x Ecci, EVI x PAR x EMODIS EVI x PAR x Eccl and NIRv x EMODIS -
For conciseness, the nomenclature of models will state the model terms followed by

the time interval for example NDVI x PAR x egc" and NDVI x PAR x e{" repre-

sents the same model run at the day and 16 day time interval.

5.2.2.4 Model validation

To establish the model coefficients for GPP predictions and perform model valida-
tion, a leave-one year-out procedure was used. Using the 16 day timeseries, one
year of data was removed (Test data) and models built using the Equations 5.1 to
5.2 using the remaining three years’ data (Training data). The coefficients from the
training models were then used to predict GPP using the removed Test data. Model
performance evaluations were carried out for each of the four study years (2015 -
2018) and averaged. For every model formulation, the coefficients from each of the
four training models (one for each year) were averaged. These averaged coefficients

were then used to construct models for further analysis at all three time intervals.

5.2.3 The 2018 drought

2018 was considered a drought year. Very little rain fell between late June and
early August (Appendix D, Figure D.1 (p.229)). Soil moisture dropped from field
capacity (around 32% water content) in mid April, to around 20% by August, as
discussed by Xenakis et al. (2021). The total yearly ftGPP dropped 5% in 2018

relative to the previous three year average due to drought.

5.2.4 Statistical analysis

To evaluate how closely the models are related to ftGPP, regression analyses were
performed for each model at each time interval (day, 16 day and month). A simple
linear least squares regression was used to determine the relationship between the

modelled GPP (mGPP) and ftGPP. From this, the coefficient of determination (R?)

and Root Mean Square Error (RMSE) were calculated to compare model perfor-
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mance. Annual GPP estimates were calculated by totalling the cumulative mGPP
for each year, these totals were used to estimate 2018 anomalies by calculating the
percentage differences between the average annual total of 2015-2017 and the 2018
annual total. Data processing and statistical analysis were conducted in R and R
studio (RStudio Team, 2020) unless otherwise stated.

5.3 Results

5.3.1 Model creation and validation

A leave-one year-out procedure was conducted using the 16 day time series data
to validate the models and generate average coefficients used for further analy-
sis. Performance (R? and RMSE) varied between years for all models (Figure
5.2). Results were generally clumped across years for each model. The PAR mod-
els (NDVI x PAR X enoprs, NDVI x PAR X eccr, EVI x PAR X eyoprs and EVIx
PARX eccr) had the highest R? and lowest RMSE. NDVI was the worst performing
model (low R? and high RMSE), followed by EVI and NIRv. For CCI, EVI, NIRv
and GPPyy, performance was greatest in 2015 and R? was at least 0.1 higher than
the across years mean. This corresponds with below average RMSE. For all models
except EVI and NIRv correlation was lowest in 2018. This was especially true for
the PAR models (except NDVI x PAR X eyoprs) and GPPyy, where R? was at least
0.08 lower than the across year average. In the case of the EVIXPAR models, 2018
was more than 0.1 lower than the across years mean. The NDVI R? in 2016 was
0.11 higher than the across years mean. In general, all other results are within 0.05

(R?) of the across years mean.

5.3.2 ftGPP/mGPP correlations

The best performing model was NDVI x PAR x ¢%CL, (R? 0.90 and RMSE 1.12
gC m?d™') and worst was NDVIg,, (R? 0.22 and RMSE 3.53 gC m?d™") (Figure
5.3). The PAR models outperform non-PAR models where R? and RMSE ranges
from 0.74 and 2.04 gC m2d~! (NDVI x PAR x e}OP18) t6 0.90 and 1.12 gC m?d~!

da
(NDVI x PAR x €T ). PAR models run at the inonth time interval were always
best performing, followed by 16 day. For other models, 16 day was the best perform-
ing time interval, except NIRv X eyoprs where NIRv x e}{P™ and NIRv x eMODIS
have the same R? (0.6) and similar RMSE (16 day = 2.35 gC m?d ™!, month = 2.26
gC m2d~'). For VI only models, CCI and GPPyy were the best performing at all
time intervals (Figure 5.3). This was most pronounced at 16 day intervals. NDVI
poorly tracks GPP at all time intervals. The choice of ¢ term (eyopis or eccr) had

little effect on PAR models when the VI (representing FPAR) remained the same.
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Figure 5.2: Summary statistics (Coefficient of determination (R?) and Root Mean
Square Error (RMSE)) for leave-one year-out GPP predictions. Circles indicate the
year of analysis and a black cross indicates the average of all years. RMSE is in
gC m?d~!. Model construction is outlined in Section 5.2.2 (p.123 - 125). VI ab-
breviations are; NDVI = Normalised Difference Vegetation Index, EVI = Enhanced
Vegetation Index, CCI = Chlorophyll/Carotenoid Index, NIRv = Near-infrared ra-
diation from vegetation and GPPy; = Gross Primary Productivity Vegetation Index.
For full VI formula and references see Table 2.2 (p.58)). For full results see Appendix
D, Table D.1 (p.219)
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Figure 5.3: Summary statistics (Coefficient of determination (R?) and Root Mean
Square Error (RMSE)) for 10 Gross Primary Productivity (GPP) linear models
at three temporal resolutions (Time interval). Model construction is outlined in
Section 5.2.2 (p.123 - 125). VI abbreviations are outlined in Figure 5.2. For full VI
formula and references see Table 2.2 (p.58). For full results see Appendix D, Table
D.2 (p.221).
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In these cases R? was never more than 0.01 different and RMSE was never more than
0.04 gC m2d~! different. However, R? was never lower and RMSE never higher in
eccr models relative to eyjoprs models with the same VI. For NIRv models, adding a
e term increased R? (by at least 0.1) and lowered RMSE (by at least 0.2 gC m?d~1).
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Figure 5.4: The difference between annual totals of modelled Gross Primary Pro-
ductivity (mGPP) and annual totals of flux tower GPP (ftGPP) for 10 different
models at three temporal resolutions (Time Interval) acorss the study period (2015
- 2018). Model construction is outlined in Section 5.2.2 (p.123 - 125). VI abbrevi-
ations are outlined in Figure 5.2. For full VI formula and references see Table 2.2
(p.58 - p.125). For full results see Appendix D, Table D.3 (p.222).

5.3.3 Annual GPP totals

The difference between cumulative yearly totals of mGPP and ft GPP were calculated
to test each model’s ability to predict annual GPP totals (Figure 5.4). Consistently
across years, PAR models at the daily scale overestimated annual GPP by at least 3
tC ha™! yr~! (Figure 5.4). All models in 2015 overestimated annual GPP. NDVIg,y,
NDVIonth, NIRV4ay and NIRVyonen produced the closest estimates; all falling within
1.8 tC ha! yr~!. With the exception of the daily PAR models, all other models un-
derestimated annual GPP in 2016 and 2017 but GPP was generally better predicted

128



Time Interval

mGPP - ftGPP (tC ha ' yr™")

LLMHHH

Figure 5.5: The difference between the average annual total of modelled Gross
Primary Productivity (mGPP) and average annual total of flux tower GPP (ftGPP)
for 10 different models at three temporal resolutions (Time Interval) across the study
period (2015 - 2018). Model construction is outlined in Section 5.2.2 (p.123 - 125).
VI abbreviations are outlined in Figure 5.2. For full VI formula and references see
Table 2.2 (p.58 - p.125). For full results see Appendix D, Table D.4 (p.226).

in 2016. In 2016, at the daily time scale, the three NIRv models (NIRv, GPPy;
and NIRv X eyopis) estimated annual GPP to within 0.27 tC ha™! yr=! of ftGPP.
In 2018, CClyaay, CClyontn, GPPX;y and NIRv x Y1 underestimated annual GPP

while all other models overestimated it. CCl;g and GPP}%I estimated annual mGPP
to within 0.05 tC ha™! yr~! and 0.15 tC ha=! yr~! ftGPP respectively.

On average, non-PAR models better estimated annual ftGPP (Figure 5.5). Aver-
age mGPP - ftGPP was 3.9 tC ha=! yr=!, 0.59 tC ha=! yr~! and 0.12 tC ha™!
yr~! lower for daily, 16 day and monthly non-PAR models compared to PAR mod-
els. On average, day models were the most variable (the worst and best) predic-
tors of annual ftGPP (Figure 5.5). The average estimates for NIRv x agggms

NDVI x PAR x eMOPIS were 0.93 tC ha~! yr~' and 5.66 tC ha=! yr~! different from

day

and

ftGPP. Month models had the least variation and all average estimates were within
0.6 tC ha=! yr~! of each other, whereas 16 day models were within a 1.5 tC ha=! yr—!
range. On average the best performing 16 day and month models were GPP}{ (0.99
tC ha=! yr! of ftGPP) and NDVIonen (1.26 tC ha™! yr=! of ftGPP) respectively.

129



5.3.4 Time series

Time series of the cumulative difference in ftGPP and mGPP were plotted to track
model performance temporally (Figure 5.6). Relative to ftGPP, the non-PAR models
followed a consistent annual pattern however, the intensity of the difference between
ftGPP and mGPP varied between years and time intervals (Figure 5.6). Generally,
non-PAR models overestimated GPP (positive values of cumulative GPP difference)
up to about day 50. After this (values becoming increasingly negative) mGPP
underestimates ftGPP up to about day 200-250 and then overestimates for the
remainder of the year. This results in annual totals within 3 tC ha=! yr=! of ftGPP.
For the PAR models, greater deviation between years and time intervals is seen. All
PAR models trace ftGPP well (cumulative GPP difference close to 0) up to ~day
100 at which point in 2016 and 2017 the 16 day and month models underestimate
GPP for the remainder of the year. The 2015 and 2018 16 day and month PAR
models overestimate GPP for about 100 days. They then remain stable for the rest
of the year. As discussed, the daily PAR models greatly overestimate annual GPP
(Figure 5.4 and 5.6), this is due an accelerated rate of overestimation between days
100 to 200. Overestimation then continues (at a slightly reduced rate) for the rest
of the year. This effect is most prominent in 2015 and 2018.

All models showed similar seasonal oscillations consisting of summer highs and win-
ter lows (Figure 5.7). Due to the interpolation function, predicted GPP from daily
time series are smooth lines, which fail to capture the short term variation that is
evident in the ftGPP. The daily PAR model time series show a more pronounced
summer high than other models (Figure 5.7), which is especially true in 2018, facil-
itating the anomalously high annual totals (Figure 5.4). PAR models track winter
lows accurately, while VI-only models have a delayed winter low, relative to ftGPP.
This is especially true for EVI, NDVI and NIRv. In general, especially in the case
of PAR models, little difference between eyoprs and eccr time series is visually ap-

parent, however, differences between GPPy; and NIRv X eyiopis can be observed
MODIS
month

VI
month

(Figure 5.7, for example in 2017 a summer drop in mGPP occurs in NIRv x ¢

VI
mont

and is not present in GPP

: MODIS
but not in NIRv x e, 50,°-

, while in 2018 a summer drop occurs in GPP

5.3.5 Drought anomaly

Xenakis et al. (2021) highlighted a reduction of 5% ftGPP in 2018 compared to the
previous three year average due to the effects of a drought. 2018 anomalies were
calculated for each model at every time step to identify the model’s ability to detect
the annual productivity decline of the 2018 drought. CCI and GPPy; at all time

intervals were the only models to detect reductions, relative to the previous three
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Figure 5.6: Cumulative modelled GPP (mGPP) across 2015 - 2018 for 10 models
at three temporal resolutions. mGPP - ftGPP (tC ha™' yr~!) is mGPP minus
cumulative flux tower GPP (ftGPP) (tC ha™! yr=!). The black line represents
ftGPP (tC ha™! yr'). Model construction is outlined in Section 5.2.2 (p.123 - 125).
VI abbreviations are outlined in Figure 5.2. For full VI formula and references see
Table 2.2 (p.58).

year average, in GPP in 2018 (Figure D.5). The strength of these reductions varied
greatly between the time intervals. At the 16 day time scale the two models predicted
a drought anomaly of -5.10% and -4.62% respectively, within 0.5% of the ftGPP. At
the month scale the two models were over 5% lower (10.4% and 12.5%) and over
9% (14.1% and 15.2%) at the day scale. NIRv X eynoprs at the day scale predicted
+0.05% mGPP relative to the previous three year avearge, whereas all other models
produced at least a 2.7% increase in 2018 annual GPP compared to the other years.
For all models the 16 day time interval predicted the highest percentage difference
and this was up to 15% more than ftGPP in the case of EVI x PAR X e¢cr.

5.4 Discussion

5.4.1 mGPP / ftGPP correlations

Accurately monitoring and predicting GPP, using only satellite acquired data, has
great appeal for forestry research and commercial forestry applications (Donoghue
et al., 2004; Hashimoto et al., 2012; Walshe et al., 2020). Satellite data provide
consistent and repetitive global observations, facilitating the near continuous GPP
tracking of any forested surface (Hashimoto et al., 2012). Due to this appeal,
satellite-based GPP retrieval research is widespread, active, and ongoing (Nagai
et al., 2010; Gamon et al., 2016; Joiner & Yoshida, 2020; De Pue et al., 2023;
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Figure 5.7: Time series (2015 - 2018) of Gross Primary Productivity (GPP) predicted
from 10 GPP models and flux tower GPP (ftGPP) at three temporal resolutions.
Each box is a seperate model run where colours denote the temporal resolution (Blue
= daily, Red = every 16 days, Green = monthly). The grey line in all boxes is ftGPP.
Note: estimates at the daily time interval peak in summer due to the interpolation
technique fitting a line through peak summer values whereas, at coarser temporal
resolutions these more extreme values are averaged across a given temporal window
which reduces the summer peak. Model construction is outlined in Section 5.2.2
(p.123 - 125). VI abbreviations are outlined in Figure 5.2. For full VI formula and
references see Table 2.2 (p.58).

Junttila et al., 2023). Conifers are inherently difficult to monitor with SRS and are
therefore understudied. Research within this field is often focused on traditional
‘greenness’ VI such as NDVI or EVI (Hmimina et al., 2013). Here, the relation-
ship between several VI and GPP are tested in a mature commercial Sitka spruce
forestry plantation, representative of large areas of UK forest (Locatelli et al., 2021).
Sitka spruce is the most widespread UK species and arguably the UK forestry sec-

tor’s most important species (Samuel et al., 2007). Satellite remote sensing work on
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Figure 5.8: Percentage difference of annual GPP in 2018 relative to the previous
three year average for 10 Gross Primary Productivity (GPP) models and three
temporal resolutions. Each 2018 GPP anomaly is calculated as the difference (%)
between the average total annual GPP of 2015 - 2017 and the total annual GPP in
2018. The black line represents the 2018 GPP anomaly for flux tower GPP (ftGPP),
as reported by Xenakis et al. (2021). Model construction is outlined in Section 5.2.2
(p.123 - 125). VI abbreviations are outlined in Figure 5.2. For full VI formula and
references see Table 2.2 (p.58). For full results see Appendix D, Table D.5 (p.227).

Sitka spruce, has previously been used to link structural and stand parameters to
multispectral reflectance or Lidar data (Donoghue et al., 2004; Donoghue & Watt,
2006; Hauglin & Orka, 2016), distinguish Sitka from other conifer species (Hauglin
& Orka, 2016; Orka & Hauglin, 2016), assess nutrient deficiency in Irish commercial
Sitka stands (Walshe et al., 2020) and track boreal growing seasons (Kimball et al.,
2004). However, no previous work on satellite-based GPP retrieval for Sitka spruce

exists.

In this study, the strength of the relationship between GPP and VI varied consid-
erably between the choice of model and temporal resolution. Across the literature,
relationships between many VI and GPP have been tested (Nagai et al., 2010; Ga-
mon et al., 2016; Joiner & Yoshida, 2020). Simple linear VI/GPP relationships
can be robust, are easy to use, and simplify the exploration of vegetation GPP
response (Hashimoto et al., 2012). Likewise, introducing meteorological variables
(PAR, temperature, and VPD scalars) within the framework of the LUE model
enables a simplified representation of photosynthesis at reduced modelling complex-

ity, relative to process-based models (discussed in Chapter 6) (Running et al., 2004;

133



Middleton et al., 2009; Goerner et al., 2011; Verma et al., 2015; Noumonvi & Ferlan,
2020; Wong et al., 2020; Junttila et al., 2023).

Here, models that included PAR had the strongest linear correlation with ftGPP,
adding to existing evidence the usefulness of the LUE equation for GPP estima-
tion. This highlights the advantage of using meteorological data, in conjunction

with satellite reflectance, to capture photosynthetic variation (Running et al., 1989;
Hashimoto et al., 2012; De Pue et al., 2023).

At the 16 day and month timescales PAR models explained over 80% of ftGPP
variation (Figure 5.3). This is similar to the 76% found by Junttila et al. (2023) for
eight ENF sites (27 site years of predominantly Scots pine or Norway spruce forests)
across Northern Europe. Junttila et al. (2023) achieved this correlation using an

EVI x PAR X enopis model using Sentinel-2 10 m resolution images.

The NDVI x PAR X eyiopis model used here is based on the formulation of the
MODIS MOD17 product (Running & Zhao, 2015). Here the model explained 85%
of ftGPP variation at 16 day resolution, which is higher than 69% achieved for
Canadian Eastern white pine (Pinus strobus L.) (Wong et al., 2022) or 67% for
16 ENF sites (Hashimoto et al., 2012) using the MODI17 product directly. In
the analysis by Wong et al. (2022) a LUE model including CCI as a proxy for
(NDVI x PAR X e¢cy) only achieved 40% explained ftGPP variation, compared to
85% presented here. In Wong et al. (2022) the authors used CCI directly rather than
scaled CCI (Equation 5.3) used in the present analysis. This suggests transforming
CCI for ¢ estimation (as in Rahman et al. (2004) and Drolet et al. (2005)) may be
a better approach.

Non-PAR and VI only models were also evaluated. GPPyp explained up to 66%
of ftGPP variation. Higher than the 63% found for Canadian Eastern white pine
(Wong et al., 2022). The analysis by Wong et al. (2022) (GPPvyy is referred to as
MODIS NIRv x CCI in (Wong et al., 2022)) did not implement any gap filling after
cloud screening. The satellite data therefore, were direct observations and not his-
torical averages, aggregated or interpolated values. Wong et al. (2022) used eight
years of flux tower data averaging 58.5 observations per year. In the present study
however, the cloud contamination and quality filters resulted in only 17.4 obser-
vations per year. This highlights the discrepancies in data availability at different
global localities, making gap filling necessary at some sites, such as the Harwood
site used here. The comparable results between Wong et al. (2022) and this study
highlight the effectiveness of the CV-MVC methodology in creating a continuous

time series when data availability is low.

The linear CCI/GPP relationship in the present study could also explain up to 66%
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of ftGPP variation over the study period. Gamon et al. (2016) tested GPP/CCI
over a range of sites which averaged 55% explained ftGPP variation. However,
depending on the composition of species, the strength of this relationship varied
greatly. At sites with a mixture of deciduous and evergreen cover, R? was 0.78
and 0.77. At a site containing predominantly evergreen vegetation, consisting of
Douglus fir (Pseudotsuga menziesii) and western hemlock (Tsuga heterophylla), R?
was only 0.32. In the context of this analysis by Gamon et al., (2016), the purely
evergreen Sitka spruce site analysed in the present study performs well, even without
the seasonal optical influence of deciduous vegetation. Using 105 FLUXNET sites
across 526 site years, NIRv could explain 56% of GPP variation at monthly scales
(Badgley et al., 2019); better than the 44% presented here. However, with the
addition of the eyoprs term results were between 55-59%, depending on the time
interval, highlighting the improvements that hybrid models (those including SRS
reflectance and meteorological inputs) can have over reflectance-only based models,

even without the inclusion of PAR.

The 16 day and month correlations between ftGPP and EVI for Sitka spruce pre-
sented in this study were 47% and 43% respectively, which is similar to the 16 day
and 32 days composite found by Hashimoto et al. (2012) (47% and 46%), who aver-
aged the GPP /EVI response over a range of needleleaf FLUXNET sites. The NDVI
relationships found here (27% and 23%) however, were around 10% worse than 38%
and 32% presented by Hashimoto et al. (2012). In the present study, NDVI was
the model with the weakest linear correlation with GPP and explained 23-28% of
GPP variation depending on the temporal resolution. NDVT is well documented to
perform poorly in tracking evergreen seasonal cycles, due to saturation, and sub-
tle changes in ‘greenness’ in evergreen forests (Huete et al., 2002; De Pue et al.,
2023). Other authors have found NDVI to perform marginally worse (Hashimoto
et al., 2012) or better than EVI (Huang et al., 2019), worse than NIRv (Huang
et al., 2019), and substantially worse than CCI (Gamon et al., 2016) for evergreen

needleleaf forests.

5.4.2 Light use efficiency (¢) term

Despite different approaches, the choice of € had little effect on model performance
(Figure 5.3). Both ¢ terms selected for this analysis have previously been used
to estimate GPP using satellite data (Rahman et al., 2004; Running & Zhao, 2015;
Junttila et al., 2023; Prentice et al., 2024). The widely used MOD17 data set (which
includes eyoprs) limits photosynthetic capacity (emax) by VPD and temperature
scalars and is based on biome-specific values (Running & Zhao, 2015; Junttila et al.,
2023). A significant assumption of the MOD17 LUE model (and therefore enoprs)
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is that no variation of £ within biomes is accounted for, which fails to capture
temporal and spatial dynamics and limits potential model accuracy (Rahman et
al., 2004; Huang et al., 2024; Prentice et al., 2024). In the present system, the
emopis provided almost no constraints to mGPP throughout summer in any year
(Appendix D, Figure D.2 (p.230)), despite known VPD photosynthetic limitations
in 2018 (Xenakis et al., 2021), suggesting poor parametrisation of VPD scalars. The
poor simulation of VPD limits on growth could be due to a non-optimal choice
of VPD threshold for Sitka spruce, highlighting issues that may arise from biome
specific values. eyoprs did limit photosynthesis due to low temperature constraints

during winter and the transitions to peak growing season.

The relationship between ¢ and PRI (of which CCI is a derivative) was initially
demonstrated by Gamon et al. (1992), modelling this theoretical relationship through
SRS models is challenging (Coops et al., 2010). In 2018, drought-induced reductions
in GPP were detected annually by CCI models (discussed in Section 5.4.4); how-
ever, declines in mGPP were not detected in 2018 by models including the eccr
term. Very minor summer mGPP differences are detected between eyiopis and eccr
models, and both predict high 2018 annual GPP. This suggests eccr, like evopis,
fails to sufficiently limit photosynthesis during a drought year. 531 nm based VI
(e.g. CCI, GPPy; and PRI) offer the potential for spatially and temporally dynamic
¢ retrieval that can reduce the reliance on LUT ey\opis—type terms, potentially fa-
cilitating more model realism (Rahman et al., 2004; Huang et al., 2024; Prentice
et al., 2024). A number of successes in the literature have been achieved, generally
with MODIS band 11 (centered at 531 nm) reflectance (Rahman et al., 2004; Dro-
let et al., 2005; Drolet et al., 2008; Guarini et al., 2014; Middleton et al., 2016).
Using VI-satellite based retrieval of ¢, Rahman et al. (2004) found that PRI could
track mid-season reductions in LUE from drought stress. As discussed in Section
1.4.2 the PRI (and so CCI) signal is influenced by solar and view angles (Gamon
et al., 1992; Barton & North, 2001) and, although satellite images with > 45°view
angle were not included here, non-¢ variation could be distorting the CCI signal.
When only forward scatter views were taken into account, Middleton et al. (2016)
achieved more accurate ¢ retrieval than MOD17. Therefore, future work should
specifically account for all sources of CCI variation when deriving ecc;. Another
avenue of research focuses on the combination of PRI measurements with SIF to
provide complementary information for e retrieval (Schickling et al., 2016; Wang,
Chen, & Ju, 2020b), however, the most suitable approach has not been established
(Prentice et al., 2024).
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5.4.3 Temporal resolution

Retrieving time series and phenological metrics, from satellite remote reflectance
data, often relies on creating a smooth VI time series from noisy discontinuous
data or aggregating observations to a coarser temporal scale (Atkinson et al., 2012).
Choosing the temporal scale to retrieve time series involves a trade-off between the
signal-to-noise ratio (Verbesselt et al., 2010; Yan et al., 2020). High frequency ob-
servations can potentially give the truest representation of vegetation function, but
suffer noise from cloud clover, BDRF effects or other signal interferences (Wang
et al., 2004; Wang, Chen, & Ju, 2020a). Interpolation techniques increase tempo-
ral resolution but can introduce large bias (Wang et al., 2004; Verbesselt et al.,
2010). Compositing or temporal averaging gives a more aggregated and smoothed
representation of vegetation dynamics, minimising the impact of short-term noise;
however, temporal resolution is lost (Testa et al., 2014; Wang, Chen, & Ju, 2020a)
and simple metrics such as annual totals capture the interannual variability of an
ecosystem and are useful tools for monitoring forest function. These can reveal long
term dynamics (Fu et al., 2017; Wang et al., 2021), and contribute to calculating
global carbon budgets (Gilabert et al., 2017; Tang et al., 2021).

The drivers of GPP vary at different temporal scales which needs to be accounted
for in modelling (De Pue et al., 2023). Despite the strongest correlations at daily,
16 day and monthly scales, the PAR models produced the worst estimates of annual
GPP. Similarly to the present study, analysis by De Pue et al. (2023) looked at the
performance of models with or without meteorological components and found that
at sub seasonal timescales meteorological factors are the most important driver of

GPP variation. However, this relationship does not hold true at annual timescales.

The NDVI models correlated poorly to ftGPP at daily, 16 day and monthly scales
however, link relatively well to annual productivity. NDVI has previously been
highlighted as an annual predictor of GPP (Goward et al., 1985; Hashimoto et al.,
2012; Gilabert et al., 2017; Fernandez-Martinez et al., 2019; Wang, Chen, & Ju,
2020a; Liu et al., 2021), as has EVI (Hashimoto et al., 2012; Gilabert et al., 2017;
Fernédndez-Martinez et al., 2019; Liu et al., 2021; Sri Rahayu Romadhoni et al.,
2022) and CCI (Fernandez-Martinez et al., 2019; Wang, Chen, & Ju, 2020a). Here,
on average NIRv based models produced the best annual estimations over the study
period, which supports recent findings that NIRv is strongly related to annual GPP
(Fernandez-Martinez et al., 2019; Liu et al., 2021). Due to this relationship Wang
et al. (2021) recently used NIRv to capture global interannual GPP.

At sub-annual timescales PAR models perform better than VI-only models (Figure
5.3). This is likely due to the changing drivers of photosynthesis (De Pue et al.,
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2023). At shorter timescales, photosynthesis is predominantly driven by changes in
microclimatic variables (Stoy et al., 2009), e.g. PAR. These short term variations
minimally change structural or pigment composition so are not detectable optically.
Over longer time periods, plants acclimate to larger seasonal patterns which involves
structural and physical regulation of, for example, chlorophyll concentration or LAI.
These longer term changes are optically visible using VI and therefore correlate to
GPP. Within the VI only models, those including the MODIS ocean band 11 (CCI
and GPPyy) were best correlated to ftGPP at the sub-annual scales. This is likely
due to these capturing xanthophyll cycle dynamics which act on multiple temporal
scales, to regulate energy dissipation (Lichtenthaler et al., 2007; Govender et al.,
2009; Gamon et al., 2016; Wang, Gamon, et al., 2020; Wang, Chen, & Ju, 2020a;
Wong et al., 2020, 2022).

A limitation of PAR models is that the estimation of GPP depends on the quality of
meteorological forcing (De Pue et al., 2023). For annual estimations, VI alone may
be sufficient. This may simplify modelling procedure and reduce bias associated

with sometimes highly variable meteorological inputs (De Pue et al., 2023).

mGPP /ftGPP correlations were generally weaker for models interpolated to the
daily time interval compared to the 16 day and month composites (Figure 5.3).
Daily interpolations of VI time series are rare in the SRS literature (Verbesselt
et al., 2010) but can produce less variability in phenological indicators than 16
day products (Hmimina et al., 2013). Here, a Gaussian Process Regression (GPR)
was used to interpolate observed data to the daily time-step (Verrelst et al., 2019;
Belda et al., 2020). Daily models captured general seasonal cycles however, when
used to predict annual totals, resulted in high variability between models (Figure
5.4). Annual mGPP totals were especially poor at estimating annual ftGPP in
PAR models. These models greatly overestimated annual ftGPP owing to very
high summer GPP rates (Figure 5.7). The poor performance of daily PAR models
could be due to a sampling bias which the daily interpolation exaggerates. The un-
interpolated reflectance values used to construct the time series are acquired when
clear satellite observations are present. These will be when cloud cover is low so PAR
is disproportionately high. This means the interpolation is based only on high PAR
observations and therefore summer values are exaggerated. In future aggregated
PAR should be taken to reduce error, as in Junttila et al. (2023) who aggregated
flux tower PAR to 7 day rolling averages.

In agreement with the findings by Hashimoto et al. (2012) the two aggregation meth-
ods used here (16 day and month) performed similarly to each other, and better than
the daily interpolation, for capturing variations in ftGPP (Figure 5.3). Therefore,

the 16 day models provided the best trade-off between robustness and temporal
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resolution. 16 day composites are widely used for SRS phenological analysis (Huete
et al., 2002; Kross et al., 2011; Guindin-Garcia et al., 2012; Yan et al., 2019; Zhao
et al., 2022) however, limitations exist. Compositing methods can lead to large er-
rors, as the exact date of acquisition is lost. For a 16 day composite, the acquisition
date of two contiguous data points could be up to 32 days apart, if the best quality
observation is at the beginning of one 16 day window and the end of the next (Testa
et al., 2014; Wang, Chen, & Ju, 2020a). This artefact can greatly affect phenological
interpretation. Compositing to a higher frequency, e.g. 8 days composites are com-
monly used, would introduce more missing data so is not advisable for this location

which already relies heavily on historical average values to fill gaps.

5.4.4 Drought effects

Drought stress in natural forested environments is difficult to study (Clark et al.,
2016; Locatelli et al., 2021). The present study system provides a serendipitous
opportunity to evaluate VI models’ ability to track a known GPP drought effect
(Xenakis et al., 2021). By using energy balance and gas flux data, Xenakis et al.
(2021) precisely quantified carbon fluxes of the Harwood study site and attributed
a 5% decline in GPP to a natural drought event in 2018.

Annual anomalies were calculated to evaluate how well models detected the drought
induced GPP reductions (Figure 5.8) reported by Xenakis et al. (2021). Only CCI
and GPPvy; (the two VI that include reflectance at 531 nm) estimated a decline in
annual GPP in 2018 relative to the previous three year average (Figure 5.8). The
intensity of this decline was most accurate at the 16 day time interval. At the
month and day scale however, the estimates were too low. CCI and GPPy; track
the ratio of carotenoids relative to chlorophyll. During drought, photosynthesis is
arrested, therefore plants must dissipate excess light energy, which otherwise would
be damaging. Carotenoids act as photo-protectants and antioxidants, and dissipate
this excess light energy (Lichtenthaler et al., 2007; Govender et al., 2009; Gamon et
al., 2016; Wang, Gamon, et al., 2020; Wang, Chen, & Ju, 2020a; Wong et al., 2020,
2022). This provides a mechanism for xanthophyll associated VI to track relatively
subtle drought effects that ’greenness’ VI may miss, as discussed in Chapter 3. NIRv
performed well for annual GPP estimation here and in the literature (Wang et al.,
2021) however, it performs poorly in the drought year suggesting its performance

may be vulnerable to drought stress anomalies.

The poor parametrisation of the € terms in the LUE models, as discussed, explains
why the drought anomaly was not detected and annual totals were higher in 2018
relative to the three year average (Figure 5.8). High PAR levels occurred during
drought (Appendix D, Figure D.1 (p.229)) which causes the model to predict high
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photosynthetic rates while poor € parametrisation fails to arrest this effect.

Summers like 2018 are likely to become the norm in the UK by 2050 (Betts & Brown,
2021) so detecting drought induced GPP dynamics will become ever more crucial.
A model that is coupled closely enough to GPP to detect relatively subtle drought,
or other stress-related reductions in Sitka spruce GPP is a vital tool for forestry
research and management. This could facilitate UK wide early stress detection and
stress monitoring (Song et al., 2013; Davies et al., 2020; Yang et al., 2020). Here the
CCI and GPPy; based models provided the best drought detection at the annual
scale however, at finer temporal scales model performance was weakest at 16 day
intervals in 2018 (Figure 5.2).

5.5 Conclusions

Here, 10 models using satellite based VI, meteorological inputs and LUE theory at
multiple temporal resolutions were evaluated for their applicability for Sitka spruce
GPP retrieval. The main drivers of GPP vary with temporal resolution so that, at
sub annual scales models incorporating meteorological components, especially PAR,
better capture photosynthetic regulation that is not visible optically. Therefore,
PAR models are recommended for tracking GPP time series. For annual estima-
tions this study supports evidence that LUE models cannot predict annual variation
better than simple VI models. Traditional VI such as NDVI perform poorly at finer
temporal resolutions but better for annual estimations; however, new VI (NIRv,
CCI, GPPy;) may have some advantages. NIRv on average was the best predictor
of annual GPP, while VI including a band centred at 531 nm, associated with the
xanthophyll cycle, captured the drought reduced anomaly in 2018, where no other
models did. Despite some links between CCI and stress related GPP reductions,
using CCI as proxy for € in the LUE model failed to sufficiently reduce mGPP.
emopis Was poorly parametrised for the present system highlighting a limitation of

biome specific LUT values in ecological modelling.

140



Chapter 6

Testing the Simple Biosphere Model
(SiB) for GPP retrieval in a UK

mature Sitka spruce (Picea
sitchensis) plantation. Can new VI

improve the model and are effects of
the 2018 drought detectable with
SiB?

6.1 Introduction

Gross primary productivity (GPP) is one of the most crucial parameters of forest
health, global carbon monitoring and effective forest management (Cai & Prentice,
2020, see Section 1.5 and Chapter 5). Modelling it accurately is therefore of the
utmost importance. Satellite data provide the means for GPP estimation at near
continuous spatial (globally, at metre to kilometre resolution) and temporal scales
(up to daily observations for the current century). Chapter 5 evaluated the rela-
tionship between five satellite-based Vegetation Indices (VI) and eddy covariance
flux tower canopy GPP (ftGPP), using the LUE model, for a mature even-aged
Sitka spruce plantation. Chapter 5 highlighted that the ability of simple SRS-based

models to track seasonal canopy GPP is useful but limited.

In this chapter, process-based biophysical modelling, in the form of the Simple
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Biosphere Model (SiB) (Section 2.5 (p.59)), is introduced. This is to assess if the
increased complexity of this model, compared to simple LUE model formulations
or VI-GPP relationships, provides worthwhile improvements to GPP retrieval to
recommend it for monitoring UK conifer plantations. This analysis looks not only
to evaluate the suitability of SiB for Sitka spruce GPP retrieval, but also to develop
and test improvements to the ever evolving SiB model group (as documented in
Haynes et al. (2020)). Current manifestations of SiB use satellite-based NDVI inputs
to determine the biophysical parameters leaf area index (LAI), fraction of absorbed
radiation (FPAR), and greenness fraction. This is largely for the integration of
modelled leaf level photosynthesis (A) to the canopy scale (Sellers, Tucker, et al.,
1996; Los et al., 2000, Section 2.5, Equations 2.34 to 2.40 (p.66 - 67)). However,
as demonstrated in Chapter 5, NDVI poorly tracks evergreen conifer phenology and
seasonal photosynthetic cycles. Other, newer VI, namely those incorporating the
MODIS ocean band 11, centred around 531 nm, are better related to conifer GPP
(Chapter 5, Gamon et al., 2016).

The novel analysis outlined in this thesis aims to improve the SiB model param-
eterisation by incorporating other VI, either as direct NDVI proxies, or for the
development of Vemax (maximum carboxylation rate) time series. Vemax is one of
the most important parameters for processed-based photosynthetic modelling due to
sensitivity and influence on photosynthetic processes (Farquhar et al., 1980; Collatz
et al., 1991; Kattge et al., 2009; Alton, 2017). It is commonly parameterised as
a fixed value, which is unrepresentative of true biological systems where Vemax is
dynamic over seasonal cycles, peaking in midsummer in northern latitude climates
(Alton, 2017). The analysis here aims to better represent a biologically meaningful
Vemax by introducing seasonal dynamic Vemax time series (developed and pre-
sented in Section 2.6.2 (p.68)). Briefly, the Vemax time series are; vinDy, built from
fitting seasonal curves over daily optimised Vemax values. This timeseries simulates

seasonality and includes no interannual variation. vmCCI and vimGPP are derived
from the daily VI datasets for the two MODIS band 11 based indices (CCI, GPPyy).

The study forest used in this thesis suffered reductions in summer GPP due to a pro-
longed drought in 2018 (Xenakis et al., 2021). This provided an opportunity to test
the outlined model for drought stress detection and also to improve understanding
of drought induced GPP reductions in Sitka spruce, by introducing a drought stress
term driven by the local vapour pressure deficit (VPD). VPD has been highlighted
as a major driver for the stress induced photosynthetic reductions at the Harwood

forest Sitka spruce study plantation (Xenakis et al., 2021).
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6.2 Research aims

This chapter seeks to explore the effects of Vemax, VI, seasonality and drought on
model capacity to accurately predict GPP and seeks to answer the following research

questions:

— Does introducing a more biologically realistic Vemax improve SiB GPP pre-
dictions, and how well do VI (CCI andGPPyq) act as Vemax proxies?

— How do different VI represent vegetation parameters in SiB, and do other VI,
relative to NDVI, improve SiB GPP estimation?

— How well does SiB model Sitka spruce GPP and does the model perform

differently across seasons?

— Can the introduction of a water stress term (Sy, Section 2.26, p.63), based on

VPD, improve SiB sensitivity to drought stress?

6.3 Chapter methods

The SiBx model (outlined in Section 2.5) was iteratively run with varying parameters
to investigate the specific research aims and hypothesis of this Chapter. The model

inputs were,

— Meteorological variables taken from the ERA5 climate reanalysis dataset (Sec-
tion 2.4.2 (p.50)).

— MODIS reflectance based VI (NDVI, EVI, CCI, NIRv, GPPyy), interpolated to
daily observations using a Gaussian Process Regression (GPR) model (Section
2.4.5.1 (p.54)), and transformed to the same scale as NDVI using a predictive
regression (Section 2.5.2.3 (p.65)).

— SiB2 parameters outlined in Sellers and Mintz; Sellers, Randall, et al.; Sell-
ers, Tucker, et al. (1989, 1996, 1996) including Evergreen Needle Leaf (ENL)

specific values.
— Dynamic Vemax time series developed in Section 2.6.2 (p.68).

Iterative runs of SiBx were executed to test the suitability of the original fixed Vemax
proposed by Sellers, Randall, et al. (1996) for GPP modelling at a mature, even-

aged Sitka Spruce site. The model was run for a series of Vemax values, initially

L at 20 pmolm?s~!

1

ranging from 20 to 200 pmolm? s~ intervals, and subsequently

ranging from 50 - 70 pmol m? s~tat 2 pmol m? s~! intervals. These iterative runs were

conducted for five VI (NDVI, EVI, CCI, NIRv, GPPy;). SiB is usually run with

143



NDVTI and the other four VI have never previously been integrated into the model.
Model runs were also performed with the introduction of the dynamic Vemax time
series presented in Section 2.6.2. Static VI runs were introduced to negate the source
of seasonal variation introduced by dynamic VI within the model and quantify the
influence of VI. The static VI values were determined by running the model with a
range of values and selecting a high (0.76), medium (0.73) and low (0.7) VI value
that minimised mGPP - ftGPP across the range of Vemax inputs.

6.3.1 Statistical analysis

SiBx calculates net photosynthetic rate at two levels; the leaf (A), and the canopy
(CAg). To evaluate the accuracy of these photosynthetic rates, they were compared
to flux tower GPP (ftGPP). These were treated as ‘truth’ measurements, due to
the accuracy of Eddy Covariance (EC), and their spatial overlap with satellite data
used. Simple linear regressions were fitted for ftGPP and SiBx A or SiBx C'Ag.
From these, the coefficient of determination (R?) was extracted, to evaluate the
amount of ftGPP variation explained by the SiBx model. The difference between
ftGPP and SiBx modelled canopy GPP (mGPP) was therefore calculated as ftGPP
- mGPP. This was conducted over varying spatial scales (total study period (2015-
2018), annually or daily)).

Interannual variability was calculated to assess flexibility of annual estimations of
mGPP for SiBx model runs and to compare this with the ftGPP. This was calculated
as the difference between the lowest annual GPP estimation and highest annual GPP
estimation. Seasonal C'Ag R? was derived from linear regressions between ftGPP
and mGPP after all data had been separated by seasons (Winter = December,
January, February; Spring = March, April, May; Summer = June, July, August.
Autumn = September, October, November). SiBx model runs were also executed
with and without the introduction of a drought term (S, Section 2.26, Equations
2.25 to 2.29 (p.63)) and compared to ftGPP.

6.4 Results

The five daily VI timeseries, normalised to the NDVI range for model ingestion
(Section 2.5.2.3 (p.65)), are presented in Figure 6.1.

6.4.1 Static Vcmax

Vemax values between 50 - 70 pmolm?s~! produced the most realistic GPP esti-

mates when compared with ftGPP (Figure 6.2). Higher Vemax values explained
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Figure 6.1: Time series of the five Vegetation Indices (VI) (CCI, EVI, GPPy;, NDVI
and NIRv) and flux tower GPP (ftGPP, black line). VI time series are smoothed
and interpolated to daily time step by a Gaussian Process Regression (GPR) model.
All VI and ftGPP are transformed to the NDVI range by a linear regression predic-
tion. VI abbreviations are; CCI = Chlorophyll/Carotenoid index, EVI = Enhanced
Vegetation Index, GPPy; = Gross Primary Productivity Vegetation Index, NDVI =
Normalised Difference Vegetation Index and NIRv = Near-Infrared Radiation from
Vegetation. For full VI names, formula and references see Table 2.2 (p.58).

more GPP variation at the leaf and canopy scale for all five vegetation indices VI
(NDVI, CCI, EVI, NIRv, GPPy7), as determined by higher CAg R? and A R? (Fig-
ure 6.2; analysis of the full range of Vemax values is presented in Appendix E, Table
E.1 (p.231)). There was very little difference in A R? and ftGPP - mGPP between
VI (Figure 6.2). For C'Ag R? modest differences (range of R* ~ 0.023 ) were found
between VI, and these differences were consistent across the Vemax range. At Ve-
max = 60, NDVT had the lowest CAg R? (0.736), and GPPvyy the highest (0.762).
CCT had the second highest C Ag R? (0.759) at Vecmax = 60, while EVI and NIRv
had the same value (0.749). Higher Vemax increased mGPP and reached ftGPP -
mGPP = 0 at between 62.5 and 62.7 (Vemax) pmolm?s™! across VI (Table 6.1).

Table 6.1: Regression parameters for the relationship between ftGPP and mGPP.
And the predicted Vemax, where ftGPP - mGPP = 0 (Optimal Vemax). VI abbre-
viations match those detailed in Figure 6.1.

VI Slope Intercept Optimal Vemax

NDVI 1.246  -78.19 62.7
EVI 1254  -78.34 62.5
CCI 1.252  -78.40 62.6

NIRv 1.254  -78.34 62.5

GPPy; 1.252  -78.46 62.7

145



A 0.675 B ;‘;. C
/ 'g 107
0764 0.670 <
3 %/ & e /
o = 0.665 a O
5 0.74 4 // < % o
€
/ 0.660 o / T -10- /
= o
0724 ! ] ! — — &
50 55 60 65 70 50 55 60 625 _170 = 50 55 60 65 70
Vemax (umol m?s™") Vemax (umol m*s™") Vemax (umol m?s™)
Vegetation Index — CCI — EVI — GPPw — NDVI NIRv

Figure 6.2: Summary statistics for iterative runs of SiBx, for the years 2015 - 2018,

where the Vegetation Index (VI) and Vemax parameters are altered. VI inputs are

each of the daily VI datasets and the Vemax values are between 50 - 70 pmolm? s,

Plot A = the coefficient of determination for the simple linear relationship between
ftGPP and mGPP at the canopy scale (CAg (R?)); Plot B = the coefficient of
determination for the simple linear relationship between ftGPP and mGPP at the
leaf scale (A (R?)); Plot C is the difference in estimated canopy GPP (tC ha=! yr=1)
between ftGPP and mGPP (ftGPP - mGPP). VI abbreviations match those detailed
in Figure 6.1. Full analyses are presented in Appendix E, Table E.1 (p.231).

6.4.2 Dynamic Vcmax

Excluding the static VI, summary statistics from SiBx model runs with varying
Vemax and VI inputs are clumped, according to choice of Vemax across the study
period (Figure 6.3). The use of vin60 underestimates GPP (ftGPP - mGPP < 0)
by 2.97 - 3.22 tC ha™! yr~'. The three dynamic Vemax (vinDy, vinCCI, vimnGPP)
overestimate GPP (ftGPP - mGPP > 0). The overestimation is smallest in vimDy
ranging from 0.77 to 1.3 (tC ha=! yr='). The range of f{tGPP - mGPP is between
1.05 and 2.07 tC ha=! yr~! for vinCCI and vimnGPP. vinCCI consistently produces
lower estimates than vinGPP across VI. vinDy has the highest C'Ag R? of all Ve-
max, ranging from 0.783 for NDVI and 0.791 for GPPy;. On average vim60 has
slightly higher C'Ag R? (0.75) than vinCCI (0.738) and vinGPP (0.737). Across
the Vemax models, with the exception of static VI, the VI differences were slight
but relatively consistent. NDVI had the lowest CAg R? (vin60 =0.736, vinCCI =
0.726, vimGPP = 0.727, vmDy = 0.783) for all Vemax inputs and GPPyy the highest
(vin60 =0.762, vimCCI = 0.746, vinGPP = 0.743, vinDy = 0.791). The difference
was most pronounced in vim60 (0.026) and least in vinDy (0.008).

6.4.3 Static VI

Changing the static Vemax value strongly affected ftGPP - mGPP. Increasing static
VI increased mGPP, however it had negligible effect on C' Ag R? (Figure 6.3). Among
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Figure 6.3: Summary statistics for the relationship of SiBx model runs, with different
Vegetation Indices (VI) and Vemax parameters, and ftGPP, for all observations
across 2015 - 2018. ftGPP - mGPP is the difference in estimated canopy GPP (tC
ha=! yr~1) between ftGPP and mGPP and C' Ag R? is the coefficient of determination
for the simple linear relationship between ftGPP and mGPP at the canopy scale.
Black shapes are static VI = 0.73. This was selected as it gives a reasonable mGPP
estimation across all Vemax. The grey points represent static VI = 0.7 and VI =
0.76 to highlight the effect of changing the static VI value. VI abbreviations match
those detailed in Figure 6.1. Full analyses are presented in Appendix E, Table E.2
(p.233).

differing Vemax models, compared to the dynamic VI average, introducing static VI
improved model performance (increased CAg R?) for vmCCI and vinGPP (+0.02).
It reduced model fit for vmDy (-0.01), and fell in the centre of the vim60 range.

6.4.4 Individual years

The highest CAg R? across Vemax models was generally in 2015 (Figure 6.4). Most
models overestimated GPP in 2015 but never by more than 2 tC ha=! yr=!. Models
run with vim60 provided the closest yearly estimates of GPP, in 2015, which were
all within 0.5 tC ha=! yr~=! of ftGPP. In 2016, all models run with vimGPP slightly
overestimated GPP, but never by more than 0.51 tC ha=! yr~!, while the rest of the
model runs underestimated ftGPP. vinCCI also accurately predicted GPP to within
0.5 tC ha! yr~!. vm60 models underestimated GPP by around 1.5 tC ha=! yr—!.
All models had the lowest CAg R? in 2017. vmDy models had the highest C'Ag
R? (10.78). The two VI based Vemax were characterised by relatively lower R? but
good GPP estimates in 2017. In 2018 vmmDy overestimated GPP by 1.79 tC ha~!
yr~! for static VI, 1.71 tC ha™! yr~! for EVI and NIRv and 1.46 tC ha™! yr=! for
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Figure 6.4: Summary statistics for the relationship between ftGPP and mGPP, with
different Vegetation Index (VI) and Vemax parameters, for each of the study years
(2015 - 2018). ftGPP - mGPP is the difference in estimated canopy GPP (tC ha™*
yr1) between ftGPP and mGPP, and C Ag R? is the coefficient of determination for
the simple linear relationship between ftGPP and mGPP at the canopy scale. The
black static VI = 0.73, selected as it gives a reasonable GPP estimation across all
Vemax inputs. VI abbreviations match those detailed in Figure 6.1. Full analyses
are presented in Appendix E, Table E.3 (p.235).

NDVI. All other VI and Vemax combinations, in 2018, estimated GPP within 1 tC

ha=t yr=1.

6.4.5 Interannual variability

The ftGPP is characterised by lower GPP in 2015 and 2018 and higher yearly totals
in 2016 and 2017. 2017 was the most productive year (25.5 tC ha=! yr~1) and 2015
the least (22.15 tC ha™! yr~!) (Xenakis et al., 2021) (Figure 6.5). The interan-
nual variability of ftGPP was 3.35 tC ha=! yr~!. The vm60 total annual mGPP
estimates were relatively accurate for the two least productive years but greatly un-
derestimated GPP in 2016 and 2017 (Figure 6.5). The lowest GPP estimates were in
2015 for all vmm60 model runs. For vim60, NDVI, EVI and NIRv had similar mGPP
for the other three years (2016 - 2018) while CCI and GPPyy predicted lower yearly
GPP in 2018. vmDy displayed a similar pattern of yearly mGPP to vm60 but all

mGPP estimates were higher.
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Figure 6.5: Annual mGPP totals (tC ha™! yr~!) for SiBx runs with varying Vege-
tation Indices (VI) and Vemax inputs across the study period (2015 - 2018). ftGPP
total annual totals (tC ha™! yr=!) are represented by circles. VI abbreviations match
those detailed in Figure 6.1.
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Figure 6.6: Interannual variability in annual totals (tC ha~! yr~') for SiBx runs with
varying VI and Vemax inputs. The dashed line at 3.35 tC ha™! yr~! represents the
ftGPP interannual variability. Interannual variability is the difference between the
maximum and minimum annual mGPP or ftGPP (tC ha=! yr~!). VI abbreviations
match those detailed in Figure 6.1.

The two VI based Vemax models (vinCCI and vimGPP) had the greatest interan-
nual variability and closest interannual variability to ftGPP (Figure 6.6). However,
interannual variability varied between VI. vimCCI and vinGPP models with CCI or
GPPyy VI inputs had the greatest variability exceeding 2.2 tC ha™! yr=! whereas
all other models were below 2 tC ha=! yr=!. Across Vemax, NDVI, EVI and NIRv
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had little difference in variability ranging from 1.53 to 1.92 tC ha™! yr~!. Whereas,
CCI and GPPy; varied from 1 to 2.79 tC ha™! yr=!. The static VI had similar
interannual variability to CCI and GPPy; when run with vim60 or vimDy and the

lowest interannual variability when run with vmCCI or vimGPP.
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Figure 6.7: Cumulative difference between ftGPP and mGPP (tC ha=! yr=!). Lines
represent the cumulative ftGPP - cumulative mGPP for each day of the year across
the four study years (2015 - 2018). The black horizontal line is cumulative ftGPP -

cumulative mGPP = 0. Vegetation Index (VI) abbreviations match those detailed
in Figure 6.1.

6.4.6 Cumulative VI

Across years and Vemax, the choice of VI does not greatly affect the seasonal mGPP
dynamics (Figure 6.7). The choice of Vemax however, has a much greater effect.
vm60, vimCCI and vimGPP are characterised by slight initial overestimation of GPP
until around day 100 (Figure 6.7). For vinCCI and vimGPP, mGPP is then under-
estimated (post day 100) throughout the season. The difference each year between
ftGPP and mGPP peaks around day 150 - 200. From this point mGPP estimates
are higher than ftGPP, so the cumulative ftGPP - mGPP drops for the remainder
of the year. This drop is most extreme in 2015, where vinCCI and vinGPP end
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with overestimations of GPP (Figures 6.5 and 6.7). In the remaining three years,
the overestimation for the second half of the year is such that the annual estimates
are relatively accurate. The cumulative difference between ftGPP and mGPP (tC
ha™! yr=') reveals how mGPP dynamics differ throughout the year depending on

the choice of Vemax. This provides temporal information not present in annual

totals.
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% NIRv
0.4 — Static

Figure 6.8: Coefficient of determination for the simple linear relationship between
ftGPP and mGPP at the canopy scale (C'Ag R?) after data has been separated by
season. SiBx models are run with varying VI and Vemax parameters and colours
denote the choice of Vegetation Index (VI). The dashed lines are models run with
the drought stress term (Sd). VI abbreviations match those detailed in Figure 6.1.
For full results see Appendix E, Table E.4 (p.240).

vm60 follows the same basic pattern of summer underestimation post-day 100 as
observed in vimCCI and vinGPP. However, ftGPP - mGPP reaches peak underes-
timation later in the year than vimCCI and vinGPP (around day 250 - 300). This

Uyr=t and -3

peak is quite extreme in 2016 and 2017, reaching around -2 tC ha~
ha=! yr~! respectively. Models run with vinDy generally have a tighter relationship
to cumulative ftGPP, but this varies between years. The general trend in 2015 is
that of gradual overestimation over the year. In 2016 the model tracks ftGPP well
over the summer, whereas 2017 follows the trend of vm60 but with a less intense
underestimation peak (about 1.2 - 1.3 tC ha™! yr=! ). In 2018, vimDy mGPP tracks
ftGPP very closely until around day 165, at which point it over-estimates GPP for

the remainder of the year.
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Figure 6.9: Relationship between mGPP and ftGPP (gC m?d~!). The black solid
line is the regression line between the two variables. Only models run with NDVTI are
given for conciseness; however, the general patterns seen remain relatively consistent
between Vegetation Indices (VI). See Appendix E, Figure E.1 (p.245).

6.4.7 Seasonal relationships

The strength of relationship between ftGPP and mGPP varies between seasons
(Figure 6.8; full analyses are presented in Appendix E, Table E.4 (p.240)). Across
Vemax and VI, SiBx models best describe the variation in ftGPP (higher C' Ag R?)
in Autumn. Autumn C'Ag R? varies between 0.637 and 0.693 (Figure 6.8). vm60
has marginally lower C' Ag R? than the three dynamic Vemax. Spring C' Ag R? range
from 0.472 to 0.521 and are relatively consistent among VI and Vemax. Winter
CAg R? values peak when running the vinDy models and are lowest for vimCCI
and vimGPP. There is greater variation between VI in Winter than other seasons
in vm60, vinCCI and vinGPP. Summer CAg R? values are low relative to other
months (Figure 6.8). C'Ag R? is around 0.1 higher in vimCCI and vinGPP relative
to vin60 and vimDy. The low summer C'Ag R? values are attributed to saturation
of mGPP at high ftGPP values (Figure E.1). The values for mGPP saturation are
highest for vinGPP (between 12.5 and 15 gC m*d™!) and lowest for vin60 (<12.5
gC m?d~1) (Figure 6.9).
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Figure 6.10: Coefficient of determination for the simple linear relationship between
ftGPP and mGPP at the leaf scale (A (R?)) for each of the four study years (2015 -
2018). The dashed horizontal lines represent the average A R? for each specific model
parameterization. For full results see Appendix E, Table E.3 (p.235). Vegetation
Indices (VI) abbreviations match those detailed in Figure 6.1.

6.4.8 Leaf level photosynthesis (A)

At the leaf level (A), R? varies between choice of Vemax and year (Figure 6.10).
vm60 has consistently lower A R? than other Vemax models. The average vin60 A
R? across years ranges from 0.658 to 0.66 depending on VI. vinDy has the highest
A R? (0.744 to 0.766). vinCCI and cmGPP perform similarity (0.697 to 0.699 and
0.705 to 0.706 respectively). vm60, vimnCCI and vimGPP have the highest A R? in
2015 and worst in 2017. vmDy performs best in 2015 and 2017 and worst in 2016.

6.4.9 Drought stress term (.5;)

As reported in Xenakis et al. (2021) and Chapter 5, 2018 was characterised by a
drought induced reduction in ftGPP (Figure 6.11). The ftGPP drought drop was
missed by the original SiBx model formulation. A drought term based on VPD was
therefore introduced, leading to reductions in mGPP (Figure 6.11). These reduc-
tions were temporally consistent with ftGPP, and these are consistent across Vemax
parameters. However, the mGPP has more exaggerated fluctuations during the
drought period: mGPP values reached higher and lower peaks compared to ftGPP
in the drought stress models. The introduction of the drought term does marginally

improve the summer C'Ag R? of all models, while other seasons are relatively un-
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Figure 6.11: Time series of flux tower Gross Primary Productivity (ftGPP, gC
m?d~!) and the SiBx modelled Gross Primary Productivity (mGPP, gC m?*d~!)
across 2018. The black line is ftGPP. Red and blue lines are mGPP from SiBx
model runs using NDVT (other Vegetation Indices (VI) produced similar results, see
Appendix E, Figure E.2 (p.246)) separated by choice of Vemax. Red line is the
original model formulation while the blue line includes a drought stress term based
on vapour pressure deficit (VPD).

affected (Figure 6.8). When all seasons are combined in 2018, slight increases in
CAg R? were found for vinDy, vinCCI and vimGPP for all dynamic VI models with
the drought stress term; however, C'Ag R? decreased in vim60 (Figure 6.12). For
the static VI, CAg R? decreases occur in vin60 and vinDy. Marginal increases in

vinGPP occurred from the drought stress term while vimnCCI are unaffected.
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Figure 6.12: Coeflicient of determination for the simple linear relationship between
ftGPP and mGPP at the canopy scale (CAg R?) for SiBx models run with differing
Vegetation Indices (VI) and Vemax parameters in 2018. Original Model is the
formulation proposed by Sellers, Randall, et al.; Sellers, Tucker, et al. (1996, 1996)
and the Drought Term includes a drought stress term (Sy) based on vapour pressure
deficit (VPD). VI abbreviations match those detailed in Figure 6.1.

6.5 Discussion

The two major branches of land-surface modelling are predominantly based on either
simple formulae, such as the Light Use Efficiency model (LUE) (see Section 1.5
(p.27) and Chapter 5), which requires few parameters; or complex process-based
models (Alton, 2016), such as SiB and its derivatives. Relative to LUE models or
VI/GPP proxies (Chapter 5), process-based models such as SiB are less reliant on
high quality, temporally continuous satellite data. However, this comes with the cost
of increased complexity from the introduction of calibrated or empirical parameters
(Chuine et al., 2003; Lawrence et al., 2012; Haynes et al., 2019).

In this chapter, the worst performing model presented (SiBx run with NDVT and vm-
CCI) explained 72% of ftGPP variation across four years. In Chapter 5, at daily time
intervals, the best VI/GPP correlation explains around 70% ftGPP variation, how-
ever, these poorly represented the 'true’ vegetation signal and greatly overestimated
annual GPP. The SiBx GPP estimates better represent ftGPP which demonstrates
the potential benefits of the added complexity of this modelling procedure for GPP

monitoring.
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6.5.1 Vcmax

Within runs of SiBx, the static Vemax value proposed by Sellers, Randall, et al.;
Sellers, Tucker, et al. (1996, 1996) performed relatively well against ftGPP (Figure
6.2). Across the four years studied here (2015 - 2018), total GPP estimation accuracy

was slightly improved by increasing Vemax by around 2 pmolm?s!.

Accurate
parameterisation of Vemax is crucial for increasing biological realism in process based
models, as GPP is highly sensitive to Vemax (as discussed in Section 2.6.2; Farquhar
et al., 1980; Collatz et al., 1991; Kattge et al., 2009; Alton, 2017). The formulation
of SiB uses a fixed value of Vemax (Sellers, Tucker, et al., 1996). This is derived from
a Plant Functional Type (PFT) specific value (Sellers, Randall, et al., 1996; Sellers,
Tucker, et al., 1996). Vemax can vary within PFT (Kattge et al., 2009; Alton,
2017; Wu, Liu, et al., 2018). However, the inherent variability of natural systems,
e.g. across years, sites, environmental conditions and age to name a few, suggests
the original static value is relatively suitable for GPP retrieval, in a mature Sitka
spruce plantation, representative of large areas of UK upland commercial forest.

However, the analyses presented here suggest marginal improvements can be made

by increasing Vemax.

Simplifications of biological and physical processes are an inherent part of modelling
(Box, 1979; Bonan et al., 2021). They facilitate the study of complex systems, such
as plant-atmosphere interactions, by allowing them to be represented with fewer
knowns. However, over simplification can lead to error. Vemax is not static in time
(Wilson et al., 2000; Grassi et al., 2005; Alton, 2016), and the misrepresentation of
this dynamic process is commonly noted as a cause of error in photosynthesis models
(Jin et al., 2012; Alton, 2017; Wu, Liu, et al., 2018; Chou et al., 2020). Incorporating
dynamic Vcmax is therefore a promising avenue for potential model improvements
(Jin et al., 2012; Alton, 2017). In Section 2.6.2, two methodologies for dynamic
Vemax retrieval are proposed. Firsty, a purely statistical and annually repeating
Vemax time series (vinDy), derived from curve fitting a globally optimised Vemax
dataset. Secondly, two satellite based Vemax (vinCCI and vinGPP), retrieved from
satellite VI derived from MODIS band 11, which is related to conifer seasonal pro-
ductivity dynamics (Gamon et al., 2016). Therefore, the analysis presented here
looked to establish if introducing a more biologically realistic Vemax improved SiB
GPP predictions.

SiBx model runs incorporating vimDy best explained ftGPP daily variation (C'Ag
R?), this was true for combined and individual years (Figures 6.3 and 6.4). The
strong relationship between ftGPP and mGPP is unsurprising as vimDy is derived
from model optimisation, however, it suggests a proof of concept and promising av-

enue for developing seasonally dynamic Vemax model inputs. Much like the static
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values originally proposed, a PFT specific annual Vemax which includes a measure
of seasonality may improve process-based models without requiring additional mea-
sured parameters. The vimDy procedure outlined in Section 2.6.2 could be expanded
to other EC sites, for example using the FLUXNET network (Baldocchi et al., 2001),
and may highlight possible commonalities within PFT. The introduction of the dy-
namic Vemax time series improved the relationship between leaf level photosynthesis
(A) and ftGPP relative to static Vemax (Figure 6.10). Although the value of this
relationship between these metrics should not be overstated (as they are measured at
different scales), they are inherently linked. The Farquharr—von Caemmerer—Berry
photosynthetic model (Farquhar et al., 1980; Collatz et al., 1991) which produces A
is fundamental, not just for SiB and its derivatives, but for most terrestrial biochem-
ical models (Alton, Ellis, et al., 2007; Powell et al., 2013; Alton, 2016; Zhou et al.,
2019; Chou et al., 2020; Liang & Wang, 2020; Qian et al., 2021). The potential
benefits of improving the parameterisation with seasonal Vemax could therefore be

widespread.

Spectral data has the potential to derive Vemax values from vegetation that are
biologically relevant, based on physical observations and are dynamic in space and
time. This can reduce the reliance on PFT static values (Jin et al., 2012; Deng
et al., 2024). Tt is therefore a promising and active area of research (Barnes et al.,
2017; Qian et al., 2021; Deng et al., 2024). The majority of studies find reliable
relationships between field based hyperspectral reflectance and direct Vemax mea-
surements (Dillen et al., 2012; Jin et al., 2012; Serbin et al., 2012; Barnes et al.,
2017; Dechant et al., 2017; Silva-Perez et al., 2018; Chou et al., 2020; Wu et al.,
2021; Yan et al., 2021; Kumagai et al., 2022; Deng et al., 2024). However, none
of these studies investigate ENF', and work using satellite data is sparse. Jin et al.
(2012) reported a strong (R? = 0.81) relationship that scaled well between simulated
MODIS NDVI and Vemax in natural Japanese beech forests (Fagus crenata). Qian
et al. (2021) successfully derived Vemax from chlorophyll estimations from crop and
grasslands derived from the Medium Resolution Imaging Spectrometer (MERIS),
highlighting the feasibility of satellite based Vemax retrieval. The work here looked
to link Vemax to the group of VI associated with carotenoid dynamics (eg, CCI,
GPPyq, PRI). These are related to photosynthetic capacity at different temporal
scales (Gamon et al., 1997; Wong & Gamon, 2015b; Gamon et al., 2016; Chou et
al., 2020; Wong et al., 2022), and in the current study system are more applicable
to photosynthetic dynamics than NDVI, or other ‘greenness’ indices (Chapter 5).

In the absence of ‘true’ ground based leaf level Vemax measurements, exploratory
analysis was conducted here via an iterative procedure using transformation and

min/ max values determined from SiBx model runs (Section 2.6.2). In terms of
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total GPP estimations and R?, the VI-based Vemax models (vinGPP and vinCCI)
performed similarly to the original static value SiBx formulation (vm60) (Figure
6.3). However, the most promising finding is the ability of these to detect interannual
variability, which facilitates increased flexibility within the model (Figure 6.5 and
6.6). An ‘ideal’, biologically representative Vemax would be dynamic across years.
Although sub-optimal, and limited by the quality of the VI timeseries (Chapter 5),
vinCCI and vimGPP go some way to predict the differences in annual GPP totals
across years (Figure 6.5). This is most prevalent during 2016-2018 which, due to the
stress related mechanisms of carotenoid /chlorophyll dynamics, are able to predict
an annual GPP drop in 2018, relative to 2016 and 2017, at a similar magnitude to
ftGPP. It is this potential flexibility and dynamism across seasons and years which
makes accurate VI based Vemax parameterisation such a promising research goal

and possible modelling improvement.

Although promising, the vimDy tested here fails to improve on vim60 in terms of
interannual variation. Due to the homogeneous yearly cycle, vmDy and vm60, pro-
vide no mechanism to allow for variation between years if variation is not accounted

for in the VI or meteorological inputs.

6.5.2 Vegetation Indices (VI)

SiBx overcomes limitations in temporal continuity from satellite observations by us-
ing mechanistic functions and the ERAb reanalysis dataset to model forest processes
on a daily timescale. Historically, NDVI (and previously the simple ratio (SR)), has
been used to scale leaf level processes to the canopy within the SiB architecture
(Sellers, Randall, et al., 1996; Sellers, Tucker, et al., 1996; Haynes et al., 2019), due
to its robust relationships with various useful biophysical properties (Sellers et al.,
1992; Los et al., 2000).

In general, model runs incorporating NDVI performed marginally worse than the
other VI (Figures 6.3 and 6.4), highlighted by lower CAg R? across all Vcmax
choices. Within Vemax parameterisations, NDVI generally produced lower GPP es-
timations. The analysis conducted throughout this thesis has evidenced that other
VI routinely outperform NDVI in their accuracy for studying a range of photosyn-
thetic and drought stress metrics in Sitka spruce. Specifically, VI that are associated
with carotenoid dynamics have a closer sub-annual relationship with Sitka spruce
canopy GPP (Chapter 5) and Sitka spruce drought stress responses (Chapter 3),
relative to traditional ’greenness’ indices. Therefore, it was hypothesised that in-
corporating other VI could improve the performance of SiBx. EVI has been shown
to improve satellite LAI retrieval over NDVI in some cases (Chen & Vierling, 2007;
Potithep et al., 2013), but not in others (Qiao et al., 2019). LAI-NIRv relationships
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have also been tested across deciduous, crop and grassland sites (Qiao et al., 2019),
but performed marginally less well than NDVI. However, never before has the in-
tegration of non traditional ’greenness’ indices into SiB been published, despite the
improvements in simple LUE models possible with other VI (Badgley et al., 2019;
Wong et al., 2022).

The Gaussian Process Regression (GPR) smoothing procedure (Section 2.4.5.1) in-
creases temporal resolution, but cannot perfectly distinguish noise from signal, and
so some information is lost. This results in homogenisation of the VI timeseries (Fig-
ure 6.1), and could explain the relatively small differences found between VI and
their impact on mGPP. The interpolation techniques were used to compensate for
a lack of primary satellite observations caused by cloud contamination at the field
site (Section 2.4.4). This is typical of northern temperate upland areas satellite-
based reflectance retrieval (Armitage et al., 2013; Zhang et al., 2017; Badgley et al.,
2019; Liu et al., 2021) and characterises the major limitation to quality. SiB was
developed for global circulation models, and it is likely that higher quality VI time
series consisting of larger proportions of direct observations are available at lower
latitudes. Satellite retrieval at these latitudes is less heavily reliant on mathemati-
cal interpolations or temporal compositing and may produce less homogeneous VI
datasets which could separate the effect of different VI within SiB.

Another explanation for the limited improvements of other VI over NDVI could be
the relatively small contribution to mGPP that VI plays within the model. This is
highlighted most clearly when seasonality is completely removed by introducing a
static VI value (Figure 6.3). Unsurprisingly, the choice of value is directly propor-
tional to the absolute value of mGPP, and increasing the VI value increases mGPP.
Interestingly however, substituting a seasonally dynamic VI dataset (representing
LAT and FPAR within the model) with a static VI has relatively limited effect. For
vm60, over the four study years, model performance (C'Ag R?) with a static VI is
similar to the mean of the five dynamic VI choices. It is marginally (<0.02 R?)
reduced for vimDy, and actually improves model fit in the VI-based Vemax models.
These findings may highlight the importance of high quality meteorological data
inputs for detecting canopy seasonality. With static values for both VI and Vemax
(e.g. static VI and Vemax = 60), the model still performs comparably well to more
observationally driven parameterisations (e.g. daily NDVI timeseries and vimDy),
and picks up on the seasonal variations in canopy GPP. This is due to the underlying

environmental controls on leaf photosynthesis which are driven by the ERA5 data.

In summary, despite the discussed limitations in the underlying VI timeseries, slight
improvements in mGPP were detected by replacing NDVI with other VI. These

improvements were consistent across Vemax choices and, akin to findings in Chapter
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5; the VI associated with MODIS band 11 (CCI, GPPyy) outperformed others. This
was driven in part by the drought induced reductions of CCI and GPPy; in 2018

(Figure 6.6). The improvements were most pronounced in vim60 and least in vimDy.

6.5.3 Seasonal Differences

In these analyses, summer mGPP /ftGPP correlations were found to be much weaker
than the other seasons (Figure 6.8), resulting from saturation at high summer val-
ues (Figure 6.9; and see Chapter 5). In temperate ecosystems, seasons are char-
acterised by markedly different GPP dynamics. Productivity peaks in summer,
is low in winter, and transitions between these states in spring and autumn. In
Chapter 5 VI/GPP relationships varied considerably depending on the season: neg-
ative VI/GPP reactions were detected in winter, and weakly positive relationships
occurred in summer. This was due in part to saturation effects. The SiBx model as-
sumes the 'Big-Leaf’ (BL) principle, whereby vegetation is treated as a homogeneous
layer of phytomass where physical properties (leaf orientation, sun:shade ratios, leaf
age, leaf clumping) do not vary throughout the vertical canopy (Bonan et al., 2021).
SiBx assumes that the maximum photosynthetic rate decreases with the light extinc-
tion coefficient (k), which is linearly related to the canopy nitrogen profile. While
this may hold true in some instances (Sellers, Randall, et al., 1996), BL models often
underestimate GPP (Luo et al., 2018), as radiation gradients are unable to explain
rapid changes in photosynthesis. Rapid increases in light, occurring predominantly
in summer (due to higher light intensity and less crown shadowing), will increase
lower canopy photosynthesis more than the radiation average imposed by the light
extinction model (Luo et al., 2018). More accurate representatives of canopy pho-
tosynthesis can be achieved by using multilayer models or separating diffuse and
direct sunlight within the BL principle (Alton, North, & Los, 2007; Alton & Bodin,
2010; Alton, 2016; Luo et al., 2018; Bonan et al., 2021). Introduction of a multilayer
model to SiBx could therefore ameliorate the summer (high value) saturation effect

seen.

6.5.4 Drought

Incorporating accurate drought stress responses within biophysical modelling is both
necessary and challenging (McDowell et al., 2011; Zhou et al., 2019). One barrier
is the lack of empirical and established drought methods to represent drought in
process-based models (Zhou et al., 2019). More comprehensive formulations of SiB
exist than the procedure outlined here (Sellers, Randall, et al., 1996; Baker et al.,
2008; Haynes et al., 2020), such as those containing soil moisture sub-models that

contribute to a measure of water stress via various soil moisture pools, which are
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depleted via transpiration and replenished by precipitation (Baker et al., 2008).
However, this drought response requires ‘substantial development’ for predicting
future drought scenarios (Powell et al., 2013). In these analyses, the drought stress
representation within SiBx is simplified by a lack of soil moisture components. The
water stress term (S;) developed here, limits A by VPD (atmospheric drought),
rather than soil moisture (soil drought). Atmospheric droughts are an important
driver of drought induced reductions in productivity (Allen et al., 2010; Xenakis
et al., 2021; Bauman et al., 2022; Schénbeck et al., 2022). The simplicity of VPD
driving drought is attractive and greatly reduces model complexity by ameliorating
the need for multiple soil layers interacting with multiple sources of transpiration
(Haynes et al., 2020), as well as the inherent difficulties in retrieving soil moisture
measurements from space via reanalysis datasets (Bauman et al., 2022) which justify

the choice of drought stress driver used here.

Slight improvements to SiBx model performance were achieved via the newly pro-
posed drought stress term (S;). However, these were limited and not universal across
model parameterisations (Figure 6.12). Without the drought term, the dramatic re-
ductions in ftGPP, relative to the normal seasonal pattern during the drought in
late June and July 2018 would be missed (Figure 6.11). Models run with S; char-
acterise the initial drought response well, however, mGPP fluctuates greatly during
the recovery and remains unseasonably low, while ftGPP recovers to pre-drought
levels relatively quickly. The formulation presented here is simple and non-ideal,
however, it suggests a proof of concept that directly reducing leaf level photosyn-
thesis by VPD may act as a direct way to simulate drought response without the

introduction of multiple soil layers.

Parameterising Vemax as a single PFT value has been highlighted as a limitation
of process-based models to capture sensitivity to drought (Zhou et al., 2019). Here,
models run with vim60 performed worse with the drought term included. The static
nature of vim60 means that in winter GPP is overestimated, whilst in summer it is
underestimated (Figure 6.7). Further reductions in summer mGPP therefore weaken
the ftGPP/ mGPP relationship, due to the drought stress term. In 2018, total an-
nual GPP was reduced by 5% relative to the previous three year average, resulting
from drought conditions (Xenakis et al., 2021) (Figure 6.5). The utility of linking
CCI and GPPvy;y to drought stress is highlighted in Chapter 5, and continues to gen-
erate promising outcomes here. For all Vemax choices, 2018 annual GPP reductions
were better detected while using CCI or GPPyy , relative to other VI (Figure 6.5).
And, as discussed above, the interannual variability is detected using vinCCI and
vinGPP as a result of stress related mechanisms of carotenoid /chlorophyll dynam-

ics. This adds to the body of evidence that the association of reflectance at 531 nm
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and drought stress response makes these indices more suitable than the traditional

‘greenness’ VI for studying drought stress in evergreen conifers.

6.6 Conclusions

The analysis here builds upon work in Chapter 5 to evaluate the use of a range of
MODIS based VI for GPP retrieval in a mature Sitka spruce plantation where VI
retrieval is subject to high levels of cloud contamination. The added complexity of
SiBx facilitates more realistic daily ftGPP/mGPP correlations, so where possible

and feasible, it is recommended for daily satellite based GPP retrieval.

Vemax is highlighted as a crucial model input in process-based modelling, and the

following conclusions are drawn about its parameterisation:

— The model performs well in this study system with a static Vemax, using the
original PFT value (60 pmol m? s—!) proposed by Sellers, Randall, et al. (1996).

However, best performance is achieved when Vemax = 62.5 pmol m? 1.

— Dynamic Vemax provide more biological realism, and can improve model fit

(vimDy) and predictions of interannual variation (vinCCI and vinGPP).

— Despite limitations of the methodology presented here, the potential for re-
trieving spatially and temporally dynamic Vemax from carotenoid,/ chlorophyll

dynamics via VI (CCI, GPPyy) is promising.

— SiBx suffers from saturating effects in summer at high GPP values. Multilayer

models could overcome this BL associated error.

For the first time, SiB was parameterised with a new set of VI which are better
related to conifer seasonal productivity dynamics and stress responses. However,
these have surprisingly little overall effect on model performance, which highlights
the importance of accurate meteorological and Vemax inputs to SiB performance. A
new ‘atmospheric drought’ stress term is introduced in the absence of soil moisture
pools in SiBx, this greatly simplifies the model and in some cases improves drought
stress detection. However it would require tuning using a wider set of study sys-
tems (different species, different drought levels) to further evaluate feasibility and

potential accuracy.
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Chapter 7

(zeneral discussion and conclusions

7.1 Overview

Globally, forests are facing unprecedented anthropological threats to their health:
indirectly, through climate alterations via major and rapid disruptions to the carbon
cycle, and the myriad of consequences that entails, and directly, through deforesta-
tion and mismanagement (Nemani et al., 2003; Foley et al., 2005; Somers & Asner,
2012; Gauthier et al., 2015; Lewis et al., 2015; Millar & Stephenson, 2015; Wing-
field et al., 2015; Lausch et al., 2016). Arguably, the most overtly damaging of the
environmental threats to forests is the increase of drought, in both frequency and
severity, that is already responsible for large scale mortality events on every vege-
tated continent on Earth (Ciais et al., 2005; Phillips et al., 2008; Allen et al., 2010;
Zhao & Running, 2010; McDowell et al., 2011; Anderegg et al., 2012; McDowell &
Allen, 2015; Anderegg et al., 2019).

Due to advancements in technology, the current decade is also characterised by
unprecedented data availability (Ma et al., 2015). Since the 1970s the rapid rise of
remote sensing data, facilitating the study of forests at leaf to global scales, provides
the tools to monitor and model forests. These tools can improve understanding in

order to mitigate against the threats facing future forest health.

Increasing drought and remote sensing data availability are both key to the current
state and future of UK forestry (Locatelli et al., 2021). The present thesis evaluates
the possibilities of reflectance based remote sensing, in the form of VI, for studying
non-fatal drought stress in Sitka spruce, the UK’s most important forestry species
(Samuel et al., 2007; Krakau et al., 2013). The thesis explores the contribution that
hyperspectral and broadband VI could play in transitioning UK forestry into a more

drought resilient sector.

163



A well managed forestry sector will contribute to the sustainable production of tim-
ber, which also acts as a carbon sink, sequestering CO, to mitigate against the
worst effects of climate change; while also revising management of stands to be at
low risk from drought now and into the future. Well informed decisions are crucial
in forestry, as the time between investment (tree planting) and returns (timber pro-
duction) is long (Berry & Brown, 2021; Locatelli et al., 2021). Vast quantities of
Sitka spruce exist across the UK, meaning that young trees now will mature into
climatically different environments, throughout the next 30 to 40 years (Betts &
Brown, 2021; Intergovernmental Panel on Climate Change (IPCC), 2021). Accu-
rately monitoring how these trees respond to the increasingly hot and dry summers
will provide paramount information to inform future decisions. The planting of new
forests, and choice of location, species and genotypes are perhaps the most crucial
decisions that foresters now, and in the near future, face as the ‘business as usual’
model becomes increasingly disparate from the climatic reality (Intergovernmental
Panel on Climate Change (IPCC), 2021; Locatelli et al., 2021).

This thesis explores two major avenues of Sitka spruce stress monitoring at two spa-
tial and spectral scales. First, (i) a controlled experimental drought was imposed
on genetically distinct Sitka spruce clones, during which needle level hyperspectral
measurements were recorded, over eight weeks. Chapters 3 and 4 analysed these
data, exploring the stages of increasing drought, at high spectral fidelity, using VI
to infer a number of physiological responses, at multiple points within the canopy.
Then, (ii) Chapters 5 and 6 utilised the availability of open source satellite based
reflectance (the MODIS MAIAC product) to infer GPP, a ‘global sensor of environ-
mental stress’ (Biswal et al., 2011), via direct VI timeseries, the LUE model or an

established process based model (SiB), from a mature Sitka spruce plantation.

The following sections discuss the main findings from each chapter and tie them
together to identify themes, important findings, potential limitations and how the
present research can inform the forestry sector, and the wider forest ecology com-

munity.

7.2 Chapter summaries

Chapter 3 characterised the drought response of six Sitka spruce clones from the
Forest Research clonal archive using 17 VI and F'v/F'm measurements. The analysis
highlighted an array of drought responses which were detected. VI associated with
stress response pigments, most prominently xanthophylls and anthocyanins, clearly
demonstrated increased expression of these pigments in early drought. These mech-

anisms protect vulnerable photosynthetic machinery by dissipating light energy into
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heat, via non photochemical quenching, directing high energy photons away from
chloroplasts and possible roles in antioxidation (Gould, 2004; Kyparissis et al., 2007;
Hernéndez et al., 2009; Landi et al., 2015; Gamon et al., 2016; Cirillo et al., 2021).
An unexpected response was detected in water based VI which are influenced by
the characteristic absorption profile of water within needles. In the early stages
of drought, water content increased, and this was attributed to reduced stomatal
conductance acting to maintain hydraulic connectivity, by reducing the evapora-
tive demand, therefore maintaining water at high concentrations in the needles. A
critical threshold is reached as the drought continues and water content in needles
rapidly decreases. Identifying thresholds and tipping points like these are important
in characterising and understanding plant drought responses in order to predict for-
est stress and mortality (Huang et al., 2015; Munson et al., 2018; Krishnamurthy
et al., 2020).

The analysis in Chapter 3 highlighted the usefulness of measuring multiple VI, or
taking information from across the spectrum, to account for the multiple facets of
drought stress. These results agree with Verrelst et al. (2019) who suggest moving
away from traditional two or three band VI. By using computational power and ma-
chine learning techniques, methods exist to build indices based on the full spectrum,

utilising the plethora of information in hyperspectral reflectance.

Conifer spectral heritability research is in its infancy, and this study was the first to
use VI to assess different conifer drought responses across clones. By demonstrating
the possibility of VI to detect intraspecific stress responses non destructively, great
possibilities for advances in drought tolerance screening are opened up (Feng et al.,
2017; Janni et al., 2019). Sitka spruce is likely to continue to be planted across
the UK in the near future (Davies et al., 2020), therefore, introducing drought
tolerance into the breeding programme is appropriate. The analysis presented here
has demonstrated that variation in stress response exists in the Sitka clonal archive,
and that it is detectable, via high throughput phenotyping, using remote sensing.
The differences in stress responses between clones also suggests that current planted

breeding population Sitka spruce trees may differ in their vulnerability to drought.

Chapter 4 extended the analysis of the drought experiment to look at how VI
differ through the canopy. Variation throughout the canopy was detected across all
VI tested. The vertical canopy profile, likely driven by variations in microclimate
caused by light gradients, resulted in differences in all VI between the top and bot-
tom canopy. Needle age classes affected chlorophylls, carotenoids, anthocyanins and
water content. These differences are discussed in detail in Chapter 4. The analy-
sis highlighted knowledge gaps surrounding water content distribution throughout

conifer canopy layers.
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Evidence from Chapter 4 suggests that the stress response was higher in the upper
canopy. Micro climatic variation causing differences in stress responses could inform
future forest management (Aussenac, 2000). More exposed trees could be more sus-
ceptible to drought which could inform planting density. Smaller Scots pine trees
are more drought resilient due to stratification of the canopy leading to microsite
climatic conditions, e.g. solar radiation, humidity or temperature (Merlin et al.,
2015). The susceptibility of exposed trees, or parts of trees, may present a trade off
for planting density, between yield and drought tolerance, which should be consid-
ered, alongside competition between water and nutrients (Aussenac, 2000). Sitka
spruce could be especially susceptible to these effects due to specific growth traits.
High needle morphological variation occurs in Sitka spruce as it is shade tolerant
(Taylor, 1990), but will produce much wider needles in high light environments
to maximise growth (Chin & Sillett, 2017), as it employs a ‘grow-fast-die-young’
strategy (Kramer et al., 2018). The ability to maximise growth across microcli-
mates could accentuate the discrepancy in stress response across an individual tree

canopy.

The differences in optical properties highlighted here should be considered when
scaling remote sensing to canopy level using airborne or SRS. Optical remote sensing
predominantly observes the outer canopy surface, which will influence the majority
of the measured response. O’Neill et al. (2002) concluded that in Sitka spruce,
the differences in biochemical concentrations throughout the canopy were slight
enough that top down retrieval could be representative of the canopy as a whole.
Here, the upper canopy appeared to have a stronger stress response, which may
aid in the earlier detection of stress responses at canopy scales, as an exaggerated

representation of the canopy as a whole is one that will be predominantly detected.

Chapter 5 evaluated the ability of five broadband VI to act as proxies for com-
ponents of the LUE model and GPP for the Harwood Forest Sitka spruce field site
and plantation. The EC data collected at Harwood allowed the VI-based models to
be evaluated against high quality GPP flux measurements. A drought in 2018, pro-
vided a serendipitous opportunity to evaluate the drought response of mature Sitka
spruce, in natural environmental conditions. A key component of reducing drought
associated risks in UK forestry, involves studying mature forest drought responses,
which are extremely difficult and expensive to do artificially (Locatelli et al., 2021).
Despite low satellite data availability due to frequent cloud contamination, modelled
GPP time series correlated well with ftGPP. When combining PAR with VI in the
LUE model, the strength of correlations up to 90% were produced at the monthly
time interval and up to 86% at the 16 day time interval. Using VI only models
explained ftGPP variation up to 67% (for CCI and GPPvyy), which compared sim-
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ilarly to studies within the literature (Hashimoto et al., 2012; Gamon et al., 2016;
Huang et al., 2019; Wong et al., 2022; Junttila et al., 2023), even compared to sites
with higher satellite observation frequency (Gamon et al., 2016; Wong et al., 2022).
Daily interpolated models including PAR greatly overestimated annual GPP totals
despite good correlation at sub annual time intervals, highlighting the bias that
temporal interpolation can produce (Wang et al., 2004). The analysis in Chapter 5
highlighted how drivers of GPP change with different temporal resolutions and that
at sub-annual timescales metrological forcings, namely PAR, strongly effect GPP
so should be included in VI-based models. At coarser resolutions, meteorological
data become less important as VI reflect longer term plant acclimation and therefore
GPP (Junttila et al., 2023). The only models that detect annual drought induced
GPP reductions, as presented by Xenakis et al. (2021), were VI-only (no meteoro-
logical variable inputs) and based on the xanthophyll cycle (CCI and GPPvyy). This
highlights (i) poor parametrisation of € terms in LUE models, owing to limitations
of biome specific, LUT model inputs and non-established methodologies for retriev-
ing ¢ from satellite based VI. The result also suggests (ii) some potential for CCI
and GPPyp to detect drought induced GPP anomalies where other, more traditional
‘greenness’ VI cannot. The 16 day VI product (VIig) developed using CV-MY'V for
this analysis performed well relative to other temporal resolutions. This provides
a rationale to expand the MODIS VI product (MOD13, which currently produces
NDVI and EVI time series) to an increased number of VI. Without any additional
data retrieval, the MOD13 algorithm could be expanded to create a globally ex-
tensive and temporally continuous dataset, including NIRv and VI associated with
Band 11 which this research has found to be most sensitive to annual drought in-
duced GPP anomalies.

Using the well established SiB model architecture, Chapter 6 evaluated whether
adding modelling complexity, relative to VI-GPP proxies and the LUE made im-
provements for GPP retrieval, recommended for forestry. The SiB model increases
daily correlation between ftGPP and mGPP (up to 79% explained ftGPP variation)
and produced more realistic GPP time series and greatly improved annual total es-
timation. If accurate GPP retrieval, possible at daily time intervals, is the primary
concern, and increased modelling complexity can be afforded, the SiB, or other pro-
cessed based productivity model, could be important tools to foresters. However,
there were limitations to this. For drought stress detection, the SiBx model was
non-ideal. SiB can model drought via multi-layer soil moisture pools which add in-
creased complexity (Baker et al., 2008; Powell et al., 2013; Haynes et al., 2020). The
present thesis proposed a more simplistic VPD driven drought stress term, which

may be able to detect earlier drought stress in Sitka spruce, due to atmospheric
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drought limiting productivity before soil drought (Chapter 5). However, this re-
quires further development. For drought detection, using satellite data VI, e.g. CCI
and GPPvy1, may be more appropriate tools for use with Sitka spruce owing to their

inherent link to forest stress.

This thesis has presented the first attempt to infer seasonal Vemax from MODIS
band 11 based VI. Due to the strong association with these VI and seasonal pho-
tosynthetic dynamics, they could facilitate spatiotemporal Vemax retrieval, which
could improve satellite based canopy modelling reducing the reliance on externally
tuned or PFT values, which are often based on poorly defined parameters (Rogers,
2014). Models can be tuned to specific time periods, sites or species. However, the
more tuning needed, the less universally applicable a model is. An ideal model will
contain inbuilt flexibility, to detect the interannual variability of a system, without

model adjustments.

7.3 Pigments and drought stress

Pigments are the primary driver of VIS reflectance. Information about plant con-
dition can be derived via pigment dynamics, and therefore are the bases for the
majority of VI. Throughout this thesis, three major groups of plant pigments are
discussed, and inferences about their composition are made, based on VI signals.
The following section discusses findings in the context of pigment dynamics demon-

strated throughout the chapters.

7.3.1 Chlorophyll

As the primary photosynthetic pigments and the bases for the most frequently used
group of VI, historically and currently, the importance of chlorophylls in remote
sensing is high and the VIg, e.g. NDVI, SR and EVI, set the benchmark for forest
reflectance retrieval. Chlorophylls are an established biomarker of drought stress,
due to their relationship with photosynthetic activity, and down regulation or dam-
age during stress (Plesa et al., 2019; Grulke et al., 2020; Walshe et al., 2020). The
relationship between chlorophyll reflectance and plant condition has proved useful
and robust in a multitude of studies and therefore VIg are often the ‘go to’ for
satellite based vegetation health monitoring and assessments (Bounoua et al., 2000;
Anyamba & Tucker, 2012; Lange et al., 2017; Vorobiova & Chernov, 2017; Yang
et al., 2017; Testa et al., 2018; Spruce et al., 2019; Gao et al., 2021; Huemmrich et
al., 2021; Pompa-Garcia et al., 2021). It was important to determine the usefulness
of NDVI, and associated VIg, for studying a number of drought and productivity

related metrics in Sitka spruce.
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In Chapter 3, under increasingly severe water limitation, some VIg were completely
insensitive to drought stress (NDVI, SR). In others (Clgr, Clre and NDVIre), dif-
ferences between the drought and control group were marginal compared to other
VI, but did increase as the drought progressed. This analysis highlighted the im-
portance of choice of VI for specific applications. Within the VIg, those based on
red-edge reflectance, were most sensitive to changes in chlorophyll. This is due to
red light being more readily saturated than NIR light as chlorophyll absorption is
higher (Horler et al., 1983; Gitelson & Merzlyak, 1994; Clevers & Gitelson, 2013).
Reduced sensitivity in non red-edge Vg, was also documented in Chapter 4, where
NDVI and SR, failed to detect differences between needle age classes, while Clre
and NDVTre did.

The difference between Sitka spruce clones was detectable across all VIg (Chapters 3
and 4) and chlorophyll reflectance, namely red-edge reflectance, has been highlighted
in the literature as a promising region for genotypic variation detection (Feng et
al., 2017; éepl et al., 2018; Hejtmének et al., 2022). However, VIg all failed to
detect varying drought responses between clones (Chapters 3 and 4), suggesting that
other spectral regions may be more appropriate for intraspecific drought tolerance
detection (e.g. PRI, ARI discussed below).

At the satellite scale, which NDVI and EVI were initially developed for, greenness
VI correlated poorly with ftGPP unless multiplied by PAR in a LUE formulation
(e.g. NDVI PAR models explained around 60% more ftGPP variation relative to
VI-only models), highlighting how these VI are more closely related to FPAR than
to GPP directly (Chapter 5). As predictors of annual GPP, NDVI and EVI were
less reliant on PAR for GPP retrieval however, failed to capture drought induced
productivity reductions, as a result of the 2018 summer drought (Chapter 5). VIg
models predicted annual GPP increases of 1.6% to 7% in 2018, despite 5% reductions
recorded at the flux tower (Xenakis et al., 2021). The insensitivity to drought stress
detected by chlorophyll related VI throughout this thesis, suggests that these should
not be the focus for early drought stress detection in Sitka spruce, especially at the
satellite level, where the choice of VIg is more limited due to the reduced availability

of spectral bands.

7.3.2 Carotenoids and the xanthophyll cycle

Throughout the present thesis, VI representing carotenoid dynamics were impor-
tant in inferring how Sitka spruce responds to environmental conditions. In Chap-
ters 3 and 4 PRI, in accordance with the literature, was a good marker of conifer
health status during drought stress (Peguero-Pina et al., 2007; Filella et al., 2009;
Hernéndez-Clemente et al., 2011; Wong & Gamon, 2015a; Maottus et al., 2017, 2019),
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whereby it tracks the facultative (short term) response to drought stress (see Chap-
ter 4 for discussion of this) (Gamon & Berry, 2012). PRI proved sufficiently sensitive
to differentiate variations in stress responses between Sitka spruce clones (Chapter

3) and canopy positions (Chapter 4).

CCI is a derivative of PRI, but designed for broadband MODIS sensors (Gamon
et al., 2016). Like PRI, the central wavelength for the detection of the xanthophyll
cycle is 531 nm (the central wavelength of MODIS band 11). Using a hyperspec-
tral sensor at the needle level, CCI proved less sensitive to drought stress than PRI
(Chapters 3 and 4). However, at the satellite scale, where PRI retrieval is limited
due to a lack of bands covering reflectance at 570 nm, CCI detected annual drought
induced anomalies in GPP. Alongside GPPy, CCI was the VI most closely related
to the seasonal cycles of GPP, shown by higher R? (over 0.5) (Chapter 5). CCI
tracks seasonal photosynthesis and stress responses, due to its relationship with
chlorophyll /carotenoid dynamics, that track both changing light and temperature
levels across a season and the energy dissipation mechanisms that the xanthophyll
cycle plays in drought stress mediation (Wong & Gamon, 2015a). This ability for
CCI to track both seasonal photosynthetic dynamics and stress responses provided
the theoretical bases for exploring its relationship with ¢ and Vemax. The accu-
rate parametrisation of which has been identified as a major limitation to the LUE
(Rahman et al., 2004; Huang et al., 2024; Prentice et al., 2024) and process based
modelling (Long & Bernacchi, 2003; Rogers, 2014; Alton, 2017; Deng et al., 2024).
As discussed in Chapter 5 using scaled CCI (eccr) as a proxy for ¢ had limited
effect on GPP retrival, despite the theoretical link. Inferring Vemax directly from
VI was a novel approach. The most promising finding outlined in Chapter 6 was the
possibility of improved detection of interannual variability, facilitated by VI derived

Vemax, which is dynamic in both space and time.

7.3.3 Anthocyanins

Anthocyanin-related VI were among the best for drought stress detection (Chapters
3 and 4). A linear drought response was detected in ARI and ARI2, which were sen-
sitive enough to detect differences between clones (Chapter 3), and canopy positions
(Chapter 4). Increased anthocyanin expression was detected in the upper canopy,
especially in younger needles. Anthocyanins however, are understudied relative to
other pigments, especially at the satellite scale (Vina & Gitelson, 2011). The satel-
lite work here (Chapters 5 and 6) was focused on GPP, as a combined indicator of
stress and seasonal cycles that links to the carbon cycle, as well as a crucial com-
ponent of the SiB model. Anthocyanins have a minor, if any, role in photosynthesis
(Simkin et al., 2022). The choice of VI was selected based on established links to
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GPP which excluded anthocyanin based VI.

Although limited in quantity, research in the literature highlights that anthocyanins
can be inferred from satellite VI (Vina & Gitelson, 2011; Bayle et al., 2019). There-
fore, anthocyanin VI could play a role in stress detection from space. Especially in
conifers, which do not undergo full canopy seasonal senescence (which anthocyanins
play a promenade role in), which could confound stress detection. As anthocyanins
are less related to photosynthesis than other pigments (Simkin et al., 2022), it
may be easier to disentangle stress specific responses via anthocyanins relative to
carotenoids, which are spectrally confounded by chlorophyll and biophysically con-
founded by the association with photosynthesis (Gitelson et al., 2002; Wong &
Gamon, 2015a; Gitelson, 2020; Sonobe et al., 2020). Therefore, satellite-based an-

thocyanin detection may be of use for drought monitoring in Sitka spruce.

7.4 Scaling

One of the reasons for the applicability of VI is spatial scalability (Zeng et al.,
2022). This means that VI selected for the needle level analysis in Chapters 3
and 4 can be applied at the canopy scale for regional or global analysis. However,
some limitations of scaling and differences between scales were identified across this
thesis. Defoliation and needle necrosis occurred as a direct response to drought
stress in the drought experiment (see Appendix A, Figure A.4 (178)). Needle level
analysis, as discussed in Chapter 3, did not detect crown thinning, so failed to
capture structural parameters (e.g LAI) associated with NIR radiation (Croft &
Chen, 2018). VI such as NDVI, which use NIR reflectance, can capture changes
in LAT when whole canopies are imaged (Yang et al., 2017). However, no major
drought induced defoliation occurred in 2018 at the Harwood forest, as drought
induced senescence is a severe stress response in conifers (Green & Ray, 2009; Choat

et al., 2018).

Satellite reflectance retrieval cannot differentiate within individual needle classes
and homogenises the response of different portions of the canopy. Chapter 4 demon-
strated the variety of VI responses throughout Sitka spruce canopies, due to envi-
ronmental and age differences (O’Neill et al., 2002). Pigment concentrations were
lower in the top canopy and accumulated in older needles. Understanding this is
important to fully explain, or model, the two dimensional data that satellite based
reflectance measurements retrieve. Saturation in summer GPP retrieval was a lim-
itation in Chapters 5 and 6. As discussed in Chapter 6, multilayer models can
overcome these saturation effects (Alton, North, & Los, 2007; Alton & Bodin, 2010;
Alton, 2016; Luo et al., 2018; Bonan et al., 2021). Analyses such as in Chapter
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4 are key to inform these models which often partition sun and shaded canopy re-
sponses to model canopy layers. Pigment differences were most pronounced mid
season when GPP is expected to be greatest (Chapter 4). Incorporating dynamic
differences between canopy layers, over a growing season, could therefore facilitate

higher modelling accuracy and reduce summer saturation effects.

7.5 Best performing VI

V1 are relatively simple to acquire, have robust relationships with plant bio-physiology,
and are easily interpretable to non experts (important for widespread use in forestry
(Locatelli et al., 2021; Zeng et al., 2022)). Therefore, VI could be useful tools to pro-
vide forest managers with information on drought vulnerability and stress (Locatelli
et al., 2021). Linking VI to forest health metrics, using freely available satellite
data, could provide foresters with capabilities to map various stress metrics. A VI
that is closely linked to drought stress, or productivity, in Sitka spruce, could be
used to rapidly assess the condition of stands countrywide. Therefore assessing and

identifying promising VI was a major research aim of this thesis.

NDVI and associated VI performed poorly for drought stress detection across re-
search chapters, however, when modelled with metrological variables were able to
track non stressed GPP. VI associated with the xanthophyll cycle (PRI, CCI, GPPyy)
are better associated with drought stress (see Section 7.3.2 above), and were the VI
most tightly associated with ftGPP seasonal dynamics (Chapter 5). The relationship
between MODIS band 11 and conifer productivity has been discussed (see Chapters
5 and 6). Therefore CCI and GPPy; are highlighted here as promising VI for fu-
ture UK forestry, potentially facilitating simple and rapid assessment of Sitka spruce

health at individual tree to stand or country scales.

7.6 Low productivity in 2015 compared to 2018

Chapters 5 and 6 used GPP recorded at the Harwood site to infer plant function.
In 2018 a reduction in productivity, which here, and in Xenakis et al. (2021), is
attributed to drought stress due to association with a number of measured variables.
In spring and summer 2018, a long period of no rainfall occurred as temperatures
were high, causing relative humidity to drop. Soil moisture reached substantially
lower values in 2018 compared to the other three years and evapotranspiration was
exceptionally high in 2018 causing a large reduction in Water Use Efficiency (WUE)
(see Figure 2.12 (pp.73) and Xenakis et al. (2021)). These factors contributed to an

anomalous year. Total annual GPP was lower in 2015 compared to 2018 however,
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was not considered a drought year. Temperature and soil moisture all occur within
a range that is similar to 2016 and 2017. VPD appears slightly raised relative
to 2016 and 2017 however, this is not accompanied by abnormally high or low
evapotranspiration and, unlike 2018, WUE remains normal throughout the year
(Xenakis et al., 2021). It is therefore assumed that the low productivity of 2015
is due to a combination of ‘non-ideal’ growing conditions, creating an overall less
productive year, without the plants being actively stressed, or initiating a stress
response. Legacy of droughts can impact forests productivity in subsequent years
(Peltier & Ogle, 2019; Kannenberg et al., 2020; Locatelli et al., 2021), which may
contribute to the low 2015 GPP however, no data from Harwood forests exists pre
2015. This highlights the inherent difficulty of studying natural systems without

environmental controls and the difficulty in estimating productivity.

7.7 Future research

The analysis in Chapters 3 and 4 demonstrated that intraspecific clonal differences
can be detected among Sitka spruce clones. For the first time, differential drought
responses were detected via VI in conifers. This opens avenues for the UK forestry
sector for rapid non-destructive, and cost effective drought tolerance assessments,
and high throughput phenotyping (Plesa et al., 2019; Liming & Huichun, 2020; Baldi
& La Porta, 2022). Future work should build on Chapters 3 and 4, by identifying
key reflectance markers, related to drought tolerance, using simple VI, multiple VI,
or ML derived VI which can exploit a greater spectral range (Verrelst et al., 2019).
If reliable spectral drought tolerance markers can be established, they should be
incorporated into the Sitka spruce breeding programme, which currently, only selects
for high timber quality and to maintain genetic diversity (Lee, 1999). Introducing
more drought resilient progeny into future plantations will go some way to ‘drought

proofing’ future forests in a changing climate.

The non destructive repeat spectral measurements procedure, developed for this the-
sis, successfully monitored pigment and water content of Sitka spruce scions, across
the early to later stages of drought, giving insights into multiple stress responses. A
recommendation, where possible, would be to combine this type of experiment with
metabolomic and water content measurements of needles, to give a clearer picture of
the process inferred from VI. This would be especially interesting in the case of water
content, which appeared to increase in Sitka spruce needles in the initial stages of
drought. In Chapters 3 and 4 the benefits of measuring drought stress with multiple
VI were discussed. Focusing on one drought stress trait, e.g. water content, would

miss a pigment response. ML algorithms allow links with biophysical traits and the
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whole spectrum to be made (Verrelst et al., 2019). Developing ML indices could
potentially capture a fuller drought response than using only one metric. This could
be especially useful to build a Sitka spruce drought index which incorporates the
many facets of stress response or the genetic differences between clones. Future work
should look to characterise the whole spectral profile of plants under drought stress
to try to establish drought responses. At the satellite level, the ability of MODIS
band 11 VI to detect drought stress from space is promising for UK foresters. UK
wide stress monitoring could be developed using VI based in band 11 (e.g. CCI,
GPPyq). By expanding VI retrieval to greater spatial area, stress hotspots could be
identified, where Sitka spruce are more vulnerable to drought stress, which could

inform future forestry planning (Green & Ray, 2009; Locatelli et al., 2021).

Deriving Vemax from satellite spectral data provides great potential for introduc-
ing more biological realism into process-based models. Static Vemax values have
been outlined as a major limitation to processed-based eco physiological modelling.
The theoretical link between CCI/ GPPy; and photosynthetic capacity provides a
justification to derive Vemax from them. The preliminary new work here, should
be developed by testing the relationship between these types of VI and measured
Vemax, across various species and sites, to establish if a robust link between the two
exists. This could potentially facilitate a global and temporally-continuous Vemax
product, akin to MODIS based LAI or FPAR products.

MODIS can be related to the xanthophyll cycle due to reflectance retrieval at 531
nm. The spectral resolution of MODIS is poor compared to newer satellite missions
e.g. Sentinel-2. However, Sentinel-2 lacks bands centred at 531 nm. Future satellite
missions should incorporate these wavelengths at higher spatial resolution in order

to better capture biophysical processes.

7.8 Final Conclusions

The present thesis has evaluated the use of VI for studying drought stress and
productivity in Sitka spruce at various spatiotemporal scales, aiming to explore
potential ways that the UK forestry sector could adopt remotely sensed VI and
transition towards more drought-resilient management. Consistently, VI associated
with the xanthophyll cycle and reflectance based at 531 nm (PRI, CCI, GPPy;)
were identified as key metrics for monitoring and assessing drought stress and the
general health of Sitka spruce. Relative to NDVI, the most frequently used VI, the
xanthophyll-related VI (i) better detected early and progressively increasing drought
stress at the needle level, where they were able to distinguish differences between

clones and canopy positions, (ii) more closely tracked seasonal GPP (when mete-
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orological variables were omitted) and (iii) identified stress-mediated annual GPP
declines, which were detectable with MODIS satellite imagery. A novel approach to
improving process-based model realism is described and tested using the theoretical
link between CCI (and its derivative GPPyy) and Vemax, opening possibilities for
spatially and temporally dynamic global Vemax retrieval. This approach aims to
overcome static Vemax parametrisation, which is currently a major limitation in
local and global biophysical modelling. For the first time, the possibility of rapid
screening of conifer clones for drought tolerance using reflectance measurements is
demonstrated. This opens up possibilities for high-throughput phenotyping to im-
prove drought resistance in the Sitka spruce breeding program. Never before has
UK forestry been at such high risk from drought. This risk will continue to increase
as anthropogenic activities fail to curb global emissions. Remote sensing provides
unprecedented data availability to monitor and model how the existential threats
faced will impact forests. By using this data, informed decisions may help miti-
gate the very worst impacts and, in some way, future-proof commercial and natural

forests.
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Appendix A

Supplementary material: Chapter 2

Data and methods

A.1 Experimental set up

|

:'.‘kﬁr;

Figure A.1: The standard leaf clip for spectral measurements using a field spectro-
radiometer (ASD FieldSpec 4 standard Res, Analytik Ltd, Cambridge). The leaf
clip is designed for flat, broadleaf plants. When recording in situ conifer needles
light escapes, potentially confounding spectral measurements.
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Figure A.2: A Data logger (CR1000x, Campbell Scientific, Shepshed, UK) was used
to automatically record soil moisture readings for six droughted and six control Sitka
spruce. Readings were taken every 30 minutes for the duration of the study and
supplemented by manual hand held soil moisture measurements. A clear plastic box
was placed over the data logger alongside a bag of desiccant to protect the equipment
from high humidity levels.

Figure A.3: Small vertical stature of Clone 6 individual. Some Clone 6 individuals
had smaller vertical structure relative to the other trees. This meant splitting the
individual into distinct vertical canopy profiles was not possible. Therefore, Clone
6 individuals were excluded from the analysis in Chapter 4.
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Figure A.4: High defoliation rates on two Clone 6 individuals subject to experimental
drought. Defoliation was generally higher in older needles. The high defoliation
rates of a number of Clone 6 individuals meant reliable measurements on all canopy
positions on all individuals was not possible so Clone 6 was excluded from Chapter
4 analysis.
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A.2 Cloud free MODIS observations

Table A.1: The number of high quality MODIS observations available for analysis.
All data from the pixel corresponding to the location of the flux tower (55°13’00"N,
2°01’32"W) where downloaded then filterd using the MODIS QA band (QA= 0,1).
High view angles (> 35°) and low EVI values were removed. The numbers in the
table are the total number of observation left for analysis after filtering. Observations
are separated by year and season where, Winter = December, January, February.
Spring = March, April, May. Summer = June, July, August. Autumn = September,
October, November.

Year Winter Spring Summer Autumn Total
2000 0 6 0 1 7
2001 4 5 0 1 10
2002 0 4 1 2 7
2003 11 8 9 5 33
2004 5 5 2 3 15
2005 1 5 6 10 22
2006 7 6 7 8 28
2007 8 5 1 10 24
2008 3 4 2 5 14
2009 3 14 2 6 25
2010 0 3 3 6 12
2011 4 12 3 8 27
2012 8 10 1 4 23
2013 5 4 5 3 17
2014 1 6 4 1 12
2015 0 3 1 5 9
2016 0 2 2 4 8
2017 1 6 2 2 11
2018 0 4 12 3 19
2019 6 7 3 5 21
2020 1 7 2 3 13
2021 1 9 6 3 19
2022 8 10 7 0 25
Average 3.3 6.3 3.5 4.3 17.4
Total 76 145 80 99 400

179



Year

20204

20154

20104

2005 -

2000 1

o

10

16 Day Window

Figure A.5: The 16 day windows that include high quality MODIS observations.
For each year between 2000 and 2022 dates were separated into 16 day windows (23
per year). The black squares represent a high quality observation was present (see
Table A.1 for data filtering) in a specific 16 day window.
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A.3 Interpolation algorithms

Table A.2: Comparison of interpolation methods for gap filling MODIS time series.
To create a continuous daily time series (Vlg,y) for five VI (NDVI, EVI, CCI, NIRv,
GPPyq) daily interpolation was conducted, using Decomposition and Analysis of
Time Series software (DATimeS) (Belda et al., 2020), on quality filtered MAIAC
observations. DATimeS is a stand-alone image processing GUI toolbox containing
many mathematical fitting algorithms (fs). For each VI, five fitting algorithms
(GPR = Gaussian Process Regression, KRR = Kernel Ridge Regression, LIN =
Linear interpolation, FT = Fourier Transform, SIG = Sigmoid Function, WHIT
= Whittaker smoothing) were run and the most appropriate selected by comparing
each interpolated VI time series to flux tower GPP (ftGPP) using regression analysis.
GPR was selected for all interpolations as for all VI, except NIRv, GPR was the
best or joint best performing algorithm (highest R?), and it is the only algorithm
that produced uncertainty estimates.For full VI names, formula and references see
Table 2.2 (p.58).

VI  fs  F-Statistic df pvalue R?
NDVI GPR 705.22 1448 <0.001 0.33
KRR 671.01 1448 <0.001 0.32

LIN 492.36 1448 <0.001 0.25

FT 709.92 1448 <0.001 0.33

SIG 660.96 1448 <0.001 0.31

WHIT 639.30 1448 <0.001 0.31

EVI  GPR 1221.25
KRR 1248.58

LIN 795.88

FT 1244.88

SIG 1045.47

WHIT 1080.89

CCl  GPR 1693.84
KRR 1657.21

LIN 1294.04

FT 1620.33

SIG 1482.16

WHIT 1495.74

1448 <0.001 0.46
1448 <0.001 0.46
1448  <0.001 0.35
1448  <0.001 0.46
1448 <0.001 0.42
1448 <0.001 0.43

1448 <0.001 0.54
1448 <0.001 0.53
1448 <0.001 0.47
1448 <0.001 0.53
1448 <0.001 0.51
1448 <0.001 0.51

NIRv  GPR 905.22 1448 <0.001 0.38
KRR 904.17 1448 <0.001 0.38

LIN 727.71 1448 <0.001 0.33

FT 863.92 1448 <0.001 0.37

SIG 975.53
WHIT 830.67

GPPyi  GPR 1702.42

1448 <0.001 0.40
1448 <0.001 0.36

1448 <0.001 0.54
KRR 1656.50 1448 <0.001 0.53
LIN 1317.57 1448 <0.001 0.48

Table A.2 continued on next page
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Table A.2 continued from previous page

VI fs F-Statistic df pvalue R?
FT 1602.13 1 1448 <0.001 0.52

SIG 1592.45 11448 <0.001 0.52
WHIT 1516.98 1 1448 <0.001 0.51
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Appendix B

Supplementary material: Chapter 3

Evaluating the drought responses of Sitka spruce
(Picea sitchensis) clones using Vegetation Indices
(VI). Are genetic differences detectable with VI?

B.1 Estimated marginal means (EMM) contrasts

Table B.1: Estimated Marginal Means (EMM) to analyse the effects of drought on
Vegetation Indices (VI) over an increasingly severe drought. For each VI, a mixed
effect model was formulated where each individual plant was treated as a random
effect. Time in days after drought treatment initiation (Time), watering regime
(Treatment) and clonal group (Clone) were treated as main effects. Interactive
effects of these main variables, including a three-way interaction, were also tested.
When a significant Time: Treatment effect was detected, EMM contrasts between
the control and drought groups were conducted at regular time points (results for a
contrast every seven days are presented here) using the mixed effects models. DoD
is the number of days since the initiation of the experimental drought. For full VI
names, formula and references see Table 2.1 (p.43).

VI DoD Estimate SE df t.ratio p value

ARI 1 -0.092 0.083 104.777 -1.104  0.272
7 -0.173 0.078  81.867 -2.213 0.030

14 -0.267 0.073  63.902  -3.645 0.001

21 -0.362 0.070  53.802 -5.149 <0.001

28 -0.456 0.069  50.260 -6.604 <0.001

35 -0.550 0.070  52.743  -7.875 <0.001

42 -0.644 0.073 61.630 -8.871 <0.001

49 -0.739 0.077 78112 -9.573 <0.001

o6 -0.833 0.083 103.823 -10.018 <0.001

ARI2 1 -0.057 0.054 105.312 -1.073 0.286

Table B.1 continued on next page
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Table B.1 continued from previous page

VI DoD Estimate SE df  t.ratio p value
7 -0.113 0.050  82.162 -2.254  0.027

14 -0.178 0.047  64.016  -3.782 <0.001

21 -0.243  0.045 53.820 -5.392 <0.001

28 -0.308 0.044 50.246 -6.951 <0.001

35 -0.373  0.045  52.752 -8.315 <0.001

42 -0.438 0.047  61.722 -9.385 <0.001

49 -0.502 0.050  78.369 -10.140 <0.001

56 -0.567 0.053 104.347 -10.620 <0.001

CCI 1 -0.014 0.011 207.098 -1.332 0.184
7 -0.007 0.009 106.790 -0.770  0.443

14 0.003 0.009 114.671 0.301 0.764

21 0.012 0.009  98.850 1.430  0.156

28 0.021 0.008  81.830 2.600  0.011

35 0.029 0.009  92.969 3.413 0.001

42 0.035 0.009 110.651 3.875 <0.001

49 0.037 0.009 104.534  4.227 <0.001

56 0.036 0.011 210.583 3.343 0.001

Clgr 1 0.140 0.210  75.783 0.667  0.507
7 -0.006 0.199 61.416 -0.033 0.974

14 -0.144 0.200  62.395 -0.720  0.474

21 -0.239 0.199  60.986  -1.202 0.234

28 -0.285 0.198  59.626  -1.443 0.154

35 -0.277 0.200  61.838  -1.385 0.171

42 -0.206  0.201  63.673  -1.025 0.309

49 -0.068 0.199 61.135 -0.341 0.734

56 0.145 0.210  74.852 0.691 0.492

Clre 1 0.093 0.103  69.762 0.901 0.371
7 0.091 0.099 59.334 0916  0.364

14 0.092 0.099 60.176 0.921 0.361

21 0.100 0.099  58.470 1.008 0.318

28 0.118 0.098  56.558 1.202 0.234

35 0.150 0.098  57.820 1.520  0.134

42 0.199 0.099  59.747 2.001 0.050

49 0.268 0.099  59.092 2707 0.009

56 0.361 0.103  70.154 3.492 0.001

CRI1 1 0.051 0.347 368.671 0.147  0.883
7 -0.642 0.263 179.511  -2.443 0.016

14 -1.031 0.271 197.776  -3.808 <0.001

21 -1.094 0.254 160.808 -4.302 <0.001

28 -0.959 0.234 119.872 -4.100 <0.001

35 -0.757 0.248 146.722  -3.060  0.003

42 -0.619 0.267 188.535 -2.319  0.021

49 -0.674 0.260 174.158 -2.587  0.011
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VI DoD Estimate SE df t.ratio p value

o6 -1.052 0.350 372.863  -3.005 0.003

MSI 1 -0.002 0.005 226.894 -0.316 0.752
7 <0.001 0.004 114.029 0.033 0.974

14 0.004 0.004 121.819 0.890 0.375

21 0.007 0.004 110.429 1.775 0.079

28 0.009 0.004  99.544 2.000 0.029

35 0.007 0.004 116.618 1.589 0.115

42 -0.001 0.004 131.451 -0.303 0.762

49 -0.017 0.004 111.846 -4.080 <0.001

56 -0.041 0.005 220.651 -8.258 <0.001

NDWI 1 0.003 0.003 211.788 1.014 0.312
7 0.001 0.002 108.305 0.611 0.543

14 -0.001 0.002 116.601  -0.493 0.623

21 -0.004 0.002 106.341 -1.591 0.115

28 -0.005 0.002  97.179  -2.226 0.028

35 -0.004 0.002 114.603 -1.748 0.083

42 <0.001 0.003 129.105 0.041 0.967

49 0.009 0.002 110.095 3.748  <0.001

96 0.024 0.003 215.490 8.029 <0.001

NDWI2 1 0.003 0.006 225.237 0.471 0.638
7 <0.001 0.005 113.399 <0.001 1.000

14 -0.005 0.005 121.106 -0.984  0.327

21 -0.009 0.004 109.839  -1.958 0.053

28 -0.011 0.004  99.075  -2.470 0.015

35 -0.009 0.005 115.970  -1.879 0.063

42 <0.001 0.005 130.644 -0.035 0.972

49 0.016 0.005 111.239 3.641 <0.001

o6 0.043 0.006 219.035 7.805 <0.001

NDVTre 1 0.015 0.016  68.983 0.962 0.339
7 0.015 0.015  538.975 0.980 0.331

14 0.014 0.015  59.664 0917  0.363

21 0.014 0.015 58.674 0.896 0.374

28 0.015 0.015 57.716 0.987  0.328

35 0.019 0.015  59.275 1.257  0.214

42 0.028 0.016  60.564 1.790 0.078

49 0.041 0.015 58.778 2.692 0.009

56 0.062 0.016  68.340 3.853 <0.001

PRI 1 -0.002 0.005  80.411 -0.286 0.776
7 0.004 0.005  68.896 0.712 0.479

14 0.010 0.005  59.551 1.959 0.055

21 0.016 0.005  54.055 3.259 0.002

28 0.022 0.005  51.997  4.554 <0.001
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VI DoD Estimate SE df  t.ratio p value
35 0.028 0.005  53.214 5.784 <0.001

42 0.035 0.005  57.804 6.896 <0.001

49 0.041 0.005 66.118 7.855 <0.001

56 0.047 0.005  78.708 8.649 <0.001

SRWI 1 0.007 0.008 211.835 0.984  0.326
7 0.003 0.006 108.323 0.555 0.580

14 -0.003 0.006 116.621 -0.536  0.593

21 -0.010 0.006 106.358 -1.606  0.111

28 -0.013 0.006 97.193 -2.214  0.029

35 -0.011 0.006 114.622 -1.733 0.086

42 <0.001 0.007 129.128 0.019  0.985

49 0.023 0.006 110.113 3.624 <0.001

56 0.060 0.008 215.538 7776 <0.001

WI 1 0.002 0.003 256.392 0.710  0.479
7 <0.001 0.002 126.469 0.133 0.895

14 -0.003 0.002 137.260 -1.107  0.270

21 -0.005 0.002 115.533 -2.456  0.016

28 -0.007 0.002  92.090 -3.506 0.001

35 -0.007 0.002 107.444  -3.308 0.001

42 -0.004 0.002 131.753 -1.773 0.079

49 0.003 0.002 123.416 1.336 0.184

56 0.015 0.003 260.934 5.264 <0.001
WI/NDVI 1 0.008 0.009 224.895 0.933 0.352
7 0.012 0.007 113.289 1.578 0.117

14 0.009 0.008 122.162 1.191 0.236

21 0.003 0.007 104.351 0.354  0.724

28 -0.004 0.007  85.203  -0.629 0.531

35 -0.008 0.007  97.731 -1.169 0.245

42 -0.006 0.007 117.637 -0.818 0.415

49 0.006 0.007 110.747  0.763 0.447

56 0.030 0.009 228.655 3.304  0.001
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Table B.2: Estimated Marginal Means (EMM) to analyse the effects of drought
and clonal group on Vegetation Indices (VI) over an increasingly severe drought.
For each VI, a mixed effect model was formulated where each individual plant was
treated as a random effect. Time in days after drought treatment initiation (Time),
watering regime (Treatment) and clonal group (Clone) were treated as main effects.
Interactive effects of these main variables, including a three-way interaction, were
also tested. When a significant Time: Treatment: Clone effect was detected, EMM
contrasts between the control and drought groups for each Clonal group were con-
ducted at regular time points (results for a contrast every seven days are presented
here) using the mixed effects models. DoD is the number of days since the initiation
of the experimental drought. For full VI names, formula and references see Table
2.1 (p.43).

VI Clone DoD Estimate SE df t.ratio p value

ARI Clone 1 1 -0.088 0.083 104.928 -1.055 0.294
7 -0.145 0.081 88.785 -1.785 0.078

14 -0.211 0.085  90.122 -2.472 0.015

21 -0.277 0.096 108.297 -2.888 0.005

28 -0.344 0.111 137.254 -3.087 0.002

35 -0.410 0.130 170.522 -3.164 0.002

42 -0.476 0.150 202.976 -3.181 0.002

49 -0.542 0.171 231.838 -3.171 0.002

o6 -0.608 0.193 256.259 -3.149 0.002

Clone 2 1 -0.091 0.083 104.928 -1.093 0.277
7 -0.167 0.081  88.785 -2.057  0.043

14 -0.255 0.085  90.122 -2.990 0.004

21 -0.344 0.096 108.297 -3.578 0.001

28 -0.432 0.111 137.254 -3.881 <0.001

35 -0.520 0.130 170.522 -4.017 <0.001

42 -0.608 0.150 202.976 -4.066 <0.001

49 -0.697 0.171 231.838 -4.075 <0.001

o6 -0.785 0.193 256.259 -4.064 <0.001

Clone 3 1 -0.090 0.083 104.882 -1.081 0.282
7 -0.160 0.081  88.737 -1.969 0.052

14 -0.241 0.086  90.575 -2.816 0.006

21 -0.322  0.097 109.558 -3.335 0.001

28 -0.403 0.112 139.302 -3.592 <0.001

35 -0.485 0.131 173.065 -3.700 <0.001

42 -0.566 0.152 205.658 -3.734 <0.001

49 -0.647 0.173 234.396 -3.733 <0.001

26 -0.728 0.196 258.551 -3.717 <0.001

Clone 4 1 -0.089 0.083 104.928 -1.071 0.287
7 -0.154 0.081  88.785 -1.901 0.061

14 -0.230 0.085 90.122 -2.694 0.008

21 -0.306 0.096 108.297 -3.183 0.002
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VI Clone DoD Estimate SE df t.ratio p value
28 -0.381 0.111 137.254 -3. 0.001

35 -0.457 0.130 170.522 -3.529  0.001

42 -0.533 0.150 202.976 -3.559 <0.001

49 -0.608 0.171 231.838 -3.557 <0.001

56 -0.684 0.193 256.259 -3.540 <0.001

Clone 5 1 -0.089 0.083 104.928 -1.066  0.289
7 -0.151 0.081  88.785 -1.865  0.065

14 -0.224 0.085 90.122 -2.626  0.010

21 -0.297 0.096 108.297 -3.093  0.003

28 -0.370 0.111 137.254 -3.323  0.001

35 -0.443 0.130 170.522 -3.417  0.001

42 -0.515 0.150 202.976 -3.444  0.001

49 -0.588 0.171 231.838 -3.439  0.001

56 -0.661 0.193 256.259 -3.421 0.001

Clone 6 1 -0.105 0.083 104.910 -1.253  0.213
7 -0.260 0.081  88.761 -3.209  0.002

14 -0.442  0.085 90.338 -5.171 <0.001

21 -0.624 0.096 108.862 -6.470 <0.001

28 -0.805 0.112 137.995 -7.191 <0.001

35 -0.987 0.131 171.089 -7.559 <0.001

42 -1.169 0.151 203.056 -7.736 <0.001

49 -1.350 0.173 231.268 -7.815 <0.001

56 -1.532  0.195 255.008 -7.844 <0.001

ARI2 Clone 1 1 -0.055 0.054 105.462 -1.018  0.311
7 -0.093 0.052 89.085 -1.779  0.079

14 -0.137 0.055  90.259 -2.504  0.014

21 -0.182 0.062 108.311 -2.947  0.004

28 -0.226  0.072 137.110 -3.165  0.002

35 -0.271 0.083 170.170 -3.253  0.001

42 -0.315  0.096 202.390 -3.277  0.001

49 -0.360 0.110 231.029 -3.272  0.001

56 -0.404 0.124 255.259 -3.254  0.001

Clone 2 1 -0.057 0.064 105462 -1.057  0.293
7 -0.108 0.052  89.085 -2.064  0.042

14 -0.167 0.055  90.259 -3.045  0.003

21 -0.226  0.062 108.311 -3.668 <0.001

28 -0.286 0.072 137.110 -3.994 <0.001

35 -0.345 0.083 170.170 -4.143 <0.001

42 -0.404 0.096 202.390 -4.202 <0.001

49 -0.464 0.110 231.029 -4.216 <0.001

56 -0.523  0.124 255.259 -4.209 <0.001

Clone 3 1 -0.056  0.054 105.416 -1.048  0.297
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VI Clone DoD Estimate SE df t.ratio p value

7 -0.104 0.052  89.037 -1.992 0.049
14 -0.159 0.055  90.711 -2.901 0.005
21 -0.215 0.062 109.569 -3.465 0.001
28 -0.271 0.072 139.151 -3.750 <0.001
35 -0.326  0.084 172700 -3.875 <0.001
42 -0.382  0.097 205.056 -3.919 <0.001
49 -0.438 0.111 233.571 -3.925 <0.001
o6 -0.493 0.126 257.536 -3.913 <0.001

Clone 4 1 -0.056 0.054 105.462 -1.049 0.297
7 -0.104 0.052  89.085 -2.004  0.048

14 -0.161 0.055  90.259 -2.930 0.004

21 -0.217 0.062 108.311 -3.516 0.001

28 -0.273 0.072 137.110 -3.819 <0.001

35 -0.329 0.083 170.170 -3.955 <0.001

42 -0.386  0.096 202.390 -4.007 <0.001

49 -0.442 0.110 231.029 -4.017 <0.001

56 -0.498 0.124 255.259 -4.007 <0.001

Clone 5 1 -0.055 0.054 105.462 -1.033 0.304
7 -0.098 0.052  89.085 -1.887  0.062

14 -0.148 0.055  90.259 -2.708 0.008

21 -0.199 0.062 108.311 -3.000 0.002

28 -0.249 0.072 137.110 -3.478 0.001

35 -0.299 0.083 170.170 -3.590 <0.001

42 -0.349 0.096 202.390 -3.627 <0.001

49 -0.399 0.110 231.029 -3.629 <0.001

56 -0.449 0.124 255.259 -3.615 <0.001

Clone 6 1 -0.066 0.054 105.445 -1.229 0.222
7 -0.172  0.052  89.064 -3.296 0.001

14 -0.295 0.055 90478 -5.378 <0.001

21 -0.419 0.062 108.877 -6.760 <0.001

28 -0.542 0.072 137.848 -7.533 <0.001

35 -0.666 0.084 170.730 -7.929 <0.001

42 -0.789  0.097 202.464 -8.123 <0.001

49 -0.912 0.111 230.455 -8.212 <0.001

o6 -1.036 0.126 254.005 -8.247 <0.001

MSI  Clone 1 1 -0.024 0.010 489.510 -2.531 0.012
7 -0.007 0.007 387.796 -1.013 0.312

14 0.005 0.007 411.116 0.772 0.440

21 0.010 0.006 362.412 1.543 0.124

28 0.008 0.005 280.512 1.512 0.132

35 0.003 0.006 343.116 0.529 0.597

42 -0.004 0.007 404.752 -0.576 0.565

49 -0.011 0.006 379.380 -1.726 0.085
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VI Clone DoD Estimate SE df t.ratio p value
56 -0.017 0.010 489.521 -1.733  0.084

Clone 2 1 0.007 0.010 489.647 0.736  0.462
7 0.013 0.007 388.349 1.995  0.047

14 0.020 0.007 410.830  2.881 0.004

21 0.024 0.006 362.391 3.771 <0.001

28 0.022 0.006 281.136 4.030 <0.001

35 0.013 0.006 343.640 2.176  0.030

42 -0.006 0.007 404.926 -0.890  0.374

49 -0.038 0.006 379.435 -5.893 <0.001

56 -0.085 0.010 489.516 -8.885 <0.001

Clone 3 1 0.015 0.010 489.615 1.590  0.112
7 0.006 0.007 387.565 0.934  0.351

14 0.002 0.007 410.590 0.233  0.816

21 0.001 0.006 362.964 0.170  0.865

28 0.002 0.006 287.521 0.311 0.756

35 0.001 0.006 351.919 0.130  0.896

42 -0.005 0.007 408.046 -0.665  0.507

49 -0.017 0.006 383.103 -2.629  0.009

56 -0.039 0.010 490.611 -3.951 <0.001

Clone 4 1 0.007 0.010 489.505 0.721 0.471
7 0.002 0.007 387.148 0.312  0.755

14 0.001 0.007 410.329 0.138  0.890

21 0.002 0.006 361.857 0.389  0.698

28 0.004 0.006 282.205 0.730  0.466

35 0.003 0.006 346.341 0.543  0.588

42 -0.002 0.007 406.912 -0.326  0.745

49 -0.015 0.006 380.416 -2.324  0.021

56 -0.037 0.010 489.513 -3.918 <0.001

Clone 5 1 -0.018 0.010 489.589 -1.838  0.067
7 -0.012 0.007 388.293 -1.770  0.078

14 -0.003 0.007 411.037 -0.456  0.648

21 0.006 0.006 362.284 0.789  0.431

28 0.011 0.005 280.321 1.916  0.056

35 0.012 0.006 342.850 1.942  0.053

42 0.007 0.007 404.579 0.971 0.332

49 -0.007 0.006 379.397 -1.106  0.270

56 -0.031 0.010 489.527 -3.264  0.001

Clone 6 1 0.003 0.010 489.738 0.307  0.759
7 -0.002  0.007 396.359 -0.330  0.742

14 -0.002 0.007 417.138 -0.280  0.780

21 0.002 0.006 366.233 0.305  0.761

28 0.006 0.006 281.360 1.105  0.270
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VI Clone DoD Estimate SE df t.ratio p value

35 0.007 0.006 347.259  1.198 0.232
42 0.002 0.007 411.368 0.331 0.741
49 -0.012 0.007 388.451 -1.879 0.061
26 -0.040 0.010 489.607 -4.143 <0.001

NDWI  Clone 1 1 0.017 0.006 490.757  3.012 0.003
7 0.006 0.004 381.754 1.618 0.106

14 -0.002 0.004 406.306 -0.445 0.657

21 -0.006 0.004 356.436 -1.535 0.126

28 -0.006 0.003 274.975 -1.874  0.062

35 -0.004 0.004 338.544 -1.076 0.283

42 <0.001 0.004 401.283  0.090 0.928

49 0.006 0.004 375.262 1.532 0.126

o6 0.012 0.006 490.939  2.093 0.037

Clone 2 1 <0.001 0.006 490.794  0.045 0.965
7 -0.007 0.004 381.876 -1.873 0.062

14 -0.012 0.004 406.316 -3.134  0.002

21 -0.014 0.004 356.814 -3.864 <0.001

28 -0.012 0.003 275.904 -3.633 <0.001

35 -0.005 0.004 339. -1.443 0.150

42 0.006 0.004 401.573  1.508 0.132

49 0.022 0.004 375470 5.785 <0.001

o6 0.043 0.006 490.925 7.626 <0.001

Clone 3 1 -0.005 0.006 490.868 -0.938 0.349
7 -0.002 0.004 382.185 -0.573 0.567

14 -0.001 0.004 406.011 -0.206 0.837

21 -0.001 0.004 357.099 -0.204  0.839

28 -0.001 0.003 281.963 -0.253 0.801

35 <0.001 0.004 347.184 0.020 0.984

42 0.003 0.004 404.398 0.775 0.439

49 0.009 0.004 379.069  2.462 0.014

26 0.020 0.006 492.321  3.418 0.001

Clone 4 1 -0.003 0.006 490.814 -0.622 0.534
7 <0.001 0.004 382.278 0.113 0.910

14 0.002 0.004 406.002 0.378 0.706

21 <0.001 0.004 356.027 0.112 0.911

28 -0.001 0.003 276.188 -0.378 0.705

35 -0.002 0.004 341.195 -0.490 0.624

42 <0.001 0.004 403.278 0.119 0.905

49 0.007 0.004 376.471 1.875 0.062

o6 0.020 0.006 490.923  3.528 <0.001

Clone 5 1 0.009 0.006 490.759  1.606 0.109
7 0.005 0.004 381.757 1.345 0.180
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VI Clone DoD Estimate SE df t.ratio p value

14 <0.001 0.004 406.306 0.077  0.939
21 -0.004 0.004 356.404 -1.065 0.288
28 -0.006 0.003 274.812 -1.987  0.048
35 -0.006 0.004 338.357 -1.750 0.081
42 -0.002 0.004 401.214 -0.568 0.570
49 0.007 0.004 375.304 1.736 0.083
26 0.021 0.006 490.932 3.791 <0.001

Clone 6 1 0.001 0.006 490.926  0.098 0.922
7 0.006 0.004 390.266 1.653 0.099

14 0.006 0.004 412.810 1.490 0.137

21 0.001 0.004 360.512  0.306 0.760

28 -0.005 0.003 275.955 -1.527  0.128

35 -0.009 0.004 342.883 -2.452 0.015

42 -0.007 0.004 408.225 -1.747  0.081

49 0.004 0.004 384.634 0.972 0.332

o6 0.027 0.006 491.040 4.788 <0.001

NDWI2 Clone 1 1 0.028 0.010 489.328 2.634  0.009
7 0.007 0.007 385.934 1.044  0.297

14 -0.006 0.008 409.429 -0.858 0.391

21 -0.012 0.007 360.438 -1.738 0.083

28 -0.011 0.006 278.575 -1.811 0.071

35 -0.006 0.007 341.106 -0.835 0.404

42 0.002 0.007 403.017 0.311 0.756

49 0.011 0.007 377471 1.507  0.133

26 0.017 0.010 489.339 1.663 0.097

Clone 2 1 -0.006 0.011 489.475 -0.533 0.594
7 -0.015 0.007 386.492 -2.076 0.039

14 -0.023 0.007 409.140 -3.107  0.002

21 -0.027 0.007 360.416 -3.968 <0.001

28 -0.025 0.006 279.198 -4.090 <0.001

35 -0.014 0.007 341.632 -2.108 0.036

42 0.007 0.007 403.194 0.932 0.352

49 0.040 0.007 377.526  5.665 <0.001

26 0.087 0.010 489.334 8.310 <0.001

Clone 3 1 -0.015 0.011 489.441 -1.000 0.154
7 -0.006 0.007 385.701 -0.878 0.380

14 -0.002 0.007 408.897 -0.318 0.750

21 -0.002 0.007 360.993 -0.352 0.725

28 -0.003 0.006 285.572 -0.565 0.572

35 -0.003 0.007 349.940 -0.379 0.705

42 0.003 0.007 406.345 0.432 0.666

49 0.017 0.007 381. 2.368 0.018
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VI Clone DoD Estimate SE df t.ratio p value

56 0.041 0.011 490.525 3.757 <0.001

Clone 4 1 -0.008 0.010 489.323 -0.800 0.424
7 -0.002 0.007 385.281 -0.324 0.746

14 -0.001 0.007 408.633 -0.086 0.932

21 -0.002 0.007 359.880 -0.320 0.749

28 -0.004 0.006 280.264 -0.700 0.485

35 -0.004 0.007 344.340 -0.611 0.542

42 0.001 0.007 405.198 0.136 0.892

49 0.014 0.007 378.514 1.947  0.052

56 0.037 0.010 489.331 3.521 <0.001

Clone 5 1 0.019 0.011 489.413 1.853 0.065
7 0.012 0.007 386.435 1.685 0.093

14 0.002 0.008 409.349  0.309 0.757

21 -0.007 0.007 360.308 -0.976 0.330

28 -0.013 0.006 278.384 -2.125 0.034

35 -0.014 0.007 340.839 -2.117  0.035

42 -0.008 0.007 402.843 -1.116 0.265

49 0.007 0.007 377.488  0.946 0.345

o6 0.033 0.010 489.345 3.131 0.002

Clone 6 1 -0.002 0.011 489.573 -0.217  0.828
7 0.004 0.007 394.574  0.542 0.588

14 0.003 0.008 415.525 0.417  0.677

21 -0.002 0.007 364.281 -0.343 0.731

28 -0.009 0.006 279.421 -1.409 0.160

35 -0.011 0.007 345.262 -1.669 0.096

42 -0.006 0.008 409.704 -0.821 0.412

49 0.011 0.007 386.612  1.479 0.140

o6 0.043 0.011 489.432 4.125 <0.001

PRI Clone 1 1 -0.002 0.005  80.538 -0.374 0.710
7 <0.001 0.0056 74.293  0.066 0.947

14 0.003 0.006 80.402 0.564  0.575

21 0.006 0.006 100.246  0.976 0.332

28 0.009 0.007 132.707 1.280 0.203

35 0.012 0.008 174.525 1.494 0.137

42 0.014 0.009 220.399 1.641 0.102

49 0.017 0.010 264.985 1.744  0.082

56 0.020 0.011 304.704 1.817  0.070

Clone 2 1 -0.002 0.005  80.525 -0.318 0.751
7 0.002 0.005  74.219  0.460 0.647

14 0.007 0.006  80.300 1.321 0.190

21 0.012 0.006 100.158  2.018 0.046

28 0.017 0.007 132.673  2.520 0.013
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VI Clone DoD Estimate SE df t.ratio p value

35 0.022 0.008 174.568  2.863 0.005
42 0.027 0.009 220.518  3.093 0.002
49 0.032 0.010 265.156  3.249 0.001
96 0.037 0.011 304.898  3.358 0.001

Clone 3 1 -0.002 0.005  80.516 -0.309 0.758
7 0.003 0.005  74.336  0.527  0.600

14 0.008 0.006  80.917 1.447  0.152

21 0.013 0.006 101.621 2.184  0.031

28 0.019 0.007 135.183  2.710 0.008

35 0.024 0.008 178.031  3.066 0.003

42 0.029 0.009 224.552 3.304  0.001

49 0.034 0.010 269.293  3.465 0.001

o6 0.040 0.011 308.775 3.575 <0.001

Clone 4 1 -0.001 0.005  80.557 -0.215 0.831
7 0.006 0.005  74.415 1.195 0.236

14 0.015 0.006  80.622  2.735 0.008

21 0.024 0.006 100.529 3.961 <0.001

28 0.033 0.007 133.001 4.834 <0.001

35 0.042 0.008 174.772 5421 <0.001

42 0.051 0.009 220.564 5.810 <0.001

49 0.060 0.010 265.067 6.069 <0.001

o6 0.068 0.011 304.723 6.246 <0.001

Clone 5 1 -0.001 0.005  80.523 -0.246 0.806
7 0.006 0.006  74.202 0.973 0.334

14 0.013 0.006  80.258  2.310 0.023

21 0.021 0.006 100.086  3.378 0.001

28 0.028 0.007 132.565 4.139 <0.001

35 0.036 0.008 174.425 4.651 <0.001

42 0.044 0.009 220.345 4.991 <0.001

49 0.051 0.010 264.960 5.217 <0.001

96 0.059 0.011 304.688 5.372 <0.001

Clone 6 1 -0.001 0.005  80.486 -0.251 0.803
7 0.005 0.005  74.097 0.941 0.350

14 0.013 0.006  80.375  2.246 0.027

21 0.020 0.006 100.692  3.282 0.001

28 0.028 0.007 133.775 4.015 <0.001

35 0.035 0.008 176.083 4.505 <0.001

42 0.043 0.009 222.076 4.827 <0.001

49 0.050 0.010 266.371 5.042 <0.001

26 0.058 0.011 305.526  5.187 <0.001

SRWI  Clone 1 1 0.044 0.014 490.763  3.021 0.003
7 0.016 0.010 381.812 1.578 0.115
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VI Clone DoD Estimate SE df t.ratio p value

14 -0.005 0.010 406.359 -0.504 0.614
21 -0.015 0.009 356.496 -1.593 0.112
28 -0.016 0.008 275.033 -1.914 0.057
35 -0.010 0.009 338.605 -1.092 0.276
42 0.001 0.010 401.336  0.078 0.938
49 0.015 0.010 375.321 1.487  0.138
o6 0.029 0.015 490.945 2.009 0.045

Clone 2 1 0.001 0.014 490.801  0.080 0.937
7 -0.018 0.010 381.933 -1.865 0.063

14 -0.032 0.010 406.368 -3.123 0.002

21 -0.036 0.009 356.875 -3.820 <0.001

28 -0.030 0.008 275.962 -3.549 <0.001

35 -0.013 0.009 339.281 -1.371 0.171

42 0.016 0.010 401.627  1.509 0.132

49 0.055 0.010 375.529 5.625 <0.001

o6 0.106 0.015 490.932 7.324 <0.001

Clone 3 1 -0.014 0.015 490.875 -0.996 0.320
7 -0.006 0.010 382.242 -0.655 0.513

14 -0.003 0.010 406.063 -0.263 0.793

21 -0.002 0.009 357.159 -0.234 0.815

28 -0.002 0.008 282.022 -0.252 0.801

35 <0.001 0.009 347.244 0.039 0.969

42 0.008 0.010 404.451 0.785 0.433

49 0.024 0.010 379.127 2.431 0.016

o6 0.051 0.015 492.324 3.340 0.001

Clone 4 1 -0.009 0.014 490.821 -0.654  0.513
7 0.001 0.010 382.335 0.059 0.953

14 0.004 0.010 406.054 0.347  0.729

21 0.001 0.009 356.087 0.113 0.910

28 -0.003 0.008 276.246 -0.342 0.733

35 -0.004 0.009 341.256 -0.448 0.654

42 0.001 0.010 403.331 0.128 0.898

49 0.018 0.010 376.529  1.798 0.073

o6 0.049 0.015 490.929 3.367  0.001

Clone 5 1 0.023 0.014 490.765 1.556 0.120
7 0.013 0.010 381.815 1.283 0.200

14 <0.001 0.010 406.358  0.043 0.965

21 -0.010 0.009 356.464 -1.068 0.286

28 -0.016 0.008 274.870 -1.961 0.051

35 -0.016 0.009 338.418 -1.720 0.086

42 -0.006 0.010 401.268 -0.566 0.572

49 0.016 0.010 375.363 1.671 0.096
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VI Clone DoD Estimate SE df t.ratio p value

26 0.053 0.015 490.938 3.665 <0.001

Clone 6 1 0.001 0.015 490.932  0.102 0.919
7 0.017 0.010 390.322 1.672 0.095

14 0.016 0.011 412.861 1.502 0.134

21 0.003 0.010 360.572  0.295 0.769

28 -0.013 0.008 276.013 -1.579 0.116

35 -0.024 0.009 342.944 -2.533 0.012

42 -0.019 0.010 408.277 -1.839 0.067

49 0.009 0.010 384.690 0.874 0.383

56 0.069 0.015 491.046 4.739 <0.001
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Appendix C

Supplementary material: Chapter 4

The effect of canopy position on Vegetation Indices
(VI) for Sitka spruce (Picea sitchensis) needles

C.1 Mixed effects model results

Table C.1: Results from the mixed effects models for Chapter 4. Mixed effects
models were constructed for each VI where individual plants were treated as a ran-
dom effect. The main effects modelled where: time in days after drought treat-
ment initiation (Time); watering regime (Treatment); position of needles in the
canopy (Position); and clonal group (Clone). Additional interaction effects for the
main effects over Time (Time:Treatment (Time:Treat), Time:Position (Time:Pos)
and Time:Clone, and three way interactions between Time:Treatment:Position
(Time:Treat:Pos) and Time:Treatment:Clone (Time:Treat:Clone), were included in
the model where this improved model fit. The marginal and conditional R? are
presented. For full VI names, formula and references see Table 2.1 (p.43).

RQ
VI Model Term F value df Marg. Cond. p value
ARI Time 140.12  1269.6, 1 0.35 0.38 <0.001

Treatment 0.55 186.8, 1 0.35 0.38 0.460
Position 27.88  1268.7, 2 0.35 0.38 <0.001

Clone 6.64 186.9, 4 0.35 0.38 <0.001
Time:Treat 15.94  1269.2, 1 0.35 0.38 <0.001
Time:Pos 3.28  1269.2, 2 0.35 0.38 0.038
Time:Clone 5.71  1269.6, 4 0.35 0.38 <0.001
Time:Treat:Pos 6.30 1269.1, 2 0.35 0.38 0.002

ARI2 Time 162.96  1269.6, 1 0.37 0.40 <0.001
Treatment 0.55 174.8, 1 0.37 0.40 0.458
Position 28.86  1268.7, 2 0.37 0.40 <0.001

Table C.1 continued on next page
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R2
VI Model Term F value df Marg. Cond. p value

Clone 6.85 174.8, 4 0.37 0.40 <0.001
Time:Treat 18.79  1269.1, 1 0.37 0.40 <0.001
Time:Pos 3.40 1269.2, 2 0.37 0.40 0.034
Time:Clone 5.99  1269.5, 4 0.37 0.40 <0.001
Time:Treat:Pos 6.67  1269.1, 2 0.37 0.40 0.001

CCI Time 82.36  1266.6, 3 0.47 0.55 <0.001
Treatment 8.90 44.1, 1 0.47 0.55 0.005

Position  366.18  1266.4, 2 0.47 0.55 <0.001

Clone 14.02 44.1, 4 0.47 0.55 <0.001

Time:Treat 10.50  1266.7, 3 0.47 0.55 <0.001
Time:Treat:Position 3.81  1266.3, 6 0.47 0.55 0.001

Clgr Time 3.38  1242.1, 3 0.40 0.69 0.018
Treatment 0.92 44.0, 1 0.40 0.69 0.343

Position  302.03  1242.1, 2 0.40 0.69 <0.001

Clone 9.15 44.0, 4 0.40 0.69 <0.001

Time:Treat 1.32  1242.1, 3 0.40 0.69 0.267

Time:Pos 3.25  1242.1,6 0.40 0.69 0.004

Time:Clone 0.74 1242.1, 12 0.40 0.69 0.708
Time:Treat:Clone 2.01 1242.2, 12 0.40 0.69 0.021

Clre Time 15.05  1242.0, 3 0.41 0.75 <0.001
Treatment 0.30 44.0, 1 0.41 0.75 0.588

Position  404.10  1242.1, 2 0.41 0.75 <0.001

Clone 7.06 44.0, 4 0.41 0.75 <0.001

Time:Treat 3.48  1242.0, 3 0.41 0.75 0.015

Time:Pos 2.25  1242.0, 6 0.41 0.75 0.036

Time:Clone 1.02  1242.0, 12 0.41 0.75 0.427
Time:Treat:Clone 2.81 1242.1, 12 0.41 0.75 0.001

CRI1 Time 9.65 1242.7, 3 0.41 0.43 <0.001
Treatment 8.67 44.0, 1 0.41 0.43 0.005

Position  265.04  1242.8, 2 0.41 0.43 <0.001

Clone 28.15 44.0, 4 0.41 0.43 <0.001

Time:Treat 1.71 12428, 3 0.41 0.43 0.163

Time:Pos 9.14 1242.6, 6 0.41 0.43 <0.001

Time:Clone 0.65 1242.6, 12 0.41 0.43 0.804
Time:Treat:Clone 2.87 1243.6, 12 0.41 0.43 0.001

CRI2 Time 14.17  1267.3, 3 0.39 0.41 <0.001
Treatment 9.47 44.0, 1 0.39 0.41 0.004

Position  261.56  1266.8, 2 0.39 0.41 <0.001

Clone 28.56 44.0, 4 0.39 0.41 <0.001

Time:Treat 2.51  1267.5, 3 0.39 0.41 0.057

Time:Pos 8.95 1266.5, 6 0.39 0.41 <0.001
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R2
VI Model Term F value df Marg. Cond. p value
MSI Time 11.59  1248.3, 3 0.40 0.52  <0.001

Treatment 7.06 44.1, 1 0.40 0.52 0.011
Position 97.87  1248.3, 2 0.40 0.52 <0.001

Clone 7.32 44.1, 4 0.40 0.52 <0.001
Time:Treat 5.22 12483, 3 0.40 0.52 0.001
Time:Clone 0.56 1248.2, 12 0.40 0.52 0.877
Time:Treat:Clone 5.98 1248.6, 12 0.40 0.52 <0.001

NDVI16 Time 9.64 12483,3  0.39 0.50 <0.001
Treatment 6.00 44.1, 1 0.39 0.50  0.018

Position  104.54  1248.3,2  0.39 0.50 <0.001

Clone 9.00 44.1,4  0.39 0.50 <0.001

Time:Treat 5.24  12483,3  0.39 0.50  0.001

Time:Clone 0.60 1248.2, 12 0.39 0.50  0.845

Time:Treat:Clone 5.13 1248.6, 12 0.39 0.50 <0.001

NDVI Time 25.85  1269.8, 3 0.31 0.37  <0.001
Treatment 2.60 44.0, 1 0.31 0.37 0.114

Position  140.73  1269.5, 2 0.31 0.37 <0.001

Clone 19.85 44.0, 4 0.31 0.37 <0.001

Time:Pos 4.50  1269.3, 6 0.31 0.37 <0.001

NDWI Time 4.75 12483, 3 0.36 0.47 0.003
Treatment 6.66 44.1, 1 0.36 0.47 0.013

Position  121.78  1248.3, 2 0.36 0.47 <0.001

Clone 7.17 44.1, 4 0.36 0.47 <0.001

Time:Treat 0.95  1248.3, 3 0.36 0.47 0.001

Time:Clone 0.70 1248.3, 12 0.36 0.47 0.749
Time:Treat:Clone 4.21 1248.6, 12 0.36 0.47 <0.001

NRre Time 15.24  1242.0, 3 0.40 0.75  <0.001
Treatment 0.62 44.0, 1 0.40 0.75 0.435

Position  425.93  1242.1, 2 0.40 0.75 <0.001

Clone 6.35 44.0, 4 0.40 0.75 <0.001

Time:Treat 3.37  1242.0, 3 0.40 0.75 0.018

Time:Pos 2.65  1242.0, 6 0.40 0.75 0.015

Time:Clone 0.90 1242.0, 12 0.40 0.75 0.549
Time:Treat:Clone 2.13 1242.1, 12 0.40 0.75 0.013

PRI Time 11.75  1236.1, 3 0.41 0.61 <0.001
Treatment 18.33 44.0, 1 0.41 0.61 <0.001

Position  162.34  1236.1, 2 0.41 0.61 <0.001

Clone 4.31 44.0, 4 0.41 0.61 0.005

Time:Treat 2.56 1236.1, 3 0.41 0.61 0.054

Time:Pos 2.11  1236.1, 6 0.41 0.61 0.049

Time:Clone 1.06 1236.1, 12 0.41 0.61 0.388
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R2
VI Model Term F value df Marg. Cond. p value

Time:Treat:Pos 3.34  1236.1, 6 0.41 0.61 0.003
Time:Treat:Clone 1.92 1236.3, 12 0.41 0.61 0.028

SR Time 31.97  1269.9, 3 0.30 0.34 <0.001
Treatment 3.93 43.9, 1 0.30 0.34 0.054

Position  148.09  1269.5, 2 0.30 0.34 <0.001

Clone 16.75 43.9, 4 0.30 0.34 <0.001

Time:Pos 6.38  1269.3, 6 0.30 0.34 <0.001

SRWI Time 4.74 12483, 3 0.36 0.47 0.003
Treatment 6.41 44.1, 1 0.36 0.47 0.015

Position  124.49  1248.3, 2 0.36 0.47 <0.001

Clone 7.43 44.1, 4 0.36 0.47 <0.001

Time:Treat 0.84  1248.3, 3 0.36 0.47 0.001

Time:Clone 0.72 1248.3, 12 0.36 0.47 0.733
Time:Treat:Clone 3.93 1248.6, 12 0.36 0.47 <0.001

WI Time 4.03 12483, 3 0.36 0.45 0.007
Treatment 0.15 44.0, 1 0.36 0.45 0.697

Position  133.03  1248.4, 2 0.36 0.45 <0.001

Clone 10.80 44.0, 4 0.36 0.45 <0.001

Time:Treat 4.58  1248.3, 3 0.36 0.45 0.003

Time:Clone 0.74 1248.3, 12 0.36 0.45 0.715
Time:Treat:Clone 4.95 1248.7, 12 0.36 0.45 <0.001

WI/NDVI Time 19.82  1254.7, 3 0.36 0.45 <0.001
Treatment 1.84 44.1, 1 0.36 0.45 0.182

Position  221.62  1254.4, 2 0.36 0.45 <0.001

Clone 13.38 44.1, 4 0.36 0.45 <0.001

Time:Treat 9.02 1254.7, 3 0.36 0.45 <0.001

Time:Pos 5.35  1254.3, 6 0.36 0.45 <0.001

Time:Clone 2.86 1254.7, 12 0.36 0.45 0.001
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C.1.1 Estimated marginal means (EMM) contrasts

Table C.2: Estimated Marginal Means (EMM) contrasts of 17 Vegetation Indices
(VI) between three canopy positions (Upr = Needles measured from the top 25% of
the canopy (N"PP") Lwr = Needles measured from the bottom 25% of the canopy
(Nlower) “Old = Needles measured from the previous years growth (2020) (N°4). Upr
and Lwr needles grew in 2021). Mixed effects model were constructed to evaluate the
effects of time, drought treatment, position in the canopy and clonal group for each
VI. The results here use EMM contrasts to compare if VI differ statistically between
the canopy positions within the model.For full VI names, formula and references see

Table 2.1 (p.43).

VI  Contrast Estimate SE df t.ratio p value
ARI Lwr - Old -0.04 0.03 1268.93  -1.69 0.211
Lwr - Upr 0.14 0.03 1268.47 5.56  <0.001

Old - Upr 0.18 0.03 1268.69 7.26 <0.001

ARI2 Lwr - Old -0.03 0.02 1268.87 -1.77  0.181
Lwr - Upr 0.09 0.02 1268.44 5.58 <0.001

Old - Upr 0.12 0.02 1268.64 7.36 <0.001

CCI  Lwr - Old 0.08 0.00 1266.17 19.48 <0.001
Lwr - Upr 0.03 0.00 1266.08 7.82  <0.001

Old - Upr -0.05 0.00 1266.13 -11.73 <0.001

Clgr Lwr - Old 0.13 0.07 1242.04 1.89 0.141
Lwr - Upr 1.08 0.07 1242.02 15.53 <0.001

Old - Upr 0.95 0.07 1242.03 13.64 <0.001

Clre Lwr - Old -0.17 0.03 1242.03 -6.38 <0.001
Lwr - Upr 0.35 0.03 1242.01 13.37 <0.001

Old - Upr 0.52 0.03 1242.02 19.78 <0.001

CRI1 Lwr - Old 3.35 0.19 124247 17.52 <0.001
Lwr - Upr 2.19 0.19 124224 11.50 <0.001

Old - Upr -1.16  0.19 1242.37  -6.08 <0.001

CRI2 Lwr - Old 3.35 0.19 1266.47 17.40 <0.001
Lwr - Upr 2.19 0.19 1266.24 11.42 <0.001

Old - Upr -1.16 0.19 1266.35 -6.04 <0.001

MSI  Lwr - Old 0.00 0.00 1248.32 2.46 0.037
Lwr - Upr 0.02 0.00 1248.15 13.14 <0.001

Old - Upr 0.02 0.00 1248.24 10.67 <0.001
NDVI16 Lwr - Old -0.01 0.00 1248.34 -3.97  0.001
Lwr - Upr -0.02 0.00 1248.16 -14.02 <0.001

Old - Upr -0.02 0.00 1248.25 -10.03 <0.001

NDVI Lwr - Old 0.03 0.00 1269.29 12.15 <0.001
Lwr - Upr 0.02 0.00 1269.15 10.15 <0.001

Old - Upr 0.00 0.00 1269.22 -2.04 0.104
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VI Contrast Estimate SE df t.ratio p value
NDWI  Lwr - Old 0.00 0.00 1248.35 -4.63 <0.001
Lwr - Upr -0.01 0.00 1248.17 -15.21 <0.001

Old - Upr -0.01 0.00 1248.26 -10.56 <0.001

NRre Lwr - Old -0.02 0.00 1242.03 -5.97 <0.001
Lwr - Upr 0.05 0.00 1242.01 13.74 <0.001

Old - Upr 0.07 0.00 1242.02 19.74 <0.001

PRI Lwr - Old 0.00 0.00 1236.07 1.59  0.252
Lwr - Upr 0.02 0.00 1236.03 10.92 <0.001

Old - Upr 0.02 0.00 1236.05 9.34 <0.001

SR Lwr - Old 348 0.28 1269.36 12.53 <0.001
Lwr - Upr 294 0.28 1269.18 10.62 <0.001

Old - Upr -0.54 0.28 1269.27 -1.95 0.126

SRWI Lwr - Old -0.01 0.00 124835 -4.67 <0.001
Lwr - Upr -0.03 0.00 1248.17 -15.38 <0.001

Old - Upr -0.02 0.00 1248.26 -10.69 <0.001

WI  Lwr - Old -0.01 0.00 1248.44  -6.07 <0.001
Lwr - Upr -0.01 0.00 124821 -16.14 <0.001

Old - Upr -0.01 0.00 1248.32 -10.04 <0.001

WI/  Lwr - Old -0.05 0.00 1254.19 -13.79 <0.001
Lwr - Upr -0.05 0.00 1254.09 -14.27 <0.001

Old - Upr 0.00 0.00 1254.15 -0.44  0.900
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Table C.3: Estimated Marginal Means (EMM) contrasts of 12 Vegetation Indices
(VI) between three canopy positions (Upr = Needles measured from the top 25% of
the canopy (N"PPe") Lwr = Needles measured from the bottom 25% of the canopy
(N'ewer) "Old = Needles measured from the previous year’s growth (2020) (N°'4). Upr
and Lwr needles grew in 2021). Mixed effects models were constructed to evaluate
the effects of time, drought treatment, position in the canopy and clonal group for
each VI. Where a significant interaction effect of canopy position over time was
found, EMM contrasts were performed at regular (7 days) intervals to compare if
VI differ statistically between the canopy positions within the model. DoD is Day
of Drought and is the time in days since the initiation of the experimental drought.
For full VI names, formula and references see Table 2.1 (p.43).

VI DoD  Contrast Estimate SE df  t.ratio p value

ARI 0 Lwr - Old -0.065 0.048 1268.882  -1.356 0.365
Lwr - Upr 0.269 0.048 1268.629 5.653 <0.001

Old - Upr 0.334 0.047 1268.257 7.039 <0.001

7 Lwr- Old -0.059 0.040 1268.856  -1.495 0.293
Lwr - Upr 0.238 0.040 1268.644 6.001 <0.001

Old - Upr 0.297 0.039 1268.194 7.532  <0.001

14 Lwr - Old -0.054 0.033 1268.834 -1.652 0.225
Lwr - Upr 0.206 0.033 1268.644 6.319 <0.001

Old - Upr 0.260 0.033 1268.173 8.009 <0.001

21 Lwr - Old -0.049 0.028 1268.845 -1.765 0.182
Lwr - Upr 0.175 0.027 1268.599 6.357 <0.001

Old - Upr 0.223 0.027 1268.295 8.155 <0.001

28 Lwr - Old -0.043 0.025 1268.925 -1.703 0.204
Lwr - Upr 0.143 0.025 1268.484 5.660 <0.001

Old - Upr 0.187 0.025 1268.650 7.376  <0.001

35 Lwr - Old -0.038 0.027 1269.040  -1.405 0.339
Lwr - Upr 0.112 0.027 1268.359 4.167 <0.001

Old - Upr 0.150 0.027 1269.059 5.567 <0.001

42 Lwr - Old -0.033 0.032 1269.115 -1.025 0.561
Lwr - Upr 0.080 0.032 1268.299 2.548 0.029

Old - Upr 0.113 0.032 1269.270 3.568 0.001

49  Lwr - Old -0.027 0.039 1269.143 -0.706 0.760
Lwr - Upr 0.049 0.038 1268.292 1.278 0.408

Old - Upr 0.076 0.038 1269.312 1.982 0.117

56 Lwr - Old -0.022 0.046 1269.148 -0.471 0.885
Lwr - Upr 0.017 0.046 1268.305 0.377  0.925

Old - Upr 0.039 0.046 1269.286 0.849 0.673

ARI2 0 Lwr - Old -0.050 0.031 1268.824  -1.600 0.246
Lwr - Upr 0.173 0.031 1268.587 5.601 <0.001

Old - Upr 0.223 0.031 1268.239 7.234 <0.001

7 Lwr - Old -0.045 0.026 1268.799 -1.730 0.194

Lwr - Upr 0.153 0.026 1268.601 5.956 <0.001

Old - Upr 0.198 0.026 1268.181 7.723 <0.001
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VI DoD  Contrast Estimate SE df t.ratio p value
14 Lwr - Old -0.040 0.021 1268.779  -1.865 0.150
Lwr - Upr 0.133 0.021 1268.601 6.286 <0.001

Old - Upr 0.173 0.021 1268.161 8.190 <0.001

21 Lwr - Old -0.035 0.018 1268.790 -1.933  0.130
Lwr - Upr 0.113 0.018 1268.559 6.343 <0.001

Old - Upr 0.148 0.018 1268.275 8.309 <0.001

28 Lwr - Old -0.030 0.017 1268.865 -1.792 0.173
Lwr - Upr 0.093 0.016 1268.452 5.673 <0.001

Old - Upr 0.123 0.016 1268.608 7.478 <0.001

35 Lwr - Old -0.025 0.018 1268.974 -1.401 0.341
Lwr - Upr 0.073 0.017 1268.335 4.204 <0.001

Old - Upr 0.098 0.017 1268.991 5.601 <0.001

42  Lwr - Old -0.020 0.021 1269.044 -0.948 0.610
Lwr - Upr 0.053 0.020 1268.279 2.602 0.025

Old - Upr 0.073 0.021 1269.189 3.544  0.001

49 Lwr - Old -0.015 0.025 1269.071  -0.582 0.830
Lwr - Upr 0.033 0.025 1268.273 1.341 0.373

Old - Upr 0.048 0.025 1269.229 1.919 0.134

56 Lwr - Old -0.010 0.030 1269.075 -0.317  0.946
Lwr - Upr 0.013 0.030 1268.285 0.444  0.897

Old - Upr 0.023 0.030 1269.204 0.760  0.727

CCI 0 Lwr- Old 0.075 0.008 1266.319 9.595 <0.001
Lwr - Upr 0.025 0.008 1266.149 3.229  0.004

Old - Upr -0.050 0.008 1266.150 -6.417 <0.001

7 Lwr - Old 0.088 0.005 1266.330 18.148 <0.001
Lwr - Upr 0.030 0.005 1266.271 6.269 <0.001

Old - Upr -0.057 0.005 1266.069 -11.978 <0.001

14 Lwr - Old 0.091 0.005 1266.231 18.106 <0.001
Lwr - Upr 0.033 0.005 1266.235 6.503 <0.001

Old - Upr -0.058 0.005 1266.024 -11.695 <0.001

21 Lwr - Old 0.088 0.005 1266.190 19.034 <0.001
Lwr - Upr 0.033 0.005 1266.173 7.177 <0.001

Old - Upr -0.055 0.005 1266.019 -11.938 <0.001

28 Lwr - Old 0.080 0.004 1266.170 19.633 <0.001
Lwr - Upr 0.032 0.004 1266.090 7.842 <0.001

Old - Upr -0.048 0.004 1266.116 -11.856 <0.001

35 Lwr - Old 0.070 0.004 1266.218 15.813 <0.001
Lwr - Upr 0.030 0.004 1266.077 6.705 <0.001

Old - Upr -0.041 0.004 1266.304 -9.177 <0.001

42  Lwr - Old 0.062 0.005 1266.330 12.425 <0.001
Lwr - Upr 0.027 0.005 1266.134 5.493 <0.001

Old - Upr -0.035 0.005 1266.443 -7.009 <0.001

49 Lwr - Old 0.056 0.005 1266.526 11.766 <0.001
Lwr - Upr 0.025 0.005 1266.178 5.175 <0.001
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Old - Upr -0.032 0.005 1266.601 -6.679 <0.001

56 Lwr - Old 0.058 0.007 1266.378 8.234 <0.001
Lwr - Upr 0.023 0.007 1266.053 3.314  0.003

Old - Upr -0.035 0.007 1266.346  -4.950 <0.001
Clgr 0 Lwr- Old 0.089 0.134 1242.074 0.664  0.784
Lwr - Upr 1.215 0.133 1242.034 9.149 <0.001

Old - Upr 1.127 0.133 1242.035 8.488 <0.001

7 Lwr - Old 0.214 0.083 1242.074 2.581 0.027
Lwr - Upr 1.168 0.083 1242.060 14.105 <0.001

Old - Upr 0.953 0.082 1242.016 11.578 <0.001

14 Lwr - Old 0.251 0.086 1242.051 2.906 0.010
Lwr - Upr 1.137 0.086 1242.051 13.165 <0.001

Old - Upr 0.886 0.086 1242.005 10.324 <0.001

21 Lwr - Old 0.220 0.079 1242.041 2.781 0.015
Lwr - Upr 1.112 0.079 1242.037 14.075 <0.001

Old - Upr 0.892 0.079 1242.004 11.362 <0.001

28 Lwr - Old 0.140 0.070 1242.038 2.005 0.111
Lwr - Upr 1.082 0.070 1242.019 15.546 <0.001

Old - Upr 0.942 0.070 1242.027 13.553 <0.001

35 Lwr - Old 0.031 0.076 1242.051 0.408 0.912
Lwr - Upr 1.035 0.076 1242.017 13.669 <0.001

Old - Upr 1.004 0.076 1242.072 13.199 <0.001

42 Lwr - Old -0.087 0.085 1242.078 -1.019 0.565
Lwr - Upr 0.960 0.084 1242.030 11.386 <0.001

Old - Upr 1.047 0.085 1242.105 12.350 <0.001

49 Lwr - Old -0.194 0.082 1242.125 -2.350 0.050
Lwr - Upr 0.846 0.082 1242.040 10.366 <0.001

Old - Upr 1.040 0.082 1242.143 12.680 <0.001

56  Lwr - Old -0.270 0.120 1242.091 -2.251 0.063
Lwr - Upr 0.681 0.119 1242.012 5.711  <0.001

Old - Upr 0.951 0.120 1242.083 7.936 <0.001
Clre 0 Lwr- Old -0.102  0.050 1242.050  -2.029 0.106
Lwr - Upr 0.366 0.050 1242.023 7.283 <0.001

Old - Upr 0.468 0.050 1242.023 9.331 <0.001

7 Lwr - Old -0.095 0.031 1242.050  -3.040 0.007
Lwr - Upr 0.344 0.031 1242.040 11.010 <0.001

Old - Upr 0.440 0.031 1242.011 14.129 <0.001

14 Lwr - Old -0.108 0.033 1242.034  -3.296 0.003
Lwr - Upr 0.340 0.033 1242.034 10.414 <0.001

Old - Upr 0.448 0.032 1242.004 13.804 <0.001

21 Lwr - Old -0.133  0.030 1242.028 -4.456 <0.001
Lwr - Upr 0.345 0.030 1242.025 11.536 <0.001

Old - Upr 0.478 0.030 1242.003 16.092 <0.001

28 Lwr - Old -0.165 0.026 1242.025 -6.269 <0.001
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Lwr - Upr 0.351 0.026 1242.013 13.329 <0.001

Old - Upr 0.516 0.026 1242.018 19.640 <0.001

35 Lwr - Old -0.198 0.029 1242.034 -6.867 <0.001
Lwr - Upr 0.351 0.029 1242.011 12.252 <0.001

Old - Upr 0.549 0.029 1242.048 19.081 <0.001

42 Lwr - Old -0.225 0.032 1242.052 -6.980 <0.001
Lwr - Upr 0.337 0.032 1242.020 10.573 <0.001

Old - Upr 0.561 0.032 1242.070 17.528 <0.001

49 Lwr - Old -0.239 0.031 1242.084 -7.665 <0.001
Lwr - Upr 0.302 0.031 1242.027 9.793 <0.001

Old - Upr 0.541 0.031 1242.096 17.454 <0.001

56  Lwr - Old -0.234 0.045 1242.061 -5.167 <0.001
Lwr - Upr 0.238 0.045 1242.008 5.285 <0.001

Old - Upr 0.472 0.045 1242.056 10.433 <0.001
CRI1 0 Lwr- Old 3.274 0.366 1242.912 8.942 <0.001
Lwr - Upr 2.376 0.364 1242.422 6.523 <0.001

Old - Upr -0.898 0.364 1242445 -2.466  0.037

7 Lwr - Old 3.915 0.227 1242917 17.209 <0.001
Lwr - Upr 2.646 0.227 1242.743 11.658 <0.001

Old - Upr -1.269 0.226 1242.204 -5.618 <0.001

14 Lwr - Old 4.070 0.237 1242.637 17.171 <0.001
Lwr - Upr 2.671 0.237 1242.639 11.278 <0.001

Old - Upr -1.399 0.235 1242.074 -5.947 <0.001

21 Lwr - Old 3.857 0.217 1242.520 17.789 <0.001
Lwr - Upr 2.509 0.217 1242.473 11.577 <0.001

Old - Upr -1.348 0.215 1242.061 -6.259 <0.001

28 Lwr - Old 3.393 0.191 1242.468 17.726 <0.001
Lwr - Upr 2.218 0.191 1242.250 11.621 <0.001

Old - Upr -1.174 0.191 1242.328 -6.159 <0.001

35 Lwr - Old 2.794 0.209 1242.616 13.357 <0.001
Lwr - Upr 1.857 0.208 1242.217 8.942 <0.001

Old - Upr -0.936 0.209 1242.846 -4.488 <0.001

42  Lwr - Old 2.177 0.233 1242.933 9.329 <0.001
Lwr - Upr 1.484 0.231 1242.373 6.417 <0.001

Old - Upr -0.693 0.232 1243.235 -2.982 0.008

49 Lwr - Old 1.661 0.226 1243.477 7.347 <0.001
Lwr - Upr 1.157 0.224 1242.491 5.169 <0.001

Old - Upr -0.504 0.225 1243.678 -2.241 0.065

56  Lwr - Old 1.361 0.329 1243.059 4.134 <0.001
Lwr - Upr 0.934 0.327 1242.154 2.856 0.012

Old - Upr -0.427 0.329 1242975 -1.300  0.396
CRI2 0 Lwr-Old 3.281 0.369 1266.871 8.897 <0.001
Lwr - Upr 2.370 0.367 1266.408 6.458 <0.001

Old - Upr -0.911 0.367 1266.420 -2.483  0.035
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7 Lwr - Old 3.915 0.229 1266.904 17.078 <0.001
Lwr - Upr 2.643 0.229 1266.744 11.555 <0.001

Old - Upr -1.272 0.228 1266.193  -5.588 <0.001

14 Lwr - Old 4.068 0.239 1266.640 17.029 <0.001
Lwr - Upr 2.670 0.239 1266.648 11.186 <0.001

Old - Upr -1.398 0.237 1266.071 -5.896 <0.001

21  Lwr - Old 3.857 0.219 1266.525 17.648 <0.001
Lwr - Upr 2.509 0.218 1266.481 11.488 <0.001

Old - Upr -1.347 0.217 1266.067 -6.206 <0.001

28 Lwr - Old 3.396 0.193 1266.464 17.604 <0.001
Lwr - Upr 2.219 0.192 1266.252 11.534 <0.001

Old - Upr -1.176  0.192 1266.313 -6.122 <0.001

35 Lwr - Old 2.800 0.211 1266.588 13.287 <0.001
Lwr - Upr 1.858 0.209 1266.214 8.877 <0.001

Old - Upr -0.942 0.210 1266.809 -4.481 <0.001

42 Lwr - Old 2.187 0.235 1266.885 9.298 <0.001
Lwr - Upr 1.485 0.233 1266.369 6.370 <0.001

Old - Upr -0.702  0.234 1267.178  -2.996 0.008

49 Lwr - Old 1.669 0.228 1267.399 7.331 <0.001
Lwr - Upr 1.157 0.226 1266.485 5.130 <0.001

Old - Upr -0.513 0.226 1267.592  -2.263 0.062

56 Lwr - Old 1.364 0.332 1266.998 4.114 <0.001
Lwr - Upr 0.933 0.329 1266.149 2.832  0.013

Old - Upr -0.431 0.331 1266.914  -1.303 0.394
NDVI 0 Lwr- Old 0.024 0.005 1269.534 5.239 <0.001
Lwr - Upr 0.019 0.005 1269.252 4.110 <0.001

Old - Upr -0.005 0.005 1269.256  -1.155 0.480

7 Lwr - Old 0.034 0.003 1269.561 11.710 <0.001
Lwr - Upr 0.023 0.003 1269.463 7.927 <0.001

Old - Upr -0.011 0.003 1269.118 -3.828 <0.001

14 Lwr - Old 0.037 0.003 1269.397 12.211 <0.001
Lwr - Upr 0.025 0.003 1269.402 8.259 <0.001

Old - Upr -0.012 0.003 1269.042 -3.988 <0.001

21 Lwr - Old 0.035 0.003 1269.325 12.672 <0.001
Lwr - Upr 0.025 0.003 1269.298 9.204 <0.001

Old - Upr -0.010 0.003 1269.033  -3.495 0.001

28 Lwr - Old 0.030 0.002 1269.290 12.328 <0.001
Lwr - Upr 0.025 0.002 1269.155 10.171 <0.001

Old - Upr -0.005 0.002 1269.197 -2.191 0.073

35 Lwr - Old 0.024 0.003 1269.369 8.930 <0.001
Lwr - Upr 0.023 0.003 1269.130 8.782 <0.001

Old - Upr -0.001 0.003 1269.513 -0.207  0.977

42 Lwr - Old 0.018 0.003 1269.553 6.037 <0.001
Lwr - Upr 0.021 0.003 1269.226 7.216 <0.001
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Old - Upr 0.003 0.003 1269.747 1.120  0.502

49 Lwr - Old 0.014 0.003 1269.873 4.959 <0.001
Lwr - Upr 0.019 0.003 1269.298 6.718 <0.001

Old - Upr 0.005 0.003 1270.008 1.703  0.204

56 Lwr - Old 0.014 0.004 1269.626 3.465 0.002
Lwr - Upr 0.017 0.004 1269.090 4.142  <0.001

Old - Upr 0.003 0.004 1269.577 0.651 0.792
NRre 0 Lwr-Old -0.011 0.007 1242.049 -1.638  0.230
Lwr - Upr 0.051 0.007 1242.023 7.400 <0.001

Old - Upr 0.063 0.007 1242.023 9.053 <0.001

7 Lwr- Old -0.012 0.004 1242.049 -2.737 0.017
Lwr - Upr 0.047 0.004 1242.040 10.861 <0.001

Old - Upr 0.059 0.004 1242.010 13.674 <0.001

14 Lwr - Old -0.014 0.005 1242.034 -3.103  0.006
Lwr - Upr 0.046 0.005 1242.034 10.222 <0.001

Old - Upr 0.060 0.004 1242.004 13.416 <0.001

21 Lwr - Old -0.017 0.004 1242.027 -4.202 <0.001
Lwr - Upr 0.047 0.004 1242.025 11.500 <0.001

Old - Upr 0.065 0.004 1242.003 15.801 <0.001

28 Lwr - Old -0.021 0.004 1242.025 -5.864 <0.001
Lwr - Upr 0.050 0.004 1242.013 13.669 <0.001

Old - Upr 0.071 0.004 1242.018 19.573 <0.001

35 Lwr - Old -0.026 0.004 1242.034 -6.419 <0.001
Lwr - Upr 0.051 0.004 1242.011 13.007 <0.001

Old - Upr 0.077 0.004 1242.048 19.384 <0.001

42 Lwr - Old -0.029 0.004 1242.052 -6.617 <0.001
Lwr - Upr 0.051 0.004 1242.020 11.670 <0.001

Old - Upr 0.081 0.004 1242.070 18.253 <0.001

49 Lwr - Old -0.032 0.004 1242.083 -7.524 <0.001
Lwr - Upr 0.048 0.004 1242.026 11.313 <0.001

Old - Upr 0.080 0.004 1242.095 18.826 <0.001

56 Lwr - Old -0.034 0.006 1242.060 -5.424 <0.001
Lwr - Upr 0.040 0.006 1242.008 6.513 <0.001

Old - Upr 0.074 0.006 1242.055 11.913 <0.001

PRI 0 Lwr - Old 0.009 0.003 1236.130 2.669  0.021
Lwr - Upr 0.023 0.003 1236.060 7.089 <0.001

Old - Upr 0.014 0.003 1236.063 4.410 <0.001

7 Lwr - Old 0.006 0.002 1236.130 3.117  0.005
Lwr - Upr 0.019 0.002 1236.105 9.390 <0.001

Old - Upr 0.013 0.002 1236.028 6.298 <0.001

14 Lwr - Old 0.005 0.002 1236.089 2.205 0.071
Lwr - Upr 0.018 0.002 1236.089 8.225 <0.001

Old - Upr 0.013 0.002 1236.009 6.058 <0.001

21 Lwr - Old 0.004 0.002 1236.072 1.828 0.161
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Lwr - Upr 0.018 0.002 1236.065 9.016 <0.001

Old - Upr 0.014 0.002 1236.008 7.231 <0.001

28 Lwr - Old 0.003 0.002 1236.066 1.614  0.240
Lwr - Upr 0.019 0.002 1236.034 10.843 <0.001

Old - Upr 0.016 0.002 1236.048 9.237 <0.001

35 Lwr - Old 0.002 0.002 1236.089 1.142 0.489
Lwr - Upr 0.020 0.002 1236.030 10.676 <0.001

Old - Upr 0.018 0.002 1236.125 9.484 <0.001

42 Lwr - Old 0.001 0.002 1236.136 0.705 0.761
Lwr - Upr 0.021 0.002 1236.053 10.020 <0.001

Old - Upr 0.019 0.002 1236.183 9.262 <0.001

49 Lwr - Old 0.001 0.002 1236.217  0.286 0.956
Lwr - Upr 0.021 0.002 1236.071 10.240 <0.001

Old - Upr 0.020 0.002 1236.249 9.906 <0.001

56 Lwr - Old -0.001 0.003 1236.157  -0.250 0.966
Lwr - Upr 0.019 0.003 1236.021 6.304 <0.001

Old - Upr 0.019 0.003 1236.144 6.522 <0.001

SR 0 Lwr - Old 3.197 0.532 1269.660 6.012 <0.001
Lwr - Upr 2.623 0.529 1269.312 4.956 <0.001

Old - Upr -0.574 0.529 1269.318  -1.085 0.523

7 Lwr - Old 4.257 0.331 1269.693 12.876 <0.001
Lwr - Upr 3.101 0.330 1269.573 9.400 <0.001

Old - Upr -1.156 0.328 1269.147 -3.521 0.001

14  Lwr - Old 4.527 0.345 1269.492 13.141 <0.001
Lwr - Upr 3.276 0.344 1269.498 9.516 <0.001

Old - Upr -1.252 0.342  1269.0563  -3.660 0.001

21  Lwr - Old 4.219 0.315 1269.403 13.389 <0.001
Lwr - Upr 3.210 0.315 1269.370 10.190 <0.001

Old - Upr -1.010 0.313 1269.042  -3.225 0.004

28 Lwr - Old 3.543 0.278 1269.358 12.735 <0.001
Lwr - Upr 2,965 0.277 1269.193 10.687 <0.001

Old - Upr -0.577 0.277 1269.243  -2.082 0.094

35 Lwr - Old 2.706 0.304 1269.455 8.903 <0.001
Lwr - Upr 2.605 0.302 1269.162 8.628 <0.001

Old - Upr -0.102 0.303 1269.631 -0.335 0.940

42 Lwr - Old 1.920 0.339 1269.681 5.662 <0.001
Lwr - Upr 2.190 0.336 1269.279 6.514 <0.001

Old - Upr 0.269 0.338 1269.918 0.797  0.705

49 Lwr - Old 1.395 0.328 1270.073 4.247  <0.001
Lwr - Upr 1.783 0.325 1269.369 5.482 <0.001

Old - Upr 0.388 0.327 1270.237 1.188 0.460

56  Lwr - Old 1.339 0.478 1269.768 2.800 0.014
Lwr - Upr 1.446 0.475 1269.113 3.044  0.007

Old - Upr 0.107 0.477 1269.708 0.225 0.973
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WI/NDVI 0 Lwr- Old -0.043 0.007 1254.338 -6.083 <0.001
Lwr - Upr -0.046 0.007 1254.162 -6.425 <0.001

Old - Upr -0.002 0.007 1254.166 -0.314  0.947

7 Lwr - Old -0.057 0.004 1254.353 -12.758 <0.001
Lwr - Upr -0.050 0.004 1254.290 -11.301 <0.001

Old - Upr 0.007 0.004 1254.076 1.493  0.295

14 Lwr - Old -0.061 0.005 1254.248 -13.204 <0.001
Lwr - Upr -0.053 0.005 1254.250 -11.405 <0.001

Old - Upr 0.008 0.005 1254.027 1.823  0.163

21 Lwr - Old -0.059 0.004 1254.202 -13.913 <0.001
Lwr - Upr -0.054 0.004 1254.184 -12.702 <0.001

Old - Upr 0.005 0.004 1254.021 1.225 0.439

28 Lwr - Old -0.052 0.004 1254.185 -13.947 <0.001
Lwr - Upr -0.053 0.004 1254.095 -14.271 <0.001

Old - Upr -0.001 0.004 1254.131 -0.289  0.955

35 Lwr - Old -0.043 0.004 1254.247 -10.493 <0.001
Lwr - Upr -0.051 0.004 1254.083 -12.612 <0.001

Old - Upr -0.008 0.004 1254.343 -2.037  0.104

42  Lwr - Old -0.033 0.005 1254.369 -7.285 <0.001
Lwr - Upr -0.048 0.005 1254.145 -10.564 <0.001

Old - Upr -0.014 0.005 1254.497 -3.196  0.004

49 Lwr - Old -0.025 0.004 1254.578  -5.720 <0.001
Lwr - Upr -0.043 0.004 1254.192 -9.828 <0.001

Old - Upr -0.018 0.004 1254.664 -4.032 <0.001

56  Lwr - Old -0.021 0.006 1254.414 -3.281 0.003
Lwr - Upr -0.037 0.006 1254.058 -5.787 <0.001

Old - Upr -0.016 0.006 1254.379 -2.472 0.036
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Table C.4: Estimated Marginal Means (EMM) contrasts of nine Vegetation Indices
(VI) between three canopy positions (Upr = Needles measured from the top 25% of
the canopy (N"PPe") Lwr = Needles measured from the bottom 25% of the canopy
(N'ewer) "Old = Needles measured from the previous year’s growth (2020) (N°'4). Upr
and Lwr needles grew in 2021). Mixed effects model were constructed to evaluate the
effects of time, drought treatment, position in the canopy and clonal group for each
VI. Where a significant three way interaction effect of drought effect and canopy
position over time was found EMM, contrasts were performed at regular (7 days)
intervals to compare if the drought response for each VI differ statistically between
the canopy positions within the model. DoD is Day of Drought and is the time in
days since the initiation of the experimental drought. For full VI names, formula
and references see Table 2.1 (p.43).

VI DoD Contrast Estimate SE df  t.ratio p value

ARI 0 Lwr -0.034 0.045 186.300  -0.741 0.460
Old -0.034 0.045 186.300 -0.741 0.460

Upr -0.034 0.045 186.300 -0.741 0.460

7 Lwr -0.074 0.040 120.205 -1.828 0.070
Old -0.095 0.040 119.988  -2.338 0.021

Upr -0.111 0.040 120.037  -2.746 0.007

14 Lwr -0.114 0.038  90.318  -3.039 0.003
Old -0.155 0.038  90.225 -4.136 <0.001

Upr -0.189 0.038  89.792  -5.022 <0.001

21 Lwr -0.155 0.037  87.755  -4.142 <0.001
Old -0.216 0.037  88.055 -5.792 <0.001

Upr -0.266 0.037  86.640 -7.149 <0.001

28 Lwr -0.195 0.040 111.598 -4.909 <0.001
Old -0.277 0.040 112.676 -6.965 <0.001

Upr -0.343 0.039 109.459 -8.693 <0.001

35 Lwr -0.235 0.044 169.410 -5.308 <0.001
Old -0.338 0.045 171.866 -7.599 <0.001

Upr -0.421 0.044 165.553 -9.557 <0.001

42 Lwr -0.275 0.0561 272.361 -5.452 <0.001
Old -0.399 0.0561 276.807 -7.853 <0.001

Upr -0.498 0.050 266.075 -9.927 <0.001

49 Lwr -0.316 0.058 424.276  -5.458 <0.001
Old -0.460 0.058 430.751 -7.899 <0.001

Upr -0.576  0.057 415.452 -10.019 <0.001

56 Lwr -0.356 0.066 610.464 -5.401 <0.001
Old -0.521 0.066 617.985 -7.848 <0.001

Upr -0.6563 0.065 600.102 -9.977 <0.001

ARI2 0 Lwr -0.022 0.030 174.229  -0.743 0.458
Old -0.022 0.030 174.229  -0.743 0.458

Upr -0.022 0.030 174.229  -0.743 0.458

7 Lwr -0.061 0.027 114.008 -1.889 0.061

Old -0.063 0.027 113.807  -2.355 0.020
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VI DoD  Postion Estimate SE df t.ratio p value
Upr -0.076 0.027 113.854 -2.816 0.006

14 Lwr -0.079 0.025 86.704 -3.162 0.002
Old -0.104 0.025 86.619 -4.161 <0.001

Upr -0.129 0.025 86.221 -5.156 <0.001

21 Lwr -0.107 0.025  84.357 -4.328 <0.001
Old -0.145 0.025  84.637 -5.829 <0.001

Upr -0.182 0.025 83.333 -7.352 <0.001

28 Lwr -0.136 0.026 106.154  -5.158 <0.001
Old -0.186 0.026 107.153 -7.034 <0.001

Upr -0.235 0.026 104.196 -8.974 <0.001

35 Lwr -0.164 0.029 158.839 -5.612 <0.001
Old -0.227 0.029 161.120 -7.710 <0.001

Upr -0.288 0.029 155.315 -9.915 <0.001

42 Lwr -0.193 0.033 252.837 -5.794 <0.001
Old -0.267 0.033 257.015 -8.002 <0.001

Upr -0.342 0.033 247.055 -10.346 <0.001

49 Lwr -0.221 0.038 393.267 -5.825 <0.001
Old -0.308 0.038 399.523 -8.076 <0.001

Upr -0.395 0.038 384.991 -10.480 <0.001

56 Lwr -0.249 0.043 569.701 -5.783 <0.001
Old -0.349 0.043 577.291 -8.043 <0.001

Upr -0.448 0.043 559.666 -10.464 <0.001

PRI 0 Lwr 0.001 0.006 244.795 0.198 0.843
Old 0.008 0.006 243.983 1.361 0.175

Upr -0.008 0.006 239.182  -1.358 0.176

7 Lwr 0.012 0.004  89.716 2.678 0.009
Old 0.010 0.004  89.177 2.249 0.027

Upr 0.004 0.004 88.234 0.902 0.369

14 Lwr 0.016 0.004  96.843 3.591 0.001
Old 0.010 0.004  95.807 2.269 0.026

Upr 0.009 0.004  94.967 2.042 0.044

21 Lwr 0.016 0.004  82.890 3.784 <0.001
Old 0.010 0.004  82.073 2.276 0.025

Upr 0.010 0.004  81.663 2.419 0.018

28 Lwr 0.014 0.004  67.968 3.557 0.001
Old 0.010 0.004 67.941 2.425 0.018

Upr 0.010 0.004 67.624 2.549 0.013

35 Lwr 0.013 0.004  77.316 3.093 0.003
Old 0.012 0.004  77.995 2.770 0.007

Upr 0.012 0.004  77.005 2.814 0.006

42 Lwr 0.014 0.004  93.085 3.167  0.002
Old 0.016 0.004 93.771 3.683 <0.001

Upr 0.017 0.004 91.971 3.944 <0.001

49 Lwr 0.019 0.004 88.174 4.487 <0.001
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VI DoD  Postion Estimate SE df t.ratio p value
Old 0.025 0.004 88.410 5.701 <0.001

Upr 0.029 0.004 86.717  6.822 <0.001

56 Lwr 0.032 0.005 188.937  5.994 <0.001

Old 0.038 0.005 192.432 7.199 <0.001

Upr 0.051 0.005 187.938 9.631 <0.001
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C.2 Treatment differences at t0

Figure C.1: Summary results from estimated marginal means (EMM) for drought
and control groups contrasts at day 0. Estimated marginal means (EMM) are cal-
culated on the VI-specific mixed effect models. p values are for drought - control
contrast. The VI selected are those where a significant (p < 0.05) Treatment main
effect was detected. Dashed line is p = 0.05. Values which are below this line indi-
cate significant (p < 0.05) differences between the drought and control groups at t0.
Crosses are top of the canopy, triangles are old needles and circles are bottom of the
canopy. Full full results see Table C.5. For full VI names, formula and references
see Table 2.1 (p.43).
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Table C.5: Estimated Marginal Mean (EMM) contrasts for drought and control
group contrasts at day 0 (t0). Canopy Pos. is the canopy position (Upr = Needles
measured from the top 25% of the canopy (N"PP®"), Lwr = Needles measured from
the bottom 25% of the canopy (N'°¥*r), Old = Needles measured from the previous
year’s growth (2020) (N°). Upr and Lwr needles grew in 2021). Estimate is the
estimated differences between the means of the groups in VI value. SE and df are
the standard error and degrees of freedom of the estimate. * are when p < 0.05.

VI Clone Canopy Pos. Estimate SE df t.ratio p value

ARI Clone 1 BOC -0.09 0.06 530.38 -1.50 0.13
PYN -0.09 0.06 530.38 -1.50 0.13

TOC -0.09 0.06 530.38 -1.50 0.13

Clone 2 BOC -0.09 0.06 530.38 -1.50 0.13
PYN -0.09 0.06 530.38 -1.50 0.13

TOC -0.09 0.06 530.38 -1.50 0.13

Clone 3 BOC -0.09 0.06 530.38 -1.50 0.13
PYN -0.09 0.06 530.38 -1.50 0.13

TOC -0.09 0.06 530.38 -1.50 0.13

Clone 4 BOC -0.09 0.06 530.38 -1.50 0.13
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VI Clone Canopy Pos. Estimate SE df t.ratio p value
PYN -0.09 0.06 530.38 -1.50 0.13
TOC -0.09 0.06 530.38 -1.50 0.13
Clone 5 BOC -0.09 0.06 530.38 -1.50 0.13
PYN -0.09 0.06 530.38 -1.50 0.13
TOC -0.09 0.06 530.38 -1.50 0.13
CCI Clone 1 BOC 0.00 0.01 211.17 -0.60 0.55
PYN 0.00 0.01 211.17  -0.60 0.55
TOC 0.00 0.01 211.17  -0.60 0.55
Clone 2 BOC 0.00 0.01 211.17  -0.60 0.55
PYN 0.00 0.01 211.17 -0.60 0.55
TOC 0.00 0.01 211.17  -0.60 0.55
Clone 3 BOC 0.00 0.01 211.17  -0.60 0.55
PYN 0.00 0.01 211.17  -0.60 0.55
TOC 0.00 0.01 211.17 -0.60 0.55
Clone 4 BOC 0.00 0.01 211.17  -0.60 0.55
PYN 0.00 0.01 211.17  -0.60 0.55
TOC 0.00 0.01 211.17  -0.60 0.55
Clone 5 BOC 0.00 0.01 211.17  -0.60 0.55
PYN 0.00 0.01 211.17  -0.60 0.55
TOC 0.00 0.01 211.17  -0.60 0.55
CRI1 Clone 1 BOC -0.42 0.65 1272.00 -0.65 0.52
PYN -0.42 0.65 1272.00 -0.65 0.52
TOC -0.42 0.65 1272.00 -0.65 0.52
Clone 2 BOC -1.34 0.64 1268.67 -2.11 0.04*
PYN -1.34  0.64 1268.67 -2.11 0.04*
TOC -1.34  0.64 1268.67 -2.11 0.04*
Clone 3 BOC 041 0.64 1268.53 0.64 0.52
PYN 0.41 0.64 1268.53 0.64 0.52
TOC 0.41 0.64 1268.53 0.64 0.52
Clone 4 BOC -0.01 0.64 1268.55 -0.01 0.99
PYN -0.01 0.64 1268.55 -0.01 0.99
TOC -0.01 0.64 1268.55 -0.01 0.99
Clone 5 BOC 3.02 0.64 1268.62 4.75 <0.001*
PYN 3.02 0.64 1268.62 4.75 <0.001*
TOC 3.02 0.64 1268.62 4.75 <0.001*
CRI2 Clone 1 BOC 0.16 0.32 621.30 0.51 0.61
PYN 0.16 0.32 621.30 0.51 0.61
TOC 0.16 0.32 621.30 0.51 0.61
Clone 2 BOC 0.16 0.32 621.30 0.51 0.61
PYN 0.16 0.32 621.30 0.51 0.61
TOC 0.16 0.32 621.30 0.51 0.61
Clone 3 BOC 0.16 0.32 621.30 0.51 0.61
PYN 0.16 0.32 621.30 0.51 0.61
TOC 0.16 0.32 621.30 0.51 0.61
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VI Clone Canopy Pos. Estimate SE df t.ratio p value
Clone 4 BOC 0.16 0.32 621.30 0.51 0.61
PYN 0.16 0.32 621.30 0.51 0.61
TOC 0.16 0.32 621.30 0.51 0.61
Clone 5 BOC 0.16 0.32 621.30 0.51 0.61
PYN 0.16 0.32 621.30 0.51 0.61
TOC 0.16 0.32 621.30 0.51 0.61
MSI  Clone 1 BOC -0.02 0.01  850.03 -2.00 0.05*
PYN -0.02 0.01 850.03 -2.00 0.05*
TOC -0.02 0.01 850.03 -2.00 0.05*
Clone 2 BOC 0.01 0.01 815.77 1.00 0.32
PYN 0.01 0.01 815.77 1.00 0.32
TOC 0.01 0.01 815.77 1.00 0.32
Clone 3 BOC 0.00 0.01 817.22 0.18 0.85
PYN 0.00 0.01 817.22 0.18 0.85
TOC 0.00 0.01 817.22 0.18 0.85
Clone 4 BOC 0.00 0.01 814.66 -0.02 0.99
PYN 0.00 0.01 814.66 -0.02 0.99
TOC 0.00 0.01 814.66 -0.02 0.99
Clone 5 BOC -0.02 0.01 815.41 -2.67 0.01*
PYN -0.02 0.01 815.41 -2.67 0.01*
TOC -0.02 0.01 815.41 -2.67 0.01*
NDWI  Clone 1 BOC 0.01 0.00 903.11 2.61 0.01*
PYN 0.01 0.00 903.11 2.61 0.01%*
TOC 0.01 0.00 903.11 2.61 0.01*
Clone 2 BOC 0.00 0.00 869.95 -0.09 0.93
PYN 0.00 0.00 869.95 -0.09 0.93
TOC 0.00 0.00 869.95 -0.09 0.93
Clone 3 BOC 0.00 0.00 871.32 -0.35 0.73
PYN 0.00 0.00 871.32 -0.35 0.73
TOC 0.00 0.00 871.32 -0.35 0.73
Clone 4 BOC 0.00 0.00 868.87 0.61 0.54
PYN 0.00 0.00 868.87 0.61 0.54
TOC 0.00 0.00 868.87 0.61 0.54
Clone 5 BOC 0.01 0.00 869.59 2.78 0.01*
PYN 0.01 0.00 869.59 2.78 0.01*
TOC 0.01 0.00 869.59 2.78 0.01*
NDWI2 Clone 1 BOC 0.02 0.01 884.52 2.16 0.03*
PYN 0.02 0.01 884.52 2.16 0.03*
TOC 0.02 0.01 884.52 2.16 0.03*
Clone 2 BOC -0.01 0.01 850.90 -0.70 0.49
PYN -0.01 0.01 850.90 -0.70 0.49
TOC -0.01 0.01 850.90 -0.70 0.49
Clone 3 BOC 0.00 0.01 85231 -0.10 0.92
PYN 0.00 0.01 852.31 -0.10 0.92
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VI Clone Canopy Pos. Estimate SE df t.ratio p value
TOC 0.00 0.01 852.31 -0.10 0.92
Clone 4 BOC 0.00 0.01 849.81 0.19 0.85
PYN 0.00 0.01 849.81 0.19 0.85
TOC 0.00 0.01 849.81 0.19 0.85
Clone 5 BOC 0.02 0.01 850.54 2.64 0.01*
PYN 0.02 0.01 850.54 2.64 0.01*
TOC 0.02 0.01 850.54 2.64 0.01*
PRI Clone 1 BOC 0.00 0.01 247.18 0.20 0.84
PYN 0.01 0.01 246.38 1.33 0.18
TOC -0.01 0.01 241.72 -1.36 0.18
Clone 2 BOC 0.00 0.01 247.18 0.20 0.84
PYN 0.01 0.01 246.38 1.33 0.18
TOC -0.01 0.01 241.72 -1.36 0.18
Clone 3 BOC 0.00 0.01 247.18 0.20 0.84
PYN 0.01 0.01 246.38 1.33 0.18
TOC -0.01 0.01 241.72 -1.36 0.18
Clone 4 BOC 0.00 0.01 247.18 0.20 0.84
PYN 0.01 0.01 246.38 1.33 0.18
TOC -0.01 0.01 241.72 -1.36 0.18
Clone 5 BOC 0.00 0.01 247.18 0.20 0.84
PYN 0.01 0.01 246.38 1.33 0.18
TOC -0.01 0.01 241.72 -1.36 0.18
SRWI Clone 1 BOC 0.03 0.01  906.99 2.64 0.01*
PYN 0.03 0.01  906.99 2.64 0.01*
TOC 0.03 0.01  906.99 2.64 0.01*
Clone 2 BOC 0.00 0.01 873.93 -0.01 0.99
PYN 0.00 0.01 873.93 -0.01 0.99
TOC 0.00 0.01 873.93 -0.01 0.99
Clone 3 BOC 0.00 0.01 875.29 -0.37 0.71
PYN 0.00 0.01 875.29 -0.37 0.71
TOC 0.00 0.01 875.29 -0.37 0.71
Clone 4 BOC 0.01 0.01 872.85 0.62 0.54
PYN 0.01 0.01 872.85 0.62 0.54
TOC 0.01 0.01 872.85 0.62 0.54
Clone 5 BOC 0.03 0.01 873.57 2.69 0.01*
PYN 0.03 0.01 873.57 2.69 0.01*
TOC 0.03 0.01 873.57 2.69 0.01*
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Appendix D

Supplementary material: Chapter 5

Evaluating five MODIS Vegetation Indices (V1) for
tracking GPP seasonal dynamics in a UK mature
Sitka spruce (Picea sitchensis) plantation. Are ef-
fects of the 2018 drought detectable from space?

D.1 Regression analyses

D.1.1 Validation results

Table D.1: Statistics for the leave-one year-out validation models. Using the 16
day timeseries one year of data was removed (Test data) and models built using the
equations outlined in Section 5.2.2 (p.123) using the remaining three years’ data
(Training data). The coefficients from the training models were then used to predict
GPP using the removed Test data. Model performance evaluations (coefficient of
determination (R?) and Root Mean Square Error (RMSE)) were carried out for each
of the four study years (2015-2018) and averaged. For every model formulation, the
coefficients from each of the four training models (one for each year) were averaged.
These averaged coefficients were then used to construct models for further analysis at
all three time intervals. The VI are NDVI = Normalised Difference Vegetation Index,
EVI = Enhanced Vegetation Index, CCI = Chlorophyll/ Carotenoid Index, NIRv
= Near-infrared radiation from vegetation, GPPy; = Gross Primary Productivity
Vegetation Index. For VI formula and reference see Table 2.2 (p.58).

Model Year Slope Intercept R? RMSE

NDVI 2015 -17.68 34.02 0.24 3.00
2016 -15.73 30.98 0.38 3.04
2017 -16.57 32.12 0.24 3.40
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Model Year Slope Intercept R? RMSE
2018 -19.91 37.18 0.22 3.15
NDVI x PAR X eyopis 2015 2.09 13075.98 0.89 1.17
2016 1.89 12779.99 0.82 1.64
2017 1.92  12562.10 0.89 1.30
2018 1.63  14207.50 0.79 1.63
NDVI x PAR X eccr 2015 2.17 23676.57 0.92 0.96
2016 1.98 23163.25 0.87 1.42
2017 1.95 22999.89 0.88 1.33
2018 1.60  26431.98 0.75 1.80
EVI 2015  -9.08 37.64 0.64 2.08
2016 -11.55 42.94 0.38 3.06
2017 -9.75 38.45 0.45 2.88
2018 -11.48 43.38 0.42 2.71
EVI x PAR X enmopis 2015 2.42  20126.23 0.92 0.98
2016  2.20 19587.98 0.86 1.46
2017 2.24 19189.40 0.93 1.00
2018 1.77  23040.07 0.73 1.85
NDVI x PAR X e¢cr 2015 2.53  35949.36 0.94 0.83
2016 2.28 35524.96 0.85 1.51
2017 232 34526.06 0.93 1.03
2018 1.85 41630.34 0.70 1.96
CCI 2015 7.68 47.05 0.78 1.63
2016 745 50.05 0.65 2.29
2017 745 46.74 0.64 2.34
2018  7.56 51.24 0.59 2.28
NIRv 2015 -4.62 63.82  0.60 2.19
2016  -6.28 71.83 0.38 3.06
2017 -5.16 65.03 0.43 2.95
2018  -6.52 74.63 0.40 2.78
GPPy; 2015 7.13 252.52  0.78 1.63
2016  6.95 272.36  0.67 2.22
2017 6.89 250.05 0.65 2.29
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Model Year Slope Intercept R? RMSE
2018  7.00 279.38 0.57 2.36
NIRv X emopis 2015 -2.03 55.09 0.63 2.10
2016  -2.63 56.86 0.58 2.52
2017 -2.05 53.07 0.63 2.36
2018  -3.05 61.03 0.55 241

D.1.2 Model statistics

Table D.2: Statistics for 10 Gross Primary Productivity (GPP) models for the
relationship between modelled GPP (mGPP) and Flux Tower GPP (ftGPP) at
different temporal resolutions. The slope and intercept are generated from averaging
coefficients from the leave-one year-out procedure see in Figure D.1. The summary
statistics are the coefficient of determination (R?) and Root Mean Square Error
(RMSE). For VI abbreviations see Figure D.1. For VI formula and reference see

Table 2.2 (p.58).

Model Year Slope Intercept R? RMSE
CCI 16 Day  7.53 48.77  0.67 2.13
Month  7.53 48.77 0.52 2.47

Day  7.53 48.77 0.53 2.76

EVI 16 Day -10.46 40.60 0.47 2.68
Month -10.46 40.60 0.43 2.68

Day -10.46 40.60 0.43 3.03

EVI x PAR X enmopis 16 Day 2.16 20485.92 0.86 1.32
Month  2.16 20485.92 0.88 1.23

Day 2.16 20485.92 0.75 2.02

EVI x PAR X eqcr 16 Day  2.25 36907.68 0.86 1.33
Month  2.25 36907.68 0.89 1.18

Day  2.25 36907.68 0.75 1.99

NDVI 16 Day -17.47 33.57 0.27 3.15
Month -17.47 33.57 0.23 3.13

Day -17.47 33.57 0.22 3.53
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Model Year Slope Intercept R? RMSE
NDVI x PAR X eyjopis 16 Day 1.89 13156.39 0.85 1.44
Month 1.89 13156.39 0.89 1.18

Day 1.89 13156.39 0.74 2.04

NDVI x PAR X e¢cr 16 Day 1.93  24067.92 0.85 1.38
Month 1.93 24067.92 0.91 1.08

Day 1.93  24067.92 0.75 2.00

NIRv 16 Day  -5.64 68.83 0.45 2.74
Month  -5.64 68.83 0.43 2.67

Day -5.64 68.83 0.42 3.04

GPPyq 16 Day  6.99 263.58 0.67 2.12
Month  6.99 263.58 0.53 2.43

Day  6.99 263.58 0.55 2.69

NIRv X emopis 16 Day -2.44 56.51 0.60 2.35
Month  -2.44 56.51 0.60 2.26

Day -2.44 56.51 0.55 2.68

D.2 Annual Totals

Table D.3: Annual estimated Gross Primary Productivity (GPP) totals for Sitka
spruce from 10 GPP models at three temporal resolutions across the study period
(2015 - 2018). Annual Totals are the cumulative sum (tC ha=! yr=!) of GPP across
a given year. Difference is the difference in GPP (tC ha™! yr~!) between modelled
GPP (mGPP) and flux tower GPP (ftGPP). For VI abbreviations see Figure D.1.

For VI formula and reference see Table 2.2 (p.58).

Model Time Interval Year Annual Total Difference
CCI Day 2015 23.94 1.79
2016 23.59 -1.37

2017 24.49 -1.01

2018 20.63 -2.33

16 Day 2015 24.37 2.22

2016 23.36 -1.60
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Model Time Interval Year Annual Total Difference
2017 24.99 -0.51

2018 23.01 0.05

Month 2015 24.66 2.51

2016 22.94 -2.02

2017 24.63 -0.87

2018 21.58 -1.38

EVI Day 2015 22.89 0.74
2016 24.35 -0.61

2017 23.35 -2.15

2018 24.94 1.98

16 Day 2015 24.05 1.90

2016 23.47 -1.49

2017 22.86 -2.64

2018 25.64 2.68

Month 2015 23.28 1.13

2016 24.17 -0.79

2017 23.32 -2.18

2018 25.32 2.36

EVI x PAR X enmopis Day 2015 28.19 6.04
2016 28.55 3.59

2017 29.36 3.86

2018 30.72 7.76

16 Day 2015 24.59 2.44

2016 22.97 -1.99

2017 22.76 -2.74

2018 25.78 2.82

2015 23.71 1.56

2016 23.26 -1.70

2017 23.47 -2.03

2018 25.03 2.07

EVI x PAR X eccr Day 2015 27.85 5.70
2016 28.45 3.49

2017 28.91 3.41

2018 29.76 6.80
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Model Time Interval Year Annual Total Difference
16 Day 2015 24.43 2.28

2016 23.26 -1.70

2017 22.67 -2.83

2018 25.74 2.78

Month 2015 23.84 1.69

2016 23.52 -1.44

2017 23.41 -2.09

2018 24.61 1.65

NDVI Day 2015 22.47 0.32
2016 24.02 -0.94

2017 23.81 -1.69

2018 24.59 1.63

16 Day 2015 23.33 1.18

2016 23.51 -1.45

2017 23.66 -1.84

2018 25.46 2.50

Month 2015 22.61 0.46

2016 23.84 -1.12

2017 24.17 -1.33

2018 25.09 2.13

NDVI x PAR X enopis Day 2015 28.37 6.22
2016 29.17 4.21

2017 30.07 4.57

2018 30.59 7.63

16 Day 2015 24.48 2.33

2016 23.22 -1.74

2017 23.08 -2.42

2018 25.18 2.22

Month 2015 23.61 1.46

2016 23.46 -1.50

2017 23.64 -1.86

2018 24.37 1.41

NDVI x PAR X e¢cr Day 2015 28.02 5.87
2016 28.89 3.93
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Model Time Interval Year Annual Total Difference
2017 29.70 4.20

2018 29.65 6.69

16 Day 2015 24.33 2.18
2016 23.39 -1.57

2017 23.02 -2.48

2018 25.24 2.28

Month 2015 23.72 1.57
2016 23.45 -1.51

2017 23.61 -1.89

2018 23.98 1.02

NIRv Day 2015 22.85 0.70
2016 24.89 -0.07

2017 23.52 -1.98

2018 25.32 2.36

16 Day 2015 23.92 1.77
2016 23.52 -1.44

2017 22.91 -2.59

2018 25.70 2.74

Month 2015 23.16 1.01
2016 24.62 -0.34

2017 23.60 -1.90

2018 25.62 2.66

GPPvy; Day 2015 23.82 1.67
2016 24.70 -0.26

2017 23.75 -1.75

2018 20.42 -2.54

16 Day 2015 24.10 1.95
2016 24.16 -0.80

2017 24.41 -1.09

2018 23.11 0.15

Month 2015 24.32 2.17
2016 23.93 -1.03

2017 24.00 -1.50

2018 21.07 -1.89

Table D.3 continued on next page

225



Table D.3 continued from previous page

Model Time Interval Year Annual Total Difference
NIRv X emopis Day 2015 23.01 0.86
2016 2491 -0.05

2017 23.73 -1.77

2018 23.98 1.02

16 Day 2015 24.51 2.36

2016 23.09 -1.87

2017 23.34 -2.16

2018 24.97 2.01

Month 2015 23.61 1.46

2016 24.02 -0.94

2017 23.94 -1.56

2018 2491 1.95

Table D.4: Average annual estimated Gross Primary Productivity (GPP) differences
for Sitka spruce from 10 GPP models at three temporal resolutions across the study
period (2015 - 2018). Average Annual Total Diff. is the difference in mean annual
GPP (tC ha™! yr!) between modelled GPP (mGPP) and flux tower GPP (ftGPP).
For VI abbreviations see Figure D.1. For VI formula and reference see Table 2.2

(p.58).
Model Time Interval Annual Total Diff.
CCI Day 1.63
16 Day 1.10
Month 1.69
EVI Day 1.37
16 Day 2.18
Month 1.62
EVI x PAR X emopis Day 5.31
16 Day 2.50
Month 1.84
EVI x PAR X eccr Day 4.85
16 Day 2.40
Month 1.72

Table D.4 continued on next page
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Model Time Interval Annual Total Diff.
NDVI Day 1.14
16 Day 1.74
Month 1.26
NDVI x PAR X enmopis Day 5.66
16 Day 2.18
Month 1.56
NDVI x PAR X eccr Day 5.17
16 Day 2.13
Month 1.50
NIRv Day 1.28
16 Day 2.13
Month 1.48
GPPy1 Day 1.56
16 Day 0.99
Month 1.65
NIRvV X emobpis Day 0.93
16 Day 2.10
Month 1.48

D.3 The 2018 drought

Table D.5: Annual 2018 Gross Primary Productivity (GPP) anomalies estimated
from 10 GPP models at three temporal resolutions. The 2018 anomalies (Difference,
tC ha™! yr=1) are calculated as the difference (%) between the average total annual
GPP (Average Total, tC ha™! yr=') of 2015 - 2017 and the total annual GPP (tC
ha™' yr~!) in 2018 (2018 Total). For VI abbreviations see Figure D.1. For VI
formula and reference see Table 2.2 (p.58).

Model Time Interval Average Total 2018 Total Difference
CCI Day 24.01 20.63 -14.05
16 Day 24.24 23.01 -5.10

Table D.5 continued on next page
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Model Time Interval Average Total 2018 Total Difference
Month 24.08 21.58 -10.38
EVI Day 23.53 24.94 5.99
16 Day 23.46 25.64 9.27
Month 23.59 25.32 7.35
EVI x PAR x EMODIS Day 28.70 30.72 7.07
16 Day 23.44 25.78 9.99
Month 23.48 25.03 6.62
EVI x PAR X ecqr Day 28.40 29.76 4.77
16 Day 23.45 25.74 9.75
Month 23.59 24.61 4.31
NDVI Day 23.43 24.59 4.94
16 Day 23.50 25.46 8.34
Month 23.54 25.09 6.56
NDVI x PAR X eyopis Day 29.20 30.59 4.77
16 Day 23.59 25.18 6.72
Month 23.57 24.37 3.37
NDVI x PAR X e¢cr Day 28.87 29.65 2.70
16 Day 23.58 25.24 7.02
Month 23.60 23.98 1.62
NIRv Day 23.76 25.32 6.61
16 Day 23.45 25.70 9.56
Month 23.79 25.62 7.66
CGPPy; Day 924.09 20.42 -15.25
16 Day 24.22 23.11 -4.62
Month 24.08 21.07 -12.50
NIRv X emopis Day 23.89 23.98 0.41
16 Day 23.65 24.97 5.56
Month 23.85 2491 4.43
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Figure D.1: Time series of flux tower Gross Primary Productivity (ftGPP) (Panel
A) meteorological variables (Panels B to G), measured by (Xenakis et al., 2021),
across 2018. A, ftGPP (gC m? day~!) B, Photosynthetic Photon Flux Density Total
(mmolm?s™1), C, Mean daily relative humidity (%), D, mean daily evapotranspi-
ration (mm), E, mean daily temperature (°C), F, daily precipitation (mm) and G,
mean daily soil water content (%) at an average depth of 30 cm. The red dashed
vertical lines correspond to two points during the drought where ftGPP reached
particularly low values due to drought stress. These occurred after rapid drops in
ftGPP and were followed by recovery. Note: very limited rain fell between these
two dates, and soil moisture continued to fall, so they are considered to be within
the same drought period, despite temporary recovery of ftGPP.
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D.4 e\opis scalars
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Figure D.2: Time series of eyoprs scalars used to limit e, in Equation 5.2 (p.124).
The red line is VPDgca1ar and the blue line is Tgeatar. VPD refers to Vapour Pressure
Deficit. Temperature limits are imposed on modelled GPP in non-summer months
seen when the blue line < 1. Very little VPD limits (red line) are imposed across
the whole time series. See Section 5.2.2.2 (p.123) for calculation of the scalars.

230



Appendix E

Supplementary material: Chapter 6

Testing the Simple Biosphere Model (SiB) for GPP
retrieval in a UK mature Sitka spruce ( Picea sitchen-

sis) plantation. Can new VI improve the model and
are effects of the 2018 drought detectable with SiB?

E.1 SiBx model runs

E.1.1 Static Vcmax

Table E.1: Results from iterative runs of the Simple Biosphere model (SiBx) with
different Vemax values. The SiBx model was run over the study period (2015 - 2018)
for a series of Vemax values (20 to 200 pmol m? s~ at 20 pmol m? s~ intervals) for
five Vegetation Indices (VI) (NDVI, EVI, CCI, NIRv GPPyy). The leaf level gross
photosynthesis (A) and the canopy level gross photosynthesis (C'Ag) were compared
to Flux Tower Gross Primary Productivity (ftGPP) using liner regression analysis to
give R? and RMSE (tC ha™! yr=!). Over the full study period, total gross primary
productivity (GPP or C'Ag) was calculated for each SiBx run and is presented (Total,
tC ha~! yr'). The difference between SiBx total GPP and {ftGPP total GPP across
the four years is presented (Difference, tC ha™! yr=!). For full VI names, formula
and references see Table 2.2 (p.58).

A CAyg
VI Vcemax R? RMSE R? RMSE Total Difference
NDVI 20 0.60 2.54 0.67 2.29  60.80 -60.80
40 0.65 237 0.72 214  29.72 -29.72
60 0.66 2.34 0.74 2.06 3.29 -3.29
80 0.68 2.25 0.76 1.95  20.35 20.35
100 0.70 220 0.78 1.87  41.55 41.55
120 0.70 2.18 0.79 1.84  60.25 60.25

Table E.1 continued on next page
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A CAyg
VI Vcemax R? RMSE R? RMSE Total Difference
140 0.70 2.17  0.79 1.81 76.74 76.74
160 0.70 2.19  0.79 1.82  90.93 90.93

180 0.69 222 0.79 1.82  102.80 102.80
200 0.68 227 0.79 1.85 11291 112.91

EVI 20 0.60 253  0.69 224 62.04 -62.04
40 0.65 236 0.73 2.08  32.00 -32.00

60 0.66 234 0.75 2.01 6.43 -6.43

80 0.68 225 0.77 1.91 16.51 16.51

100 0.70 220 0.79 1.84 37.11 37.11

120 0.70 218 0.80 1.81  55.20 55.20

140 0.70 2.18 0.80 1.79  71.16 71.16

160 0.70 2.20  0.80 1.80  85.01 85.01

180 0.69 2.23  0.80 1.81  96.73 96.73

200 0.68 227 0.79 1.84 106.47 106.47

CCI 20 0.60 253 0.70 220 6191 -61.91
40 0.65 237 0.74 2.05 31.75 -31.75

60 0.66 234 0.76 1.97 6.06 -6.06

80 0.68 226 0.78 1.88  16.99 16.99

100 0.70 220 0.80 1.81  37.66 37.66

120 0.70 2.18 0.80 1.78  55.96 55.96

140 0.70 2.18 0.80 .77 72.07 72.07

160 0.70 220 0.80 1.79  86.03 86.03

180 0.69 2.22  0.80 1.80  97.87 97.87

200 0.68 227 0.79 1.83 107.70 107.70

NIRv 20 0.60 253 0.69 223 62.21 -62.21
40 0.6 236  0.73 2.08 3231 -32.31

60 0.66 234 0.75 2.01 6.85 -6.85

80 0.68 225 0.77 1.91  15.99 15.99

100 0.70 220 0.79 1.84 36.48 36.48

120 0.70 2.18 0.80 1.80  54.48 54.48

140 0.70 2.18 0.80 1.79  70.39 70.39

160 0.70 2.20 0.80 1.80  84.15 84.15

180 0.69 2.23  0.80 1.81  95.85 95.85

200 0.68 227 0.79 1.84 105.51 105.51

GPPy; 20 0.60 253 0.70 2.18 62.64 -62.64
40 0.6 236  0.74 204 3311 -33.11

60 0.66 234 0.76 1.96 7.94 -7.94

80 0.68 226 0.78 1.87  14.70 14.70

100 0.70 220 0.80 1.81  35.02 35.02

120 0.70 2.18 0.80 1.78  52.89 52.89

140 0.70 2.18 0.80 1.77  68.69 68.69

160 0.70 220 0.80 1.78  82.45 82.45

Table E.1 continued on next page
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A CAyg
VI Vemax R? RMSE R? RMSE Total Difference
180 0.69 2.23  0.80 1.81 94.15 94.15

200 0.68 227 0.79 1.84 103.70 103.70

E.1.2 All years

Table E.2: Results from iterative runs of the Simple Biosphere model (SiBx) with
different Vemax (vm60 = Static Vemax value of 60 pmolm?s™!, vmCCI = dy-
namic Vemax derived from CCI time series, vinGPP = dynamic Vemax derived
from GPPy; time series, vmDy = dynamic Vemax time series derived from model
optimisation (for development of dynamic Vemax see Section 2.6.2)) and Vegetation
Index (VI) (NDVI, EVI, CCI, NIRv GPPy;) inputs, with and without a drought
stress term (Sy) over the total study period (2015 - 2018). The S; was derived from
VPD (see Section 2.5.2.1 (p.63)). For each model run, the leaf level gross photo-
synthesis (A) and the canopy level gross photosynthesis (C'Ag) were compared to
Flux Tower Gross Primary Productivity (ftGPP) using liner regression analysis to
give R? and RMSE (tC ha™! yr=!). Over the full study period, total gross primary
productivity (GPP or C'Ag) was calculated for each SiBx run and is presented (To-
tal, tC ha™' yr=!'). The difference between SiBx total GPP and ftGPP total GPP
across the four years is presented (Diff., tC ha™! yr=!). For full VI names, formula
and references see Table 2.2 (p.58).

A C'Ag
VI  Vcmax R? RMSE R? RMSE Total Diff.

NDVI vm60 S; 0.63 244 0.74 2.06 90.55 -5.02
- 0.66 234 0.74 206 9229 -3.29

vmCCI S; 0.68 225 0.73 2.09 9470 -0.88

- 0.70 220 0.73 2.09 96.64 1.06

vmDy S; 0.73 2.06 0.79 1.82 94.35 -1.23

- 0.74 2.02 0.78 1.87 96.35 0.77

vmGPP S; 0.69 223 0.73 209 9536 -0.21

- 071 217 0.73 209 9732 1.74

EVI vm60 S; 0.63 244  0.75 2.01 90.87 -4.70
- 0.66 234 0.75 201 92.61 -297

vimCCI S; 0.68 226 0.74 204 9499 -0.58

- 0.70 220 0.74 205 96.93 1.36

vmDy S; 0.73 2.07  0.80 1.81 94.86 -0.72

- 0.74 2.03 0.79 1.85 96.86 1.29

vmGPP  S; 0.69 223 0.74 2.05 95.69 0.12

- 0.71 217 0.74 205 97.65 2.07

Table E.2 continued on next page
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A CAg
VI  Vcmax R? RMSE R? RMSE Total Diff.
NIRv vm60 Sy; 0.63 2.44  0.75 2.01 90.87 -4.71
- 0.66 234 0.75 2.01 92.61 -2.97
vimCCI S; 0.68 2.26 0.74 2.04 9497 -0.60
- 0.70 2.20 0.74 204 9691 1.34
vmDy S; 0.73 2.06 0.80 1.81 94.87 -0.70
- 0.74 2.03 0.79 1.85 96.88 1.30
vmGPP S; 0.69 223 0.74 2.04 95.67 0.10
- 0.71 2.17 0.74 2.05 97.63 2.06
GPP vm60 Sy 0.63 2.44  0.76 1.97 90.68 -4.90
- 0.66 2.34  0.76 1.95 92.36 -3.22
vmCCI S; 0.68 2.26 0.74 2.02 94.74 -0.84
- 0.70 220 0.75 2.02 96.62 1.05
vmDy S; 0.73 2.07 0.79 1.81 94.72 -0.86
- 0.74 2.03 0.79 1.83 96.65 1.08
vimGPP S; 0.69 223 0.74 2.04 9545 -0.12
- 071 2.17  0.74 2.03 9735 1.78
Static vm60 S; 0.63 2.43 0.74 2.03 92.09 -3.48
- 0.66 2.33  0.75 2.00 93.73 -1.84
vmDy S; 0.68 2.26 0.76 1.97 95.55 -0.02
- 0.70 2.20  0.76 1.97 9738 1.81
vmCCI S; 0.74 2.06 0.78 1.88 95.88 0.31
- 0.75 2.02 0.78 1.89 97.77 2.19
vmGPP S; 0.69 2.23 0.76 1.97 96.18 0.60
- 0.70 2.17  0.76 1.96 98.03 2.45
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E.1.3 Individual years

Table E.3: Results from iterative runs of the Simple Biosphere model (SiBx) with
different Vemax (vin60 = Static Vemax value of 60 pmolm?s™!, vmCCI = dy-
namic Vemax derived from CCI time series, vinGPP = dynamic Vemax derived
from GPPyp time series, vimDy = dynamic Vemax time series derived from model
optimisation (for development of dynamic Vemax see Section 2.6.2)) and Vegetation
Index (VI) (NDVI, EVI, CCI, NIRv GPPy;) inputs, with and without a drought
stress term (Sy) for each study year (2015 - 2018). The S, was derived from VPD
(see Section 2.5.2.1 (p.63)). For each model run, the leaf level gross photosynthesis
(A) and the canopy level gross photosynthesis (C'Ag) were compared to Flux Tower
Gross Primary Productivity (ftGPP) using liner regression analysis to give R? and
RMSE (tC ha™! yr=1). Over each study year, total gross primary productivity (GPP
or C'Ag) was calculated for each SiBx run and is presented (Total, tC ha™! yr=1).
The difference between SiBx total GPP and ftGPP total GPP for each year is pre-
sented (Diff., tC ha™! yr=!). For full VI names, formula and references see Table
2.2 (p.58).

A CAg
VI  Vemax Year R? RMSE R?2 RMSE Total Diff.

NDVI vm60 2015 S; 0.67 2.10  0.77 1.74 21.84 -0.32
- 0.67 2.10  0.77 1.76 21.98 -0.18

2016 S; 0.63 251 0.72 217 2334 -1.62

- 0.65 245 0.73 2.13 2345 -1.51

2017 S; 0.62 2.64 0.72 226 2331 -2.19

- 0.63 261 0.72 226 2351 -1.99

2018 S; 0.61 241 0.73 1.98 22.06 -0.90

- 0.71 2.08 0.74 1.94 2335 0.39

vmCCI 2015 Sy 0.73 1.91 0.76 1.80 23.20 1.05
- 0.73 1.92  0.75 1.82 2336 1.21

2016 Sq 0.69 229 0.73 2.13 24.63 -0.33

- 0.71 224 0.74 210 2476 -0.20

2017 S; 0.66 250 0.71 230 24.72 -0.78

- 0.66 248 0.71 230 2494 -0.56

2018 S; 0.67 221 0.73 2.01 2216 -0.81

- 0.71 206 0.71 2.06 23.58 0.62

vmDy 2015 S; 0.77 1.76  0.83 1.53 2285 0.70
- 0.76 1.78  0.82 1.57 23.01 0.86

2016 S; 0.71 222 0.77 1.97 2431 -0.65

- 0.72 217 0.78 1.93 24.44 -0.52

2017 S; 0.73 2.20 0.78 2.00 2425 -1.25

- 0.74 220 0.78 2.02 2447 -1.03

2018 S; 0.74 1.98 0.80 1.70 2294 -0.02

- 0.78 1.80 0.78 1.78 2442 1.46

vmGPP 2015 S; 0.74 1.87 0.76 1.80 2343 1.27
- 0.73 1.89 0.75 1.82 2359 144

2016 S; 0.71 221 0.74 2.09 2521 0.25

Table E.3 continued on next page
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A CAyg
VI  Vemax Year R? RMSE R? RMSE Total Diff.

- 0.72 217 0.75 2.06 2535 0.39
2017 Sq 0.65 252 0.70 2.35 24714 -0.76
- 0.66 2.50  0.70 234 2496 -0.54
2018 Sy 0.69 214 0.74 1.98 21.99 -0.97
- 0.72 2.02 0.72 2.04 2342 0.46

EVI vm60 2015 S; 0.67 2.10 0.80 1.65 21.95 -0.21
- 0.67 2.10  0.79 1.67 22.09 -0.07

2016 S; 0.63 2,51 0.72 2.19 23.30 -1.66

- 0.6 245 0.73 214 2341 -1.55

2017 S 0.62 2.65 0.73 221 2340 -2.10

- 0.63 2.61 0.73 221 23.61 -1.89

2018 S; 0.61 241 0.75 1.91 2222 -0.74

- 0.71 2.08 0.77 1.85 23.50 0.54

vmCCI 2015 S; 0.73 1.91 0.78 1.70 23.27 1.12
- 0.72 1.93 0.78 1.73 2344 1.28

2016 S; 0.69 228 0.72 217 24.60 -0.36

- 0.71 224 0.73 213 2474 -0.22

2017 S; 0.66 2.50 0.72 227 2484 -0.66

- 0.66 248 0.72 227 25.07 -0.43

2018 Sy 0.67 221 0.75 1.91 2228 -0.69

- 0.71 2.06 0.74 1.97 23.70 0.73

vmDy 2015 S; 0.77 1.75  0.83 1.51 23.03 0.87
- 0.77 1.77  0.82 1.55 23.19 1.04

2016 Sy 0.71 223 0.77 1.96 24.26 -0.70

- 0.72 218 0.78 1.92 2439 -0.57

2017 Sq 0.73 220 0.78 1.99 2440 -1.10

- 0.73 220 0.78 2.01 24.63 -0.87

2018 Sy 0.74 1.98 0.81 1.69 23.17 0.21

- 0.78 1.80  0.80 1.74 24.65 1.69

vmGPP 2015 S; 0.74 1.88 0.78 1.70 23.51 1.35
- 073 1.89 0.78 1.73 23.67 1.52

2016 S; 0.71 221 0.73 213 2521 0.25

- 0.72 217 0.74 2.10 2534 0.38

2017 Sg 0.65 253 0.71 231 2486 -0.64

- 0.66 251 0.71 232 25.09 -041

2018 Sy 0.69 2.14  0.76 1.88 2212 -0.84

- 0.72 2.02 0.74 1.95 23.54 0.58

CCI vm60 2015 S; 0.67 2.10 0.80 1.64 2240 0.25
- 0.67 2.10  0.79 1.67 2255 0.39

2016 Sy 0.63 252 0.75 2.07 2327 -1.69

- 0.65 246 0.76 2.03 23.38 -1.58

2017 Sy 0.62 2.64 0.73 222 2358 -1.92

- 0.63 2.61 0.73 222 2378 -1.72

Table E.3 continued on next page
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A CAg
VI  Vemax Year R? RMSE R? RMSE Total Diff.

2018 S; 0.61 241 0.76 1.88 2149 -1.47

- 0.71 2.08 0.77 1.83 22.73 -0.23

vmCCI 2015 S; 0.73 1.91 0.78 171 23.78 1.63
- 0.72 1.93 0.77 1.74 2395 1.80

2016 S; 0.69 229 0.75 2.06 2456 -0.40

- 0.7 224 0.76 2.02 2469 -0.27

2017 S; 0.66 2.50 0.71 2.29 25.01 -0.49

- 0.66 248 0.71 2.28 2524 -0.26

2018 S; 0.67 221 0.75 1.90 21.53 -1.43

- 071 206 0.74 1.97 2290 -0.06

vmDy 2015 S; 0.77 1.76  0.83 1.01 23,52 1.37
- 0.76 1.78  0.82 1.55 23.69 154

2016 S; 0.71 223 0.78 1.93 2431 -0.65

- 0.72 218 0.79 1.90 24.44 -0.52

2017 Sy 0.73 221 0.78 1.99 2456 -0.94

- 0.73 220 0.78 2.01 2479 -0.71

2018 S; 0.73 1.98 0.81 1.67 22.39 -0.57

- 0.78 1.79  0.80 1.73 23.81 0.85

vmGPP 2015 S; 0.74 1.88  0.78 1.71 24.02 1.86
- 073 1.89 0.77 1.74 2419 2.03

2016 S; 0.71 222 0.76 2.02 25.16 0.20

- 0.72 217 0.77 1.99 2530 0.34

2017 S; 0.65 252 0.70 2.33 25.05 -0.45

- 0.66 2.50  0.70 233 2527 -0.23

2018 S; 0.69 214 0.76 1.87 21.38 -1.58

- 0.72 201 0.74 1.96 2277 -0.20

NIRv vm60 2015 S; 0.67 2.10 0.80 1.65 21.87 -0.28
- 0.67 2.10 0.79 1.68 22.01 -0.14

2016 S; 0.63 251  0.72 2.19 23.38 -1.58

- 0.6 245 0.73 215 2349 -147

2017 S; 0.62 265 0.73 220 23.38 -2.12

- 0.63 261 0.73 220 2358 -1.91

2018 S; 0.61 241 0.76 1.90 2224 -0.72

- 0.71 2.08 0.77 1.85 23.52 0.56

vmCCI 2015 S; 0.73 1.91 0.79 1.70 23.19 1.04
- 0.72 1.92 0.78 1.73 2335 1.20

2016 S; 0.69 228 0.72 217 24.68 -0.28

- 0.71 224 0.73 2.14 2481 -0.15

2017 S; 0.66 2.50 0.72 2.25 2481 -0.69

- 0.66 248 0.72 226 25.04 -0.46

2018 S; 0.67 221 0.75 1.91 2229 -0.67

- 0.71 206 0.74 1.96 23.71 0.75

vmDy 2015 S; 0.77 1.75  0.83 1.51 2295 0.80

Table E.3 continued on next page
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A CAyg
VI  Vcmax Year R? RMSE R? RMSE Total Diff.
- 0.76 1.78  0.82 1.55 23.12 0.96
2016 S; 0.71 2.23  0.77 1.96 24.34 -0.62
- 0.72 2.18 0.78 1.93 24.47 -0.49
2017 Sy 0.73 2.20 0.78 1.98 24.39 -1.11
- 0.74 2.20 0.78 2.00 24.63 -0.87
2018 S; 0.74 1.98 0.81 1.69 23.19 0.23
- 0.78 1.80 0.80 1.74 24.67 1.71
vimnGPP 2015 S; 0.74 1.88 0.79 1.70 23.42 1.27
- 0.73 1.89 0.78 1.73 2359 1.43
2016 Sy 0.71 221 0.73 2.14 2528 0.32
- 072 216 0.74 2.10 2542 046
2017 S; 0.65 2.53 0.71 2.30 24.84 -0.66
- 0.66 2.50 0.71 2.30 25.06 -0.43
2018 S; 0.69 2.14 0.76 1.88 22.13 -0.83
- 0.72 2.02 0.74 1.95 23.56 0.60
GPP vm60 2015 S; 0.67 2.10 0.80 1.63 22.36 0.21
- 0.67 2.10 0.79 1.66 22.51 0.35
2016 S; 0.63 2.52  0.75 2.06 2345 -1.51
- 0.65 2.45 0.76 2.02 2357 -1.39
2017 Sy 0.62 2.64 0.73 2.22 2342 -2.08
- 0.63 2.61 0.73 2.22 23.62 -1.88
2018 S; 0.61 241 0.76 1.86 21.45 -1.52
- 071 2.07 0.78 1.80 22.67 -0.29
vmCCI 2015 S; 0.73 1.91 0.79 1.69 23.72 1.56
- 072 1.92 0.78 1.72 23.88 1.73
2016 S; 0.69 2.29 0.76 2.03 24.73 -0.23
- 071 224  0.77 2.00 24.86 -0.10
2017 S; 0.66 2.50 0.71 2.29 2483 -0.67
- 0.66 2.48 0.71 2.29 25.05 -0.45
2018 S; 0.67 2.21  0.76 1.87 21.46 -1.50
- 0.71 2.06 0.75 1.94 2282 -0.14
vmmDy 2015 S; 0.77 1.76  0.83 1.51 23.48 1.32
- 0.76 1.78  0.82 1.55 23.65 1.49
2016 S; 0.71 2.23 0.78 1.93 24.51 -0.45
- 072 2.18 0.79 1.90 24.65 -0.31
2017 Sy 0.73 2.20 0.78 1.99 24.38 -1.12
- 0.73 2.20 0.78 2.01 24.61 -0.89
2018 S; 0.73 1.98 0.81 1.69 2234 -0.62
- 0.78 1.79 0.80 1.73 23.75 0.79
vinGPP 2015 S; 0.74 1.88 0.79 1.69 2395 1.79
- 0.73 1.89 0.78 1.72 2412 1.96
2016 S; 0.71 2.22  0.76 2.01 2533 0.37
- 0.72 2.17 0.77 1.98 25.47 0.51

Table E.3 continued on next page
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Table E.3 continued from previous page

A CAg
VI  Vemax Year R? RMSE R? RMSE Total Diff.

2017 S; 0.65 252 0.70 234 2486 -0.64
- 0.66 250  0.70 234 25.09 -0.41
2018 Sy 0.69 2.14 0.77 1.85 21.31 -1.65
- 0.72 202 0.75 1.92 22.68 -0.28

Static 2015 Sy 0.67 2.10  0.79 1.70 22,52 0.37
vm60 - 0.67 2.09 0.78 1.72 22,66 0.50
2016 S; 0.63 251 0.72 217 2347 -1.49

- 0.65 245 0.74 212 2357 -1.39

2017 Sy 0.62 263 0.73 221 23.63 -1.87

- 0.63 2.60 0.73 221 23.82 -1.68

2018 S; 0.61 241 0.74 1.97 2248 -0.48

- 0.71 2.07 0.78 1.80 23.68 0.71

vmCCI 2015 S; 0.73 1.92  0.80 1.65 23.70 1.55
- 0.72 1.93  0.79 1.68 23.86 1.70

2016 S; 0.69 229 0.76 2.03 2454 -0.42

- 0.70 224 0.77 2.00 24.67 -0.29

2017 S; 0.66 2,50 0.73 221 2491 -0.59

- 0.66 248 0.73 2.21 2512 -0.38

2018 Sy 0.67 221 0.76 1.88 2240 -0.56

- 0.71 206 0.76 1.88 23.73 0.77

vmDy 2015 S; 0.77 1.74 081 1.58 23.56 1.40
- 077 1.76  0.80 1.62 2372 1.56

2016 S; 0.71 222 0.75 2.07 2444 -0.52

- 0.72 217 0.76 2.02 2456 -0.40

2017 S; 0.73 220 0.78 1.99 2451 -0.99

- 0.74 219 0.78 2.01 2473 -0.77

2018 S; 0.73 1.98 0.79 1.78 23.38 0.42

- 0.78 1.79  0.80 1.72 2476 1.79

vmGPP 2015 S; 0.74 1.88  0.80 1.64 2390 1.75
- 0.73 1.89 0.79 1.67 24.06 1.91

2016 Sy 0.71 222 0.77 1.99 25.12 0.16

- 0.72 217 0.77 1.96 25.25 0.29

2017 S; 0.65 253  0.72 2.25 2491 -0.59

- 0.65 251  0.72 2.25 2513 -0.37

2018 Sy 0.69 214 0.77 1.84 2225 -0.71

- 0.72 202 0.77 1.86 23.59 0.63
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E.1.4 Seasonal runs

Table E.4: Results from iterative runs of the Simple Biosphere model (SiBx) with
different Vemax (vm60 = Static Vemax value of 60 pmolm?s™, vimCCI = dy-
namic Vemax derived from CCI time series, vinGPP = dynamic Vemax derived
from GPPy; time series, vimDy = dynamic Vemax time series derived from model
optimisation (for development of dynamic Vemax see Section 2.6.2)) and Vegetation
Index (VI) (NDVI, EVI, CCI, NIRv GPPyy) inputs, with and without a drought
stress term (S;) for each season (Winter = December - February, Spring = March -
May, Summer = June - August, Autumn = September - November) acorss the study
period (2015 - 2018). The S, was derived from VPD (see Section 2.5.2.1 (p.63)). For
each model run, the leaf level gross photosynthesis (A) and the canopy level gross
photosynthesis (C'Ag) were compared to Flux Tower Gross Primary Productivity
(ftGPP) using liner regression analysis to give R? and RMSE (tC ha™! yr~'). For
each season, total gross primary productivity (GPP or C'Ag) was calculated for each
SiBx run and is presented (Total, tC ha™! yr~!). The difference between SiBx total
GPP and ftGPP total GPP for each season is presented (Diff., tC ha™! yr~!). For
full VI names, formula and references see Table 2.2 (p.58).

A CAyg
VI Vecmax  Season R? RMSE R? RMSE Total Diff.

NDVI vm60 Autumn S; 0.53 1.85 0.66 1.58 22.68 3.69
- 053 1.85 0.66 1.58 22.68 3.69

Spring Sy 0.42 2.04 0.51 1.87 22.03 -4.61

- 042 2.05 0.51 1.88 22.09 -4.56

Summer S; 0.09 249 0.12 2.44 35.33 -6.16

- 0.03 2.57 0.05 2.54 37.01 -4.48

Winter S; 0.31 0.90 0.29 091 10.39 1.93

- 031 0.90 0.29 091 10.39 1.93

vinCCI  Autumn S; 0.60 1.70  0.68 1.52 23.64 4.65
- 0.60 1.70  0.68 1.52 23.64 4.65

Spring Sy 0.46 1.98 0.51 1.89 20.64 -6.01

- 0.46 1.98 0.50 1.90 20.69 -5.95

Summer S; 0.16 2.39 0.18 2.36 40.41 -1.08

- 0.12 2.45 0.12 2.44 4230 0.81

Winter S; 0.28 0.92 0.26 093 989 143

- 0.28 0.92 0.26 093 989 143

vmDy Autumn S; 0.63 1.64 0.69 1.50 20.86 1.87
- 0.63 1.64 0.69 1.50 20.86 1.87

Spring Sy 0.47 1.96 0.53 1.85 24.82 -1.82

- 0.46 1.97  0.52 1.86 24.89 -1.76

Summer Sy 0.11 246 0.15 2.40 39.69 -1.79

- 0.04 2.55 0.06 2.53 41.63 0.14

Winter S; 0.37 0.85 0.38 0.85 885 0.40

- 0.37 0.85 0.38 0.85 885 0.40

vinGPP  Autumn S; 0.62 1.67 0.68 1.52 23.48 4.50
- 0.62 1.67 0.68 1.52 23.48 4.50

Table E.4 continued on next page
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Table E.4 continued from previous page

A CAyg
VI  Vcmax Season R? RMSE R? RMSE Total Diff.
Spring Sy 0.44 2.00 0.49 1.91 20.51 -6.14
- 0.44 2.01 049 1.92 20.56 -6.08
Summer S; 0.17 2.38 0.19 2.35 41.45 -0.04
- 0.14 242 0.14 2.42 43.35 1.86
Winter S; 0.29 0.91 0.27 0.92 980 1.35
- 0.29 0.91 0.27 0.92 980 1.35
EVI vm60 Autumn S; 0.53 1.85 0.66 1.56 22.26 3.27
- 0.53 1.85 0.66 1.56 22.26 3.27
Spring Sy 0.42 2.04 0.50 1.90 22.56 -4.09
- 042 2.05 0.50 1.90 22.61 -4.04
Summer S; 0.09 2.49 0.13 2.43 35.61 -5.87
- 0.03 2.56 0.06 2.52 3729 -4.19
Winter S; 0.31 0.90 0.31 0.90 10.33 1.87
- 031 0.90 0.31 0.90 10.33 1.87
vmmCCI  Autumn S; 0.60 1.70  0.69 1.50 23.22 4.23
- 0.60 1.70  0.69 1.50 23.22 4.23
Spring Sy 0.46 1.98 0.50 1.90 21.10 -5.55
- 046 1.98 0.50 1.91 21.15 -5.49
Summer S; 0.16 2.39 0.18 2.35 40.73 -0.75
- 0.11 245 0.13 2.43 4262 1.13
Winter S; 0.28 0.92 0.28 0.92 983 1.37
- 0.28 0.92 0.28 0.92 983 1.37
vmDy Autumn S; 0.63 1.64 0.69 1.49 20.49 1.51
- 0.63 1.64 0.69 1.49 2049 1.51
Spring S; 0.47 1.96 0.51 1.87 2542 -1.23
- 046 1.97 0.51 1.88 25.49 -1.16
Summer Sy 0.11 2.46 0.16 2.39 40.01 -1.48
- 0.04 2.56 0.07 2.51 4194 0.46
Winter S; 0.37 0.85 0.38 0.85 882 0.36
- 0.37 0.85 0.38 0.85 882 0.36
vimGPP  Autumn S; 0.61 1.67 0.69 1.51 23.08 4.09
- 061 1.67 0.69 1.51 23.08 4.09
Spring S; 0.44 2.00 0.49 1.92 20.98 -5.66
- 0.44 2.01 0.49 1.93 21.04 -5.61
Summer Sy 0.17 2.38 0.19 2.34 41.77 0.29
- 0.14 242 0.15 2.40 43.67 2.19
Winter S; 0.29 0.91 0.29 091 974 128
- 0.29 0.91 0.29 091 9.714 128
CClI vm60 Autumn S; 0.53 1.84 0.66 1.56 21.73 2.74
- 0.53 1.84 0.66 1.56 21.73 2.74
Spring Sy 0.42 2.04 0.50 1.89 22.62 -4.02
- 0.42 2.04 0.50 1.90 22.67 -3.97
Summer S; 0.09 2.49 0.13 2.43 35.73 -5.76

Table E.4 continued on next page
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Table E.4 continued from previous page

A CAyg
VI  Vemax  Season R? RMSE R?> RMSE Total Diff.
- 0.03 2.56  0.08 2.50 37.37 -4.11
Winter S; 0.31 0.90 0.34 0.88 10.55 2.09
- 031 0.90 0.34 0.88 10.55 2.09
vmnCCI  Autumn S; 0.60 1.70  0.68 1.53 22.66 3.68
- 0.60 1.70  0.68 1.53 22.66 3.68
Spring Sy 0.46 1.98 0.49 1.91 21.17 -5.48
- 046 1.98 0.49 1.92 21.22 -5.43
Summer S; 0.16 2.39  0.18 2.36 40.90 -0.59
- 0.12 2.45 0.14 2.42 42775 1.26
Winter S; 0.28 0.92 0.31 0.90 10.04 1.58
- 0.28 0.92 0.31 0.90 10.04 1.58
vmDy Autumn S; 0.63 1.64 0.69 1.51 20.01 1.02
- 0.63 1.64 0.69 1.51 20.01 1.02
Spring Sy 0.47 1.96 0.51 1.87 25.47 -1.17
- 046 1.97 0.51 1.88 25.53 -1.11
Summer S; 0.11 2.46 0.15 2.40 40.14 -1.35
- 0.04 2.55  0.08 2.50 42.03 0.55
Winter S; 0.37 0.85 0.39 0.85 9.04 0.58
- 0.37 0.85 0.39 0.85 9.04 0.58
vinGPP  Autumn S; 0.62 1.67 0.68 1.53 2254 3.56
- 0.62 1.67 0.68 1.53 22.54 3.56
Spring Sy 0.44 2.00 0.48 1.93 21.04 -5.61
- 044 2.01 048 1.94 21.09 -5.55
Summer S; 0.17 2.38 0.18 2.35 41.96 047
- 0.14 2.42  0.15 2.40 43.82 2.34
Winter Sy 0.29 0.91 0.32 0.89 995 1.50
- 0.29 0.91 0.32 0.89 995 1.50
NIRv vm60 Autumn S; 0.53 1.85 0.66 1.56 22.22 3.24
- 0.53 1.85 0.66 1.56 22.22 3.24
Spring Sy 0.42 2.04 0.50 1.89 22.61 -4.04
- 042 2.05 0.50 1.90 22.67 -3.98
Summer S; 0.09 2.49 0.13 2.43 35.59 -5.90
- 0.03 2.57 0.06 2.53 37.27 -4.22
Winter S; 0.31 0.90 0.31 0.90 10.33 1.87
- 031 0.90 0.31 0.90 10.33 1.87
vmnCCI  Autumn S; 0.60 1.70  0.69 1.50 23.18 4.19
- 0.60 1.70  0.69 1.50 23.18 4.19
Spring Sy 0.46 1.98 0.50 1.90 21.15 -5.49
- 046 1.98 0.50 191 21.21 -5.44
Summer S; 0.16 2.39 0.19 2.35 40.70 -0.79
- 0.11 2.45 0.13 2.43 4258 1.10
Winter S; 0.28 0.92 0.28 0.92 983 1.37
- 0.28 0.92 0.28 0.92 983 1.37

Table E.4 continued on next page

242
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A CAyg
VI  Vcmax Season R? RMSE R? RMSE Total Diff.
vmDy Autumn S; 0.63 1.64 0.69 1.49 20.46 1.47
- 0.63 1.64 0.69 1.49 20.46 1.47
Spring Sy 0.47 1.96 0.51 1.87 2548 -1.16
- 046 1.97 0.51 1.88 25.55 -1.10
Summer Sy 0.11 2.46 0.16 2.39 39.99 -1.50
- 0.04 2.56 0.07 2.52 4193 0.45
Winter Sy 0.37 0.85 0.38 0.85 882 0.37
- 0.37 0.85 0.38 0.85 882 0.37
vinGPP  Autumn S; 0.62 1.67 0.69 1.51 23.04 4.05
- 0.62 1.67 0.69 1.51 23.04 4.05
Spring S; 0.44 2.00 0.49 1.92 21.04 -5.61
- 0.44 2.01 049 1.92 21.09 -5.55
Summer Sy 0.17 2.38 0.19 2.34 41.74 0.25
- 0.13 242 0.15 2.40 43.64 2.16
Winter S; 0.29 0.91 0.29 091 974 1.29
- 0.29 0.91 0.29 091 974 1.29
GPP vm60 Autumn S; 0.53 1.85 0.66 1.56 21.52 2.53
- 0.53 1.85 0.66 1.56 21.52 2.53
Spring Sy 0.42 2.04 049 1.92 22.86 -3.79
- 0.42 2.04 0.49 1.92 2291 -3.73
Summer S; 0.09 2.49 0.13 2.43 3557 -5.92
- 0.03 2.56 0.08 2.50 37.20 -4.29
Winter S; 0.31 0.90 0.35 0.87 10.61 2.15
- 031 0.90 0.35 0.87 10.61 2.15
vinCCI  Autumn S; 0.60 1.70  0.68 1.52 22.46 3.47
- 0.60 1.70  0.68 1.52 22.46 3.47
Spring Sy 0.46 1.97 0.49 1.92 21.37 -5.27
- 046 1.98 0.49 1.92 21.43 -5.22
Summer S; 0.16 2.39 0.18 2.36 40.70 -0.79
- 0.12 245 0.14 2.41 4252 1.04
Winter S; 0.28 0.92 0.32 0.89 10.09 1.64
- 0.28 0.92 0.32 0.89 10.09 1.64
vmDy Autumn S; 0.63 1.64 0.69 1.50 19.82 0.83
- 0.63 1.64 0.69 1.50 19.82 0.83
Spring Sy 0.47 1.96 0.51 1.89 25.74 -0.90
- 046 1.97 0.50 1.90 25.81 -0.84
Summer S; 0.11 2.46 0.15 2.41 3994 -1.55
- 0.04 2.55 0.08 2.49 4181 0.32
Winter S; 0.37 0.85 0.39 0.84 9.10 0.64
- 0.37 0.85 0.39 0.84 9.10 0.64
vmGPP  Autumn S; 0.62 1.67 0.68 1.53 2233 3.34
- 0.62 1.67 0.68 1.53 2233 3.34
Spring S; 0.44 2.00 048 1.95 21.25 -5.40
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A CAyg
VI  Vcmax Season R? RMSE R? RMSE Total Diff.
- 0.44 2.01 047 1.95 21.30 -5.35
Summer S; 0.17 2.38 0.18 2.36 41.75 0.26
- 0.14 2.42  0.15 2.40 43.60 2.11
Winter Sy 0.29 0.91 0.33 0.89 10.01 1.55
- 0.29 0.91 0.33 0.89 10.01 1.55
Static vm60 Autumn S; 0.53 1.84 0.64 1.62 2195 2.96
- 0.53 1.84 0.64 1.62 21.95 2.96
Spring Sy 0.42 2.04 0.49 1.93 24.73 -1.92
- 042 2.05 048 1.93 24.78 -1.86
Summer S; 0.09 2.49 0.10 2.48 33.76 -7.72
- 0.03 2.56  0.03 2.56 35.34 -6.14
Winter S; 0.31 0.90 0.34 0.88 11.52 3.07
- 031 0.90 0.34 0.88 11.52 3.07
vmCCI  Autumn S; 0.60 1.69 0.67 1.54 22.85 3.87
- 0.60 1.69 0.67 1.54 22.85 3.87
Spring Sy 0.46 1.98 0.50 1.90 23.09 -3.56
- 045 1.98 0.49 1.91 23.15 -3.50
Summer S; 0.15 2.39  0.17 2.38 38.52 -2.97
- 0.11 2.45 0.12 2.45 40.29 -1.19
Winter Sy 0.28 0.92 0.32 0.89 1096 2.51
- 0.28 0.92 0.32 0.89 1096 2.51
vmmDy Autumn S; 0.63 1.64 0.68 1.53 20.14 1.15
- 0.63 1.64 0.68 1.53 20.14 1.15
Spring Sy 0.47 1.96 0.51 1.89 27.84 1.19
- 047 1.96 0.50 1.89 2790 1.25
Summer Sy 0.11 246 0.11 2.46 3791 -3.58
- 0.04 2.55  0.04 2.56 39.73 -1.76
Winter S; 0.37 0.85 0.39 0.84 987 142
- 0.37 0.85 0.39 0.84 987 142
vinGPP  Autumn S; 0.62 1.66 0.68 1.53 22.71 3.73
- 0.62 1.66 0.68 1.53 22.71 3.73
Spring Sy 0.44 2.00 048 1.93 22.95 -3.69
- 044 2.01 048 1.94 23.01 -3.64
Summer S; 0.17 2.38 0.18 2.36 39.51 -1.97
- 0.14 2.42 0.14 2.42 41.31 -0.18
Winter Sy 0.29 0.91 0.32 0.89 10.87 241
- 0.29 0.91 0.32 0.89 10.87 241
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E.2 Additional VI figures
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Figure E.1: Relationship between mGPP and ftGPP (¢C m? d!) for four Vegetation
Indcies (VI) (EVI, CCI, NIRv, GPPvy, for NDVI results see Figure 6.9). The black
solid line is the regression line between the two variables. For full VI names, formula
and references see Table 2.2 (p.58).
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Figure E.2: Time series of flux tower Gross Primary Productivity (ftGPP, gC
m?d~!) and the SiBx modelled Gross Primary Productivity (mGPP, gC m?d™!)
across 2018. The black line is ftGPP. Red and blue lines are mGPP from SiBx model
runs using Vegetation Indices (VI) (EVI, CCI, NIRv GPPvyy, for NDVI results see
6.11) separated by choice of Vemax. Red line is the original model formulation while
the blue line includes a drought stress term (S;) based on vapour pressure deficit
(VPD). For full VI names, formula and references see Table 2.2 (p.58).
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