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ABBREVIATIONS

EPS — Epoxidation states

FWHM — Full Width at Half Maximum

GFS — Gas -exchange and Fluorescence System
HSI — Hyperspectral Imaging

LWP — Leaf Water Potential

NIR — Near infra-red spectrum (750-1000 nm)
NPQ — Non-photochemical Quenching

PAM — Pulse-amplitude Modulation fluorescence
PAR — Photosynthetically Active Radiation
PPFD — Photosynthetic Photon Flux Density

PRI — Photochemical Reflectance Index

REP — Red Edge Position

SWIR — Shortwave infra-red spectrum (1000-2500 nm)
VI — optical Vegetation Index



1 INTRODUCTION

Drought severity and frequency is increasing due to climate change (IPCC, 2019). This
has serious implications on the health of forests, and as an extent, the availability of
ecosystem services dependent on forests. Experiencing water stress leads to physiological
changes in trees leading to impaired growth and increased mortality (Mitchell et al., 2013;
Semerci et al., 2017). For example, the photosynthetic efficiency of trees declines as
stomata close in order for the plant to limit water loss due to transpiration, which limits
the intake of CO2through stomata (Tyree, 2003). Eventually, prolonged drought will lead
to death caused by either hydraulic failure or depletion of available carbohydrate storages
(Mitchell et al., 2013). Besides increased mortality and loss of forest ecosystem services,
low fuel moisture content, which is defined as the ratio of water mass to total plant dry

mass, is associated with an increased risk of wildfires (Chuvieco et al., 2020).

Remote sensing based approaches to drought detection and drought response monitoring
could aid in mitigating direct and indirect losses caused by drought (Chuvieco et al., 2020;
Ensminger, 2020). Remote sensing technologies allow for the collection of spatial
information and scaling across space. Additionally, as remote sensing is non-destructive,
repeat measurements can be performed on the same sample and development of drought
symptoms can be followed temporally (D’Odorico et al., 2021). Hyperspectral imaging
(HSI) is a remote sensing approach that integrates spatial and spectral information
(Mishra et al., 2020; Sari¢ et al., 2022). Previous research has demonstrated that spectral
information alone can provide diagnostic tools for detecting water content in plants
(Imanishi et al., 2004; Zhang et al., 2017). HSI could add a spatial dimension to spectral
drought monitoring, and aid for example in phenotyping for resistance breeding purposes.
There is currently a technological gap between existing phenotyping platforms and
genotyping methodologies, which HSI could potentially bridge (Feng et al., 2020). While
HSI has already been utilized in satellite and aerial imaging since the 1960s, its use has
been limited due to high costs and inaccessibility. Recently, compact, and more affordable
HSI cameras have entered the market. These systems have been applied in various fields
including agriculture, medicine, and food technology (Khan et al., 2018). Nevertheless,

their use in remote sensing of properties of trees and forests remains somewhat novel.



| first review the necessary scientific and theoretical background and then form the

hypotheses for the thesis.

1.2 Theoretical background

1.2.1 Spectroscopy in plant science

Spectroscopy refers to the measurement of the interaction between an object, such as a
plant, and electromagnetic radiation (Roy, 1989). When electromagnetic radiation
interacts with a plant, radiation is either transmitted, absorbed, or reflected (Roy, 1989;
Zahir et al., 2022). Additionally, a small amount of electromagnetic radiation is re-
emitted after absorption by the plant’s pigments as fluorescence. Fluorescence consist of
photons in the red spectral range re-emitted by chlorophyll in photosystem 1l (PSII)
returning to a lower excitation state instead of the absorbed energy being utilized in
photochemistry (Porcar-Castell et al., 2014). Plant spectroscopy is often concerned with
reflectance in the visible and near infra-red regions of electromagnetic radiation (Roy,
1989; Zahir et al., 2022). In this context, spectral reflectance refers to the portion of
radiation reflected by a surface from total radiation received by that surface, and is thus
either denoted as a value between 0 and 1 or a percentage at a given wavelength (Roy,
1989).

In plant science, spectral data can be used as a proxy for various physiological and
biochemical properties and functions of plants (Zeng et al., 2022). For example, liquid
water has distinct absorption peaks in NIR and shortwave infra-red (SWIR) domains,
which in a plant’s spectral signal translate to absorption features caused by leaf water in
the same regions (Watt et al., 2021). In a reflectance curve, these high absorption features
appear as low reflectance. Spectroscopy has also been applied in determining protein-
bound nitrogen content in dried plant matter by using absorption features in NIR and
SWIR domains caused by N-H bond stretching (Feret et al., 2021). SWIR spectroscopy

can also be used to assess phosphorous and hemicellulose content (Sari¢ et al., 2022).



Radiation in the visible electromagnetic spectrum (400-750 nm) has been extensively
utilized in photosynthetic research, because plant pigments involved in photosynthesis
have strong absorption features in this region (Wong et al., 2020; Zeng et al., 2022). Vital
to photosynthesis, the two types of chlorophyll in green plants, chlorophyll a and b, have
maximum absorption in the blue and red ranges of visible light. Due to chlorophyll
absorbance, reflectance in the green spectrum is higher in relation to the blue and red
regions, which is why plants appear green overall (Carvalho et al., 2011). Other pigment
families have differing absorption patterns. For example, anthocyanins have maximum
absorbance in the green region (530-550 nm), and carotenoids in the blue to green region
(Carvalho et al., 2011). Consequently, changes in the concentrations of pigments can
cause changes to the plant’s spectral properties, which can be detected with visible
spectroscopy (Zahir et al., 2022). Changes in these pigments can act as a proxy for
photosynthesis, so as an extension, using certain bands in the visible region and
spectroscopic methods, variation in photosynthetic activity can be monitored (Zeng et al.,
2022).

1.2.2 Optical vegetation indices

Features in a plant spectral curve are often actualized by calculating optical vegetation
indices (VIs). These Vs are calculated using two or more specific spectral bands (Sari¢
et al.,, 2022). For example, the normalized difference vegetation index (NDVI) is a
common VI used as an indicator of green vegetation in aerial imaging and is calculated
as the red: NIR reflectance ratio. NDVI is based on the low reflectance of plants in the
red region due to chlorophyll absorbance, and high scattering in the NIR region (Pettorelli
et al., 2005). Although NDVI1 is partially based on chlorophyll absorbances, it cannot be
used as a reliably proxy for chlorophyll content, as the scattering in NIR is greatly affected

by other factors including brightness of the canopy and soil (Xue and Su, 2017).

The photochemical reflectance index (PRI) is another widely used VI. It was originally
defined based on its sensitivity to the epoxidation state (EPS) of the xanthophyll cycle
(Gamon et al., 1992, 1990). The xanthophyll cycle refers to the reversible enzymatic de-

epoxidation of the pigment violaxanthin into antheraxanthin and further into zeaxanthin



(Fig. 1). This de-epoxidation happens under excessive light conditions and is reversed in
limiting light (Yamamoto and Kamite, 1972; Yamamoto, 1979). The xanthophyll cycle
is an essential part of photoprotective non-photochemical quenching (NPQ), which is a
mechanism through which a plant dissipates excessive absorbed light energy and evades
damage to PSII caused by photooxidation (Gamon et al., 1990, 1992; Wong et al., 2020).
EPS correlates with reflectance at around 531 nm (Rs31), which is why PRI is calculated

using Rss1 and a reference band Rszo at 570 nm (Gamon et al., 1990),.
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Figure 1. The xanthophyll cycle or the de-epoxidation of violaxanthin into zeaxanthin via
antheraxanthin. The red arrow points to the epoxide groups either enzymatically lost or
gained depending on the light conditions in each transformation. This figure is modified
from Fig. 1 in Gamon et al., (1992) and Fig 2. in Demmig-Adams, (1990).

Undergoing drought stress leads to downregulation of photosynthesis. This is contributed
to by the closing of stomatal openings. Stomata closes in order to preserve water and
avoid water loss by transpiration. This leads to lower intake of CO., which is vital to
photosynthesis. Consequently, this downregulation causes the level on which
photosynthesis is saturated and light conditions are excessive to be lower. This increases
the need for energy dissipation via the xanthophyll cycle in order to prevent
photooxidation (Demmig-Adams and Adams, 1996; D’Odorico et al., 2021). As a result,
PRI should be able to capture drought stress by detecting increased reversible
photoprotective energy dissipation in comparison to a non-drought stressed control. The
function of PRI as an indicator of drought has been demonstrated on various scales using

different species of mainly broadleaf trees. Suarez et al. (2008) reported that on a canopy



level, the PRI of olive orchard trees was sensitive to drought, but also affected by diurnal
dynamics. Ripullone et al. (2011) reported a 30-50% decreased in leaf level PRI in water
stressed trees of different broadleaf species with the exception of Populus euroamericana.
As there is apparent interspecies variability, it is notable that PRI response to drought has
also been reported in conifers. D’Odorico et al. (2021) successfully monitored the drought
affected PRI of mature Scots pines using drone-based multispectral imaging.

Besides capturing short-term diurnal and stress induced cycles in EPS, PRI also captures
long-term seasonal down-regulation of boreal evergreen conifers (Wong et al., 2020;
Wong and Gamon, 2015; Yang et al., 2020). But as the xanthophyll cycle becomes
inactive during colder seasons, this seasonal change correlates with overall chlorophyll:
carotenoid ratio rather than changes in EPS (Gamon et al., 2015; Wong and Gamon, 2015).
It is thus likely that the slower build-up of other carotenoids, like lutein, contribute to
photoprotection during this season (Wong and Gamon, 2015). During spring recovery,
the xanthophyll cycle reactivates in the early spring, indicating the activation of PSII.
This is followed by changes in pigment pool ratios characterized by increased chlorophyl|
and decreased carotenoids in relation to chlorophyll. Thus, the seasonal PRI cycle is
governed by this shift (Gamon et al., 2015; Wong and Gamon, 2015).

The red edge position (REP) refers to a point of local maximum slope located in the red
to near-infrared region between 680 and 750 nm (Cho and Skidmore, 2006; Filella and
Penuelas, 1994). This region coincides with the long wavelength end of the chlorophyll
absorption feature, where the plants reflectance curve shifts steeply from low reflectance,
due to the strong absorbance by chlorophyll in the red spectral region, to high reflectance
in the NIR region due to high scattering. Because of higher chlorophyll content shifts
REP towards longer wavelengths, REP can be used as an indicator of chlorophyll content.
Red edge parameters like REP are also affected by water stress, as water absorbance

affects reflectance in the immediate NIR region (Filella and Penuelas, 1994).



1.2.3 Hyperspectral imaging

Hyperspectral imaging (HSI) captures spatial information simultaneously with
corresponding spectroscopic information from tens to thousands of wavelengths. The
output of HSI is a cube consisting of two spatial dimensions (x and y), and one spectral
dimension consisting of the pre-selected wavelength bands (Mishra et al., 2020; Sowmya
et al., 2019). Each pixel, in addition to a two-dimensional coordinate location, has
radiance values corresponding to all the spectral bands of the cube’s spectral dimension.
Fig. 2 illustrates the three dimensions of an HSI cube, and a reflectance curve
corresponding to one plant pixel. Reflectance curves of a single pixel or a masked area

can be used to calculate VIs.

510 610 710 810
Wavelength (nm)

v

Figure 2. A diagram illustrating the spatial x- and y-dimensions, and the spectral
dimension of a hyperspectral cube and a reflectance curve corresponding to one pixel.

HSI cameras have different data capturing approaches. These include point-scanning,
line-scanning, and snapshot imaging (Sari¢ et al., 2022). Point-scanning, also called

7



whiskbroom scanning, involves the scanning of the whole spectral dimension at once, but
spatially pixel by pixel. Line-scanning cameras also measure the whole spectral
dimension instantly but proceed in pixel rows. Snapshot cameras scan the full spatial area
simultaneously. They can proceed on the spatial dimension one wavelength band at a time

or scan multiple bands simultaneously.

1.3 Hypothesis and detailed aims

This thesis aims to assess the feasibility of hyperspectral imaging in capturing progressive
drought stress development and recovery at a shoot level in boreal evergreen saplings
under greenhouse conditions. The two hypotheses addressed in this thesis are as follows:
1) there is a relationship between physiological variables (chlorophyll fluorescence
parameter F./Fn and leaf water potential) and optical vegetation indices from
hyperspectral imaging, and 2) the photochemical reflectance index captures reversible
photoprotective energy dissipation and responds to water stress, outperforming the

chlorophyll-based indices during the drought and recovery period.

2 MATERIAL AND METHODS

2.1 Research material

The material of this thesis consists of hyperspectral images, and physiological and
supporting data based on measurements performed on 8 individual 3-year-old Pinus
sylvestris seedlings (Fig. Al in Appendix 1) in August and September 2022. Sampling
and imaging was focused on current year needles in the primary shoot, which had reached
maturity by the start of the experiment. For the duration of the experiment, the seedlings
were grown in individual pots inside a greenhouse room in ambient conditions. Before
the start of the experiment, the seedlings were brought to the greenhouse in mid-May and
had thus adapted to greenhouse conditions. During treatment, half of the seedlings were
exposed to 18 days of drought, and half acted as control and were watered regularly.

Treatment assignment and position within the imaging grid was determined at random.



Measurements and imaging were concentrated around three primary measurement days,
which were: pre-drought (Aug 9th), height of drought (Aug 31st), and end of recovery
(Sep 8th). Non-imaging-based leaf level reflectance was only measured on these three
days using an OceanOptics USB2000+ (Ocean Optics®, Largo, FL, USA) spectrometer
under a white LED at photosynthetic photon flux density (PPFD) of 1000 umol-m?2-s1,
Physiological and supporting traits, which consisted of the maximum quantum yield of
PSII photochemistry of dark accumulated leaves (Fv/Fn), leaf water potential (LWP, Bar),
and relative soil moisture (SM, %), were measured every few days for the duration of pre-
drought, drought, and recovery periods. The detailed measurement schedule is available
in Table Al in Appendix 2.

2.1.1 Meteorological and soil conditions

Temperature within the greenhouse was logged at a 5-minute interval, and outside PPFD
(umol-m2-s7) every 1 hour, by pre-existing meteorological infrastructure. PPFD within
the greenhouse was recorded manually during the HSI protocol once per image. Relative
soil moisture (%) was measured at a depth of 10 cm in the random selected locations
using an ML3 ThetaProbe soil moisture sensor with an HH2 Soil Moisture Meter (Delta-
T Devices Ltd.,, Cambridge, UK). Due to the heterogeneity of the potting soil,

measurements were taken thrice per pot per day and averaged.

2.1.2 Leaf-water potential

Leaf water potential (LWP), which is representative of a leaf’s ability to retain water, was
measured daily or every 2 to 3 days for the duration of the experiment using a pressure
chamber (Model 1505D-EXP, PMS Instrument Company). Besides adjustments related
to accommodating conifer needles, LWP was measured following the method described
by Scholander et al. (1965).

A pair of needles from the top of the primary shoot was used for each individual
measurement, and 2 to 4 repeats were performed for each seedling per day of

measurement. Needles were extracted between 9:00 and 10:00 and measured immediately.



The base of harvested needles was cut with a surgical knife before fitting them in an air-
tight pressure chamber. The exposed surface outside the mouth of the pressure chamber
was observed with the aid of a magnifying glass and a light, while pressure was gradually
increased within the system. The pressure at which the exposed base of the needle turned

wet was noted. This value is equal and opposite to the value of LWP.

2.1.4 Non-imaging-based leaf level reflectance

Leaf spectral reflectance was obtained by using a UV-VIS spectrometer OceanOptics®
USB 2000+ (Ocean Optics®, Largo, FL, USA) under a white LED light (LED 3041-L,
Walz, Heinz Walz GmbH, Effeltrich, Germany) at PPFD 1000. The fiber optic of the
spectrometer had been fitted into the leaf chamber of a gas-exchange and fluorescence
system (GFS3000, Heinz Walz GmbH, Effeltrich, Germany) measuring head (Fig. A3 in
Appendix 3). The measurement was conducted at a c. 60° angle and c. 2 mm distance,
with integration time of 40 ms on Aug 9™, and 25 ms on Aug 31% and Sep 8". White
reference and dark current spectra were collected before the reflected radiation spectra,

with 20 to 30 spectra for each measurement.

2.1.5 Hyperspectral imaging

HSI measurements were performed using a snapshot Senop HSC-2 Hyperspectral camera
(Senop Ltd., Helsinki, Finland) with a 510-900 nm wavelength range, which corresponds
to the visible and partial NIR region. Images were taken at the top of the canopy of all 8
seedlings from a distance of 97 to 108 cm and an off-nadir angle of 8.4 to 19.7°. The exact
distance and angle to each plant shoot from the lens is available in Table A2 in Appendix
4,

The extent of the spatial dimensions of the HSI data cubes were 1024 * 1024 pixels, whilst
the spectral dimension consisted of 52 bands. The spectral bands selected for the protocol
were centred at 50 evenly distributed wavelengths between 500 and 850 nm. Additionally,
bands centred at 531 nm and 570 nm were included for PRI calculation. The camera is

capable of operating at three different bandwidths (‘wide’, ‘normal’, and ‘narrow’).
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Narrow bandwidth was selected for all measurements. The exact wavelength positions of
band centres, and their corresponding bandwidths are available in Table A3 in Appendix
5.

Each HSI measurement resulted in 8 data cubes, 4 of which were sample images with
different integration times (exposures), and 4 were dark currents with corresponding
integration times. Dark currents were taken with the camera’s lens cap on, and they are
representative of the minimum signal and relate to overall noise (Paulus and Mabhlein,
2020). The HSI camera has two detectors, which operate on different spectral ranges, but
have an overlap around 640 nm. Due to differences in the sensors’ sensitivity, integration
times were manually optimized for both separately. In short, the integration times for the
4 sample cubes were optimized for: 1) seedlings at 531 nm (sensor 1), 2) white reference
at 531 nm (sensor 1), 3) seedlings at 800 nm (sensor 2), and 4) white reference at 800 nm
(sensor 2). The white reference was a white flat panel made from material with an
assumed 100% reflectivity, which was placed on a tripod at the median height of the
seedling canopy. PPFD measured with a photosynthetically active radiation (PAR) sensor,
and a real-time histogram of pixel values provided within the Senop HSI-2 Software
(Senop Ltd., Helsinki, Finland), were used as aid in optimizing the integration time. The
imaging protocol of 8 cubes was repeated 3 to 4 times consecutively on each day of

measurement. The imaging script was devised and executed using Senop HSI-2 Software.

2.1.3 Pulse-amplitude modulation chlorophyll fluorescence

Chlorophyll fluorescence parameters can be used to estimate the amount of light energy
used in photochemistry, or alternatively, dissipated as heat and fluorescence. In this thesis,
the maximum quantum yield of PSII photochemistry (F./Fm) was estimated using pulse-
amplitude modulation (PAM) as first developed by Schreiber et al. (1986). The
instrument used was the Chlorophyll Fluorometer PAM-2500 (Heinz Walz GmbH,
Effeltrich, Germany). The F./Fn-ratio was calculated automatically by the instrument as
described in Genty et al. (1989):

Fy — Fm— Fo

Fm Fm
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in which Fois minimal fluorescence, and Fn, is maximal fluorescence.

Minimal fluorescence (Fo) was gained by measuring the fluorescence level of a dark-
adapted leaf using the measuring light, and maximum fluorescence (Fm) was gained by
measuring the fluorescence level of the dark-adapted leaf under a saturating light pulse.

Foand Fr were measured in succession by the instrument.

PAM measurements were performed in the morning on dark accumulated current year
needles of the primary shoot. Dark-adaptation clips were placed on the sampled needles
at least 20 minutes before measurement as seen in Fig. A2 in Appendix 3. Three repeats
per tree for each day of measurement were carried out, and an average of the repeats was

used in analysis.

2.2 Data Analysis

2.2.1 Processing of supporting data

All manually collected non-imaging-based data (relative soil moisture, LWP, F./Fm, and
indoor PPFD during HSI) was compiled into a CSV-file and processed in R Statistical
Software (v4.2, R Core Team 2023). Additionally, indoor temperature and outdoor PPFD

were retrieved from pre-existing climate logging infrastructure.

Pre-processing of non-imaging-based leaf level reflected radiation was done by
supervisor Dr. Chao Zhang (Optics of Photosynthesis Lab, University of Helsinki,
Finland). This included manual selection of data and calculation of average raw signal
for samples, dark currents, and white references. Post-processing was done in R Statistical
Software (v4.2, R Core Team 2023), and consisted of calculation of reflectance,
visualization of data, and calculation of VIs. Additionally, spectral signals of samples
collected on pre-drought (Aug 9'") were transformed by the difference in signal at 420 nm

between plant 6C. Reflectance was calculated as:
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R = Spn— DCpn

in which Spy is the raw reflected radiation of sample in digital numbers (DN), DCpn is

the dark current in DN, and WRpn is the raw reflected radiation of the white panel in DN.

2.2.2 HSI processing

2.2.2.1 Pre-processing

In this thesis, HSI pre-processing refers to all steps concerned with processing a raw data
cube consisting of DN to a reflectance cube. Pre-processing steps were done by Dr. Luis
Alonso Chorda (Optics of Photosynthesis Lab, University of Helsinki, Finland) using the
IDL® scripting language (v8.8.3).

Before reflectance calculations, images were normalized by integration time, and images
with excessive saturation were excluded. Pre-processing also addressed problems with
the camera itself, including issues related to the system relying on two separate sensors.
As a results of the separate sensors, cubes had different noise levels and spatial pattern in
the visible and NIR ranges. Overall, the bands located at the overlap of the sensors and at
the terminal wavelengths were extremely noisy and were exluded. A spatial offset of
approximately 9 x 2 pixels between the sensors was also detected. Accurate realignment
of layers was crucial, as needles may already be sub-pixel targets, and an offset of several
pixels will completely displace the target between bands imaged by different sensors (L.

Alonso Chorda, personal communication, Feb 2023).

After normalization, selection of data, spatial realignment, and noise reduction steps, a

hyperspectral cube consisting of reflectance, cuber, was calculated as:

cubeyqw— cubepc

cubeyp =
R WR — cubepc
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in which cuberaw is the raw output of the camera consisting of DN, cubepc is the dark
current cube, and WR is the white reference value derived from the white reference panel

included in the raw image.

2.2.2.2 Post-processing

In this thesis post-processing refers to all processing steps performed on a reflectance
cube. These steps are as follows: 1) masking individual shoots, 2) calculation of VIs, 3)
data visualization, and 4) statistical analysis. Post-processing was done using R Statistical
Software (v4.2; R Core Team 2023), and all packages used, and functions written, are

available in Appendix 6.

The aim of masking the HSI images was to extract individual shoots and to remove gaps
between needles. This was done by filtering pixels with NDVI values lower than 0.7, and
by applying a circle mask with a radius of 80 pixels and a focus that was manually
estimated to be at the center of the primary shoot. An example of a masked shoot in

comparison to a RGB image can be seen in Image 6 below.

Figure 3. A RGB close-up of the shoot of plant 10D (left) and NDVI (right). Pixels in
which NDVI < 0.7 have been removed and are depicted white. The black circle denotes
the limits of the circle mask.

Vs were calculated in R Statistical Software (v4.2; R Core Team 2023) by performing

operations on two-dimensional raster layers corresponding to spectral dimensions at set
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wavelength bands. The output was a two-dimensional raster of VI values, in which one
value corresponded to one pixel in the image. These layers were graphed as images for
visualization purposes. Mean of VI values was calculated for each masked area, so that

the final output was one VI value descriptive of one plant.

NDVI was calculated for filtering purposes in this thesis as:

NDVI = RNIR—RRED

RNIRTRRED

in which Rnir is reflectance at the band centered at 850 nm, and Rgrep is average reflectance
on bandwidths centered at 620 to 640 nm. The width of the signal at 50% of its maximum
intensity (FWHM) of the RED-bands was 13-16 nm, and 17 nm of the NIR-band.

On all days except pre-drought (Aug 9th), PRI was calculated using the exact bands as
defined by Gamon et al. (1992). The formula for PRI used in this thesis was:

Rs31—Rs570
PR] = ————
Rs31+Rs570

in which R<5, is reflectance of a band centered at 531 nm, and R, reflectance of a band
centered at 570 nm. The FWHM bandwidths of bands 531 and 570 nm were 13 and 12
nm respectively. On pre-drought Rs,, was reflectance of a band centered at 571.4 nm,

as a band at 570 nm was not available.

REP (nm) was determined by linear four-point interpolation as suggested by Guyot and
Baret (1988):

REP(nm) = 700 + 40 —="700

R740—R700

in which Rzooand R74 are reflectance at 700 and 740 nm, and R; is reflectance at inflection

point i, which is defined as:
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Rg70+R7380
R; = Rero*Rra
2

in which Reois reflectance at 670 nm and R7so reflectance at 780 nm (Cho and Skidmore,

2006).

In this thesis band centered at the exact wavelength suggested by Gyot and Baret (1988)
were not available, so the nearest equivalent bands in the HSI cube were used. These were
700, 742.9, 671.4 and 778.6 nm, and their FWMH bandwidths were 14, 14, 14, and 13
nm respectively. The location of the bands used to calculate PRI and REP in this thesis

are demonstrated in Fig. 4 with a reference plant reflectance curve.

041

reflectance

T

600 700 800
Wavelength (nm)

Figure 4. The black solid line denotes a plant’s (plant 9D on Aug 9'") reflectance in the
spectral range of the HSI camera. The bands used to obtain PRI are demonstrated by the
blue shaded areas and REP by the red shaded areas. The width of the shaded area
corresponds to the bands’ FWMH bandwidth.

2.2.3 Statistical analysis

Statistical analysis was done using R Statistical Software (v4.2; R Core Team 2023).
Timeseries of meteorological and supporting variable (LWP and F./Fn) development

were generated to assess the development of physiological drought and surrounding
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conditions. The difference between value distribution of physiological variables between
treatment groups within each measuring day was tested using the Wilcoxon rank-sum test.
Additionally, correlations between all measured variables, including VIs, were assessed
by calculating Pearson’s r (p) and compiling them into a correlation matrix. The
relationship of PRI based on HSI and leaf level reflectance and supporting variables
(LWP and F./Fm) was assessed by applying linear regression and by calculating the

coefficient of determination, R2.

3 RESULTS

3.1 Supporting and physiological variables

Temperature within the greenhouse varied drastically during the 31 days sampling took
place over, with 9 of the warmest days reaching over 30 °C, while the coolest remained
sub 20 °C. In total, 18 days temperature climbed above 25 °C. Similarly, outdoor PPFD
also changed drastically between days, being over two-fold on the brightest days in
comparison to the most overcast days. The variation of indoor temperature and outdoor
PPFD is depicted in a timeseries in Fig. 5.

i -
MUV, il UL

Hug ne Hug 15 ~L|;| 22 ~L|;| 29 Sepl 05 Sepl 12
Date
Figure 5. Timeseries of greenhouse room temperature in °C (red) and outdoor PPFD
(blue). The black vertical lines denote the pre-drought (Aug 9™), height of drought (Aug
31%), and recovery (Sep 8" days.

On pre-drought (Aug 9™, temperature reached 29 °C during midday, whereas on drought
(Aug 31%) and recovery (Sep 8" days midday temperature reached 16 °C and 19 °C
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respectively. Similarly, the daily height of outdoor PPFD was highest on pre-drought,
second highest on recovery, and lowest on drought. During pre-drought outdoor PPFD
varied greatly during sampling between approximately 600 and 2100 umol-m?2-s™%. On
drought and recovery outdoor PPFD during sampling was approximately 800-1300 and
900-1500 PPFD respectively. Indoor PPFD was recorded only during HSI measurement,
according to which the brightest day indoors at the time of sampling was also pre-drought
(315 pmol-m?-s7%), followed by drought (121 pmol-m-s%), and recovery (161 pmol-m"
2.s71). Comparability of variables dependent on environmental conditions between days
suffer due to the differences in temperature and PPFD on the three sampling days. The
days were chosen weeks in advance without knowledge of the dissimilar weather

conditions due to time constraints and limited availability of shared instrumentation.

The development of LWP and F./Fn can be seen in the timeseries in Fig. 6. Treatment
groups clearly differentiate for both variables and started to recover rabidly after regular
watering was recommissioned. The drying of soil and recommission of watering is
demonstrated in the relative soil moisture development timeseries available in Fig. A4 in

Appendix 7.

18



Pot

- BC
- 30C
—— 25C
-= 23C
—= 9D
- 55D
—— 54D
-= 10D

-20

LWP (Bar)

-40

I I
08 Aug 12 Aug 16 Aug 20 Aug 24 Aug 28 Aug 01 Sep 05 Sep 09 Sep

Pot

- BC
—— 30C
—— 25C
-= 23C
—- 9D
—- 55D
—— 54D
-= 10D

08 Aug 12 Aug 16 Aug 20 Aug 24 hug 28 Aug
Date

Figure 6. Timeseries of leaf water potential development in Bar (above), and Fv/Fnm
development (below). Control plants are denoted in blue and treatment plants in red. The
black vertical lines denote the pre-drought (Aug 9), height of drought (Aug 31%), and
recovery (Sep 8 days. The vertical dotted lines denote the start of drought treatment
(Aug 17™) and recommission of irrigation (Sep 1%).

The differentiation of LWP values is further conveyed by the boxplot in Fig. 7 from pre-
drought, drought, and recovery. On pre-drought and recovery, the difference between the
distribution of LWP values between treatment and control groups is non-significant.
Whereas, on drought the difference in distribution is significant with a 95% confidence

level.

Fig. 8 depicts the distribution of F./Fn on the three primary sampling days. The difference
is non-significant on pre-drought, but significant at a 95% confidence level on both
drought and recovery. Based on visual assessment of the timeseries in Fig. 6 and the
boxplots in Fig. 8, FW/Fm-values seem to have started to recover but have not reached a
fully recovered stable state equivalent of the control group. Whether full recovery was

reached in terms of Fv/Fn following the treatment remains unknown.
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Figure 7. Boxplot depicting the spread of LWP values (Bar) of control (C) and drought
(D) plants on three measuring days with Wilcoxon sum-rank test p-value between

treatment groups calculated for each day.
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Figure 8. Boxplot depicting the spread of F./Fr, of control (C) and drought (D) plants on
three measuring days with Wilcoxon sum-rank test p-value between treatment groups
calculated for each day.

PRI values based on leaf level reflectance (PRI_LL) attained with non-imaging-based
spectroscopy are compared in Fig. 9. As expected, difference in PRI between treatment
groups is non-significant on pre-drought and significant at a 95% confidence level on

drought. On recovery, the difference is non-significant, but the overall spread and
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skewness is dissimilar to the other two days, casting doubt on the validity of the
reflectance data from that day. Leaf level reflectance curves can be seen in Fig. A5 in

Appendix 8.
Pre-drought, 09 Aug Drought, 31 Aug Recovery, 08 Sep
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Figure 9. Boxplots depicting the spread of leaf level PRI of control (C) and drought (D)
plants on three measuring days with Wilcoxon sum-rank test p-value between treatment
groups calculated for each day.

3.2 HSI spectroscopy

Average HSI reflectance curve from each masked shoot area by date is available in Fig.
10. On recovery the NIR plateau was much higher compared to the other days, which
suggests an error in illumination estimation on that day. The distribution of individual
plant pixel reflectance curves is visualized in Fig. A8 in Appendix 9, which depicts the
reflectance curves of 100 random pixels from the masked shoot areas. In Fig. 10, the red
edge feature between approximately 680 and 750 nm seems somewhat similar between
drought and control plants on pre-drought and drought. On recovery the red edge features
of drought and control plants have seemingly differentiated. The graphs in the bottom
row of Fig. 10 depict the reflectance in the 520-580 nm range. The shape of the feature
in this range determines the value of PRI. Based on only visual estimation, the shape of
this feature is similar between drought and control plants on pre-drought and recovery.
On drought, the maximum peak of this feature has shifted towards longer wavelengths
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for drought plants, being at around 555 nm, whereas for control plants it remains at

approximately 550 nm.
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Figure 10. Full average HSI reflectance curve (above) and on the electromagnetic region
used to calculate PRI (below) from masked shoot areas from the three primary sampling
days. Control plant reflectance curves are in blue, and drought plant reflectance curves in
red. The bands used to obtain PRI are demonstrated by the blue shaded areas and REP by
the red shaded areas. The width of the shaded area correspond to the FWHM bandwidth

of the signal.

3.

2.1 PRI

Fig. 11 depicts the temporal and spatial development of HSI based PRI between the three

days of measurement. In the bottom row images in Fig. 11, positive PRI values (indicating

no stress) are displayed in purple and negative PRI values (indicating higher stress) in
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orange. The difference between drought treatment and control plants during height of
drought, with the slight exception of plant 55D, is evident in the bottom middle image of
Fig. 11. Although there is a difference between the pre-drought and recovery images, both
are clearly more homogenous in comparison to the drought image. The progression of
PRI values is further illustrated in Fig. 12, in which the distribution of treatment group
PRI values are compared within each day. As expected, PRI values of drought treated
plants were highest on pre-drought, reached their minimum on drought, and increased
again on recovery. The PRI values of control plants, on the other hand, decreased slightly
over time. The difference in PRI distribution between groups is non-significant (p > 0.05)

on pre-drought and recovery, and significant on drought (p < 0.05).

In addition to temporal changes in PRI, the HSI image (Fig. 11) reveals spatial differences
within one plant. For example, there are visible differences between the needles of the
primary shoot and side branches in some images. Although some differences can be
accounted to scattering and overcast from surrounding objects, the effect is apparent in
plant 30C pre-drought PRI image (Fig. 11, bottom left). These spatial differences are not
quantified in this thesis, as the canopy-view is not appropriate for it. In the future, imaging

plant profiles might reveal any differences due to position or age more reliably and clearly.
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Figure 11. RGB images with tree ID labels (above) and corresponding PRI images
(below) from the measuring days pre-drought (Aug 9), drought (Aug 31%), and recovery
(Sep 8™). Drought plants are identified with a ‘D’ and control plants with a ‘C”. Black
circles denote the limits of the circle mask and white pixels areas were NDVI < 0.7. The
circular white panel used to gain the white reference spectra can be seen in the center of
the RGB images. The black landscaping fabric used to minimize the effects of soil and
other surrounding objects can also be seen in the background.
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Figure 12. Boxplot depicting the spread of PRI values of control (‘C’) and drought (‘D’)
plants on three measuring days with Wilcoxon sum-rank test p-value between treatment
groups calculated for each day.
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3.2.2REP

Fig. 13 visualizes the temporal and spatial development of REP between the three days
of measurement. Unlike PRI, REP is not uniform on pre-drought and recovery. On pre-
drought, REPs of plants 54D, 30C, and 28C were positioned on longer wavelengths,
which suggests a higher initial chlorophyll content. Regardless, these differences did not
result in significant separation (p > 0.05) of treatment groups during pre-drought as can
be seen in the first graph in Fig. 14. As demonstrated in the middle graph in Fig. 14, the
distribution of REPs between treatment groups on drought is not significantly different
(p > 0.05) due to one disparate value in the control group (plant 6C). On the other hand,
on recovery, the difference is significant (p < 0.05). Comparing drought and recovery
graphs in Fig. 13 and Fig. 14 confirm this increased polarization of REP values towards
recovery. Similarly to PRI, REP values seemingly differ spatially between the primary
shoot and branches within one plant. Like in the case of PRI, any affect of position or

needle age on REP could be better assessed by imaging plants from side-view.

Pre-drought, 09 Aug Drought, 31 Aug Recovery, 08 Sep
| e Y

Figure 13. RGB images with tree labels (above) and corresponding REP (nm) images
(below) from the measuring days pre-drought (Aug 9'"), drought (Aug 31%), and recovery
(Sep 8™). Drought plants are identified with a ‘D’ and control plants with a ‘C’. Black
circles denote the limits of the circle mask, and white pixels areas were NDVI < 0.7
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Figure 14. Boxplot depicting the spread of REP values of control (‘C’) and drought (‘D’)
plants on three measurement days with Wilcoxon sum-rank test p-value between
treatment groups calculated for each day.

3.3 Relationship between Vs and supporting variables

The linear relationships between PRI and LWP (Fig. 15 A), as well as PRI and F./Fn
(Figure 15 B), were found to be significant (p > 0.001). PRI explained 55% and 49% of
variance in LWP and F./Fr respectively. The relationship between REP and LWP (Figure
15 C) was significant at a 95% confidence level (p = 0.041) but explained only 13% of

variance. The relationship between REP and F./Fn (Figure 15 D) was non-significant.
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Figure 15. Relationship between A) PRI and LWP, B) PRI and F./Fn, C) REP and LWP,
and D) REP and F./Fn.

Figure 16 summarizes the linear correlation between variables measured in this thesis by
presenting a correlation matrix consisting of Pearson correlation coefficients (p). There
was a strong significant positive correlation between LWP and F./Fmn with HSI PRI (p =
0.74 and p = 0.69, respectively). The correlation of chlorophyll-based indexes REP and
MERIS terrestrial chlorophyll index (MTCI) with supportive physiological variables
LWP and F./Fm was not as strong as with HSI PRI, with p ranging from 0.36 to 0.48. The
relationship between LWP and F./Fm with leaf level non-imaging PRI was non-
significant and weak (p = .16 and p =.13). For further review of leaf level PRI relationship

with supporting variables, linear regression is available in Fig. A6 in Appendix 9.
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Figure 16. Pearson correlation coefficient matrix of VIs, and supporting and physiological
variables. HSI_temp. is temperature (°C) at the time of HSI measurement, LL_temp. at
the time of leaf level spectroscopy measurement. HSI_PPDF is PPFD (umol-m™2-s7%) at
the time of HSI, LL_PPFD at the time of leaf level spectroscopy. SM is relative soil
moisture (%), LWP is leaf water potential (Bar), FvFm is maximum quantum yield of
PSII photochemistry, MTCI is the MERIS terrestrial chlorophyll Index, REP is red edge

position (nm), HSI_PRI is PRI from hyperspectral data, and LL_PRI is PRI from non-
imaging-based leaf level reflectance.

Surprisingly, no relationship between PRI from HSI and leaf level spectroscopy was
found (p = -.15, Figure 16), but in terms of the overall temporal pattern, the development
of leaf level PRI (Fig. 9) was similar to that of HSI PRI (Fig. 12); the difference between
treatment groups was non-significant on pre-drought and recovery, and significant on
drought for both methods. Juxtaposed with HSI PRI values, leaf level PRI values were
high and stably positive. A scatterplot matrix corresponding to Fig 16. may be found in
Fig. A9 in Appendix 10.
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4 DISCUSSION

4.1 Supporting and environmental variables

In comparison to previous studies on Scots pine, most of which have been concerned with
winter downregulation or seasonal differences (Ottander and Oquist, 1991; Louis et al.,
2005; Nichol et al., 2019), the drought treatment in this thesis led to a relatively small
change in F./Fm, which was not sustained after rewatering. The relatively minor changes
in Scots pine Fv/Fn induced by drought in comparison to seasonal changes coincides with
previous research. Zlobin et al. (2019) reported the F/Fn values of 6-week-old Scots pine
cultivates after 10 and 40 days of induced water stress by exposure to different nutrient
water potentials (—1.5, —5, and —10 Bar) in water cultures. On the 10" day of treatment
there was no differentiation between the treatment groups, but on the 40" treatment day
the F./Fm values were 0.814, 0.704, and 0.660 from extreme to mild treatment condition.
Perplexingly, the control treatment had the lowest F./Fr on the 10" day if treatment and
remained lower than the mild water deficit treatment (-1.5 Bar) on the 40" day. In
comparison, the seasonal minimum Fv/Fn, of Scots pine has been reported to reach values
sub 0.2 in late winter and early spring (Ottander et al., 1995.; Ottander and Oquist, 1991).
Additionally in relation to LWP, Fv/Fnvalues in this thesis seem resistant to decline. Repo
et al. (2005) reported LWP alongside F./Frn in a spring soil thawing experiment. In the
study by Repo et al. (2005) F./Fn approached 0 as LWP reached -20 Bar. Regardless,
declining F/Fm-values in general indicated increased energy dissipation by NPQ (Bolhar-
Nordenkampf et al., 1989), and as F./Fn-development within this thesis was consistent
with treatment group (Fig. 8) and treatment progression (Fig. 6), it can be affirmed that
the treatment was successful in inducing drought stress, which led to physiological

changes.

LWP values are aligned with the development of Fv/Fr in the sense that they are consisted
with treatment group (Fig. 7) and treatment progression (Fig. 6). However, LWP values
measured for this thesis cause concern for being consistently lower in comparison to the
level set by previous studies. Minimum LWP of control trees in this thesis ranged between

-19.3 and -18.1 Bar, whereas Irvine et al. (1998) reported analogous values between -11.9
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and -6.8 Bar measured from 41-year-old Scots pine in field conditions between July and
September 1995. Minimum LWP for drought treated plants in this thesis was between -
47 and -25 Bar, whereas Irvine et al. (1998) reported a range of -14.1 to -10.8 Bar. Other
studies have generally reported minimum LWP values ranging from -25 to -20 Bar for
Scots pine (Martinez-Vilalta et al., 2009; Poyatos et al., 2013). Repo et al. (2005) reported
a Scots pine needle recovery threshold between -17 and -15 Bar in a study following the
effects of soil thawing in the spring, but notes that conifers have been observed to recover
from lower LWPs and that the cause of death was likely influenced by other factors. In a
study concerned with conifer die-off caused by drought, Breshears et al. (2009) reported
the death of all four Pinus edulis pine trees after sustaining LWP below -20 Bar for 10
months. It is therefore open to question whether the drought treated pines in this thesis
would have been able to survive LWP values recorded at height of drought even though
the condition was temporary. On the other hand, Breshears et al. (2009) includes a Pinus
edulis that recover after LWP dipped close to -40 Bar in 1998 and survived for another 4
years. Additionally, they also reported a Pinus edulis temporarily recovering after LWP

dipped below -50 Bar in 2002, but then proceeding to die within a year.

Although LWP values reported in this thesis may be reliable, previous studies indicate
that they might be concerningly low across both groups (Irvine et al., 1998; Martinez-
Vilalta et al., 2009; Poyatos et al., 2013; Repo et al., 2005). This could have resulted from
a number of systematic errors resulting from improper use of instrument, observation bias,
or faulty equipment (such as a leaking valve). To my knowledge, LWP from drought
stressed current year needles of Scots pine seedlings have not been published and cannot

be utilized here for direct comparison.

Weather in terms of temperature and PPFD varied greatly between the three main
measuring days, with the pre-drought date (Aug 9") being the hottest and brightest (Fig.
5). As light conditions being excessive or limiting are the driving cause of dynamics in
the xanthophyll cycle (Gamon et al., 1992), absolute PRI values between-days are not
comparable. The uneven weather conditions may explain the differences between

absolute PRI values of control group plants between-days.
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4.2 Spectroscopy

The offset of leaf level PRI in comparison to HSI PRI, lack of correlation with HSI PRI
and supporting variables, and wide distribution of leaf level PRI of pre-drought might be
due to natural diurnal changes in PRI (Gamon et al., 1992). Leaf level measurements were
time consuming and were taken within a time frame of approximately 3 hours. Graphs of
time and meteorological conditions for leaf level reflectance measurements are available
in Fig. A6 in Appendix 6. Other sampling and HSI were collected in a shorter time frame
at midday, which coincides with minimal diurnal PRI (Gamon et al., 2015). Due to the
diurnal cycle, and changes in meteorological conditions, leaf level data suffers from the
same limitation as between-days comparison, and cannot, in this thesis, be used as
validation for HSI PRI. In this experimental setting, the main advantage of HSI over the
leaf level non-imaging approach was that measurements of all plants could be taken
simultaneously in the exact same diurnal conditions. Additionally, the leaf level data
collection was done under a strong LED-light that was not representative of the low PPFD
condition in the shaded greenhouse. This, and the fact that needles were not accumulated
to the measuring cuvette likely contributed to the discrepancy between HSI and leaf level
PRI.

Unlike leaf level PRI, HSI PRI was found to significantly correlate with the physiological
variables LWP and F./Fm, accounting for 55 and 49% of variation respectively (Fig. 15
A and B). This result coincides with previous knowledge on water stress affecting the
level on which light is excessive, increasing the plant’s need of energy dissipation via the
xanthophyll cycle (Demmig-Adams and Adams, 1996; Zhang et al., 2017), which PRI is
based on (Gamon et al., 1992).

The HSI based PRI could capture response to water stress during drought and recovery,
as is evident by significant difference between the control and drought plants during
drought, and non-significant difference during pre-drought and recovery (Fig. 11 and Fig.
12). 1t is likely that the changes in PRI are indeed due to reversible photoprotective
energy dissipation in the xanthophyll cycle, as short term shifts are associated with it,

whereas long term seasonal patterns are correlated with the overall chlorophyll-
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carotenoid pigment ratio (Gamon et al., 2015). This could be confirmed with knowledge
of the EPS of xanthophyll cycle pigments in the samples. Pigment samples were collected
during this experiment, but as they were sent for analysis externally, results are not
available as of now. Once pigment assay results have been received and analyzed, it can
be asserted with confidence whether the decline and recovery in PRI was due to the
dynamics of the xanthophyll cycle.

In the experimental setting of this thesis, PRI outperformed chlorophyll-based REP in
capturing response to stress; REP’s response to drought development was delayed in
comparison to PRI, and it did not show signs of recovery (Fig. 14). As a result, REP did
not model the development of supporting physiological variables as well as PRI.
Affirmingly, Imanishi et al. (2004) also concluded that REP was not useful in detecting
drought in oak species on a canopy level. On the other hand, they suggested that the
wavelengths at the beginning of the red edge feature were better at detecting water status
variables. For example, Zhang et al. (2017) used the ratio Rego/Re30, Which overlaps with
the initial slope of the red edge, successfully to monitor drought and photosynthetic
recovery in evergreen oak seedlings. Moreover, in a recent publication Genangeli et al.
(2023) applied the same Senop HSI camera as used in this thesis in identifying drought
resistant tomato phenotypes based on an index related to the red edge. Nevertheless, the
REP values reported in this thesis suggests that chlorophyll content decreased in drought
trees. This coincides with previous research. Zlobin et al. (2019) reported decrease in
photosynthetic pigments, including chlorophyll a and b, and total carotenoid pool, in
response to drought. They suggested that the suppression of photosynthetic pigments may
be a way of preventing excessive light absorption and formation of reactive oxygen

species, which cause photodamage.

4.3 Limitations and future prospects of HSI

There are several limitations to the HSI results of this thesis resulting from operating
solely on factory calibration, and difficulty of measuring complex plant architecture in
uneven ambient light conditions. Most of these issues provide opportunities for improving

HSI protocol in the future.
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4.3.1 HSI camera calibrations

The results of this thesis are limited by the lack of calibration done prior to the start of the
campaign. Calibration procedures that could be included in future studies using the same
instrument are spectral calibration and flat-field calibration (Qin et al., 2013; Kokka et al.,
2019).

Spectral calibration can be done using a lamp generating illumination on known narrow
wavelength bands, and by correlating the signals detected by the camera to those
wavelengths. Narrow spectral signals in calibration lambs can be generated from the
excitation of specific gases like argon, krypton, neon, xenon, or mercury (Qin et al., 2013).
Conducting spectral calibration provides certainty that bands selected for an imaging
protocol are truly representative of the desired wavelengths. Spectral features, including
those used in this thesis to calculate V1s, are often narrow, and an offset in band position
can lead to distortion of results. Spectral calibration using a monochromator can also be
utilized to determine the true bandwidth of the camera’s bands in certain ranges. The
exact FWHM bandwidths used by the camera are reported to be between 11 and 19 (Table
A3 in Appendix 5), but they have not been confirmed. Regardless, even at its narrowest,
the bandwidth used by the camera is relatively wide, which inevitably leads to some level

of signal mixing.

Flat-field calibration is performed to determine spatial variation in responsivity to
radiation (Kokka et al., 2019). In imaging there generally exists a radial fall-off effect
caused by angular sensitivity of perceived radiation intensity towards the edges of the
image. This results in vignetting. Vignetting is also contributed to by physical elements
interfering with radiation at the edge of the field of view (Goldman, 2010). Flat-field
correction is done by calculating a correction matrix corresponding to each pixel, and by
transforming the raw data cube by that matrix. The correction matrix is based on imaging
a uniform source of radiance. This could be done by imaging an integrating sphere or a
white panel under controlled light conditions (Kokka et al., 2019).
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4.3.2 White panel

The white panel used in this thesis to estimate maximum signal for reflectance calculation
was a flat surface and did therefore not account for the complex 3D-structure of the pines
and the irradiance received by those irregular surfaces. The white panel was also set at
the median height of the canopy, so that some shoots were slightly above or below it.
Distance from the sensor to needles was therefore different than to the white panel (Table
A2 in Appendix 4). Additionally, surrounding canopy and architecture of plants impact
interaction with illumination, although a black landscaping fiber cloth was used over the
pots and surrounding ground to minimize some of these effects. Regardless, all these
factors cause unaccounted distortions, which affects the amount of measured received
radiance (Behmann et al., 2016; Paulus and Mabhlein, 2020). Normalization by distance
has been suggested as a solution to this issue. This could be done by integrating 3D shape
information (e.g,. via laser scanning) to HSI images (Behmann et al., 2016; Mishra et al.,
2020; Paulus and Mahlein, 2020).

4.3.3 Automation of HSI

Automation of the HSI imaging protocol would allow for more efficient and easy long-
term data collection in follow-up studies that might monitor drought development or
differences in population drought response in the wild. Automation of imaging would
also be a prerequisite for including the Senop HSC-2 camera in a drone, or permanently
placing it in a measuring tower. Both are possible approached to expanding the scale of
this thesis’ experimental setting to forest stand level. Some issues related to automation
that need to be solved before are data storage, dark current automation, and selection of
integration time. Additionally, for use outside of the greenhouse the camera needs to be

weather-proofed.
HSI data cubes are large, and the internal memory of the camera is only 2 terabytes. If

data is collected for an extended period at set time intervals, the memory will not be

sufficient, and an alternative storage where data can reliably be transferred needs to be
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established. The large amount of data will also be a challenge during analysis, which
could for example be done using high-performance computing.

Some spectroscopic instruments have an automatic internal shutter for measuring the dark
current, but the HSI camera used in this thesis does not. The dark current was thus
acquired by covering the lens with a detachable lens cap provided with the camera. An
external shutter or cap system needs to be developed for the automatic acquisition of the
dark current. For this thesis, integration time was set manually with the aid of a PPFD
sensor. This process could be automated by for example setting irradiance ranges for
specific integration times. The camera’s manufacturer offers a relative irradiance sensor
accessory to the camera, which measures current radiation flow level in W/m2. This could

be incorporated to the automatic setting of integration time.

5 CONCLUSIONS

This thesis assessed the feasibility of measuring VIs of Scots pine seedlings on a canopy
level in greenhouse conditions using HSI, and whether HSI based PRI can be utilized in
monitoring Scots pine seedling drought stress development and recovery in these
conditions. The data was collected in August and September 2022, and consisted of HSI
images of drought treated and control seedlings from pre-drought, drought, and recovery
periods, leaf level reflectance from a non-imaging spectrometer, meteorological data, and

supporting physiological variables LWP and F./F.

The temporal development and significant difference supporting physiological variables
LWP and F./Fn between treatment groups indicated that the drought treatment was
successful in inducing drought response in the treatment plants. The relationship between
HSI based PRI and physiological variables was significant. PRI responded to drought
development and recovery, which is expected to be due to reversible photoprotective
energy dissipation by the xanthophyll cycle. Pending analysis of pigment samples and
knowledge of EPS will confirm this. Chlorophyll-based VI REP captured drought
development but did not respond to recovery. The relationship between physiological

variables and REP was either non-significant or minor. Regardless, the results of this
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thesis demonstrated that HSI is a promising tool in remote sensing plant properties and
functions. Further refinement of HSI methodology and full automation is still needed, but

HSI can be applied in drought monitoring.
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7 APPENDICES
Appendix 1: Seedling material

Figure Al. Pinus sylvestris seedlings 6C, 30C, 25C, and 28C (above) assigned as control
(C) plants before the start of the experiment. Pinus sylvestris seedlings 9D, 55D, 54D,
and 10D (below) assigned as drought (D) plants before the start of the experiment.
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Appendix 2. Material collection schedule

Table Al. Material collection schedule

DATE DATE_ID LL_R PIGMENT Fv/Fm LWP SM HSI
8/9/2022 PD1 X X X X X X
8/10/2022 PD2
8/11/2022 PD3 X
8/12/2022 PD4 X
8/13/2022 PD5
8/14/2022 PD6
8/15/2022 D1 X X X
8/16/2022 D2
8/17/2022 D3
8/18/2022 D4 X X X
8/19/2022 D5 X
8/20/2022 D6
8/21/2022 D7
8/22/2022 D8 X X X X
8/23/2022 D9 X X X X
8/24/2022 D10 X X X X
8/25/2022 D11 X X X X
8/26/2022 D12
8/27/2022 D13
8/28/2022 D14 *
8/29/2022 D15 X X X
8/30/2022 D16 X X X
8/31/2022 D17 X X X X X X
9/1/2022 D18
9/2/2022 R1 X
9/3/2022 R2 X X X
9/4/2022 R3
9/5/2022 R4 X X X
9/6/2022 R5
9/7/2022 R6 X X
9/8/2022 R7 X X X X X

PD=Pre-Drought, D=Drought, R=Recovery

*Diurnal measurements; images taken every 30 minutes from 8:30 to 17:30
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Appendix 3. Images of set-up

gV
"P\"“

a\‘-\ Y

Figure A3. GFS3000 measuring head cuvette with needles inside (left) and the whole
setup (right).
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Appendix 4. Distance and angle to plant from HSI camera

Table A2. Distance and angle to the top of each plant shoot form HSI camera lens.
Distance is in cm, and angle is an off-nadir angle.

Plant ID Distance (cm) Angle (°)
9D 102 8.9
6C 101 8.4

55D 102 19.7
30C 107 17.4
54D 97 18.9
25C 97 15.1
10D 101 19.2
28C 108 13.9
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Appendix 5. Wavelengths of HSI spectral dimensions

Table A3. Wavelengths and corresponding bandwidths used of Aug 9", and Aug 31% &
Sep 8" as reported by HSI metadata. Wavelength corresponds to the position (nm) of the
center of the signal, and FWHM bandwidth refers to the width of the signal at 50% of its
maximum intensity.

Aug 09 Aug 31 & Sep 08
Band nr. Wavelength (nm) FWHM bandwidth (nm) Wavelength (nm) FWHM bandwidth (nm)
1 500 0 500 0
2 507.1 0 507.1 0
3 514.3 13 514.3 13
4 521.4 13 521.4 13
5 528.6 13 528.6 13
6 531 13 531 13
7 535.7 13 535.7 13
8 542.9 13 542.9 13
9 550 13 550 13
10 557.1 13 557.1 13
11 564.3 12 564.3 12
12 5714 12 570 12
13 578.6 12 5714 12
14 585.7 11 578.6 12
15 592.9 11 585.7 11
16 600 11 592.9 11
17 607.1 15 600 11
18 614.3 17 607.1 15
19 621.4 16 614.3 17
20 628.6 14 621.4 16
21 635.7 13 628.6 14
22 642.9 16 635.7 13
23 650 15 642.9 16
24 657.1 13 650 15
25 664.3 14 657.1 13
26 671.4 14 664.3 14
27 678.6 13 671.4 14
28 685.7 14 678.6 13
29 692.9 14 685.7 14
30 700 14 692.9 14
31 707.1 14 700 14
32 714.3 13 707.1 14
33 721.4 13 714.3 13
34 728.6 14 721.4 13
35 735.7 14 728.6 14
36 742.9 14 735.7 14
37 750 14 742.9 14
38 757.1 13 750 14
39 764.3 13 757.1 13
40 7714 13 764.3 13
41 778.6 13 771.4 13
42 785.7 13 778.6 13
43 792.9 13 785.7 13
44 800 13 7929 13
45 807.1 17 800 13
46 814.3 17 807.1 17
47 821.4 18 814.3 17
48 828.6 18 821.4 18
49 835.7 19 828.6 18
50 842.9 18 835.7 19
51 850 17 842.9 18
52 - - 850 17
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Appendix 6. Packages and R functions for HSI processing

Packages:

[[11]
Wickham H (2016). _ggplot2: Elegant Graphics for Data Analysis_. Springer-Verlag
New York. ISBN 978-3-319-24277-4, https://ggplot2.tidyverse.org.

[[21]
Hijmans R (2023). _raster: Geographic Data Analysis and Modeling_. R package version
3.6-20, https://CRAN.R-project.org/package=raster.

[[31]
Wickham H, Vaughan D, Girlich M (2023). _tidyr: Tidy Messy Data_. R package version

1.3.0, https://CRAN.R-project.org/package=tidyr.

[[41]
Tuszynski J (2021). caTools: Tools: Moving Window Statistics, GIF, Base64, ROC

AUC, etc_. R package version 1.18.2, https://CRAN.R-project.org/package=caTools.

[[5]]
Wickham H (2007). “Reshaping Data with the reshape Package.” Journal of Statistical

Software_, *21*(12), 1-20. http://www.jstatsoft.org/v21/i12/.

[[61]
Pebesma E (2018). “Simple Features for R: Standardized Support for Spatial Vector Data.”
_The R Journal_, *10*(1), 439-446. doi:10.32614/RJ-2018-009

https://doi.org/10.32614/RJ-2018-009, https://doi.org/10.32614/RJ-2018-009.

Pebesma E, Bivand R (2023). _Spatial Data Science: With applications in R_. Chapman
and Hall/CRC. https://r-spatial.org/book/.
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# Functions written for post-processing of HSI data for
# 2022 Master's thesis data by Iiro Miettinen

# packages
Tibrary(ggplot2)
library(raster)
Tibrary(tidyr)
Tibrary(catools)
Tibrary(reshapez)
Tibrary(sf)

H O ouwooa - dhown o

=

18 # False RGE image with manual Tabel input
19 - RGE_image_fun =- function{img) {

20 # blue band

21 rst.blue <- raster(img[,,3])

22 # green band

23 rst.green <=- raster(imgl,,9])

24 # red band

25 rst.red <- raster{img[,,26])

26 # plot false RGB image

7 raster::plotRGE(x=stack(rst.blue, rst.green, rst.red), r=3, g=2, b=1,
28 scale=1, stretch="1in")

29

30 # manual selection of lables points

31 print("cLick @ p")

iz temp <- locator(l)

33 text(temp, "9 D", col="[white", cex=2.3)

34 print("cLick 6 ")

35 temp <- locator(l)
36 text(temp, "6 C", col="[white", cex=2.3)
7 print("cLick 55 p")

38 temp <- locator(l)

39 text(temp, "33 D", col="fwhitg", cex=2.3)
40 print("cLick 30 C")

41 temp <- locator(l)

42 text(temp, "30 C", col="fwhitg", cex=2.3)
43 print("cLick 54 p")

44 temp <- locator(1l)

45 text(temp, "34 D", col="fwhitg", cex=2.3)
46 print("cLick 25 c")

7 temp <- locator(1l)

48 text(temp, "25 ", col="fwhitg", cex=2.3)
49 print("cLick 10 p")

50 temp <- locator(1l)

51 text(temp, "10 D", col="fwhitg", cex=2.3)
52 print("cLick 28 c")

53 temp <- locator(1l)

54 text(temp, "28 C", col="fwhite", cex=2.3)
55

56 recordPlot(load = NULL, attach = MULL)
58 . }

59

a0
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61 # Function for calulcating the ratio of any two bands, used for PRI
62 ~ band_ratio_fun <- function{img,band_1,band_2) {

63 (img[,,band_1] - img[,,band_2]1) / (imgl,,band_1] + img[,,band_21)
64 - }

65

66 # Function for calulcating red edge position (REP)

67 - REP_fun <=- function{img) {

68 Ri =- (img[,,27]+img[,,42])/2 # 671.4 nm, 778.6 nm

69 REP <- 700+40%((R1 - img[,,31]) / (img[,,37] - img[,,31])) # 700, 742.9 nm
70}

71l

72 # Function for calulcating MTCI

73+ MTCI_fun =- function(img) {

74 MTCI <- (imgl,,38] - img[,,32]) / (img[,,32] - img[,,28]) # 754, 709, 681 nm
75+ %

76

Iy

78 # Function for calulcating NDVI

79+« NOVI_fun <- function(data) {

8O

81 # NIR band

82 NIR <- datal,,52] # 850 nm

83

84 # mean of red bands

85 RED <- apply(datal,,c(23:27)],c(1,2), mean) # 640-670 nm

f215]

87 # NDvI formula

88 MDVI <- (NIR - RED) / (NIR + RED)

89 . }

a0

91

92

93 # Function for graphing a PRI image

94 - PRI_graph_fun <- function{band) {

95 # re-format band raster to a matrix

96 band <- raster::as.matrix(band)

a7

98 # Re-format to Tong format

99 spec_melt <=- melt(band, warnames=c("x", "y"}, value.name = "value”)
100

101 # Plot

102 ggplot() +

103 geom_raster(data = spec_melt, aes(x=x, y=y, Till=value)) +

104 theme_void() +

105 scale_fill_steps(Timits=c(-0.03, 0.03), breaks=c(-0.03, -0.02, -0.01,

1086 0, 0.01, 0.02, 0.03),
107 Tow="[BEangez|', high="EIMA". na.value="transparent”) +
108 labs(fil11=" ")

109

110- }

111

112

113 # rFunction for graphing a REP image

114 - REP_graph_fun <- function(band) {

115 # re-format band raster to a matrix

116 band <- raster::as.matrix(band)

117

118 # Re-format to Tong format

119 spec_melt <=- melt(band, warnames=c("x", "y"}, value.name = "value”)
120
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121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
1la4
165
166
167
168
169
170
171
172
173
174
175
176

77
178
179
180

-}

# plot

ggplot () +
geom_raster (bata = spec_melt, aes(x=x, y=y, fill=value))
theme_void() +

scale_fill_steps(1limits=c(718, 725), breaks=c(718, 719,
721, 722,
724, 725),

Tow="[E2nges", high="FA". na.value="t

Tabs(fil11=" ")

# Function for graphing a MTCI image
= MTCI_graph_fun <- function(band) {

-}

# re-format band raster to a matrix
band <- raster::as.matrix{data)

# Re-format to Tong format
spec_melt =- melt(band, varnames=c("x", "y"}, value.name =

# plot

ggplot () +
geom_raster (data=spec_melt, aes(x=x, y=y, Till=value)) +
theme_void() +
scale_fill_steps(Timits=c(2, §), breaks=c(2:8),

Tow="[pFanges’, high="FA". na.value="t

Tabs(fi11=" ")

# Function to convert img to a NDVI filetered raster stack
- array_to_stack «<- function(img) {

# Function for calculating mean value (R or index) in a circle mask area
# input circle origin coordinates, radius and raster with NDVI filtering

# mask based on NDVI values > 0.7
NDWVI <- NDVI_fun(img)

NDVI[MDVI < 0.7] <- NA
mask_raster <- raster (NDVI)

# empty array to store masked raster layers
stack_temp =- stack()

# loop through all layers of img
for (i in 1:dim(img)[3]) {
layer_temp <- raster(img[, , il)
raster_temp =- mask(layer_temp, mask_raster)
stack_temp =- addLayer (stack_temp, my_raster)
R
1

stack_temp

- band_mean_fun <- function(cx, cy, r, band) {

# re-format band raster to a matrix

df <- raster::as.matrix(band)

# re-format to Jlong format

df <- melt(df, warnames=c("x", "y"J), value.name = "wvalue™)
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181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
2086
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239

# calculate the area of the circle

circle_area =- pi * ra2

# calculate the distance from the center for each point

df <- df %=% mutate(distance
# subset the data frame to extract the
subset_df «<- df %% filter(distance <=

sqreiix

r

# calculate the mean of the values within the circle

mean_value <- mean(subset_dfivalue,

na. rm=T)

- ox}h2 + (y - cy)h2))
points within the circle

# Function for 100 random pixel spectral graphs and average
# input filtered raster stack

- pixel_spec_fun =- function{cx, cy, r,

img, title) {

# Re-format to long format with coordinates x, y, and z

df <=- melt(img, wvarname

# calculate the area of the circle

circle_area =- pi * ra2

s=c{"x",

Yo

# calculate the distance from the center for each point

df <- df %=% mutate(distance
# subset the data frame to extract the
subset_df «<- df =% filter(distance ==

#

sqre((x

rj

"z"), value.name = "value™)

- cx)A2 + (y - oy)A2))
points within the circle

subset_dfipixel_id <- as.character(paste(subset_dfix, subset_dfiy,
sep="/ "))
# Tist of all pixels with unigue identifiers in the maksed area
pixel_id_list =- unique(subset_dfipixel_id)
# sample 100 random pixels from 1ist of unique identifiers

subset_df «-

subset(subset_df, subset_dfipixel_id

%in% sample(pixel_id_1ist, 100))

# make new wavelength column based on band number

300000, 521,
900000, 550.
400000,578.
100000,614.
900000,650.
600000,685.
300000,721.
100000,764.
900000, 800.
600000,835.

400000, 528,
000000, 357.
600000, 585.
300000, 621.
000000, 657.
700000, 692.
400000,728.
300000,771.
000000, 807,
. 900000,

700000,842

wavelengths <- c({c(500.000000,507,100000,514,
531.000000,535.700000,542,
564.300000,570.000000,571.
582.900000,600, 000000, 607,
028, 600000,035.700000,0642.
664. 300000,671.400000,678
700.000000,707., 100000 ,714.
742.800000,750.000000,757
F7EB.600000,785.700000,792.
814 . 300000,821. 400000 ,828
850, 000000)
-~ for (i in c(1:Tengthi{wavelengths))) {
subset_df [subset_df == 1] <- wavelengths[i]
- 1
# remove NA-values
subset_df «<- na.omit(subset)
# plot
ggplot(subset_df) +
# plot all 100 reflectance curves
geom_line(aes(x=z, y=value, group=pixel_id), alpha=1,/10) +
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240 # plot mean of 100 curves

241 stat_summary(aes(x=z, y=value), fun=mean, geom="1line",

242 colour="[e", linewidth=1) +

243 theme_bw() +

244 labs (x="wavelength {(nm)", y= "Reflectance”, title = title) +
245 # wvertical Tines to demonstrate bands used for PRI at 531 and 570 nm
246 geom_vline(aes (xintercept=531),linetype=2,na.rm = T)+

247 geom_v1ine(aes(xintercept=570),linetype=2,na.rm = T)+

248 # coordinates optimized for PRI

249 coord_cartesfan(ylim=c(0, 0.15), xlim=c(320, 600)) +

250 theme(legend. position = "none")

251 - }

252

Appendix 7. Relative soil moisture timeseries
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Figure A4. Timeseries relative soil moisture for the duration of the experiment. Control
plants are denoted in blue and treatment plants in red. The black vertical lines denote the
pre-drought (Aug 9th), height of drought (Aug 31st), and recovery (Sep 8th) dates. The
vertical dotted lines denote the start of drought treatment (Aug 17th) and recommission

of irrigation (Sep 1st).
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Appendix 8. Leaf-level reflectance

Pre-drought, 09 Aug Drought, 31 Aug Recovery, 08 Sep
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Figure A5. Reflectance curve in range 520-800 nm (above) and in range 520-580 nm
(below) gained from non-imaging-based leaf level spectroscopy from three sampling days.
Control plants are denoted in blue, and drought plants in red. Measurements were
performed under a white LED light, which is why bands in the NIR (> 750 nm) are noisy
and were not used to calculate indices in this thesis.
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Figure A6. Relationship between A) leaf level PRI and LWP, B) leaf level PRI and F./Fn.

Pre-drought, 09 Aug

40 1 ﬂl
030 M
=
£ 201
it}
|_
10
D_
0 5 10 15 20
Hour
Recover, 08 Sep
40 1
O30
. !
£ 201 Iy
it}
|_ \
10 F5
D_
0 5 10 15 20
Hour

T
=]

T
=t

(8]

(=)

0.825 . ®
™ ™ LN
o, ° % ©
. &
<
0.800 <
< A
0.775 <
Fay
0.750 1 a
&
R*=0017,p=056
0.725 T T T T T
-0.01 0.00 0.01 0.02 0.03
PRI_LL

=
=
=

r1000=

i} a4

7 a4

dd

|oL

(L-s z-W

dd

|oL

{15z~

Drought, 31 Aug

Treatment

Control
*  Drought

Date

Pre-drought, 09 Aug
& Drought, 31, Aug

¢ Recovery, 08 Sep

40 1
€330
i
C:Lﬁ 1
Ezﬂ j“”

10 A

D_ | N S .

0 5 10 15 20
Hour

T
-
&

=

Ay a4

F1000=

[ ]
g
dd

|oLL

(}-5-Z-w

Figure A7. Timeseries of temperature (°C) in red and outdoor PPFD (umol-m?-s?) in

blue on three sampling days. The black vertical lines denote the time of leaf level

reflectance measurements.
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Appendix 9. HSI spectra
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Figure A8. Reflectance spectra on 100 randomly sampled pixels (gray) and their average
spectrum curve (black) for each sample plant on the three primary measuring days.
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Appendix 10. Scatterplot matrix
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Figure A9. Scatterplot matrix of VIs, and supporting and physiological variables.
HSI_temp. is temperature (°C) at the time of HSI, LL_temp. at the time of leaf level
spectroscopy. HSI_PPFD is PPFD (umol-m?-s?) at the time of HSI, LL_PPFD at the
time of leaf level spectroscopy. SM is relative soil moisture (%), LWP is leaf water
potential (Bar), FvFm is maximum quantum yield of PSII photochemistry, MTCI is the
MERIS terrestrial chlorophyll Index, REP is red edge position (hnm), HSI_PRI is PRI from
hyperspectral data, and LL_PRI is PRI from non-imaging-based leaf level reflectance.
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