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Abstract

Hyperspectral imaging is a niche remote sensing modality that captures Earth’s
surface reflectance across hundreds of spectral bands. Its high spectral resolution enables
the detection of subtle spectral variations that correspond to changes in chemistry (e.g.,
pigments, moisture, minerals) and biological processes. Despite this potential, adoption
remains limited, partly due to the lack of established spectral relationships for novel
applications. More importantly, the fundamental principles connecting spectral
differences to physiochemical changes are often overlooked in disciplines that have been
slower to adopt hyperspectral methods. Accordingly, the first research chapter of this
thesis outlines these principles and reviews existing applications to guide remote sensing
practitioners towards informed innovation. The following chapter applies these principles
to an early-stage framework for investigating foliar canopy reflectance in an understudied
spectral range. Finally, this thesis closes with a commentary on how the most common

uses today may be falling short of hyperspectral imaging’s true potential.

il



Dedication

This work is dedicated to Dr. Antdéin O’Sullivan. For what it is worth to me, Antdin needs
more than an acknowledgement. This project has looked like many different things at
different points in time but was never going to be short of something that I found
compelling; I have Antoin to thank for this. The chats I have shared with him are
unparalled in their intellectual stimulation, and he has helped me beyond any other
influence to mold the identity I’ve strived to forge for myself. For better or worse, four
years of his mentorship has helped me foster my inherent curiosity, inspiring me to lead a
life of critical, mechanistic thinking. It is thanks to Ant6in I’ve embraced that there is no
disciplinary boundary that the open, level, and critical mind can be excluded from, or

confined to. To me, the pages of this thesis reflect that. One love.

il



Acknowledgements

I got sick once while doing this degree program. I’d like to acknowledge my mom,

Kim Morgan, for giving me an organ. It made me feel better.

I’d like to acknowledge my closest, strongest, most persistent supporting figure,
Caroline Blakely, who helped me push through my deteriorating condition, for helping

me get better, and for agreeing to stick together no matter what else life has in store.

I would like to thank my family and friends who have shown undying support and
interest in my work during the past three years of my life. These people include, but are
not limited to, my father Matthew Morgan and brother Adam Morgan; Dominic and
Heather Blakely; Michael Blakely and Keely Rutter; Erin McCavour; Greg Stewart;
Tanner O’Donnell; Regan Barry; Karlos Hernandez; Hayden Clark and the rest of the
fellas; Eric and Carol Anne Pineault; Ange, Matt and Sam Brunt; Jeff, Kaitlyn and Hailey

Pineault; Erika Pineault, Ryan Dobbelsteyn and the girls; and Eydie Arbeau.

I’d like to thank my advisory board whose feedback helped improve the work in
this thesis. These include Dr. Antéin O’Sullivan, Dr. Tommi Linnansaari, Dr. Kurt

Samways, Dr. Meghann Bruce, and Dr. Christopher Wong.

Lastly, the work presented in this thesis was made possible by the small but mighty
team of Fionn O’Sullivan and Mike Rickard, thank you both. Previous attempts at studies
would have likely been possible if they were not headed by me, such attempts deserve a
nod of gratitude to Tyler Stewart, Allie Pugh, Fionn O’Sullivan, and Ant6in O’Sullivan.
A thank you goes to the Miramichi Salmon Association for allowing us use their

infrastructure. I would also like to extend my gratitude to my funders, Fort Folly Habitat

v



Recovery, and the Miramichi Salmon Association’s Jack T. H. Fenety conservation

scholarship.



Table of Contents

ADSIFACE o ceeeeiiiiiiiieniteesinticitteciaeessstesssstesssseesssssesssseessssessssssssssssssssssesssssssssases i
DEdICALION ouueeeeneeecinniiciniicinnecinnessnecsssneisssseesssneesssseessssesssssssssssessssesssssasssssnsssnes iii
Acknowledgements iv
Table of Contents vi
LiSt 0f TADIES ..cuueeiernriiiniiiinriisnnissnncssssncsssncssssisssssnssssssssssssssssssssssssssssssssnsssssnss ix
LiSt Of FIGUIES cuuueiiiiiiiiiriiiiiiticniniesinniissnneissnnicsssnnessssscssssssssssssssssessssnsssssssssssnes X
Chapter 1: Introduction 1
1.1 Back@round .........cocuooiiiiiiiieee e 1
1.2 ODJECHIVES c.eeivieiieeiieeeite ettt estte ettt e e sbeesteesae e taeesseessaeensaenseeenseensnesnsees 5
1.3 THESIS OVETVIEW ...ccuviiiiiieiieiiiesieeie ettt ettt sttt b aeseeens 5
1.4 RETETEINCES ...ttt 6

Chapter 2: A review of the physics and applications of hyperspectral sensors

......................................... 10
ADSITACT ..ttt ettt ettt et et e et e nee et e sateens 10

2.1 What is a hyperspectral SENSOT? .........ccceveeriieriirriiieiieeieeeie e 11

2.2 Fundamentals of hyperspectral imaging...........cccceeeveeevveeniveeniieeenieeeneenn 16

2.2.1 Optics of Hyperspectral IMagers ..........cceeveeevieeeiieeniieeeiee e 16

2.2.2 Fundamental language of hyperspectral remote sensing..................... 23

2.3 Scales of hyperspectral IMaging.........ccceecveevierieriiienieeeeie e 30

Vi



2.3.1 Spectral scales in the envIronNmMEent ............cccceeevveerveeiieeneeeeieeneeeneenees 30

2.3.2 Spatiotemporal Scales of Hyperspectral Imaging............ccccceevveennennn. 36
2.4 Applications of hyperspectral imaging ..........ccccceeevveeevieeeiieeeciie e 45
2.5 Considerations for future applications ..........cccccveeeeveeeiieeeiieeeiie e 52
2.6 RETRICIICES ...ttt sttt s 53

Chapter 3: Investigation of foliar UV reflectance for classification of Atlantic

Canadian tree species ... 07
ADSITACT ...ttt s 67
3.1 INErOAUCTION ..ttt ettt et 68
3.2 Materials and methods ..........ccoceeiiiiiiiiiiiii e 71

3.2.1 Study area and SPECIES ........cerueruereiriirieniienieete ettt 71
3.2.2 Data aCqUISIEION ....eeeeuviieiiieeiieeeiieeeteeeteeeereeeereeeeaeesneeeeseeeseseeenes 73
3.2.3 Data analySiS.....cccueeeriuiieiiieeriie ettt 75
3.2.4 Species distribution and data trends ..........cccceeeviieeiiieniieeee e, 83
3.2.5 Model performance.............ceoeevereeneriienienienieneeeeeee e 86
3.2.6 Tree Classification ACCUIACY ......c..ccveruerierierieniienieeeeeeese e 90
3.2.7 Phylogenetic correlation analysis ...........cceeveeeiieniienieeneenieeieesee e 94
3.3 DISCUSSION ..cutieniiieniieeiieeite ettt ettt e st e bt e e st esbee st e e sae e e bt e sbeesabeesbeesareeneee 95
3.3.1 Ecological realism versus model optimization............c.ccceeevvveeereennee. 96
3.3.2 MOAE] SPATSILY .uevieniieiiieiieeiieeiee ettt ettt ettt eseaeeneeas 97

vii



3.3.3 UV as arole player in classification............ccceccveeevienieecieeneeeniiennnns 100

3.3.4 Phylogenetic COTTelation ............ccueeevvieeriiieeiiee e evee e 102
3.3.5 LAMITATIONS ..eeutieiiiieiie ettt ettt ettt st e st sabeenaeeea 104
3.3.6 FUture DIT€CIONS ......ceeuiiiiiieiiiiieeiie sttt s 105

3.4 RETETEICES ...eeneiiieiieieeie sttt ettt 106
Chapter 4: Synthesis 117
4.1 Significance 0f theSiS .......ceevuieriiiiiiiiieeieecie e 117
4.2 Synthesis and future direCtions ..........ccccceceeveevieriinieienieneceneseeeeeen 120
4.3 RETETEINCES ...ccuvieiiieiieiieeee ettt ettt sttt eaeeas 122

Curriculum Vitae

viii



List of Tables

Table 2-1 A compilation of different fields that use remote sensing and some of
their study applications. The table is populated to illustrate whether a specific field of
study has utilized hyperspectral imaging. The key words used for the search to populate

were the field, “hyperspectral” and the spectral range acronym..........cccccccvvveevveerreeenee. 46

Table 3-1 Summary of all performance metrics for each sensor with their

corresponding standard deVIation. ............ccocuiiiiiiiiieniieeie e 88

Table 3-2 Mantel’s r results testing correlation between spectral and phylogenetic

distance Matrices fOr the ASD SEINSOT....covuumnneee et e e e e e e e e eeeaeeeeeeeeeeennaas 95

1X



List of Figures

Figure 2-1 A depiction of the different imaging modalities in remote sensing as
they pertain to spectral resolution. a) is a representation of a 2D digital RGB image
composed of the three discrete colours of filtered light; b) an illustrative example of a
multispectral image consisting of 5 discrete bands and c) an artistic visual representation
of a hypercube. Note that each imaging modality contains two spatial dimensions, while
the hypercube contains a continuous SPECtral aXiS........cceerueerieeriierieriieiienie e 12

Figure 2-2 An artistic rendition of the optical design of a hyperspectral imager
adapted from (Marinelli et al., 2023). The labels a) and b) represent the two dimensions
of spatial resolutions of pushbroom imaging, along-track and cross-track. The final three
labels indicate the three main components of an imager: c¢) foreoptics, d) dispersive
element, and e) photosensor. The dashed lines represent the optical path taken by reflected
light rays carrying spectral information about the objects being imaged. ....................... 13

Figure 2-3 An artistic rendition of the double slit experiment displaying a bright
fringe on the top right of the figure. This is the first bright fringe (m=1) and is therefore a
first order fringe. The variables are represented as such: x denotes the distance between
the two slits; theta (O) represents the angle of diffraction from the original direction of the
light beam; L represents the distance traveled between the respective light rays; D
represents the distance between the slits and the screen the light is projected onto. Note
that the path difference follows the relationship in €q. 2-4.......cccccoeviiiiieiiiniieiecieeee, 19

Figure 2-4 An idealized representation of spectral response functions. Panel a) is

a narrow bell curve with the FWHM visualized as the breadth at the dashed 50% intensity



line and b) is a series of spectral response functions to visualize the concept of spectral
TESOLULION. ...ttt ettt b et ettt ettt sbt et et e sbeeaeenees 26

Figure 2-5 The thermal emission spectra of the Sun (left) and Earth (right) on a
plot of wavelength and intensity adapted from (Hashim et al., 2016). Note that in reality,
the spectral power density of the Sun is greater than that of the Earth by seven orders of
magnitude, according to the thermodynamic laws of blackbody radiation (Jana, 2019).
Below the graph, spectral ranges are indicated as they pertain to the spectral sampling
ranges of hyperspectral imagers. The percentages populating the graph indicate the
proportion of solar emission that occurs in the various spectral ranges. .........c.c.ccceeneenne. 31

Figure 3-1 A map of the regions containing the trees sampled in the study. The
large polygon is the Acadia Research Forest, and the small polygon in the inset depicts
the region sampled along the banks of the SJIR. The top-right inset shows the sampled
region within the Province of New Brunswick, Canada. ...........c.cceeveeriirniienieeneenneennen. 73

Figure 3-2 A depiction of the workflow for data acquisition. Panel a) shows the
fully assembled ASD FieldSpec 2 with the pistol grip and narrow 7.5° FOV lens mount.
Panels b) and ¢) demonstrate the pruning and assembly of canopy foliage. Panel d) shows
the calibration disk being used to calibrate the sensor. Panels €) and f) demonstrate the
back-angled scanning of the leaves and the raw spectrum as it appears on the device. Note
that these images were taken during trials intended for workflow visualization — more
foliage was captured during true data acqUISItION. .......cecuierieriieriiieiieie et 75

Figure 3-3 A depiction of hyperspectral data acquisition and convolution-based
simulation. Panel a) shows a sample reflectance spectrum with an inset highlighting the
region visualized in later panels. Panel b) presents the ASD FieldSpec’s SRF (1 nm output

resolution) as Gaussians weighting reflectance (black line) by height. Panel ¢) sums these

X1



weighted values into averaged reflectance bars. Panel d) a lower-resolution SRF (Pika
UV; FWHM = 2.8 nm) produces the broader bars in ¢), where each channel’s center and
edges align with its Gaussian peak and half-maxes. .........ccccoeeveviieiieniieiiienieeeeie e, 78

Figure 3-4 The raw reflectance spectrum averaged across 100 observations of
tamarack in panel a), with the simulations displayed in the proceeding panels. Panel b) the
Pika L, ¢) the Pika UV, d) the Pixxel FireFly, and coarse sensors in ¢) and f) the simulated
spectrum captured by the 5-band multispectral MicaSense Red Edge-MX multispectral
and generic RGB sensor respectively. Shaded ribbons and error bars represent

intraspecific spectral variability, calculated as the standard deviation calculated at each

Figure 3-5 The distribution of tree species observations after removing saturated
spectra. The species abbreviation used in smaller plots is indicated to the right of each
SPIECIES. cuvveereenreeeereerteeeteeseeesseessteeeteesseeasseeseeeaseeesseanse e sbeeebeeaseeesbe e saeenbeeeteeenseenseeenseearaans 84

Figure 3-6 A diagram depicting the evolutionary relationships through time among
the 13 sampled species. Branch lengths are proportional to evolutionary divergence time
in millions of years (scale bar shown). The relationships depicted are derived from time-
calibrated molecular data obtained from TimeTree v5.0, which aggregates molecular data
through peer-reviewed publiCations. ..........cceeeriiieriiieeiiie e 85

Figure 3-7 The averaged ASD-captured spectrum of yellow birch (n = 99) across
all observations. The ribbon enveloping the reflectance spectrum represents intraspecific
spectral variability using standard deviation calculated for each band..............c..ccc..... 86

Figure 3-8 Summary of training (80 % of dataset) and test (20% of dataset)

accuracy for species identification based on reflectance spectra. ........cc.cceceeververeennennne. 87

Xii



Figure 3-9 A sensitivity plot looking at the effect of discrete values of alpha in the
linear regression on overall model performance for the raw ASD data’s test accuracy using
the same modelling framework as applied to all other hyperspectral trials..................... 90

Figure 3-10 Confusion matrices for the ASD a) Training and b) Test, and Pika UV
¢) Training and d) Test UV model results. The rows represent the observations made for a
species, whereas the columns represent model predictions for a species. The diagonals
represent the successful (i.e. correct) identifications, whereas off diagonals represent the
misidentifications. For example, the upper leftmost entry corresponds to yellow birch that
were predicted to be black spruce. The darker the cell, the higher the proportion of
predictions for that species pair; the number in each cell gives the count of predictions in
CACKH COLL ittt 92

Figure 3-11 Cluster plots of the random forest-derived top 30 bands relevant to
species identification for a) ASD (315 nm — 1075 nm), b) Pika UV (330 nm — 800 nm), c)
Pika L (400 nm — 1000 nm) and d) Pixxel FireFly (450 nm — 900 nm). The x-axis
corresponds to wavelength (nm) and spans slightly more than the spectral range of the
ASD, while the y-axis represents the mean coefticient assigned to each band by the lasso
regression and spans from 0 to slightly above the highest coefficient at 125. The blue,
yellow and red coloured backgrounds correspond to UV, visible and NIR portions of the

electromagnetic Spectrum, reSPECTIVELY. ...c.cevuirviiriiriiiiirierieeterteri e 94

xiii



Chapter 1: Introduction

1.1 Background

Environmental remote sensing is the detection of absorbed, reflected, and
transmitted energy around Earth’s surface and through its atmosphere. For such a simple
definition, it is a multifaceted tool that has reduced the energetic cost and invasiveness of
ecological studies across all spatial and temporal scales (Kuiper et al., 2023; Senf, 2022).
The forms of energy captured with remote sensing technologies classify them into
mechanical energy sensors which capture pressure waves of varing frequencies (Helminen
et al., 2021) and electromagnetic energy (light) sensors (Shen & Cao, 2017). A further
distinction of sensor class is whether they actively transmit energy and sense its reflection
or passively capture energy from the environment. Active mechanical sensors such as
acoustic cameras transmit sound waves and measure time of flight or changes in
frequency, whereas active optical sensors such as LiDAR transmit light and measure their
time of flight of return to the sensor and the accompanied changes in signal intensity
(Andersen et al., 2006; Dowling & Sabra, 2015). Passive mechanical sensors detect the
propagation of mechanical energy such as sound in the environment, acting as
microphones with sensitivities to varying frequencies, while passive optical sensors
capture emitted, reflected, and transmitted light through Earth’s atmosphere (Ribeiro et
al., 2022; Senf, 2022). Since these different classes of sensor measure different things,
pairing multiple sensor classes or even sensors within the same class has been at the
forefront of developing new innovative perspectives that generate ecologically
meaningful insights due to the complementary nature arising from such areas of data

fusion (Méyra et al., 2021; Ming et al., 2024).



A particular application of remote sensing that inspired the chapters of this thesis,
O’Sullivan et al. (2022), used passive optical (thermal infrared — “TIR”, and Red-Green-
Blue — “RGB”) as well as active acoustic (sonar) data to quantify the physical parameters
driving the non-invasively observed behavioural holding patterns of adult Atlantic salmon
(Salmo salar). This multidisciplinary lens of applied optics, acoustics, hydraulics, and
ecology demonstrated how combining active and passive sensors can generate
ecologically meaningful insights. Although Atlantic salmon is not the focus of this thesis,
the study exemplifies a broader point: species including both animals and plants are
sometimes easily distinguishable in remote sensing imagery, but in other settings can be
visually cryptic, blending in with their surroundings (e.g., boulders on the riverbed). While
O’Sullivan et al. (2022) had a sufficient number of salmon present to overcome this
challenge, the difficulty of species discrimination has limited other ecological applications

of remote sensing (Corcoran et al., 2021; Morgan & O’Sullivan, 2023).

Addressing these constraints may require looking beyond traditional RGB
imagery towards other remote sensing technologies. Hyperspectral sensors may represent
one such solution to these challenges by increasing the amount of spectral information
captured in each pixel. By doing so, they passively capture subtle changes in reflectance
otherwise missed by sensors with coarser spectral resolution that can then be used to
classify objects in the imagery, be it for species composition mapping or anomaly
detection of visually cryptic species. The most abundantly used spectral range in
environmental hyperspectral imaging spans between 400 — 2500 nm, as it pertains to
biologically relevant windows pertaining to physicochemical differences that underpin

subtle changes in reflected light intensity (Yel & Tunc Gormus, 2023).



Trees are a strong entry point for ecological uses of hyperspectral technologies,
where the reflectance of visible light (400 nm — 700 nm) depends heavily on the relative
composition of species-specific photosynthetic and pigment molecules, and at longer
wavelengths, reflectance becomes dictated by structural molecules (Hennessy et al.,
2020). Further, ultraviolet (UV) sampling sensors commonly extend their range into
shorter wavelengths, typically including the visible spectrum and extending into the UV-
A region of 325 nm — 400 nm. However, these higher-energy sampling sensors have seen
little use at-scale for use in tree species. While hyperspectral sensors are not limited to
these spectral ranges, they have widely demonstrated value in a number of other remote
sensing fields (Gairola et al., 2024; Ozturk et al., 2015). However, even within the most
commonly used 400 — 2500 nm range, hyperspectral technologies have been slow to gain
widespread traction in ecology for such applications, with the UV range receiving even

less consideration for potential applications.

This thesis argues that ecology’s slow adoption of hyperspectral technology stems
partly from a literature gap: while fields such as geology have long used spectroscopy as
a tool for mineral identification (Goetz, 1981), ecological applications often lack this
natural conceptual overlap. Although spectral libraries such as EcoSIS and ECOSTRESS
exist, they are limited in their geographic and ecological coverage. As such, their
usefulness 1s reduced, ultimately limiting the baseline data to guide ecologists in
investigating hyperspectral technologies for investigations in novel geographic or
ecological settings. Plants, for example, are leading the realm of hyperspectral ecology,
but examples of potential use cases such as aquatic and terrestrial organism population

estimation are scarce in the existing literature (Kolmann et al., 2021; Meireles et al., 2020).



These factors make the existing hyperspectral literature difficult to translate to ecology,
where a clearer grounding in physical principles is often missing. Accordingly, to situate
hyperspectral imaging within an ecological framework, it is necessary to outline the
physical principles that govern how light interacts with matter and how hyperspectral
sensors capture this information. Before presenting a review of a highly complex type of

optical sensor, this thesis will give a short primer on the basic principles of light.

By its nature, light exhibits the behaviour of both a particle and wave, depending
on the context. As it propagates through space, light travels as a transverse wave, with its
direction of propagation orthogonal to the oscillating electric and magnetic fields that
comprise it (Maxwell, 1865). These two important characteristics underpin a driving force
for much of life on Earth and similarly govern its capture by sensors that study it. By using
its wave properties, light is characterized into categories based on the distance and inverse
of the time it takes to complete a full oscillation, known respectively as its wavelength
and frequency. It is due to their inverse proportionality that either wavelength or frequency
can be used interchangeably to identify and discuss electromagnetic radiation. However,
for the sake of relatability, wavelength will be used to categorize light throughout this
thesis, as its units are more physically tangible than those of frequency. Linked to these
two variables is also the energy of the light, where shorter wavelengths (corresponding to

higher frequencies) carry higher energy, and vice versa.

Because wavelength, frequency, and energy govern what hyperspectral sensors
can resolve, they set the limits of what we can ask ecologically. The current state of
ecological uses of hyperspectral technologies have stayed safely within these limitations,

with plenty of room for novel explorations that are slowed by the interdisciplinary nature



of the technology. Due to the extensive list of concepts that must be understood to begin
using these sensors, this thesis pursues three objectives that in concert, aim to condense
the requisite information to understanding hyperspectral technologies into first principles,

applications and a framework for early investigations.

1.2 Objectives

The goal of this thesis is to develop an understanding of hyperspectral imaging as
a remote sensing modality, from the lenses of physics and ecology. Building on the
introductory foundation of the fundamental properties of light, the objectives of this thesis
are threefold: 1) decant the physics of hyperspectral imaging, from solar emission to light
capture, 2) explore the current state and trends in publication rates with hyperspectral
technologies and 3) conduct a transposable spectral analysis using ground-based
equipment to model spectral data to determine the utility of the UV spectral range. To

address these objectives, the following studies were conducted:

e Literature review of the physics and application of hyperspectral imagers (Chapter 2)

e Investigation of foliar UV reflectance with ground-based sensors (Chapter 3)

1.3 Thesis Overview

The primary focus of this thesis is to logically thread the physics that underpins
hyperspectral imaging to its application in capturing spectral data for use in ecological
contexts. To address such an interdisciplinary goal, a review paper was written (Chapter
2), followed by an investigation into the modelling of a novel spectral range of UV

reflectance (Chapter 3).



In Chapter 2, a number of resources concerning optics, quantum physics, remote
sensing and hyperspectral imaging are explained to build a palatable introduction for the
front-end uses of hyperspectral imagers. These sources, despite not all being directly
related to hyperspectral imaging, comprehensively span the important topics that concern

a well-informed basis for remote sensing practitioners.

In Chapter 3, a study of foliar canopy reflectance was conducted using a
hyperspectral point-scanning device. This study makes a case for using point-scanned
pure spectral data for determining the feasibility of hyperspectral imaging for any specific
application. In doing so, it shows a framework for piloting proof-of-concept studies

without the energetic and financial costs associated with gathering true hyperspectral data.

In Chapter 4, the findings from the thesis are summarized. The thesis concludes
by contextualizing the material of the earlier chapters into potential future directions for

hyperspectral technologies.
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Chapter 2: A review of the physics and applications of hyperspectral sensors

Abstract

Hyperspectral imaging is a remote sensing modality that encodes large volumes
of fine-scale spectral data with remotely sensed spatial data. The utility of hyperspectral
data accordingly depends on the knowledge of species-specific spectral features. As such,
fields like geology have been the long-standing beneficiaries of hyperspectral imaging by
transposing a large catalogue of geologic spectra to the spatial scales afforded by remotely
sensed data. However, the potential applications of hyperspectral imagers have yet to be
fully explored in the context of the environment. This is in part due to their accessibility,
but also the prerequisite understanding of the physics underlying hyperspectral imaging
and the target biological signals. Missing in the literature is a review that pairs a
comprehensive assessment of these intricate topics with a summary of the work done in
hyperspectral imaging to date into a single document intended for aspiring practitioners.
As such, the aims of this review paper are to 1) palatably introduce the physics that govern
these sensors, 2) discuss the various scales at which these imagers operate and 3) break
down the applications of hyperspectral imaging in the literature to reveal potential future

applications that may fill existing literature gaps.

Key Words: Hyperspectral Imaging; Ecology; Drone; Airborne; Satellite; Practitioners
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2.1 What is a hyperspectral sensor?

When discussing hyperspectral sensors, it is easiest to begin by comparing them
with the digital camera that popularly dominates the realm of photography. Standard
cameras, such as DSLRs and those on cell phones, filter the input light from each pixel
into three different colours of red, green, and blue, before registering the light with an
array of light capturing sensors known as photodiodes (Linhares et al., 2020). Each pixel
correspondingly has three associated digital numbers (DNs) attributed to the intensity of
each respective colour in its images (Figure 2-1a). At a slightly increased sampling rate,
multispectral imagers (Figure 2-1b) increase the information gathered in discrete channels
that sample beyond simply red, green and blue, often including channels that broadly
sample biologically relevant light. Hyperspectral cameras, on the other hand, compile a
much larger volume of spectral information in each individual pixel of the captured image,
registering a DN for each spectral channel among hundreds in a standard hyperspectral
sensor (Eismann & Society of Photo-optical Instrumentation Engineers., 2012). The
spectral axis in a subunit of a hyperspectral image is densely packed into continuous
channels, in contrast to an RGB imager (Figure 2-1a). Accordingly, the equivalent to a
pixel in hyperspectral imaging is known as a voxel (Lodhi et al., 2019). Each voxel has
an associated height, width and depth attributed to the spatial channel width, sensor
motion, and number of spectral channels (depth). An assembly of voxels into a

hyperspectral image generates what is known as a hypercube.

11



Figure 2-1 A depiction of the different imaging modalities in remote sensing as they
pertain to spectral resolution. a) is a representation of a 2D digital RGB image composed
of the three discrete colours of filtered light; b) an illustrative example of a multispectral
image consisting of 5 discrete bands and ¢) an artistic visual representation of a hypercube.
Note that each imaging modality contains two spatial dimensions, while the hypercube

contains a continuous spectral axis.

Further comparison of the two classes of imager reveals a stark difference in the
mode of image acquisition between digital and hyperspectral imaging. In digital cameras,
the photodiode array captures everything in the field of view of the lens. This corresponds
to the familiar procedure of clicking a button and capturing all reflected light within a
scene to form a 2-D image. The hyperspectral imagers - to be discussed in depth in this
paper fundamentally differ from regular cameras, with one dimension of the photodiode
array attributed to the spectral analysis of the light coming through the sensor (Figure 2-
2). Such sensors are known as pushbroom sensors, named for their unique modality of
image acquisition. Pushbroom hyperspectral sensors scan the region of interest in
horizontal lines, requiring the sensor or object being imaged to move at a constant rate
while individual images corresponding to the size of the swath width and sensor motion
are continuously captured (Manolakis et al., 2016). This introduces the practicality of
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using pushbroom sensors on aerial platforms, capturing a scene by flying over it.
Alternatively, hyperspectral imagers have successfully been used in benchtop settings,
where imaged objects are placed on a conveyor belt that moves the object through the
field of view of the sensor (Dixit & Reis, 2023). Following acquisition, adjacent line scans

are stitched together to form a complete image.

Figure 2-2 An artistic rendition of the optical design of a hyperspectral imager adapted
from (Marinelli et al., 2023). The labels a) and b) represent the two dimensions of spatial
resolutions of pushbroom imaging, along-track and cross-track. The final three labels
indicate the three main components of an imager: ¢) foreoptics, d) dispersive element, and
e) photosensor. The dashed lines represent the optical path taken by reflected light rays

carrying spectral information about the objects being imaged.
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In the literature, there are two other traditional hyperspectral imaging modalities:
staring sensors, and whiskbroom sensors (Gupta, 2011; NASA Goddard Space Flight
Center, 2017). Staring sensors contain a wheel of bandpass filters that are rotated through
the path taken by light through the sensor, with each filter permitting different ranges of
wavelengths of light to reach the sensor. This permits the sensor’s photodiode array to
simultaneously sample in two spatial dimensions, capturing 2-dimensional images in a
single frame, akin to contemporary digital cameras (Lu & Fei, 2014). Accordingly, in
comparison to pushbroom sensors, staring sensors accumulate spectral rather than spatial
data through time since the captured spatial extent is constant. The captured scene must
be completely still such that the captured images are the same for each bandpass filter. As
such, these imaging modalities are of little use for imaging missions conducted on mobile
platforms such as aerial vehicles or satellites, which is a central focus of this literature

review.

Staring sensors, while an interesting prospect for the development of future
imagers, are currently limited in their spectral resolution as a consequence of the number
of bandpass filters that can be integrated in the imager design (Sousa et al., 2022). Some
imager designs have further refined the optical design of staring sensors that permit the
simultaneous capture of both spatial and spectral information. These are known as
snapshot hyperspectral sensors (Bodkin et al., 2009). While the greater efficiency and field
of view of these sensors would benefit unstable aerial platforms such as drones, these
sensors are limited by their data quality parameters at hyperspectral resolution (Kim et al.,

2023; Monakhova et al., 2020). The current limitations of both contemporary staring and
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snapshot hyperspectral sensors make them better suited as multispectral scanners (Figure

2-1, panel b).

The additional alternative mode of hyperspectral imaging is known as whiskbroom
hyperspectral imaging. Notably, whiskbroom sensors were among the first multispectral
imaging modalities employed, having been aboard Landsat-1, a multispectral land
surveying satellite mission launched in 1972 (Wulder et al., 2022). Whiskbroom sensors
work analogously to pushbroom sensors, however, instead of scanning entire lines, a
mirror rotates perpendicular to the direction of flight, accumulating individual voxels
about a line. This typically results in increased spatial pixel distortion, image acquisition
time, and decreased radiometric resolution due to increased sampling rates (Kerekes &
Scott, 2007). Given this increased sampling rate, data acquired by whiskbroom sensors
often includes greater variations in lighting conditions due to the higher temporal
resolution afforded by the rate of data acquisition (Funatomi et al., 2022). Further, both
discussed alternative hyperspectral imaging modalities include moving parts, increasing
the complexity of optomechanical design, and thus sensor size, weight, and cost. This is
not to discount the alternative imaging modalities; whiskbroom sensors, for example, were
among the first applications of hyperspectral technology that were of great use in each of
the first seven Landsat multispectral satellite imagers (Wulder et al., 2022). However, the
moving parts of whiskbroom sensors leaves them susceptible to mechanical failure, as
was the fate of Landsat-7, setting the precedent for the project evolve to employ
pushbroom sensors (NASA Goddard Space Flight Center, 2017). Following suit, most

contemporary, commercially available airborne hyperspectral sensors have also
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progressed to operate on the principles of pushbroom scanning, as they are compact

optical systems void of moving internal parts.

2.2 Fundamentals of hyperspectral imaging

2.2.1 Optics of Hyperspectral Imagers

Hyperspectral imaging integrates the concepts of spectroscopy and
photogrammetry into a single remote sensing modality (Lodhi et al., 2019). While the
spectroscopic aspects of hyperspectral imaging facilitate the highly precise splitting and
capture of light, photogrammetric techniques are essential to the organization of hundreds,
if not thousands of spatially contiguous line scan images together into a coherent
hyperspectral image. This combination of fields requires a unique optical design tailored
towards the precise acquisition of spectral information as it corresponds to its spatial
arrangement. Examining each of the components along the optical path of hyperspectral
imagers yields valuable insight towards the fundamental principles that enable the
function of the sensor. Such insights are imperative to discussions in further sections of

data quality parameters for the optimized planning of hyperspectral imaging missions.

Optically, hyperspectral sensors act on light by collimating, diffracting, and finally
sensing it. As such, hyperspectral imagers can be primarily broken down into three
components, known as the fore optics, dispersive element, and sensor (Davis et al., 2002;
Liu et al., 2021). In the case of the prominent line scan hyperspectral sensors of interest,
the fore optical system consists of a lens followed by a slit. Once light enters the imager’s
external lens, much of it is blocked by the slit. In doing so, the field of view of the sensor
is restricted to a long, narrow rectangle, hence the line scanning nature of hyperspectral

image acquisition as illustrated previously in Figure 2-2. Smaller slits afford higher
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spectral resolution, but at a tradeoff of lower sensor irradiance due to the greater selectivity
of light entering the sensor (Boldrini et al., 2012). The light reaching the opening of the
slit acts as a series of spherical wavelets upon exit, which then radiate towards the
collimating optics. Upon interacting with the collimating optics, all light propagates
parallel to the optical axis towards the dispersive agent in the form of an approximate

plane wave, allowing the light to interact uniformly across it.

After the light is physically filtered by the slit and collimated parallel to the optical
axis, it can be split into its spectral components with greater control of the manipulated
light. The simplest dispersive element, the glass prism, leverages the physical difference
in refractive index between media to generate a differential in the angles by which
different colours of light are redirected in traversing a media interface. As light slows
down in a medium, its wavelength decreases while maintaining the same frequency
(Eq.1). The refractive index of a material is defined as the ratio of the speed of light in a
vacuum (c) and the speed of light when passing through said material (v) (Singh, 2002),

represented by a dimensionless parameter, n (Eq.2).

Eq. 2-1 c=Af
Eq. 2-2 n=c/v
Eq. 2-3 ni sin@; = nz sin6:

When transitioning from one medium to the next, such as from air to glass, light
experiences a change in refractive index as a result of the changing electronic structure,
optical properties and density of material in the medium (Hecht, 2017). In most cases,

these refractive indices typically vary dependent upon the wavelength of light and
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therefore, the angle of refraction (6:) varies with wavelength. With refraction angle being
wavelength-dependent, shorter wavelengths of light (blue) see larger refraction angles
than longer wavelengths (red), giving rise to a spectrum of light upon transmission.
Importantly, the change in refraction angle does not vary linearly by wavelength when
light passes from one medium to the other. Instead, it obeys Snell’s Law, which states that
the ratio of the sines of the angles of incidence and refraction is equal to the inverse ratio
of the two respective refractive indices (Eq.2-3). Consequently, if the dispersion pattern
emerged from a prism were projected upon a screen, it would broaden with longer
wavelengths. The resulting spatial distribution of the spectrum emergent from a prism is
variable between wavelengths within the broad spectral ranges sampled by hyperspectral
imagers. If unchecked, this can lead to chromatic aberration, a phenomenon where
different colours of light are incorrectly focused on the wrong part of the photosensor
(Korneliussen & Hirakawa, 2014). As such, optical designs of imagers employing prisms
need to include corrective optical components that can account for this phenomenon
(Zhang et al., 2023), and imager designs often maintain designs similar to extant optical
systems with successful aberration corrections already in place due to the complexity
involved in correcting aberrations (Aikio, 2001). It is worth noting that prisms present no
insurmountable obstacles in imager design, as hyperspectral imagers can include multiple

dispersive elements, including prisms (Abdo et al., 2010).

Contrary to prisms that operate on the wavelength dependence of refractive
indices, diffraction gratings leverage the wave behaviour of light to generate interference
patterns that separate light into its composite spectrum (Bonod & Neauport, 2016). This

wave behaviour is easiest to explain with a rudimentary setup of two adjacent slits in an
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opaque material placed a distance away from a screen. When light is shone upon the
material, the two slits act as secondary light sources that emanate light waves similar to
the waves emanated by two stones dropped into still water. This generates an interference
pattern of bright and dark fringes on the screen that arises as the waves from the path
differences taken by the two light waves to reach the screen at a fringe (Thomas, 2020).

This path difference is illustrated in Figure 2-3.

o

Figure 2-3 An artistic rendition of the double slit experiment displaying a bright fringe on
the top right of the figure. This is the first bright fringe (m=1) and is therefore a first order
fringe. The variables are represented as such: x denotes the distance between the two slits;
theta (©) represents the angle of diffraction from the original direction of the light beam;
L represents the distance traveled between the respective light rays; D represents the
distance between the slits and the screen the light is projected onto. Note that the path

difference follows the relationship in eq. 2-4.

Rather than two grooves or slits, diffraction gratings have hundreds to thousands

of grooves etched closely together at regular intervals in a material. When light is shone
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upon a diffraction grating, the same bright and dark fringe pattern of the double slit
experiment appears; however, the bright fringes appear dispersed into their composite
spectrum. This occurs because the high number of slits over a small area acts as a series
of coherent secondary light sources which resolve specific wavelengths at their respective
angle of diffraction as shown in equation 2-4. Further elaborating on equation 2-4, the
order of diffraction is represented by m, the wavelength of light by 4, the distance between

slits by d, and the angles of incidence and diffraction by O, and ©,, respectively.

Following the small angle approximation which states that the sine of a small angle
is approximately equal to the value of the angle, the angle of diffraction approximately
varies linearly with wavelength at small angles since everything else in the equation is a
fixed constant for a specific diffraction order (eq. 2-5). Optical designs leverage this,
incorporating small angles of incidence and diffraction in imager design geometry so the
dispersed wavelengths are spread more uniformly in space than the spectral patterns
emerging from prisms. This principle is widely used in hyperspectral imaging through
blazed gratings, where grooves are etched in a surface with repeating angled surfaces that
intentionally direct the energy of higher diffraction orders into the first diffraction order

maximizing the output light intensity from the diffraction grating (Liu et al., 2009).
Eq. 2-4 mi=d (sin@y+sinO,)
Eq. 2-5 On=sin"1[(ml/d)- sinOi]

While there are two commonly leveraged first principles that split light into its
composite spectrum, there exist a few other ways this is commonly done. As such,

commercially available hyperspectral imagers vary greatly in their dispersive elements
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depending on their mode of imaging. Depending on the class of dispersive element, the
light is typically split into its spectral components by a reflective grating that generates
the previously discussed path differences. However, the optical designs of imagers are not
limited to reflective diffraction gratings, especially in light of recent advancements made
in developing novel dispersive elements. A compelling example is that of the liquid
crystal, an optical medium that can be manipulated electronically, such that the alignment
of atoms in the liquid matrix changes about a modulation of the voltage across the liquid
cell to induce changes in the optical properties of the crystal (Jullien et al., 2017). In so
doing, the spectral functionality of the filter can be manipulated at high speeds, giving rise
to potential for real-time snapshot hyperspectral imaging with more compact design than

staring hyperspectral sensors with bandpass filter wheels.

Emergent in the literature throughout the past decade is the development of a new
diffractive element known as linear variable optical filters (LVOFs). By combining the
optical phenomena of reflection and transmission, LVOFs selectively transmit specific
peak wavelengths of light (reflecting the others) throughout their wedge-shaped geometry
(Emadi et al., 2012). Consisting of alternating layers of high and low refractive index
metal and dielectric materials, the peak transmission wavelength for these filters varies by
generating constructive interference at each layer boundary for said wavelength. The
linearly varying cavity widths ensure that each wavelength of light within the
transmissible spectrum of the filter receives a peak transmission coefticient, with designs
citing efficient, narrow spectral splitting generating transmission bands that taper off by
2-3% of each spectral transmission peak (Mahendra & Chandra, 2021). Similar to liquid

crystals, linear variable filters are commonly employed in snapshot hyperspectral imagers
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given the ease with which multiple stacked filters can disperse different spectral ranges of

light onto a photodiode array (Kim et al., 2023).

After diffraction, the discrete spectral components of the incident light are ready to be
sensed. There are two primary types of photodiodes that are employed in contemporary
visible near-infrared (VNIR) optical sensors: complementary metal oxide semiconductors
(CMOS) and charge-coupled devices (CCD) (Jerram & Stefanov, 2020). Fundamentally,
both classes of photosensor rely on the photoelectric effect to function by releasing an
electron for each photon reaching the sensor. As the signal hits the photosensor, electrons
are released during the photo capture period, otherwise known as the exposure time. The
proportion of photons that successfully release an electron and become converted to a
digital signal corresponding to incident light brightness is known as a sensor’s quantum
efficiency. It is worth noting that sensors operating on longer wavelengths do not use these
technologies as the lower energy spectral ranges they operate in would be insufficient to

generate photoelectrons.

For the intents and purposes of a hyperspectral review paper, it is most important to
understand that these two classes of sensors differ in how they read out the accumulated
charges released from their photosensitive materials. For CCD cameras, the charge from
each pixel is carried to a readout node where the voltage is converted to a digital signal.
The order of the readout intensity corresponds with the pixels’ spatial coordinates on the
sensor array, serially registering information about the individual pixels, eventually
capturing the information of the whole image (Fernandez, 2019). For large format
cameras, this can lead to longer readout times, greatly restricting the framerate of the

camera. On the contrary, CMOS photosensor arrays first accumulate photoelectrons at the
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photosensor, then amplify the accumulated voltage. This amplification increases the
voltage accumulated by the photoelectrons, reducing the proportion of noise in readout
voltage. Finally, the output voltage accumulated at each individual photodiode is read at
each individual pixel (Polatoglu & Ozkesen, 2022). These readouts are notably not
entirely simultaneous across the entire photosensor, where readout voltages are typically

stored row by row of the sensor.

While CMOS sensors are popular due to their temporal efficiency afforded by high
framerates, they are susceptible to increased noise due to their lower quantum efficiency
and increased thermal noise as an artefact of the large number of transistors amplifying
voltages (Korkmaz et al., 2008). With the widespread prevalence of pushbroom
hyperspectral sensors, a higher framerate means areas can be scanned at greater speeds,
hence the popularity of CMOS sensors in hyperspectral imager design (Podlesnykh et al.,
2024). As a caveat to this, however, longer exposure times increase the voltage readouts,
increasing the amount of signal readout, and vice versa. This introduces the tradeoff
between the temporal efficiency of hyperspectral missions and the overall data quality as

a result of lower exposure times afforded by higher framerates (Dell’Endice, 2008).

2.2.2 Fundamental language of hyperspectral remote sensing

Hyperspectral imaging is easiest to introduce through its comparison with traditional
photography, yet this merely depicts the premise of hyperspectral imaging and fails to
explain the language associated with hyperspectral imager performance. Prior to delving
into the applications and scales of a hyperspectral imaging, one may benefit from an
enriched understanding of the jargon that underlies the specifications of hyperspectral

imagers. Over the last half-century, hyperspectral technologies have been employed for a

23



broad range of applications such as mineral mapping, precision agriculture and tree stress
monitoring (Clevers et al., 2008; Goetz, 1981; Uto et al., 2013; Zhang et al., 2024), with
the list of potential applications increasing with better accessibility and technological
advancements. This results in a market offering various makes of hyperspectral imagers,
with some designed to serve a versatile range of applications (Stuart et al., 2019), with
others tailored towards specific applications (Xue et al., 2022). Consequently, there is a
concise list of frequently reported specifications that efficiently summarize the capacity
of an imager. These primarily include the spectral sampling capacity, spectral resolution,
and signal to noise ratio (SNR), which also requires a background on radiometric sampling

to understand (Bhargava et al., 2024).

One of the most relevant specifications of a hyperspectral sensor pertains to its
spectral sampling capacity. As such, hyperspectral imagers are commonly identified by
their spectral range, spectral bandwidth, and spectral resolution, as these parameters
influence their applicability. Intuitively, spectral range is defined as the range of
wavelengths of light captured by a sensor, thereby determining the physical relevance of
the data contained in the image that it captures (Manolakis et al., 2016). This is not to be
mistaken with the spectral bandwidth, which is defined as the ratio of the spectral range
to the total number of spectral channels for visible-near-infrared imagers, which gives an
idea of the range of wavelengths captured by each photosensor. It is worth noting that the
spectral bandwidth may change from channel to channel within a sensor, where some

spectral channels strategically sample in broader ranges than others (Lee et al., 2015).

A final characteristic regarding spectral qualities of a sensor is the spectral

resolution. This refers to the minimum difference in wavelength required between two
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spectral features to achieve detection (Allington-Smith, 2005). Among the spectral
specifications commonly listed for a sensor, spectral resolution is easily the most
complicated of the three. In a hyperspectral sensor’s photodetector array, each individual
photosensor in a hyperspectral imager is intended to sense a specific, small range of
wavelengths of light, ideally at the reported spectral bandwidth. However, each
photodetector in a sensor array has its own unique spectral response function, where it
responds strongly to a central peak wavelength, heavily absorbing it near 100% efficiency
(converting nearly all photons with the peak wavelength to a registered signal), while
absorbing increasingly less radiation the further away an incident photon is from the peak
wavelength. For an incident beam of white light, the photosensor will read a peak intensity
at the peak wavelength, and less for neighboring wavelengths at the same incident
intensity. When the detected signal intensity reaches 50% of the signal’s peak amplitude
venturing away from the peak wavelength, the change in wavelength is doubled to account
for the same change on the other side of the peak assuming uniformity. This provides
wavelength interval between the two points of 50% peak signal, known as the full width
at half maximum (FWHM; Figure 2-4a). Hyperspectral sensors have been shown to
increase their FWHM with wavelength as an artefact of longer wavelengths having larger
dispersion angles and therefore dispersing over larger areas of the photosensor (Koppl et
al., 2021). Accordingly, this makes it harder to spectrally resolve features at wavelengths

on the longer end of a sensor’s spectral range.
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Figure 2-4 An idealized representation of spectral response functions. Panel a) is a narrow
bell curve with the FWHM visualized as the breadth at the dashed 50% intensity line and

b) is a series of spectral response functions to visualize the concept of spectral resolution.

Since there are optical innovations that can diffract light with immaculate
precision, the spectral resolution of a sensor depends on the number of photodiodes
present in the sensor array. The width of the sensor corresponds to the number of spatial
pixels sensed in the horizontal beam, while the height of the array corresponds to the
number of spectral channels sensed in one spatial pixel. Thus, for a hyperspectral sensor
to have high spectral resolution, it is dire for the photosensors to have narrow spectral
response functions and therefore, small FWHM values. In having a narrow FWHM, the
sensor can distinguish between finer changes in spectral details as intricate changes in
light intensity will be detected by neighboring photosensors rather than within the same
one (Kang et al., 2024). Further, it is important that the collective FWHM across all the
photosensors in the array cover the spectral range of the sensor such that all wavelengths

of light within the spectral range may be sensed, as shown in Figure 2-4b.

In the context of building a vocabulary for hyperspectral imaging, radiometric

resolution is another valuable resolution to discuss. As is the case with any modality of
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remote sensing, radiometric resolution indicates the sensitivity of a sensor to variances in
intensity of the energy being measured, or the smallest change in brightness detectable by
a sensor (Manolakis et al., 2016). This can be introduced in a basic fashion by imagining
a sensor that can only detect the absence or brightness of light past a specific threshold.
In the presence of light, the sensor absorbs the sensed photons above the threshold
intensity, and the analog signal from the photosensor is converted to a digital binary value
of a single bit. This occurs thanks to the photoelectric effect, where the photosensor’s
material absorbs a photon and releases an electron (Einstein, 1905). In the presence of
light above threshold intensity, the photosensor would release a proportional quantity of
electrons, thereby accumulating a sufficient charge that is read out to the sensor, recorded,
and stored as a 1 for that pixel, or conversely a 0 for insufficient charge accumulation. If
the sensor is granted an extra bit of information, there become four potential intensities of
light to register, yielding a more resolute binning of the light intensity. The binary number
registered to represent an intensity value is known as the digital number as previously

mentioned.

For the intents of this review paper, it is sufficient to understand that this
quantization of the intensity of light incident on a sensor is stored as data in binary code.
The bit-depth of a sensor is represented by 7 bits, with 2" potential intensities possible to
be detected in a single pixel. Subsequently, a greater bit depth indicates a higher
probability of contrasting fine spectral details between objects of similar colour (Smith,
2023). Bringing this back into relevance of a hyperspectral imager, an imager arbitrarily
containing 500 spatial channels in its swath width and 200 spectral channels per voxel,

the sensor gathers 10,000 different data points in the form of spectral intensity in a single
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line scan that may vary about a span of 2" potential intensities. As such, hyperspectral
imagers accumulate large volumes of data over a short period of time that demand high

computational power for analysis.

Emergent from the basic underlying theory of photosensors and their sensitivity to
light are the concepts of signal and noise. The signal acquired by hyperspectral imagers is
the quantity of photons incident on the photosensors that were initially reflected from the
object of interest. For an imager of any kind, the theoretically ideal readout from each
photosensor in an array would purely consist of charge accumulated from desired incident
photons reflected solely from the desired scene. This is unrealistic, however, as the readout
voltage of a photosensor is influenced by a suite of factors. For example, the electrical
circuitry of the sensor may induce the thermal emission of electrons even in the absence
of light, known as dark current, which can be accounted for by taking a reading of exactly
this and subtracting it from the data (Manea & Calin, 2015). Another relevant source of
noise is engrained in the probabilistic nature of reality at subatomic scales through
quantum mechanics, generating a degree of randomness in the arrival of photons at the
photosensor. The corresponding rate of noise increases proportionally to the square root
of the signal, and therefore is more significant in low light conditions, hence the optimum
imaging conditions being well lit with sufficient exposure time to capture a strong signal

without acquiring saturated pixels (Cornish, 2014; Manea & Calin, 2015).

As a last point on noise, the framerate of a hyperspectral imager depends on its
speed, which increases from benchtop, drone, airplane, and satellite mounted
hyperspectral sensors. As such, some applications of hyperspectral imaging tend to

capture images at high framerates to effectively scan entire landscapes in hyperspectral
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images. This high framerate leaves a short period for the accumulation of charge between
images, decreasing the magnitude of the signal to be read, increasing the susceptibility of
the data to lower signal to noise ratio (SNR) values. Further, the faster the vessel, the
greater the altitude of the sensor and therefore the greater influence of atmospheric
variation or even weather below the sensor. Fortunately, the studies that have aimed to
quantify the impacts of these sources of noise allow for the accounting of these efforts in
in post-acquisition through pre-processing corrections (Jia et al., 2022). Since the
manifestation of these sources of noise is subject to vary by sensor, the SNR is a reported
specification for each hyperspectral sensor. Higher SNR values are typically consistent

with greater overall data utility (Cornish, 2014; Jia et al., 2022).

Collectively, the information above spans the majority of reported specifications
for any commercially available hyperspectral imager and the important parameters to
consider when designing studies around hyperspectral imaging. The underlying
relationships between these parameters are inextricably linked to one another, hence the
ongoing studies of the impact of changing one sensor specification on the others. Despite
the novelty of the work with the recent expansion of commercially available hyperspectral
imagers, the optimization of spectral and spatial resolution alongside SNR is becoming
nuanced as further studies continue to refine hyperspectral imager design. In particular,
studies have shown that the highest attainable spectral or spatial resolution does not yield
optimal results, rather moderate spatial and spectral resolutions are proving more accurate
for feature classification than finer or coarser resolutions (Jia et al., 2022). This is a
sensible finding: optimal data acquisition necessitates high photosensor illumination via

strong reflectance signals and accommodating aperture sizes for a strong signal. An
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increase in either spatial or spectral resolution indicates a higher number of photosensors,
thereby decreasing the amount of light distributed upon each one. Consequently, less light
is accessible to each individual photosensor in the array, negatively impacting the signal,
thereby decreasing the signal to noise ratio. As such, the design of hyperspectral imaging
systems is compensatory by nature to suit the purpose of the imager. Such discussions of
sensor performance based on spectral and spatial resolution metrics are superseded by the
importance of data acquisition in conditions affording high photosensor illumination for

a strong signal.

2.3 Scales of hyperspectral imaging

2.3.1 Spectral scales in the environment

Hyperspectral imaging is a highly precise method of filtering and capturing
electromagnetic radiation. Due to its passive nature, environmental remote sensing via
hyperspectral imaging depends on the sun’s illumination of Earth’s surface as its main
source of energy for capture. Therefore, an understanding of the spectral composition of
sunlight bolsters a foundation for discussing the utility of the various spectral ranges of
hyperspectral imagers. The sunlight that reaches Earth follows the thermodynamic laws
of blackbody radiation that link the intensity of various wavelengths of emitted light to
the temperature of the emitting body and further link the temperature of a body to the
wavelength of light that it maximally emits (Jana, 2019). As such, at a temperature of 6000
K, the solar emission spectrum appears as below in Figure 2-5. The most intensely emitted
portion of the solar emission spectrum is in the visible spectrum, with similarly high
proportions, but less intense emitted light in the near infrared (NIR 700 — 1000 nm) and

shortwave infrared (SWIR; 1000 — 2500 nm) regions of the electromagnetic spectrum.
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Ultraviolet (UV; 100 — 400 nm) comprises a small portion of the solar emission spectrum
and experiences some atmospheric absorption, but is non-negligible for relevant surface
interactions due to its high energy. Mid-wave infrared (MWIR; 2500 — 5000 nm) radiation

is emitted at low intensities at the other peripheral edge of the solar emission spectrum.
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Figure 2-5 The thermal emission spectra of the Sun (left) and Earth (right) on a plot of
wavelength and intensity adapted from (Hashim et al., 2016). Note that in reality, the
spectral power density of the Sun is greater than that of the Earth by seven orders of
magnitude, according to the thermodynamic laws of blackbody radiation (Jana, 2019).
Below the graph, spectral ranges are indicated as they pertain to the spectral sampling
ranges of hyperspectral imagers. The percentages populating the graph indicate the

proportion of solar emission that occurs in the various spectral ranges.

The solar emission spectrum spans numerous ranges of the electromagnetic

spectrum, giving rise to the electromagnetic energy transmitted upon, to be absorbed and
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reflected by Earth’s surface. Since the classes of hyperspectral imagers operating on
shorter wavelengths typically mix portions of these categories, it is important to outline
them based on these well-defined spectral ranges. On the shorter-wavelength end of the
solar emission spectrum, it is common for ultraviolet sensors to begin sampling in the
longwave ultraviolet spectrum at around 330 nm, and span the visible spectrum, giving
way to UV-Vis sensors. Despite the UV spectrum starting at 10nm and spanning to 400
nm, it is uncommon for a sensor to span exclusively 100 nm to 400 nm given the high
atmospheric absorption of ultraviolet light outside of longwave UV (de Gruijl & Leun,
2000). However, such sensors do exist for lab-based modes of hyperspectral imaging for
industrial quality control analyses, where atmospheric attenuation is not an issue given

controlled artificial light sources (Al Ktash et al., 2021a; Al Ktash et al., 2021b).

Hyperspectral imagers that are marketed for operations in the visible spectrum
include the NIR portion of the infrared spectrum that borders the longer wavelength end
of the visible light spectrum. As such, hyperspectral sensors operating in the visible
spectrum are known as visible-near infrared (VNIR) sensors. The addition of the NIR
portion of the spectrum grants VNIR sensors access to a molecular absorption window
pertaining to water, allowing for the quantification of water content based on NIR
reflectance (Clevers et al., 2008). SWIR hyperspectral imagers sample a span of
wavelengths from 1000 nm to 2500 nm, and closing out the solar emission spectrum,
MWIR sensors typically span from 2500 nm to 5000 nm. Notably, 5000 nm demarcates
the beginning of a gap in the spectral ranges sampled by hyperspectral imagers. Between

5,000 and 8,000 nm, significantly lower intensities of light are available for detection.
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This is because such a range of wavelengths is too long (cold) for solar emission at

substantial intensities, and too hot (short) for thermal emission from Earth’s surface.

Physically, the proportions of incident radiation displayed in Figure 2-5 are found
only at the edge of Earth’s atmosphere, rather than at Earth’s surface. Effects such as
atmospheric absorption, scattering and reflection prevent the complete transmission of the
solar emission spectrum through the atmosphere onto Earth’s surface (Hanson et al.,
1967). Since molecular and atomic energy levels are discretely quantized, specific
materials have different absorption affinities for different wavelengths of light. As such,
the solar emission spectrum appears uniformly dampened at sea level, with several gaps
of even lesser intensity known as absorption windows appearing in the UV, NIR and
SWIR regions (Wei et al., 2018). These gaps manifest within the ranges of wavelength
that correspond to the energies that incite bond vibration transitions in prominent
atmospheric molecules such as water, methane, oxygen, ozone, and carbon dioxide

(Barrett, 2005).

Contrary to the ranges of sunlight heavily attenuated by absorption windows, the
remainder of the solar emission spectrum reaches Earth’s surface at high intensity. Upon
reaching the terrestrial surface, around half of the incident radiation is absorbed, imparting
a higher energy state on the absorbing materials (Hanson et al., 1967). In the visible and
longer wavelength end of the ultraviolet spectrum, this commonly occurs in the form of
electron excitation, where electrons absorb light of compatible energy and are excited to
higher energy states. At longer wavelengths in the infrared regions, higher energy states
are imparted on bonds with the absorption of light, inciting molecular vibrational modes

with energies proportional to the light absorbed (McQuarrie & Simon, 1997). These
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absorptions cascade in a series of interactions with neighboring atoms and molecules,
resulting in an increase in the thermal motion of the absorbent materials and thereby

causing an increased emission of thermal radiation (Hobbs, 2000).

In a similar fashion to the sun, Earth has its own thermal emission spectrum
resulting from heating due to the absorption of solar radiation. Earth’s surface averages
290 K (15 °C) and varies by ~ 50 K in extreme climates (Hanel & Conrath, 1970). By the
similar laws that govern the emission spectrum of the sun, a blackbody exhibiting a
temperature within the exhibited temperatures of Earth’s surface would range anywhere
from 9,000 to 13,000 microns at the extremes. On average, Earth’s thermal emission
spectrum correspondingly peaks at 10,000 nm, as shown on the right side of Figure 2-5.
Importantly, the longwave infrared (LWIR) section of the electromagnetic spectrum spans
the range of wavelengths emitted by the thermal motion of the materials comprising
Earth’s surface completely, with longwave infrared sensors sampling between 8,000 to
14,000 nm (Manolakis et al., 2019). As such, thermal imaging typically captures the
variability of thermal features of Earth’s thermal emission. Consequently, the term
“longwave infrared imaging” is used interchangeably with “thermal infrared imaging”
(Eisele et al., 2015). An important distinction to maintain, however, is that hyperspectral
LWIR imaging consists of numerous bands, where common thermal infrared sensors

capture single-band imagery (Gao et al., 2022).

While the proportions of sunlight absorbed at Earth’s surface contribute to its
thermal emission spectrum through warming, the radiation that is reflected by Earth’s
surface constitutes Earth’s albedo. Hyperspectral imagers ranging from UV to SWIR

capture Earth’s albedo to investigate properties of Earth’s surface. By measuring the light
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incident upon, and reflected from Earth’s surface, the light that is absorbed by the
materials in the image can be obtained by subtracting the two (Manolakis et al., 2016).
Depending on the platform, however, the light undergoes varying degrees of atmospheric
such as local variations in atmospheric composition that affect both transmission and
scattering, both of which require processing measures for platform-based studies. In
investigating the fine spectral details of absorbed light, one can compare the light intensity
of the entire spectral curve or certain bandwidths for known spectral features of materials
with known spectral characteristics. This inherently requires a preconceived
understanding of the spectral characteristics of the target objects for identification in the

hyperspectral data.

Discussing the sources of light captured by hyperspectral imagers illustrates the
duality in the sources of light they capture, where shorter wavelengths constitute Earth’s
surface reflectance spectrum, and longer wavelengths constitute Earth’s thermal emission
spectrum. This highlights the applicability of hyperspectral data captured in different
wavelength ranges; hyperspectral imagers that capture reflected light can infer the
material composition of the imaged body by seeking unique spectral features attributed to
the light absorbed by the target materials. Contrarily, LWIR sensors capture a change in
emissivity, which causes bodies of the same temperature to emit different quantities of
radiation according to the Stefan-Boltzmann law (Condon, 1939). It is consequently
important to consider using a sensor that samples a range of light that has distinct spectral
interactions that suit the purpose of the study. This could take the form of targeting either
high absorption or reflectance. For example, the characteristically high absorption of

radiation (low penetration depth) and negligible emission in the SWIR region by water
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renders SWIR sensors inept candidates for imaging missions that demand high
transmission coefficients through water, such as bathymetric mapping and aquatic
ecology. However, applications such as remotely sensing moisture content in plants and
soils fall under the breadth of NIR and SWIR hyperspectral imaging for its utilization of

the same high absorptance of SWIR and NIR by water.

2.3.2 Spatiotemporal Scales of Hyperspectral Imaging

For practical purposes, hyperspectral imaging can be generalized to have four
different classes of platform on which the sensor is mounted; each of which affords a
different range of spatial resolution. These range from benchtop hyperspectral sensors,
which capture the finest spatial scales of resolution, to satellites, which cover large
swathes of land area producing voxels with spatial resolutions on the order of meters to
kilometers. Each class of platform also has their own inherent constraints on the temporal
resolution with which imaging can be conducted, as imaging frequency is limited by the
operational logistics of the platform. This section intends to introduce the various spatial
scales hyperspectral imaging is conducted at, and the often-temporal tradeoffs that come

with each.

Handheld spectroradiometers are noteworthy sensors in precedence to discussing
the various scales of which have an optical probe that when held up against an object,
irradiate it and in return read its reflectance spectrum. These handheld devices capture
reflectance spectra with improved spectral resolution and signal to noise ratio to
hyperspectral imagers given the control of the irradiating light source and proximity to the
object being scanned. While these devices do not generate imagery of the objects and

cannot therefore be classified as imagers, they are an understated tool with widespread
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applicability to preliminary analyses of spectral features that may be further investigated
in hyperspectral imaging missions (Dinish et al., 2023). Giving insight into specific
spectral characteristics of objects of interest for spectral classification, it provides
researchers with an idea of what spectral ranges may be useful for feature classification

in their hyperspectral imagery.

The benchtop mode of hyperspectral imaging is quite similar to the premise of
spectroradiometers, where the imaging is taking place in an area with controlled lighting
and therefore yields a high signal to noise ratio. Benchtop hyperspectral sensors scan
spectral and spatial features using the premise of pushbroom imaging and therefore
sample about a swath that is directed perpendicular to the motion of a mobile platform
below it to fully scan an object of interest. This imaging modality may not be applicable
to all applications of hyperspectral remote sensing of the environment but nevertheless
offers a similar investigation of precise spectra of objects of interest to spectroradiometers,
while importantly showing the variability of the reflectance spectrum of the object in
space. Given the close proximity with which objects are imaged with these sensors,
benchtop hyperspectral imaging modalities yield spatial resolutions in their imagery in the
order of millimeters to microns, depending on the distance of the aperture from the imaged
object (Stuart et al., 2020; Zhu et al., 2021). This affords immaculate spatial precision in
the spectral analyses of objects. This has relevant applications, for example, in disease
monitoring in plants, where fine spatial scale analyses of the spectra can unveil how, or if,
diseased leaves have any standout changes in their spectra that can then be applied to
upscaled projects of UAV flights of complete plots of farmland to monitor the prevalence

of diseased crops (Zhang et al., 2024). Given the highly controlled conditions in which
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the imaging is conducted with benchtop sensors, the temporal resolution of these studies
is virtually unlimited, where the spectral variance of an object can be traced through time

at high frequencies.

As a consequence of the motion required to capture hyperspectral images with the
pushbroom imaging modality, hyperspectral images at all spatial scales have two separate
spatial resolutions: along-track and cross-track resolution (Manolakis et al., 2016). This
becomes particularly relevant to in-situ environmental monitoring at the spatial scales of
UAYV, manned aircraft and satellites. Cross-track resolution refers to the width of a voxel
and corresponds to the spatial dimension perpendicular to the sensor’s direction of motion.
For a given optical setup in a hyperspectral sensor, the angular field of view remains
constant, but the spatial coverage afforded by said field of view depends on the height of
the sensor from the scene being imaged, where greater proximity yields higher cross-track
resolution at a tradeoff of decreasing the ground coverage of the imager. The cross-track
resolution is the on-ground width of the hyperspectral sensor’s field of view, divided by

the number of spatial sampling channels.

Along-track resolution refers to the length of a voxel and corresponds to the spatial
dimension parallel to the sensor’s direction of motion. This along-track resolution can be
approximated to the ratio of the sensor’s velocity to the framerate of the sensor. As
discussed, the framerate is the interval time between acquisitions and includes the duration
of light exposure and readout time of the sensor. As such, higher framerates lead to higher
image overlaps as well as less sensor exposure and therefore a lower SNR. Conversely,
lower framerates can increase motion blur as reflected light is integrated across a larger

spatial extent, and may compromise spatial continuity between neighboring line scans. In
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ideal cases, the along-track resolution will be equal to cross track resolution, yielding
square pixels (aspect ratio = 1). This would mean that the ground-sampling distance, the
distance between the center of neighboring pixels, will be approximately the same in both
directions, facilitating easier georectification for transposing the hyperspectral data onto

existing maps, and increasing the ease at which the data may be merged with other data

types.

More applicable than benchtop hyperspectral imaging to all applications of
hyperspectral work in environmental contexts is UAV-mounted (unmanned aerial vehicle)
hyperspectral imaging (Figure 2-6a). The advent of drone and fixed-wing UAVs has
proven beneficial to the field of remote sensing at large, facilitating the ease with which
multiple data formats may be collected and fused in environmental studies (Yaney-Keller
et al., 2025). In the realm of hyperspectral imaging, UAVs have seen widespread use in
precision agriculture studies, where altitudes of 20 m are found to yield spatial resolution
of 3 cm (Abdulridha et al., 2023). Another study using hyperspectral imaging at higher
altitudes of 120m to map permafrost reported the spatial resolution of their imagery to be
7 cm (Kim et al., 2022). Important to note within these studies is the tradeoff between the
spatial resolution and the swath width, as the 20 m altitude flight afforded a swath width
of 8 m, whereas the 120 m altitude flight would have had a swath width of approximately
53 m, for a difference of 4 cm in spatial resolution. This illustrates the relevance of
selecting a flight plan that accounts for the size of the target area being imaged, where the
altitude of the flight not only determines the cross-track resolution, but also the ground

coverage of the field of view.
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There is an extensive list of positive features of UAV-mounted hyperspectral
missions. For example, the setting up of a UAV mission is brief and can therefore be
deployed in ad-hoc settings. Given the high importance of signal to noise ratio in the utility
of hyperspectral data, it is imperative to conduct hyperspectral imaging missions in good
lighting conditions, to which UAVs are of use due to the opportunistic nature at which
they can operate. Further, UAVs also exhibit a high degree of control over the flight
parameters, where the speed and altitude of flights can be precisely controlled to optimize
the image parameters such as square pixels and overall spatial resolution. Despite an
exhaustive list of positive traits associated with the use of UAVs in hyperspectral imaging
missions, they are limited in both their payload weight capacity and flight time. As such,
UAUVs are less useful to missions looking to cover large areas over long periods of time,
or gather multiple coaligned datasets, for example. Further, local restrictions on the
altitudes permitted for flights can limit the areal coverage of UAV-mounted hyperspectral
studies. These sensors are largely opportunistic, where regularly changing effects such as
wind and weather can also outright cancel plans for data acquisition. In the case of
environmental studies, UAVs serve as useful tools for small-scale study operations where

one may want to gather hyperspectral data for a small plot of land or short reach of a river.

The third class of hyperspectral imager platform are manned aircraft such as
airplanes and helicopters (Figure 2-6b). Since manned aircraft can fly at a larger range of
altitudes, the spatial resolution of hyperspectral imaging missions conducted via manned
aircraft is more flexible than that of UAV hyperspectral missions. Accordingly, manned
aircraft can efficiently cover larger areas with a small tradeoff in spatial resolution. Since

the number of spatial channels in a hyperspectral sensor is inherently fixed, the spatial
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resolution of a mission depends primarily on the swath width of the specific mission. This
is dependent upon the mission’s altitude and the focal length of the often-exchangeable
objective lens of the sensor’s fore optics, where higher altitudes and shorter focal lengths

provide larger swath widths and therefore coarser spatial resolution, and vice versa.

Typically, lower altitude flights on the order of a few hundred meters can provide
sub-meter resolution, where higher altitude flights (>1000 m) provide spatial resolution
on the order of meters to tens of meters. These missions are often used for land masses on
the regional scale, where the high altitudes permit larger areas of land to be captured more
efficiently. For example, airplane-based hyperspectral imaging conducted in Kaunas,
Lithuania used to map and identify deciduous trees over an area of 40 km? yielded a spatial
resolution of 0.65 m from an altitude of 1000 - 1100 m (Mozgeris et al., 2018). Due to the
lack of restriction on aircraft flight altitude, sensors such NASA’s AVIRIS offers a spatial
resolution of 18 m from a 20 km flight altitude (Vane et al., 1993). Aircraft-based missions
continue to be a popular medium for hyperspectral imaging, with specialized missions
such as HyPlant, an imager focused on vegetation being recently developed (Siegmann et

al., 2019).

These aircraft are also not as limited in their payload capacity, making it possible
to gather data with a concert of sensors with different data formats at the same time. This
emergent data fusion opens new options for data utility. For example, at the altitudes
commonly flown by manned aircraft, RGB imagers offer significantly higher spatial
resolutions than a hyperspectral sensor from the same altitude given simpler optics and
photosensor arrays larger than those of hyperspectral imagers by several orders of

magnitude. With coaligned hyperspectral and RGB data, the increased spatial resolution
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of the RGB lends context to the images, where features of interest that may not be
resolvable in a hyperspectral image may be resolved in RBG and be concurrently analyzed
for its spectrum with greater certainty in what is providing the reflectance spectrum signal
(Rasti & Ghamisi, 2020). Further, while not yet applied in large-scale remote sensing
studies, research is being conducted to merge RGB and hyperspectral data using
convolutional neural network modelling such that coaligned RGB-hyperspectral datasets
may simultaneously have the spatial resolution provided by RGB sensors and the spectral
resolution afforded by hyperspectral sensors (Zhang et al., 2024). Similarly, coaligning
hyperspectral data with LiDAR scans alongside other data can greatly help resolve the
distance from which objects are reflecting light to the sensor. Fusing LiDAR with
hyperspectral data can increase the power of tree classification for example, where the
data contains not only reflectance spectra of the leaves, but also information regarding the

canopy heights (Lee et al., 2016; Miyra et al., 2021; Shen & Cao, 2017).

There are considerations to make regarding the temporal resolution afforded by
both small-scale UAV-mounted and larger scale aircraft-mounted hyperspectral missions.
As previously alluded to, conditions close to solar noon with maximum landscape
illumination are ideal for optimum utility of hyperspectral missions due in large part to
their accommodation of sun-sensor geometry. Variable weather conditions can hinder the
quality or even possibility of gathering data, however, both of these imaging platforms
can be considered to have strong flexibility in their temporal resolution, where flights can
be repeated with restrictions only on the weather permitting conditions for data
acquisition. As such, both UAV-mounted and manned aircraft-mounted hyperspectral

missions offer flexible temporal resolution, where diel, weekly, monthly, seasonal, and
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yearly data acquisitions are feasibly reliable. Given this flexibility, it is important to
consider the target area for imaging and the ideal parameters such as the spatial resolution

of the captured imagery.

Finally, satellite-mounted hyperspectral systems cover the largest swathes of land
and therefore are the platform that offer the lowest spatial resolution (Figure 2-6¢, d).
Needless to say, satellite-mounted hyperspectral missions are logistically the most
difficult hyperspectral missions to get started, often costing hundreds of millions of
dollars, hence the frequent collaboration between environmental science agencies and
space agencies to grant the scientific community access to satellite-based hyperspectral
imaging (Mandl et al., 2015). Despite their passive nature of data acquisition once
launched, hyperspectral satellite data collection is dependent upon the illumination of the
ground being imaged (cloud cover and time of day), as well as atmospheric conditions
that permit the capture of reflected light by the satellite to yield meaningful hyperspectral
data. This of course also depends on the flyover frequency of a specific site given the
orbital trajectory of the satellite, as well as the swath width. Both of these parameters are
dependent on the altitude of the satellite’s orbit, where higher satellite orbits result in
increased orbital periods and larger swath width. It is expected that most high-orbit, single
satellite missions can be relied upon to provide usable data at a frequency of a few weeks
given the flyover frequency and variability of atmospheric and local ground lighting
conditions, as has been the case for Hyperion (Allen et al., 2020). However, hyperspectral
missions are commonly launched as constellations in low Earth orbit, since having

multiple satellites increases the flyover frequency and therefore the frequency of usable
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hyperspectral data acquisition. Some constellations are designed so effectively that data

may be acquired as frequently as diurnally (Mandl et al., 2015).

In comparison to manned aircraft and UAV hyperspectral missions, satellite-
mounted hyperspectral systems offer coarse spatial resolution. Depending on the orbit of
these satellites, their spatial resolutions may vary from 10 m to hundreds of meters per
pixel (Bakken et al., 2023; Restaino et al., 2021). The utility of these data are nonetheless
widespread, most commonly used in vegetation classification, while also being used in
land use, geology and disaster monitoring, among others (Transon et al., 2018). There is
a tradeoff unique to satellite-based hyperspectral imaging in the discussion of
spatiotemporal resolution, where a broader swath width covers more ground and
theoretically provides a higher flyover frequency at the cost of lower spatial resolution

due to the wider swath.
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Figure 2-6 A log-log plot that summarizes the relative orders of magnitude of the spatial
resolutions and areal extents afforded hyperspectral imagers mounted on a) UAV b)

manned aerial vehicles c) low Earth orbit satellites and d) high Earth orbit satellites.

2.4 Applications of hyperspectral imaging

Fields that have historically relied on lab-based spectral analyses for species
identification were the earliest beneficiaries of the increased accessibility of hyperspectral
imaging technology. A prime example of this is geology, where a large catalogue of
spectral signatures of different geological features has commonly been referenced to
identify materials from the field for some time (Goetz, 1981). Similarly, fields that have
traditionally operated on the same spatial scales as those afforded by satellite imaging
have had a significantly longer period to integrate hyperspectral technology into their

studies, where the first available hyperspectral data was first acquired via satellite and
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then airplanes prior to the development of unmanned aerial vehicles. This also was to the
benefit of geology, where aerial images of large, exposed rock outcrops can be classified
by examining their reflectance spectra (Petrovic et al., 2012). Table 2-1 details various
applications of hyperspectral imaging within different fields, and the spectral range

employed in each application.

Table 2-1 A compilation of different fields that use remote sensing and some of their study
applications. The table is populated to illustrate whether a specific field of study has
utilized hyperspectral imaging. The key words used for the search to populate were the

field, “hyperspectral” and the spectral range acronym.
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Currently, agricultural and geological applications of hyperspectral imaging have
made the broadest use of the electromagnetic spectrum, spanning nearly the full breadth
of the electromagnetic spectrum covered by hyperspectral imagers, with the exclusion of
UV hyperspectral imaging in geology. Their application of SWIR highlights the targeting
of the absorption windows of water, as well as the absorption windows of specific minerals
and geological formations. The lack of applications in the SWIR range found in the
remaining columns is attributed to the lack of known applicability of the known absorption
windows in the SWIR range, as well as the low transmission of SWIR in water (Tian &
Philpot, 2015), given the aquatic nature of some of the columns. This is not to discount
SWIR, or any spectral range, for use in any application, as its utility may be unveiled by
pursuing the right research question. Having seen the most prevalence in geology and
agriculture as well, LWIR and MWIR technologies have been used to predict early crop
stress and crop yields (George et al., 2019), as well as mapping the progression of

geological formation processes (Gairola et al., 2024).

Notably, VNIR sensors have widespread prevalence, having been proven to
successfully contribute to every type of study listed in the table. On the other hand, UV
sensors have seen the least applicability to different remote sensing studies, which can
likely be attributed to the high frequency of atmospheric scattering interactions, high
energy, low availability and study-specific significances yet to be found of UV radiation,
which collectively diminishes the number of applications in the literature. The opposite
reasons support VNIR sensors being so popular, where the energy contained in visible and
NIR is both abundant and of extreme biological relevance, driving photosynthesis and

vision in the majority of animals. Further, the materials used to construct the sensors that
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react to VNIR are made cheaply with silicon-based photodetectors, increasing their

accessibility by keeping them at a low cost.

Studies concerning population monitoring such as overall abundance, species
composition and species monitoring have been successfully conducted with hyperspectral
imagers. For example, accurate counts of scallop abundance of different species in
underwater settings, and accurate identification of myriad plant species from
hyperspectral drone imagery have both been successfully conducted (Khdery & Yones,
2021; Tahmasbian et al., 2024b). As such, it is reasonable to suggest that there are various
further applications for VNIR hyperspectral sensors pertaining to ecological studies that
fall under the umbrella of species composition, population monitoring and invasive
species monitoring. These would also greatly reduce the energetic expenditure and
invasiveness of contemporary population estimate methods, such as fish population
estimates (electrofishing, capture-mark-recapture, tree identification, aquatic plant

surveys, etc.).
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Figure 2-7 A time series (1990 to 2024) of the number of publications using hyperspectral
technologies by year. The search included key words “hyperspectral remote sensing” and
was limited to search fields of Earth, agricultural and environmental sciences to

encapsulate studies employing hyperspectral technology in contexts of remote sensing.

When looking at a 34-year time series (1990 — 2024) of the number of publications
using hyperspectral remote sensing, it becomes obvious that hyperspectral imaging is a
rapidly growing field (Figure 2-7). As such, there is a case for optimism that it may be a
matter of time for some of the unchecked boxes of the Table 2-1 to become proven
beneficiaries of the technology. Based on the publications using hyperspectral imaging
per year, there is an inflection point in 2005 where the rate of publications began
increasing. Further, in the 2010’s, the use of hyperspectral imaging became well
established; this can be largely attributed to the time period in which compact,
commercially available hyperspectral imagers became generally available. Prior to this

period, studies relied on aircraft-based hyperspectral imagers and satellite imagery, which
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both present greater logistical and fiscal challenges while lacking the rapidly deployable,
small-scale applicability that UAV hyperspectral imagers bring to various fields. Even
with the prevalent growth of hyperspectral imaging, several obstacles stand in the way of
novel applications, such as a long list of species and objects whose spectral characteristics

remain uninvestigated, as well as the high costs of hyperspectral sensors.
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Figure 2-8 A time series of the number of remote sensing publications by decade of studies
applying hyperspectral imagers, by spectral range captured by the employed imager. Key
words for the search were “hyperspectral” and the spectral range, i.e. UV, VNIR, SWIR,
MWIR & LWIR. The clear decrease in the number of hyperspectral imaging articles
between Figures 2-7 and 2-8 can be attributed to Figure 2-7 including image analysis

methods while Figure 2-8 includes only applications.

Breaking down the hyperspectral remote sensing literature into the spectral ranges
that the studies work within (Figure 2-8) further supports the claim that the fields that
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initially benefit the most from hyperspectral imaging are those who have an extant
catalogue of spectral characteristics of the species relevant to the field. This is evident in
that SWIR sensors have been the most used class of hyperspectral imagers in published
literature, despite only having four applications from two fields populated in Table 2-1.
To date, SWIR sensors have narrow applicability in the fields of agriculture and geology
but prove largely successful in said applications, which is in large part due to the catalogue
of well-cited interactions between SWIR and geologically significant minerals and
agriculturally significant plant molecules whose documentation predates the prevalence

of hyperspectral imagers (Delcourt et al., 1982; Goetz, 1981).

Despite the decades throughout which hyperspectral technology has increased in
its accessibility, applications for other spectral ranges have only begun to proliferate into
novel fields. This is in large part due to the novelty of spectral analyses to certain fields,
such as environmental monitoring/conservation and ecology, which have long relied on
proven methods of field work for data acquisition. Consequently, piloting studies in novel
fields requires the preliminary investigation of spectral data to determine any unique
spectral characteristics that may be leveraged for species identification. This work has
nonetheless begun to be undertaken, where the tradeoffs to building these spectral
catalogues often include significantly lower energy expenditure in data acquisition
compared to traditional field work methods. This expansion is displayed in the large count
of studies in the years 2020 — 2024, where publication numbers similar to the previous
decade have already been released. This pattern (Table 2-1; Figure 2-7; Figure 2-8)
demonstrates the gradual but certain growth of the field; as the use of these sensors

increases in prevalence, so does the catalogue of known reflectance spectra, thereby
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increasing the breadth of objects that can be classified via their reflectance spectra at

hyperspectral resolution.

2.5 Considerations for future applications

Despite operating on fundamental principles, the nuances and obstacles in the way
of planning to employ hyperspectral imagers in a study demand that the basic function of
hyperspectral imagers be understood. This is apparent in the tradeoffs observed in the
spectral and spatial resolution involved in mission planning, where optimizing the two for
the application of the mission is of highest importance. Further, a thorough understanding
of the light interactions within the targeted spectral range is imperative to an effective
study plan, such that the physical meaning of the data can be understood. This of course
is bolstered even further by an understanding of specific spectral features sought in a
study, which may not be feasible in completely novel applications. It is clear in a survey
of the literature that there has long been a need of a document that effectively introduces
the principles underlying the function of hyperspectral imagers such that the obstacles

arising due in the way of novel applications can be understood.

A review of the literature, both concerning the applications and development of
hyperspectral imagers, highlights that hyperspectral imaging is a task of tremendous
multidisciplinary collaboration where remote sensing, spectroscopy and optical
engineering have converged with the fields of agriculture, geology, environmental science
and a multitude of others. While some of the gaps in the literature review emerge as an
artefact of deeming certain spectral ranges incompatible with a specific application, such
as SWIR to study phenomena in aquatic ecology due to its high attenuation in water, over

time, novel research questions may unveil utility for various spectral ranges for currently
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unforeseen applications. More prevalent are the numerous extant literature gaps that are
only there due to a lack of investigation. For example, while VNIR is a well-studied
spectral range for vegetation monitoring, the limitation of spectral resolution that
applications of UAV-mounted RGB imagery could face in identifying visually cryptic
species could benefit from higher spectral resolution. Such literature gaps could be
overcome with an increase in the accessibility of the information regarding the
fundamental principles of hyperspectral imaging, along with the observed increase in
market prevalence of hyperspectral imagers. Expanding the use hyperspectral imaging in
remote sensing studies will serve to expand on the community’s knowledge of the
otherwise unknown spectral characteristics of the environment, and thus open exciting

new doors for the tool of spectral analyses for decades to come.
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Chapter 3: Investigation of foliar UV reflectance for classification of Atlantic Canadian

tree species

Abstract

At the short-wavelength, high-energy end of the electromagnetic spectrum used
for remote sensing, ultraviolet (UV) wavelengths remain among the least utilized. Yet, the
high transmissibility of UV-A radiation (315 nm — 400 nm) through Earth’s atmosphere
and its biological relevance makes it a promising domain for novel investigations. In this
study, canopy leaves from 13 species of softwood and hardwood trees from a mixed
temperate forest in the province of New Brunswick, Canada, were collected and scanned
using a handheld spectroradiometer across the UV, visible and near-infrared (UV-VNIR)
portions of the electromagnetic spectrum. The resulting data were analyzed using a
random forest-lasso regression framework to parsimoniously isolate the most informative
bands for species identification. Results display that UV radiation played a key role in
discriminating between tree species within this spectral range. More broadly, this study
highlights how simple analytical frameworks can support early-stage investigations prior

to large-scale remote sensing campaigns.

Key words: Handheld spectroradiometer; foliar reflectance; ultraviolet
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3.1 Introduction

Hyperspectral imaging, a technology first developed in the 1980s (Goetz, 1981;
Qian, 2021), has advanced the application of remote sensing in numerous fields such as
aquatic and terrestrial ecology, agriculture, and geology (Khdery & Yones, 2021; Qasim
& Khan, 2022; Sousa et al., 2022; Tahmasbian et al., 2024; Zambrano et al., 2025).
Leveraging the principles of light dispersion, hyperspectral sensors capture high volumes
of spectral information across an imaged scene. This increases the capacity to resolve fine-
scale differences in reflected light that can improve image classification model accuracy
with a high degree of confidence (Yel & Tunc Gormus, 2023). Such increases in spectral
information have been applied at all spatial scales of remote sensing. For example,
precision agriculture has been a widely researched small-scale application with promising
outcomes. For decades, hyperspectral imaging has been investigated as a potential tool for
optimizing resource use in spot-treating crop stress (Lelong et al., 1998), and
technological improvements have been used to screen for early symptoms of illness in
plant leaves (Zhang et al., 2024). At broader scales of remote sensing, satellite-based
hyperspectral missions have been long employed in land use studies such as monitoring

land degradation (Huete et al., 2003).

While hyperspectral sensors have been a beneficial tool to various remote sensing
disciplines, they do not always offer a practical starting point for novel research; the use
of these sensors comes with logistical and financial challenges that may prove difficult to
justify without preliminary investigation. For example, gathering hundreds of spectral
channels per pixel in an image presents a challenge from both a computational and

analytical viewpoint (Lu et al., 2020). Moreover, using these sensors has significant
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operational costs associated with auxiliary equipment and data collection (Stuart et al.,
2020). However, as imagers become more affordable and processing methods advance,
hyperspectral imaging is becoming an increasingly viable remote sensing technology
poised for widespread adoption (Dierssen et al., 2021). Complementing these advances,
handheld spectroradiometers offer a practical entry point for reflectance-based
classification workflows; their use in early-stage investigations broadly supports the

scalability of results to proper hyperspectral imaging missions.

Handheld spectroradiometers apply the same principles of light detection as
hyperspectral imagers, but with a simpler means of data acquisition that yield higher
quality spectral data. These sensors capture the light reflected from the scanned object,
allowing them to capture spectra similar to those captured by full hyperspectral imagers
(Gomez et al., 2024). Notably, both hyperspectral imagers and handheld
spectroradiometers can be used in laboratory settings with controlled artificial lighting to
optimize data quality when appropriate (Abdulridha et al., 2020; Ge et al., 2019). Rather
than accumulating images of spatial and spectral data, however, handheld
spectroradiometers instead conduct point scans of reflected light at a narrow field of view
with a high signal to noise ratio. This facilitates the capture of high-quality reflectance
spectra in manageable kilobyte-sized files per captured spectrum. Accordingly, handheld
spectroradiometers are useful for finding informative spectral bands for feature
classification in proof-of-concept studies at smaller data volumes without the additional
obstacles of atmospheric interactions and spectral mixing that often affect hyperspectral

imagers in environmental applications (Datta et al., 2022).
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In this study, a passive handheld spectroradiometer is used to capture the
reflectance spectra of leaves from tree species native to boreal and temperate forests of
Atlantic Canada. These data are then used to classify the tree species using random forest
modelling. The sensor used to collect the data is an ultraviolet, visible, and near infrared
(UV-VNIR) handheld spectroradiometer. Such a spectral range is unique among standard
spectral sensors, with the vast majority omitting wavelengths in the UV range. As such,
few studies have investigated the UV region of the electromagnetic spectrum for
classifying tree species by their leaf reflectance in this range. Further, the practice of
environmental remote sensing has long established that useful spectral features for the
remote sensing of plants begin in the visible region, omitting any potential utility features
at shorter wavelengths (Curran, 1989; Hatchell, 1999). This motivates the primary
research question of the study: does a sensor which samples UV light have a higher

reflectance-based species classification accuracy?

To answer this question, the broad sampling range of the handheld device will be
used to simulate new datasets as if collected by a number of commercially available
sensors that sample at different spectral ranges, some of which sampling, and some
omitting, the UV range. It is worth noting that while measures are taken to ensure these
simulations provide realistic estimates of data captured by these sensors, the simulations
still reflect idealized quality for remotely sensed data, due to the high signal-to-noise ratios
of ground-based sensors and lack of atmospheric interaction given sensor proximity.
Accordingly, this study has a secondary aim to expand on the literature that highlights the

utility of handheld spectroradiometers for leveraging optimized, high-quality data to
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unveil useful bands which then serve as an informed starting point in full-scale remote

sensing missions (Jones et al., 2010; Prabhakar et al., 2011).

The visible-near-infrared (VNIR) and shortwave-infrared (SWIR) regions are well
studied in the foliar reflectance spectra of trees (Ferreira et al., 2016; Peerbhay et al.,
2013). Such studies have unveiled strong phylogenetic signals in the SWIR region
attributed to structural foliar molecules such as lignin and cellulose (Clark et al., 2005).
Similarly, a comprehensive study including more than 500 species of seed plants has
shown that some clades more prominently display spectral-phylogenetic correlations in
the VNIR region, corresponding to photosynthetically active pigments and water content
(Meireles et al., 2020). These patterns have drawn interest in developing a subdiscipline
of remote sensing called spectranomics, in which spectral reflectance has been proposed
as a powerful tool for studying forest biodiversity (Asner & Martin, 2009). However,
parallel to the study’s motivation for including UV in species identification modelling,
investigations into the correlation between phylogeny and foliar UV reflectance have
scarcely been investigated. Accordingly, this study asks a secondary research question: to

what extent does UV-VNIR reflectance correlate with phylogenetic relationships?

3.2 Materials and methods

3.2.1 Study area and species

Data were collected in the Acadia Research Forest in Noonan, New Brunswick,
Canada, and along the banks of the Saint John River (SJR) in Fredericton, New
Brunswick, Canada (Figure 3-1). The Acadia Research Forest (ARF) is a 9,000-hectare
region with varying plots of hardwood, softwood, and mixed forest (Swift et al., 2006).

The softwood species sampled at ARF included black spruce (Picea mariana), white
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spruce (Picea glauca), tamarack (Larix laricina), red pine (Pinus resinosa), while the
hardwood species sampled here included yellow birch (Betula alleghaniensis), white
birch (Betula papyrifera), red maple (Acer rubrum), trembling aspen (Populus
tremuloides), and large tooth aspen (Populus grandidentata). On the banks of the SJR,
the sampled hardwood species included butternut (Juglans cinerea), white oak (Quercus
alba), and horse chestnut (Aesculus hippocastanum) and a single softwood species, white
pine (Pinus strobus), was sampled. According to the Environment and Climate Change
Canada stations installed in both regions, the Fredericton region (Station NB8101500) and
Acadia Research Forest (Station NB8100100) have maximum average monthly
temperatures of 19.7 °C and 18.7 °C in July, and minimum average monthly temperatures
of -9.2 °C and -10.0 °C in January, respectively. The data were collected on numerous
days during the month of July between the hours of 10:00 and 16:00 with clear sky

conditions.
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Figure 3-1 A map of the regions containing the trees sampled in the study. The large
polygon is the Acadia Research Forest, and the small polygon in the inset depicts the
region sampled along the banks of the SJR. The top-right inset shows the sampled region

within the Province of New Brunswick, Canada.

3.2.2 Data acquisition

The data were collected using an Analytical Spectral Devices (ASD) Inc.
FieldSpec® HandHeld 2 VNIR hand-held spectroradiometer system manufactured by
Malvern Panalytical, out of Malvern, Worcestershire, United Kingdom. This device
samples light using spectral channels with a full-width at half-maximum (FWHM) varying
from < 3 nm to 3.5 nm for each channel. The spectral range of the device spans from 325
nm to 1075 nm, ranging from the UV-A to the near-infrared (NIR) region of the

electromagnetic spectrum (Malvern Panalytical, 2017). The centers of these channels vary
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from an integer FWHM of the neighboring channel center by +1 nm, and the output
reflectance spectrum is automatically resampled at 1 nm intervals using cubic spline
interpolation (Hatchell, 1999). This yields the smooth, high resolution spectral reflectance
curve captured by the sensor that appears as 1 nm spectral resolution in our data. For
optimal scanning, the sensor was mounted on the pistol grip for stability and the 7.5° field
of view lens mount was used as an optical baffle to block stray light from entering the

sensor (Figure 3-2a).

Physical samples of tree leaves were gathered by using a telescopic aluminum shaft
pruning pole to clip leaf samples at the canopy of the tree (Figure 3-2b). Next, the leaves
were assembled in a dense pile on the ground with the surface of each leaf pointing up to
emulate what would be shown by a sensor flown above a tree (Figure 3-2c). To ensure
consistent readings, a calibration spectrum was captured before taking measurements
using a Spectralon SRM 990 reflectance disk mounted level on a tripod (Figure 3-2d).
Due to the dark shift feature from the sensor, a dark current reading was not taken every
time, as thermal noise was automatically accounted for by the sensor. The sensor was then
pointed at the foliage on the ground (Figure 3-2¢) to ensure no shadowing on the sample
and a reflectance spectrum was captured at that location. The raw spectra appeared on the
sensor as shown in Figure 3-2f. To gather a larger volume of data from the tree canopy,
the sensor was pointed at a different section of the pile and captured another reflectance
spectrum, doing this for a total of 12 samples per leaf pile. Given the scanning speed of
the handheld device, these scans were all conducted within a minute of one another. It is
worth noting that as soon as leaves began getting clipped, the workflow was conducted as

efficiently as possible to mitigate the effects of leaves drying out on the measured
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reflectance spectra, with the scanning of a pile being completed within minutes of taking

the first canopy clipping to make the pile.

Reflectance (%)

‘Wavelength (nm)

Figure 3-2 A depiction of the workflow for data acquisition. Panel a) shows the fully
assembled ASD FieldSpec 2 with the pistol grip and narrow 7.5° FOV lens mount. Panels
b) and c¢) demonstrate the pruning and assembly of canopy foliage. Panel d) shows the
calibration disk being used to calibrate the sensor. Panels ¢) and f) demonstrate the back-
angled scanning of the leaves and the raw spectrum as it appears on the device. Note that
these images were taken during trials intended for workflow visualization — more foliage

was captured during true data acquisition.

3.2.3 Data analysis

After data acquisition, the reflectance spectra were offloaded from the

spectroradiometer as the handheld-native binary .asd files, which were then converted to
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readable ASCII .txt files labeled by species and observation number using the FieldSpec
Handheld 2 Sync Software Ver. 1.3 (Malvern Panalytical, 2018). The converted text files
contained two columns: one for the reflectance intensity ranging from 0 to 1, and the
corresponding wavelength for the reflected light. Next, the reflectance spectra were
imported to RStudio version 4.4.3 2024.12.1.563 to be analyzed with R version 4.4.3
2025-02-28 ucrt (R Core Team, 2025) using the following principal packages: caret
(Kuhn, 2024), glmnet (Friedman et al., 2010), randomForest (Liaw & Wiener, 2002),
vegan (Oksanen et al., 2025), and ape (Paradis & Schliep, 2019). The spectra were filtered
to remove any saturated readings with channels reading reflectance values greater than
95%. The remaining spectra were converted into a wide data frame for modelling, then
statistical summaries were generated to display how the data was distributed across

species to optimize parameters such as the number of data folds used in the analysis.

From the wide format data, new datasets were created by simulating the following
sensors: a generic 3-band RGB sensor, MicaSense RedEdge-MX (Red, Green, Blue, Red
edge, NIR), UAV-aircraft-based Resonon Pika-UV (330 nm — 800 nm), UAV-aircraft-
based Pika-L (400 nm — 1000 nm), and satellite-based Pixxel FireFly (450 nm — 900 nm).
The spectra from the handheld sensor were truncated to the discrete sampling intervals of
coarse sensors and the spectral ranges of the hyperspectral sensors. Using a Gaussian
convolution, the raw data were spectrally downsampled. These simulations had weighted
the ASD-sampled reflectance into broader bins by the height of the Gaussian for that
wavelength. A visual aid is provided below to understand the sensor simulations in Figure
3-3. To overcome proprietary spectral response functions (SRFs), the manufacturer-

reported bandwidths were used for the two coarse sensors, and the reported sensor spectral
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resolutions as the FWHM of our Gaussians (Eq 3-1). For the coarse sensors, the Gaussians
representing each channel’s SRF were centered mid-band. For the hyperspectral sensors,
each sensors’ photosensor array was approximated by centering the bands at £/2 FWHM
from the edge of the spectral range and then centering the adjacent band 1 FWHM away,
following these 1 FWHM steps iteratively through the range. In the case of the Pixxel
FireFly sensor and MicaSense Red Edge-MX, the band centers were company provided,
and the Gaussian channels were centered about these. This conservative approach was

taken to generate realistic sensor data outputs despite the proprietary spectral response

functions.
FWHM
Eq. 3.1 = T
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Figure 3-3 A depiction of hyperspectral data acquisition and convolution-based

simulation. Panel a) shows a sample reflectance spectrum with an inset highlighting the

region visualized in later panels. Panel b) presents the ASD FieldSpec’s SRF (1 nm output

resolution) as Gaussians weighting reflectance (black line) by height. Panel ¢) sums these

weighted values into averaged reflectance bars. Panel d) a lower-resolution SRF (Pika

UV; FWHM = 2.8 nm) produces the broader bars in €), where each channel’s center and

edges align with its Gaussian peak and half-maxes.
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Upon completion of the sensor simulations, four hyperspectral resolution datasets
(raw data, Pika-L, Pixxel and Pika-UV), as well as two coarse sensor datasets (MicaSense
RedEdge-MX) were ready for analysis. The resulting average spectral reflectance for each
simulated sensor is displayed in Figure 3-4 for the observations of tamarack to contrast
the spectral ranges sampled in each dataset. Given the high volume of data contained in
each individual spectrum, the hyperspectral datasets were fed into a random forest model
to select the top 30 wavelengths based on their importance for species classification. For
the two coarse sensor datasets, a random forest model was trained to classify the species
based on 3- and 5-band datasets. This was completed by partitioning the data into an 80%
training and 20% test holdout. To account for potential disparity in the number of species
observations, a stratified k-fold cross validation (k = n-1, where # is the lowest number of
observations for a species) was conducted using a round robin helper function in both the
coarse and hyperspectral dataset modelling frameworks to ensure all species were

introduced in each fold of the data.
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Figure 3-4 The raw reflectance spectrum averaged across 100 observations of tamarack

in panel a), with the simulations displayed in the proceeding panels. Panel b) the Pika L,

c) the Pika UV, d) the Pixxel FireFly, and coarse sensors in e¢) and f) the simulated

spectrum captured by the 5-band multispectral MicaSense Red Edge-MX multispectral

and generic RGB sensor respectively. Shaded ribbons and error bars represent

intraspecific spectral variability, calculated as the standard deviation calculated at each

band.

Given the remaining complexity of using 30 spectral channels to classify species,

these random-forest-selected bands were fed into a lasso (Least Absolute Shrinkage and
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Selection Operator; L1 regularization) regression. Similar to the random forest, the lasso
was run with 5 folds, while allowing the penalization hyperparameter, lambda, to vary
from 0.1 to 0.001. Larger values of lambda lead to greater model sparsity, as it allows for
greater band penalization with a greater number of importance coefficients lowered closer
to 0. Model performance was visualized for both coarse and hyperspectral sensors using
standard model performance metrics as well as confusion matrices that were generated for

all datasets.

For the model performance metrics, the reported accuracies were acquired by
averaging the 25 independent estimates arising from the stratified 5-fold cross validation
in both the coarse and hyperspectral sensor frameworks. Similarly, the standard deviation
was calculated from the 25 estimates from the repeats. Smaller standard deviations in this
context represent a metric output with greater stability. To further investigate the drivers
of the hyperspectral model performances, spectral cluster plots of the weighted
importance of each of the top 30 spectral channels were generated. As a final analysis to
bolster the species classification model, a post-hoc sensitivity analysis was run on the
regularization parameter (o) on the top 30 bands of our raw data analysis by varying alpha
from 0 to 1 in increments of 0.25 to ensure that the parameter used in the analysis yielded

the most robust and accurate regression fit.

To investigate whether spectral reflectance correlates with phylogenetic
relationships, spectral distance matrices and cophenetic phylogenetic distances were
prepared for each sensor and all sampled species. In order to reduce dimensionality and
address the collinearity among adjacent wavelengths, a principal component analysis

(PCA) was applied separately to the full spectrum for each sensor, as well as the top 30
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bands that were determined by the random forest model, also for each sensor. Each PCA
was run using a variance threshold of 90%. Euclidean distance matrices were then
calculated in this reduced PCA space. Additionally, raw Euclidean distance matrices were
computed directly from the top 30 random forest-selected bands for each sensor (non-

PCA) to compare the effects of reducing the dimensionality of the data.

To generate the phylogenetic distances, a time-calibrated molecular phylogeny
was retrieved for the 13 species from TimeTree v5.0 (Kumar et al., 2022), an online
database that synthesizes divergence times from published phylogenetic studies based on
molecular sequence data. TimeTree’s phylogenies are derived from DNA sequence
analyses using maximum likelihood or Bayesian phylogenetic inference methods, with
branch lengths calibrated to represent millions of years of evolutionary divergence. The
resulting phylogeny was downloaded as a Newick-format file and imported into R using
the ape package. Two phylogenetic distance matrices were derived: a time-calibrated
matrix using cophenetic distances calculated from the original tree, and a topology-only
matrix where all branch lengths were set to 1 to test whether tree structure alone correlates

with spectral similarity.

Using the vegan package v2.7-1 Mantel tests with 9,999 permutations were
conducted to assess correlation between spectral and phylogenetic distance matrices. For
each sensor, three spectral distance matrices were tested against two phylogenetic distance
matrices, yielding 24 total tests. The Mantel’s 7 statistic quantifies the correlation strength,
with positive values indicating that spectrally similar species tend to be phylogenetically

related.
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3.2.4 Species distribution and data trends

After filtering the data to remove saturated spectra displaying greater than 95%
reflectance values, 915 spectra remained from the original 1,061 that were initially
gathered. To date, there is no consensus in the remote sensing community surrounding
spectral saturation (Mutanga et al., 2023), so 95% reflectance was the conservative proxy
selected to define sensor saturation. The distribution of remaining 915 spectral
observations is shown in Figure 3-5. The species with the lowest number of observations
was horse chestnut with six total observations. Similar disparity exists in four other
species which are also represented by one to two orders of magnitude less than the other

eight species.
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Figure 3-5 The distribution of tree species observations after removing saturated spectra.

The species abbreviation used in smaller plots is indicated to the right of each species.

Given the methods used for data acquisition, these species proportions reflect the
general abundance of each tree species in the sampling areas. Some of the species with
lower representation have species from the same genus that have greater observations,
such as large tooth aspen (n = 9) and trembling aspen (rn = 93), as well as white pine (n =
8) and red pine (n = 93). On the contrary, other same-genus species such as yellow and
white birch have strong representation with 99 and 60 observations, respectively. A
topological phylogenetic tree illustrates how the distribution evenly spans the major
evolutionary groups of hardwoods (bottom) and softwoods (top), with four species of each

found among the top eight most observed species in the study (Figure 3-6). This particular
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distribution of species allows for the capture of UV reflectance across the major

evolutionary divide of hardwoods and softwoods.

Larix laricina  (Tamarack)

Pinus strobus (White pine)

Pinus resinosa (Red pine)

|— Picea glauca (White spruce)

L

Picea mariana (Black pine)

Quercus alba (White oak)

Juglans cinerea (Butternut)
Betula alleghaniensis (Yellow birch)
I: Betula papyrifera  (White birch)

[ Populus tremuloides  (Trembling aspen)
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Acer rubrum (Red maple)
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Figure 3-6 A diagram depicting the evolutionary relationships through time among the 13
sampled species. Branch lengths are proportional to evolutionary divergence time in
millions of years (scale bar shown). The relationships depicted are derived from time-
calibrated molecular data obtained from TimeTree v5.0, which aggregates molecular data

through peer-reviewed publications.

As a final aside on the data prior to spectral analysis, the spectra of yellow birch (n =
99) shows that the UV portion of the full ASD spectrum (325-400 nm) contains low
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intraspecific variability (standard deviation £0.01-0.02) compared to the visible (+0.05-
0.10 and NIR regions (+0.10-0.15; Figure 3-7). This pattern holds for all captured spectra,
with the exception of tamarack (n = 100) shown earlier (Figure 3-4), as well as red pine
(n = 93). For these two species, the spectral similarity for their respective observations
extends through the UV and visible spectrum and into the red edge. Across all spectra,
reflectance values in the UV region never exceed 10%. This suggests that despite low
reflectance intensity, the UV region contains low intraspecific variability and notable

interspecific variability that could meaningfully aid species classification.
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Figure 3-7 The averaged ASD-captured spectrum of yellow birch (n = 99) across all
observations. The ribbon enveloping the reflectance spectrum represents intraspecific

spectral variability using standard deviation calculated for each band.

3.2.5 Model performance

Based on the species with the fewest number of remaining observations (n = 6),

the round robin helper function was used to distribute the data across five folds to ensure
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all species were included in each fold, meaning every species was seen in the training and
test data holdouts. Consequently, the random forests and lasso regressions were stratified
via 5-fold cross validations. The top performers in test and training models were the ASD
(80.6 = 3.3% training accuracy; 76.5 + 4.5% test accuracy) and Pika UV (79.2 £ 2.2%
training accuracy; 76.6 = 3.7% test accuracy; Figure 3-8). Notably, these two sensors are
the only ones that sample reflectance in the UV region. The Pika L and Pixxel
hyperspectral sensors performed at 74 and 69% test accuracies, respectively (Figure 3-8).
As the number of bands decreases, so does the model accuracy for both the MicaSense
and RGB sensors (Figure 3-8). Note that the two coarse band sensors, the RGB dataset
and MicaSense RedEdge-MX, were only evaluated using the random forest for species

classification, since they contain too few bands for the lasso regression.

Holdout Accuracy by Sensor

Data Split ] Test [l Train

ASD FieldSpec

Resonon Pika UV
Resonon Pika L

Pixxel FireFly

MicaSense Red Edge-MX

Generic RGB Sensor

0% 20% 40% 60% 80%
Accuracy

Figure 3-8 Summary of training (80 % of dataset) and test (20% of dataset) accuracy for

species identification based on reflectance spectra.
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Aside from the sensor performance, the other metrics used to evaluate the sensors

tracked a similar trend (Table 3-1). For example, the Pika UV maintained similarly strong

F1 scores and kappa coefficients with the ASD (Table 3-1). Other sensors display a similar

decline in performance metrics that parallel their overall model performance (Table 3-1).

Table 3-1 Summary of all performance metrics for each sensor with their corresponding

standard deviation.

Metric Raw PikaUV | PikaL Pixxel = MicaSense RGB
ASD
Train 0.806 0.792 0.765 0.717 0.607 0.466
Accuracy = (0.033) (0.022) | (0.039) | (0.015) (0.021) (0.015)
(SD)
Test 0.765 0.766 0.738 0.687 0.634 0.464
Accuracy = (0.045) (0.037) | (0.059) | (0.018) (0.025) (0.049)
(SD)
Train 0.776 0.759 0.728 0.672 0.545 0.383
Kappa (0.039) (0.026) = (0.046) @ (0.017) (0.025) (0.017)
(SD)
Test 0.728 0.729 0.696 0.637 0.576 0.379
Kappa (0.051) (0.043) | (0.069) | (0.021) (0.028) (0.058)
(SD)
Train F1 0.800 0.800 0.737 0.706 0.548 0.436
(SD) (0.043) (0.022) | (0.053) | (0.014) (0.027) (0.031)
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Test F1 0.782 0.798 0.730 0.667 0.630 0.48

(SD) (0.049) (0.033) (0.059) | (0.026) (0.038) (0.042)

For this sensitivity analysis on the regression parameter a, the same stratification
from the data modelling was applied; however, no repeats were conducted. As such, the
accuracies displayed for each value of a were averaged across the five output accuracies.
By increasing alpha from 0 to 1 in discrete steps of 0.25, model performance increases by
28.5%, from 53.3% to 81.8% (Figure 3-9). Since a regression using o = 1 penalizes
noninformative bands by reducing their importance coefficients to increase the sparsity of
the model, its strong performance highlights the detection of standout spectral bands
selected by the random forest while others are less valuable for species identification. This
single iteration demonstrates that the lasso regression achieved the highest model
accuracy, opposed to a ridge regression (L2 regularization, a = 0), which shrinks less

valuable coefficients, but still retains each above a value of 0.
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Figure 3-9 A sensitivity plot looking at the effect of discrete values of alpha in the linear
regression on overall model performance for the raw ASD data’s test accuracy using the

same modelling framework as applied to all other hyperspectral trials.

3.2.6 Tree Classification Accuracy

The ultimate task for the captured reflectance spectra was to analyze whether they
can be used to correctly predict their respective tree species. The best two performing
sensors, the raw data and Pika UV accordingly have their performances in making correct
tree species predictions are summarized by their confusion matrices (Figure 3-10ab) and
3-10cd, respectively, wherein the values on the diagonal represent correct assignments.
Overall, for well-represented species such as red pine (n = 93) and white spruce (n = 184),
the models achieved high classification accuracies of 89% and 85%, respectively, in both

the training and test datasets (Figure 3-10). In contrast, poor classification success was
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observed for species with low overall data representation, such as horse chestnut (n = 6),
white pine (n = 8), large tooth aspen (n =9), and butternut (n = 9); each of these species
notably have 0% total correct identifications in training and testing, and are represented

as the off-diagonal entries of the displayed confusion matrices (Figure 3-10).
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Figure 3-10 Confusion matrices for the ASD a) Training and b) Test, and Pika UV c¢)
Training and d) Test UV model results. The rows represent the observations made for a
species, whereas the columns represent model predictions for a species. The diagonals
represent the successful (i.e. correct) identifications, whereas off diagonals represent the
misidentifications. For example, the upper leftmost entry corresponds to yellow birch that
were predicted to be black spruce. The darker the cell, the higher the proportion of
predictions for that species pair; the number in each cell gives the count of predictions in

each cell.
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While the random forest parsed through hundreds of bands to select the top 30
most relevant for species identification, the lasso regression further unveiled which of the
top 30 bands were the most important by increasing model sparsity. Important differences
emerged between sensors regarding key spectral regions (Figure 3-11). For the two highest
performing models, the ASD (Figure 3-11a) and Pika UV (Figure 3-11b), a dense cluster
of heavily weighted bands was shown in the UV region. The ASD makes minimal use of
bands outside of this range, while the Pika UV makes use of bands in the green range of
the visible spectrum (500-550 nm; Figure 3-11a, b). Similarly to the Pika UV, a mean
coefficient greater than 100 was observed to the green cluster of bands for the Pika L,
rendering it the most important cluster for its identification, along with violet bands (400-
420 nm; Figure 3-11c¢). The Pixxel sensor displayed the lowest overall peak cluster
coefficient, reaching below 100 for the top band in the blue range (450nm), where all other

sensors exceed 100 in their top-ranked bands.
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Figure 3-11 Cluster plots of the random forest-derived top 30 bands relevant to species
identification for a) ASD (315 nm — 1075 nm), b) Pika UV (330 nm — 800 nm), c) Pika L
(400 nm — 1000 nm) and d) Pixxel FireFly (450 nm — 900 nm). The x-axis corresponds to
wavelength (nm) and spans slightly more than the spectral range of the ASD, while the y-
axis represents the mean coefficient assigned to each band by the lasso regression and
spans from 0 to slightly above the highest coefficient at 125. The blue, yellow and red
coloured backgrounds correspond to UV, visible and NIR portions of the electromagnetic

spectrum, respectively.

3.2.7 Phylogenetic correlation analysis

After computing the three Euclidean distance matrices for each sensor as well as the
two cophenetic matrices, Mantel tests were run to compare each combination. Ultimately,
no statistically significant correlation was found between any of the spectral and

phylogenetic distances (p > 0.05; Table 3-2; correlation analytics only shown for ASD as
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way of example; other simulations yielded similar non-significant results). The highest
value of Mantel’s » arising from these tests across all sensors was 0.203 (p = 0.068) arising
from the input of the Euclidean distance of the ASD’s top 30 bands and the time-calibrated
cophenetic distances. Note that since both kinds of distance matrices quantify the
difference between each species, evolutionary and spectral, a significant positive
correlation in this case would imply that the variability in the spectra is lesser, and more

similar, the closer the evolutionary history between the two species.

Table 3-2 Mantel’s r results testing correlation between spectral and phylogenetic

distance matrices for the ASD sensor.

Method Tree Mantel's » | p-value
Full PCA Topology 0.022 0.334
Full PCA Time 0.078 0.204

Top 30 PCA | Topology 0.096 0.161
Top 30 PCA Time -0.008 0.443
Top 30 Raw | Topology 0.149 0.098
Top 30 Raw Time 0.203 0.068

3.3 Discussion

The primary research question for this study was to determine if the simulated sensors
that sampled the UV spectral range would produce more accurate tree species
identification models using foliar canopy reflectance. From the model performance
metrics, the datasets that included UV wavelengths displayed the top two average model

performances in both training and testing. Further, when consulting the lasso-derived band
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importance coefficients, UV bands were rated as the most meaningful to species
discrimination in the datasets that included them. As such, the inclusion of UV improved
the overall tree species identification accuracy. This suggests that UV reflectance in plants
carries a valuable signal that can be leveraged in remote sensing contexts for species
mapping. It is worth noting that these model performances came from raw reflectance
alone with the intent of interpretably determining band importance, and that the
manipulation of the data using common methods such as spectral derivatives and

vegetation indices could increase model performance (Clark & Roberts, 2012).

Secondly, this study tested whether the captured UV-VNIR reflectance spectra carry
phylogenetic signal. Based on Mantel correlation tests, phylogenetic relationships among
the 13 species were decoupled from their spectral relationships in the UV-VNIR range.
Little variation in the UV-VNIR spectra of the species studied here can be attributed to
phylogeny. This aligns with literature showing that both evolutionary history and
ecological factors meaningfully contribute to spectral variation (McManus et al., 2016),
and that the strongest phylogenetic signals are strongest in the SWIR region with some

components of VNIR displaying a slightly weaker signal (Meireles et al., 2020).

3.3.1 Ecological realism versus model optimization

In the confusion matrices, large number of the oft-diagonal tree species prediction
errors were attributed to species with low numbers of observations. Most of these species,
with the exception of white oak, showed no successful identifications in either their train
or test models, indicating that the underrepresented species frequently contributed to
model errors. Some of these species, such as butternut, are scarce in the region, while

others, such as white pine, are far more common than their representation in this dataset
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reflects. Their inclusion at these sampling proportions highlights the tradeoff between
optimizing model accuracy and maintaining ecological realism; despite their lower
numbers introducing classification noise, they enhance the ecological validity of the
dataset. This ultimately supports the scalability of the findings for monitoring biodiverse

forests at the small expense of overall model accuracy.

Although underrepresented species displayed a high proportion of off-diagonal errors
relative to their number of observations, a quantitative look at the confusion matrices
shows the species with greater representation account for a much larger proportion of
model errors. For example, the training confusion matrix for the raw ASD has a total of
154 off-diagonal errors, and only 32 of these can be attributed to species with less than 10
total spectral observations. Further, the columns of these underrepresented species, which
reflect the number of spectra predicted as belonging to them, contained no incorrect
predictions. Accordingly, the species with greater observations were more frequently
confused for one another, which suggests in accordance with (Clark et al., 2005) that

spectral similarity, rather than class imbalance, was the primary driver of model error.

3.3.2 Model sparsity

By acquiring these data with simple point-scanned reflectance spectra, they were
treated as if derived from a homogenized reflectance signal purely belonging to foliage.
As such, the spectra could be analyzed through a reductionist framework that used spectral
reflectance as the lone input feature set, given its isolation from confounding sources of
spectral mixing. This simple format permits the use of a random forest to act as a band
selector, thereby conserving the interpretability of the data. Other studies that boast higher

classification accuracies employ spectral variables derived from raw reflectance (Pu,
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2009), but with the tradeoff of losing the direct interpretability of spectral band
importance. Given that the aims of the study were to investigate the potential impacts of
the inclusion of ultraviolet for species classification modelling and to seek phylogenetic
correlations with the determined regions of spectral importance, conserving this
interpretability is paramount. Importantly, the sparsity of the model allowed for such

conservation without harshly compromising classification accuracy.

It is worth noting that this study does not offer a novel approach to spectral analysis;
random forest modeling methods are still ubiquitous in hyperspectral data modelling,
albeit most commonly with reflectance-derived variables (Hycza et al., 2018; Tong &
Zhang, 2022). Other hyperspectral data modelling frameworks are also commonly
applied, such as support vector machines (Ballanti et al., 2016), as well as neural networks
that demand large training datasets (Wu et al., 2025; Zhang et al., 2020), or even a
combination of these frameworks (Yang et al., 2025). A further distinction is that this study
does not offer an approach to analyzing remotely sensed hyperspectral data, as the spectra
captured across a larger spatial extent may contain signals mixed from a greater number
of species that require more demanding analytical procedures (Villa et al., 2011). Rather,
the utility of this framework lies in relying on model sparsity arising from the workflow
of random forest into lasso regression that delivers interpretable results in the form of
regions of spectral importance from simple, raw inputs. This ultimately poses the
approach of using handheld spectroradiometers as most useful for novel investigations
lacking known spectral libraries, where the goal is to either identify an appropriate spectral
range for a classification study, or to potentially derive biological meaning from the

findings.
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In spectral data classification modelling, overfitting can quickly become an issue
where a study fails to be repeatable if the modelling contains too many, or too few inputs
(Nansen et al., 2013). For example, the coarse-band sensors simulated in this study often
overfit the small number of bands, yielding a 100% accurate result in training, and when
presented the test data, failed to generalize to unseen test data. This overfitting highlights
the tradeoff between model performance and generalization. It is therefore important to
use random forest parameters that are robust enough to derive meaningful conclusions
about spectral similarity for classification without overfitting the data. Notably, this
workflow was particularly concerned with modelling the hyperspectral data, and the
coarse band sensors merely acted as a baseline to display the performance of lower
resolution. While the coarse band sensors are a cautionary example of overfitting, it is
noteworthy that applying more complex analyses on the multispectral sensor in particular,
whose bands are tailored towards classifying vegetation, has been shown to improve
model performance to similar accuracies achieved by the random forest acting on raw

reflectance in this study (Sivanandam & Lucieer, 2022).

The sensitivity analysis of the regression parameter o revealed that the model accuracy
was highest when further reducing the top 30 bands through strong individual band
penalization. As such, the reductionist philosophy of maintaining model sparsity was an
asset to isolating the most informative signal. This also generated a study-defining finding:
under the conditions of the study, the UV bands carry the greatest proportion of
differentiable signal for species classification. In contrast, the consistent penalization of
bands outside of the UV range indicates the lack of similarly useful signal beyond 400

nm; datasets constrained to VNIR had lower peak band importance coefficients.
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Ultimately, the sensors sampling the UV range yielded the highest classification
accuracies, with the UV bands receiving the highest lasso coefficients across all bands in

the study.

3.3.3 UV as a role player in classification

There are important technological and biological considerations that explain the
novelty of the main finding that UV is important to tree classification in this study, despite
the popularity of foliar reflectance for species classification. Studies that employ sensors
that begin sampling between 350 - 375 nm often show stronger signals in other regions of
the electromagnetic spectrum or entirely discard wavelengths below 400 nm due to low
signal-to-noise ratios (Hovi et al., 2017; Meireles et al., 2020). The low data quality
associated with the UV range is attributed to the combined effects of its low intensity
relative to the rest of the solar emission spectrum, the high absorptance displayed by
biological tissues such as leaves, as well as the effects of atmospheric scattering (Calbo et
al., 2005; Hobbs, 2000). It is conceivable this also influences the scarcity of other studies

presenting such findings.

The low intensity of foliar UV reflectance may contribute to the novelty of this finding
and similarly pose a challenge for transferring it to remote sensing contexts due to the low
signal-to-noise ratio in this spectral region. Nonetheless, it does not diminish the role UV
played in the classification accuracy of this study. From a biological viewpoint, incident
UV radiation poses a threat to the integrity of biological structures at the molecular and
cellular level due to its high energy capable of generating harmful reactive oxygen species

and damaging DNA (Frohnmeyer & Staiger, 2003; Nawkar et al., 2013). To protect
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themselves from these harmful effects, plants use a variety of secondary metabolites that
effectively absorb and dissipate the harmfully high energy of UV radiation into heat
primarily through molecular vibration (Gonzalez Moreno et al., 2022). These UV
absorptive molecules characteristically contain aromatic compounds and double bonds

that specifically permit this nonradiative energy dissipation.

Many UV-absorptive molecular species are found concentrated in the leaf cuticle,
which is the barrier between the internal leaf structure and external environment. These
include a number of different phenolics, such as flavonoids and cinnamic acids and even
some terpenoids are capable of UV absorption (Al-Khayri et al., 2023). While the UV-A
region (320 — 400 nm) poses a lower risk to living organisms in general, the molecules
used as a first line of defense against damage from UV-B in plants contain functional
groups that broaden their absorption windows into longer wavelengths (Halbwirth, 2010).
As such, signals of high UV-A absorptance such as those in this study can be interpreted
as derived from protective secondary metabolites accumulated in the leaf cuticle.
Importantly, these molecules have been found to vary in their expression according to
photoperiod and light intensity given their role in plant protection (Carvalho et al., 2010;
Ferreyra et al., 2021). However, this is not the only role these play, as they have also been
found to vary their expression in response to other environmental stressors such as
temperature and drought (Nayak et al., 2025; Treutter, 2006). As such, even local
conditions such as hydrogeology and microclimate can influence the appearance of the

reflectance spectra as measured in this study.
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3.3.4 Phylogenetic correlation

The confusion matrices demonstrate model errors visually, efficiently showing which
species were involved in misclassified predictions. These errors can easily be wrongly
inferred as the cause of low spectral-phylogenetic correlation. Each prediction in the
matrices belongs to the model’s interpretation of the spectra, rather than the measures of
spectral variability calculated in the spectral distance matrices. Since the correlation
analysis was run solely on phylogenetic distance and Euclidean spectral distance, the
model performance visuals do not reflect the spectral variability of the dataset. This
clarifying distinction is important to prevent misattributing errors in the confusion

matrices, allowing for proper interpretation as to why no correlation was found.

The Mantel test results suggest that the spectral data gathered in this study are
uncoupled from the phylogenetic relationships of the species involved. This corresponds
with thorough investigations of the spectral-phylogenetic correlations of over 500 species
of seed plants in the VNIR region, where the vast majority were found to have the
strongest correlations in the SWIR region (Meireles et al., 2020). The most parsimonious
explanation for this is that all plants deploy multiple broad-spectrum, UV-absorbing
molecules that in vivo, do not generate spectral features that trace phylogeny. Since this
absorption is so broad in plants, it is most plausible that the UV reflectance displays
variability that is consistent within species clusters responding to similar environmental

conditions without carrying a phylogenetic link to more related species.

The principal aims of this study were met by finding that the inclusion of the UV
region of the electromagnetic spectrum in the sampled spectra improved model accuracy

in classifying tree species via foliar canopy reflectance. This long-overlooked region
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contained not only the most informative bands but converges with well-studied families
of molecules whose functions are deeply rooted in UV absorptance that plants leverage to
protect themselves from environmental stressors. While the study’s primary aim presents
novel ideas regarding the existence and potential drivers of foliar UV reflectance spectra,
its secondary aim resonated with the overall consensus regarding spectral-phylogenetic
correlation in the literature. The lack of correlation in the study agrees with the existing
literature that states the strongest phylogenetic signals correspond to the SWIR region,
which is attributed to divergent structural plant molecules. The lack of correlation does
also align with the idea that the UV reflectance was driven by molecules with similar
spectral signatures that are also widespread across all lineages of plants. Therefore, little
phylogenetic correlation is expected, similar to the visible spectrum, as stated in the

literature (McManus et al., 2016, Meireles et al., 2020).

Although the UV signal found here may be context-specific, it highlights a need for
thorough investigation of underutilized spectral regions, as they can encode biologically
meaningful signals. At the same general level, this underscores the value of applying
hyperspectral technologies to underexplored areas of both the electromagnetic spectrum
and areas of environmental remote sensing. Handheld spectroradiometers serve as a
relatively inexpensive, easily deployable piece of field equipment whose high-quality
scans offer valuable insight towards piloting novel applications. Comprehensive review
papers such as Dierssen et al. (2021) contain troves of realistic future directions for
hyperspectral imaging by highlighting specific applications of hyperspectral technologies
that have either been already proven or remain uninvestigated altogether. The framework

posed in this study where a broad spectral range is sampled and reduced into a meaningful
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signal could act as scaffolding for informing early-stage investigations into hyperspectral

remote sensing that aim to overcome literature gaps.

3.3.5 Limitations

This study is intended to serve as a framework for preliminary analyses of
hyperspectral reflectance spectra. While this was successfully executed with novel
findings emerging from it, they are limited in their generalizability. These data were
collected throughout similar times of day throughout a short period of early summer.
Similarly, they were limited to two separate locations, spanning a narrow range of
geological settings and climates. This limits the detection of seasonal, diurnal or location-
specific variation in UV reflectance spectra. Given the aim of this study and the novelty
of using UV reflectance in these contexts, these limitations are well beyond the study
scope but must be acknowledged as important considerations for potential future

directions.

From a study design point of view, the geometry of the data acquisition was held to be
consistent across samples; the leaves were always flat to the ground, and the sensor was
held off-nadir when scanning. This ensured consistency across readings and also kept the
sensor from scanning shaded regions of the samples. However, the scanned leaves
belonged to canopy clippings, which in remote sensing contexts do not consistently align
with this sensor geometry. As such, the study does not accurately replicate how tree
canopies would appear to an airborne or satellite-based sensor. Once more, this extends
beyond the aim of the study, but since it focuses on making scalable findings, it is

important to note that the data acquisition is not only optimized from a technological
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standpoint, but also from a geometrical perspective to receive consistent illumination

across samples.

Finally, the phylogenetic analysis conducted in this study should be interpreted
carefully. Too few species were included in the analyses to effectively use more common
statistical tests for investigating phylogenetic correlations such as Blomberg’s K or Pagel’s
A, as these methods lose statistical power at low species numbers (Miinkemiiller et al.,
2012). Accordingly, this study opted to use Mantel’s r, a statistical test with more broadly
applicable applications to compare two dissimilarity matrices (Mantel, 1969). While this
investigation into the relationship between foliar canopy reflectance of these tree species
and their phylogenetic relationships was done with proximal point-scans and molecular
based data, it should ultimately be considered exploratory, as the dataset was primarily

designed for species identification rather than phylogenetic inference.

3.3.6 Future Directions

This study presents novel findings that have interesting potential future directions.
The particular application of species mapping appeals to efficient population monitoring
but is not the exhaustive application of the remote sensing of plants. Analogous to how
water absorption bands are leveraged to estimate water content (Wei et al., 2021),
reflectance measurements in regions containing the spectral activity of target molecules
and elements can be used to estimate their overall concentration (Zarco-Tejada et al.,
2019). Developing these relationships between chemical species in vegetation and their
spectra can then be used to investigate their expression across vastly diverse geographies
(Asner et al., 2016). These investigations can also be applied to more temporally driven

disciplines, such plant phenology, which currently leverages foliar reflectance to observe
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parameters meters such as vegetation health, growth phases and photosynthetic activity
(Gamon et al., 2016; Gao & Zhang, 2025; Wong et al., 2019). Given that plants are known
to synthesize UV-absorptive molecules in response to physiological stress both seasonally
and acutely (Cheng et al., 2024; Jaakola & Hohtola, 2010; Kubra et al., 2021), it is possible
that the use of UV reflectance to monitor plants may prove useful in identifying changes
in developmental changes or stress response before they manifest across other studied

spectral regions.
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Chapter 4: Synthesis

4.1 Significance of thesis

This thesis set out to delineate the physical underpinnings and ecological potential of
hyperspectral imaging, thereby increasing the breadth of the literature geared towards
practitioners. While there are review papers focused on hyperspectral imaging, they
primarily report on the development of novel methods and focus on specific applications
(Bhargava et al., 2024; Jia et al., 2020; Stuart et al., 2019; Yel & Tunc Gormus, 2023).
Such reviews allow one to “catch up” on advancements in the use of the technology and
even for familiarizing readers with how the sensors work. However, while not a necessary
inclusion, reviews frequently miss an important topic touched on throughout this thesis:
the principles that drive the differentiability between species that hyperspectral imagers
capture across the electromagnetic spectrum. This thesis makes a significant contribution
by making that a focal point in Chapter 2, bringing concepts that may not be of frequent

use for ecologists to the forefront.

By initially focusing on the first principles driving hyperspectral imagers, this thesis
laid out the framework for a general understanding of how these imagers work. This was
followed by a brief discussion of how light interacts with matter across the
electromagnetic spectrum that is currently sampled by hyperspectral imagers. Following
this, the scales at which hyperspectral imagers operate, and how these scales apply to
different applications was discussed. Altogether, the Chapter 2 of this thesis brings to the
fore in-depth view of first principles that are then framed in contexts of ecological remote

sensing.
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While chapter 3 does not employ novel methods for analyzing or capturing
spectral data, it makes a strong case for the utility of early-stage investigations into
spectral reflectance prior to launching novel full-scale hyperspectral remote sensing
missions. As a study, this chapter displays the utility of ground-based data for its clean
SNR values that can be leveraged for finding meaningful signals without undergoing
extensive data processing measures. For novel investigations, this can mean realizing that
a spectral range is unsuitable due to a lack of differentiable signal for a specific study, or
informing regions of interest for scaling a study up from early stages. Further, employing
the philosophy of sparsity in data modeling was proven to be useful in maximizing the
interpretability of the data in chapter 3. Steering away from analytical methods such as
spectral derivatives and band-ratio analyses allow for maximally interpretable results,

which in this case, led to the discovery of new uses for historically underused UV bands.

In answer to the objectives outlined in Chapter 1:

1) All energy captured by hyperspectral technologies comes from the sun, through
direct reflection or re-emission at longer wavelengths. The manifestation of
different energies of light in nature comes from interactions with matter at different
scales (electronic absorption to molecular vibrations). Some objects have higher
affinity for use in hyperspectral imaging depending on how they interact with light.
[Chapter 2]

2) Hyperspectral imaging has been growing in volume of publications throughout the
past three decades. Many novel applications are on the cusp of evolving to become

routinely practiced. [Chapter 2]
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3) UV reflectance carried the most helpful signal for differentiability in plants. This
was speculatively linked to the molecules classified as high UV absorbers in
plants. [Chapter 3]

4) A transposable analytical framework was laid out for making diagnostic
preliminary investigations into whether a specific spectral range can be used to

differentiate between different tree species. [Chapter 3]

Objective 1: The section of the review focused on the physics of hyperspectral
imaging pulled from a number of sources that are not frequently presented with one
another. The section palatably tied in first principles of thermodynamics and quantum
physics, particularly pertaining to how they govern the behaviour of light in nature. This
section also tied in sensor physics, which introduced the technological constraints whose
nuanced relationships lead to tradeoffs that require consideration when planning mission
logistics for optimized data quality. Further, the entirety of this body of work bridges the
discussed first principles and how their ecological linkages can be non-invasively

leveraged via hyperspectral remote sensing.

Objective 2: The applications of hyperspectral imaging were discussed in depth,
across spectral, spatial, and temporal scales. This unveiled the gaps in the applications of
the technology; they were most prevalent in the UV region. The fields lacking the most
applications across the electromagnetic spectrum were environmental monitoring and
ecology. All potential platforms that hyperspectral imagers can be mounted to come with
their own suite of tradeoffs, especially with regards to the spatiotemporal resolution each

one offers.
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Objective 3: The spectral data captured from canopy leaves of 13 species of trees
was modelled using a random forest into lasso regression framework. This revealed that
UV reflectance in leaves from mixed temperate forests in the sampling area carries a signal
that can be used to identify the tree species. The modelling framework was streamlined to
deliver interpretable results that specifically highlight spectral regions of interest for

upscaled applications of true hyperspectral imaging missions.

4.2 Synthesis and future directions

This thesis shows that hyperspectral imaging is a complex remote sensing modality
that calls upon a number of disciplines to be fully understood. By grounding discussions
of hyperspectral imaging in first principles, this work highlights the fact that overall data
utility is not a given with increased spectral resolution, but on understanding the physical
interactions of light with biotic and abiotic materials. This framing distinguishes
hyperspectral imaging from merely being a logical technological advance from
multispectral technology and situates it as a method whose utility arises from the

application-specific interactions of light through absorption, transmission, and reflection.

A central finding of this thesis was the significance of the signals carried in the foliar
canopy UV reflectance spectrum. Since this is a largely unexplored region, this thesis
suggests that not every potential application of hyperspectral imaging has already been
tried, and that novel applications may benefit from expanding their coverage beyond the
heavily used VNIR-SWIR regions. This pertains especially to regions whose light is
biologically significant, such as the harmful effects of UV that must be protected against.
Doing so may reveal previously untapped findings that link to features arising from

underutilized biological traits. Similarly, this study demonstrated the power of
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approaching preliminary studies with the target goal of maintaining interpretability of
results over model performance. This is critical for not only making more grounded
speculations as to what drives the differentiable signals in a dataset, but also reduces
analytical complexity, which is key for making preliminary insights scalable to larger

scale missions.

Ultimately, the scope of hyperspectral imaging demonstrated in this thesis is
necessarily limited. Accurate identification of image features represents one of the most
well-established applications of hyperspectral sensors, but it only reflects a narrow portion
of their potential. Identification serves as a practical starting point. This has been shown
before, where early studies developed the ability to use spectral reflectance to estimate
chemical concentrations with leaves (Asner & Martin, 2009), have been rolled into large-
scale studies of the effects of numerous physiographic controls on said chemical
concentrations (Asner et al., 2016). At present, however, the strengths of hyperspectral
imaging are most heavily leveraged in industrial contexts, where efficient and large-scale

classification is the primary end use.

The future trajectory of hyperspectral imaging as it pertains to ecology lies in moving
beyond differentiability itself, towards understanding the mechanisms that produce
spectral signals. By doing so, the applications of the technology can transition from
recognition to explanation, therein opening the door to questions of greater complexity.
Reflectance has the potential to be decoded to reveal physiological and biochemical
processes. This is critical if hyperspectral imaging is to become less of a specialized niche,
and more of a routine tool. Circling back to the multidisciplinary, multi-sensor study of

O’Sullivan et al. (2022), hyperspectral imaging is poised to complement other sensors.
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The proven applications of mapping water quality parameters, canopy chemistry and
primary productivity (Logan et al., 2023; Zhang et al., 2020) are but a few applications
that hold the potential to broaden the ecological insights that can be derived from aerial

and satellite imagery.

In synthesis, this thesis contributes to both conceptual and methodological advances,
offering a foundation for both ecologists and remote sensing practitioners to build upon.
The findings of this study emphasize that the spectral resolution afforded by hyperspectral
imagers does not inherently make it an appropriate and useful tool; it requires a holistic
understanding of the imaging modality that can be used to leverage the physics of light
interactions to unlock new ecological insights. This thesis accordingly invites researchers
to contemplate the keystone biological interactions that may be linked to overlooked light-

driven phenomena.
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