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Foreword
Motivation behind the topic of this master’s thesis was its interdisciplinary nature since physics is used as a means to approach more biology related subject.
Obtaining the data for the thesis required field work in the forest which I found
quite appealing. The topic of this thesis is also closely related in monitoring
the effects of climate change in the function of the ecosystem in northern Finland, therefore making it live issue. Spectral imaging can revel effects that are
not visible to human eye which is why it can be used to detect phenomena
occurring in biological objects before they reflect on the objects appearance.
Hyperspectral imaging was something I was not familiar with before. Writing
my thesis on the subject was a good opportunity to learn a new non-destructive
imaging method which could be done more easily in challenging environments.
Moreover, hyperspectral imaging is considered as one of the most prominent
techniques in the field of remote sensing.
Before diving into the topic, I want to thank the whole staff, temporary
workers and students of Oulanka research station, not only for supplying the
hyperspectral camera used to capture all the data for this thesis, but for all
the help especially in the field work. I also want to mention that experimental
setups used in my work for trampling and watering experiments were designed
and maintained by Albert Lenkiewicz and Maren Buth. They also proved to
be a great help in the imaging process. Finally, I want to thank my supervisors Samuli Urpelainen and Mourad Kharbach for assisting me throughout the
process of writing this thesis.
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1

Introduction

The aim of this thesis is to become familiar with a commonly used remote sensing technique called hyperspectral imaging, and learn how it could be applied in
imaging of vegetation. To understand the technique and the possibilities hyperspectral imaging offers, we dig deeper into physics behind it. Topics described in
this thesis are related to the working principle of the hyperspectral camera and
the methodology of imaging, especially in the field, as well as how to process
and analyse the acquired data.
Hyperspectral imaging is a type of spectral imaging which captures continuous range of wavelengths in a contiguous manner [1]. In this thesis the main
focus of wavelengths is in the range of 400 nm to 1000 nm starting from the visible region of electromagnetic spectrum and ending in the near-infrared (NIR)
region of the electromagnetic spectrum.
Applicability of hyperspectral imaging is extensive. It is widely used in
agriculture, food industry and mineralogy in quality control and detection of
pathogens in crops, but also in surveillance and astronomy for target acquisition, security systems and observations of the atmosphere among countless of
other applications [2, 3, 4, 5, 6]. In environmental applications it can be used
in chemical analysis like monitoring gas emissions in power plants [7]. In this
thesis, the main goal is to find a way to utilize hyperspectral imaging in detecting anomalies in plants. The plants of interest in this thesis are bilberries
(Vaccinium myrtillus) which have been imaged in the boreal forests of Oulanka
in Kuusamo, Finland. The location is pointed out in the map of Finland in
Figure 1.
The hyperspectral imaging of vegetation in Oulanka is part of the EcoClimate project which aims to use hyperspectral imaging in making annual
observations on the progression of climate change on the environment. An introductory video on EcoClimate project can be found on Oulanka Research
Station channel on YouTube1 . The research done in Oulanka research center
is focused on biological and geological topics, and locationwise it provides a
diverse environment with comprehensive biodiversity. The EcoClimate mainly
focuses on effects related to vegetation; how snow cover thickness in the winter,
or drought period in the summer, could reflect on the plant stress levels. In addition, the effects of reindeer herding on the forest floor are studied along with
determining what kind of effect does climate change have on reindeer herding.
In a long run, hyperspectral imaging could reveal information and provide a
non-invasive method for monitoring the effects of climate change on the vegetation in the northern Finland. The hyperspectral imaging done in this thesis
provides a starting point for the studies and therefore the imaging is done first
in a controlled, laboratory-like environment and then as a field study.
For simplicity, two factors in the bilberry plant leaves were chosen as indicators for determining the health of the plant; water content and the amount
of chlorophyll. These indicators have been used also previously in the study
1 https://www.youtube.com/watch?v=vN3o3z1zwrU&ab

5

channel=OulankaResearchStation

of northern pine forest environment [8]. The water content and the chlorophyll amount are studied more closely in three experimental setups: a watering
experiment where marked undergrowth has received more water than normal
seasonal amount of rain, a trampling experiment where marked undergrowth is
exposed to a controlled amount of trampling, and finally, a drying experiment
where fresh, partially dried and completely dry leaves are imaged to find out
the imprint of water and its effects on the spectrum. The drying experiment
setup was conducted first and in a controlled manner which provides more stable
conditions for imaging and hence more reliable analysis on the chemical properties of vegetation. Watering and trampling experiments were conducted as
field studies to see how conveniently hyperspectral imaging could be carried out
in a forest environment. The information gathered through field study setups
were then compared to the knowledge obtained in the drying experiment in order to evaluate hyperspectral imaging as a technique used in an uncontrolled
environment.

6

Figure 1: The imaged material for this thesis was gathered in Oulanka
which is located in the northern Finland near the eastern border. CC
0

2

Physical background

The physical background of infrared spectroscopy and spectral imaging, and
calculations required to comprehend the study in this thesis are covered in this
section.

2.1

Electromagnetic spectrum

Electromagnetic spectrum is the range of frequencies electromagnetic radiation
can possess. Radio waves represent the low frequency part of the spectrum
where the frequency of a wave is around 1 GHz (109 Hz) or less. High frequency part of the spectrum is in the domain of gamma rays with frequencies
more than 1020 Hz. Frequency f of a particle, or a photon in the case of elec-

7

tromagnetic radiation, travelling at the speed of light c is directly proportional
to the photon’s energy E and inversely proportional to its wavelength λ
E
c
= ,
λ
h
which can be represented in terms of energy
f=

(1)

hc
,
(2)
λ
where h is called Planck’s constant [9]. This means that the wavelength of a
radio wave can be hundreds of meters while the wavelengths of gamma rays are
less than 1Å (10−10 m). Starting from the long wavelengths, the order of the
regions in an electromagnetic spectrum are as follows: radio waves, microwaves,
infrared radiation, visible light, ultraviolet radiation, x-rays and gamma rays.
The electromagnetic spectrum is illustrated in Figure 2. Classification of the
region is based on the interaction of the radiation with the matter. [10]
E=

Figure 2: The electromagnetic spectrum is a representation of the
scale of energies and wavelengths electromagnetic radiation possesses.
It is divided into different regions based on how a wave with a specific
energy interacts with the matter. CC BY 3.0. [11]
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For the purposes of this thesis, the relevant wavelengths of electromagnetic
radiation are in the visible and infrared regions of the spectrum where wavelength ranges from 400 nm to 750 nm for visible light and from 750 nm to 1 µm
in case of infrared. Infrared region can be divided into the following subregions:
near-infrared, mid-infrared and far-infrared. Near-infrared region (NIR) covers
wavelengths close to the wavelengths of visible light and it’s commonly defined
to range from 750 nm to 1400 nm [12]. Wavelengths in the visible and NIR
regions are the ones taking part in the hyperspectra captured by the hyperspectral camera used in this thesis. However, especially in NIR spectroscopy, a
wavenumber ṽ (cm−1 ), which is the inverse of wavelength
1
,
λ
is commonly used in the position of wavelength.
ṽ =

2.2

(3)

Black body radiation

Every object with temperature over 0 K or −273, 15 ◦ C emit electromagnetic
radiation. A physical model describing the relationship between object temperature and the spectrum it emits is called a black body and it is described by
Planck’s law
EλT =

8πhc
1
,
hc
5
λ e λkT − 1

(4)

which tells how much energy E is radiated per unit volume m3 as a function of wavelength λ. In the formula, h is Planck’s constant, c the speed of
light, k Boltzmann’s constant and T the absolute temperature. Black body is
a completely non-reflective surface which absorbs all incoming electromagnetic
radiation and then reradiates it as a thermal radiation according to the body’s
temperature creating a continuous spectrum. Representation of a black body
radiation spectrum at 5900 K is illustrated in Figure 3 along with solar radiation
spectrum. As seen in the graph, black body radiates short wavelength light, or
blue light, more strongly in the visible region of the electromagnetic spectrum
than other wavelengths. [13]

2.3

Spectrum of the Sun

The Sun emits radiation with a similar spectrum emitted by a black body at
approximately 5800K as shown in Figure 3. Dominating parts of the spectrum
therefore belong to the infrared, visible and ultraviolet regions. [14]
The Sun’s spectrum reaching the surface of the Earth in a particular location
is dependent on not only the composition of Earth’s atmosphere but also on the
local weather and the incident angle of the light, or more commonly, time of day.
When sunlight reaches the Earth’s atmosphere in daytime, Rayleigh scattering,
which is explained later in the next section, occurs in the upper atmosphere
changing the spectrum into being more dominant in shorter blue wavelengths.
9

In other words, the scattered sunlight is the one reaching our vision. In the
sunsets and sunrises, more scattering occurs since the light passes through more
of the molecules in the atmosphere causing additional scattering of the blue
light. As the blue light has already scattered in the atmosphere, more of the
yellow, orange and red colours are left to be observed. [14]

Figure 3: The spectrum of the Sun in comparison to a black body
radiation spectrum. The Earth’s atmosphere containing water, oxygen, ozone and carbon dioxide molecules generate absorption troughs
pointed in the figure which explains why solar irradiation spectrum
differs from one detected at sea level. [15]
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2.4

Molecular vibrations

Molecular vibrations are a result of a periodic motion of the atoms bound to each
other at temperatures above absolute zero. Increase in temperature stimulates
thermal motion of atoms. In molecules, this is observed as vibrational motion
because atoms in a molecule are attached to each other with chemical bonds
acting analogously with massless coil springs. Thus, if one atom in a molecule
experiences a force, it affects the other atoms in the molecule as well. Molecular
vibrations can therefore be modelled using a quantum harmonic oscillator with
a total energy expressed by the Hamiltonian operator Ĥ
1
p̂2
+ mω 2 x̂2 ,
(5)
2m 2
where p̂ is the momentum operator, m the mass of the particle, ω the angular
frequency of the oscillator and x̂ the position operator. While the first term
in the equation represents the kinetic energy of the particle, the second term
expresses the potential energy of the particle. The Hamiltonian can be used to
derive the energy levels En of a harmonic oscillator
Ĥ =

1
En = (n + )h̄ω,
(6)
2
where h̄ is the reduced Planck constant and n = 0, 1, 2, ..., k corresponds to the
energy level, i.e., state. However a more precise representation of the molecular
vibrations is given by applying anharmonic perturbations to the harmonic oscillator, and as a result, a Morse type potential energy curve is gained. The energy
levels in Morse type graph are given by adding anharmonic corrections to equation 16. The harmonic and anharmonic potential energy curves are graphed in
Figure 4 along with the energy levels En with anharmonic corrections. [13, 16,
17]
In vibrational motion, transitions from a state to another take place when
the material influenced with electromagnetic radiation. Whereas fundamental
vibration mode represent the transition from the ground state to the first state
0 → 1, overtones correspond to the transition from the ground state to the
second or a higher state 0 → n, when n ≥ 2. For instance, if the transition from
the ground state to the first state is 0 → 1, then the first overtone is transition
from the ground state to the second state 0 → 2 and the second overtone
is transition from the ground state to the third state 0 → 3. In addition,
the frequency of the first overtone is twice the frequency of the fundamental
vibration mode, and in case of the second overtone, the frequency has tripled
compared to the fundamental mode. Transitions from a ground state to higher
states are given by arrows in Figure 4. Combinational vibrations in turn arise
when at least two fundamental vibrations are stimulated at the same time. [17]
A molecule can vibrate in multiple ways depending on the number of atoms in
the molecule and its molecular structure. Different types of molecular vibrations
include symmetric and asymmetric stretching and bending which transpires
as scissoring, wagging, rocking and twisting. Vibration modes are illustrated
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Figure 4: A potential energy diagram presenting energy levels En
corresponding to fundamental vibrational states and overtones. The
dotted line curve represents potential energy graph using the harmonic approximation while the solid line curve describes the Morse
type potential energy graph which portrays the molecular vibrations
more precisely.
in Figure 5. These vibrations are not to be confused with translational or
rotational motion of the whole molecule since molecular vibrations derive from
the motion of the atoms with respect to each other. To find out the number
of different vibrational modes a molecule can assume, we need to know the
number of atoms n in the molecule and whether it is a linear or a non-linear
molecule. A non-linear molecule has 3n − 6 fundamental vibration modes and
a linear molecule has 3n − 5 fundamental vibration modes which are obtained
by substracting translational and rotational degrees of freedom from the total
number of degrees of freedom. [17]
Fundamental vibration modes can be detected generally in IR spectrum
along with the vibrations that create a net dipole moment, or electrical polarity, of a functional group. A functional group being a specific group of atoms
having specific chemical properties. Fundamental vibration modes do not however occur in the NIR region of the IR spectrum as shown in Figure 6. [16,
17]
The vibrations in NIR region are related to the absorption of electromagnetic
radiation in the material. The detected vibrations are overtones or combina12

Figure 5: A molecule can vibrate by symmetric or asymmetric
stretching, or by bending which includes scissoring, wagging, rocking and twisting.
tional vibrations and they occur in the wavenumber range 14000 − 4000 cm−1
which correspond to the wavelength range of approximately 700 nm − 2, 5 µm.
[17]
Some vibrational excitation associated with H2 O, O2 , O3 and CO2 molecules
in the spectrum of the Sun reaching sea level are indicated in Figure 3. These
absorption bands originating from the vibrational excitations are the product
of the atmospheric gases of the Earth. Most of the vibrations are observed
in the infrared region of the spectrum, and more importantly concerning the
application in this study, some vibrations of H2 O can be observed in the wavelength range of 400 nm - 1000 nm where the employed hyperspectral camera
operates. These vibrations of a water molecule in gaseous phase are observed
at 720 nm, 820 nm and 940 nm as a result of combinational vibrations detected
in the spectrum of the Sun at sea level and they are associated with symmetric
and asymmetric stretches and bending [18]. However more recent papers have
been using a bit longer wavelengths for the bands. Especially the water absorption band closest to 1000nm is more often found around 970nm. As these
slightly longer wavelengths are more generally used, they are used as a reference
wavelengths also in this thesis. [18, 19, 20, 21]
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Figure 6: Different types of vibration observed across an electromagnetic spectrum. Lattice vibrations and fundamental vibration take
place in the far and mid infrared regions whereas overtones and combinational vibration occur in near infrared region. [17]
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2.5

Light interaction with matter

A photon is a particle of light and therefore it has a specific energy. As a photon
interacts with matter, its energy and trajectory are affected due to collision with
molecules and other particles. The interaction is based on elastic scattering
in which a trajectory of radiation can change without changing its energy, or
on absorption where some of the radiation, i.e. energy, is transferred into the
medium. In this thesis the light interaction with matter is studied by measuring
the reflectance as a function of wavelength which is related to absorption. [10,
16]
2.5.1

Absorption, reflection and transmission

Absorption is the process of turning incoming radiation into another type of
energy, often heat. In case of visible light, absorption takes place when the frequency of the radiation matches the frequency of the electrons of the together
bound atoms which vibrate as a result of thermal motion. The energy from the
radiation is transferred to the vibrational motion already occurring or stimulate
new vibration modes which were not active before excitation. As matter contains various molecules with different natural frequencies in which they vibrate,
absorption can take place across the spectrum. [22]
In reflection, the light is bouncing off the surface from the boundary between
the media or in the interior of a medium. Reflection happens when the frequency
of the radiation does not match the natural frequency of the molecules. The
energy of the radiation causes vibration in the matter but as the frequencies do
not match, the light is reemitted from the matter. When light passes through
the media, it is referred as transmission. It happens when the light is reemitted
on the other side of the material or when it does not interact with matter at
all. [22]
As light often contains multiple wavelengths, absorption, reflection and transmission occur selectively in an object. The frequency of vibrational motion
changes across the spectrum; in infrared region the vibration is often related to
molecular vibrations which are covered in more detail later, whereas in ultraviolet and visible light regions the vibrational states may be excited together
with electronic transitions. [22]
Detectors can acquire information about the sample as the molecules have a
characteristic absorption spectra. Typical characteristics like peaks or troughs
found in a spectrum of a specific compound are also referred as spectral signatures.[23]
2.5.2

Scattering and Rayleigh scattering

In inelastic scattering event, the amount of energy photon loses to other particles
is dependent on the chemical properties of the matter. After collision, the photon has a different decreased energy and trajectory which gives off information
about the molecule that was excited. [23]
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Elastic scattering is a form of particle scattering where the kinetic energy and
therefore also the magnitude of the momentum of a particle is conserved even
when the direction of the propagating particle is changed. Elastic scattering
of an electromagnetic radiation which takes place in particles smaller than the
wavelength of the radiation is called Rayleigh scattering. It results from the
electric polarisability of the particles as the oscillating electric field causes the
charges contained in the particles to move at the same frequency. This causes a
dipole in the particles which can be observed as radiation. Rayleigh scattering
is commonly observed in nature as sky appearing blue in the day time, and
during sunrise or sunsets as the clouds appear to be changed in colour when
sunlight is being scattered by the molecules in the atmosphere. [24]
In order to measure how much energy is lost in the scattering, the energy of
the radiation needs to be known. In practise, this requires a monochromatic light
source which means that the wavelength emitted by the light source contains
only one wavelength. [23]
2.5.3

Diffusion of light

Diffusion of light is an event where light is scattered in a manner of spreading
uniformly in the medium. Scattering happens when a ray of light hits a rough
or uneven surface causing the ray to break down in different directions. In
other words, diffusion is a progression of light from an organized state to a
disorganized state. When diffused light hits its target, it is distributed evenly
across the surface area, and because of this, no sharp shadows are formed. In
nature, clouds act as a diffuser of light but artificial diffusion can also be done
by coatings or films. [25]

2.6

Reflectance, transmittance and absorbance

The flux of electromagnetic radiation, i.e. emitted, transmitted or reflected light
by a surface area A per unit solid angle Ω, is called radiance L or brightness
[26]
L=

∂2Φ
,
∂Ω∂A cos φ

(7)

where A cos φ is the projected area and Φ the radiant flux which is the radiant
energy Q entering or leaving the system per time interval t [26]
∂Q
.
(8)
∂t
Radiance is drafted in Figure 7. The radiant intensity, later referred only as
intensity, is defined as radiant flux Φ per unit solid angle Ω [26]
Φ=

I=

∂Φ
.
∂Ω
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(9)

Figure 7: Radiance is the flux of emitted, transmitted or reflected
light by a surface area A per unit solid angle Ω.
Whenever only received radiation is taken into concideration, it is referred as
irradiance E. Irradiance of a surface with area A is defined as
E=

∂Φ
,
∂A

(10)

where Φ is the radiant flux. [26]
Reflectance R is the fraction of electromagnetic radiation reflected from the
matter. It is defined as the ratio of the intensity of reflected light IR to the
intensity of the incident light I0 [26]
R=

IR
.
I0

(11)

Transmittance T is the amount of light transmitted by matter. It can be
obtained as the ratio of the intensity of incident light I0 to the intensity of the
light passing through the surface IT [26]
T =

IT
.
I0

(12)

In physical sense, absorbance is defined as matter capability to absorb light.
An absorption is an event where a photon with a specific energy gives off its
energy to other atoms increasing their energy. The absorbed photon can the be
then re-emitted by the atom or transformed to heat. Absorbance of a surface
is usually denoted as A (not to be confused with surface area) which can be
formulated by taking a logarithm of inverse of transmittance to base 10 [26, 17]
A = −log10

IT
.
I0

(13)

Often Lambert-Beer law is used in defining absorbance. It relates properties of
the material of which the light is passing through to the attenuation of light. At-
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tenuation describes how strongly a chemical substance absorbs light. LambertBeer law reads as follows [10]
A = lc,

(14)

where  is the molar attenuation coefficient, l the optical path length and c the
molar concentration of the substance. Molar concentration is the amount of
chemical substance represented in moles n in a solution of a particular volume
V
n
.
(15)
V
However, sometimes mass concentration is also referred as concentration. The
only difference between the concentrations is that the mass concentration is
expressed as the mass of chemical substance m in a solution of a particular
volume [10]
c=

m
.
(16)
V
To conclude, the sum of reflectance, transmittance and absorbance is 1 in a
specific spectral position if no scattering or luminescence is occurring [26]
c=

T + A + R = 1.

2.7

(17)

Dispersion, coherence, diffraction and interference

Dispersion is the relation between wave’s phase velocity with its frequency or
wavelength. Phase velocity describes the propagation speed of a wave in a
medium. Dispersion in optics occur when light enters a prism, where the refraction angle of light changes as a function of its wavelength, or when light enters
a grating splitting the beam into different wavelength components as a result
of diffraction. This splitting arises because the trajectory of light is changed
depending on its wavelength. The bending of the trajectory of light depends on
the refractive index of the medium because the angle of refraction is dependent
on wavelength. For instance, as white light enters a prism, a full display of
colours in certain order can be seen and this order is dependent on the angle of
refraction for each wavelength. [27]
The refraction of light on the interface between two media of refractive indices n1 (λ) and n2 (λ) is denoted using Snell’s law
sin θ2
n1 (λ)
=
,
sin θ1
n2 (λ)

(18)

where θ1 is the incident angle of the incoming light and θ2 the angle of light
in another media with respect to the interface normal. The bending of the
trajectory of light is also the physical phenomena behind optical instruments
like lenses which can be used in focusing and redirecting of light. [27]
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If the waves have the same frequency and they are related in space and
time in stationary phase, the waves are called coherent. This means that the
phase difference between the waves is constant. Spatial coherence means that
the waves have the same frequency and they move in the same direction at the
same angle in space. Temporal coherence means that the waves in a wave front
have the same frequency and the same phase difference as they propagate in
space. Perfectly coherent light refers to temporal coherence, which designates
that the light is monochromatic meaning that the light essentially has only a
single colour or a wavelength. [27, 28]
Diffraction of light is a phenomenon that occurs when a wave encounters an
obstacle or an aperture which acts as a secondary light source due to the scattering of the light. This secondary light source sends wavefronts which create a
diffraction pattern as they encounter a screen. According to Huygen’s principle,
every point in a wavefront acts as a source of wavesfronts. As the wavefronts
collide with each other, they interfere either constructively or destructively.
Constructive interference occurs when waves are in the same phase amplifying
the intensity of the sum wave while in destructive interference waves are in opposite phases canceling out each other. This interference of the waves creates
a geometrical pattern with varying intensities called a diffraction pattern. In
mathematical sense, maxima of the intensity of light in a diffraction pattern
are found using Bragg’s law, which tells the angle θ of which a constructive
interference is found
nλ = 2d sin θ, n = 1, 2, 3, ....

(19)

When Bragg’s law is used in studying crystalline structures, d is called the
grating constant which is the distance between atomic planes, and n tells the
diffraction order. [27]

2.8

Spectroscopy and spectrometers

Spectroscopy is the study of spectra created when light or electromagnetic radiation interacts with matter. A spectrometer is a device used in separating
and measuring electromagnetic radiation through its intensity or polarisation
utilizing properties of light like its wavelength and energy. [27]
The components of a spectrometer include a light source, optics, a light
dispersive system or an interferometer, a detector and storage hardware with
the necessary software. A schematic of a light dispersive spectrometer is shown
in Figure 8. [27]
The light travels through a telescope or a fore optic to the spectrometer.
The spectrometer is either a dispersive or an interferometric system based on
the physical phenomena of dispersion, diffraction and interference introduced
previously. If the system is dispersive, a prism or a diffraction grating is used
to scatter the light while in an interferometric system, a so called Michelson
interferometer is used. In both cases, a slit is used to limit the range of angles
passing through the dispersing element. In interference based spectrometers

19

Figure 8: A schematic of a spectrometer presenting the main components: a light source, optics, a light dispersive system, a detector
and software for the analysis.

20

Figure 9: A schematic of a Michelson-Morley type interferometer
where the light beam is split into two unequal paths. As the two
beams are reflected back from the two mirrors, they reunite and
travel to the detector creating a diffraction pattern.
slits are exploited to provide a sufficient coherence which allows the interference
to occur in each grating slit. [27]
In dispersive spectrometers the light is divided to different wavelengths by
angular separation. First, the light travels through a slit and then continues to a
collimator to create a planar wavefront proceeding to a dispersive element. The
dispersive element breaks the incoming light into components to be refocused
to the focal plane array with detectors. [27]
In Michelson interferometer, shown in Figure 9, the interference pattern is
created by splitting the coherent beam of light into two differing unequal paths.
The beams are reflected back to beamsplitter using mirrors where beams are
recombined back to one beam. This way after recombination, constructive and
destructive interference is allowed to take place due to optical path difference.
The acquired data is then read in the detector array. [27]
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3

Hyperspectral imaging

Hyperspectral camera combines imaging and spectroscopy by adopting imaging as a means for acquiring spatial information while spectral information is
gathered exploiting spectroscopy introduced in previous chapter. In imaging
spectrometers, which also include hyperspectral cameras, the scanning device
captures the spatial information of the imaged scene. In this section, the working principle of a hyperspectral camera is covered along with the introduction
of some of the most common configurations for obtaining spatial information of
the image.

3.1

Multiband images and hyperspectral images

Multiband images and hyperspectral images are spectral images which contain
information in a three dimensional space. The image is expressed as a two
dimensional bitmap where columns represent the x-axis and rows represent the
y-axis. The Z-axis contains the spectral information which is usually represented
as a function of wavelength or wavenumber. Consequently, every pixel in the
bitmap also contains spectral information as a value for z. This means that the
data consists of so called voxels that contain both 2D spatial information and
spectral information. These three dimensional blocks which are represented as
a function of x, y and λ are commonly referred also as hypercubes. [23, 29]
In a multiband image a range of wavelengths is divided into n bands creating
a non-continuous spectrum which will reveal the spectral information in certain
intervals. A hyperspectral image, in turn, contains the spectral information as
quasi-continuous spectrum on a specified range of wavelengths. The wavelength
range is divided into very narrow bandwidths allowing narrow peaks to be found
in the spectrum which could be lost in the more coarse bandwidths of multiband
images. In other words, hyperspectral imaging offers a better spectral resolution
than multiband imaging. [23, 29]

3.2

Operating principle of a hyperspectral camera

Capturing of the spectral information in hyperspectral cameras is based on
the same principles as in classical spectrometers. The acquisition of spatial
information for hyperspectral camera is usually done via scanning, and the
techniques for that are covered in section 3.3. [27]
To obtain a hyperspectral image, the light source has to provide broadband
radiation in the specific range of the electromagnetic spectrum where the camera
is able to capture the light. The most common light sources for broad spectral
radiation in the NIR region are tungsten halogen or xenon gas plasma lamps
or light emitting diodes. If the radiation band required is narrow, then light
emitting diodes and tunable lasers are also viable options. If images are taken in
daylight, the Sun provides a decent light source and no extra lighting is needed.
[23, 27, 29]
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After the scene has been imaged, the captured light travels to the optics.
The importance of optics lay in the creation of high quality image of the scene.
The optics form a real image of the scene to be dispatched to the spectrometer.
After the light has passed through the spectrometer, it continues to a focal
plane array where the detectors that convert the signal to numbers are situated.
Detectors convert the incoming radiant flux into an electronic signal using an
analog-to-digital converter. [27]
Imaging spectrometers employ quantum or photon detectors which are unambiguously an array of photoconductors. The reason why photon detectors are
also referred as quantum detectors is that they function in quantum-mechanical
manner since they are semiconductors. Semiconductors are materials which can
act as insulators or as conductors depending on the setting. Usually semiconductors have a electrical conductivity on specific conditions, on certain temperatures, for instance. Their conducting properties can be improved by doping
which is an act where a small amount of impurities is added in the material
crystal structure. Doping introduces more free charge carriers to the material
allowing more current to flow. In photon detectors, the photons reaching the
detector are absorbed to produce free charge carriers which start to drift in a
presence of a voltage. In other words, current flows charging a capacitor. The
voltage in the capacitor is then transferred to a digital number. The acquired
data is the combined to construct the spectrum for each pixel in the scene. [27]

3.3

Spatial and spectral data collection

The means of acquiring spatial information for the hyperspectral image is usually done by using one of the five data collection techniques explained in this
section of the thesis. The techniques are called point scanning, line scanning,
focal plane scanning, spatiospectral scanning and snapshot imaging. Figures 10
and 11 illustrate the different methods for collecting spatial data of the sample
along with the information on scanning speed and spectral resolution.
The main differentiating factor between the techniques is in how much information is gathered in a time period. In the first data collection technique, called
a point scanning configuration, the spectra of the sample is collected one voxel
at a time by scanning the whole area. The voxel contains the whole spectral
information of one pixel. In the second configuration, called plane scanning,
all of the voxels in a plane are captured in one moment with the restriction
of capturing only one wavelength in one shot. After receiving the information
about one wavelength, new images need to be taken with different wavelengths
to cover the whole range of wavelengths. A third configuration, called line scanning, is a mix between these two by capturing one line of pixels with complete
spectral information at a time.
Fourth and more recent configuration called spatiospectral scanning technique captures diagonal slices of a hypercube, shown in Figure 11. Another
more recent technique for data collection, which does not require scanning, is
the fifth method called snapshot imaging. It is the only method that is able
to collect the planar and spectral information all at once. Point, line and fo23

cal plane scanning configurations are illustrated in Figure 10 along with the
snapshot technique.

Figure 10: Commonly used techniques for acquiring spatial and spectral information in hyperspectral imaging along with the scan speed
and spectral resolution for each method. Panel A shows how a spatial information can be collected in point scan mode, also known as a
whisk broom, whereas panel B demonstrates a line scan mode often
referred as push broom. Focal plane scanning mode or wavelength
scan is represented in panel C and snapshot imaging in panel D. CC
BY-NC 4.0. [30]

3.3.1

Point scanning imaging

Point scanning imaging technique is used to obtain a spectrum on a small spot
of the sample. In this set-up, the sample is illuminated and the reflected light
from the sample is guided to the interferometer through optics. The signal at the
detector is then converted into a single pixel spectrum. To measure the spectrum
of the whole sample, the sample has to be moved or scanned systematically
across the imaged area as shown in the Figure 10A. Point scanners are sometimes
also referred as whisk broom scanners and they are often considered as a special
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Figure 11: A diagonal slice of data acquired in spatiospectral imaging configuration. In other data collection methods the information
contained in a data cube is collected in orthogonal dimensions. That
is not the case in spatiospectral imaging where the data is collected
at an angle with respect to the axis in Euclidean space. The acquired
data slice has one spatial dimension and one spectral dimension and
therefore scanning in one dimension is required to capture the whole
data cube.

case for line scanners presented in Figure 10B. A point scanning configuration
presents a high resolution spectra of the sample. However, the positioning of
the sample is relatively time-consuming and the spatial size dimensions of the
hyperspectral image are compromised by the hardware used for positioning of
the sample. As point scanning is not a fast method for data collection, moving
samples might turn out to be an issue during imaging. In addition, light or heat
sensitive samples might not be suited for this method if a halogen lamp is used.
[29]
3.3.2

Line scanning imaging

Line scanning, also known as push broom, is a camera configuration which
utilizes a two dimensional detector in 90 degree angle with respect to the surface
of the sample. In this technique, sample is illuminated and a portion of the light
is then reflected from the sample. The reflected light travels through a slit into a
dispersing device finding its way to the focal plane detector to form a spectrum
of one entire line of the hyperspectral image simultaneously. It is important that
the sample is illuminated evenly across the imaged line to prevent gradients of
light. To form the hyperspectral image of the entire sample, the scan line is
moved in one dimension to brush through the whole sample area, demonstrated
in Figure 10B. Line scanning speed is dependent only on the camera read out
speeds and can therefore provide a fast method for imaging. [29]
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3.3.3

Focal plane scanning imaging

Contrary to line scanning camera configuration, focal plane scanning technique
places focal plane detector parallel to the sample. As visualised in Figure 10C,
the image of the whole area of the sample is captured as one. First, the sample
is illuminated and the reflected light travels through the objective and bandpass
filter to the focal plane detector where the signal is converted into a hyperspectrum. The bandpass filter allows only one wavelength to be captured in one
moment after which the single wavelength images are combined to create the
hypercube of the sample. Image acquisition in this method is time consuming
which could be problematic if the sample is moving or if it is sensitive to heat
coming from the lamps used as a light source. Therefore this configuration
might not be ideal for biological samples. [29]
3.3.4

Spatiospectral scanning imaging

Contrary to scanning methods operating in orthogonal dimensions, spatiospectral imaging configuration allows the collection of both spatial and spectral information from a diagonal slice of the hypercube as shown in Figure 11. In this
scanning technique, the diagonal slices of the image are created by approaching
the slit leading to the spectrometer in transverse instead of approaching the slit
in a direct line. The diagonal slice of the hypercube contains information in one
spatial coordinate while the second coordinate collects spectral data. In order to
complete the hypercube, scanning is required in one dimension. Spatiospectral
scanning unites the strengths of spatial and spectral scanning techniques. [31]
3.3.5

Snapshot imaging

Snapshot imaging technique, also called a non-scanning imaging, presented in
Figure 10D is a configuration that captures all of the spatial and spectral information during a single integration time of the detector array. Snapshot cameras
are generally based on light dispersion through a prism or a beam-splitter, perpixel filters connected to a image sensor or tunable optical filters with small
bands. The advantage snapshot cameras offer is that they enable rapid imaging. [32]

3.4

Image sensing modes

Hyperspectral cameras can be operated in different modes depending on how
the light interacts with the sample. Often the acquired data is either reflected
or transmitted but sometimes operational modes of interactance, fluorescence
or scattering are used, although in more rare occasions. Modes of operation
for reflectance, transmittance and interactance are represented in Figure 12.
The camera used in this thesis operates in reflectance mode. In reflectance
mode, shown in Figure 12A, the gathered signal originates from the light that
is reflected from the sample. In camera setup this means that if the camera
is positioned above the sample, so is the lighting for the measurement. In
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transmittance mode, the camera signal is the result of the transmitted light as
seen in Figure 12B. In this mode, the light source is on the other side of the
sample than the camera. In interactance mode the light source is separated
with a barrier not only to avoid the light from the environment reaching the
sample, but also to prevent the source light from leaking to the environment.
This way the signal is purely based on the interaction with the sample, hence
the name. Interactance mode is demonstrated in Figure 12C, however the light
source in this mode could be also placed below the sample, like in transmission
mode. [33, 34, 35, 36]

Figure 12: Representation of reflectance (A), transmittance (B) and
interactance (C) image sensing modes. In reflectance image sensing
mode, the light is reflected from the sample to the detector while
in transmittance mode the light passes through the sample to the
detector. In interactance image sensing mode the sample is contained
so that no light from the environment interacts with it. The light
source is isolated from the detector with a barrier so that the signal
reaching the detector is based only on the interaction with the sample.
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4

Methodology and analysis of hyperspectral images

In this section, general methodology of acquiring and analysing a hyperspectral
image is covered starting from the things to consider in the field work to the
overall process of analysis. The most prominent steps in analysing a hyperspectral image are preprocessing, pattern recognition, segmentation, spectral
unmixing, regression and classification. These steps are reviewed individually
in this part of the thesis. [23]

4.1

General methodology in field work

First, the camera needs to be set steadily in order to reduce errors originating
from camera movement. The camera in use needs to be calibrated properly to
give quantitative results.
In order to make all of the captured images comparable, they need to be
taken on approximately same time of the day and year and in a similar weather
in order to minimize the variation of the Sun spectrum. An optimal weather to
capture hyperspectral images is cloudy sky which allows the sunlight to diffuse
naturally. This way no sharp shadows or excessively bright areas are formed.
The light can also be diffused artificially by using a diffusing canvas. If sufficient amount sunlight is unavailable in the imaging location, artificial lighting is
needed. For imaging in visible and NIR regions of the spectrum, halogen lamps
provide a decent lighting. If artificial lighting is used, it is advisable to target
the light in approximately 45 degree angle in order to avoid specular reflections.
[37]
The use of reference data takes atmospherical effects or the spectral signatures originating from the weather, aerosols or the overall imaging conditions
into consideration which makes the measurement standardized. During the
measurement, a reference piece is used to determine the level of reflectance.
This enables the comparison of images taken in different conditions. The reference piece is a flat surface having a specific reflectance ranging from 0 to 1. A
perfectly white object has a reflectance value of 1 which means that all of the
incoming light is reflected back. The reference piece needs to be even and clean
so that the reflectance value stays unchanged across the piece. For the same
reason, the reference piece should not absorb moisture. A dark reference can
simply be taken by closing the shutter of the camera so that no light reaches the
detector. It is important to use commercial reference pieces since the material
for the pieces has been carefully selected in a way that no unexpected phenomena occur. As an example, a white sheet of paper might not have a reflectance
value of 1 even though the colour is white. This is because in some cases so
called optical brightning agents (OBAs) are added in the manufacturing process and as a consequence the value of reflectance varies in accordance with the
amount of fluorescent additives. These kind of phenomena might change the
intended reflectance value even if the material seem like it bears a certain value
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of reflectance. Therefore only verified reference pieces are advised to be used.
There is a wide selection of reference pieces from which to choose. If the imaged
target receives a lot of light, then white reference is a good option. However if
the imaged object is shaded and it does not receive that much light, a darker
reference might work better since then the difference in the value of reflectance
between the reference piece and the target is smaller. It is also possible to use
multiple reference pieces. In this thesis, a white PTFE reference piece was used.
[38, 39, 37, 40]

4.2

Image processing

In image processing, all of the gathered information is combined together by
analysing the distribution, amount and overall properties of the found constituents from the image. After the hyperspectral data has been collected, the
raw data needs to be normalized which means that the hyperspectral radiance,
or the raw intensity, is usually converted to either reflectance, transmittance or
absorbance. In order to normalize the hyperspectral image data, white and dark
reference data is needed. The conversion from radiance to reflectance follows
the equation [38, 33]
R(λ) =

Ir (λ) − Id (λ)
,
Iw (λ) − Id (λ)

(20)

where Ir is the radiance of raw data, Id the radiance of the dark image and Iw
the radiance of the white image of the white reference piece. If a conversion
from radiance to absorbance is preferred, the formula is [41, 42]
A(λ) = −log10 (R(λ)).

(21)

If the camera operates in transmittance mode, no reference is used which makes
the radiance passing through the sample equal the transmittance signal unless
geometrical correction is required. [33]
The first step after the conversion is to preprocess the images. The preprosessed data is analysed using one or all of the following: pattern recognition,
segmentation and spectral unmixing. After this, a regression can be applied
and classification can be made. When the image has been processed using a
proper algorithm, the analysis is complete. All analysis and processing for this
thesis was done using MATLAB based program called HYPER-Tools.
4.2.1

Preprocessing

After conversion, preprocessing of the image itself is performed in order to remove unwanted information or noninformative background from the image. This
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includes, for example, dead pixels, spikes or aberrations like scattering. Spectral preprocessing applies mathematical operations for eliminating the influence
of inadmissible effects although a simple cropping is also part of preprocessing. Preprocessing is an important step in processing hyperspectral images and
reducing the computational power in subsequent procedures. [23]
Noise reduction can be performed to the image by applying smoothing operations. Regions of interest (ROI) may be chosen manually by spatial or spectral
cropping. The background removal can be done in multiple ways. Commonly
used operations include clustering methods like K-means clustering or dimension
reduction methods such as principal component analysis (PCA). [23]
K-means clustering is a method for dividing data according to it similarities
or dissimilarities. An example on a data group before and after K-means clustering is shown in Figure 13. The first step in K-means clustering is to choose
the number of clusters ”K ” that represent the number of randomly selected
cluster starting points in the image. Then each pixel in the image is assigned
to a cluster according to its Euclidean distance to the nearest cluster starting
point. After this, the mean value of distances within a specific cluster is calculated. Now the clusters are reestablished by choosing the closest mean value of
distances for each pixel. The variance within each cluster is calculated and the
operation is repeated a few times with different cluster starting points. The Kmeans clustering is complete when the optimal clustering out of the operations
is chosen according to the smallest amount of variance within a cluster. [23]
Another clustering method closely related to K-means is fuzzy clustering
algorithm (FCA). FCA is also called soft K-means clustering whereas K-means
is considered as a hard clustering method. The difference between hard and
soft clustering methods is that in hard clustering methods, a pixel can belong
to only one cluster. In soft clustering, a pixel can be part of multiple clusters.
In this thesis, FCA method called fuzzy C-means clustering algorithm (FCM)
is used. [43]
PCA on the other hand is a projection method that looks for the greatest
amount of variability in the multivariate image data. This is done by finding the
key components that can express the essential features in the spectral data in
a way that minimal amount of information is lost in the process. PCA is based
on a regression method called the least squares where principal components
(PC) are orthogonal vectors in a multidimensional space. Similarly to K-means
clustering, the number of principal components can be chosen for finding best
amount of PCs necessary for describing the main differences in the image. In
PCA plot of a hyperspectral image, the spectral similarities between pixels can
be observed as clusters in the PCA plot. A cluster represents pixels that have
the most similarities with each other. If there are multiple clusters, the distance
between the clusters describe how similar the pixels in each cluster are with each
other. The farther away the clusters are from each other, more dissimilarity
can be found in the pixels. To conclude with PCA, it is a tool that describes
statistically meaningful similarities but it does not necessarily tell much about
the real spectral information of the PC. [23]
In this thesis K-means clustering is used in separating regions of interest
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Figure 13: Data group before clustering in the graph on the left and
K-means clustered data with three clusters in the graph on the right.

from the background. In addition, FCM was applied to see whether it was
able to find clusters differing from the clusters found using K-means clustering.
A general overview on the images taken in each experiment in this thesis was
provided by PCA.
4.2.2

Pattern recognition and segmentation

The purpose of pattern recognition is to find hidden patterns and relationships
between the pixels from the image without prior knowledge about classes or
groups. Pattern recognition does not require training or calibration which means
that no examples need to be shown on how to divide the pixels into groups. In
addition, no decisions need to be made in pattern recognition which means that
the amount of components in the image does not need to be clarified. The
purpose of pattern recognition is to reveal how much variability can be found
in the image. One commonly used tool in pattern recognition is PCA. [23]
Segmentation step includes all clustering techniques whose purpose is to
divide pixels according to their spectral similarities. It is not counted as classification method because it requires no training. However a decision step is
included in segmentation. For instance, in clustering, a final number of clusters
need to be guessed. [23]
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4.2.3

Spectral unmixing

The aim of spectral unmixing is to find all constituents forming a single pixel
spectrum and separate them from each other. A pixel spectrum is a combination
of multiple different compound spectra, and spectral unmixing is a step where
pure spectra of various compounds are discovered. Spectral unmixing algorithms
decompose a mixed pixel into a group of distinct spectra called endmembers and
recounts the relative amount of each endmember. [23]
One useful tool that allows to study the chemical composition of the image
pixels is multivariate curve resolution (MCR). MCR is closely related to PCA
but the main difference is that MCR can give physically and chemically meaningful information about the image. It can set non-negativity requirement for
concentrations or spectra. As for choosing the convenient number of components
in MCR, generally the same amount of components as in PCA is a good starting
point. One practical tool as a part of MCR is noise filtering that is also often
performed. One of the most commonly used method in hyperspectral imaging
is MCR-ALS which is based on alternating least squares algorithm (ALS). It
is used in the optimization of the concentrations and spectral signatures of the
image constituents. [23, 38]
In this thesis MCR/LMM is used for spectral unmixing. It is used in representing each mixed pixel as a linear combination of the endmembers multiplied
with the fractional abundances of the endmembers.
4.2.4

Regression and classification

Regression is the process of calculating the concentrations of various compounds
in the image while classification allows the compounds to be divided in classes.
Regression and classification require calibration in order to calculate the concentrations of a specific compound. Once calibration has been performed, the pixels in the image can be valuated. Classification can be either supervised, which
means that some examples for the classification are given to the algorithm, or
unsupervised where no guidance is needed. In unsupervised classification, organisation of the spectrally similar pixels that define the class are determined
automatically by the algorithm. In supervised classification, the algorithm is
trained by showing examples of distinct classes in a so called training area after
which the classification outside the training are can be done by the algorithm.
[23, 27]
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5

Hyperspectral imaging of Vaccinium myrtillus
leaves

In this section, three experimental setups for the imaging of Vaccinium myrtillus
or bilberry plant leaves are reviewed. Prior to that, a typical spectrum of
vegetation is covered along with plant indices which are calculated from the
vegetation spectrum. Plant indices can be used in assessing the stress levels of
vegetation. This helps in gaining a better understanding on the bilberry plant
spectra. Image preprocessing and analysis for each setup is covered also in this
section with the interpretation of the acquired hyperspectra.
Image preprocessing allows the selection of regions of interest in the images
without manual selection. In this case, regions of interest are bilberry plant
leaves which are selected from each image by exploiting K-clustering algorithm.
Imaging for this thesis was done by using Specim hyperspectral camera
model FX10e which operates in line scan mode and captures wavelengths between 400 nm and 1000 nm. FX10e is best suited for vegetation or agriculture
purposes, phenotyping, colour and density exploration in printing, display and
light source inspection and food quality supervision. The camera is designed for
industrial and laboratory use and it has high spatial resolution of 1024 pixels.
In addition, it can capture up to 224 spectral bands with default binning. Description of the operation and settings of the camera is comprised next before
continuing on to the experiments themselves.

5.1

Camera preparation and settings

The camera was mounted on a rotary stage (Specim model RS10) that enabled
the camera to rotate in order to sweep over the targeted area. Even though the
distance to the target might vary slightly in different positions of the camera,
the effect is negligible since preferably either the angle of the sweep is small or
the distance to the target is large enough. In other words, if the target is placed
straight below the camera lens, the distance to the target is minimal. This is
not the case if the target is some distance away from the point below the lens
on a plane perpendicular to the line connecting lens and the point. This scene
is demonstrated in Figure 14. Geometrically a triangle is formed by the lens,
point straight below the lens, and some other point on the perpendicular plane.
If the hypotenuse i.e. distance between lens and the point on the plane, and
cathetus connecting the lens and the point below it, are approximately the same
in length, no major issues occur regarding the imaging of the target.
The camera in use was placed on a stable stand with a holder for a white
reference piece, as shown in Figure 15. The reference piece had to be mounted
on a stand since the experimental setup required that the imaged area was
to remain untouched, hence the reference could not have been placed on the
ground. During the imaging, the white reference was positioned right next
to the targeted leaves on similar height to diminish the possibility of errors
originating from light conditions or unexpected occurrences.
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Figure 14: In panel A on the left, the distances A and B are approximately same in length and therefore object positioning on the ground
pointed by line B does not present an issue in the imaging. This is
not the case in panel B on the right where distance B is much greater
than distance A.

Before proceeding to the settings used during imaging, field of view (FOV) is
defined along with spatial and spectral resolutions. Instantaneous field of view
(IFOV) is the solid angle in which the detector can sense incoming photons.
For simplicity, a lens is assumed as a point source. IFOV determines groundprojected field of view (GIFOV) or the width of the area observed by the lens
with a simple relation with distance d to the observed plane, as visualised in
Figure 16
GIF OV = 2d · tan(

IF OV
).
2

(22)

An area is formed when a scan is made. When FOV is discussed in a context
of remote sensing in optical instruments, usually FOV refers to either IFOV or
GIFOV depending on whether associated with angle or length. [44]
Spatial resolution is the system’s ability to resolve an object from another.
Better spatial resolution results in higher image detail. The amount of pixels
in an imaged area, i.e. pixel size, define the spatial resolution of the image
which can be derived from the imaging altitude and field of view of the imaging
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Figure 15: FX10e camera placed on a stand with a holder for the
white reference piece.
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Figure 16: IFOV is the solid angle at which the detector can receive
light and GIFOV is the ground-projected view of the angle on the
observed plane.
sensor. Spectral resolution describes how many spectral bands the sensors in
the camera can detect and therefore tells the width of the captured spectral
band. The narrower the wavelength range for a band, the higher the spectral
resolution. [23, 45]
Prior to doing the real imaging in the field, the settings were adjusted in
artificial halogen lighting in order to have an approximately good stating point
when beginning the real imaging. The main settings adjusted were focus, frame
rate, exposure time and scanning speed. During the adjustment, the camera was
placed at a similar distance from the target as in the field work. In addition, the
camera lens was pointing straight down as it would when imaging the bilberries.
The aim was to allow the distance to stay as constant as possible to avoid
changing the focus in the field. When the distance is kept unchanged, the size
of the imaged area would also stay the same if the FOV of the lens is not
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readjusted.
The focus was set using a thin object on a white background and finding
the optimal distance between the camera lenses for obtaining a sharp image.
Sharpness of the image could be also seen in the pixel position plot as a rectangular cavity instead of a rounded one in the observed graph when a thin object
is placed on a white background in the line of sight of a line scanning camera.
The cavities are illustrated in Figure 17.
A frame rate together with the scan speed define the aspect ratio of the
image. In order to have the correct aspect ratio, a geometric target (a round
black flat object) was put on a white background on the ground. Either the
value of frame rate or scan speed was set as a constant. Then the non-constant
value was set so that the imaged geometry of the object corresponded to the real
geometry of the object. The process of adjusting the aspect ratio was possible
to be performed manually or automatically. The scanning speed was set so that
the time of imaging was fast without compromising on the image quality.
An Exposure time affect on the image brightness. In the field studies, long
exposure time was used due to dark imaging conditions.

Figure 17: Sharpness of the image can be interpreted from the pixel
position plot as a sharp image forms a rectangular cavity instead of
a rounded one when a thin object is placed in the line of sight of a
line scanning camera.

5.2

Spectral signature of vegetation

Before continuing to the experiments, the spectral signature of vegetation is
covered. A typical spectral signature of vegetation is represented in Figure 18.
The most obvious compound in vegetation spectrum is chlorophyll and other
leaf pigments like carotenoids, which are present in every plant. Chlorophyll is
a compound that absorbs blue and red light much more efficiently than other
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colours in the visible region of the spectrum. There are two main types of
chlorophyll; chlorophyll a and b which have absorption peaks in blue region at
430 nm and 453 nm and in red region around 662 nm and 642 nm, respectively.
As a consequence, a peak in the wavelength region corresponding to green light
around 550 nm is detected in the reflectance spectrum of a healthy leaf (the
reason why vegetation is generally observed to be green in colour.) [44, 45, 46,
47]

Figure 18: A rough representation of the spectral signature of vegetation. A peak associated with green colour is found in the visible region
of the reflectance spectrum (550 nm). On the border between visible
light and infrared the reflectance values increase rapidly (700 nm).
This area is called a red edge. An absorption trougts related to vegetation water content can be observed in infrared region (970 nm). [46].
CC BY 4.0
In the border between visible and NIR region of an electromagnetic spectrum, a sharp rise in reflectance is often observed in vegetation. This border,
called the red edge, is associated with cellular structures found in leaves. On the
visible region of the red edge, chlorophyll absorbs strongly. Hence the reflectance
values are low. As the wavelength increases, scattering from the internal structures of the vegetation occur causing the rising reflectance values. The high
reflectance values in the NIR region starting from the red edge create a NIR
plateau. Whereas chlorophyll absorption takes place in the visible region, the
peaks found in the NIR region of the reflectance spectrum are related to cellular structures of vegetation. Healthy plants often have a small reflectance drop
around 970 nm which is associated with vegetation water content. Reflectance
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spectrum in NIR region of vegetation varies according to plant species, plant
stress and canopy state which makes distinguishing between different vegetation
types more difficult. [21, 45, 46]
As the plant weakens, it loses green colour and often turns brown or yellowish. In a reflectance spectrum, this can be observed as an increase in red
light region in the visible spectrum. In addition, a loss in light absorption due
to chlorophyll can be detected, making the green peak less prominent as the
troughs in blue and red region are not as significant. When the plant dries, the
spectral trace of water is not observed as the water content is decreasing. [44,
45]

5.3

Hyperspectral indices of plant stress

A few plant stress indices are described here in order to make conclusions about
the stress levels of bilberry leaves in different experimental settings. There is a
variety of indices for measuring plant stress from which to choose. Often they
are related to the chlorophyll or water content found in the plant.
Commonly used indices describing water content are usually simple ratios
between regions where water absorbs and where it does not. One frequently used
water content index is the water band index (WI) which compares reflectance
value at water absorption peak at 970 nm to reflectance value at 900 nm [21]
WI =

R970
.
R900

(23)

In WI index, calculated values are often between 0.8 to 1.2. Lower value indicates higher amount of water as the absorption in 970 nm is greater.
A vegetation index related to chlorophyll absorption band called simple ratio
(SR) compares reflectance at the red region of the spectrum R680 to reflectance
in the NIR region R800 [21]
SR =

R800
.
R680

(24)

A healthy plant has a higher value in SR index as a green plant reflect better
in NIR region.
These two indices were chosen for this experiment for the estimation of plant
stress levels. The WI index was chosen because it utilizes the water absorption
at 970 nm. The SR index can be used to evaluate the red edge steepness in a
simple manner, which is the reason why it was chosen for this experiment.

5.4

Drying experiment

The purpose of the drying experiment was to get a better understanding on the
spectra of bilberry leaves in different plant stress levels. The experiment offers
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important information in more simpler and controlled setting compared to a
field experiment. The spectra received in the drying experiment could be then
used as a reference for the field experiments.
The aim was to collect information about completely dried, partially dried
and fresh leaves to determine any differentiating factors in their spectra. The
main focus was to find distinguishable imprints of water in fresh leaves and
to see if the same traces could be found in the dry leaves. In addition, the
differences in the spectral signature of chlorophyll were under observation. The
comparison between the leaves was made also by comparing calculated WI and
SR plant indices.
5.4.1

Description of preparation phase and the experimental setup

For the experiment, nine healthy looking and approximately same size fresh
leaves were collected from the forest outside Oulanka research station. After
collection, three fresh leaves were stored in separate zipper bags to slow down
the drying process and labeled T1, T2 and T3. The six remaining leaves were
labeled P1, P2, P3, K1, K2, K3 and weighted using an analytical balance. The
masses are tabulated in Table 1. The leaves were then put inside a drying
cabinet in 50◦ C. After drying for approximately 40 minutes, three partially
dried leaves (P1, P2 and P3) were removed and weighted after which they were
stored in separate zipper bags. The remaining leaves K1, K2 and K3 were taken
out of the oven after four hours when they had dried completely. The leaves
were then weighted and stored in zipper bags.
The hyperspectral camera had been set up outside while the leaves were
drying in the drying cabinet. When all nine leaves were weighted and in the
zipper bags, they were taken to the hyperspectral camera for the imaging. The
leaves were arranged on a sheet of paper with labels to distinguish leaves from
each other in the analysis phase. 2D image of the arranged leaves is shown in
Figure 19. After imaging, the partially dried leaves were put back to the drying
cabinet to completely dry them. After drying, they were weighed and the water
content W C was calculated for each leaf using the following equation

(mLF − mLCD ) − (mLF − mLP D )
· 100%
mLF − mLCD
(mLP D − mLCD )
· 100%,
=
mLF − mLCD

W C(%) =

(25)

where mLF = mass of the fresh leaf, mLCD = mass of the completely dried leaf
and mLP D = mass of the partially dried leaf. The masses in each weighing are
listed on Table 1.
The water contents of the leaves P1, P2 and P3 were determined to be 54 %,
70 % and 35 %, respectively.
40

Leaf label
T1
T2
T3
P1
P2
P3
K1
K2
K3

mLF (g)
0, 0145
0, 0125
0, 0122
0, 0131
0, 0160
0, 0158

mLP D (g)
0, 0105
0, 0096
0, 0074
-

mLCD (g)
0, 0058
0, 0057
0, 0048
0, 0052
0, 0061
0, 0060

WC (%)
100
100
100
54
70
35
0
0
0

Table 1: Masses of fresh (mLF ), partially dried (mLP D ) and dried
leaves (mLCD ) in different phases of the drying experiment alongside
with the calculated water content expressed as percentage of a fresh
leaf water content.

Figure 19: Sample leaves in the drying experiment arranged on a
sheet of paper for imaging.
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Figure 20: A PCA with two clusters was applied to the nine leaves.
The image in the centre represents the PCA scatter plot with two
distinct clusters, shown in red. Image on the right corresponds to the
selection of the upper cluster, resulting in describing the fresh leaves
on the bottom. The image on the left is obtained when the lower
cluster is selected. The lower cluster better describes the partially
dried and dried leaves.
5.4.2

Preprocessing, analysis and interpretation

The collection of nine leaves preprocessed and analysed in the experiment is
represented in Figure 19. The first step in the preprocessing of the captured
hyperspectral image was to do a spatial crop to remove unnecessary background
to make the subsequent processing faster. After the cropping, K-clustering with
three clusters was applied for the selection of the leaves because clustering with
two clusters also included the pencil labels which weren’t needed. Clustering
allowed the whole background to be removed and as a result, an image with
only nine leaves remained.
Initial comparison between the leaves was done with the help of PCA with
two components. The amount of components was chosen to be two to see if
different PCs either pick areas from all of the leaves making no clear distinction between the leaf groups, or from separate leaf groups where some statistic
difference between the leaf groups can be detected. PCA scatter plot with the
selection of two clusters are shown in Figure 20. The selected clusters are found
in the PCA scatter plot as two red areas. By selecting the upper cluster, the
three bottom leaves or the fresh leaves where obtained as a result. The lower
cluster was linked to the completely or partially dried leaves. By running the
PCA, it was found that there is a clear statistical difference between the fresh
leaves and the stressed leaves.
A more detail inspection was done utilizing MCR/LMM included in HYPERTools by setting non-negativity requirements for both concentrations and spectra. These requirements are necessary in order to get physically meaningful
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information as negative concentrations or spectra are not found in the nature.
MCR was done using four components C1, C2, C3 and C4. The resulted spectrum and heat map of each component are represented in Figure 21. The components represent the four real spectra best describing the variance of the leaves. In
the spectra, the wavelength is plotted in the horizontal axis and the reflectance
data is given in the vertical axis. The reflectance values do not represent the real
values introduced in equation 20 as they result from more complex calculations
done in MCR. The heat maps show the incidence of the component; the more
red the colour, more of the component is found in the certain area. Blue colour
denote the absence of the component.
As seen in the MCR spectra and heat maps of the nine leaves in Figure 21,
C1 is found relatively strong in the dried leaves while C3 has attributes from
the fresh leaves. C4 seems to catch more shadows and areas from the very
edge of the leaves which is why it does not reveal much information about the
leaves themselves. Finally, some areas from the dried leaves, and especially leaf
petioles and midribs from all of the leaves contain C2, although much of this
information could also be related to shadows.
As C1 and C3 provide the largest percentage of information, a comparison
to the spectra found in literature is done. More generally, the overall shape
of the spectrum of C3 resembles a typical spectrum of vegetation. It has a
green peak around 550 nm corresponding to low absorption of chlorophyll and
a steep rise in reflectance around 700 nm called a red edge. In the NIR region,
starting from 930 nm, there is a small trough which could be an indicator of
water molecules. This supports the observation that C3 is the most dominant
in fresh leaves and found least in completely dried leaves. Reflectance spectrum
of healthy bilberry leaves has been previously studied [8]. The spectrum of C3
found using MCR has similar general shape as in the bilberry plant imaged in
the article. C1, on the other hand, does not have as clear green reflectance
peak as C3 around 550 nm. The red edge at 700 nm is not as sharp and high
as observed generally in vegetation. Water trough around 930 nm is also absent
in C1. In addition, the NIR plateau is disappearing as the spectral reflectance
is dropping close to red edge. This is typical for a drying leaf and it has been
observed in an article [48] where the reflectance spectrum of leaves has been
captured in various moments throughout the natural drying process.
Combining the information gathered from C1 and C3 and taking a closer
look at the fresh leaf number 3 (T3) shown in Figure 22, the spectral data
indicates the leaf has a few spots where some kind of anomaly is detected. In
the upper leaf a) in Figure 21, the C3 is found less in the spots, hence showing
yellow in colour. In the lower leaf b), the C1 is more prominent in the spots,
showing in teal. It seems as if the condition of the leaf is not as good in these
spots which could indicate a plant disease or stress.
A small water trough is observed in C2 at 930 nm, as seen in Figure 21. This
could result from the leaf petioles transferring water to the leaf as C2 is found
most in the petioles. However, C2 is found also in the dried leaves which should
not contain any water. It is very possible that the leaf blade dries more quickly
than the leaf petiole but the water in the petiole should manifest itself in the
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leaf mass. Therefore the spectral signature could originate from somewhere else.
The nine sample leaves were also clustered using FCM with three components. Heat maps and spectra of the clustering are shown in Figure 23. The
results show that the clustering was probably based on the darkness of areas on
the leaves instead of capturing the small spectral differences between the leaves.
This can be seen more clearly in Figure 19. Therefore FCM did not provide
much information about the differences between the leaves. The differences between the components spectra could be mainly construed on total reflectance.
For instance, areas showing in red in cluster number three in Figure 23 contain
upper parts of fresh leaves, bottom parts of partially dried leaves and an area in
K2 leaf showing lighter in colour in Figure 19. In similar manner, the darkest
areas in dried and partially dried leaves in Figure 19 were on the same cluster
number one in Figure 23. FCM showed similar results as K-means clustering.
As a conclusion of the analysis methods used in this experiment, MCR enabled the best distinction between the leaves according to their stress levels.
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Figure 21: MCR results using four components C1, C2, C3 and C4
found in a), b), c) and d), respectively. C1 and C2 cover most of
the results in percentage and they also provide the most interesting
spectra. C1 describes the dried and partially dried leaves (K and
P) the best while C3 is found in the fresh leaves (T). The typical
characteristics of vegetation are found in C3 spectrum and they are
marked and named by red arrows.
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Figure 22: MCR revealed that the fresh leaf number 3 has spots
which could be an indication on plant stress or discoloration. MCR
revealed that C1 in found less in the spots in a), and C1 is found
more in b).
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Figure 23: FCM was ran to the nine leaves using three clusters. The
cluster number one on the top catches the darkest areas from the
leaves. Cluster number three on the bottom describes the lightest
areas from each leaf. The second cluster in the middle is found in the
rest of the areas.
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5.4.3

Leaf comparison using plant stress indices

The WI and SR indices were calculated by selecting fresh, partially dried and
dried leaves separately from the hyperspectral image. The image containing the
leaves is shown in Figure 19. In addition, the indices were also calculated by
selecting the most representative and uncurled leaf from each group of leaves.
This was done to make sure that the spatial orientation of the leaf would not
alter the results significantly. This could be a problem as some of the leaves,
the leaf K2 in particular, has shriveled as a result of drying. The leaves T1,
P1 and K3 were selected for this inspection. As the partially dried leaves have
a different water content, these leaves were also selected for closer inspection
to see whether the differences in water content could be detected through the
indices.
The values for indices were calculated as the mean values of the all reflectance
values in each case (group of leaves or an individual leaf). These reflectance
values and WI and SR indices, in the comparison between leaf groups and in
the comparison between individual leaves from each group, are presented in
Table 2. The WI indices for the groups of fresh, partially dried and dried leaves
were calculated to be 0.9712, 0.9922 and 1.0019, respectively. The WI indices
for individually selected leaves T1, P1 and K3 are 0.9715, 0.9924 and 0.9996.
Even though the WI index values for both groups of leaves and individual leaves
are close to each other, they are consistent and point to the same conclusion;
The fresh leaves have the lowest WI index and dried leaves have the highest WI
index. This implies that the fresh leaves have the highest water content, which
is indeed the case. The dried leaves have the lowest amount of water, which is
also in line with the results. The individual leaves were selected to verify the
results to make sure that no geometrical effect is altering the results for groups
of leaves. The individual leaves should therefore provide similar results as the
groups of leaves, which seem to be the case.
The SR indices for the groups of fresh, partially dried and dried leaves were
8.6859, 6.2594 and 5.3422. The indices for individual leaves T1, P1 and K3 were
8.6584, 6.3184 and 5.0789. The differences between fresh, partially dried and
dried leaves provided by SR index are more easily detectable as the values differ
more from each other. The fresh leaves have the highest SR indices whereas
dried leaves have the lowest SR indices. This means that the absorption of
chlorophyll is lower in the dried leaves and that they therefore also appear less
green to eye. The individually selected leaves from each group have similar
results to what was obtained by selecting the whole group of leaves so the effect
of spatial orientation in this case is not overwhelming. However, there is slight
error in the dried leaves as a result of curling as the index values obtained from
K3 leaf differ from the K leaf average value. This can be detected especially by
comparing the SR indices.
The calculated water content, reflectance values and WI and SR indices for
each leaf in partially dried group are represented in Table 3. The lowest value
for WI index is found from the P2 leaf which suggests that it has the highest
amount of water, which is true. A highest value for SR index is found from
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the same leaf P2, meaning that the chlorophyll absorption is the highest of the
three. This is in line with the fact that the leaf P2 should be the healthiest leaf
based on the water content. The highest value for WI index belongs to the P3
leaf, which is also the same leaf with the lowest value for SR index suggesting
that the leaf is the most stressed from the three leaves. This is true, as the
amount of water is also the lowest. The indices are in line with the calculated
water content and therefore reveal the plant stress levels related to the amount
of water and the absorption of chlorophyll.
Selection
Fresh leaves
Partially
dried leaves
Dried
leaves
T1
P1
K3

R970
80.9709
77.6426

R900
83.3826
78.2493

R800
81.3726
72.1325

R680
9.3684
11.5239

WI
0.9712
0.9922

SR
8.6859
6.2594

74.5975

74.4577

67.0346

12.5482

1.0019

5.3422

82.1584
77.1288
78.1352

84.5658
77.7228
78.1685

82.7136
71.9727
70.4240

9.5530
11.3910
13.8660

0.9715
0.9924
0.9996

8.6584
6.3184
5.0789

Table 2: The plant indices WI and SR for the estimation of the water
content and the chlorophyll amount were calculated using reflectance
values of specific wavelengths. The indices were calculated for groups
of fresh, partially dried and dried leaves. Individual leaves T1, P1
and K3 were chosen for more closer inspection.

Leaf

R970

R900

R800

R680

WI

SR

P1
P2
P3

77.1288
76.8518
79.5308

77.7228
77.7094
79.8923

71.9727
71.8697
72.8494

11.3910
11.0883
12.3256

0.9924
0.9890
0.9955

6.3184
6.4816
5.9104

WC
(%)
54
70
35

Table 3: The plant indices WI and SR were calculated for each dried
leaf. A comparison to the calculated water content of the leaf is done
to see whether the plant stress levels could be detected from the index
value.
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5.5
5.5.1

Trampling experiment
Description of the experimental setup

Trampling experiment setup, shown in Figure 24, had three isolated 1 m by
1 m areas with a small amount of variation in vegetation between the squares.
Every area, named control, trampling 1 and trampling 2, indicated with panels
in Figure 24, included a representative amount of bilberry plants. No stepping
or additional manipulation was allowed in the areas as they were to remain
untouched. The areas were numbered from one to three. The area number
one represented the control grid with no manipulation while areas two and
three received trampling manipulation. The amount of trampling was based
on articles with fairly similar experimental setups ([49, 50, 51]). Area number
two, or trampling 1, was trampled evenly under foot with 10 steps per week.
Area number three, or trampling 2, received 46 steps per week. The trampling
taking place during one week was divided into two equal batches executed on
mondays and fridays. The division was made to ensure more even reversion
of the vegetation. The amounts of manipulation for trampling and watering
experiments are also represented in Table 4.
The isolated areas belonged to a location where reindeer were allowed to
roam freely. The effect of the roaming on the isolated areas was neglected as a
typical phenomenon in the boreal forest. As the imaging was done in mid-July,
the manipulation had been maintained for three weeks prior to imaging. Three
standard bilberry plants were selected from each area for the imaging. The
selected plants from each area are indicated in Figure 24 with yellow rectangles.
Experiment
Trampling
Watering

Control
-

Grid 1
10 steps/week
17, 8 l water/week

Grid 2
46 steps/week
53, 2 l water/week

Table 4: In the trampling and watering experiment setups, three
isolated areas were maintained: control grid, grid 1 and grid 2. The
control grid received no manipulation. In the trampling experiment,
grid number 1 and 2 were under the influence of trampling divided
to take place on mondays and fridays. Similarly, in the watering
experiment, grids 1 and 2 were watered using a watering can on
mondays and fridays.
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Figure 24: In trampling experiment the vegetation in each square
area was under the influence of set amount of trampling. A control
grid is found in the panel on the left, trampling grid 1 in the middle
and trampling grid 2 in the panel on the right. Imaged bilberry plants
are marked with a rectangle with an assigned number.
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5.5.2

Preprocessing, analysis and interpretation

The initial step was to crop the images to focus on the targeted bilberry plants.
Then a K-means clustering with three or four clusters was applied to remove
most of the unnecessary background. The amount of clusters was based on trial
and error as some of the images had more sticks and bark on the background.
Nevertheless, some unwanted background was left in some of the images.
A PCA with three clusters was applied on all of the bilberry plants marked
with yellow rectangles in Figure 24. The actual uncropped photographs of the
imaged bilberry plants are shown among the PCA heat map results in Figures
25-33. The PCA heat maps of all of the preprocessed images of the bilberry
plants are viewed in Figures 25-27 (control), Figures 28-30 (trampling 1) and
Figures 31-33 (trampling 2).
As an overview of all of the PCA heat maps, it seems that PCA catches the
distance from camera to the object well. In all of the images, PC1 catches the
points farthest to the camera. The objects found closer to the ground are shown
in red while the objects closest to the camera are shown in blue. In addition,
PCA catches the plant stems well. The stems are clearly visible for instance in
Figure 27 appearing as blue in PC1 and red in PC3 (S1).
As can be seen from Figures 25-33, PCA is not well suited in detecting small
variations in plant stress levels. Some anomalies also visible to eye can be seen
for instance in Figure 31 in PC3 as yellow dots in the leaves (S2 and S3). Based
on the actual images, it can be said that these dots result from discoloration of
the leaves. The discoloration can be detected as red dots on the actual images
of the bilberry leaves, and it is observable in the control plants in Figures 25
and 27. Even if the discoloration is detected in the PCA heat maps, it is more
easily seen from the actual images.
As the K-means clustering was not able to remove all of the unnecessary
background, it can be seen from the heat maps that the PCA is not suited
in distinguishing bilberries from other plants. Only educated guesses of the
plants can be made based on the distance to the camera or the height of the
plant. Heat maps show that the separation between some other plants like
cowberry, crowberry or tall grown moss is not unambiguous as can be seen in
Figure 27, where crowberry is detected in the bottom left corner on each PC
(S4). Although, the geometric shape of the crowberry is easily detectable from
the same image. The same can be said on all of the images, as the objects
with distinct form, like stems, are easily detected also based on their geometric
shape. However, this results more from the K-means clustering than PCA.
Some evidently dissimilar objects, like completely dried, lifeless targets, are still
separated into different PCs very clearly. As an example, a dried pine needle in
Figure 25 is captured by PC2 (S5) and a dead branch in top left corner in PC3
in Figure 29 (S6).
In order to compare images from trampling control, trampling 1 and trampling 2 grids, an image from each grid is merged into the same image, or 3D
matrix, by placing the images next to each other. After this, a PCA can be
applied to the combined image. This procedure has been made in Figure 34
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with three PCs, where the imaged areas number three from the control, trampling 1 and trampling 2 grids were selected. The PCA heat maps were divided
into three panels and labeled with numbers from one to three indicating the
area type (control, trampling 1 and trampling 2). PCA heat maps show that
the PCs in each type are very similar. The PC1 captures the distance from the
camera to the object which seem to correlate with the brightness of the area, or
vice versa. PC1 does not help in revealing the differences between the imaged
areas, if there is any. The actual images of the plants are shown in Figures
27, 30 and 33, where we can see that there are red dots in some of the leaves,
especially in the control image. This discolouration of the leaves can be seen in
PC2, where the red dots show as red regions in the leaves. The discolouration
is found most in the control image in PC2, however, it is more easily seen from
the actual images. PC3 mainly finds the areas which differ from the twigs the
most. These kind of areas include completely dead plants, therefore not helping
in distinguishing the small differences between the plant types.
As the PCA does not provide the actual concentrations and spectra, the
MCR would most likely be a better method in distinguishing stressed areas
from each bilberry. In this thesis, MCR was not applied as it required too much
computational power. Even for the smallest images, the computation would
have been too time consuming. PCA provided the means for detecting evident
deflects, like lifeless objects. It also separated the plant stems clearly from
the leaf structures. Different plants, like crowberries, could be spotted from
the images based on their geometric shape. However, PCA is not sufficient in
estimating the level of stress in plants, unless the plants are completely dried.
In the trampling experiment, the differences in stress levels between control,
trampling 1 and trampling 2 grids are impossible to detect.
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Figure 25: An actual image from the trampling control area 1 is
shown on the top left corner. PCA heat map results with PC1, PC2
and PC3 from the same area are shown in the top right, bottom left
and bottom right corners, respectively.
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Figure 26: An actual image from the trampling control area 2 is
shown on the top left corner. PCA heat map results with PC1, PC2
and PC3 from the same area are shown in the top right, bottom left
and bottom right corners, respectively.
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Figure 27: An actual image from the trampling control area 3 is
shown on the top left corner. PCA heat map results with PC1, PC2
and PC3 from the same area are shown in the top right, bottom left
and bottom right corners, respectively.
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Figure 28: An actual image from the trampling 1 area 1 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 29: An actual image from the trampling 1 area 2 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 30: An actual image from the trampling 1 area 3 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 31: An actual image from the trampling 2 area 1 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 32: An actual image from the trampling 2 area 2 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 33: An actual image from the trampling 2 area 3 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 34: An imaged plant from each 1 m by 1 m area from the
trampling experiment was selected in order to study whether PCA
is capable of finding differences between control, trampling 1 and
trampling 2 images. Area 3 from each grid was selected for this
inspection. Each PCA heat map image is divided into three panels
representing the three imaged areas from each grid indicated with
numbers from one to three.
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5.5.3

Analysis and interpretation of an unclustered image of the
forest floor

An unclustered hyperspectral image from the trampling experiment was chosen
for a closer inspection to test how well PCA can distinguish different plants and
objects from each other. Area 1 from trampling 2 was chosen for this purpose.
The decision was based on the variety of objects in the image: From the actual
image in Figure 31 can be seen that the area contains dried bilberry stems and
leaves, bilberry and cowberry twigs, a pine cone, pine needles, pine bark, sticks
and moss.
The PCA was run using four components since it was found that a higher
number of components did not add more meaningful information or ROIs. The
heat maps of the four components are shown in Figure 35.
As an overview, PC1 has captured the background or the forest floor from
the image, showing in red. A clear distinction between twigs and the ground
containing moss can be detected. PC2 contains all of the bilberry and cowberry
twigs with their leaves and stems, also showing in red. Dried stems or sticks are
showing as blue in PC2. The pine cone is showing blue as well in PC2, although
the distinction is difficult without the actual photograph shown in Figure 31.
In PC3, the pine cone shows as red. A small red region is captured by PC3 in
the bottom left corner of the image. It is impossible to say what this object is
from the actual photograph. As it is captured by the same PC as the pine cone,
it is probably bark or some other more dried object. What can be seen from
the PC4 that it does not capture heavily browned leaves as they are showing in
blue.
PCA applied on the forest floor without exploiting clustering methods differentiates the forest floor from the twigs and undergrowth well. Some dried
sticks or stems or even pine cones or other ROIs can be detected but it requires
a keen eye. Without clustering, PCA could be applied in forest in evaluating
the amount of twigs in the forest floor.
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Figure 35: PCA with four components applied on unclustered image
of the trampling experiment 2 area 1. Different PCs (PC1, PC2, PC3
and PC4) are marked in alphabetical order.
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5.6
5.6.1

Watering experiment
Description of the experimental setup

Watering experiment setup, shown in Figure 36, was very closely related to
trampling experiment setup with three isolated 1 m by 1 m areas with similar
kind of bilberry dominant vegetation. In the watering experiment, the chosen
areas had to be as evenly flat as possible to avoid water flow. Additionally, the
areas were to remain undisturbed. In Figure 36, the area number one represented a control grid while areas two, or watering 1, and three, or watering 2,
received watering manipulation. The amount of water added in the manipulation was based on the seasonal mean amount of rain received during a week.
The season in question included rain during June, July and August. Manipulation compiled statistics from Kiutaköngäs station of Finnish meteorological
institute over a time period of twenty years (2000-2020). In the watering 1 the
amount of seasonal rain was doubled which translates to 17, 8 l of water per
week. The watering 2 received four times the seasonal amount of rain or 53, 2 l
per week. Watering was divided into equal batches to take place on mondays
and fridays using an ordinary watering can. The setup is also represented in
Table 4. The imaging was performed in mid-July when the experimental setup
had been maintained for three weeks.
As in the trampling experiment, three bilberry plants were selected from
each area for the imaging. The selected plants from each area are shown in
Figure 36 as yellow rectangles. The 1 m by 1 m areas for trampling and watering
experiments were marked out using plastic tubes which can be also seen from
Figure 36.
As the bilberries in the watering experiment were imposed to drought, the results from the drying experiment could be utilised in the analysis. In the drying
experiment, the spectral signature of a healthy bilberry leaf and a dried bilberry
leaf was discovered. In similar kind of studies as in this watering experiment,
the spectral information on bilberry leaves could prove to be valuable.
5.6.2

Preprocessing, analysis and interpretation

As the images taken in watering experiment were very similar to the images
in trampling experiment, the preprocessing was identical. Images were first
cropped and then K-clustering with three to four clusters was applied to remove most of the background. Then PCA was run to all of the nine bilberry
plants pointed out with yellow rectangles in Figure 36. The actual uncropped
photographs of the imaged bilberry plants are shown among the PCA heat map
results in Figures 37-45. The PCA heat maps of all of the preprocessed images of the bilberry plants are viewed in Figures 37-39 (control), Figures 40-42
(watering 1) and Figures 43-45 (watering 2).
Overall, the PCA results are similar to what was found in trampling experiment. The PCA works well in detecting the distance from the object to the
camera. This could be seen best from PC1 in all of the images where objects
farther away from the camera are shown in red and objects closer to the camera
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Figure 36: Watering experiment was carried out by isolating three
1m x 1m areas with similar vegetation. A control grid is found in
the uppermost image, watering grid 1 in the middle and watering
grid 2 in the bottom. Imaged bilberry plants are marked with yellow
rectangles with assigned numbers.67

are shown in blue. PC2 catches mostly the areas darker in colour. This property
could be applied when searching for yellowing leaves or plants or other kind of
discoloration as they show in blue. This can be detected in all of the images in
leaves which are slightly lighter in colour than the others. As an example of a
yellowing twig captured well is found in Figure 37 in PC2 where the yellowed
twig is showing blue in the heat map (R1). Similar kind of trend can be seen
in Figure 44 in PC2 (R2 and R3). If PCA was used in detecting yellowing,
the light coming from the source should be well diffused to avoid lighter areas
resulting from unevenly distributed light.
PCA separates severely dried or lifeless objects well. In this PCA run, they
appear clearly in PC3. This can be detected in Figure 39 (R4) and Figure 42
(R5) where a pine barks are showing in blue. Similarly, a dried cowberry is
detected in Figure 40 as blue spots (R6).
A comparison between the control, watering 1 and watering 2 grids is done
in the same manner as in the trampling experiment. The images from the areas
number one are placed next to each other, after which a PCA with three clusters
was applied. The PCA heat maps containing images from control, watering 1
and watering 2 grids, divided into panels and labeled from one to three, are
shown in Figure 46. The Figure shows that the PC1 does not reveal much
information about the small differences between different grids as the results
are very similar in each image. PC2 shows the twig colour clearly. A more
yellow plant shows as more blue in the PC2 heat map. PC3 points out the
anomalies in the images. Anomalies contain mostly the dead vegetation, and
they show as more red in the PC3 heat map.
Generally, the results from the PCA heat maps of the watering experiment
are similar to the results in the trampling experiment. PCA heat maps of the
watering experiment show that the areas lighter in colour, as a result of yellowing
of the leaves, can be detected as blue in PC2. In addition, it can be seen that Kmeans clustering works well in detecting plant stems and distinctive geometric
forms, like a brush-shaped crowberry plant. These can be detected clearly, for
example, in Figure 40 where crowberry is found in the top right (R7). PCA
does not work in detecting small differences in vegetation, as shown in Figure 46
where a plant from control, watering 1 and watering 2 grids are selected. MCR
could be the right tool for detecting smaller differences in plant stress levels.
However, it requires a lot of computational power. Also more clustering could
be necessary to remove everything else except bilberry twigs from the image.
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Figure 37: An actual image from the watering control area 1 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 38: An actual image from the watering control area 2 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 39: An actual image from the watering control area 3 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 40: An actual image from the watering 1 area 1 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 41: An actual image from the watering 1 area 2 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 42: An actual image from the watering 1 area 3 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 43: An actual image from the watering 2 area 1 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 44: An actual image from the watering 2 area 2 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 45: An actual image from the watering 2 area 3 is shown
on the top left corner. PCA heat map results with PC1, PC2 and
PC3 from the same area are shown in the top right, bottom left and
bottom right corners, respectively.
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Figure 46: An imaged plant from each 1 m by 1 m area was selected
from the watering experiment in order to study whether PCA is capable of finding differences between control, watering 1 and watering
2 images. Area 1 from each grid was selected for this inspection.
Each PCA heat map image is divided into three panels representing
the three imaged areas from each grid indicated with numbers from
one to three.
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6

Conclusions

Hyperspectral imaging can be conducted in a forest environment when certain
limitations are taken into account. When there is enough diffused light, and no
rain or wind disturbing the imaging, the data acquisition can be done effortlessly
if a suitable stage is set for the camera. However, some kind of power source
for the camera and its by-products need to be brought to the cite, which might
become an issue.
Based on the three experimental setups, K-means clustering proved to be an
efficient and simple tool in separating background from the ROIs. In the drying
experiment setup, one K-means clustering run with three clusters enabled the
selection of all of the nine leaves with excellent background removal. In a more
complex environment, another K-means run might be necessary to separate the
background entirely. As an example of a more versatile environment in this
study is a forest floor with diverse vegetation. This kind of environment was
studied in the trampling and watering experiment setups. Another clustering
method, FCM, provided similar results as K-means clustering. When FCM was
applied to the nine sample leaves in drying experiment setup after preprosessing,
the clustering appeared to be based on the darkness of the areas found in the
leaves.
In the drying experiment setup, the leaves were examined using PCA and
MCR/LMM. The nine sample leaves were divided into three groups; fresh, partially dried and completely dried leaves. Each group included three leaves. A
PCA with two clusters was applied first in order to see if a distinction between
the different leaf groups could be made. As a result, fresh leaves formed a cluster
in the PCA scatter plot while the dried and partially dried leaves belonged to
the other cluster. This states that there is a statistical difference between the
fresh and the stressed leaves.
A more detail inspection was made using MRC/LMM with four components
C1, C2, C3 and C4 which provided the real spectra of the components. The
resulting MCR/LMM heat maps and spectra of the components are shown in
Figure 21. The MCR/LMM revealed that C3 characterized the fresh leaves the
best while C1 was found relatively strong in the dried leaves. As most of the
data was explained by C1 and C3, they are the most important constituents of
the leaves. C3 spectrum contained all characteristics related to a healthy plant;
a green peak around 550 nm, a steep red edge on the border between visible and
NIR region, a NIR plateau and a water absorption trough around 930 nm. As
the C3 was found most in the fresh leaves, less in the partially dried leaves and
nearly absent in the completely dried leaves, abundance of C3 correlates with
the health of the leaf. Contrary to C3, C1 is found most in the completely dried
leaves and least in the fresh leaves. The spectrum of the C1 did not include
the characteristics of a healthy leaf; it does not contain water absorption trough
at 930 nm and the green reflectance peak around 550 nm is not as high. In
addition, there is no NIR plateau or a distinctive red edge. The reflectance
values increase gradually on the border between visible and NIR region instead
of creating a steep edge. This kind of spectrum is typical for stressed vegetation.
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Additionally, dots described to some extent by C1 are found on one of the fresh
leaves. This could be an early indication on plant stress or a plant disease in the
fresh leaf number three. C4 explained only approximately 1% of the data and it
included shaded areas of the leaves and the leaf edges, which is why it did not
provide meaningful information. C2 withheld information especially on the leaf
petioles, midribs and the leaf edges. C2 appeared to have a water absorption
trough at 930 nm, which could be explained by the petioles and midribs that
transport the water to the whole leaf. However, completely dried leaves should
not contain any water and yet C2 is found in completely dried leaves as well.
Therefore either the leaves still contain small amounts of water after drying
that is not enough to translate to the leaf mass in the weighing, or the spectral
signature at 930 nm originates from somewhere else.
Although MCR/LMM provided explanatory results in the drying experiment, the computation was slow and required a lot of memory from the hardware. Therefore MCR/LMM was not utilized for the hyperspectral images in
the field studies as the images were much larger and the clustering removed less
background. The field studies included a total of eighteen images, so the analysis would have been too time consuming. Additionally, the comparison between
plants receiving different amount of manipulation would have required the images to be extended to the same matrix which would have made the amount
of computable data even greater. For smaller image matrices, MCR/LMM is
a good tool in separating healthy vegetation from the stressed ones. One good
way in avoiding some of the memory issues would have been the use of spectral
binning. In spectral binning, spectral information of two or more neighbouring
voxels is combined as one by averaging or summing their values. This would
save memory when the collected data is saved as the dimensions of the image
would become smaller.
The nine leaves in the drying experiment were also studied using two plant
indices; WI index and SR index. The indices provided a clear trend on the
plant stress levels. The leaves with lower value in WI index were more healthy
in terms of water content. The water content in leaves with lower WI index
was calculated to be higher; Fresh leaves had the lowest values in WI indices
while completely dried leaves had the highest values for WI index. The leaves
with lower SR index were found to be more stressed based on their chlorophyll
absorption. The fresh leaves had the highest SR indices and completely dried
leaves, the lowers SR indices.
Even though the results from the indices were in line with the results, the
individual index values between fresh, partially dried and dried leaves were very
close to each other. This could result from the use of a white reference piece,
as some of the leaves were relatively dark. A slightly better deviation of values
could have been acquired if a grey reference piece was used. This way, the
dynamic range of the camera would be greater for the darker environments. If
the problem with the values being close to one another was resolved, the indices
could also be used in the environment where the differences in the stress levels
between the leaves is narrower. The indices provided so conclusive results that
the use of indices would propose a prominent means for analysing the plant
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stress in the future studies, especially when applied to field experiments. For
the studies conducted in a forest, a gray reference piece is recommended as the
environment is much darker than in the drying experiment.
The hyperspectral images in the trampling and watering experiment setups
were only analysed using PCA. PCA was not able to make a distinction between
healthy leaves and slightly stressed leaves. The comparison between the control
grids and the grid receiving manipulation was therefore not possible. However,
PCA was able to point out severely damaged or completely lifeless objects,
like dead plants and bark. Brightness of the areas were captured by PCA,
and as a result, also the depth of the area could be appraised. Additionally,
discoloration could be detected in PCA; in the field studies, yellowing leaves
were shown in different colour in the heat maps than the green leaves. As the
brightness was detected by PCA, the distinction between forest floor and the
forest undergrowth could be made easily. When PCA was combined with the
K-means clustering, distinct geometrical shapes could be observed. These kind
of geometrical shapes could include brush shaped plants like crowberry twigs.
In order to study the plant stress levels in the field, some other method
instead of PCA for dividing the plants based on their spectral attributes is
advised to be used. The use of plant indices could be one solution in the future,
however it requires detailed preprocessing or the selection of ROIs. For largescale or complex hyperspectral images, the computation time and memory issues
are a limiting factor when deciding which algorithm could be used in analysis.
Small-scale, simple images do not raise the same issue and the algorithm can be
chosen more freely. In this thesis, the image acquired for the drying experiment
was a lot easier and faster to analyse than the images taken from the field studies.
A comprehensive random sample approach could be one way to continue the
analysis of images taken from this kind of field studies in the future. This way,
computation would not hopefully inhibit the fluency of the analysis.
In addition to exploiting the vegetation indices in the analysis in the field
studies, a potentially good way of continuing the processing would be utilising
a supervised method for the classification of spectra. Regions from different
type of leaves could be selected as a training material and then a classification
could be performed. A smaller size hyperspectral image could be used to test if
supervised classification works in these type of field study applications.
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