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Abstract
Since the 1950s, continuous technological advances have gradually improved our
ability to map the seafloor and its associated benthic habitats. Historically,
seafloor mapping has largely been carried out acoustically, using techniques such
as echo sounding and sonar imaging. These techniques are able to cover large
areas, and can provide valuable information related to bathymetry, sedimentology
and the distribution of large biogenic structures. To provide insight into finerscale benthic properties (e.g., species distribution and community composition),
other techniques must, however, be employed in addition. Traditionally, physical
sampling (e.g., trawling, dredging and grab sampling) has widely been employed
for these purposes, but in recent times, optical remote sensing has emerged as a
viable non-intrusive alternative. Examples of optical remote sensing techniques
that can be applied in relation to seafloor mapping include video recording, digital
photography, and most recently, underwater hyperspectral imaging (UHI). The
goal of this thesis is to evaluate the potential of the latter as a mapping tool for
benthic habitats.
As opposed to conventional digital cameras, which render colors using a
red (R), a green (G) and a blue (B) waveband within the visible light spectrum,
hyperspectral imagers quantify colors as contiguous spectra. This provides a
substantially improved foundation for color-based identification and mapping of
biogeochemical seafloor targets. In the presented work, it is demonstrated that a
considerable biological color diversity can be found among benthic organisms. It
is also shown that this diversity not necessarily is well represented in RGB
imagery, and that particularly suitable targets for UHI surveys include a variety
of echinoderms, arthropods, cnidarians, mollusks and sponges, as well as brown,
green and red macroalgae.
Through a series of examples and papers, it is further demonstrated that
underwater hyperspectral imagers can be deployed on a range of sensor-carrying
platforms, all of which have associated benefits and limitations. Moreover, the
thesis covers several relevant data processing steps related to optical correction,
georeferencing and classification of underwater hyperspectral imagery. Although
the focus of the thesis is on marine biological applications, the presented work
also features case studies of archaeological wreck sites. These examples illustrate
that UHI may be used interdisciplinarily, with actors from multiple scientific
fields involved. Ultimately, the potential role of UHI in future marine research is
discussed in context with other currently employed seafloor mapping techniques.
Overall, the presented findings suggest that UHI may serve as Dpowerful tool for
detailed studies of areas 1,000 m2, but that more user-friendly software solutions
for hyperspectral data processing likely must be developed if the technique is to
be adopted by end users without an extensive technological background.
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Chapter 1
Introduction
1.1 Motivation and Background
Obscured by the surface of the world’s oceans, the seafloor and its associated
fauna has likely intrigued humankind for millennia. However, it was not until the
20th century we managed to develop efficient tools for inspecting, visualizing
and mapping it extensively. To put things into a temporal perspective, Marie
Tharp and Bruce C. Heezen’s physiographic map of the North Atlantic from 1957
(Elmendorf & Heezen 1957, Heezen et al. 1959) is considered one of the first
major achievements in seafloor mapping. This map was generated based on naval
echo sounding data, and following its publication, exploration of the seafloor
escalated rapidly.
In the late 1970s, the “ecosystem approach” to management started to
gain ground as a biological conservation policy (Slocombe 1998). Whereas
traditional management strategies typically had focused on single-species
protection, ecosystem-based management aimed to conserve ecosystems as
whole entities. Within the field of seafloor exploration, this eventually led to
benthic habitat mapping becoming an important focus area (Ruckelshaus 2008).
A benthic habitat can be defined as a distinct and delimited seafloor area/type that
takes into consideration both abiotic features (e.g., bathymetry and substrate type)
and the associated biological assemblage (e.g., infauna and epifauna; Shumchenia
& King 2010). Examples of benthic habitats range from shallow-water seagrass
meadows to deep-water coral reefs (Galparsoro et al. 2012), and as the 21st
century’s anthropogenic pressure on the marine environment continues to
increase (Halpern et al. 2008, Halpern et al. 2015), proper management of the
world’s seafloor diversity has arguably never been more important.
So which tools and techniques do we use to investigate and depict benthic
habitats today? The answer to this question depends on the specific research topic,
and its spatial resolution requirements. At a kilometer-scale, satellite altimetry
and gravity modelling has been used to create bathymetric maps spanning the
entire ocean floor (Smith & Sandwell 1997, Sandwell et al. 2014). However, these
maps are strictly related to terrain, and their coarse resolution make them
inadequate for assessing most biogeochemical seafloor processes. For detailed
seafloor studies related to habitats and biology, there arguably exist two main
approaches: acoustic remote sensing and optical remote sensing.
Because water transmits sound waves extremely well due to its nearincompressible nature, the acoustic mapping approach has, historically, been
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utilized the most (Brown et al. 2011). All acoustic remote sensing techniques
essentially rely on the same principle: (1) sound pulses (“pings”) are emitted by
the acoustic sensor at regular intervals; (2) the sound pulses hit and are reflected
off a given surface (e.g., the seafloor); and (3) the reflected sound (echo) is
recorded by the acoustic sensor. Since the recorded data are based on self-emitted
signals, we refer to this kind of acoustic mapping as being an “active” form of
remote sensing. In terms of applications, an echo’s return time (as measured by,
e.g., single- and multibeam echo sounding; SBES, MBES) can be used to estimate
depth, whereas its return strength (as measured by, e.g., side-scan sonars; SSS)
potentially can provide insight into the material properties of the reflecting
surface (bedrock for instance produces stronger echoes than sediment). Acoustic
surveys are thus capable of producing valuable information on both bathymetry
and the distribution of different sediments/substrates.
The spatial resolution of a map generated by means of acoustic remote
sensing depends on the specifications of the utilized sensor. For instance, whereas
the spatial resolution of SBES data typically is in the order of 10-100 m (Boyd et
al. 2006), MBES data may be able to resolve features <10 cm (Sørensen et al.
2020). In addition, and perhaps more importantly, the obtained spatial resolution
ultimately depends on the mode of sensor deployment. Most acoustic sensors
work by emitting sound pulses in the form of conical beams or fans, which means
that spatial resolution increases as the distance to the target area decreases.
Consequently, sensor deployments on underwater robots, such as autonomous
underwater vehicles (AUVs) and remotely operated vehicles (ROVs), typically
yield more detailed information than surface-based deployments on, e.g., ships.
It should be noted that higher spatial resolution comes at the expense of spatial
coverage, which is a tradeoff that needs to be considered for any mapping survey.
Having gone through the basics of acoustic remote sensing, its value as an
approach to investigating the seafloor should be apparent. With respect to habitat
mapping, it does, however, have its limitations. For instance, except for large
biogenic structures (e.g., coral reefs), most biological seafloor features cannot be
identified using acoustics alone (Brown et al. 2011). Obtaining a holistic
overview of a benthic habitat requires some means of biological “ground
truthing”, meaning a visible, morphological or biogeochemical verification of
what is present. This is where the other major approach to seafloor mapping –
optical remote sensing – may be employed.
As opposed to acoustic remote sensors, which measure sound, optical
remote sensors measure electromagnetic radiation. For terrestrial remote sensing
purposes, the applicable electromagnetic wavelength range spans all the way
from high-energy ultraviolet (UV) radiation to low-energy near-infrared (NIR)
and infrared (IR) radiation. In contrast, the interval of useful wavelengths for
marine applications is essentially confined to the visible light range (400-700 nm,
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see Fig. 1). The reason for this discrepancy is that water attenuates or blocks
wavelengths outside the visible light range almost instantaneously. Wavelengths
within the visible light range are also attenuated much more rapidly in water than
in air, which, for optical remote sensing surveys of marine environments,
introduces certain operational requirements and constraints.

Fig. 1. Different spectral regions applicable to remote sensing. UV = ultraviolet; VIS = visible light;
NIR = near-infrared; IR = infrared.

Since their early beginnings as military reconnaissance tools, aerial and
satellite-based imaging have grown to become indispensable large-area (>1 km)
mapping techniques (Madry 2013). Both techniques utilize platforms that may be
equipped with an array of different optical sensors, including digital cameras,
multispectral imagers and hyperspectral imagers (described in Chapter 2.1). In
terms of benthic habitat mapping, air- and spaceborne optical sensors have widely
been used to assess, e.g., tropical coral reefs (Kutser et al. 2006, Roelfsema et al.
2013, Hedley et al. 2016, Garcia et al. 2018) and seagrass meadows (Dekker et
al. 2005, Phinn et al. 2008, Kovacs et al. 2018). For most seafloor purposes, “the
view from above” is, however, severely limited by two major factors. Firstly, airand spaceborne optical imagers are “passive” sensors relying on ambient sunlight,
and, secondly, water attenuates light exponentially as a function of distance. What
this ultimately implies is that even in clear, equatorial waters – where the
downwelling solar irradiance (W m-2 ) is at its most intense – neither aerial nor
satellite-based imaging will be able to accurately characterize benthic habitats
situated at depths greater than ~20 m (Armstrong 2016). Furthermore, depending
on the topic under investigation, both aerial and satellite imagery may be
insufficient with respect to spatial resolution. Even with the rapid optical sensor
development we have witnessed over the past few decades, both air- and
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spaceborne imagers are currently limited to resolving dm-m-scale objects at best
(Hedley et al. 2016, Purkis 2018). This resolution may be adequate for
generalized surveys of homogeneous seafloor areas, but for detailed surveys of
heterogeneous benthic habitats (e.g., coral reefs), mm-cm-scale resolution could
be required (Purkis 2018). What, then, are the ground truthing options for
spatially complex benthic habitats that additionally may be situated in optically
deep waters?
For any optical seafloor survey where the goal is to acquire highresolution imagery, a vital prerequisite is that the sensor needs to be brought
sufficiently close to the area of interest. In shallow environments, such as tropical
coral reefs, this requirement is rarely a factor that limits operational success. Here,
the distance to the seafloor is typically short enough to permit satisfactory data
acquisition from both surface-based vessels (e.g., unmanned surface vehicles;
USVs) and scuba-operated rigs (Chennu et al. 2017, Edwards et al. 2017, Kutser
et al. 2020). In deeper waters, the issue of distance can be resolved by deploying
camera-equipped AUVs or ROVs in the survey area of interest. The former mode
of operation typically permits greater areal coverage at the expense of spatial
resolution, whereas the opposite applies to the latter.
Besides from seafloor altitude, there is an additional factor that needs to
be considered during optical surveys in deep, dark and/or turbid environments:
illumination. As the illumination provided by the sun becomes negligible et
depths >20 m regardless of the survey location, artificial lighting can be
considered essential for most optical seafloor investigations. When artificial
lights are included in the survey setup, optical imaging is converted from a
passive to an active remote sensing technique that is independent of the ambient
light field. This increases operational flexibility and permits imaging in virtually
any marine setting. Nevertheless, the quality of the acquired imagery will still
strongly depend on the intensity and spectral composition of the utilized light
source, and the optical constituents of the water column. These factors are closely
interwoven, and they all relate to the exponential attenuation of light in water,
which can be approximated as follows.
ݖ(ܧ, ߣ) = (ܧ0, ߣ)݁ ି(ఒ)௭

(1)

In Eq. 1, (ܧ0, ߣ) represents the spectral irradiance intensity of the light source at
depth or distance 0, ݖ(ܧ, ߣ) represents the spectral irradiance intensity at depth or
distance  ݖand ݇(ߣ) represents the water’s spectral diffuse attenuation coefficient.
The denotation “ߣ”, or “spectral”, is used because attenuation of light in water is
wavelength-specific. ݇(ߣ) is determined by the optical properties of seawater
itself, and the in situ concentrations of light-absorbing and light-scattering
components, such as phytoplankton, colored dissolved organic matter (CDOM)
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and total suspended matter (TSM; Preisendorfer 1976, Johnsen et al. 2007). These
properties are collectively referred to as inherent optical properties (IOPs), and
for a collimated light beam, attenuation (ܿ(ߣ)) is the sum of absorption (ܽ(ߣ))
and scattering (ܾ(ߣ)) by the medium per unit path length (Eq. 2).
ܿ(ߣ) = ܽ(ߣ) + ܾ(ߣ)

(2)

The various IOPs contribute differently to the total spectral attenuation
of light in water: pure seawater primarily absorbs light and attenuates longer
wavelengths (red light) much more rapidly than shorter wavelengths (blue light);
phytoplankton strongly absorb both red and blue light and may also contribute
with some scattering; CDOM strongly absorbs blue light; TSM scatters light
across the entire visible light spectrum. In the open ocean, seawater itself is
usually the main contributor to light attenuation. Consequently, blue wavelengths
travel the farthest in these waters. In coastal regions, this is not always the case.
Here, terrestrial runoff (CDOM and TSM) and localized phytoplankton blooms
may contribute significantly to the IOP composition, which complicates the
situation. For optical seafloor mapping, IOPs are important because they
implicitly determine the constraints of the available light source in terms of both
range and color rendering ability. Ultimately, this also determines the maximum
seafloor altitude at which a given survey can be carried out, which illustrates the
interdependence of the different elements.
Currently, video recording and digital photography are arguably the most
common optical remote sensing techniques used for the purpose of underwater
seafloor mapping. Both techniques produce imagery where each image pixel
holds a red, a green and a blue (RGB) intensity value. When combined, these
wavebands, or color band channels, are analogous to the color sensitivity of the
human eye. ROV-based video surveys can be useful for qualitative assessments
of uncharted areas of interest and routine inspections of areas that require
extensive monitoring (e.g., aquaculture sites; Sutherland et al. 2019). They can
also be used for ground truthing of potential targets of interest identified in
acoustic imagery (e.g., shipwrecks; Ødegård et al. 2016). Digital photography can
be applied in a variety of settings and is commonly used for both qualitative and
quantitative analyses. Photography time-series can for instance be used to
monitor benthic communities in smaller areas over time (Beuchel & Gulliksen
2008, Trygonis & Sini 2012). Optical surveys of larger areas can be carried out
by deploying AUVs equipped with downward-facing digital cameras. During
these surveys, the AUV typically follows a planned path, while the camera
captures overlapping images at a fixed frequency (Armstrong 2016). Ultimately,
a full optical map of the surveyed area can be generated by mosaicking together
the resulting set of images. Another use of overlapping imagery is
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photogrammetry: when the same features are present in multiple images, point
triangulation can be used to create three-dimensional (3D) models of the target(s)
of interest. Photogrammetry is a valuable tool for characterizing spatially
complex targets (e.g., corals and wreck sites; Nornes 2018), and suitable data for
such analyses can for instance be acquired by performing ROV-based camera
surveys.
So far, existing optical remote sensing techniques have been able to fulfil
a range of ground truthing demands related to spatial resolution, temporal
resolution and spatial dimensionality. There is, however, one aspect of optics that
has remained largely unexplored in relation to seafloor mapping by means of
underwater sensor-carrying robots: the spectral domain. As previously stated,
regular digital cameras specify colors in the form of RGB values. Since visible
light is a continuous spectrum spanning from 400-700 nm and the RGB output
only corresponds to three sample points, this can be considered an under-sampled
color approximation. To improve the spectral sample size, hyperspectral imaging,
or imaging spectroscopy, can be employed. Hyperspectral imaging is an optical
remote sensing technique that captures imagery where each spatial pixel holds a
contiguous light spectrum instead of a simple RGB value. Over the past four
decades, air- and spaceborne hyperspectral imagers have been used to map a
range of features and phenomena characterized by distinct optical signatures. This
includes land surface mineral occurrences, terrestrial vegetation cover, shallowwater habitats and phytoplankton dynamics (Goetz 2009, Ryan et al. 2014,
Hedley et al. 2016, Kutser et al. 2020). However, it is only recently that this
technology has been brought below the sea surface, and in this thesis, the
application of underwater hyperspectral imaging (UHI) for seafloor mapping
purposes will be further investigated.

1.2 Research Questions and Methodology
The main aim of this thesis is to evaluate the potential of UHI as a mapping tool
for marine benthic environments. The emphasis of the presented work is on
marine biological applications, but most aspects of the methodology are
transferrable to other fields (e.g., marine archaeology and geology). In the thesis,
results of UHI surveys carried out in a selection of benthic environments, using
different sensor-carrying platforms, are reported. Furthermore, optical signatures
of various objects of interest (OOIs) are investigated to provide an enhanced
understanding of the biological color diversity found in Norwegian waters.
Ultimately, processing and classification of underwater hyperspectral imagery is
considered, and the potential role of UHI in future marine research and
management is discussed in context with the already existing framework of
applied seafloor mapping techniques. Within the generalized main aim of the
thesis, the following questions are addressed.
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x
x
x
x
x

What are the advantages of using UHI for benthic habitat mapping?
Which OOIs are suitable UHI targets?
What are the benefits and limitations of using different platforms for
deployment of underwater hyperspectral imagers?
Which bottlenecks are currently the most problematic in terms of UHI
data processing?
Where does UHI “fit in” (i.e., what is the potential role of UHI) among
the other seafloor mapping techniques currently used in marine research
and management?

1.3 List of Publications
Journal papers:
A. Mogstad AA, Johnsen G (2017) Spectral characteristics of coralline
algae: a multi-instrumental approach, with emphasis on underwater
hyperspectral imaging. Appl Opt 56:9957-9975
B. Ødegård Ø, Mogstad AA, Johnsen G, Sørensen AJ, Ludvigsen M (2018)
Underwater hyperspectral imaging: a new tool for marine archaeology.
Appl Opt 57:3214-3223
C. Mogstad AA, Johnsen G, Ludvigsen M (2019) Shallow-water habitat
mapping using underwater hyperspectral imaging from an unmanned
surface vehicle: a pilot study. Remote Sens 11:685
D. Mogstad AA, Ødegård Ø, Nornes SM, Ludvigsen M, Johnsen G,
Sørensen AJ, Berge J (2020) Mapping the historical shipwreck Figaro in
the high Arctic using underwater sensor-carrying robots. Remote Sens
12:997
E. Mogstad AA, Løvås HS, Sture Ø, Johnsen G, Ludvigsen M (in
preparation) Remote sensing of the Tautra Ridge: an overview of the
world’s shallowest cold-water coral reefs. Mar Ecol Prog Ser
Book chapters:
F. Johnsen G, Mogstad AA, Berge J, Cohen JH (2020) Operative habitat
mapping and monitoring in the polar night. In: Berge J, Johnsen G, Cohen
JH (eds) POLAR NIGHT marine ecology. Springer, Cham, p 277-305
The following manuscript is not included in the thesis:
Løvås HS, Mogstad AA, Sørensen AJ, Johnsen G (in review) A
methodology for 3D georegistration in underwater hyperspectral
imaging. IEE J Oceanic Eng
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1.4 Broader Dissemination
Presentations:
Tekna Seabed Mapping and Inspection 2020. Geilo, Norway.
05.03.2020. Invited lecturer: “Underwater hyperspectral imaging: an
emerging seafloor mapping tool.”
Media:
Mangfoldige Trondheimsfjorden. NRK 1 Norge nå [TV]. 04.02.2019.
https://tv.nrk.no/serie/norge-naa/201902/ENRK10020419

1. Scientific Contributions
The work presented in this thesis can be considered a series of steps, where the
applied methodology becomes increasingly refined, and the capabilities of UHI
as a seafloor mapping tool gradually become more apparent. The scientific
contributions of the papers included in the thesis exemplify this evolution.
In Paper A, the spectral characteristics of coralline algae – a spectrally
conspicuous organism group – were assessed using a combination of techniques,
including UHI. Here, an in situ UHI survey was carried out in Trygghamna,
Isfjorden, Svalbard, using a manually controlled, observation class ROV. In the
resulting imagery, spectral OOIs corresponding to coralline algae were identified
and mapped successfully.
In Paper B, laboratory-based UHI was used to generate a spectral library
of various archaeological artifacts. The same artifacts were subsequently placed
at a known wreck site off Trondheim, Norway, and recorded in situ using a light
work class ROV equipped with an underwater hyperspectral imager. Using
supervised classification, archaeologically relevant materials, such as rust and
glass, could successfully be detected based on their optical signatures.
In Paper C, underwater hyperspectral imagery was collected from a
surface-based platform for the first time. The survey utilized a remotely
controlled USV and covered ~180 m2 of a shallow-water benthic habitat in
Hopavågen, Agdenes, Norway. As the USV was equipped with a real-time
kinematic global positioning system (RTK GPS), the acquired UHI data could be
georeferenced with high accuracy. This ultimately permitted spatial mapping of
four biological seafloor classes within the surveyed area.
In Paper D, a wreck site in Trygghamna, Isfjorden, Svalbard, was
investigated using ROV-based photogrammetry and UHI. Initially, a full
photogrammetric 3D model of the wreck was generated based on >33,000 digital
images. This model provided an extensive set of time-stamped ROV-positions,
which permitted georeferencing of a ~15-m2 UHI transect captured from the
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middle of the wreck site. The georeferenced UHI data were analyzed spectrally
and used to investigate the level of biofouling associated with different types of
human-made substrates.
In Paper E, a combination of acoustic and optical remote sensing was
used to map coral reef distribution on the Tautra Ridge, Trondheim, Norway:
ship-based MBES was used to characterize bathymetry and geomorphology;
AUV-based synthetic aperture sonar (SAS) was used to identify prominent coral
reef structures; ROV-based UHI was used to verify acoustic patterns assumed to
correspond to corals. The UHI data were collected using a light work class ROV,
equipped with a dynamic positioning (DP) system. During the data acquisition,
the ROV followed a systematic and georeferenced lawnmower pattern that
covered an area of ~800 m2. In the post-processing, the georeferencing of the
dataset was further enhanced by applying a significantly improved version of the
photogrammetric approach used in Paper D. The hyperspectral data were also
optically corrected using a new and improved approach, which permitted detailed
classification of biological coral reef features within the surveyed area.
In Paper F, operative habitat mapping and monitoring in the Polar Night
was reviewed. In the review, various aspects of ecosystem-based management
were covered, with examples from the sea surface, the water column and the
seafloor. A particular focus was put on new enabling technology, and its role in
future mapping and monitoring. Towards the end of the review, a UHI example
from Kvadehuken, Svalbard, was included. The example demonstrated hyperspectral image classification of biological seafloor features in an area previously
photographed by divers on a yearly basis.

1. Thesis Organization and Overview
Part I
Chapter 2 provides a short introduction to underwater hyperspectral imaging.
This includes technical specifications, instrument operation and commonly used
spectral units.
Chapter 3 presents an overview of biological color diversity in Norwegian
waters. The chapter investigates the optical signatures of various organism groups
and provides a list of biological targets suitable for spectral classification.
Chapter 4 investigates the use of different sensor-carrying platforms during in
situ UHI surveys. The chapter covers ROV-, USV- and AUV-based deployment
of underwater hyperspectral imagers.
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Chapter 5 reviews typical steps performed during hyperspectral data processing
and subsequent spectral classification. This includes optical correction,
georeferencing and the use of common classification algorithms.
Chapter 6 evaluates the role of UHI in relation to other seafloor mapping
techniques, concludes the thesis and provides recommendations for future work.
Part II
Paper A: Spectral characteristics of coralline algae: a multi-instrumental
approach, with emphasis on underwater hyperspectral imaging.
Paper B: Underwater hyperspectral imaging: A new tool for marine archaeology.
Paper C: Shallow-Water Habitat Mapping using Underwater Hyperspectral
Imaging from an Unmanned Surface Vehicle: A Pilot Study.
Paper D: Mapping the Historical Shipwreck Figaro in the High Arctic Using
Underwater Sensor-Carrying Robots.
Paper E: Remote sensing of the Tautra Ridge: an overview of the world’s
shallowest cold-water coral reefs.
Paper F: Operative Habitat Mapping and Monitoring in the Polar Night.
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Chapter 2
Underwater Hyperspectral Imaging
2.1 What is Hyperspectral Imaging?
The earliest applications of hyperspectral remote sensing date back to the 1980s
(Goetz 2009). In 1983, the National Aeronautics and Space Administration
(NASA) successfully performed the first airborne hyperspectral imaging survey,
using the “airborne imaging spectrometer” (AIS). The goal was to develop a
technique that rapidly could map geological, agricultural and vegetational targets
based on their infrared spectral signatures (Vane et al. 1984). Shortly after, in
1987, NASA’s improved “airborne visible/infrared imaging spectrometer”
(AVIRIS) was launched (Vane et al. 1993). As its name suggests, this sensor was
also capable of measuring visible light spectra. The first spaceborne hyperspectral
imager – the EO-1 Hyperion – was launched by NASA in November 2000
(Pearlman et al. 2003). Several hyperspectral satellite launches have since
followed, including the “Hyperspectral Imager for the Coastal Ocean” in 2009
(HICO; Lucke et al. 2011). In recent years, the application of hyperspectral
imaging for environmental mapping and monitoring has steadily increased. This
includes sensor deployment on aerial, spaceborne, and most recently, underwater
platforms. But how, exactly, do hyperspectral imagers work, and why are they
used?
Simply stated, the main purpose of hyperspectral imaging is to place
highly detailed color information in a spatial context. This implies recording
optical imagery where each spatial pixel contains a contiguous light spectrum
corresponding to the color of the object it represents. In this sense, the technique’s
original name – imaging spectroscopy – is arguably more descriptive. There is no
exact definition of how frequent the spectral samples must be for an image to be
considered hyperspectral. However, a spectral resolution of 10 nm or finer can be
used as a rule of thumb. If the imagery has a spectral resolution coarser than 10
nm it can be considered multispectral (multispectral satellite sensors typically
utilize 6-20 wavebands; Johnsen et al. 2013). To measure contiguous light
spectra, light entering the imager must somehow be quantified in a wavelengthspecific manner. This is a procedure that typically requires both diffraction and
refraction of light, which ultimately has certain implications with respect to
instrument design and operation.
A regular digital camera captures two-dimensional imagery by means of
a two-dimensional camera sensor with a horizontal x-axis and a vertical y-axis.
Hyperspectral imagers utilize similar, two-dimensional camera sensors. The
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challenge is that they also have to account for a third, spectral dimension of
contiguous color values. This can be interpreted as a z-axis. The most common
approach to solving this challenge is to swap the spatial y-axis with the spectral
z-axis and convert the imager to what is referred to as a “push-broom scanner”.
In a push-broom scanner, one spatial dimension has essentially been
sacrificed for the spectral dimension. The imager only receives light through a
narrow entrance slit corresponding to one spatial pixel row along the horizontal
x-axis. As light enters the slit, it is collimated and subsequently split into its
constituent wavelengths (Fig. 2). In modern hyperspectral imagers, the splitting
of light is commonly achieved by means of a so-called “grism” – a combined
grating and prism that both diffracts and refracts incoming light spectrally. In the
last step, the different wavelengths are focused onto the camera sensor as a
continuous spectrum along the z-axis (the y-axis in a regular digital camera). The
result is a stack of monochromatic lines, or pixel rows, each corresponding to a
“one-dimensional” image of the light entrance slit at a specific wavelength. These
monochromatic lines can collectively be interpreted as one “hyperspectral pixel
row”. To acquire hyperspectral imagery with two spatial dimensions, the target
area/object must be “scanned” in a straight line perpendicular to the light entrance
slit (the x-axis) while the imager, downward-facing, continuously captures
hyperspectral pixel rows at a fixed frequency (Fig. 3). This is essentially regaining
the sacrificed spatial dimension – the y-axis – through motion. When the resulting
set of hyperspectral pixel rows is stitched together, the result is a spatially twodimensional image that additionally contains highly detailed, location-specific
spectral information. This is sometimes referred to as a “hyperspectral data cube”
(Fig. 3). The high spectral resolution associated with hyperspectral imagery
provides an unprecedented basis for color-based image classification, which
potentially can be useful for mapping and monitoring of, e.g., biological targets.

Fig. 2. Optical diagram of a typical hyperspectral imager. Light is initially captured through the
front lens (L1) and focused onto the light entrance slit (LES). The light is subsequently collimated
by a collector lens (L2) and split into its constituent wavelengths by a grating prism (GRISM).
Finally, a camera lens (L3) focuses the different wavelengths onto the imager’s camera sensor (CS).
“z” denotes the spectral axis in the hyperspectral data cube.

The spatial resolution that can be obtained during a hyperspectral
imaging survey depends on the specifications of the utilized sensor, the survey
altitude and the survey speed. The across-track (x-axis) spatial resolution is
determined by the imager’s field of view (FOV; typically given in degrees; °)
parallel to the light entrance slit, the number of pixels available on the x-axis of
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the camera sensor and the distance from the imager to the target area. The alongtrack (y-axis) spatial resolution is determined by the imager’s FOV perpendicular
to the light entrance slit (the “height” of the slit), the speed at which the survey is
carried out and the distance from the imager to the target area. To get a spatially
continuous grid of quadratic pixels, the along-track resolution has to match the
across-track resolution perfectly. This can be done by adjusting the survey speed
according to the across-track spatial resolution at the given survey altitude. It
should, however, be noted that unless the survey speed and altitude, along with
the imager’s orientation (pitch, roll and yaw), is kept absolutely fixed over the
duration of the survey (a practical impossibility in most cases), hyperspectral
imagery acquired using the push-broom technique almost inevitably requires
geometric correction. Geometric correction of hyperspectral imagery can be
carried out by resampling the acquired data based on time-stamped measurements
of the sensor’s position and orientation. If these measurements are sufficiently
frequent and accurate, most geometric discrepancies can be corrected for during
image post-processing (Papers C, D and E). If the positional data measurements
are geographic, the imagery can also be georeferenced, which is highly relevant
for environmental studies.

Fig. 3. Schematic illustration of a hyperspectral imaging survey performed using a push-broom
scanner. First, the survey area must be scanned in a straight line (y-axis) with the hyperspectral
imager’s light entrance slit (x-axis) oriented perpendicularly to the scanning direction. This yields
a hyperspectral data cube with two spatial dimensions (x- and y-axes), as well as one spectral
dimension (z-axis) containing pixel-specific optical signatures. Ultimately, the distribution and
abundance of objects of interest (OOIs) in the survey area can be estimated by classifying the data
cube based on the recorded optical signatures.
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Since spatial resolution depends heavily on the survey altitude, the pixel
size in hyperspectral imagery obtained using different sensor-carrying platforms
varies substantially. From space, satellite-borne sensors, such as the EO-1
Hyperion, have for instance been able to capture imagery with a spatial resolution
of ~30 m (Folkman et al. 2001). From aerial platforms, a spatial resolution of 13 m can be obtained at a survey altitude of ~3 km (Volent et al. 2007). For
underwater applications of hyperspectral imaging, the maximum feasible survey
altitude is severely limited by the rapid attenuation of light in water. Specifically,
UHI surveys are rarely conducted at distances greater than ~2 m from the target
area, and at this seafloor altitude, a spatial resolution of 1 cm can be expected
(Johnsen et al. 2013).
Like any optical measurement, hyperspectral imagery must be quantified
using an intensity unit. Initially, a hyperspectral imager records spectral pixel
values in the form of “digital numbers” (DNs). These er sometimes also referred
to as “digital values” or “digital counts”, and they represent the raw values of the
sensor’s analog-to-digital signal conversion. The range of DN values that can be
used to assign wavelength-specific light intensity per pixel is determined by the
given sensor’s bit resolution. A 12-bit resolution for instance provides 212 = 4,096
possible DN values between complete darkness and full saturation. Higher bit
resolution increases the sensor’s ability to distinguish between subtle intensity
differences. The main limitation of DNs is that they are sensor-specific and vary
between applications. This means that raw hyperspectral imagery obtained using
different instruments or setups cannot be compared directly. To bypass this issue,
DNs must be converted to an absolute unit, and for hyperspectral imaging, the
most common unit is spectral radiance ())ߣ(ܮ.
 )ߣ(ܮis typically quantified as W m-2 sr-1 nm-1 – watts (joules per second)
per square meter per steradian (solid angle) per nanometer (wavelength). The sr-1
denotation must be used because it represents the solid angle of the hyperspectral
imager’s light acceptance cone, determined by the light entrance slit. If sr-1 is left
out, the resulting unit is spectral irradiance ( ;)ߣ(ܧW m-2 nm-1), which is a
spectral measure of light hitting a surface from all angles in a hemisphere
centered around the surface normal.  )ߣ(ܮis frequently denoted as being
“upwelling” (ܮ௨ (ߣ)) for light reflected off a given surface, and “downwelling”
(ܮௗ (ߣ)) for light emitted by a given light source or received by a given surface.
The former, ܮ௨ (ߣ), is what a hyperspectral imager usually measures. When a
hyperspectral dataset is converted into )ߣ(ܮ, it can readily be compared to similar
data from other sensors and surveys. However, the resulting spectra will still be
biased by two factors: (1) the spectral properties of the present light source and
(2) the degree of light attenuation by the present medium at the given survey
altitude. To provide objective spectral measurements, these factors must be
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accounted for. This can be achieved by converting  )ߣ(ܮinto spectral reflectance
ܴ(ߣ).
ܴ(ߣ) is a relative and dimensionless unit defined as the wavelengthspecific ratio of reflected to incident radiant energy at a given reflecting interface.
In terms of )ߣ(ܮ, it can be expressed using the following equation.
ܴ(ߣ) =

ܮ௨ OOI (ߣ)
ܮௗ OOI (ߣ)

(3)

In Eq. 3, ܮௗ OOI (ߣ) represents the  )ߣ(ܮthat initially hits the OOI, whereas
ܮ௨ OOI (ߣ) represents the  )ߣ(ܮreflected off the OOI, as measured by, e.g., a
hyperspectral imager. It should be noted that for Eq. 3 to hold, it must be assumed
that all surfaces behave as Lambertian reflectors (i.e., diffuse, or “matte”, surfaces
that reflect incident light equally in all directions). Although this is not always the
case, violations of the Lambertian assumption only rarely lead to estimation errors
>10% (Mobley et al. 2003). If estimated correctly, a ܴ(ߣ) signature should only
contain values between 0-1; an entirely white surface should yield a flat spectrum
with intensity values of 1, while an entirely black surface should yield a flat
spectrum with intensity values of 0. There are multiple ways of estimating the
ܮௗ OOI (ߣ) necessary for converting hyperspectral data into ܴ(ߣ). The simplest
approach is arguably to deploy a spectrally white reference (reflectance standard)
in the area that is to be surveyed (Papers A-C). Because such a reference can be
expected to reflect 100% of the incident light, measuring the ܮ௨ (ߣ) reflected off
its surface (ܮ௨ ref (ߣ)) is effectively equivalent to measuring ܮௗ OOI (ߣ). Provided
that the distance from the hyperspectral imager to the target area (and the white
reference) remains constant throughout the survey, this mode of ܴ(ߣ) conversion
also accounts for light absorption by the medium since the light traveling distance
is the same for ܮ௨ OOI (ߣ) and ܮ௨ ref (ߣ). Equation 4 represents a modified version
of Eq. 3, where ܴ(ߣ) is calculated based on the white reference approach.
ܴ(ߣ) =

ܮ௨ OOI (ߣ)
ܮ௨ ref (ߣ)

(4)

If no reflectance standard is available and/or the survey altitude varies
significantly during the hyperspectral image acquisition, ܴ(ߣ) can be estimated
using a different approach that requires data from additional sensors. Firstly, the
initial spectral intensity of the utilized/present light source – ܮ (ߣ) – needs to be
quantified. Secondly, the real-time distance ( )ݖbetween the hyperspectral imager
and the target area needs to be measured continuously over the course of the
imaging survey. Lastly, the in situ spectral diffuse attenuation coefficient of light
in the present medium (݇(ߣ)) needs to be approximated. This is particularly
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important for UHI surveys since water rapidly attenuates light as a function of
distance. When all the aforementioned parameters are known, Eq. 3 can be
modified, and ܴ(ߣ) can be estimated using the following equation.
ܮ௨ OOI (ߣ)
ܮ௨ OOI (ߣ)
ܮ௨ OOI (ߣ)
݁ ି(ఒ)௭
ܴ(ߣ) =
=
=
× ݁ ଶ(ఒ)௭
ି(ఒ)௭
ܮௗ OOI (ߣ) ܮ (ߣ)݁
ܮ (ߣ)

(5)

As a final note, it should be stated that Eqs. 4-5 can be considered coarse
ܴ(ߣ) approximations. They represent simple means of getting optical signatures
that are sufficiently accurate and interpretable for most mapping and monitoring
purposes. For more accurate ܴ(ߣ) estimation, formulae such as those proposed
by Maritorena et al. (1994), Mobley (1999) and Mobley et al. (2003) can be
employed. However, radiative transfer modelling is a scientific field on its own,
and it is beyond the scope of this thesis to go into its specifics.

2.2 The Underwater Hyperspectral Imager
An underwater hyperspectral imager is essentially a regular push-broom scanner
equipped with a cylindrical waterproof housing (Fig. 4). It is a relatively flexible
sensor, that can be deployed on a variety of robotic platforms (Chapter 4). The
underwater hyperspectral imagers used to acquire the data presented in this thesis
(Papers A-F) were all developed and produced by Ecotone AS (Trondheim,
Norway). They represent first-, second- and fourth-generation instruments (UHI1, UHI-2 and UHI-4), and a generalized overview of their technical specifications
is shown in Table 1.

Fig. 4. A fourth-generation underwater hyperspectral imager (UHI-4) from Ecotone AS
(Trondheim, Norway). The design of earlier instrument generations is highly similar. The figure is
reproduced by permission of Ecotone AS.
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Table 1. Technical specifications of UHI-1, UHI-2 and UHI-4. The table also indicates the
applicable papers in which the various sensors were used.
Specifications
Depth rating
Dimensions
(height × diameter)
Weight (in air)
Weigh (in water)
Communication
Frame rate
Exposure time
Spectral range
Maximum spectral
resolution
Maximum spatial
resolution
Radiometric (bit)
resolution
Integrated RGB
camera
Integrated attitude
and heading
reference system
(AHRS)
Applicable papers

UHI-1
1,000 m

UHI-2
1,000-6,000 m

UHI-4
1,000-6,000 m

360 mm × 110 mm

500 mm × 158 mm

355 mm × 135 mm

4 kg
~0 kg
Optical fiber
1-100 Hz
1-10,000 ms
380-800 nm

15 kg
5 kg
Optical fiber
1-60 Hz
1-10,000 ms
380-800 nm

9-11 kg
5-6 kg
Ethernet
1-90 Hz
1-10,000 ms
380-800 nm

0.5 nm

0.5 nm

0.5 nm

1,600 across-track
pixels

1,600 across-track
pixels

1,920-1,936 acrosstrack pixels

12-bit

16-bit

12-bit

No

No

Yes

No

No

Yes, measuring
pitch, roll and yaw

A

A, D and F

B, C and E

The different generations of underwater hyperspectral imagers produced
by Ecotone AS share several similarities. All of them are for instance capable of
covering the entire visible light range at a spectral resolution of 0.5 nm. This can
be considered excessive for practically any seafloor mapping survey, and to
increase the signal-to-noise ratio (SNR) and reduce the size of the recorded data
files, it is therefore common to bin the spectral resolution down to ~1, ~2 or ~4
nm, depending on the application (Papers A-F). Similarly, higher SNR and
reduced file size can also be obtained by binning the spatial resolution of the
hyperspectral data acquisition. The greatest differences between the sensors listed
in Table 1 are associated with UHI-4. Whereas UHI-1 and -2 utilize optical fiber
for sensor communication, UHI-4 utilizes ethernet, which is much more robust.
Furthermore, as opposed to UHI-1 and -2, UHI-4 is equipped with an integrated
RGB camera and an integrated attitude and heading reference system (AHRS)
measuring real-time sensor orientation. Both these features can be highly useful
for georeferencing of UHI data during post-processing (Paper E).
Since its emergence, UHI has been used in multiple studies besides from
those presented in this thesis (Papers A-F). The first documented attempt to use
UHI for seafloor imaging was made in 2010 (Johnsen et al. 2013, Pettersen et al.
2014, Johnsen et al. 2016). Here, a UHI prototype mounted on a rail-and-cartbased platform was used to demonstrate that biogeochemical OOIs could be
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spectrally differentiated in the marine environment. In 2015, ROV-based UHI
was used to assess manganese nodules and deep-sea megafauna in the Southeast
Pacific Ocean (Dumke et al. 2018b, Dumke et al. 2018c). The following year,
AUV- and stationary-platform-based UHI was used to investigate mineral
occurrences on the Mid-Atlantic Ridge (Sture et al. 2017, Dumke et al. 2018a).
In 2017, a tropical coral reef habitat in Papua New Guinea was for the first time
surveyed using an underwater hyperspectral imager deployed on a diver-operated
rig (Chennu et al. 2017). Since then, cold-water corals have also been
hyperspectrally imaged on various occasions (Foglini et al. 2019, Letnes et al.
2019). At present, in situ mapping of ice algae at Cape Evans, Antarctica,
represents the most recent application of UHI (Cimoli et al. 2019, Cimoli et al.
2020). Here, an under-ice sled equipped with an upward-facing hyperspectral
imager was used to collect data, based on which distribution and concentration of
chlorophyll a was estimated at a spatial resolution of <1 cm.
So far, UHI has been used to survey biological, archaeological and
geological targets of interest. From the preceding paragraph and the papers
presented in this thesis, it is, however, obvious that the primary focus has been on
biological applications. A partial reason for this is likely the vast biological color
diversity that can be found among marine organisms, and in the following chapter
– Chapter 3 – this topic will be further investigated.
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Chapter 3
Biological Color Diversity
The main reason why UHI is an interesting remote sensing technique for
biological seafloor mapping is that different organisms have different optical
signatures (colors) that not necessarily are well represented in RGB imagery. That
is, a regular RGB camera is incapable of capturing the finer spectral nuances that
sometimes define an organism’s (or object’s) true color. Biological coloration is
caused by (1) metabolic production of light-absorbing pigments, (2) formation of
light-scattering/refracting/reflecting structures (e.g., laminations and striations),
or (3) a combination of the two (Bandaranayake 2006). In biological terms, a
pigment can be defined as any chemical metabolite that selectively absorbs light
at specific wavelengths. The pigment chlorophyll a for instance absorbs blue and
red light selectively in all photosynthetic organisms (the in vivo absorption
maxima of chlorophyll a are typically at ~440 nm and ~674 nm; Bidigare et al.
1990). An example of structural coloration is the iridescent appearance of certain
fish, caused by microscopically complex surface features of their scales.

3.1 Marine Primary Producers
In the marine environment, some of the most characteristic colors can arguably
be found among primary producers. This is because these organisms rely on
absorbing light at particular wavelengths to generate chemically bonded energy
through photosynthesis. The wavelength-specific light absorption that can be
observed in relation to photosynthesis is carried out by pigments synthesized de
novo within the given organism, and the role of the pigments present can be either
light-harvesting (e.g., chlorophylls) or photoprotective (e.g., carotenoids). In
Norwegian waters, there exist four overarching groups of primary producers that
are especially relevant for benthic mapping by means of UHI: brown macroalgae
(Phaeophyceae), green macroalgae (Chlorophyta), red macroalgae (Rhodophyta)
and seagrasses (Alismatales). The class Phaeophyceae comprises kelps and
seaweeds, such as Laminaria spp. and Fucus spp., and utilizes the pigments
chlorophyll a, chlorophyll c and fucoxanthin for light harvesting. Chlorophyta is
a wide taxon of algae that, like terrestrial plants, utilizes the pigments chlorophyll
a and b for light harvesting (e.g., Ulva spp.). The division Rhodophyta can be
exemplified by the calcium carbonate-depositing coralline algae in the order
Corallinales, which in addition to chlorophyll a utilize water-soluble
phycobiliproteins (e.g., R-phycoerythrin) for light harvesting. Finally, being the
only group of higher plants found in the marine environment, seagrasses, such as
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Zostera spp., are like green algae optically characterized by their contents of
chlorophyll a and b.
The light-harvesting pigments that characterize the different groups of
benthic primary producers selectively absorb light at different wavelengths, and
a generalized overview of their absorptive properties can be found in Bidigare et
al. (1990) and Johnsen et al. (2020). Whereas the green-algal chlorophyll b for
instance displays in vivo absorption maxima at ~470 nm and ~649-652 nm, the
brown-algal chlorophyll c displays absorptions peaks at ~460 nm and ~636 nm.
Furthermore, the brown-algal fucoxanthin strongly absorbs light between ~490535 nm, whereas the red-algal R-phycoerythrin has absorption peaks at 497 nm
and 566 nm (Paper A). The exact optical signature of a given primary producer
depends on the ratio of pigments present, as well as the biochemical structure
(e.g., pigment-protein bonds) of its light-harvesting complexes. Nevertheless,
photosynthetic species within the same taxonomic group share multiple spectral
similarities, which potentially makes the four above-mentioned groups of benthic
primary producers suitable and realistic targets for optical classification (Papers
A, C, D and F).

3.2 Marine Animals
A considerable color diversity can also be found among marine animals. The
invertebrate phyla Cnidaria (e.g., corals and sea anemones), Mollusca (e.g.,
bivalves, gastropods and cephalopods) and Echinodermata (e.g., starfish and sea
urchins) for instance have some of the most intricate pigment contents found in
the marine environment (Bandaranayake 2006). As opposed to primary
producers, marine animals only rarely synthesize pigments de novo. Instead, they
typically store and/or metabolically transform pigments acquired through feeding
(Galasso et al. 2017). The most commonly occurring pigment group among
marine animals is carotenoids, which further can be sub-divided into carotenes
and xanthophylls; the most abundant carotenoid is thought to be the xanthophyll
astaxanthin (Bandaranayake 2006, Galasso et al. 2017). Usually, astaxanthincontaining animal tissue has a color ranging from yellow to red, depending on the
concentration of the pigment (pure astaxanthin strongly absorbs light in the bluegreen region of the visible light spectrum; Thoen et al. 2011, Elde et al. 2012).
However, astaxanthin may also be chemically modified and bound to, e.g.,
protein complexes, giving rise to carotenoproteins with colors, such as blue, green
and purple (Bandaranayake 2006). Several other pigments also contribute to the
coloration of marine animals besides from carotenoids. It is beyond the scope of
this thesis to address all of them in detail, but a generalized overview of some
major groups and where they can be found is shown in Table 2.
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Table 2. Distribution of major pigment groups in various marine animal phyla. The table is based
on Bandaranayake (2006) and Elde et al. (2012).
Pigment group
Adenochrome/
arenicochrome
Alkaloidal
pigments
Azulenes
Carotenoids/
carotenoproteins
Hemovanadin/
tunichromes
Marine indoles
Melanins
Omnochromes
Phenols/pyrones/
quinones
Tetrapyrroles
Zoanthoxanthins

Annelida

Arthropoda

Chordata

Cnidaria

X

Echinodermata

Mollusca

X

X

X

X
X

X

X

X

Porifera

X
X

X

X

X

X

X
X

X
X
X

X

X

X

X

X

X

X

X

X

X

X

X

3.3 Biological Color Diversity in Norwegian Waters
To provide enhanced insight into the color diversity found in Norwegian waters,
the optical signatures (ܴ(ߣ) spectra) of approximately 500 biological specimens
from >80 species across 13 phyla were collected over the course of this thesis.
The ܴ(ߣ) spectra were measured using various spectrometers from Ocean Insight
Inc. (Orlando, USA), according to the procedure described in Paper A. The goal
of the work was not to extensively characterize the spectral properties of
individual species/specimens, but rather to identify useful spectral trends
applicable to future benthic habitat mapping by means of UHI. Figure 5 shows an
overview of all the recorded ܴ(ߣ) spectra, grouped according to their respective
biological phyla.
To investigate the spectral relationship between different biological phyla
and potentially identify taxonomic clusters with particularly characteristic optical
signatures, a principal component analysis (PCA; Hotelling 1933) was performed
on all recorded ܴ(ߣ) spectra at a spectral resolution of 1 nm within the interval
of 400-700 nm. Prior to the analysis, the data were normalized, mean-centered
and scaled to unit variance. In the PCA, each ܴ(ߣ) spectrum corresponds to a
sample, whereas each wavelength corresponds to a variable/dimension in kdimensional space. The principal components (PCs) can be thought of as a new
and transformed set of orthogonal axes that attempts to explain the variance
present in the dataset as efficiently as possible. PC1 corresponds to the vector in
k-dimensional space that accounts for the largest part of the dataset variance. PC2
is the vector that maximizes variance orthogonally to PC1, and so on. The benefit
of the PCA is that it effectively reduces dataset dimensionality, while retaining
most of the initial variance. This makes plotting and comparing spectral
measurements an easier task. Furthermore, since each PC is a linear combination
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of the original variables (wavelengths), the relative contributions of individual
wavelengths to the observed spectral variance can easily be assessed. Figure 6
shows two PCA biplots featuring the main results of the spectral PCA. The biplots
respectively show PC1 plotted against PC2 (Fig. 6a), and PC3 plotted against PC4
(Fig. 6b). In the biplots, dots correspond to individual biological specimens, while
arrows represent the directions in which the ܴ(ߣ) values of individual
wavelengths increase. Together, PCs 1-4 accounted for 93% of the total dataset
variance, and in Fig. 7 and Table 3, the individual wavelength contributions to
the variance explained by each PC is summarized.
Based on the results presented in Figs. 5-6, it is evident that certain groups
of organisms have more distinct optical signatures than others. On a generalized
level, the most spectrally conspicuous phyla in the analyzed dataset were arguably
the primary producers. Especially brown and red macroalgae (Phaeophyceae and
Rhodophyta) displayed consistently distinct spectral properties (Fig. 5) and PCA
clustering behavior (Fig. 6), caused by their respective pigment contents. Green
algae (Chlorophyta) and seagrasses (Plantae) also had characteristic ܴ(ߣ) spectra
compared to the other investigated phyla (Fig. 5). However, the PCA biplots
shown in Fig. 6 suggest that it is not always feasible to separate these two
taxonomic groups spectrally. Of the investigated animal phyla, Echinodermata
had the most characteristic optical signatures. As a whole, the echinoderms
typically displayed considerably higher ܴ(ߣ) values for wavelengths >600 nm
than any other animal phylum (Fig. 5). This property is apparent in Fig. 6, where
echinoderm samples largely are concentrated in the deep red biplot regions.
Besides from echinoderms, certain arthropods, cnidarians and mollusks also had
strikingly red ܴ(ߣ) spectra (Fig. 5). In these phyla, this trend was, however, not
as ubiquitous.
Obviously, it is not always meaningful to assess biological color diversity
on a phylum level, which is exemplified by the intra-categorical variation that can
be observed in Fig. 5. Particularly characteristic spectral properties may often be
linked to a single species. In the analyzed dataset, the species Mytilus edulis (blue
mussel; Mollusca) and Hymedesmia paupertas (Porifera) for instance displayed
vibrantly blue optical signatures, incomparable to any of the other investigated
species. Furthermore, biofouling by, e.g., microbial algae may sometimes obscure
the “true” color of a given OOI. In Fig. 5, this is apparent among some of the
ܴ(ߣ) spectra shown for the phyla/categories Annelida, Chlorophyta, “Mineral”,
Mollusca, and Plantae. Ultimately, the ability to identify and map biological OOIs
based on their optical signatures will largely depend on the composition of the
surrounding environment. With that said, the findings presented in Figs. 5-6 and
Papers A-F suggest that viable biological targets for optical classification in
Norwegian waters include several echinoderms, arthropods, cnidarians, mollusks
and sponges, as well as macroalgae (brown, green and red) and seagrasses.
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Fig. 5. Normalized reflectance (R(Ȝ)) spectra of various objects of interest (OOIs) recorded over the
course of the thesis (n = 508). The spectra were obtained from 13 biological phyla and one “mineral”
category. Each of the first 14 panels covers one phylum/category, with the mean R(Ȝ) spectrum
indicated in black. In the bottom-right panel, all mean R(Ȝ) spectra are plotted together for
comparison.
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Fig. 6. Biplots showing the results of the principal component analysis (PCA) performed on
biological reflectance (R(Ȝ)) spectra obtained over the course of the thesis. Panel (a) shows principal
component (PC) 1 plotted against PC2, whereas panel (b) shows PC3 plotted against PC4. Dots
represent individual samples and are colored according to their respective categories. Triangles
correspond to the inverted absorbance spectra of five common pigments (pseudo-R(Ȝ)). Arrows
represent the directions in which the R(Ȝ) values of individual wavelengths increase.
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Fig. 7. Relative contributions (%) of individual wavelengths to the variance explained by principal
components (PCs) 1-4 in the principal component analysis (PCA) of biological reflectance (R(Ȝ))
spectra obtained over the course of the thesis. The dashed red lines represent expected contributions
if all wavelengths contributed equally.
Table 3. Results of the principal component analysis (PCA) performed on biological reflectance
(R(Ȝ)) spectra obtained over the course of the thesis. The table shows the variance explained by the
most important principal components (PCs) and the wavelengths that had the greatest contributions
to each PC.
PC #
1
2
3
4

Explained variance (%)
43.5
24.1
17.2
8.2

Most important wavelengths (nm)
448, 484, 508, 649
562, 661
610, 685
400, 506, 631, 661, 700
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The most important wavelengths for explaining the spectral variance
within the dataset shown in Figs. 5-6 (n = 508 specimens) are listed in Table 3.
These wavelengths correspond to all spectral peaks above the expected
contribution line in Figs. 7a-d. In total, 12 distinct peaks were identified. The most
important of these (i.e., the peak contributions identified for the first two PCs in
Figs. 7a-b) corresponded to red, green and blue colors. Since “red”, “green” and
“blue” happens to coarsely match the output of a regular digital camera (RGB), it
may consequently seem superfluous to employ hyperspectral imaging for optical
identification and mapping of biological OOIs. However, there are several other
factors that must be considered. A regular digital camera typically records RGB
values using wavebands with peak sensitivities at 590 nm (R), 530 nm (G) and
460 nm (B; Sigernes et al. 2009). None of these peaks match those identified in
Fig. 7 and Table 3. Furthermore, RGB cameras display little to no sensitivity
towards wavelengths greater than ~640 nm (Sigernes et al. 2009). This means that
a lot of the color diversity found among primary producers and certain groups of
marine animals (e.g., echinoderms, arthropods, cnidarians and mollusks; Fig. 5)
is left unaccounted for. Lastly, the PCA results presented in Fig. 7 and Table 3
only account for 93% of the variance present in the analyzed dataset. This implies
that even further spectral information potentially may be withdrawn and utilized
for biological target identification if needed.
Ultimately, it must be stated that a spectral resolution as high as 1 nm
should in itself rarely be considered a requirement for successful identification of
biological OOIs based on their optical signatures. For the ܴ(ߣ) dataset recorded
over the course of this thesis, spectral measurements of the wavelengths listed in
Table 3 would for instance likely be more than sufficient for most classification
purposes. However, this wavelength selection is solely based on the internal
structure of the analyzed dataset. For other applications or surveys, with other
OOIs present in different proportions, a completely new set of wavelengths could
be relevant. And this is where the utility of hyperspectral imaging becomes
apparent: spectral redundancy (i.e., high spectral resolution) permits optimized
color-based identification and mapping of OOIs regardless of the survey-specific
circumstances.
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Chapter 4
Sensor Deployment
Since the underwater hyperspectral imager is a push-broom scanner, any UHI
survey relies on a steady platform capable of navigating in straight lines across
the area of interest. Over the course of this thesis, underwater hyperspectral
imagery has been collected in situ using a variety of sensor-carrying robots,
including ROVs (Papers A-B and D-F) and USVs (Paper C). In other studies,
AUV-based UHI surveys have also been carried out (Sture et al. 2017). This
chapter will provide a brief introduction to each of these platforms, and their
associated pros and cons related to UHI.

4.1 Observation and Work Class ROVs
An ROV is a tethered underwater vehicle controlled from the surface (typically a
ship/research vessel) by means of an umbilical cable. The umbilical cable
continuously transmits both power and data, including a real-time video feed that
permits manual maneuvering of the vehicle. Most in situ UHI surveys performed
hitherto have utilized “observation class” and “work class” ROVs. Observation
class ROVs (Fig. 8a) are medium-sized (typically ~100-500 kg) and may be
equipped with an array of different sensors, depending on the operation. They
may also be equipped with simple manipulator arms that can be used for, e.g.,
physical sampling and light seafloor intervention. In this thesis, the UHI data
presented in Papers A, D and F were collected using an observation class ROV.
Work class ROVs (Fig. 8b) are essentially larger versions (typically >1,500 kg)
of their observation class equivalents. They have higher payload capacities, can
dive deeper and can be equipped with complex manipulator arms. In Papers B
and E, the data were collected using a (light) work class ROV. In terms of UHI,
observation and work class ROVs offer highly similar operational possibilities,
which means that they for simplicity’s sake can be considered one collective
mode of sensor deployment. There are both advantages and disadvantages
associated with ROV-based deployment of underwater hyperspectral imagers,
and the following list summarizes the most important points.
Advantages of observation and work class ROVs
x

The real-time communication between the ROV and the surface vessel
permits manual control and modification of the UHI data acquisition as
the survey progresses. This ensures that the quality of the recorded data
products is satisfactory.
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x

The umbilical cable provides a virtually unlimited power supply to the
ROV, which means that the given UHI survey can proceed until the
operational goals are reached.

x

The umbilical cable can support artificial lighting systems with high
power requirements. In Papers A-B and D-F, dual 250-W halogen lamps
were for instance used during the UHI data acquisition. This would have
been unfeasible from a battery-powered platform.

x

The high payload capacity permits deployment and utilization of multiple
sensors simultaneously. This can be useful for acquiring auxiliary data
during UHI surveys (Paper D).

x

If the ROV is equipped with an acoustic transponder (capable of
communicating with the surface vessel) and a DP system (Sørensen et al.
2012), areas of interest can be surveyed in georeferenced lawnmower
patterns at fixed seafloor altitudes (Paper E).

x

Work class ROVs can currently reach deeper waters than other sensorcarrying robots (>4,000 m; Dumke et al. 2018b).

Disadvantages of observation and work class ROVs
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x

The ROV’s umbilical cable limits the spatial coverage of the of the UHI
data acquisition.

x

The dependence on a research vessel for platform deployment makes
operational costs high.

x

Operation of observation and work class ROVs currently requires highly
trained pilots and technicians that are not always available.

x

ROV operations are sensitive to weather conditions on the surface (e.g.,
wind speed and wave height). They are also sensitive to strong currents
generating cable drag.

Fig. 8. Various remotely operated vehicles (ROVs) that can be used for underwater hyperspectral
imaging (UHI) surveys. Panel (a) shows the observation class ROV “Minerva”, used in Papers A,
D and F. Panel (b) shows the light work class ROV “SUB-fighter 30k”, used in Papers B and E.
Panel (c) shows a recently developed mini-ROV rig consisting of two “Blueye” ROVs from Blueye
Robotics AS (Trondheim, Norway).

4.2 Mini-ROVs
Mini-ROVs can be defined as small observation class ROVs that weigh less than
30 kg (Sward et al. 2019, Raoult et al. 2020). They are typically stand-alone,
camera-equipped platforms, with very limited payload capacities. A good
example is the recently developed “Blueye” ROV, from Blueye Robotics AS
(Trondheim, Norway). Like observation and work class ROVs, mini-ROVs are
tethered vehicles with a topside surface host. The difference is that the combined
mini-ROV system usually is battery-powered and easily portable. This vastly
increases operational flexibility and reduces the requirements related to costs,
equipment and technical staff. Common applications of mini-ROVs include
inspection of subsea structures in shallow waters and video-based surveys of
underwater habitats.
By itself, a single mini-ROV does not represent a viable UHI platform.
This is simply due to mismatch between the size of an underwater hyperspectral
imager and the mini-ROV’s limited payload capacity. A possible way of solving
this mismatch is to simultaneously operate two interconnected mini-ROVs using
a designated rig capable of carrying additional payload. Such a rig was developed
at NTNU’s applied underwater robotics laboratory (AURLab) in 2019 (Løvås et
al. 2020). The rig consisted of two Blueye ROVs (weighing ~9 kg each) mounted
in parallel using a custom bracket (Fig. 8c). Between them, the two mini-ROVs
carried a fourth-generation underwater hyperspectral imager (UHI-4; see Table
1), a downward-facing altimeter (measuring real-time distance between the
sensor and the seafloor), and a self-sustained, battery-powered light-emitting
diode (LED) lamp. The setup was tested in a shallow kelp forest environment off
Ny-Ålesund, Svalbard, in January 2020, and the rig proved to be a highly stable
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platform, well-suited for UHI (an example from this data acquisition is shown in
Chapter 5.3). The preliminary findings from the Ny-Ålesund survey suggest that
mini-ROV rigs may become valuable tools for future UHI surveys, and in the
following list, the pros and cons associated with the methodology are addressed.
Advantages of mini-ROVs
x

The real-time communication between the mini-ROV and the surface
host permits manual control and modification of the UHI data acquisition
as the survey progresses, ensuring high-quality data products.

x

The mini-ROV system is compact, modular and portable. This provides
unprecedented operational flexibility.

x

The mini-ROV system is much cheaper than large platforms that require
a research vessel for deployment.

x

Only two operators have to be present, and the training needed to carry
out operations is minimal compared to other modes of deployment.

x

Mini-ROVs can be used in shallow waters inaccessible to ships, AUVs
and larger ROVs.

x

Recent experiments with acoustic communication and DP systems
indicate that mini-ROV rigs can be used to perform georeferenced UHI
surveys at fixed seafloor altitudes in the near future.

Disadvantages of mini-ROVs
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x

The umbilical cables of mini-ROVs are shorter and more fragile than
those of observation and work class ROVs. Mini-ROVs also have
relatively shallow depth ratings. Consequently, mini-ROV surveys are
currently limited to depths <200 m.

x

Operational duration is limited by the battery capacity of the mini-ROV
system.

x

Mini-ROVs are incapable of supporting artificial lighting systems with
high power requirements over prolonged periods. For this reason, miniROV rigs have to utilize lower-intensity lamps, which typically confines
UHI surveys to seafloor altitudes 1.5 m.

x

A mini-ROV rig has little capacity to carry additional payload besides
from the essentials necessary for UHI.

x

Due to their small size, mini-ROVs are more sensitive to weather and
currents than observation and work class ROVs.

4.3 USVs
For extremely shallow benthic habitats, USVs represent a possible UHI option.
USVs come in a variety of forms, ranging from modified light workboats
(Ludvigsen et al. 2016) to smaller kayak- and catamaran-like vehicles specifically
designed for scientific applications (Caccia et al. 2007, Kimball et al. 2014).
Common to all is that they either can be remotely controlled or follow preprogrammed survey paths. They can also carry different types of payload. Being
surface-based vehicles, a considerable advantage of using USVs is that they have
access to global positioning system (GPS) signals and wireless communication.
This potentially permits (1) high-accuracy navigation and positioning during
operation, (2) data acquisition control unrestricted by tethers and (3) precise
georeferencing of acquired data products.
Currently, USV-based UHI has only been attempted on one occasion
(Paper C). This survey was conducted in Hopavågen – a sheltered poll situated
in Agdenes, Norway. The survey utilized a battery-powered “Otter” USV from
Maritime Robotics AS (Trondheim, Norway) equipped with a downward-facing
UHI-4 (Fig. 9). Due to the platform’s small size and low weight (~120 kg), the
hull of the USV-UHI rig only protruded ~30 cm below the surface. This permitted
UHI of shallow areas that would have been inaccessible by other means. The
findings from the Hopavågen pilot study indicate that USV-based UHI may serve
as an interesting remote sensing alternative for future studies of shallow-water
habitats. The potential benefits and limitations of the technique are listed below.
Advantages of USVs
x

Wireless communication between the USV and the operator permits
manual control and modification of the UHI data acquisition as the
survey progresses.

x

The USV’s wireless mode of operation permits high spatial coverage,
unrestricted by tethers.

x

Access to GPS allows for high-accuracy navigation, systematic planning
of survey patterns and precise georeferencing of acquired imagery.

x

Deployment and operation of smaller USVs only requires a crew of three
to four people.

x

USVs can be used in extremely shallow waters inaccessible to ships,
AUVs and ROVs.
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x

If a USV-based UHI survey is performed in daylight, artificial lighting
may not be necessary.

Disadvantages of USVs
x

USV-based UHI surveys are strictly limited to shallow-water habitats
situated at depths <10 m (typically 1-5 m).

x

USVs are unable to operate at fixed seafloor altitudes unless the depth of
the survey area is constant.

x

Operational duration is limited by the battery or fuel capacity of the USV.

x

Battery-powered USVs (e.g., the Otter USV) are incapable of supporting
artificial lighting systems with high power requirements over prolonged
periods.

x

USVs are highly sensitive to wind and waves influencing navigation and
sensor orientation (pitch, roll and yaw). In rough weather conditions,
USV-based UHI surveys are therefore unfeasible.

Fig. 9. The “Otter” unmanned surface vehicle (USV) from Maritime Robotics AS (Trondheim,
Norway) used in Paper C. Panel (a) shows an overview of the platform setup. Panel (b) shows a
close-up photo of UHI-4 (see Table 1).
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4.4 AUVs
The final sensor-carrying platform that will be addressed in this thesis is the AUV.
AUVs are typically highly hydrodynamic vehicles, designed with speed and
spatial coverage in mind. As opposed to ROVs, they are untethered, and therefore
rely on their own battery supply. This increases mobility and mapping efficiency
at the expense of power availability, mission duration and, to a certain extent,
payload capacity. Because an AUV is not physically connected to the surface
operator, all communication must be carried out acoustically once the vehicle is
submerged. This communication is limited to simple commands and status
updates. An AUV survey usually follows a pre-planned path of geographic
waypoints. As the survey progresses, the AUV continuously estimates its current
location relative to its last known position fix (these fixes can be obtained by GPS
when the AUV is at the surface) based on real-time measurements of speed, depth
and attitude. To improve navigational accuracy, acoustic transponders capable of
communicating their position to the AUV can alternatively be deployed in the
survey area. One of the main UHI-related strengths of AUVs is that they are
highly stable platforms with unprecedented abilities to follow straight survey
lines at fixed seafloor altitudes.
So far, the potential of AUV-based UHI has only been explored in one
published study (Sture et al. 2017). In this study, a 2,350 m deep hydrothermal
site on the Mid-Atlantic Ridge was hyperspectrally surveyed using a 5.5 m long
HUGIN 3000 AUV (Fig. 10) from Kongsberg Maritime AS (Kongsberg,
Norway). The AUV was equipped with a modified UHI-4 and four 130-W LED
lamps. To ensure operational safety, the survey unfortunately had to be performed
at a relatively high seafloor altitude (6.5-9.1 m). Consequently, the SNR of the
recorded imagery was suboptimal. Nevertheless, the 2017 study by Sture et al.
demonstrates that AUV-based UHI is a promising application that should be
further investigated in the future. The strengths and weaknesses of the technique
are summarized in the list below.
Advantages of AUVs
x

In terms of UHI, AUVs are potentially able to cover larger areas than any
other sensor-carrying platform.

x

AUVs are highly stable platforms that can follow planned survey lines
and patterns at fixed seafloor altitudes.

x

The use of AUVs is largely independent of weather conditions. AUVs
are also more tolerant to currents than other underwater platforms.
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x

AUVs can be equipped with multiple additional sensors measuring
auxiliary parameters that are environmentally relevant.

Disadvantages of AUVs
x

Due to the limited acoustic communication, the UHI data acquisition
cannot be thoroughly monitored during the survey. Because of this, the
quality of the recorded imagery is unknown until the mission is over.

x

Operational duration is limited by the battery capacity of the AUV.

x

AUVs are incapable of supporting artificial lighting systems with high
power requirements over prolonged periods.

x

Unless the bathymetry of the survey area is very well known, AUV
surveys may have to be carried out at undesirably high seafloor altitudes
to ensure mission safety. This may result in noisy imagery.

x

Currently, only large AUVs (e.g., the HUGIN 3000) have the capacity to
carry underwater hyperspectral imagers and the lighting systems they
require. These AUVs are highly expensive. They also require a trained
crew and a research vessel for deployment, which reduces the flexibility
of the application. In the future, a possible solution to this problem is to
develop smaller underwater hyperspectral imagers that can be deployed
on lighter AUVs.

Fig. 10. The HUGIN 3000 autonomous underwater vehicle (AUV) from Kongsberg Maritime AS
(Kongsberg, Norway) used by Sture et al. (2017). The white rectangle indicates the position of the
four 130-W light-emitting diode (LED) lamps. The white circle indicates the position of the
underwater hyperspectral imager. The figure is reproduced by permission of Øystein Sture.

4.5 Choosing the Platform
Ultimately, the UHI survey platform must be chosen based on the goals of the
given operation, and for most surveys, there are arguably two main factors that
need to be considered: (1) at what depths are the organisms/OOIs found and (2)
how much area needs to be covered? As a guide for future UHI surveys, Fig. 11
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shows an overview of the spatial capacities (depth and areal coverage) of the
various platforms discussed in Chapter 4. The figure is based on personal field
experience and information from other published UHI studies performed thus far
(Sture et al. 2017, Dumke et al. 2018b). For a more generalized introduction to
underwater platforms and their associated capabilities, the reader is referred to
Nilssen et al. (2015) and Sørensen et al. (2020).

Fig. 11. Spatial capacities of the underwater hyperspectral imaging (UHI) platforms discussed in
Chapter 4. The x- and y-axes respectively show transect length range (m) and depth range (m). Note
that the scales of both axes are logarithmic. AUV = autonomous underwater vehicle; ROV =
remotely operated vehicle; USV = unmanned surface vehicle.
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Chapter 5
Hyperspectral Data Processing and Classification
Processing of underwater hyperspectral imagery consists of several steps,
potentially including optical correction, georeferencing and image classification.
There are multiple ways of obtaining presentable results, and in this chapter, some
of the methods utilized in Papers A-F will be addressed.

5.1 Optical Correction
The goal of the optical correction procedure is to end up with an easily
interpretable dataset where all pixels are on the same level in terms of spectral
intensity values. Essentially, this means converting the data into ܴ(ߣ), or a
spectral unit that resembles ܴ(ߣ).
The first step of the optical correction procedure is always to convert the
raw UHI data (DNs) into )ߣ(ܮ. This creates a dataset with absolute intensity units
and removes noise inherent to the specific sensor. For underwater hyperspectral
imagery recorded using a sensor from Ecotone AS, the  )ߣ(ܮconversion can be
performed in a designated software called “Immersion” (Ecotone AS, Trondheim,
Norway). This is also the software that is used to record imagery.
As stated in Chapter 2.1, the simplest way of obtaining ܴ(ߣ) is by placing
a spectrally white reference standard in the survey area and applying Eq. 4 to the
)ߣ(ܮ-converted dataset. This method is appropriate for laboratory studies, and for
in situ surveys where the altitude is kept constant and the seafloor is relatively
flat (Papers A-B). ܴ(ߣ) conversion by means of a known reference can be
performed in the software application “ENVI” (Environment for Visualizing
Images; Harris Geospatial Solutions Inc., Broomfield, USA) using the “Flat Field
Correction” tool. To correct for constant geometric light field differences (caused
by, e.g., suboptimal lamp positioning) and/or minor altitude variations along the
UHI transect, ENVI’s “Cross-Track Illumination Correction” function can
optionally be employed. This function spectrally adjusts uneven illumination
using fitted polynomials. The method is not completely exact, but it represents a
convenient tool that has proven capable of yielding satisfactory results for
biological seafloor mapping purposes (Paper D).
If a reference standard is unavailable and sufficiently detailed knowledge
of the utilized light source and the in situ IOPs (i.e., ݇(ߣ)) is lacking, there exists
a practical pseudo-unit that can be used as an alternative to true ܴ(ߣ): internal
average relative reflectance (IARR; Kruse 1988). Converting  )ߣ(ܮdata into
IARR is simply dividing all hyperspectral pixel spectra by the average spectrum
of the entire dataset. The result is a spectral unit that closely resembles ܴ(ߣ) and
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therefore is relatively easy to interpret (Papers C-D). In ENVI, a hyperspectral
dataset can be converted into IARR by applying the “IAR Reflectance
Correction” tool. It should be noted that this operation works best if the average
dataset spectrum is approximately flat (gray).
If the seafloor altitude varies considerably over the course of the UHI
survey, ܴ(ߣ) can be approximated along the lines of the procedure described in
Eq. 5. This requires (1) spectral quantification of the utilized light source, (2)
time-stamped measurements of the survey altitude and sensor orientation that can
be linked to the hyperspectral image acquisition and (3) estimation of the in situ
spectral diffuse attenuation coefficient – ݇(ߣ). The former can be obtained by
measuring the spectral intensity of the utilized light source in a laboratory setting.
Time-stamped altitude can, e.g., be acquired by equipping the utilized platform
with an acoustic altimeter. Lastly, ݇(ߣ) can be approximated using a spectral light
beam attenuation meter, or by hyperspectrally imaging a known object at multiple
altitudes in situ. The schematic figure in Chapter 5.3 features UHI data that were
ܴ(ߣ)-converted using the method just presented. Unfortunately, there does
currently not exist a designated software application that facilitates this kind of
ܴ(ߣ) conversion in a simple and user-friendly manner. Consequently, it is highly
recommended that such a tool is developed for future UHI studies.
For UHI surveys of areas where a flat seafloor cannot be assumed (e.g.,
coral reef environments), ܴ(ߣ) conversion is substantially more complicated. In
terms of optical correction, the main challenge associated with highly rugged
terrain is that the optical path length between the sensor and seafloor varies
significantly both across and along the survey transect in an irregular fashion.
Therefore, ܴ(ߣ) conversion using Eq. 5 must, ideally, be performed on a pixelspecific basis that also considers the sensor’s orientation relative to the seafloor.
Dealing with these complexities is difficult, but not impossible. Specifically,
Løvås et al. (in review) recently developed a promising solution to this challenge
based on photogrammetry and geometric modelling of the light rays entering the
underwater hyperspectral imager’s FOV. As stated in Chapter 2.2, the most recent
sensor generation from Ecotone AS – UHI-4 – comes equipped with an RGB
camera. This camera is fixed to the hyperspectral imager and has an FOV that
encompasses the FOV of the push-broom scanner at a constant position. During
a UHI survey, the RGB camera continuously captures time-stamped images at a
set frequency as hyperspectral imagery simultaneously is recorded. The resulting
set of RGB images can be used to generate a photogrammetric 3D model of the
survey area. In addition to a fine-scale bathymetric map, the 3D model provides
detailed estimates of the sensor’s position and orientation over the course of the
survey. When all these parameters are taken into consideration, pixel-specific
optical path lengths – and, implicitly, ܴ(ߣ) – can be estimated by tracing the
hyperspectral push-broom scanner’s known FOV (geometric model) back to its
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pixel-specific intersections with the bathymetric 3D model. Paper E features
underwater hyperspectral imagery of a cold-water coral reef that was optically
corrected using this procedure, and for more detailed information on the applied
methodology, the reader is referred to Løvås et al. (in review).

5.2 Georeferencing
Georeferencing is the process of geometrically correcting recorded underwater
hyperspectral imagery and placing it in a geographic context. In addition to a
hyperspectral data cube, georeferencing requires auxiliary time-stamped
measurements of latitude, longitude, sensor orientation (pitch, roll and yaw) and
seafloor altitude. If the flat seafloor assumption holds, these parameters can be
used to project each individual push-broom frame (hyperspectral slit image) onto
the geographic coordinates it corresponds to. When all frames have been
projected, the hyperspectral data are resampled, which ultimately yields a new
hyperspectral image where all present features have the correct geometric
proportions and each pixel has been assigned a set of geographic coordinates. For
imagery recorded using a sensor from Ecotone AS, this kind of georeferencing
can be performed in the software application “Immersion”, previously mentioned
in Chapter 5.1. Examples of underwater hyperspectral imagery georeferenced
under the flat seafloor assumption can be found in Papers C-D.
Like optical correction, georeferencing is also much more complicated
when a flat seafloor cannot be assumed. The main challenge is arguably that
assigning a single seafloor altitude to an entire push-broom frame is highly
erroneous when the bathymetry varies significantly in the across-track direction.
To properly account for irregular bathymetry during georeferencing, the data
must once again be processed on an individual pixel level. This can be achieved
using the same photogrammetric approach described in Chapter 5.1: by raycasting the hyperspectral imagery onto a 3D model of the survey area based on
acquired estimates of the push-broom scanners position, orientation and FOV, the
true geographic position of each pixel can be obtained. This novel methodology
proposed and developed by Løvås et al. (in review) has so far yielded
georeferencing results with unprecedented precision and accuracy, and an
example that illustrates its potential is featured in Paper E.

5.3 Classification
For seafloor mapping, the endgame of the hyperspectral data processing is
typically estimating the distribution and abundance of present OOIs by means of
optical image classification. During this procedure, the imagery is classified, or
spatially categorized, based on the properties of the recorded optical signatures
(hyperspectral pixel spectra). The classification can either be unsupervised or
supervised.
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Unsupervised classification is entirely algorithm-based and requires little
to no input from the user. The unsupervised classifier operates by identifying
spectral patterns and clustering behavior intrinsic to the dataset, based on which
it creates categories/classes that may or may not translate to meaningful OOIs.
Each image pixel is subsequently assigned to the spectral class it resembles the
most. Unsupervised classification can serve as a useful guide if no prior
knowledge of the survey area exists. However, this is rarely the case. Typically,
a UHI survey is carried out with a specific set of potential targets in mind, and for
these purposes, the supervised approach represents a better option.
Supervised classification is data categorization based on labelled training
samples provided by the user. By considering the training samples, the supervised
classifier establishes a set of rules/thresholds that attempts to identify and
discriminate between the provided input classes as accurately as possible. When
new data are provided to a trained supervised classifier, each individual sample
is assigned to the training set class it most closely resembles. As an alternative, a
probability rule can be defined by the user, so that only samples resembling a
training set class beyond a certain threshold are classified. Training samples for
supervised classification of underwater hyperspectral imagery are usually chosen
from biogeochemical seafloor classes known to be meaningful a priori. The
selection of suitable training data can either be performed subjectively based on
knowledge and experience (Papers A-C and E-F), or objectively based on
spectral patterns identified by unbiased computer algorithms (Paper D).
There is an abundance of supervised classification algorithms that can be
applied to hyperspectral imagery, but two of the most common are the “spectral
angle mapper” (SAM) and the “support-vector machine” (SVM). Both can be
implemented in, e.g., the software application ENVI.
SAM is a relatively simple algorithm that treats individual spectra as
vectors in n-dimensional space, where n corresponds to the number of spectral
samples (wavelengths) within each pixel (Kruse et al. 1993). In the SAM
algorithm, the training data are used to establish a mean optical signature (target
signature) for each spectral class. This is frequently referred to as a “spectral
library”. The pixel spectra in the dataset that is to be classified are subsequently
compared to this spectral library, and if the spectral angle between a pixel
spectrum and a library spectrum is sufficiently small (based on a user-defined
maximum angle threshold), the given pixel is classified as the corresponding
library class. One of the main benefits of the SAM algorithm is that it easily can
be applied using pre-established spectral libraries acquired under controlled
laboratory conditions (Paper B). One of its potential limitations is that it
intrinsically only is capable of considering spectral shape, and that differences in
overall brightness therefore are invalid discriminators. Applied examples of the
SAM algorithm are featured in Papers A-B.
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Although SAM in its simplicity can be highly useful, the SVM algorithm
represents a more powerful and robust option that typically can produce more
accurate classification results. SVM operates by maximizing the distance between
training set classes using vector-defined decision surfaces, or hyperplanes (Cortes
& Vapnik 1995, Mountrakis et al. 2011). The support vectors that define the
decision surfaces correspond to the training samples situated closest to the given
hyperplane. One of the advantages of the SVM algorithm is that it can generalize
well based on limited training data. It is also able to handle high-dimensional and
complex datasets without making any assumptions regarding the underlying data
distribution (Mountrakis et al. 2011). The main disadvantage of the SVM
algorithm is arguably that it is relatively intensive computationally. Due to its
power and robustness, SVM has become widely employed and is consistently
ranked among the top-performing classification algorithms in the remote sensing
community (Wu et al. 2008, Mountrakis et al. 2011, Cilli et al. 2020). The
applicability of the SVM algorithm in relation to UHI was first demonstrated by
Chennu et al. (2017) and Dumke et al. (2018a-c). In this thesis, the SVM
algorithm was applied in Papers C-F.
The schematic overview in Fig. 12 largely summarizes the topics covered
in Chapter 5. The data shown in the figure were obtained from a shallow kelp
forest habitat off Ny Ålesund, Svalbard, in January 2020 using a mini-ROV rig.
The mini-ROV rig was equipped with an underwater hyperspectral imager, a
battery-powered LED lamp and a downward-facing altimeter measuring the realtime distance between the platform and the seafloor. Prior to the survey, the
spectral properties of the utilized lamp (ܮ (ߣ)) had been quantified. A white
reference standard had also been deployed in the survey area and hyperspectrally
recorded at various altitudes so that ݇(ߣ) could be estimated. By combining this
information with the seafloor altitude measurements from the altimeter ()ݖ, the
UHI transect shown in Fig. 12a could be converted into ܴ(ߣ) using Eq. 5 under
the flat seafloor assumption. The ܴ(ߣ)-converted data were subsequently
georeferenced based on ݖ, time-stamped measurements of sensor orientation and
the geographic positions of the straight survey line’s start- and endpoint. After
the survey, the ܴ(ߣ) spectra of various OOIs physically obtained from the survey
area were measured in a laboratory using a QE Pro scientific-grade spectrometer
from Ocean Insight Inc. (Orlando, USA). These ܴ(ߣ) spectra were used to build
a spectral library, based on which a strict SAM classification of the georeferenced
UHI transect was carried out (i.e., only pixels very strongly resembling a library
spectrum were classified). The results of this process are shown in Fig. 12b.
Finally, the relatively few pixels identified by the SAM algorithm were used as
training data for a full-scale SVM classification. This yielded a classified map of
the entire survey area (Fig. 12c) where the distribution and abundance of relevant
OOIs could be assessed.
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Fig. 12. Example of a processing pipeline that can be applied to data from underwater hyperspectral
imaging (UHI) surveys. Panel (a) shows a spectral reflectance (R(Ȝ))-converted and georeferenced
UHI transect visualized in red, green and blue (RGB). Panel (b) shows the results of a strict spectral
angle mapper (SAM) classification performed using a pre-acquired spectral library of verified and
labelled R(Ȝ) signatures. Panel (c) shows a full-scale support-vector machine (SVM) classification
of the survey area based on training data identified by the SAM algorithm in the previous step.
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Chapter 6
Conclusions and Recommendations for Further
Work
The main aim of this thesis was to evaluate the potential of UHI as a mapping
tool for marine benthic environments. The focus of the work was applicationoriented, and the presented results should therefore be treated as such. In Chapter
3, it was shown that a considerable color diversity can be found among marine
benthos. Although the presented examples strictly pertained to Norwegian waters,
it is reasonable to assume that similar or more diverse color assemblages can be
expected in other regions of the world (e.g., in tropical coral reef environments;
Bandaranayake 2006). Moreover, it was demonstrated that the optical signatures
of marine organisms cannot be characterized optimally using the RGB channels
of conventional digital cameras. Hence, with its superior spectral resolution, the
main strength of UHI is arguably that it permits optimized color-based habitat
mapping regardless of the survey area’s species composition.
Chapter 4 illustrated the flexibility of UHI in terms of sensor deployment.
It was shown that underwater hyperspectral imagers can be deployed on a variety
of sensor-carrying platforms, including ROVs, USVs and AUVs. Different
platforms have different capabilities and limitations, but if the available options
are considered collectively, potential survey targets for UHI range from shallow
intertidal habitats to deep-sea abyssal plains. Hitherto, most published studies
featuring UHI have utilized expensive platforms dependent on a research vessel
for deployment. However, recent development of compact, modular and portable
platforms, such as mini-ROV rigs, will likely make UHI a substantially more
applicable remote sensing technique in the near future.
Hyperspectral data cubes are large data products that require extensive
post-processing before they can be used in relation to environmental mapping.
The post-processing procedure typically includes both optical correction and
georeferencing, which demands measurements of multiple auxiliary parameters,
such as sensor position/orientation and optical water column properties, in
addition to the imagery itself. Currently, the main obstacle for UHI as a seafloor
mapping tool is not measuring these parameters, but rather the lack of a
streamlined software solution for implementing them. Simply stated, the gap
between the technical expertise required to properly post-process a UHI dataset
acquired in situ and the expertise typically possessed by relevant end users is
inconveniently wide. In the future, it is therefore strongly recommended that a
user-friendly post-processing software specifically designed for UHI applications
is developed. This will not only reduce the efforts that have to be put in to prepare

45

viable data products, but also make UHI available to a greater proportion of the
scientific community. The photogrammetry-based georeferencing and optical
correction approach recently proposed by Løvås et al. (in review) represents a
promising methodology that should be further pursued for these purposes.
Provided that the underwater hyperspectral imagery has been sufficiently
post-processed, a considerable advantage of UHI is the opportunity to carry out
accurate image classification based on verified optical signatures. The high
spectral resolution associated with UHI provides an unprecedented foundation for
color-based identification and mapping of relevant OOIs that easily can be
exploited by common classification algorithms, such as SAM and SVM. Using
the supervised classification approach, habitat mapping can be conducted in an
automated fashion, based on training data from only a small subset of the survey
area (Papers E-F). This can potentially increase the efficiency of future mapping
efforts, provided that sufficient UHI expertise is built up among researchers and
environmental managers.
In this thesis, the hyperspectral image classification was largely carried
out using broad spectrum matching (i.e., the full visible light range) based on
manually selected training data from known targets in the imagery. Although this
may be a useful approach, it is strongly dependent on the quality of the image
post-processing (e.g., the optical correction procedure) and the experience of the
end user. Consequently, it can be considered a “first step” in hyperspectral
seafloor mapping. In the future, it is recommended that mapping based on spectral
features inherent to different benthic targets (i.e., physics-based spectral features
independent of the dataset under investigation) is further investigated. One such
approach could be to identify and isolate narrow-band spectral regions (i.e.,
defined intervals within the visible light range) where the spectral properties of
the given OOI(s) are particularly characteristic. By exploiting these narrow-band
regions using analytical tools, such as band ratios and spectral indices, it is
conceivable that hyperspectral seafloor mapping could be made more robust with
less supervision from the end user (Dierssen et al. 2015, Garaba & Dierssen 2018,
Dierssen et al. 2021). If characteristic narrow-band features relevant to benthic
habitat mapping are identified hyperspectrally it is also possible that these
spectral regions can be deliberately targeted using promising new techniques,
such as active multispectral imaging (Chirayath & Li 2019).
Lastly, the following question must be addressed: where in the preexisting network of applied seafloor mapping techniques does UHI potentially fit
in? Being an optical push-broom technique, UHI is confined to relatively low
seafloor altitudes and slow survey speeds. Moreover, the size of the data products
acquired during a UHI survey is considerable, which at a certain point prevents
further data acquisition from being practical, or even feasible. Consequently, it is
obvious that UHI cannot compete with acoustic techniques, such as MBES and
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SSS/SAS, in terms of areal coverage. However, the high spatial and spectral
resolution associated with UHI provides a foundation for ground truthing that
arguably is unmatched by any other remote sensing technique. In practice, UHI
therefore represents a seafloor mapping option that helps bridge the gap between
physical point sampling and acoustic imaging. This niche should be considered
highly attractive for detailed studies of areas 1,000 m2, and its spatial relation to
those of other widely applied seafloor mapping techniques is shown in Fig. 13.
UHI’s ability to contribute to the assortment of techniques currently employed in
marine research and management is firmly exemplified in Paper E, where
analysis of underwater hyperspectral imagery was used to verify and characterize
cold-water coral occurrences in an area of interest that previously had been
identified using acoustics.
Further work related to UHI should be carried out interdisciplinarily, with
actors from fields including marine biology, archaeology, geology, technology
and computer science involved. As shown in Paper D, this kind of approach can
yield synergistic effects, which ultimately may facilitate knowledge generation.
Efforts should also be made to involve UHI in seafloor studies featuring multiple
additional mapping techniques, as different mapping approaches usually provide
complementary information (Papers D-E). From a biological perspective, an
enhanced understanding of the color diversity that can be found among marine
organisms globally is required to truly capitalize on the potential of UHI as a tool
for benthic habitat mapping. It is therefore recommended that a standardized
spectral library is established and made publicly available. Based on the currently
available knowledge on biological pigmentation and coloration, tropical coral
reefs should be considered particularly interesting targets for future UHI surveys.
With the rapid advances that presently can be witnessed within fields such as deep
learning and artificial intelligence, it is conceivable that UHI can be implemented
in more autonomous survey systems in the future. This may for instance permit
real-time target recognition and mapping based on spectral properties, and for a
generalized overview of the topic of autonomy, the reader is referred to Ludvigsen
& Sørensen (2016), Nornes (2018) and Ødegård (2018).
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Fig. 1. Spatial niches of various seafloor mapping techniques. The x- and y-axes respectively show
capacities related to areal coverage (m2) and spatial resolution (m). Note that the scales of both axes
are logarithmic. MBES = multibeam echo sounding; RGB = red, green, blue; SSS = side-scan sonar;
SAS = synthetic aperture sonar; UHI = underwater hyperspectral imaging.
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Coralline algae constitute a cosmopolitan group of calcifying rhodophytes (red algae) that display characteristic
optical fingerprints due to light absorption by specific light-harvesting pigments. The spectrally conspicuous
nature of coralline algae makes them potential candidates for optical remote sensing surveys. Recently, underwater hyperspectral imaging (UHI), which we believe is a novel optical remote sensing technique, also has become
the subject of marine research. The aim of the study was to characterize the spectral properties of different
coralline algal species and to assess the potential of UHI as a coralline algal identification and mapping tool.
Four species of coralline algae were investigated: Corallina officinalis, Lithothamnion glaciale, Phymatolithon
lenormandii, and Phymatolithon tenue. Important coralline algal pigments were identified using spectrophotometry and high-performance liquid chromatography (HPLC). Reflectance spectra of all species were obtained using
both a spectrometer and UHI. Multivariate statistical analyses were performed on the reflectance data to identify
spectral differences between the species and the instruments. Supervised classification of coralline algae in UHI
transects recorded both in vivo and in situ was also carried out. R-phycoerythrin and chlorophyll a were found to
be the most dominant coralline algal pigments. The analyzed species of coralline algae displayed highly similar
reflectance spectra, and dips in reflectance corresponding to the absorbance peaks of R-phycoerythrin and chlorophyll a were identified in all spectra. Wavelengths corresponding to R-phycoerythrin light absorbance were the
greatest contributors to interspecific spectral differences, but the investigated coralline algal species could not be
spectrally distinguished with great accuracy. Optical signatures recorded using different instruments were comparable, but inter-instrumental spectral differences were found to be greater than interspecific differences.
Supervised UHI classification was unable to accurately map different coralline algal species due to the similarity
of the optical fingerprints; however, as a group, coralline algae could easily be identified. In the future, large-scale
UHI surveys of coralline algal habitats should be carried out using platforms such as remotely operated vehicles
(ROVs) and autonomous underwater vehicles (AUVs) to enhance our understanding of this widespread and
ecologically important organism group. © 2017 Optical Society of America
OCIS codes: (280.1415) Biological sensing and sensors; (110.4234) Multispectral and hyperspectral imaging; (010.4450) Oceanic
optics.
https://doi.org/10.1364/AO.56.009957

1. INTRODUCTION
A. Coralline Algae

Coralline algae are multicellular rhodophytes (red algae) belonging to the order Corallinales [1]. With a distribution ranging from tropical latitudes to the high Arctic, they can be found
in euphotic waters all over the world [2]. A characteristic trait of
coralline algae is that they deposit calcium carbonate in the
1559-128X/17/369957-19 Journal © 2017 Optical Society of America

form of calcite [1,3]. By depositing calcium carbonate, coralline
algae create hard and sometimes three-dimensional (3D) structures that may serve as habitats for other organisms. For this
reason, they are considered important ecosystem engineers
[2,4–6].
As photoautotrophs [7], coralline algae rely on sunlight for
survival. They are known to be efficient light harvesters, and
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in clear oceanic waters have been found at depths >250 m [8].
In terms of light harvesting, multicellular red algae have generally been shown to display highly similar absorbance spectra
(i.e., optical signatures) [9]. Like most photoautotrophs, red
algae partially rely on chlorophyll a (chl a) for light absorption
[9]. Red algal chl a displays in vivo absorbance maxima at
437–439 nm (blue) and 678–681 nm (red), and a satellite band
absorbance peak at ∼630 nm (orange) [9,10]. In addition to
chl a, phycobiliproteins contribute significantly to red algal
light absorption. Phycobiliproteins are water-soluble pigments
found in cyanobacteria, cryptomonads, and red algae [11,12]
that mainly absorb light in the green region of the visible
light spectrum (400–700 nm). Three major phycobiliprotein
groups can be found in red algae: allophycocyanins, phycocyanins, and phycoerythrins [13]. Of these, phycoerythrins are the
most abundant [12]. Macrophytic red algae such as coralline
algae are characterized by high contents of the phycoerythrin
R-phycoerythrin (R-PE) [14]. R-PE strongly absorbs light in
the blue-green region of the visible light spectrum, and displays
absorbance maxima at 495–499 nm and 565–566 nm [15–17].
Currently, several incentives exist to increase the research on
coralline algae. As ecosystem engineers [2,4–6], its ecological
importance is one of them. A conservation-related aspect is that
coralline algae as calcifiers may be adversely affected by ocean
acidification [7,18,19]. Additionally, there is currently an interest in using coralline algae as biomarkers to assess the effect of
discharges from oil platform drill cuttings on benthic habitats
[20–22]. Regarding distribution, coralline algae are poorly
mapped in certain regions of their range, including the Great
Barrier Reef [23], the Arctic, and the subarctic [6]. In a 2001
review paper by Foster [2], a need for long-term field studies of
coralline algal habitats is also expressed. Because phycobiliproteins like R-PE are confined to a small range of organisms
[11,12], coralline algae can be considered spectrally conspicuous and therefore favorable targets for optical remote sensing.
We believe underwater hyperspectral imaging represents a
novel, optical remote sensing technique for marine environments [24,25] that may be suitable to assess coralline algae.
B. Underwater Hyperspectral Imaging

In past decades, hyperspectral imaging has become an established remote sensing technique for environmental mapping
and monitoring [26–29]. The technique can be considered a
form of spectroscopy capable of recording images as well as optical signatures. Hyperspectral imagers deployed on platforms
such as airplanes and satellites can acquire high-resolution spectral data, which can be used for supervised classification of areas
and objects of interest (OOIs). From aerial and space-borne
platforms, hyperspectral image acquisition relies on the ambient light field generated by the sun. It can therefore be regarded
as a passive imaging technique [30]. Until now, dependency on
ambient light has restricted hyperspectral imaging to terrestrial
and shallow-water environments. This restriction is due to the
optical properties of water, which quickly attenuate light as a
function of depth [31]. Recently, however, underwater hyperspectral imaging (UHI), an active version of the technique
equipped with its own light source and a waterproof housing,
has been used in marine research [24]. Because it is independent of ambient light, UHI may be used to identify, visualize,
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and map biogeochemical seafloor structures that have, until
now, been out of the reach of hyperspectral imagers.
The underwater hyperspectral imager is a push broom,
camera-equipped spectrometer that receives light through a
thin entrance slit [32,33]. During the process of capturing
a hyperspectral image frame, light entering the instrument is
diffracted into separate wavelengths and projected onto the
camera sensor as a contiguous spectrum. Each pixel row on the
camera sensor parallel to the slit captures a picture of the slit at
a particular wavelength. By tilting the frame 90° and instead
collectively interpreting all the pixel rows as monochromatic
levels of the same pixel row, the result is one hyperspectral pixel
row corresponding to the light entrance slit, featuring detected
intensities for all the wavelengths used [32]. To record image
transects, the instrument is moved across the target area with
the slit oriented perpendicularly to the direction of movement
(push broom technique). As the instrument is moved, the camera continuously captures slit frames at a set frame rate. An individual frame represents one cell (slit image) of the target area,
and these frames are merged together to form continuous transects (photomosaic images) with a width dependent on slit
width and the hyperspectral imager’s altitude over the target
area [32]. A transect can alternatively be interpreted as an image
cube, where the x-, y-, and z-axes represent the direction of
movement, slit width, and spectral levels, respectively [32].
Since each UHI pixel is assigned its own contiguous light spectrum, the spectral resolution and amount of information that
can be obtained from an image transect is vastly increased [24].
As a result, UHI can detect subtle and otherwise unnoticeable
spectral properties of a given OOI, and record object-specific
optical fingerprints. Optical fingerprinting increases classification accuracy, and can be used for both qualitative and
quantitative mapping during post-processing [24].
In addition to the spectral properties, spatial and radiometric
properties also influence the resolution of underwater hyperspectral imagery [24]. The spatial resolution provided by UHI
varies with altitude and sensor quality. Due to the rapid attenuation of light in the marine environment [31], underwater hyperspectral imagers are confined to scanning altitudes <10 m
above the OOI. The focal plane of underwater hyperspectral
imagers can be adjusted to distinguish between small-scale objects on a sub-meter scale, but even within the narrow underwater scanning range, the spatial resolution varies considerably
with altitude. As a reference, a camera scanning distance of 2 m
can potentially yield a spatial resolution close to 2 mm [24].
The exposure and color quality of UHI is partially determined
by the imager’s radiometric resolution (dynamic range in bits
per pixel). Radiometric resolution varies between camera sensors, but is usually found within the interval of 8–16 bits per
pixel [33]. A higher number of bits per pixel (e.g., 16) results in
a broader dynamic range, and thus more accurate image depiction. High radiometric resolution, however, also produces large
data files, which may be hard to process and require extensive
storage capacity. This tradeoff between quality and the ability to
be processed must be adjusted according to operational goals
and computer processing capacity [24].
Being relatively compact instruments, underwater hyperspectral imagers are versatile in terms of deployment. Stationary
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platforms, such as tripods or rails with moving carts, mounted
on the seafloor represent one of the most basic alternatives
[24,33,34]. Mobile platforms equipped with dynamic positioning systems [35,36] provide another layer of complexity by permitting larger areal coverage, and the possibility of temporal
revisitation through geolocation [24,37]. Examples of mobile
platforms used as UHI carriers include remotely operated
vehicles (ROVs) and autonomous underwater vehicles (AUVs).
Both represent state-of-the-art, instrument-carrying platforms for
ocean exploration [37], with a survey range spanning from deepsea trenches [38,39] to ice-covered polar oceans [40–42]. The
compatibility with underwater platforms capable of pushing exploration boundaries emphasizes the potential of UHI as a marine
identification, mapping, and monitoring tool, and suggests that
the technology could play an important role for marine science in
the future.
UHI technology has proven successful at visualizing and
mapping a variety of OOIs and habitats. The versatility in
application can partly be attributed to compact instrument
design, providing flexibility in terms of deployment. From stationary platforms, underwater hyperspectral imagers may provide detailed imagery on a small scale. In Hopavågen, Agdenes,
Norway (April 2010), an underwater hyperspectral imager deployed on a rail-and-cart-based platform was, for instance, used
to spectrally distinguish between various biogeochemical objects submerged for the occasion [24]. In Australia, a tripodbased UHI operated by scuba divers has been used to assess
the spectral characteristics of corals, stromatolites, and sea grass
in situ [33]. Although hyperspectral imagery from stationary
platforms may be highly informative, the true potential of
UHI as a mapping tool first becomes apparent from mobile
platforms such as ROVs. One of the benefits associated with
ROV-based UHI mapping is its ability to cover larger areas that
additionally may be beyond the reach of scuba diving and stationary platforms. ROV-based UHI was first attempted in
2012, and has since been used to visualize deep-water corals
and archaeological sites in the Trondheimsfjord (Norway), coralline algal beds off Svalbard, and manganese nodules at a depth
of 4200 m in the Pacific Ocean [33,37,43]. With one successful pilot trial carried out [44], AUV-based UHI may provide
yet another level of possibilities by permitting even larger areal
coverage and increasing the degree of autonomy associated with
hyperspectral image acquisition. Implementing UHI in AUVbased surveys could be considered the next step in underwater
hyperspectral mapping, and will likely expand the technology’s
future application potential [33].
C. Optical Properties of Seawater

Due to the optical properties of seawater and its constituents,
light is rapidly attenuated in the marine environment [31].
There are two ways to look at the optical properties of seawater:
as apparent optical properties (AOPs) or inherent optical properties (IOPs). AOPs are the optical properties of the medium in
context with the geometrical structure of the ambient light field
[45]. AOPs are measured with passive sensors, typically using
the light field generated by the sun [24]. In contrast, IOPs are
the optical properties of the medium alone, irrespective of the
ambient light field [45]. IOPs are measured with active sensors
equipped with a light source of known intensity and spectral
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composition (e.g., underwater hyperspectral imagers) [32].
Their independence from ambient light makes IOPs especially
relevant for dark environments [32], such as deep waters and
the Arctic during the polar night. It also makes IOPs easier
to interpret because the behavior of light is more readily quantifiable when the properties of the light source are known in
detail [24].
D. Optical Fingerprinting

During the process of optical fingerprinting, upwelling radiance
and relative reflectance represent important physical parameters. Hyperspectral imagers measure upwelling radiance for
each wavelength of light [Lu λ, W m−2 nm−1 sr−1 ] used. When
the spectral downwelling irradiance [E d λ, W m−2 nm−1 ] from
the light source is known and all surfaces are assumed to behave
as Lambertian reflectors, relative reflectance at a given wavelength [Rλ, 0–1, where 1 represents 100% reflection] can
be calculated using [24,32]
Rλ 

πLu λ
:
E d λ

(1)

Because Rλ is the ratio of πLu λ to E d λ, it depends on
light attenuation, and thus the IOPs of the water column, the
light source spectrum, and the light source intensity. In terms
of IOPs, total volume attenuation (light beam attenuation)
of a specific wavelength [cλ, m−1 ] is the sum of light absorption [aλ] and scattering [βλ] in the medium [32].
Phytoplankton and water itself contribute to both absorption
and scattering of photons, whereas colored dissolved organic
matter (cDOM) and total suspended matter (TSM) contribute
to absorption and scattering, respectively [32]. As the degree of
attenuation increases exponentially with distance, the optical
fingerprint of an OOI may vary substantially with both turbidity and scanning altitude [24]. One possible way to correct for
light source properties and the water column’s effect on measurements and calculations, is to apply a radiative transfer
model on the acquired spectral data [25,46]. Another way is
to deploy a reflectance plaque (reflectance standard) of known
properties on the target area. Ideally, such a plaque should reflect light equally across the entire spectrum of visible light,
so that attenuation of all wavelengths can be accounted for
[24]. Knowing the upwelling radiance from a reference plaque
[Lu ref λ] and assuming all surfaces behave as Lambertian
reflectors, Rλ can be obtained by
Rλ 

Lu OOI λ
;
Lu ref λ

(2)

where Lu OOI λ represents the spectral upwelling radiance
from the OOI [33,34]. One potential downside to using
Eq. (2) for reflectance estimation is that it fails to take into
account the effects of light backscattered within the water
column. These effects can be considered negligible when the
distance between the sensor and the OOI is sufficiently short,
but as the scanning distance increases, so does the impact of
backscattered light on recorded measurements [47]. During
post-processing of hyperspectral data, optical fingerprints can
be used for qualitative as well as quantitative mapping.
Hyperspectral mapping may be achieved by storing optical
fingerprints of known organisms and OOIs as training sites
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in a spectral library, based on which supervised classification
can be carried out [24,48]. Classification can be based on both
Lu λ and Rλ spectra, but if the same training sites are to be
used for multiple transects, Rλ-based classification may be
necessary to account for differences in IOPs and the scanning
altitude. During supervised classification, any pixel with an
optical signature sufficiently close to the fingerprint of a library
training site will be labelled as belonging to the respective OOI
[49]. The spectra in the library allow for efficient automated
mapping of multiple OOIs [34].
E. Experimental Aims

This study aims to assess the spectral characteristics of four
coralline algal species and to evaluate the potential of UHI
as a coralline algal identification and mapping tool. Although
multiple studies have previously featured spectral measurements of coralline algae [48,50–53], species-specific comparisons of coralline algal optical signatures have, to our knowledge,
rarely been published. Previous studies have typically been
carried out in shallow-water coral reef environments, and estimated the spectral reflectance of cm-dam-scale seafloor areas
using either spectrometers in situ or aerial/space-borne imagery.
In these studies, coralline algae have rightfully been characterized as one spectral group, owing to the purpose of the given
study or limitations with respect to spatial resolution. For the
purpose of this study, species-specific spectral characteristics of
coralline algae were, however, of interest due to the high spatial
resolution of UHI, which permits even small (<1 cm) OOIs
to be represented by multiple pixels. In this current study,
spectrophotometry and high-performance liquid chromatography (HPLC) was used to verify the presence of important coralline algal pigments. The optical fingerprints of all four species
were recorded in the form of Lu λ, using both a spectrometer
and UHI. Lu λ spectra from the two techniques were converted into Rλ to permit inter-instrumental as well as interspecific spectral comparisons. Multivariate statistical analyses
were performed on various subsets of the Rλ data to identify
the main wavelengths responsible for differences between species and instruments. Finally, using supervised classification,
the coralline algal mapping potential of UHI was assessed both
in vivo and in situ. Ultimately, the results of the study were used
to answer whether (1) coralline algal Rλ could be related to
pigment composition; (2) coralline algal species could be
spectrally distinguished even though they are known to display
similar optical properties [9]; (3) optical fingerprints recorded
using different instruments were comparable; and (4) UHI
could be used to identify and map coralline algae.
2. MATERIALS AND METHODS
A. Laboratory-Based Spectral Analyses

All laboratory-based spectral analyses were carried out at
Trondheim Biological Station (TBS) at the Norwegian
University of Science and Technology (NTNU). In the analyses, four species of coralline algae were investigated (Fig. 1):
Corallina officinalis (Linnaeus, 1758), Lithothamnion glaciale
(Kjellmann, 1883), Phymatolithon lenormandii (Areschoug,
1852), and Phymatolithon tenue (Rosenvinge, 1893). The
former three were sampled in Hopavågen (63°35’N 9°32’E),

Fig. 1. Four coralline algal species analyzed spectrally: Corallina
officinalis (a), Lithothamnion glaciale (b), Phymatolithon lenormandii
(c), and Phymatolithon tenue (d).

Agdenes, Norway, in April 2016. All specimens from Hopavågen
were sampled at depths between 1 and 5 m by scuba and freediving. Phymatolithon tenue was obtained from Trygghamna
(78°14’N 13°50’E), Svalbard, Norway, in August 2016. Specimens
of P. tenue were sampled at a depth of approximately 25 m by
scuba diving.
Because the P. tenue specimens had to be transported by
airplane from Svalbard to TBS, its health state was assessed
upon arrival. The assessment was made using a pulse amplitude
modulated (PAM) fluorometer (DIVING-PAM, Heinz Walz
GmbH, Germany) according to the procedure described in
Wägele and Johnsen (2001) [54]. Before the measurements,
an autozero of the DIVING-PAM was performed. Measuring
light frequency of chl a fluorescence was set to 0.6 kHz, which
yielded non-actinic irradiance at 655 nm. Measuring light intensity was set to 10 (∼0.15 μmol photons m−2 s−1 ), whereas
saturation flash intensity to close all photosystem (PS) II reaction centers was set to 12 (4000 μmol photons m−2 s−1 ). The
operational quantum yield of chl a fluorescence from PS II
0
(φPS
II ) was measured under dim light conditions (∼1 μmol
0
photons m−2 s−1 ). Measurements showed that P. tenue’s φPS
II
was 0.42  0.07 (SD, n  6), which proved the specimens
were in good condition [21].
Prior to the analyses, the coralline algae were kept in a plastic
crate flow-through system at TBS. The system was continuously provided sand-filtered seawater from a depth of 100 m,
and held a temperature of 7°C–8°C. Dim sunlight provided
illumination during daytime; during midday, the system’s
underwater ambient light field was measured to ∼1 μmol photons m−2 s−1 . Light intensity (irradiance from 400 to 700 nm)
was measured using the DIVING-PAM irradiance sensor.
To verify the identity of characteristic coralline algal pigments, the pigment composition of P. tenue was assessed
using both spectrophotometry (Section 2.A.1) and HPLC
(Section 2.A.2). Ideally, the pigment composition of all four
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species should have been assessed, but due to limited laboratory
access, only P. tenue pigments were characterized. The P. tenue
pigments were considered representative also for the remaining three species, as red algae are known to display similar
optical signatures [9]. The spectrophotometry was performed
in seawater solvent to identify water-soluble phycobiliproteins
in vivo. Using HPLC, the remaining constituent pigments were
investigated in vitro. Of the obtained coralline algae, six specimens of each species were chosen for Rλ analysis. Specimenspecific optical signatures [Lu λ spectra] were recorded using
both a spectrometer and UHI, and based on these signatures,
mean Rλ spectra (n  6) were calculated for each species for
both techniques.
1. In Vivo Spectrophotometric Pigment Analysis

A qualitative spectrophotometric analysis of water-soluble
pigments in P. tenue was performed using a Unicam UV500
spectrophotometer (Thermo Fisher Scientific Inc., USA).
Two algal specimens were crushed in separate mortars, containing approximately 100 mL of sand-filtered seawater each. The
sand-filtered seawater served as both solvent and buffer. A 1-cm
cuvette was used to characterize the pigments present in n  3
syringe-filtered (0.2 μm, to remove particles), 3-mL phycobiliprotein extracts from each mortar (n  6 extracts total).
Absorbance in the cuvette samples was measured at 1-nm spectral resolution within the interval of 350–800 nm. The data
were exported to Excel (Microsoft Corp., USA), where the absorbance spectrum from each cuvette sample was normalized
by dividing all values by the respective sample’s mean absorbance across all wavelengths. Normalized data were imported
into the statistical software R, where a mean normalized absorbance spectrum (n  6) with associated 95% confidence
interval was calculated and visualized within the interval of
400–700 nm.
2. In Vitro HPLC Pigment Analysis

Non-polar pigments in n  6 P. tenue specimens were analyzed
qualitatively in vitro, using a Hewlett Packard 1100 series
HPLC system (Hewlett Packard Inc., USA), equipped with a
diode array absorbance detector, according to Rodriguez et al.
(2006) [55]. Phymatolithon tenue pigments were identified
based on retention time and respective absorbance spectra,
which were recorded at 1-nm spectral resolution within the interval of 350–700 nm. The data were exported to Excel, where
each pigment-specific absorbance spectrum from each vial was
normalized by dividing all values by the respective spectrum’s
mean absorbance across all wavelengths. Normalized data from
the most dominant pigments were imported into the statistical
software R, where mean normalized absorbance spectra (n  6)
with associated 95% confidence intervals were calculated and
visualized within the interval of 400–700 nm.
3. In Vivo Spectrometer Analysis

For the spectrometer analysis, a SpectroClip-JAZ-TR spectrometer (JAZ spectrometer, Ocean Optics Inc., USA) with
a spectral resolution of approximately 0.3 nm, and a spectral
range of 350–1100 nm was used. All measurements were made
using a QR400-7-VIS-BX reflection probe (Ocean Optics Inc.,
USA) connected to the spectrometer through an optical fiber
bundle. The same bundle provided light to the tip of the
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reflection probe from a 20 W HL-2000-HP halogen light
source (Ocean Optics Inc., USA). Spectrometer data (i.e., optical signatures) were recorded using the software OceanView
1.5.2 (Ocean Optics Inc., USA). To optimize the signal-tonoise ratio, the integration time of each spectrometer scan
was set to 3000 μs, and boxcar width was set to 3. Boxcar
smoothing averages adjacent pixels to increase signal-to-noise
ratio at the expense of optical resolution [56]. A boxcar width
of 3 implied that 7 pixels were averaged (3 to the left 1 center
3 to the right), which was considered a reasonable tradeoff
between signal-to-noise ratio and optical resolution in the
current study. To further smooth the spectral curves, scans
to average per spectrometer measurement were set to 10. All
spectrometer measurements were recorded perpendicularly to
the OOI, at a distance of 2 cm. At this distance, the sampling
area was ∼0.79 cm2 [57]. The measurements were recorded in
a dark room to minimize the amount of stray light interfering
with the results. Remaining stray light was subtracted from the
measurements using OceanView’s “dark spectrum” function.
As the spectrometer raw data were in the form of Lu λ, a
spectrally neutral reference plaque was required for conversion
into Rλ [Eq. (2)]. To carry out the conversion, a calibrated
Spectralon (Labsphere Inc., USA) reflecting all wavelengths
between 400 and 700 nm equally (∼99%) was used in combination with a sanded (avoiding specular reflection), white polyethylene (PE) disk. The reason why the PE disk had to be
included was that the Spectralon was unable to withstand immersion due to its porous material changing optical properties
when saturated with water. Prior to the algal spectrometer
analysis, the dry-state optical signatures of both reference plaques, as well as the in-water, immersed-state optical signature
of the PE disk, were measured six times at a distance of 2 cm.
Based on these measurements, a mean optical signature (n  6)
was assigned to each reference plaque for each relevant set of
conditions: Lu Spectralon dry λ, Lu PE dry λ, and Lu PE immersed λ.
To account for the use of two reference plaques, Eq. (2)
had to be modified before Rλ could be calculated. This was
done by multiplying Rλ with the ratio of Lu PE dry λ to
Lu Spectralon dry λ, which, from now on, will be referred to as
PE:Sλ, as well as the known Rλ of the Spectralon (∼0.99).
Assuming that the measured optical signatures represented the
actual optical signatures of the reference plaques, Rλ of the
coralline algae could thus be calculated using the equation
Rλ 

Lu PE dry λ
Lu OOI λ
×
× R Spectralon λ;
Lu PE immersed λ Lu Spectralon dry λ
(3)

which further simplifies to
Rλ 

Lu OOI λ × PE:Sλ × 0.99
:
Lu PE immersed λ

(4)

After acquiring the reference data necessary for Rλ conversion, the coralline algae were analyzed with the spectrometer
species by species. For each species, six specimens were examined under water, with the spectrometer at a distance of 2 cm.
Together with the spectral data from the reference plaques,
all algal optical signatures were exported from OceanView
to Excel, where raw data were converted into Rλ using
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Eq. (4). Importing the Rλ-converted data into the statistical
software R, mean Rλ spectra (n  6) with associated 95%
confidence intervals were calculated for all algal species.
Because the spectrometer analysis was carried out under highly
controlled conditions, with minimal distance between the
algae and the sensor, the JAZ spectrometer Rλ spectra were
considered the control.
4. In Vivo UHI Analysis

The laboratory-based UHI analysis was performed using the
hyperspectral imager UHI-1 (1st generation). UHI-1 was developed by Ecotone AS and is a solid-state hyperspectral imager
fit into a 36 × 11 cm cylindrical underwater housing, depth
rated to 1000 m. Copper wiring supplies power at 12 V,
0.4 A, while optical fiber bundles are responsible for signal
transduction and electronic communication. Within UHI-1,
a CCD-equipped (charge-coupled device) camera captures hyperspectral image frames through an 8-mm fore lens. For this
study, UHI-1’s lens aperture was set to f ∕2.8. The imager’s
spectral range spans from 380 to 800 nm, and with a 12-bit
radiometric resolution, a dynamic range of 4096 different
intensities may be assigned each wavelength, detailed in
Johnsen et al. in 2016 [33].
To record hyperspectral image transects, UHI-1 was
mounted on a motorized aluminum rig overlying a 2.0 × 1.0 ×
1.5 m white plastic tank filled with sand-filtered seawater. The
rig had been specifically designed for laboratory-based UHI
applications by Ecotone AS, and was capable of moving the
imager back and forth at different altitudes and speeds. In terms
of lighting, the rig was equipped with two 250 W halogen
lamps (220 V, one placed 13 cm away from the imager on each
side) arranged in parallel to the light entrance slit of UHI-1.
Once mounted, the imager was immersed to a scanning altitude of 40 cm. For each coralline algal species, the six specimens previously analyzed with the JAZ spectrometer were
lined up directly beneath the imager’s path of movement. In
addition to the coralline algae, a sanded, white PE reference
disk was placed at the bottom of the tank for Rλ conversion
during post-processing. Upon setup completion, imaging adjustments and transect recordings were made using the software
SpectralDAQ (Specim, Spectral Imaging Ltd., Finland). For
the purpose of this survey, spectral resolution was set to
1 nm, while spatial resolution was set to 800 pixels per slit
frame. The imager’s frame rate was set to 44 Hz, whereas the
exposure time was set to 21.7 ms. Transects were recorded by
moving the UHI-1 across the target area at a speed of approximately 6 cms−1. Recorded transects were stored as RAW files
on an external hard drive.
Hyperspectral image transects were processed using the software ENVI 5.3.1 (Exelis Visual Information Solutions Inc.,
USA) in combination with Excel and the statistical software
R. RAW files containing spectral information in the form of
digital counts were converted into Lu λ, using the ENVI
plug-in HYPERMAP developed by Ecotone AS. The Lu λconverted transects had a spatial resolution of ∼0.75 mm,
and from the transects, a 32-pixel region of interest (ROI,
∼0.18 cm2 ) was extracted from each specimen of each algal
species. In addition, a 150-pixel ROI (∼0.84 cm2 ) was
extracted from the white PE reference disk. The mean

optical signatures of all ROIs were imported into Excel, where
specimen-specific algal Rλ was calculated using Eq. (4). The
reason why Rλ was calculated externally to ENVI was to
make Rλ estimates from UHI as comparable as possible to
estimates from the JAZ spectrometer. For the purpose of these
Rλ calculations, Lu λ from the 150-pixel PE reference ROI
served as Lu PE immersed λ, whereas values for PE:Sλ and
R Spectralon λ were identical to the ones used in the JAZ spectrometer analysis. Rλ-converted data were imported into the
statistical software R, and based on intraspecific Rλ values,
mean Rλ spectra (n  6) with associated 95% confidence
intervals were calculated for all algal species.
B. Field-Based Spectral Analysis

Hyperspectral field data were collected during a polar night
cruise to Svalbard in January 2016, with RV Helmer Hanssen
(University of Tromsø). An underwater hyperspectral imager
was deployed on NTNU’s ROV Minerva [35,58], and underwater hyperspectral image transects were recorded at a 25–30 m
depth in Trygghamna (78°14’N 13°50’E). Minerva was
equipped with two 500 W high-intensity discharge (HID)
lamps and a high-definition (HD) video camera for navigation
and ground truthing. The observed benthic community was
largely dominated by coralline algae (no other macroalgal
groups were observed), and, based on video footage from
Minerva, the algae were classified as likely belonging to the
species P. tenue (Fig. 2). Optical signatures of n  6 algal specimens were extracted from the hyperspectral data, and based
on these specimens, a mean Rλ spectrum was calculated for
the species.
1. In Situ UHI Analysis

Field transects were recorded using the underwater hyperspectral imager UHI-2 (2nd generation). UHI-2 was developed by
Ecotone AS, and is compared to UHI-1 a larger solid-state sensor, designed to fit into a 50 × 15.8 cm cylindrical underwater
housing depth rated to 1000 m. UHI-2 requires power at 12 V,
5 A, and, similar to UHI-1, copper wiring and optical fiber
bundles are responsible for power supply and data transmission.
Hyperspectral slit frames are captured through an 8-mm fore
lens, and projected onto a scientific complementary metaloxide semiconductor (sCMOS) camera sensor. For this study,
the UHI-2’s lens aperture was set to f ∕2.8. The spectral range

Fig. 2. ROV video footage from the January 2016 polar night cruise
to Svalbard. The figure shows a frame grab from Trygghamna (78°14’N
13°50’E) containing the coralline algal species Phymatolithon tenue.
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of UHI-2 is the same as for UHI-1 (380–800 nm), but the
dynamic range is considerably larger: at 16-bit radiometric resolution, 65,536 different intensities may be assigned to each
utilized wavelength. For further information, see Johnsen et al.
(2016) [33].
Prior to hyperspectral image acquisition, the UHI-2 was
mounted on the port side of Minerva, with the light entrance
slit oriented in port-starboard direction. Two downward pointing, 250 W halogen lamps oriented 35 cm aft and fore of the
imager provided UHI lighting. To permit conversion of hyperspectral field data into Rλ during post-processing, a spectrally
neutral reference plaque was deployed on the seafloor. To accomplish this, a weighed, black-and-white PE disk was brought
to the survey site using one of Minerva’s manipulator arms.
Once the survey site had been reached, the PE disk was
dropped onto a flat area of interest. Using the SpectralDAQ
software, the spectral resolution of the UHI-2 was set to
2 nm, while the spatial resolution was set to 800 pixels per slit
frame. Frame rate and exposure time were set to 16 Hz and
25 ms, respectively. Minerva was manually maneuvered in
straight transect lines across the area of interest, and hyperspectral imagery was recorded at an altitude of 1–2 m. All hyperspectral image transects were stored as RAW files on an external
hard drive.
The obtained field data were processed in the same manner
as data from the in vivo UHI analysis. To acquire algal Rλ
data comparable to that from the JAZ spectrometer and
UHI-1, a 3.75 × 1.40 m hyperspectral image transect recorded
at ∼25 m depth, at a steady altitude of 1.5 m was chosen for
analysis. The chosen transect had a spatial resolution of
∼1.75 mm, and contained both coralline algae and the PE
reference disk. Using ENVI 5.3.1 and HYPERMAP, the
RAW transect file was converted into Lu λ. 32-pixel ROIs
(∼0.98 cm2 per ROI) were extracted from six algal specimens,
and a 150-pixel ROI (∼4.59 cm2 ) was extracted from the
white area of the PE reference disk. Mean optical signatures
of all ROIs were exported to Excel, and converted into Rλ
using Eq. (4) according to the procedure described for the
in vivo UHI analysis. Rλ-converted algal data were exported
to the statistical software R, where a mean Rλ spectrum
(n  6) was calculated together with its 95% confidence
interval.
C. Statistical Comparison of Reflectance Spectra

To acquire a statistical overview of how different instruments
and algal species related to each other spectrally, principal component analyses (PCAs) [59] were performed on three selections of Rλ data within the interval of 400–700 nm. The
three data selections chosen for analysis were interspecific
JAZ spectrometer Rλ, inter-instrumental Phymatolithon tenue
Rλ, and all obtained Rλ data combined. With in situ data
from UHI-2 being limiting, the PCAs had to be performed at
approximately 2-nm spectral resolution. At this resolution, 155
wavelength variables were available. Because different instruments used marginally different wavelengths for recording light
spectra, wavelengths from one instrument had to be matched
with the closest corresponding wavelengths of the others. In the
current study, the maximal wavelength difference between instruments was 0.53 nm. The PCAs were performed in the
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statistical software R, using the prcomp function from the
built-in stats package. To reduce the impact of wavelengths
where Rλ varied excessively between instruments (i.e., wavelengths were Rλ estimates were considered to be erroneous),
data were standardized to mean  0 (centered mean) and
variance  1 (scaled variance). The analyses were thus performed on correlation matrices. Results of the PCAs were visualized in biplots [60], using the ggbiplot function from the
ggbiplot package available from GitHub (GitHub Inc.,
USA). In addition, the facto_summarize function from the
factoextra package (GitHub) was used to quantify the relative
contribution (%) of all wavelengths to variance explained by
principal components (PCs) 1 and 2.
D. Supervised Classification of Coralline Algae

Supervised classification of coralline algae in two hyperspectral
image transects was carried out in ENVI. Both transects contained spectral data that had previously been used in the current
study. The first transect chosen for classification had been used
in the in vivo UHI-1 analysis, and contained the coralline algal
species C. officinalis, L. glaciale, and P. lenormandii. The second
transect chosen for classification had been used in the in situ
UHI-2 analysis, and contained the coralline algal species
P. tenue. The spectral data in both transects were in the form
of Lu λ. Although it is possible to convert transects from Lu λ
to Rλ in ENVI through radiative transfer modelling, the classifications were based on Lu λ. The reason for this choice was
that previous Rλ conversions had been performed external
to ENVI (i.e., through Excel) and that an ENVI-based conversion could have produced species-specific Rλ spectra dissimilar from earlier estimates. By keeping the transects in Lu λ
form, classification could be carried out using the same coralline algal data that previously estimated Rλ spectra had been
based on.
1. In Vivo Supervised Classification

Supervised classification of a 2.00 × 0.60 m, in vivo UHI-1
transect containing C. officinalis, L. glaciale, and P. lenormandii
(n  6 specimens per species) was carried out to assess the
UHI’s ability to spectrally identify and distinguish between coralline algal species. A 32-pixel ROI had previously been extracted from each algal specimen in the transect to provide
Lu λ data for Rλ estimation. The same ROIs were chosen
to serve as species-specific training sites for the classification.
For each species, the mean optical signature of 192 ROI pixels
(32 pixels per specimen, times n  6 specimens) thus provided
a class to be highlighted in the rest of transect. In addition to
the species-specific classification, a classification of coralline
algae as a group was carried out for the same transect. For this
classification, the mean optical signature of all 576 ROI pixels
(192 pixels per species, times n  3 species) served as the class
to be highlighted. The statistical method chosen for the classifications was the spectral angle mapper (SAM), which is
known to be suitable for data classification of high spectral dimensionality [49]. In SAM, pixel spectra are treated as vectors
in n-dimensional space, where n represents the number of
wavelengths available. If the angle (radians) between a pixel
spectrum and a training site spectrum falls within a userdefined maximum angle threshold, the pixel is classified as

9964

Vol. 56, No. 36 / December 20 2017 / Applied Optics

Research Article

the corresponding OOI [61]. Thresholds were determined by
visual photointerpretation, and following the algal classification
procedure, both classifications were sieved to eliminate isolated
pixels. Sieving in ENVI uses “blob grouping,” which looks at
the neighboring four or eight pixels (pixel connectivity) to
investigate whether a pixel is grouped with pixels belonging
to the same class [62]. Pixel connectivity was in this case set
to eight pixels, whereas the minimum size of groups to keep
was set to 16 pixels. Sieved classifications were exported from
ENVI, and saved as TIFF files.
2. In Situ Supervised Classification

To evaluate the ability of UHI to quantitatively assess coralline
algal coverage in situ, supervised classification of P. tenue in a
hyperspectral field transect was carried out in ENVI. The transect chosen was the 3.75 × 1.40 m, Lu λ-converted transect
previously used in the in situ UHI-2 analysis of P. tenue.
By using this transect, classification could be carried out using
the same data that had been used to estimate P. tenue’s in situ
Rλ spectrum. The six 32-pixel, P. tenue ROIs previously extracted thus served as a 192-pixel training site, providing an
optical class/fingerprint to be identified in the remainder of
the transect. A variety of statistical classification methods exist
for hyperspectral imagery, and in this case, five different algorithms were chosen: SAM [61], minimum distance [49], binary
encoding [63], spectral information divergence (SID) [64], and
parallelepiped [49]. Classification thresholds were determined
by visual photo-interpretation. Post-classification, all five classifications were sieved to eliminate isolated pixels. The sieving
was carried out with the same settings as for the in vivo supervised classification. Percentage coralline algal coverage was
extracted from each sieved classification, and the results were
saved as TIFF files.
3. RESULTS
A. Laboratory-Based Spectral Analyses
1. In Vivo Spectrophotometric Pigment Analysis

All in vivo spectrophotometric data revealed considerable
P. tenue absorbance within the interval of ∼450–580 nm. The
normalized absorbance spectrum is shown in Fig. 3. Peaks in
absorbance at 497 and 566 nm matched the in vivo absorbance
maxima of the water-soluble phycobiliprotein R-PE [15–17].

Fig. 3. Mean in vivo normalized absorbance spectrum (n  6) of
the coralline algal species Phymatolithon tenue. The gray shaded area
represents the associated 95% confidence interval. Vertical lines represent in vivo absorbance maxima of the pigment R-phycoerythrin
(R-PE) [15–17].

for slight amounts of noise present between ∼400–440 nm,
all calculated spectra appeared clean (high signal-to-noise ratio),
with Rλ intensities ranging from 0.025 to 0.25. The main
difference between species appeared to be Rλ intensity, as
the spectral shapes of all algal spectra were highly similar.
Phymatolithon lenormandii displayed the greatest overall Rλ,
followed by P. tenue, L. glaciale, and C. officinalis, respectively.
Corallina officinalis reflected considerably less light than the
other three species within the interval of ∼580–680 nm, and
was thus the species standing out to the greatest extent.
Regarding coralline algal light-harvesting capabilities, the four
most pronounced Rλ dips were situated at approximately
438, 497, 566, and 679 nm. These dips corresponded to
the in vivo absorbance maxima of R-PE (497 and 566 nm)
[15–17] and chl a (438 and 679 nm) [9,10], and were prominent in the Rλ spectra of all four species. The weaker Rλ dip

2. In Vitro HPLC Pigment Analysis

The in vitro HPLC analysis identified the presence of chl a,
lutein, zeaxanthin, β-carotene, fucoxanthin, chlorophyll c,
and chlorophyll b-like pigments within the P. tenue extracts.
Of these, chl a was by far the most abundant. Lutein was also
present in considerable amounts, but the remaining pigments
were only present in trace amounts. Normalized in vitro absorbance spectra of chl a and lutein are shown in Fig. 4. Chl a displayed strong absorbance peaks at 430 and 663 nm, and a
shoulder at 413 nm. In addition, a notable satellite band absorbance peak was observed at 616 nm. For lutein, absorbance
peaked at 448 and 476 nm, and a discernible shoulder was
present at 426 nm.
3. In Vivo Spectrometer Analysis

The in vivo spectrometer analysis produced coralline algal Rλ
spectra with distinguished peaks and dips [Fig. 5(a)]. Except

Fig. 4. Mean in situ normalized absorbance spectra (n  6) of the
Phymatolithon tenue pigments chlorophyll a (Chl a) and lutein. Gray
shaded areas represent associated 95% confidence intervals.
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was marginally more reflective. Lithothamnion glaciale and
C. officinalis were the least reflective species, with C. officinalis
displaying the lowest overall Rλ. Relative to the other species,
C. officinalis yielded particularly low Rλ between ∼590 and
680 nm. In agreement with the in vivo spectrometer analysis
results, this made C. officinalis the most spectrally conspicuous
species. Marked Rλ dips situated at approximately 507, 575,
635, and 685 nm were observed in the spectra of all species. The
observed dips corresponded to the absorbance of R-PE (507 and
575 nm) [15–17] and chl a (635 and 685 nm) [9,10], but were
red-shifted 5–10 nm compared to the pigments’ expected
in vivo absorbance peaks. As the obtained UHI-1 Rλ spectra
invariably appeared red-shifted, the spectral shift was attributed
to erroneous calibration of the instrument.
B. Field-Based Spectral Analysis
1. In Situ UHI Analysis

Across all wavelengths, the UHI-2 in situ Rλ spectrum of
P. tenue [Fig. 5(c)] was highly comparable to its equivalent
spectrum from the in vivo spectrometer analysis. Besides from
minor irregularities within the intervals of ∼400–450 nm and
∼540–550 nm, the spectrum appeared clean (high signal-tonoise ratio), with expected levels of Rλ intensity (0.1–0.3).
The greatest dips in Rλ were observed at 437, 497, 566,
and 678 nm, once again corresponding to the in vivo absorbance maxima of R-PE (497 and 566 nm) [15–17] and chl a
(437 and 678 nm) [9,10]. At ∼629 nm, a weaker Rλ dip
corresponding to chl a’s in vivo satellite band absorbance peak
[9] was also present.
Fig. 5. Mean JAZ spectrometer (a), UHI-1 (b), and UHI-2 (c) reflectance [Rλ] spectra (n  6) of four coralline algal species:
Corallina officinalis, Lithothamnion glaciale, Phymatolithon lenormandii, and Phymatolithon tenue. JAZ spectrometer and UHI-1 Rλ spectra were obtained in vivo, and included all four species. UHI-2 Rλ
spectra were obtained in situ, and only included P. tenue. Gray shaded
areas represent the Rλ spectra’s associated 95% confidence intervals.
Vertical lines represent in vivo absorbance maxima of the pigments
chlorophyll a (Chl a) [9,10] and R-phycoerythrin (R-PE) [15–17].
The blue shaded area in panel (b) represents wavelengths where
Rλ estimates from UHI-1 are considered to be overestimated
(i.e., erroneous).

at ∼629 nm corresponded to the in vivo satellite band absorbance peak of chl a [9].
4. In Vivo UHI Analysis

Between 500 and 700 nm, in vivo Rλ spectra from UHI-1
were comparable to those from the spectrometer analysis
[Fig. 5(b)]. Coralline algal Rλ in the blue-wavelength region
(<500 nm) did, however, differ considerably between the two
instruments. For these wavelengths, UHI-1 Rλ values appeared greatly overestimated, peaking at ∼0.58 between 415
and 420 nm. Disregarding the results from the blue-wavelength
region, all Rλ intensities fell within the range of 0.1–0.25.
As could be expected based on the results of the spectrometer
analysis, all algal species produced spectra with highly similar
shapes. Consequently, Rλ intensity once again appeared to be
the main factor distinguishing the species. The greatest overall
Rλ was displayed by the Phymatolithon spp., of which P. tenue

C. Statistical Comparison of Reflectance Spectra

The PCAs highlighted spectral differences between coralline
algal species, and the results of the interspecific JAZ spectrometer PCA are shown in Fig. 6. In the corresponding biplot
[Fig. 6(a)], all wavelength variables appeared to be strongly correlated, and PC1 and PC2, respectively, explained 95.9% and
2.9% of the variance. The groups of L. glaciale, P. lenormandii,
and P. tenue were clustered closely together, with significantly
overlapping 95% confidence intervals. Corallina officinalis was
the only group with an isolated 95% confidence interval, and,
accordingly, the only species with a potentially distinct optical
signature. Figure 6(b) shows that variance explained by PC1
was close to equally distributed between wavelengths. Analysis
of PC2 did, however, reveal that certain wavelengths had
greater affect than others [Fig. 6(c)], and especially the intervals
of ∼520–580 nm and ∼600–660 nm had marked contributions to interspecific Rλ variance.
The PCAs also highlighted spectral differences between
instruments, and the results of the inter-instrumental
Phymatolithon tenue PCA are shown in Fig. 7. In the associated
biplot [Fig. 7(a)], it could be observed that blue-green wavelengths appeared correlated with PC1, and that far-red
wavelengths appeared correlated with PC2. Regarding PC significance, PC1 and PC2 explained 76.6% and 22.3% of the
total Rλ variance, respectively. Of the three instrument
groups, the groups of the JAZ spectrometer and UHI-2 were
clustered most closely together. The UHI-1 group was
completely isolated from the others, and differed mainly in
the blue wavelengths. Figure 7(b) shows that wavelengths

9966

Vol. 56, No. 36 / December 20 2017 / Applied Optics

Fig. 6. Results of the principal component analysis (PCA) of interspecific JAZ spectrometer in vivo reflectance [Rλ]. The analysis included Rλ data from four coralline algal species: Corallina officinalis,
Lithothamnion glaciale, Phymatolithon lenormandii, and Phymatolithon
tenue (n  6 specimens per species). Panel (a) shows a biplot of the
PCA results. Points represent principal component (PC) scores [individual Rλ measurements], ellipses represent group-specific 95%
confidence intervals, and colored arrows represent the different wavelength variables (n  155). Arrows point in the direction of increasing
Rλ intensity, and are colored according to their corresponding wavelengths. Panels (b) and (c) show relative contributions (%) of the
wavelength variables to PC1 and PC2. Red dashed lines represent
expected wavelength contributions if contributions were uniform.

within the interval of ∼460–580 nm were the main contributors to the variance explained by PC1. This corresponds to colors in the blue-green region of the spectrum. In addition, peaks
in PC1 variance contribution were observed at approximately
620 and 670 nm. For PC2, wavelength contribution was greatest between ∼590–700 nm, with peaks at ∼595 nm, ∼645 nm,
and in the far-red region of the spectrum [Fig. 7(c)]. Taking
into consideration the distinct wavelength contributions to both
PCs, the inter-instrumental Rλ variance appeared to be less
uniformly distributed than the variance in the interspecific
PCA (Fig. 6).
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Fig. 7. Results of the principal component analysis (PCA) of
inter-instrumental Phymatolithon tenue reflectance [Rλ]. The analysis
included Rλ data from three different instruments: the JAZ spectrometer in vivo, UHI-1 in vivo and UHI-2 in situ (n  6 specimens
per instrument). Panel (a) shows a biplot of the PCA results. Panels
(b) and (c) show relative contributions (%) of the wavelength variables
(n  155) to PC1 and PC2. A comprehensive description of the figure
elements is presented in the Fig. 6 caption.

The final PCA encompassed Rλ data from all species and
instruments combined, and the results are shown in Fig. 8.
Overall, the results were highly comparable to those of the
inter-instrumental Phymatolithon tenue PCA (Fig. 7). Based
on the biplot [Fig. 8(a)], PCs 1 and 2 appeared correlated with
blue-green and red wavelengths, respectively. PC1 explained
81.4% of the total variance, whereas PC2 explained 16.4%.
Spectral measurements from the JAZ spectrometer and UHI-1
were assembled in separate clusters, and blue wavelengths appeared to be the main variables separating the two instruments.
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Table 1. Percentage Coralline Algal Reflectance [Rλ]
Variance Explained by Principal Components (PCs) 1–3
in Three PCAs
Percentage Rλ Variance Explained by PCs 1–3

Fig. 8. Results of the principal component analysis (PCA) of all reflectance [Rλ] data combined. The analysis included Rλ data from
four coralline algal species: Corallina officinalis, Lithothamnion glaciale,
Phymatolithon lenormandii, and Phymatolithon tenue. The Rλ data
were acquired using three different instruments: the JAZ spectrometer
in vivo, UHI-1 in vivo and UHI-2 in situ (n  6 specimens per species, per instrument). Panel (a) shows a biplot of the PCA results.
Panels (b) and (c) show relative contributions (%) of the wavelength
variables (n  155) to PC1 and PC2. A comprehensive description
of the figure elements is presented in the Fig. 6 caption.

The P. tenue group of UHI-2 had a slight overlap with the JAZ
spectrometer cluster, but was separated from the measurements
of UHI-1. Within the clusters of the JAZ spectrometer and
UHI-1, the groups of L. glaciale, P. lenormandii, and P. tenue
were closely linked, with overlapping 95% confidence intervals.
In accordance with the results of the interspecific JAZ spectrometer PCA [Fig. 6(a)], the only species with isolated or
near-isolated groups was C. officinalis. As shown in Fig. 8(b),
blue-green wavelengths within the interval of ∼450–580 nm
were the main contributors to the variance explained by PC1.

PC#

Interspecific JAZ
spectrometer PCA

Inter-instrumental
Phymatolithon tenue
PCA

Combined
reflectance
data PCA

1
2
3
Sum

95.9
2.9
0.8
99.6

76.6
22.3
0.8
99.7

81.4
16.4
1.5
99.3

Furthermore, peaks in variance contribution to PC1 were
also observed at ∼620 and ∼670 nm. Figure 8(c) shows the
different wavelengths’ contribution to the variance explained
by PC2. Here, contribution once again peaked at ∼595 nm,
∼645 nm, and in the far-red region of the spectrum. The
similarity between the results of the inter-instrumental
Phymatolithon tenue PCA (Fig. 7) and the combined reflectance
PCA suggests that the use of different instruments was a greater
source of Rλ variance than coralline algal species.
An overview of percentage variance explained by PC1, PC2,
and PC3 in all PCAs is shown in Table 1. In all analyses, the
first three PCs explained >99% of the total Rλ variance.
Wavelength variables were most correlated in the interspecific
JAZ spectrometer PCA, where PC1 explained close to 96% of
the total variance. In contrast, the smallest degree of correlation
was found in the inter-instrumental Phymatolithon tenue PCA,
where <77% of the total variance was explained by PC1.
Despite the high degree of correlation between variables in all
PCAs, wavelength contribution to variance was, as shown in
Figs. 6–8, not uniform. A noticeable trend [Figs. 6(c), 7(b),
7(c), 8(b), and 8(c)] was that the contribution appeared to
coincide with the spectral properties of R-PE (Fig. 3) and
chl a (Fig. 4). The impacts of specific pigments to Rλ variance
are reviewed in discussion Sections 4.A and 4.C.
D. Supervised Classification of Coralline Algae
1. In Vivo Supervised Classification

Results of the in vivo supervised classification of coralline algae
are displayed in Fig. 9. Figure 9(a) shows the training sites
chosen to represent the spectral characteristics of C. officinalis,
L. glaciale, P. lenormandii, and coralline algae as a group.
The results of the species-specific classification are shown in
Fig. 9(b). Corallina officinalis, L. glaciale, and P. lenormandii
were estimated to cover 0.41, 1.07, and 0.78% of the total transect area (2.26% combined), respectively. Although a trend in
correct classification appeared to be present, the species-specific
classification was unable to accurately distinguish between species. Corallina officinalis was partially misclassified as L. glaciale
and P. lenormandii on two separate occasions. Furthermore,
L. glaciale was frequently misclassified as P. lenormandii, and
vice versa. Lithothamnion glaciale and P. lenormandii appeared
to resemble each other more than C. officinalis, in that neither
of the former two were misclassified as the latter to a considerable extent (four L. glaciale specimens were partially misclassified as C. officinalis, whereas P. lenormandii never was
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Fig. 9. Supervised classification of coralline algae in vivo, based on
upwelling radiance [Lu λ] from UHI-1. The 2.00 × 0.60 m hyperspectral image transect was recorded in a scanning tank. Species classifications were based on the mean Lu λ signatures (n  192 pixels
per species) of Corallina officinalis (red), Lithothamnion glaciale
(green), and Phymatolithon lenormandii (blue). The group classification was based on the mean Lu λ signature (n  576 pixels) of all
three species combined (pink). Panel (a) shows the unclassified
transect with training sites indicated by small dots (16 pixels per
dot) highlighted according to species. Panel (b) shows the results of
spectral angle mapper classification of different coralline algal species.
Classified pixels are colored according to species. Panel (c) shows the
results of spectral angle mapper classification of coralline algae as a
group. Pixels classified as coralline algae are highlighted in pink.
Estimated transect coverage (%) is shown for each class.

misclassified as C. officinalis). The degree to which classification
suggested false negatives for regions corresponding to coralline
algae, and false positives for regions not corresponding to coralline algae was minor, but present for all three species classes.
Regarding the classification of coralline algae as a group
[Fig. 9(c)], the overall pattern of classification was similar to that
of Fig. 9(b). Compared to the species-specific classification,
group classification did however appear to produce a smaller
number of false negatives, and a larger number of false positives.
As a group, coralline algae were estimated to cover 3.95% of
the total transect area, which was 1.69% points higher than the
combined estimate of the species-specific classifications.
2. In Situ Supervised Classification

Results of the in situ supervised classification displayed the potential of UHI as a coralline algal identification and mapping
tool (Fig. 10). Estimates of coralline algal coverage in the
Lu λ-converted UHI-2 transect [Fig. 10(a)] varied between
classification algorithms, but always fell within the range of
5–10% of the total transect area. With an estimate of 10%, the
binary encoding algorithm predicted the greatest coralline algal
coverage [Fig. 10(d)]. SAM closely followed, with a coverage

Fig. 10. Supervised classification of coralline algae in situ, based on
upwelling radiance [Lu λ] from UHI-2. Classification was based on
the mean Lu λ signature (n  192 pixels) of Phymatolithon tenue.
Panel (a) shows the unclassified transect with training sites (32 pixels
within each circle) highlighted in red. Panels (b)–(f) show the classification results of four different algorithms: spectral angle mapper
[SAM, (b)], minimum distance (c), binary encoding (d), spectral information divergence [SID, (e)], and parallelepiped (f). Pixels classified
as P. tenue are highlighted in red, and the estimated coralline algal
coverage (%) from each algorithm is shown below its respective panel.

estimate of 8.79% [Fig. 10(b)]. The minimum distance
[Fig. 10(c)], SID [Fig. 10(e)], and parallelepiped [Fig. 10(f )]
algorithms predicted coralline algae to be less abundant, with
coverage estimates of 6.50%, 5.98%, and 5.69% of the total
transect area, respectively. Based on visual interpretation, the
SAM and minimum distance algorithms appeared to provide
the most accurate areal coverage estimates (i.e., the most
favorable tradeoffs between coverage and misclassified pixels).
However, none of the statistical classification methods were
perfect. As can be observed in Fig. 10, the spectral characteristics of the transect light field appeared to shift from blue to
green, from left to right. This was caused by Minerva’s HID
lamps running simultaneously with the UHI halogen lamps.
Illumination unevenness likely influenced classification at the
outer margins of the transect, and thus, ultimately, the
estimates of coralline algal areal coverage.
4. DISCUSSION
A. Coralline Algal Pigments

Of the eight pigments discovered within the P. tenue extracts,
two pigments appeared to be dominating coralline algal light
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absorbance: R-PE and chl a. Phycoerythrins are known to be
the most abundant phycobiliproteins in many red algal species
[12], and, for macrophytic red algae, R-PE is thought to predominate [14]. For this reason, it came as no surprise that
marked dips in Rλ (at approximately 497 and 566 nm) corresponding to the red algal in vivo absorbance maxima of R-PE
[9,10] could be observed in the spectra of all species (Fig. 5).
The prevalence of R-PE was further verified by the in vivo absorbance spectrum of isolated, water-soluble P. tenue phycobiliproteins (Fig. 3), which closely resembled the absorbance
spectrum of pure R-PE [15–17]. The lipophilic pigment fraction (fat soluble fraction, using organic solvents) of red algae is
typically dominated by chl a and β-carotene [9]. Both pigments
were detected in the P. tenue HPLC extracts, but chl a was
considerably more abundant. Based on this information, dips
corresponding to the in vivo absorbance maxima of chl a were
expected to be present in the coralline algal Rλ spectra. The
in vitro absorbance spectrum of chl a (Fig. 4) displayed absorbance maxima at 430 and 663 nm, and a notable satellite band
absorbance peak at 616 nm. Accounting for in vitro wavelength
shifts [65], this amounts to in vivo absorbance maxima at approximately 438 and 677 nm, and an in vivo satellite band absorbance peak at approximately 630 nm. These wavelengths
closely match the typical in vivo absorbance maxima of chl a
in red algae [9,10], and as expected, corresponding Rλ dips
were prominent across all coralline algal species (Fig. 5). In addition to R-PE and chl a, lipophilic lutein was found to be
present in P. tenue in considerable amounts. As the main dips
in Rλ could be attributed to R-PE and chl a, the absorptive
effects of lutein were less conspicuous. The HPLC revealed
considerable in vitro lutein absorbance in the blue part of the
spectrum, with peaks at 448 and 476 nm (Fig. 4). Considering
that overall Rλ was low in this part of the spectrum [Fig. 5(a)],
a reasonable hypothesis is thus that chl a and lutein harvested
blue wavelengths in concert, but that the former was more abundant and overshadowed the specific dips attributed to lutein
absorbance.
B. Overestimated In Vivo UHI Reflectance

Findings by Hochberg et al. (2003) [50] suggest that coralline
algal Rλ of visible wavelengths typically ranges from 0 to 0.3.
This range is exactly what was found for most wavelengths in
the spectrometer and UHI spectra (Fig. 5), suggesting that the
method used for Rλ conversion [Eq. (4)] was adequate. There
was however one notable exception: the blue-wavelength region
of the UHI-1 Rλ spectra [Fig. 5(b)]. Blue-wavelength peak
values were nearly twice as great as what could be expected
based on the Hochberg et al. study [50], which indicates an
error in measurement or the experimental setup. Overestimated
Rλ of blue wavelengths had not been a problem in previous
laboratory-based UHI surveys by Ecotone AS [66]. The light
source used by Ecotone AS for similar rig and tank setups had.
However. differed considerably from the one used in this study.
Whereas two 250 W halogen lamps provided illumination during the current in vivo UHI analysis, two 50 W halogen lamps
had been used in equivalent surveys by Ecotone AS. It is thus
possible that 500 W was an excessive amount of light in the
confined space of the UHI tank. At a scanning distance of
40 cm, a significant proportion of this light was likely scattered
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randomly within the tank, and provided entry through the
UHI slit, scattered light could have caused biased and overestimated UHI measurements by adding to the values of light reflected from the object directly beneath the imager. This claim
is substantiated by Rλ intensity being greater for UHI-1
estimates than for JAZ spectrometer estimates (Fig. 5).
Further indications supporting the hypothesis can be found
in the fact that shorter wavelengths of light are scattered to
a larger degree than longer wavelengths [67]. In addition,
shorter wavelengths of visible light are typically absorbed by
water to a far lesser extent than longer wavelengths [67].
This would imply that the proportion of blue-wavelength light
scattered was larger than the proportion of green-to-redwavelength light scattered. Following this reasoning, shorterwavelength stray light entering the UHI slit would have the
greatest impact on measurements, which is exactly what was observed. Excessive lighting may thus have been the reason for the
overestimated UHI-1 Rλ. For future studies, light source intensity should be downscaled during laboratory-based UHI surveys.
C. Interspecific Spectral Differences

Rλ intensity appeared to be the main spectral characteristic
separating coralline algal species. This could be observed
within both the JAZ spectrometer [Fig. 5(a)] and the UHI-1
[Fig. 5(b)] Rλ spectra, where spectra of different species simply appeared to be intensity-shifted versions of the same spectrum. The interspecific JAZ spectrometer PCA showed that
wavelength variables were greatly correlated, and that different
wavelengths were contributing approximately equally to the
variance explained by PC1 [Fig. 6(b)]. In previous biological
studies where spectral data have been analyzed using PCA,
PC1 has traditionally been interpreted as brightness, i.e.,
differences in Rλ intensity between measurements [68–70].
Based on this interpretation, the interspecific PCA results thus
showed that species differences in brightness were uniformly
distributed between wavelengths, implying that spectral brightness differences between species were highly correlated. This
corresponds well with the shape-wise, near-identical appearance
of the spectra displayed in Fig. 5(a). Moreover, the fact that
PC1 explained ∼96% of the total variance in the interspecific
PCA (Table 1) confirmed that Rλ intensity was the primary
spectral characteristic distinguishing coralline algal species.
In terms of the reflective order of coralline algal species,
similar patterns were observed within the JAZ spectrometer and the UHI-1 data. For both instruments, the two
Phymatolithon spp. displayed the greatest overall Rλ, followed
by L. glaciale and C. officinalis, respectively. The only ambiguity was the reflective order of the former two. Whereas
P. lenormandii was marginally more reflective when measured
with the JAZ spectrometer [Fig. 5(a)], the opposite was true
for UHI-1 [Fig. 5(b)]. Considering the highly controlled conditions under which the JAZ spectrometer measurements were
made, it is likely the order displayed in Fig. 5(a) is correct.
The reason why UHI-1 produced a different order could have
been that the assumed scanning distance was slightly off, which
may have led to over- or underestimated measurements for
one of the species. Nonetheless, differences in intensity order
were marginal, and the overall relationship between species
Rλ was very consistent.
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Looking past correlated differences in Rλ intensity between
coralline algal species, the interspecific JAZ spectrometer PCA
additionally revealed that certain wavelengths appeared to distinguish species to a greater extent than others. This was evident in
the wavelength contribution plot for PC2, where wavelengths
between ∼520 and 580 nm (green-yellow) and, to some degree,
wavelengths between ∼600 and 660 nm (orange-red) dominated
[Fig. 6(c)]. An interesting aspect of these findings is that the most
dominant region of variance contribution was the green part of
the spectrum. This region coincided well with the absorbance
spectrum of R-PE, both in terms of position and spectral shape
(Fig. 3), which suggests that coralline algal R-PE content could
serve as a means to separate species spectrally. Regarding the
orange-red region of the spectrum, wavelength contribution to
variance appeared to be inversely related to the in vivo red algal
absorbance of chl a [9]. The position and shape of the spectral
wavelength contribution in this region also corresponded well
with the region C. officinalis Rλ and appeared to differ the most
from the equivalent Rλ of other species [Figs. 5(a) and 5(b)].
After establishing that some spectral differences appeared
to exist between coralline algal species, we encountered an
intriguing question: Could species be spectrally distinguished
with a sufficient degree of statistical certainty? Based on the
biplot displayed in Fig. 6(a), the answer to this question is
most likely no, at least with the available Rλ data. In the
interspecific JAZ spectrometer PCA, the groups of L. glaciale,
P. lenormandii, and P. tenue were clustered closely together, and
had largely overlapping 95% confidence intervals [Fig. 6(a)].
This suggests that the three species were closely related spectrally, which agrees well with the appearance of their associated
Rλ spectra in Figs. 5(a) and 5(b). The only species that
arguably could be spectrally distinguished from the rest, was
C. officinalis. The C. officinalis group displayed a discrete optical signature in the Fig. 6(a) biplot, but was nonetheless positioned in the immediate vicinity of the L. glaciale group. Based
on the current data set, none of the coralline algal species could
thus be regarded as completely distinct spectrally. This does
however not mean that statistically significant differences do
not exist. It is, for instance, important to acknowledge that
n  6 is a small sample size, and that photo acclimatization
of the investigated specimens should have been elucidated with
respect to pigment composition and bio-optical characteristics
[71]. A considerable shortcoming of the current study regarding photo-acclimatizational effects was that the coralline algae
had been sampled from different depths and light regimes:
C. officinalis, L. glaciale, and P. lenormandii had been sampled
from shallow waters (1–5 m) at temperate latitudes (63°N) during spring, whereas P. tenue had been sampled from deeper
waters (∼25 m) at Arctic latitudes (78°N) during the period
of midnight sun. Ideally, all collected algae should have been
acclimatized to the same light regime, so that intrinsic spectral
properties truly would have been displayed. This, in combination with a larger sample size, could have produced different
results. In the future, studies fulfilling these requirements
should be carried out to further investigate if specific spectral
characteristics, such as overall Rλ intensity or coralline
algal content of R-PE, could serve as means to significantly
differentiate species statistically.
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D. Inter-Instrumental Spectral Differences

Much like interspecific spectral variance, inter-instrumental
spectral variance appeared to be dominated by differences in
Rλ intensity. Even when disregarding the blue-wavelength region (400–500 nm) where UHI-1 Rλ was significantly overestimated, the spectra displayed in Fig. 5 show that estimated
Rλ intensity close to being invariable was greater for UHI
measurements than for spectrometer measurements. Using the
same PC interpretation [68–70] as for the interspecific PCAs,
the inter-instrumental Phymatolithon tenue PCA (Fig. 7) confirmed that Rλ intensity truly was the main characteristic
distinguishing measurements from different instruments, in
that PC1 explained ∼77% of the inter-instrumental Rλ variance (Table 1).
Although overall Rλ intensity could be considered the
main spectral characteristic explaining inter-instrumental variance, wavelengths did not contribute equally to the differences
between instruments. Results of the inter-instrumental
Phymatolithon tenue PCA (Fig. 7) showed that wavelength contribution to the variance explained by PC1 [Fig. 7(b)] was not
uniform like that of the interspecific PCA, but resembled
an inverted depiction of the coralline algal Rλ spectra displayed in Fig. 5 (“pseudo-absorbance” of pigments). Blue-green
(∼460–580 nm) and, to some degree, bright-deep red (peaks
at ∼620 and ∼670 nm) wavelengths contributed the most to
variance explained by PC1. These wavelengths, respectively,
correspond to regions of significant absorbance by R-PE and
chl a (Figs. 3 and 4), which suggests a link between interinstrumental variance and spectral regions of considerable light
absorption [i.e., low Rλ].
Based on the Rλ spectra displayed in Fig. 5, a marked difference between spectrometer and UHI results appeared to be
the estimated lower values of coralline algal Rλ. Whereas JAZ
spectrometer data estimated coralline algal Rλ of certain
wavelengths to be as low as ∼0.025, equivalent UHI data never
estimated Rλ to be lower than ∼0.1. The reason for this result
could have been backscattered light adding to the true values
of reflected light during UHI measurements. As the distance
between sensor and OOI typically is greater for UHI measurements than for spectrometer measurements, there consequently
is a greater water volume available for light to be backscattered
during UHI surveys. Increased backscatter will, in combination
with the strong attenuation of light in water [31], result in a
reduced signal-to-noise ratio, which potentially could affect
measurements. Assuming that light backscatter by water and
its constituents is constant regardless of the brightness of the
object beneath the imager, the relative effects of backscatter will
be greater when measuring darker objects. This is simply because backscattered light will make up a larger fraction of the
total light entering the sensor when the object beneath the
imager absorbs light strongly. Although this example describes
the phenomenon in relation to overall brightness, the same
principle can be applied to hyperspectral measurements: assuming that wavelength-specific backscatter is constant regardless
of the spectral properties of the OOI, the relative effects of
backscatter on measured spectra will typically be greater for
wavelengths strongly absorbed by the OOI. By the reasoning
of this hypothesis, UHI measurements should produce Rλ
spectra where Rλ is overestimated for all wavelengths due
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to the elevated backscatter associated with greater scanning distance. The degree of overestimation should, however, be greater
for wavelengths strongly absorbed by the OOI, as backscatter
will make up a larger fraction of the light measured at these
wavelengths. Compared to an equivalent Rλ spectrum obtained using a spectrometer, a UHI Rλ spectrum can thus be
expected to be upward-shifted, with a reduced lower-intensity
range [especially in spectral regions where the given OOI displays its minimum Rλ]. If the biased blue-wavelength region
of UHI-1’s Rλ spectra is disregarded, the postulated hypothesis fits exceptionally well with the results displayed in Fig. 5,
and accounts for inter-instrumental Rλ differences in both
overall intensity and lower intensity range. The hypothesis is
further substantiated by the results of the inter-instrumental
Phymatolithon tenue PCA, in which inter-instrumental variance
was shown to be greatest for wavelengths where coralline algal
pigments are known to absorb light strongly [Fig. 7(b)]. What
can be concluded from these findings, is that a given OOI’s
apparent optical signature may be influenced by the distance
between the object and the sensor. This does not necessarily
mean that UHI-obtained spectra are inferior to spectrometer
spectra obtained at short distances, but rather that spectra obtained from the two different techniques might not be directly
comparable. In the future, differences between instruments
should be considered during multi-instrumental studies of
spectral characteristics in the marine environment. Algorithms
for backscatter compensation as a function of distance (e.g., the
formulae presented by Maritorena et al. [47]) should be applied
and further developed. For UHI, an accurate radiative transfer
model synchronized with the position and altitude of the
instrument platform may serve as a better means to obtain true
Rλ than reference disk-based conversion.
The fact that wavelength contribution to variance was less
uniformly distributed in the inter-instrumental PCA [Fig. 7(b)]
than in the interspecific PCA [Fig. 6(b)] suggests that instrument used was a greater source of variance than coralline algal
species investigated. This claim is further supported by the biplots, where species-specific measurement clusters were shown
to overlap to a large degree [Fig. 6(a)], whereas instrumentspecific clusters hardly overlapped at all [Fig. 7(a)]. Results
of the combined reflectance data PCA (Fig. 8) provided conclusive evidence that overall variance in the current data set
was indeed dominated by the effects of instrument used.
The wavelength contribution patterns of the combined reflectance PCA [Figs. 8(b) and 8(c)] were nearly identical to the
wavelength contribution patterns of the inter-instrumental
Phymatolithon tenue PCA [Figs. 7(b) and 7(c)], which implies
a variance pattern dominated by inter-instrumental differences.
This could also be observed in the biplot of the combined
reflectance PCA, where interspecific measurements from the
same instrument were clustered more closely together than
inter-instrumental measurements of the same species [Fig. 8(a)].
Although overestimated Rλ of blue wavelengths and red-shifted
Rλ spectra associated with the laboratory-based UHI-1 measurements undoubtedly reduced the accuracy of data obtained
from UHI-1 and possibly led to overestimated inter-instrumental
differences, the findings presented in this paragraph suggest that
interspecific spectral differences may be interpreted in a biased
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manner if species are spectrally analyzed using different instruments and setups. If the focus is documenting the spectral relationship between species, measurements should therefore ideally
be recorded using the same instrument, under the same set of
conditions.
E. Supervised Classification and the Potential
of UHI-Based Mapping of Coralline Algae

Not surprisingly, the results of the in vivo supervised classification of different species fit well with the results of the interspecific PCA. In the biplot displayed in Fig. 6(a), all coralline algal
species analyzed were shown to have closely related optical signatures (especially L. glaciale and P. lenormandii). Based on
these findings, one could expect classification to have difficulty
distinguishing between coralline algal species. As shown in
Fig. 9(b), this assumption was exactly the case. Despite an evident pattern in correct classification, species were frequently
misclassified. Corallina officinalis was misclassified to the smallest extent, but was nonetheless mistaken for both L. glaciale
and P. lenormandii. Lithothamnion glaciale was regularly
misclassified as P. lenormandii, and, on four occasions, as
C. officinalis. Phymatolithon lenormandii was never misclassified
as C. officinalis, but frequently as L. glaciale. Considering all this
information, and particularly that the largest degree of misclassification occurred between L. glaciale and P. lenormandii, the
biplot in Fig. 6(a) served as an excellent predictor for classification accuracy. It is possible that increasing the classification
threshold for pixels to keep could have reduced the degree of
misclassification, but doing so would also have resulted in an
increased number of unclassified coralline algal pixels (i.e., false
negatives). As false negatives were already present in the current
species classification [Fig. 9(b)], the chosen threshold could
therefore be considered a reasonable tradeoff between coverage
and misclassification. In accordance with the results of the
interspecific PCA, this study’s supervised UHI classification
thus suggests that coralline algal species cannot be spectrally
distinguished with great accuracy.
Although the in vivo supervised UHI classification had
difficulty distinguishing between coralline algal species, it appeared capable of classifying coralline algae as a group. In the
in vivo group classification [Fig. 9(c)], nearly all pixels corresponding to coralline algae were classified. By searching for
one mean signature [Fig. 9(c)] instead of three species-specific
signatures simultaneously [Fig. 9(b)], the estimate of total coralline algal coverage was increased from 2.26% to 3.95% of the
total transect area. As the latter estimate contained fewer false
negatives, group classification thus appeared superior to species
classification in terms of coralline algal identification potential.
The reduced number of false negatives did however appear to
come at the price of an increased number of false positives. The
number of falsely classified pixels in the group classification
[Fig. 9(c)] was not overwhelming, but still appeared larger
than the equivalent number from the species classification
[Fig. 9(b)]. The reason for this was likely that averaging the
optical signatures of multiple species yielded a more generic
target for classification to identify. During group classification,
a generic training site likely worked as a coarser sieve, including
more coralline algal, as well as more non-coralline algal pixels.
Once again, adjusting the classification threshold could have
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reduced the number of false positives, but since false negatives
also were present in the results [Fig. 9(c)], the chosen threshold
could be justified. Overall, the results of the in vivo supervised
classification suggest that UHI has great potential as a coralline
algal identification and mapping tool, which was further validated by the in situ supervised classification.
The in situ supervised UHI classification attempted to map
P. tenue distribution in a 3.75 × 1.40 m transect. However, as
P. tenue likely was the only coralline algal species present in the
transect, the classification could also be considered as applying
to coralline algae as a group (coralline algal pixels versus noncoralline algal pixels). Based on visual interpretation of the
results displayed in Fig. 10, supervised classification to a large
degree appeared to be able to identify pixels corresponding to
coralline algae. The five different classification algorithms produced similar coverage and distribution estimates, which suggests that coralline algae could be identified and mapped also in
their natural habitat. Because the results of this study’s UHIbased mapping of coralline algae can be considered promising,
an interesting next step would be to conduct similar studies on
larger scales and to monitor coralline algal habitats over time.
Large-scale UHI surveys should also be conducted at sites
dominated by corals, seagrass, macroalgae, and stromatolites
to further explore the utility of UHI as an environmental
mapping tool.
Although the overall results of the in situ classification were
favorable, certain issues were still present. As can be observed in
Fig. 10, most of the classified pixels appeared to be concentrated in the transect interior. This could have been because
coralline algae were only present in the interior of the transect,
but as pixels containing coralline algae also appeared to be
present along the margins of the transect, this was unlikely the
case. A more feasible explanation was illumination unevenness,
partially generated by the HID lamps of the ROV running
simultaneously with the UHI halogen lamps. Toward the
margins of the transect, light field conditions may have been
biased to such an extent that pixels on the edges were not
directly comparable to pixels in the interior. Assuming this
fact, and considering that classification was based on P. tenue
training sites situated far from the margins [Fig. 10(a)], it appears reasonable that coralline algal coverage was underestimated in marginal regions with low and biased illumination.
Classification results were likely also influenced by minor
differences in imaging altitude. As shown in Fig. 10, the area
surveyed was not perfectly leveled. Unclassified pixels corresponding to coralline algae (i.e., false negatives) appeared to
be especially abundant on objects protruding from the seafloor,
which emphasizes the importance of maintaining an almost
fixed distance between the sensor and the area of interest when
hyperspectral imaging surveys are carried out in media such
as water, where light is strongly attenuated [31]. A radiative
transfer model capable of converting Lu λ into Rλ based
on real-time altitude data could possibly have accounted for
this situation to some degree, but in highly heterogeneous seafloor habitats, classification accuracy will always be influenced
by small-scale differences in altitude. The degree to which UHI
classification is influenced by minor altitude differences resulting from seafloor heterogeneity should be investigated in the
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future. In the current study, the choice of classification algorithm should be considered a final element of uncertainty.
Although the four different classification algorithms yielded
similar results, there were still differences between them. The
SAM [Fig. 10(b)] and minimum distance [Fig. 10(c)] algorithms for instance appeared most efficient at accounting for
light field differences (illumination unevenness), in that these
algorithms were capable of classifying marginal pixels to a considerable extent without including an excessive number of false
positives. For this reason, the coralline algal coverage estimates
from the SAM and minimum distance algorithms were likely
the most representative; a claim that agreed well with visual
interpretation. As the purpose of the in situ supervised classification was to demonstrate the use of different algorithms
rather than to quantify inter-algorithmic differences, the effects
of algorithm choice will not be further discussed. It should
however be noted that the choice of algorithm has the potential
to affect classification outcomes, and that this fact, together
with the effects of light field and altitude differences, should
be thoroughly considered for future UHI surveys.
As shown in this study, supervised classification represents a
useful method to identify and map OOIs with distinct optical
signatures. A disadvantageous aspect of the method can however be the subjectivity associated with it. The accuracy of digital classifications has traditionally been determined by visual
photointerpretation [72,73], which was also the case in the current study. A considerable downside to this approach is that the
visual interpretation is assumed to be correct. Realistically, this
may be far from the truth. In addition, an interpretation will
depend on the human operator, which introduces a potential
bias. During this study’s supervised classifications, algorithmspecific threshold values were chosen solely based on subjective
photointerpretation. The performance of the different classification algorithms was also assessed based on assumptions from
visual interpretation. In more recent years, a variety of machine
learning methods have been applied to improve the analysis of
remote sensing imagery [73–75]. Machine learning methods
have the potential to reduce the impact of selection biases and
increase classification accuracy [75], and should therefore be
considered for future classifications of underwater hyperspectral
imagery.
Based on the results of the current study, there is little doubt
that UHI may serve as a powerful tool to assess coralline algal
distribution. The spectral characteristics of coralline algae as
a group appear conspicuous enough for them to be spectrally
distinguished in their natural habitat, which permits mapping through optical fingerprinting and supervised classification. Although the current study suggests that high-accuracy,
species-level mapping may not be achievable, information from
group-level mapping may still be valuable. As an example, the
distribution of coralline algae in the Arctic is poorly known,
despite that coralline algae are believed to be the most dominant benthic calcifiers in high-latitude, euphotic waters [6].
Lacking knowledge of abundant species groups emphasizes the
need for comprehensive mapping surveys, and provides an incentive to explore the utility of state-of-the-art technologies
such as UHI. In further support of future UHI-based mapping
of coralline algae, there is currently a considerable effort aimed
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at increasing the autonomy and technological capabilities of
underwater operations [76]. By deploying underwater hyperspectral imagers on AUVs, the survey range and data acquisition efficiency of UHI may, for instance, be significantly
enhanced [33]. Moreover, the issues associated with this
study’s in situ classification can likely be avoided to a large degree by applying instrument platforms equipped with dynamic
positioning systems and improved lighting, and refining the
procedure for processing underwater hyperspectral imagery.
Taking all of this information into account, the potential of
UHI is evident, and coralline algae can be considered a suitable
target for future underwater hyperspectral mapping surveys.
5. CONCLUSION
The four species of coralline algae investigated in the current
study displayed highly similar spectral characteristics (optical
fingerprints). Results of the study suggest that R-PE and chl a
are the primary contributors to coralline algal light absorption.
Both pigments were shown to be abundant in P. tenue, and dips
corresponding to their expected absorbance maxima were
prominent in the Rλ spectra of all species. The latter finding
suggests that coralline algal Rλ is strongly linked to pigment
composition.
Results of the multivariate statistical analyses suggest that
different species of coralline algae are difficult to distinguish
spectrally. It is, however, important to acknowledge that the
current findings do not necessarily apply to all coralline algal
species. The Rλ spectra of the investigated species were
highly correlated and mainly differed in overall brightness.
Wavelengths corresponding to the region of R-PE light absorption were shown to contribute the most to interspecific spectral
variance, but more comprehensive studies are needed to assess
whether R-PE content can serve as a means to significantly
differentiate coralline algal species.
Spectral data from UHI can be considered comparable
to spectral data obtained using spectrometers under highly
controlled laboratory conditions. Inter-instrumental spectral
differences were however greater than spectral differences between coralline algal species. Compared to a Rλ spectrum acquired up-close using a spectrometer, a Rλ spectrum acquired
at greater distance using UHI can be expected to be overestimated in terms of intensity, with a reduced lower-intensity
range. This is likely a consequence of backscattered light adding
to the values of light reflected from the OOI; an effect that will
have the greatest impact on Rλ estimates of wavelengths
strongly absorbed by the OOI. For UHI spectral data to
become more comparable to spectral data from spectrometers,
software algorithms for backscatter compensation as a function
of distance should be applied and further developed. An accurate radiative transfer model that can convert Lu λ into Rλ
based on real-time position and altitude data from the instrument platform could possibly serve as a solution.
In vivo supervised classification was unable to accurately distinguish between coralline algal species in underwater hyperspectral imagery. Supervised classification of coralline algae
as a group did, however, yield promising results both in vivo
and in situ. This suggests that although coralline algal species
may be spectrally difficult to differentiate, coralline algae as a
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group have a conspicuous optical signature that can be identified in UHI transects. Based on the surveys carried out in the
current study, UHI can thus be considered a promising new
technology with great potential for mapping the distribution
and abundance of coralline algae in their natural habitat.
In the future, research efforts to improve our knowledge of
coralline algae and the habitats they form should be increased.
Coralline algae represent an ecologically important organism
group [2,4–6] that may be vulnerable to environmental change
[7,18,19]. Knowledge of coralline algal distribution and abundance is currently lacking [6,23], which means there is a need
for more long-term studies [2,20,21]. The conspicuous spectral
characteristics of coralline algae make them prime targets for
optical remote sensing technologies such as UHI. In the future,
UHI surveys to map and monitor coralline algal habitats should
be carried out. Such surveys will not only enhance our understanding of ecosystems dominated by coralline algae, but also
help establish UHI as a valuable tool for marine research.
Although different species of coralline algae, and red algae in
general [9], appear to display similar spectral characteristics,
interspecific spectral differences should be further investigated.
More comprehensive studies with higher species numbers,
larger sample sizes, and greater emphasis on coralline algal
photo acclimatization could potentially reveal species-specific
optical properties that passed by undetected in the current
study. Such properties could permit optical mapping of coralline algae on a species level, which would be favorable for biodiversity studies. The current focus on increasing the autonomy
and data acquisition efficiency of underwater operations [76]
holds promise for future marine research, and suggests that
large-scale coralline algal surveys could be conceivable in the
near future.
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By applying an underwater hyperspectral imager (UHI) to a selection of archaeological artifacts, we have found
spectral signatures that are representative of materials likely to be present at wreck sites. By successfully using the
signatures to classify a subset of said artifacts placed on the seabed at 61 m depth, we demonstrate that it is
possible to detect archaeological objects of interest in UHI data acquired by a remotely operated vehicle.
Correct UHI classification of rust and glass bottles in situ on a historical wreck site further supports the viability
of the method for marine archaeological applications. © 2018 Optical Society of America
OCIS codes: (110.4234) Multispectral and hyperspectral imaging; (010.4450) Oceanic optics.
https://doi.org/10.1364/AO.57.003214

1. INTRODUCTION
Underwater cultural heritage (UCH) is defined as “[…] all
traces of human existence having a cultural, historical or
archaeological character which have been partially or totally
under water, periodically or continuously, for at least 100 years
[…]” [1]. One of the main categories of UCH is shipwrecks,
which can be found in almost any body of trafficable water and
at all depths. The management of and research on underwater
wreck sites is dependent on technologies to provide data. In
shallow water, diving technologies can bring archaeologists
to the site directly, or remote sensing technologies can give indirect access. For deeper sites, remote sensing is currently the only
practical way to gain knowledge.
Depending on how a ship wrecks, and the subsequent
wreck-site formation processes, a wreck deposited on the seabed
could be in any state, from structurally intact to completely
disintegrated with no organic materials preserved [2,3]. In
any case, the composition of material remains is complex to
record but at the same time very important to understanding
and interpreting the site.
The development of underwater robotics in recent decades
has provided marine archaeology and other fields in the marine
sciences with the means to access deep or otherwise remote
waters. Remotely operated vehicles (ROVs) and autonomous
1559-128X/18/123214-10 Journal © 2018 Optical Society of America

underwater vehicles (AUVs) can be fitted with a range of sensors and used to map large areas of seabed, or perform detailed
close-range investigations of interesting features on the seabed.
Furthermore, advances in navigation and positioning control
technologies embedded in such robots have enabled deployment of sensors that require precise and accurate maneuvering
for data acquisition and processing.
Hyperspectral imagery is defined as images that contain a
spectrum of reflected light with a spectral resolution of
1–5 nm per image pixel. Materials or objects of interest
(OOIs) will absorb, scatter, and reflect light of different portions of the visible spectrum, giving them their own optical fingerprints that are unique and can be used for classification with
a high degree of confidence [4]. Using spectral libraries to classify materials in hyperspectral data is a well-established method,
e.g., in geology [5]. The last decade or so has seen an increased
use of hyperspectral imaging in remote sensing, with additional
examples of applications in archaeology [6–8]. Aerial sensor
platforms such as satellites and airplanes are currently common,
but smaller vehicles like drones have also been used [9]. While
some of these can make measurements in marine environments
[10,11], airborne methods are all passive (depending on ambient light), and are hence limited to shallow waters (<20 m)
[12]. By developing an instrument for deployment on
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underwater platforms, a range of new applications can be
adopted [13]. Operating in environments with limited or no
ambient light, lamps attached to the platform must be aligned
with the field of view of the UHI to record reflected light from
OOIs. In addition to the OOIs, the inherent optical properties
of the water will affect the spectrum of the reflected light [14].
Underwater hyperspectral imaging is a novel technology,
and currently there are only a few studies published on applications and results from field experiments [13–17]. UHI technology has been used to record selected areas of two
archaeological wreck sites, the reference wreck in Trondheim
harbor [18] and the Figaro in Trygghamna, Svalbard [19].
The work presented in this paper is the first comprehensive
study and adaptation of UHI in marine archaeology.
The objective of this paper is to explore the suitability of
UHI as a tool for UCH investigation and propose a method
for UHI-based classification in marine archeology. The main
scientific contribution is the development of a spectral library
of signatures from a selection of materials likely present on
many UCH sites. In two separate steps, we will compare their
characteristics using principal component analysis (PCA), and
then use selected spectral signatures for supervised spectral angle mapper (SAM) classification of a subset of these objects
imaged in an uncontrolled environment. Finally, we will do
a supervised SAM classification of UHI images acquired at a
wreck site, with relevant objects or materials identified by
HD video. We propose that UHI imaging will be a valuable
new method for detection and investigation of UCH. To
the authors’ knowledge, this study is the first application of
UHI technology to investigate UCH and should be regarded
as an initial study in the field of marine archaeology.
In Section 2.A, we present a selection of materials for laboratory measurements and subsequent deployment on a frame
on the seabed. Section 2.B describes the UHI and how it
was set up with different platforms in the laboratory and at field
trials. Section 2.C describes reflectance conversion, PCA, and
SAM classification. The results from spectral analyses and classifications are presented in Section 3. In Section 4 we discuss
results, as well as the suitability of the method for marine
archaeological applications. Concluding remarks are made in
Section 5.

2. MATERIALS AND METHODS
A. Materials

From the definition of UCH, it follows that materials that can
typically be present at UCH sites encompass everything from
fossilized tree trunks in submerged paleo landscapes to the inventory of RMS Titanic. To limit the range of relevant materials to fit the scope of an initial study of a new method, the
materials selected for this study (Fig. 1) have been collected
from seabed surface findings at marine archaeological surveys
in Mid-Norway, and are generally assumed to be from the 18th
and 19th century. The selection can be considered to be typical
for objects occurring at Nordic or northern European modernera wreck sites, but is not purported to be comprehensive for
any site inventory. Also, the selection was to some degree limited to materials that could be expected to still be present and
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Fig. 1. Selection of archaeological artifacts made of materials likely
to be present at modern-era northern European wreck sites.

exposed on the seabed after a 300–400 year wreck-site
formation process (i.e., mainly inorganic materials).
The OOIs have been organized into three main categories:
ceramics, metals, and glass. In addition, a few other objects
were measured and put in a group called “other”. The samples
in this group were considered too few and small to be entirely
representative, and were included to indicate spectral characteristics of relevant materials.
1. Ceramics

Ceramics is a collective term used basically for any heat-treated
clay, and can typically be encountered at wreck sites in variations from fine China porcelain and clay pipes to roof tiles and
crude bricks. Fractures and untreated surfaces are typically dull,
from deep red–brown to off-white or creamy in color, depending on clay type and manufacturing process. For a thorough
overview of the material characteristics of ceramics in general,
the reader is referred to Henderson [20]. Surface treatment for
decorative or practical purposes is typically glazing, which produces a very glossy, possibly colored surface. Decorations can be
done by adding different-colored components to a lead glazing,
e.g., uranium oxide for red, cobalt for blue, copper oxide for
green [21]. Pottery is ubiquitous at archaeological and underwater sites. Pots and pans used as containers for cooking or
eating were consumer commodities with a short life span.
Bricks were commonly used in constructing galleys or other
fireplaces onboard ships for hundreds of years. Clay pipes were
made for hundreds of years by different producers in different
countries.
In this paper, three different types of bricks, a variety of
pottery shards (glazed and unglazed), and a selection of clay
pipe stems were used to acquire spectral signatures of ceramics.
Age and provenance were not determined.
2. Metals

Different types of metals are commonly found on wreck sites.
Anchors, chains, tools, guns, bolts, and nails were all common
iron-based artifacts aboard modern European ships. Iron
exposed to seawater corrodes relatively fast, often leaving just
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formless lumps of red oxide commonly known as rust. In this
paper, we used a corroded iron ball of unknown date and
function to acquire a spectral signature for rust.
Brass is a copper alloy not uncommonly found on modernera wreck sites, e.g., lanterns or bolts. It corrodes lightly and
attains a decorative green surface without decomposing. We
measured a lightly corroded brass weight of unknown date
and function to acquire a spectral signature.
In addition, a lead weight, spoon (assumed silver), pocket
watch, and coin were scanned in the laboratory; all were of unknown age and provenance. The spoon and coin were
characterized by distinct patches of corrosion.
3. Glass

Glass, especially bottles, is a very typical and common find category on modern-era European wreck sites. The chromatic
characteristics can vary from colorless to colored and from
transparent to opaque, determined by the presence and combination of several different dissolved, amorphous, or crystalline
materials and production processes [20]. Utility glass bottles
were often made of so-called black glass, a term used for
dark-brown or dark-green glass [22]. In this paper, we measured
seven bottles (or fragments thereof ) in-laboratory; five of these
were also put on the underwater frame. None of the bottles
were dated, but most likely none were older than AD 1800.
The bottles were selected to represent a variety in terms of color
and translucence.
4. Other

Until the advent of steel ships in the late 19th century, wood
was the dominant building material for larger ships and boats
all over the world. A single piece of wood planking was scanned;
species and age were not determined. In addition, a piece of
coal, a piece of animal bone, and two pieces of dark flint
(partially with cortex) were scanned. These are all materials
likely to be found on a wreck site.
B. Sensor and Platforms

All measurements presented in this paper were acquired
using a 4th-generation push-broom UHI produced and developed by Ecotone AS (Trondheim, Norway). A scan line
(1 × 1920 pixels) was imaged synoptically, with the camera slit
oriented perpendicular to the along-track direction; opening
angle was 60° across track and 0.4° along track. The UHI
measured in the wavelength range 370–800 nm with
0.9 nm spectral resolution. The UHI camera had a 12 bit radiometric resolution. The hyperspectral unit was coupled with a
5 MP video camera providing time-stamped video frames of the
UHI field of view for all measurements. All data were stored
locally on the UHI sensor of an integrated SSD unit. Data
was acquired and recorded using Immersion software
(Ecotone AS).
The UHI has a 355 × 135 mm titanium housing; it is depth
rated to 3000 m, and can be used by different robotic platforms
(see Discussion).
1. Laboratory Setup

In the laboratory at Trondheim Biological Station (NTNU,
Trondheim, Norway), the assortment of archaeological
OOIs was submerged in a plastic tank filled with sand-filtered

Fig. 2. Left: tank with UHI mounted on motorized rig for scanning
of OOIs. Right: Subfighter 30 K ROV with OOI frame ready to be
deposited on the seabed near the wreck site.

seawater (from 100 m depth). The UHI was mounted on a
motorized rig on top of the tank to move with controlled speed
along a horizontal track perpendicular to the sensor slit (Fig. 2).
The sensor was placed at a fixed altitude of 43 cm above the
bottom for all measurements, moving at an along-track speed of
0.06 ms−1 during scanning. Across-track spatial resolution was
approximately 0.2 mm.
There was no artificial light in the room (lights off ), and
only some limited ambient daylight through the blinded windows (all measurements were done before noon on a single day
in July 2017) to avoid other light sources than the UHI lamps.
This was done to avoid any further light corrections of data
from the UHI scanning tank. Two diffused 250 W halogen
lamps with known spectral signatures were spaced 20 cm at
either side of the UHI sensor, which was vertically aligned
and angled to provide an even illumination of the UHI’s field
of view.
A calibrated Spectralon reflectance standard plate
(Labsphere Inc., USA) reflecting 99% of visible light in the
400–700 nm range was used for the “white light” and lamp
reference, together with a white polyethylene (PE, sanded to
avoid specular reflection) plate. The reference plates were
placed next to the OOIs, and were included in all measurements to be used as a corrective to derive reflectance values.
Camera focus was manually adjusted before measuring. The
UHI was set with a 2.8 aperture (to ensure optimal focus depth
range and light transmitted to sensor), and recorded at 20
frames per second with a 30 ms exposure time for each frame.
2. Field Setup

The “Reference wreck” in Trondheimsfjorden (63°
27’12,466”N 10°24’23,66”E), is a late 17th century wooden
wreck situated at 61 m depth in the extension of the outlet
from the river Nidelva outside Trondheim harbor. The wreck
site has served as a testing ground for research on robotic platforms and sensors by the Applied Underwater Robotics
Laboratory at NTNU [18,23]. The wreck site covers an area
of about 30 m × 20 m, and the seabed in the area is characterized by sand and gravel. The most prominent feature on the site
is a keelson with some frames that barely protrude from the
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C. Data Processing and Analyses

Fig. 3. Selection of objects scanned in the laboratory were attached
to a metal frame with a reference plate and deposited on the seabed
next to the reference wreck site in Trondheimsfjorden, Norway.

sediments. Frequent visits with the ROV to the site in the
period 2012–2017 have shown that the sediments are shifting,
probably caused by river currents, occasionally exposing and
covering parts of the wreck’s structural elements as well as moving objects on the site, e.g., bottles and loose pieces of planking.
A selection of the OOIs measured in-lab were mounted to a
steel frame (1 m × 1 m) together with a white, sanded PE reference plate identical to the one used in the lab (Fig. 3). The steel
frame was placed on the seabed in close proximity to the
wreck (<10 m).
The robotic platform was a work-class Subfighter 30 K
ROV (Fig. 2) from Sperre AS (Notodden, Norway) with
dynamic positioning (DP) capabilities, enabling it to perform
very accurate navigation such as station keeping and path
following [24].
The UHI data quality, as is typical for push-broom sensors,
is sensitive to changes in speed, altitude, pitch, roll, and yaw
[14]. This makes ROVs with DP capabilities very well suited
as platforms. Additionally, this sensitivity makes it possible to
tap into the navigational data logs and thus provide timestamped sensor data with spatial references for geo-referencing
purposes. The 30 K ROV was deployed from the DP-capable
research vessel RV Gunnerus. The UHI was mounted looking
downward at the lower center of the ROV, with two 250 W
halogen lamps (identical to the ones used in the laboratory measurements, but without diffusers) for illumination. The UHI
was set with a 2.8 aperture and recorded at 25 frames per second with a 40 ms exposure time for each frame. Spectral binning was set to 2, i.e., recording bands at approximately
0.9 nm. Spatial binning was set to 2 due to low light.
A short UHI transect was made over the known OOI frame,
and thereafter three 30 m × 1 m UHI transects with 3 m line
spacing were made over the wreck site. All UHI transects, both
of the frame and the wreck site, were done at 1.5 m altitude and
0.2 ms−1 speed. Across-track spatial resolution was approximately 0.9 mm. Except for the two halogen lamps, all lights
on the ROV were turned off during the UHI recording.

Due to noise in the outer bands, all analyses were applied to
spectral subsets limited to visible light between the 470 and
691 nm wavelengths, excluding the extreme ends of the spectrum (low signal-to-noise ratio caused by the lamps used).
The raw image files from the laboratory were resized spatially in ENVI using a first-degree rotation, scaling, and translation algorithm (with nearest-neighbor resampling) factoring
6.46 in the along-track direction. The resulting images (viewed
as RGB) were used to select regions of interest (ROIs) for spectral analysis. ROI size could vary from 1 to 25 pixels, depending
on the object size. The selection was done with the actual objects at hand to find as representative ROIs as possible. The
UHI transects of the OOI frame and wreck were resized the
same way as the laboratory images, but with a factor of 8 in
the along-track direction. The UHI transects from the wreck
site were subsequently geo-referenced for geographic information system layering in ArcGIS using a first-order polynomial

Fig. 4. Four scans of 31 objects with reference plates done in the
laboratory. The images have been stretched by a factor of 6.46 in the y
axis for better visual presentation. Three clay pipes were measured
(L_34-L_36) to comprise differences in hue. Additional measurements
were done of the flint pieces to include cortex (L_24-L_27). Brass
weight was measured in two scans (L_11 and L_29).
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transformation. All ROIs, endmember extraction, and classifications were done in the original size, flat-field corrected image
files. Resized versions were only used for visualization and
guidance.
1. Raw Data to Reflectance Conversion

Raw data consists of the digital counts the UHI sensor makes at
the different wavelengths. It can be seen as the sum of upwelling radiance reflected from the OOIs, reflections from scatterers in the water column, and ambient light. In addition, there is
noise inherent in the sensor. Reflectance is a percentage of how
much light at each wavelength is reflected off the OOIs, independent of illumination and the optical properties of the water
column. Reflectance at a given wavelength can be expressed as
Rλ 

Lu λ
,
E d λ

(1)

where Lu λ is the upwelling radiance and E d λ is downwelling irradiance. For Eq. (1) to hold true, all surfaces are assumed
to behave like Lambertian reflectors.
In the laboratory measurements, every scan was done with a
sanded white PE plate placed in the tank next to the OOIs. In
ENVI, the Flat Field Correction algorithm was used to divide
all pixels in every scanned image on the average spectral

signature of the white reference plate. We assume ideal lighting
such that the measured radiance of an object is independent of
its position on the scan line. Additionally, the reference plate is
assumed to reflect the downwelling radiance equally at all wavelengths. Given these assumptions, the calculation of true reflectance for any OOI is
R t λ 

Lu ooi λ
,
Lu ref λ

(2)

where Lu ooi λ and Lu ref λ are the spectral upwelling radiance
from the OOIs and reference plate, respectively.
The same procedure was used for the OOI frame data set
(from the seabed) using the attached reference plate. During
deployment of the frame, some sediment particles were whirled
up and settled on the plate. We can assume that as a consequence less light was reflected from the plate, thus producing
images with on-average exaggerated intensity values per pixel
from the flat-field correction conversion. Possible skewing
effects this could have across the spectrum were difficult to
estimate and were not considered in the following analyses.
2. Principal Component Analysis

To assess the spectral relationship between different objects and
materials, principal component analyses were performed on the

Fig. 5. Principal component analysis plots of objects scanned by UHI in the laboratory. The following objects formed too-indistinct plot distributions and were excluded from the PCA analysis: the yellow brick (L_3), the genever (L_33) bottle fragment, both pieces of flint (L_24-L_27),
the spoon (L_13), the piece of coal (L_32), and the watch (L_12). The lower PCA plot (b) shows the groups and objects selected for classification.
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Table 1. Error Matrix for SAM Classification of OOI
Framea
Clay
Pipes Bone Wood Lead Ceramics Bottle Total
Unclassified 50 27.05 69.55 62.76
Clay Pipes 34.13 0
0
0
Bone
0 17.21 0.27
0
Wood
0 51.64 30.18
0
Lead
15.87 0
0
37.24
Ceramics
0
4.1
0
0
Bottle
0
0
0
0
Total
100 100 100
100

9.93
18.79
0
0.17
0
71.1
0
100

77.63
0
0
0.2
0
0
22.17
100

47.84
8.17
0.39
4.95
1.25
28.22
9.18
100

a
Error matrix with ground truth in columns and SAM classification in rows.
All numbers given are percentages.

measurements, ellipses representing group-specific 95% confidence intervals, and arrows representing the different wavelength variables were used to interpret the results of the
analyses. Points that are near each other in the plot are likely
to have spectral similarities.
3. Classification

Fig. 6. (a) Signatures from the spectral library acquired in the laboratory and used as a training set for classification of OOIs on the frame
and reference wreck transect. (b) Spectral signatures of OOIs on frame
measured in situ.

Fig. 7. UHI images of metal frame with OOIs deposited on the
seabed adjacent to the reference wreck. Image to the right shows
SAM classifications based on spectral library created in the laboratory
(misclassifications of the white reference plate and nylon rope have
been removed).

laboratory-acquired reflectance data. The principal components can be seen as the axes in an ellipsoid with n dimensions
that describes the data. The longest axis accounts for the largest
variance in the data, and corresponds to principal component 1
(PC1). The second-longest axis corresponds to PC2, and so on.
Using the open-source statistical software R, the PCAs were
performed on standardized data (mean  0, variance  1)
at 1 nm spectral resolution. The PCA results were illustrated
in biplots generated using the ggbiplot package available
from GitHub (GitHub Inc., USA: https://github.com/vqv/
ggbiplot). In the biplots, points representing individual

The Spectral Library Builder tool in ENVI was used to build a
spectral library (endmembers). For each OOI, ROIs were selected at perceived representative homogenous surfaces, avoiding shadows and highlights. At least three ROIs were selected
for each object; ROI size varied from 1 to 25 pixels. The same
ROIs were used for both the PCA and SAM classification.
Continuing in ENVI, the SAM tool was used to classify selected UHI images in the spectral range 470–691 nm. There
are many algorithms available for spectral classification; SAM
was chosen for its speed, simplicity, and ease of use [25]. The
SAM algorithm compares the angle between the endmember
spectrum vector and each image pixel vector in n–D space
[26]. The SAM algorithm produced rule images that could
be analyzed using the Rule Image Classifier tool, finding an
appropriate maximum angle threshold for each class.
Since we were only able to confidently identify bottles, rust,
and wood in the wreck transects, classifications based on other
signatures were not considered meaningful since results could
not be verified by physical sampling and examination.
3. RESULTS
A. Laboratory—Spectral Analysis

In four consecutive scans, the spectral properties of 31 objects
were scanned (Fig. 4). Signatures from ROIs were averaged and
organized in a spreadsheet, and subjected to a principal component analysis.
Results from the PCAs are displayed in Fig. 5. The upper
part (a) shows the biplot from the object-specific PCA, whereas
the lower part (b) shows the biplot from the PCA performed on
grouped categories. In the biplots, object/group-specific points
clustered closely together indicate consistent optical signatures.
Ellipses represent the 95% confidence intervals of the various
objects and groups, and non-overlapping ellipses may be interpreted as objects/groups being spectrally distinguishable from
each other. In both biplots, PC1 and PC2 explain 83.9% and
15.8%, respectively, of the total spectral variance. Considering
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that this adds up to 99.7%, taking into account additional
principal components was regarded as unnecessary.
The PCA biplots for the objects measured in-lab [Fig. 5(a)]
indicate that a grouping of some materials based on spectral
characteristics could be carried out. The ceramics category
shows that the unglazed/untreated pottery shards (L_4 through
L_10 in Fig. 4), together with two of the bricks (L_1 and L_2)
conjoined to a tight cluster of data points. The other objects in
the category—the yellow brick (L_3), clay pipes (L_34-L_36),
selters (L_28), and genever (L_33) bottle fragments—were
more widely distributed in the plot. Of the seven glass bottles,
all except for two (L_17 and L_23) completely overlapped in
the PCA biplot–apparently good candidates for a group. The
metal category proved to be spectrally inconsistent and thus not
suitable for grouping. Even the measurements for the individual objects proved to be incoherent, indicating very heterogeneous or patched surfaces. The measurements of the
rusted iron ball (L_16) were relatively aggregated in the plot,
and overlapped almost completely with the ceramics group. Of
the remaining objects in the “other” category, wood (L_30) and
bone (L_31) measurements were relatively close, indicating
possible spectral semblance. Coal (L_32) ended up in the
middle of the concentration of bottle measurements. The dark
flint measurements formed a relatively united group of measurements, while the flint cortex measurements were widely
scattered. Figure 5(b) shows a PCA biplot of groups of materials
and objects selected for use in classification.
B. Classification
1. Frame

Figure 6(a) shows signatures for bone, wood, clay pipes, ceramics, bottle, and lead from the spectral library that were used to
perform a SAM classification of the object frame. In Fig. 6(b),
we can see signatures from the same objects measured on the
frame in situ. In Fig. 7, the UHI transect of the OOI frame is
overlaid with color-coded classification results, and an error matrix with classification accuracy is presented in Table 1. Bone

was only partly classified (17%), but on the other hand there
was almost no misclassification. Wood was only partly classified
(30%), and was misclassified over 50% of the bone object. Clay
pipes were classified relatively accurately (34%) but all of a light
yellow brick and parts of the flint cortex were misclassified.
Ceramics were accurately classified (71%), including the glazed
selters bottle fragment. Two of the bottles were accurately
classified, but three were almost completely missed. Lead
was relatively accurately classified (37%), but parts of the clay
pipes were misclassified. Coal, flint, and flint cortex failed to do
any meaningful classification, and in addition produced
considerable misclassifications.
2. Wreck

Data from the three transects of the wreck site were converted
to reflectance by a flat-field correction based on the PE reference plate on the OOI frame. In one transect, we could confirm
presence of several materials by studying HD video: conglomeration of rust, two bottles (probably of later date and suspected
to not be part of the original wreck inventory), and some exposed wood. A subset containing all these materials was selected
for classification (Fig. 8).
Rust was classified using both ceramic and rust signatures
from the spectral library. As can be seen in Fig. 9, both had
instances of misclassification. The ceramic signature classified
the identified rust features more completely than the rust signature, but also had more instances of misclassification. The
two bottles were successfully classified, with modest misclassification. The wood classification failed, with very modest
correct classification and substantial misclassification.
4. DISCUSSION
The results presented in this paper indicate that spectral characteristics are suitable for classification of archaeological OOIs
likely to be present at wreck sites. The PCA biplots indicate
that most of the sampled fragments of ceramics and bottles

Fig. 8. Reference wreck. Photomosaic from stereo camera with UHI transect overlay showing area (yellow frame) selected for classification.

Research Article
can be grouped based on similar spectral characteristics. It is
also clear that the spectral signature of the rusted iron object
is indistinguishable from most of the ceramics. The selected
metals apparently do not share spectral characteristics that
would justify a group.
The SAM classification of the OOI frame supports the PCA
biplots, demonstrating that several ceramics and bottles can be
classified with a common signature. Considering how both
group classifications omitted some objects completely (three bottle fragments and one of the bricks), it is possible that more than
one group signature per material category could be appropriate.
Furthermore, the classification of OOIs on the frame demonstrates consistency in data quality when changing platform
and environment from laboratory to field experiment. Noise in
the outer bands of the visible spectrum seems to be similar in
laboratory and in situ data, and limiting analyses and classification to signatures in the 470–691 nm range was deemed appropriate for all data (future experiments with other lamp types
should be conducted to possibly expand the applicable spectral
range). The shapes of the OOIs’ spectral signatures measured in
laboratory and in situ are relatively similar (Fig. 6) and thus
suitable for classification with the SAM algorithm, which only
considers vector angle, not length [26]. Overall, the results
from supervised classifications of the OOI frame were relatively
accurate. Classification of the wreck transect confirms the
method’s ability to classify, and hence detect, rust and bottles
in situ using spectral signatures acquired from laboratory measurements. The very overlapping results from classifications
with ceramics and rust signatures supports the grouping of
the two materials in the PCA biplot (Fig. 5). As can be seen
in Fig. 6(a), the shapes of the spectral signatures of rust and
ceramics follow each other closely. Features with optical fingerprints resembling those of archaeological materials occur naturally in the oceans. Organisms containing, e.g., astaxanthin
protein pigments may be spectrally similar to rust/ceramics,
and indeed a few squat lobsters (Galathea sp.) were erroneously
classified as rust/ceramics in the wreck transect. Given that the
abundance of different seafloor organisms (measured in biomass) decreases as a function of depth [22], misclassification
of natural features as probable wreck materials could be expected to abate in deeper waters. Taking this into consideration, statistical and spatial reasoning about density and
abundance of classes should perhaps be integrated into the detection algorithms, thus reducing the amount of false positives.
Strategies for automated assessments of detection confidence
have been developed for onshore hyperspectral imaging [27],
and a similar approach could be relevant for UHI detection
as well.
Sedimentation is a site-formation process affecting all
cultural heritage deposited on the seabed, and occurs at a rate
determined mainly by local environmental factors. Additionally,
biological organisms (epi-growth or microbial biofilm) can be
expected to cover exposed surfaces over time. It is not known
how this will affect UHI imaging as described in this paper. The
OOI frame was left on the seabed, and frequent revisits are
planned to establish time series for answering these questions.
Using UHI to detect underwater cultural heritage sites could
potentially be a method of great benefit for seabed mapping.
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Fig. 9. Supervised SAM classifications of UHI-based photomosaic
of wreck transect. From left: glass bottle, rust, and ceramics. The
transect measures 0.75 m × 8 m.

UHI has already been successfully deployed on an AUV in deep
waters [28]. With spectral libraries on board, AUVs on longduration mapping surveys could autonomously verify possible
wreck sites registered by other longer-range sensors, e.g., as described in [29]. During such surveys, it is not likely that reference material (PE plates or equivalent) would be available, and
other methods for achieving reflectance conversion dealing
with the IOPs in the water column would have to be applied.
Many of the objects measured to provide spectral characteristics for typical wreck-site materials have not been precisely
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identified with regards to provenance and date. Production and
material composition of these objects would have varied with
time and place of production, and possibly also from depositional environment over hundreds of years. The reason for this
is that signatures diagnostic for different material groups have
been the goal, not exact spectral signatures for the specific
artifacts. This could undoubtedly be of great value for many
mapping applications, but would be of limited use for an initial
study as presented in this paper. A more exact identification and
pure spectral analysis of OOIs similar to the design of other
libraries [30,31] will very likely be relevant for future applications. The inclusion of the Spectralon reflectance standard plate
in the laboratory scans for the objects presented in this paper
ensures that we can convert to true reflectance values that
would be suitable for such libraries.
Future work should expand the selection of reference
materials to ensure better spectral representation of OOIs.
The misclassification of bone as wood and the failure to classify
wood in the wreck transects could possibly be caused by limited
training samples. We believe experiments with different samples of waterlogged wood could be of particular relevance for
the detection of wreck sites and enhancement of classification
success.
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5. CONCLUSION
In this paper, we have presented the first application to our
knowledge of UHI on ROVs to identify and map archaeological OOIs at an UCH site. We have demonstrated the ability to
use images of selected materials in a controlled-light environment to create spectral signatures for groups of materials likely
to be present at many wreck sites. These signatures have been
used to successfully classify objects of interest in situ at a wreck
site. This indicates that UHI detection and classification of
OOIs represents a promising new method for marine
archaeological seabed mapping.
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Abstract: The impacts of human activity on coastal ecosystems are becoming increasingly evident
across the world. Consequently, there is a growing need to map, monitor, and manage these regions
in a sustainable manner. In this pilot study, we present what we believe to be a novel mapping
technique for shallow-water seaﬂoor habitats: Underwater hyperspectral imaging (UHI) from an
unmanned surface vehicle (USV). A USV-based UHI survey was carried out in a sheltered bay close
to Trondheim, Norway. In the survey, an area of 176 m2 was covered, and the depth of the surveyed
area was approximately 1.5 m. UHI data were initially recorded at a 1-nm spectral resolution within
the range of 380–800 nm, but this was reduced to 86 spectral bands between 400-700 nm (3.5-nm
spectral resolution) during post-processing. The hyperspectral image acquisition was synchronized
with navigation data from the USV, which permitted georeferencing and mosaicking of the imagery
at a 0.5-cm spatial resolution. Six spectral classes, including coralline algae, the wrack Fucus serratus,
green algal ﬁlms, and invertebrates, were identiﬁed in the georeferenced imagery, and chosen
as targets for support vector machine (SVM) classiﬁcation. Based on confusion matrix analyses,
the overall classiﬁcation accuracy was estimated to be 89%–91%, which suggests that USV-based UHI
may serve as a useful tool for high-resolution mapping of shallow-water habitats in the future.
Keywords: underwater hyperspectral imaging (UHI); unmanned surface vehicle (USV);
shallow-water habitat mapping; supervised classiﬁcation; support vector machine (SVM)

1. Introduction
Coastal ecosystems vital to the health and productivity of the world’s oceans are currently
facing increasing levels of anthropogenic pressure. At present, approximately 40% of the global
population lives within 100 km of the coastline [1,2], and more than half of the urban population can be
characterized as coastal [3]. As compared to numbers from 2010, the population living <100 km from
the coastline is predicted to grow by an additional 500 million by the year 2030 [2], and considering that
the coastal zone makes up less than 20% of the Earth’s land surface area [4], sustainable management
of coastal regions is becoming an increasingly relevant topic worldwide.
Remote Sens. 2019, 11, 685; doi:10.3390/rs11060685
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Mapping and monitoring of the seaﬂoor represents an essential part of marine management;
however, unlike terrestrial habitats and ecosystems, most marine benthic habitats remain poorly
mapped. Speciﬁcally, estimates suggest that only 5%–10% of the seaﬂoor is mapped at a resolution
comparable to that of equivalent surveys on land [5,6]. Somewhat counterintuitively, shallow-water
(here deﬁned as ≤10-m depth) benthic habitats are among the marine areas of interest where detailed
mapping data is currently lacking and in demand [7]. A partial explanation for this is that mapping
surveys in shallow, coastal waters may be more expensive than surveys in deeper waters due to
factors, such as environmental variables, hazards related to navigation, and a lack of appropriate
sampling platforms [8]. Although space-borne and aerial remote sensing both represent valuable
and cost-efﬁcient tools for large-scale mapping of optically shallow marine environments, the spatial
resolution of these techniques is currently limited to the m-dm scale at best [9,10]. This resolution
has proven to be sufﬁcient for generalized, large-scale area (typically >km) mapping of, e.g.,
coral reefs [11–15] and seagrass meadows [16–18], but if detailed information from highly
heterogeneous, smaller-scale areas (<km) of interest is required, higher resolution could be beneﬁcial.
As numerous coastal regions across the world (including coastlines of north-western Europe,
the Mediterranean, north-eastern America, the Caribbean, the Persian Gulf, and south-eastern China)
are heavily impacted by multiple anthropogenic drivers [19], and approximately 1% of the oceans
(an area the size of India and Great Britain combined) is 0–10 m deep [20] (Figure 1), the need for
shallow-water mapping techniques capable of covering different environments and spatial scales is
evident. In the current paper, we introduce a technique we believe to be new for high-resolution
mapping of shallow-water habitats: Underwater hyperspectral imaging (UHI) from an unmanned
surface vehicle (USV).

Figure 1. Worldwide distribution of shallow waters (≤10 m depth). The map was generated in ArcMap
(v. 10.6; Esri Inc., Redlands, USA; http://desktop.arcgis.com/en/arcmap/), and is based on the
ETOPO1 1 Arc-Minute Global Relief Model [20]. Projection: Mollweide, Datum: WGS 1984.

UHI is emerging as a promising remote sensing technique for marine benthic environments.
Like many well-known hyperspectral imagers deployed on airplanes and in space, such as the Compact
Airborne Spectrographic Imager (CASI; ITRES Research Ltd., Calgary, Canada), the EO-1 Hyperion [21],
and the Hyperspectral Imager for the Coastal Ocean (HICO) [22], the underwater hyperspectral imager
is a push-broom scanner that records imagery, where each image pixel contains a contiguous light
spectrum [23,24]. What separates UHI from traditional hyperspectral imaging is that the instrument is
waterproof and typically deployed with an active light source. The latter increases the signal-to-noise
ratio and permits imaging in the absence of ambient light. Strong attenuation of light in water [25]
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limits the scanning altitude (altitude is here deﬁned as the distance from the sensor to the seaﬂoor) at
which UHI surveys can be carried out, and previous UHI surveys have been conducted at altitudes
ranging from 1–10 m [26–29]. UHI operations conducted at ≤10 m altitude yield highly detailed
imagery, and at an altitude of 1–2 m, mm-scale spatial resolution can be achieved [23,30].
One of the advantages of hyperspectral imagery is its high spectral resolution. The most recent
underwater hyperspectral imagers are capable of recording imagery at a 0.5-nm spectral resolution
within the interval of ~380–800 nm [24,31]. This range covers the spectrum of visible light (400–700 nm),
as well as some near-infrared radiation. Since each hyperspectral image pixel contains a contiguous
light spectrum, a UHI transect holds substantial amounts of spectral information. By comparing the
spectral data in a UHI transect to known optical signatures of desired target objects, individual pixels
can be assigned to predeﬁned classes. Following this classiﬁcation procedure, the distribution and
abundance of objects of interest (OOIs) within the survey area can be estimated.
Over the past few years, UHI technology has been tested for a variety of applications. Underwater
hyperspectral imagers deployed on remotely operated vehicles (ROVs) have, for instance, been used to
assess coralline algae off Svalbard [27], manganese nodules and benthic megafauna at a 4200-m depth
in the southeast Paciﬁc Ocean [26,30], and man-made materials at a wreck site in the Trondheimsfjord,
Norway [29]. In addition, UHI was brieﬂy attempted from an autonomous underwater vehicle (AUV)
in a pilot survey carried out near a hydrothermal vent complex situated at a 2350-m depth on the
Mid-Atlantic Ridge [28]. The rationale behind the work presented in the current paper was to evaluate
the potential of UHI in combination with yet another instrument-carrying platform: The USV. Prior to
our pilot study, little was known about the utility of UHI in shallow-water environments. The only
known in situ data the authors are aware of come from submerged hyperspectral imagers mounted on
stationary tripods [24] and mechanical cart-and-rail setups [23,32,33], and diver-operated hyperspectral
imagers [34]. Although useful for certain applications, these modes of deployment arguably put some
constraints on operational ﬂexibility. In an attempt to address this issue, we here present a more
dynamic shallow-water mapping option that in terms of areal coverage and spatial resolution helps
to ﬁll the gap between aerial/space-borne systems and stationary platforms. In our paper, we assess
USV-based UHI in relation to biological mapping of shallow-water habitats. Supervised classiﬁcation
of biologically relevant groups is carried out, and the results are evaluated with respect to accuracy,
limitations, and potential future applications.
2. Materials and Methods
2.1. Study Area
The survey was carried out in Hopavågen (63◦ 35’N 9◦ 32’E), Agdenes, Norway. Hopavågen is a
sheltered bay connected to the mouth of the Trondheimsfjord through a narrow tidal channel. The bay
covers an area of approximately 275,000 m2 and has a maximum depth of 32 m [35]. Over the past
25 years, Hopavågen has been subject to scientiﬁc studies related to, for example, hydrography and
kelp [36–38], plankton ecology [39–42], and nutrient dynamics [35,43,44]. In addition, the inlet of
the bay’s benthic community has been characterized by means of a visual census [45]. Prominent
members of Hopavågen’s benthic biota include brown macroalgae of the genera, Fucus (Linnaeus,
1753) and Laminaria (J.V. Lamouroux, 1813), coralline algae, the plumose anemone Metridium senile
(Linnaeus, 1761), and sea urchins, such as Strongylocentrotus droebachiensis (O.F. Müller, 1776) and
Echinus esculentus (Linnaeus, 1758).
In the current pilot study, an area of approximately 176 m2 situated at the southwestern part of
the bay was surveyed (an overview is shown in the Results section). The depth of the surveyed area
was approximately 1.5 m, but varied between ~1–2 m. Within the conﬁnes of the area, the substrate
consisted of gravel and cobbles gradually fading over to sand and silt with increasing distance from
the shore. The sediment was interspersed with shell fragments of various marine invertebrates.
Coralline algae (Rhodophyceae, red algae) of the genera, Corallina (Linnaeus, 1758), Lithothamnion

Remote Sens. 2019, 11, 685

4 of 20

(Heydrich, 1897), and Phymatolithon (Foslie, 1898), were observed to cover a considerable portion of
the rocky surfaces, whereas a thin ﬁlm of green algae (Chlorophyceae) frequently covered calcareous
surfaces of shell fragments. In addition to coralline and green algae, clusters of the brown macroalga
(Phaeophyceae), Fucus serratus (Linnaeus, 1753), and the plumose anemone, M. senile, made notable
contributions to the site’s benthic community.
2.2. Acquisition of Underwater Hyperspectral Imagery
Hyperspectral data from Hopavågen were obtained using the underwater hyperspectral imager,
UHI-4 (4th generation underwater hyperspectral imager; Ecotone AS, Trondheim, Norway). UHI-4 is
a push-broom scanner that offers an across-track spatial resolution of 1920 pixels. Its ﬁeld of view
(FOV) is 60◦ and 0.4◦ in the across- and along-track directions, respectively. At a 12-bit radiometric
resolution, the imager covers the spectral range of 380–800 nm with a maximum spectral resolution of
0.5 nm. Recorded imagery is stored locally on an internal solid-state drive, from which it can later be
exported for post-processing.
The main novelty of this pilot study was using UHI from the surface for shallow-water habitat
mapping. To achieve this, UHI-4 was deployed on an OTTER USV (Maritime Robotics AS, Trondheim,
Norway). The OTTER is an electric 200 × 105 × 85-cm twin hull USV with a weight of approximately
95 kg. For the purpose of the Hopavågen survey, the OTTER was equipped with a POS MV WaveMaster
II combined real-time kinematic global positioning system (RTK GPS, logging positioning data) and
inertial measurement unit (IMU, logging pitch, roll and heading data; Applanix Inc., Ontario, Canada)
synchronized with UHI-4 for georeferencing of the hyperspectral data. The underwater hyperspectral
imager was mounted on the vehicle in the nadir viewing position using a custom mounting bracket
that also held a downward-facing KELDAN Video 8M CRI LED (light-emitting diode) light source
(KELDAN GmbH, Brügg, Switzerland; Figure 2). The light source provided 105 W illumination
through a 90◦ diffuser and was mounted 25 cm aft of the imager. In water, UHI-4 and the light source
both protruded ~20 cm below the surface. Communication with the OTTER and UHI-4 was established
wirelessly using a 4G internet connection.

Figure 2. The OTTER USV (unmanned surface vehicle) after deployment in Hopavågen (63◦ 35’N
9◦ 32’E), Agdenes, Norway (a). The positions of UHI-4 (4th generation underwater hyperspectral
imager) and the light source are shown with arrows. Panel (b) shows a close-up photograph of UHI-4.
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The Hopavågen ﬁeldwork was conducted in February and March of 2018. On 28 February,
approximately three weeks prior to the UHI survey, four 40 × 40-cm weighed down wooden frames
were deployed at discrete, 1.5 m deep locations within the area of interest. Subsequently, the sections
of the seaﬂoor delimited by the frames were photographed for the purpose of serving as a means of
ground truthing. In addition to the frames, three 50 × 33-cm metal sheets that previously had been
spray-painted white were deployed to highlight the approximate position of the desired survey area
and to be used as reference standards for spectral pseudo-reﬂectance conversion.
Hyperspectral data were collected on 22 March, between 12:45 PM and 1:40 PM. Hopavågen is
known to have a narrow tidal range (0.3–0.7 m) [36], and the tidal difference between the beginning
and the end of the survey was estimated to be ~5 cm. The water was calm during the data acquisition,
with no discernible wave action, and wind speeds <2 m/s. Upon survey initiation, in situ chlorophyll
a (chl a), colored dissolved organic matter (cDOM), and optical backscatter at 700 nm (a proxy
for total suspended matter; TSM) were respectively measured to 2.1 ± 0.4 μg L−1 (SD, n = 30),
1.0 ± 0.2 ppb (SD, n = 30), and 0.017 ± 0.005 m−1 (SD, n = 30) using an ECO Triplet-w (WET Labs Inc.,
Corvallis, USA). Furthermore, downwelling irradiance (400–700 nm) at sea level was measured to
250.5 ± 3.0 μmol photons m−2 s−1 (SD, n = 6) using a SpectraPen LM 510 spectroradiometer (Photon
Systems Instruments spol. s. r. o., Drásov, Czech Republic). For the hyperspectral data collection,
the OTTER USV was controlled remotely from the shore. Six partially overlapping survey tracks
were programmed into the USV’s control system and executed at a speed of ~0.25 m s−1 . During the
survey, hyperspectral imagery was captured at a frame rate of 25 Hz and an exposure time of 40 ms.
The spectral resolution of the recordings was binned down to 1 nm, whereas spatially, full resolution
(1920 across-track pixels) was maintained.
2.3. Processing of UHI Data
UHI and navigation data stored together in HDF5 (Hierarchical Data Format) ﬁles were exported
to an external hard drive for processing. The ﬁrst two steps of the processing were radiance conversion
and georeferencing. Radiance conversion implies the removal of noise inherent to the sensor and the
conversion of raw digital counts into upwelling spectral radiance (Lu,λ , W m2 sr−1 nm−1 ), whereas
georeferencing places each pixel in a geospatial context. In the present pilot study, both steps were
carried out simultaneously using the function, “Geo-correct”, in the software, Immersion from
Ecotone AS. To perform georeferencing in the Immersion software, information about the sensor
position (latitude, longitude), heading, pitch, roll, and altitude must be supplied. The OTTER USV’s
RTK GPS and IMU logged all the aforementioned parameters except for altitude. Consequently,
a ﬁxed altitude of 1.3 m (1.5-m depth—20 cm instrument protrusion) was assigned to the UHI data.
It is worth noting that assigning a uniform survey altitude is an erroneous assumption, but for the
purpose of this pilot study, which set out to serve as a proof of concept, it was considered a viable
solution as most of the surveyed area was approximately 1.5 m deep. In the Immersion software,
the altitude-adjusted data was radiance-converted at a 3.5-nm spectral resolution (to reduce ﬁle size
and enhance processability) and georeferenced at a 0.5-cm spatial resolution. The resulting raster ﬁles
were in BSQ (band sequential) format.
Before classiﬁcation of the data was attempted, the georeferenced raster ﬁles were processed
further using the software, ENVI (Environment for Visualizing Images, v. 5.4; Harris Geospatial
Solutions Inc., Boulder, USA). As wavelengths <400 nm and >700 nm were considered noisy, all UHI
transect lines were spectrally subset to cover only the interval of 400–700 nm. With a spectral resolution
of 3.5 nm, this resulted in 86 spectral bands available for classiﬁcation purposes. The six transect
lines were subsequently merged together to form a continuous raster dataset using ENVI’s “Seamless
mosaic” tool. For the mosaicking, an edge feathering (blending overlapping pixels) of 20 pixels was
used to smooth transitions in overlaps between adjacent transect lines. To facilitate the interpretation
of optical signatures present in the raster mosaic, radiance was converted into both internal average
relative reﬂectance (IARR) and ﬂat ﬁeld reﬂectance (FFR) using ENVI’s “IAR Reﬂectance Correction”
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and “Flat Field Correction” tools. An IARR correction converts spectral data (e.g., Lu,λ ) into spectral
pseudo-reﬂectance by dividing the spectrum of each pixel by the mean spectrum of the entire scene [46].
Although this procedure does not produce absolute reﬂectance, it represents a convenient means of
correction that requires no additional ﬁeld data [47], and typically yields pixel spectra that in terms
of shape can be related to the actual reﬂectance properties of the OOIs they represent. In a ﬂat
ﬁeld correction, all pixel spectra are divided by the mean spectrum of an area of ﬂat reﬂectance,
which in the current pilot study was provided by the three white reference plates. For visualization
purposes, an RGB representation (R: 638 nm, G: 549 nm, B: 470 nm) of the IARR-converted raster
mosaic was exported to ArcMap (v. 10.6; Esri Inc., Redlands, USA) as a DAT (data) ﬁle (shown in the
Results section).
2.4. Classiﬁcation of UHI Data
Supervised classiﬁcation of both the IARR-converted and the FFR-converted raster mosaic was
carried out in ENVI using the support vector machine (SVM) algorithm. SVM maximizes the distance
between classes using decision surfaces deﬁned by vectors from training data [48,49]. The algorithm is
known to be suited for complex datasets [50,51], and has previously performed well on underwater
hyperspectral imagery [26]. In the current pilot study, a radial basis function (RBF) kernel was chosen
for the SVM classiﬁcation, as RBF-SVM can be considered a robust classiﬁer [52,53].
Spatially corresponding IARR and FFR training data were obtained for the SVM classiﬁer.
Based on RGB visualization of the UHI data and in situ observations at the survey site, six spectral
classes were chosen to serve as classiﬁcation targets: Coralline algae, F. serratus, green algae (green
algal ﬁlms covering bright objects), invertebrates (training data were obtained from M. senile), reference
plates, and a general seaﬂoor category. These classes were chosen a priori because they were observed
to be present within the conﬁnes of the surveyed area. Pixels corresponding to the different classes
were identiﬁed at various locations in the raster mosaics and labelled as regions of interest (ROIs) to
serve as training data. The number of training pixels chosen for each class as well as class-speciﬁc
IARR/FFR signatures are presented in the Results section. For coralline algae, F. serratus, and green
algae, reﬂectance spectra obtained in the laboratory using a JAZ spectrometer (Ocean Optics Inc., Largo,
USA) according to the procedure described in Mogstad and Johnsen [27] are shown for comparison.
In addition to a training dataset, RBF-SVM classiﬁcation requires speciﬁcation of the parameters, γ
and C, which respectively correspond to the kernel width and degree of regularization [53]. To optimise
γ and C for the Hopavågen raster mosaics, a grid search cross-validation was performed on both the
IARR and the FFR training data. The grid searches were carried out in Python (v. 3.6; Python Software
Foundation, Wilmington, USA) using the free software machine learning library “scikit-learn” [54].
For IARR, a γ of 0.01 in combination with a C of 1000 was found to yield the highest cross-validation
accuracy. For FFR, a γ of 0.1 in combination with a C of 10,000 produced the most accurate results.
IARR and FFR classiﬁcation results were converted to SHP (shape) ﬁles and exported to ArcMap for
visualization and estimation of each class’ areal coverage.
2.5. Assessment of Classiﬁcation Accuracy
To assess the accuracy of the SVM classiﬁcations, a ground truth of the seaﬂoor sections delimited
by the frames deployed at the survey site was generated as precisely as possible. The frames were
identiﬁed in the UHI data, and within each framed section, all pixels were manually assigned to one
of the previously deﬁned spectral classes. Pixels whose identity were uncertain were assigned to the
general seaﬂoor category. The pixel labelling process was aided by comparing an RGB representation
of the UHI data to the frame photographs acquired prior to the UHI survey. Although there was a
three-week time lag between the frame photography and the acquisition of UHI data, imagery from the
two techniques largely appeared to agree. For the sections of the survey area corresponding to frame
sites, SVM classiﬁcation results were compared to the ground truth using ENVI’s “confusion matrix”
tool. This process compares the identity (class) of spatially corresponding pixels in a classiﬁed image
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and a ground truth image, and produces an accuracy assessment. The accuracy assessment can be
thought of as an estimate of the pixel-by-pixel, class-speciﬁc agreement between a ground truth image
(where all pixels are considered to be assigned to the correct spectral class) and a classiﬁcation image
(where all pixels have been assigned a spectral class based on, for example, SVM classiﬁcation). It is
worth noting that the training data for the SVM classiﬁer were obtained strictly from non-frame pixels
(i.e., pixels from locations outside the four areas delimited by the deployed frames). The resulting
estimates of the overall and class-speciﬁc accuracy are presented in the Results section.
3. Results
3.1. Data Quality
The photomosaic of the six UHI transect lines covered an area of approximately 176 m2 , and in
Figure 3, an RGB-representation of the IARR-converted data is shown in the geospatial context with
the survey area. As can be observed in Figure 3a, the hyperspectral data were of high spatial resolution,
with features, such as seaweed clusters (F. serratus), deployed frames, and white reference plates,
clearly visible. Furthermore, the navigation data provided by the USV’s RTK GPS and IMU proved to
be highly accurate, as the different transect lines ﬁt closely together (minor mismatches were likely
a consequence of assuming a ﬁxed survey altitude). A deﬁciency in the experimental dataset was,
however, the lack of detailed altitude data. Although most of the surveyed area was approximately
1.5 m deep, a colour shift towards blue wavelengths with increasing distance from the shore (slightly
increasing depth) can be observed in Figure 3. This reduced the spectral coherence of the dataset to
some degree, but as we will show in the classiﬁcation results, the classiﬁcation procedure used in the
present pilot study managed to produce reasonable results regardless.
3.2. Classiﬁcation Results
Class-speciﬁc, mean optical signatures of the IARR and FFR training pixels used for the SVM
classiﬁcations are shown in Figure 4. Figure 4a–c show that the positions of major dips and peaks in
both IARR and FFR were comparable to laboratory-based reﬂectance estimates (JAZ spectrometer
measurements). IARR and FRR spectra did, however, differ both from each other and from the
laboratory-acquired reﬂectance data, which, as expected, showed that neither reﬂectance conversion
technique was capable of yielding exact reﬂectance. It should be noted that all spectra displayed in
Figure 4 have been normalized to their highest value to better illustrate shape-related differences
between spectra.
Supervised classiﬁcation of the six classes shown in Figure 4 yielded promising results despite
the lack of georeferenced altitude data. Results from the SVM classiﬁcations of IARR and FFR data
are respectively displayed in Figure 5a,b. The two classiﬁcations produced highly similar distribution
patterns, and the estimated areal coverage of each spectral class is presented in Table 1. In the regions
of the survey area closest to the shore, where the seaﬂoor surface was dominated by gravel and
cobbles, the majority of the image pixels were classiﬁed as coralline algae. This makes sense, as most
hard surfaces at the survey site were observed to be at least partially covered by coralline algae.
With increasing distance from the shore, sand littered with larger calcareous fragments replaced gravel
and cobbles as the dominating substrate, and in agreement with this in situ observation, most pixels in
these regions were classiﬁed as either seaﬂoor or green algae (green algal ﬁlms covering bright objects).
Clusters of F. serratus and larger invertebrates (mostly M. senile) were scattered across the survey area
(Figure 3a), and pixels corresponding to these features largely appeared correctly classiﬁed. Reference
plates represented the ﬁnal class in this pilot study’s classiﬁcation attempt, and for both IARR and
FFR, the positions of all three plates were sharply outlined by the SVM classiﬁer.
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Figure 3. RGB representation (R: 638 nm, G: 549 nm, B: 470 nm) of the underwater hyperspectral
imagery from Hopavågen (63◦ 35’N 9◦ 32’E), Agdenes, Norway, with the positions of frames 1–4
highlighted (a). Panels (b) and (c) respectively show the geographical extent/position of the former
panel. The maps were generated in ArcMap (v. 10.6; Esri Inc., Redlands, USA; http://desktop.arcgis.
com/en/arcmap/). The map in panel b is based on data from the Norwegian Mapping Authority,
available at https://kartkatalog.geonorge.no/tema/dybdedata/8 under CC BY 4.0 license. The map in
panel c is based on the ETOPO1 1 Arc-Minute Global Relief Model [20]. Projection: UTM 32, Datum:
WGS 1984.
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Figure 4. Mean optical signatures of red coralline algae (a), the brown macroalga, Fucus serratus
(b), green algae (c), invertebrates (d), reference plate (e), and seaﬂoor (f). All spectra have been
normalized to their highest value. For each class, the mean optical signature for both the internal
average relative reﬂectance (IARR) and ﬂat ﬁeld reﬂectance (FFR) is shown. For coralline algae,
Fucus serratus, and green algae, reﬂectance measurements acquired in the laboratory using a JAZ
spectrometer are shown for comparison.
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Figure 5. Results of the support vector machine (SVM) classiﬁcations of internal average relative
reﬂectance (IARR)-converted (a) and ﬂat ﬁeld reﬂectance (FFR)-converted (b) underwater hyperspectral
imagery from Hopavågen (63◦ 35’N 9◦ 32’E), Agdenes, Norway. The maps were generated in ArcMap
(v. 10.6; Esri Inc., Redlands, USA; http://desktop.arcgis.com/en/arcmap/). Projection: UTM 32,
Datum: WGS 1984.
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Table 1. Estimated areal coverage of six spectral classes based on support vector machine (SVM)
classiﬁcation of the surveyed area. The table shows estimates from classiﬁcations of both internal
average relative reﬂectance (IARR) data and ﬂat ﬁeld reﬂectance (FFR) data.
Spectral Class

IARR
Areal Coverage (m2 )

% Coverage

FFR
Areal Coverage (m2 )

% Coverage

Coralline algae
Fucus serratus
Green algae
* Invertebrates
Reference plate
Seaﬂoor
Total

12.37
13.93
11.78
0.62
0.36
136.78
175.84

7.03
7.92
6.70
0.35
0.20
77.79
100

12.42
13.36
12.29
0.58
0.37
136.82
175.84

7.06
7.60
6.99
0.33
0.21
77.81
100

* Dominated by the plumose anemone, Metridium senile.

3.3. Classiﬁcation Accuracy
Accuracy of the SVM classiﬁcations was assessed by comparing the results displayed in Figure 5a,b
to manually labelled ground truths of the four reference frames. In Figure 6, photographs of the framed
areas are shown along with their corresponding ground truths and SVM classiﬁcations (both IARR and
FFR). Figure 6a–d correspond to frames 1–4 highlighted in Figure 3a. For all frames, there appeared to
be a considerable degree of agreement between the ground truth and the results of both classiﬁcations.
Inconsistencies were, however, present, and based on visual inspection, the main disagreement
between the ground truths and classiﬁcation results appeared to be the size and abundance of the
objects covered by green algal ﬁlms. This inference was conﬁrmed by the confusion matrices of the
two classiﬁcation attempts, which are shown in Tables 2 and 3.
Table 2. Confusion matrix for support vector machine (SVM) classiﬁcation of internal average relative
reﬂectance (IARR) data from four frame-delimited seaﬂoor areas (Figure 6a–d), and corresponding
accuracy assessments.
Predicted
Spectral Class
Coralline algae
Fucus serratus
Green algae
Invertebrates
Seaﬂoor
Total

Ground Truth (pixels)

Coralline
Algae

Fucus
Serratus

Green Algae

Invertebrates

Seaﬂoor

Total

1092
0
24
0
323
1439

3
928
0
12
180
1123

62
0
407
0
255
724

0
0
0
125
14
139

700
334
440
34
21,707
23,215

1857
1262
871
171
22,479
26,640

Producer
Accuracy
(%)

User
Accuracy
(%)

75.89
82.64
56.22
89.93
93.50

58.8
73.53
46.73
73.10
96.57

Overall classiﬁcation accuracy: 91.06%; Kappa coefﬁcient: 0.65.

Table 3. Confusion matrix for support vector machine (SVM) classiﬁcation of ﬂat ﬁeld reﬂectance (FFR)
data from four frame-delimited seaﬂoor areas (Figure 6a–d), and corresponding accuracy assessments.
Predicted
Spectral Class
Coralline algae
Fucus serratus
Green algae
Invertebrates
Seaﬂoor
Total

Ground Truth (pixels)

Coralline
Algae

Fucus
Serratus

Green Algae

Invertebrates

Seaﬂoor

Total

1054
0
14
0
371
1439

4
1028
0
0
91
1123

53
0
415
0
256
724

0
2
0
123
14
139

778
715
479
25
21,218
23,215

1889
1745
908
148
21,950
26,640

Overall classiﬁcation accuracy: 89.48%; Kappa coefﬁcient: 0.62.

Producer
Accuracy
(%)

User
Accuracy
(%)

73.25
91.54
57.32
88.49
91.40

55.80
58.91
45.70
83.11
96.67
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Figure 6. Photographs, RGB-visualized (R: 638 nm, G: 549 nm, B: 470 nm) data from underwater
hyperspectral imaging (UHI), manually labelled ground truths, and support vector machine (SVM)
classiﬁcations of four framed seaﬂoor areas (a)–(d). SVM classiﬁcation results are shown for both the
internal average relative reﬂectance (IARR) and ﬂat ﬁeld reﬂectance (FFR).

Based on the outputs from the confusion matrices, the overall classiﬁcation accuracy, i.e., the total
number of correctly classiﬁed pixels (pixels with the same identity/spectral class in both the ground
truth image and the SVM classiﬁcation results) divided by the total number of pixels in the scene,
was estimated to be around 90% for both IARR and FFR data. Corresponding kappa coefﬁcients were
estimated to be 0.65 (IARR) and 0.62 (FFR), which suggests substantial agreement between the ground
truth and the classiﬁcation results [55]. Class-speciﬁc classiﬁcation accuracies were also estimated
to be similar for the two datasets. However, there were minor differences, with F. serratus being the
main source of disagreement. Whereas F. serratus was classiﬁed with 83% producer accuracy (total
number of correctly classiﬁed pixels for a given class divided by the total number of pixels within that
class in the ground truth image) and 74% user accuracy (total number of correctly classiﬁed pixels
for a given class divided by the total number of pixels classiﬁed as that class by the SVM classiﬁer)
in the IARR data, the equivalent numbers from the classiﬁcation of thFFR data were 92% and 59%,
respectively. Common to both IARR and FFR was that the class-speciﬁc producer accuracy ranged
from <60% to >90%, with green algae and seaﬂoor unambiguously representing the least and most
accurately classiﬁed spectral classes. Moreover, user accuracy was consistently lower than producer
accuracy for four out of the ﬁve spectral classes. The exception was the seaﬂoor class, for which user
accuracy was estimated to be ~3–5 percentage points higher than producer accuracy. The reason for the
patterns observed in the accuracy estimates could have been the way the ground truth pixel-labelling
process was carried out, and this hypothesis will be discussed further in the Discussion section.
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4. Discussion
In the current pilot study, we have presented the results from what we believe to be the ﬁrst
attempt to map a shallow-water habitat using USV-based UHI. As shown in the Results section,
the technique appears capable of generating detailed and useful information, even when certain
data components are sub-optimal. Although the overall ﬁndings of the pilot study were promising,
there were, nevertheless, issues present. In the following discussion, we will consequently address
both the positive and negative aspects of the results, as well as guidelines for future applications of
the technique.
With a total weight of ~120 kg (USV, mounting bracket and UHI-4 combined), the UHI-equipped
OTTER USV could easily be deployed and handled by 3–4 adults. In the calm and sheltered waters
of Hopavågen, the USV was capable of accurately following pre-programmed transect lines at slow
speeds, in a controlled manner. An advantage of using a USV was its ability to cover extremely
shallow areas. Speciﬁcally, the deepest part of the USV’s hull only protruded ~30 cm below the
surface, which permitted mapping of regions that would have been hard to access by other means
(e.g., by using a boat or an AUV).
When using a push-broom scanner, such as an underwater hyperspectral imager, precise spatial
referencing of individual pixel rows is important if the geometrical integrity of the depicted area is to be
preserved. A considerable convenience of using a USV for UHI deployment was that positioning data
could be acquired electromagnetically as opposed to acoustically. The latter approach typically has to
be used if the imaging platform is fully submerged (e.g., for AUVs and ROVs), since electromagnetic
radiation quickly dissipates in water. Although acoustic navigation data can be of high quality,
its acquisition may depend on relaying information from the platform to a research vessel through
a network of deployed transponders. Not only does this process require extensive planning and
resources, but it may also reduce positioning accuracy. High-resolution UHI data requires highly
accurate georeferencing, and in the current pilot study, that is exactly what was provided. The OTTER
USV was equipped with its own RTK GPS, and the imager’s position was logged continuously with a
~5-cm spatial accuracy. In addition, the USV’s IMU simultaneously recorded the sensor’s heading,
pitch, and roll, which in combination with the navigation data permitted the georeferencing displayed
in Figure 3. The undulating edges of, for example, the southwestern-most transect line in Figure 3a
serve as a testament to the quality of the navigation and attitude data, as they show that even minor
wave action has been accounted for. In the future, it would be interesting to try the technique in less
sheltered waters to investigate its limitations with respect to environmental conditions.
In terms of georeferencing, the only deﬁciency of the pilot study was the lack of concurrent
altitude data. Even though most of the survey area was approximately 1.5 m deep, depth still varied
between ~1–2 m at the extremes. Since a ﬁxed depth was assumed for the georeferencing, this implies
that the results displayed in Figures 3a and 5 are partially distorted in the across-track direction.
Despite this, the geometrical features and proportions of the known OOIs, such as deployed frames
and reference plates, largely appear correct. In addition, the positioning of OOIs present in two
bordering or overlapping transect lines appears consistent, which suggests that the visualization of
data is spatially representative. For future USV-based UHI surveys, real-time altitude data should,
however, be considered a necessity if accurate spatial representation is an absolute requirement.
As the presented work from Hopavågen should be regarded as a pilot study, the overall data
quality can be considered promising, but with room for improvement. The results show that accurate
georeferencing of high-resolution hyperspectral imagery acquired using USV-based UHI is achievable
when the platform is equipped with an RTK GPS and an IMU. Furthermore, Figure 4 shows that the
utilized setup also is capable of recording spectral pixel values with enough signal to yield biologically
interpretable results, even in near-coastal regions, where the water’s optical properties (chl a, cDOM,
TSM) can be considered complex.
However, one challenge was evident in the dataset: The colour shift towards blue apparent in
Figure 3a. The degree to which light is attenuated in water is wavelength-dependent, and longer
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wavelengths (red) are attenuated more rapidly than shorter wavelengths (blue) [56]. This implies
that the perceived colour of a seaﬂoor OOI will shift towards blue wavelengths as the distance to the
observer (the underwater hyperspectral imager) increases. The wavelength-dependent attenuation of
light in water is visible in Figure 3a, where shallower nearshore pixels are less blue-tinted than pixels
corresponding to slightly deeper areas further from the shore. As a more speciﬁc example, Figure 7
illustrates the effect the slight variation of the survey altitude had on the perceived spectral properties
of coralline algae at the depth extremes of the survey area. This effect reduced the overall quality of
the data, and to spectrally account for the variable depth of the survey area in future USV-based UHI
surveys, two additional parameters would have to be measured from the USV: Real-time altitude and
the water’s in situ spectral attenuation coefﬁcient. A potential way to do this would be to equip the USV
with an altimeter (an instrument recording altitude) and a hyperspectral light beam attenuation meter
(e.g. a VIPER Photometer; TriOS Mess- und Datentechnik GmbH, Rastede, Germany), respectively
measuring real-time depth and spectral light attenuation (an alternative to the former would be to
acquire a highly detailed bathymetric map of the survey area using, e.g., LIDAR; light detection
and ranging, or multi-beam echo sounding). If in addition the approximate spectral downwelling
irradiance from the light source (e.g., the sun) is measured continuously, such a setup could potentially
yield a more representative dataset in terms of spectral quality if a radiative transfer model, like the
one presented by Maritorena et al. [57], is applied. It should be noted that light ﬁelds generated by the
sun or multiple light sources simultaneously might be difﬁcult to estimate accurately. Cloud cover
and surface wave action may, for instance, change over the course of the survey, which possibly is one
of the reasons why there are small differences in brightness between neighbouring transect lines in
Figure 3a besides from the previously mentioned blue shift. An implication of this is that removing
the effect the water column has on perceived colour with absolute accuracy may prove challenging.
However, for classiﬁcation and mapping purposes, absolute intensity units are not necessarily of the
essence. The important part is that the correct spectral relationship between OOIs at varying depths is
restored, and this can likely be achieved, or at least majorly improved, by post-processing the data
based on the georeferenced altitude, spectral light attenuation, and an approximate estimate of the
in situ spectral downwelling irradiance. An interesting approach to future USV-based UHI surveys
would be to record imagery during the night, and consequently rely solely on illumination from an
active light source with known properties. This way, the impact of ambient light would be minimized,
which potentially could make quantifying the light ﬁeld an easier task.
The results displayed in Figures 5 and 6 suggest that USV-based UHI has the potential to serve
as a useful tool for detailed mapping surveys of shallow-water habitats in the future. For all frames
(Figure 6a–d), there was an evident resemblance between the distribution patterns generated by SVM
classiﬁcation and the ground truth distribution pattern. Based on in situ observations and visual
inspection of the RGB-visualized UHI data (Figure 3a), classiﬁcation results from non-frame areas
(Figure 5) also appeared reasonable. The visual interpretation was in agreement with the results from
the confusion matrix analyses of the framed areas (Tables 2 and 3), which revealed overall classiﬁcation
accuracies of ~90% accompanied by kappa coefﬁcients suggesting substantial agreement. Taking into
consideration the intrinsic spectral variability in the hyperspectral data caused by the slightly varying
survey altitude, we would therefore characterize the classiﬁcation results as satisfactory. The results of
our pilot study demonstrate how powerful SVM classiﬁcation can be if used properly. In the current
study, an effort was made to optimize the RBF-SVM classiﬁer’s γ and C values for both datasets,
as opposed to using the values suggested by ENVI. When the values suggested by ENVI were used,
the overall accuracy was nearly 10 percentage points lower than the results presented in Tables 2 and 3.
These ﬁndings emphasize the importance of ﬁne-tuning classiﬁcation parameters, and exemplify the
potential impact they can have on classiﬁcation results.
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Figure 7. An example of the impact varying the survey altitude may have on the perceived spectral
properties of a given target class (in this case, coralline algae). Panel (a) shows internal average relative
reﬂectance (IARR) signatures of coralline algae situated at shallow (~1-m depth) and deep (~2-m depth)
locations within the current pilot study’s IARR raster mosaic (Figure 3a). Each signature is the mean of
n = 25 pixels. As shown, the positions of spectral peaks and dips are comparable, but wavelengths are
attenuated disproportionally with increasing depth (water attenuates red wavelengths more strongly
than blue wavelengths). Panels (b) and (c) respectively show RGB representations (R: 638 nm, G:
549 nm, B: 470 nm) of the pixels the shallow and deep coralline algal signatures were obtained from
(pink squares).

Although the overall classiﬁcation results were encouraging, classiﬁcation accuracy was not
uniformly great across all spectral classes. Whereas >91% of the seaﬂoor pixels were classiﬁed correctly,
and coralline algae, F. serratus, and invertebrates were classiﬁed with producer accuracies of 73%–90%,
pixels thought to represent green algal ﬁlms were only classiﬁed with 56%–57% producer accuracy.
For an interpretation of these results, it is important to consider that accuracy assessments were made
based on comparisons with a manually labelled ground truth. The photographs of the deployed frames
made identifying and labelling the main features of the framed areas easier, but they did not permit
the labelling of smaller features with absolute certainty. Consequently, pixels whose identity were not
considered entirely certain were binged into the general seaﬂoor class, which implies that the said
ground truth class may have contained some pixels that in reality represented other spectral classes.
The results displayed in Tables 2 and 3 support this hypothesis, in that user accuracy was estimated
to be lower than producer accuracy for all classes, except for the seaﬂoor class, where the opposite
applied. Considering this, and looking back at Figure 6, it is not necessarily self-evident that all regions
are more truthfully represented in the ground truth images than in the SVM classiﬁcations. A good
example is the second frame (Figure 6b), in which it appears that the distribution and abundance of
F. serratus could be more accurately estimated in the SVM classiﬁcations than in the ground truth. If this
is the case, there is a possibility that certain accuracy estimates from the confusion matrices (Tables 2
and 3) are in fact underestimates. Returning to the case of green algal classiﬁcation accuracy, this was
likely the spectral class most subjected to the ground truth labelling bias for several reasons. Firstly,
green algal ﬁlms were often present on small and inconspicuous calcareous surfaces, which made
them more difﬁcult to identify manually. Secondly, the perceived colour of the green algal ﬁlms was
inﬂuenced by the particular substrates on which they grew, making green algae a somewhat vague
class spectrally. Lastly, green algae frequently grew on surfaces in tight association with coralline algae,
to the point where pixel values may occasionally have been blended. What should be taken from
these ﬁndings is that spectral classiﬁcation is more clear-cut for some groups of marine organisms
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than for others. Additionally, an interesting future research topic would be further investigation of
the relationship between manual ground truthing and results from the classiﬁcation of underwater
hyperspectral imagery.
It is worth noting that the spectral classes used in this pilot study were chosen speciﬁcally for the
acquired dataset, and that the applicability of the classes of green algae, reference plate, and seaﬂoor can
be considered somewhat limited outside this particular proof of concept. The remaining three classes
are, however, relevant from a management perspective. Coralline algae, F. serratus, and invertebrates
(here represented by M. senile), for instance, all have equivalent counterparts deﬁned in the Coastal and
Marine Ecological Classiﬁcation Standard (CMECS) [58]. Based on the presented ﬁndings, this suggests
that data acquired using USV-based UHI potentially can be related to standardized frameworks,
which is a possibility that should be further explored in the future.
In the ﬁnal paragraph of the discussion, we will address the impact that the mode of reﬂectance
conversion had on classiﬁcation. For this pilot study, two simple conversion methods were used:
IARR and FFR. In both methods, the spectrum of each pixel is divided by a predetermined reference
spectrum; the only difference is whether the reference spectrum is based on the entire scene (IARR)
or an area of ﬂat reﬂectance (FFR). As shown in Figure 4, the different conversions yielded different
signatures for equivalent classiﬁcation targets. However, peaks and dips in the signatures from
both IARR and FFR data were located at wavelengths similar to those of laboratory measurements,
which was enough to relate the signatures to their biological origin (Figure 4a–c). Given that IARR- and
FFR-conversion of underwater hyperspectral data is essentially the same technique, but with a different
reference spectrum, the results from the SVM classiﬁcation of the two datasets were not expected to
differ signiﬁcantly. As shown in Figures 5 and 6 and Table 1, this was exactly the case. Although the
effort of classifying two closely related datasets may seem redundant, in hindsight, these ﬁndings do
in fact provide one important piece of information: Deploying a spectrally neutral reference plate at
the survey site may not be necessary for future UHI surveys, which potentially makes data acquisition
even less invasive and time-consuming. One of the goals of the work presented here was to map a
shallow-water habitat using a new technique in a relatively simple fashion. Simplicity, robustness,
and ease of use arguably represent desirable traits when it comes to mapping techniques, and in our
pilot study, we believe we have shown that USV-based UHI is capable of fulﬁlling these criteria.
5. Conclusions
The ﬁndings from our pilot study suggest that USV-based UHI may serve as a valuable technique
for shallow-water habitat mapping in the future. By deploying an underwater hyperspectral imager
on a USV, we were able to acquire high-resolution, georeferenced hyperspectral imagery from a
seaﬂoor area that would have been hard to map at the same spatial resolution using other platforms.
By converting the data to pseudo-reﬂectance and subsequently carrying out SVM classiﬁcation,
we were able to estimate the areal coverage of six spectral classes with an overall accuracy of ~90%.
The classiﬁcation results were achieved using simple means, which shows that USV-based UHI is a
robust technique, capable of performing even when certain data elements are sub-optimal.
As this pilot study yielded promising SVM classiﬁcation results for coralline algae, F. serratus,
and invertebrates we suggest USV-based UHI should be attempted for biological shallow-water habitat
mapping at other locations in the near future. Chennu et al. [34], for instance, recently showed the
utility of diver-operated hyperspectral imaging in relation to high-resolution mapping of tropical
corals, which suggests that tropical coral reefs could be an interesting survey target. Furthermore,
detailed information from underwater hyperspectral imagery could be used to complement ﬁndings
from aerial and space-borne imaging sensors, which ultimately could improve the management of
coastal regions in a world where anthropogenic pressure continues to increase.
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Abstract: In 2007, a possible wreck site was discovered in Trygghamna, Isfjorden, Svalbard by
the Norwegian Hydrographic Service. Using (1) a REMUS 100 autonomous underwater vehicle
(AUV) equipped with a sidescan sonar (SSS) and (2) a Seabotix LBV 200 mini-remotely operated
vehicle (ROV) with a high-deﬁnition (HD) camera, the wreck was in 2015 identiﬁed as the Figaro:
a ﬂoating whalery that sank in 1908. The Figaro is to our knowledge currently the northernmost
wreck in the world to be investigated by archaeologists. As the wreck is protected by law as an
underwater cultural heritage (UCH) site, only non-intrusive methods could be used during surveys.
In this study, we demonstrate how using multiple complementary remote sensing techniques can
be advantageous with respect to acquiring a holistic overview of a recently discovered wreck site.
In January 2016, the wreck was revisited, and a full photogrammetric survey of the site was conducted
with a Sperre Subﬁghter 7500 medium class ROV. In addition to stereo camera images, HD-video and
underwater hyperspectral imagery was also obtained from the wreck site. In terms of data analysis
and interpretation, the emphasis was in the current study put on the photogrammetric 3D model and
the underwater hyperspectral imagery. The former provided an excellent general overview of the
Figaro wreck site, whereas the latter supplied detailed information from a 14.65-m2 sub-area situated
on the top of the wreck. By analyzing classiﬁed underwater hyperspectral imagery in context with
supplementary information from the 3D model, the levels of biofouling associated with diﬀerent
marine archaeological substrate types were assessed. Our ﬁndings suggest that strongly protruding
archaeological objects support signiﬁcantly higher levels of biofouling than their surroundings,
and consequently that high-density biological assemblages could serve as proxies for identifying
human-made artifacts on the seaﬂoor.
Keywords: Arctic; wreck; marine archaeology; autonomous underwater vehicle (AUV); remotely
operated vehicle (ROV); sidescan sonar (SSS); photogrammetry; underwater hyperspectral imaging
(UHI); supervised classiﬁcation; biofouling
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1. Introduction
The United Nations Educational, Scientiﬁc and Cultural Organization (UNESCO) estimates that
there are approximately 3 million historical shipwrecks in the world that fall under the deﬁnition of
Underwater Cultural Heritage (UCH) [1]. While many wrecks are accessible for recreational divers
and marine archaeologists, and as such are sources for both cultural experiences and knowledge,
a large number of wrecks are out of reach due to depth, environmental conditions, or being situated at
remote locations. In the high Arctic areas surrounding the Svalbard archipelago, estimates suggest that
more than 1000 historical wreckings have occurred [2]. Investigations of shipwrecks in the Canadian
Arctic [3,4] indicate that the Arctic’s low-temperature environmental conditions are favorable for
preservation of wooden wrecks and other organic materials. For diﬀerent reasons, e.g., operational
conditions such as safety and logistics, there have been very few documented eﬀorts to survey and
investigate UCH in these areas. Technological advances within underwater robotics and remote sensing
in the recent decades now enable eﬀective surveying and non-intrusive investigations of UCH in the
Arctic, potentially yielding valuable knowledge and insight into less known ﬁelds of our common
heritage and history [5].
In September 2015, a team of researchers and students from the Norwegian University of
Science and Technology (NTNU) and the University Centre in Svalbard (UNIS) conducted initial
investigations of a wreck discovered by the Norwegian Hydrographic Service in 2007. Following the
initial investigations, the wreck was identiﬁed as the Figaro. The Figaro was a ﬂoating whalery that
burned and sank in 1908 containing an array of distinct and task-speciﬁc equipment, including steam
boilers and cooking vats for processing of whale oil. An interdisciplinary project was subsequently
established to conduct research along three axes: 1) Technology—to explore diﬀerent technology-based
non-intrusive methods utilizing various underwater robotics and sensors for mapping and investigation
of shipwrecks in the high Arctic or other demanding environments; 2) Archaeology—to acquire data
for a complete mapping of the wreck using high-resolution sensors to enable a better understanding of
the particular shipwreck’s role in the history of whaling in Svalbard; 3) Biology—to acquire and analyze
sensor data, relevant for understanding the wreck site as a human-made substrate for biofouling
organisms (here used as a general term for organisms that colonize hard substrates).
This paper will account for the use of advanced technology to investigate and map a relatively
large and intact wooden wreck in the high Arctic. Methods and applied sensor-carrying platforms will
be described, and results from the surveys will form a basis for discussion of beneﬁts and challenges of
a remote sensing approach to UCH in the Arctic—a ﬁeld that still has considerable knowledge gaps
for both management and research. Issues related to the archaeological interpretation of the Figaro
wreck site will in this paper only be mentioned to the extent relevant for the use of remote sensing
technologies and the wreck in context with biology.
2. Materials and Methods
2.1. Study Area
The wreck site is located in Trygghamna (78◦ 14.440 N 13◦ 50.021 E), a small fjord on the north side
of the inlet to Isfjorden, Svalbard (Figure 1). Four glaciers have meltwater runoﬀs into the fjord, which
has a maximum depth of 126 m. The fjord is surrounded by mountain ridges and has been favored
as a safe anchorage by whalers and seafarers through history, hence the name Trygghamna—Safe
haven—in Norwegian. The wreck rests at 30–40 m water depth on a shallow shelf-like area on the
east side of the fjord. The seaﬂoor is covered in ﬁne-grained sediment, which is typical for fjords with
glacial runoﬀs and moderate exposure to currents and rough sea states.
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Figure 1. Trygghamna, Svalbard, with the position of the Figaro shipwreck. The ﬁgure was generated
in ArcMap (v. 10.6; Esri Inc., Redlands, USA; http://desktop.arcgis.com/en/arcmap/).

2.2. Autonomous Underwater Vehicle (AUV) and Mini-Remotely Operated Vehicle (ROV) Survey 2015
The initial survey of the wreck site was conducted in early September 2015 using a REMUS 100
autonomous underwater vehicle (AUV; Hydroid Inc., Pocasset, USA) equipped with a 900 kHz Marine
Sonic sidescan sonar (SSS; Marine Sonic Technology Ltd., Yorktown, USA) to acquire seaﬂoor imagery
from four consecutive passes of the wreck site. Access to multibeam echo sounding (MBES) data from
the Norwegian Hydrographic Service provided position and basic orientation of the wreck for AUV
path planning. Two acoustic beacons were positioned at known positions set in the mission plan, to
function as a long baseline (LBL) positioning system to ensure precise vehicle navigation. The SSS
images were downloaded immediately after the mission, and clearly showed that the wreck was
structurally intact to a large degree, with several elements from sail rigging and whale oil processing,
scattered on the seaﬂoor near the wreck.
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Directly following the AUV operation, a Seabotix LBV 200 mini-remotely operated vehicle (ROV;
Teledyne Technologies Inc., Thousand Oaks, USA) was deployed to visually inspect and record the
wreck. In addition to a standard deﬁnition (SD; < 720p) camera with an overlay showing depth,
position and heading for navigation, the mini-ROV was equipped with an ultra-short baseline (USBL)
positioning system (receiving global navigation satellite system—GNSS—data from the surface vehicle)
and a scanning sonar to guide navigation on the wreck site during reduced visibility conditions.
A high-deﬁnition (HD) camera with zoom and tilt functionality was used to perform recordings of
objects and features of interest.
The real-time position of the ROV could be monitored on a computer screen showing a bathymetric
model of the wreck based on MBES data. Juxtaposing this display with the scanning sonar display
and the recently acquired SSS images, it was possible to navigate between salient features within the
complex spatial context of the wreck site. During the summer, fjords on Svalbard typically have turbid
waters due to high phyto- and zooplankton biomass, and inorganic suspended matter mainly provided
by freshwater runoﬀ from glaciers and melting snow. The video quality was therefore dependent on
close-range recording, with detail losses occurring already at 1 m distance. Maneuvering at seaﬂoor
altitudes <1 m often resulted in thrusters whirling up ﬁne-grained sediment, impairing video quality.
During navigation it was often necessary to turn oﬀ the ROV lamps completely, leaving the pilot
entirely dependent on illumination provided by ambient sunlight. Consequently, overview imagery of
the wreck site was diﬃcult to obtain. Due to the small size and weight of the ROV, it was, however,
possible to perform very close-range inspection of objects and features of interest without optical
backscatter from the lamps posing any noteworthy concern. All aforementioned ﬁeld operations were
conducted within a timespan of <12 h. During ROV operations, the AUV was deployed again to do
seabed mapping in adjacent areas. No other cultural heritage objects were detected.
2.3. ROV Mapping 2016
Based on the data from the 2015 survey, a full ROV survey of the wreck was planned and conducted
as part of a Polar Night Research Cruise with RV Helmer Hanssen (UiT—The Arctic University of
Norway) in January 2016. For the survey, Minerva, a Subﬁghter 7500 medium class (485 kg) ROV
(Sperre AS, Notodden, Norway), was equipped with an HD video camera, stereo cameras for the
photogrammetry, and an underwater hyperspectral imager. A graphical user interface (GUI) for
logging scientiﬁc observations (Urd) was used to tag archaeological and biological observations with a
timestamped position. A forward-facing HD video camera was used for navigation by the pilots and
for real-time observation of possible objects of interest by the scientists. A full recording of the HD
video was reviewed together with other sensor data and logged Urd observations during post-mission
analysis. The primary objectives of the survey were to acquire images for a full photogrammetric
model of the wreck and to acquire underwater hyperspectral imagery for classiﬁcation of cultural and
natural objects of interest.
Minerva was ﬁtted with a dynamic positioning (DP) system [6], to enable precise navigation and
maneuvering (e.g., station keeping). A portable hydroacoustic position reference 300 system (HPR300;
Kongsberg Gruppen ASA, Kongsberg, Norway) was ﬁxed to a pole and lowered approximately 5 m
into the water on the starboard side of RV Helmer Hanssen. Utilizing a USBL modem, the ROV could
estimate its position relative to the GNSS position of the ship and pilots could track the ROV position
in real-time on a computer showing a map of the wreck site based on the existing MBES and SSS data.
Due to the size and complexity of the wreck site, a detailed mission plan with transects to ensure full
data coverage had been prepared considering stereo camera ﬁeld of view (FOV) and the required close
range to the wreck due to turbidity. However, since RV Helmer Hanssen did not have a DP system,
the ship had to lie on anchor at a safe distance (150–200 m) from the Figaro to ensure that the anchor
chain did not come near the wreck site. As the ship moved with the tide, the USBL coverage from
the ship to the ROV experienced frequent intervals with loss of contact or severe positioning errors.
For extensive periods the pilots could not navigate based on the USBL positioning system and had to
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rely exclusively on visual navigation. Consequently, it was diﬃcult to assess whether full coverage
was obtained, and a strategy based on data acquisition redundancy was adopted to avoid spatial gaps
in the stereo camera imaging of the wreck site. Particular attention had to be given to the ROV tether
to avoid entanglement or disturbance of the wreck site, and to avoid collisions between the ROV and
protruding parts of the wreck during lateral transects (the ROV navigating sideways) conducted for
the purpose of recording the broadsides of the wreck. Lack of high-quality positioning also aﬀected
the full utilization of Urd and the post-mission photogrammetric modeling pipeline.
2.4. Photogrammetry Data Acquisition
Minerva was equipped with two Allied Vision GC1380C cameras (Allied Vision GmbH, Stradtroda,
Germany) spaced 31.5 cm apart in a 45◦ forward-facing stereo camera setup. Each stereo camera had a
resolution of 1360 × 1024 pixels. With steady maneuvering of the ROV at close range to the wreck
and image capture set to 0.5 frames per second (fps), we aimed for a 60% overlap between sequential
image pairs to ensure a continuous and consistent model during photogrammetric post-processing.
A detailed description of the setup and acquisition method can be found in Nornes et al., 2015 [7].
For salient features with vertical faces, like boilers and vats, it was diﬃcult to ensure that images were
captured from all angles while simultaneously following systematic transects. Without the ability to
monitor the ROV transects on a map, coverage control largely depended on the ability of the pilot
and researcher to remember and recognize objects and features. The human capacity for spatial
and contextual awareness and orientation decreased after hours of intense focus and concentration,
resulting in repeated transects for some areas and under-coverage for others. A total of 33,228 images
were acquired during 6:30 h of surveying on January 12th and 4 h of surveying on January 17th.
The cameras were mounted on the ROV frame, and maneuvering safety constrained the ability to
perform close-up recording of parts of the wreck site, especially around features with overhang or other
conﬁned spaces. As there is no ambient light during the polar night, two forward-facing hydrargyrum
medium-arc iodide (HMI) lamps and two downward-facing halogen lamps were the only sources of
illumination. In January, water temperatures in Svalbard are <4 ◦ C, and visibility is generally good due
to the absence of freshwater runoﬀ from land. However, increased turbidity was sometimes caused by
thrusters resuspending sediment when navigating at low seaﬂoor altitudes or when the tidal current
brought sediment from RV Helmer Hanssen’s anchor chain into the water masses over the wreck
area, resulting in poor image quality. With the seaﬂoor altitude mostly kept at 1–1.5 m, the camera
FOV of the wreck site was typically between 1 m and 2 m wide. With limited time available for data
acquisition, areas within the hull of the wreck were prioritized.
2.5. Photogrammetry Data Processing
During the last decade, photogrammetric surveying has become a well-established method in
underwater archaeology and the processing principles have been published in depth in works such as
Drap, 2012 [8] and Yamafune, 2016 [9], and for underwater robotic surveys, in particular by Johnson
Roberson et al., 2010 [10]. A description of the processing pipeline used in this survey is described in
Nornes, 2018 [11]. A Contrast Limited Adaptive Histogram Equation (CLAHE) algorithm was used to
perform initial color correction of all images. The procedure enhances feature distinction, mitigates
vignetting eﬀects due to unevenly distributed light ﬁelds and reduces image size. The navigational
issues described above, combined with turbidity and the relatively low resolution of the cameras,
resulted in suboptimal image quality for certain areas of the wreck site, which in turn impeded the
ability of the photogrammetry software (Agisoft Photoscan; Agisoft LLC., St. Petersburg, Russia) to
carry out feature-based matching of overlapping photos. A considerable number of hours were spent
on manual tagging of prominent features in images, and iterative processing of camera positions had
to be done to close the loops for a consistent and spatially coherent geometric model of the wreck.
A hard-learned lesson for an archaeologist was that pronounced features suitable as markers for
registration of images often could belong to biological organisms that over a period of hours were
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not spatially inert. This became more apparent when the second set of images acquired ﬁve days
later were introduced to the model. Geographic positions of prominent features in the fore and aft
area of the wreck that were identiﬁed in the MBES data set were used to geo-reference the model.
As the positioning system could not be relied on to deliver precise navigational data for the ROV,
and hence neither the camera planes for all images, obtaining accurate error estimates for the model
and subsequent orthophotos was not possible.
2.6. Acquisition of Underwater Hyperspectral Imagery
During the process of collecting stereo camera data for the wreck site photogrammetry on January
12th 2016, an underwater hyperspectral imaging (UHI) transect from the top of the Figaro wreck
site was also acquired. UHI represents a high-spectral-resolution optical mapping technique (each
recorded image pixel contains a contiguous light spectrum as opposed to a regular RGB—red, green,
blue—value) that over the past decade has emerged as a promising seaﬂoor mapping tool [12–15].
The hyperspectral imagery was captured using the underwater hyperspectral imager UHI-2 (2nd
generation underwater hyperspectral imager; Ecotone AS, Trondheim, Norway). UHI-2 is a waterproof
push-broom scanner that captures hyperspectral pixel rows through an 8-mm fore lens, by means of a
scientiﬁc complementary metal-oxide-semiconductor (sCMOS) camera sensor with a 16-bit radiometric
resolution (dynamic range). The imager’s FOV in the across- and along-track directions is 60◦ and 0.4◦ ,
respectively, and its maximum spatial resolution is 1600 across-track pixels. Spectrally, UHI-2 covers
the range of 380–800 nm at a maximum resolution of 0.5 nm.
To record underwater hyperspectral imagery, UHI-2 was deployed on the port side of Minerva in
a nadir viewing position, with its across-track FOV oriented perpendicularly to the ROV’s heading.
Illumination for the image acquisition was provided by two downward-facing, 250-W halogen lamps
mounted 35 cm aft and fore of the imager. Once the ROV had been deployed, UHI-2 was controlled
remotely from RV Helmer Hanssen using the software SpectralDAQ (Specim, Spectral Imaging Ltd.,
Oulu, Finland). To increase signal-to-noise ratio and enhance the processability of the hyperspectral
data products, spatial resolution was binned down from 1600 to 800 across-track pixels per exposure.
Similarly, the spectral resolution was reduced from 0.5 to 2 nm. The UHI transect was recorded at a
frame rate of 16 Hz, using an exposure time of 25 ms. During the image acquisition, Minerva was
manually maneuvered in a line across the wreck site at a speed of approximately 25 cm s−1 . The seaﬂoor
altitude varied between 0.5 m and 1.2 m. The recorded UHI transect was stored as a RAW ﬁle on the
internal hard drive of UHI-2 and exported for processing upon survey completion.
2.7. Processing of Underwater Hyperspectral Imagery
The wreck site UHI transect was processed using the software application ENVI (Environment for
Visualizing Images, v. 5.5; Harris Geospatial Solutions Inc., Boulder, USA). Initially, the UHI data were
converted from digital counts into upwelling spectral radiance (W m2 sr−1 nm−1 ) to remove noise and
inﬂuences inherent to the sensor. This procedure was carried out using the ENVI plug-in “Hypermap”
from Ecotone AS (Trondheim, Norway). Following radiance conversion, the next step is typically
obtaining absolute reﬂectance. However, conversion into absolute reﬂectance requires accounting for
underwater light beam attenuation based on the water column’s inherent optical properties (IOPs) and
the properties of the light source(s), neither of which were known in suﬃcient detail. Consequently,
radiance was converted into internal average relative reﬂectance (IARR) instead. In an IARR conversion,
all pixel spectra are divided by the mean spectrum of the full scene [16], which yields a result that is
comparable to absolute reﬂectance. It is worth noting that neither reﬂectance nor IARR is a prerequisite
for conducting spectral classiﬁcation. The IARR conversion in the current study was only performed
to facilitate the interpretation of the UHI transect and its constituent objects of interest. Prior to the
IARR conversion, the spectral illumination in the radiance-converted transect was normalized both
across- and along-track to account for constant geometric diﬀerences in the light ﬁeld generated by the
halogen lamps (across-track) and slight variations in seaﬂoor altitude (along-track). The normalization

Remote Sens. 2020, 12, 997

7 of 23

was carried out in ENVI using the multiplicative correction method of the function “Cross-Track
Illumination Correction” with 5th degree polynomials. The resulting transect was subsequently
converted into IARR using ENVI’s “IAR Reﬂectance Correction” tool. The ﬁnal step that was carried
out before spectral classiﬁcation was georeferencing of the IARR-converted transect. Georeferencing
was performed in Hypermap based on 86 time-stamped ROV positions extracted from the Figaro
photogrammetry model. Each time-stamped position featured a Structure-from-Motion-based (SfM)
pose of the vehicle with values for latitude, longitude, pitch, roll, heading, depth, and seaﬂoor altitude,
and the IARR data were georeferenced at 0.5-cm spatial resolution.
2.8. Supervised Classiﬁcation of Underwater Hyperspectral Imagery
Supervised classiﬁcation of the georeferenced IARR data was carried out using a combination of
the software application ENVI and the software environment R (v. 3.5; R Foundation for Statistical
Computing, Vienna, Austria). For the classiﬁcation procedure, the IARR data were spectrally subset
to the range of 400–700 nm (a total of 156 bands). This was done to eliminate noisy bands where the
ROV lamps provided insuﬃcient lighting. To acquire training data for the supervised classiﬁcation,
spectral endmembers (spectrally pure pixels) were identiﬁed in the georeferenced transect using ENVI’s
“Minimum Noise Fraction (MNF) Rotation” (modiﬁed from [17]) followed by the “Pixel Purity Index
(PPI)” function. The MNF Rotation can be considered a double principal component transformation,
where the ﬁrst transformation decorrelates and rescales (“whitens”) the noise in the dataset and the
second transformation displays the inherent dimensionality of the dataset. In the current study, the ﬁrst
eight MNF bands were found to yield coherent transect images. Consequently, these bands were
chosen as input for the PPI analysis. The PPI function locates the purest or most extreme pixels by
projecting n-dimensional scatterplots of the dataset onto random unit vectors a predeﬁned number of
times and counting each time a given pixel is marked as extreme. Pixels frequently counted as extreme
are assumed to belong to spectrally distinct classes. By applying the PPI and interpreting the resulting
pixel purity image in context with the georeferenced IARR transect, nine spectral classes were identiﬁed.
Six of the identiﬁed classes were assumed to be biofouling spectral classes, whereas the remaining three
were assumed to be non-biofouling. For each class, pixel endmembers highlighted by the pixel purity
image were extracted from the IARR transect to be used as training data for supervised classiﬁcation.
Table 1 presents the assumed identities of the nine diﬀerent spectral classes and the number of training
pixels obtained for each of them, while Figure 2 shows each class’ mean IARR signature.
Table 1. Number of training pixels obtained from nine distinct spectral classes assumed to be present
in the internal average relative reﬂectance (IARR)-converted underwater hyperspectral imaging (UHI)
transect from the Figaro wreck site. Six of the nine spectral classes were assumed to be biofouling
classes. The table shows the number of pixels used for both calibration and validation of the supervised
classiﬁcation model.
Spectral Class

Biofouling/
Non-Biofouling

Number of Training
Pixels Used for Model
Calibration

Number of Test Set
Pixels Used for Model
Validation

Bacteria/fungi
*Calcium carbonate
Coralline algae
Dead organic matter/shadow
Invertebrates
Other algae
Rust
Sea anemones
Sediment

Biofouling
Biofouling
Biofouling
Non-biofouling
Biofouling
Biofouling
Non-biofouling
Biofouling
Non-biofouling

180
60
260
50
35
95
40
107
50

20
20
20
20
20
20
20
20
20

* Dominated by barnacles, based on in situ observations from the remotely operated vehicle (ROV) Minerva.

For the supervised classiﬁcation, a support vector machine (SVM) classiﬁer with a radial basis
function (RBF) kernel was selected. By using vector-deﬁned decision surfaces based on the provided
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training data, SVM maximizes the margins between diﬀerent classes. The SVM algorithm was chosen
due to its ability to handle complex data [18,19] and its previous performances on UHI datasets [12,13,15],
whereas the RBF kernel was chosen based on its robustness [20,21]. Supervised classiﬁcation by means
of an RBF-SVM classiﬁer requires parameters γ (kernel width) and C (regularization degree) to be
speciﬁed (Kavzoglu and Colkesen, 2009) [20]. To determine the optimal γ and C values for RBF-SVM
classiﬁcation of the current dataset, a grid search cross-validation was performed on the obtained
training data (third column of Table 1) in the software environment R, using the package “e1071” [22].
The optimal parameter values were determined using ten-fold cross-validation, which found that a γ of
0.0001 in combination with a C of 10,000 yielded the best classiﬁcation model (99.43% cross-validation
accuracy). To further verify the validity of the model, a test set validation was also carried out by
applying the model to the pixel test set shown in the fourth column of Table 1. The test set validation
showed an overall classiﬁcation accuracy of 93% and a Kappa coeﬃcient of 0.93, suggesting strong
agreement between the model and reality [23]. Class-speciﬁc classiﬁcation accuracies from the test
set validation are shown in the Table 2 confusion matrix, which class by class assesses the agreement
between predicted and true values. Table 2 also shows class-speciﬁc estimates of both producer
accuracy and user accuracy. The former is calculated by dividing the number of correctly classiﬁed
pixels within a class by the true number of pixels known to be that class, whereas the latter is calculated
by dividing the number of correctly classiﬁed within a class by the number of pixels predicted to be
that class by the given classiﬁer. The optimized RBF-SVM classiﬁcation model was ultimately applied
to the entire georeferenced IARR transect in ENVI, and the results were exported to ArcMap (v. 10.6;
Esri Inc., Redlands, USA) for visualization and interpretation.

Figure 2. Mean internal average relative reﬂectance (IARR) signatures of the nine spectral classes
identiﬁed in the underwater hyperspectral imaging (UHI) transect from the Figaro wreck site. The mean
values were calculated based on the training pixels shown in the third column of Table 1.
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Bacteria/
fungi
Calcium
carbonate
Coralline algae
Dead organic
matter/
shadow
Invertebrates
Other algae
Rust
Sea anemones
Sediment
Total

Predicted
Spectral Class
0
20
0
0
0
0
0
0
0
20

0

0

0

0
0
0
0
2
20

Calcium
Carbonate

18

Bacteria/
Fungi

0
0
0
0
0
20

0

20

0

0

Coralline
Algae

13
0
0
7
0
20

0

0

0

0

Inverte-Brates

0
20
0
0
0
20

0

0

0

0

Other
Algae

0
0
20
0
0
20

0

0

0

0

Rust

True Spectral Class (Pixels)

0
0
1
17
0
20

0

0

2

0

Sea
Anemones

Overall classiﬁcation accuracy: 93.33%; Kappa coeﬃcient: 0.93

0
0
0
0
0
20

20

0

0

0

Dead Organic
Matter/Shadow

0
0
0
0
20
20

0

0

0

0

Sediment

13
20
21
24
22
180

20

20

22

18

Total

65.00
100
100
85.00
100

100

100

100

90.00

Producer
Accuracy (%)

100
100
95.24
70.83
90.91

100

100

90.91

100

User
Accuracy (%)

Table 2. Confusion matrix from the test set validation of the support vector machine (SVM) classiﬁer used in the current study, and corresponding accuracy assessments.

Remote Sens. 2020, 12, 997

Remote Sens. 2020, 12, 997

10 of 23

Within the transect, three diﬀerent archaeological substrate types were identiﬁed: “metal
wires/pipes”, “protruding wood” (wood protruding signiﬁcantly from the surrounding seaﬂoor),
and “receding wood” (wood at the same level as the surrounding seaﬂoor). This process was
aided by comparing the UHI transect to the photogrammetry model of the Figaro. The remaining
pixels in the transect were assigned to the generalized substrate type “remaining transect”. Using
deﬁned pixel regions of interest (ROIs) corresponding to each substrate type (Appendix A, Figure A1),
substrate-speciﬁc areal coverage (%) was estimated for all spectral classes based on the RBF-SVM
classiﬁcation results. These estimates are presented in the Results section, along with the equivalent
estimate for the entire transect combined. Finally, the proportions of biofouling and non-biofouling
pixels were estimated for each substrate type. These proportions were subsequently compared
statistically in the software environment R using chi-squared (χ2 ) testing with Yates’ continuity
correction. This was done to identify potential diﬀerences between archaeological substrate types and
the generalized remaining transect.
3. Results
3.1. AUV and Mini-ROV 2015 Results
The SSS imagery (Figure 3) showed the wreck site with an apparently structurally intact hull
resting upright on the keel on the slightly sloping seaﬂoor. Several boilers were visible inside or in close
proximity to the aft section of the wreck. Additionally, two chimneys were distinctly visible, attesting
that the ship had been ﬁtted for modernized (by contemporary standards) whale blubber processing.
Other salient features that could be seen in the SSS imagery were an anchor chain on the starboard
side, the rudder lying ﬂat on the seaﬂoor next to the stern post, and parts of the rigging on the seaﬂoor
outside the port side of the wreck. Comparing imagery from both sides of the wreck enhanced our
ability to interpret both echo intensity and shadows in a complementary manner, making it possible to
e.g., discern the shape and extent of an upright standing boiler in the starboard aft area. Multi-view
fusion as described in Ødegård et al., 2018 [24] was not possible due to spatial inconsistencies, but the
added value of multiple aspects was apparent when considering the details in the starboard forward
section that were only visible in one of the images. The image from the port-side pass (Figure 3b)
showed a shadow of the wreck site’s vertical proﬁle. It indicated an increased hull disintegration
towards the aft area, though one had to consider that the sloping area on the starboard side caused
exaggerated shadow length towards the forward section.

Figure 3. Autonomous underwater vehicle (AUV)-acquired sidescan sonar (SSS) images from alternate
sides of the Figaro in Trygghamna. Panels (a) and (b) respectively show images from the starboard-side
and port-side AUV passes of the wreck. The wreck measures approximately 50 m long, and 11 m wide.

In total, 2:34 h of HD ROV-video of the wreck site were acquired. The diﬀerent parts of the
hull and a number of objects were inspected at close range for identiﬁcation and to assess the state
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of preservation. The ship’s hull was ﬁtted with copper sheathing that was visible on all inspected
remaining hull structures on both sides of the wreck, and we could infer that the wreck was preserved to
the waterline or slightly above. A slight outward curvature (peeling) of the upper row of copper plates
could be interpreted as a result of ﬁre or high temperatures, congruent with the Figaro burning before
sinking. At selected areas, close-range inspection of the ceiling (the planking that separates the cargo
from the hull itself) was carried out to look for evidence of ﬁre. No traces of charring could be identiﬁed,
but signiﬁcant biofouling along much of the remaining gunwale left the answer to this question
inconclusive. Areas of exposed wood seemed to be well preserved with none of the characteristic
signs of destruction caused by shipworm (wood-boring mollusks in the families Teredinidae and
Xylophagaidae). However, by zooming in on one piece of ceiling timber we could clearly observe
evidence of gribble (wood-boring crustaceans in the family Limnoriidae) attack (Figure 4).

Figure 4. Screenshots from the 2015 mini-remotely operated vehicle (ROV) high-deﬁnition (HD) video.
Panel (a) shows a part of a wooden beam with a brass bolt protruding, and panel (b) shows a close-up
of exposed wood with signs of gribble attack.

The inside of the hull was covered with what appeared to be a thick layer of dead barnacles
(crustaceans in the infraclass Cirripedia) and other calcareous shell remains mixed with ﬁne-grained
sediment, suggesting relatively high levels of biological activity on the wreck site. A number of
well-preserved wooden barrels arranged in rows (indicating they were located in the cargo hold)
showed no evidence of gribble or other wood-boring organisms (Figure 5). Steam boilers, cooking vats,
and other metal objects were all largely covered with barnacles. Spectrally conspicuous red coralline
algae (Rhodophyta) also made considerable contributions to the observed biofouling community.
An exception was the copper sheathing and brass bolts extruding from timbers, which showed little or
no signs of biofouling or growth. The latter is consistent with copper being a well-known biofouling
deterrent [25].

Figure 5. Screenshots from the 2015 mini-remotely operated vehicle (ROV) high-deﬁnition (HD) video.
Panel (a) shows the remains of two barrels with lids, and panel (b) shows a part of a mechanical metal
construction (wheel) completely covered with barnacles.
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Based on historical records and the analysis of SSS images and ROV video, we could conﬁdently
identify the wreck as the Figaro, a Norwegian whaling ship that accidentally caught ﬁre and sank in
Trygghamna in 1908. The Figaro was a barque built at the Joh. C. Tecklenborg shipyard in Geestemünde,
Germany in 1879. It was the last wooden barque to be built at that shipyard, and measured 1044 grt,
985 nrt, L: 54.4 m; B: 10.8 m; D: 6.8 m. In 1902, the ship was acquired by a Norwegian company, rebuilt
and put into service as a ﬂoating whalery in 1904. It was among the ﬁrst ships ﬁtted with equipment
for industrial processing of whale blubber and served for four years in Spitsbergen in the ﬁnal phase of
commercial whaling in the European Arctic. The ship functioned as a stationary factory base for one or
two smaller steam-powered vessels that brought whales in from the hunting grounds oﬀ the Svalbard
coast. After ﬂensing and boiling, processed oil was put on caskets and stored in the cargo hold for
transport back to Norway at the end of each season.
3.2. ROV 2016 Photogrammetry Results
The full photogrammetric mapping of the wreck site conducted during the 2016 Polar Night
Cruise was planned based on the results of the 2015 survey. The inherent optical properties of the
water column that impaired image quality in September 2015, were signiﬁcantly reduced in January
2016, as can be seen by comparing Figures 5 and 6.

Figure 6. Camera stills from the 2016 remotely operated vehicle (ROV) survey. Panel (a) shows the
remains of two barrels with lids, and panel (b) shows a part of a mechanical metal construction (wheel)
completely covered with barnacles.

The full 3D-model of the wreck site showed varying degrees of consistency and level of detail,
mostly due to poorer coverage or image quality in some areas. Particularly, the shaded areas where
the outside of the hull meets the seaﬂoor had gaps due to insuﬃcient data for a continuous model.
In addition to the 3D model that could be viewed in the Agisoft Photoscan software as textured or
solid (Figure 7), a high-resolution digital elevation model (DEM) model and an orthophoto were
the main products for analysis and interpretation (Figure 8). The bow section was most structurally
intact, with the stem post standing 9 m proud of the ambient seaﬂoor. The rudder post stood 3.6 m
above the seaﬂoor surrounding the aft section of the vessel. The wreck measured 51 m from stem to
stern, and 11 m wide. An archaeological site plan of the wreck was drawn as classiﬁed layers on top
of the orthophoto (Figure 9). Distinct objects and features, e.g., boilers and chimneys, were easy to
identify and delimit in the orthophoto and hence transferred to the site plan with high relative accuracy.
Discrimination between barrels and other planks or pieces of wood was not apparent, and classiﬁcation
had to be based on spatial context. Classiﬁcation of metal objects was challenging due to their complex
distribution, but also the considerable layers of biofouling obscuring their original shape. This class
should therefore be considered somewhat uncertain. Still images, the hillshaded DEM and HD video
recordings were used to aid classiﬁcation in areas where the orthophoto had insuﬃcient levels of detail
or quality. A bit surprisingly, no bottles, ceramics, or bricks could be seen on the wreck site.
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Figure 7. Panel (a) shows the photogrammetric 3D model of the Figaro with: (1) Chimneys; (2) Boilers
and vats; (3) Rudder; (4) Barrels; (5) Machine construction. Panel (b) shows the un-textured 3D model
of the Figaro.

3.2.1. Wood
Wood was visible along the gunwales, mainly in parts of the frames and ceilings. Biofouling and
sediment occluded most prominent features from detailed inspection, but observable exposed surfaces
were seemingly intact and well preserved. Remains of the rig and other wooden objects deposited on
the seaﬂoor outside the wreck appeared to be in similar condition. In some areas, surfaces that likely
were part of deck planks were visible, indicating that the inner structure of the wreck was compressed
but not completely collapsed. A number of barrels could easily be identiﬁed due to characteristic
rows of barrel lids standing upright in situ. Other concentrations and scatterings of planks could be
observed, but not classiﬁed. Exposed wood in the rudderpost showed signs of deterioration that
could have been caused by shipworm (Figure 10a). The general assessment was that wood was well
preserved all over the wreck site.

Figure 8. Panel (a) shows a digital elevation model (DEM) of the Figaro derived from the
photogrammetry model, whereas Panel (b) shows an orthophoto of the Figaro based on the
photogrammetry model. The ﬁgure was generated in ArcMap (v. 10.6; Esri Inc., Redlands, USA;
http://desktop.arcgis.com/en/arcmap/). Projection: UTM 33, Datum: WGS 1984.
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Figure 9. Site plan of the Figaro wreck based on the photogrammetry 3D model, stereo camera still
images and high-deﬁnition (HD) video. The ﬁgure was generated in ArcMap (v. 10.6; Esri Inc.,
Redlands, USA; http://desktop.arcgis.com/en/arcmap/). Projection: UTM 33, Datum: WGS 1984.



Figure 10. Camera stills from the 2016 remotely operated vehicle (ROV) survey. Panel (a) shows the
rudder post with possible traces of shipworm attack, whereas panel (b) shows the top of a boiler with
rust patches.
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3.2.2. Metal
The only metal that could be identiﬁed as part of the ship structure itself was the copper sheathing
covering the hull, rudderpost and rudder, and a number of bolts protruding from frames and ceiling.
Neither the sheathing nor the bolts were biofouled to a large extent. The bolts in fact appeared to be
completely bare, which made them particularly easy to identify. One chimney, at least two boilers,
and 4–5 vats were observed in the aft section of the wreck. An additional chimney was found in the
fore section, and another vat was detected approximately 30 m outside the starboard side of the wreck.
All these metal objects were covered with biofouling organisms (mainly barnacles and coralline algae).
The two boilers had exposed patches with rust (Figure 10b). Metal objects were ubiquitous inside the
wreck, but with concentrations that indicated stations with machinery or constructions. Metal frames,
wheels and pulleys, and large amounts of what appeared to be wire were congruent with activities
related to mechanized whale processing. Typically, all metal objects were covered with crust-like
layers of biofouling organisms (as can be seen in Figure 6b), and except for the two boilers, no exposed
metal surfaces could be observed. Additionally, except for a few patches of rust-colored sediment next
to metal objects, there was no evidence of substantial corrosion or oxidized concretizations that are
typical for saltwater wreck sites.
3.3. ROV 2016 Underwater Hyperspectral Imaging (UHI) Results
Figure 11a shows an RGB representation of the IARR-converted and georeferenced UHI transect,
in context with the photogrammetric 3D model of the Figaro wreck. The transect covered an area
of 14.65 m2 and appeared highly consistent with the Figaro 3D model spatially. Results from the
corresponding SVM classiﬁcation are shown in Figure 11b. Taking the full transect into account,
sediment and dead organic matter/shadow were estimated to be the most abundant spectral classes.
The spectral classes rust (mostly in the form of rust-colored sediment), calcium carbonate, and coralline
algae were also estimated to be present in substantial amounts. Speciﬁc areal coverage estimates
for all spectral classes are shown in Figure 12. In addition to showing the estimates for the full
transect, Figure 12 shows equivalent estimates for transect regions corresponding to metal wires/pipes,
protruding wood, receding wood and the remaining transect. The estimated levels of biofouling in
all the assessed substrate categories and the full transect are shown in Table 3. Of the archaeological
substrate types, receding wood was found to support signiﬁcantly lower levels of biofouling than
the remaining transect, whereas metal wires/pipes and protruding wood were found to support
signiﬁcantly higher levels (Table 3). The patterns observed in Figure 12 and Table 3 and their associated
implications are further examined in the Discussion section.
Table 3. Estimated areal coverage (number of pixels and %) of biofouling and non-biofouling
spectral classes in four discrete subset areas of the underwater hyperspectral imaging (UHI) transect
corresponding to metal wires/pipes, protruding wood, receding wood and the remaining transect. The
table also shows the equivalent estimates for the full transect. The ﬁnal two columns show the results of
chi-squared (χ2 ) comparisons of biofouling vs. non-biofouling pixel coverage in archaeological subset
areas (metal wires/pipes, protruding wood, and receding wood) vs. the remaining transect.

Substrate

Metal wires/pipes
Protruding wood
Receding wood
Remaining transect
Full transect

Coverage of Biofouling
Spectral Classes

Coverage of Non-Biofouling
Spectral Classes

Chi-Squared (χ2 )
Comparison to
Remaining Transect

Number of Pixels

%

Number of Pixels

%

χ2 Statistic

p Value

972
1229
738
44,551
47,490

16.64
20.01
4.29
10.73
10.69

4869
4912
16,445
370,583
396,809

83.36
79.99
95.71
89.27
89.31

207.94
537.23
728.25
-

<2.2 × 10−16
<2.2 × 10−16
<2.2 × 10−16
-
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Figure 11. Underwater hyperspectral imaging (UHI) results from the Figaro wreck site. Panel (a)
shows an RGB representation (R: 660 nm, G: 550 nm, B: 510 nm) of the internal average relative
reﬂectance (IARR)-converted and georeferenced UHI transect (14.65 m2 areal coverage) draped over a
contrast-enhanced subset of the Figaro orthophoto, whereas panel (b) shows the corresponding support
vector machine (SVM) classiﬁcation results. The ﬁgure was generated in ArcMap (v. 10.6; Esri Inc.,
Redlands, USA; http://desktop.arcgis.com/en/arcmap/). Projection: UTM 33, Datum: WGS 1984.

4. Discussion
4.1. Use of Underwater Robotics and Sensors for Mapping a Wreck Site
Due to the location of the Figaro in a remote and harsh environment, the strategic choice to utilize
underwater sensor-carrying robots for investigation and mapping was appropriate. Guided by the
principles in Ødegård et al., 2016 [26], deployments of diﬀerent vehicles and sensors were done in
successive missions with data and information consecutively being used during each step of planning,
acquisition and processing (Figure 13). The reduced functionality of the acoustic positioning system
had negative consequences for navigation and data registration and emphasized the importance of
human-in-the-loop knowledge and preparation to ensure operational success even in a fully “robotized”
archaeological survey. Based on the aggregated results from two surveys of relatively short duration,
it was possible to successfully delimit the underwater cultural heritage site, identify the wreck as the
Figaro, map main features of the wreck site and assess the wreck’s state of preservation for future
management decisions. In addition to the scientiﬁc data gathered for archaeological and biological
analysis and interpretation, valuable operational experience was gained for future surveys utilizing
remote sensing technologies in complex environments.
The presented pipeline from image acquisition, via reconstructed geometry, to site plan is
cumbersome, to some degree eclectic when it comes to tools and methods, and prone to introduction of
uncertainty both in processing and interpretation. As discussed by Drap et al., 2019 [27], the selected
approach required a combination of automatic data processing and archaeological knowledge to
produce information relevant for the stated purpose of the survey. The production of a site plan
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(Figure 9) mainly based on visualizations derived from the photogrammetric model is a process of
qualitative assessment that relies on the archaeologist’s ability to recognize and identify shapes of
objects or features and infer continuations of those shapes when their visible representations are
obscured by, for example, layers of sediment or extensive biofouling. The inherent attention in
archaeological documentation against omitting data or information from the record, must be balanced
against the uncertainty of classiﬁcation that could possibly introduce errors similarly obfuscating
analysis and interpretation.
Two main challenges related to the approach presented in this paper, were the lack of ability to
perform ground-truthing, and capacity (excessive time consumption) for interpretation. With increased
accessibility to deep water wreck sites, enabled by technological development, we can expect more
cases were data capture is limited to the constraints of non-intrusive and remote sensing methods. That
means that uncertainty in classiﬁcation that traditionally has been resolved by closer or even tactile
examination must be approached with diﬀerent tools. The use of UHI as a complementary technique
for classiﬁcation based on optical signatures in addition to morphology could enhance the quality of
wreck site interpretation and understanding [28]. In addition to classiﬁcation of archaeological features,
as presented in a site plan focusing on cultural context (Figure 9), attention should be given to wrecks
as artiﬁcial reefs and how biological activity and diversity are intertwined with site constitution and
formation processes [29]. Integrating use of UHI in wreck site surveys could provide maps to elucidate
their characteristics as marine ecosystems with both cultural and biological properties, facilitating
cross- and interdisciplinary research for better understanding and management.

Figure 12. Estimated areal coverage (%) of nine spectral classes in the full underwater hyperspectral
imaging (UHI) transect (full transect), and in four discrete subset areas of the UHI transect: metal
wires/pipes, protruding wood, receding wood, and the remaining transect.
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Figure 13. Model of wreck mapping survey showing sequence and data dependency of operations
(OPS). AUV = autonomous underwater vehicle, ROV = remotely operated vehicle, SSS = sidescan
sonar, t = time, UHI = underwater hyperspectral imaging.

4.2. Data Quality of Underwater Hyperspectral Imagery
The procedure used for UHI data processing in the current study was able to yield satisfactory
results both spectrally and spatially. ENVI’s “Cross-track Illumination Correction” function produced a
spectrally coherent dataset with no evident light ﬁeld variation, while the subsequent conversion from
upwelling spectral radiance to IARR generated “pseudo reﬂectance” that in terms of spectral shape
closely resembled absolute reﬂectance. An example that supports the latter claim is the IARR signature
of coralline algae in Figure 2, where distinguished dips corresponding to the in vivo absorption
maxima of chlorophyll a (438 and 679 nm [30,31]) and R-phycoerythrin (497 and 566 nm [32–34]) clearly
are present. The georeferenced IARR transect lined up well with the Figaro 3D model (Figure 11a),
which implied that the time-stamped navigation data from the photogrammetry model were suﬃciently
accurate for geospatial positioning of push-broom hyperspectral imagery. It is worth noting that
satisfactory georeferencing of the acquired UHI transect would not have been possible without the
supplementary ROV positioning information generated through the photogrammetric analysis of the
wreck site.
Although the processing pipeline set up a suitable foundation for the ensuing supervised
classiﬁcation, the authors recommend quantiﬁcation of two additional parameters for future UHI
surveys of wreck sites, namely the water column’s in situ spectral attenuation coeﬃcient and the
spectral properties of the utilized light source(s). Detailed knowledge of these parameters would,
by means of a radiative transfer model (e.g., that of Maritorena et al., 1994 [35]), permit UHI data to be
converted into absolute reﬂectance (as opposed to IARR), which represents a unit that more easily can
be compared to ﬁndings from other studies and spectral libraries.
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4.3. Supervised Classiﬁcation of Underwater Hyperspectral Imagery
Based on visual interpretation, the SVM classiﬁcation results appeared consistent with the
estimated 93% classiﬁcation accuracy from the test set validation (Table 2). Table 2 shows class-speciﬁc
estimates of both producer accuracy and user accuracy. For seven out of nine spectral classes, both
producer- and user accuracy was estimated to be ≥ 90%. The least accurate classiﬁcation results were
obtained for the spectral classes invertebrates and sea anemones. For invertebrates, 13 of 20 test set
pixels were classiﬁed correctly, yielding a producer accuracy of 65%. The remaining seven pixels were
classiﬁed as sea anemones, which suggests an overlap between the classes. A partial explanation for
this ﬁnding is likely that sea anemones, although deﬁned as a distinct spectral class in the current
study, also are invertebrates. A common characteristic of yellow, orange, red, and brown marine
invertebrates (including many sea anemone species) is that their coloration largely can be attributed to
contents of carotenoids (e.g., astaxanthin) and carotenoproteins [36]. This implies that even though the
exact pigment contents and pigment-protein relationships diﬀer between invertebrate species, certain
interspeciﬁc similarities with respect to optical signatures can be expected. For the purpose of this
study’s supervised classiﬁcation, the sea anemone spectral class was initially branched oﬀ from the
invertebrate spectral class based on the two classes’ seemingly diﬀerent spectral properties (Figure 2).
The estimated classiﬁcation accuracies in Table 2 do, however, suggest a gradual transition between
the classes, and for future biological seaﬂoor surveys featuring UHI, the spectral relationship between
marine invertebrate species should be further investigated.
4.4. Biofouling Analysis
A central objective of the wreck site UHI analysis was to investigate the degree to which diﬀerent
marine archaeological materials and artifacts were biofouled, as compared to the surrounding area
(the remaining transect). Despite being ubiquitously relevant within ﬁelds ranging from marine
archaeology to shipping and subsea construction, the complex and intertwined mechanisms that
govern the process of biofouling are still largely unresolved. The available knowledge can be considered
sparse at best, with a substantial portion originating from studies performed on only a handful of
species [25]. The authors would like to point out that considering the generalized nature and small
size of the dataset analyzed in the current study, the results presented in Figure 12 and Table 3 need to
be treated with caution. With that in mind, we nevertheless believe that certain observed patterns
are noteworthy.
Based on the chi-squared tests in Table 3, all archaeological substrate types were found to
signiﬁcantly diﬀer from the remaining transect in terms of biofouling. Two of the three identiﬁed
archaeological substrates were wooden: protruding wood and receding wood. The ﬁnal archaeological
substrate, metal wires/pipes, was the only substrate to inherently diﬀer from the rest. Factors that are
known to aﬀect settlement of biofouling species include intrinsic material properties (e.g., chemical
properties), surface texture, and overall surface wettability [25]. By assuming that most woods
and metals are comparable in terms of surface wettability (both substrate categories are deﬁned as
hydrophilic [37]) and instead emphasizing potential diﬀerences in chemical properties and surface
texture, metal wires/pipes were expected to stand out the most in terms of biofouling a priori. However,
Figure 12 and Table 3 suggest that protruding wood was the substrate that diﬀered the most from the
remaining transect (and the full transect). If the six spectral classes bacteria/fungi, calcium carbonate
(largely represented by barnacles, based on in situ observations from ROV Minerva), coralline algae,
invertebrates, other algae, and sea anemones are assumed to make up the community of biofouling
organisms at the Figaro wreck site, protruding wood displayed the highest degree of biofouling
(20.01%) by a margin of 3.37 percentage points to the next substrate type on the list (metal wires/pipes).
Furthermore, the estimated coverage of biofouling organisms on protruding wood was also 9.28
percentage points higher than that of the remaining transect. Conversely, the degree of biofouling on
the other wooden substrate category—receding wood—was only estimated to be 4.29% (6.44 percentage
points lower than the estimate for the remaining transect). This suggests that factors besides from the
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material itself play important roles in determining the degree of biofouling. One such factor could
be the degree to which an object protrudes from the seaﬂoor. A strongly protruding object may, for
instance, increase a biofouling organism’s exposure to surrounding currents, consequently increasing
its access to suspended feed and nutrients. Furthermore, a protruding object will likely trap less
sediment than adjacent ﬂat surfaces, which is beneﬁcial to biofouling organisms that are vulnerable
to smothering. This reasoning is consistent with ﬁndings from a study by Hudon et al., 1983 [38],
in which larvae of the barnacle species Balanus crenatus displayed a strong preference for settling
sites free of detritus and silt. Since horizontal, ﬂat-surfaced, receding wood supported a substantially
smaller biofouling assemblage than the remaining two archaeological substrate types—both of which
protruded from the seaﬂoor to a considerable extent—our ﬁndings suggest that there exists a positive
correlation between object protrusion and wreck site biofouling that needs further elucidation.
On a global scale, as much as 80% of the seaﬂoor is estimated to be comprised of soft-bottom
habitats [39], and the surface of soft-bottom habitats typically supports considerably less biomass than
that of comparable hard-bottom habitats [25]. The latter is exempliﬁed by the positive eﬀects artiﬁcial
reef structures submerged in homogenous soft-bottom environments have on biological community
recruitment and subsequent biomass production [40,41]. An implication of this and the preceding
ﬁndings is that hard-surfaced marine archaeological objects that have not completely subsided into the
seaﬂoor are likely to support higher biomass than their surrounding areas. Provided that the biological
assemblages associated with man-made substrates are composed of suﬃciently high densities of
spectrally conspicuous organisms (e.g., coralline algae or invertebrates), biofouling could thus serve as
an optical cue for detection of novel marine archaeological sites. It needs to be stated that acoustic
techniques (e.g., SSS imaging and MBES) are likely to remain the most important tools for this purpose,
but for an autonomous framework—such as that proposed by Ødegård, 2018 [42] —where secondary
inspection of acoustically identiﬁed targets of interest is necessary, optical methods like UHI and
photogrammetry should be considered viable options.
5. Conclusions
The ﬁndings presented in the current study showcased the utility of combining diﬀerent
state-of-the-art sensor-carrying robots for assessments of wreck sites in harsh and remote areas
with limited accessibility, such as the high Arctic. The SSS-equipped AUV served as an excellent means
of getting an initial overview of the survey location, based on which more detailed optical ROV surveys
could be planned and carried out. Acoustic and optical sensors provided complementary information,
and for similar future studies, both should be regarded as necessary for fully understanding the
extent, state and complexity of a given wreck site. Furthermore, a considerable beneﬁt of using
AUV and ROV technology for wreck site mapping and investigation was that satisfactory results for
research and management could be obtained in a relatively short time, reducing operational costs.
However, the utilization of advanced technological methods, as described in this paper, introduced
vulnerabilities related to equipment malfunctions and unexpected operational events. Overcoming
these contingencies (e.g., loss of positioning) and ensuring operational success therefore required
careful planning.
Results from the Figaro particularly highlighted the value of advanced optical mapping techniques
in relation to wreck site assessments. The photogrammetry of the wreck for instance yielded a detailed
3D model, based on which major wreck site objects and features could be identiﬁed in a site plan—a
feat that could not have been accomplished based on acoustic data alone. The UHI data provided an
additional level of optical information and served as an interdisciplinary bridge connecting archaeology
and biology. Speciﬁcally, ﬁndings from the UHI analyses revealed a possible positive correlation
between object protrusion (from the seaﬂoor) and degree of biofouling, which could be of relevance for
future marine archaeological surveys using underwater robotic platforms and sensors.
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Appendix A

Figure A1. Regions of interest (ROIs) corresponding to diﬀerent marine archaeological substrate
types in the analyzed underwater hyperspectral imaging (UHI) transect from the Figaro wreck site.
The background image is a contrast-enhanced subset of the Figaro orthophoto. The ﬁgure was generated
in ArcMap (v. 10.6; Esri Inc., Redlands, USA; http://desktop.arcgis.com/en/arcmap/). Projection: UTM
33, Datum: WGS 1984.
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Abstract
On the Tautra Ridge – a 39-100 m deep morainic sill located in the middle of the Trondheimsfjord,
Norway – some of the world’s shallowest known occurrences of the scleractinian cold-water coral
Desmophyllum pertusum (previously Lophelia pertusa) can be found. The earliest D. pertusum
records from the Tautra Ridge date back to the 18th century, and since then, the location has
provided easy access to physical coral specimens for numerous scientific studies. In 2013, the
ridge was declared a marine protected area (MPA) by the Norwegian Government due to its unique
coral reefs. However, few attempts have to our knowledge yet been made to characterize the
distribution and extent of these reefs extensively. The aim of the current study was therefore to
add geospatial context to the Tautra coral reef complex. In the study, data from multibeam echo
sounding (MBES), synthetic aperture sonar (SAS) imaging and underwater hyperspectral imaging
(UHI) are used to assess coral reef occurrences from multiple perspectives. The study demonstrates
how complementary remote sensing techniques can be used to increase knowledge generation
during seafloor mapping efforts. Ultimately, predictive modelling based on seafloor
geomorphometry is used to estimate both distribution and areal coverage of D. pertusum reefs
along the majority (6.23 km2) of the Tautra Ridge. Our findings suggest that D. pertusum reef
distribution on the Tautra Ridge is affected by several geomorphometric properties, and that the
total reef extent in the area likely is close to 0.64 km2. In the future, further data on local
hydrodynamic conditions can likely improve our understanding of the Tautra coral reef complex.

Keywords
Cold-water corals; Desmophyllum pertusum; Lophelia pertusa; habitat mapping; predictive
modelling; multibeam echo sounding (MBES); synthetic aperture sonar (SAS) imaging;
underwater hyperspectral imaging (UHI)

1. Introduction
1.1 The Trondheimsfjord
Situated between 63°40’N 9°45E and 64°0’N 11°30’E, the 135 km long Trondheimsfjord is one
of Norway’s largest fjord systems (Fig. 1a). The fjord system consists of three main basins: the
617 m deep outer basin, the 440 m deep middle basin and the 270 m deep inner basin (Jacobson
1983). These basins are separated by morainic sills of glacial debris deposited during the Younger
2

Dryas cooling period (Sakshaug & Sneli 2000). Whereas the surface layer of the Trondheimsfjord
(0-25 m deep) to a large extent is characterized by freshwater influx from surrounding rivers, the
fjord’s deeper water layers are dominated by a mixture of saline and well-oxygenated Atlantic
water (AW), and Norwegian coastal water (NCW). The annual influx of AW and NCW into the
fjord system exchanges all water masses below the surface layer twice a year. This provides a
relatively stable deep-water environment, with salinities >34, temperatures typically ranging from
7-7.5°C and oxygen levels >6 mL L-1 throughout the year (Sakshaug & Sneli 2000). At the
morainic sills, the fjord’s rapid water exchange rate and semidiurnal tidal patterns are manifested
as strong currents with speeds typically ranging from 0.4-1 m s-1 (Jacobson 1983). These currents
provide suitable conditions for sessile suspension feeders, and at the sill separating the outer basin
from the middle basin – the Tautra Ridge – a particularly spectacular suspension feeder assemblage
can be found.

Fig. 1. The area surveyed in the current study. Panel (a) shows a map of the Trondheimsfjord with the fjord’s
geographic position indicated in the upper left corner. The red square indicates the position of the Tautra Ridge and
the extent of panel (b). Panel (b) shows a depth contour map of the most pronounced part of the Tautra Ridge (depths
are given in meters) and the spatial extent of the datasets utilized in the study. The data were obtained using three
different techniques: multibeam echo sounding (MBES), synthetic aperture sonar (SAS) imaging and underwater
hyperspectral imaging (UHI). The maps were created in ArcMap (v. 10.8; Esri Inc., Redlands, USA; https://desktop.
arcgis.com/en/arcmap/). The depth contour maps are based on data from the Norwegian Mapping Authority
(Kartverket), available at https://kartkatalog.geonorge.no/Metadata/dybdedata/2751aacf-5472-4850-a208-3532a51c5
29a under CC BY 4.0 license. Projection: UTM 32N. Datum: WGS 1984.
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1.2 The Tautra Ridge
Extending from 63°36’30”N 10°30’E to 63°34’N 10°35’E, the ~6-km Tautra Ridge supports some
of the world’s shallowest cold-water coral reefs (39 m; Brooke & Järnegren 2013). A reef is here
defined as a living coral mound and its associated dead coral framework. Radiocarbon labelling
suggests that the Tautra Ridge was formed 10,800-10,500 14C years BP (Reite 1995, Lyså et al.
2008), and with depths generally ranging from 39-100 m, it spans the full width of the
Trondheimsfjord (Fig. 1b). The corals associated with the Tautra Ridge do not form a continuous
reef structure, but rather a complex of discrete, adjacent reef units ranging from 10-105 m2 in size
(Mortensen & Fosså 2001). These reef units are thought to be interspersed along the entire ridge.
The currents across the ridge are influenced by season, tide and local bathymetry, but can
invariably be considered strong. At 80-m depth, eastward currents with speeds up to 0.7 m s-1 have
for instance been recorded (Jacobson 1983). Over the past decades, the biological value of the
Tautra Ridge has become increasingly acknowledged by the Norwegian Government, and in 2013,
the ridge was named one of Norway’s first marine protected areas (MPAs).
1.3 The Tautra coral reef complex
The species that dominates the Tautra coral reef complex is the scleractinian cold-water coral
Desmophyllum pertusum (Linnaeus, 1758), formerly known as Lophelia pertusa. Desmophyllum
pertusum is a cosmopolitan coral species that so far has proven to be particularly abundant in the
North Atlantic and its associated fjord systems (Davies et al. 2008). Its known depth range spans
all the way from 39 m at the Tautra Ridge to a maximum recorded depth of 3,383 m in the
Northwest Atlantic (Squire 1959). On the Norwegian continental shelf, D. pertusum is most
common at 200-400-m depths, but in Norwegian fjords, it is frequently encountered in shallower
waters (Mortensen et al. 1995, Fosså et al. 2002). On a global scale, D. pertusum can be considered
tolerant with respect to environmental variables (Järnegren & Kutti 2008). It does, however, seem
to prefer salinities close to 35, temperatures of 6-9°C and oxygen levels of 6.0-6.2 mL L-1 (Davies
et al. 2008, Roberts et al. 2009), which coincides well with the environmental conditions at the
Tautra Ridge.
Desmophyllum pertusum’s ability to create complex, three-dimensional reef structures makes it an
important ecosystem engineer in cold waters (Jones et al. 1994, Mortensen et al. 2010). Despite its
slow growth rate (typically <1 cm year-1; Sabatier et al. 2012), the species is capable of forming
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vast bioherms, and the biggest D. pertusum reef complex known to date is the ~40 km long Røst
Reef off the coast of northern Norway (Fosså et al. 2005). As a structure-forming ecosystem
engineer, D. pertusum provides substrate and shelter to a range of benthic and demersal organisms.
In the Northeast Atlantic as a whole, it is known to co-occur with >1,300 species (Roberts et al.
2006), and at the Tautra Ridge, >120 macrofaunal species have so far been documented
(Mortensen & Fosså 2001, Costello et al. 2005, Mortensen & Fosså 2006). Historically, published
studies of the Tautra coral reef complex have relied heavily on physical point sampling. However,
there also exist non-invasive methods of obtaining coral information that hitherto have remained
relatively unexplored in the current study area.
1.4 The potential for coral reef remote sensing at the Tautra Ridge
Desmophyllum pertusum’s eco-geographical preferences and morphological properties make the
Tautra coral reef complex an interesting target for acoustic remote sensing surveys. From a
geomorphometric perspective, D. pertusum is for instance known to be associated with
bathymetric highs, steep slopes and irregular seafloor surfaces (Mortensen et al. 2001, Davies et
al. 2008), all of which are environmental variables that can be quantified using, e.g., multibeam
echo sounding (MBES). Furthermore, the corals themselves may on multiple levels serve as
suitable targets for acoustic detection. Firstly, being a scleractinian coral species, D. pertusum
deposits calcium carbonate in the form of aragonite in order to grow. The solid aragonite skeletons
of D. pertusum reflect sound more strongly than, e.g., soft-bottom sediments, which provides a
partial means of reef identification (Fosså et al. 2005). Secondly, vertical coral growth generates
abrupt angles between the reef perimeter and the surrounding seafloor. This is an attribute that can
be identified by side-scanning sonar systems, which produce imagery where protruding seafloor
features typically display strong acoustic backscatter and cast distinctive acoustic shadows
(Blondel 2010). Finally, and perhaps most importantly, D. pertusum’s branched and hemispherical
growth pattern gives its reefs characteristic acoustic signatures in sonar imagery. Specifically, D.
pertusum reefs are often manifested as noisy, rough-textured areas, sometimes referred to as
“cauliflower” patterns (Freiwald et al. 2002, Fosså et al. 2005). In 2012, the Tautra Ridge was
acoustically surveyed using a HUGIN 1000 autonomous underwater vehicle (AUV) from
Kongsberg Maritime AS (Kongsberg, Norway). The HUGIN AUV was equipped with a synthetic
aperture sonar (SAS), and the recorded sonar imagery clearly revealed the presence of cauliflowerpatterned reef structures (Ludvigsen et al. 2014). Sture et al. (2018) later demonstrated that D.
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pertusum reefs could be accurately identified in SAS imagery by applying a convolutional neural
network (CNN) classification algorithm.
The morphological properties of D. pertusum also permit reef detection by means of optical remote
sensing. Most notably, D. pertusum is known to have two distinct color phenotypes: white and
orange. Both phenotypes spectrally differ considerably from dead coral structures, which typically
are thought to constitute >70% of the reef framework (Vad et al. 2017). The reason as to why the
two phenotypes exist and grow side by side is currently a topic under investigation. What is known,
is that the color difference as such likely is caused by carotenoid pigments, such as astaxanthin,
which are more than twice as abundant in the orange phenotype (Elde et al. 2012). What is yet to
be determined, is the exact mechanism behind the difference in carotenoid contents. One of the
leading hypotheses is currently that coloration is linked to the bacterial composition of the D.
pertusum mucus layer, which further is thought to influence the coral’s nutritional uptake
(Neulinger et al. 2008, Provan et al. 2016). From a physiological perspective, the difference
between the two phenotypes is also unclear, but findings from a recent study by Büscher et al.
(2019) suggest that the orange phenotype may be more resistant to stress than its white counterpart.
At present, only a few published studies feature optical survey results from the Tautra coral reef
complex. In September 2000, the northwestern part of the Tautra Ridge was optically investigated
using a remotely operated vehicle (ROV) equipped with two video cameras (Mortensen & Fosså
2001). The survey was performed by the Norwegian Institute of Marine Research and aimed to
map D. pertusum occurrences and associated biodiversity. In total, ~6,200 meters of video transect
were analyzed, and the documented biodiversity was found to be greater than that of equivalent
seafloor areas on the Norwegian continental shelf. In 2012, a small area (200-300 m2) of the Tautra
Ridge was surveyed in detail using an ROV equipped with two video cameras, a downward-facing
digital camera and an underwater hyperspectral imager (Ludvigsen et al. 2014, Johnsen et al.
2016). During the survey, D. pertusum was optically confirmed to be present, but the resulting
data were not analyzed extensively. More recently, ROV-acquired video from the Tautra Ridge
was used to verify coral presence in acoustic SAS imagery (Sture et al. 2018). Here, the optical
information served as a useful qualitative guide, but the video data were not assessed
quantitatively.
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1.5 The aim of the current study
Over the past decade, the Norwegian University of Science and Technology (NTNU) has collected
both acoustic and optical remote sensing datasets from the Tautra Ridge and its associated D.
pertusum reefs. However, very little of this material has to date been published in a geospatial
context. The aim of the current study was therefore to synthesize available data to provide
enhanced insight into the frequently referenced but poorly documented Tautra coral reef complex.
The study utilized data from three major remote sensing techniques: (1) ship-based MBES, (2)
AUV-based SAS imaging and (3) ROV-based underwater hyperspectral imaging (UHI; Fig. 1b).
Data from the former technique were used to estimate seven geomorphometric seafloor variables
covering most of the Tautra Ridge, whereas data from the latter two techniques were used to
outline and characterize D. pertusum occurences at two different spatial scales. Ultimately,
geomorphometric variable values from areas with and without corals present were compared, and
an attempt was made to model coral reef distribution along the ridge.

2. Materials and methods
2.1 MBES data
In April 2016, a georeferenced MBES point cloud from the most pronounced part of the Tautra
Ridge was obtained from the Norwegian Mapping Authority’s Hydrographic Service (Kartverket
Sjødivisjonen, Stavanger, Norway). The point cloud had been collected using a Kongsberg EM
710 MBES system (Kongsberg Maritime AS, Kongsberg, Norway) onboard the survey vessel MS
Hydrograf. The data were initially classified but approved for release to NTNU’s Applied
Underwater Robotics Laboratory (AURLab) for the purpose of research and education. Based on
the MBES point cloud, a bathymetric GeoTIFF with a spatial resolution of 2 m x 2 m was
generated. The MBES-derived GeoTIFF covered an area of 6.23 km2 and served as the basis for
all geomorphometric analyses presented herein.
2.2 SAS data
The SAS data utilized in the current study were collected in December 2012 during a joint research
cruise arranged by NTNU’s AURLab and the Norwegian Defense Research Establishment (FFI,
Kjeller, Norway). To record sonar imagery, a Kongsberg HiSAS 1030 synthetic aperture sonar
system (Kongsberg Maritime AS, Kongsberg, Norway) was deployed on a HUGIN 1000 AUV.
As opposed to regular side-scanning sonar systems, SAS systems utilize more than a single ping
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to reconstruct a given location in the output imagery, which improves spatial resolution both
across- and along-track (Sture et al. 2018). Using the SAS-equipped HUGIN AUV, the
northwestern region of the Tautra Ridge was surveyed in a systematic lawnmower pattern at a
mean seafloor altitude of 26 m. The resulting imagery was post-processed in Kongsberg
Maritime’s “Reflection” software, and ultimately georeferenced at a pixel resolution of 4 cm x 4
cm. The final SAS mosaic covered a seafloor area of ~1 km2.
2.3 UHI data
A Tautra Ridge coral mound situated at 80-m depth at approximately 63°35’43”N 10°31’3”E was
optically surveyed by NTNU’s AURLab in March 2017. The survey utilized a SUB-fighter 30k
ROV (Sperre AS, Notodden, Norway) equipped with a 4th generation underwater hyperspectral
imager (UHI-4) from Ecotone AS (Trondheim, Norway). UHI-4 is an optical imager that contains
two cameras: (1) a regular digital camera (red, green, blue; RGB) and (2) a hyperspectral pushbroom scanner capable of recording imagery where each pixel holds a contiguous light spectrum
as opposed to an RGB value. Being a push-broom scanner, the latter camera operates by capturing
hyperspectral pixel rows through a narrow light entrance slit at a fixed frame rate. To provide
spatially coherent hyperspectral imagery, UHI-4 must therefore be maneuvered in straight lines
across the given area of interest, with the light entrance slit of the hyperspectral camera oriented
perpendicularly to the instrument platform’s heading. Over the past decade, UHI-based seafloor
studies have been carried out within a variety of fields (e.g., marine biology and archaeology), and
for an overview of the technique, see Liu et al. (2020).
For the current study’s coral mound survey, UHI-4 was mounted on the SUB-fighter 30k ROV in
a nadir viewing position, with two downward-facing 250-W Deep Multi SeaLite halogen lamps
(DeepSea Power & Light LLC, San Diego, USA) placed 35 cm port and starboard of the
instrument. The ROV was subsequently deployed at the coral mound survey location, using
NTNU’s research vessel, RV Gunnerus. To provide geospatial context to the data acquisition, the
ROV utilized a dynamic positioning system (Sørensen et al. 2012) and a navigation filter aided by
an acoustic ultra-short baseline (USBL) positioning system mounted on the surface vessel. This
permitted the ROV to follow a pre-programmed lawnmower pattern at a seafloor altitude of 2 m.
The pattern consisted of 13 parallel, partially overlapping transects and covered a coral mound
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area of approximately 800 m2. While following the pattern, UHI-4 captured optical imagery
according to the settings specified in Table 1.
Table 1. UHI-4 specifications relevant for the 2017 coral mound survey at the Tautra Ridge.
UHI-4 survey specifications
Spectral properties

RGB camera
3 wavebands (RGB)

Spatial resolution
Bit resolution
Field of view (FOV)
Frame rate
Exposure time

648 x 486 pixels
8-bit
62.2° transverse, 48.7° longitudinal
5 Hz
10 ms

Hyperspectral push-broom scanner
380-750 nm spectral range, 1.65-nm
spectral resolution (224 bands)
960 x 1 pixels
12-bit
54.1° transverse, 0.4° longitudinal
50 Hz
20 ms

Following the coral mound data acquisition, the optical data were processed in a succession of
steps, according to the procedure described in Løvås et al. (in review). First, the acquired RGB
imagery (a total of 21,702 images) was used to generate a three-dimensional (3D) model of the
survey area in the photogrammetry software Agisoft Metashape Professional (v. 1.6.2; Agisoft
LLC, St. Petersburg, Russia). This model provided highly detailed estimates of UHI-4’s position
(northing, easting and depth) and orientation (pitch, roll and yaw) over the course of the survey.
Using these estimates, the underwater hyperspectral imagery was subsequently ray-casted onto the
3D model according to the hyperspectral push-broom scanner’s known geometric model relative
to the RGB camera. By estimating the geographic intersections between the 3D model and the
push-broom scanner’s field of view (FOV), the hyperspectral imagery was georeferenced on a
pixel-specific basis at a spatial resolution of 1 cm x 1 cm. Ultimately, the georeferenced UHI data
were converted from spectral radiance ( ))ߣ(ܮto spectral reflectance (ܴ(ߣ)) using Beer-Lambert’s
law for non-scattering media modified from Mobley (1994). The final UHI mosaic covered an area
of ~787 m2 (see supplementary Fig. S1).
2.4 Estimation of geomorphometric MBES variables
The MBES-derived depth data from the Tautra Ridge were analyzed in the geospatial processing
software ArcMap (v. 10.8; Esri Inc., Redlands, USA) using the Benthic Terrain Modeler (BTM)
3.0 plug-in (Walbridge et al. 2018). In addition to depth, six geomorphometric variables were
estimated: broad bathymetric position index (BPI broad), fine bathymetric position index (BPI
fine), slope, ruggedness, eastness and northness. While depth corresponds to a grid cell’s vertical
position relative to the sea surface, BPIs are calculated based on neighborhood analyses and
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indicate a grid cell’s bathymetric position relative to its surroundings. The exact value range of a
BPI will depend on the dataset as well as the chosen analysis settings. Positive and negative values
respectively denote bathymetric highs (e.g., ridges and mounds) and lows (e.g., valleys and
troughs), whereas values close to 0 represent flat or constantly sloping seafloor areas (Weiss 2001).
As a rule, finer-scale BPIs (smaller neighborhood sizes) are potentially capable of picking up
smaller bathymetric features of interest. In the current study, the broad- and fine-scale BPIs were
standardized according to Weiss (2001). The slope variable indicates the maximum rate of
bathymetric change between a grid cell and its neighbors. Slope is typically given in degrees (°),
and possible values range from 0 (flat areas) to 90 (vertical drops). Ruggedness can be
characterized as the degree of three-dimensional variation within a grid cell neighborhood. It is
calculated based on dispersion of orthogonal grid cell vectors within the given neighborhood, and
possible values range from 0 (completely homogeneous surface) to 1 (completely heterogeneous
surface). Finally, the variables eastness and northness both relate to the aspect (direction) of a grid
cell’s downslope. Possible values for the two variables range from -1 to 1, where -1 denotes an
entirely westward (eastness) or southward (northness) downslope direction and 1 denotes an
entirely eastward (eastness) or northward (northness) downslope direction. The settings used to
derive the geomorphometric variables in the BTM 3.0 ArcMap plug-in are listed in Table 2.
Table 2. Settings used to estimate six geomorphometric variables in the Benthic Terrain Modeler (BTM) 3.0 ArcMap
plug-in. The variables were calculated based on multibeam echo sounding (MBES)-derived depth data from the most
pronounced part of the Tautra Ridge. The utilized MBES GeoTIFF had a spatial resolution of 2 m x 2 m.

Geomorphometric variable
BPI broad (standardized)
BPI fine (standardized)
Slope (°) [0, 90]
Ruggedness [0, 1]
Eastness [-1, 1]
Northness [-1, 1]

Neighborhood (grid cells)
225-cell radius
75-cell radius
3 x 3 cell grid
3 x 3 cell grid
3 x 3 cell grid
3 x 3 cell grid

Neighborhood (size)
450-m radius
150-m radius
36 m2
36 m2
36 m2
36 m2

2.5 Estimation of coral reef distribution in SAS imagery
Coral reef distribution in the full Tautra Ridge SAS mosaic from 2012 was estimated using a CNN
classifier. In recent years, CNNs have grown to become powerful deep learning tools for
classifying data that are structured in multiple arrays (e.g., two-dimensional imagery; LeCun et al.
2015). A CNN consists of a set of alternating convolution and pooling layers. During training,
each kernel-based convolution layer generates a set of unique feature maps, which subsequently
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are downsampled in a pooling layer to reduce computational time in the next round of
convolutions. Ultimately, all feature maps and their neural couplings are assembled to one or more
fully connected layers capable of recognizing patterns based on the utilized training data. When
new data are provided to a pre-trained CNN classifier, the output is typically a vector or matrix of
probabilistic values corresponding to the input data’s likelihood of belonging to different classes.
The CNN classifier used in the current study was implemented in TensorFlow Keras (Abadi et al.
2016). Structurally, the CNN consisted of four blocks of convolution/pooling, followed by two
fully connected layers. The classifier was trained on a selection of SAS image subsets (100 x 100
pixels) from three different HUGIN AUV deployments. All training data had a spatial pixel
resolution of 4 cm x 4 cm, and the total CNN training set consisted of >30,000 images distributed
among two classes: images with D. pertusum present and images with D. pertusum absent. Of the
full training set, 20% of the images were set aside for model validation, and for the final
classification model, an accuracy of 95% was reported. For further details on the development and
training of the CNN, see Sture et al. (2018).
Applying the pre-trained CNN to the full Tautra Ridge SAS mosaic yielded a coral reef distribution
map with a spatial resolution of 80 cm x 80 cm, where each grid cell contained a georeferenced
probability (0-1) of coral presence. These probabilities were subsequently labeled into three
discrete classes: the coral class (grid cells with a probability of coral presence >0.99), the control
class (grid cells with a probability of coral presence <0.50) and the intermediate class (all
remaining grid cells). The thresholds used to define the classes were chosen subjectively based on
their perceived ability to accurately isolate coral regions (the coral class) from non-coral regions
(the control class). The seafloor regions outlined by the coral class and the control class later
provided the basis for the assessment of geomorphometric trends related to D. pertusum coverage
at the Tautra Ridge.
2.6 Estimation of live coral reef coverage in underwater hyperspectral imagery
To estimate live coral reef coverage in the UHI survey area, the underwater hyperspectral imagery
was analyzed using support-vector machine (SVM) classification with a radial basis function
(RBF) kernel. The SVM algorithm uses vector-defined decision surfaces to maximize the margins
between the provided training set classes and is known to be well-suited for high-dimensional
datasets (Cortes & Vapnik 1995, Mountrakis et al. 2011). It has also performed favorably in
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previous seafloor mapping studies featuring UHI (Chennu et al. 2017, Dumke et al. 2018, Mogstad
et al. 2020). During the optical coral mound survey in March 2017, the live fraction of the present
coral reef framework was observed to primarily consist of white D. pertusum, orange D. pertusum
and the sponge Mycale cf. lingua (Bowerbank, 1866). These spectral classes were consequently
chosen as supervised classification targets.
For the SVM classification, the georeferenced UHI mosaic was spectrally subset to the range of
400-650 nm and binned down to a spectral resolution of 3.3 nm, resulting in a total of 75 color
bands (wavelengths). This was done to remove wavelengths with low signal-to-noise ratio and to
make the ensuing spectral classification computationally less intensive. SVM training data were
subsequently obtained from pixel regions of the UHI mosaic corresponding to white D. pertusum,
orange D. pertusum and Mycale cf. lingua. The total training set consisted of 2,400 pixels, evenly
distributed among the three spectral classes (the ܴ(ߣ) signatures of the different classes are shown
in supplementary Fig. S2). By performing a ten-fold cross-validation on the selected training data
in the statistical software environment R (v. 4.0.2; R Foundation for Statistical Computing, Vienna,
Austria) using the package “e1071” (Meyer et al. 2020), the optimal values for RBF-SVM
parameters ߛ (kernel width) and C (degree of regularization) were in the current study found to be
1e-05 and 1e06, respectively (cross-validation accuracy = 100%). Using these parameter values,
the SVM classification algorithm was ultimately applied to the full UHI mosaic in the software
application ENVI (Environment for Visualizing Images, v. 5.6; Harris Geospatial Solutions Inc.,
Broomfield, USA). The full classification was performed with a probability threshold of 0.95,
implying that only pixels with probabilities of belonging to a training set class beyond 0.95 were
classified.
2.7 Geomorphometric comparison of coral and non-coral regions
For the geomorphometric comparison of coral and non-coral regions, all MBES-derived seafloor
variables (depth, BPI broad, BPI fine, slope, ruggedness, eastness and northness) were combined
into a single 7-band raster. From the combined raster, values from grid cells covered entirely by
either the coral class or the control class of the classified CNN coral distribution map were
subsequently extracted for analysis. The extracted dataset consisted of 24,388 coral cells and
122,963 control cells (each cell corresponding to a 2 m x 2 m area). For each MBES-derived
variable, the median and interquartile range was calculated for both classes, and a two-sided Mann12

Whitney rank sum test was performed to investigate whether coral regions differed significantly
from control regions.
2.8 Geomorphometric coral reef classification
To assess the feasibility of coral reef identification by means of geomorphometry alone, the dataset
extracted in section 2.7 was also used to generate a random forest (RF) prediction model. An RF
is an assemblage of decision trees created from randomly selected subsets (bootstrapped samples)
of the provided training data (Breiman 2001). For classification purposes, RF training data are
typically composed of one categorical response variable (class) and a set of corresponding
explanatory variables (predictors). When an unclassified sample is provided to a pre-trained RF
prediction model, all decision trees individually vote for the most likely class based on the values
of the provided predictors. These votes are subsequently pooled together, and the final output from
the RF algorithm is the class that obtained the majority vote (the dichotomization may alternatively
be decided by a user-defined probability cutoff). In the current study, the RF algorithm was chosen
due to its ability to handle complex interactions, correlated predictors and irregular variable
distributions (Cutler et al. 2007). In addition, the RF algorithm has yielded promising results in
previous attempts to classify cold-water coral reef structures in MBES-derived data (De Clippele
et al. 2017, Diesing & Thorsnes 2018).
For the RF classification, the extracted data were randomly partitioned into a training set (80% of
the samples), a validation set (10% of the samples) and a test set (10% of the samples). The ratio
of coral samples to control samples was equal in all partitions (approximately 1:5). The RF
prediction model was developed in the statistical software environment R using the package
“randomForest” (Liaw & Wiener 2002). RF modelling requires specification of two parameters:
the number of decision trees to grow (ntree) and the number of features (predictor variables) to
consider during each split (mtry). These parameters were optimized using ten-fold cross-validation,
which revealed that ntree = 1000 and mtry = 5 yielded the best tradeoff between accuracy (out-ofbag error rate = 0.08) and processing time. By subsequently maximizing the model’s overall
classification accuracy (OCA) based on the validation set, the optimal probability cutoff for
differentiating coral samples from control samples was found to be 0.42 (i.e., samples receiving
>42% of the decision tree votes in favor of the coral class were considered to be coral). The final
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RF prediction model was applied to the test set, and the results were evaluated with respect to the
performance metrics listed in Table 3.
Table 3. Descriptions of performance metrics used to evaluate the random forest (RF) prediction model.
Performance metric
Overall classification accuracy (OCA)

Description
The proportion of correctly classified outcomes.

Sensitivity

The proportion of correctly classified positive outcomes (coral samples).

Specificity

The proportion of correctly classified negative outcomes (control
samples).

Positive predictive value (PPV)

The proportion of correct positive predictions (also known as precision).

Negative predictive value (NPV)

The proportion of correct negative predictions.

Kappa coefficient

A measure of overall classification accuracy (OCA) adjusted for the
accuracy that could be expected due to chance alone. A kappa of 1
indicates 100% classification accuracy, whereas a kappa of 0 indicates
that the classifier performs no better than a random classifier. For further
details, see Landis & Koch (1977).

Area under the receiver operating
characteristic (AUROC) curve

The integrated area under the curve obtained by plotting true positive rate
(sensitivity) as a function of false positive rate (1 – specificity). The higher
the AUROC curve value (with 1 being the maximum value), the better the
classifier is at discriminating between positive and negative outcomes. An
AUROC curve value of 0.5 indicates that the classifier performs no better
than a random classifier.

Mean decrease in accuracy (MDA)

The individual contribution of a given variable to the accuracy of a random
forest (RF) prediction model. The MDA is estimated by calculating the
mean decrease in prediction accuracy (among individual decision trees)
that occurs when the values of the variable under investigation are
permuted (randomized). The result is typically scaled by its standard
deviation. Higher MDA values indicate higher variable importance, but
the units are arbitrary, and the output should not be treated quantitatively.

Ultimately, coral reef distribution was estimated along the entire Tautra Ridge by applying the RF
prediction model to all regions of the full 7-band MBES raster that contained variable values inside
the range of the RF training set (regions with variable values exceeding the training set were
omitted because RF predictions are known to be unreliable for samples outside the modelled
range). For this classification, the results were dichotomized at three different probability cutoffs:
maximized validation set OCA (probability cutoff = 0.42), validation set negative predictive value
(NPV) = 0.95 (probability cutoff = 0.39) and validation set positive predictive value (PPV) = 0.95
(probability cutoff = 0.72). The former cutoff was chosen to provide a coral reef coverage estimate
with optimized accuracy. The latter two cutoffs were chosen to provide realistic upper and lower
14

boundaries to the optimized estimate. The rationale behind choosing 0.39 as the upper boundary,
was that at NPV = 0.95, at least 95% of the negative (control) predictions could be expected to be
correct. Similarly, the rationale behind choosing 0.72 as the lower boundary, was that at PPV =
0.95, at least 95% of the positive (coral) predictions could be expected to be correct.

3. Results
3.1 MBES and SAS results
Figure 2a shows the MBES-derived bathymetric map used to acquire geomorphometric
information from the Tautra Ridge. The structure of the ridge was evident in the map, with the
ridge crest oriented perpendicularly to the fjord’s direction (see Figs. 1 and 2a) and notable
downward slopes towards the southwest and northeast. Geographic heatmaps of the variables BPI
broad, BPI fine, slope, ruggedness, eastness and northness are shown in supplementary Fig. S3.
The AUV-acquired SAS dataset covered ~1 km2 of the 6.23 km2 MBES-surveyed area (Fig. 2b),
and acoustic cauliflower patterns assumed to correspond to reef structures were interspersed
throughout the SAS survey area (an example is shown in supplementary Fig. S4). Based on the
results of the CNN prediction model (Fig. 2c) and the classification thresholds defined in section
2.5, coral reefs (the coral class) were estimated to cover 0.12 km2 of the SAS-surveyed area,
whereas non-coral regions (the control class) were estimated to cover 0.63 km2 (Fig. 2d). The
intermediate class covered the remaining 0.25 km2.
3.2 UHI results
Overall, the UHI results agreed well with the acoustic findings from the SAS analysis. The
georeferenced UHI mosaic covered an area of 786.7 m2, and 661.5 m2 of this area corresponded
to regions acoustically identified as coral by the CNN classifier (Fig. 3a). Based on the
hyperspectral SVM classification (Fig. 3b), live reef structures (i.e., white D. pertusum, orange D.
pertusum and the sponge Mycale cf. lingua) were estimated to cover 15.5% of the total UHI survey
area and 17.3% of the UHI survey area identified as coral acoustically (Table 4). Within the
surveyed area, white D. pertusum was estimated to be considerably more abundant than both
orange D. pertusum and sponges (Table 4).
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Fig. 2. Multibeam echo sounding (MBES) and synthetic aperture sonar (SAS) imaging results. Panel (a) shows the
MBES-derived bathymetric map of the most pronounced part of the Tautra Ridge. The black square indicates the
spatial extent of panels (b-d). Panel (b) shows the Tautra Ridge SAS mosaic. Panel (c) shows the georeferenced
probabilities of coral presence obtained from the convolutional neural network (CNN). Panel (d) shows the classified
coral distribution map generated based on the probabilities in panel (c) and the thresholds defined in section 2.5. The
maps were created in ArcMap (v. 10.8; Esri Inc., Redlands, USA; https://desktop.arcgis.com/en/arcmap/). Projection:
UTM 32N. Datum: WGS 1984.
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Fig. 3. Underwater hyperspectral imaging (UHI) results. Panel (a) shows the georeferenced UHI mosaic visualized in
red (R; 590 nm), green (G; 530 nm) and blue (B; 460 nm). Regions in the synthetic aperture sonar (SAS) imagery
classified as “coral” by the convolutional neural network (CNN) classifier (see section 2.5) are highlighted in pink for
comparison. Panel (b) shows the results of the hyperspectral support-vector machine (SVM) classification of UHI
classes corresponding to live reef structures. Panels (c) and (d) show the areas indicated by white squares in panels (a)
and (b), respectively. The maps were created in ArcMap (v. 10.8; Esri Inc., Redlands, USA; https://desktop.arcgis.com
/en/arcmap/). Projection: UTM 32N. Datum: WGS 1984.
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Table 4. Results of the support-vector machine (SVM) classification of the underwater hyperspectral imaging (UHI)
dataset from the Tautra Ridge. The table shows the estimated areal coverage (m2 and %) of different spectral classes.
The class “live reef” corresponds to “white coral”, “orange coral” and “sponge” combined. The second row of the
table only considers UHI data from geographic regions acoustically classified as “coral” by the convolutional neural
network (CNN) classifier (see section 2.5 and Fig. 3a).
UHI data
selection
Full UHI
mosaic

Total area
m2
%

White coral
m2
%

Orange coral
m2
%

Sponge
m2
%

Live reef
m2
%

786.68

111.19

8.21

2.49

121.89

15.49

114.16

17.26

100

14.13

1.04

0.32

Acoustically
661.47 100
103.95 15.71
7.82
1.18
2.39
0.36
identified coral
regions*
*The regions of the UHI dataset encompassed by the acoustic “coral” class in Fig. 3a.

3.3 Geomorphometric comparison of coral and non-coral regions
Probability densities of the geomorphometric variable values extracted from coral and control
regions on the Tautra Ridge are shown in Fig. 4. For all MBES-derived variables, the distribution
differed significantly between the two classes (Table 5). Furthermore, for all but one of the
variables (BPI broad being the exception), slightly elevated values were associated with the coral
class. For the exception – BPI broad – the coral class displayed the highest median value, but the
lowest overall value distribution (Fig. 4b). The magnitude of the observed class difference varied
between variables, and the most significant class discrepancies were observed for depth, slope,
ruggedness and eastness (Table 5).
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Fig. 4. Geomorphometric comparison of coral (n = 24,388 grid cells) and non-coral (control; n = 122,963 grid cells)
regions on the Tautra Ridge. The data were obtained from areas classified as “coral” and “control” by the convolutional
neural network (CNN) classifier (see section 2.5). The figure shows the class-specific median, interquartile range and
probability density of seven multibeam echo sounding (MBES)-derived seafloor variables.
Table 5. Geomorphometric comparison of coral and non-coral (control) regions on the Tautra Ridge. The data were
obtained from areas classified as “coral” and “control” by the convolutional neural network (CNN) classifier (see
section 2.5). The class-specific median and interquartile range is shown for seven multibeam echo sounding (MBES)derived seafloor variables. The latter two columns show the results of variable-specific, two-sided Mann-Whitney
rank sum tests comparing the two classes. The median sample difference is reported relative to the control class.
Seafloor
variable
Depth (m)
BPI broad
BPI fine
Slope (°)
Ruggedness
Eastness
Northness

Coral
(n = 24,388 grid cells)
Q1
Median Q3
73.10
83.00
97.68
-32.00
33.00
94.00
-59.00
-9.00
74.00
7.71
12.41
17.87
7.7e-04 1.6e-03 3.4e-03
-0.08
0.63
0.91
-0.43
0.29
0.80

Control
(n = 122,963 grid cells)
Q1
Median Q3
70.70
83.35
92.58
-27.00
14.00
99.00
-59.00
-9.00
40.00
4.84
8.99
15.37
4.3e-04 1.0e-03 2.3e-03
-0.45
0.19
0.71
-0.66
0.35
0.86

Mann-Whitney
rank sum test
(p-value)
<2.2e-16
2.7e-05
2.1e-04
<2.2e-16
<2.2e-16
<2.2e-16
1.3e-04

Median
sample
difference
2.76
-4.00
2.4e-06
2.72
4.5e-04
0.24
9.2e-03

3.4 Geomorphometric coral reef classification
The test set performance of the RF prediction model is summarized in the Table 6 confusion
matrix. In total, the model performed well, with an OCA of 0.92 and an area under the receiver
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operating characteristic (AUROC) curve value of 0.95 (Fig. 5a). Moreover, the obtained kappa
coefficient of 0.71 indicated substantial agreement between predictions and true sample identities
(Landis & Koch 1977). However, the model was not without imperfections, and based on the
observed sensitivity, specificity, PPV and NPV (Table 6), the model appeared to display a slight
tendency towards underestimating coral abundance.
Table 6. Confusion matrix displaying the test set performance of the random forest (RF) prediction model. Accuracy
metrics are summarized below the table. The probability cutoff utilized for differentiating coral samples from control
samples was 0.42 (see section 2.8).
True class
Coral (positive)
Control (negative)
Total
Coral (positive)
1,777
484
2,261
Control (negative)
661
11,812
12,473
Total
2,438
12,296
14,734
Overall classification accuracy (OCA): 0.92; sensitivity: 0.73; specificity: 0.96; positive
predictive value (PPV): 0.79; negative predictive value (NPV): 0.95; kappa coefficient: 0.71

Predicted class

Fig. 5. Results of the random forest (RF) coral classification. Panel (a) shows the prediction model’s area under the
receiver operating characteristic (AUROC) curve for the test set. The dashed diagonal line symbolizes a hypothetical
AUROC curve value of 0.5 (no ability to discriminate between coral and control samples). Panel (b) shows the RF
prediction model’s mean decrease in accuracy (MDA; scaled by standard deviation) among decision trees when
individual variables are randomized. Higher MDA values indicate higher variable contributions to the model’s
performance.

In terms of individual predictor importance, the variable slope contributed the most to the
prediction model’s accuracy (Fig. 5b). In descending order, the variables depth, eastness, BPI
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broad and ruggedness made intermediate contributions, whereas northness and BPI fine
contributed the least. The significance of these findings is further discussed in section 4.3.
Applying the RF prediction model to the 7-band MBES raster with the probability cutoffs defined
in Fig. 6a yielded the coral reef coverage estimates displayed in Fig. 6b and Table 7. The returned
estimates ranged from 0.19 km2 to 0.72 km2, with the optimized OCA estimate suggesting a Tautra
Ridge coral reef coverage of 0.64 km2. Figure 7 shows a spatial representation of the RF
classification results. Predicted coral reef units were interspersed along the entire ridge, and within
the regions surveyed by SAS and UHI, estimated coral coverage largely appeared to agree between
the different remote sensing techniques (supplementary Fig. S4).

Fig. 6. Coral reef coverage along the Tautra Ridge estimated by the random forest (RF) prediction model at different
probability cutoffs. Panel (a) shows the RF prediction model’s validation set negative predictive value (NPV), overall
classification accuracy (OCA) and positive predictive value (PPV) plotted as functions of probability cutoff. The
black, gray and red vertical lines respectively correspond to probability cutoffs where NPV = 0.95, OCA is maximized
(0.92) and PPV = 0.95. Panel (b) shows estimated coral reef coverage along the Tautra Ridge plotted as a function of
RF probability cutoff. The vertical lines correspond to the three cutoffs defined in panel (a).
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Table 7. Tautra Ridge coral reef coverage estimated by the random forest (RF) prediction model at three different
probability cutoffs.
RF probability cutoff

Rationale behind chosen cutoff

Estimated coral reef coverage
along the Tautra Ridge (m2)

0.39

Validation set negative predictive
value (NPV) = 0.95

719,288

0.42*

Maximized validation set overall
classification accuracy (OCA; 0.92)

642,932

Validation set positive predictive
value (PPV) = 0.95
*Cutoff used to evaluate test set performance (Table 6)

0.72

190,248

Fig. 7. Estimated coral reef distribution along the Tautra Ridge. Panel (a) shows floating point probabilities of coral
presence estimated by the random forest (RF) prediction model. Panel (b) shows coral reef distribution estimated at
different probability cutoffs (see section 2.8 and Fig. 6). The maps were generated in ArcMap (v. 10.8; Esri Inc.,
Redlands, USA; https://desktop.arcgis.com/en/arcmap/). Projection: UTM 32N. Datum: WGS 1984.

4. Discussion
4.1 Survey techniques and assumptions
The current study illustrated the value of applying multiple remote sensing techniques during the
investigation and mapping of cold-water coral reefs. At present, MBES systems (typically
deployed on surface vessels) arguably represent the most efficient way of geospatially mapping
km-scale benthic habitats dominated by large biogenic structures. In previous studies related to
cold-water corals, MBES-derived data have for instance been used to address issues ranging from
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localized coral mound distribution (Roberts et al. 2005, Guinan et al. 2009a, De Clippele et al.
2017, Diesing & Thorsnes 2018) to D. pertusum habitat suitability along the entire Norwegian
continental shelf (Sundahl et al. 2020). MBES also proved valuable in the current assessment of
the Tautra Ridge, especially with respect to its superior capacity for areal coverage. To fully
capitalize on its potential, a sufficiently extensive ground truth dataset was, however, a vital
prerequisite. As shown in this study, the ground truthing requirements concerning MBES mapping
of D. pertusum reefs could be fulfilled by combining AUV-based SAS imaging with an ROVbased UHI survey. These two ground truthing techniques represented incremental steps towards
increased level of detail in the remote sensing pyramid of observation. In the first step, distinct
acoustic patterns assumed to belong to D. pertusum permitted estimation of coral reef coverage in
a ~1-km2 subset of the MBES-surveyed area. In the second step, the identity of the acoustic
patterns assumed to belong to D. pertusum was verified optically in an ~800-m2 area. This optical
verification increased the confidence not only in the SAS classification accuracy, but also the
georeferencing of the SAS dataset, which eventually were to guide the MBES-based coral reef
classification along the entire Tautra Ridge. In summary, all remote sensing techniques employed
in the current study played complementary roles in the quest for holistic knowledge: ROV-based
optical imaging provided data with unprecedented spatial resolution and ground truthing accuracy
but was limited in terms of areal coverage; AUV-based sonar imaging could detect acoustically
distinct biogenic structures in large areas but provided little information besides from the
geographic extent of the targets of interest; ship-based MBES was limited with respect to spatial
resolution but generated data that covered the entire area of interest and brought geomorphometric
context to the identified targets. The potential value of using data from multiple sensors and
platforms during marine exploration efforts is further elaborated in, e.g., the integrated mapping
and monitoring approach proposed by Nilssen et al. (2015), and in the future, application of such
approaches will likely become increasingly more important.
The validity of the presented Tautra Ridge findings rests on two principal assumptions. Firstly, it
was assumed that the georeferencing of the different remote sensing datasets was consistent. As in
any marine seafloor survey, minor geospatial discrepancies were expected, but upon inspection,
the alignment of the MBES-, SAS- and UHI-acquired data was considered more than sufficient
for the scope of the work. Supplementary Fig. S4 exemplifies the observed positional coherence.
Secondly, it was assumed that D. pertusum reef extent on the Tautra Ridge was unaltered between
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the acquisition of the first (December 2012) and the last (March 2017) dataset utilized in the study.
It should be noted that this is an inherently erroneous assumption. However, considering D.
pertusum’s slow growth rate (<1 cm year-1; Sabatier et al. 2012), and that the Tautra Ridge is an
MPA where physical seafloor intervention is prohibited, it was nevertheless deemed reasonable
for the analyses presented herein.
4.2 Optical coral coverage trends
ROV-based UHI proved to be a valuable ground truthing technique for optical verification of
acoustic coral reef predictions. This is exemplified in Fig. 3a and supplementary Fig. S4, where
the coral reef contours predicted by the acoustic CNN classifier closely match the coral distribution
that can be observed in the recorded hyperspectral imagery. In addition to serving as a means of
verifying reef presence, the optical UHI survey provided useful information on the survey area’s
biological reef composition. Hyperspectral SVM classification for instance indicated that live D.
pertusum and associated sponges covered ~17% of the regions in the survey area acoustically
classified as coral (Table 4). Although this estimate only is based on spatially two-dimensional
image analyses from a bird’s-eye view, it is exceptionally consistent with findings from a study by
Vad et al. (2017), in which the ratio of live D. pertusum to whole colony size (i.e., both live and
dead coral structures) ranged from 0.10 to 0.27, with a mean value of 0.17. The study by Vad et
al. was carried out off the west coast of Scotland at relatively remote locations. If these locations
are assumed to represent healthy cold-water coral habitats and the estimated proportion of live
coral (~17%) is used as a proxy for health, it can further be assumed that the Tautra Ridge coral
mound optically surveyed in the current study was in good condition. Regarding D. pertusum
phenotype distribution, hyperspectral SVM classification revealed that the white D. pertusum
phenotype was an order of magnitude more abundant than the orange phenotype within the UHI
survey area (Fig. 3b, Table 4). This trend is in accordance with observations from several other D.
pertusum studies (Roberts 2002, Larcom et al. 2014, Kellogg et al. 2017, Büscher et al. 2019), but
its underlying cause remains to be determined. Overall, the UHI results showed that live D.
pertusum easily could be mapped based on its spectral properties. One of the main benefits of
applying UHI for the purpose of optical coral mapping was that live coral coverage accurately
could be estimated using supervised classification (Figs. 3c-d). Notably, the hyperspectral SVM
classification only utilized a training set of 2,400 labeled pixels, which merely corresponded to
0.03% of the total UHI mosaic. This vastly increased data processing efficiency and firmly
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illustrated the value of employing automated approaches to optical seafloor mapping. In the future,
we recommend conducting similar optical surveys at other coral mounds on the Tautra Ridge. This
will help substantiate the trends observed in the current study and improve our understanding of
the Tautra coral reef complex as a whole.
4.3 Geomorphometric coral coverage trends
The comparison of coral and non-coral regions on the Tautra Ridge revealed that D. pertusum
appeared to have certain preferences with respect to geomorphometry. In the Mann-Whitney rank
sum tests performed to compare coral-covered regions to their surroundings, the value distributions
of all investigated variables were for instance found to significantly differ between the two seafloor
classes (Table 5). However, some variables displayed more pronounced trends than others, and in
terms of the observed probability densities, the variables slope and eastness stood out the most
(Figs. 4d and 4f). Specifically, the coral class was associated with steeper slopes (median = 12.41°;
median sample difference = 2.72°) and more eastward-oriented terrain (median = 0.63; median
sample difference = 0.24) than the control class. The former observation agrees well with findings
from previous cold-water coral studies, which also suggest that D. pertusum prefers sloping terrain
(Davies et al. 2008, Guinan et al. 2009b, Howell et al. 2011). The main reason for this preference
is thought to be that slope-induced hydrodynamic phenomena (e.g., localized current patterns) may
enhance the availability of suspended food particles (Fredriksen et al. 1992, Thiem et al. 2006,
Davies et al. 2009). The interpretation of the latter observation is less clear-cut, as any preference
with respect to aspect direction (in this case eastness) likely is linked to the directional dynamics
of the surrounding currents. Being sessile suspension feeders, cold-water corals are known to be
associated with enhanced bottom currents (White & Dorschel 2010). However, laboratory-based
studies by Purser et al. (2010) and Orejas et al. (2016) suggest that excessive current velocities
may impede D. pertusum’s food uptake. These findings are supported by a recent in situ study by
Lim et al. (2020), in which current velocities 75 cm s-1 were found to restrict live D. pertusum
coverage. Furthermore, at the Piddington Mound – a coral mound in the Porcupine Seabight
exposed to current velocities of ~40 cm s-1 – live coral reef framework was primarily found on the
lee side of the mound (Lim et al. 2017). Interestingly, the interval of 40-75 cm s-1 coincides almost
perfectly with the bottom current speeds measured across the Tautra Ridge (Jacobson 1983). Since
it also is known that the prevailing direction of these currents is eastward (Jacobson 1983), a
possible explanation for D. pertusum’s apparent inclination towards eastness on the Tautra Ridge
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(i.e., the lee side of the ridge) is therefore that it reduces current exposure to a level that facilitates
the corals’ food uptake. To further investigate this hypothesis, we recommend deploying acoustic
Doppler current profilers (ADCPs) at multiple locations on the Tautra Ridge over time, so that the
spatiotemporal complexities of the in situ current patterns can be elucidated. In addition, routine
surveys with ADCP-equipped AUVs along the ridge should be carried out, so that site-specific
current measurements can be put into a broader spatial perspective.
Although less pronounced, some noteworthy coral coverage trends were also observed for the
variables depth, BPI broad and ruggedness. Overall, the coral class was for instance found to be
associated with slightly deeper waters and slightly lower BPI broad scores (Figs. 4a-b, Table 5)
than the control class. This initially seemed counterintuitive, as D. pertusum commonly is known
to occur on bathymetric highs (Davies et al. 2008). However, these observations are, in fact, in
accordance with the hypothesis stated in the previous paragraph: assuming the currents across the
Tautra Ridge are strong enough to potentially impede D. pertusum’s food uptake or inflict
unnecessary physical strain, it would be suboptimal for the corals to settle on the summit of the
ridge. This could partially explain the observed patterns. It should be noted that the values of both
depth and BPI broad displayed highly irregular probability densities, and their interpretation
should consequently be treated with caution. Regarding ruggedness, the coral class was associated
with significantly higher values than the control class (Table 5). This agrees with studies by Guinan
et al. (2009b) and Davies et al. (2008), where D. pertusum also was found to be associated with
irregular bathymetry. The reason for this tendency could be that bathymetric complexity is linked
to increased access to suspended nutrition or reduced levels of sedimentation. However, at the high
spatial resolution utilized in the current study (Table 2), the enhanced ruggedness could also be
attributed to the three-dimensionality of the D. pertusum reef structures themselves. The least
significant geomorphometric trends were observed for BPI fine and northness (Figs. 4c and 4g,
Table 5). For these variables, the coral class and the control class displayed highly similar median
values and probability densities. This suggests that neither conveyed indispensable information
with respect to coral reef distribution in the current study.
4.4 Performance of the geomorphometric coral reef prediction model
The RF model created to predict coral reef coverage along the Tautra Ridge performed very well
on the test set. As an example, all obtained accuracy metrics (Fig. 5a, Table 6) were comparable
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to or exceeded those reported in similar studies by De Clippele et al. (2017) and Diesing &
Thorsnes (2018). The RF probability cutoff that yielded the highest OCA resulted in a sensitivity
of 0.73, a specificity of 0.96, a PPV of 0.79 and an NPV of 0.95. These results – specifically that
sensitivity < PPV and specificity > NPV – indicate that the model was inclined to predict false
negatives (type II errors) rather than false positives (type I errors). This may be interpreted as the
model being conservative rather than exaggerated. The five predictors that contributed the most to
the accuracy of the model were the variables slope, depth, eastness, BPI broad and ruggedness
(Fig. 5b). This was not surprising, considering that these were also the variables where the greatest
differences between coral and non-coral regions had been observed previously (Fig. 4, Table 5).
As the RF model applied in the current study only was based on seven geomorphometric variables
derived from the same MBES dataset, its favorable performance can likely be attributed to the
quality and size of the utilized training set. This emphasizes the importance of high-quality ground
truthing, and attests to the value of applying multiple sensors and platforms in future studies of
cold-water coral reefs. Because the Tautra Ridge represents an unusual cold-water coral habitat, it
is unlikely that the utilized model can be directly applied to other locations. However, as the model
was built and implemented in open source software, the methodology can easily be transferred,
provided that similar data are available.
Although the RF prediction model performed favorably, inclusion of certain additional predictors
could likely have enhanced its performance. Howell et al. (2011) for instance found substrate type
to be highly important for predictive modelling of D. pertusum at coarser scales in the Northeast
Atlantic. Similarly, Georgian et al. (2014) found that the availability of hard substrate was an
important D. pertusum predictor in the Gulf of Mexico. In addition to substrate, bottom current
speed and direction have also proven to be useful variables in previous attempts to model coldwater coral distribution (Davies et al. 2008, De Clippele et al. 2017, Sundahl et al. 2020).
Unfortunately, sufficiently detailed data on the aforementioned variables were to our knowledge
not available during the writing of this study. To increase the accuracy of future prediction models,
it is therefore recommended that maps of substrate distribution and current patterns on the Tautra
Ridge are acquired.
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5. Conclusions
The motivation behind the current study was to provide enhanced insight into the Tautra coral reef
complex, and based on the presented work, we believe the following can be presumed. Firstly,
optical UHI analyses suggest that coral reefs on the Tautra Ridge are dominated by the white D.
pertusum phenotype. However, optical data were only acquired from a limited area, and further
information is thus needed to support this claim. The underlying reason for the skewed phenotype
distribution is also a topic that warrants further investigation. Secondly, acoustic analyses indicate
that D. pertusum reef distribution on the Tautra Ridge is partially determined by bathymetric
features. Specifically, relatively steep, eastward-sloping areas that are situated off the summit of
the ridge appear to facilitate coral growth. The ultimate cause of this is likely linked to the patterns
of the prevailing bottom currents, and further data on the surrounding hydrodynamic conditions
can likely help elucidate the observed trends. Lastly, predictive modelling based on seafloor
geomorphometry suggests that the following three conclusions can be drawn regarding D.
pertusum reef extent on the Tautra Ridge: (1) D. pertusum reefs cover at least 0.19 km2 of the
Tautra Ridge; (2) it is likely that D. pertusum reef extent on the Tautra Ridge is close to 0.64 km2;
and (3) it is unlikely that D. pertusum reef extent on the Tautra Ridge currently exceeds 0.72 km2.
To our knowledge, this is the first attempt to characterize distribution and areal coverage of D.
pertusum reefs on the Tautra Ridge extensively. Consequently, there are few data available to
verify coral reef predictions beyond the areas surveyed by SAS and UHI in the current study.
Nevertheless, we believe the modelled estimates presented herein represent a valuable knowledge
basis that decision-making authorities may refer to in efforts to govern the Tautra Ridge MPA
sustainably. Furthermore, the results of this study may serve as a foundation for future research
carried out in the area. Although D. pertusum is thought to be a relatively tolerant cold-water coral
species, its slow growth rate and high importance as an ecosystem engineer makes it a primary
conservation target. In an era of climate change and increasing anthropogenic pressure, mapping
and monitoring of such targets can arguably be considered more important than ever. In the future,
it is therefore recommended that systematic ground truthing surveys are conducted along the entire
Tautra Ridge so that the coral estimates presented in this study can be further refined. This will
provide baseline information that should be considered essential not only for satisfactory MPA
management, but also the continued existence of some of the world’s least conventional cold-water
corals.
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Supplementary Materials

Fig. S1. The georeferenced underwater hyperspectral imaging (UHI) mosaic from the Tautra Ridge visualized in red
(R; 590 nm), green (G; 530 nm) and blue (B; 460 nm). The map was created in ArcMap (v. 10.8; Esri Inc., Redlands,
USA; https://desktop.arcgis.com/en/arcmap/). Projection: UTM 32N. Datum: WGS 1984.
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Fig. S2. The training data used for support-vector machine (SVM) classification of underwater hyperspectral imagery
from the Tautra Ridge. Panels (a-c) show the spectral reflectance (R(Ȝ)) signatures of white Desmophyllum pertusum,
orange D. pertusum and the sponge Mycale cf. lingua, respectively (n = 800 hyperspectral image pixels per class).
Mean R(Ȝ) signatures are shown in black. Panel (d) shows all mean R(Ȝ) signatures plotted together for comparison.
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Fig. S3. Maps of six multibeam echo sounding (MBES)-derived geomorphometric variables covering the majority of
the Tautra Ridge. BPI = bathymetric position index. The maps were created in ArcMap (v. 10.8; Esri Inc., Redlands,
USA; https://desktop.arcgis.com/en/arcmap/). Projection: UTM 32N. Datum: WGS 1984.
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Fig. S4. Comparison of different mapping techniques. Panels (a) and (b) show results of the synthetic aperture sonar
(SAS) survey. Panels (c) and (d) show results of the underwater hyperspectral imaging (UHI) survey. Panels (e) and
(f) show results of the multibeam echo sounding (MBES)-based random forest (RF) prediction model. All panels
correspond to the same geographic area. The maps were created in ArcMap (v. 10.8; Esri Inc., Redlands, USA;
https://desktop.arcgis.com/en/arcmap/).Projection: UTM 32N. Datum: WGS 1984.
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Chapter 10

Operative Habitat Mapping
and Monitoring in the Polar Night
Geir Johnsen, Aksel A. Mogstad, Jørgen Berge, and Jonathan H. Cohen

Abstract The Polar Night has long been regarded as a period of no biological activity. As a logical consequence, environmental management has mainly been neglected
in this period. We will use the Northguider accident in December 2018 as a case
study for the need to prioritize operative habitat mapping and monitoring to provide
a sufficiently knowledge-based environmental operative management. After the
ship ran ashore in a remote location in the northern part of Svalbard, the entire crew
was safely rescued and airlifted back to Longyearbyen within hours. The ship, however, remained, potentially posing a threat to wildlife – not only wildlife that is
expected to return in spring but also for the many organisms that we now know are
present and active during the Polar Night. There is, however, still a strong need to
provide necessary understanding of the dynamic marine biodiversity at the sea sur-

G. Johnsen ( )
Centre for Autonomous Marine Operations & Systems (AMOS), Trondhjem Biological
Station, Department of Biology, Norwegian University of Science & Technology (NTNU),
Trondheim, Norway
The University Centre in Svalbard, Longyearbyen, Norway
e-mail: Geir.johnsen@ntnu.no
A. A. Mogstad
Centre for Autonomous Marine Operations and System (AMOS), Department of Biology,
Norwegian University of Science and Technology (NTNU), Trondheim, Norway
J. Berge
Department of Arctic and Marine Biology, Faculty for Bioscience, Fisheries and Economy,
UiT the Arctic University of Norway, Tromsø, Norway
The University Centre in Svalbard, Longyearbyen, Norway
Centre for Autonomous Marine Operations & Systems (AMOS), Trondhjem Biological
Station, Department of Biology, Norwegian University of Science & Technology (NTNU),
Trondheim, Norway
e-mail: Jorgen.berge@uit.no
J. H. Cohen
School of Marine Science and Policy, University of Delaware, Lewes, DE, USA
e-mail: jhcohen@udel.edu
© Springer Nature Switzerland AG 2020
J. Berge et al. (eds.), POLAR NIGHT Marine Ecology, Advances in Polar
Ecology 4, https://doi.org/10.1007/978-3-030-33208-2_10

277

G. Johnsen et al.

278

face, water column, and seafloor during the Polar Night, focusing on the threats for
ecosystems and habitats.
Keywords Sensor-carrying platforms · Underwater optics · Acoustics · Spatial
and temporal resolution · Autonomy · Under-ice operations · Polar Night · Marine
operations in winter

10.1

Introduction

Warmer seas have already caused fishery activities to move some 300 km further north
in the European part of the Arctic. In addition, new ship-based cargo transport routes,
oil-gas and mineral exploration activities, and cruise traffic are proceeding northward.
The cruise traffic activity in the Svalbard region has increased by a factor of four from
2010 to 2018. In the case of a large cruise vessel accident in the Arctic, Norwegian
rescue and environmental management authorities are arguably ill-prepared and
under-resourced to handle such situations. In this chapter, we will go through information of importance for operational marine nature management during the Polar Night.
The chapter consists of three parts: First, we will describe a vessel accident, the
Northguider, from December 2018 on Svalbard (Sect. 10.2) as a case study for operational management comprising current rescue operations and knowledge-based management. Second (Sect. 10.3), we will, based on the Northguider accident, go through
what we know about marine life in the sea surface, water column, and seafloor during
the Polar Night and focus on the major threats to ecosystems and habitats posed by
potential similar vessel accidents. Third (Sect. 10.4; Berge et al. 2014; 2015b), we will
focus on future perspectives and knowledge gaps with respect to optimizing operative
marine environmental management, focusing on mapping and monitoring, during the
Polar Night and to provide appropriate decisions during critical periods.

10.2

Northguider: Fishing Vessel Grounded During the Polar
Night December 2018

Hinlopenstredet is a well-known fishing and breeding/feeding area for a range of
Arctic marine animals such as seals, walrus, and several bird species. These species
are mainly seasonal visitors present in spring and summer. What we present in this
book is that during the Polar Night, there is high biological activity at the sea surface
(birds), water column (seeding stock of phytoplankton (Chap. 4), zooplankton and
larvae (Chap. 5), fish (Chap. 7), and seafloor (high activity and reproduction of
benthic organisms (including macroalgae/kelp forests) (Chaps. 4 and 6). The
Norwegian trawler Northguider (47 m long) ran aground at Nordaustlandet on the
December 28th, 2018 (Fig. 10.1). After a dramatic operation using two rescue
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Fig. 10.1 Northguider accident December 28, 2018. Photo of the grounded vessel and personnel
from the coastguard and management authorities in small boat examining the ship in January 2019.
The ship grounded in the northern part of Hinlopen Strait at 79°53N and 18°04E. (Photo:
Kystverket)

helicopters from the governor of Svalbard, the 14 fishermen were ultimately brought
to safety. The rescue was particularly challenging given harsh weather and fuel
restrictions of the helicopters. During grounding and the rescue operation, the
weather was characterized by high winds, snow (low visibility), and a temperature
of around −23 °C. Another concern was development of sea ice that possibly would
entomb the Northguider in the coming days, hindering a potential fast towing of the
vessel out of the strait. In fact, responders decided to only remove crew and salvage
hazardous materials, waiting to extract the vessel until the following summer. A
detailed timeline for the Northguider accident is presented in Box 10.1. This
situation was not only a learning experience for all parties involved but has reopened
the discussion about Norway’s capacity for search and rescue (SAR) in Svalbard
waters. It also raised the question of how to manage marine natural resources based
on ecological knowledge in such situations. Both local and national management
(including environmental protection organizations) were mainly concerned about
potential effects on whales and seabirds “when they return in the spring,” indicating
that they do not have the overall understanding of how the Arctic ecosystem
functions during winter, and in particular the Polar Night. In this book, we have
provided information that clearly shows that accidents like the Northguider do in
fact pose an imminent threat to organisms thriving throughout the Arctic year.
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Box 10.1 Timelines for Rescue Operations and Corresponding
Environmental Management During the Polar Night
Reduced sea-ice coverage has expanded fishery activities, resource exploitation, and ship traffic in the marine Arctic. These activities are dependent on a
functional search and rescue (SAR) plan, cleanup and return of infrastructure
which currently is prioritized as follows: (1) Rescue, (2) Cleanup of environmental hazards, and (3) Return of infrastructure (e.g., a stranded vessel) to
owner. All this is to ensure that the environment will not be affected by oil,
chemicals and other human-made substances capable of influencing microbes,
phytoplankton, zooplankton, larvae, benthic organisms, fish, seabirds, and
mammals.
In short, the timeline for a rescue operation can be summarized by the following steps:
1. Rescue of humans (time window: hours)
2. Cleanup of environmental hazards (in this case diesel, oil, batteries, and
plastics) related to the vessel (time window: days–weeks)
3. Return of the vessel to mainland (time window: days - months, or in this
case more than one year since vessel still not returned by Nov 2019)
The timeline for corresponding environmental management and decisionmaking differs from that of the rescue operation:
4. Detection of anthropogenic substances harmful to the environment (e.g.,
eco-toxins and oil; time window: days–months)
5. Responses of organisms to these harmful substances (time window:
days–years)
6. Environmental monitoring (time series; time window: days–years)
7. Action plan to reduce stress to ecosystem
The following paragraphs describe the Northguider rescue and cleanup operation step-by-step:
December 28, 20181: Northguider grounded around 13:00 on Friday,
December 28, 2018, and the main rescue central for North Norway got the
first emergency call at 13:22. There were no other vessels in the area available
to help. One and a half hours later, the first helicopter provided the first of two
rescue operations. The whole vessel crew of 14 was rescued by two helicopters
and arrived in Longyearbyen at 17:00 with no serious injuries. The stranded
vessel was tilted, and water was penetrating the hull. There were difficulties
with darkness, cold temperatures, geo-positioning of Northguider, and
communications. Furthermore, the continued absence of other vessels was an
important issue. The rescue operation was entirely dependent on helicopters.
The next step was for Kystverket (the Norwegian Coastal Administration) to
map available resources and possibilities for cleanup and rescue of the vessel.
By requirement of the Norwegian Coastal Administration, the ship owner is
(continued)
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Box 10.1 (continued)
responsible for recovery of the capsized vessel. The Norwegian Coastal
Administration requested access to the coastguard vessel KV Svalbard (currently at Sortland, mid-Norway), which would be available to empty fuel
tanks (incl. other chemicals) and to salvage the vessel by the following week.
December 30, 20181: Northguider was still floating at the same position.
Sea ice was closing in around the vessel. A hole in the hull beside the machine
room was identified. The KV Svalbard left Norway Sunday evening, with an
estimated 4-day transit time to reach the site of Northguider to:
8. Check for vessel damages
9. Empty diesel tanks if possible
10. Try to tow the vessel out of the area (provided that the vessel was still
afloat)
The ship owner was worried about sea ice developing in the area. There was
possibly a calm weather window in “the middle of next week,” that is, the
time that KV Svalbard would arrive. There was a race against time with
respect to the developing ice edge and the rescue operation of Northguider.
There was uncertainty surrounding the vessel’s ability to stay afloat if towed
from the shallow accident site and, additionally, a fear of diesel leakage. It
was established that the ship owner had to pay the vessel rescue bill.
December 31, 20181: Environmental institutions (e.g., Bellona) and the
Svalbard Governing Authority (SGA) feared pollution of wildlife in the area
(with a focus on seabirds and marine mammals). The institutions also stated
that Norwegian authorities have no capacity to start an oil rescue operation in
the area. There was a fear that diesel leakage would be frozen into sea ice,
providing a new oil spill during spring and the associated ice melt and rising
biological activity in the area. Bellona was concerned about birds, walrus, and
polar bears since these are “most threatened by oil spills.” The shipowner was
in meetings in Longyearbyen with the Norwegian Coastal Administration and
the coastguard to ensure that details regarding the vessel were communicated
to optimize the ship rescue operation. No concerns were raised about primary
and secondary producers.
January 2, 20191: The ship stranded when sea ice cover was low, but
emerging ice was approaching the vessel. Meanwhile, politicians in Oslo
started to ask questions since shrimp trawling is permitted in waters adjacent
to the Northguider accident site year-round. In addition to being remote, some
of these waters are also situated in Svalbard’s nature reserves. Questions
about the safety of fishing in these areas, far away from harbors and SAR
facilities, have received new attention after this incident.
January 6–10, 20191: Coastguard vessel KV Svalbard had left the
Northguider site, steaming toward Longyearbyen after finalizing the mission
(continued)
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Box 10.1 (continued)
with the Dutch rescue company Ardent Global (hired by the ship owner) to
map the state of the vessel and to gather data to plan for the removal of the
vessel from the area. KV Svalbard came to Longyearbyen Sunday night
January 6, 2019, for further planning. Items from Northguider that could have
polluted the area, such as paint, chemicals, ropes, fishing gear (nets), batteries, etc., had been successfully removed. Outlet points for recovery of diesel
had been cleared and made ready for pumping. A new geo-positioning sensor
had been placed on Northguider. There were concerns that KV Svalbard did
not have the capacity to pump up all available diesel from Northguider. KV
Svalbard returned to the Northguider site Thursday, January 10, waiting for
better weather to board the stranded ship.
January 13, 20191: Northguider was successfully emptied of 332 metric
tons of diesel. No pollution into the environment was detected. For the operation, KV Svalbard was equipped with smaller boats, extra oil tanks, hoses,
pumps, and special equipment for transferring the diesel. The recovery was
carried out using manual pumping of diesel into 1000-L plastic tanks followed by subsequent use of small boats to load the diesel onto KV Svalbard.
KV Svalbard had the capacity to load 600,000 liters (600 plastic tanks)
onboard. During the oil rescue, 65–70 persons were involved, and the operation was performed in calm weather. Sea ice and slush were developing
around Northguider during the operation. After diesel extraction had been
successfully conducted, the next step was to extract engine oil and plastics.
The final step was removal of the vessel – a step that at the time of writing still
has not been performed.
January 15, 20191: Shipowner tells the media that they will proceed with
shrimp trawling in the Svalbard area, including Hinlopen, which gives rise to
several questions:
1. Can these fishing activities in this area be considered safe?
2. What is the associated cost for society?
3. Do we have the necessary infrastructure to carry out rescue and monitoring
operations?
4. Svalbard is a highly productive area for marine life – should fisheries and
other industry have the right to operate in protected areas such as nature
reserves?

1

Media publication date and sources

December 28, 30, and 31, 2018: Norwegian Broadcasting Corporation (NRK, Nyheter), Troms
January 2, 2019: Spitsbergen-Svalbard.com
January 6–10, 2019: Newspaper “Vesterålen”
January 13, 2019: NRK Troms
January 15, 2019: Teknisk Ukeblad
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What Do We Now Know About Life in the Polar Night:
What Are the Real Threats?

The story of the Northguider accident provides an example of what will be required
for planning and carrying out rescue operations in the Arctic as environmental
change increases maritime access during winter and the Polar Night. The media
coverage at the time of the accident mainly focused on large and charismatic animals, with the primary and secondary producers not addressed at all despite their
ecological significance. Perhaps more concerning, most of the information that is
general knowledge with respect to marine life and dynamics that might go into SAR
decision-making, and the public perception of its environmental impact, is based on
information from spring–summer–autumn. Fortunately, not only were management
authorities able to remove all fuel from the vessel, they also were able to remove the
trawl that was still floating in the sea behind the grounded vessel. In fact, personnel
present at the site (Hjort-Larsen, pers.com) regarded this as an important task as
they witnessed seabirds, in particular Brunnich’s guillemots, being caught in the
trawl as it was floating in the sea!

10.3.1

Current Management of Svalbard Waters

Environmental management in the Arctic is based on knowledge gathered during
the well-lit part of year, that is, the spring, summer, and autumn. Quillfeldt et al.
(2009) reviewed the Norwegian national plan covering the Norwegian Economic
Zone and Fisheries protection zone in Svalbard waters. Areas closer than 12 nautical
miles to the shoreline are managed according to the EU water management
directive (see also Pedersen et al. 2015). Within the area of the national environment
management plan, the integrated management of all human activities is constructed
to ensure continued health of the whole marine ecosystem. Norway enacted this
plan in 2006. At that time, three knowledge gaps were put on the agenda: (1)
research (knowledge gathering), (2) mapping of resources, and (3) monitoring
needs. The most important gaps with respect to monitoring were the horizontal
distribution of Atlantic and Arctic water masses, the need for registration of
introduced/alien species, and the establishment of time series for stock assessment
of keystone species, temporal variation in diet composition and habitat of commercial
fish and benthic fauna, and long-term monitoring of pollutants in biota and water
masses. The top priorities in ecological studies for the Barents Sea comprised
studies of primary production (planktonic, ice-algal, and ice-faunal energy transfer
and ecology at all trophic levels), studies to identify environmental indicators of
noncommercial fish species of key ecological importance, and studies to provide
critical threshold values for biomass of herring. The Institute of Marine Research
(IMR, Bergen, and Tromsø) and Norwegian Polar Institute (NPI, Tromsø,
Longyearbyen) do have annual resource and ecosystem cruises, including stock

284

G. Johnsen et al.

assessment of plankton and fish, north and south of the polar front in the Barents
Sea and Svalbard area (see details in Quillfeldt et al. [2009]). Further studies of the
ecology of the productive Barents Sea were taken in the large Norwegian research
program “Nansen Legacy” (2018–2023), with the important addition of examining
the ecosystem during winter. This is critical as the ecological questions posed above
depend on biological processes that are ongoing throughout the winter, including
the Polar Night.

10.3.2

Framework for Filling Knowledge Gaps
Concerning Ecosystem Dynamics During the Polar
Night

Response to future incidents like the Northguider will require different ecological
information than is currently available for effective knowledge-based nature
management. Accordingly, we identify three steps that are necessary to acquire this
knowledge:
1. Identification: What organisms are present at different times of the year at all
trophic levels?
2. Mapping: What are the spatial dynamics of biodiversity, production (photosynthesis, growth rates), biomass, and health state of keystone organisms and/or
habitats?
3. Monitoring (revisit a given site, providing time series): What are the temporal
dynamics of biodiversity, production, biomass, and health state of keystone
organisms and/or habitats?
A major challenge in answering the above questions is that marine ecosystems in
general are highly dynamic in time (sec–years) and space (mm–1000 km), with the
latter including both horizontal (area) and vertical (depth) dimensions (Fig. 9.2).
The Arctic marine system during the Polar Night has additional logistical constraints,
being poorly accessible due to challenging conditions (dark, cold, sea ice, Halpern
et al. 2008, 2015; Overland and Wang 2013; Stroeve et al. 2012). However, with
appropriate technologies and sampling designs, researchers can overcome such
time and space issues (Nilssen et al. 2015; Chap. 9). Below, we describe these three
elements with respect to filling knowledge gaps for ecosystem management during
the Polar Night and specifically how technology can play a role.
Identification involves identifying objects of interest (OOI; in this case, different
organisms) in the Arctic ecosystem during the Polar Night and how this compares
to other times of the year. Since we have different size fractions, including viruses,
bacteria, microalgae (phytoplankton, ice algae, benthic, and epiphytic microalgae),
zooplankton (holoplankton and meroplanktonic larvae), benthic macroalgae and
invertebrates, fish, birds, and mammals, we need methods to identify them using
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high-throughput, autonomous techniques to cover large spatiotemporal scales.
However, such methods also require robust testing and quality control aided by
taxonomic specialists to ensure that optical, acoustical, and molecular methods/
sensors/instruments identify organisms correctly. What is an important organism
with respect to nature management? Here, we need to define indicator organisms
(bioindicators) and keystone species that are important for ecosystem function
between trophic levels and species that may be particularly vulnerable to stress.
Consider, for example, pollution that could have resulted if bunker fuel leaked from
the Northguider. What species should we be most concerned about given the time
this spill occurred? Again, coordination among disciplines will be required to
answer this question on an ecosystem scale.
Mapping involves creation of habitat maps (surface, water column, and seafloor),
including both physical and biological components, to give information about the
current state of the ecosystem when a management decision needs to be made.
Since the current state is dependent on seasons and time of day (e.g., diurnal
variation in presence/absence of a given group, taxon, or species), we need to
appreciate the ecosystem as a dynamic system. Utilizing instrument-carrying platforms to provide information across time and space is critical (Fig. 9.2; Chap. 9).
The last decade has seen a revolution in using data from instrument-carrying satellites (Volent et al. 2011), airplanes (Volent et al. 2007), drones, unmanned surface
vehicles (USV = autonomous surface vehicles, ASVs; Mogstad et al. 2019), autonomous underwater vehicles (AUVs; Berge et al. 2012; Johnsen et al. 2018), and
remotely operated vehicles (ROVs; Mogstad and Johnsen 2017) to map Arctic ecosystems. At the surface and in the water, the use of acoustics and optics in concert
has revolutionized knowledge acquisition (e.g., Ludvigsen et al. 2018). Optical
approaches to mapping are particularly difficult during the Polar Night since
sunlight is absent (making passive optical remote sensing impossible; see Johnsen
et al. 2009; Fig. 9.2), sea ice is present, and temperatures are low, all of which
combined cause considerable logistical challenges with respect to equipment,
transport, and human interactions.
Monitoring of ecosystems, habitats, and taxa involves extended, georeferenced
observations over time and space. During the last decade, instrument-carrying
platforms (e.g., ROVs, AUVs, and ASVs) have been developed and improved
significantly with respect to motion control (pitch, roll, yaw, distance to the OOI;
Chap. 9). This is crucial for the generation of accurate, time-stamped information
maps with metadata, which is a prerequisite for carrying out pixel-specific
georeferencing of habitat maps, exemplified in a benthic habitat mapping case study
below (Sect. 10.4.3).
Through identification, mapping, and monitoring, we can obtain appropriate
knowledge for operational nature management and make sound decisions
accordingly.
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Ecosystem-Based Management of Living Resources
During the Polar Night: What Are Reliable Indicators
of the Ecological State of the Marine Environment?

During the Northguider accident, the first step was, obviously, to secure human life
and then obtain information about what happened with the vessel and equipment,
along with identifying potential environmental pollution and how best to bring the
vessel back to mainland. Shortly after the accident, it was concluded that the ship
should be left until the light returns in spring–summer to secure necessary boats and
equipment, but that fuel should be removed. Even though this decision was based on
a fear of what would happen if the fuel leaked when seabirds and mammals returned
to the area in the spring, it also prevented any potential effects on the organisms that
we now know remain present and active throughout the Polar Night. During removal
of fuel from the ship, it was observed that seabirds got trapped and entangled in the
trawl that was floating behind the vessel, and a decision to also remove this net was
made. However, it poses the question on what the consequences could have been
had emptying of the fuel been prevented by, for example, weather or ice conditions.
For sound environmental management and decision-making, solid background
information gained from the above framework (identification, mapping, monitoring)
is essential. Are there birds, seals, and polar bears close to the vessel in the winter
darkness? Is there a high biomass of zooplankton, larvae, and fish in the water
column, and what effect will an oil spill have on the kelp forest/sea floor and its
associated organisms nearby? These simple questions can be related to large
transport vessels carrying oil and gas, which currently is a fast-growing activity in
the Arctic. What are the effects of, for example, oil released from such a vessel? One
of the main ambitions with this book has been to illustrate that the levels of biological
diversity, biomass, and dynamics are high during the Polar Night and what we need
to know for proper nature management and decision-making:
(a) What organisms are present during the Arctic winter and Polar Night (Berge
et al. 2014, Berge et al. 2015a, b, c)?
(b) How do we identify these organisms at the surface, in the water column, and on
the seafloor (e.g., Vader et al. 2015; Mogstad and Johnsen 2017; Johnsen et al.
2018; Ludvigsen et al. 2018; Fossum et al. 2019)?
(c) Where are these organisms in time and space – which organisms during the
Polar Night are typically found at the sea surface, in the water column, or on the
seafloor (Berge et al. 2012; Johnsen et al. 2014; Cronin et al. 2016; Mogstad
and Johnsen 2017)?
(d) How do we identify, map, and monitor these organisms in time and space (see
chap. 9, Fig. 9.2)?
(e) What information is needed for nature management and sound decisions
(Nilssen et al. 2015)?
(f) What is the sensitivity to environmental stressors of different taxa (bacteria,
phytoplankton, zooplankton, larvae, fish, birds, and mammals)? Organismal
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effects caused by harmful substances are dependent on both exposure time and
concentration. In addition, several stressors may affect an organism simultaneously with synergistic effects. What are the exposure limits to induce serious
stress level in a given organism with respect to time and concentration?
(g) In case of accidents or catastrophic events, we need information from a–f to
provide fast, knowledge-based data (online to near real-time data) to provide
the best decisions.
In the following sections, we give a short overview, with questions (a–f) above in
mind, of important organisms we have identified, mapped, and/or monitored in the
Svalbard region during the Polar Night at the surface (Sect. 10.3.4), in the water
column (Sect. 10.3.5), and on the sea floor (Sect. 10.3.6).

10.3.4 Organisms at the Sea Surface
At the sea surface, six species of seabirds have been observed actively foraging in
Svalbard waters during the Polar Night. These species comprise little auks (Alle
alle), black guillemots (Cepphus grylle), Brünnich’s guillemots (Uria lomvia),
Atlantic fulmars (Fulmarus glacialis), black-legged kittiwakes (Rissa tridactyla),
and glaucous gulls (Larus hyperboreus). Most of the birds examined for stomach
content revealed recent feeding on fish (e.g., polar cod), krill (Thysanoessa spp.),
and benthic amphipods (e.g., Anonyx nugax) (Berge et al. 2015a, b, c; Ostaszewska
et al. 2017). Most stomach contents were minimally digested, indicating that the
birds had found their prey locally. Moreover, the prey had not been selected
randomly. Specifically, the birds appeared to have targeted key species such as
bioluminescent krill (Berge et al. 2012; Johnsen et al. 2014; Cronin et al. 2016;
Chap. 3). These observations call for further examinations, such as the following:
Do seabirds, as visual predators, dive into bioluminescent layers made of different
taxa of zooplankton, krill, and mesopelagic fish, making it easier for them to target
prey? In the summer months, during which a large fraction of the food is fed to the
chicks, the little auk prefers large copepods such as Calanus hyperboreus and
C. glacialis. During the Polar Night, the stomach contents of little auks were
dominated by bioluminescent krill (unpublished and Berge et al. 2015b). Some
Arctic seabirds also appear to be attracted by artificial light, such as light from
vessels, piers/quays, roads, and settlements (Ostaszewska et al. 2017). Birds have
been observed actively feeding nearby artificial light from harbor lamps and from
SCUBA diver-operated lamps. Especially the black guillemot but to some extent
also the Brünnich’s guillemot utilized the light available from SCUBA divers and
pier lamps to feed on large zooplankton, such as krill in the Polar Night. The Atlantic
fulmars also follow ships during winter, looking for prey and fish/food waste at the
surface. Both adult and juvenile birds have been observed, but the significance of
these observations needs further examination. Currently, there is still little knowledge
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of how these birds obtain their food and what strategies they use to survive in the
low-light conditions of the Arctic Polar Night, which emphasizes the need for
further research.
Human-induced stressors, such as an oil spill, will destroy the plumage of seabirds, inducing loss of insulation (reducing the ability to cope with the cold and
reducing the buoyancy when swimming) and loss of ability to fly (defect feathers).
This could also have direct toxic effects since birds will actively try to get rid of the
oil by using their beaks to rinse their plumage, introducing toxic oil into the digestive
system (review in Gabrielsen and Sydnes 2009). If seals and polar bears are around,
similar effects will be the case. Indeed, we have documented walruses from the
northern part of Svalbard during the darkest part of the Polar Night (unpublished).
Birds that have avoided direct oiling of their plumage may feed on oil-exposed krill
and consequently transfer oil-related toxins into the digestive system indirectly.
Some parts of the oil will stay afloat, while other components will sink or disperse
into the water column and kelp forest with all its associated organisms.
There are also other organisms at the sea surface and in shallow areas that may
be affected by an oil spill. In addition to birds, observations of mesopelagic fish,
such as the bioluminescent silvery lightfish (Maurolicus muelleri), and the deepwater
helmet jellyfish (Periphylla periphylla) indicate that organisms that up until now
have been regarded as deepwater organisms, in fact may be at the sea surface, both
during day and night during the Polar Night (Geoffroy et al. 2018; unpublished
data). The observed presence of the two aforementioned species suggests that many
other deepwater species could be capable of “surfacing during the Polar Night” as
well, consistent with the Polar Night light climate resembling that of the deep sea
(Chap. 3).

10.3.5

Organisms in the Water Column

Both natural and human-induced stressors may affect the biodiversity, biomass,
health state, and growth rates of the primary and secondary producers to a high
degree. Bacteria, phytoplankton (autotrophic, mixotrophic, and heterotrophic), and
zooplankton (comprising of major taxa such as crustaceans, gelatinous plankton,
ciliates, chaetognaths, and pteropods) are highly active and represent the basic food
source for marine life in the region (Chaps. 4, 5, 6, 7, and 8). The Polar Night is also
the time for growth and development of primary producers – phytoplankton. At this
time of year, the phytoplankton are dominated by heterotrophs (active) and seeding
stocks of autotrophic species (few, but alive, often in resting states such as cysts
(Kvernvik et al. 2018; Chap. 4). Note that the “seeding stock” of phytoplankton
cells may lie in sediments or “hibernate” in sea ice or the water column, waiting for
enough light to start the initial spring bloom of phytoplankton. Natural environmental
stressors and human pollution may deteriorate the health state of these key
organisms, which will have domino effects on ecosystem function. One example is
“elevated sea temperature causes smaller-sized primary- and secondary producers”
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(Leu et al. 2015; Fragoso et al. 2018). Reduced size of “phytoplankton” can
subsequently change biodiversity and the growth and timing of primary consumers
(herbivore zooplankton), secondary consumers (carnivore fish), and tertiary
consumers (birds and mammals). A particular concern is that climate-induced sea
temperature changes may alter the timing and size fractions of phytoplankton
blooms, causing mismatches between producers and consumers (Leu et al. 2015).
During the Polar Night, the activity and biomass of secondary producers – zooplankton and larvae – are high in the upper 100 m of the water column (Chap. 5).
Zooplankton, for instance, follow a persistent diel vertical migration pattern
throughout this period of prolonged darkness, with ascent to the upper water masses
during the night and descent to deeper waters during the day (Berge et al. 2008,
Berge et al. 2015a, b, c). Furthermore, deepwater organisms, such as mesopelagic
fish and gelatinous plankton, can be found at the surface during the Polar Night (the
light regime at the surface during the Polar Night is comparable to the mesopelagic;
see Fig. 3.10). The organisms are highly affected by the light regime (Chap. 3),
which regulates their biological clocks (Chap. 8).

10.3.6

Organisms on the Seafloor

Seafloor habitats are diverse and comprise, for example, the littoral zone (0–30 m,
with soft-hard substrates). Recently, reduced ice scouring has caused the upper zone
of the kelp forest to move vertically from around 3–5 m depth (under the sea-ice
scouring zone; Chap. 4) toward the surface. Due to the absence of sea ice, we, for
instance, now see kelp at the surface in most of the fjords and coastal areas of
W-Spitsbergen (Bartsch et al. 2016; own annual observations from 1987 to 2018).
Increased sedimentation and reduced salinity caused by glacial meltwater running
off into surface waters may induce stress that lowers the growth rate of macroalgae.
In addition, human-induced pollution may expose these habitats to an array of new
stressors, which is especially relevant now that most kelp forests have migrated into
shallower waters, closer to the surface (the source of anthropogenic pollutants).
Large kelp forests (found in rocky habitats throughout all regions of Svalbard),
seafloor habitats dominated by coralline red algae (3–40 m; see Chap. 4), and the
variety of benthic organisms living on hard and soft substrates (0 m-deep waters;
Chap. 6) are all fragile to additional stressors from humans in an area that keeps
getting warmer.
Note that some species of perennial brown macroalgae are growing during the
Polar Night, and they possess functional chloroplasts that can perform photosynthesis
if artificial light is provided (Aamot et al. 2014; Chap. 4). There is a current need to
identify, map, and monitor the high biomass of macroalgae (especially species
making up kelp forests), which forms important habitats for epi-growth organisms,
crustaceans (e.g., amphipods and mysids), bristle worms, mussels, snails, juvenile
fish, and seabirds. These habitats are important not only for providing shelter and
food but also for reproduction of invertebrates and fish (including species that up
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until now only have been seen in deeper waters), based on summertime surveys.
Mass occurrences of organisms living in kelp forests, such as ghost shrimps, have
been regularly observed in January in Kongsfjorden over the last decade (Chap. 6).
The holdfast of kelp and other macroalgae provides shelter and food for an array of
important organisms, including smaller species of macroalgae (Chap. 4); common
bivalves, such as Hiatella arctica; and the recently arrived blue mussel Mytilus spp.
(Berge et al. 2005; Leopold et al. 2018). The reappearance of blue mussels on
Svalbard is likely caused by increased seawater temperatures (favoring blue mussel
survival and reproduction), blue mussel larval advection by ocean currents, and
human introduction by ship traffic. Baseline information on species distribution and
their genetic composition is imperative for quantifying the impacts of climate
change and other human-induced stressors on species distribution ranges,
biodiversity, and genetic alterations such as hybridization between species and
populations of Mytilus spp. (Mathiesen et al. 2017). Significant bivalve growth and
annual differences in the abundance of polar cod versus Atlantic cod in kelp forests
indicate differences in the flux of Atlantic versus Arctic water masses (Berge et al.
2015c). In addition, juveniles of the deepwater-dwelling beaked redfish (Sebastes
mentella; Chap. 7) have been found in the kelp forest in January and at the same
time at 80 m depth close to Kongsbreen in Kongsfjorden (authors unpublished
observations).

10.4

New Technologies for Habitat Mapping and Monitoring

Instead of using conventional sampling procedures (e.g., sampling by SCUBA diving), new enabling technology can be used to provide maps of habitats from the
littoral zone to deepwater basins in the Arctic down to 4000 m depth. Here, we show
how some of this technology can be used for management purposes by using
underwater instrument-carrying platforms such as a remotely operated vehicle
(ROV) equipped with an underwater hyperspectral imager (UHI) to automatically
identify, map, and monitor biogeochemical objects OOI (for applications, see
Johnsen et al. 2013, 2016; Mogstad and Johnsen 2017; Dumke et al. 2018a, b;
Mogstad et al. 2019). This approach has been used to map seafloor habitats down to
4200 m depth (Dumke et al. 2018a, b). Currently, there are several examples of
instrument-carrying platforms and sensors that can be used to obtain an overview of
the current state of marine biodiversity, physiology, and biomass during the Polar
Night for habitat mapping and monitoring (Cohen et al. 2015; Berge et al. 2016;
Johnsen et al. 2014, 2016; Mogstad and Johnsen 2017). These are detailed in
Chap. 9, comprising buoy data at different depths (tethered observation systems;
Berge et al. 2016), autonomous underwater vehicles (AUVs; Berge et al. 2012;
Ludvigsen and Sørensen 2016; Johnsen et al. 2018; Fossum et al. 2019), remotely
operated vehicles (ROVs; Mogstad and Johnsen 2017), and unmanned surface vehicles (USVs; Ludvigsen et al. 2018).
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In regions that are rough-weathered in addition to being dark, cold, and icy, the
most used mobile platforms are large vessels and smaller boats. Large mobile
platforms can serve as the base (mothership) for further surveys using ROVs, AUVs,
and USVs to obtain information without risking human lives. These vehicles can be
equipped with sensor technology capable of “seeing in the dark,” such as imaging
acoustics, infrared (IR) sensors, and radars (Berge et al. 2015a; Ludvigsen et al.
2018) reviewed in Chap. 9.
Biological maps represent essential baseline information that should be considered strictly necessary for assessing the environmental impacts of accidents, such as
that of the Northguider, to a satisfactory extent. It is widely recognized that we
know more about the terrestrial realm that constantly surrounds us than the marine
realm hidden beneath the surface of the world’s oceans. This is perhaps not surprising, considering we are a terrestrial species and that the technology required for
carrying out marine mapping surveys has only been commonly available since the
mid-twentieth century. To put things into perspective, a figure that frequently
appears in both media and scientific literature is that only about 5% of the seafloor
has been mapped (Copley 2014). However, this is not a completely accurate
depiction. On the contrary, complete maps of the entire seafloor do in fact exist, but
often with a spatial resolution of ~5 km (Sandwell et al. 2014). Unfortunately, this
resolution does not tell us much about the biological and chemical processes that
take place on the seafloor and is consequently far too coarse for most management
purposes. When looking to answer questions related to biological seafloor processes,
spatial resolution requirements are often particularly strict. Unless you are
investigating uncommonly large biogenic structures, such as coral reefs, your
mapping technique has to be able to resolve objects of interest <1 m. If you, for
instance, wish to monitor change in abundance or areal coverage of a given species,
mm–cm scale resolution may even be necessary. It is clearly not realistic to map the
global – or even the Arctic – seafloor with this kind of resolution in the immediate
future, but by carrying out highly detailed surveys in small, defined areas considered
appropriate for the topic at hand, the knowledge needed to make sound management
decision can still be generated.
There are arguably two main approaches to mapping the seafloor: by means of
acoustics (sound) and by means of optics (light). Which of them is most beneficial
depends on the question at hand, and the two approaches should be regarded as
complementary rather than overlapping.

10.4.1

Acoustics

The acoustic approach is perhaps the most widespread way of characterizing the
benthic environment and water column (Brown et al. 2011). Active acoustic sensors
(e.g., multibeam echo sounders and side-scan sonars; see Chap. 9) work by emitting
sound pulses into the water column and subsequently recording the corresponding
sound pulses (echoes) reflected off the seafloor or organism of interest in the water
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column. The advantage of active techniques is that they are largely independent of
environmental variables and that they consequently are capable of “seeing” in
challenging environments such as the Arctic during the Polar Night. Sound has the
associated benefit that it travels exceptionally well in water, which typically gives
acoustic techniques superior range as compared to, for example, optical techniques.
In terms of seafloor management, acoustic maps can provide valuable information about research and management issues of interest, ranging from the seafloor
and indicating sediment type, to coral reef distribution and marine archaeology.
During the Polar Night, side-scan sonar mapping has, for instance, been used as a
tool for wreck site identification off the coast of Svalbard (Chap. 9). Acoustic techniques can also be used for assessing processes that take place in the water column.
Diel vertical migration (DVM) of zooplankton during the Polar Night has, for
instance, been observed using moored acoustic doppler current profilers (ADCPs;
see Chap. 9; Berge et al. 2015a, b, c). Furthermore, acoustic zooplankton fish profilers (AZFPs; see Chap. 9) have been used to demonstrate that artificial light (light
pollution) repels zooplankton in dim Polar Night conditions (Ludvigsen et al. 2018).
A considerable advantage of acoustic techniques is that their range permits mapping of large areas (Table 9.3, Chap. 9). However, the detail level and spatial resolution of acoustic data is typically insufficient for assessing small (<10 cm) OOIs. In
addition, certain defining object characteristics (e.g., color) cannot be assessed by
means of acoustics alone. To provide a holistic and sufficiently detailed overview of
a given area of interest, other techniques should also be included for ground truthing. The following section presents the utility of optics in relation to environmental
mapping and monitoring of the marine Arctic during the Polar Night.

10.4.2

Optics

The other major approach to seafloor mapping is through optics. Optical techniques
are based on measurement of electromagnetic radiation or, more specifically, light.
For seafloor mapping purposes, the relevant optical techniques can, for simplicity’s
sake, be narrowed down to different forms of imaging. The rapid development and
application of aerial and satellite imaging has permitted detailed mapping of most
terrestrial environments. These techniques are capable of covering vast areas at
frequent intervals and have consequently become indispensable tools for terrestrial
monitoring and management (Fig. 9.2 in Chap. 9). Unfortunately, their applicability
is severely limited in the marine realm. The reason for this is simple: light is
attenuated extremely rapidly in water compared to sound. Furthermore, both aerial
and satellite imaging rely on illumination provided by the sun, which makes them
“passive” mapping techniques. In the clearest, sunlit waters, passive optical
techniques are limited to a maximum depth of approximately 20 m at best
(Armstrong 2016). This implies that air- and spaceborne sensors can be used to map
shallow-water habitats such as seagrass meadows and tropical coral reefs, but not
much else – especially not Arctic regions during the Polar Night. To map deep, dark,
and/or ice-covered areas using optical techniques, other approaches have to be used.
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In particular, two criteria have to be fulfilled to permit optical mapping of deep
and dark seafloor environments: the imaging sensor has to be brought closer to the
target area or OOI, and an artificial light source has to be deployed along with the
imaging sensor to “see in the dark.” The latter converts passive imaging to active
imaging that no longer relies on ambient light provided by the sun. Both requirements
relate to the optical properties of seawater (Chap. 3). The properties of seawater and
its constituents (phytoplankton, cDOM, TSM) prevent long-distance optical
imaging, and therefore, the imaging sensor needs to be close to the seafloor (typically
<10 m) to permit acquisition of satisfactory data. Unless the mapping survey is
carried out in very shallow waters with strong daylight present, an artificial light
source is, as mentioned, also a survey necessity, as the downwelling irradiance from
the sun rapidly becomes insufficient for optical imaging purposes with increasing
depth. This is especially relevant during the Polar Night, where ambient light is
practically absent.
There are multiple methods and techniques by which optical seafloor imagery
can be acquired. A traditional and simple approach is equipping a SCUBA diver
with an underwater camera with flashlight. This is a beneficial method for highly
detailed studies of small areas of interest (Beuchel and Gulliksen 2008; Beuchel
et al. 2010). The downside is, however, that this methodology is limited in terms of
both spatial coverage and depth. To assess larger areas beyond diving range, other
means are necessary. ROVs and AUVs represent platform types that are widely used
for optical seafloor mapping. Both of them have associated pros and cons, and
ultimately, the platform has to be chosen based on survey goals and the research/
management question under assessment (detailed in Chap. 9).
The final decision that has to be made in relation to an optical seafloor mapping
survey is which imaging sensor to use (Nilssen et al. 2015). Regular RGB (red,
green, blue) digital cameras arguably represent the most simple and common
alternative. An RGB digital camera captures imagery by means of a CCD or CMOS
image sensor. These sensors produce images where each pixel is assigned a red-, a
green-, and a blue-intensity value. The RGB wave bands (channels) largely
correspond to the three wave bands the human eye is sensitive to, and when their
values are interpreted together, the result is the color we perceive. One way of using
an RGB digital camera for seafloor mapping is by mounting it downward facing
onto, for example, an AUV. As the AUV follows its survey path, the camera can be
set to take pictures of the seafloor at fixed intervals. Provided that there is sufficient
overlap between neighboring pictures (ideally ≥50%), the imagery can subsequently
be mosaicked together to form a continuous RGB map of the surveyed area (Johnsen
et al. 2018). Digital cameras may also be used in tandem in what is known as a
stereo camera rig. In a stereo camera rig, two synchronized cameras are typically
mounted in parallel with a known, fixed distance between them. Similar to how our
binocular (two-eyed) vision gives us depth perception, the stereo setup permits
estimation of object distance and position through point triangulation and is thus
capable of acquiring 3D imagery as well as navigation data. Possible applications of
stereo camera rigs include deployment on ROVs for 3D model generation of wreck
sites, vertical rock walls, and coral reefs (Nornes 2018).
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Fig. 10.2 The optical signature of a red coralline alga displayed in RGB (colored dots; spectrally
positioned according to Sigernes et al. 2009) and as a contiguous spectrum (black line). The former
represents the output of a regular digital camera pixel, whereas the latter shows the equivalent
output of a pixel captured by an underwater hyperspectral imager (UHI) at 0.5 nm spectral
resolution. Reduced reflectance in green (545 and 570 nm due to absorption by phycoerythrin) and
red (679 nm absorption maxima of Chl a; Mogstad and Johnsen 2017)

Although RGB digital cameras potentially can provide researchers and decision
makers with highly valuable data, there is one optical aspect of their data products
that can be considered undersampled: the spectral aspect (Fig. 10.2). As mentioned,
a digital camera records a value for red, green, and blue light for each pixel. A
typical camera can be expected to measure these colors using wave band channels
with peak sensitivities at approximately 460 nm (blue), 530 nm (green), and 590 nm
(red; Sigernes et al. 2009). Considering that visible light spans the entire range of
400–700 nm, this leaves a substantial portion of the visible light spectrum unsampled.
To utilize more of the available color information, other imaging sensors have to
be used.
Over the past decade, underwater hyperspectral imaging (UHI) has emerged as
an interesting alternative to regular digital cameras for optical seafloor mapping in
deep and dark environments. In the Arctic, it has, for instance, been used to assess
the spectral characteristics of coralline algae during the Polar Night (Mogstad and
Johnsen 2017). Instead of a simple RGB value, an underwater hyperspectral imager
assigns each image pixel a contiguous light spectrum (Fig. 10.2). The spectrum
typically covers the range of 380–800 nm at a spectral resolution of 0.5–4 nm
(Johnsen et al. 2016), depending on the chosen settings. This implies that each
hyperspectral image pixel serves as a sensor that may record as many as 600 color
values (wavelengths) within the range of 400–700 nm, providing an optical
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fingerprint (as opposed to just three for an RGB pixel), and consequently that
practically all visible light is accounted for. Another defining characteristic of the
underwater hyperspectral imager is that it is a so-called push broom scanner. Instead
of capturing a rectangular 2D image during each exposure, the underwater
hyperspectral imager only captures a single hyperspectral pixel row through a thin
light entrance slit. To acquire 2D imagery, the imager has to be moved across the
target area with the light entrance slit oriented perpendicularly to the direction of
movement. This can be achieved through, for example, ROV- or AUV-based
deployment. During the “scanning” motion, the imager continuously captures
hyperspectral pixel rows (slit images) at a set frame rate. When these rows are
mosaicked together, the result is a 2D image transect where each pixel holds a
detailed optical signature (optical fingerprint) of the seafloor object or area it
represents. The benefit of this mode of operation is that it essentially gives
photomosaics over larger areas on the fly, potentially providing important
information for further actions needed. In addition, the use of a light entrance slit (as
opposed to a regular camera objective) minimizes the detrimental effect scattering
of light may have on captured imagery, which permits imaging in relatively turbid
waters. UHI surveys are typically carried out at altitudes of 1–2 m above the seafloor,
and at these altitudes, a spatial image resolution of <2 mm is achievable. For data
interpretation and analysis, recorded UHI transects can be visualized as RGB
images. A practical aspect of this possibility is that wavelengths representing R, G,
and B can be chosen from the entire available spectral range based on the survey
target(s) of interest. Moreover, the detailed color information of the optical
fingerprints recorded using UHI provides an excellent foundation for color-based
(spectral) image classification, and the following section shows an example of how
UHI data can be used for biological assessments of the seafloor during the
Polar Night.

10.4.3

Case Example: Supervised Classification of Underwater
Hyperspectral Imagery from Kvadehuken,
Kongsfjorden, Svalbard

The data presented in this section were acquired during a Polar Night cruise off the
coast of Svalbard in January 2016. Hyperspectral imagery was recorded at
Kvadehuken by deploying the underwater hyperspectral imager “UHI-2” (second
generation; Ecotone AS, Trondheim, Norway) on NTNU’s ROV “Minerva.” Two
250-W halogen lamps mounted 35 cm aft and fore of the UHI provided illumination,
and the imagery was captured at 2 nm spectral resolution. Figure 10.3a shows an
RGB representation of one of the recorded UHI transects from Kvadehuken. The
benthic biota at this particular location was dominated by coralline algae
(Rhodophyta), sea anemones (Actinaria), and sea urchins (Echinoidea). Of the
aforementioned organism groups, coralline algae can be considered particularly
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Fig. 10.3 Analysis of ROV-based underwater hyperspectral imaging (UHI) data from
Kvadehuken, Kongsfjorden, Svalbard, during the Polar Night (January 2016). Panel (a) shows an
RGB photomosaic representation (R: 490 nm, G: 550 nm, B: 620 nm) of one of the recorded UHI
transects. The transect covered an area of approximately 5.90 × 1.15 m. Panel (b) shows the
results of a support vector machine (SVM) classification of the same transect. Panels (c–g) correspond to a specific 60 × 60 cm subset area within the transect. The panels, respectively, show a
dive-acquired photograph of the area (c; UiT The Arctic University of Norway 2018), an RGB
visualization of UHI data from the area (d), a manually labelled ground truth (GT) image of the
area (e), the SVM classification results from the area (f), and a comparison of the GT image and
the SVM classification (g)

important as they are known to be important ecosystem engineers in the marine
Arctic (Jørgensbye and Halfar 2017; Teichert et al. 2014). The transect was recorded
at a depth of ~14 m from an ROV altitude of ~1 m and covered a seafloor area of
approximately 5.90 × 1.15 m. It features a black and white polyethylene disk, which
was placed at the location to serve as a color reference (reflectance standard).
Figure 10.3b shows the results of a support vector machine (SVM) classification of
the UHI transect. SVM is a supervised classification algorithm that utilizes training
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Table 10.1 Estimated areal
coverage (%) of each spectral
class in Fig. 10.3b

Class [SVM, panel b]
Coralline algae
Algal films
Reference (black)
Reference (white)
Sea anemones
Seafloor
Sea urchins
Styrofoam
Total
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Estimated areal coverage (%)
11.41
3.00
1.40
0.50
8.26
74.63
0.71
0.10
100

data from hyperspectral image pixels of known identity/class to create rules based
on which it classifies all pixels in the entire image. Pixels that spectrally resemble a
given training data class sufficiently will be classified as that class. The classification
results in Fig. 10.3b are, for instance, based on 100 training pixels from each of the
eight classes displayed in the figure legend. In other words, the classification is a
result of SVM rules generated from a total of 800 pixels. To put that into perspective,
the entire UHI transect in Fig. 10.3a consists of 13.6 million pixels. Table 10.1
shows the estimated areal coverage of each SVM class in Fig. 10.3b.
The benefit of using classification algorithms like the SVM classifier for assessment of seafloor imagery is that it is an automated approach, which reduces processing time. This can be highly useful for management purposes, presuming that the
classification results are sufficiently accurate. To assess the validity of a given classifier, its classification results have to be compared to “ground truth” data, such as
an image of a subset of the surveyed area, where an expert has manually assigned
all pixels to their correct class (the class the pixels actually represent in situ). This is
an extremely tedious and time-consuming job, which is what makes automated classification such an attractive image analysis tool. Panels c–g in Fig. 10.3 show various components that often are included in an assessment of classification accuracy.
In the presented example, the assessment was performed on an approximately
60 × 60 cm subset of the UHI transect shown in Fig. 10.3a. The subset area corresponds to a location where UiT the Arctic University of Norway (2018) has a photography time series, and Fig. 10.3c displays a dive-acquired photograph taken
4 months prior to the UHI survey. Figure 10.3d shows a zoomed-in RGB representation of UHI data from the same subset, and based on interpretation of this in context
with the photograph in Fig. 10.3c, a ground truth image was created by manual pixel
labelling (Fig. 10.3e). As stated, the purpose of such an image is to serve as an
“answer key” to which classification results can be compared. In this example, the
results of interest were from the previously described SVM classification
(Fig. 10.3b), and the specific SVM results from the subset area are shown in
Fig. 10.3f. Figure 10.3g shows the final results of the accuracy assessment. Here, a
pixel-by-pixel, class-specific comparison has been carried out between the ground
truth image (Fig. 10.3e) and the SVM classification results (Fig. 10.3f). Correctly
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Table 10.2 Confusion matrix from comparison of Fig. 10.3e (ground truth; GT) and Fig. 10.3f
(SVM classification results)
Class
[SVM, Fig. 10.3f]
Coralline algae
Algal films
Reference (black)
Reference (white)
Sea anemones
Seafloor
Sea urchins
Total

Coralline
algae
56.22
0.03
0
0
0
43.75
0
100

Algal
films
0.09
52.41
0.37
1.93
1.35
43.63
0.23
100

Ground truth [GT, Fig. 10.3e] (%)
Reference
Reference
Sea
Seafloor
(black)
(white)
anemones
0
0
0
3.27
0
0
0.02
1.76
0
0
3.74
1.32
0
0
0
0
0
0
82.06
4.29
0
0
11.38
89.19
0
0
2.81
0.16
0
0
100
100

Sea
urchins
0
0.01
7.74
0
16.42
2.59
73.25
100

Total
12.70
2.98
1.41
0.07
10.43
70.24
2.17
100

Results are displayed in %

Table 10.3 Confusion matrix from comparison of Fig. 10.3e (ground truth; GT) and Fig. 10.3f
(SVM classification results)
Class
[SVM, Fig. 10.3f]
Coralline algae
Algal films
Reference (black)
Reference (white)
Sea anemones
Seafloor
Sea urchins
Total

Coralline
algae
81294
50
0
0
0
63268
0
144612

Algal
films
23
13929
98
513
358
11594
61
26576

Ground truth [GT, Fig. 10.3e] (%)
Reference
Reference
Sea
(black)
(white)
anemones
0
0
0
0
0
12
0
0
2506
0
0
0
0
0
54995
0
0
7625
0
0
1883
0
0
67021

Seafloor
16890
9096
6836
0
22168
460357
830
516177

Sea
urchins
0
2
1481
0
3141
495
14015
19134

Total
98207
23089
10921
513
80662
543339
16789
773520

Results are displayed in pixel numbers

classified pixels, meaning pixels whose class in the SVM results match the class
assigned in the ground truth image, are labelled in black. Incorrectly classified pixels, meaning pixels whose class in the SVM results differ from the class assigned in
the ground truth image, are labelled in yellow. In this particular case example, the
overall classification accuracy (percentage agreement between ground truth image,
Fig. 10.3e, and SVM results, Fig. 10.3f) was 80.75%. This result is acceptable,
albeit not perfect.
Tables 10.2 and 10.3 display the results of the Fig. 10.3 accuracy assessment in
a class-specific, quantitative fashion. The tables are what is known as confusion
matrices. A confusion matrix shows the accuracy estimate for each class, as opposed
to the overall classification accuracy of the entire assessment combined. This is useful because it both highlights the classes that are well predicted by the given classifier (in this case, the SVM classifier) and the classes that are not. Table 10.2. shows
the estimated accuracy for each class in terms of percentage. Table 10.3. shows the
same estimates in terms of pixel numbers. Ground truth classes (Fig. 10.3e) are
represented as columns, whereas SVM classes (Fig. 10.3f) are represented as rows.
The proportion of correctly classified pixels for each class can be read diagonally
from the top left to the bottom right (green cells). In Table 10.2, we can, for instance,
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see that only 56% of the pixels corresponding to coralline algae in the ground truth
image were classified as coralline algae by the SVM classifier. We can also see that
44% of the coralline algal pixels in the ground truth image were classified as seafloor, which suggests that the SVM seafloor class in this case appears to be too
general, with a tendency to encompass some pixels that in reality belong to other
classes. Although this is suboptimal, it is arguably better that the classification algorithm underestimates rather than overestimates the areal coverage of biological seafloor classes. This especially applies to marine management, which should follow
the precautionary principle. To make sound management decisions and maintain
functioning ecosystems, it is safer to assume we have less than to assume we
have more.
The presented UHI results from Kvadehuken highlight both advantages and pitfalls associated with hyperspectral mapping of the seafloor. On the plus side, automated classification based on spectral signatures represents a convenient means of
quickly providing distribution and abundance estimates of different organism
groups present in a given UHI transect. By visually comparing Fig. 10.3e, f, it is
also evident that automated classification estimates are capable of closely depicting
the truth. However, the estimates are still just estimates, and a downside to hyperspectral seafloor mapping is that different spectral classes are not equally distinctive. Certain species or organism groups may, for instance, be highly variable
spectrally (different color morphs, such as the cold-water coral Lophelia pertusa;
Johnsen et al. 2013), which intrinsically makes them much more difficult to map
based on color. Another factor that complicates analysis of UHI data is seafloor
three-dimensionality. As an example, objects that protrude from the seafloor may
appear disproportionately bright, whereas shaded areas may seem completely dark.
The latter phenomenon is apparent in Table 10.1 of Fig. 10.3 where the estimated
areal coverage of black and white reference disk should have been practically equal.
However, the black reference is estimated to cover an area nearly three times as
large as that of the white reference, which largely is a result of shaded and
underexposed pixels in other parts of the transect being classified as the former.
Despite these caveats, the utility of UHI should not be downplayed. Any given
mapping technique has its limitations. The take-home message is to be aware of
them so that the acquired data can be used in a justifiable manner.

10.4.4

Human Activity, Habitat Function, Future Challenges,
and Knowledge Gaps

In general, the interest from media with respect to negative environmental effects
from human activity has focused on the oil industry, while fisheries on commercial
species have not been under the same attention (Norse and Crowder 2005). Likewise,
marine mining, tourism, and new transport routes have not been a focus. However,
we know that human activity is expanding fast in a mostly unknown environment –
the Arctic Polar Night. We also know that human activity degrades ecosystems
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rapidly, and the period we live in is frequently referred to as the sixth mass extinction period – the Anthropocene (Kolbert 2014). In view of this, actions need to take
place to understand the function of unstressed ecosystems, providing knowledgebased data from undisturbed ecosystems and habitats, the basis for environmental
management. When this is provided, we can minimize the effects of human activity
(direct and indirect factors) by identifying, mapping, and monitoring organisms/
habitats for future environmental management.
In environmental management, the focus has often been directed at commercial
species, especially fish, seals, and whales, while noncommercial organisms often
have been overlooked. Since commercial fish, such as cod and capelin, are highly
dependent on diverse food sources (from the water column to benthic habitats),
surveys have also been conducted on the basic food sources in the ecosystem, that
is, the phytoplankton (primary producers) and zooplankton (primary consumers/
secondary producers, including larvae), but only in the light season. However, we
do not know much of plankton dynamics during the Polar Night. Likewise, we have
limited knowledge about the distribution, biomass, and function of different benthic
habitats during winter darkness as living areas for benthic invertebrates, bottomdwelling fish, and crustaceans. These habitats are important for interaction between
organisms filling up all the niches that must be operative to provide a well-functional
ecosystem.
In Norway, the management of fish stocks is an excellent example of the importance of providing data for species, biomass, age groups (recruits), and physiological state. Also, the success with Norwegian and Russian cooperation has proven to
be extremely valuable (Sakshaug et al. 2009; Jakobsen and Ozhigin 2011). Stock
assessment surveys are of key importance for the recommendations subsequently
discussed at the Joint Norwegian–Russian Fishery Commission. For 2018, the findings of the researchers were instrumental for the reopening of catch on capelin, the
species that for years had been at a historical low. Based on stock assessments, the
Norwegian–Russian Fishery Commission also set the Atlantic cod quotas for the
region. Food web analysis and functional biogeography provides important information of relationships between biodiversity, ecosystem functioning, and environmental drivers. This knowledge is highly important when species, communities,
habitats, and ecosystems change due to climate warming and managers seek advice
for sound decisions. In 2012, the Norwegian Directorate of Fisheries
(Fiskeridirektoratet) has opened an area for shrimp trawling, including Hinlopenrenna
and the Hinlopen Strait, as well as deepwater areas north and south of them that had
previously been off limits for fishing vessels (Fig. 10.4). This is also in the region
where Northguider grounded on 28th December 2018.
There are several unknowns that need to be addressed during the Arctic winter,
especially how light affects behavior of organisms at all trophic levels. For stock
assessment of fish and commercial species such as krill and shrimp at night or
during the Polar Night, new findings indicate that artificial light from research
vessels (or light pollution from humans in general) may affect these stock estimations
due to phototactic (directed swimming away or toward a light source) responses that
will affect biodiversity and biomass estimates (Ludvigsen et al. 2018; Chap. 3).
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Fig. 10.4 (a) Annual fishing activities in the Svalbard area and during the Polar Night. (a. Modified
from Misund et al. (2016)/Kystverket. Annual activity of fishing vessels longer than 15 m at 1–5
knots speed, indicating fishing activity; S (shrimp trawling, dominated by Pandalus borealis), T
(trawling for large fish, e.g., Atlantic cod), N (net), and L (longline)). (b) Fishing activity in January
2019 in the Barents Sea and Svalbard region (trawling activity not included). (Source:
BarentsWatch.) (c). Sea-ice distribution in Svalbard January 2019 (red, very close drift ice; orange,
close drift ice; yellow, open drift ice; green, very open drift ice; and blue, open water). (Source:
Norwegian Meteorological Institute)

The Northguider accident exemplifies a best-case scenario with no humans hurt
and limited environmental pollution. Currently, the most pressing task is to remove
the fishing vessel and bring it back to the mainland of Norway (still not done in
November 2019). However, when reviewing the incident, the outcome could easily
have been different with loss of human life and with 300,000 metric tons of diesel
leaking into the ocean. How would this diesel have affected the active organisms at
the surface, water column, and seafloor? There are not any good procedures available
(vessels, robots, methods, equipment, sensors, trained people, companies) to
perform a cleanup mission and perform corresponding monitoring during the Polar
Night. How do you see in the dark with sea ice and low temperatures that may affect
the functionality of equipment and people during a cleanup survey?
Scale is also an important factor to address – how many vessels, rigs, and humans
will be involved in the new and growing Arctic activities, including fisheries, oil and
gas, marine mining, new transport routes, and tourism? Until now, the focus has
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been on human security, infrastructure and logistics for further activity in the Arctic.
There has not been an evaluation of ecosystem vulnerability during the Polar Night,
presumably because most decision makers still think that dark and cold waters will
comprise a situation with low biomass, biodiversity, and activity. The findings
reviewed in this book show that the opposite is the case.
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$UFWLFDQG6FDQGLQDYLDQIDXQD
7KHIXQFWLRQRIELUGVRQJLQPDWHDWWUDFWLRQDQG
WHUULWRULDOGHIHQFHDQGWKHLPSRUWDQFHRIVRQJ
UHSHUWRLUHV
:LQWHUVXUYLYDOVWUDWHJLHVRIWKH:LOORZWLW3DUXV
PRQWDQXV
$XWHFRORJLFDOLQYHVWLJDWLRQVDORQJDFRXVWLQODQG
WUDQVHFWDW1RUG0¡UH&HQWUDO1RUZD\
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 7RU.YDP
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=RRORJ\
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'UVFLHQW
%RWDQ\
'UVFLHQW
=RRORJ\
'UVFLHQW
%RWDQ\

6RPDFORQDOYDULDWLRQLQSODQWVUHJHQHUDWHGIURPFHOO
FXOWXUHVRI1LFRWLDQDVDQGHUDHDQG&KU\VDQWKHPXP
PRULIROLXP
2OIDFWLRQLQEDUNEHHWOHFRPPXQLWLHV,QWHUVSHFLILF
LQWHUDFWLRQVLQUHJXODWLRQRIFRORQL]DWLRQGHQVLW\
SUHGDWRUSUH\UHODWLRQVKLSDQGKRVWDWWUDFWLRQ
5HSURGXFWLYHEHKDYLRXULQZLOORZSWDUPLJDQZLWK
VSHFLDOHPSKDVLVRQWHUULWRULDOLW\DQGSDUHQWDOFDUH
5HSURGXFWLRQLQ$WODQWLF6DOPRQ 6DOPRVDODU 
$VSHFWVRIVSDZQLQJLQFXEDWLRQHDUO\OLIHKLVWRU\DQG
SRSXODWLRQVWUXFWXUH
7KHHIIHFWVRIVHOHFWHGHQYLURQPHQWDOIDFWRUVRQFDUERQ
DOORFDWLRQJURZWKRIODUYDODQGMXYHQLOHPXVVHOV
0\WLOXVHGXOLV 
7KHIRUPDWLRQRIODQGORFNHG$WODQWLFVDOPRQ 6DOPR
VDODU/ 
&UXVWDFHDQSODQNWRQDQGILVKGXULQJWKHILUVWGHFDGHRI
WKHPDQPDGH1HVM¡UHVHUYRLUZLWKVSHFLDOHPSKDVLVRQ
WKHHIIHFWVRIJLOOQHWVDQGVDOPRQLGJURZWK
7KHRUHWLFDOPRGHOVRIDFWLYLW\SDWWHUQDQGRSWLPDO
IRUDJLQJ3UHGLFWLRQVIRUWKH0RRVH$OFHVDOFHV
,QWHUDFWLRQVEHWZHHQDJHQHUDOLVWKHUELYRUHWKHPRRVH
$OFHVDOFHVDQGLWVZLQWHUIRRGUHVRXUFHVDVWXG\RI
EHKDYLRXUDOYDULDWLRQ
$OJLQDWHJHOPHGLDIRUSODQWWLVVXHFXOWXUH
2VPRWLFDQGLRQLFUHJXODWLRQLQ$WODQWLFVDOPRQ
UDLQERZWURXWDQG$UFWLFFKDUU(IIHFWRIWHPSHUDWXUH
VDOLQLW\DQGVHDVRQ
5HVSLUDWLRQDQGWHPSHUDWXUHUHJXODWLRQLQELUGVZLWK
VSHFLDOHPSKDVLVRQWKHR[\JHQH[WUDFWLRQE\WKHOXQJ
7KHPXWDJHQLFORDGIURPDLUSROOXWLRQDWWZRZRUN
SODFHVZLWK3$+H[SRVXUHPHDVXUHGZLWK$PHV
6DOPRQHOODPLFURVRPHWHVW
(IIHFWVRIZDWHUWHPSHUDWXUHRQHDUO\OLIHKLVWRU\
MXYHQLOHJURZWKDQGSUHVSDZQLQJPLJUDWLRQVRI
$WODQWLFVDOPRQ 6DOPRVDODU DQGEURZQWURXW 6DOPR
WUXWWD $VXPPDU\RIVWXGLHVLQ1RUZHJLDQVWUHDPV
3KHURPRQHUHFHSWLRQLQPRWKV5HVSRQVH
FKDUDFWHULVWLFVRIROIDFWRU\UHFHSWRUQHXURQVWRLQWUD
DQGLQWHUVSHFLILFFKHPLFDOFXHV
%UHHGLQJVWUDWHJLHVLQELUGV([SHULPHQWVZLWKWKH
0DJSLH3LFDSLFD
3RSXODWLRQELRORJ\RIWKH(XURSHDQO\Q[ /\Q[O\Q[ LQ
1RUZD\
5HSURGXFWLYHELRORJ\LQIUHVKZDWHUILVKEURZQWURXW
6DOPRWUXWWDDQGURDFK5XWLOXVUXWLOXVLQSDUWLFXODU
7KHSODQWFRYHURIWKHERUHDOXSODQGVRI&HQWUDO
1RUZD\,9HJHWDWLRQHFRORJ\RI6¡OHQGHWQDWXUH
UHVHUYHKD\PDNLQJIHQVDQGELUFKZRRGODQGV
6RLODFLGLILFDWLRQDQGPHWDOXSWDNHLQSODQWV
5HIOHFWRPHWULFVWXGLHVRISKRWRPHFKDQLFDODGDSWDWLRQ
LQVXSHUSRVLWLRQH\HVRIDUWKURSRGV
$JHRULJLQDQGGHYHORSPHQWRIEODQNHWPLUHVLQ
&HQWUDO1RUZD\
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 7\FKR$QNHU
'UVFLHQW
1LOVVHQ
=RRORJ\
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'UVFLHQW
=RRORJ\
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7KHG\QDPLFVRIKDELWDWXVHLQWKHVDOPRQLGJHQHUD
&RUHJRQXVDQG6DOYHOLQXV2QWRJHQLFQLFKHVKLIWVDQG
SRO\PRUSKLVP
$VSHFWVRIPLJUDWLRQDQGVSDZQLQJLQVDOPRQLGV
&RPSDUWPHQWDWLRQDQGPROHFXODUSURSHUWLHVRI
WKLRJOXFRVLGHJOXFRK\GURODVH P\URVLQDVH 
0DWLQJEHKDYLRXUDQGHYROXWLRQDU\DVSHFWVRIWKH
EUHHGLQJV\VWHPRIWZRELUGVSHFLHVWKH7HPPLQFN V
VWLQWDQGWKH3LHGIO\FDWFKHU
7KHLQIOXHQFHRISKRWRSHULRGRQQLWUDWHDVVLPLODWLRQ
DQGQLWURJHQVWDWXVLQWLPRWK\ 3KOHXPSUDWHQVH/ 
)RRGVXSSO\DVDGHWHUPLQDQWRIUHSURGXFWLRQDQG
SRSXODWLRQGHYHORSPHQWLQ1RUZHJLDQ3XIILQV
)UDWHUFXODDUFWLFD
7KHUPRUHJXODWLRQLQDTXDWLFELUGVLQDLUDQGZDWHU
:LWKVSHFLDOHPSKDVLVRQWKHHIIHFWVRIFUXGHRLO
FKHPLFDOO\WUHDWHGRLODQGFOHDQLQJRQWKHWKHUPDO
EDODQFHRIGXFNV
7KHHFRSK\VLRORJ\RIXQGHULFHIDXQD2VPRWLF
UHJXODWLRQORZWHPSHUDWXUHWROHUDQFHDQGPHWDEROLVP
LQSRODUFUXVWDFHDQV
5HJXODWLRQDQGH[SUHVVLRQRIXUDFLO'1$JO\FRV\ODVH
DQG2PHWK\OJXDQLQH'1$PHWK\OWUDQVIHUDVHLQ
PDPPDOLDQFHOOV
+DELWDWVKLIWVLQFRUHJRQLGV
&RUWLVROG\QDPLFVLQ$WODQWLFVDOPRQ6DOPRVDODU/
%DVDODQGVWUHVVRULQGXFHGYDULDWLRQVLQSODVPDOHYHOV
DQGVRPHVHFRQGDU\HIIHFWV
7KHRUHWLFDOVWXGLHVRIOLIHKLVWRU\HYROXWLRQLQPRGXODU
DQGFORQDORUJDQLVPV
0ROHFXODUVWXGLHVRIP\URVLQDVHLQ%UDVVLFDFHDH
5HSURGXFWLYHVWUDWHJ\DQGIHHGLQJHFRORJ\RIWKH
(XUDVLDQRWWHU/XWUDOXWUD
$YLDQLQWHUDFWLRQVZLWKXWLOLW\VWUXFWXUHVDELRORJLFDO
DSSURDFK
0XWDWLRQVLQWKHUHSOLFDWLRQFRQWUROJHQHWUI$RIWKH
EURDGKRVWUDQJHSODVPLG5.
6H[XDOVHOHFWLRQLQWKHOHNNLQJJUHDWVQLSH *DOOLQDJR
PHGLD 0DOHPDWLQJVXFFHVVDQGIHPDOHEHKDYLRXUDW
WKHOHN
1XWULWLRQDOHIIHFWVRIDOJDHLQILUVWIHHGLQJRIPDULQH
ILVKODUYDH
%UHHGLQJGLVWULEXWLRQSRSXODWLRQVWDWXVDQGUHJXODWLRQ
RIEUHHGLQJQXPEHUVLQWKHQRUWKHDVW$WODQWLF*UHDW
&RUPRUDQW3KDODFURFRUD[FDUERFDUER
7LVVXHFXOWXUHWHFKQLTXHVLQSURSDJDWLRQDQGEUHHGLQJ
RI5HG5DVSEHUU\ 5XEXVLGDHXV/ 
'LVWULEXWLRQHFRORJ\DQGELRPRQLWRULQJVWXGLHVRI
HSLSK\WLFOLFKHQVRQFRQLIHUV
/LJKWKDUYHVWLQJDQGXWLOL]DWLRQLQPDULQH
SK\WRSODQNWRQ6SHFLHVVSHFLILFDQGSKRWRDGDSWLYH
UHVSRQVHV
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'UVFLHQW
=RRORJ\
'UVFLHQW
=RRORJ\

,QIDQWLFLGDOEHKDYLRXUDQGUHSURGXFWLYHSHUIRUPDQFHLQ
UHODWLRQWRFRPSHWLWLRQFDSDFLW\DPRQJIDUPHGVLOYHU
IR[YL[HQV9XOSHVYXOSHV
+RVWDGDSWDWLRQVWRZDUGVEURRGSDUDVLWLVPE\WKH
&RFNRR
*URZWKDQGQLWURJHQVWDWXVLQWKHPRVV'LFUDQXP
PDMXV6PDVLQIOXHQFHGE\QLWURJHQVXSSO\
%LRHQHUJHWLFVLQHFRORJLFDODQGOLIHKLVWRU\VWXGLHVRI
ILVKHV
7KHUROHRIKHWHURWURSKLFSODQNWRQLFEDFWHULDLQWKH
F\FOLQJRISKRVSKRUXVLQODNHV3KRVSKRUXV
UHTXLUHPHQWFRPSHWLWLYHDELOLW\DQGIRRGZHE
LQWHUDFWLRQV
'HWHUPLQDQWVRI2WWHU/XWUDOXWUDGLVWULEXWLRQLQ
1RUZD\(IIHFWVRIKDUYHVWSRO\FKORULQDWHGELSKHQ\OV
3&%V KXPDQSRSXODWLRQGHQVLW\DQGFRPSHWLWLRQ
ZLWKPLQN0XVWHODYLVLRQ
5HSURGXFWLYHHIIRUWLQWKH$QWDUFWLF3HWUHO7KDODVVRLFD
DQWDUFWLFDWKHHIIHFWRISDUHQWDOERG\VL]HDQG
FRQGLWLRQ
7KHVXUIDFHHOHFWURP\RJUDSKLF (0* DPSOLWXGHDVDQ
HVWLPDWHRIXSSHUWUDSH]LXVPXVFOHDFWLYLW\
7KHLPSDFWRIFORWKLQJWH[WLOHVDQGFRQVWUXFWLRQLQD
FORWKLQJV\VWHPRQWKHUPRUHJXODWRU\UHVSRQVHVVZHDW
DFFXPXODWLRQDQGKHDWWUDQVSRUW
'LVWULEXWLRQSDWWHUQVDQGDGDSWDWLRQVWROLJKWLQQHZO\
LQWURGXFHGSRSXODWLRQVRI0\VLVUHOLFWDDQGFRQVWUDLQWV
RQ&ODGRFHUDQDQG&KDUSRSXODWLRQV
$UHYLVLRQRIWKH6FKLVWLGLXPDSRFDUSXPFRPSOH[LQ
1RUZD\DQG6ZHGHQ
0LFURELDOHFRORJ\RIHDUO\VWDJHVRIFXOWLYDWHGPDULQH
ILVKLQSDFWILVKEDFWHULDOLQWHUDFWLRQVRQJURZWKDQG
VXUYLYDORIODUYDH
5DGLRFHVLXPWXUQRYHULQIUHVKZDWHUILVKHV
3URGXFWLRQRI$WODQWLFVDOPRQ 6DOPRVDODU DQG$UFWLF
FKDUU 6DOYHOLQXVDOSLQXV $VWXG\RIVRPH
SK\VLRORJLFDODQGLPPXQRORJLFDOUHVSRQVHVWRUHDULQJ
URXWLQHV
*OXFRVHPHWDEROLVPLQVDOPRQLGV'LHWDU\HIIHFWVDQG
KRUPRQDOUHJXODWLRQ
7KHVRGLXPHQHUJ\JUDGLHQWVLQPXVFOHFHOOVRI0\WLOXV
HGXOLVDQGWKHHIIHFWVRIRUJDQLF[HQRELRWLFV
6WDWXVRI*UH\VHDO+DOLFKRHUXVJU\SXVDQG+DUERXU
VHDO3KRFDYLWXOLQDLQWKH%DUHQWVVHDUHJLRQ
(HYDOXWLRQRIURWLIHU%UDFKLRQXVSOLFDWLOLVTXDOLW\LQ
HDUO\ILUVWIHHGLQJRIWXUERW6FRSKWDOPXVPD[LPXV/
ODUYDH
6WXGLHVRIOLFKHQVLQVSUXFHIRUHVWRI&HQWUDO1RUZD\
'LYHUVLW\ROGJURZWKVSHFLHVDQGWKHUHODWLRQVKLSWR
VLWHDQGVWDQGSDUDPHWHUV
5HVSRQVHVRIELUGVWRKDELWDWGLVWXUEDQFHGXHWR
GDPPLQJ
3K\VLRORJLFDOHIIHFWVRIUHGXFHGZDWHUTXDOLW\RQILVKLQ
DTXDFXOWXUH
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%LUGVDVLQGLFDWRUVIRUVWXG\LQJQDWXUDODQGKXPDQ
LQGXFHGYDULDWLRQVLQWKHHQYLURQPHQWZLWKVSHFLDO
HPSKDVLVRQWKHVXLWDELOLW\RIWKH3LHG)O\FDWFKHU
7HPSRUDODQGVSDWLDOWUHQGVRISROOXWDQWVLQELUGVLQ
1RUZD\%LUGVRISUH\DQG:LOORZ*URXVHXVHGDV
,PSDFWVRIORQJUDQJHWUDQVSRUWHGDLUSROOXWLRQRQELUGV
ZLWKSDUWLFXODUUHIHUHQFHWRWKHGLSSHU&LQFOXVFLQFOXV
LQVRXWKHUQ1RUZD\
,GHQWLILFDWLRQRIFRQLIHUYRODWLOHVGHWHFWHGE\UHFHSWRU
QHXURQVLQWKHSLQHZHHYLO +\ORELXVDELHWLV DQDO\VHG
E\JDVFKURPDWRJUDSK\OLQNHGWRHOHFWURSK\VLRORJ\DQG
WRPDVVVSHFWURPHWU\
$GDSWLYHDQGLQFLGHQWDOELRORJLFDOLFHQXFOHDWRUV
:ROYHULQHVLQ6FDQGLQDYLDHFRORJ\VKHHSGHSUHGDWLRQ
DQGFRQVHUYDWLRQ
$QHYROXWLRQRISRVVLEOHKRUL]RQWDOJHQHWUDQVIHUIURP
SODQWVWRVDLOEDFWHULDE\VWXGLHVRIQDWXUDO
WUDQVIRUPDWLRQLQ$FLQHWREDFWHUFDOFRDFHWLXV
*HQHIORZDQGJHQHWLFGULIWLQJHRJUDSKLFDOO\
VWUXFWXUHGSRSXODWLRQV(FRORJLFDOSRSXODWLRQJHQHWLF
DQGVWDWLVWLFDOPRGHOV
3RSXODWLRQUHVSRQVHVRI$UFWLFFKDUU 6DOYHOLQXV
DOSLQXV / DQGEURZQWURXW 6DOPRWUXWWD/ WR
DFLGLILFDWLRQLQ1RUZHJLDQLQODQGZDWHUV
&RQWURORI3DUUVPROWWUDQVIRUPDWLRQDQGVHDZDWHU
WROHUDQFHLQIDUPHG$WODQWLF6DOPRQ 6DOPRVDODU 
(IIHFWVRISKRWRSHULRGWHPSHUDWXUHJUDGXDOVHDZDWHU
DFFOLPDWLRQ1D&ODQGEHWDLQHLQWKHGLHW
&ROGVHQVDWLRQLQDGXOWDQGQHRQDWHELUGV
,QIOXHQFHRIHQYLURQPHQWDOIDFWRUVRQP\URVLQDVHVDQG
P\URVLQDVHELQGLQJSURWHLQV
9DULDWLRQLQVSDFHDQGWLPH7KHELRORJ\RID+RXVH
VSDUURZPHWDSRSXODWLRQ
9DULDWLRQLQSRSXODWLRQG\QDPLFVDQGOLIHKLVWRU\LQD
1RUZHJLDQPRRVH $OFHVDOFHV SRSXODWLRQ
FRQVHTXHQFHVRIKDUYHVWLQJLQDYDULDEOHHQYLURQPHQW
6SHFLHVGHOLPLWDWLRQDQGSK\ORJHQHWLFUHODWLRQVKLSV
EHWZHHQWKH6SKDJQXPUHFXUYXPFRPSOH[
%U\RSK\WD JHQHWLFYDULDWLRQDQGSKHQRW\SLF
SODVWLFLW\
0HWDEROLVPRIYRODWLOHRUJDQLFFKHPLFDOV 92&V LQD
KHDGOLYHU6YLDOHTXLOLEUDWLRQV\VWHPLQYLWUR
3ODQWELRGLYHUVLW\DQGODQGXVHLQVXEDOSLQHJUDVVODQGV
±$FRQVHUYDWLRQELRORJLFDODSSURDFK
(QFRGLQJRISKHURPRQHLQIRUPDWLRQLQWZRUHODWHG
PRWKVSHFLHV
%HKDYLRXUDODQGPRUSKRORJLFDOFKDUDFWHULVWLFVLQ
1RUWKHUQ7DZQ\2ZOV6WUL[DOXFR$QLQWUDDQG
LQWHUVSHFLILFFRPSDUDWLYHDSSURDFK
*HQHWLFVWXGLHVRIHYROXWLRQDU\SURFHVVHVLQYDULRXV
SRSXODWLRQVRIQRQYDVFXODUSODQWV PRVVHVOLYHUZRUWV
DQGKRUQZRUWV 
9HJHWDWLRQG\QDPLFVIROORZLQJWUDPSOLQJDQGEXUQLQJ
LQWKHRXWO\LQJKD\ODQGVDW6¡OHQGHW&HQWUDO1RUZD\
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+DELWDWVHOHFWLRQUHSURGXFWLRQDQGVXUYLYDOLQWKH
:KLWHEDFNHG:RRGSHFNHU'HQGURFRSRVOHXFRWRV
$VWXG\RIGULIWZRRGGLVSHUVDOWRWKH1RUGLF6HDVE\
GHQGURFKURQRORJ\DQGZRRGDQDWRPLFDODQDO\VLV
0XVFOHGHYHORSPHQWDQGJURZWKLQHDUO\OLIHVWDJHVRI
WKH$WODQWLFFRG *DGXVPRUKXD/ DQG+DOLEXW
+LSSRJORVVXVKLSSRJORVVXV/ 
3RSXODWLRQJHQHWLFVWXGLHVLQWKUHHJDGRLGVSHFLHVEOXH
ZKLWLQJ 0LFURPLVLVWLXVSRXWDVVRX KDGGRFN
0HODQRJUDPPXVDHJOHILQXV DQGFRG *DGXVPRUKXD 
LQWKH1RUWK(DVW$WODQWLF
7KHLPSDFWRIHQYLURQPHQWDOFRQGLWLRQVRIGHQVLW\
GHSHQGHQWSHUIRUPDQFHLQWKHERUHDOIRUHVWEU\RSK\WHV
'LFUDQXPPDMXV+\ORFRPLXPVSOHQGHQV3ODJLRFKLOD
DVSOHQLJLGHV3WLOLXPFULVWDFDVWUHQVLVDQG
5K\WLGLDGHOSKXVORNHXV
$VSHFWVRISRSXODWLRQJHQHWLFVEHKDYLRXUDQG
SHUIRUPDQFHRIZLOGDQGIDUPHG$WODQWLFVDOPRQ
6DOPRVDODU UHYHDOHGE\PROHFXODUJHQHWLFWHFKQLTXHV
7KHHDUO\UHJHQHUDWLRQSURFHVVLQSURWRSODVWVIURP
%UDVVLFDQDSXVK\SRFRW\OVFXOWLYDWHGXQGHUYDULRXVJ
IRUFHV
0DWHFKRLFHFRPSHWLWLRQIRUPDWHVDQGFRQIOLFWVRI
LQWHUHVWLQWKH/HNNLQJ*UHDW6QLSH
0RGXODWLRQRIJOXWDPDWHUJLFQHXURWUDQVPLVVLRQUHODWHG
WRFRJQLWLYHG\VIXQFWLRQVDQG$O]KHLPHU¶VGLVHDVH
6RFLDOHYROXWLRQLQPRQRJDPRXVIDPLOLHV
<RXQJ$WODQWLFVDOPRQ 6DOPRVDODU/ DQG%URZQ
WURXW 6DOPRWUXWWD/ LQKDELWLQJWKHGHHSSRROKDELWDW
ZLWKVSHFLDOUHIHUHQFHWRWKHLUKDELWDWXVHKDELWDW
SUHIHUHQFHVDQGFRPSHWLWLYHLQWHUDFWLRQV
+RVWVSHFLILFLW\DVDSDUDPHWHULQHVWLPDWHVRI
DUWKURSRGVSHFLHVULFKQHVV
([SUHVVLRQDODQGIXQFWLRQDODQDO\VHVRIKXPDQ
VHFUHWRU\SKRVSKROLSDVH$
0LFURELDOHFRORJ\LQHDUO\VWDJHVRIPDULQHILVK
'HYHORSPHQWDQGHYDOXDWLRQRIPHWKRGVIRUPLFURELDO
PDQDJHPHQWLQLQWHQVLYHODUYLFXOWXUH
7KH&XFNRR &XFXOXVFDQRUXV DQGLWVKRVWDGDSWLRQV
DQGFRXQWHUDGDSWLRQVLQDFRHYROXWLRQDU\DUPVUDFH
0HWKRGVIRUWKHPLFURELDOFRQWURORIOLYHIRRGXVHGIRU
WKHUHDULQJRIPDULQHILVKODUYDH
6H[XDOVHJUHJDWLRQLQWKH$IULFDQHOHSKDQW /R[RGRQWD
DIULFDQD 
6HDZDWHUWROHUDQFHPLJUDWRU\EHKDYLRXUDQGJURZWKRI
&KDUU 6DOYHOLQXVDOSLQXV ZLWKHPSKDVLVRQWKHKLJK
$UFWLF'LHVHWFKDUURQ6SLWVEHUJHQ6YDOEDUG
%LRFKHPLFDOLPSDFWVRI&G&XDQG=QRQEURZQWURXW
6DOPRWUXWWD LQWZRPLQLQJFRQWDPLQDWHGULYHUVLQ
&HQWUDO1RUZD\
0DWHUQDOHIIHFWVLQILVK,PSOLFDWLRQVIRUWKHHYROXWLRQ
RIEUHHGLQJWLPHDQGHJJVL]H
3URGXFWLRQDQGQXWULWLRQDODGDSWDWLRQRIWKHEULQH
VKULPS$UWHPLDVSDVOLYHIRRGRUJDQLVPIRUODUYDHRI
PDULQHFROGZDWHUILVKVSHFLHV

 2OJD+LOPR

'UVFLHQW
%RWDQ\
 ,QJHEULJW8JOHP
'UVFLHQW
=RRORJ\
 %nUG*XQQDU6WRNNH 'UVFLHQW
=RRORJ\
 5RQQ\$DQHV
'UVFLHQW
=RRORJ\
 0DULDQQ6DQGVXQG
'UVFLHQW
=RRORJ\
 'DJ,QJHLHQ
'UVFLHQW
%RWDQ\
 )UDQN5RVHOO
 -DQQHVWYDQJ
 7HUMH7KXQ

'UVFLHQW
=RRORJ\
'UVFLHQW
%RWDQ\
'USKLORV
%LRORJ\

 %LUJLW+DIMHOG
%RUJHQ
 %nUG\YLQG
6ROEHUJ
 3HU:LQJH

'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\

 +HQULN-HQVHQ

'UVFLHQW
%LRORJ\
'USKLORV
%LRORJ\
'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\

 -HQV5RKORII
 cVD0DULD2
(VSPDUN:LEH
 'DJPDU+DJHQ
 %M¡UQ'DKOH
 &\ULO/HERJDQJ
7DROR
 0DULW6WUDQGHQ

'UVFLHQW
%LRORJ\

 .ULVWLDQ+DVVHO

'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\

 'DYLG$OH[DQGHU
5DH
 cVD$%RUJ
 (OGDUcVJDUG
%HQGLNVHQ
 7RUNLOG%DNNHQ

'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\

/LFKHQUHVSRQVHWRHQYLURQPHQWDOFKDQJHVLQWKH
PDQDJHGERUHDOIRUHVWV\VWHPV
0DOHGLPRUSKLVPDQGUHSURGXFWLYHELRORJ\LQ
FRUNZLQJZUDVVH 6\PSKRGXVPHORSV/ 
&RHYROXWLRQDU\DGDSWDWLRQVLQDYLDQEURRGSDUDVLWHV
DQGWKHLUKRVWV
6SDWLRWHPSRUDOG\QDPLFVLQ6YDOEDUGUHLQGHHU
5DQJLIHUWDUDQGXVSODW\UK\QFKXV 
([HUFLVHDQGFROGLQGXFHGDVWKPD5HVSLUDWRU\DQG
WKHUPRUHJXODWRU\UHVSRQVHV
'\QDPLFVRISODQWFRPPXQLWLHVDQGSRSXODWLRQVLQ
ERUHDOYHJHWDWLRQLQIOXHQFHGE\VF\WKLQJDW6¡OHQGHW
&HQWUDO1RUZD\
7KHIXQFWLRQRIVFHQWPDUNLQJLQEHDYHU &DVWRUILEHU 
7KH5ROHDQG5HJXODWLRQRI3KRVSKROLSDVH$LQ
0RQRF\WHV'XULQJ$WKHURVFOHURVLV'HYHORSPHQW
'HQGURFKURQRORJLFDOFRQVWUXFWLRQVRI1RUZHJLDQ
FRQLIHUFKURQRORJLHVSURYLGLQJGDWLQJRIKLVWRULFDO
PDWHULDO
)XQFWLRQDODQDO\VLVRISODQWLGLREODVWV 0\URVLQFHOOV 
DQGWKHLUUROHLQGHIHQVHGHYHORSPHQWDQGJURZWK
(IIHFWVRIFOLPDWLFFKDQJHRQWKHJURZWKRIGRPLQDWLQJ
WUHHVSHFLHVDORQJPDMRUHQYLURQPHQWDOJUDGLHQWV
7KHHYROXWLRQRIVPDOO*73ELQGLQJSURWHLQVLQFHOOXODU
RUJDQLVPV6WXGLHVRI5$&*73DVHVLQ$UDELGRSVLV
WKDOLDQDDQGWKH5DO*73DVHIURP'URVRSKLOD
PHODQRJDVWHU
&DXVHVDQGFRQVHTXHQFHVRILQGLYLGXDOYDULDWLRQLQ
ILWQHVVUHODWHGWUDLWVLQKRXVHVSDUURZV
&XOWLYDWLRQRIKHUEVDQGPHGLFLQDOSODQWVLQ1RUZD\±
(VVHQWLDORLOSURGXFWLRQDQGTXDOLW\FRQWURO
%HKDYLRXUDOHIIHFWVRIHQYLURQPHQWDOSROOXWLRQLQ
WKUHHVSLQHVWLFNOHEDFN*DVWHURVWHXVDFXOHDWXU/
$VVLVWHGUHFRYHU\RIGLVWXUEHGDUFWLFDQGDOSLQH
YHJHWDWLRQ±DQLQWHJUDWHGDSSURDFK
5HSURGXFWLYHVWUDWHJLHVLQ6FDQGLQDYLDQEURZQEHDUV
3RSXODWLRQHFRORJ\VHDVRQDOPRYHPHQWDQGKDELWDWXVH
RIWKH$IULFDQEXIIDOR 6\QFHUXVFDIIHU LQ&KREH
1DWLRQDO3DUN%RWVZDQD
2OIDFWRU\UHFHSWRUQHXURQHVVSHFLILHGIRUWKHVDPH
RGRUDQWVLQWKUHHUHODWHG+HOLRWKLQHVSHFLHV
+HOLFRYHUSDDUPLJHUD+HOLFRYHUSDDVVXOWDDQG
+HOLRWKLVYLUHVFHQV 
/LIHKLVWRU\FKDUDFWHULVWLFVDQGJHQHWLFYDULDWLRQLQDQ
H[SDQGLQJVSHFLHV3RJRQDWXPGHQWDWXP
3ODQWDQGLQYHUWHEUDWHFRPPXQLW\UHVSRQVHVWRVSHFLHV
LQWHUDFWLRQDQGPLFURFOLPDWLFJUDGLHQWVLQDOSLQHDQG
$UWLFHQYLURQPHQWV
6H[UROHVDQGUHSURGXFWLYHEHKDYLRXULQJRELHVDQG
JXSSLHVDIHPDOHSHUVSHFWLYH
(QYLURQPHQWDOHIIHFWVRQOLSLGQXWULWLRQRIIDUPHG
$WODQWLFVDOPRQ 6DOPRVDODU/ SDUUDQGVPROW
$UHYLVLRQRI1HUHLGLQDH 3RO\FKDHWD1HUHLGLGDH 
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 ,QJDU3DUHOLXVVHQ

'UVFLHQW
%LRORJ\

 7RUH%UHPEX

'UVFLHQW
%LRORJ\

 /LY61LOVHQ

'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\

 +DQQH76NLUL

 /HQHVWE\

'UVFLHQW
%LRORJ\

 (PPDQXHO-*HUUHWD 'USKLORV
%LRORJ\
 /LQGD'DOHQ
'UVFLHQW
%LRORJ\
 /LVEHWK0HKOL
'UVFLHQW
%LRORJ\
 %¡UJH0RH
 0DWLOGH6NRJHQ
&KDXWRQ
 6WHQ.DUOVVRQ
 7HUMH%RQJDUG
 7RQHWWH5¡VWHOLHQ
 (UOHQG.ULVWLDQVHQ
 (XJHQ*6¡UPR
 &KULVWLDQ:HVWDG

'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\
3K'%LRORJ\
'UVFLHQW
%LRORJ\
'UVFLHQW
%LRORJ\

 /DVVH0RUN2OVHQ

'UVFLHQW
%LRORJ\
3K'%LRORJ\

 cVODXJ9LNHQ

3K'%LRORJ\

 $ULD\D+\PHWH
6DKOH'LQJOH

3K'%LRORJ\

 $QGHUV*UDYEU¡W
3K'%LRORJ\
)LQVWDG
 6KLPDQH
3K'%LRORJ\
:DVKLQJWRQ0DNDEX
 .MDUWDQVWE\H
'UVFLHQW
%LRORJ\
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1DWXUDODQG([SHULPHQWDO7UHH(VWDEOLVKPHQWLQD
)UDJPHQWHG)RUHVW$PERKLWDQWHO\)RUHVW5HVHUYH
0DGDJDVFDU
*HQHWLFPROHFXODUDQGIXQFWLRQDOVWXGLHVRI5$&
*73DVHVDQGWKH:$9(OLNHUHJXODWRU\SURWHLQ
FRPSOH[LQ$UDELGRSVLVWKDOLDQD
&RDVWDOKHDWKYHJHWDWLRQRQFHQWUDO1RUZD\UHFHQW
SDVWSUHVHQWVWDWHDQGIXWXUHSRVVLELOLWLHV
2OIDFWRU\FRGLQJDQGROIDFWRU\OHDUQLQJRISODQWRGRXUV
LQKHOLRWKLQHPRWKV$QDQDWRPLFDOSK\VLRORJLFDODQG
EHKDYLRXUDOVWXG\RIWKUHHUHODWHGVSHFLHV +HOLRWKLV
YLUHVFHQV+HOLFRYHUSDDUPLJHUDDQG+HOLFRYHUSD
DVVXOWD 
&\WRFKURPH3$ &<3$ LQGXFWLRQDQG'1$
DGGXFWVDVELRPDUNHUVIRURUJDQLFSROOXWLRQLQWKH
QDWXUDOHQYLURQPHQW
7KH,PSRUWDQFHRI:DWHU4XDOLW\DQG4XDQWLW\LQWKH
7URSLFDO(FRV\VWHPV7DQ]DQLD
'\QDPLFVRI0RXQWDLQ%LUFK7UHHOLQHVLQWKH6FDQGHV
0RXQWDLQ&KDLQDQG(IIHFWVRI&OLPDWH:DUPLQJ
3RO\JDODFWXURQDVHLQKLELWLQJSURWHLQ 3*,3 LQ
FXOWLYDWHGVWUDZEHUU\ )UDJDULD[DQDQDVVD 
FKDUDFWHULVDWLRQDQGLQGXFWLRQRIWKHJHQHIROORZLQJ
IUXLWLQIHFWLRQE\%RWU\WLVFLQHUHD
(QHUJ\$OORFDWLRQLQ$YLDQ1HVWOLQJV)DFLQJ6KRUW
7HUP)RRG6KRUWDJH
0HWDEROLFSURILOLQJDQGVSHFLHVGLVFULPLQDWLRQIURP
+LJK5HVROXWLRQ0DJLF$QJOH6SLQQLQJ105DQDO\VLV
RIZKROHFHOOVDPSOHV
'\QDPLFVRI*HQHWLF3RO\PRUSKLVPV
/LIH+LVWRU\VWUDWHJLHVPDWHFKRLFHDQGSDUHQWDO
LQYHVWPHQWDPRQJ1RUZHJLDQVRYHUD\HDUSHULRG
)XQFWLRQDOFKDUDFWHULVDWLRQRIROIDFWRU\UHFHSWRU
QHXURQHW\SHVLQKHOLRWKLQHPRWKV
6WXGLHVRQDQWLIUHH]HSURWHLQV
2UJDQRFKORULQHSROOXWDQWVLQJUH\VHDO +DOLFKRHUXV
JU\SXV SXSVDQGWKHLULPSDFWRQSODVPDWK\URLG
KRUPRQHDQGYLWDPLQ$FRQFHQWUDWLRQV
0RWRUFRQWURORIWKHXSSHUWUDSH]LXV
,QWHUDFWLRQVEHWZHHQPDULQHRVPRDQGSKDJRWURSKVLQ
GLIIHUHQWSK\VLFRFKHPLFDOHQYLURQPHQWV
,PSOLFDWLRQVRIPDWHFKRLFHIRUWKHPDQDJHPHQWRI
VPDOOSRSXODWLRQV
,QYHVWLJDWLRQRIWKHELRORJLFDODFWLYLWLHVDQGFKHPLFDO
FRQVWLWXHQWVRIVHOHFWHG(FKLQRSVVSSJURZLQJLQ
(WKLRSLD
6DOPRQLGILVKHVLQDFKDQJLQJFOLPDWH7KHZLQWHU
FKDOOHQJH
,QWHUDFWLRQVEHWZHHQZRRG\SODQWVHOHSKDQWVDQGRWKHU
EURZVHUVLQWKH&KREH5LYHUIURQW%RWVZDQD
7KH(XURSHDQZKLWHILVK&RUHJRQXVODYDUHWXV / 
VSHFLHVFRPSOH[KLVWRULFDOFRQWLQJHQF\DQGDGDSWLYH
UDGLDWLRQ

 .DUL0HWWH0XUYROO

3K'%LRORJ\

 ,YDU+HUILQGDO

'UVFLHQW
%LRORJ\
3K'%LRORJ\

 1LOV(JLO7RNOH
 -DQ2YH*MHUVKDXJ
 -RQ.ULVWLDQ6NHL
 -RKDQQD-lUQHJUHQ

'USKLORV
%LRORJ\
'UVFLHQW
%LRORJ\
3K'%LRORJ\

 %M¡UQ+HQULN
+DQVHQ

3K'%LRORJ\

 9LGDU*U¡WDQ

3K'%LRORJ\

 -DIDUL5.LGHJKHVKR 3K'%LRORJ\
 $QQD0DULD%LOOLQJ

3K'%LRORJ\

 +HQULN3lUQ

3K'%LRORJ\

 $QGHUV-)MHOOKHLP

3K'%LRORJ\

 3$QGUHDV6YHQVVRQ 3K'%LRORJ\
 6LQGUH$3HGHUVHQ

3K'%LRORJ\

 .DVSHU+DQFNH

3K'%LRORJ\

 7RPDV+ROPHUQ

3K'%LRORJ\

 .DUL-¡UJHQVHQ

3K'%LRORJ\

 6WLJ8OODQG

3K'%LRORJ\

 6QRUUH+HQULNVHQ

3K'%LRORJ\

 5RHORI)UDQV0D\

3K'%LRORJ\

 9HGDVWR*DEULHO
1GLEDOHPD

3K'%LRORJ\

 -XOLXV:LOOLDP
1\DKRQJR

3K'%LRORJ\

/HYHOVDQGHIIHFWVRISHUVLVWHQWRUJDQLFSROOXWDQV
323V LQVHDELUGV5HWLQRLGVDQGĮWRFRSKHURO±
SRWHQWLDOELRPDNHUVRI323VLQELUGV"
/LIHKLVWRU\FRQVHTXHQFHVRIHQYLURQPHQWDOYDULDWLRQ
DORQJHFRORJLFDOJUDGLHQWVLQQRUWKHUQXQJXODWHV
$UHWKHXELTXLWRXVPDULQHFRSHSRGVOLPLWHGE\IRRGRU
SUHGDWLRQ"([SHULPHQWDODQGILHOGEDVHGVWXGLHVZLWK
PDLQIRFXVRQ&DODQXVILQPDUFKLFXV
7D[RQRP\DQGFRQVHUYDWLRQVWDWXVRIVRPHERRWHG
HDJOHVLQVRXWKHDVW$VLD
&RQVHUYDWLRQELRORJ\DQGDFLGLILFDWLRQSUREOHPVLQWKH
EUHHGLQJKDELWDWRIDPSKLELDQVLQ1RUZD\
$FHVWDRRSKDJDDQG$FHVWDH[FDYDWD±DVWXG\RI
KLGGHQELRGLYHUVLW\
0HWDOPHGLDWHGR[LGDWLYHVWUHVVUHVSRQVHVLQEURZQ
WURXW 6DOPRWUXWWD IURPPLQLQJFRQWDPLQDWHGULYHUVLQ
&HQWUDO1RUZD\
7HPSRUDODQGVSDWLDOHIIHFWVRIFOLPDWHIOXFWXDWLRQVRQ
SRSXODWLRQG\QDPLFVRIYHUWHEUDWHV
:LOGOLIHFRQVHUYDWLRQDQGORFDOODQGXVHFRQIOLFWVLQ
:HVWHUQ6HUHQJHWL&RUULGRU7DQ]DQLD
5HSURGXFWLYHGHFLVLRQVLQWKHVH[UROHUHYHUVHGSLSHILVK
6\QJQDWKXVW\SKOHZKHQDQGKRZWRLQYHVWLQ
UHSURGXFWLRQ
)HPDOHRUQDPHQWVDQGUHSURGXFWLYHELRORJ\LQWKH
EOXHWKURDW
6HOHFWLRQDQGDGPLQLVWUDWLRQRISURELRWLFEDFWHULDWR
PDULQHILVKODUYDH
)HPDOHFRORUDWLRQHJJFDURWHQRLGVDQGUHSURGXFWLYH
VXFFHVVJRELHVDVDPRGHOV\VWHP
0HWDOELQGLQJSURWHLQVDQGDQWLIUHH]HSURWHLQVLQWKH
EHHWOH7HQHEULRPROLWRUDVWXG\RQSRVVLEOH
FRPSHWLWLRQIRUWKHVHPLHVVHQWLDODPLQRDFLGF\VWHLQH
3KRWRV\QWKHWLFUHVSRQVHVDVDIXQFWLRQRIOLJKWDQG
WHPSHUDWXUH)LHOGDQGODERUDWRU\VWXGLHVRQPDULQH
PLFURDOJDH
%XVKPHDWKXQWLQJLQWKHZHVWHUQ6HUHQJHWL
,PSOLFDWLRQVIRUFRPPXQLW\EDVHGFRQVHUYDWLRQ
)XQFWLRQDOWUDFLQJRIJXVWDWRU\UHFHSWRUQHXURQVLQWKH
&16DQGFKHPRVHQVRU\OHDUQLQJLQWKHPRWK+HOLRWKLV
YLUHVFHQV
)XQFWLRQDO&KDUDFWHULVDWLRQRI2OIDFWRU\5HFHSWRU
1HXURQVLQWKH&DEEDJH0RWK 0DPHVWUDEUDVVLFDH
/  /HSLGRSWHUD1RFWXLGDH *DV&KURPDWRJUDSK\
/LQNHGWR6LQJOH&HOO5HFRUGLQJVDQG0DVV
6SHFWURPHWU\
6SDWLDODQGWHPSRUDOYDULDWLRQLQKHUELYRUHUHVRXUFHVDW
QRUWKHUQODWLWXGHV
6SDWLDO(FRORJ\RI:ROYHULQHVLQ6FDQGLQDYLD
'HPRJUDSKLFYDULDWLRQGLVWULEXWLRQDQGKDELWDWXVH
EHWZHHQZLOGHEHHVWVXESRSXODWLRQVLQWKH6HUHQJHWL
1DWLRQDO3DUN7DQ]DQLD
'HSUHGDWLRQRI/LYHVWRFNE\ZLOG&DUQLYRUHVDQG
,OOHJDO8WLOL]DWLRQRI1DWXUDO5HVRXUFHVE\+XPDQVLQ
WKH:HVWHUQ6HUHQJHWL7DQ]DQLD
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 6KRPEH1WDUDOXND
+DVVDQ
 3HU$UYLG:ROG

3K'%LRORJ\

 $QQH6NMHWQH
0RUWHQVHQ

3K'%LRORJ\

 %UDJH%UHPVHW
+DQVHQ

3K'%LRORJ\

 -LVNDYDQ'LMN

3K'%LRORJ\

 )ORUD-RKQ0DJLJH

3K'%LRORJ\

 %HUQW5¡QQLQJ

3K'%LRORJ\

 6¡OYL:HKQ

3K'%LRORJ\

 7URQG0R[QHVV
.RUWQHU

3K'%LRORJ\

 .DWDULQD0DULDQQ
-¡UJHQVHQ
 7RPP\-¡UVWDG

'UVFLHQW
%LRORJ\
3K'%LRORJ\

(IIHFWVRIILUHRQODUJHKHUELYRUHVDQGWKHLUIRUDJH
UHVRXUFHVLQ6HUHQJHWL7DQ]DQLD
)XQFWLRQDOGHYHORSPHQWDQGUHVSRQVHWRGLHWDU\
WUHDWPHQWLQODUYDO$WODQWLFFRG *DGXVPRUKXD/ 
)RFXVRQIRUPXODWHGGLHWVDQGHDUO\ZHDQLQJ
7R[LFRJHQRPLFVRI$U\O+\GURFDUERQDQG(VWURJHQ
5HFHSWRU,QWHUDFWLRQVLQ)LVK0HFKDQLVPVDQG
3URILOLQJRI*HQH([SUHVVLRQ3DWWHUQVLQ&KHPLFDO
0L[WXUH([SRVXUH6FHQDULRV
7KH6YDOEDUGUHLQGHHU 5DQJLIHUWDUDQGXV
SODW\UK\QFKXV DQGLWVIRRGEDVHSODQWKHUELYRUH
LQWHUDFWLRQVLQDKLJKDUFWLFHFRV\VWHP
:ROYHULQHIRUDJLQJVWUDWHJLHVLQDPXOWLSOHXVH
ODQGVFDSH
7KHHFRORJ\DQGEHKDYLRXURIWKH0DVDL2VWULFK
6WUXWKLRFDPHOXVPDVVDLFXV LQWKH6HUHQJHWL
(FRV\VWHP7DQ]DQLD
6RXUFHVRILQWHUDQGLQWUDLQGLYLGXDOYDULDWLRQLQEDVDO
PHWDEROLFUDWHLQWKH]HEUDILQFK7DHQLRS\JLDJXWWDWD
%LRGLYHUVLW\G\QDPLFVLQVHPLQDWXUDOPRXQWDLQ
ODQGVFDSHV$VWXG\RIFRQVHTXHQFHVRIFKDQJHG
DJULFXOWXUDOSUDFWLFHVLQ(DVWHUQ-RWXQKHLPHQ
7KH5ROHRI$QGURJHQVRQSUHYLWHOORJHQLFRRF\WH
JURZWKLQ$WODQWLFFRG *DGXVPRUKXD ,GHQWLILFDWLRQ
DQGSDWWHUQVRIGLIIHUHQWLDOO\H[SUHVVHGJHQHVLQ
UHODWLRQWR6WHUHRORJLFDO(YDOXDWLRQV
7KHUROHRISODWHOHWDFWLYDWLQJIDFWRULQDFWLYDWLRQRI
JURZWKDUUHVWHGNHUDWLQRF\WHVDQGUHHSLWKHOLDOLVDWLRQ
6WDWLVWLFDO0RGHOOLQJRI*HQH([SUHVVLRQ'DWD

 $QQD.XVQLHUF]\N

3K'%LRORJ\

$UDELGRSVLVWKDOLDQD5HVSRQVHVWR$SKLG,QIHVWDWLRQ

 -XVVL(YHUWVHQ

3K'%LRORJ\

 -RKQ(LOLI
+HUPDQVHQ

3K'%LRORJ\

 5DJQKLOG/\QJYHG

3K'%LRORJ\

 /LQH(OLVDEHWK
6XQGW+DQVHQ
 /LQH-RKDQVHQ

3K'%LRORJ\

+HUELYRUHVDFRJORVVDQVZLWKSKRWRV\QWKHWLF
FKORURSODVWV
0HGLDWLQJHFRORJLFDOLQWHUHVWVEHWZHHQORFDOVDQG
JOREDOVE\PHDQVRILQGLFDWRUV$VWXG\DWWULEXWHGWR
WKHDV\PPHWU\EHWZHHQVWDNHKROGHUVRIWURSLFDOIRUHVW
DW0W.LOLPDQMDUR7DQ]DQLD
6RPDWLFHPEU\RJHQHVLVLQ&\FODPHQSHUVLFXP
%LRORJLFDOLQYHVWLJDWLRQVDQGHGXFDWLRQDODVSHFWVRI
FORQLQJ
&RVWRIUDSLGJURZWKLQVDOPRQLGILVKHV

 $VWULG-XOOXPVWU¡
)HXHUKHUP
 3nO.YHOOR

3K'%LRORJ\

3K'%LRORJ\

3K'%LRORJ\

3K'%LRORJ\

 7U\JYH'HYROG
3K'%LRORJ\
.MHOOVHQ
 -RKDQ5HLQHUW9LNDQ 3K'%LRORJ\
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LQ%DQJODGHVK
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0DQDJHPHQWRILQWHOOHFWXDOSURSHUW\LQXQLYHUVLW\
LQGXVWU\FROODERUDWLRQV±SXEOLFDFFHVVWRDQGFRQWURORI
NQRZOHGJH
$GDSWLYHUHVSRQVHVWRHQYLURQPHQWDOVWRFKDVWLFLW\RQ
GLIIHUHQWHYROXWLRQDU\WLPHVFDOHV
+XPDQZLOGOLIHLQWHUDFWLRQVLQWKH5XDKD5XQJZD
(FRV\VWHP&HQWUDO7DQ]DQLD
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SROOXWDQWVLQZKLWHWDLOHGHDJOH +DOLDHHWLVDOELFLOOD 
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+XPDQ:LOGOLIH&RQIOLFWVDQG&RPSHQVDWLRQIRU
/RVVHVLQ.HQ\D'\QDPLFV&KDUDFWHULVWLFVDQG
&RUUHODWHV
'HQGURFOLPDWRORJ\LQVRXWKHUQ1RUZD\WUHHULQJV
GHPRJUDSK\DQGFOLPDWH
([SRVXUHDQGHIIHFWVRIOHJDF\DQGHPHUJLQJRUJDQLF
SROOXWDQWVLQGHYHORSLQJELUGV±/DERUDWRU\DQGILHOG
VWXGLHV
0RRVHEURZVLQJHIIHFWVRQERUHDOSURGXFWLRQIRUHVWV±
LPSOLFDWLRQVIRUHFRV\VWHPVDQGKXPDQVRFLHW\
3RSXODWLRQG\QDPLFVXQGHUFOLPDWHFKDQJHDG
KDUYHVWLQJ5HVXOWVIURPWKHKLJK$UFWLF6YDOEDUG
UHLQGHHU
7KHPROHFXODUEDVLVRIORQJFKDLQSRO\XQVDWXUDWHGIDWW\
DFLG /&38)$ ELRV\QWKHVLVLQ$WODQWLFVDOPRQ
6DOPRVDODU/ ,QYLYRIXQFWLRQVIXQFWLRQDO
UHGXQGDQF\DQGWUDQVFULSWLRQDOUHJXODWLRQRI/&38)$
ELRV\QWKHWLFHQ]\PHV
'HYHORSPHQWRIQRQLQYDVLYHPHWKRGVXVLQJ
XOWUDVRXQGWHFKQRORJ\LQPRQLWRULQJRI$WODQWLFVDOPRQ
6DOPRVDODU SURGXFWLRQDQGUHSURGXFWLRQ
3K\VLRORJLFDOSODVWLFLW\DQGHYROXWLRQRIWKHUPDO
SHUIRUPDQFHLQ]HEUDILVK
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6DOPRVDODU/ SRVVLEOHQXWULRPLFVDSSURDFKHV
8WLOL]DWLRQRIWKHSRO\FKDHWH+HGLVWHGLYHUVLFRORU 2)
0LOOLHU LQUHF\FOLQJZDVWHQXWULHQWVIURPODQG
EDVHGILVKIDUPVIRUYDOXHDGGLQJDSSOLFDWLRQV 
3K\VLRORJLFDODQGEHKDYLRUDODGDSWDWLRQVRILPSDODWR
DQWKURSRJHQLFGLVWXUEDQFHVLQWKH6HUHQJHWLHFRV\VWHPV
'HPRJUDSKLFFRQVHTXHQFHVRIUDSLGFOLPDWHFKDQJH
DQGGHQVLW\GHSHQGHQFHLQPLJUDWRU\$UFWLFJHHVH
*HQRPHHGLWLQJRIPDULQHDOJDH7HFKQRORJ\
GHYHORSPHQWDQGXVHRIWKH&5,635&DVV\VWHPIRU
VWXGLHVRIOLJKWKDUYHVWLQJFRPSOH[HVDQGUHJXODWLRQRI
SKRVSKDWHKRPHRVWDVLV
'ULYHUVRIFKDQJHLQPHVRFDUQLYRUHGLVWULEXWLRQVLQD
QRUWKHUQHFRV\VWHP
'HYHORSPHQWDQGGLVSHUVDORIVDOPRQOLFH
/HSHRSKWKHLUXVVDOPRQLV.U¡\HU LQFRPPHUFLDO
VDOPRQIDUPLQJORFDOLWLHV
7KHLQIOXHQFHRISK\VLRORJ\OLIHKLVWRU\DQG
HQYLURQPHQWDOFRQGLWLRQVRQWKHPDULQHPLJUDWLRQ
SDWWHUQVRIVHDWURXW
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