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Abstract

Effective identification and mapping of seagrassmunities using high spatial and spectral resmiuti
digital imaging spectroscopy are distinguishable thgir spectral reflectance characteristics. Hence
determining a sunset of wavelength that best disngtesP. oceanica from other seafloor types is essential
for development of remote sensing techniques toitmothem. The study measure spectral reflectarfice
P. oceanica and carbonate sand in the Agia Pelagia Bay, C@tegce on a bright sunny day. Laboratory
measurements were also conducted. intetu and laboratory data was spectrally distinct fortineo
seafloor types within the visible spectral rangé¢hef spectrum. We compared the results from dthether
research and found that tReoceanica was spectrally distinct within the visible randetlte spectrum as it

is less attenuated by light. The best discrimarasubset of wavelength was identified using tlepwise
discriminant function analysis to determine thetlokscriminant wavebands to identi®; oceanica. These
wavelengths are as follows: 328 nm, 408nm, 448r88n, and 606nm. Major reflectance features were
identified in these wavebands. The stepwise idiscant function revealed that spectral separatibthe
seafloor types is possible with as few as 5 wavdbanThe results demonstrate the ability of spkctra
reflectance characteristics, determimeditu the two seafloor types.

Furthermore, to determine whethd?, oceanica remains spectrally distinct a Water Colour Simudat
(WASI) model was used to simulake oceanica measurement under adverse conditions. These sadlver
conditions depth of 4 m, 9m, and 20m and CDOM cotre¢ion of 0.010 - 0.10h The WASI model was
able to simulate thB. oceanica spectra under these adverse conditions. Thelareyths at which they are
distinct in adverse conditions were 445, and 485 nm

The remote sensing &f oceanica is applicable given that the sensor has the baiish are essential for
the discrimination oP. oceanica from other seafloor types. The MERIS sensor liaggn to be a feasible
sensor that could be used to nRapoceanica as the best discriminant bands identified coreslatith the
spectral bands of the sensor. However, thereaaterk that need to be considered in doing sotainahe
best results for the managing and the monitorintpigfimportant ecosystem.
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1. Introduction

1.1. Background

Seagrasses are a unique group of submerged agpamis that are a vital component of marine
ecosystems. They have adapted to exist and thmivehallow oceanic and estuarine waters
throughout the world. They form dense beds —meadthat are highly productive systems that
cover about 0.1 to 0.2% of the global oceans (Bu&®02) forming either mono-specific or mixed
species meadows with pioneer species such a€dhkerpa prolifera , small phanerogams of the

generaCymodecea andZostera.

Seagrass ecosystems have been identified as waluaith economically and ecologically.
Seagrasses act as the foundation of diverse cormymwith numerous ecological roles: primary
production, habitat for other species of plants anithals, food for micro, meso, mega herbivores (
including turtles and dugongs), sediment stabitirgatbiochemical modification of the their local
environment and hydrodynamic modifiers. Addittly, seagrass ecosystem provide high-value
ecosystem services globally in excess of US$3Ibtriannually (Costanza et al., 1997). As a rgsul
in comparison to other marine and terrestrial lahitseagrass meadows play a key role in both
ecological functions and are of high economic intguace.

1.2. Posidonia oceanica

Posidonia oceanica, the dominant and endemic seagrass species iMedderranean Sea, extends
from 0.4 to 50 meters depth in clear waters cogeaipproximately 2% of the seafloor (Gobert et al.,
2006). P. oceanica forms monospecific meadows with different types coiverage patterns
(continuous to patchy distributions) with shoot siéas from very sparse beds (308)rto very dense
beds (>700 M )(Giraud, 1977) forming long-lasting meadows datack to more than four thousand
years old (Mateo et al., 1997). However, becadgbear sparse sexual reproduction and it requires
preferably coarse grain sand and centuries to txglatpastal areas (Duarte, 1995; Kendrick et al.,
2005) making it the slowest growing seagrass sgdgéilarba and Duarte, 1998).

Additionally, the shoots of the posidonia plants bhorne by rhizomes which grow vertically to avoid
burial, or horizontal which enables colonizationThese leaves act as sediment traps accumulating
organic and inorganic particulate matter (Duar@)2). The two types of rhizome growth forms a
terraced formation called a “matte” is produce@ihese “matted” beds can live for 4 -30 yearsfif le
undisturbed providing high biomass and high progitgt (Hemminga, 2000) growing within
oligotrophic or ultra oligotrophic conditions. &whoughP. oceanica appears to be a minor food
source (Dauby, 1989) these leaves support highiveeeb production due to its large primary
production (J. Cebrian et al., 1999) which are dpdn by fishes and echinoids and turtles. Turtles
also spend about 90% of their time at the shalleptlss in the vicinity of the meadow and ingest
seagrass (Hays et al.,, 2002). However it is belihat grazing accounts for only a small amount
since they contain phenolic compounds (Agostinalgt 2003) which discourages grazing to some
consumers. However they are high in biodiversgytlae provide shelter, support, breeding and
nursing grounds to a wide variety of vertebrated ianertebrates. In addition as sediment trapper
they maintain water quality and clarity (Hemming@0o0).




1.3. Threatsto P.oceanica Seagrass

Despite the ecological and economical importanceeafgrass beds, an increasing number of
reports documents the ongoing loss or regressi@eafrasses in both tropical and temperate
regions throughout the world (Duarte, 2002; Kerdgtal., 2002; Pasqualini et al., 1999; Short
and Wyllie-Echeverria, 1996; Waycott et al., 2009Jonsequently, rapid seagrass losses over
relatively short temporal scales are occurring ughmut the world, in places such as the
European Mediterranean (Marba et al.,, 2005), SwotiChina (Yang and Yang, 2009),
Chesapeake Bay (R. J. Orth, 2006), Florida Bay rdrmean and Robblee, 1999) in North
America and Australia (Dekker et al., 2005; Keokrt al., 2000; Ralph et al., 2007).

The surface which is covered By oceanica beds are limited by environmental factors such as
light, turbidity, salinity and temperature but ionse coastal regions anthropogenic pressures
such as trawling, aquaculture, wastewater polluicmhaving a negative effect causing severe
damage and reduction in the both the abundancedatidbution of this seagrass species.
Recent mapping of Posidonia show declines in seagcaverage (Kendrick et al., 2000;
Pasqualini et al., 1999) which reflects anthropitivities, port developments, grazer impacts,
shading of seagrass leaves by excessive growtpiplfigic algae or phytoplankton following
nutrient enrichment of waters (Freeman et al., 2088ort and Wyllie-Echeverria, 1996).
Climate change is of concern, as it too will affeehgrass distribution includiri®) oceanica.
Accordingly to protect this species, it was nomightas a priority species that required
protection to reduce the decline or total losshaf species.

The Mediterranean Sea is considered for its coredidie diversity of its fauna and flora as well
as for the high rate of species endemism. Howélercoastline of Mediterranean countries are
intensively used for tourism and related recreaii@aativities, which also have an impact on the
quality and clarity of water, which in effect rediscthe light reaching the meadow causing
mortality which increases the ongoing loss of theces.

1.4. Hyperspectral Remote Sensing of Seagrass Ecosy stems

Hyperspectral remote sensing has significantlyrowpd the retrieval of quantitative and
qualitative information from vegetation. It hasypided the spectral resolution needed to detect
reflectance and/or differences in the pigment austef plants. The ‘hyper’ in hyperspectral
refers to the many light sensors with a very narsansitive range. The resulting data often
has over 100 contiguous bands, each 10 nm or leks wThe high number of bands and the
narrow sensitive range enables the detection afgdwin the narrow absorption features which
may be undetected by broadband sensors. Thussiblecome a solution for surveying the
extent and the developmentRfoceanica and other macrophyte meadows in the Mediterranean
Sea. Unlike the optical remote sensing of tefiadstegetation they are various factors that
needs to be considered for proper application tomswged aquatic environments/plants: (1)
seagrass and related seabed habitats must beatidddry the remote sensor and (2) the spectral
signature from the vegetation must be differentmfrthat of surrounding sediments and
overlying water.

Seagrasses are covered by a water column thatiatésnlight reaching, or interacts with the
reflectance from the benthos. While the remotesisg of terrestrial plants make significant
use of the red edge, aquatic plants such as ssagmanot be recognized by this feature since




the wavelength beyond 680nm are significantly ated by pure water beyond the depth of 1
— 3 m. As a result, the remote sensing of aquatidronments require sensor with greater
sensor signal to noise ratio than those used wilt@rterrestrial environments since the absolute
reflectance from submerged environments are gdnéoal.

Submerged vegetation like seagrass meadows have dpedially mapped and monitored in
many studies using aerial photography such astigost al., 2003; Kendrick et al., 2000;
Leriche et al., 2006; Pasqualini et al., 1999), mwhe studies with the use of satellite remote
sensing for other submerged aquatic features ssiételp beds (Simms et al., 2001) and coral
reefs (Mumby et al., 2004) has proved successfdkvertheless satellite imagery for mapping
seagrass meadows has been successful in clearofiéeenperate systems (Baden et al., 2003)
as well as tropical regions (Phinn et al., 2008;bwia et al., 2008). However the lack of
spectral signatures of submerged vegetation measaratu and the uncertainties in water
column attenuation has its limitations when usilegsification algorithms.

1.5. Research Problem

As a result, it is a protected species under thedda000 network within the European Union; There
is mounting evidence th&osidonia oceanica, with an estimated cover of about 50,000 kmthe
Mediterranean (Bethoux and Copin-Montegut, 1988)lteen suffering widespread decline especially
in the north west Mediterranean (Marba et al., 19squalini et al., 1998).P. oceanica, the key
species forming meadow communities is responsibtehfgh diversity which provide important
functions (Hemminga, 2000) in the MediterraneanThese functions are in jeopardy towards
substantial decline of these ecosystems at ratebmit 5% yf (Marba et al., 2005) faster than the
2% yr? global rate of decline of seagrass ecosystem (Buaral., 2008). Therefore, there is great
concern that the functions performed in the Mediteean will be reduced or lost altogether.  Henc
coastal management strategies and seagrass cdisepragrams have evidenced the importance of
P. oceanica mapping to monitor the changes in their distribuiti

Monitoring of marine benthic communities is an esisd activity to increase the understanding of
change in marine habitats and ensure the best raargany of ecosystems within coastal areas. The
conventional methods such as field mapping andalagifiotography are time consuming and
expensive, and they lack either sensitivity or diative information. Additionally, traditional
remote sensing instruments do not have the spatiapectral resolution to readily distinguish
different benthic types. Hence, the capabilititsew airborne instruments provided potential, a w

as the driving force for the development of quélig hyperspectral measurements and model-based
methods for mapping seagrass and associated esosyst

With developments in recent years of satellite rens®nsing, high resolution sensing data has been
used to detect the living status and distributibriPasidonia oceanica seagrass. (Pasqualini et al.,
2005) used SPOT 5 data to map the distributioRasfdonia oceanica along Zakynthos Island in
Greece with Principle Component Analysis. (Foreésal., 2006) applied IKNOS data to detect
Posidonia oceanica in the Mediterranean Sea and found that seagrads Hdistributed 15m
underwater can be detected clearly. (Vela e2808) used fused images of SPOT 5 and IKONOS to
assess the distribution of seagrass meadows inotag@and other regional countries of the
Mediterranean Sea. (Piazzi et al., 2000) was #blintegrate indirect and direct methods to map
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Posidonia oceanica in western Mediterranean islands. Eventhougkeaeh has found that
broadband and hyperspectral imagery can detechioeatvironments, the mention under which
condition they are mapped are yet to be explotddnce this study will explore whethePosidonia
oceanica beds can be mapped at certain depths given thegmains distinct under varying
conditions. The result of this study can assist@mtifying spectral bands that are able to distrate

P. oceanica form other seafloor types.

1.6. Research Objectives:

1.6.1. Main Objective:

Study seagrass and seagrass characteristics adaimiies associated with signal-to-noise due
to radiometric distortion inherent to remote segsihsub-merged vegetation.

1.6.2. Specific objectives:

1. Discriminate betweerPosidonia oceanica and other seafloor cover types based on
narrow-band spectral observations.

2.

1.7. Research Question:
1. Is Posidonia oceanica spectrally distinct from other seafloor cover type

1.8.  Hypothesis:

1.1.1 H: There is no statistical significant differenpec 0.05) between the spectral signature
of Posidonia oceanica and other seafloor cover types.

Hi=Ho= Ha

Ha;: There is a statistical significant difference>(p05) between the spectral signature of
Posidonia oceanica and other seafloor cover types.

M1 7 Mo U3
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2. Literature Review

The use of remotely sensed data in cover typeidiswtion has evolved coral reef features
delineation and relatively successful within growtassification using broadband and
multispectral type sensors. However, using higiperctral resolution sensors has proven to be
more accurate in classifying coral reef ecosystemSpectral resolution is perhaps the most
important property of sensors used for this appbicaas they have to be able to resolve that
natural variability in the system being studied.Broadband sensors cannot resolve fine
diagnostic spectral features, as their spectradwaliths are 100 — 200nm and are not
contiguous (Holden and LeDrew, 1998; Vane and Go&¥88). Hyperspectral data was
thought to be well suited for this application,itais by definition, consist of a set of contiguous
bands and usually stretches across a relativale wiavelength range (Goetz, 2009). The
difference between the spectral resolutions fortispectral and hyperspectral is very evident in
Figure 1.

For spectral separability of submerged aquatic tedigm, for example coral reef features, a
hyperspectral spectrometer would have to recorghexteum from 400 nm — 700 nm; this
spectral range is of primary importance for oceaaplgic communities, with a resolution of
10nm or less and have a signal-to-noise ratio mtibn the depth of the absorption feature of
interest (Curran, 1994). Two types of hypersp¢censors: airborne imaging spectrometers
and ground based spectroradiometers will be disdudsllowed by a discussion of the
application of hyperspectral data in shallow reefimnments and its use for determining
spectral separability of coral reef features.

0.8 T T T T T T T T T

Reflectance

TM Bands
12 3 4 5 7
HlE = . | I
0.4 1 1 1 L 1 L L 1 1
400 800 1200 1600 2000 2400

Wavelength, nm

Figure 1: Multispectral (below) vs. hyperspectral samphg (above)
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2.1 Hyperspectral Sensors

The first types of sensors to be discussed araitherne imaging spectrometers. These
sensors provide a radiance (digital number) reaftingach picture element (varying in

size) for a set of contiguous wavebands at higl@riti bandwidths) spectral resolution.

An example of this sensor application can be seéfgure 2. As of yet there is not a

spaceborne hyperspectral sensor available, soaitigrne sensors will be discussed at
this time. The second type of sensors is thetspadiometers, which are usually

ground based. Data are also collected in a comtig fashion, using a foreoptic with a

specified viewing angle. Thus reflectance valfarsthe target for all the bands are

gathered and stored as numerical values, whichbeamepresented as a reflectance
graph.

. 25
Wavelength, um

Figure 2: Images collected in many contiguous spectral basdcreate a continuous
radiance spectrum.

2.2. Airborne Imaging Spectrometers

The first imaging spectrometer to measure soldectfd spectrum form 400 nm to 2500 nm at
10nm intervals was the AVRIS sensor from NASA’'s BRebpulsion Laboratories, which
became operational in 1987. Radiance spectraddiected as images of 11 km width and up
to 800 km in length. AVRIS acquires its data froflASA ER-2 aircraft at an altitude of 2000
m(Green et al., 1998). The preceding sensor akedcAlS (Airborne Imaging Spectrometer),
and the last version had a spectral coverage rgrigpm 800 — 2400 nm. The AIS sensor had
fairly low signal-to-noise (40:1 up to 110:1) aslv&s other problems such as vertical stripping
after radiometric calibration (Vane and Goetz, )98AVRIS on the other hand, boast a very
high signal-to-noise (exceeding 100:1 requiremespecially after improvements were made to
the sensor in 1995 (Vane and Goetz, 1988). Hppetsl sensors that have followed include
HYDICE, CASI, DAIS (2815 and 7915) MVIS, TRWS-Illind Hymap /Probe 1 (Birk and
McCord, 1994). Nineteen different airborne hypertpal system and 14 agencies with data
acquisition aircraft were in existence in 1994(Bamkd McCord, 1994).  Since then there have
been updated and changes made to these sensogvarmhe s have been developed since. The
characteristics of sensors vary from sensor toosermit the set of properties that define
hyperspectral sensors namely: a broad spectralerammntiguous bands and high spectral
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resolution, remain the same. CASI, for instanifers imaging capabilities in 288 contiguous
spectral bands ranging from 430 — 870, with anayeispectral resolution of 3nm.(Lewotsky,
1994).

2.3. Forthcoming Spaceborne Hyperspectral Sensors

Only airborne hyperspectral sensors are curremtiybbth commercial and government use. The
trend of remote sensing platforms moving away ftarge complex civil governmental and military
systems to an increasing number of purely commlertigbrid governmental/commercial and
commercial/university collaboration systems is gfiag the face of remote sensing industry. As the
application and implications of remote sensing datacommercial ventures become more evident,
the sensors are evolving to meet new needs aret beftiress old ones. Just as spatial resoluéisn h
dropped to 1 meter and below for commercially adé imagery, spectral resolution’s importance
and applications are also becoming to the fore(atad 998).

(Glackin, 1998) predicts that the number of spéttaads in space based electro-optical systems will
increase dramatically from 1998 — 2007. Multigmdamagery will most probably have as many as
36 bands (MODIS instrument), while hyperspectrahcgborne sensors like these to be aboard
OrbView-4 and the Naval EarthMap Observer (NEMQ) &r be launched within this frame. The

OrbView-4 Hyperspectral Imager (HSI) for exampldll Wwave 200 hyperspectral channels (450 —

2500nm) at 8 m spatial resolution and a swath ofi.5kThe same instrument will also have 4 m, 4
channels) and panchromatic (1m, 1 channel) cafiabjlimaking it extremely versatile by extending

its application milieu tremendously (Glackin, 1998)

With commercial hyperspectral sensors such as theseming available in the future, the necessity
for research to establish hyperspectral data’senisteven more important. Old problems could be
addressed using new technologies and algorithntstren user’s ability to solve new problems that
may arise becomes much better.

2.4. Spectroradiometers

Spectroradiometers can be both imaging and nonimaglin this study, reference is made to non
imaging spectrometer.  Spectroradiometers haven hsed with varying success for different
applications.  These instruments are usuallymgidbased and can be used in laboratory or in-field
conditions depending on the make and the model.thik case, objects are pre-identified and there
spectral responses are recorded for comparativpopes or for correlation between or within
objects/targets under observation. A large nurobdaboratory and field based studies have been
undertaken to investigate the feasibility of uitiigg high spectral data for vegetation studies sagh
leaf biochemical and biophysical components(Chalgt2007; Ferwerda, 2005; Skidmore et al.,
2005), quantity and quality of terrestrial vegetatFerwerda, 2005; Skidmore et al., 2005) , secie
discrimination base on spectral differences(SobR&0,7), and species distribution in saltmarshes
(Schmidt, 2003).
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2.5 Hyperspectral Remote Sensing Applications

For much of the past decade, hyperspectral imagimdyits applications has been an area of
active research and development. Many featuretherearth’s surface can be identified by
unique absorption features in their reflectancecspe The knowledge has been used in
attempts to identify features (or feature groups)nf remote sensing platforms and in doing
subsequent classification of imagery.  Hyperspédimaging and non imaging applications
have found to be valuable and beneficial in resmuntanagement, agriculture, mineral
exploration and environmental monitoring.  For repée, hyperspectral remote sensing in
agricultural is becoming actively important in giggon farming (Pacheco et al.,, 2008) as
hyperspectral data is being as valuable in assgpssiop and soil conditions which has
increasingly contributed to the economic valueagricultural production. Additionally, in
forestry applications hyperspectral data has beed utilized in many forest areas, viz., forest
planning and management, forest inventory, foresta amonitoring (Kamaruzaman and
Kasawani, 2009), and water resources (Gitelson Madzlyak, 1996; McWire et al., 2000;
Underwood et al., 2003) for assessing water qy8litgfique et al., 2001), flood detection and
monitoring(Felipe et al., 2006).

In this study, hyperspectral remote sensing of lierttabits and the studies concerning the
separability and/or discrimination of these feasungll be discussed. The remote sensing of
shallow water environments and the discriminatiasda on the spectral differences between
and within groups (i.e. seafloor types) will betfier discussed.

2.5.1. Hyperspectral Remote Sensing of Shallow Wat er Habitats

Most hyperspectral studies within shallow wateritzb pertain to submersed features of coral
reef habitat mapping. Eventhough case studiesyimgpremote sensing to benthic habitat
mapping have been constrained by sensor capahiisor systems have not been specifically
tailored to submersed features or feature groupsglditionally, the water column is of major
concern for applying remote sensing techniquescofrtrast to the remote sensing of terrestrial
vegetation, there is practically no signal retugnfirom the water or the substrate at wavelengths
beyond 680 nm due to the absorption by pure wattt( 1995).  Recent developments and
new techniques have enabled the improvement chdbaracy for mapping and monitoring of
these resources. Good reviews of the historycamcent status of coral remote sensing has
been done by various researchers(Green et al.)).199Bhese review notes that most research
has been evaluated with data provided by multispecscanners, airborne multi and
hyperspectral imaging system.

Historically, aerial photography and navigationalrs have been the basis of knowledge for
the geographical extent of benthic habitats sucboaal reefs. However, navigational charts
are restricted to deep areas accessible by shilepth sounders and photographic coverage
of these benthic assemblages are often out of dlaeto the expenses involved in acquiring
such images. Aerial photographs, on the othed hare unlikely to have ground verification
performed at the time of the capture. This cdaddh source of error, thus reducing the overall
precision limiting the interpretability and geo-fimnal accuracy of the photographs. Hence
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remote sensing offers an excellent option and riofiary use among researchers and mangers
for consistent, repetitive monitoring of shallowtesahabitats for both large and remote areas.

Remote sensing techniques have been applied tg btrtthic habitats, especially coral reefs,
around the world. Due to the current technolddiaatations, the testing of different sensors
for benthic habitat is of great interest to resears of different fields. For instance, (Malthus
and Mumby, 2003) evaluated three optical remotsisgmmethods for measuring standing crop
in the tropical Western Atalntic.  Empirical rétatships of field data with imagery from
Landsat Thematic mapper, SPOT and CASI data toigirethnding crop was defined. The
benefits and monitoring considerations were alsoudised.

As it is known, remote sensing has been used ttysm#errestrial features within the visible
and infrared range of the electromagnetic spectiorstudy soil mineral content, foliage
density and type, and surface elevation (Clark,319Rurran, 1994) using both satellite and
airborne sensors. However, the sensors are nmited when used over oceans or lakes
because of the low reflectance values of deep wgieing relative low signal-to-noise ratios)
due to the complexities of combined water and lbotsignals in shallow waters(Jerlov, 1976).
In other words, a significant problem involved withe remote sensing of submerged
ecosystems is the water column overlying the satessignificantly affects the remotely sensed
signal due to the optical attenuation of light iater (Andréfouét et al., 2001; Green et al.,
1996; Holden and LeDrew, 2001; Mobley, 1994) indiidn to light scattered in the
atmosphere (path radiance).

Optical properties of benthic substrates are ofatgmoncern when using remote sensing
techniques to study benthic habitats. Spectf#at@nce of coral species have been analysed
and well studied. (Hochberg et al., 2003) co#ldéh situ spectral reflectance of three coral
species, five algal species, and three sand benthiununities in Kaneohe bay in Oahu in
Hawaii. They identified major reflectance feasiand applied linear discriminant functions to
an AAHIS (Advance Airborne Hyperspectral Imagingstyn) image.

(Holden and LeDrew, 2001) todk situ reflectance measurements of corals in the U.3giVi
Islands at various depths over different substratumlhey made a comparison between
hyperspectral reflectance measured at the top attdnb of the water column in different water
depths. Hyperspectral discrimination of healtleysus stressed corals in Fiji Islands, South
Pacific, St. Croiux, and U.S. Virgin Islands aheleloped a high spectral resolution library.
(Hochberg et al., 2003) measured 13,10Gitu optical reflectance spectra of 12 reef bottom
types in Atlantic, Pacific and Indian Oceans. Thandamental bottom types were classified,
spectra processed and the spectral separabilibotddm types using a classification analysis
following a partition method (Lehmann, 1998; Rercii©95).

The scientific community is presently evaluatindfatient sensors to study coastal areas.
(Hochberg et al., 2003) assess the capabilitieseeén remote sensors to classify coral, algae
and carbonate sand as pure and mixed spectra basH 632 reflectance spectra meastned
situ around the world reefs. They studied the specésponse of two hyperspectral sensors,
AAHIS and AVIRIS, and three satellite multispectsdnsors, IKONOS, Landsat ETM and
SPOT- HRYV, and two future satellite narrowband mpkctral sensors, PROTO and CRESPO.
They conducted discriminant, classification andcsijaé mixing analysis, and image simulation.
Results based on linearly mixed-sensor specifictspalemonstrate that the hyperspectral and
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narrowband multispectral sensors discriminate betweoral and algae across many levels of
mixing, while broadband sensors do not. Howevearrawband sensors overestimate coral
cover. They conclude that it is necessary to gesigsensor system specialized to coastal
studies. (Andrefouet and Robinson, 2003) assdbsegotential of IKONOS data for coral reef
habitat mapping. Ten IKONOS images of reef habittound the world were processed,
including correction of sea surface roughness aattiyimetry, supervised and unsupervised
classifications, and accuracy assessment basedoandytruth data. The results of IKONOS
classification were compared with Landsat 7 datasfople to moderate complexity of reef
habitats. Results showed a general linear trerkofeasing accuracy with increasing habitat
complexity. In general, IKONOS performed betteraiccuracy compared to Landsat. The
applied sea surface correction (Hochberg et all320ses the near infrared band to characterize
the spatial distribution of relative glint intensitwhich is scaled by absolute glint intensity in
the visible bands. The result is subtracted from \tisible bands filtering out glint effects.
Mumby and Edwards (2002) compared satellite anthoaie systems to define habitat
categories, supervise image classification, andenaakindependent assessment of thematic map
accuracy. They used CASI, IKONOS, TM, MSS, and $f/{¥R data.

2.5.2 Water Column Distortions and Spectral Simulat  ion

The subsurface irradiance and remote sensing taflee, R and Rare wavelength dependent
functions of absorption &) and backscattering B)( and strongly influenced by substances
suspended and dissolved in water. Additionallyshallow water areas, the detected signal is
affected by light reflected at the bottom. Théluence of water constituents and bottom
affects optical signal at some spectral regiondb€&land Gege, 2006) making it difficult to
distinguish each effect and its interactions with target under observation and thus reducing
the accuracy of quantitative data from remote senseéchniques used for mapping benthic
substrates.

As a solution, forward models were developed basedadiative transfer in water where the
reflected signal is calculated as a function ofiagbt properties of water and the water
constituents.  Thus raditiative transfer moddiswathe modelling of radiation as it travels
through the atmosphere and water column. Inclunéide modelling processes is the overlying
water column, thus allowing the reflectance of $wates to be predicted over a range of water
depths (Holden and LeDrew, 2002; Kutser et al.,32@&ing a physics based model known as
Hydrolight by Curtis D. Mobley. Researchers fasd it useful to study light field under
varying condition of optical properties by measgrand determining model parameters from a
measured spectrum, for example, the concentrationater constituents, bottom depth, and
bottom characteristics like submersed vegetatianmiapping and monitoring water quality
parameters (Brando and Dekker, 2003) and benthisties (Richardson et al., 2006).
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3. Methods and Materials

3.1 Study Area

Crete is one of the 13 regions into which Greeadivigled. Crete Island is the largest of the Gree
Islands and the fifth largest island in the Meddeean.  The geographic coordinates of Crete li
from 2331’ to 2618'E and 3455’ to 3541N which has an elongated shape that covers 8kB3B6
which spans 260 km from east to west and 60 kntsawidest points. The total length of Crete’s
coastline is 1046 km consisting of both sandy beaand rocky shores. Administratively Crete is
divided into four nomos or prefectures namely: GhaRethymno, Lasithi and Heraklion which is
inhabited by 650,000 inhabitants (Garvey, 2007).

Crete is extremely mountainous and is defined bygh mountain range crossing from West to East
formed by three different groups of mountains (iLeftka Ori (2452m); The Idi Range :Mt Psiloritis
(2456m); the Dikti Mountains (2148m)). Crete atsll straddles two climatic zones, the
Mediterranean climate and the North African climatgth mild winters and hot summers
(temperatures above 4@). The atmosphere is quite humid, dependingherptoximity to the sea.
Snowfall is common in the mountains between Novenamel May, but rare and low in the coastal
areas. The South coast is an exception, whidhdes the Messara plain and Asterousia Mountains,
which fall in the North African Climate zone ancetbfore enjoys significantly more sunny days and
high temperatures throughout the year.

Figure 3: Island of Crete, Greece Mediteranean

Heraklion is the largest city in Crete and is tloeirth largest city in Crete. The Prefecture of
Heraklion lies in the central eastern part of Creteborders the Prefectures of Lasithi to thet ead
Rethymno to the west, abutting the Cretan seaeimthith and the Libyan Sea in the south. Heraklio
covers 2, 641 km. This prefecture is mostly plam semi mountainous and it is one of the most
populated prefectures with 26 municipalities, 194infipal districts and 460 villages.  This
Municipality is inhabited by 292, 482 situated mmetvalleys of farmlands both in the central and
northern parts and the coastlines of the prefecture
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3.2. Research Scheme

Figure 3 summarizes the steps followed for thestigation of spectral discrimination Bf
oceanica seagrass. Whereas, Figure 4 illustrates thecflavt of the specific steps taken
throughout the paper to answer the objective eftiady.

In Situ Spectral Simulation

»

Measurements / (WASI)

Val’ic‘lbicb
: : ! I !

Colored

) Depth Sun Zenith Dissolved
Field Laboratory Angle Organic Matter
(CDOM)
A Y
Statistical Statistical
Analysis Analysis
Spectral Discriminant
»/ Bands for

P. oceanica

Figure 4: The Research Scheme

Agia Pelagia is a village lying on the northernstaaf Crete, 20 km north-west of Heraklion. Isha
long white sandy beaches and is a touristic coéstat. The reason why the field data collection
was conducted in this area is because the bapieqgted from wave-creating north winds and the sea
state is almost always serene. The areas hadespaagrass beds not more and within shallow areas
ranging from 0 — 1.5 m, which was within reachrimgasurements to be taken.
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Figure 5: The Flowchart of Methodology for spectral Disrimination of P. oceanica




3.3. Data Collection

Fieldwork was conducted from Septembef"28 October 18 2009. September 98to
October 14, field data collection was conducted. Photogsaphthe seafloor was taken to
determine the presence and absence of seagrass WiehNATURA 2000 Network which
would be used to compare the mapping accuracyagfrass meadows at various sites namely
Sitia, Xerokampus and Frankastello. Thé& 116" October; laboratory data collection was
carried out at the Cretaquaruim where seagrassweasured under variable conditions: with
sediments and without sediments.

3.3.1. Field in situ Measurements

Underwaterin situ spectral measurements of different benthic assagebl were collected with a
TRIOS Ramses ARC sensor seen in Figure 3. Therspester collected light in the wavelength
range 320 — 950 nm, with an optical resolution oid The sensor had a 7 degree field of view and
was held at a distance of 20 cm from the targ#itefest, to sample a radius of approximately &7 c
Sample sites chosen hosted two benthic types ierwddpth of 1.5 m. Datasets of spectral
signatures was derived for tbenthic types in Figure 4.

Figure 6: TRIOS Ramses Hyperspectral RadiomefRRE UV-VIS Radiance sensor (left) and
ACC Irradiance sensor (right).

Spectral measurements were taken on sunny, cleedifty; the sea state during data collection
was fortunately calm. The spectrometer was prograd to take automatic measurements in
burst mode, where measurements are taken as fpsssible. Additionally with this setting, if
the device receives any data the measurementes takmediately. The sensor head was held
underwater using a platform and the sampling wasralled by an operator on the surface boat.
The head of the sensor was pointed downward atnghe af 0 (nadir view) degrees to the
desired specimen to capture the spatial variabifitghe radiance for the benthic substrates.
The frame had a 45 degree angle to maintain theoséooking down at O degree (nadir view).
An underwater camera was attached to the platforassist with the identification of the target
being measured. An illustration of the setup waslenclear in the diagram below Figure 8.
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The radiance data was converted from an analogd@ital signal and transferred via a power
cable to a laptop on the boat. Simultaneouslyefarence panel was used to estimate the
incident downwelling irradiance (E))), at the same depth and distance from targeh#ble

the determination of percent reflectance.

Figure 7: Seafloor Types of Agia Pelagia: (A) Garate Sand (BPosidonia oceanica

One discrepancy of this sampling design that hatetaesolved was the area on the bottom of the
instantaneous field of view (IFOV) of the sensorsvetfferent depending on the height of the sensor.
When immersing the sensor in the water they werging depths at which measurement were taken,
however when the sensor was held at 20cm abovératgat the bottom of the water column the radius
of the measurement was 8.7cm. The radius waslasdd using equation 1. Additionally, there was

an offset of the camera on the platform due todistance of the sensor from the platform as seen in
Figure 8. Thus, the photographs did not coreeleith the type of substrate being measured at that
specific time.

Raduis=d x tar{ﬂj

(1)

Where d is the distance or height above the botobstrate and the FOV is the field of view of the
sensor (7). The area measured at the bottom of the watiemm was therefore consistent for all
measurements since the height above the bottormnmedheonsistent.
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Water Surface
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Substrate

8.7 cm

Figure 8: Diagram illustrating the technique used to meaBusitu measurements in the field and
laboratory

3.3.2 Seagrass Sampling

To measure seagrass under variable conditionsnitrailed conditions, seagrass sampling was
performed. Seagrass and sediments were collected Agia Pelagia. To maintain the
homogeneity of the seagrass samples seagrassdintests were collected from the same site.
Sampling was performed by a volunteer diver.

Seagrass was collected from the edges of the me#&nlavoid destruction of the seagrass
meadow. A knife was used to carefully retrielie seagrass including the leaves, stem,
rhizome and roots.  Approximately 200 shoots weollected to perform the laboratory
experiment.  Dark plastic containers filled wibawater were used for storing the seagrass
shoots to avoid any desiccation or stressed to lesngmd maintain suitable conditions during
the travel from site to laboratory.

3.3.3 Laboratory in situ Measurements

To study the influence of suspended sediments wdmuiring spectral measurements of
seagrass a laboratory experiment was conductechborhtory spectral measurements were
conducted at the Hellenic Centre for Marine ReseéiftCMR) at the Institute of Aquaculture
(Appendix 1,). Two land based aquariums werecalled for the laboratory test to be
conducted. They were 1.5 m depth and holds up galons of seawater. The aquarium was
equipped with oxygen to extend the longevity of ftents for the 2 days they would be in the
tank.
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As aforementioned, two tanks were set up to stedygass under two different conditions: (1)
Without sediments and (2) With sediments. Aquarili(without sediments) was prepared for
measurement. Seagrass was rinsed with cleam teatemove any sediment. Clean seagrass
with rhizomes and roots were place the plastic gad hold the seagrass in place.
Approximately 100 shoots were used for each measemeto make an 8.7 cm field of view
(FOV) required for measuring the seagrass.  n@riwere used to hold the grids in the
aquarium. In Aquarium 2 (with sediments) sedirmemére introduced. Seagrass were placed
in plastic containers with the sediments colledi@in the site in Agia Pelagia and weighed
down by pebbles. The water was slightly stirreduspend the sediments and measurements
were taken.

3.4. Data Processing

Data of the spectral measurements taken in fieddaahe laboratory were processed. The field
in situ and the laboratory data was converted from radidacreflectance. Reflectance was
then calculated as the ratio of spectral upweligmjance to downwelling irradiance at a given
wavelength (Mobley 1994). This assumed that hmhels and benthic surfaces reflected
equally in all directions (i.e. (Lambertian reflecs) :

(@)

Noisy spectra were removed based on visual ingpectiAquarium measurements of seagrass
were compared to field measurements of seagrass #ie pictures taken in the field was not
able to match with the field measurements. Thetsplereflectance from individual features
measured was edited from 318 to 818 nm to work thighvisible spectrum range. The spectral
shapes were visually inspected for recognition isEriminant patterns and identification of
wavelength location of peaks. An average of 10ctspkreflectance of each feature was
calculated to reduce the variance between repficatel facilitate the creation of a spectral
library. Two spectral libraries were created gsépectral tools on ENVI.  They are the
spectral reflectance of field measurements and#bry measurements.

3.5. Data Analysis

An exploratory data analysis was performed to chieekvariability and distribution within each
waveband for each variable: sand, seagrass, ssagithout sediments and seagrass with
sediments. All data were tested for normality patmg the Kolmogorov- Smirnov and the
Shapiro Statistic to determine the right test tplgpparametric or non- parametric.

Statistical test was used to compare between thetrsph responses of the 2 individual seafloor
types. This was performed to determine whetherptie of them was statistically different at

every spectral band. Student’'s T test was peddrfor field measurements and Analysis of
Variance (ANOVA) for both laboratory and field measments were performed. Discriminant
Analysis was also performed to determine the viditialand the spectral separability of these
features.  Discriminant function analysis wasdugedetermine which variables discriminate
between two or more naturally occurring groups. x ptots and tables were created to help
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visualize the data. The tables and box plot eugid that separation between the seafloor types,
however further investigation into the statistis@nificance was necessary.

3.5.1 Student's T Test

Student’s T test (t test) for independent sam@esparametric test used to compare two means
collected independently from one another. Itns of the most commonly used techniques for
testing a hypothesis on the difference between Eammgans. Simply stated, the t test
determines the probability that two populations taesame with respect to the variable tested;
the variable, in this case, the wavebands of @ew@gnetic spectrum. Thus, the spectral
responses of field measurements: seagrass and aatidaboratory measurements: seagrass
without sediments and seagrass with sediments tested using the t test to identify the
spectral differences within each waveband betweemups are “significant”.  Hence the
student’s t test was found to be appropriate ansl wged to compare the means of the two
seafloor types measured in the field and laboratoryThis aim was addressed testing the
following null hypothesis:

Ho = 2 3)

Ho: 1= pa (4)

Wherey, is seafloor type IR. oceanica; . is seafloor type 2, sangd;laboratory experiment
without treatment 1P. oceanica without sandy, is laboratory experiment with treatmént
oceanica with sand.

In testing the null hypothesis to determine whetherpopulation mean within wavebands are
equal for laboratory and field measurements, thgssic below was used:

n (%)

Wheres is the standard deviation of the sample amglthe sample size. The degree of
freedom used in this testrisl.

3.5.2 One Way Analysis of Variance (ANOVA)

One way analysis of variance was performed to coenpatween the spectral responses of both
laboratory and field measurements. The aim of ANDOVA test was mainly to visualize
statistically the spectral differences betweenlé®ratory and field measurements. The test
was chosen because direct visualization is noffantee tool for comparing all measurements.
In other words, the spectral variations within amdividual species (intra-species spectral
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variations) cause spectral overlaps which makegfitult to identify the spectral differences
between groups (inter-species spectral variatioith the naked eye. The application of
ANOVA test assisted to highlight poor locationsvatich p values were greater than(a =
0.05,a =0.01). Whereas, p values higher thaat some locations will indicate whether the
spectra of the seafloor types were very similan@se of them was statistically separable from
the groups. On the other hand, the p valuesthesstheo threshold will indicate that there is
statistical significance. The ANOVA test is thfere a rapid way to visualize the spectral
differences by demonstrating that spectral seplitsabesponses of seafloor types is likely at
certain spectral positions. The research hypighthat the means of reflectance between the
seafloor types in the field and the laboratory wstatistically significant at each measured
waveband was test viz the null hypothesis (6) \&tla alternative hypothesis (7):

Ho: 1 = 2= 3= s (6)

Ha: W #1 # L2 # U3 # s (7)

Where 4 is the mean reflectance valuesfobceanica, and |4, s |4, are the mean reflectance
values from sand, P. oceanic without sediment$Panceanica with sediments respectively.

In testing the null hypothesis to determine whetlte® mean spectral responses within
wavebands are equal for laboratory and field memsents, the F statistic was used.

Finally a Tukey HSD multiple comparison test wasf@ened to determine which means are
significantly different to other from other means.

3.5.3 Stepwise Discriminant Analysis

Discriminant analysis is a technique used to buldpredictive linear model of group
membership based on observed characteristics of emse. First, it proceed by testing for
differences among the dependable variable or graagrond, if the test supports the alternative
hypothesis of significant among groups, the analymioceeds to find the Fisher's linear
combinations (called discriminant functions) of thdependent variables that best discriminate
among groups. It generates function from sampfesases for which group membership is
known.

To determine the spectral separability of bottopes; canonical stepwise discriminant analysis
was performed in the SPSS software using the stdizéd discriminant and the unstandardized
identification functions, for both spectral libresiof seafloor bottoms. The canonical variables
were plotted for the spectral separability to shekere separability occurs between different
groups.
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A stepwise discriminant analysis was performed fom datasets to identify the variables that
would maximise differences between the statistipalups (between seafloor types) while
minimising within group differences at the samegim Stepwise analysis means that statistical
criteria alone determine the order of entry of ablé, depending on how much each variable
explains the variance. Therefore, Stepwise Disnant Analysis (SDA) is a selection method
that repeats the addition and removal of a featieach step. This process allows us to find
the best subset with which satisfactory discrimomator separability can be obtained.
Furthermore, a multivariate discriminant proceduwes performed using the variables shown by
the stepwise discriminant procedure to be significkr distinguishing between statistical
groups. The coefficients are used to assess thgilmations of the wavelength to the final
discrimination.

The stepwise procedure is ‘guided’ by the respediito enter and F to remove values. TFhe
value for the variable indicates the statisticajindicance by the separability or the
discrimination between groups. In this stude, Wilk's Lambda to determine the significance
of separability between the bands for the two tgrgeeasured.

Wilk's Lamda @)

Wilk’'s lamda is a multivariate test. It rangesvbeen 0 and 1. Values that are close to 0
indicate the group means are different, valuesectosl indicates that the group means are not
different and thus the alternative hypothesis cowitdbe rejected.

Finding the Important regions

After selecting bands by using the above discritimaprocedures, results were pooled in a
frequency plot. The bands were grouped to fornttspleregion with maximum frequency of
occurrence based on distribution and frequencycofimence.

3.6. Spectral Simulation

Several water constituents influence water colodese optically active components include
suspended matter, phytoplankton, and the diffeabsbrbing pigments, detritus and coloured
dissolved organic matter (CDOM) called GelbstoffThe mentioned components scatter and
absorb light in a different spectral manner resgliin a non linear relationship between their
concentrations and the reflectance of water.

To further asses the spectral discriminatiof.ofceanica, the Water Colour Simulator (WASI)
model was used to simulate spectra varying vagauameters listed in Table 1. The WASI is
a sensor- independent spectra generator and speethgzer with well documented calculation
steps and automatic result visualization. Forwamd inverse calculation for the spectrum
types at a range of at least 390 — 800nm with a &pectral resolution can be simulated and
analyzed using this model. The data provided witb model was determined at Lake
ConstanceBoddensee) (Gege, 2004; Heege and Fischer, 2004), a fregimiate which borders
Germany and Switzerland. The model was set forinmaenvironment and water quality
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parameters were adjusted to better reflect the fdednean water conditions. The water
parameters are as follows: concentration of Clploy) a, concentration of small particles.

The parameters and ranges are listed inahlke 2 below.

Water Description Ranges
Parameter
Ci Concentration of Phytoplankton Class 0.035 -0.089 ud
Cs Concentration of small particles <5mgl
n Exponent of Backscattering by small particles 0.665"
T Water temperature 17-25°C
Y Concentration of Gelbstoff 0.010 - 0.100
Constants Default Value
Ao Reference Wavelength for Gelbstoff absorption 440
As Reference wavelength for scattering of small pleic 500
b, Backscattering coefficient of saline waters 0.000%4
bos Specific backscattering for small particles 6.0dg™
Ko Coefficient of Attentuation 1.0546
B, BDRF of bottom reflectance (sand) 0.318'sr

Table 1: Water Quality Parameters adjusted in thedeh to reflect Mediterranean Sea
Conditions

For this study, forward calculations were simulafer remote sensing reflectance, JRn
shallow water were simulated to determin®.ibceanica is spectral distinct under the different
alterations of various parameters. The variabitifya spectrum is determined by up to 25
parameters, which could be seen in Appendix 2.e fhinee parameters altered for this study
were: depth, Gelbstoff CDOM, and sun zenith angl@éhese parameters are important to the
simulation of the spectra d?. oceanica as the alterations will determine the accuracy in
mapping the submerged vegetation(Duarte et al.7;2B0den et al., 2008; Kelble et al., 2005;
Kendrick et al., 2005; Vahtmae et al., 2006).

Optical properties of water have a major contritnutio the reflectance of the bottom type that
captured by the satellite or airborne sensor. ptleGelbstoff and Sun angle are important
factors that determine when, how and what will bptare by the sensor when the conditions
are appropriate. In shallow water, the opticaprties are very complex in comparison to that
of deep water (Mobley, 1994). Hence the depth lathvP. oceanica could be captured by a
sensor is important to know as these plant specesegressing and needs to be monitored to
be conserved. CDOM is a major absorber of lighvater and the concentration within water
will determine the amount of light that should bmitable for plants to photosynthesise.
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3.6.1 Parameters

Coloured Dissolved Organic Matter

The biological and optical characteristics of cahsind estuarine waters are complicated by
temporal and spatial variability in the concentas of coloured dissolved organic matter
(CDOM) and suspended particulate matter (SPM)spextral properties of pure water, and the
composition of phytoplankton photosynthetic pignsent The variability of CDOM
concentration in coastal waters is influenced by tirrestrial input, primarily composed of
humic acids produced from decomposition of platiediand organically rich soils within
coastal watersheds and upland areas.

One indicator of health in estuarine and coastalrenments is the ability to transmit sunlight
to planktonic, macrophytic and other submerged tadigm for photosynthesis. The
concentration CDOM (Gelbstoff) is a primary factaffecting the absorption on incident
sunlight in coastal and estuarine waters.  Ateaasmng level of concentrations, CDOM
absorption could affect primary productivity ancbggstem structure by reducing the amount
and quality of photosynthetically active radiatilfAR) to phytoplankton.  Additionally,
CDOM is the major ultraviolet light (UBA and UVB;8B- 320 and 320-400 nm respectively)
absorber within most if the global ocean surfadergl et al., 2007) and a significant fraction
of the visible light ( 400 — 700 nm) the marine ironments (Allali et al., 1995; Silio-Calzada
et al., 2008), thus depressing the water-leavid@rece recorded by the remote sensors.(English
and Carder, 2005).

P. oceanica is well adapted to eutrpohic waters than that l@gfotrophic zone. ( Alcoverro,
2001) determined the photosynthetic capacity?.obceanica in two contrasting nutrient zone
and found that the photosynthetic capacity was times higher in the relatively eutrpohic
zones. In eutrophic zones, light is the domimagtilator and there is a coherent patter between
light and photosynthetic capacities. Thus, itldooe said that light is the primary factor
influencing photosynthesis and depth distributibsubmerged plant (Duarte, 1991) suctPas
oceanica for growth and survival. Since CDOM is a majtasarber of light, how does the
variation in the simulation affect the remote saggsieflectance of seagrass and its ability to be
mapped. The range of CDOM concentration forNtegliterranean is known to be 0.0100 —
0.100 m' ( Siegel, 2005).  This range will be used to usgad the effect of CDOM
concentration will be varied to imitate eutroptreavironment using ranges adopted from
Mobley”s Light and Water, and thus determine at what concentration of CD®M. oceanica
spectrally distinct

Depth

The seagrass depth range refers to the maximunh degit seagrass could be found. Duarte
examined the depth limits of seagrass of many spemind showed that seagrass may extend
from a mean sea level down to a depth of 90 m (Bud®91). The differences in the depth
limit (zB) are largely attributed to the light atteation (K) underwater due to suspended solids,
chlorophyll a and dissolved organic matter. WHepth increases, light penetration decreases
because the irradiance within sunlit and sky litevalecreases exponentially with depth. The
light transmitted through water and its constitgefurther modify light entering the water
through processes of absorption and scatteringdeéaching the plant canopy (Larkum et al.,
2006; Maritorena et al., 1994). However this éehdent on the transparency and clarity of
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water and the concentration of constituents intager.  Once again, this depresses the water
leaving radiance received by the sensor. Thedigpelow demonstrates that as depth increases
the remote sensing reflectance decreases (Sc@5).2Hence the alteration of depth in the
WASI model will assist in determining at what deptR. oceanica could be captured to be
mapped using a airborne or satellite sensor.

P. oceanica maximum depth range is approximately at 45 mis known that at depth greater
than 4 m waters are significant attenuation bytegag and absorption by water constituents
further restricts light passing to and reflectirack from the benthos (Dekker, 2002). Could
the pigmented related spectral featureB.adceanica within the visible wavelengths be distinct
from other seafloor beds at depths greater thar?4 Imthe model the depth parameter was
varied from 5, 10, and 15 - 20 m to approve or migp thatP. oceanica is spectrally distinct in
deep waters. A spectral discriminant analysgoise using the simulations to determine which
wavebands can be used to idenBfyoceanica. At an appropriate depth at which the spectral
discrimination could still be determined for mapgin
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Figure 9: R of seagrass underwater measurement at various deygasured by a remote operated
vehicle (ROV), equipped with a SPECTRIX sensors. gufd adopted from (Farmer 2005).

Sun Zenith Angle

The computation of R involves radiance in all diimts (Mobley, 2004). However, above
water remote sensing reflectance of optically simallvaters is done for a limited range of solar
zenith angles (Mobley, 2004, Valta-Hulkkonen eli. 2804) and the BRDF effects on the water
leaving radiance, or equivalently on the remotessgnreflectance, for solar angles is relevant
to remote sensing.
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Bidirectional reflectance distribution function (avonchick et. al, 2000) describes the
reflectance of a target as a function of the vignamd illumination geometries, expressed un
terms of four angles: the solar zenith angl, (solar azimuth anglep), sensor zenith anglé (

) and sensor azimuth angke (). The magnitude of bidirectional effects depend the sun
target —sensor geometry, wavelength and the pHysieaacteristics of the target. For this
study, solar zenith angle will be altered to inigete whether the changes in the sun angle
contribute to the differing spectral reflectancédaour. This will determine the best time of
the day at which imaging could be performed.

Table 2: Table of the WASI parameters used in the forwaodl@hfor simulatiorP. oceanica
seagrass and Carbonate Sand

Scenario Parameter Ranges
Depth 4,9,20
CDOM 0.010 - 0.100
Sun angle 35 -45
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4. Results

4.1. Spectroradiometric measurements of Seafloor Ty  pes

Clear separation was observed between the mean) Ebtral signatures for the seagrass and
sand spectral signatures for the samples measumakural condition; whereas, for laboratory
measurements, the spectral measurements are yisimailar as can be seen in Figure 10. The
reflectance spectra of sand had the highest rafieetvalues and they show the least variation
in the shapd-igure 10 The seagrass spectra, on the other hand ha leflectance value
compared to the sand spectra. This is an inditatiat the bare sediments could be easily
separated from the other bottom types on the lodsigghtness alone.

Seagrass reflectance spectra displayed a reflectamnimum at approximately 670nm, a

feature related to the presence of chlorophyll . + This reflectance minimum is exhibited

weakly in the sand spectra indicating the preseafideenthic micro algae within the substrate.
The reflectance of sand and seagrass were dissimgolie as they were no overlap of spectral
signatures throughout the wavelength.

Graph of Field and Laboratory Measurement of Seaflo  or Bottom

1 ¢ P. oceanica
0.9 - = P. oceanica w/out sediments
’ P. oceanica w/ sediments
0.8 - Sand
Reflgctance (R)
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0.2 -
0.1 - DA O ,@m
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Figure 10: Mean apparent reflectance spectra af aad seagras®.( oceanica).
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4.2. Underwater Spectral Signatures

4.2.1 Posidonia oceanica

The mean of the spectral signaturePokidonia oceanica measured underwater are shown in
Figure 7. The sorbet absorption features coaldliserved around 490nm and 668nm, while
reflectance peaks were observed at wavelength 52%0n618 nm with the centre being at
568nm. P. oceanica peaks at the longer wavelengths in the visibléoregand the red- edge
feature for thén situ spectra was lost due to the strong attenuatiornvandlow signal recorded
at these wavelengths. Similarities are obsenetdden thén situ measurements taken at Agia
Pelagia andn situ reflectance (Rf) of (Maltese et al., 2008) whieais conducted in Stagnone
di Marsala Lagoon, on the west coast of Italy imser of 2007.

Eventhough, the shape of the situ spectra measurements Bf oceanica are similar, the
reflectance (Rf) of Maltese study is relatively litg than the spectral reflectancdPobceanica
for this study. Factors that contributed to differences in spectral signature Rfoceanica
will be discussed later.

Underwater Spectral Signature of P. oceanica
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Figure 11: Graphical illustration of underwater speatnabsurement of submerged oceanica
(blue line ) adapted from literature (Maltese et. 28D8) and the averageflectance ¢
submergedpP. oceanica (green line) at 1.5m depth measured at Agia Pelagéte Cr

4.2.2. Carbonate Sand

The mean of the sand spectra was higher than the neflectance dP. oceanica. The sandy
bottoms studied during our field experiments werlatively bright white sand (Maritorena et
al., 2004). Thus, thin situ measurement of carbonate sand had higher refactamues in
comparison td°. oceanica.

In figure 12 below, the sand spectra taken in Rgéagia is compared to bottom albedo of sand
at the depth of 1.5m done in US Virgin Islands @éwl and LeDrew, 2001). Measurements at
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the top-of-water column and underwater were coretlitt evaluate the effect of water column

on bottom type identification and detection of énhabitat. Carbonate sand has a very high
reflectance, with minimum value of 5% at 350 nm asaching maximum values of 34% at the

highest peaks for both underwater signatures (gnelyblue lines in Figure 12) at 570 nm. The

factors that influence the spectral signature afeuwater environment will be discussed later.

Underwater Spectral Signature of Sand
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Figure 12: Comparison of measurement taken at top of atmosphere (islask bottom for
water column (gray lines) and measurement taken from Rgjliagia (blue line).

4.3. Student t Test

The seafloor types under study were statisticatipicant at the spectral bands, with a 95%
confidence level (p value < 0.05). The resuftthe Student t test (p values) for all spectral
bands were plotted in Figure 9. The reflectan@ep of sand and seagrass measured in the
field was also drawn in the figure to show the ganim of both spectral signatures collected by
the spectrometer. The total number of spectmatibdhat had p values less than 0.05 was 162
bands, of which 161 bands had a 99% confidencé (pwealue < 0. 01). The exceptions were
located in the red (696 — 703 nm) and the neariieft region (862- 962 nm) as there were
overlaps of both spectral measurements at thegmnseg

T test was also performed to compare the meanabmfrdtory measurements and laboratory
measurements. The t test Raroceanica with sediments versu& oceanica without sediments
was performed. The number of spectral bandshth@ia p value less than 0.05 was 123 bands,
whereas 122 of these bands had a 99% confidenek(fevalue <0.01). The exceptions were
once again, located in the red and infrared regibthe electromagnetic spectrum. Seagrass
with sediments had higher reflectance values thahdf seagrass without sediments. We can
conclude that the visible region of the spectrutthésleast affect by the attenuation of water and
most appropriate to use for analysis.
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Independent Sample T Test for Field Measurements
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Figure 13: The results of the Student t test (p values) fosméctral bandand the reflectance
spectra of sand and seagrass measured in the field.
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Figure 14: The results of the Student t test (p values) icspectral bandand the reflectance
spectra of sand and seagrass measured at thettaipora
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4.4, One Way ANOVA Test

The result of the 170 ANOVA test (p values) for glectral bands were plotted in Figure 10.
The measured spectra IBf oceanica with and without sediments were statistically eliéint at
most of the spectral locations, with a 95% confaelevel (p value < 0. 05). The F values of
the test are greater than F critical value, 2.68.@85 confidence level which clearly indicates
that differences between the field and laboratoeasarements exists. The Tukey HSD post
hoc illustrated statistical difference between paneasured at different wavebands.

4.5. Stepwise Discriminant Analysis

The multivariate stepwise discriminant analysishef seafloor types of the spectral library
produced a list of wavelengths that better diserant the variables with a significance of 95%.
(See selected bands in Figure 15; see Stepwisgtistain Appendix 3) These selected
wavelengths differ significantly between seaflogres.

Selected wavelengths: 328, 408, 448, 482, 606, 7&#5 856, 952

By visual inspection of the spectral curves, thst B wavelengths: 786 nm, 856 nm, 952 nm is
not considered valid because it is in the uppegeaif the NIR region of the spectrum and

penetration of light is very low, thus there isoa of noise distorting the reflectance curves.
However, the other wavelengths are known to beimwithe blue and green regions of the

visible spectrum and are the two ranges that aeel us study features that are usually
submerged by water.
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Figure 15: Mean reflectance spectra of seafloor bottoms with ssdebands (black lines) for spectral
discrimination
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The first canonical discriminant function was ugethe analysis and 100% of the variance was
explained. (See selected bands in Figure 15; tpavie statistics in Appendix.3)Fisher’s

linear classification functions shows that using émly function, wavelength 448 nm shows the
highest coefficient ( - 553.997) of classificatiimm P. oceanica and for sand (3297.553) and to
a lesser extent but also important to discrimisagewavelengths 328 nm, 408 nm, 486nm and
606 nm.

Table 3: Fisher's linear classification function coefftients

Seafloor Type
Wavelength Posidonia oceanica Sand
328 944.06( 1864.18%
408 -475.46§ -2573.04%
448 -553.99] 3297.55
482 603.255 -1702.271
606 -80.575 103.874

Thesecoefficientare statistically significant as is observed fribva Wilk’'s Lambda,
thus we reject he null hypothesis as there isssiily significance between the two
seafloor types at a depth of 1.5m. Using theseeieagthsP. oceanica can be
discriminated from other seafloor types.

4.6. Spectral Simulation

Parameters

The WASI Model simulations for seagra$, oceanica and carbonate sand were simulated
using the scenarios mentioned in Table 2. Thedig figures below demonstrate visually the
differences between two seafloor types.

Difference in reflectance was not apparent immetliatvhen the sun angle was altered.
However, from the Figure 15 and Table 2, at 35° 3enith angle the reflectance of both
seafloor type was at its maximum value of 2.5 %eotédnce and as the zenith angle increases at
40 ° and 45° ( Appendix 5) there was little varidpiobserved in the reflectance of the seafloor
bottoms where reflectance where less than 2%.

Additionally, these reflectance values at thesezanith angles were due to its interaction with
the presence of CDOM or lack thereof. = When CD@alues were low the reflectance of
seafloor was at its maximum and vice versa. Tbegethe interaction with the said parameter
has an influence on the reflectance at the vai$ds presented.

The maximum depth range tHRtoceanica was found to be at 45 m (Duarte, 1991). However,
for simulation the maximum depth of 20m depth whsosen as the maximum as the model
outputs remain constant after 20m.
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Figure 16: Simulated Spectra &. oceanica and Carbonate Sand at 35° sun zenith angle

Table 4: The parameters involved in the simulated spectra and iisonim and maximum values of
reflectance of the seafloor types

Parameters P. oceanica Sand
Spectrum| Gelbstoff (m™ | SZA(°) | Minimum | Maximum| Minimum | Maximum
BO1 0.01 35 0.00006189 0.0248)/ 0.00006189 0.02487
B0O4 0.055 35 0.00006189 0.01795 0.00006189 0.01795
BO7 0.1 35 0.00006189 0.0162 0.00006189 0.01662
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Even though the sun zenith angle the effect ofstiie angle was not visually evident in the
reflectance of the seafloor types, when depth alimsed the reflectance of the seafloor was
adversely affected @ oceanica had lower reflectance value in comparison to caal® sand.

Simulate Spectra of P. oceanica and Seagrass at 4m depth
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Figure 17: Simulated Spectra #. oceanica and Carbonate Sand at 4m depth using 35° sun zenih ang

Since 35° degree zentih angle was determine th@ppate angle to attain the presumbly good
refelctance values for the seafloor types, this $&& used as a constant. On the other hand,
the CDOM range (0.010 -0.10 hremained the same as it was appropriate for tiondi
representative of the Medetranean Sea. The 8Aaris demonstrated in Appendix 5.

Table 5: The parameters involved in the simulated spectra andiiisnonin and maximum values of
reflectance of the seafloor types at 4m depth

Parameter P. oceanica Carbonate Sand
Spectrum Gelbstoff (1) | Depth (m)| Minimum Maximum Minimum Maximum
B0O3 0.01 4 0.000703 0.04485 0.0007Q3 0.04637
B06 0.055 4 0.000703 0.04657 0.000703 0.04637
B09 0.1 4 0.000703 0.04466 0.000703 0.000703

At 4 m depth, reflectance d®. oceanica was at its maximum with 4.7 % (Table 4) and
continuously decreases to 0.08 % (Table 5) at 20ifhe simulated spectra & oceanica
demonstrate that with greater the depths the tafiee value decreases. The variability of
reflectance seen in the green region is slightigdeayt and eventually disappears in the red and
near infrared regions as water and it optical pribgee attenuates light which decreases the light
penetration. As result of decreased variabilitg to the interaction with the optical properties,
the simulated spectra overlap to such an extehspetral discrimination is unlikely.

As can be observed, the simulated spectR ofeanica at this is masked by the carbonate sand
simulated spectra. The influence of the bottobded is apparent in the simulation of the
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model and thus overshadows the pigmentation ofpthat which is absorbed rather than
reflected back to the sensor (Pinnel, 2003). Ineluplix 6 where the depth is lower, overlap of
spectra is not visible.

Simulate Spectra of P. oceanica and Sand at 20m Depth
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Figure 18: Simulated Spectra &. oceanica and Carbonate Sand at 4m depth using 35° sun zenith angle

On the other hand, at depth of 9m, reflectanceesahire lower, less than 1% (Table 6) perhaps
when compared to the reflectance simulated at Avertheless, the variability exhibited from
the pigmentation due to chlorophyll content withfre angiosperm, is apparent from both
seafloor types as seen in Figure 18.

Table 6: The parameters involved in the simulated spectra and iisonim and maximum values of
reflectance of the seafloor types at 20m depth

Parameter P. oceanica Carbonate Sand
Spectrum | Gelbstoff (i) [ Depth (m)|  Minimum | Maximum Minimum Maximum
BO3 0.01 20 2.8E-06 0.000804 0.000002797 0.000804
BO6 0.055 20 2.8E-06 0.000804 0.000002797 0.000804
B0O9 0.1 20 2.8E-06 0.000608 0.000002797 0.000608
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SSimulated Spectra of P. oceanica and Carbonate Sand at 9m
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Figure 19: The parameters involved in the simulated spectra amdairiisnum and maximum values of
reflectance of the seafloor types at 9m depth

When evaluating whethé?. oceanica remains distinct within adverse conditions withreased
CDOM, it resulted in a low reflectance value. kwstance, at 4m depth when the CDOM was
0.10 m™ the percent reflectance of tHe oceanica decreased by 3 percent with 4.4 %
reflectance. The concentration CDOM (Gelbstfy primary factor affecting the absorption
on incident sunlight in coastal and estuarine vgater Hence may disrupt the abilities of
mapping submerged vegetation when using remoténgens

Table 7: The parameters involved in the simulated spectra andiiisnonn and maximum values of
reflectance of the seafloor types at 9 m depth

Parameters P. oceanica Sand
Spectrum| Gelbstoff (m™) | Depth (m)| Minimum Maximum| Minimum Maximum
B3 0.01 9 | 0.000002797 0.000806| 0.000002797 0.00162
B6 0.03162 9 | 0.000002797 0.000608| 0.000002797 0.00162
B9 0.1 9 | 0.000002797 0.000608| 0.000002797 0.001383
4.7. Stepwise Discriminant for Spectral simulation

The multivariate stepwise discriminant analysishef seafloor types within the depth of 4m

produced a list of wavelengths that better diserant the variables with a significance of 95%.
(Stepwise statistics in Appendix 4) These seleatadelengths differ significantly between
seafloor types.

Selected wavelengths: 445nm, and 485nm

However, the Wilk’'s lambda at 445nm is 0.924 anfirMB is 0.864. These values are near to 1
which indicates t hat the groups’ means at theseel@agth are not different. Eventhough, the
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canonical function explains 100% of the varianbest values may cause some error when

classifying as there is loss of signal and lightgieation decreases.
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Figure 20: : Mean reflectance spectra of seafloor bottoms withcsetl bands for spectral discrimination
for adverse conditions at 4m depth (blue lines) and 20 nindegat lines)

To determine iPP. oceanica was distinct under adverse condition, Stepwiseriiisnant
analysis selected the following wavelengths aedéht depths. At the highest depth 20m, 3
wavebands were selected: 382 nm, 412 nm, and 7#8hereas at 4 m, 445nm and 485 were
chosen (Table 8). These are the wavelength at vhiobeanica is distinct in adverse

conditions.

Table 8:Fisher's linear classification function coefficiats at 4 m depth

Seafloor Type

Wavelength Posidonia oceanica Sand

4m
445 434.358 1165.01
485 -316.63( —830.SSI
(Constant) -1.831 -11.911

20m
382 79.14( 3041.947
412 -52.722 -1952.63%
773 -13.394 -641.804
(Constant) -.705 -22.653
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5.Discussion

Spectral Discrimination of in situ spectral measurements

Monitoring the density and distribution of benthiegetation is valuable for monitoring and
management of coastal areas (Holden & Ledrew, 2@83here is a critical requirement for
information to promote and support ecosystem managée (Phinn, 2006). The use of remote
sensing methods for discriminating seagrass speeaiede a consistent and objective means in
mapping large areas for monitoring purposes (Ho&émdrew, 1998) but only if the spectira

situ species are distinct.

5.1. Spectral Description

The goal of this study was to determine whetherenneter bottom reflectance measurements
performedin situ close above patches of seagrass contain usefuiviafion for discrimination.

A comprehensive library of two seafloor types wasdpced, where the spectral signatures of
each seafloor type was produced.

The reflectance spectrum of the seagrass speRiesceanica was found, and as expected,
spectrally distinct from other seafloor types. chmtrast to the other seafloor type, saRd,
oceanica displayed the absorption features characterigtibespectral property of green plants
that contain abundant chlorophyll. On the othemd) differences in the spectral signatures of
seagrasi situ and laboratory as shown in Figure 10, was noppaigent. For example, at the
green reflectance peak (540 — 560 nm) and the lbedrption trough (670 — 680), they all
exhibited the same spectral property of green plarithe reflectance difference is attributed to
mainly to the presence of varying proportions andgfmcentration of pigments such @kl a
andChl b and a range xanthophylls and carotenes/ carote @itkdson et al., 2009; Merzlyak
et al., 2003) In the blue region of the spectrum, absorptioouos from chlorophyla andb
and a range of caroteniods that extend absorptighdrter wavelengths of the visible spectrum
(Blackburn, 1998) The influence of individual pigments on reflectania the blue region
cannot be observed in the spectral signatur®s odeanica, thus the observed differences in the
visible spectral reflectance between Eh@ceanica and carbonate sand is attributed to the total
and relative concentrations of chlorophyll, caroids and accessory pigments in their leaves.
Additionally, in the blue wavelengths, remote segsdf benthic vegetation is impractical and
because of sensor sensitivity is low, atmosphdfects are large and algal pigments, organic
matter and detritus all absorb light.

Additional significant influences on the seagrasflectance spectra are vegetation (patch)
density, canopy openness and the amount form aentation of leaves. The discrimination of
P. oceanica using remote sensing relies upon differences eénntlagnitude if both pigment and
structural characteristics as measured or seeraturies of their absorption spectra (i.e. the
depth and width of absorptions troughs or heigtd ahape of reflectance peak®urako,
2007). P. oceanica at Agia Pelagia grew from 1- 5m depth in a fairfyiform patches (1- 3 m
diameter), thus accurate discrimination based @ rttoderate differences observed was
feasible.

In studies of discrimination of terrestrial plapesies, the largest differences in reflectance have
been recorded in the near infrared (NIR) and steréninfrared (SWIR) wavelength (Cho and
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Skidmore, 2006; Cho et al., 2008; Skidmore et2005; Sobhan, 2007). However, for the
remote sensing of aquatic plants, it is limitedhe visible wavelength where light penetrates
the water column and reflected back to sensor.e éffects of water column absorption are
most noticeable at the wavelength longer than 720mtthough NIR reflectance can be useful,
the visible wavelengths (400 — 700 nm) are lesnatited by water column and thus were used.
Therefore, the discrimination of spectral signatumd seagrassP. oceanica species in
comparison to sand were clearly distinct over wielgions of the visible wavelength of the
spectrum as can be seen in Figure 10.

P. oceanica subsurface reflectance at 1.5 depths had sligother reflectance compared to
Maltese 2008 study in both the visible and neanaied parts of spectrum as seen in Figure 11.
There are a number of factors that contributedhéodifferences in reflectance. The presence
and concentration of these photosynthetic and aoccgpigments will vary because of genetic
variation, seasonal cycles, stage of growth, heafth environmental conditions (Alcoverro,
2001).

Furthermore, spatial and temporal variations ghtliand nutrient availability, as well as
temperature, salinity and degree of water movenagotund plant will influence growth,
photosynthesis and therefore the spectral respafrtbe seagrass(Fyfe, 2003)

P. oceanica is a temperate seagrass and hence exhibit sigmifiseasonal fluctuations
controlled by factors such as solar energy, irmrackaand temperature (Alcoverro et al., 2001;
Marba et al., 1996). These factors play an ingrdrtole in shallow environments where light
availability is high.  Previous studies demortstlastrong seasonality & oceanica growth
with a summer maximum and a fall minimum (Alcoveetoal., 2001; Alcoverro et al., 1995).
The seasonal fluctuations are demonstrated indftectance values of situ measurement of
P. oceanica taken in May, 2007 by Maltese and October, 2009hus it can be conclude that
the difference in the reflectance value is becafsthe seasonal variability and the growth
dynamics of this temperate species correspondinbedemporal variation aforementioned in
relation to the availability of light.

Seagrass support a species rich community of efiipbsganisms. Epiphytes include a diverse
array of micro algae, bacteria, juvenile macro-algad sessile invertebrates.  Epiphytes are
likely to have an influence on above surface rédlece if present on leaf surfaces as they can
mask reflection to an extent while contributingittvn absorption and reflectance features to
the spectral response (Fyfe, 2003; Fyfe and Da0@i87; Maltese et al., 2007). In the patch of
seagrass measured, there were leaves covered pithytes. However, the influence of
presence of epiphytes on the presence was notdemadi An assumption was that the
percentage cover in the field of view of sensor gi&en leaves and the epiphyte covered leaves
had a lower percentage and thus having little @xfte on the reflectance Bf oceanica.

Whereas, carbonate sand, had high reflectancewvatucomparison to thle. oceanica due to
the presence of highly reflective calcium carbondta a smooth ascending slope from short to
long wavelength (Maritorena, 1996; Maritorena et &b94). However, the reflectance of
carbonate sand in Figure 13 shows the combinedtadfeabsorption by calcium carbonate sand
grains and chlorophyll in benthic microalgae. Tigments existent within the microalgae is
largely responsible for the spectral absorption agfectance and determines the overall
spectral shape of the reflectance (Hochberg e2@03; Stephens et al., 2003).
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The effect of microalgal communities on the reféexte of carbonate sand in the shallow marine
environments was evident in the spectral shapedid dips at 678 nm for chlorophyland
478 nm for the caroteniods (Louchard et al., 2Q@®ichard et al., 2003; Platt, 1995; Stephens
et al., 2003). Reflectance could also be affebtethe grain size (Hiroi and Pieters, 1992) with
larger grains reflecting less light than smalleaigs. Thus, the grain size might have been
responsible for some of the difference in the mtagle of reflectance seen in Figure 13.
Similarly, to P. oceanica, majority of the reflectance was lost when propegahrough the
water column.

5.2. Spectral Discrimnation Analysis

The application of spectroscopy in species diseration is widespread both in the laboratory
as well as field campaigns (Call et al., 2003; Sdieind Skidmore, 2003; Sobhan, 2007). The
high spectral resolution is useful for capturingl aliscriminating subtle differences in different

targets. However this study has shown that sgeadiserimination of submerged vegetation is a
possibility. However, due to numerous bands ablElathere is redundant information at band
level (Schmidt and Skidmore, 2003; Sobhan, 2007hree statistical methods namely:

Student’'s T test, ANOVA, and Spectral discriminamialysis was able to identify important

sections of the spectrum to discriminBteoceanica from carbonate sand.

The Student's T test was a method looks at eackvishl band separately to find the
differences in each pair of combination betweenithgtu data and the laboratory data. The T
test 162 bands had a p value less than 0.05 amdtls®5% confidence the bands within the
visible region of the spectrum were statisticallgngficant between the two seafloor types
indicating that they differ from one another. hetlaboratory analysis the spectra were also
statistically different in their spectral responseANOVA test also tested the individual bands,
but this time considering both situ and laboratory data, where statistical signifiean@s one
again determined between pairs which was showmat Roc Tukey test; whereas, the stepwise
discriminant analysis is a selection process whimhmsiders the whole spectrum to identify the
most discriminant band.  These results not ondlicate the potential to discriminate these
seafloor types but also provide information abbetltands that discriminate best.

The results clearly illustrate the relative impada of using different parts of the visible
spectrum for discriminating the seafloor types. aA®sult, it can be hypothesised that spectral
responses of leaf pigments contain more specti@nration for discrimination. This is due to
the presence of pigments in seagrass species addcththereof in carbonate sand. A relative
comparison, with a study by (Hochberg and Atkins®@00) shows that although our results
does not coincide fully with their findings, a gealetrend does exist. Moreover, these
differences largely remain confined to the wavelsahthe visible range of the spectrum.

The selected bands from the stepwise discriminaalyais demonstrate a distribution pattern
along the wavelength: 328nm, 408nm, 445nm, 4481@2nrh, 485nm, and 606nm demonstrate
(1) the power of discrimination of these specteglions without the involvement of algorithms
(2) different methods may not identify exactly #@@me bands, but a similar discriminating band
does exist within close proximity even in the adeetondition which may exist from one place
to another. These bands selected had the highestber of frequency which is important in
discriminating benthic/submerged environments.
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The 52- and 14-wavelength subsets used in classitication analyses

52-wavelength subset [4-wavelength subset
400, 401, 405, 406, 407, 409, 411, 417, 406, 430, 454, 467, 480,
420, 421, 427, 429, 431, 434, 438, 441, 499, 507, 529, 540, 577,
445, 451, 455, 457, 4066, 470, 481, 497, 602, 608, 643, 684

499, 508, 509, 528, 540, 541, 559, 565,
371, 576, 579, 5383, 399, 601, 609, 611,
629, 639, 644, 651, 666, 670, 678, 679,

Table 9: List of wavelength subsets identified by stepwise seleets those wavelengths without
redundancy, provided the greatest separability used by Haltthedrew (2003) to classify coral reef
bottom types including carbonate sand and seagrass.

5.3. Remote Sensing of P. oceanica using MERIS

The feasibility of advance technology has madeadsible to design a satellite sensor with the
pourpose of addressing specific questions to iallgrotection of coastal zone ecosystems.
The simulated spectrum was portrayed on a satalitesor, Medium Resolution Imaging
Spectrometer (MERIS). Some of the selected wagghanfor the spectral discrimination Bf
oceanica coincided with the spectral bands of the MERISseen Thus it can be used to map
P. oceanica beds.

This sensor was designed for mapping oceanic coemgsrsuch as water constituents and other
properties with the marine environment. Howevehgis the potential to map seagrass beds and
the spectral bands correlate with the discriminbabds selected foP. oceanica. (See
Appendix 7)P. oceanica meadows growing in very oligotrophic environmerds be explained

by the addition of two strategies: the high leaidevity which allows a significant internal
cycling of nutrients from senescent leaves, ahd formation by the canopy of a nutrient rich
water layer which largely increases the nutriemtilability for the meadow during periods when
nutrients are virtually absent of the column. RAiddally the Cretan Sea is an extremely
oligotrophic system. This conclusion was basedyomary production rates whose reported
values are among the lowest reported from the eeiediterranean (Danovaro et al., 1994).
The results of this study clearly confirm that #hés extreme oligotrophy in the Cretan Sea.
Additionally the most evident characteristic of sthioligotrophic environment is the
predominance of the smaller particles.

The parameters within the model were assumed théeonditions of the Mediterranean Sea
and it outputted spectral bands that are able goridiinateP. oceanica from other seafloor
types. However, when classifying using the spéttaads, sub pixel needs to be taken into
consideration. The MERIS sensor has pixel FOV.019° whereas, the TRIOS has an FOV of
8.7cm and this may cause mixing of pixel as themtade of the pixel differ from the sensor
used to collect the ground measurements. The&refonmixing methods for pixel will be
relevant to map P oceanica using the MERIS sen3dws, high classification accuracies could
be achieved for general bottom types sucB.ageanica.
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5.

Conclusion

This study was able to answer the research quedtorP.oceanica spectrally distinct from
other seafloor types? The answer is yes. Thisystaidhed to evaluate the spectral
discrimination ofP. oceanica from other seafloor type using Student t test, AMOand
stepwise discriminant analysis. For the Studéesttand ANOVAP. oceanica was statistically
significant from other seafloor types in the visilbegion of the spectrum. In addition, a better
understanding has been gained about those patte efectromagnetic spectrum that is relevant
in mapping and detection submerged vegetation eafio®r types.

With high spectral resolution for imaging and nomaging spectroscopy discrimination Bf
oceanica from other seafloor types is possible. Therefdine, TRIOS Ramses sensor was a
reliable sensor, as it was able to detect the pigatien of aquatic plants and is able to
differentiate the seafloor bottoms.

The stepwise discriminant analysis found wavebavitts the common regions in the spectrum
with better discriminating properties. Thus, owsults have shown that seven spectral
wavebands of the visual spectrum yielded the higtlissriminatory properties fdP. oceanica

at depth various depths.

In shallow and/or clear waters accurate reflectafgaglants canopies measurgdsitu can be
retrieved, providing that additional measuremeritsvater column optical properties are also
made using the WASI Model.

The WASI model was able to output simulated spectraP. oceanica which remained
spectrally distinct at varying depths and undereasky conditions.

This study has found that the measurement of aafjose bottom is extremely repeatable. The
reflectance measured situ and in the laboratory was consistent in shapenaagnitude with
those reported by other researchers using a simiginodology (Hochberg & Atkinson, 2000;
Holden and Ledrew, 1998, 1999; Maritorena et.18194) attains bands with close proximity.

Remote sensing using the Medium Resolution Ima§ipectrometer (MERIS) is feasible as the

bands selected corresponds to the spectral wavelminde MERIS sensor. However to attain

high classification accuracies, unmixing of subepiis necessary as the magnitude of the pixel
between what is captured by the sensor and wina¢désured from the ground differ.
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6. Recommendation

For this study, the stepwise discriminant analysis used. | would recommend that derivative
analysis be done to determine specific wavelengthcampare them with this study.

The images that were provided from fieldwork wend feasible to use as the image did not
consist of any seagrass beds. Thus | would recomntgat a study be done to classify an
image using the waveband selected using both tfeatige and stepwise discriminant analysis.
Then compare the accuracies of both maps.

More adverse conditions should be explored conisigehe suspended sediments at high levels
in the water and determine the effect of suspemsaédiments on the effect of health and growth
of P. oceanica.
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8. Appendices

Appendix 1: The Institute of Aquaculture, HMCR, Crete Greece. The
laboratory measurement was carried out. (B) The sahdpghe data
collection of spectral measurementsPobceanica
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Appendix 2: Table of Parameter used in the WASI Model

Symbol WASI Units | Description

G Cli] ug|™ | Concentration of phytoplankton class

C. CL mg I' | Concentration of small particles

Cs C_S mg ' | Concentration of small suspended particles

X C X m’ Concentraton  of  non-chlorophylloys
particles

Y CY M Concentration of Gelbstoff

S S Nm' | Exponent of Gelbstoff Absorption

n n - Exponent of backscattering by small partidles

T T W °C Water Tempreture

f f Proportionality factor of reflectance f('
factor)

Q Q sr Anisotropy factor (“Q factor”)

0 oun Sun ° Sun zenith angle

0 view View ° View angle (0 = nadir)

c Sigma_L | - Reflection factor of sky radiance

v Nue Exponent of aerosol scattering

o Alpha - Fraction of irradiance due to direct sdlar
radiation

B Beta - Fraction of irradiance due tomolecule
scattering

y Gamma - Fraction of irradiance due @erosol scattering

6 Delta - Fraction of irradiance due tdoud scattering

o* Alpha_s | sr Fraction of radiance due to direct sojar
radiation

B* Beta_s s Fractionof radiance due tonolecule scattering

v Gamma_9q st Fractionof radiance due taerosol scattering

o* Delta_s s Fractionof radiance due taloud scattering

fn f(A) - Areal fraction of bottom surface types na.

=0

55



Appendix 3: Tables from the discriminant analysis for he spectral library of seafloor bottoms

Stepwise Statistics

Variables Entered/Removed *°¢
Wilks' Lambda
Exact F

Step | Entered |Removed| Statistic dfl df2 df3 Statistic dfl df2 Sig.

1 448 277 1 1| 164.000| 428.440 1| 164.000 .000
2 736 .159 2 1| 164.000| 432.110 2| 163.000 .000
3 849 .129 3 1| 164.000| 364.568 3| 162.000 .000
4 482 .120 4 1| 164.000| 295.650 4( 161.000 .000
5 408 .082 5 1| 164.000| 357.145 5| 160.000 .000
6 318 .077 6 1| 164.000| 315.725 6| 159.000 .000
7 849 .078 5 1| 164.000| 378.442 5| 160.000 .000
8 856 .074 6 1| 164.000| 330.177 6] 159.000 .000
9 328 .071 7 1| 164.000| 293.554 7| 158.000 .000
10 318 .072 6 1| 164.000| 343.994 6| 159.000 .000
1 952 .069 7 1| 164.000] 304.999 7| 158.000 .000
12 606 .066 8 1| 164.000| 277.718 8| 157.000 .000
13 786 .064 9 1| 164.000| 252.729 9| 156.000 .000

At each step, the variable that minimizes the overall Wilks' Lambda is
entered.

a. Maximum number of steps is 384.

b. Minimum partial F to enter is 3.84.

¢. Maximum partial F to remove is 2.71.

d. F level, tolerance, or VIN insufficient for further
computation.

Appendix 4: Tables from the discriminant analysis forthe spectral library of seafloor bottoms at

4m
Step Tolerance F to Remove Wilks' Lambda
1 @445 1.000 5.743
2 @445 .003 5.389 .931
@485 .003 4.815 .924
Variables Entered/Removed "¢
Wilks' Lambda
Exact F
Step Entered | Statistic dfl df2 df3 Statistic df1 df2 Sig.
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1 @445 .924 1 1 70.000 5.743

2 @485 .864 2 1 70.000 5.436

70.000

69.000

.019
.006

At each step, the variable that minimizes the overall Wilks' Lambda is entered.

a. Maximum number of steps is 320.
b. Minimum partial F to enter is 3.84.
¢. Maximum partial F to remove is 2.71.

d. F level, tolerance, or VIN insufficient for further computation.
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Simulated Spectra of P. oceanica and Carbonate Sand at
(409 Sun Angle
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Wavelength (nm)
Parameters P. oceanica Carbonate Sand
Spectrum | Gelbstoff (m ™) | Sun Zenith Angle (9 | Minimum Maximum Minimum | Maximum
B2 0.01 40 | 0.00006841 0.0186 | 0.00006841 0.07186
B5 0.055 40 | 0.00006841 0.01789 | 0.00006841 0.01789
B8 0.01 40 | 0.00006841 0.01656 | 0.00006841 0.01656
B3 0.01 45 | 0.00006867 0.018 | 0.00006867 0.018
B6 0.055 45 | 0.00006867 0.01784 | 0.00006867 0.01784
B9 0.01 45 | 0.00006867 0.01649 | 0.00006867 0.01649

Appendix 5: The graph and parameters of simulated spectiPa afeanica and Carbonate sand at 40 and

45 °SZA
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Simulated Spectra of P. oceanica and Carbonate Sand  at
0.5 m and 2 m depth
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Wavelength (nm)
Parameters P. oceanica Carbonate Sand
Spectrum | Gelbstoff | Depth | Minimum | Maximum | Minimum | Maximum
BO1 0.01 0.5 | 0.000707 | 0.02846 | 0.000705 | 0.08334
B02 0.01 2.25 | 0.000703 | 0.04166 | 0.000703 0.0512
B0O4 0.055 0.5 | 0.000707 | 0.02817 | 0.000705 | 0.08266
BO5 0.055 2.25 | 0.000703 0.0415 | 0.000703 | 0.05101
BO7 0.1 0.5 | 0.000707 | 0.02788 | 0.000705 | 0.08199
BO8 0.1 2.25 | 0.000703 | 0.04013 | 0.000703 | 0.04933

Appendix 6: The Graph and Table showing the conditions of Simulatedrspaict.5 m

depth .
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Remote Sensing reflectance of P. oceanica at 4m Dep th from MERIS Satellite Sensor
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Appendix 7: Remote sensinrefleciance of P. oceanica at varying epths with the waveband:
selection from the Stepwise discriminate function analysis.
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