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Summary

The most pronounceeffects of global climate change have been experienced in the Arctic region. In
particular,Arctic sea ice decline and volume |ds@ve emphasized the impeding threat ofticred
climate change, and habeen center stage in the public eye for over a deddaiey of the observed
changes in the Arctic are related to the physical system because these parameterssesaigbeas
extent andthickness, are more easily observednfr space and airborne platforms. The linkage
betveen ecosystem function aitd physical environmenis clearfrom all well investigated systems

This undoubtedly means that the observed changes to the physical system have had an equally
dramatic impact orthe Arctic ecosystem. Our understanding of the Arctic marine ecosystem,
however, is severely limited due to the methodological and logistical constraints of monitoring
ecological propertiesThis has causedignificant seasonal and geographical knowledggs,
particularly in the high (> 80°N) and central Arctic Ocean.

Over the past decades a disproportional emphasis has been put on the impafrtpriocgary
production(PP) and the availability of foodn the water column. Observations have indicaded

overall increase in Arctivide net primary production (NPP) as a result of a thinning and declining
sea ice cover, and increasing duration of the phytoplankton growth season. This increased biomass
may suggest aorrespondingncrease in the biomass obnsumersand higher trophic levelsThis

premise, however, neglects the rather important rolettigatea ice environment agda ice algae

play in the Arctic food webThe timing, duration and spatialzailability of ice algaeare drastically
different compared to pelagic phytoplankton. Therefore,isi only by first gaining a better
understanding athe base of the Arctic food wehat we can start to understand the rest of the food
web.

Throughout this thesjsve aimed to assess how sea ice algae biomass availability and habitat will be
affected by continued changes to the sea ice habitat, and what consequences can be expected for the
Arctic food web. This was accomplished by developing novel methodologiesmrdaches to
characterize and quantify the spatial variability of sea ice dlgaeass,-primary production and

habitat. Subsequently, we used this toolset to assess the implications of a rapidly changing sea ice
habitat in relation to spatial varialhjliof sea ice algae carbon availability and carbon demand by ice
associated organisms.

In Chapter 2, we developed a methodological toolbox to process environmental sensor array
observations acquired from undee profiling platforms (e.g.Remotely Operad Vehiclei ROV,

and the Surface and Undiee Trawli SUIT), which included novel mathematical and statistical
approaches to representatively capture the spatial variability of sea ice andicanghysical
biological properties. We showed that our eleped approaches produced observatishéch could
capture the spatial variability better than traditional point location characterizations of environmental
properties. Specifically, the insufficient spatial representativeness of selatdiomass cacause

biases in largscaleice algalbiomass an@®Pestimates

In Chapter 3, we further developed upon Chapter 2 methodologies by introducing a new approach to
estimate primary production on fleeales (meters to kilometerdurther justifying the need for
representative icalgae biomass and PP estimai#e alsoshowed that the sea iemvironmentand
underice water propertieplayed an important role in structuring the unger community.
Furthermore, we indicated thataogical key species dlfie centralArctic Ocearthrived significantly

on carbon synthesized by ice alg@bese results highlighted the key role of sea ice as a habitat and as
a feeding ground within the Arctic Ocean.

In Chapter 4we aimed to comparedtphysicalbiological properties of mulyear sea ice (MYI) and
first-year sea ice (FYI) to provide some insight into how the Arctic will change with the continued



replacement of MYI by FYIWe develped andconfirmed the hypothesis thitick MYl hummocks

do have the potential to hastibstantial ice algae biomass and identiiesthmocksascommon and
permanent featuse which represerd reliable habitat for sea ice algdee to the typically tm or
absentsnow cover.We developed key physikchiologicd relationships to classify thepringtime

spatial variability of sea ice algae habitat for both FYI and MYé& applied this classification to pan

Arctic ice thickness and snow observatiosmsd showedhatMY| is substantiallyjunderestimated in

terms of suitable habitaEurthermore, we identified thick sea ice features, such as MYl hummocks
and sea ice ridges, as potentially high biomass regions with great ecological value. We also indicated
that the thicker sea ice, whichmains in latesummer, has reduced meitduced algal losses.

In conclusion, we developed a robust and novel approach to representatively quantify sea ice
environmental properties, and sea ice algae biomass and PRstdlegs. These estimates resulted in
more accurate estimates of overall carbon biomass availability and production, which we used to
improve the spatial variability of the i@dgae derived carbon budget. We concludedttiere was a

large mismatch between icalgal primary produced carboand icealgal carbon demand by
dominant species. This mimatch was also accompanied by large regional variability. This was
expected during our sampling period since production was shutting down. Taking a different
approach, we showed that the standitoglss of icealgal carbon were quite substantibthese results
suggestthat during latesummer when primary production shuts down, the remainingaicgl
biomass in high latitude regions may represent a crucial food source to sustain ice associated
organisms during the onset of polar night.

Altogether, the continued thinning and loss of thicker sea ice features may result in the loss of a
reliable carbon supply, in the form of sea ice algae carbon, at key times of the year when other carbon
sources areeverely limited.



Zusammenfassung

In der Arktis sind die Auswirkungen des globalen Klimawandels so deutlich spirbar wie in nur
wenigen anderen Regionen der Welt. Insbesondere Rickgang und Volumenverlust des Meereises
stehen schon seit Uber einer Dekade inittedipunkt des offentlichen Interesses. Viele der
beobachtenden Verédnderungen in der Arktis beziehen sich auf das physikalische System, da
Parameter wie Meereisausdehnung-diake leichter aus dem All und aus Flugzeugen abgeschatzt
werden kénnen. Die phialischen Veranderungen kénnen sich ohne Zweifel auf ebenso drastische
Weise auch auf das Arktische Okosystem auswirken. Unser Wissen (ber das Arktische marine
Okosystem ist jedoch liickenhaft, da die methodischen und logistischen Mdglichkeiten zumgrfassu
wichtiger ©kologischer Parameter eingeschrénkt sind. So existieren auch heute noch erhebliche
Wissensliicken in den hoeirktischen Regionen (> 80°N) des zentralen Arktischen Ozeans.

In jungerer Zeit stand vor allem die Bedeutung der Primarproduktion) (@Rl der
Nahrungsverfugbarkeit in der Wassersaule im Fokus der dkologischen Forschung in der Arktis. Aus
Beobachtungen wurde eine allgemeine Zunahme der Nettoprimarproduktion (NPP) in der gesamten
Arktis abgeleitet, welche aus dem Rickgang der Dicke umdddhnung des Meereises bei
gleichzeitiger Verlangerung der Wachstumsperiode des Phytoplanktons resultiert. Diese erhthte PP
konnte eine ebenfalls gesteigerte Sekundarproduktion der hdheren trophischen Ebenen bewirken.
Diese Annahme lasst jedoch die widatiRolle der Meereisalgen fiir das Arktische Nahrungsnetz
auf3er Acht. Zeitpunkt, Dauer und regionale Verfligbarkeit von Eisalgenbiomasse unterscheiden sich
deutlich vom pelagischen Phytoplankton. Deshalb ist es wichtig, die Basis des Arktischen
Nahrungsnetze unter Berlcksichtigung des Beitrages von Eisalgen zu charakterisieren, um die
Folgen von Veranderungen fir das Okosystem abschatzen zu kénnen.

Das Ziel dieser Arbeit ist es, zu erforschen, wie die Verfligbarkeit und die Lebensbedingungen von
Eisalgen vonden kontinuierlichen Veranderungen des Meereishabitats beeinflusst werden, und
welche Konsequenzen sich daraus fiir das Arktische Okosystem ergeben. Hierfiir wurden neuartige
Methoden und Ansétze fir die Beschreibung und Quantifizierung der raumlicheniltariaer
Eisalgenbiomasse, Eisalg@® und des Eisalgenhabitats entwickelt. Anschlielend nutzten wir diese
Methoden, um die Auswirkungen sich schnell verandernder Meereishabitate in Bezug auf die
raumliche Variabilitat des von Eisalgen produzierten Kaétieffs und des Kohlenstoffbedarfs -eis
assoziierter Organismen abzuschéatzen.

In Kapitel 2 entwickelten wir einen Ansatz, der es erméglicht, Umweltdaten von Sensoren auf
UntereisDrohnen (Remotely Operated Vehicle, ROV) und UnteBeisleppnetzen (Surfacendh
Underlce Trawl, SUIT) zu prozessieren. Dieser Ansatz beinhaltete neuartige mathematische
Methoden fiir die reprasentative Darstellung der raumlichen Variabilitit von Meereis
Umweltparametern. Wir konnten zeigen, dass die entwickelten Methoden diectiiariabilitat

dieser Parameter besser erfassen als traditionelle Punktmessungen. Insbesondere konnte gezeigt
werden, dass die korrekte Wiedergabe der rdumlichen Variabilitdt von MBengisltparametern

und Eisalgenbiomasse kritisch ist flr eine reialtste Abschéatzung von Eisalgenbiomasse und PP auf
regionalen und paarktischen Skalen.

In Kapitel 3 entwickelten wir die in Kapitel 2 eingefuihrten methodischen Anséatze weiter, indem wir
einen neuen Ansatz fur die Schatzung der PP entwickelten, der didichiu Variabilitdt von
Eisalgenbiomasse und Meertlmweltparametern in GroRRenordnungen von 0,1 bis 5 km
bertcksichtigt. Wir demonstrierten weiterhin, dass die Eigenschaften der Meereisumgebung und des
Habitats unter dem Eis eine wichtige Rolle fur dieruBurierung der eisissoziierten
Lebensgemeinschaft spielten. Aul3erdem konnten wir zeigen, dass Okologische Schlisselarten des
zentralen Arktischen Ozeans einen Grof3teil ihres Kohlenstoffbedarfs mit eipatgkrzierten
Kohlenstoff decken. Diese Ergebsisunterstreichen die Schlisselrolle des Meereises als Habitat und
Kohlenstoffquelle im Arktischen Okosystem.



In Kapitel 4 vergleichen wir die physikalistfiologischen Eigenschaften von mehrjahrigem Meereis
(Multi-Year Ice, MYI) und einjahrigem Meereisi(§t-Year Ice, FYI), um Erkenntnisse darliiber zu
gewinnen, wie sich die Arktis verdndern wird, wenn MYI zunehmend durch FYI ersetzt wird. Wir
entwickelten und bestatigten die Hypothese, dass dicke-Hiligel das Potential haben, grol3e
Mengen Eisalgen zu bettergen. Wir identifizierten diese Eishiigel als dauerhafte Ausformungen des
Eises, die aufgrund der typischerweise geringen Schneebedeckung zuverlassige Habitate fir Eisalgen
darstellen. Wir erstellten physikalistiiblogische Beziehungen fiir die Einordguder raumlichen
Variabilitdt des Eisalgenhabitats in MYl und FYI im Frihjahr. Diese Klassifizierung wurde dann auf
die Eisdicke und Schneedickenmessungen der gesamten Arktis angewendet und zeigte, dass MY als
Habitat fur Eisalgen bisher womdglich deutlicinterschatzt wurde. Weiterhin identifizierten wir
Merkmale dicken Eises, wie Eishlgel in mehrjahrigem Eis und Presseisriicken, als potentielle Orte
hoher Biomassen mit hohem okologischem Wert. Wir konnten aufRerdem ermitteln, dass dickeres Eis,
welches imSpatsommer bestehen bleibt, geringere schielingte Algenverluste aufweist als
dinnes FYI.

Zusammenfassend entwickelten wir eine robuste und neuartige Methodik fur die reprasentative
Quantifizierung der dkologischen Eigenschaften des Meereises, dijeBlsamasse und PP in der
raumlichen GrofRenordnung von typischen Eisscholleni(® km). Diese Schatzungen ermoglichten
akkuratere Abschatzungen der Verfiigbarkeit und Produktion von Eidétij@anstoff fir das
Arktische Nahrungsnetz. Daraus schlossén dass ein grol3es Missverhaltnis zwischen der Menge
eisalgemproduzierten Kohlenstoffs und der Nachfrage dominanter Arten bestand. Dieses
Missverhaltnis wurde von einer starken regionalen Variabilitat begleitet. Mit einem anderen Ansatz
zeigten wir hinggen, dass am Ende der Wachstumsphase der Vorrat an Eisalgenbiomasse noch
betrachtlich ist. Diese Ergebnisse deuten darauf hin, dass wahrend des Spatsommers, wenn die PP
dem Ende zugeht, die verbleibenden Eisalgenbestédnde in den hohen Breitengraderergie#eess
Nahrungsquelle bieten kbnnen, um eisassoziierte Organismen wéahrend des Beginns der Polarnacht zu
versorgen.

Zusammengefasst konnte das kontinuierliche Ausdiinnen des Eises und der Verldaikeles
Meereises zum Verlust einer verlasslichen Kohlenstoffquelle in Form von eigaloguwierten
Kohlenstoffs wéahrend wichtiger Perioden des Jahres fuihren, wenn die Verfugbarkeit anderer
Kohlenstoffquellen stark limitiert ist.
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Figure 1. Map of the Arctic Ocean summarizing the recent decline in sea ice extent. Sea ice extent

data are the September monthly mean2@®7, 2012 and the median for
(extent data acquired from NSIDC according to algorithms in Fetterer

the period 1981 to 2012
et al., 2002, udpated 2011)

Daily sea ice concentration data were acquired on 07 September 2016, from www.meereisportal.de

accordng to algorithms inSpreen et al. (2008)

1.1 A brief history of Arctic sea ice

Many of the most pronounced changes in the Arctic Ocean have been observed in the physical sea ice
environment, as these properties are easily monitored usingsleaitee remotesensing platforms.

These changes to the Arctic sea ice cover are likely to continue u
profound global ecological consequentg&SAP, 2011; IPCC, 2013)

nabated into the future, having

Sea ice melt and growth season length are good indicators of Arctitelshange, however, they

vary spatially and temporally, making it difficult to characterize these

varidfieakus et al. (2009)

demonstrated that the melt season for the entire Arctic has increased by 20 days during the period

19792007. Furthermoreylarkus et al. (20093howed that the largest in

creases in melt season were

recorded for the Hudson Bay and the Chukchi/Beaufort, Laptev/East Siberian and East Greenland
seas.Howell et al. (2009also demonstrated a significant positive trend in the duratighe melt
season within the Canadian Arctic Archipelago. Regions with a lengthening melt season coincided
with regions that have experienced the largest decline in ice extent and conce(tadieve et al.,

2011)

Sea ice areal coverage is an impatrtproperty, in terms of energy ba
albedo, reflecting large amountsof shera ve sol ar r adi

lance, as sea ice has a high
ation (Budyky fr om

1969; Perovich et al., 20Q7The sea ice cover in turn limitee availability of photosythetically

active radiation (PAR) for autotrophic organisms living within the sea

ice and water c@haotan&

Horne, 1989)Since the beginning of the satellite observation record (1979) there has been a declining



Chapter 1: Introduction

trend in sea ice extent (SIE) for all ntba with the largest decline during the end of the melt season

in Septembe(Serreze et al., 2007b; Stroeve et al., 20RHeptember 2012, a new record Arctic sea

ice extent minimum was set, far exceeding the previous record minimum of 2007 (Bigwhech

was itself a remarkable decline from previous y€l#€C, 2013; Parkinson & Comiso, 2013)s of

07 September 2016, it appears that a new record sea ice extent minimum may be reached before the
end of September 201Bigurel).

The decline in SIE has resulted in more open water and therefore more solar radiation being absorbed
due to the lower albedo of watéPerovich et al., 2011; Perovich et al., 200B)is process is the
main driving foalklkedmo tyhtene disenadutingededecline of SIE will
continue to increase absorption of solar radiation and further increase temperatures (air and ocean),
which in turn will cause further reductions in JEBudyko, 1969; Johannessen et al., 2004; Perovich

et al., 2.1; Perovich et al., 2007J he albedo feedback system, and its influence on the global energy
balance has and will play a major role in Arctic sea ice processes, however, additional mechanisms
also have an important role in recent Arctic changes.

The negative trend in SIE can best be explained by the interplay of rising atmospheric greenhouse gas
concentrations (GHG) and variations in air temperature and atmospheric and oceanic circulation
(Serreze et al., 2007a; Serreze et al., 2007b; Stroelie 202) Wind is the primary driving force of

sea ice drift in the Arctic Ocean, which is dominated by two main circulation patterns (B)gure
(Rigor et al., 2002)The Beaufort Gyre (BG) is characterized by anticyclonic circulation and high
pressure osr the Beaufort Sea and Western Arctic Ocean; and the Transpolar Drift Stream (TDS),
which is characterized by cyclonic circulation and low pressure over the Eurasian sector of the Arctic
Ocean (Figure) (Rigor et al., 2002)The strength and location tifese two pressure systems largely
determines sea ice drift and amount of ice exported from the Arctic QRegor et al., 2002)

The general circulation patterns of the BG and TDS result in sea ice being transported from the
Siberian sectors of the ArctiOcean, across the North Pole and either exported through the Fram
Strait or pushed up against the Northern coasts of the Canadian Arctic Archipelago (CAA) and
Greenland. The ice north of Canada and Greenland can therciveufeted into the Arctic Ocea

which results in the formation of thicker mujttar sea ice (MYI; Figur®). The large internal
stresses experienced by sea ice as it is forced against the coast results in vast shear zones and
deformation (ridging & rafting), producing the thickese im the Arctic along the northern coast of

the CAA (Figure2) (Haas et al., 2006; Kwok et al., 201@ea ice export through the Fram Strait
corresponds to the largest annual export flux from the Arctic Of€ank, 2009; Serreze et al.,

2006) Although ro trends were observed over the long term, seasonally high flux rates were observed
in summers of 2005 and 2007, contributing to the reductions of sea ice and record minima sea ice
coveragdKwok, 2009)

The declining trend of Arctic SIE has not only atied the areal coverage of sea ice, but has resulted

in a dramatic shift in the ice composition from being dominated by MYI to being dominated by FYI
and large amounts of open water during sumfarok, 2007; Kwok & Cunningham, 2010Dver

the period 198@010, ice age distributions have demonstrated a flushing of very old MYI (10+
years), commencing in the late 1980s and continuing into the early 1990s, with a relatively stable
period from 19982000 and then a continued decline of MYI from 2001 to 2(0aslanik et al.,

2007; Maslanik et al., 2011)

The loss of thick, old MYI has also resulted in pronounced thinning within the central Arctic basin.
Winter mean ice thickness derived from submarine ULS was 3.64 m in 1980 compared to the 1.89 m
winter mean dtng 2008 derived from ICESat observatioftsywok & Rothrock, 2009) The highest

rates of decline during the submarine record w&88 m/yr, observed during 1990 (period of
accelerated export of old MYI in the Arctic), and highest rates of decline 0232008 ICESat

record were trends 60.10+0.20 m per year (winter/summer), with negative trends for all regions of
the Arctic (Kwok & Rothrock, 2009) Furthermore, there was a ~0.6 m thinning and net winter
volume loss of 6300 kir(> 40 %) of ArcticMY! during the 4 year ICESat observation period 2005
2008(Kwok et al., 2009)
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Figure 2. General sea ice circulation patterns in the Arctic Ocean, folloRiggr et al. (2002)Ice
thickness data were acquired by Crye&aind retrievedvww.meereisportal.daccording to
algorithms described Hyicker et al. (2014)

The decline in older MYI and a general thinning of the Arctic ice pack can only partially be attributed
to warming(Rothrock et al., 2003)and is better explained by a registgft in circulation patterns
(Rigor & Wallace, 2004; Rigor et al., 2002)he regime shift coincided with the period of anomalous
export of old MYI from the ArctiqMaslanik et al., 2007; Maslanik et al., 20Hhd a period (1990)

of rapid thinning over e central Arctic(Kwok & Rothrock, 2009) This resulted in the pre
conditioning of the Arctic ice pack for further thinning and reductions of KLYihdsay & Zhang,
2005; Ogi et al., 2008; Serreze et al., 200%hich is supported by more recent ice thieks
measurements from satellit@éwok et al., 2009; Laxon et al., 2018)d airborne observatiofidaas

et al., 2010; Haas et al., 2008pllowing on the premise that thinner, younger ice melts more easily,
the larger proportion of thinner FYI in the d&ic has resulted in decreased survivability of the ice
pack(Kwok, 2007) This has introduced another feedback system, where less MYI leaves the ice pack
even more susceptible to melt, further decreasing the survivability and fraction of MY1 in the Arctic
The survivability of MY1 is heavily dependent on level ice thickness, whereby ice that is thicker than
the typical summer melt rate will survi@otz, 2009) Therefore, Arctic Sea ice may arrive at a
thickness that is thinner than the summer melt edtehich point the Arctic will be mostly seasonally
ice-free.

Sea ice decline, thinning of Arctic sea ice, and the loss of MYI have resulted in reducedviktetic
sea ice albed¢Riihela et al., 2013)and more light reaching the undee environment irsummer
(Nicolaus et al., 2012). Furthermodgetrapid loss of sea ice represents an equally rapid change in
habitat for sea ice algae, protists, anddsesociated fauna with important ecological consequences.

1.2 The sea ice-associated ecosystem

A unique fature of sea ice is the formation of brine channels within the ice matrix. These features
form due to the rejection of salts during freezing, which results in the formation of brine pockets and
channels with very high saliniti€&icken, 2003; Weeks & Ackly, 1986) It is the presence of these
interstitial brine channels, full of nutrients, that allows for the formation of a unique ice associated
ecosystem (Figur&). Organisms are initially incorporated into the sea ice matrix from the water
column duringice formation. During later stages of sea ice growth or melt, timeinrganism can

also be exchanged with organisms from the underlying sea water by wave fields that exchange or
pump water between the environmelfidorner et al., 1992)Arctic sea ice rihabitants include
microalgae, bacteria, protists, and invertegrate metazoans. Autotrophic microalgae are dominated by
diatoms, which represent the base of the Arctic food (@hdinger et al., 1999; Melnikov et al.,
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2002) Most sea ice bacteria are heteophic and likely represent an important component in terms
of nutrient recyclingRysgaard et al., 2008Heterotrophic protists represent the main consumers of
microalgae and are dominated by ciliates and flagell@es, Michel et al., 2002; Rat¥a et al.,
2004) see also review in Arrigo (2014)urthermore, cnidarians, turbellarians, annelids, and
arthropods can be found within the i@eg., Bluhm et al., 2007; Gradinger et al., 20@%)darians,
ctenophores, copepods, amphipods and fishyareatly found living at the icevater interfacg¢David

et al., 2015; Gradinger & Bluhm, 2004Werner, 1997) These sympagic metazoans (dominant
representati-ves bhubhaeée &amp aaptesed a particularly impogantr e
componeh of the Arctic food web in terms of carbon transfer from theeénmicroalgae (hereafter
referred to as sea ice algae) to the pelagic realm and upper trophic levels, such as zooplankton, fish,
seals, whales and polar beéBsidge et al., 2008; Kohlbach al., 2016; Wang et al., 2015; Wang et
al., 2016)

Organisms living under the sea ice or within the ice can live their entire life cycle or only part of it in
association with the sea ice environméhitndt & Swadling, 2006) In both cases, this requirdse

ability to adapt their life cycles to strong seasonality of the sea ice environmeasstosated
organisms can use the ice for feeding, reproduction and/or as a refuge. Theertdpography
provides a wide range of advantageous mi@bitats. Br example, polar codBpreogadus saida

reside in ice wedges along the ice floe edge to avoid access by préGatalisger & Bluhm, 2004)

and ice meiofauna and undee amphipods seeking shelter at sea ice ridges during advanced melt
(Gradinger etl., 2010) Perhaps most important though is the fact that sea ice algae represent a high
quality and critical food source for many organis(i®hlbach et al., 2016; Sgreide et al., 2006;
Sgreide et al., 2010; Wang et al., 2015; Wang et al., 28L6&hemore, sea ice algae may represent a
more costkffective food resource in comparison to pelagic phytoplankton floating in the water
column. Grazing sea ice algae or hunting for ice algae grazers could be accomplished with low energy
expenditure while beingttached or scanning a tvdimensional bottorice surface, in comparison to

the energy requirements of swimming and searching for prey or phytoplankton in-dithe@sional

water column.
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Figure 3. Conceptual overview of the ice associated foodweb thie flux of carbon represented by
arrows (reproduced from H. Flores, 2009).

1.3 Ecological implications of a changing Arctic sea ice environment

There is mounting evidence for an overall increase in Aveiile net primary production (NPP) as a
result of thedeclining sea ice cover and increasing duration of the phytoplankton growth season
(Arrigo & van Dijken, 2011; Arrigo & van Dijken, 2015; Fernanedéndez et al., 2015)t remains
uncertain, how sea ice algae NPP will respond to continued changeseétioe environment. It has

been suggested that a thinning Arctic sea ice cover and increased light transmittance will result in
increased sea ice algae primary production (PP) rates due to more available photosynthetically active
radiation (PAR)XNicolauset al., 2012)
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Kosobokova and Hirche (2008uggested, based on the limited studies of PP estimates for the high
central Arctic that the lower PP rates, and hence, lower food availability, were the reason for the
lower zooplankton biomass. This may bereot, however, the estimates for PP available at that time
either did not include icalgal PP or had a limited spati@mporal coverage. lealgae represent one

of the dominant carbon producers within the C&&&rnandeaMéndez et al., 2015; Gosselin adt,

1997) and therefore should be quantified representatively in order to assess the true estimate of the
ice-algal derived carbon budget. Focusing on pelagic produdfospbokova and Hirche (2009)
suggested higher food availability and thus potestiaigjher zooplankton biomass as a result of sea
ice decline. This prediction, however, neglects the important role of sea ice algae in the diet of key
Arctic zooplankton and top predatdiBudge et al., 2008; Kohlbach et al., 2016; Wang et al., 2015;
Wanget al., 2016)

Lavoie et al. (2010andLeu et al. (2015argued that ice algal growth and production will likely be
hampered due to a combination of earlier snow melt and increased precipitation in the Arctic. The
smallscale variability of the snow coven both FYI and MYI is a commonly overlooked factor

when assessing the future of Arctic sea ice algae. Not only is the overall snow depth and mass balance
important, but how this snow is (re)distributed on the surface is one of the most important factors
controlling the atmospheiee-ocean heat flu{Sturm et al., 2002and the transmission of light
(Grenfell & Maykut, 1977; Perovich, 1996)

During the SEDNA drift studyiMelnikov et al. (20025howed an ice algal peak in lately during a

period of ne or low-snow with an overall mean snow depth of only 3 cm by the end of(Sturen et

al., 2002) This indicated a different seasonal progression of sea ice algal growth within the central
Arctic Ocean, showing an ieadgal biomass peak around 100 daysradhan all other documented
seasonal studies reviewedLliru et al. (2015)albeit conducted in regions characterized by seasonal

sea ice. This suggests some clear differences between sea ice algal growth in regions characterized by
seasonal sea ice compd to the central and high (380 Arctic Ocean, and that these differences
should be considered when assessing the future of a changing Arctic system.

1.4 Sea ice algae biomass and primary production

The development of sea ice algae communities is influebgeska ice microstructure (e.g., salinity
and temperature, which influence permeability), nutrient supply, and transmitted irra¢éaece
recent reviews by Arrigo, 2014; Vancoppenolle et al., 20D8)ing spring, the main influences on
underice irradiance are the snow depth distributiGdamre et al., 2004; Jarvinen & Leppéaranta,
2011; Maykut & Grenfell, 1975; Thomas, 1963nd to a lesser extent ice thickné€senfell &
Maykut, 1977; Light et al., 2008; Nicolaus et al., 2010; Thomas, 19@8al growth of sea ice algae,
during early spring is primarily controlled by the snow distribution, which is typically evident by a
negative relationship between chlorophgllchl a) and snow deptlte.g., Campbell et al., 2014a;
Mundy et al., 2007)During theprogression of melt, light transmission increases due to changes in the
optical properties of snow and i¢Blicolaus et al., 2010; Perovich, 199&onsequently, ice algal
growth increases and shifts to a more nutrienited system, which can be accommh by a
combination of other limiting factors such as: s#fding, diurnal light patterns, or ice ablat{@ota

& Smith, 1991; Gosselin et al., 1990; Lavoie et al., 200b30ome instances, when light transmission
increases faster than algal commuwastican adapt, the increased light field can reduce activity and
biomass of algal communities due to photoinhibit{Barlow et al., 1988; Michel et al., 1988¢e

algal growth and the bloom period are terminated during advanced and rapid melt or nutrient
depletion(Lavoie et al., 2005)

The high spatial and temporal variability of sea ice algae, in addition to sparse sampling, results in
poorly constrained sea i@gal biomass and PP estimates for the central Arctic Oddidlar et al.,

2015) Largescak estimates of sea ice algal biomass and PP are limited to modelling studies, as
satellites are unable to observe the underside of seheeeet al. (20153emonstrated that pelagic
phytoplankton PP models for the Arctic Ocean were highly sensitive to uncertainties in chloaophyll
(chl a) and performed best with situ chl a data.In situice algal chla used in models, however, are
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typically based on a sall number of ice core observations, and may therefore not correctly represent
the true spatial variability of ice algal biomdsegy., Fernandekiéndez et al., 2015)

Furthermore, Miller et al. (2015) reviewed the different methods for primary production
measurements with spatial sampling resolution on the order of 0.01 m for ice-lcasidin vitro
incubations(e.g., Fernandekéndez et al., 2015; Gosselin et al., 1997; Gradinger, 260@) situ
incubations(e.g., Gradinger, 2009; Mock & Gradinge®9B). At larger scales the undee eddy
covariance method integrates primary production over an area of 2Q0ny et al., 2012)Thus,

there is a large gap in spatial coverage between the 0.01 to?€ales, which is not resolved by
these methoddt is within this spatial range that many environmental properties can vary. This can
have a large influence on light availability, ice melt and growth, and the spatial distribution of ice
algae. Typical patch sizes of snow have been reported in thefrang@0 to 25 n(Gosselin et al.,
1986, Steffens et al., 2006 urface properties such as albedo have patch sizes of approximately 10 m
(Katlein et al., 2015; Perovich et al., 1998@nd sea ice draft can vary at scales of around 15 m
(Katlein et al., 20%).

1.5 Logistical and methodological constraints of Arctic sea ice research

It is apparent from the previous review of literature that there are significant seasonal and
geographical knowledge gaps of the Arctic ecosystem, particularly in the F8gAN>and central

Arctic Ocean(Wassmann, 2011; Wassmann et al., 20Thjs lack of observations can be attributed

to methodological and logistical constraints of sea ice research. First of all, the seasonal and regional
variability of environmental contibns results in sampling biases, which limit the seasonal and
temporal coverage of studies within the Arctic Ocean. During the-sprigg to summer transition

period, the majority of ecologically focused studies are conducted within the peripherandeas
coastal regions of the Arctic Ocedlreu et al., 2015; Wassmann et al., 20100iring this time of

year, shipbased campaigns are severely limited in terms of access to vast regions of the central Arctic
Ocean due to the difficulty in breaking througfine thick snow and sea ice covdtigure 4).
Furthermore, the sea ice season is generally shorter in the lower latitude, coastal regions and therefore
sea ice focused studies in these regions are also limited to thesgdmty to summer transition,
becase beyond this period, sea ice does not exist or is not safe to wdflgareé). Although these

studies may capture the full season of ice algal growth, the seasonal progression and general
environmental conditions are drastically different compardbadiigh and central Arctic Ocean. This
imposes limitations when making pémctic assessments based on information from lower latitude
studies conducted in regions characterized by seasonal sea ice. This means that in order to assess the
future fate of tk central Arctic ecosystem, we need observations from the central Arctic.

Furthermore, mnitoring sea ice ecosystems remains a challenge due to the difficulty of remotely
sensing biological processes in and under the ice cover.-8¢ale sea ice algae sdyvations are of
particular interest in order to address potential changes to the sea ice ecosystem. There is growing
interest in extending sea ice algal observations by developing-kEoaler observation systems and
methodologies that can capture thatsd distribution of sea ice algae at multiple scales. Although

sea ice coring will remain an essential method for anyataed research, point measurement coring

is time consuming, making it an unlikely candidate for lssgale icealgal observatiorsystems.

Other devices such as the shgyn (Gosselin et al., 199®r underwater pulsamplitudemodulated
fluorometer(Diving-PAM; Rysgaard et al., 200T)ave shown promise, however, they require the
deployment by divers, which is also logistically demiag and time intensive.

New developments of Autonomous Underwater and Remotely Operated Vehicles (AUV/ROV) give
promising new opportunities to study the underside of (M&adhams, 2012)Currently these
platforms have mainly been used to observe phyéicgl, Katlein et al., 2015; Nicolaus & Katlein,

2013; Nicolaus et al., 2012nd biological processés.g., Ambrose et al., 2005; Katlein et al., 2014a)
within and under the ice at larger scales and with relatively minimal logistical requirementmsn te

of spatial coverage compared to other methods (e.g., 8 hours for 100 to 500 m transects). ROVs
deployed with mounted digital imagery systems have been used to document the distributien of sub
ice algal aggregatdg.g., Ambrose et al., 2005; Gutt, 19%atlein et al., 2014a)Digital imagery is
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limited to twodimensional space and therefore abundance estimates may have high uncertainty.
Using image analysiKatlein et al. (2014ay¥howed that icalgal aggregate distribution is mainly
controlled by undr-ice topography with the accumulation of aggregates along the edges of ridges and
in domeshaped ice features.
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Figure 4. Sea ice conditions for the Arctic Ocean during a)-fatemer/autumn 2012; and b) spring
2013.Ice thickness data were acquirgdring a) October 2012 and b) April 20b$ Cryosat2 and
retrievedwww.meereisportal.daccording to algorithms described BRjcker et al. (2014)Sea ice
extent correspond to monthly means duriggust andSeptemberfor 2012 (extent data acquired
from NSIDC, Fetterer et al. (2002, udpated 2011)

Underice spectral measurements can be used to deriveeasid other pigment concentrations in sea

ice and the water column using different-bjatical approache¢Campbell et al., 2014b; Craig et al.,
2012;MelbourneThomas et al., 2015; Mundy et al., 2007; Taylor et al., 2048}l now, however,

these models have not been applied to larger scale-iggdROV spectral measurements. ROVs have
recently been deployed, with mounted spectral radiometers, teuneeandeice spectral irradiance

(e.g., Katlein et al., 2015; Katlein et al., 2014b; Nicolaus & Katlein, 2013; Nicolaus et al., B012)
focused primarily on physical processes and energy budgets. Spectral radiometers have also been
mounted on the Swate and Undelce Trawls(SUIT;van Franeker et al., 2009) potential horizontal
profiling platform for monitoring ice algal concentration in combination with the abundance of under
ice grazers over profiles up to 3 km in len@glg., David et al., 2015 he development of undéare
horizontal profiling platforms for observing spectral properties of sea ice, among other properties, has
resulted in and will continue to result in larger amounts of uitgerspectra. These spectral
observations, both fromhé past and future, could be used to estimate the temporal evolution and
spatial variability of icealgal chla and primary productiarHowever, this requires the development

of robust and reliable methodologies that can be applied to datasets witheveaiapbral and spatial
coverage, and with a large range of environmental conditions.

1.6 Significance of this study

Our current understanding of the Arctic marine ecosystem has been limited due to methodological and
logistical constraints. These constraihts/e caused significant seasonal and geographical knowledge
gaps, particularly in the high (> 80°N) and central Arctic Og®dassmann, 2011; Wassmann et al.,
2011) There is mounting evidence for an overall increase in Avdgtie net primary production
(NPP) as a result of a thinning and declining sea ice cover, and increasing duration of the
phytoplankton growth seasqArrigo & van Dijken, 2011; Arrigo & van Dijken, 2015; Fernandez
Méndez et al., 2015}t remains uncertain, however, how sea ice atgkded primary production and
biomass availability will respond to continued changes of the sea ice environment. In the central
Arctic Ocean, seire algae has been documented to contribute for up to ~ 60% of the NPP during
summer(FernandeMéndez et aJ.2015; Gosselin et al., 1997pverall, however, sea igelated

NPP is relatively low, accounting for 1 to 10 % of total NPP in the Arctic O¢dmigo & van

Dijken, 2015; Dupont, 2012Regardless of the overall low contribution of-re¢éated NPP, sypagic
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(ice-associated) organisms, pelagic organisms aneptegators showed high dependency on ice
algae produced carbon in many regions of the Arctic O¢Badge et al., 2008; Kohlbach et al.,
2016; Wang et al., 2015; Wang et al., 201Be key role ofsea ice algae in Arctic food webs,
particularly in terms of reproduction and growth of key Arctic organidres et al., 2011; Michel et

al., 1996; Sareide et al., 2010jghlights the importance of timing and duration of ice algal growth,
and the availaility of algal biomass throughout different times of the year. In order to assess the
impact of a changing Arctic sea ice environment on this important food source, we must characterize
the spatiatemporal variability of sea ice algae to representatiestimate icealgal carbon biomass
availability and primary production at multiple spatial and temporal scales (Miller et al., 2015).

1.7 Scientific Questions and Objectives

In this thesis, we aimed to address a key overarching question in Arctic ecolody,enbampasses
both spatial and seasonal aspects of sea ice ecology:

How will sea ice algae biomass and habitat be affected by continued sea ice decline and the
replacement of MY| by FYI, and what consequences can be expected for Arctic food webs?

In orderto address this main question, we needed to first fill some important methodological and
knowledge gaps concerning the variability of sea ice algae, specifically:

1. Can we improve the spatial representativeness of key environmental sea ice and under
ice wateg parameters by developing new methodological approached¥hat observation
systems are available to address the spatial variability of key environmental sea ice and
underice water parameters, and how can we improve these systems and methods?

2. Is it important for largescale estimates and ecological modelscapture the spatial
variability of environmental properties such as: sea ice thickness, ice algjamass and
primary production (PP), and undiee water chia biomass, PP, salinity and temperature?

3. How do larger-scale observations of sea ice algabiomass,i PP, and suitable habitat
compare to traditional and smallerscale observation systemgarticularly ice coring, of
which upscaled estimates assume spatial representativeness?

4. What are the largscale patterns in sea ice algdemass andhabitat? Specifically, are
there differences between MYI1 and FYI (or between ice types/classes)?

To answer these questions, this thesis aimed to develop novel methodologies and approaches to
characterize and qotfy the spatial variability of sea ice alghmass,-primary production and

habitat. Furthermore, we applied these approaches to-srgkr remotely sensed observations and
assessed the spatial variability of these parameters at multiple scalessé@adull dataset was only
available during summer for this thesis, we assessed the implications of a rapidly changing sea ice
habitat in relation to summertime spatial variability of sea ice algae carbon availability and carbon
demand by icassociatedrganisms. To accomplish this | addressed the following objectives:

i) Develop a methodological toolbox to characterize the variability of sea ice habitat properties
at the floe size scale (meters to kilometers), using mobile tcel@rofiling platforms;

i) Edimate the floescale variability of ice algal biomass using hyppectral profiles from
mobile undetice sensor platforms and compare its representativeness with traditional (ice
corebased) methods;

iii) Assess the impact of using improved floe strlsed stimates of sea ice properties and ice
algal biomass on pa#firctic scale estimates and models

iv) Investigate the factors controlling the spatial variability of ice algal biomass, such as ice
thickness, ridges and hummocks;

v) Study the potential of MYI for icelgal biomass distribution, and expected changes in the
future

vi) Unravel the relationship between the spatial distribution of ice algae, sea ice associated
grazers and carbon flux.
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1.8 Thesis Overview and Publications Outline

This cumulative dissertation presents a comprehensive summary of the major scientific contributions
accomplished throughout my PhD project. My PhD was conducted from July 2012 to September 2017
(with ~10 months of total parental leave from March 2015 toeb#er 2015). My PhD project was a
component of the Helmholtz Association Young Investigators Gloeflux Ice-ecosystem carbon

flux in polar oceans (VHNG-800) with Dr. Hauke Flores as the principal investigator as well as my
main supervisor. The thediegins with a general introduction (already presented here in Chapter 1)
into the Arctic Ocean and its physiedological status. Chapters 2, 3 and 4 include my main
scientific contributions accomplished during my PhD, which include published papesess pap
currently under review or manuscripts in preparation for submission. The thesis is finalized in Chapter
5 with a synoptic discussion of all the papers, with the addition of preliminary datasets and analysis.

Chapter 2: Methodological advancemert§ ecologically relevant sea ice observations

In Chapter 2, we developed a methodological toolbox to process environmental sensor array
observations acquired from undee profiling platforms (e.g., ROV and SUIT), which included
novel mathematical and sitstical approaches to representatively capture the spatial variability of sea
ice and undeice physicalbiological properties.

Paper 1
Title: The Surface and Undéce Trawl (SUITYmounted environmental sensor array
in preparation for submission tbeepSea Research Part I: Oceanographic Research Papers
Author list Benjamin A. Lange, Giulia CastellaniJan Andries van Franeker arduke Flores

Author contributions This study, the SUIT and sensor array were designed and developedAby
Lange, H. Flores J.A. van Franeker. Data were acquiredBbyA. Lange and H. Flores. Data
processing and protocols were developedB. Lange with contributions from G. Castellani
Protocols were developed By A. Lange G. Castellani and H. Flores. The analysishef tlata was
conducted byB. A. Lange The manuscript first draft was written By A. Langewith contributions

from all authors on the final version.

Paper 2

Title: Spectrallyderived sea icalgal chlorophyll a concentrations using uneee horizontal
profiling platforms

paper currently under review dournal of Geophysical Research: Oceans
Author list Benjamin A. Lange, Christian Katlein, Marcel Nicolaus, llka Peeken, and Hauke Flores

Author contributionsThis study was designed By A. Lange, M. Nicolaus, I. Peeken and H. Flores.
ROV data were acquired by M. Nicolaus and C. Katlein. Data processing of ROV spectra were
conducted byB. A. Lange, M. Nicolaus and C. Katlein. SUIT sensor data were acquired and
processed byB. A. Lange, M. Nicolausand H. Flores. Ice core sampling and processing were
conducted byB. A. Lange and |. Peeken. Bioptical statistical model development was realized by

B. A. Lange. Data analyses were conductedByA. Lange with support from C. Katlein and H.
Flores. Theananuscript was written bg. A. Langewith contributions from all authors.

Below are additional publications not included in this thesis, which have made use of the
methodological advancements presented in Chapter 2 and have incorporated the envirdataental
as essential components of their studies:

David, C.,B. Lange, T. Krumpen, F. Schaafsma, J. A. van Franeker, and H. Flores (2015);itider
distribution of polar codoreogadus saidan the central Arctic Ocean and their association with
seaice halitat propertiesPolar Biol., doi:10.1007/s00360151774-0.
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David, C., F. L. Schaafsma, J. A. van Franelk&r,Lange A. Brandt, and H. Flores (2016),
Community structure of undéce fauna in relation to winter sé@e habitat properties from the
WeddellSea,Polar Biol., doi:10.1007/s0036016-19484.

Schaafsma, F. L., C. David, E. A. Pakhomov, B. P. V. HBn#A. Lange H. Flores, and J. A. van
Franeker (2016), Size and stage composition of age class 0 AntarctiEkphdusia superbdn
the icé water interface layer during winter/early springplar Biol,, doi:10.1007/s0036015
18777.

Chapter 3: Linking sea ice algae spatial variability to summertime carbon demand

In Chapter 3, we combined tlieveloped toolbox from Chapter 2 with additional biological data,
such as: photosynthetic parameters, wickerfauna distributions, and uneee fauna carbon
demand, in order to develop robust ecological models for thasieciated ecosystem. Furtherejo

as an essential step in developing robust ecological models, we assessed the spatial variability of ice
algae carbon production and availability at multiple scales (e.g., local to regional scales), and
identified important relationships with commungyucture and sea igessociated carbon demand.

Paper 3

Title: On improving the spatial representativeness of sea ice algae chlorophyll a biomass and primary
production estimates

in preparation for submission tGeophysical Research Letters

Author list Benjamin A. Lange, Christian Katlein, Giulia Castellani, Mar Fernandééndez,
Marcel Nicolaus, llka Peeken, and Hauke Flores

Author contributions This study was designed . A. Lange and H. Flores. ROV data were
acquired by M. Nicolaus and C. KatleiData processing of ROV spectra were conducteB.b.

Lange, M. Nicolaus and C. Katlein. SUIT sensor data were acquired and procesBe@dblange,

M. Nicolaus and H. Flores. Ice core sampling and processing were condudBdAby.ange, M
FernandesMéndezand |. Peeken. Photosynthetic parameters and ice core PP rates were determined
by M FernandeaMéndez Bio-optical statistical model and PP-apaling approach were developed

by B. A. Lange. Data analyses were conducted BiyA. Lange with support fom C. Katlein,M
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Paper 1. The Surface and Under-Ice Trawl (SUIT) -mounted
environmental sensor array

in preparation for submission tbeepSea Research Part I: Oceanographic Researabelrs
NOTE: Supplementary Material for this paper is found\ppendix AL & A2

Benjamin A. Lange, Giulia CastellaniJan Andries van FranekandHauke
Flores

Key Points
Observed large horizontal variability in ice thickness, and surface watgaoldisalinity

SUIT sensor array represented the spatial variability better than traditional point location
characterizations of environmental properties

9 SUIT sensor array is an essential contribution to accurately and representatively model the ice
associatedasystem

Abstract

In order to accurately characterize relationships between a community and its foygemchemical
surrounding, it is particularly important to representatively characterize the associated environmental
properties. The Surface and Undiee Trawl (SUIT) is a relatively new net, which can catch
organisms residing in close proximity to the sea ice underside. Since sea ice is a highly
inhomogeneous habitat, it is essential to characterize the spatial variability of this environment
coincidettotheunder ce trawl éds in order to representative
the community and its environment. Here we presented a detailed description of the newly developed
SUIT-mounted environmental sensor array, which can measyrerkéronmental properties such as:

sea ice thickness, salinity, temperature, water chlorophighl a), underice light, and icealgal chl

a. Furthermore, we provided detailed descriptionsdata processing and calculations of all
parameters. Our redslindicated large horizontal variability in ice thickness, and surface watar chl

and salinity, whereas temperature was rather homogeneous within hauls. A comparison with nearby
shipbased and ice station observations showed that the SUIT sensor areseméed the spatial
variability better than these traditional point location characterizations of the-igedemvironmental
properties. We showed that the Skifibunted sensor array @& essential contribution in order to
accurately and representatiyehodel the ice associated ecosystem.
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1.1 Overview of SUIT and sensor array

The surface and undéere trawl (SUIT;Figure 1) was developed by IMARES (The Netherlands) to
address a key issue in polar ecology regarding representative sampling of thieeiedeironment.
The SUIT has been extensively used in the Southern Qeeg David et al., 2016; Flores et al.,
2011; Flores et al., 2012; Schaafsma et al., 2a@h@)was not deployed within the ice covered Arctic
Ocean until more recentlg.g., David etl., 2015a; David et al., 2015b; Kohlbach et al., 2016)

Previous studies using the SUIT have described in detail the ecological and biological aspects of the
catch and distribution of organisms in both Polar Regions. A detailed description of the SUIT
operation and physical schematics is providef/an Franeker et al., 200Btudies conducted before

2012, included only qualitative assessments (e.g., human observations) of the sampled ice and under
ice environment and/or used nearby ghiged CTD castto describe the environmental setting.
Therefore, an environmental sensor array was developed in order to conduct coincident quantitative
observations of the ice and undes water environmentsF{gure 1 c). This sensor array was
previously described lzeit briefly, in (David et al., 2015b)Therefore, a more detailed description of

data processing and calculations of all parameters is warranted and described here.

Not only does the sensor array provide coincident quantitative observations but is allow
investigations of the horizontal variability of key environmental parameters, which are likely crucial

in structuring the unddéce communities and are not possible with qualitative observations or point
location vertical CTD casts. In addition to the thezlological description, we provided a brief
overview of the results and compare the SUIT observations to nearblyasteig and ice statidrased
observations in order to assess the representativeness of using nearby observations- (i.e., not
coincident) tacharacterize the environmental setting.

Throughout the development of this sensor array we compiled detailed protocols for SUIT
deployments. These protocols are foundjpendix A1 and provide detailed instructions on:

i) preparing the sensors befadeployment, including configuring the sensors using specific
manufacturer software;

ii) data retrieval after deployments, also using manufacturer software; and

iii) formatting data to be suitable for the processing described in this paper.

Furthermore, processingcripts were developed using R softwgiRDevelopmemnCoreTeam,

2012) which in addition to data processing provide extensive plotting, data summary, and data
inspection functionality. These scripts were developed to befrisedly and thus can easilye
applied by additional users, albeit with a relatively good knowledge of R programming. This
compilation of R scripts is available upon request.

Figure 1. The Surface and Undéce Trawl (SUIT): a) in the water being towed by the RV
Polatstern; b)aying on its side on the deck of the Polarstern; and c) depicted in a simplified diagram
showing a side view with mounted locations of the sensors (not to scale).
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1.2 Data and Methods

1.2.1 Data Processing

Here we presented processing and results of the envircalnsemsor data acquired from 15 SUIT
hauls deployed during tHeV Polarsterncruise PS80.3I¢eArc to the central Arctic Ocealnom 4
August to 8 Octobe2012 Figure2). The environmental sensor array enabled measurements of:

i) water inflow speednddirection, pitch androll angles, angressureg(i.e., depth) using an
Acoustic Doppler Current Profiler (ADCP; Nortek Aquadopp® Profiler) with three
acoustic beams, which allowedd8nensional measurements of current velocities, at
frequency of 2 MHZ, and a s®ling interval of 1s;

i) water temperaturewater salinity(practical salinity scale PSB; Fofonoff, 1985)and
water depthusing a Conductivity Temperature Depth (CTD) probe (Sea and Sun
Technology CTD75M memory probe) with a sampling interval of 0.1 s;

iii) sea ice drafobservations were derived using an altimeter (Tritech PASBY/6vhich
was incorporated into the CTD (0.1 s sampling interval), Cl&pthmeasurements, and
corrected by usingitch androll measurements from the ADCP;

iv) water column (i.e., glagic phytoplanktonhl a concentrations using a fluorometer
(Turner Cyclops), which was also incorporated into the CTD (0.1 s sampling interval);

V) underice light levels using Rmses spectral radiometers (Trios GmbH, Rastede,
Germany) processing and meads described in section 1l2inge et al. (submitted)
vi) ice-algal chl a were derived from the Ramses spectral radiometers processing and

methods described in section 1Lange et al. (submitted)

All data processing was conducted usRgsoftwareVersion 2.15.2(R-DevelopmeriCore Team,
2012) Excel was used to examine each file to ensure consistent naming protocol and column lengths,
which was required for data import of the processing scripts.

The ADCP and CTD sensors sampled at different rdtesand 0.1 s, respectively, and it was not
possible to always steam at a constant speed. Therefore, we needednple and interpolate the

data to a common and representative sampling interval, chosen to be 0.5 m. One of the most important
tasks dumg deployments was to ensure the time of each sensor was synchronized to the ships time
before each haul. Using synchronized time to join data ensured precise and accurate joining of
coincident data from different sensors.

The CTD and ADCP required pressicalibration before sensor deployments to account for varying
atmospheric pressure between deployments. CTD pressure data were examined to ensure calibration
was conducted and if not was accounted for by subtracting the atmospheric pressure valug observe
while the sensor was on deck (e.g., typically around 0.1 dbar or ~0.1 m water depth). The ADCP
pressure sensor, however, undergoes signal drift throughout the haul and therefore needed to be
corrected. The drift of the ADCP pressure sensorwas accomted i n each haul 6s da
linear interpolating between the atmospheric pressure (i.e., pressure measured on deck) before the
haul and the atmospheric pressure after the haul. The drift was assumed to be linear over time and
therefore the lineagquation describing pressure drift as a function of time was then subtracted from
the entire ADCP pressure data. Each haul was manually examined before and after drift correction to
ensure accurate results. This method of drift correction was validatexrbgaring the ADCP
corrected pressure with the CTD pressure, which resulted in accurate pressure observations showing a
constant offset approximately equal to the vertical distance between the CTD and ADCP.

GPS coordinates were acquired from the 4tsipel GPS receiver and extracted for the duration of

each SUIT haul. The ADCP data and GPS data were temporally interpolated to the 0.1 s interval
spacing of the CTD data based on the synchronized data acquisition time. The raw data and
interpolated data wengotted and compared for each haul to ensure an accurate fit of the interpolation

met hod. Here we used t hestafspachkage.tAlhdata wereitherespatidiyu nc t i «
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interpolated to a 0.5 m spacing using the same method but based ocedistenthe GPS data. Sea

ice draft data, however, did not have an accurate fit using this method due to the large variability of
measurements and in some cases measuremenbulomwf the altimeter measurements, which
caused large discrepancies betwdmnraw data and interpolated results. Therefore, sea ice draft were
first calculated on the data before spatial interpolation (section 1.2.2) then vgan@pked using a
moving average where each point was the mean of all sea ice draft measuremen@Swithahead

of the point and 0.5 m behind the point, i.e., each point represented the mean sea ice draft over a
distance of 1 m with the point centered in the middle. For the first point and last point of the haul the
sea ice draft values representedrttemn of the 0.5 m after the point (first point) and 0.5 m before the
point (last point), respectively, (i.e., these points represented the mean draft over a distance of only
0.5 m). This method resulted in the best fit between the raw ssaihmpled sea édraft data based on

manual inspections for each haul.

Each variable was summarized for each haul by mean, standard deviation and atxel®) (These
summarized data, for selected SUIT hauls, were presented and used for ecological statistical analyses

in combination with undeice fauna catch data l§ipavid et al., 2015b)
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Figure 2. Map of the central Arctic Ocean showing the positions of TSkHul stations conducted
duringRV Polarsterrcruise PS80ice thickness (i.e., draft divided by ice density of 0.834 determined
from ice cores) density distributions for each station excluding open water stefieasice
concentration data acquired fromww.meereisportal.de according to algorithmsSpreen et al.
(2008) Sea ice extent correspond monthly means during August and Septemfaxtent data

acquired from NSIDC; Fetterer et al., 2002, udpated 2011)
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Table 1. Summary of environmental parameters measured using the-i8olifited environmental sensor array. Summaries are for each haul deployed
during theRV Polarsterrcruise PS80.3. Where applicable values correspond to mestardad deviation with the modal values in parentheses.
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1.2.2 Seaice draft calculations

We start our derivation of sea ice drdfg)(with asimplified calculation only applicable if the SUIT is
travelling exactly parallel to the water surfaéeg(ire3 a) and takes the form:

- F b L (1)

we changed two parametels &éndh,) in equation 1, which needed to be corrected fortdwariable
pitch and roll angles of the SUIT relative to the water surfaigpi(e3 b). Equation 1 then becomes:

b b b= ke (2)
whereh,0is calculated asHjgure3 c):
b= | H A CHIM (3)
andh,0is calculated ag~igure3 d):
b= + 104 5 (4)
Combining equations 2, 3 and 4 we get the corrected sea ice draft as:
L F B H A Hm FoTi§ s (5)

all parameters are listed and describedigure 3 d with detailed diagrams of the sensor locations,
distance measurements and derived distances shdviguire3 ai d.

During three SUIT hauls (stations: 248, 331, and 358) there were problems with the CTD (e.g., low
batteries, configuration issues), whigsulted in unusable data. Therefore, we developed an ice draft
proxy based on the pressure sensor from the ADCP to estimate ice draft for hauls with missing data.
Theoretically, the top side of the SUIT should ride along the usider of the ice with aanstant

distance to the ice bottom and thus with a constant distance to the ADCP pressure sensor (distance
between top of SUIT, where altimeter is located, and ADCP = 1.21 m), which theoretically could be
used to derive sea ice drdfid)dn the form:

bee b fj122 (6)

whereh,, apcpis the ADCP measured water depth. However, in reality it is slightly more complicated
because the SUIT does not ride perfectly along the tsiderof the sea ice and undergoes large
vertical movements in thwater column due to variability of the bottere topography, primarily
influenced by features such as sea ice ridges. From the SUIT hauls where we have CTD data, we
examined how the SUIT rides along the unrsiele of the sea ice and found a constargatfbetween

the altimeter and ice bottom of 0.25 m for level ice regions. Adjusting the theoretical equation (6) by
this constant, we get:

bee b 146 (7)

To test if this is an appropriate assumption we took all coincident-d&fDed €orrected) sea ice
draft observationsand coincident interpolatedADCP depth observations and applied linear
regression (Figurd). The data were first filtered to eliminate measurements conducted during abrupt
movements of the SUIT (e.g., at ridges)deyting thresholds for the pitckd0°) and roll £79. The

linear regression resulted in a good fit to the data (N= 19,216; adjusted.R8; p < 0.001) and more
importantly was very similar to the theoretical equation 7. The fitted linear regregsiatoa has the
form:

T (8)

These ADCP measured water depth data were then used to fill the gaps of data for the SIT hauls
without reliable CTD data using equation 8. However, this fitted model is only valid for the level ice
and will have larger uncertainty for regions around searidges. Nevertheless, identification of
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ridges was still possible using the AD@Erived sea ice draft, however, the accuracy of sea ice ridge
properties (e.g., thickness and width) is less certain (see section 1.2.4).
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Figure 3. Sea ice draft calculations showing) sensor locations, and distance measurements and
derived distances required for the simplified version of the sea ice draft calculations, applicable only

if the SUIT travelled perfectly horizontal (i.e., parallel te thater surface)) s ame a& b uwmt Aa
realistic situation with the SUIT travelling at an angle relative to the water surface with the different
distances actually measured by the sensors and what is needed for a corrected calculation of the sea
ice dimaft; c) correction of the measured altimeter distance to the perpendicular (relative to water
surface) distance to the ice bottom and showing the angles (i.e., pitch and roll) required for the
correction measured by the ADC; vertical distance correctiorequired between the altimeter and

CTD depth sensor due to differential offset at different pitch angles.

1.2.3 Seaice ridge identification

Sea ice ridges were identified from the SUIT ice draft profiles using the Rayleigh criteria, following
procedures degbed by:Castellani et al. (2014); and Rabenstein et al. (2fkGhe sea ice surface
topography, andCastellani et al. (2015pr the sea ice bottom profile. Ice draft local minima (e.qg.,
thicker ice as draft is negative) identified along the SUIT profile with a threshold of 1.5 m deeper than
the surrounding ice, followin@astellani et al. (2015were selected as potentialgas. Moreover,
adjacent minima needed a separation distance between points which was less than half the depth of
the first minima in order to be identified as two single elements not belonging to the same ridge.
Ridge depth and width were measured in otdecalculate ridge density (ridges Kjnand percent
coverage of ridges. We calculated ridge width as the ridge width at half maximum depth.

27



Chapter 2 - Paper 1: SUIT sensor array

1.2.4 Ship-based and ice station -based observations

In order to assess if the SUbased observations improved the repreaativeness of sampling the
underice environmental properties we compared the summarized data tfoasleip and ice station
based observation of ice thickness, and surface watea clslalinity and temperature. SHiased
surface water properties wengeasured using a CTD probe with a carousel water sar((pled
sampling details provided in Boetius et al., 2013; David et al., 20X&dpcident CTD stations
closest in time and space to the SUIT stations were comparedb&sdg observations of ice
thickness were conducted visually every hour, while irciweered waters, from the bridge of tR¥
Polarsternduring PS80.3(Hendricks et al., 2012)

Underice surface water CTD casts were conducted through a hole in the ice at each ice station
(FernAndeMéndez et al., 2015)ce thickness surveys were conducted at each ice station using an
EM-31 electromagnetic induction sounding de\{data presented in Boetius et al., 2013)

| — Fitted Equation (R®=0.78)
---- Theoretical Equation

sea ice draft (m)
4
!

ADCP depth (m)

Figure 4. Linear regression of CTderived and correcteska ice draft (myersus ADCP depth (m)
and showing the fitted equation line (solid hlequation 8 and theoretical equation line (dashed red;
equation 7).

1.2.5 CTD fluorometer chl a calibration

The CTD fluorometer cha concentrationsohlactp) were calibrated using water spies obtained
from under the sea ice during ice stations, briefly describg®avid et al., 2015bjand used in
(FernandeaMéndez et al., 2015)Chl a concentrations were determined for water samples by high
performance liquid chromatography (HPLC; i.ebserved chi in mg m?® Figure 3). Calibration
coefficients were determined using linear regression between the observed water sanaple chl
concentrations and the uncalibrated CTDahbncentrationschlactp; h = 2484; adjustedzl% 0.63;

p < 0.001 Figure 3). The coefficients were used in the following linear equation to derive the
calibrated CTD chh concentrations in mg (chla):

Thwm 8 ol 8 (6)
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Figure 5. Regression of the observed @hkoncentrations derived from Higberformance Liquid
Chromatography of water samples (HPLC) versus the coincident uncalibrataccehtentrations
(mg m?) derived from the CTD flu@meter. Points are colour coded by depth. Green line iinter
regres®on (n = 2484; adjusted & 0.63; p < 0.001).

1.3 Results and Discussion

A detailed examination of surface water and sea ice horizontal spatial variability is beyond the scope
of this paper. Nevertheless, we do assess if the environmental sensor ari@yedmipre spatial
representativeness of observed environmental parameters compared to using neddsedhip ice
station observations.

1.3.1 Salinity

The linear regression between the SUIT Gd@ived salinity with the shipased and ice station
salinity obsevations showed good, significant fits*®0.86 and 0.77, respectiveligure5). Nearly

all shipbased and ice station salinity observations were higher than theb@séd salinity Kigure

5) and the discrepancy was larger at lower salinities. Wibatd this to the presence of fresher
water pockets near the water surface or wimesurface resulting from melting sea ice. This fresher
water has lower density and thus floats to the surface, which is apparent from the horizontal SUIT
haul data summmized into vertical depth profiles-igure6 b) where the upper surface has the highest
variability of salinity. The SUIT salinity values for each haul showed high variability in the direction

of lower salinity compared to the sHijased (vertical dottednles; Figure 6 b) and ice statiorased

(vertical dashed linegiigure6 b) salinity values. Obvious features of relatively fresh water are shown

for two SUIT stations (258 and 285; Fig8pe At station 258 the fresh water pockets appeared to be
related o the presence of open water regions between ice floes (AHgreNVhereas at station 285

the features appeared to be related to both open water regions and the presence of sea ice ridges
(Figure8 b). Accumulation of fresher water in the regions between ice floes likely occurred due to its
lower density and the movement of lower density to the surface, which in this case was the open water
between the ice floes. The relationship of fresher watekgie with sea ice ridges was likely due to
formation of domeshaped features along the undigte of the sea ice, typically adjacent to ridges,
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which can trap fresher water where they are sheltered from currents and have no path to surface open
water regons.

Q
—

o
L

204 : 216 i 223 : 233 i 258 : 276 : 285 .321 i 333 .345 : 376 ‘ 397
| ‘ y | S E e I t 12 4

L

Water Depth (m)

£
3

1
00 05 10 00 05 10 00 05 10 00 05 10 00 05 10 00 05 10 00 05 10 00 05 10 00 05 10 00 05 10 00 05 10 00 05 10

calibrated CTD chl a ( mg m> )
204 216 223 233 258 276 285 321 333 345 376 397

 BEERGIEEIRE

1

1 1
1 1
[N I
I I
[N I
I I
L L

g

in o
—
—

o

i
&
i
i
i
[
i
i
i
[
L

_Water Depth (m)

&
8

- I

25 30 25 30 25 30 25 30 25 30 25 30 25 30 25 A 25 30 25 30 25 30 25 30
Salinity

c) 204 216 223 233 258 276 285 321 333 345 376 397
— : H d . N : F ;
el U |
= . : ' N ' ‘
-%_ ’ : ; L I ) ) I
2 : : 0 I ) 1 ] :
= | I : I ; ) I A
£, " | ) : |
© L 1
< L I ) 1 I i

20 L L ) ) 1 o

2 4 0 12 4 0 12 4 0 12 4 © 12 414 0o 12 414 0 12 4 0 1-2 4 0 12 4 0 12 -4 0 1-2 -1 0 1-2 4 0 1

Temperature (Celsius)

Figure 6. Depth profiles of the horizontal SUIT hauls showiag calibrated CTD chl a (mg-3); b)
salinity (practical salinity scale PSB; Fofonoff, 1985)and c) temperature (°C), the verticalid
blue line corresponds to the freezing pooftsea water of ~1.8 °C.The ice station CTElerived
values are depicted by the dashed red lines anebsisigd CTEderived values by dotted red lines.

This demonstrates that ice station or di@sed observations do not capture these freshiestieres.

If these features are important to biological activity can only be assessed if we can actually observe
these features, however, using ship or ice station based methods it is less likely to capture them since
the ship disturbs the water, partialjathe surface water due to mixing from the propeller and
thrusters. Capturing fresh water features at ice stations is more likely thamaskib observations

since there is no disturbance, however, based on the SUIT profiles these features arectetleredi

and therefore would require more extensive sampling through the ice, which is logistically demanding
and time consuming. On ice stations it would also be advisable to sample from the ice edge to
increase the likelihood of sampling fresh water poekeim undisturbed water between ice floes. It
would remain difficult, however, to capture the freshwater pockets that may be associated with sea ice
ridges and dome shaped und=r features since this would require CTD casts at multiple locations on
theice floe, which may not be feasible.

1.3.2 Temperature

Temperature values had relatively low horizontal variability at most stations except for at station 223
and 233 Figure 6 c). At these stations the variability of temperature coincided with changes in
salinty showing an inverse relationship between the variabfggpdndix A2: Supplementary
Material FigureAl-2 and A2). The inverse relationship between temperature and salinity was also
observed in other profiles although were less drastic (FB)ur@oldest surface water temperatures ~
1.8°C were observed at stations 376 and 39@ure6 c) and were indicative of the onset of freezing
conditions. Overall, the mean SUbksed temperature had a good and significant fit with both the
shipbased and ice dtan surface water temperature value$ €R0.80 and 0.95, respectively; p <
0.05). This can be attributed to the small degree of horizontal variability within the-t#idéd
temperature data.
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for stations: a) 258; and b) 285.

1.3.3 Surface water chlorophyll a
Surface water chd showed a moderately good and significant fit between the -SAHd shipbased

CTD mean chh values (R = 0.49; p < 0.05; Figuré a). A nonsignificant and relatively poor fit was
found between the SU{Tand ice statioibased CTD meachla values (F% =0.28; p > 0.05; Figuré
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a). SUIT-based chhk showed generally large horizontal variability, particularly at stations 258, 285,
321, 376 Figure6 a). Overall, the SUlIbased chh were higher than ice station CTD observations
(Figure7 a) likely because the SUIT was able to capture the large horizontal variability and included
high chla concentration regions whereas the ice station was only one cast under the ice. The ship
based observations did not show any directional bias compmthd mean SUIT chd. This may be
coincidental or could due to vertical and horizontal mixing creating a more homogeneous surface
layer.

In contrast to the salinity profiles, the horizontal variability of SBGAsed chh appeared to be more
erratic andvaried at smaller scales (Figusg We observed no obvious relationships with the under

ice topography, however, some patches of highaddncentrations were observed adjacent to ridges
(Figure 8). This could be the result of less turbulent waters adjacent to ridges, forming isolated
pockets similar to the freshwater pockets. This is likely not the case since there was no relationship of
high concentration patches with the freshwater patcheshwhay be expected if the former were

true, and because patches were observed in regions of relatively smooth ice and open water.
Therefore, a more detailed analysis of the horizontal patchiness ofinaddr a concentrations is
required in order to expin possible mechanisms responsible for the observed patchiness. This is
particularly important since undere phytoplankton blooms have been identified as important
features in the Arctic Ocean in terms of carbon export and ecological significamgpo et al.,

2012)

1.3.4 Seaice draft/ thickness

Ice thickness had poor, naignificant regression fits between the Sthidsed ice thickness and ship

based and ice stations observations (Figlir& he poor fit with shigbased ice thickness values was

the resul of two stations 376 and 333, which had large deviations from the SUIT ice thickness data
(Figure 7 c). This was likely due to the inability of visual observations to accurately capture the
spatial variability of the sea ice thickness. These visual ohseng are good at characterizing the
general ice conditions but are perhaps less accurate at assessing and characterizing the spatial
variability of sea ice thickness. Furthermore, the ship tends to travel in open water leads and along the
edges of ice fles. Ice floe edges typically experience enhanced melt compared to the interior regions
of the ice floes(Perovich et al., 2003and therefore may introduced a bias towards thinner ice
thickness observations if only ice edges were characterized durighipHeased observations.

The poor fit between the SUHGased and ice station ice thickness observations was the result of three
stations (248, 321 and 345), which had substantially thicker corresponding ice station thickness
observations (Figur@ c). The selection of these three suitable ice floes to work on may have
introduced a bias towards thicker sea ice, particularly in regions of thinner sea ice, since an ice floe
needs to have certain characteristics to ensure a safe working platform. Typiagdiyele! ice floes

were selected and therefore could be assumed to be thicker than the surrounding area because they
were able to withstand the compressive forces without breaking apart.
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Figure 7. Linear regressions and comparisoof the SUIT CTBderived observations versus the
nearest shifpased observations and nearest ice station observations for: a) water colartmginfi

%: b) salinity (practical salinity scale PS®B; Fofonoff, 1985) c) ice thickness (m), SUIT ice
thickness calculated from rdal draft divided by density of ice (0.834 determined from ice cores), ice
station thickness values are frdBoetius et al., 2013and shipbased ice thickness are observations

from the bridge
linear regression at p < 0.05.

1.4 Conclusions

by

a

person; a fvdlue dénotes significant at ur e

Overall, ice thickness, salinity and undee surface water chlorophyd showed high horizontal

spatial variability, which was not represented well with the nearby-tstdpd or ice station
observations. Temperature, however, showed a good agreement between methods due to lower spatial
variability. These results suggest thamndocting ecological modelling with environmental data,

which are notoincident to the sampling location, may result in -ngpresentative or false
assessments of the Ecosystem. Nevertheless, because many of the observations were in agreement, we
suggesthat using norcoincident environmental data may be suitable although should be done with
caution and limited to cases where there is no alternative option and/or to fill essential data gaps.

David et al., showed that ice thickness and surface water rpespelayed an important role in
structuring the undece communities. This means that if other environmental data were used (e.g.,
nearby vertical CTD casts of chl which showed a poor fit to the SUIT CTD ch)l a drastically
different statistical reltionship would likely have resulted. These results demonstrate the sensitivity
of ecological modelling, in particular, to how environmental properties are characterized.
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Paper 2. Spectrally -derived sea ice -algal chlorophyll a concentrations
using under -ice horizontal profiling platforms

Paper currently under review dournal of Geophysical Research: Oceans
NOTE: Supplementary Material for this paper is foundppendix A3
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Key Points

1 Ice-algal chl a beasestimated from largecale spectral data using E@pproach because it
accounts for varying environmental conditions

1 Accounting for variability of incoming light produced most reliable-abgal biomass
estimates

1 Insufficient spatial representativene$sea icealgal biomass can cause biases in lagme
ice algalbiomass and PP estimates

Abstract

Multi-scale sea ice algae observations are fundamentally important for projecting changes to sea ice
ecosystems, as the physical environment continuehaoge. In this study we developed upon
previously established methodologies for spectiddlsiving sea icalgal chlorophyll a
concentrations (chd), and appliedhese to largescale spectral surveys. We developed models based

on ice core chh andcoincident spectral measurements conducted during two cruises to the central
Arctic Ocean in 2011 and 2012. We conducted four different tindespetral measurements:
irradiance; radiance; transmittance; atmensflectance, and appliedir¢e statisticalapproaches:
Empirical Orthogonal Functions (EOFNormalized Dfference Indices (NDI); anchulti-NDI. These
reference models weranked based on two criterimean robustness®Randtrue prediction error
estimates. The EO&pproactperfamed better thathe NDI, due to itability to account for the high
variability of environmental properties experienced over large areas. Based on robustness and true
prediction error, the best three models, B@ihsmittance, EOFansflectance and NBI
transmittance, we applied to two remotelgperated vehicle (ROVAnd two Surface and Undkre

Trawl (SUIT) surveys. In these largecale chia estimates, EOfransmittance showed the best fit to

ice core chh. Ice core chh, and ROV and SUIT EObBased chh estimatesiemonstrated higher chl

a at higher latitude stations, which was attributed to lower melt rates. Application of our best model,
EOFRtransmittance, tan ROV station revealed large differences compared to published biomass
estimates from the same site withportant implications for projections of Arctiide ice-algal

biomass and primary production.
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2.1 Introduction

Many of the most pronounced changes in the Arctic Ocean have been observed in the physical sea ice
environment, as these properties are easibnitored from satellites and d&orne sensors. Such
changes include: dramatic reductions in sea ice exgamtdze et al.2007;Stroeve et a).2012] and
thickness Kwok and Rothrock2009;Haas et al. 2008]; replacement of mulyiear ice (MYI) by
firstyear ice (FYI) and the loss of thick, old idddslanik et al. 2011]; increased light transmittance
through the summer sea ice covdicdolaus et al.2012], decreased summer sea ice albRilbdla et

al., 2013]; and increased mglond coverageRosé and Kaleschke2012]. These changes to the

Arctic sea ice cover are likely to continue unabated into the future, having profound ecological
consequence®AMAP, 2011;IPCC, 2013].

Satellite observations have already indicated increased pelagic prodwiton the Arctic Ocean

due to decreased ice cover and a longer open water sewsigo [et al, 2008; Arrigo and van

Dijken, 2011]. A recenstudy in the Central Arctic Ocean also suggesiatisea icerelatedprimary
production has increased and wilbntinue to increase in the Central Arctic due to more light
penetrating through the icd~¢rnandezMéndez et al.2015]. Overall, changes to iessociated
production are difficult to evaluate due to a lack of studies in the Central AV¢isgmann et al.

2011]. Monitoring sea ice ecosystems remains a challenge due to logistical constraints and the
difficulty of remotely sensing biological processes in and under the ice cover. As sea ice algae are a
major source of energy for many key marine organisntisarArctic Budge et al.2008;Kohlbach et

al., in press;Sgreide et al.2013;Wang et al. 2015], multiscale sea ice algae observations are of
particular interest in order to address potential changes to the sea ice ecosystem as the physical
environmem continues to change.

There is growing interest in extending sea ice algal observations by developingstaiger
observation systems and methodologies that can capture the spatial distribution of sea ice algae at
multiple scales. Although sea ice caiwill remain an essential method for any-re¢ated research,

point measurement coring is time consuming and logistically demanding, making it an unlikely
candidate for largecale icealgal observation systems. Other devices such as theglarfiGossén

et al, 1990] or underwater pulsemplitudemodulated fluorometer (Divir@AM)[Rysgaard et al.

2001] have shown promise, however, they require the deployment by divers, which is also logistically
demanding and time intensive.

New developments ciutonomous Underwater and Remotely Operated Vehicles (AUV/ROV) give
promising new opportunities to study the underside of M&adhams 2012]. Currently these
platforms have mainly been used to observe physical [atjein et al, 2015;Nicolaus and Kdein,
2013;Nicolaus et al.2012] and biological [e.gAmbrose et al.2005;Katlein et al, 2014a] processes
within and under the ice at larger scales and with relatively minimal logistical requirements, in terms
of spatial coverage compared to otherthoeds (e.g., 8 hours for 100 to 500 m transects). ROVs
deployed with mounted digital imagery systems have been used to document the distributien of sub
ice algal aggregates [e.dAmbrose et a].2005;Gutt, 1995;Katlein et al, 20144a]. Digital imagery is
limited to 2dimensional space and therefore abundance estimates may have high uncertainty. Using
image analysisKatlein et al.[2014a] showed that iealgal aggregate distribution is mainly controlled

by undefice topography with the accumulation of agggptes along the edges of ridges and in dome
shaped ice features.

Underice spectral measurements can be used to derive chloraptyficentrations in sea ice using
bio-optical models. Until now, however, these models have not been applied to latgemsi=ice

ROV spectral measurements. ROVs have recently been deployed, with mounted spectral radiometers,
to measure undeéce spectral irradiance [e.d<atlein et al, 2015;Katlein et al, 2014b;Nicolaus and

Katlein, 2013;Nicolaus et al.2012], bu focused primarily on physical processes and energy budgets.
Spectral radiometers have also been mounted on Surface andlttndeawls (SUIT, van Franeker

et al. 2009), a potential horizontal profiling platform for monitoring ice algal concentration in
combination with the abundance of undes grazers oveprofiles up to 3 km in lengthe[g.David et

al., 2015] The development of undere horizontal profiling platforms for observing spectral
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properties of sea ice, among other properties, has resnltadd will continue to result in larger
amounts of undeice spectra. These spectral observations, both from the past and future, could be
used to estimate the temporal evolution and spatial variability e&lgad chla. However, this
requires the devepment of robust and reliable methodologies that can be applied to datasets with
variable temporal and spatial coverage, and with a large range of environmental conditions.

Spectrallyderived icealgal chla concentrations have been estimated usingranalized difference
index method (NDI), introduced bMundy et al.[2007] and applied in other field studies [e.qg.,
Campbell et al.2014]. This method has proved useful during springtime to detect-izedgpectral
variations near the 440 nm chlabsoption peak in order to estimate cal concentrations. The
second ché absorption peek at ~ 670 nm, however, did not provide an accuratptimal model due
to the stronger influence of snow in the same wavelength rdhgedy et al. 2007].

Alternatively, Empirical Orthogonal Function (EOF) analysis has been used to identify variations
within underwater spectral measurements and estimate water column concentratiores pEictiy

et al, 2012] and phycoerythrinThylor et al, 2013]. MelbourneThomaset al. [2015] compared
several statistical approaches, including: NDI, EOF, ratios of spectral irradiance, and scaled band
area, to estimate ieslgal biomass from undéte spectra measured during winter and spring
expeditions in the iceovered Souther@cean. Their results indicated that the NDI method was most
robust for their dataset, but the EOF also provided reliable model results.

Previous work on spectraliyerived concentrations of chland pigments have demonstrated essential
methodological adancements and applications [e@ampbell et al.2014; 2015Craig et al, 2012;
MelbourneThomas et al. 2015; Mundy et al. 2007; Taylor et al, 2013]. The application of
spectrallyderived icealgal chla estimates, however, remains limited to lopaint measurements,

with limited spatial coverage and during a period dominated by the influence of snow cover on light
attenuation. In addition, previous tocelated work has focused on undeg irradiance, which does

not account for variations of thecdoming solar radiation. Variability of incoming radiation and more
importantly variations of the solar elevation angle not only produce variations in magnitude but also
variations in spectral shape, which may introduce variability (i.e., artificiah eblsorption signals)
within spectral regions of maximum chhbsorption.

The main motivation for this work is to find a reliable Hoiptical model for estimating the variability
of ice-algal chla under highly heterogeneous environmental conditions thmbeaapplied to larger
scale spectral measurements using uiwehorizontal profiling platforms (e.g., ROV and SUIT). We
accomplished this by developing upon previously establisheddtioal methodologies and statistical
approaches. We determined thesbranked bimptical model for estimating ieglgal biomass by
comparingi) different statistical approaches: NDI and EOF, including a newly introduced ilti
method that takes advantage of bothahbsorption peaks; ani different spectral measements,
including: undevice irradiance, unddce radiance, undeéce transmittance and undee
transflectance. We applied a selected best set of models to larger scale spectral surveys for additional
model assessment and comparison, in additionpi@léninary analysis of the spatial distribution of
ice-algae based on a short transect extracted from a selected ROV survey.

2.2 Materials and Methods

2.2.1 Study Area

Field observations and sampling for this study were conducted during two summer research cruises to
the Central Arctic Ocean onboard the German icebreaker FRMdrstern i) TransArc (PS78.3,
hereafter referred to as PS78) condudteth 4 August to 7 Octaer 2011 (Figure 1); anig) IceArc

(PS80.3, hereafter referred to as PS80) conducted from 4 August to 8 October (Figure 1).
Measurements and ice core samples were acquired from a total of 6 ice stations during the 2011 PS78
cruise, and from 9 ice statignene helicopter ice landing and two Surface and UiderTrawl

profiles (SUIT; with mounted sensor array) during the 2012 PS80 cruise.
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Figure 1. Map of the study region with ice stations conducted during expeditions PS80 and PS78, and
the two selecte8UIT sampling sites. Sea ice concentration data acquired from www.meereisportal.de
according to algorithms irSpreen et a).2008]. Sea ice extent correspond to monthly means during
September for both cruise years [extent data acquired from N3iBizrer et al. 2002, udpated
2011].

2.2.2 Spectral measurements

Spectral radiance and irradiance measurements were acquired using Ramses spectral radiometers
(Trios GmbH, Rastede, Germany) with a wavelength range from 350 to 920 nm and a resolution of
3.3 nm, which wre subsequently interpolated to a 1 nm grid followitigolaus et al.[2010].

Incident solar radiationEg) and undeice irradiance ;) were measured using an irradiance sensor
(RAMSESACC) containing a cosine receptor with a180° fieteview (FOV. Unckr-ice radiancelf)
measurements were acquired using a radiance sensor (RAMSESwith a 9° FOV. All spectral
measurements are presented for the photosynthetically active radiation range (PAR) between 400 to
700 nm, unless stated otherwise. Additiodetails about the sensors and spectral data processing
were described biicolaus et al]J2010]. Spectral transmittanc&d) is defined as the ratio of under

ice irradianceiy) to incident solar radiation ¢E as described byicolaus et al[2010].

J E !
-I|Wy Fvf (1)

with wavelengtha-within the PAR range (400:700 nnfpectral transflectancd , introduced by
Nicolaus and Katlein2013], is defined as the ratio of undiee radiance If) to incident solar
radiation Es).
J Y r 2
Ao 25 (2)
Transmittance and transflectance are dimensionless, however, following 8yst&h to use
steradian for solid angles, we usé as the unit forransflectanced.g.,Nicolaus and Katleir2013].
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Underice spectral measements were conducted using: i) an udAderL-arm sensor system; ii) a
remotely operated vehicle (ROV), V8ROV (Ocean ModulesAtvidaberg, Sweden), with mounted
sensor array; and iii) a Surface and Under Ice Trawl (JMéh Franeker et al.2009]with mounted
sensor array, as described bwvid et al.,[2015. Simplified diagrams and images showing the
deployment of all undece profiling platforms are presented in Figure 2. The uiwket-arm sensor
system (Figure 2 a and e), previously describegMelbourneThomas et al.2015;Mundy et al.

2007], was deployed below the ice through a ~14 cm diameter vertical hole drilled using a Kovacs
Mark Il 9 cm internal diameter corer (Kovacs Enterprise, Roseburg, USA). Oncedaha Wwas

below the ice, théower ~1.2 m of the aluminum bar setup, with mounted radiometer, was extended
horizontally, and then slowly raised so the sensor was ~10 cm from the ice bottom. To minimize
shading by the system equipment and operator, the sensor was positioned dudtthf Hre Larm

hole at ~1.2 m distance. Coincident incoming irradiance measurements were conducted above the ice
for all underice L-arm measurements. The snow/ice surface directly south otahe lhole was kept
undisturbed during spectral measuremeflts cores were then sampled coincident to the spectral
measurement location (see Section 2.3; and Figure 2 a and b).

A detailed description of the ROV (Figure 2 c and f) spectral measurements, calibration and
calculations, and ROV operation during PSV&s provided byicolaus and Katleirj2013]. Some

minor modifications to the ROV system were made for the PS80 cruise and are desdfduéziniret

al. [2014a]. ROV spectral measurements, calibration, and calculations during PS80 were consistent to
thoseused during PS78 and conducted as describ8licimaus and Katleif2013]. Undefice ROV

spectral surveys (Figure 2 a) were performed over perpendicylfiansects withx andy transect

lengths between 50 and 150 m. Incident solar radiatigh riteasvements, for the calculation of
spectral transmittance and transflectance, were performed using an irradiance sensor mounted on a
tripod positioned on the sea ice nearby the ROV operation tent (Figure 2 a). Stationary spectral
measurements were conductarectly (~0 to 10 cm) under the ice at 10 m intervals alongxihe
transects. When the ROV spectral surveys were complete, ice cores were extractelttarmiaed
locations coincident to selected spectral measurement locations (Figure 2 a).

The Suface and Under Ice Trawl (SUITVv&n Franeker et al2009]is a net used to sample sea ice
fauna, zooplankton and micronekton in the upper 2 m of the water column under the ice (Figure 2 d,
g, and h). A detailed description of the SUIT is provided as supplanyematerial inFlores et al.

[2012]. During PS80 the sensor array was specifically enhanced to target the variability of sea ice
algae. The new sensor package included an Acoustic Doppler Current Profiler (ADCP), a
Conductivity Temperature Depth prob@T(D) with builtin fluorometer, an altimeter, one irradiance
sensor (RAMSE®\CC), one radiance sensor (RAMSBRC) and a video camera (Figure 2 h;
previously described iDavid et al.[2015]). The sensor array provides measurements of pitch and
roll, depth and distance to ice, which were used to calculate ice draft, and-iagadspectral
measurements.
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Figure 2. Diagrams and images showing und=r horizontal spectral profiling platforms and sea ice
sampling. a) simplified diagram showing ice statioorky which included deployment of thedrm

and remotely operated vehicle (ROV), and ice core extraction; b) image showing ice coring; c) image
of the ROV, d) image of the surface and undertrawl! (SUIT) floating in the water; e) image of the
L-arm depbyed under the ice with a mounted radiance sensor; f) image of the ROV adjacent to the
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deployment hole and operation tent; g) image of the SUIT being lifted back onto Polarstern, with
sensor array on portside wing; and h) simplified diagram of the SUER, mounted sensor array,
being towed behind a ship. NOTE: a) and h) are not to scale.

2.2.3 Spectral Quality control of under -ice profiling platforms

SUIT and ROV cover different distances and were operated at various depths under the ice along the
profiles. Theefore, the data needed to be filtered to get suitable spectra for thptigial prediction
models. Pitch and roll, and distance to ice measurements were used to filter the spectra in order to
minimize the influence of light extinction in water on thedpa. The integration time of the spectral
radiometers varies with the strength of the received radiation, which is highly variable under sea ice.
Therefore, ADCP measurements (1 Hz) and distance to ice (10 Hz) were averaged over the
integration time inteval of each spectral measurement. The footprint of each measurement was
dependent on the distance to the ice bottom, the-dieldew (FOV) of the sensor, and the horizontal
speed of the sensor platform. Best spectral quality results from ROV operatocoastant depth
[Nicolaus and Katlein2013]. However, variations of distance to ice and orientation of the ROV are
difficult to minimize and therefore the measurement footprints during ROV surveys were highly
variable. We minimized the influence of ligextinction by water on the spectral signal and limited
variability of the footprint size by selecting only measurements that had a distance to the ice bottom of
< 1.5 m, and pitch and roll betweetD° and +10°Nlicolaus and Katlein2013]. Similar tolte ROV,

SUIT haul measurements were also filtered by a distance to ice bottom of < 1.5 m, and pitch and roll
between15° and +15°. At a distance of <1.5 m the influence of water extinction was assumed to be
minimal. Because the ROV was operated at slosedp (< 0.2 m™ the footprint size had minimal
horizontal variability due to movement (e.g., acrsask and alondrack spatial footprint were
equal).The faster horizontal operation speeds of the SUIT (~17, hawvever, resulted in an along

track spatial footprint dependent on the integration time of the sensor. Footprint size variability was
accounted for by using the footprint as a weighting factor when conducting statistical analyses.

2.2.4 Ice coring and Chlorophyll a measurements

Sea ice cores wemxtracted using a 9 cm inner diameter ice corer powered by an electric drill . At
each core location, we measured snow depth or surface scattering layer depth, ice thickness, core
length, and freeboard. Here the scattering layer is defined as an uncesbofidrface layer of large

ice granules (~1 to 5 mm). Ice cores were placed in-de&mhed barrels, and then immediately
transported to the ship and melted at 4 °C in the dark. During PS78, ice cores were cut in three parts
(the upper and lower 20 cm,dthe remaining middle part of the core), placed in separate barrels and
processed separately (i.e., three samples for each core). During PS80, each entire ice core was placed
in one acidcleaned barrel for melting and processing (i.e., one sample for aaeh When
extracting cores from melt ponds, melt pond water was added to the sample with a volume
approximately equal to a 9 cm diameter cylinder (e.g., core barrel) with a height equal to the depth of
the melt pond.

Subsamples from each melted samplere filtered onto 25 mm Whatmann GF/F filters, placed in
liquid nitrogen then stored in-80 °C freezer until analyses were conducted back at the laboratory in
Bremerhaven, Germany. Cal concentrations were measured on each filter usingpegtormane

liquid chromatography (HPLC) as describedTiran et al.[2013]. All chl a concentrations are
reported as verticallintegrated units (mg cla m).

2.2.5 Statistical Methods and Approaches

All statistical analyses were conducted using R software Versi@22R-DevelopmenCore-Team
2012] with all relevant packages listed after the corresponding analysis description.

To avoid large negative numbers in log space due to the presence-eéreahla concentrations,
raw chla (chla) values were adjusted tayconstant value so that the minimum al{thla,;,) value
was set to 1 mghlam?, as follows:
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U8 LIS LRSS LT (3)
wherechla,g; is the adjusted cla value used in all the models.

2.2.5.1 Empirical Orthogonal Function (EOF)

The large dimensionality of spectral data (e.g., 301 wavelengths) was reduced by applying Empirical
Orthogonal Function (EOF) analyses (also referred to as principal component anaBGég.
Spectra were first standardized by subtracting the mieean d¢ividing by the standard deviation
[Taylor et al, 2013]. Standardizing the spectra minimizes any variability due to magnitude and allows
for a more detailed examination of spectral shapeify et al, 2012; Taylor et al, 2013]. The
resulting standalized spectra formed aN x M matrix X consisting ofN observations andv

wavelengths = 301 (PAR: 400 to 70 O0Ocowacpvarihncenm r e s
matrix C was calculated from X:
A AR (4)
We t hen ufanetidneigem & cahdvi& an Eigen decomposition of the covariance matrix C:
A n (5)

where S N x N) Eigenvectors, hereafter referred to as EOFs, contains the loadings for each sample
(N) by mode ) . s (diagonal m\j tontains thenHigenkaludsi whiehnezplaio thes
variance of each EOF mode. The first EOF mode, captures the largest proportion of variability within
the spectra, with each subsequent mode capturing progressively less of the variability. Each selected
EOF node can be represented as a mode of oscillation in the data (spectra) by calculating the EOF
expansion coefficients Z. Z was calculated by projecting the spectral matrix X onto S:

H AA (6)
where Z M x N) contains the loadings for eaalavelength 1) by mode ).

To create predictor models for dotoncentrations in sea ice, we appledneralized Linear Models

(GLM) [McCullagh and Neldef989] of the logtransformed ché& (chla.g: response variable) versus

EOF modes (predictor variad). Sample sizeNj varied depending on data subset and spectral
measurement combination. Adr ¥ we selected the first 9 EOF modes, and\fer 9, we selected

the firstN EOF modes as predictor variables for the GLM analyses. In addition, eachds&6dte

mode was squared and included as predictor variables in the GLM analyses. The GLM models have
the form:

i Tpr e » ov 0v E 5w ax (7)

wheres,  , sare the EOF modes or the EOF modes squared from S determined from the GLM
model sel ecti onsh, ,Usarg the regression coeffieiants. Eqildwifiaylor et al.
[2013], we assumed a Gaussian error distribution and appliedliakdginction for the prediction of

chl a, i.e.,E(chlayg).

2.2.5.2 Normalized Difference Index (NDI)

We constructed a spectral correlation surface matrix betweea @tthcentrations and all possible
NDI combinations of two wavelengths within the photosyntheticaltyiva radiation (PAR)
wavelength range between 400 and 700 nm, as describbddrmy et al[2007]. Correlation surfaces
were constructed for each baptical model combination (all combinations of Jmiptical models are
described in Section24 and visalized in Figure 3). We applied a moving average to the correlation
surfaces by taking the mean of a 3 x 3 nm grid centered at each value to ensure maxieahidIchl
correlations were not chosen at the edge of regions of high correlation.

Two maximum chla-NDI correlations were chosen from each correlation surfaceulVhich
corresponds to the wider ~440 nm aehdbsorption peak and has at least one NDI wavelength within
the range 400 to 480 nm; and Nl which corresponds to the narrower ~670 nmachbsorption
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peak and has at least one NDI wavelength between 655 to 685 nm. We then applied a GLaJl to chl
adjusted according to Equation 8hfa.: response variable) and NDNDI: predictor variables)
values in the form:

{ {F Hifm= » ad gk (8)

where U is the intercept and NDIcorrdsgondste githeethes i on ¢
maximum chla-NDI correlation NDl4, or NDIlg7o. TO maintain consistency between statistical
approaches, which is important for int®mmparison, we applied a léigk function for all statistical

approach models, i.e&(chlayg).

2.2.5.3 Multi -NDI

In order to take advantage of both ehlabsorption peaks we incorporated both NDIs (e.g.,sNDI
and NDk;g into one model. The two maximum N[orrelations for each bioptical model
combination (all combinations described in sectb.4 and visualized in Figure 3) were used as
predictor variables in GLMs with cld, adjusted according to Equation ¢hlg.q) as the response
variable:

B L (9)
where U is t fgare thd regressiepcoefiiciemtd. b

2.2.5.4 Selection criteria of bio -optical reference models

To visualize the selection process from a large number of possible model combinations we provided a
flowchart illustrating the model selection and ranking process following the selection path of one
model (Figure 3). Biaptical models to estimate i@dgd chl a were constructed using GLMs based

on four different statistical approaches: 1) Empirical Orthogonal Function analysis (EOF); 4y NDI

3) NDlg7, and 4) multiNDI (Figure 3a). These statistical approaches were applied to four different
spectral reasurements: a) Undee Irradiance Ey); b) Underice Radiancel{); c¢) Transmittance

(Te); and d) Transflectancel( Figure 3a) . These 16 A stpatcitgtailc anhe assppre
combinations were applied to 1) the full datasdi);(2) PS78 cruis (PS79; 3) PS80 cruiseRS80;

4) highlatitude MY! sites from PS80PS8OMYI); 5) low chla (low: <2 mgm?); and 6) high chh

(high >2mgm? Figure 3@) . This resul ted i rspedrél mdasuteraedttas t i ¢ a |
subset 0 c o mhidhd2amvere lmased on the NDI approaches, and 24 were based on the EOF
approach.

Within each of these 96 combinations there were multiple potential reference model possibilities of
wavelength combinations (NDI) or EOF mode combinations (EOF; Figuse Brom the many
possible NDibased GLMs, which have various potential combinations of wavelengths, the NDI
wavelength combination with the highest spearman correlation coefficients (Figure 3) was selected as
the NDI predictor variable (NRQJ, or NDlg7g) or variables (multiNDI) for fitting the reference model

of each 72 corresponding Nibhsed approaespectral measuremedata subset combinations.

For each of the 24 EGBased spectral measuremedata subset combinations, there were a large

number of EOF mde combinations as potential predictor variables in the GLMs. With 9 modes, 9
squareemodes, and up to 5 predictor variables, this resulted in over 500,000 different combinations

of EOF modes in the GL §suli [Qédcagonosamddiddzdneourt®®0O], pac k a
to select the O6bestd 100 GLMs from all possi bl e
predefined model evaluation criterion. Here we used the Bayesian Information Criterion (BIC),
because it includes a penalty for the temof variables included in the GLNb¢hwarz 1978]. Out

of these 100 6bestod pot ent i abdasedspetteal neeasqrébiddtes ) f or
subset combinations, we selected one reference model, which had the lowest BIC and in which all
cefficients were sigaificant (p O 0.05) (Figure
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Figure 3. Flowcharts of: a) Reference model evaluation and selection process; b) reference model
ranking criterion 1 based on the mean robustness R2; and c) reference model ranking critegadn 2 ba
on the normalized root mean squared error (NRMSE). a) is performed first and results in the selection
of one bieoptical model for each of the 96 statistical appreséctral measuremedata subset
combinations. b) and c) occur independently in prahd rank the reference models as a means of
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model interc o mpar i son. The fAbesto (i.e., mo s t reliab
average of b) and c). For simplicity, the flowchart only follows the pathway of the top ranked model
(M15, referral to in text as EOH ransmittance).

2.2.5.5 Comparing reference models and identifying predictive models

The previous selection process identified the ¢
approackspectral measuremedaita subset combinations (Eig 3 @). In order to assess the

reliability of these reference models to predictatgal chla concentrations in larger spectral datasets

such as from undece profiling platforms (e.g., ROV and SUIT), we ranked the 96 reference models

based on two aeria (Figure 3 andc) then, based on the average of both rankings, we selected the

top 5 models as the set of potential O6predictive

For the first ranking criterion (Figure B), we assessed model robustness, applyingdapted
procedure sed byMelbourneThomas et al[2015]. Each of the 96 reference models was applied to

the 5 data subsets not used to fit the respective reference model. We then calculated the predicted chl
a versus observed chlcoefficient of deternmiation (R) for each reference model applied to each of

the 5 data subsets, which we refer to as the robustie¥¥eRcalculated the mean of the robustness

R? values for each data subset. The mean robustrfgs®®des an estimate of how well the models
perform when applied t o-séale WWoor SUpTespettra)ahd mdyaatsa ( e .
identify variability in how the models fit different cruises (PS80 vs. PS78) oa cincentrations

(high vs. low). The mean robustnes$\Rlues were rankefftom highest to lowest and used as the

first criterion for selecting the top 5 potential predictive models. One limitation of this ranking
criterion is that subsets were gelected by nonandom factors, which may introduce bias. This is

why we includedan additional ranking criterion, which uses random data subsets to evaluate
predictive power of the models.

Models are optimized for the data they are fitted to (i.e., training data); therefore the error of the
model applied to new data (true predictigrog) is usually higher than when the model is applied to

the training data (training error). It is common to use training error estimates (e.g., trained model
residuals) for the selection of models or to report confidence intervals for predicted dafEagdoy

et al.[2013]). This can result in the selection of inferior models or an inaccurate estimate of the true
prediction error. Taking these considerations into account, we implemented a second model ranking
criterion in order to select the predid@ivnodels. The second ranking criterion is based eRold
CrossValidation (10FCV) to estimate the true prediction error of each modigldkcross validation

is a commonly used method to assess the performance of predictive models by providing accurate
estimates of th true prediction error [e.gMahmood and Kha009] In 10FCV the data are first
subset into 10 folds (i.e., data subsets). Model fitting and error estimation are repeated 10 times. Each
time a different set of 9 folds are combined toriffei the model. Each model is then applied to the

10"f ol d of fnewod spectral data (i .e., hol dout dat
for the fAne vadatay whech provitles an estitmdte of the true prediction error. The 10
error estimates (RMSE) are averaged to provide a more robust RMSE estimate for each 10FCV run.
Since the data are subset randomly, the 10FCV process is repeated 100 times to ensure more
representative sukampling of the data and a more representative dstiofidhe true prediction error
(RMSE). The 10FCV procedure results in one estimate of the true prediction error for each model,
which we term the crosslidation RMSE RMSE,). The RMSEy is used as an indicator for the
guality of the model, with loweRMSE.y values corresponding to models with a higher predictive
performance. Th&RMSEy, is also used to provide model uncertainty estimates when models are
applied to new spectral data (e.g., ROV and SUIT).

In order to compare between models with different sample sizes and range of values we normalized
the RMSE, by the range (minimum and maximum) of observed @halues ¢hlagysmin and
chlagps may USed to train the moddIRMSE was calculated as:

119 g,
BRSSO =y Ly (10

47



Chapter 2 - Paper 2: Spectrally-derived chla

NRMSE:y values were ranked from lowest to highest and used as the second criterion for selecting
the top 5 potential predictive models. The rankings of the mean robsighéirst criterion) and
NRMSE.y (second criterion) were then averaged and ranked to arrive at the top 5 ranked potential
predictive models. Robustness of statistical assumptions in these 5 predictive GLMs were visually
assessed based on validation pld@dscause we have limited data points in the highachdnge,
particular attention was given to the leverage of each point and identification of potential model fit
outliers. Folowing procedures described Aguinis et al.[2013], we first identified pential model

fit outl i erDBcutaffsvalue ggualto t@estatisiic $~0.92). Second, we fitted the models
with removal of the identified potential outliers and assessed the change in model fit stafistics: R
BIC, and model significanceApuinis et al, 2013]. Model fit outliers were only reported if
statistically significant changes in model fit were observed. Model significance was assessed with an
analysis of variance (ANOVA) using tletest.

Further quality assessments were conducted on the top 5 predictive models in order to ensure
these models were acceptable for application to larger scale spectral data. This ingluded:
investigating any potential relationships between environmental miegpeand chla, which may
influence model performance) evaluating the biases of the model, and the model applied te high
and lowchl a, e.g., if the model oveestimates (positive bias) or uneestimates (negative bias) the
predicted datajii) appling the potential predictive models (excluding any models identified as
unreliable from the previous two steps) to largesle spectral profiles and comparing general
performance between predictive models for all profiles;ighdssess predictive perfoance of each
potential predictive model along a short 85 m ROV transect and compare to ice caxe chl
observations along the same transect.

2.2.5.6 Predicting ice -algal chl a

We applied the selected best predictive models to independent spectral measdremednts SUIT
stations and two ROV stations conducted during B®80 cruise. These included higatitude
stations PS80/358 (SUIT) and PS80/360 (ROV ice station), and-latitede stations PS80/285
(SUIT) and PS80/323 (ROV ice station; Figure 1). Theations were selected in order to compare
the predictive models applied to independent data from different regions and different environmental
conditions.

The application of NDI models to independent spectral measurements required first to calculate the
NDI,;-4si ng the wavel engt h ¢ ombi-based predictige mpdels. ghe, a1
NDI values were then incorporated into Equation 8 (NDI model) or Equation 9 {xiiltmodel)

along wand B heallues predetermined by the predict
a concentrations.

Predictions of chk concentration®n new spectral data using the EOF method were conducted as
described in Taylor et al., 2013. The independent sgletteasurements were first standardized, as
described previously. The independent standardized spectral datal ¥%, Ml matrix with J the
number of independent spectral measurementdvatiee number of wavelengtheas then projected
onto the EOF expansiamefficients Z in the form:

¢ 4L A (11
)

where F, the EOFs, isdax J matrix providing the loadings by modd) for each samplel], as with
S. Predicted icalgal chla values were calculated using the ERPRR s ed predi cMi ve mo
formula and the new EOFE, in the form:

i Tpdk et > 20 0 E B ~bk (12)
wheref; , sarg the EOF modes or modes squared from F, which correspond to the selected modes

fromS (eg.8, 2 dusedas response variables inbEqguteetd on 7,
regression coefficients from Equation 7.
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The chla,eq values were radjusted by subtracting (1 chla,,) to account for the prmodel
adjustment of the cltd values(Equation 3). Due to the range of observedactalues (~0 to 12 mg

chl a m?), the predicted chh were limited to a range of 0 to 20 rlgl a m? by excluding all other
values. We set these limits because the models were fitted to a certain rangesftud predicting
values significantly outside this range only increases uncertainty in the predicted data. Setting an
upper limit to 20 mghl a m?is unlikely to result in undeestimated predictions of chlvalues since

our 73 ice core chd values,and literature ché values g.g.,Gosselin et al1997 Lund-Hansen et al.
2015]from our sampling region and season were below 2@hhg m™.

2.3 Results and Discussion
2.3.1 Environmental properties

Both expeditions covered large geographical regions and cesiducted during the transition from
late-melt to the onset of freeag, and thus encountered a large range of sea ice conditions. Sea ice
conditions during all ice stations were summarized in Table 1. Information about individual ice core
samples was somarized in Supplementary Material Table S1. During PS78, sea ice stations were
conducted from the Eurasian shelf edge to the Canadian Basin and back again. This sampling effort
captured the transition from i@age through firsyear ice and into the midyear packice. During

ice stations PS78/198, PS78/203, and PS78/212 the surrounding sea ice was in an advanced state of
melt with no snow cover and open melt ponds. Fregzeonditions were first observed on 22
August, characterized by the presence bfilst snow cover and surface freezing of melt ponds, and
continued during the remaining ice stations PS78/227, PS78/238, and PS78/245.

During PS80, the first two ice stations, PS80/224 and PS80/237, were situated in deysarfics.

Ice stations PS&R55, PS80/277, and PS80/323 were conducted in a region dominated by rotten sea
ice with ice thicknesses < 1.0 m. A thin snow cover was first observed at station PS80/323 and was
present at the remaining stations, but did not exceed 0.1 m. Station PS88£38Buated in an area

of mixed FYI and MYI with no obvious signs of advanced melt or fregzeindicating it was in
transition from melt to freezep conditions. Freezap conditions were first observed at station
PS80/349, characterized by ice formomgthe surface of melt ponds, and continued for the remaining
stations. Ice stations PS80/349 and PS80/360 were conducted within the heaig gacisisting of
predominantly MYI with thicknesses > 1.5 m. The first ice station PS80/224 was revisiteti@as s
PS80/384 and was then characterized by fall fregzand an ice thickness of ~ 1 m.

All observations were made in late summer at the end of the productive season. Thus, algal biomass
was relatively low during both cruises. Of the 14-bjmical caes collected during PS78, none of the
samples exceeded 1.0 mg ehin (Table 1). Of the 59 bioptical cores collected during PS80,
however, samples exceeded 1.0 chgam? at 6 out of the 10 ice stations (PS80/237, PS80/255,
PS80/335, PS80/349, PS860, and PS80/384). Maximum cllconcentrations were observed at

MYI station PS80/360, with three ice cores ranging between 6.4 and 18 engn (Table 1). Also
noteworthy was MYI station PS80/349, which had the next highesa cbhcentrations withwo

cores at 3.5 and 5.6 nojl am (Table 1).
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Table 1. Summary of environmental properties and-optical cores for each ice station.

Cruise/Station t;(t:i?)n " [dd /?narisyy] Latitude  Longitude 'I'I)(/:Se bsIC ’ t’\rfigﬁﬁleiscse (ZEA; ;EA;) (:; (:LTR) T\ (par) N I((a[:r:%teh S[rr:::iw S[(r;%tt' mgnfﬂ' a
PS78/196 ice1 11/08/11 8384 60.50 I : - 539 28 0.05 - - 1 0.90 0.00 0.05 017
PS78/203 lce-2 14/08/11 85.97 59.35 NEW - . 37.0 . 0.06 - ; 1 0.05 - - 0.05
PS78/212 lce-4 19/08/11 88.02 59.45 FYI - 12 32‘% * l‘é'g * 0'022 * - - 3 06?2301 - - 0('37*
PS78/227 lce7 29/08/11 86.86 -155.05 FYI - 11 133 * li.78i Od%fli 1(5.181 06(.)(;51 3 lff; 0.00 06(.)521 Od%f;
PS78/239 lce-10 06/09/11 84.072 -164.19 MYI - 0.8 412fgi 1(')‘_‘; 06(.)(?21 Odési 06(.)311 3 ldé;‘gi - - 0(';‘371
PS78/245 lce-11 08/09/11 84.81 166.22 FyI ; 12 3&_371 16(.)11 0(.)%1; 06{.361 0(5‘,’52* 3 0(')?62; ; ; 0(')?17 .
PS80/224 lce-1 10/08/12 84.00 30.00 FYI 80 1.0 orE . - Yy 0695‘ - 8 16?4311 0.00 Odc_’ff 05;321
PS80/237 lce-2 15/08/12 83.95 76.85 FYI 80 13 I 5?_261 0(')(.’17 Y 0695‘5* 12 BXE 000 0696‘31' 06?52;
PS80/255 lce-3 20/08/12 82.86 109.86 FYI 70 0.9 30+ s 0(').10311’ 26‘_‘51 odggli 4 Od?ff 0.00 06903; 1(5(.)636i
PS80/277 lce4 26/08/12 82.89 129.78 FI 80 - - - - - - 5 0(')?239* 0.00 0690341 06}301
PS80/323 lce5 05/09/12 82.88 130.76 FYI 60 0.8 92‘_‘1 * 26?61 06(.’321 16(.351 069521’ 6 0(')?5381’ 0&‘)‘21 0.00 Odffgi
PS80/335 lce-6 08/09/12 85.06 12252 FYI 50 0.7 egi * 22_741 06(.’0331 Lax 069521’ 6 16(.’191 069(?71 0.00 06?965
PS80/349 lce.7 19/09/12 87.93 60.95 MYl 100 16 var Loy 0D 08 0 7 088 O E 000 Yo
PS80/360 lce:8 22/09/12 88.83 58.53 MYl 100 18 Bor 02x 002w 02r 0O 4 L 00 000 O
PS80/384 Ice-9 29/09/12 84.35 17.73 FI 100 12 96?; Od_zli 06952* Od.loi 069&11 4 16967; Oé%‘f 0.00 0(')"‘29*

PS8O/HEL}64 - 27/09/12 - - NEW - - 22'%* - 056‘9* - 06?32* 3 069(?1* O()(.)c?oi 0.00 06?031*

2 Added for easy cross reference to other publications using this naming pfetgc@oetius et al.2013;FernandezMéndez et a).2015;Katlein et al, 2014a]
b Datapresented itNicolaus and Katleifi2013] for PS78 andatlein et al.[2014a]for PS80.
°Es arjncident solar radiatiorEr parjunderice irradiance; antr par)underice radiance were integrated over PAR wavelengths 400 to 700 nm.

“Te parySpectral transmittance; afigparys pect ral transf | ec thaepresentrmdata mean over PAR. fi
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2.3.2 Spectral Measurements

Incident solar radiationHg) steadily decreased during both cruises and also decreased with latitude,
which was evident by the strong negative correlationgsofith Julian day and latitude (Table 2).
Incident solar radiation was typically over 86m? except at stations PS78/227, PS80/349,
PS80/360, and PS80/384, which fell belowMZOn? (Table 1). These values were expected for the
sampling season and regions. R@&fived spectl properties of the sea ice wepeesented and
discussed iNicolaus and Katleij2013] andNicolaus et al[2012] for PS78, and indatlein et al,
2014b] for F580. Of the 73 bimptical core locations, undare irradiance ) and transmittancer§)
spectra from 49 core locations, and uniderradiancel{) and transflectancd ) spectra from 50 core
locations were deemed of high quality and used for the lal@went of bieoptical models
(Supplementary Material Table S1).

Table 2. Pearson correlation coefficient matrix for all combinations ofdgitical core location bio
environmental variables.

snow Scat. ice julian lat Es Er Te IT T
chla 0.05 -0.07 0.08 0.27* 0.47* -0.28* -0.22 -0.17 -0.22 -0.15
snow - -0.20 0.08 0.37* 0.10 0.05 -0.30* -0.29* -0.31* -0.33*
Scat. - - 0.23 -0.40* -0.18 0.14 -0.16 -0.22 -0.08 -0.14
ice - - - -0.26* 0.03 0.11 -0.37* -0.47* -0.33* -0.51*
julian - - - - 0.46* -0.56* -0.20 0.09 -0.25 0.13
lat - - - - - -0.68* -0.12 0.19 -0.32* 0.03
Es - - - - - - 0.14 -0.21 0.29* -0.18
Er - - - - - - - 0.82* 0.94* 0.78*
Te - - - - - - - - 0.65* 0.97*
It - - - - - - 0.73*

*AYRAOF(GSa AAIYATFTAOLY G O2NNBtFGA2Y |{
Boldvaluesindicated G N2y 3 O2NNBf | GA2ya x non
During summer, snow effects can generally be neglected due to a lack ofNinolays et al.2012],
which is applicable to both cruises as the presence of snow never exceeded 0.1 m. Strong negative
correlations were liserved for ice thickness wiff: and T, (Table 2). The strong correlation of ice
thickness withTe andT, is a result of the large range of ice thicknesses sampled (e.g., 0.05 to 3.53 m)
in combination with the strong influence of ice on light transmitamhe observed highly variable
ice conditions had a large influence on light transmission, which showed haorizontal variability of one
to two orders of magnitude on the same ice floe for both FYI and MtoJaus et al. 2012].
Overall, FYI showed highdransmittance than MYI during PS7Rifolaus et al.2012], which was
also the case for PS80. The observed difference between MYI and FYI is mainly influenced-by melt
pond coverage since relatively similar transmittance values were observed during P8SY8 wh
compared between white (not ponded) MYI (0.01) and white FYI (0.04), and between ponded MYI
(0.15) and ponded FYI (0.22Ncolaus et al.2012]. FYI has a larger areal coverage of melt ponds
compared to MYI, which causes FYI to have nearly a threajobditer total transmittance value
(0.11) compared to MYI (0.04Nijcolaus et al.2012].

Critical minimum undeiice irradiance Er, levels for algal growth have been reported between 0.4
and 2.0W m? (2 to 9 umol photonsm?s?; e.g., [Gosselin et a).1985; Gosselin et a).1986;Horner

and Schrader1982;Lange et al.2015]). Stations PS80/360 and PS80/384 had rBeaalues below
this critical range (< 0.4 \Wh); stations PS78/227, PS78/238, PS78/245, and PS80/349 hadEmean
values within this critical range (0.4 to 20m®); and all other stations were above this critical range
(Table 1). Even though the higdtitude stations PS80/360 and PS80/349 had reeaalues below

or within the critical range these stations dtiéld the highest mean ice core ehtoncentrations
compared to the other stations. Loss of algal biomass in summer is primarilguheféosses due to
ice melt p.g.,Grossi et al1987] and substantial loss of ice algal biomass had likely occuriedtp

our sampling in 2012Boetius et al. 2013]. The higher latitude and dominance of thicker MYI at
stations PS80/360 and PS80/349 probably resulted in lower melt rates, due to less internal energy
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absorption by MYI compared to FYNjcolaus et al.2012], and subsequently less algal biomass loss
due to melt before our sampling.

2.3.3 Model performance
2.3.3.1 Comparison of statistical approaches

The two highestanking predictive models were based on an EOF approach, and had considerably
higher Rv a | u €09) afd lo@er RMSE values (< 0.8) than all other predictive models (Table 3).
Thetwo NDIbased predictive models in ouad saltactiubre
using radiance data (rank 3) and transmittance data (rank 5), respectivgith©itOF models

ranked first and fourth, however, combined large data subsets (n = 38 and n = 50, respectively) with
spectral measurements that take into consideration the incoming solar radiation, indicating a wide
applicability under varying environmeitconditions (Table 3).

Based on the model biases, there appear to be no obvious trends between statistical approaches of the
five Obestd predictive models, with all values
applied to the higlthla and lowchla data demonstrate that the NBdsed approaches
underestimate the higthl a data while overestimating the leghl a data. The EOfased approaches
demonstrated low model biases and low biases when applied to bothrmiglowchl a data.

A complete list summarizing all 96 reference models for each combination of spectral measurement
with a statistical approach and a data subset was providkghpiementaryMaterial Table S2. Based

on the model Rvalues, the EOBased models performed geriréetter than the three NEMased
approaches (Supplementary Material Table S2). Among thebldB#d approaches, muMDI and

NDlg7o performed best. The good performance of the ANl approach was probably driven by
good relationships in the NRbvalues because overall the NRlmodels demonstrated the lowedt R
values.

Similar studies have provided no model error estimate (éd/glbpurneThomas et aJ.2015]) or
provided the model RMSE (e.gCampbell et al.2014;Taylor et al, 2013]) as a meare of model
uncertainty, which is always an underestimate of the true prediction error. The true prediction error
estimate is particularly important to assess the uncertainty of predictions made using new (spectral)
data. Here we provided an assessmérthe true prediction error for the models using RMSE
values (Table 3), which are often over double the model RMSE values (Table 3). For our predictive
models, these values appear to be in an acceptable range considering the variability of environmental
conditions. For comparison, all predictive models true prediction error estimates,.R13aBle 3),

were lower than the model RMSE provided Bafnpbell et al.2014].

All 5 selected predictive models demonstrated high variability in predictingchdw values of the

low chla subset and thBS78data subset (i.e., < 2 mgarTable 3). This is expected, since with low

chl a concentrations there is less absorptionighftl by algal biomass, which enhances the relative
influence of other environmental properties on the transmitted spectra. The two selected predictive
models based on NR} had relatively large positive biases when applied to-dba (Table 3),
suggestig that the NDJ,o models applied to independent data may also result in overestimation of
low-chl a regions. This is not surprising since these two dBded predictive models were fitted to
high-chl a data. Even though the EOF models also had largeseassociated with predicting the
variability of low-chl a, these models had practically no directional bias when applied toalogv
high-chl a (Table 3), suggesting that these EOF models can correctly differentiate between low,
medium, and high chh conentrations,and are less likely to result in ovesr underestimations

when applied to independent spectral data.

An overall better performance of models using an @sed approach can be attributed to the fact
that the EOF method accounted for a largege of spectral variability by including multiple regions

of the spectra, which were represented by the different EOF modes. In ocean color remote sensing,
increasingly complex algorithms have been developed to include more spectral bands in order to
acount for the many variables that influence ocean optics other than phytoplankéofe ch)Craig

et al, 2012]. In the ocean, this is mostly CDOM or other particles, but for sea ice the snow and ice
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matrix generally have a much larger influence on lighbetration than any single variable in the
ocean. The variability of undére and incoming spectra was particularly important during our study
due to the large range of environmental properties experienced in terms of latitude, ice thickness, state
of melt and melt pond coverage. In comparison, previous studies were performed in more uniform ice
properties over a smaller latitudinal range [eGampbell et al.2014; 2015MelbourneThomas et

al., 2015;Mundy et al. 2007].

Table 3.Summary of the top predictive models.

Model ID EOF EOF NDlg7q EOF NDlg7q
Transmittance Radiance Irradiance Transflectance Transmittance
N 38 15 15 50 15
Equation: 0.7 - 305, + 2.0+ 275 2.2 + 03 + 15 - 1.2 -
In[E(chl 11, + 2455 - 1T 1.75s 7 10.8\Dlgggess 1.75 + 2.0s; + 11.I1NDlgrgesa
Bag)] = 6.55° + 3.95° 1.0 1 3.25 + 8.655°
237 i
10.05¢

Model R? 0.90 0.95 0.73 0.74 0.70

RMSE 0.77 0.66 1.58 1.12 1.65

bias -0.02 -0.08 0.02 -0.12 0.06
Bias of High-chla -0.01 -0.08 0.02 -0.01 0.06
Model Low-chla 0.00 0.00 2.09 0.00 1.96
applied to
subset:
R? of model All 0.88 0.56 0.54 NA 0.63
applied to PS78 -0.11 NA -0.08 NA 0.01
subset: PS80 NA 0.55 0.60 0.74 0.64

MYI 0.94 0.55 0.68 0.76 0.62

Low-chla -0.01 -0.02 0.07 0.00 0.06

high-chla  0.93 NA NA 0.82 NA

meari 0.53 0.41 0.36 0.58 0.39
Cross RMSE 1.81 1.81 1.89 2.46 2.01
Validation NRMSE®  0.15 0.17 0.18 0.21 0.19
Ranking R°mead 4 9 13.5 2 11

NRMSE® 6 7 8 23 14

Mean 1 2 3 4.5 4.5

2 and® depict the matching model statistic and corresponding ranking criterion variable.

The modes of adllation (Figure 4 show the signatures of change within the spectral measurements
due to different variables that influence the transimis®f light through sea icdMode 1 alone
explained most fothe variability (~95 %, but was not selected in any reference model. This is not
surprising, since the shape of the mode of oscillation closely resembles that of the spectral extinction
coefficient curves for snow and ic&fenfell and Maykyt 1977]. Furthermore, mode 1 had a
significant mediurvto-strong correlation with the presence of melt ponds, indicating that melt ponds
had a large influence on spectral variability. This is expected sinteamels are known to transmit

more light [e.g.Katlein et al, 2015;Light et al, 2008;Nicolaus et al.2012].

For each of the modes included in the E@msmittance model (modes 2, 4, 6, 7 and 9) there is at
least one local maximum or minimum capending to one of the maximum ehlbsorptio regions
(Figure 4. Accordingly, four out of five modes, for both E@B&sed predictive models, have medium
to strong significant correlations with ch] and two of the five modes for the EQFansmittance
model (s and s?) and one of five modes used in the ED&nsflectance modeky have strong
significant correlations with only cld (Table 4) The modes that have strong correlations with only
chl aalso are associated with high changes in BIC wheretheis removed from the model.

The proportion of variance explained by the modes used in the sefiebtedlEQFbased predictive
models was relatively low compared to those found in other studies (ayg et al, 2012;
MelbourneThomas et a).2015]. Taylor et al.[2013] included modes 5 to 9 in their analyses and
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showed that even subordinate modes which explained smaller proportions of the spectral variance still
had an important influence on the models based on chanigeAkaike Information Criteon (AIC).

Their study related spectral radiance to phycoerythrin concentrations, which is an accessory pigment
and therefore has a smaller influence on light absorption compareddoTdtik could explain why

the subordinate modes were important inriealel, since they capture the smaller variations caused

by the spectrally less influential phycoerythrin pigmeFaylor et al, 2013]. Similarly, during our

study, icealgal chla concentrations had a smaller influence on spectral light transmissitineréta

e.g. ice thickness, melt ponds, incoming light and solar inclination. Because the physical properties of
the snow and ice matrix dominate the influence of light transmission, the variability @ chl
concentrations in sea ice appears to be bestsepted by subordinate modes explaining a smaller
part of the EOF variability compared to approaches estimatirgaincentrations in water.

Mode 1 =94.98% Mode 2 =4.25% Mode 3 = 0.59%
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Figure 4. EOF modes represented as modes of oscillation in the entire standardized spectral
Transmittance daset. The modes of oscillation were calculated by projecting the spectral matrix (X)
onto the EOF matrix (S), showing the loadings for each wavelength by mode. Included is the
proportion of variance explained by each corresponding mode. Grey shadedepresent the
maximum chl a absorption regions centered at 440 and 670 nm.
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Table 4. Correlation matrix between EOF modesi(ss, S2 0 ng) and bieenvironmental properties for the three best EOF motislel terms show only
the modes used as terms in the corresponding model.

Model Variable S S S S S S S S S S’ S S A S S S S
Egr?smittance Model Terms S S Se 572 592
Chla 028 035 -0.08  0.33* 0.04  0.49* 0.18 -0.04 -036*  -0.28 0.29 -0.04 0.08 0.04 0.6 0.21 0.06 0.5%
Melt pond 0.38*  -0.32*  -0.40*  -0.10 -0.25 -0.15 -0.20 0.14 -0.12  -0.38* 037 0.36* 0.18 -0.03 0.12 0.36* 0.32 -0.10
snow -0.07 013  0.49* 0.08 0.55* -0.10 0.18 0.11 -0.16 0.06 -0.08 0.28 0.03 0.37 -0.07 0.02 -0.14 0.06
Scatt. -0.15  0.33* -0.13 0.19 0.03 0.10 026  -0.37* 0.25 0.16 -0.16 -0.16 -0.07 -0.26 -0.25 -0.22 -0.10 -0.04
ice 015  0.43* 010  0.53*  0.40* -0.06 -0.06 -0.18 0.03 0.15 -0.16 -0.01 -0.15 -0.13 -0.15 -0.22 -0.17 0.17
'IE'g'r:-sflectance Model Terms S S S So o
Chla 0.25 0.31 0.00  -0.3% -0.10 0.01 0.36* 0.27 0.34 -0.24 0.24 -0.07 0.16 0.18 0.20 0.41 0.03 0.13
Melt pond 0.39% 0.28 0.42 -0.10 -0.27 0.17 -0.21 -0.03 0.04  -0.40° 0.40¢ -0.02 0.16 -0.06  0.45 -0.04 0.02 0.03
snow -0.07 019  -0.53 0.05 0.43 -0.15 0.18 0.03 0.3 0.06 -0.09 045 0.00 0.33 -0.12 0.17 -0.16 -0.04
Scatt. -0.04  -0.29 0.04 -0.14 -0.07 -0.06 0.01  -0.32 -0.28 0.03 -0.02 -0.13 -0.06 -0.11 -0.11 017 0.30 0.03
ice -0.16  -0.5% 024 -047 0.25 -0.05 -0.18 0.07 -0.13 0.16 -0.17 0.24 -0.11 -0.10 -0.26 0.15 0.02 -0.01
EOFRadiance Model Terms S4 S S s’ s
Chla 0.19 0.15 0.04 063 -0.23 0.05 -0.25 0.18 -0.38 -0.19 0.20 -0.14 0.28 0.03 -0.23 0.30 -0.19 0.05
Melt pond 055  -0.53 0.31 039 057 -0.10 -0.03 -0.26 010  -053 052 0.32 0.15 0.56+ 0.25 -0.34 0.28 -0.21
snow 0.17 032  -06 0.10 0.51 -0.30 -0.06 0.11 -0.14 -0.21 0.21 0.27 -0.42 0.04 0.00 0.46 -0.12 -0.23
Scatt. -0.40 0.14 0.46  -0.70¢ 0.16 0.06 -0.17 -0.16 0.20 0.42 -0.42 -0.26 0.33 -0.28 -0.37 -0.50 -0.23 0.44
ice -0.13 0.24 0.00 0.10  0.8% -0.08 0.10 0.02 0.11 0.11 -0.10 -0.21 -0.15 -0.46 -0.15 -0.03 -0.07 0.00

* Refers tosignificant correlationsgt O 0. 05

55



Chapter 2 - Paper 2: Spectrally-derived chla

2.3.3.2 Comparison of Spectral Measurements

Significant correlations of ice core chwith latitude and ice core chlwith solar radiation (Table 4)
suggest that care is needed when interpreting models that do not account for the variability of
incoming solar radiation (i.e., undee irradiance and radiance). Of the 5 selected predictive models,
the lowestranking NDk,o model uses undéce irradiance for the highhl a data subset. In this data
subset there was a significant negative correlation betweemartd incoming solar radiation (r=
0.58, n =15, p = 0.02), and a trend betweeraand undeiice irradiancerE -0.46, n=15, p = 0.08).

No correlation was observed betweenahhd integrated transmittance for the higt a data subset.
Based on these correlations it is unclear if uadeiirradianceor radiancebased models are actually
predicting chla basel on a spectral signal influenced by albiomass, or if the relationship between
chl a biomassand the strength of the incoming light field influences the apparent predictive
performance of these modeBecause we cannot be certain to what extent thferpgance of the
irradiance and radiancébased models were influenced by variations within the incoming solar
irradiance, we excluded the tveelectedpredictive models using undere radiance and irradiance
data (e.g., EOfadiance and NRj}qirradiancg from further analyses.

Previous studies presented reliable models for estimatirglded chla concentrations using under

ice irradiance, which do not account for variations of incoming solar radiation. These studies covered
small local study regionduring earlyspring Mundy et al, 2007] and springummer transition
[Campbell et al. 2014; 2015], and had a comparably lower latitudinal range during austral spring
[MelbourneThomas et a).2015], and therefore had less variability in the incoming fiighd. These
studies were also conducted during a time when snow had a dominant influence on light
transmittance. This together with the generally better performance of transmittance and transflectance
models suggests that incoming solar radiation shalldys be measured and accounted for in bio
optical predictive models extending over a large spatial and/or temporal range. The additional time
and logistical requirements incurred by operating an additional sensor is minimal making it all the
more realstic to incorporate this important methodological advancement in future field programs.

2.3.4 Bio-Optical Predictive Model Up -scaling

The aim of model development and selection was to derive a predictive model that is best at
estimating icealgal chla concentations from independent spectral data over large spatial scales
collected by an ROV and a SUIT. The E@Fansmittance (PS80 data subset) model was chosen as
the 6bestd predictive model b a’sired the NRMSE (lable 3) an ki n g
We excluded the EGFadiance predictive model (ranke)2and ND§;- irradiance predictive model
(ranked &' Table 3) due to correlations of chwith incoming light and undeice irradiance, which
leaves the EOHTransflectance All data subset) préctive model and the NRJgyTransmittance
(hereafter referred to as NDransmittance) predictive model for further analyses3¥odmparison.

These three predictive models were applied to spectral data collected during two ROV stations
(PS80/360 highatitude site; PS80/323 lowdatitude site) and two SUIT stations (PS80/358 high
latitude site; PS80/285 lowatitude site).
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Figure 5. Remotely Operate Vehicle (ROV) spectrallgrived sea ice algal chlestimates for high
latitude station PS80/360 a)chh); and for lowlatitude station PS80/323 c¢) and d). a) and c) show the
spatial distribution of EOHransmittance model cld estimates and ice core chlconcentrations
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predictive models EOF ransmittance, EOfransflectance, and NBllransmittance.

At the highlatitude ROV and SUIT stations (PS80/360 and 345), the-NBhsmittance predicted
values were gesrally in good agreement with EGFansmittance and EGFRansflectance predicted
values when comparing the density distributidfigiire 5b andFigure 6b), and median and range of
values (Table 5). However, the NIDfansmittance predicted values had leariability within and
between all SUIT and ROV stations in comparison to the-B&ded predicted models and ice core
chl a values (Table 5Figure 5d andFigure 6c¢). At the lowlatitude SUIT (PS80/285) and ROV
(PS80/323) stations it was apparent thatXiDI-Transmittance predictive model owvestimated low

chl a values compared to the E@Rased predictive models. This was particularly evident from the
substantially higher values observed within ehtlensity distributions for the NBTransmittance
predicted values compared to E@Bsed predicted valueBigure 5d andFigure 6d). Furthermore,
there was a large difference between the-latitude station summaries of NDransmittance
predicted chl values and ice core chlconcentrations (Table 5). riie the oveestimation of low

chl a values and low variability appears to be a constant feature of thd MD$mittance predictive
model, we suggest it was a less reliable predictive model compared to thbaB&r predictive
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models when applied to langecale independent spectral data. Although uncertainty is also high for
low chl a values for the EOHransmittance and EGFransflectance models, the biases are low
(almost zero) and therefore over largeales should result in minimal oweinderestimaion biases

of ice-algal chla.

Table 5.Summary of ice core chl a and spectralgrived chl a from the selected undse horizontal
profiling platform stations. ROV: Remotely Operated Vehicle; and SUIT: Surface and tlaader
Trawl. Ice core and prettied chl a values represent the median (50th percentile), interquartile range

(25thi 75th percentiles), and sample size [N].

Distance Core EOF- EOF- NDI-
Footprin Transmittanc  Transflectanc  Transmittanc
. Platform , chla
Region _giation Spacing ¢ (mg m? € € €
a (m?)°® Predicted chl  Predicted chl  Predicted chl
(m) ) a(m -2 -2 -2
g m”) a(mg m*) a(mg m*)
7.25 . ; .
ROV- . 3.7(21159) 23(L6i 3.3) 2.6(1.2i 3.5)
180,0.9 3.0/0.02 (4.86i
High- PS80/360 8.99) [4] [821] [960] [927]
latitud
e " . "
SUIT- ] 3.2(0.0i 5.0) 2.1 (1.1i 49) 3.0(2.6i 3.3)
psgo/a4s 0224 35/0.11 23] [26] [34]
ROV- 017 g (0.5( 1.1)  0.01 (0.00 2.7 (2.5 2.8)
180,0.5 2.6/0.02 (0.061 ’ ) ' ' ’ ' ; ’
Low. PS80/323 0.23) [6] [1568] 0.11) [1667] [1569]
latitud
e . " .
SUIT- 0.4(0.07 1.5) 1.6 (0.9 2.5) 2.7 (2.5i 3.0)
psgo/zes 1°00- 14 1.670.05 [102] [110] [118]

@Distance refers to the distance covered by the profiling platform (e.g., maximum distance between

points) and spacing is the mean spacing between all adjacent points.

® Footprint is the mean of all point footprints for Transmittance / Transflectance, respectively.
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Figure 6. Surface and Unddce Trawl (SUIT) spectraligderived sea ice algal chlestimates for higiatitude station PS80/345 a) and b); and for-low
latitude station PS80/285 c¢) and d). a) and c) show the horizontal profile of th@&@dmittance model chl a estimates and sea ice draft over the trawled
distance, values > 0 corresgbto chl a (mg r2) and values < 0 correspond to draft (m). The horizontal widths of the bars in a) and c) depict relative along
track footprint size. Note the difference in trawled distance in a) and c). b) and c) show weighted (based on poinsifostmiéemsity distributions of
estimated chl a from the top 3 predictive models Hodnsmittance, EOFransflectance, and NBEllransmittance.
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Figure 7. Sea icealgal chla concentrations along Transe®B (depicted in Figuré) extracted from ROV station PS80/360. Shown are ice draft (m), ice
core chla values (points) at corresponding locations along the transect, and fa@$mittance predictive model chlestimates along the transect. Model

predicted chh values correspond to: astly on the transect (etnansect), and weighted (based on footprint size) mean and range of values within 1.5 meters
of the transect. Yaxis values > 0 correspond to ehlmg m?) and values below zero correspond to draft (m). Stippled horizontaldpietsl draft of1 m.
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The EOFbased predictive models both showed comparable median and rangeacfatits at the

same stations (Table 5). Hence, both HidBed models showed similar regional differences irachl
concentrations wit higher values at the higher latitude stations (Table 5), which is also in agreement

with the general trend of our ice core dalconcentrations. Overall, however, there was little
correlation between the EGFansmittance and EGFransflectance predicty model s est i ma
a values. This can be explained by their different mean footprint size, which was 1.5 m for the
irradiance sensor, and 0.15 m for the radiance sensor.

In order to account for ROV position uncertainty and the variable footprint afizepectral
measurements when comparing independent speetigliyed chla to ice core chh concentrations,

we took the weighted (based on footprint of each spectral measurement) mean ebjiicailochla
estimates that were within 1.5 m of eacihmbin along an 85 m transect (trans&& Figure 5a and

Figure 3. Points within 2 adjacent overlapping bin areas were assigned to only the closest bin
location. TranseefB includes four ice core sample locations, with the ice coreaadncentration
values overlaid on the ROV measurement grifligyre 5a and c). The first three ice core ehl
observations were within the range of values predicted by theTE@#Smittance model, for the 1.5

m region surrounding the core locations. The estimated edlle at the end of the transect (~85 m),
however, was lower than the corresponding ice core value, but still within the model uncertainty
(RMSE.y of 1.8mgchlam? Figure J. The EOFTransmittance model showed a better fit to the ice
core chla observations compared to the EDRnsflectance and NBIransmittance predictive
models, which further confirms that the E@Fansmittance model performs best as a predictive
model also indicated by the final model ranking.

A tentative assessment of thgatial variability of icealgal chla concentrations indicates that large
scale estimates of ice algal biomass and primary production are sensitive to the choice and number of
ice cores analyzed compared to continuous spectral profiles, which captueighdity of ice algal
chl a concentrations over larger distances. Based on thecalpd (SUIT and ROV) EQGF
Transmittance predictive model result&gure 5a, ¢, andFigure 6a, ¢) and the extracted 85 m
transectAB from the ROV station PS80/36Figure 7) it is apparent that iealgae biomass has a
patchy distribution, which is weknown. Regardless of the patchy distribution, Argtide sea ice
primary production estimates, which integrated standing stoc# blimass, used only one to three
core saples per location [e.gFernandezMéndez et a).2015;Gosselin et a).1997]). The four bio
optical cores sampled along transect AB had an averageccnicentration of 6.6 mg fn The range

of the four cores (~0 to 12 mg calm?), however, indicatethat basing largecale estimates on a
small number of ice cores carries large uncertainties in biomass and subsequent derived primary
production estimates. Based on one ice core sample with agalebiomass of 8 mg ctd m?,
FernandezMéndez et al[2015] estimated that iealgae contributed up to 60 % of the total primary
production at ice station PS80/360. Along transect ABaauncentrations of sea ice estimated by our
best bieoptical predictive model (EOFransmittance;Figure 7 a) yielded a onsiderably lower
weighted median and interquartile range of @.8to 6.4) mgchlam? which was also evident from
the full ROV survey values for that sifEable 5). A potential difference of over 50% between ROV
spectrallyderived chla concentratio estimates compared to published @kblues based on ice core
measurements at the same location emphasizes the importance -césoigiion measurements to
capture the spatial variability of ice algal biomass for l@ggle biomass and primary prodant
estimates. In order to conduct detailed spatial analyses-afgakchla, however, further geospatial
processing of the data is required and is beyond the scope of this study.

2.4 Conclusions

With this first largescale bieoptical summer study in therétic Ocean, we demonstrated the
suitability of different combinations of statistical approaches with four spectral measurements for
deriving icealgal chla concentrations in sea ice, and their application to larger scale spectral
measurements. For thelge-summer Arctic data, the EOF models performed better than the NDI
models, particularly at differentiating between low, medium and highacbbncentrations. We
attributed this to the ability of the EOF models to account for the high variability ofoenwental
properties by incorporating variability from multiple regions of the spectra. Compared to the more
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complex EOFbased approach, the NDased approach may be more easily applied and often
suitable, depending on the variability of light conditiossa ice propertiesnd sea icealgal chl a
concentrationsRegardless of the statistical approach taken, accounting for incoming solar radiation
by calculating transmittance and transflectance resulted in superior models compared to simply using
underice irradiance or radiance. This is particularly important for studies covering large spatial and
temporal scales, and therefore a wide range of incident light conditions. Considerable discrepancy
between mean chkc oncentr ati ons der-bpticaldnodelrapplied m@aB5 ndo be st 6
spectral transect in comparison to publishedackdlues based on ice core measurements at the same
location highlights the need of highsolution measurements to capture the true variability of ice
algal biomass in theontext of largescale estimates and modeling studies. The increasing use of
ROVs and AUVs equipped with spectral sensors means that spectral data for makisgdergdh
estimates will become more widespread with continued technological advancefteatstudy
provides the first concise analysis of the potentials and limits of predicting adntent in sea ice

from spectral data under variable environmental conditions, and a toolbox for studies extending over
large spatial and/or temporal scalesngs.g. autonomous vehicles or moored sea ice observatories.

Acknowledgements

We thank Martin Schiller for his technical expertise and operational support during ROV
deployments. We thank Captain Uwe Pahl and Captain Stefan Schwarze, the crews, dfid scient
cruise leaders Antje Boetius and Ursula Schauer and RV Polarstern expeditions PS80.3-3ARK27
IceArc) and PS78.3 (Ark28; TransArc), respectively, for their excellent support and guidance with
work at sea. We thank Jan Andries van Franeker (IMARBSKindly providing the Surface and
Underlce Trawl (SUIT) and Michiel van Dorssen for technical support. SUIT was developed by
IMARES with support from the Netherlands Ministry of EZ (project WO#009-036) and the
Netherlands Polar Program (project AL¥B66.13.009). We acknowledge the collaboration and
technical support by Ocean Modules, Sweden for development and deployment of the ROV. Sea ice
concentration data from September 13, 2012 were obtained from http://www.meereispotal.de (grant:
REKLIM-201304). This study is part of the Helmholtz Associati¥oung Investigators Group
Iceflux Ice-ecosystem carbon flux in polar oceans (MB-800). We also acknowledge the Alfred
Wegenetinstitut, HelmholtzZentrum fir Polar und Meeresforschung for essentialaintial and
logistical ~ support. All data are available from the PANGAEA database
doi.org/ XX XXXX/IPANGAEAXXXXXX.

62



Chapter 2 - Paper 2: Spectrally-derived chla

References

Aguinis, H., R. K. Gottfredson, and H. Joo (2013), Bsictice Recommendations for Defining, Identifying,
and Handling OutliergQrganizational Research Methods, 16(2),-30Q, doi:10.1177/1094428112470848.

AMAP (2011), Snow,water, ice and permafrost in the Arctic (SWIPA): Climate change and the cryosphere.,
Scientific Rep., Gaustadalléen 2150849 Oslo, Norway (www.amap.no).

Ambrose, W. G., C. von Quillfeldt, L. M. Clough, P. V. R. Tilney, and T. Tucker (2005), Théceuhlgal
community in the Chukchi sea: largand smallscale patterns of abundance based on images from a
remotely operated vehicle, Polar Biol., 28(10), -7®5.

Arrigo, K. R., G. van Dijken, and S. Pabi (2008), Impact of a shrinking Arctic ice cover on marine primary
production, Geophys. Res. Lett., 35(19), L19603, d0i:10.1029/2008GL035028.

Arrigo, K. R., and G. L. van Dijken (2011), Secular trends in Arctic @aet primary production, J. Geophys.
Res., 116(C9), C09011, doi:10.1029/2011JC007151.

Boetius, A., et al. (2013), Export of Algal Biomass from the Melting Arctic Sea Ice, Science, 339(6126), 1430
1432, doi:10.1126/science.1231346.

Budge, S. M., M. J. Wotdr, A. M. Springer, S. J. lverson, C. P. McRoy, and G. J. Divoky (2008), Tracing
carbon flow in an arctic marine food web using fatty estable isotope analysis, Oecologia, 157(1),-117
129, doi:10.1007/s0044@0810537.

Calcagno, V., and C. de Mazancb(2010), glmulti: An R Package for Easy Automated Model Selection with
(Generalized) Linear Models, Journal of Statistical Software, 34(129, 1

Campbell, K., C. J. Mundy, D. G. Barber, and M. Gosselin (2014), Remote Estimates of Ice Algae Biomass and
Their Response to Environmental Conditions during Spring Melt, Arctic, 67(3), 375,
doi:10.14430/arctic4409.

Campbell, K., C. J. Mundy, D. G. Barber, and M. Gosselin (2015), Characterizing the sea ice algae chlorophyll
ai snow depth relationship over Arctgpring melt using transmitted irradiance, J. Mar. Syst., 14B476
doi:10.1016/j.jmarsys.2014.01.008.

Craig, S. E., C. T. Jones, W. K. W. Li, G. Lazin, E. Horne, C. Caverhill, and J. J. Cullen (2012), Deriving
optical metrics of coastal phytoplankton tmass from ocean colour, Remote Sens. Environ., 118372
doi:http://dx.doi.org/10.1016/j.rse.2011.12.007.

David, C., B. Lange, B. Rabe, and H. Flores (2015), Community structure of-iged@una in the Eurasian
central Arctic Ocean in relation to enmirmental properties of séee habitats, Mar. Ecol. Prog. Ser., 522,
15-32, doi:10.3354/meps11156.

FernandeMéndez, M., C. Katlein, B. Rabe, M. Nicolaus, |. Peeken, K. Bakker, H. Flores, and A. Boetius
(2015), Photosynthetic production in the Central &raduring the record sedae minimum in 2012,
Biogeosci. Disc., 12(3), 2892945, do0i:10.5194/bgd2-2897-2015.

Fetterer, F., K. Knowles, W. Meier, and M. Savoie (2002, udpated 2011), Sea Ice Index, edited, Boulder, CO:
National Snow and Ice Data Centeigiial Media.

Flores, H., J. A. van Franeker, V. Siegel, M. Haraldsson, V. Strass, E. H. Meesters, U. Bathmann, and W. J.
Wolff (2012), The Association of Antarctic Krill Euphausia superba with the UtudeHabitat, PLoS ONE,

7(2), e31775, doi:10.1371/joual.pone.0031775.

Gosselin, M., L. Legendre, S. Demers, and R. G. Ingram (1985), Responseslaéd $keroalgae to Climatic
and Fortnightly Tidal Energy Inputs (Manitounuk Sound, Hudson Bay), Can. J. Fish. Aquat. Sci., 42(5),
9991006, doi:10.1139/f88.25.

Gosselin, M., L. Legendre,-&. Therriault, and S. Demers (1990), Light and nutrient limitation oficea
microalgae (Hudson Bay, Canadian Arctic), J. Phycol.,, 26(2), -2320 do0i:10.1111/j.0022
3646.1990.00220.x.

Gosselin, M., L. Legendre, J. C. Thault, S. Demers, and M. Rochet (1986), Physical control of the horizontal
patchiness of sei@e microalgae, Mar. Ecol. Prog. Ser., 29(3),-288, doi:10.3354/meps029289.

Gosselin, M., M. Levasseur, P. A. Wheeler, R. A. Horner, and B. C. Booth (199%) mMéasurements of
phytoplankton and ice algal production in the Arctic Ocean, Deep Sea Res II, 44(8}1648R3
doi:10.1016/S096D645(97)00054.

Grenfell, T. C., and G. A. Maykut (1977), The optical properties of ice and snow in the Arctic Basinial, Glac
18(80), 445463.

Grossi, S., S. Kottmeier, R. Moe, G. Taylor, and C. Sullivan (1987), Sea ice microbial communities. 6. Growth
and primary production in bottom ice under graded snow cover, Mar. Ecol. Prog. Se@),36§%164.

Gutt, J. (1995), Theccurrence of suire algal aggregations off northeast Greenland, Polar Biol., 152227

Haas, C., A. Pfaffling, S. Hendricks, L. Rabensteisi,. Etienne, and |. Rigor (2008), Reduced ice thickness in
Arctic Transpolar Drift favors rapid ice retreatGeophys. Res. Lett, 35(17), L17501,
doi:10.1029/2008GL034457.

Horner, R., and G. C. Schrader (1982), Relative Contributions of Ice Algae, Phytoplankton, and Benthic
Microalgae to Primary Production in Nearshore Regions of the Beaufort Sea, Arctic, 35(4).

63



Chapter 2 - Paper 2: Spectrally-derived chla

IPCC (2013), Climate Change 2013: The Physical Science Basis. Contribution of Working Group | to the Fifth
Assessment Report of the Intergovernmental Panel on Climate ChangeRep., 1535 pp, Cambridge, United
Kingdom and New York, NY, USA.

Katlein, C., et al(2015), Influence of ice thickness and surface properties on light transmission through Arctic
sea ice, Journal of Geophysical Research: Oceans, 120(9)598932d0i:10.1002/2015jc010914.

Katlein, C., M. Fernandelrléndez, F. Wenzhofer, and M. Nicolau®{4a), Distribution of algal aggregates
under summer sea ice in the Central Arctic, Polar Biol., doi:10.1007/s@i300634 3.

Katlein, C., M. Nicolaus, and C. Petrich (2014b), The anisotropic scattering coefficient of sea ice, J. Geophys.
Res., 119(2)842-855, d0i:10.1002/2013JC009502.

Kohlbach, D., M. Graeve, B. A. Lange, C. David, I. Peeken, and H. Flores (in press), The importance of ice
algaeproduced carbon in the central Arctic Ocean ecosystem: food web relationships revealed by lipid and
stable sotope analyses, Limnol. Oceanogr, accepted.

Kwok, R., and D. A. Rothrock (2009), Decline in Arctic sea ice thickness from submarine and ICESat records:
1958 2008, Geophys. Res. Lett., 36(15), L15501, doi:10.1029/2009GL039035.

Lange, B. A., C. Michel, J..Beckers, J. A. Casey, H. Flores, I. Hatam, G. Meisterhans, A. Niemi, and C. Haas
(2015), Comparing springtime iedgal chlorophyll a and physical properties of mykar and firsyear sea
ice from the Lincoln Sea, PLoS One, 10(4), €0122418, doi:10/ftRirnal.pone.0122418.

Light, B., T. C. Grenfell, and D. K. Perovich (2008), Transmission and absorption of solar radiation by Arctic
sea ice during the melt season, J. Geophys. Res., 113(C3), C03023, doi:10.1029/2006JC003977.

Lund-Hansen, L. C., S. Markgr, K. Hancke, T. Stratmann, S. Rysgaard, H. Ramlgv, and B. K. Sorrell (2015),
Effects of sedce light attenuation and CDOM absorption in the water below the Eurasian sector of central
Arctic Ocean (>88°N), Polar Res., 34(0), doi:10.3402/polar.v34.23978.

Mahmood, Z., and S. Khan (2009), On the Use dfd{d CrossValidation to Choose Cutoff Values and Assess
the Performance of Predictive Models in Stepwise Regression, The International Journal of Biostatistics,
5(1), doi:10.2202/1554679.1105.

Maslanik,J. A., J. C. Stroeve, C. Fowler, and W. Emery (2011), Distribution and trends in Arctic sea ice age
through spring 2011, Geophys. Res. Lett., 38, L13502, doi:10.1029/2011GL047735.

McCullagh, P., and J. A. Nelder (1989), Generalifie@ar models, Chapman and Hall, London, United
Kingdom.

MelbourneThomas, J., K. M. Meiners, C. J. Mundy, C. Schallenberg, K. L. Tattersall, and G. S. Dieckmann
(2015), Algorithms to estimate Antarctic sea ice algal biomass from <irel@radiance spé@ at regional
scales, Mar. Ecol. Prog. Ser., 536, 1171, doi:10.3354/meps11396.

Mundy, C. J., J. K. Ehn, D. G. Barber, and C. Michel (2007), Influence of snow cover and algae on the spectral
dependence of transmitted irradiance through Arctic landifsstyear sea ice, J. Geophys. Res., 112(C3),
C03007, doi:10.1029/2006JC003683.

Nicolaus, M., S. R. Hudson, S. Gerland, and K. Munderloh (2010), A modern concept for autonomous and
continuous measurements of spectral albedo and transmittance of s&oliteRegions Science and
Technology, 62(1), 1428.

Nicolaus, M., and C. Katlein (2013), Mapping radiation transfer through sea ice using a remotely operated
vehicle (ROV), The Cryosphere, 7(3), 7637, doi:10.5194/td-763-2013.

Nicolaus, M., C. Katlein). Maslanik, and S. Hendricks (2012), Changes in Arctic sea ice result in increasing
light transmittance and absorption, Geophys. Res. Lett., 39] 2809, do0i:10.1029/2012GL053738.

R-DevelopmeniCoreTeam (2012), R: A Language and Environment for SteéisComputing, R Foundation
for Statistical Computing, Vienna, Austria.

Riihela, A., T. Manninen, and V. Laine (2013), Observed changes in the albedo of the Aritie zeae for
the period 19822009, Nature Clim. Change, 3(10), 8998, doi:10.1038/naohate1963.

Rosel, A., and L. Kaleschke (2012), Exceptional melt pond occurrence in the years 2007 and 2011 on the Arctic
sea ice revealed from MODIS satellite data, J. Geophys. Res., 117(C5), doi:10.1029/2011jc007869.

Rysgaard, S., M. Kihl, R. N. Glud, addW. Hansen (2001), Biomass, production and horizontal patchiness of
sea ice algae in a highrctic fjord (Young Sound, NE Greenland), Mar. Ecol. Prog. Ser., 222615

Schwarz, G. (1978), Estimating the Dimension of a Model, The Annals of Statistfils464,
doi:10.1214/a0s/1176344136.

Serreze, M. C., M. M. Holland, and J. Stroeve (2007), Perspectives on the Arctic's shrinkicg ceeer,
Science, 315, 153B8536.

Sgreide, J. E., M. L. Carroll, H. Hop, W. G. Ambrose, E. N. Hegseth, and SPEtken (2013), Sympagic
pelagicbenthic coupling in Arctic and Atlantic waters around Svalbard revealed by stable isotopic and fatty
acid tracers, Mar. Biol. Res., 9(9), 8850, d0i:10.1080/17451000.2013.775457.

Spreen, G., L. Kaleschke, and G. Heygster (2088a ice remote sensing using AMERB9-GHz channels, J.
Geophys. Res., 113(C2), C02S03, doi:10.1029/2005JC003384.

64



Chapter 2 - Paper 2: Spectrally-derived chla

Stroeve, J. C., V. Kattsov, A. Barrett, M. Serreze, T. Pavlova, M. Holland, and W. N. Meier (2012), Trends in
Arctic sea ice extent from CNA5, CMIP3 and observations, Geophys. Res. Lett., 39(16), L16502,
doi:10.1029/2012GL052676.

Taylor, B. B., M. H. Taylor, T. Dinter, and A. Bracher (2013), Estimation of relative phycoerythrin
concentrations from hyperspectral underwater radiance measusénferstatistical approach, Journal of
Geophysical Research: Oceans, 118(6), 220, doi:10.1002/jgrc.20201.

Tran, S., B. Bonsang, V. Gros, |. Peeken, R. S&stave, A. Bernhardt, and S. Belviso (2013), A survey of
carbon monoxide and nemethane hydrcarbons in the Arctic Ocean during summer 2010, Biogeosciences,
10(3), 19091935, doi:10.5194/b30-19092013.

van Franeker, J. A., H. Flores, and M. van Dorssen (2009), The surface and under ice trawl (SUIT). Frozen
desert alivd the role of sea ice forgiagic macrofauna and its predators, PhD thesis, University of
Groningen,Groningen.

Wadhams, P. (2012), The use of autonomous underwater vehicles to map the variability eiteunder
topography, Ocean Dynamics, 62(3), 4897, doi:10.1007/s1023611-0509-1.

Wang, S. W., S. M. Budge, K. Iken, R. R. Gradinger, A. M. Springer, and M. J. Wooller (2015), Importance of
sympagic production to Bering Sea zooplankton as revealed from fattgatidn stable isotope analyses,
Mar. Ecol. Prog. Ser., 518, &D, doi:103354/meps11076.

Wassmann, P., C. M. Duarte, S. Agusti, and M. K. Sejr (2011), Footprints of climate change in the Arctic
marine ecosystem, Global Change Biol., 17(2), 12359, doi:10.1111/j.1363486.2010.02311.x.

65



Chapter 2 - Paper 2: Spectrally-derived chla

66



Chap3krnking Sea | ce |Al
Variability to Summer .

Conceptual diagram of the spatial distribution of sea ice algae at the bottom of different ice types
during latesummerwith underice organisms grazing on the iakae. Thicker icédas lower melt
rates and lower meihduced algal losses.
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Paper 3. On improving the spatial representativeness of sea ice algae
chlorophyll a biomass and primary production estimates

in preparation for submission:tGeophysical Research Letters
NOTE: Supplementary Material for this paper is found in Appendix B1

Benjamin A. Lange, Christian Katlein, Giulia Castellani, Mar Fernandez
Méndez, Marcel Nicolaus, llka Peeken, and Hauke Flores

Key Points

1 Icecore based icalgal chla and NPP estimates were tnepresentative of upcaled
estimates

1 Grouping ice cores improved representativeness but still high risk ofepoasentative
estimates

1 Sea ice ridges identified as potentially high-&gal biomass features with relatively high
NPP

Abstract

The spatiarepresentativeness of sea ice algal biomass and primary production remains a key issue in
sea ice samplingTo address this issugje presented two novel approaches tescgle icealgal
biomass and net primary production (NPP) estimates combining lied@sed methods and under

ice harizontal spectral profiling platform observations. We conducted asoalt comparison of ice

core based icalgal biomass and NPP estimates with thescgded estimates. Our resudtsowed that

ice corebased estimated gummertime icealgal biomass antiiPP do not representatively capture

the spatial variability compared to the-sgaled estimates, which carries similar uncertainties for pan
Arctic estimates based on ice core observations a®rmiping sea ice coresd®l on region or ice

type improved the representativeness, however, with only a small sample size there remains a high
risk of obtaining nofrepresentative estimates. Furthermore, we identified sea ice ridges as potentially
high biomass and high NPP featsy which should receive more dedicated research.
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3.1 Introduction

There ismountingevidence for an overall increase in Aretvide net primary production (NPRjs a

result of the declining sea ice cover and increasing duration of the phytoplankton growth season
(Arrigo & van Dijken, 2011; Arrigo & van Dijken, 2015; Fernanedd&ndez et al., 2015)t remains
uncertain how sea ice algh’Pwill respond to contined changesf the sea ice environmerit.has

been suggested that a thinning Arctic sea ice cover and increased light transmittance will result in
increased sea ice algpamary production (PPjates due to more available photosynthetically active
radiaton (PAR)(Nicolaus et al., 2012)

In the centralArctic Ocean se&e algae hadeen documented to contribute up to 60% ofNifR®
during summer(FernandeMéndez et al., 2015; Gosselin et al., 199@Yyerall, however, sea ice
related PP is relatively lowccounting for 1 to 10 % of total PP in the Arctic Océamnigo & van
Dijken, 2015; Dupont, 2012Regardless of the overall low contribution of-re¢ated PPsympagic
(ice-associated) anpelagic organisms both showed a high dependency ealdgee produced carbon
within the central Arctic Ocean(Kohlbach et al., 2016)The key role of sea ice algae in Arctic
foodwebs,particularly in terms of reproduction and growth of key Arctic organi@vtishel et al.,
1996; Sgreide et al., 2010)ighlights the importance of timing and duration of ice algal growth, and
the availability of algal biomass throughout different times of the year.

Spatial variability of springtime icalgal biomass has beeglated to the distribution of snow on FYI,

due to the large influence of snow on light transmission, with patch sizes in the ranged®m®
(Rysgaard et al., 200Bnd 20i 90 m(Gosselin et al., 1986; Granskog et al., 2005; Sggaard et al.,
2010) Theundulating surface topography of MYI plays an important role in the distribution of snow,
which has been linked to the presence of highalgal biomass at the bottom of thick MYI
hummocks with little or no snow covékange et al., 2015)In summer wherthe snow is mostly
melted, light availability has a smaller influence on the spatial distribution of ice algal biomass with
other factors such as melt rates having a stronger influ&rossi et al., 1987; Lavoie et al., 2005)
The spatial distribution dte algal biomass during summer, however, remains poorly understood and
undersampled.

The high spatial and temporal variability of sea ice algae, in addition to sparse sampling, results in
poorly constrained sea i@gal biomass and PP estimatesthe central Arctic OcearfMiller et al.,

2015) Largescale estimates of sea ice algal biomass and PP are limited to modelling studies as
satellites are unable to observe the underside of sehdeest al. (2015)emonstrated that pelagic
phytoplankton PP odels for the Arctic Ocean were highly sensitive to uncertainties in chloraphyll

(chl @ andperformed best witin situchl a data.In situice algal chla used in models, however, are
typically based on a small number of ice core observatiens, FenandezMéndez et al., 2015A

recent study comparing ice core eéhbiomass to floescale (~200 m) ROVased spectrally derived
ice-chl a biomass showed large differences, whithuld carry high uncertainties for largeale
estimates based on these da&nge et al., submitted)

Furthermore, (Miller et al., 2015) reviewed the different methods for primary production
measurements with spatial sampling resolution on the order of 0.01 m for ice-lcasEdin vitro
incubations(e.g., Fernandekléndez et b, 2015; Gosselin et al., 1997; Gradinger, 2008)n situ
incubationge.g., Gradinger, 2009; Mock & Gradinger, 199\d at larger scales the under eddy
covariance method integrates primary production over an area of 4(l0ony et al., 2012)Thus

there is a large gap in spatial coverage between the 0.01 to*€fales, which is not resolved by
these methods. It is within this spatial range that many environmental properties can vary, which can
have a large influence on light availabilityeienelt and growth, and the spatial distribution of ice
algae. Typical patch sizes of snow have been reported in the range 20 {@&2Sgealin et al., 1986;
Steffens et al., 2006)Surface properties such as albedo have patch sizes of approximately 10 m
(Katlein et al., 2015; Perovich et al., 1998)d sea ice draft can vary at scales of around 15 m
(Katlein et al., 2015)

Here we have presented a novel approach to fill this important spatial gapatdatehla biomass
and primary production estimatbg combiningin vitro ice coringderived photosynthetic parameters
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with spectrally derived chd biomass and undéce light measurements. Furthermore, we investigated
the spatial patterns of biomass and NPP estimates, and evaluated potential dissrepamesn the
up-scaled and corbased estimates.

3.2 Materials and Methods

3.2.1 Spectrally derived ice -algal biomass estimates

Underice profiling platformbased spectral measurements were made using arricedemotely

operated vehicle (ROV) and surface anddemce trawl (SUIT), with mounted sensor arrays,
described in(David et al., 2015)All surveys were conducted during tR& Polarsternexpedition

PS80 to the central Arctic Ocean in August and September 2012. ROV spectral surveys were
conducted at seveoe stations (Figure 1). SUIT spectral surveys were conducted at 9 st&igun (

1). Incoming solar radiation observations were measuredceonfor ROV based spectral
measurements, and from a sbhigsed sensor for SUHBased spectral measurements. Tsuea high

quality spectra, data were limited to observations at a distancettodcet om of O 1 m and
and roll betweenr10° and 10°, as suggested (Njcolaus & Katlein, 2013)SUIT spectral surveys

were manually inspected to identify good cfjpagl measurements at sea ice ridges. Since the SUIT
behaves more erratic near ridges we needed a less strict threshold and in some cases measurements
were included with a distance to the ice bottom of up to 2 m.

Sea ice draft was calculated based on@emeasurements of depth and distance to ice bottom, and
corrected for pitch and roll angles as describddaimge et al. (submitte@ndDavid et al. (2015)Sea

ice ridges were identified from the SUIT ice draft profiles using the Rayleigh criteriayiod
procedures described b@astellani et al. (2014); and Rabenstein et al. (2fikGhe sea ice surface
topography andCastellani et al. (2015pr the sea ice bottom profile. Ice draft local minima (e.g.,
thicker ice as draft is negative) identdialong the SUIT profile with a threshold of 1.5 m deeper than
the surrounding ice, followin@astellani et al. (2015Wwere selected as potential ridges. Moreover,
adjacent minima needed a separation distance between points which was less than half thfe de
the first minima in order to be identified as two single elements not belonging to the same ridge.
Ridge depth and width were measured in order to calculate ridge density (ridgesardnpercent
coverage of ridges. Here ridge depth was calculasetthe width at half maximum. During one SUIT
haul (statiorB58 there were no altimeter measurements. Because the SUIT generally travels directly
under the ice, the depth measurements can be used to reliablp (FB) derive level ice draft using a
simpe linear model, previously presentedDavid et al. (2015)Draft measurements at ridges are
less accurate and therefore not used, however, the identification of ridges from the derived draft was
still possible.

Ice-algal chla biomass estimates wederived from undeice profiling platformbased spectral
transmittance observations using empirical orthogonal function (EOF) analysis combined with
generalized linear models (GLM), as describedLiznge et al., submittedizLMs were fitted using

ice coe chl a concentrations (response variable) and EOF modes (predictor variables). The
combination of spectral transmittance, calculated accordigidolaus et al. (2010)and the EOF
approach resulted in the most reliable predictive model with a truecpoedéerror estimate, 1Bold

cross validated root mean squared error (RM$Ef 1.8 mg chla m? (Lange et al., submitteddn
addition, the selected predictive model showed good agreement betweesstihiates derived from
independent spectral data (spectra not used to fit the model) and ice caobéntrations for the
same location.

We resampled the data in order to account for potential spatial sampling biases (e.g., multiple or
overlapping mesurements at the same location), and the variable footprint size of theicgn&V

spectral measurements. Data were resampled to a grid (X, y) of equally spaatdnieter circles

(grid circles) with the same overall grid dimensions as the corresgpiadi station. A grid of circles

was created for the ROV measurements (ROV circl
by the measurement location (x, y) and the diameter determined by the footprint of the measurement
(e.g., distance to ice lotm multiplied by 2, as described (hange et al., submittedfor each grid
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circle with only one overlapping RU2%ofthetrhe, whi
circle), the corresponding RGMased transmittance and ehwere assigned tthat grid circle. For

each grid circle that had more than one overlapping ROV circle, of which at least one ROV circle had

an over | ap p i ithg weightes meafs oDthe 2Zorresponding RA¥ed transmittance and

chla were assigned to the grid die. Weighting factors were calculated as the overlapping area of

each ROV circle with the corresponding grid circle divided by the sum of all overlapping areas for

that grid circle. For a detailed diagram outlining the resampling process r&epptematary Figure

S1.

3.2.2 ROV-based Net Primary Production estimates

Up-scaled daily icealgal net primary production (NPP) estimategmgC m? d*), were calculated
using the photosynthesis equation fr{itatt et al., 1980)

N L LT

<

whereP%; is the chla-normalizedmaximumfixation rate with no photoinhibition (m@ [mg chl a]°

'y ; U is the initial <lmygphea™b’f[umol phetonstg$'jihraad i on ¢t
b is strength of photRPjhhidndi bncosamepomdt § 0 at
parameters determined BgrnandeaMéndez et al. (201%)ased on ice core samples collected from

the same seven ice stations. Derivation of the photbstic parameters was conducted for upper and

lower portions of the sea ice. We used the bottom ice parameters measured for ice sampled at each
corresponding ice station as we used only biomass estimates for the lower portion where 75 % of the

total biomass was observed. The 75% was calculated from the mean of alpobifile cores.chla

represents the botteine algae chh concentrations derived from RGyased spectral transmittance
measurements. ROWased chla correspond to the total biomass withine entire ice column

therefore we multiplied by 0.75 to get the appropriate fraction of the tota iththe bottom ice

portion. I, is the hourlyaveraged available transmitted PAR (umphbtonsm?s™) at the icewater

interface, converted to botteioe scalar irradiance accordingKatlein et al. (2014)and calculated

for each hourt] over a 24 hour periodt €1, 2,..24) by multiplying the ROV spectral (PAR)
transmittance by hourgveraged tf incoming PAR (umophotonsm?s™®) measured during each
corresponding ice station.

Net primary production estimates were only calculated and compared for the bottom ice portions
because previoum situ incubations demonstrated bottooe had the highest primary production
rates, despitéower irradiance levels, which was attributed to replenishment of nutrients from the
surface water§Mock & Gradinger, 1999) Furthermore, because sea ice algal biomass typically
accumulates in the botteice portion it is safe to assume a large majarityhe primary production

also occurs in the bottcine.

Comparison of ice core clad with ROV- and SUIFbased spectrally derived chlestimates were
conduct ed u $test ogn the tograhsfannted shil values. Weighted mean and weight
standard dviation were used for the ldggansformed SUIT cha as these data were notgampled.
Similarly, NPP estimates were kignsformed for comparisons; however, these comparisons were
conducted between RGbased estimates for level sea ice and sea icegigdgstation 224 only.

Ice core chla data used for comparison were presentdeemandeMéndez et al. (2015nhereafter
referred to as @AFMO cloange st al((dubmittedhereaftereraferred toeas i on) ;
ALAO cOt2ecerespped st at i oniests wse pedoened usiag the FM and LA cores
grouped together astests require a sample size greater than one. Since theofdgl were used to
characterize the NPP for each ice station we do, however, assess the represastatiibeesingle

cores compared to the gpaled ROV and SUIT surveys of chbiomass and NPP. Flgbres were

considered representative of the area if they were within the interquartile range (IQR735
percentiles) of the upcaled ROV and SUIT estinest
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The relative importance of each variabt@la andl,), in terms of explaining the variance of NPP for
each ROV station, was assessed using the coefficient of determinatjofor(Rll upscaled NPP
estimatesk,) vs. chla (chla) estimates (i.e., eX@ined variance due to ch), and NPP estimate®]
vs. bottomice light () observations (i.e., explained variance due to light). Thed® calculated for
each hour tj of the 24 hour period to assess the diurnal variability of light conditidakies
provided in Table 1 correspond to the daily me&n R

3.3 Representativeness of ice -algal biomass estimates

Sea ice areshadsignificanty lower chla biomasghan ROV estimateat station group8, C, D,and
F, which were all generally lowetbiomass ttions (Figure 1 and Table 1). Ice coredso had
significantly lower biomass than ROYased biomass estimatas group G where biomass was
slightly higher(Figure 1 and Table 1No significant differences were observedyedupsH and I,
which were reltively higher-biomass stationgFigure 1 and Table 1)The FM-cores were
representative (i.e., within the IQR) of the-sgaled SUITbased chla biomass estimates at only
station group B and were only slightly larger than th8 @ércentile of the RO\basd estimates.
FM-cores were not representative of the larger scaleadfibmass estimates at all other stations
groups. FMcores at station groups C, H, and |, egstimated chh biomass compared to the-up
scaled estimates, and at station groups D,,EBnB G the FMcores undeestimated chh biomass
compared to the upcaled surveysT@ble 3. All gridded ROV surveys of chh, sea ice draft,
transmittance and NPP are shown in Supplementary Figures S2 to S9. SUIT profiles, sleehice
draft, and dentified ridges are shown in Supplementary Figures S10 to S17.

These results demonstrate the difficulty to capture the laagde variability of ice algal biomass
using only coringpbased methods. In general, ice coring uredgimated icalgal biomass at the
relatively lowerbiomass stations. While at the highmomass stations the ice cores appeared to
accurately capture the variability of iedgal biomass. The highéiomass observed was likely the
result of less melinduced algal losses due to thicker ice and lower melt rates at these higher latitudes
stations(Lange et al., submittedSampling biases could have also resulted at the advanced melt
stations, which may have had a higher chance of losing biomass from {h@ttm® during coring

due to drainage or ice loss. Another explanation could be thavedyatigherbiomass regions (e.g.,
patches) at lowebiomass stations had a lower probability to be sampled compared to higher biomass
stations and were not accurately represented at the-lwamiass stations. We must not overlook the
possibility that theup-scaled estimates ovestimated the biomass; however, this is unlikely because
the model for spectrally deriving cll biomass had no directional bias and some of the cores had
comparable values to the-spaled chh estimategLange et al., submittéd

The highethiomass station 360 (group 1) showed no significant difference between the cores and
ROV-based biomass estimates, however, of the individual core values (0.05, 6.46, 8.03, 8.00, and
11.83 mgchlam®) only one core was within the IQR (2.966.70 mgchl am?) albeit at the high
range. One core with neaero biomass resulted in an overall mean biomasstigogformed) that

was not significantly different even though many cores-egtimated the biomass in comparison to

the upscaled valuge. This was also apparent at station 349 (group H), which also showed no
significant difference, but also had only one core within the IQR of thecaled biomass estimates.
Even at stations with the largest sample sizes of 8 (group B) and 12 (growreéCyviire significant
differences between the cores andsopled biomass estimates. This further emphasizes the issue of
accurately representing the variability of -@igal biomass by strictly using ice cerased methods

even if the sample size was large

The discrepancy between the ice ebased and upcaled biomass estimates in combination with the
lack of autocorrelation (i.e., patch size identification; not shown hadéates the icalgal biomass

was highly variable at small scales (< 2 mich was difficult to capture with average measurement
footprints between 1 2 m for ROV and SUIT surveys. The-gpaled estimates were therefore the
averages over a larger area and are less likely to capture small patches-lwbiigds or low
biomasg(i.e., values in the range 8 to12 &ig a m? or with neafzero biomass) unless the RO V was

in close proximity to the ice bottom or the patches were on the order of the footprint size. These
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discrepancies identify two important sampling constraintst, fthe cores do not capture the large
scale variability; and second, the-sipaled surveys do not capture sksathle variability. Therefore,

these results highlight the potential uncertainties in making assumptions about the spatial
representativeness d@fe-algal biomass estimates. Since little is known or has been reported on
summertime spatial variability of ieagal biomass we propose that observations from both core
based and undéce spectral profiling systems should be combined when making assompbout
multi-scale spatial variability of icalgal biomass.

When chla estimates were grouped into FYlI and MYI stations for each gear, we observed no
significant differences between the Fddres and the ROV or SUIT chlestimates (supplementary
Tabe S 1). This demonstrates a suitable approach takéreimandeiMéndez et al. (2015used to
increase the representativeness of the biomass samples-doaliny. However, sample sizes were
small (N = 3 and 5) for ice cores of each ice type and théamedid IQR values had large differences
between the cores and ROV or SUIT. Similar to thedokes from station 360, two of the MYl FM

cores had high biomass (8 mg ehin®) while one had very low biomass (0.4 mg ahh®), which

resulted in the mean ke being largely influenced by one low value. Although in this case the mean
MYI FM -core biomass values were not significantly different, each MYideké value was higher

or lower than the IQR of the largscale estimates. A similar pattern was obsemwéd the FYI
grouping comparison although not as drastic because the values were overall smaller particularly the
range of values. Combining the ice cores based on ice type was an improvement in terms of
representative sampling; however, there remaingdtarisk of estimating a nerepresentative mean

(or median) and variance (range or IQR) of ice algahdiibmass.
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Table 1. Summary of incoming and botteive light, chla biomass, net primary production (NPP), and explained variance of NPP per station groupings

(shown in Figure 1 inset) and sampling method (gear): ice cores (FM or LA), remotely operated vehicle (ROV)@ndralitfiadeice trawl (SUIT).

Group Gear? Sgrizzle Station Incoming PAR® Scalar PAR (1)° Chl a°® NPP° Explained Variance (F?) of NPP by
umols photons n¥ s* mg m? mg C m?d* I Chl a
A SUIT 46 216 i T 0.9 (0.71 1.1) T I T
B FM 1 224 249 £ 90 40.8 +14.7 1.2 10.16 T T
LA 8 224 ) T 0.34 (0.20' 0.48) *R; *S ) T )
ROV 468 224 21172 51.3%+ 25.1 1.04 (0.97 1.18) 8.5(5.61 12.3) 0.65 (0.53 0.71) 0.12(0.087 0.20)
SUIT 43 223 i i 1.6 (1.27 1.7) i T i
SUIT-2 45 233 i T 1.2 (1.0i 1.5) T I T
c FM 1 237 174 + 90 285+14.7 1.7 (+) 0.56 () i i
LA 12 237 i i 0.63 (0.46 1.07) *R i i i
ROV 156 237a 137 £ 59 28.8+ 23.2 0.96 (0.76/ 1.17)° 0.6 (0.31 1.0) 0.61 (0.34i 0.84) 0.12 (0.03 0.25)
ROV-2 1378 237b 137 + 59 18.7+ 8.1 1.26 (1.10 1.50)° 0.9 (0.6 1.0)° 0.60 (0.37 0.79) 0.08 (0.03 0.17)
D FM 1 255 104+ 71 26.7 £18.2 0.6 (-) 0.6Z (-) T )
LA 4 255 ) ) 0.79 (0.67 1.16)*R T T )
ROV 186 255 93 + 60 36.3+20.3 1.42 (1.37 1.54) 1.7 (1.5( 1.9)° 0.11(0.07 0.24) 0.71 (0.53 0.93)
E FM 1 277 101 £ 57 259+146 0.4 (-) 0.45 i )
SUIT 91 285 i T 1.2 (0.8 2.0)° T i T
F FM 1 323 81+ 63 242+1838 0.3 () 0.0Z (1) i i
LA 6 323 ) ) 0.17 (0.05 0.23) *R T T )
ROV 1145 323 67 + 49 77+ 86 1.53 (1.361 1.74) 0.14 (0.10 0.19) 0.87 (0.77 0.91) 0.17 (0.14 0.22)
SuUIT 63 321 i i 1.6 (0.6 2.7)" i i i
G FM 1 335 49 + 43 59+5.2 0.4 () 0.05 (1) i i
LA 6 335 i i 0.91 (0.38 1.07) *R i i i
ROV 762 335m 46 + 39 30+t 76 2.36 (1.89 2.83)° 0.13 (0.07 0.22) 0.93 (0.89 0.95) 0.01 (0.0% 0.02)
ROV-2 302 335f 46 + 39 23+ 27 2.73 (2.3 3.16)° 0.13 (0.08 0.24) 0.69 (0.68 0.69) 0.08 (0.07i 0.10)
SUIT 18 345 i T 1.4 (0.4 5.3) T i 1
H M 1 349 25+ 15 1.4+0.9 8 (+) 1.00 (+) i i
LA 7 349 ) T 0.58 (0.25 2.26) T T T
ROV 282 349 23+13 24+15 1.32 (1.17 1.51)° 0.14 (0.09' 0.21) 0.18 (0.121 0.24) 0.60 (0.53 0.67)
SUIT 101 358 i T 1.9 (1.4 2.5) - i T
[ FM 1 360 13+7 09+05 & (+) 0.39 (+) i i
LA 4 360 i i 7.25 (4.861 8.98) i i i
ROV 647 360 10+5 04+ 04 4.36 (2.86 6.70) 0.07 (0.05 0.12)" 0.79 (0.77 0.79) 0.16 (0.15 0.17)

= corresponds$o notrepresentative, i.e., Fidore estimate outside of interquartile range of ROV and/or SUIT. (+) indicategstireate; {) underestimate compared to largecale data. *R corresponds to
significant difference between ice cores (FM and LA cooeshined) and ROV; and *S significant difference between ice cores and SUIT (p < 0.05).

A FMO0 c or r e scpresiramsernarmedéilez et al. (2015) AL A0 c o r rcerasfranflangetebal., submitted) A ROV O ¢ or r essaledematelytomeratedhvehicle gstimates; a
ASUI TO cor r e-scalen sudace and unelertrawl pstimates.

® Incoming PAR and bottom ice scalar PAR (1) are presented as mean + sd to maintain consistéfeyaviteMéndez et al. (2015)

¢ Chlaand NPP are presented as median (interquartile range).
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Figure 1. Bar graph showing an intenethod and regional comparison of-algae chia biomass based on single ice cores from each stationrGBRES),

data fromFernandeaMéndez et al. (2015)nultiple ice cores from each station (QORES), data frorhange et al. (submittegand spectrally derived chl

from underice ROV and SUIT surveys. FBORES bars represent a single value whereas the other bars repregiamt (58 percentile) with error bars
representing the 3%and 7' percenti | es. i 1tést (o € @Ob)aeasudts periorgnedi bétweena ®ARES and ROV (C~R); or CORES and SUIT
(C~S). CORES correspond to EBORES and FMCORES grouped togeth Inset map of the Arctic Ocean with sea ice extent and concentration data, and
the locations of the corresponding station groupings conducted during the 2012 PS80 cruise (station numbers for eacineglistguirig Table 1). Sea ice
concentration da acquired from www.meereisportal.de according to algorithn®pneen et al. (2008%ea ice extent correspond to the 2012 September
monthly mean (extent data acquired from NSIDC, Fetterer et al. (2002, udpated 2011)
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3.4 Up-scaled in situ ice -algal net pr imary production

During spring, ice algae are typically light limited and therefore have higher biomass where light
levels are highefe.g., Gosselin et al., 19863ssuming there is no phatthibition. During our
summer sampling period, however, we foumdl strong correlations between the-agaled chla
estimates and available undee light (i.e., maximum spearman correlation coefficient, r = 0.22).
This means the und&re light and chh varied independent of each other, which is likely because in
late-summer biomass losses due to high melt ftasge et al., submittediad a dominant influence

on bottomice biomass. For example, bottéoe with higher light levels may also have had higher
melt rates due to more internal ice absorption, which cooldhave sustained a bottéoe algal
community, and therefore even if light conditions were suitable for high primary production rates the
net primary production would have been almost zero if no algae were present. With an additional
variable (i.e., meJt which can influence NPP, the spatial distribution of NPP may be more complex
in latesummer than during the spring to summer transition making it even more important to
understand and account for the spatial variability of botla tidmass and the kotrice light field.

We accounted for the spatial variability of NPP by combining the variability of bothaid bottom

ice light in the calculations of the largetale NPP estimates then determined the explained variance
of NPP by each variable inddually. All gridded ROV surveys of NPP are shown in Supplementary
Figures S2 to S9. At station groups B, C, F, G and |, the spatial variability of biotolight
explained most of the spatial variability of the-sgaled NPP estimates, whereas at stagimups D

and H, chla explained most of the spatial variability of NPP (Table 1 sumgplementary Figurel8).
These results emphasize the importance of accounting for both the spatial variabilityalgfaice
biomass and the botteite light field in oder to make representative NPP estimates.

The largest diurnal variability of the explained variances was observed at stations with the largest
bottomice light levels, which also had larger diurnal variability of light levels (Table 1 and
supplementary Figre S3. At all stations, the explained variance of ahlvas inversely related to

light, which is expected since NPP is a function of both variables armledtimates were constant

over the diurnal cycle while only light varied. The ingtation diffeences regarding which variable

(chl a or light) explained most of the variance in NPP cannot be stated for certain as we observed no
significant correlations between the explained variance for each station and any other station variable
(e.g., nutrients, edian and IQR chh or bottomice light). However, there was a neignificant but

strong positive correlation (r = 0.46) between explained variance of NPP bywdtil sea ice N@
concentrationgdata from Fernande¥iéndez et al., 2015/and a nossignificant but strong negative
correlation between explained variance of NPP by bett@might with sea ice N@concentrations.

These correlations were likely not significant due to the small sample size (N=9), nevertheless, in the
absence of other correlations, it does provide some indication that the sea ice nutrient regime could
have also had some influence e trelative (intesstation) importance of cld biomass and light on

NPP.

FM-core NPP estimates were representative (i.e., within the IQR) of thealgd estimates at station
group B and one ROV survey at station groupr@blel). FM-cores undeestimaed NPP at station
groups C, D, F, and G, and ovestimated NPP at station groups H and | compared to tsealed
ROV-based NPP estimate§able 1). The differences between methods were likely the result of
differences in chh and/or light. Station grquB had similar chh biomass and NPP for both the FM
core and ugscaled estimates (Table 1, Figures 1 and 2). Station groups D, F, and G had higher up
scaled chla biomass and NPP estimates compared tocbh estimates (Table 1). Conversely,
station grops H and | had lower ugcaled chla biomass and NPP estimates compared tecbh¢
estimates (Table 1). The same directional difference oh bidmass and NPP observed between up
scaled and FMore estimates for all station groups, except group C, sisgipesdifferences between
the FMcores and wgcaled NPP estimates were driven by the differences ia lsldmass with the
exception of station group C. This was further confirmed by the fact that the Bo&dight levels
used for each method were quanable for all stations (Table 1).

Only station group C had higher aghbiomass but lower NPP estimates for the-Edfles compared to
the upscaled estimates (Table 1; Figures 1 and 2). Furthermore, light levels were comparable (237a)
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or slightly higher237b) for the FMcore derived NPP estimates compared to the ROV surveys (Table
1). This suggests that the spatial variability of both theadhlomass and bottofice light derived

from the group C ROV surveys had a combined influence on the observecmifs that is not
apparent from the overall survey estimates.

Station group B had similar NPP estimates for thedévé and ugscaled observations (Table 1 and
Figure 2), which we attributed to the similar éhbiomass estimates (Table 1 and Figure 1). Even
though light levels and clal biomass were only slightly larger at station group B compared to groups

C and D, group B had NPP estimates almost and order of magnitude larger than groups C and D. This
was attrbuted to the substantially higher value of the photosynthetic paraRfettatermined for this
station(FernandeMéndez et al., 2015rompared to all other stations. This further emphasizes the
need for larger samples sizes for ice domsed estimateand that the combination of data from
several stations, an approach describedrdpandeiMéndez et al. (2015)s necessary not only to
account for the spatial variability of light and ahbut also the potential variability of the derived
photosyntheti parameters.

We observed no significant differences between thecBMs and the upcaled NPRestimates when

they were grouped into FYI and MYI stations (Table 2). However, the median and IQR values had
large differences between samplimgthods for the MYI stations and the mean values, although they
were similar, were largely the result of only one or two extreme values. These results suggest
grouping ice core samples as an acceptable approach to improve the representativeness of the
estmates but with only a small number of samples this approach can still carry high risk of obtaining
norrrepresentative or false estimates.
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Figure 2. Bar graph showing a comparison of net primary production (NPP) estimates based on ice core san(p@REEMand upscaled NPP estimates

based on ROV measurements of spectral transmittance and speldralgd chla. Inset is a magnified version of full bar graph, to better show the low
values, with yaxis maximum corresponding to the dashed line orfutidar graph. At some ice stations two ROV surveys were conducted at different

locations on the ice floe (e.g., ROV and RQY
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3.5 Sea ice ridges have high biomass and net primary production

Sea ice algae are generally an urslenpled coiponent of sea ice. Sea ice ridges are even more
undersampled due to the difficulty of sampling this type of ice. Despite this fact, sea ice ridges have
been reported to host high abundances of sea ice fauna during advand&tawétger et al., 2010)
Therefore, we specifically investigated sea ice ridges with the hypothesis that they could host high
abundances of ice algae during advanced melt, due to lower melt rates in these locations, which could
indicate that sea ice ridges are an important higmass region during advanced melt.

At ice station 224 we identified two ridges based on the ROV draft measurements (Figure 3a). Both
ridges had significantly higher iedgal chla biomass than the level ice (p < 0.05) (Supplementary
Table S 2; Figure B). Despite the higher biomass at the ridges, ridge 2 had significantly lower NPP
compared to level ice, whereas ridge 1 had similar NPP to the level ice (Supplementary Table S 2;
Figure 3b). This difference was attributed to the lower bottiom light atridge 1. Bottordce light

was significantly higher for level ice compared to both ridges (p < 0.05; Supplementary Table S 2)
indicating that the variability of icalgal chla biomass was more important than the botioelight

levels in determining NPPt aidge 1 since NPP was not different between ridge 1 and the level ice.
Chl a biomass and bottotice light explained comparable amounts of the level ice NPP variance,
however, chla biomass explained relatively more variance compared to bat®hight 4 ridges 1

and 2 (Supplementary Table S 2). @Htiomass explained between 6®1 % of the NPP variance
when ridges and level ice were examined separately. Howevex ooly explained 12 % of the NPP
variance for the entire ROV survey (Supplementarpl@aS 2). This exemplifies the complex
relationship between chlbiomass and available PAR for NPP estimates and that during late summer
(i.e., advanced melt) both the variability of bottare light levels and the variability of chlbiomass

are requird to make representative largeale NPP estimates. Furthermore, sea ice features such as
ridges can play an important role in biomass and NPP but have a different and perhaps more complex
relationship between available light and biomass than the surrmuiséia ice. Bottorite scalar
irradiance valued, were higher at the bottom of ridge 1 even though draft values were thicker. This
indicates high variability of the attenuation of light under ridges and that further investigations are
required to underahd these processes, particularly in regards to potential for NPP on larger scales.

In addition, high biomass sea ice ridges were identified within four SUIT stations (223 Figure 3 e;
285, 358 supplementary Figure S2). The number of high biomass ridgéslgehaul were too small

and ridge sampling was biased therefore a statistical comparison was not conducted. Nevertheless,
identified high biomass ridges had ehbiomass estimates in the rangé 2 mg chla m? (Figure 3

and supplementary Figure Si®S17), which is larger than the overall SUIT haul median values in

the range 1.2 1.9 mg chla m? (Table 1). This suggests that sea ice ridges can have a significant
contribution to overall icalgal biomass and NPP and therefore should also be mousataly
sampled and included in largeale models.

Based on the ridge identification analysis for all SUIT stations we calculated a meaméxijinmidge

density of 7.5 ridges kin(2.51 18.0), mean ridge width of 68.7 m (47.800.3), and a mean perte

total ice coverage by ridges of 9.2 % (2.55.4 %). Ridge analysis summaries for each SUIT station

are shown inSupplementary Table S &8xd SUIT profiles with identified ridges are shown in
Supplementary Figures S10 to S17. These results demonsiasiteet ice ridges can make up a
substantial portion of the sea ice environment and therefore should not be overlooked in terms of their
contribution to overall Arctic sea ice algal biomass and NPP.

We must also note that both the ROV and SUIT surveysotioepresentatively sample sea ice ridges
and therefore remains an ungampled component of the overall sea ice sysidavement of the

SUIT is guided by the undéce topography and therefore at ridges the SUIT contacts the ridge and
diverts downward ausing larger distances to the ice and/or large pitch and roll therefore the sensors

may not fAseedO the ice bottom. This constraint w
option would be to decrease the towing speed. However, the chosespéeds are required to ensure
representative fauna catches. Anot her option <co

speeds are reduced and the main focus would be to conduct representative sampling of ridges, which
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would have the added bonus dfcdeasing the along track footprint resulting in higher resolution
measurements.

ROV sites are typically chosen to avoid ridges because operation in close proximity to ridges is risky
due to the possibility of tangling the cable. Dedicated ROV dives wwekerice ridges could be
accomplished with experienced operators, however, this would be more time consuming in order to
minimize the risk of losing or damaging the ROV. Nevertheless, dedicated ROV surveys and ice core
sampling of ridges should be a prigrin future campaigns.

It is possible that sea ice ridges have different optical properties, which were not accounted for by the
model and therefore resulted in higher ahtiomass estimates for these features. However, this is
unlikely since not all riges that fit the manual inspection showed the same pattern of high biomass.
We suggest that further work on modelling the optical properties of sea ice ridges and to include
coincident ice core chh biomass with spectral measurements are required in a@oddretter
understand the potential for high iakyal biomass at sea ice ridges.

3.6 Conclusions

We presented two novel approaches to estimatalgad biomass and net primary production, which
have demonstrated substantial improvements regarding repragentst ice algae observations. We
provided, for the first time, a detailed medttale comparison of iemore based icalgal biomass and
NPP estimates with upcaled spectraligerived estimates. Our results showed that ice-lcased
estimates of summime icealgal biomass and NPP do napresentativelycapture the spatial
variability compared to the ugcaled estimates. This may carry similacertainties for pahrctic
estimates based on ice core observations aMfes.showed that grouping ice cosamples, an
approach used byernandeMéndez et al. (2015¢an improve the representativeness of biomass and
NPP estimates but with only a small number of samples there is still a high risk of obtaining non
representative estimates. Therefore, we recenththat future sea ice sampling should combine ice
core based methods to estimate-atgal biomass and NPP with the largeale undeice spectral
profiling approaches presented and described here daohge et al. (submitted)

We also identified high biomass ridges within severakegled surveys. Although more work is
needed to representatively sample these features and to confirm ridges as high biomass and potentially
high primary production regions, these results do suppeevious findings on the potential
importance of sea ice ridges for unditee fauna during advanced md{Eradinger et al., 2010)

Further dedicated sea ice ridge studies are warranted particularly in terms of ice algal biomass,
nutrients, primary produan and bieoptical properties.
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Figure 3. Identified high biomass ridges at remotely operated vehicle (ROV) station 224 showing a) draft (m); b) transmittandegliy)-dpeeed chla
biomass (mg rf); and d) net primary productiedPP (mg C rif s%). R1 and R2 depict ridge 1 and ridge 2, respectively. Grey circles represent values above
the scale maximum value. e) High biomass ridge identified at Surface -lded@&rawl (SUIT) station 223 showing sea ice draft, identified ridges and
spectrallyderived chla biomass.
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1
Abstract

Arctic seaice decline is expected to havesignificant impact on Arctic marine ecosystems.- Ice
associated fauna play a key role in this context because they constitute a unique part of Arctic
biodiversity and transmit carbon from sea algae into pelagic and benthic food webs. Our study
presentsthe first regionakcale record of undéce faunal distribution and the environmental
characteristics of undéce habitats throughout the Eurasian Basin. Sampling was conducted with a
Surface and Under Ice Trawl, equipped with a sensor array recorditigjgkness and other physical
parameters during trawling. We identified 2 environmental regimes, broadly coherent with the Nansen
and Amundsen Basins. The Nansen Basin regime was distinguished from the Amundsen Basin regime
by heavier se&ce conditionshigher surface salinities and higher nitrate + nitrite concentrations. We
found a diverse (28 species) undted community throughout the Eurasian Basin. Change in
community structure reflected differences in the relative contribution of abundant s@apepods
(Calanus hyperboreuand C. glacialig dominated in the Nansen Basin regime. In the Amundsen
Basin regime, amphipod#&gherusa glacialisThemisto libellulx dominated. Polar coBoreogadus
saidawas present throughout the sampling area. Abruph@bs from a dominance of tassociated
amphipods at iceovered stations to a dominance of pelagic amphipbdibgllula) at nearby ice

free stations emphasised the decisive influence of sea ice onssalallpatterns in the surfaleger
community. The observed response in community composition to different environmental regimes
indicates potential lonterm alterations in Arctic marine ecosystems as the Arctic Ocean continues to
change.
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4.1 Introduction

The Arctic Ocean is experiencing some of the meosh@unced effects of global climate change
(Arctic Climate Impact Assessment 2004puring the past 4 decades, reductions in-isea
concentration and thickness and in the duration of the melting season have been recorded in the Arctic
Ocean(Kwok and Rotlnock 2009; Markus et al. 2009; Overland and Wang 2013; Rigor and Wallace
2004; Shimada et al. 2006; Stroeve et al. 2042) are predicted to continue in the future
(Johannessen et al. 2004; Polyakov et al. 2005; Stroeve et al. ZB@7Arctic Ocean ishanging

from a perennial mulyear ice (MYIlydominated system to a seasonal firsar ice (FYI) system
(Maslanik et al. 2011)in 2012, the seice extent was reduced to approximately half of the mean for

the past four decades, resulting in large epeter areagParkinson and Comiso 2013)

These changes are expected to result in modifications of the biological systems in the Arctic Ocean.
Reduction in the extent and thickness of sea ice leads to more light availability in the water column,
which has bee hypothesised to induce a net increase in primary produfioigo et al. 2008;

Arrigo and van Dijken 2011)This may be true on the shelves where nutrient supply by advection or
vertical mixing can be extensive. Over the basins, however, primary production can be-nutrient
limited due to strengthened stratification by ice nf€emblay and Gagnon 200%eaice loss will

lead to a decrease in ice algal production, which can account for up to 50% of the primary production
in the central Arctic Oceaftsosselin et al. 1997)ce algae are considered a highality food source

for Arctic marine food web§Sgreide eal. 2013; Sgreide et al. 2006Jow these changes in primary
production will impact marine fauna is an open question. The number of documented changes in
Arctic planktonic systems is low, and the number reported from the central Arctic Ocean even lower
is (Wassmann et al. 2011)ack of biological baseline data makes it impossible to estimate the effect
of recent environmental changes on the biological sygkasobokova and Hirche 20Qdhcreasing

efforts have been made in recent years to investigaiplamtkton distribution at different scales
(Hopcroft et al. 2005; Hunt et al. 2014; Matsuno et al. 2012; Pomerleau et al. @ddyyecently,

have zooplankton data from different Arctic cruises been compiled into adeate analysis,
providing a firstbaseline to monitor the influence of environmental change on the Arctic pelagic
system(Kosobokova and Hirche 2009t should be born in mind, however, that this dataset dates
from the 1990s, a period when environmental change in the Arctic Ocean eayargoing.

Most affected by environmental changes are the organisms living in association with sea ice. Ice
associated fauna have been described as those species that complete their entire life cycle within the
sea ice or spend only part of their lifgcle associated with sea i@@elnikov and Kulikov 1980)

Many uncertainties still remain in understanding the association of these organisms viith sea
habitats. Community structure of iassociated fauna is assumed to be related to ice age, desity a
underice topographyHop and Paviova 2008; Hop et al. 200[@e-associated species may prefer a
certain type of ice, e.g. MYl or FY(Hop et al. 2000)Some, such as the large amphi@ammarus
wilkitzkii, are found associated with ridges, which pdevishelter during the melting season
(Gradinger et al. 2010; Hop and Pavlova 2008)e widely distributed amphipofpherusa glacialis
prefers flat ice floegHop and Pavlova 2008pr ice edgeg¢Beuchel and Lagnne 2002; Hop et al.
2000)

Crucial for the @inctioning of the Arctic ecosystem is the role of-@&ssociated fauna in the energy
transfer to higher trophic level®udge et al. 2008)The dominance of diatom fatty acid trophic
markers in the lipids of calanoid copepods anebigsociated amphipodsderpins the importance of
seaice algae as a critical carbon source in Arctic food w@hbsige et al. 2008; FalRetersen et al.
2009) Feeding extensively on calanoid copepdBenoit et al. 2010; Scott et al. 199anhd
amphipodgMatley et al. 2013)pdar codBoreogadus saida turn represents a preferential prey for
seabirds and marine mamméBsadstreet and Cross 1982; Finley and Gibb 1982; Welch et al..1992)
As a key species of the Arctic system, the polar cod is believed to account for up ob the%énergy
transfer between zooplankton and vertebrate predaf@velch et al. 1992) Ice algaé
copepods/amphipotipolar codtop predators represents probably one of the most efficient pathways
in energy flux through the Arctic food web, yet all its qgmnents are closely related with sea ice
(Harter et al. 2013; Hop and Gjgseeter 2013; Scott et al. 188@nges in composition, abundance,
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size and energy content of iagsociated communities will influence the energy flux through the
Arctic marine ecosstem and, hence, the growth and survival of top predét@isre and Heide
Jargensen 2005; Mehlum and Gabrielsen 1993)erefore, an accurate quantification of-ice
associated fauna on large spatial scales is crucial to understand the functioning cokddick-
dependent ecosystems and their future fate. Thiceeavered Arctic Ocean, however, is difficult to
access. In particular, sampling under the sea ice is challenging. Most commoradgsaceated
macrofauna have been sampled by diyaradt and Paviova 2005; Hop et al. 201This method is
excellent in describing the smaitale structure of ice habitats during sampling, yet the spatial
variability of the organism distributions may not be covered representatively. Ice floes which appear
biologically poor are not sampled due to limited time at ice stations, while it is impossible to obtain all
organisms from ice floes with rich faufidop and Paviova 2008 new sampling gear used in the
Southern Ocean for the first time, the Surface and Uledefrawl (SUIT)(van Franeker et al. 20Q9)
overcomes the spatial limitation of observations by diyElsres et al. 2012)SUIT enables large
scale horizontal sampling of theDm surface layer both under sea ice and in open water.

The aim of the preent study is to describe the association of macrofaunal communities in the surface
layer (02 m) under ice and in open water, with habitat properties of the sea ice and the underlying
water column. In particular we address the following objectives:

1. We idantify key environmental variables of sea ice and water column that structureicender
habitats.

2. We provide a baswide inventory of undéce fauna in the Eurasian central Arctic Ocean and
to highlight key species defining the uimecommunities.

3. We nvestigate the role of undee habitat properties in structuring the uimdecommunity.

4.2 Materials and methods

4.2.1 Study area and sampling technique

Sampling was performed during RRblarsternexpedition ARK XXVII/3, between 2 August to 29
SeptembeR012, across the iamovered Eurasian part of the Arctic Ocean deegp basin, from 82° to

89°N, and 30° to 130°E (Fig. 1). Thirteen horizontal hauls were performed under different ice types
(MY, FYI), and in open water. Sampling was performed with arrawpd version of the Surface and
Under Ice Trawl (SUIT)van Franeker et al. 2009yhe improved SUIT consisted of a steel frame

with a 2 x 2 m opening and 2 parallel 15 m long nets attached: (1) a 7 mmdsifcommercial

shrimp net, lined with 0.3 mm rak in the rear 3 m of the net, covered 1.5 m of the opening width and
(2) a 0.3 mm mesh zooplankton net covered 0.5 m of the opening width. Floats attached to the top of
the frame kept the net at the surface or theiceanderside. To enable sampling endndisturbed

ice, an asymmetric bridle forces the net to tow off at an angle of approximatetyrboard of the
shipbés track, at a cable |l ength of 150 m. A det
provided as supplementary matetigl Flores et al. (2012) Depending on the ice conditions, SUIT

haul durations varied between 3 and 38 min, with a mean of 24 min.
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4.2.2 Environmental data

A sensor array was mounted in the SUIT frame, consisting of an Acoustic Doppler Current Profiler
(ADCP), a Conductivity Temperature Depth probe (CTD) with bniluorometer an altimeter, 2
spectral radiometers, and a video camera. Water inflow speed was estimated using a Nortek
Aquadopp® ADCP. Three acoustic beams operating at a frequency of 2 MHZ allowed constructing 3
dimensional profiles of the currents in the net opgnirhe ADCP measured the current velocity at 3
locations across the SUIT opening. The ADCP was also equipped with sensors for pressure, pitch,
role, and heading. These data were used to reconstruct the position of the SUIT in the water during
each haul aan indicator of the catch performance. Temperature and salinity profiles were obtained
with a Sea and Sun CTD75M probe. The Practical Salinity Scale-{BS#®as used for salinity
values (Fofonoff 1985) A built-in Turner Cyclops fluorometer was used tdireate undeiice
chlorophyll concentration. Calibration of fluorometric chlorophg/ltoncentrations was done from
water samples obtained during stationary sea ice work. The calibration coefficients were derived from
the linear relationship between chlohyti a concentrations of water samples (measured with High
Pressure Liquid Chromatography) with fluorometric chlorophgl concentrations of the
corresponding 1 m depth range (n =2484; atlj=r0.63; p < 0.001). Data gaps in the CTD
measurements caused lw battery voltage were filled using complementary datasets from the
ADCP data (pressure) and the shipboard sensors (temperature and salinity), using correction factors
determined by linear regression. An altimeter Tritech PA580/6nnected to the CTIprobe
measured the distance between the net and theeseaderside. Seae draft was calculated as the
difference between the depth of the net relative to the water level, measured by the CTD pressure
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sensor, and the distance to the-iseaundersidemeasured by the altimeter, and corrected for pitch
and roll angles. Draft was then converted into ice thickness by using a sea ice density value of 834 kg
m*, determined from seiae core samples.

During each haul, changes in ship speed, ice concentr@) and irregularities were estimated
visually by an observer on deck. GPS waypoints were recorded by the observer when the SUIT was
deployed and hauled in, when it behaved abnormally, or when the environment changed, e.g. when
the SUIT entered or exitethe sea ice. The distance sampled over ground was estimated by
multiplying the amount of time the SUIT was in the water (s) with the average speed in watgr (m s

The distance sampled under ice was estimated in an analogue way for the period dutintpevhic

SUIT was under ice. The distance sampled under ice was then expressed as percentage ice coverage
of the total distance sampled over ground.

Gridded daily se#ce concentrations for the Arctic Ocean derived from SSMIS satellite data using the
algorithm specified byspreen et al. (2008yere downloaded from the s&& portal of the University
of Bremen yvww.meereisportalyle

A CTD probe with a carousel water sampler was used to collect environmental feasainoem the

water column near SUIT stations. The CTD (Seabird SBE9+) was equipped with a seafloor altimeter
(Benthos), a fluorometer (Wetlabs FLRTD), a dissolved oxygen sensor (SBE 43) and a
transmissiometer (Wetlabs &ar). Details of the CTD samplimocedure were provided Boetius

et al. (2013) Data are available online in the PANGEA datahi@&sbe et al. 2012Among all CTD
stations, the closest in time and space to the SUIT stations were chiabés 1). Nutrients were
analysed in an atonditioned laboratory container with a continuous flow auto analyser (Technicon
TRAACS 800) following the procedure describe®ioetius et al. (2013) Measurements were made
simultaneously on 4 channels: PSi, NO, + NO; together and N@separately.

The depth of the upper mixdayer was calculated from the ship CTD profiles afdtaw et al.
(2009) who define the depth of the mixed layer as the depth of the profile where the density
difference to the surte exceeds 20% of the density difference between 100 m and the surface.

The relative light intensity was calculated by dividing the solar elevation angle during the SUIT haul
by the solar elevation angle at solar maximum for the corresponding locatian.efsfation angles
were calculated using the National Oceanic and Atmospheric Administration's (NOAA) online solar
calculator with latitude, longitude, date and time as inputex.esrl.noaa.goviyd/grad/solcalc).

Table 1. Station table of Surface and Under Ice Trawls (SUITs) and the corresponding conductivity
temperaturelepth (CTD) stations; NB is Nansen Basin and AB is Amundsen Basin

SUIT CTD
Haul Basin Station Station | aiitude  Longitude Bottom Station  Station Latitude Longitude
code date °N) (°E) depth code date °N) (°E)
(mo/d/yr) [m]
1 NB 204 8/5/2012 81.45 31.10 423 208 8/6/2012 81.46 31.04
2 NB 216 8/7/2012 82.48 30.03 3610 215 8/7/2012 82.49 30.00
3 NB 223 8/9/2012 84.07 30.43 4016 227 8/9/2012 84.02 31.22
4 NB 233 8/11/201 84.04 31.30 4011 227 8/9/2012 84.02 31.22
5 NB 248 8/16/201 83.93 75.50 3424 242 8/16/2012  83.90 76.07
6 NB 258 8/20/201 82.74 109.63 3575 254 8/20/2012 82.69 109.12
7 AB 276 8/25/201 83.07 129.12 4188 281 8/26/2012 82.89 129.82
8 AB 285 8/26/201 82.89 129.78 4174 281 8/26/2012 82.89 129.82
9 AB 321 9/4/2012 81.71 130.03 4011 324 9/4/2012 81.92 131.12
10 AB 331 9/5/2012 81.90 130.86 4036 324 9/4/2012 81.92 131.12
11 AB 333 9/6/2012 82.99 127.10 4187 333 9/6/2012 83.00 127.18
12 AB 345 9/9/2012 85.25 123.84 4354 342 9/9/2012 85.16 123.35
13 NB 397 9/29/201 84.17 17.92 4028 387 9/28/2012 84.37 17.52
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4.2.3 Biological data

The catch was partially sorted on board. Polar cod and ctenophores were immediately extracted from
samples. The remaining samples from the shrimp and the zooplankton nets were then each equally
divided into 2 parts with a plankton splitt@vlotoda 1959) From each sample, part of the material

was immediately preserved in 4% formaldehyde/seawater solution for quantitative analysis. After the
cruise, the quantitative samples were analysed for species composition and density at the Alfred
Wegener Institute iBremerhaven, Germany. Macrofauna (> 0.5 cm) densities were derived from the
analysis of the shrimp net samples. Copepod densities were derived from analysis of the zooplankton
net samples. With few exceptions, all animals were identified to the specstsafel; in copepod
species, to developmental stage and sex. The adult copepods and their larger juvenile stages (the
copepodites CV and CIV) were both considered in density calculations. Densities were calculated
dividing the total number of animals peruhdy the trawled area. The trawled area was calculated by
multiplying the distance sampled in water, estimated from ADCP (Gtees et al. 2011)with the

net width (0.5 m for the zooplankton net and 1.5 m for the shrimp net).

4.2.4 Data analysis

Scatter plts between each possible combination of 2 environmental variables were used to identify
pairs of datasets with high colinearifguur et al. 2007) I n pairs with Spear man
coefficients >0.7, only one variable was chosen for subsequehysisnhased on the ecological

relevance to the scientific objectives of this study and the comparability with other studies. From a

total of 30 variables analysed, 12 were retained for further statistical analysis (Table 2). A Principal
Component Analysi$PCA) (Mardia et al. 1979)vas applied on the environmental dataset to reveal
patterns in habitat typologies according to properties of the sea ice and the underlying water column.

In order to investigate patterns of diversity over the sampling aregefZitly indices were calculated

for the whole biological dataset, as well as for-guliupings derived from environmental data
analysis: (1) species richness (the number of species observed at each §at{@htt{e Shannon

index H) (Shannon 1948)ard ( 3) Pi el ou 63. Smecies acouenslation icunvdsewere (
plotted to assess the impact of sampling effort on species diversity. To assess the statistical difference
between sulgroupings, the MardiVhitney-Wilcoxon test was performed on diversihdices and on
cumulated species densities at statidriann and Whitney 1947)

Species density data were analysed using Non Metric Multidimensional Scaling (N(WRSkal
1964)based on a Bra@urtis similarity matrix(Bray and Curtis 1957NMDS is comnonly regarded

as the most robust unconstrained ordination method in community ec@digghin 1987)
Squareroot transformations and Wisconsin double standardization were applied to the data to
gradually downweight the dominant taxa. The performancehef NMDS was assessed with Shepard
plots and stress valué€larke and Warwick 2001; Legendre and Legendre 2042DSIM (Clarke

& Ainsworth 1993) was used to test for significant differences in the community structure batween
priori defined groupings, g. ocean basins and siea regimes.

Table 2.Environmental variables characterising-sgahabitats

Variable (abbreviation) Unit Value range
Sampled ice coverage during SUIT hauls (Coverage) % Oto 100
Modal ice thickness (Thickness) m 0to 1.25
Standard deviation of ice thickness (SD) m 0t0 0.88
Surfacevater temperature (Temperature) °C -1.76to -1.06
Surfacewvatersalinity (Salinity) 29.380 32.87
Chlorophyllaconcentration at the surface (Ghigace) mg m3 0.06to 0.24
Chlorophyllaconcentration at the depth of the chloropdgibximum (Chla) mg m3 0.15t0 0.63
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Silicate concentration at the depth of the chloropmdkimum (Si) pumol 1
Combined nitrate + nitrite concentration at the depth of the chlorapigimum pumol 1
Phosphate concentration at the depth of the chlor@ghglkimum (PQ) pumol K1
Relative daylight intensity (Relative light) -
Mixed layer depth (MLD) m

1.17t0 4.80

0.12to 6.84

0.20to 0.55
0t00.91
9to 25

The association of the community structure with the physical environment was evaluated with a
Mantel test(Mantel 1967) The Mantel test relates 2 distance matrices, one from the biological and
one from the environmental dataset, using Pearson correl§Bamouse et al. 1986)The
bootstrapping procedure was applied with 999 iterations. Afterwards, the association of the
community structure with all possible combinations of environmental variables was evaluated with
the BioEnv analysigClarke and Ainsworthl993) The BioEnv analysis estimates the subset of
environmental variables that has the highest correlation with the biologicalltlethest subset was

r a nGurtiscsonilarity madrik of o n

found wusing

t he

Spear manos

the species density data and a Euclidean dissimilarity matrix of the environmental variables.

c

For all analyses, R software Version 3.1.2 was used with the libraries vegan, FactoMineR, plyr and

MASS (R Core Team 2015)
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Figure 2. Environmental variables recorded at sampling stations. (Alcsethickness (upper panel)

and sedce coverage (lower panel). White portion of bars: percentage etesamverage at each
station; grey portion of bars: remaining percentage of open watach station. (B) Temperature,
salinity and chlorophyll a concentration in thie20m surface layer. (C) Nutrient concentrations at the
depth of the chlorophyk maximum. Nansen Basin stations are shown on dark grey background and
Amundsen Basin statiomm light grey background
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4.3 Results

4.3.1 Environmental conditions

Across the Eurasian Basin 13 stations were sampled. Seven stations were located in the Nansen Basin,
and 6 stations in the Amundsen Basin. Six of the Nansen Basin stations were sampled durstg the f
half of August, and the Amundsen Basin stations during late August tSepigtmber.

The last station was sampled in the Nansen Basin on 29 September 2012 at the onset of winter (Table
1). All stations had water depths > 3400 m, except Stn 204 iNgheen Basin, which was located in

open waters over the continental slope at a depth of 423 m. Because oceanographic conditions at the
slope station differed markedly from those in the rest of the sampling area, it was not included in the
multivariate anbysis, but is discussed separately. Besides Stn 204 in the Nansen Basin, 2 of the
Amundsen Basin stations were nearly-fime. At all other stations sea ice was present, ice
concentrations ranging from 56 to 100% (Fig. 2A). Modal ice thickness ranged#&no 1.25 m.

Within the deegsea basins, surface temperatures ranged betive@n andi 1°C. The surface
temperature at the slope station 204 was@ (Eig. 2A).

In the PCA of physical variables, 63.6% of the variance in the dataset was explainedfiost th

axes (Fig. 3). The first axis explained 36.6% of the variance and was mainly driven by gradients of
nutrients, salinity and sdee properties. Along this axis a clear distinction was evident between 2
environmental clusters that correspondedthie stations situated in the Nansen Basin and the
Amundsen Basin, respectively.

Because the environmental gradients in our dataset represent not only spatial patterns, but also an
often inseparable temporal signal over the 2 month sampling period, Hterglare referred to as
spatiot e mpor al 6regi mesbob, roughl y c-ocecoreenfpaton didng t o
thickness gradients increased towards the Nansen Basin regime. The-Rabd@estations in the
Amundsen Basin were clearly distinghed from all other stations, and were associated with the
lowest sedce concentration and thickness values. Furthermore, the Nansen Basin regime was
associated with high values of salinity and nitrate + nitrite, and low values of silicate and chlorophyll

a concentrations in thei@ m surface layer. Conversely, the Amundsen Basin regime was associated
with high chlorophylla concentrations, high silicate concentrations, and low values of salinity and
nitrate + nitrite. The second axis explained 26.94%hefvariance and was mainly associated with
gradients of temperature, chlorophgltoncentration at the chlorophyll maximum depth and relative

light intensity. Along this axis, 2 stations were distinguished from the Nansen Basin regime cluster.
Stn 216 had100% ice coverage, high surface water temperatures and high chlor@phyll
concentrations at the chlorophyll maximum depth (Fig. 2). Stn 397 had the lowest -swaface
temperatures and lowest relative light intensity. The apater station (Stn 333) walistinguished

along the second axis from the cluster of the Amundsen Basin regime by high -swaface
temperatures and high chlorophgltoncentrations at the chlorophyll maximum depth.
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Figure 3. Principal Component Analysis of environmental variatdéethe sampling stations. Variable
labels as defined in Table 2. Nansen Basin stations are represented by circles; Amundsen Basin
stations are represented by triangles; ice: uiwderstations; ow: opewater stations. Percentage
values on the axes regent the explained variance on the first (PCA 1) and second (PCA 2)
dimensions.

When single environmental parameters were compared between the 2 regimes, surface salinity was
significantly higher in the Nansen Basin regimei@8) than in the Amundsen Bagegime (2931)
(Wilcoxon test: W = Op-value < 0.01) (Fig. 2B). The mixed layer depth (MLD) was shallowest at the
first ice station (Stn 216; 9 m), which was situated at the ice edge. At the beginning of the cruise in the
Nansen Basin regime, the MLDaw around 15 m deep and increased with time, reaching up to 30 m

in the Amundsen Basin regime. At the last station sampled in the Nansen Basin regime (Stn 397), the
MLD was again shallower. High average values of nitrate + nitritep@® ™), andphosphate (0.4

umol I'Y), and low values of silicate (1.7 pmoh)l characterised surface waters of the Nansen Basin
regime (Fig. 2C). The opposite conditions were encountered in the Amundsen Basin regime, with low
values of nitrate + nitrite (1.4 pmdt"), and phosphate (0.2 pmot), and high values of silicate (3.5

umol I'Y). The differences between the 2 regimes in nutrient concentration were statistically
significant (Wilcoxon test N@Q W = 2, p-value < 0.01; P@ W = 4, p-value < 0.05; SiW = 36, p-

value < 0.01). At the station positioned over the Gakkel Ridge (Stn 258), all nutrients had very low
concentrations. In the 2 opevater stations in the Amundsen Basin regime (Stns 331 and 333), nitrate

+ nitrite and phosphate were depleted in the surfeaters. The averaged surface chloroplayll
concentration over the entire sampling area was 0.27 gamging between 0.12 and 0.43 mg.m

The surface chlorophyl concentrations were slightly higher in the Amundsen Basin regime than in
the Nansen Bas regime (Wilcoxon testiV=30, p-value < 0.1). The highest value was found at Stn

345 in the Amundsen Basin regime (Fig. 2B).
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4.3.2 Taxonomic composition

In total, 28 species belonging to 10 phyla were identified in our samples (Table 3). Copepods had the
highest densities, accounting for 69% of the mean relative density over all stations, followed by
amphipods with 28% (Fig. 4). The balance between copepods and amphipods, however, was
markedly different between the 2 environmental regimes: in the Nansen iBggime, copepods
accounted for >82% of the mean density, whereas, in the Amundsen Basin regime, copepods
contributed only 53%. Here the amphipodsdominated the species composition, accounting for
43% of the mean density (Fig. 4). Appendicularians doutieid 1.3% to the overall density, but this
value was driven by extremely high densities at only 2 stations. Ctenophores had a high frequency of
occurrence over the entire sampling area, but with highly variable densities. At 2 stations ctenophores
heavilydominated the biomass of the samples. The other taxonomic groups accounted for <1% of the
density.

Table 3.List of species with mean densities and frequency of occurrence over the sampling area; SD:
standard deviation

Mean nsi D Ran Fr n f
e e S nge ey o
CTENOPHORA
Berospp Fabricius, 1780 211 4.75 0015.79 0.85
Mertensia oveabricius, 1780 0.19 0.38 0061.35 0.85
MOLLUSCA
Clione limacihipps, 1774 0.69 0.87 002.76 0.69
Limacina helicittapps, 1774 1.13 2.89 0010.64 0.62
ANNELIDA
Unidentified polychaete <0.01 0.02 0.23
ARTHROPODA
Apherusa glacldéissen, 1888 58.19 70.48 0.339221.84 1.00
Eusirus holiMansen, 1887 0.19 0.22 0060.62 0.69
Gammaracanthus lorgaiirse, 1821 <0.01 0.01 060.04 0.15
Gammarus wilkitARirula, 1897 0.10 0.18 060.71 0.92
Onisimus glactadiss, 1900 1.12 1.34 0063.97 0.85
Onisimus nan&ans, 1900 0.35 0.57 0061.66 0.46
Themisto abyssBasguk, 1871 0.75 1.07 0063.13 0.69
Themisto libellLitzhtenstein, 1822 20.14 25.69 0.116 85.36 1
Euphausiacea
Thysanoessa ingnoyer, 1861 0.03 0.07 060.25 0.31
Unidentified euphausid <0.01 0.01 060.04 0.08
Copepoda
Calanus finmarcl@euserus, 1765 52.40 187.39 00676.04 0.23
Calanus glaciddischnov, 1955 641.27 1078.52 3.7853052.83 1
Calanus hyperbétenyer, 1838 104.08 174.46 00494.62 0.85
‘PseudocalaspsBoeck, 1872 24.60 33.29 00109.22 0.92
Metridia longabbock, 1854 172.47 619.49 002234.26 0.31
Paraeuchaeta gldatsaisen, 1886 0.08 0.17 000.44 0.23
"Unidentified harpacticoid 0.32 0.69 081.96 0.31
"Tisbe spp. 20.13 20.26 00668.26 0.92
Ostracoda
Boroecia bor&alis, 1866 <0.01 0.01 060.04 0.08
CHAETOGNATHA
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Eukrohnia hamabius, 1875 11.01 36.3 00131.76 0.69
Parasagitta elegarl, 1873 0.15 0.28 001.01 0.54
CHORDATA

Oikopleura vanhoéfémnann, 1896 47.37 145.39 00526.54 0.31
VERTEBRATA

Boreogadus dadqechin, 1774 0.41 0.42 0901.2 0.77

*values might be underestimatedtdwgmall size of the organisrefative to the mesh size used

4.3.3 Variability in species diversity, density and distribution

The highest number of species (20) was encountered at Stn 285 in the Amundsen Basin regime. Three
other stations, 2 situated in the Nansen Basin regime and one in the Amundsen Basin regime, had 19
species each. The lowest species richn&s Shannon diersity (H) and evennessJ) were
encountered at the slope Stn (204), where only 8 species were found (Table 4.). The highest Shannon
and evenness indices were encountered at anvegin station (Stn 331) in the Amundsen Basin
regime. Species richness a®thannon diversity showed no significant difference between the 2
environmental regimes (Wilcoxon teSt W = 29, p-value > 0.1;H: W = 32, p-value < 0.1), while

species evennesd)(was significantly higher in the Amundsen Basin than in the Nansen Basin
(Wilcoxon testW = 34,p-value < 0.05).

Table 4.Diversity indices calculated at each sampling station

Station code Richness Shannon Evenness
204 8 0.04 0.02
216 13 1.30 0.51
223 17 1.68 0.59
233 13 0.74 0.29
248 19 1.21 0.41
258 19 1.16 0.40
276 18 1.61 0.56
285 20 1.43 0.48
321 16 1.78 0.64
331 19 2.02 0.69
333 18 1.52 0.53
345 18 1.76 0.61
397 17 0.45 0.16
Nansen Basin 24 0.94 0.34
Amundsen Basir 24 1.69 0.58
Total 28 1.28 0.45

Cumulated densities of all species ranged from 0.3niffdat Stn 216 to 69 ind. fat Stn 248 (Fig.

5). Overall densities were significantly higher in the Nansen Basin regime than in the Amundsen
Basin regime (Wilcoxon testV = 6, p-value < 0.05) (Fig. 5). This difference between the 2
environmental regimesemained relevant even when Stn 248, which had the highest abundance, was
excluded from statistical analysis (Wilcoxon téat= 6, p-value < 0.05). The most abundant species
were the copepodSalanus hyperboreusndC. glacialis The low density exceptioat Stn 216 was
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Figure 4. Relative density of taxonomic groups at the sampling stations (numbers catig}. NB:
Nansen Basin

caused by exceptionally low numbers of copepods. Stn 248 was unique in its species composition
Only at this station, didC. finmarchichusdominate numerically, and high densities of the
appendicularianOikopleura vanhoeffenand the chaetognatSukrohnia hamataand Parasagitta
eleganswere encountered. The biomass composition at this station waglyhelminated by
ctenophores and tunicates. The last station (Stn 397) in the Nansen Basin regime differed from all
other stations by a dominance Metridia longa over all other copepod species. Among the
amphipods, the icassociated specids glacialis was numerically dominant at all stations, except the

2 openwater stations (Stn 331 and 333) in the Amundsen Basin. Here, the amgtipotsto
libellula was most abundant, though also present throughout the samplinB@egacod was present

over thesurvey area with few exceptions: the open water stb@igon (Stn 204), a station (283) at

which technical trawling problems probably affected the catch efficiency of the net fsniastning

fish, and theearly winter station (Stn 397The densityof polar cod ranged from 0.3 to 1.2 ind. 100

m?, with highest densities at Stn 285 and 345 in the Amundsen Basin regime. In contrast to nearby
underice stations, polar cod densities at the 2 epater stations in the Amundsen Basin (331 and
333) were bse to zero.
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4.3.4 The association of environment and biota

The NMDS adination of the community resembled the gradients of environmental variables of the
PCA. In the NMDS ordination, stations grouped mainly according to the 2 environmental regimes of
the Nansen and Amundsen Basins (ANOSIM: R = 0.3&lpe = 0.016) (Fig. )6 The copepodf.
hyperboreusindC. glacialisand the amphipoBusirus holmiiwere associated with the Nansen Basin
regime. Polar cod and the amphipd@eisimus nanserand T. libellula were associated with the
Amundsen Basin regime. Stn 216 in the Nansen Basin grouped closer to the Amundsen Basin regime
due to its high density of polar cod afd nanseniand low copepod density. The amphipdis
glacialis, G. wilkitzkii and Onisimus glaialis grouped in the centre of the NMDS plot, indicating
equal association with Nansen Basin regime and Amundsen Basin regime stations. The stations from
the Amundsen Basin regime were more homogenous,
positions in the NMDS ordination than those in the Nansen Basin regime. The -Rvaferstations,
however, grouped clearly apart from the other stations in the Amundsen Basin regime. They were
associated with the pelagic amphipbdibellula.
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Figure 6. Non-Parametric MultDimensional Scaling (NMDS) plot of the undee community
structure. Station symbols (circles: Nansen Basin; triangles: Amundsen Basin; ow: open water; ice:
underice) indicate the relative position of the community composition at eanplisg location in

the NMDS ordination. Species names indicate the relative position of polar cod and numerically
dominant species in the NMDS ordination. DIM 1 & 2: NMDS dimension axes

The Mantel test and BioEnv analysis both showed a strong positive correlation between the
environmental and biological datasets (Mantel test: Pearson correlation coefficient = 0.65, p < 0.001).
In the BioEnv, nitrate + nitrite concentration in the surfiager had the highest correlation of a single
environmental variable (0.60) with the variability of denditsed species distribution (Table 5). The
highest correlation (0.75) with the variability of dendiysed species distribution was achieved by a
combination of nitrate + nitrite concentration, surfacater temperature and salinity, ice thickness,
mixedayer depth and surface chlorophgitoncentration (Table 5).

4.4 Discussion

4.4.1 Under-ice habitat properties

During summer 2012 the Arctic Ocean experezha historical minimum sdee extent(Parkinson

and Comiso 2013)Polarstern cruise ARK XXVI8 sampled in the high central Arctituring that

time, first across thdlansen Basimluring early August, and then across tAenundsen Basimluring

late Augustearly September, almost reaching the North Pole at 87.833965°E. Daily seaice
concentration data, from passive microwave satellite measurements, were >90% in the Nansen Basin
during August and approximately 70% in the Amundsen Basin during Septeddiar ource:
www.meereisportal.tiniversity of Bremen). These values were in good agreement with the range of
seaice concentrations determined from SUIT sensors. At only one station (Stn 216) did these
observations differ from the SUIT sensiarived ice coverage of 100%, whereas stdalerived ice
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