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Summary 

The most pronounced effects of global climate change have been experienced in the Arctic region. In 

particular, Arctic sea ice decline and volume loss have emphasized the impeding threat of continued 

climate change, and have been center stage in the public eye for over a decade. Many of the observed 

changes in the Arctic are related to the physical system because these parameters, such as sea ice 

extent and thickness, are more easily observed from space and airborne platforms. The linkage 

between ecosystem function and its physical environment is clear from all well investigated systems. 

This undoubtedly means that the observed changes to the physical system have had an equally 

dramatic impact on the Arctic ecosystem. Our understanding of the Arctic marine ecosystem, 

however, is severely limited due to the methodological and logistical constraints of monitoring 

ecological properties. This has caused significant seasonal and geographical knowledge gaps, 

particularly in the high (> 80ºN) and central Arctic Ocean.     

Over the past decades a disproportional emphasis has been put on the importance of primary 

production (PP) and the availability of food in the water column. Observations have indicated an 

overall increase in Arctic-wide 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 a corresponding increase in the biomass of consumers and higher trophic levels. This 

premise, however, neglects the rather important role that the sea ice environment and sea ice algae 

play in the Arctic food web. The timing, duration and spatial availability of ice algae are drastically 

different compared to pelagic phytoplankton. Therefore, it is only by first gaining a better 

understanding of the base of the Arctic food web that we can start to understand the rest of the food 

web.   

Throughout this thesis, we 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 methodologies and approaches to 

characterize and quantify the spatial variability of sea ice algae-biomass, -primary production and ï

habitat. Subsequently, we used this toolset to assess the implications of a rapidly changing sea ice 

habitat in relation to spatial variability of 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 under-ice profiling platforms (e.g., Remotely Operated Vehicle ï ROV, 

and the Surface and Under-Ice Trawl ï SUIT), which included novel mathematical and statistical 

approaches to representatively capture the spatial variability of sea ice and under-ice physical-

biological properties. We showed that our developed approaches produced observations, which could 

capture the spatial variability better than traditional point location characterizations of environmental 

properties. Specifically, the insufficient spatial representativeness of sea ice-algal biomass can cause 

biases in large-scale ice algal biomass and PP estimates.  

  

In Chapter 3, we further developed upon Chapter 2 methodologies by introducing a new approach to 

estimate primary production on floe-scales (meters to kilometers), further justifying the need for 

representative ice-algae biomass and PP estimates. We also showed that the sea ice environment and 

under-ice water properties played an important role in structuring the under-ice community. 

Furthermore, we indicated that ecological key species of the central Arctic Ocean thrived significantly 

on carbon synthesized by ice algae. These results highlighted the key role of sea ice as a habitat and as 

a feeding ground within the Arctic Ocean. 

In Chapter 4, we aimed to compare the physical-biological properties of multi-year sea ice (MYI) and 

first-year sea ice (FYI) to provide some insight into how the Arctic will change with the continued 
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replacement of MYI by FYI. We developed and confirmed the hypothesis that thick MYI hummocks 

do have the potential to host substantial ice algae biomass and identified hummocks as common and 

permanent features, which represent a reliable habitat for sea ice algae due to the typically thin or 

absent snow cover. We developed key physical-biological relationships to classify the springtime 

spatial variability of sea ice algae habitat for both FYI and MYI. We applied this classification to pan-

Arctic ice thickness and snow observations, and showed that MYI is substantially under-estimated in 

terms of suitable habitat. Furthermore, we identified thick sea ice features, such as MYI hummocks 

and sea ice ridges, as potentially high biomass regions with great ecological value. We also indicated 

that the thicker sea ice, which remains in late-summer, has reduced melt-induced algal losses. 

In conclusion, we developed a robust and novel approach to representatively quantify sea ice 

environmental properties, and sea ice algae biomass and PP at floe-scales. These estimates resulted in 

more accurate estimates of overall carbon biomass availability and production, which we used to 

improve the spatial variability of the ice-algae derived carbon budget. We concluded that there was a 

large mis-match between ice-algal primary produced carbon and ice-algal carbon demand by 

dominant species. This mis-match 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 standing stocks of ice-algal carbon were quite substantial. These results 

suggest that during late-summer, when primary production shuts down, the remaining ice-algal 

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 are severely limited. 
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Zusammenfassung 

In der Arktis sind die Auswirkungen des globalen Klimawandels so deutlich spürbar wie in nur 

wenigen anderen Regionen der Welt. Insbesondere Rückgang und Volumenverlust des Meereises 

stehen schon seit über einer Dekade im Mittelpunkt des öffentlichen Interesses. Viele der 

beobachtenden Veränderungen in der Arktis beziehen sich auf das physikalische System, da 

Parameter wie Meereisausdehnung und-dicke leichter aus dem All und aus Flugzeugen abgeschätzt 

werden können. Die physikalischen Veränderungen können sich ohne Zweifel auf ebenso drastische 

Weise auch auf das Arktische Ökosystem auswirken. Unser Wissen über das Arktische marine 

Ökosystem ist jedoch lückenhaft, da die methodischen und logistischen Möglichkeiten zur Erfassung 

wichtiger ökologischer Parameter eingeschränkt sind. So existieren auch heute noch erhebliche 

Wissenslücken in den hoch-arktischen Regionen (> 80°N) des zentralen Arktischen Ozeans. 

In jüngerer Zeit stand vor allem die Bedeutung der Primärproduktion (PP) und der 

Nahrungsverfügbarkeit in der Wassersäule im Fokus der ökologischen Forschung in der Arktis. Aus 

Beobachtungen wurde eine allgemeine Zunahme der Nettoprimärproduktion (NPP) in der gesamten 

Arktis abgeleitet, welche aus dem Rückgang der Dicke und Ausdehnung des Meereises bei 

gleichzeitiger Verlängerung der Wachstumsperiode des Phytoplanktons resultiert. Diese erhöhte PP 

könnte eine ebenfalls gesteigerte Sekundärproduktion der höheren trophischen Ebenen bewirken. 

Diese Annahme lässt jedoch die wichtige Rolle der Meereisalgen für das Arktische Nahrungsnetz 

außer Acht. Zeitpunkt, Dauer und regionale Verfügbarkeit von Eisalgenbiomasse unterscheiden sich 

deutlich vom pelagischen Phytoplankton. Deshalb ist es wichtig, die Basis des Arktischen 

Nahrungsnetzes unter Berücksichtigung des Beitrages von Eisalgen zu charakterisieren, um die 

Folgen von Veränderungen für das Ökosystem abschätzen zu können. 

Das Ziel dieser Arbeit ist es, zu erforschen, wie die Verfügbarkeit und die Lebensbedingungen von 

Eisalgen von den kontinuierlichen Veränderungen des Meereishabitats beeinflusst werden, und 

welche Konsequenzen sich daraus für das Arktische Ökosystem ergeben. Hierfür wurden neuartige 

Methoden und Ansätze für die Beschreibung und Quantifizierung der räumlichen Variabilität der 

Eisalgenbiomasse, Eisalgen-PP und des Eisalgenhabitats entwickelt. Anschließend nutzten wir diese 

Methoden, um die Auswirkungen sich schnell verändernder Meereishabitate in Bezug auf die 

räumliche Variabilität des von Eisalgen produzierten Kohlenstoffs und des Kohlenstoffbedarfs eis-

assoziierter Organismen abzuschätzen. 

In Kapitel 2 entwickelten wir einen Ansatz, der es ermöglicht, Umweltdaten von Sensoren auf 

Untereis-Drohnen (Remotely Operated Vehicle, ROV) und Untereis-Schleppnetzen (Surface and 

Under-Ice Trawl, SUIT) zu prozessieren. Dieser Ansatz beinhaltete neuartige mathematische 

Methoden für die repräsentative Darstellung der räumlichen Variabilität von Meereis-

Umweltparametern. Wir konnten zeigen, dass die entwickelten Methoden die räumliche Variabilität 

dieser Parameter besser erfassen als traditionelle Punktmessungen. Insbesondere konnte gezeigt 

werden, dass die korrekte Wiedergabe der räumlichen Variabilität von Meereis-Umweltparametern 

und Eisalgenbiomasse kritisch ist für eine realistische Abschätzung von Eisalgenbiomasse und PP auf 

regionalen und pan-arktischen Skalen. 

In Kapitel 3 entwickelten wir die in Kapitel 2 eingeführten methodischen Ansätze weiter, indem wir 

einen neuen Ansatz für die Schätzung der PP entwickelten, der die räumliche Variabilität von 

Eisalgenbiomasse und Meereis-Umweltparametern in Größenordnungen von 0,1 bis 5 km 

berücksichtigt. Wir demonstrierten weiterhin, dass die Eigenschaften der Meereisumgebung und des 

Habitats unter dem Eis eine wichtige Rolle für die Strukturierung der eis-assoziierten 

Lebensgemeinschaft spielten. Außerdem konnten wir zeigen, dass ökologische Schlüsselarten des 

zentralen Arktischen Ozeans einen Großteil ihres Kohlenstoffbedarfs mit eisalgen-produzierten 

Kohlenstoff decken. Diese Ergebnisse unterstreichen die Schlüsselrolle des Meereises als Habitat und 

Kohlenstoffquelle im Arktischen Ökosystem. 
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In Kapitel 4 vergleichen wir die physikalisch-biologischen Eigenschaften von mehrjährigem Meereis 

(Multi -Year Ice, MYI) und einjährigem Meereis (First-Year Ice, FYI), um Erkenntnisse darüber zu 

gewinnen, wie sich die Arktis verändern wird, wenn MYI zunehmend durch FYI ersetzt wird. Wir 

entwickelten und bestätigten die Hypothese, dass dicke MYI-Hügel das Potential haben, große 

Mengen Eisalgen zu beherbergen. Wir identifizierten diese Eishügel als dauerhafte Ausformungen des 

Eises, die aufgrund der typischerweise geringen Schneebedeckung zuverlässige Habitate für Eisalgen 

darstellen. Wir erstellten physikalisch-biologische Beziehungen für die Einordnung der räumlichen 

Variabilität des Eisalgenhabitats in MYI und FYI im Frühjahr. Diese Klassifizierung wurde dann auf 

die Eisdicke und Schneedickenmessungen der gesamten Arktis angewendet und zeigte, dass MYI als 

Habitat für Eisalgen bisher womöglich deutlich unterschätzt wurde. Weiterhin identifizierten wir 

Merkmale dicken Eises, wie Eishügel in mehrjährigem Eis und Presseisrücken, als potentielle Orte 

hoher Biomassen mit hohem ökologischem Wert. Wir konnten außerdem ermitteln, dass dickeres Eis, 

welches im Spätsommer bestehen bleibt, geringere schmelz-bedingte Algenverluste aufweist als 

dünnes FYI. 

Zusammenfassend entwickelten wir eine robuste und neuartige Methodik für die repräsentative 

Quantifizierung der ökologischen Eigenschaften des Meereises, der Eisalgenbiomasse und PP in der 

räumlichen Größenordnung von typischen Eisschollen (0,1 ï 5 km). Diese Schätzungen ermöglichten 

akkuratere Abschätzungen der Verfügbarkeit und Produktion von Eisalgen-Kohlenstoff für das 

Arktische Nahrungsnetz. Daraus schlossen wir, dass ein großes Missverhältnis zwischen der Menge 

eisalgen-produzierten Kohlenstoffs und der Nachfrage dominanter Arten bestand. Dieses 

Missverhältnis wurde von einer starken regionalen Variabilität begleitet. Mit einem anderen Ansatz 

zeigten wir hingegen, dass am Ende der Wachstumsphase der Vorrat an Eisalgenbiomasse noch 

beträchtlich ist. Diese Ergebnisse deuten darauf hin, dass während des Spätsommers, wenn die PP 

dem Ende zugeht, die verbleibenden Eisalgenbestände in den hohen Breitengraden eine essentielle 

Nahrungsquelle bieten können, um eisassoziierte Organismen während des Beginns der Polarnacht zu 

versorgen. 

Zusammengefasst könnte das kontinuierliche Ausdünnen des Eises und der Verlust des dicken 

Meereises zum Verlust einer verlässlichen Kohlenstoffquelle in Form von eisalgen-produzierten 

Kohlenstoffs während wichtiger Perioden des Jahres führen, wenn die Verfügbarkeit anderer 

Kohlenstoffquellen stark limitiert ist.
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Abbreviations 

 

CAO  central Arc tic Ocean 

chl a  chlorophyll a 

 C  carbon 

EOF  empirical orthogonal function 

NDI  normalized difference index 

ROV  remotely operated vehicle 

SUIT  surface and under-ice trawl 

PP  primary production 

NPP  net primary production 

PAR  photosynthetically active radiation 

FYI  first-year sea ice 

MYI   multi-year sea ice 

 

 

  



 

 

VI  

 

 

  



1 

 

Chapter 1: Introduction 

 

Figure 1. Map of the Arctic Ocean summarizing the recent decline in sea ice extent. Sea ice extent 

data are the September monthly means for 2007, 2012 and the median for the period 1981 to 2012 

(extent data acquired from NSIDC according to algorithms in Fetterer et al., 2002, udpated 2011). 

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

according to algorithms in  Spreen 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 using large-scale remote sensing platforms. 

These changes to the Arctic sea ice cover are likely to continue unabated into the future, having 

profound global ecological consequences (AMAP, 2011; IPCC, 2013). 

Sea ice melt and growth season length are good indicators of Arctic climate change, however, they 

vary spatially and temporally, making it difficult to characterize these variables. Markus et al. (2009) 

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

1979-2007. Furthermore, Markus et al. (2009) showed that the largest increases in melt season were 

recorded for the Hudson Bay and the Chukchi/Beaufort, Laptev/East Siberian and East Greenland 

seas. Howell et al. (2009) also demonstrated a significant positive trend in the duration of the 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 concentration (Stroeve et al., 

2011). 

Sea ice areal coverage is an important property, in terms of energy balance, as sea ice has a high 

albedo, reflecting large amounts of short-wave solar radiation away from the Earthôs surface (Budyko, 

1969; Perovich et al., 2007). The sea ice cover in turn limits the availability of photosynthetically 

active radiation (PAR) for autotrophic organisms living within the sea ice and water column (Cota & 

Horne, 1989). Since the beginning of the satellite observation record (1979) there has been a declining 
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trend in sea ice extent (SIE) for all months with the largest decline during the end of the melt season 

in September (Serreze et al., 2007b; Stroeve et al., 2012). In September 2012, a new record Arctic sea 

ice extent minimum was set, far exceeding the previous record minimum of 2007 (Figure 1), which 

was itself a remarkable decline from previous years (IPCC, 2013; Parkinson & Comiso, 2013). As of 

07 September 2016, it appears that a new record sea ice extent minimum may be reached before the 

end of September 2016 (Figure 1). 

The decline in SIE has resulted in more open water and therefore more solar radiation being absorbed 

due to the lower albedo of water (Perovich et al., 2011; Perovich et al., 2008). This process is the 

main driving force in the ñsnow/ice-albedoò feedback system, where continued decline 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 SIE (Budyko, 1969; Johannessen et al., 2004; Perovich 

et al., 2011; Perovich et al., 2007). The 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; Stroeve et al., 2012). Wind is the primary driving force of 

sea ice drift in the Arctic Ocean, which is dominated by two main circulation patterns (Figure 2) 

(Rigor et al., 2002). The Beaufort Gyre (BG) is characterized by anticyclonic circulation and high 

pressure over 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 2) (Rigor et al., 2002). The strength and location of these two pressure systems largely 

determines sea ice drift and amount of ice exported from the Arctic Ocean (Rigor et al., 2002). 

The general circulation patterns of the BG and TDS result in sea ice being transported from the 

Siberian sectors of the Arctic Ocean, 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 then be re-circulated into the Arctic Ocean, 

which results in the formation of thicker multi-year sea ice (MYI; Figure 2). 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 thickest ice in the Arctic along the northern coast of 

the CAA (Figure 2) (Haas et al., 2006; Kwok et al., 2010). Sea ice export through the Fram Strait 

corresponds to the largest annual export flux from the Arctic Ocean (Kwok, 2009; Serreze et al., 

2006). Although no 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 

coverage (Kwok, 2009).  

The declining trend of Arctic SIE has not only affected 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 summer (Kwok, 2007; Kwok & Cunningham, 2010). Over 

the period 1980-2010, 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 1995-2000 and then a continued decline of MYI from 2001 to 2011 (Maslanik 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 during 2008 derived from ICESat observations, (Kwok & Rothrock, 2009). The highest 

rates of decline during the submarine record were -0.08 m/yr, observed during 1990 (period of 

accelerated export of old MYI in the Arctic), and highest rates of decline for the 2003-2008 ICESat 

record were trends of -0.10/-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 km
3
 (> 40 %) of Arctic MYI 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, following Rigor et al. (2002). Ice 

thickness data were acquired by Cryosat-2 and retrieved www.meereisportal.de according to 

algorithms described by Ricker 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 regime shift in circulation patterns 

(Rigor & Wallace, 2004; Rigor et al., 2002). The regime shift coincided with the period of anomalous 

export of old MYI from the Arctic (Maslanik et al., 2007; Maslanik et al., 2011) and a period (1990) 

of rapid thinning over the central Arctic (Kwok & Rothrock, 2009). This resulted in the pre-

conditioning of the Arctic ice pack for further thinning and reductions of MYI (Lindsay & Zhang, 

2005; Ogi et al., 2008; Serreze et al., 2007b), which is supported by more recent ice thickness 

measurements from satellites (Kwok et al., 2009; Laxon et al., 2013) and airborne observations (Haas 

et al., 2010; Haas et al., 2008). Following on the premise that thinner, younger ice melts more easily, 

the larger proportion of thinner FYI in the Arctic 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 MYI in the Arctic. 

The survivability of MYI is heavily dependent on level ice thickness, whereby ice that is thicker than 

the typical summer melt rate will survive (Notz, 2009). Therefore, Arctic Sea ice may arrive at a 

thickness that is thinner than the summer melt rate, at which 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 reduced Arctic-wide 

sea ice albedo (Riihela et al., 2013), and more light reaching the under-ice environment in summer 

(Nicolaus et al., 2012). Furthermoe, the rapid loss of sea ice represents an equally rapid change in 

habitat for sea ice algae, protists, and ice-associated fauna with important ecological consequences. 

1.2  The sea ice-associated ecosystem 

A unique feature 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 salinities (Eicken, 2003; Weeks & Ackley, 1986). It is the presence of these 

interstitial brine channels, full of nutrients, that allows for the formation of a unique ice associated 

ecosystem (Figure 3). Organisms are initially incorporated into the sea ice matrix from the water 

column during ice formation. During later stages of sea ice growth or melt, the in-ice organism can 

also be exchanged with organisms from the underlying sea water by wave fields that exchange or 

pump water between the environments (Horner et al., 1992). Arctic sea ice inhabitants include 

microalgae, bacteria, protists, and invertegrate metazoans. Autotrophic microalgae are dominated by 

diatoms, which represent the  base of the Arctic food web (Gradinger et al., 1999; Melnikov et al., 



Chapter 1: Introduction  

 

4 

 

2002). Most sea ice bacteria are heterotrophic and likely represent an important component in terms 

of nutrient recycling (Rysgaard et al., 2008). Heterotrophic protists represent the main consumers of 

microalgae and are dominated by ciliates and flagellates (e.g., Michel et al., 2002; Rat'kova et al., 

2004), see also review in Arrigo (2014). Furthermore, cnidarians, turbellarians, annelids, and 

arthropods can be found within the ice (e.g., Bluhm et al., 2007; Gradinger et al., 2005), cnidarians, 

ctenophores, copepods, amphipods and fish are typically found living at the ice-water interface (David 

et al., 2015; Gradinger & Bluhm, 2004) (Werner, 1997). These sympagic metazoans (dominant 

representatives of the ñunder-ice faunaò compartment in Figure 3)  represent a particularly important 

component of the Arctic food web in terms of carbon transfer from the in-ice microalgae (hereafter 

referred to as sea ice algae) to the pelagic realm and upper trophic levels, such as zooplankton, fish, 

seals, whales and polar bears (Budge et al., 2008; Kohlbach et 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 environment (Arndt & Swadling, 2006). In both cases, this requires the 

ability to adapt their life cycles to strong seasonality of the sea ice environment. Ice-associated 

organisms can use the ice for feeding, reproduction and/or as a refuge. The under-ice topography 

provides a wide range of advantageous micro-habitats. For example, polar cod (Boreogadus saida) 

reside in ice wedges along the ice floe edge to avoid access by predators (Gradinger & Bluhm, 2004); 

and ice meiofauna and under-ice amphipods seeking shelter at sea ice ridges during advanced melt 

(Gradinger et al., 2010). Perhaps most important though is the fact that sea ice algae represent a high 

quality and critical food source for many organisms (Kohlbach et al., 2016; Søreide et al., 2006; 

Søreide et al., 2010; Wang et al., 2015; Wang et al., 2016). Furthermore, sea ice algae may represent a 

more cost-effective 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 being attached or scanning a two-dimensional bottom-ice surface, in comparison to 

the energy requirements of swimming and searching for prey or phytoplankton in a three-dimensional 

water column.  

 

 

Figure 3. Conceptual overview of the ice associated foodweb with the 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 Arctic-wide net primary production (NPP) as a 

result of the declining sea ice cover and increasing duration of the phytoplankton growth season 

(Arrigo & van Dijken, 2011; Arrigo & van Dijken, 2015; Fernández-Méndez et al., 2015). It remains 

uncertain, how sea ice algae NPP will respond to continued changes of the sea ice 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) (Nicolaus et al., 2012).  
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Kosobokova and Hirche (2009) suggested, 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 be correct, however, the estimates for PP available at that time 

either did not include ice-algal PP or had a limited spatial-temporal coverage. Ice-algae represent one 

of the dominant carbon producers within the CAO (Fernández-Méndez et al., 2015; Gosselin et al., 

1997), and therefore should be quantified representatively in order to assess the true estimate of the 

ice-algal derived carbon budget. Focusing on pelagic production, Kosobokova and Hirche (2009) 

suggested higher food availability and thus potentially higher 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 predators (Budge et al., 2008; Kohlbach et al., 2016; Wang et al., 2015; 

Wang et al., 2016). 

Lavoie et al. (2010) and Leu et al. (2015) argued 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 

small-scale variability of the snow cover on 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 atmosphere-ice-ocean heat flux (Sturm et al., 2002) and the transmission of light 

(Grenfell & Maykut, 1977; Perovich, 1996).  

During the SEDNA drift study, Melnikov et al. (2002) showed an ice algal peak in late-July during a 

period of no- or low-snow with an overall mean snow depth of only 3 cm by the end of June (Sturm et 

al., 2002). This indicated a different seasonal progression of sea ice algal growth within the central 

Arctic Ocean, showing an ice-algal biomass peak around 100 days later than all other documented 

seasonal studies reviewed in Leu 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 compared to the central and high (>80ºN) 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 influenced by sea ice microstructure (e.g., salinity 

and temperature, which influence permeability), nutrient supply, and transmitted irradiance (see 

recent reviews by Arrigo, 2014; Vancoppenolle et al., 2013). During spring, the main influences on 

under-ice irradiance are the snow depth distribution (Hamre et al., 2004; Järvinen & Leppäranta, 

2011; Maykut & Grenfell, 1975; Thomas, 1963), and to a lesser extent ice thickness (Grenfell & 

Maykut, 1977; Light et al., 2008; Nicolaus et al., 2010; Thomas, 1963). Initial growth of sea ice algae, 

during early spring is primarily controlled by the snow distribution, which is typically evident by a 

negative relationship between chlorophyll a (chl a) and snow depth (e.g., Campbell et al., 2014a; 

Mundy et al., 2007). During the progression of melt, light transmission increases due to changes in the 

optical properties of snow and ice (Nicolaus et al., 2010; Perovich, 1996). Consequently, ice algal 

growth increases and shifts to a more nutrient-limited system, which can be accompanied by a 

combination of other limiting factors such as: self-shading, diurnal light patterns, or ice ablation (Cota 

& Smith, 1991; Gosselin et al., 1990; Lavoie et al., 2005). In some instances, when light transmission 

increases faster than algal communities can adapt, the increased light field can reduce activity and 

biomass of algal communities due to photoinhibition (Barlow et al., 1988; Michel et al., 1988). Ice 

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 ice-algal biomass and PP estimates for the central Arctic Ocean (Miller et al., 

2015). Large-scale estimates of sea ice algal biomass and PP are limited to modelling studies, as 

satellites are unable to observe the underside of sea ice. Lee et al. (2015) demonstrated that pelagic 

phytoplankton PP models for the Arctic Ocean were highly sensitive to uncertainties in chlorophyll a 

(chl a) and performed best with in situ chl a data. In situ ice algal chl a used in models, however, are 
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typically based on a small number of ice core observations, and may therefore not correctly represent 

the true spatial variability of ice algal biomass (e.g., Fernández-Méndez 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 coring-based in vitro 

incubations (e.g., Fernández-Méndez et al., 2015; Gosselin et al., 1997; Gradinger, 2009) or in situ 

incubations (e.g., Gradinger, 2009; Mock & Gradinger, 1999). At larger scales the under-ice eddy 

covariance method integrates primary production over an area of 100 m
2
 (Long et al., 2012). Thus, 

there is a large gap in spatial coverage between the 0.01 to 100 m
2
 scales, which is not resolved by 

these methods. It 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 the range from 20 to 25 m (Gosselin 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), and sea ice draft can vary at scales of around 15 m 

(Katlein et al., 2015). 

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 high (>80ºN) and central 

Arctic Ocean (Wassmann, 2011; Wassmann et al., 2011). This 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 conditions results in sampling biases, which limit the seasonal and 

temporal coverage of studies within the Arctic Ocean. During the early-spring to summer transition 

period, the majority of ecologically focused studies are conducted within the peripheral seas and 

coastal regions of the Arctic Ocean (Leu et al., 2015; Wassmann et al., 2011). During this time of 

year, ship-based campaigns are severely limited in terms of access to vast regions of the central Arctic 

Ocean due to the difficulty in breaking through the thick snow and sea ice cover (Figure 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 the early-spring to summer transition, 

because beyond this period, sea ice does not exist or is not safe to work on (Figure 4). Although these 

studies may capture the full season of ice algal growth, the seasonal progression and general 

environmental conditions are drastically different compared to the high and central Arctic Ocean. This 

imposes limitations when making pan-Arctic 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 the central Arctic ecosystem, we need observations from the central Arctic. 

Furthermore, monitoring sea ice ecosystems remains a challenge due to the difficulty of remotely 

sensing biological processes in and under the ice cover. Multi-scale sea ice algae observations 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 larger-scale observation systems and 

methodologies that can capture the spatial distribution of sea ice algae at multiple scales. Although 

sea ice coring will remain an essential method for any ice-related research, point measurement coring 

is time consuming, making it an unlikely candidate for large-scale ice-algal observation systems. 

Other devices such as the slurp-gun (Gosselin et al., 1990) or underwater pulse-amplitude-modulated 

fluorometer (Diving-PAM; Rysgaard et al., 2001) have shown promise, however, they require the 

deployment by divers, which is also logistically demanding and time intensive. 

New developments of Autonomous Underwater and Remotely Operated Vehicles (AUV/ROV) give 

promising new opportunities to study the underside of ice (Wadhams, 2012). Currently these 

platforms have mainly been used to observe physical (e.g., Katlein et al., 2015; Nicolaus & Katlein, 

2013; Nicolaus et al., 2012) and biological processes (e.g., Ambrose et al., 2005; Katlein et al., 2014a) 

within and under the ice at larger scales and with relatively minimal logistical requirements, in terms 

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 distribution of sub-

ice algal aggregates (e.g., Ambrose et al., 2005; Gutt, 1995; Katlein et al., 2014a). Digital imagery is 
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limited to two-dimensional space and therefore abundance estimates may have high uncertainty. 

Using image analysis, Katlein et al. (2014a) showed that ice-algal aggregate distribution is mainly 

controlled by under-ice topography with the accumulation of aggregates along the edges of ridges and 

in dome-shaped ice features.  

 

Figure 4. Sea ice conditions for the Arctic Ocean during a) late-summer/autumn 2012; and b) spring 

2013. Ice thickness data were acquired during a) October 2012 and b) April 2013 by Cryosat-2 and 

retrieved www.meereisportal.de according to algorithms described by Ricker et al. (2014). Sea ice 

extent correspond to monthly means during August and September for 2012 (extent data acquired 

from NSIDC, Fetterer et al. (2002, udpated 2011)). 

Under-ice spectral measurements can be used to derive chl a and other pigment concentrations in sea 

ice and the water column using different bio-optical approaches  (Campbell et al., 2014b; Craig et al., 

2012; Melbourne-Thomas et al., 2015; Mundy et al., 2007; Taylor et al., 2013). Until now, however, 

these models have not been applied to larger scale under-ice ROV spectral measurements. ROVs have 

recently been deployed, with mounted spectral radiometers, to measure under-ice spectral irradiance 

(e.g., Katlein et al., 2015; Katlein et al., 2014b; Nicolaus & Katlein, 2013; Nicolaus et al., 2012), but 

focused primarily on physical processes and energy budgets. Spectral radiometers have also been 

mounted on the Surface and Under-Ice Trawls (SUIT;van Franeker et al., 2009), a 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 length (e.g., David et al., 2015). The development of under-ice 

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 under-ice spectra. These spectral 

observations, both from the past and future, could be used to estimate the temporal evolution and 

spatial variability of ice-algal chl a and primary production. However, this requires the development 

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.    

1.6 Significance of this study  

Our current understanding of the Arctic marine ecosystem has been limited due to methodological and 

logistical constraints. These constraints have caused significant seasonal and geographical knowledge 

gaps, particularly in the high (> 80ºN) and central Arctic Ocean (Wassmann, 2011; Wassmann et al., 

2011). There is mounting evidence for an overall increase in Arctic-wide net primary production 

(NPP) as a result of a thinning and declining sea ice cover, and increasing duration of the 

phytoplankton growth season (Arrigo & van Dijken, 2011; Arrigo & van Dijken, 2015; Fernández-

Méndez et al., 2015). It remains uncertain, however, how sea ice algae related primary production and 

biomass availability will respond to continued changes of the sea ice environment. In the central 

Arctic Ocean, sea-ice algae has been documented to contribute for up to ~ 60% of the NPP during 

summer (Fernández-Méndez et al., 2015; Gosselin et al., 1997). Overall, however, sea ice-related 

NPP is relatively low, accounting for 1 to 10 % of total NPP in the Arctic Ocean (Arrigo & van 

Dijken, 2015; Dupont, 2012). Regardless of the overall low contribution of ice-related NPP, sympagic 
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(ice-associated) organisms, pelagic organisms and top-predators showed high dependency on ice-

algae produced carbon in many regions of the Arctic Ocean (Budge et al., 2008; Kohlbach et al., 

2016; Wang et al., 2015; Wang et al., 2016). The key role of sea ice algae in Arctic food webs, 

particularly in terms of reproduction and growth of key Arctic organisms (Leu et al., 2011; Michel et 

al., 1996; Søreide et al., 2010), highlights the importance of timing and duration of ice algal growth, 

and the availability 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 spatial-temporal variability of sea ice algae to representatively estimate ice-algal 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 ecology, which encompasses 

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 MYI by FYI, and what consequences can be expected for Arctic food webs? 

In order to 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 water parameters by developing new methodological approaches? What observation 

systems are available to address the spatial variability of key environmental sea ice and 

under-ice water parameters, and how can we improve these systems and methods? 

2. Is it important for large-scale estimates and ecological models to capture the spatial 

variability of environmental properties such as: sea ice thickness, ice algal-biomass and -

primary production (PP), and under-ice water chl a biomass, PP, salinity and temperature? 

3. How do larger-scale observations of sea ice algal ïbiomass, ïPP, and suitable habitat 

compare to traditional and smaller-scale observation systems, particularly ice coring, of 

which up-scaled estimates assume spatial representativeness? 

4. What are the large-scale patterns in sea ice algae-biomass and -habitat? Specifically, are 

there differences between MYI and FYI (or between ice types/classes)? 

To answer these questions, this thesis aimed to develop novel methodologies and approaches to 

characterize and quantify the spatial variability of sea ice algae-biomass, -primary production and -

habitat. Furthermore, we applied these approaches to larger-scale remotely sensed observations and 

assessed the spatial variability of these parameters at multiple scales. Because a full 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 ice-associated organisms. To accomplish this I 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 under-ice profiling platforms; 

ii)  Estimate the floe-scale variability of ice algal biomass using hyper-spectral profiles from 

mobile under-ice sensor platforms and compare its representativeness with traditional (ice 

core-based) methods; 

iii)  Assess the impact of using improved floe scale-based estimates of sea ice properties and ice 

algal biomass on pan-Arctic 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 ice algal 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 to December 2015). My PhD project was a 

component of the Helmholtz Association Young Investigators Group Iceflux: Ice-ecosystem carbon 

flux in polar oceans (VH-NG-800) with Dr. Hauke Flores as the principal investigator as well as my 

main supervisor. The thesis begins with a general introduction (already presented here in Chapter 1) 

into the Arctic Ocean and its physical-ecological status. Chapters 2, 3 and 4 include my main 

scientific contributions accomplished during my PhD, which include published papers, papers 

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 advancements of ecologically relevant sea ice observations 

In Chapter 2, we developed a methodological toolbox to process environmental sensor array 

observations acquired from under-ice profiling platforms (e.g., ROV and SUIT), which included 

novel mathematical and statistical approaches to representatively capture the spatial variability of sea 

ice and under-ice physical-biological properties. 

Paper 1 

Title: The Surface and Under-Ice Trawl (SUIT)-mounted environmental sensor array 

in preparation for submission to: Deep-Sea Research Part I: Oceanographic Research Papers 

Author list: Benjamin A. Lange, Giulia Castellani, Jan Andries van Franeker and Hauke Flores 

Author contributions: This study, the SUIT and sensor array were designed and developed by B. A. 

Lange, H. Flores J.A. van Franeker. Data were acquired by B. A. Lange and H. Flores. Data 

processing and protocols were developed by B.A. Lange with contributions from G. Castellani. 

Protocols were developed by B. A. Lange, G. Castellani and H. Flores. The analysis of the data was 

conducted by B. A. Lange. The manuscript first draft was written by B. A. Lange with contributions 

from all authors on the final version.  

Paper 2 

Title: Spectrally-derived sea ice-algal chlorophyll a concentrations using under-ice horizontal 

profiling platforms 

paper currently under review in Journal of Geophysical Research: Oceans 

Author list: Benjamin A. Lange, Christian Katlein, Marcel Nicolaus, Ilka Peeken, and Hauke Flores 

Author contributions: This study was designed by B. 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 by B. A. Lange, M. Nicolaus and C. Katlein. SUIT sensor data were acquired and 

processed by B. A. Lange, M. Nicolaus and H. Flores. Ice core sampling and processing were 

conducted by B. A. Lange and I. Peeken. Bio-optical statistical model development was realized by 

B. A. Lange. Data analyses were conducted by B. A. Lange with support from C. Katlein and H. 

Flores. The manuscript was written by B. A. Lange with 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 environmental data 

as essential components of their studies: 

David, C., B. Lange, T. Krumpen, F. Schaafsma, J. A. van Franeker, and H. Flores (2015), Under-ice 

distribution of polar cod Boreogadus saida in the central Arctic Ocean and their association with 

sea-ice habitat properties, Polar Biol., doi:10.1007/s00300-015-1774-0. 
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David, C., F. L. Schaafsma, J. A. van Franeker, B. Lange, A. Brandt, and H. Flores (2016), 

Community structure of under-ice fauna in relation to winter sea-ice habitat properties from the 

Weddell Sea, Polar Biol., doi:10.1007/s00300-016-1948-4. 

Schaafsma, F. L., C. David, E. A. Pakhomov, B. P. V. Hunt, B. A. Lange, H. Flores, and J. A. van 

Franeker (2016), Size and stage composition of age class 0 Antarctic krill (Euphausia superba) in 

the iceïwater interface layer during winter/early spring, Polar Biol., doi:10.1007/s00300-015-

1877-7. 

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

In Chapter 3, we combined the developed toolbox from Chapter 2 with additional biological data, 

such as: photosynthetic parameters, under-ice fauna distributions, and under-ice fauna carbon 

demand, in order to develop robust ecological models for the ice-associated ecosystem. Furthermore, 

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 community structure and sea ice-associated 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 to: Geophysical Research Letters 

Author list: Benjamin A. Lange, Christian Katlein, Giulia Castellani, Mar Fernández-Méndez, 

Marcel Nicolaus, Ilka Peeken, and Hauke Flores 

Author contributions: This study was designed by B. A. Lange and H. Flores. ROV data were 

acquired by M. Nicolaus and C. Katlein. Data processing of ROV spectra were conducted by B. A. 

Lange, M. Nicolaus and C. Katlein. SUIT sensor data were acquired and processed by B. A. Lange, 

M. Nicolaus and H. Flores. Ice core sampling and processing were conducted by B. A. Lange, M 

Fernández-Méndez and I. Peeken. Photosynthetic parameters and ice core PP rates were determined 

by M Fernández-Méndez. Bio-optical statistical model and PP up-scaling approach were developed 

by B. A. Lange. Data analyses were conducted by B. A. Lange with support from C. Katlein, M 

Fernández-Méndez and H. Flores. The manuscript was written by B. A. Lange with contributions 

from all authors. 

Paper 4 

Title: Community structure of under-ice fauna in the Eurasian central Arctic Ocean in relation to 

environmental properties of sea-ice habitats 

published in Marine Ecology Progress Series (2015) 522:15-32 

Author list: Carmen David, Benjamin A. Lange, Benjamin Rabe, Hauke Flores 

Author contributions: This study was designed by C. David, H. Flores and B. A. Lange. Field 

sampling was performed by C. David, H. Flores and B. A. Lange. Species identification and counting 

was performed by C. David. Sensor data were processed by B. A. Lange H. Flores. Oceanographic 

data were provided by B. Rabe. The analysis of data was performed by C. David with support from B. 

A. Lange and H. Flores. Writing of the manuscript was realized by C. David with contribution from 

all authors. 

Paper 5 

Title: The importance of ice algae-produced carbon in the central Arctic Ocean ecosystem: food web 

relationships revealed by lipid and stable isotope analyses 

Published in: Limnology and Oceanography, doi:10.1002/lno.10351 

Author list: Doreen Kohlbach, Martin Graeve, Benjamin A. Lange, Carmen
 
David, Ilka Peeken, and 

Hauke Flores 
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Author contributions: Field sampling for this study was performed by B. A. Lange, H. Flores, C. 

David and I. Peeken. Taxonomic classification was conducted by H. Flores and C. David. Laboratory 

analyses were accomplished by D. Kohlbach and M. Graeve. Data analyses were performed by D. 

Kohlbach with support from B. A. Lange and H. Flores. The manuscript was written by D. Kohlbach 

with contribution from all authors. 

 

Chapter 4: Assessing springtime spatial variability of sea ice algal habitat: MYI vs. FYI 

In Chapter 4, we conducted a detailed comparison of the physical-biological properties between 

multi-year sea ice (MYI) and first-year sea ice (FYI). In addition, we developed key physical-

biological relationships to characterize springtime spatial variability of sea ice algae habitat for both 

FYI and MYI. We demonstrated a useful approach to use physical-biological relationships to 

parameterize a simple sea ice model, and for up-scaling sea ice algae habitat to satellite-based sea ice 

thickness and climatology-based snow depth observations. 

Paper 6 

Title: Comparing springtime ice-algal chlorophyll a and physical properties of multi-year and first-

year sea ice from the Lincoln Sea 

published in: PLoS One, 10(4), e0122418, doi:10.1371/journal.pone.0122418  

Author list: Benjamin A. Lange, Christine Michel, Justin F. Beckers, J. Alec Casey, Hauke Flores, 

Ido Hatam, Guillaume Meisterhans, Andrea Niemi, Christian Haas 

Author contributions: This study was designed by B. A. Lange, C. Michel and C. Haas. Field 

sampling was performed by B. A. Lange, I. Hatam, J. F. Beckers, J.A. Casey and C. Haas. Sample 

processing was conducted B. A. Lange, C. Michel, G. Meisterhans and A. Niemi. Data analyses were 

conducted by B. A. Lange, J. F. Beckers, J. A. Casey, H. Flores. The manuscript was written by B. A. 

Lange with contributions from all authors. 
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Chapter 2: Methodological Advancements of 

Ecologically Relevant Sea Ice Observations 

  

 

The Surface and Under-Ice Trawl (SUIT) towed behind the RV Polarstern within Arctic sea ice. 
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Paper 1. The Surface and Under-Ice Trawl (SUIT) -mounted  

environmental sensor array  

in preparation for submission to: Deep-Sea Research Part I: Oceanographic Research Papers 

NOTE: Supplementary Material for this paper is found in Appendix A1 & A2 

 

Benjamin A. Lange, Giulia Castellani, Jan Andries van Franeker and Hauke 

Flores 

Key Points 

¶ Observed large horizontal variability in ice thickness, and surface water chl a and salinity 

¶ SUIT sensor array represented the spatial variability better than traditional point location 

characterizations of environmental properties 

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

associated ecosystem 

Abstract 

In order to accurately characterize relationships between a community and its physico-biogeochemical 

surrounding, it is particularly important to representatively characterize the associated environmental 

properties. The Surface and Under-ice 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 

coincident to the under-ice trawlôs in order to representatively assess and model relationships between 

the community and its environment. Here we presented a detailed description of the newly developed 

SUIT-mounted environmental sensor array, which can measure key environmental properties such as: 

sea ice thickness, salinity, temperature, water chlorophyll a (chl a), under-ice light, and ice-algal chl 

a. Furthermore, we provided detailed descriptions of data processing and calculations of all 

parameters. Our results indicated large horizontal variability in ice thickness, and surface water chl a 

and salinity, whereas temperature was rather homogeneous within hauls. A comparison with nearby 

ship-based and ice station observations showed that the SUIT sensor array represented the spatial 

variability better than these traditional point location characterizations of the under-ice environmental 

properties. We showed that the SUIT-mounted sensor array is an essential contribution in order to 

accurately and representatively model the ice associated ecosystem.    
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1.1 Overview of SUIT and sensor array  

The surface and under-ice trawl (SUIT; Figure 1) was developed by IMARES (The Netherlands) to 

address a key issue in polar ecology regarding representative sampling of the under-ice environment. 

The SUIT has been extensively used in the Southern Ocean (e.g., David et al., 2016; Flores et al., 

2011; Flores et al., 2012; Schaafsma et al., 2016) and was not deployed within the ice covered Arctic 

Ocean until more recently (e.g., David et al., 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 provided in (van Franeker et al., 2009). Studies conducted before 

2012, included only qualitative assessments (e.g., human observations) of the sampled ice and under-

ice environment and/or used nearby ship-based CTD casts to describe the environmental setting. 

Therefore, an environmental sensor array was developed in order to conduct coincident quantitative 

observations of the ice and under-ice water environments (Figure 1 c). This sensor array was 

previously described, albeit 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 it allows 

investigations of the horizontal variability of key environmental parameters, which are likely crucial 

in structuring the under-ice communities and are not possible with qualitative observations or point 

location vertical CTD casts. In addition to the methodological description, we provided a brief 

overview of the results and compare the SUIT observations to nearby ship-based and ice station-based 

observations in order to assess the representativeness of using nearby observations (i.e., not-

coincident) to characterize the environmental setting. 

Throughout the development of this sensor array we compiled detailed protocols for SUIT 

deployments. These protocols are found in Appendix A-1 and provide detailed instructions on: 

i) preparing the sensors before deployment, 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, processing scripts were developed using R software (R-Development-Core-Team, 

2012), which in addition to data processing provide extensive plotting, data summary, and data 

inspection functionality. These scripts were developed to be user-friendly and thus can easily be 

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 Under-Ice Trawl (SUIT): a) in the water being towed by the RV 

Polatstern; b) laying 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 environmental sensor data acquired from 15 SUIT 

hauls deployed during the RV Polarstern cruise PS80.3 (IceArc) to the central Arctic Ocean from 4 

August to 8 October 2012 (Figure 2). The environmental sensor array enabled measurements of:  

i) water inflow speed and direction, pitch and roll  angles, and pressure (i.e., depth) using an 

Acoustic Doppler Current Profiler (ADCP; Nortek Aquadopp® Profiler) with three 

acoustic beams, which allowed 3-dimensional measurements of current velocities, at 

frequency of 2 MHZ, and a sampling interval of 1s;  

ii)  water temperature, water salinity (practical salinity scale PSS-78; Fofonoff, 1985), and 

water depth using a Conductivity Temperature Depth (CTD) probe (Sea and Sun 

Technology CTD75M memory probe) with a sampling interval of 0.1 s;  

iii)  sea ice draft observations were derived using an altimeter (Tritech PA500/6-E), which 

was incorporated into the CTD (0.1 s sampling interval), CTD depth measurements, and 

corrected by using pitch and roll  measurements from the ADCP;  

iv) water column (i.e., pelagic phytoplankton) chl a concentrations using a fluorometer 

(Turner Cyclops), which was also incorporated into the CTD (0.1 s sampling interval); 

v) under-ice light levels using Ramses spectral radiometers (Trios GmbH, Rastede, 

Germany), processing and methods described in section 1.2: Lange et al. (submitted); 

vi) ice-algal chl a were derived from the Ramses spectral radiometers processing and 

methods described in section 1.2: Lange et al. (submitted). 

 

All data processing was conducted using R software Version 2.15.2 (R-Development-Core-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 rates, 1 s and 0.1 s, respectively, and it was not 

possible to always steam at a constant speed. Therefore, we needed to re-sample and interpolate the 

data to a common and representative sampling interval, chosen to be 0.5 m. One of the most important 

tasks during 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 pressure calibration 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 value observed 

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 sensor was accounted for in each haulôs data separately by 

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 linear equation 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 validated by comparing 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 ship-based 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 were plotted and compared for each haul to ensure an accurate fit of the interpolation 

method. Here we used the ñsmooth.splineò function in the stats package. All data were then spatially 
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interpolated to a 0.5 m spacing using the same method but based on distance from the 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 measurement drop-outs of the altimeter measurements, which 

caused large discrepancies between the raw data and interpolated results. Therefore, sea ice draft were 

first calculated on the data before spatial interpolation (section 1.2.2) then were re-sampled using a 

moving average where each point was the mean of all sea ice draft measurements within 0.5 m ahead 

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 represented the mean 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 and re-sampled sea ice draft data based on 

manual inspections for each haul.  

Each variable was summarized for each haul by mean, standard deviation and mode (Table 1). These 

summarized data, for selected SUIT hauls, were presented and used for ecological statistical analyses 

in combination with under-ice fauna catch data by (David et al., 2015b). 

 

Figure 2. Map of the central Arctic Ocean showing the positions of SUIT haul stations conducted 

during RV Polarstern cruise PS80. Ice thickness (i.e., draft divided by ice density of 0.834 determined 

from ice cores) density distributions for each station excluding open water stations. Sea ice 

concentration data acquired from www.meereisportal.de according to algorithms in Spreen et al. 

(2008). Sea ice extent correspond to monthly means during August and September (extent data 

acquired from NSIDC; Fetterer et al., 2002, udpated 2011).  
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Table 1. Summary of environmental parameters measured using the SUIT-mounted environmental sensor array. Summaries are for each haul deployed 

during the RV Polarstern cruise PS80.3. Where applicable values correspond to mean +/- standard deviation with the modal values in parentheses. 

Stn H 

Date 

(M/DD/Y

YYY)  

Lat Lon 
Bath 

(m) 

Dist. 

(m) 

Speed   

(m s-1) 

Depth 

(m) 

Temperat

ure (ºC) 

chl a    

(mg m-3) 
Salinity

a
 

Pitch     

(º) 

Roll       

(º) 

CTD 

draft (m)  

ADCP 

draft (m)  

204 1 8/5/2012 81.5 31.1 423 2457 
1.8 +/- 0.4 

(1.6) 

2.8 +/- 2 

(1.3) 

0.9 +/- 0 

(0.9) 
- 

31.8 +/- 0 

(31.8) 

-10.1 +/- 

2.4 (-10.5) 

5.6 +/- 4 

(7) 

0 +/- 0.1 

(0) 

0 +/- 1.1 

(0.2) 

216 2 8/7/2012 82.5 30.0 3610 2812 
1.8 +/- 0.2 

(1.8) 
1.7 +/- 0.4 

(1.7) 
-1.1 +/- 

0.1 (-1.1) 
- 

30.9 +/- 0 
(30.9) 

-6 +/- 3.2 
(-7.5) 

1.6 +/- 3 
(1) 

0.6 +/- 0.7 
(0.5) 

0.6 +/- 0.5 
(0.8) 

223 3 8/9/2012 84.1 30.4 4016 1134 
1.4 +/- 0.3 

(1.6) 

2.2 +/- 0.9 

(2.3) 

-1.5 +/- 

0.2 (-1.7) 
- 

32 +/- 1.4 

(33.3) 

-4.9 +/- 

4.4 (-7.5) 

-0.5 +/- 

4.5 (-2.5) 

1.4 +/- 1.7 

(1.2) 

1.2 +/- 1 

(1.2) 

233 4 8/11/2012 84.0 31.3 4011 2258 
1.6 +/- 0.4 

(1.9) 

4.3 +/- 4.9 

(1.5) 

-1.6 +/- 

0.1 (-1.6) 

0.1 +/- 0 

(0.1) 

32.8 +/- 

0.6 (32.8) 

-10.9 +/- 

9.1 (-7.5) 

19.1 +/- 

12.3 (7.5) 

1.1 +/- 4.7 

(2.4) 

1.4 +/- 0.7 

(0.6) 

248 5 8/16/2012 83.9 75.5 3424 2105 - - - - - - - - 
1.3 +/- 0.8 

(0.8) 

258 6 8/20/2012 82.7 109.6 3575 1760 
1.2 +/- 0.3 

(1.3) 

1.8 +/- 0.4 

(1.7) 

-1.6 +/- 0 

(-1.6) 

0.2 +/- 0 

(0.1) 

32.6 +/- 

0.2 (32.7) 

-4.5 +/- 

3.1 (-2.5) 

-0.6 +/- 

3.2 (-2.5) 

0.9 +/- 0.9 

(0.8) 

0.9 +/- 0.4 

(0.8) 

276 7 8/25/2012 83.1 129.1 4188 2378 
1.3 +/- 0.4 

(1) 

1.2 +/- 0.1 

(1.1) 

-1.4 +/- 0 

(-1.4) 

0.3 +/- 0 

(0.2) 

30.2 +/- 

0.2 (30.3) 

-9 +/- 1.4 

(-10.5) 

3.7 +/- 4.2 

(7.5) 
0 +/- 0 (0) 

0.8 +/- 1.1 

(0.9) 

285 8 8/26/2012 82.9 129.8 4174 1573 
1.1 +/- 0.2 

(1.2) 
1.9 +/- 0.5 

(1.9) 
-1.6 +/- 0 

(-1.6) 
0.3 +/- 0 

(0.3) 
30.7 +/- 

0.2 (30.8) 
-4.4 +/- 3 

(-2.5) 
-2.9 +/- 

3.7 (-2.5) 
1.1 +/- 1.2 

(1) 
0.9 +/- 0.5 

(1) 

321 9 9/4/2012 81.7 130.0 4011 1461 
1.1 +/- 0.3 

(0.9) 

1.7 +/- 0.8 

(1.3) 

-1.6 +/- 0 

(-1.6) 

0.3 +/- 0.1 

(0.2) 

29.2 +/- 

2.6 (30.3) 

-5.9 +/- 

4.1 (-7.5) 

-1.7 +/- 

5.1 (-2.5) 

0.7 +/- 1.2 

(0.7) 

0.6 +/- 1 

(0.9) 
331 10 9/5/2012 81.9 130.9 4036 1570 - - - - - - - - - 

333 11 9/6/2012 83.0 127.1 4187 1844 
1.2 +/- 0.2 

(1.2) 

1.2 +/- 0.5 

(1.3) 

-1.2 +/- 0 

(-1.2) 

0.2 +/- 0 

(0.2) 

30.1 +/- 0 

(30.1) 

-8.4 +/- 

2.2 (-7.5) 

0.7 +/- 3.5 

(-2.5) 

0.2 +/- 0.4 

(0.1) 

1.4 +/- 1.1 

(0.9) 

345 12 9/9/2012 85.3 123.8 4354 2042 
1.2 +/- 0.2 

(1.1) 

1.9 +/- 1.1 

(1.3) 

-1.6 +/- 0 

(-1.6) 

0.4 +/- 0 

(0.4) 

30.1 +/- 

0.1 (30.2) 

-6.2 +/- 

5.6 (-7.5) 

-7.6 +/- 

7.2 (-7.5) 

0.9 +/- 1.5 

(0.8) 

0.8 +/- 1.2 

(1) 

358 13 9/19/2012 87.9 59.7 4384 2190 
1.5 +/- 0.4 

(1.3) 
3.1 +/- 1.6 

(2.3) 
-1.8 +/- 0 

(-1.8) 
0.3 +/- 0.1 

(0.3) 
33.1 +/- 

0.2 (33.1) 
59.7 +/- 0 

(59.6) 
5.5 +/- 1.4 

(5.5) 
- - 

376 14 9/25/2012 87.3 52.6 3509 239 
1.1 +/- 0.5 

(1.3) 

3.4 +/- 1.3 

(3.3) 

-1.8 +/- 0 

(-1.8) 

0.3 +/- 0.1 

(0.3) 

33.1 +/- 

0.5 (33.5) 

-0.2 +/- 

13.7 (-2.5) 

6.9 +/- 

15.4 (5) 

1.7 +/- 3.3 

(2.9) 

1.6 +/- 1.7 

(2.3) 

397 15 9/29/2012 84.2 17.9 4028 1372 
1.2 +/- 0.3 

(1.3) 

1.3 +/- 0.4 

(1.2) 

-1.8 +/- 0 

(-1.8) 

0.3 +/- 0 

(0.3) 

32.2 +/- 

0.4 (32.8) 

-7 +/- 2.4 

(-7) 

-8.7 +/- 

4.4 (-9) 

0.3 +/- 0.4 

(0.2) 

1.6 +/- 1.7 

(2.3) 
a
 (practical salinity scale PSS-78; Fofonoff, 1985) 
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1.2.2 Sea ice draft calculations  

We start our derivation of sea ice draft (hd) with a simplified calculation only applicable if the SUIT is 

travelling exactly parallel to the water surface (Figure 3 a) and takes the form: 

 ▐Ἤ  ▐Ἷ  ▐ὂ ▐Ἡ ( 1 ) 

we changed two parameters (hz and ha) in equation 1, which needed to be corrected for due to variable 

pitch and roll angles of the SUIT relative to the water surface (Figure 3 b). Equation 1 then becomes: 

 ▐Ἤ  ▐Ἷ  ▐ὂᴂ ▐Ἡᴂ ( 2 ) 

where hzô is calculated as (Figure 3 c): 

 ▐ὂᴂ  ▐ὂ  ἫἷἻ♫ ἫἷἻɲ ( 3 ) 

and haô is calculated as (Figure 3 d):  

 ▐Ἡᴂ  ╬  Ἳἱἶθ  ♫ ( 4 ) 

Combining equations 2, 3 and 4 we get the corrected sea ice draft as: 

 ▐Ἤ  ▐Ἷ ▐ὂ  ἫἷἻ♫ ἫἷἻɲ  ╬  Ἳἱἶθ  ♫  ( 5 ) 

all parameters are listed and described in Figure 3 d with detailed diagrams of the sensor locations, 

distance measurements and derived distances shown in Figure 3 aïd. 

During three SUIT hauls (stations: 248, 331, and 358) there were problems with the CTD (e.g., low 

batteries, configuration issues), which resulted 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 under-side of the ice with a constant 

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 draft (hdôô) in the form:  

 ▐Ἤᴂᴂ ▐◌ȟ═╓╒╟ ï 1.21 ( 6 ) 

where hw,ADCP is the ADCP measured water depth. However, in reality it is slightly more complicated 

because the SUIT does not ride perfectly along the under-side of the sea ice and undergoes large 

vertical movements in the water column due to variability of the bottom-ice 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 under-side of the sea ice and found a constant offset between 

the altimeter and ice bottom of 0.25 m for level ice regions. Adjusting the theoretical equation (6) by 

this constant, we get: 

 ▐Ἤᴂᴂ ▐◌ȟ═╓╒╟ ï 1.46 ( 7 ) 

To test if this is an appropriate assumption we took all coincident CTD-derived (corrected) sea ice 

draft observations and coincident interpolated ADCP depth observations and applied a linear 

regression (Figure 4). The data were first filtered to eliminate measurements conducted during abrupt 

movements of the SUIT (e.g., at ridges) by setting thresholds for the pitch (±10 º) and roll (±7º). The 

linear regression resulted in a good fit to the data (N= 19,216; adjusted R
2
 = 0.78; p < 0.001) and more 

importantly was very similar to the theoretical equation 7. The fitted linear regression equation has the 

form: 

 ▐Ἤ  Ȣ ▐◌ȟ═╓╒╟ ï 1.41 ( 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 sea ice ridges. Nevertheless, identification of 
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ridges was still possible using the ADCP-derived sea ice draft, however, the accuracy of sea ice ridge 

properties (e.g., thickness and width) is less certain (see section 1.2.4).  

 

Figure 3. Sea ice draft calculations showing: a) 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 to the water surface); b) same as in ña)ò but a 

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 draft; 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 ADCP; d) vertical distance correction required between the altimeter and 

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

1.2.3 Sea ice ridge identification  

Sea ice ridges were identified from the SUIT ice draft profiles using the Rayleigh criteria, following 

procedures described by: Castellani et al. (2014);  and Rabenstein et al. (2010) for the sea ice surface 

topography, and Castellani et al. (2015) for the sea ice bottom profile. Ice draft local minima (e.g., 

thicker ice as draft is negative) identified along the SUIT profile with a threshold of 1.5 m deeper than 

the surrounding ice, following Castellani et al. (2015), were selected as potential ridges. 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 order to calculate ridge density (ridges km
-1
) and percent 

coverage of ridges. We calculated ridge width as the ridge width at half maximum depth. 
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1.2.4 Ship-based and ice station -based observations  

In order to assess if the SUIT-based observations improved the representativeness of sampling the 

under-ice environmental properties we compared the summarized data to ship-based and ice station-

based observation of ice thickness, and surface water chl a , salinity and temperature. Ship-based 

surface water properties were measured using a CTD probe with a carousel water sampler (CTD 

sampling details provided in Boetius et al., 2013; David et al., 2015b). Coincident CTD stations 

closest in time and space to the SUIT stations were compared. Ship-based observations of ice 

thickness were conducted visually every hour, while in ice-covered waters, from the bridge of the RV 

Polarstern during PS80.3  (Hendricks et al., 2012). 

Under-ice surface water CTD casts were conducted through a hole in the ice at each ice station 

(Fernández-Méndez et al., 2015). Ice thickness surveys were conducted at each ice station using an 

EM-31 electromagnetic induction sounding device (data presented in Boetius et al., 2013).   

 

Figure 4. Linear regression of CTD-derived and corrected sea ice draft (m) versus ADCP depth (m) 

and showing the fitted equation line (solid blue; equation 8) and theoretical equation line (dashed red; 

equation 7). 

1.2.5 CTD fluorometer chl a calibration  

The CTD fluorometer chl a concentrations (chlaCTD) were calibrated using water samples obtained 

from under the sea ice during ice stations, briefly described in (David et al., 2015b) and used in 

(Fernández-Méndez et al., 2015). Chl a concentrations were determined for water samples by high-

performance liquid chromatography (HPLC; i.e., observed chl a in mg m
-3 

Figure 3). Calibration 

coefficients were determined using linear regression between the observed water sample chl a 

concentrations and the uncalibrated CTD chl a concentrations (chlaCTD; n = 2484; adjusted R
2 
= 0.63; 

p < 0.001; Figure 3). The coefficients were used in the following linear equation to derive the 

calibrated CTD chl a concentrations in mg m
-3
 (chlacal): 

  

 ╬▐■╪ἫἩἴ Ȣ   ╬▐■╪ἍἢἎ Ȣ  ( 6 ) 
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Figure 5. Regression of the observed chl a concentrations derived from High-Performance Liquid 

Chromatography of water samples (HPLC) versus the coincident uncalibrated chl a concentrations 

(mg m
-3
) derived from the CTD fluorometer. Points are colour coded by depth. Green line is the linear 

regression (n = 2484; adjusted R
2 
= 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 array improved the spatial 

representativeness of observed environmental parameters compared to using nearby ship-based or ice 

station observations. 

1.3.1 Salinity  

The linear regression between the SUIT CTD-derived salinity with the ship-based and ice station 

salinity observations showed good, significant fits (R
2 
= 0.86 and 0.77, respectively; Figure 5). Nearly 

all ship-based and ice station salinity observations were higher than the SUIT-based salinity (Figure 

5) and the discrepancy was larger at lower salinities. We attributed this to the presence of fresher 

water pockets near the water surface or under-ice surface 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 summarized into vertical depth profiles (Figure 6 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 ship-based (vertical dotted lines; Figure 6 b) and ice station-based 

(vertical dashed lines; Figure 6 b) salinity values. Obvious features of relatively fresh water are shown 

for two SUIT stations (258 and 285; Figure 8). At station 258 the fresh water pockets appeared to be 

related to the presence of open water regions between ice floes (Figure 8 a). Whereas at station 285 

the features appeared to be related to both open water regions and the presence of sea ice ridges 

(Figure 8 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 water pockets with sea ice ridges was likely due to 

formation of dome-shaped features along the under-side 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 regions.  

 

Figure 6. Depth profiles of the horizontal SUIT hauls showing: a) calibrated CTD chl a (mg m-3); b) 

salinity (practical salinity scale PSS-78; Fofonoff, 1985); and c) temperature (ºC), the vertical solid 

blue line corresponds to the freezing point of sea water of ~ -1.8 ºC. The ice station CTD-derived 

values are depicted by the dashed red lines and ship-based CTD-derived values by dotted red lines. 

This demonstrates that ice station or ship-based observations do not capture these freshwater features. 

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, particularly the surface water due to mixing from the propeller and 

thrusters. Capturing fresh water features at ice stations is more likely than ship-based observations 

since there is no disturbance, however, based on the SUIT profiles these features are not predictable 

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 pockets from 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 under-ice features since this would require CTD casts at multiple locations on 

the ice 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 

salinity showing an inverse relationship between the variables (Appendix A-2: Supplementary 

Material Figure A1-2 and A1-2). The inverse relationship between temperature and salinity was also 

observed in other profiles although were less drastic (Figure 8). Coldest surface water temperatures ~-

1.8 ºC were observed at stations 376 and 397 (Figure 6 c) and were indicative of the onset of freezing 

conditions. Overall, the mean SUIT-based temperature had a good and significant fit with both the 

ship-based and ice station surface water temperature values (R
2
 = 0.80 and 0.95, respectively; p < 

0.05). This can be attributed to the small degree of horizontal variability within the SUIT-based 

temperature data.  
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Figure 8. Surface and under-ice trawl (SUIT)-mounted sensor arrays profiles of sea ice draft, surface 

water chl a (mg m
-3
), salinity (practical salinity scale PSS-78; Fofonoff, 1985), and temperature (ºC) 

for stations: a) 258; and b) 285. 

 

1.3.3 Surface water  chlorophyll a 

Surface water chl a showed a moderately good and significant fit between the SUIT- and ship-based 

CTD mean chl a values (R
2
 = 0.49; p < 0.05; Figure 7 a). A non-significant and relatively poor fit was 

found between the SUIT- and ice station-based CTD mean chl a values (R
2
 = 0.28; p > 0.05; Figure 7 

a) 

b) 
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a). SUIT-based chl a showed generally large horizontal variability, particularly at stations 258, 285, 

321, 376 (Figure 6 a). Overall, the SUIT-based chl a were higher than ice station CTD observations 

(Figure 7 a) likely because the SUIT was able to capture the large horizontal variability and included 

high chl a concentration regions whereas the ice station was only one cast under the ice. The ship-

based observations did not show any directional bias compared to the mean SUIT chl a. 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 SUIT-based chl a appeared to be more 

erratic and varied at smaller scales (Figure 8). We observed no obvious relationships with the under-

ice topography, however, some patches of high chl a concentrations 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 patches, which may 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 of under-ice chl a concentrations is 

required in order to explain possible mechanisms responsible for the observed patchiness. This is 

particularly important since under-ice phytoplankton blooms have been identified as important 

features in the Arctic Ocean in terms of carbon export and ecological significance (Arrigo et al., 

2012). 

1.3.4 Sea ice draft / thickness  

Ice thickness had poor, non-significant regression fits between the SUIT-based ice thickness and ship-

based and ice stations observations (Figure 7). The poor fit with ship-based ice thickness values was 

the result 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 observations 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 floes. Ice floe edges typically experience enhanced melt compared to the interior regions 

of the ice floes (Perovich et al., 2003) and therefore may introduced a bias towards thinner ice 

thickness observations if only ice edges were characterized during the ship-based observations.  

The poor fit between the SUIT-based 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 (Figure 7 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. Typically, large level 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 comparisons of the SUIT CTD-derived observations versus the 

nearest ship-based observations and nearest ice station observations for: a) water column chl a (mg m
-

3
); b) salinity (practical salinity scale PSS-78; Fofonoff, 1985); c) ice thickness (m), SUIT ice 

thickness calculated from modal draft divided by density of ice (0.834 determined from ice cores), ice 

station thickness values are from (Boetius et al., 2013) and ship-based ice thickness are observations 

from the bridge by a person; and d) temperature (ÜC). ñ*ò following the R
2
 value denotes significant 

linear regression at p < 0.05. 

1.4 Conclusions 

Overall, ice thickness, salinity and under-ice surface water chlorophyll a showed high horizontal 

spatial variability, which was not represented well with the nearby ship-based or ice station 

observations. Temperature, however, showed a good agreement between methods due to lower spatial 

variability. These results suggest that conducting ecological modelling with environmental data, 

which are not-coincident to the sampling location, may result in non-representative or false 

assessments of the Ecosystem. Nevertheless, because many of the observations were in agreement, we 

suggest that using non-coincident 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 properties played an important role in 

structuring the under-ice communities. This means that if other environmental data were used (e.g., 

nearby vertical CTD casts of chl a, which showed a poor fit to the SUIT CTD chl a) a drastically 

different statistical relationship would likely have resulted. These results demonstrate the sensitivity 

of ecological modelling, in particular, to how environmental properties are characterized. 



Chapter 2 - Paper 1: SUIT sensor array 

34 

 

Acknowledgements 

We thank Captain Uwe Pahl, the crew, and scientific cruise leader Antje Boetius of RV Polarstern 

expedition PS80.3 (ARK27-3; IceArc), for their excellent support and guidance with work at sea. We 

thank Jan Andries van Franeker (IMARES) for kindly providing the Surface and Under-Ice Trawl 

(SUIT) and Michiel van Dorssen for technical support. SUIT was developed by IMARES with 

support from the Netherlands Ministry of EZ (project WOT-04-009-036) and the Netherlands Polar 

Program (project ALW 866.13.009). This study is part of the Helmholtz Association Young 

Investigators Group Iceflux: Ice-ecosystem carbon flux in polar oceans (VH-NG-800). We also 

acknowledge the Alfred-Wegener-Institut, Helmholtz-Zentrum für Polar- und Meeresforschung for 

essential financial and logistical support. All data are available from the PANGAEA database 

doi.org/XX.XXXX/PANGAEAXXXXXX.  



Chapter 2 - Paper 1: SUIT sensor array 

35 

 

References 

Arrigo, K.R., Perovich, D.K., Pickart, R.S., Brown, Z.W., van Dijken, G.L., Lowry, K.E., Mills, M.M., Palmer, 

M.A., Balch, W.M., Bahr, F., Bates, N.R., Benitez-Nelson, C., Bowler, B., Brownlee, E., Ehn, J.K., Frey, 

K.E., Garley, R., Laney, S.R., Lubelczyk, L., Mathis, J., Matsuoka, A., Mitchell, B.G., Moore, G.W.K., 

Ortega-Retuerta, E., Pal, S., Polashenski, C.M., Reynolds, R.A., Schieber, B., Sosik, H.M., Stephens, M., 

Swift, J.H., 2012. Massive Phytoplankton Blooms Under Arctic Sea Ice. Science, 336, 1408. 

Boetius, A., Albrecht, S., Bakker, K., Bienhold, C., Felden, J., Fernández-Méndez, M., Hendricks, S., Katlein, 

C., Lalande, C., Krumpen, T., Nicolaus, M., Peeken, I., Rabe, B., Rogacheva, A., Rybakova, E., Somavilla, 

R., Wenzhöfer, F., Party, R.P.A.-.-S.S., 2013. Export of Algal Biomass from the Melting Arctic Sea Ice. 

Science, 339, 1430-1432. 

David, C., Lange, B., Krumpen, T., Schaafsma, F., van Franeker, J.A., Flores, H., 2015a. Under-ice distribution 

of polar cod Boreogadus saida in the central Arctic Ocean and their association with sea-ice habitat 

properties. Polar Biology. 

David, C., Lange, B., Rabe, B., Flores, H., 2015b. Community structure of under-ice fauna in the Eurasian 

central Arctic Ocean in relation to environmental properties of sea-ice habitats. Marine Ecology Progress 

Series, 522, 15-32. 

David, C., Schaafsma, F.L., van Franeker, J.A., Lange, B., Brandt, A., Flores, H., 2016. Community structure of 

under-ice fauna in relation to winter sea-ice habitat properties from the Weddell Sea. Polar Biology. 

Fernández-Méndez, M., Katlein, C., Rabe, B., Nicolaus, M., Peeken, I., Bakker, K., Flores, H., Boetius, A., 

2015. Photosynthetic production in the Central Arctic during the record sea-ice minimum in 2012. 

Biogeosciences Discussions, 12, 2897-2945. 

Fetterer, F., Knowles, K., Meier, W., Savoie, M., 2002, udpated 2011. Sea Ice Index. Boulder, CO: National 

Snow and Ice Data Center. Digital Media. 

Flores, H., van Franeker, J.-A., Cisewski, B., Leach, H., Van de Putte, A.P., Meesters, E., Bathmann, U., Wolff, 

W.J., 2011. Macrofauna under sea ice and in the open surface layer of the Lazarev Sea, Southern Ocean. 

Deep Sea Research Part II: Topical Studies in Oceanography, Vol. 58 (pp. 1948-1961). 

Flores, H., van Franeker, J.A., Siegel, V., Haraldsson, M., Strass, V., Meesters, E.H., Bathmann, U., Wolff, 

W.J., 2012. The Association of Antarctic Krill Euphausia superba with the Under-Ice Habitat. PLoS ONE, 

Vol. 7 (p. e31775): Public Library of Science. 

Fofonoff, N.P., 1985. Physical properties of seawater: A new salinity scale and equation of state for seawater. 

Journal of Geophysical Research, 90, 3332. 

Hendricks, S., Nicolaus, M., Schwegmann, S., 2012. Sea ice conditions during POLARSTERN cruise ARK-

XXVII/3 (IceArc). Alfred Wegener Institute, Helmholtz Center for Polar and Marine Research, 

Bremerhaven. 

Kohlbach, D., Graeve, M., Lange, B.A., David, C., Peeken, I., Flores, H., 2016. The importance of ice algae-

produced carbon in the central Arctic Ocean ecosystem: food web relationships revealed by lipid and stable 

isotope analyses. Limnol. Oceanogr. 

Lange, B.A., Katlein, C., Nicolaus, M., Peeken, I., Flores, H., submitted. Spectrally-derived sea ice-algal 

chlorophyll a concentrations using under-ice horizontal profiling platforms. Journal of Geophysical 

Research. 

Perovich, D.K., Grenfell, T.C., Richter-Menge, J.A., Light, B., Tucker III, W.B., Eicken, H., 2003. Thin and 

thinner: Sea ice mass balance measurements during SHEBA. Journal of Geophysical Research, Vol. 108 (p. 

8050). 

R-Development-Core-Team, 2012. R: A Language and Environment for Statistical Computing. R Foundation 

for Statistical Computing, Vienna, Austria. 

Schaafsma, F.L., David, C., Pakhomov, E.A., Hunt, B.P.V., Lange, B.A., Flores, H., van Franeker, J.A., 2016. 

Size and stage composition of age class 0 Antarctic krill (Euphausia superba) in the iceïwater interface layer 

during winter/early spring. Polar Biology. 

Spreen, G., Kaleschke, L., Heygster, G., 2008. Sea ice remote sensing using AMSR-E 89-GHz channels. 

Journal of Geophysical Research, 113, C02S03. 

van Franeker, J.A., Flores, H., van Dorssen, M., 2009. The surface and under ice trawl (SUIT). Frozen desert 

aliveðthe role of sea ice for pelagic macrofauna and its predators. PhD thesis, University of 

Groningen,Groningen. 

 

  



Chapter 2 - Paper 1: SUIT sensor array 

36 

 

 

 

 

  



Chapter 2 - Paper 2: Spectrally-derived chl a 

37 

 

Paper 2. Spectrally -derived sea ice-algal chlorophyll a concentrations 

using under -ice horizontal profiling platforms  

Paper currently under review in Journal of Geophysical Research: Oceans 

NOTE: Supplementary Material for this paper is found in Appendix A3 

 

Benjamin A. Lange, Christian Katlein, Marcel Nicolaus, Ilka Peeken, and 

Hauke Flores 

Key Points 

¶ Ice-algal chl a best estimated from large-scale spectral data using EOF-approach because it 

accounts for varying environmental conditions 

¶ Accounting for variability of incoming light produced most reliable ice-algal biomass 

estimates 

¶ Insufficient spatial representativeness of sea ice-algal biomass can cause biases in large-scale 

ice algal biomass and PP estimates  

Abstract 

Multi -scale sea ice algae observations are fundamentally important for projecting changes to sea ice 

ecosystems, as the physical environment continues to change. In this study we developed upon 

previously established methodologies for spectrally-deriving sea ice-algal chlorophyll a 

concentrations (chl a), and applied these to larger-scale spectral surveys. We developed models based 

on ice core chl a and coincident spectral measurements conducted during two cruises to the central 

Arctic Ocean in 2011 and 2012. We conducted four different under-ice spectral measurements: 

irradiance; radiance; transmittance; and transflectance, and applied three statistical approaches: 

Empirical Orthogonal Functions (EOF); Normalized Difference Indices (NDI); and multi-NDI. These 

reference models were ranked based on two criteria: mean robustness R
2
; and true prediction error 

estimates. The EOF approach performed better than the NDI, due to its ability to account for the high 

variability of environmental properties experienced over large areas. Based on robustness and true 

prediction error, the best three models, EOF-transmittance, EOF-transflectance and NDI-

transmittance, were applied to two remotely operated vehicle (ROV) and two Surface and Under-Ice 

Trawl (SUIT) surveys. In these larger-scale chl a estimates, EOF-transmittance showed the best fit to 

ice core chl a. Ice core chl a, and ROV and SUIT EOF-based chl a estimates demonstrated higher chl 

a at higher latitude stations, which was attributed to lower melt rates. Application of our best model, 

EOF-transmittance, to an ROV station revealed large differences compared to published biomass 

estimates from the same site with important implications for projections of Arctic-wide 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 easily monitored from satellites and air-borne sensors. Such 

changes include: dramatic reductions in sea ice extent [Serreze et al., 2007; Stroeve et al., 2012] and 

thickness [Kwok and Rothrock, 2009; Haas et al., 2008]; replacement of multi-year ice (MYI) by 

first-year ice (FYI) and the loss of thick, old ice [Maslanik et al., 2011]; increased light transmittance 

through the summer sea ice cover [Nicolaus et al., 2012], decreased summer sea ice albedo [Riihela et 

al., 2013]; and increased melt-pond coverage [Rösel and Kaleschke, 2012]. These changes to the 

Arctic sea ice cover are likely to continue unabated into the future, having profound ecological 

consequences [AMAP, 2011; IPCC, 2013]. 

Satellite observations have already indicated increased pelagic production within the Arctic Ocean 

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

Dijken, 2011]. A recent study in the Central Arctic Ocean also suggested that sea ice related primary 

production has increased and will continue to increase in the Central Arctic due to more light 

penetrating through the ice [Fernández-Méndez et al., 2015]. Overall, changes to ice-associated 

production are difficult to evaluate due to a lack of studies in the Central Arctic [Wassmann 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 organisms in the Arctic [Budge et al., 2008; Kohlbach et 

al., in press; Søreide et al., 2013; Wang et al., 2015], multi-scale sea ice algae observations are of 

particular interest in order to address potential changes to the sea ice ecosystem as the physical 

environment continues to change.  

There is growing interest in extending sea ice algal observations by developing larger-scale 

observation systems and methodologies that can capture the spatial distribution of sea ice algae at 

multiple scales. Although sea ice coring will remain an essential method for any ice-related research, 

point measurement coring is time consuming and logistically demanding, making it an unlikely 

candidate for large-scale ice-algal observation systems. Other devices such as the slurp-gun [Gosselin 

et al., 1990] or underwater pulse-amplitude-modulated fluorometer (Diving-PAM)[Rysgaard et al., 

2001] have shown promise, however, they require the deployment by divers, which is also logistically 

demanding and time intensive. 

New developments of Autonomous Underwater and Remotely Operated Vehicles (AUV/ROV) give 

promising new opportunities to study the underside of ice [Wadhams, 2012]. Currently these 

platforms have mainly been used to observe physical [e.g., Katlein et al., 2015; Nicolaus and Katlein, 

2013; Nicolaus et al., 2012] and biological [e.g., Ambrose 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 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 distribution of sub-

ice algal aggregates [e.g., Ambrose et al., 2005; Gutt, 1995; Katlein et al., 2014a]. Digital imagery is 

limited to 2-dimensional space and therefore abundance estimates may have high uncertainty. Using 

image analysis, Katlein et al. [2014a] showed that ice-algal aggregate distribution is mainly controlled 

by under-ice topography with the accumulation of aggregates along the edges of ridges and in dome-

shaped ice features.  

Under-ice spectral measurements can be used to derive chlorophyll a concentrations in sea ice using 

bio-optical models. Until now, however, these models have not been applied to larger scale under-ice 

ROV spectral measurements. ROVs have recently been deployed, with mounted spectral radiometers, 

to measure under-ice spectral irradiance [e.g., Katlein et al., 2015; Katlein et al., 2014b; Nicolaus and 

Katlein, 2013; Nicolaus et al., 2012], but focused primarily on physical processes and energy budgets. 

Spectral radiometers have also been mounted on Surface and Under-Ice Trawls (SUIT, van Franeker 

et al. 2009), a 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 length [e.g. David et 

al., 2015]. The development of under-ice horizontal profiling platforms for observing spectral 
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properties of sea ice, among other properties, has resulted in and will continue to result in larger 

amounts of under-ice spectra. These spectral observations, both from the past and future, could be 

used to estimate the temporal evolution and spatial variability of ice-algal chl a. However, this 

requires the development 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.    

Spectrally-derived ice-algal chl a concentrations have been estimated using a normalized difference 

index method (NDI), introduced by Mundy et al. [2007] and applied in other field studies [e.g., 

Campbell et al., 2014]. This method has proved useful during springtime to detect under-ice spectral 

variations near the 440 nm chl a absorption peak in order to estimate chl a  concentrations. The 

second chl a absorption peek at ~ 670 nm, however, did not provide an accurate bio-optical model due 

to the stronger influence of snow in the same wavelength range [Mundy et al., 2007].  

Alternatively, Empirical Orthogonal Function (EOF) analysis has been used to identify variations 

within underwater spectral measurements and estimate water column concentrations of chl a  [Craig 

et al., 2012] and phycoerythrin [Taylor et al., 2013]. Melbourne-Thomas et al. [2015] compared 

several statistical approaches, including: NDI, EOF, ratios of spectral irradiance, and scaled band 

area, to estimate ice-algal biomass from under-ice spectra measured during winter and spring 

expeditions in the ice-covered Southern Ocean. Their results indicated that the NDI method was most 

robust for their dataset, but the EOF also provided reliable model results. 

Previous work on spectrally-derived concentrations of chl a and pigments have demonstrated essential 

methodological advancements and applications [e.g., Campbell et al., 2014; 2015; Craig et al., 2012; 

Melbourne-Thomas et al., 2015; Mundy et al., 2007; Taylor et al., 2013]. The application of 

spectrally-derived ice-algal chl a estimates, however, remains limited to local point measurements, 

with limited spatial coverage and during a period dominated by the influence of snow cover on light 

attenuation. In addition, previous ice-related work has focused on under-ice irradiance, which does 

not account for variations of the incoming 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., artificial chl a absorption signals) 

within spectral regions of maximum chl a absorption.  

The main motivation for this work is to find a reliable bio-optical model for estimating the variability 

of ice-algal chl a under highly heterogeneous environmental conditions that can be applied to larger 

scale spectral measurements using under-ice horizontal profiling platforms (e.g., ROV and SUIT). We 

accomplished this by developing upon previously established bio-optical methodologies and statistical 

approaches. We determined the best ranked bio-optical model for estimating ice-algal biomass by 

comparing: i) different statistical approaches: NDI and EOF, including a newly introduced multi-NDI 

method that takes advantage of both chl a absorption peaks; and ii)  different spectral measurements, 

including: under-ice irradiance, under-ice radiance, under-ice transmittance and under-ice 

transflectance. We applied a selected best set of models to larger scale spectral surveys for additional 

model assessment and comparison, in addition to a preliminary 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 R/V Polarstern: i) TransArc (PS78.3, 

hereafter referred to as PS78) conducted from 4 August to 7 October 2011 (Figure 1); and ii)  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 stations, one helicopter ice landing and two Surface and Under-Ice Trawl 

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 selected SUIT sampling sites. Sea ice concentration data acquired from www.meereisportal.de 

according to algorithms in [Spreen et al., 2008]. Sea ice extent correspond to monthly means during 

September for both cruise years [extent data acquired from NSIDC; Fetterer 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 were subsequently interpolated to a 1 nm grid following Nicolaus et al. [2010]. 

Incident solar radiation (ES) and under-ice irradiance (ET) were measured using an irradiance sensor 

(RAMSES-ACC) containing a cosine receptor with a180º field-of-view (FOV. Under-ice radiance (IT) 

measurements were acquired using a radiance sensor (RAMSES-ARC) with a 9º FOV. All spectral 

measurements are presented for the photosynthetically active radiation range (PAR) between 400 to 

700 nm, unless stated otherwise.  Additional details about the sensors and spectral data processing 

were described by Nicolaus et al. [2010]. Spectral transmittance (TE) is defined as the ratio of under-

ice irradiance (ET) to incident solar radiation (ES), as described by Nicolaus et al. [2010].  

   ╣╔ⱦ
╔╣ⱦ

╔▼ⱦ
       ( 1 ) 

with wavelength ɚ within the PAR range (400:700 nm). Spectral transflectance (TI), introduced by 

Nicolaus and Katlein [2013], is defined as the ratio of under-ice radiance (IT) to incident solar 

radiation (ES). 

   ╣╘ⱦ
╘╣ⱦ

╔▼ⱦ
       ( 2 ) 

Transmittance and transflectance are dimensionless, however, following the SI-system to use 

steradian for solid angles, we use sr
-1
 as the unit for transflectance [e.g., Nicolaus and Katlein 2013]. 
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Under-ice spectral measurements were conducted using: i) an under-ice L-arm sensor system; ii) a 

remotely operated vehicle (ROV), V8Sii-ROV (Ocean Modules, Åtvidaberg, Sweden), with mounted 

sensor array; and iii) a Surface and Under Ice Trawl (SUIT)[van Franeker et al., 2009] with mounted 

sensor array, as described by David et al., [2015]. Simplified diagrams and images showing the 

deployment of all under-ice profiling platforms are presented in Figure 2. The under-ice L-arm sensor 

system (Figure 2 a and e), previously described in [Melbourne-Thomas et al., 2015; Mundy et al., 

2007], was deployed below the ice through a ~14 cm diameter vertical hole drilled using a Kovacs 

Mark II 9 cm internal diameter corer (Kovacs Enterprise, Roseburg, USA). Once the L-arm was 

below the ice, the lower ~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 directly south of the L-arm 

hole at ~1.2 m distance. Coincident incoming irradiance measurements were conducted above the ice 

for all under-ice L-arm measurements. The snow/ice surface directly south of the L-arm hole was kept 

undisturbed during spectral measurements. Ice 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 PS78 was provided by Nicolaus and Katlein [2013]. Some 

minor modifications to the ROV system were made for the PS80 cruise and are described in Katlein et 

al. [2014a]. ROV spectral measurements, calibration, and calculations during PS80 were consistent to 

those used during PS78 and conducted as described in Nicolaus and Katlein [2013]. Under-ice ROV 

spectral surveys (Figure 2 a) were performed over perpendicular x-y transects with x and y transect 

lengths between 50 and 150 m. Incident solar radiation (ES) measurements, 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 conducted directly (~0 to 10 cm) under the ice at 10 m intervals along the x-y 

transects. When the ROV spectral surveys were complete, ice cores were extracted at pre-determined 

locations coincident to selected spectral measurement locations (Figure 2 a).  

The Surface and Under Ice Trawl (SUIT) [van Franeker et al. 2009] 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 supplementary material in Flores 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 probe (CTD) with built-in fluorometer, an altimeter, one irradiance 

sensor (RAMSES-ACC), one radiance sensor (RAMSES-ARC) and a video camera (Figure 2 h; 

previously described in David 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 under-ice spectral 

measurements.  
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Figure 2. Diagrams and images showing under-ice horizontal spectral profiling platforms and sea ice 

sampling. a) simplified diagram showing ice station work, which included deployment of the L-arm 

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 under-ice trawl (SUIT) floating in the water; e) image of the 

L-arm deployed under the ice with a mounted radiance sensor; f) image of the ROV adjacent to the 



Chapter 2 - Paper 2: Spectrally-derived chl a 

43 

 

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 SUIT, with 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. Therefore, the data needed to be filtered to get suitable spectra for the bio-optical 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 the spectra. 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 interval of each spectral measurement. The footprint of each measurement was 

dependent on the distance to the ice bottom, the field-of-view (FOV) of the sensor, and the horizontal 

speed of the sensor platform. Best spectral quality results from ROV operation at a constant depth 

[Nicolaus and Katlein, 2013]. 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 light extinction 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 between -10º and +10º [Nicolaus and Katlein, 2013]. Similar to the ROV, 

SUIT haul measurements were also filtered by a distance to ice bottom of < 1.5 m, and pitch and roll 

between -15º and +15º. At a distance of <1.5 m the influence of water extinction was assumed to be 

minimal. Because the ROV was operated at slow speeds (< 0.2 m s
-1
) the footprint size had minimal 

horizontal variability due to movement (e.g., across-track and along-track spatial footprint were 

equal).The faster horizontal operation speeds of the SUIT (~1.5 m s
-1
), however, 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 were extracted 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 unconsolidated surface layer of large 

ice granules (~1 to 5 mm). Ice cores were placed in acid-cleaned barrels, and then immediately 

transported to the ship and melted at 4 ºC in the dark. During PS78, ice cores were cut in three parts 

(the upper and lower 20 cm, and the 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 acid-cleaned barrel for melting and processing (i.e., one sample for each core). 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. 

Sub-samples from each melted sample were filtered onto 25 mm Whatmann GF/F filters, placed in 

liquid nitrogen then stored in a -80 ºC freezer until analyses were conducted back at the laboratory in 

Bremerhaven, Germany. Chl a  concentrations were measured on each filter using high-performance 

liquid chromatography (HPLC) as described in Tran et al. [2013]. All chl a concentrations are 

reported as vertically-integrated units (mg chl a m
-2
).  

2.2.5 Statistical Methods and Approaches  

All statistical analyses were conducted using R software Version 2.15.2 [R-Development-Core-Team, 

2012] with all relevant packages listed after the corresponding analysis description. 

To avoid large negative numbers in log space due to the presence of near-zero chl a concentrations, 

raw chl a (chla) values were adjusted by a constant value so that the minimum chl a (chlamin) value 

was set to 1 mg chl a m
-2
, as follows:  
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  ╬▐■╪ἩἬἲ╬▐■╪  ╬▐■╪ἵἱἶ     ( 3 ) 

where chlaadj is the adjusted chl a 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 analyses - PCA). 

Spectra were first standardized by subtracting the mean then dividing 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 shape [Craig et al., 2012; Taylor et al., 2013]. The 

resulting standardized spectra formed an N × M matrix X consisting of N observations and M 

wavelengths = 301 (PAR: 400 to 700 nm, 1 nm resolution). Using the óRô function cov, a covariance 

matrix C was calculated from X: 

    Ἅ
╜
ἦἢἦ        ( 4 ) 

We then used the óRô function eigen, to conduct an Eigen decomposition of the covariance matrix C: 

    Ἅ ἡ ἡἢ       ( 5 ) 

where S (N × N) Eigenvectors, hereafter referred to as EOFs, contains the loadings for each sample 

(N) by mode (N). ȿ (diagonal matrix with dimensions N) contains the Eigenvalues, which explain the 

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 mode 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: 

    Ἠ ἦἡ       ( 6 ) 

where Z (M × N) contains the loadings for each wavelength (M) by mode (N). 

To create predictor models for chl a concentrations in sea ice, we applied Generalized Linear Models 

(GLM) [McCullagh and Nelder 1989] of the log-transformed chl a (chlaadj: response variable) versus 

EOF modes (predictor variables). Sample size (N) varied depending on data subset and spectral 

measurement combination. For N Ó 9, we selected the first 9 EOF modes, and for N < 9, we selected 

the first N EOF modes as predictor variables for the GLM analyses. In addition, each selected EOF 

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

the form: 

 ἴἶ╔╬▐■╪╪▀▒ ♪  ♫ ▼ ♫▼ Ễ ♫□▼□ ♫▪▼▪  ( 7 ) 

where s1,2,é,n.m are the EOF modes or the EOF modes squared from S determined from the GLM 

model selections, Ŭ is the intercept and ɓ1,2,é,m,n are the regression coefficients. Following Taylor et al. 

[2013], we assumed a Gaussian error distribution and applied a log-link function for the prediction of 

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

2.2.5.2 Normalized Difference Index (NDI)  

We constructed a spectral correlation surface matrix between chl a concentrations and all possible 

NDI combinations of two wavelengths within the photosynthetically active radiation (PAR) 

wavelength range between 400 and 700 nm, as described by Mundy et al. [2007]. Correlation surfaces 

were constructed for each bio-optical model combination (all combinations of bio-optical models are 

described in Section 2.5.4 and visualized 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 maximum chl a-NDI 

correlations were not chosen at the edge of regions of high correlation. 

Two maximum chl a-NDI correlations were chosen from each correlation surface: NDI440, which 

corresponds to the wider ~440 nm chl a absorption peak and has at least one NDI wavelength within 

the range 400 to 480 nm; and NDI670, which corresponds to the narrower ~670 nm chl a absorption 
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peak and has at least one NDI wavelength between 655 to 685 nm. We then applied a GLM to chl a, 

adjusted according to Equation 3 (chlaadj: response variable) and NDI (NDI: predictor variables) 

values in the form: 

  ἴἶ╔Ἣἰἴ╪╪▀▒ ♪  ♫╝╓╘     ( 8 ) 

where Ŭ is the intercept and ɓ the regression coefficient (i.e., slope). NDI corresponds to either the 

maximum chl a-NDI correlation NDI440 or NDI670. To maintain consistency between statistical 

approaches, which is important for inter-comparison, we applied a log-link function for all statistical 

approach models, i.e., E(chlaadj).  

2.2.5.3 Multi -NDI 

In order to take advantage of both chl a  absorption peaks we incorporated both NDIs (e.g., NDI440 

and NDI670) into one model. The two maximum NDI correlations for each bio-optical model 

combination (all combinations described in section 2.5.4 and visualized in Figure 3) were used as 

predictor variables in GLMs with chl a, adjusted according to Equation 3 (chlaadj) as the response 

variable: 

 ἴἶ╔╬▐■╪╪▀▒ ♪  ♫ ╝╓╘ ♫ ╝╓╘    ( 9 ) 

where Ŭ is the intercept and ɓ440, 670 are the regression coefficients.  

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). Bio-optical models to estimate ice-algal chl a were constructed using GLMs based 

on four different statistical approaches: 1) Empirical Orthogonal Function analysis (EOF); 2) NDI440; 
3) NDI670; and 4) multi-NDI (Figure 3 a). These statistical approaches were applied to four different 

spectral measurements: a) Under-ice Irradiance (ET); b) Under-ice Radiance (IT); c) Transmittance 

(TE); and d) Transflectance (TI; Figure 3 a). These 16 ñstatistical approach-spectral measurementò 

combinations were applied to 1) the full dataset (all); 2) PS78 cruise (PS78); 3) PS80 cruise (PS80); 

4) high-latitude MYI sites from PS80 (PS80-MYI); 5) low chl a (low: < 2 mg m
-2
); and 6) high chl a 

(high: > 2 mg m
-2
; Figure 3 a).This resulted in 96 ñstatistical approach-spectral measurement-data 

subsetò combinations, of which 72 were based 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; Figure 3 a). From the many 

possible NDI-based 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 (NDI440 or NDI670) or variables (multi-NDI) for fitting the reference model 

of each 72 corresponding NDI-based approach-spectral measurement-data subset combinations.  

For each of the 24 EOF-based spectral measurement-data subset combinations, there were a large 

number of EOF mode combinations as potential predictor variables in the GLMs. With 9 modes, 9 

squared-modes, and up to 5 predictor variables, this resulted in over 500,000 different combinations 

of EOF modes in the GLMs. We used the óRô package glmulti  [Calcagno and de Mazancourt, 2010], 

to select the óbestô 100 GLMs from all possible unique combinations of predictor variables based on a 

predefined model evaluation criterion. Here we used the Bayesian Information Criterion (BIC), 

because it includes a penalty for the number of variables included in the GLM [Schwarz, 1978].  Out 

of these 100 óbestô potential models (GLMs) for each of the 24 EOF-based spectral measurement-data 

subset combinations, we selected one reference model, which had the lowest BIC and in which all 

coefficients were significant (p Ò 0.05) (Figure 3 a).      
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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 criterion 2 based 

on the normalized root mean squared error (NRMSE). a) is performed first and results in the selection 

of one bio-optical model for each of the 96 statistical approach-spectral measurement-data subset 

combinations. b) and c) occur independently in parallel and rank the reference models as a means of 
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model inter-comparison. The ñbestò (i.e., most reliable) models were than ranked based on the 

average of b) and c). For simplicity, the flowchart only follows the pathway of the top ranked model 

(M15, referred to in text as EOF-Transmittance). 

2.2.5.5 Comparing reference models and identifying predictive models  

The previous selection process identified the óbestô reference model for each of the 96 statistical 

approach-spectral measurement-data subset combinations (Figure 3 a). In order to assess the 

reliability of these reference models to predict ice-algal chl a concentrations in larger spectral datasets 

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

based on two criteria (Figure 3 b and c) then, based on the average of both rankings, we selected the 

top 5 models as the set of potential ópredictive modelsô for further comparison.   

For the first ranking criterion (Figure 3 b), we assessed model robustness, applying an adapted 

procedure used by Melbourne-Thomas 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 chl a coefficient of determination (R
2
) for each reference model applied to each of 

the 5 data subsets, which we refer to as the robustness R
2
. We calculated the mean of the robustness 

R
2
 values for each data subset. The mean robustness R

2
 provides an estimate of how well the models 

perform when applied to ñnewò spectral data (e.g., larger-scale ROV or SUIT spectra) and may also 

identify variability in how the models fit different cruises (PS80 vs. PS78) or chl a concentrations 

(high vs. low). The mean robustness R
2
 values were ranked from 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 pre-selected by non-random factors, which may introduce bias. This is 

why we included an 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 prediction error) 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 data (e.g., Taylor 

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 predictive models. The second ranking criterion is based on 10-Fold 

Cross-Validation (10FCV) to estimate the true prediction error of each model. K-fold cross validation 

is a commonly used method to assess the performance of predictive models by providing accurate 

estimates of the true prediction error [e.g., Mahmood and Khan 2009]. 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 to train/fit the model. Each model is then applied to the 

10
th
 fold of ñnewò spectral data (i.e., holdout data). The root mean square error (RMSE) is calculated 

for the ñnewò predicted chl a data, which provides an estimate 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 sub-sampling of the data and a more representative estimate of the true prediction error 

(RMSE). The 10FCV procedure results in one estimate of the true prediction error for each model, 

which we term the cross-validation RMSE (RMSECV). The RMSECV is used as an indicator for the 

quality of the model, with lower RMSECV values corresponding to models with a higher predictive 

performance. The RMSECV 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 RMSECV by the range (minimum and maximum) of observed chl a values (chlaobs,min and 

chlaobs,max) used to train the model. NRMSECV was calculated as:      

  ╝╡╜╢╔╒╥ 
╡╜╢╔╒╥

╬▐■╪▫╫▼ȟ□╪●  ╬▐■╪▫╫▼ȟ□░▪
     ( 10 

) 
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NRMSECV 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 robustness R
2
 (first criterion) and 

NRMSECV (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 plots. Because we have limited data points in the high chl a range, 

particular attention was given to the leverage of each point and identification of potential model fit 

outliers. Following procedures described in Aguinis et al., [2013], we first identified potential model 

fit outliers using a Cookôs D cutoff value equal to the F-statistic (~0.92). Second, we fitted the models 

with removal of the identified potential outliers and assessed the change in model fit statistics: R
2
, 

BIC, and model significance [Aguinis 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 the F-test. 

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 included: i) 

investigating any potential relationships between environmental properties and chl a, which may 

influence model performance; ii ) evaluating the biases of the model, and the model applied to high- 

and low-chl a, e.g., if the model over-estimates (positive bias) or under-estimates (negative bias) the 

predicted data; iii)  applying the potential predictive models (excluding any models identified as 

unreliable from the previous two steps) to larger-scale spectral profiles and comparing general 

performance between predictive models for all profiles; and iv) assess predictive performance of each 

potential predictive model along a short 85 m ROV transect and compare to ice core chl a 

observations along the same transect.   

2.2.5.6  Predicting ice -algal chl a  

We applied the selected best predictive models to independent spectral measurements from two SUIT 

stations and two ROV stations conducted during the PS80 cruise. These included high-latitude 

stations PS80/358 (SUIT) and PS80/360 (ROV ice station), and lower-latitude stations PS80/285 

(SUIT) and PS80/323 (ROV ice station; Figure 1). These stations 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 

NDIɚ1:ɚ2 using the wavelength combinations (e.g., ɚ1 and ɚ2) from NDI-based predictive models. The 

NDI values were then incorporated into Equation 8 (NDI model) or Equation 9 (multi-NDI model) 

along with the Ŭ and ɓ values predetermined by the predictive models to derive the corresponding chl 

a concentrations.  

Predictions of chl a concentrations on new spectral data using the EOF method were conducted as 

described in Taylor et al., 2013. The independent spectral measurements were first standardized, as 

described previously. The independent standardized spectral data Y, a J × M matrix with J the 

number of independent spectral measurements and M the number of wavelengths, was then projected 

onto the EOF expansion coefficients Z in the form:  

    ἐ ╩ ἧ ╣      ( 11 

) 

where F, the EOFs, is a J × J matrix providing the loadings by mode (J) for each sample (J), as with 

S. Predicted ice-algal chl a values were calculated using the EOF-based predictive modelsô GLM 

formula and the new EOFs, F, in the form: 

 ἴἶ╔╬▐■╪ἸἺἭἬ ♪  ♫ █ ♫█ Ễ ♫▪█▪ ♫□█□  ( 12 ) 

where f1,2,é,n.m are the EOF modes or modes squared from F, which correspond to the selected modes 

from S (e.g., s1,2,é,n,m) used as response variables in Equation 7, Ŭ is the intercept and ɓ1,2,é,n,m the 

regression coefficients from Equation 7. 
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The chlapred values were re-adjusted by subtracting (1 - chlamin) to account for the pre-model 

adjustment of the chl a values (Equation 3). Due to the range of observed chl a values (~0 to 12 mg 

chl a m
-2
), the predicted chl a were limited to a range of 0 to 20 mg chl a m

-2
 by excluding all other 

values. We set these limits because the models were fitted to a certain range of values and predicting 

values significantly outside this range only increases uncertainty in the predicted data. Setting an 

upper limit to 20 mg chl a m
-2 

is unlikely to result in under-estimated predictions of chl a values since 

our 73 ice core chl a values, and literature chl a values [e.g., Gosselin et al. 1997; Lund-Hansen et al. 

2015] from our sampling region and season were below 20 mg chl a m
-2
.  

2.3 Results and Discussion  

2.3.1 Environmental properties  

Both expeditions covered large geographical regions and were conducted during the transition from 

late-melt to the onset of freeze-up, 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 summarized 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 ice-edge through first-year ice and into the multi-year pack-ice. 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. Freeze-up conditions were first observed on 22 

August, characterized by the presence of a light 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 dense first-year ice. 

Ice stations PS80/255, 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 PS80/335 was situated in an area 

of mixed FYI and MYI with no obvious signs of advanced melt or freeze-up, indicating it was in 

transition from melt to freeze-up conditions. Freeze-up conditions were first observed at station 

PS80/349, characterized by ice forming on the surface of melt ponds, and continued for the remaining 

stations. Ice stations PS80/349 and PS80/360 were conducted within the heavy pack-ice consisting of 

predominantly MYI with thicknesses > 1.5 m. The first ice station PS80/224 was revisited as station 

PS80/384 and was then characterized by fall freeze-up and 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 bio-optical cores collected during PS78, none of the 

samples exceeded 1.0 mg chl a m
-2
 (Table 1). Of the 59 bio-optical cores collected during PS80, 

however, samples exceeded 1.0 mg chl a m
-2
 at 6 out of the 10 ice stations (PS80/237, PS80/255, 

PS80/335, PS80/349, PS80/360, and PS80/384). Maximum chl a concentrations were observed at 

MYI station PS80/360, with three ice cores ranging between 6.4 and 11.8 mg chl a m
-2
 (Table 1). Also 

noteworthy was MYI station PS80/349, which had the next highest chl a concentrations with two 

cores at 3.5 and 5.6 mg chl a m
-2
 (Table 1).  
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Table 1. Summary of environmental properties and bio-optical cores for each ice station. 

Cruise/Station 
Ice 

Station a 

Date 

[dd/mm/yy]  
Latitude Longitude 

Ice 

Type 
bSIC 

b Modal ice 

thickness 

cES 

(PAR) 

cET 

(PAR)
  

dTE 

(PAR) 

cIT 

(PAR)
  

dTI (PAR) N 

Core 

length 

[m]  

Snow 

[m]  

Scatt. 

[m]  

mg chl a 

m-2 

PS78/196 Ice-1 11/08/11 83.84 60.50 FYI - - 53.9  2.8  0.05  - - 1 0.90 0.00 0.05 0.17 

PS78/203 Ice-2 14/08/11 85.97 59.35 NEW - - 37.0 - 0.06 - - 1 0.05  - - 0.05 

PS78/212 Ice-4 19/08/11 88.02 59.45 FYI - 1.2 
35.5 ± 

5.8 

14.0 ± 

6.3 

0.29 ± 

0.2 
- - 3 

0.93 ± 

0.20 
- - 

0.57 ± 

0.27 

PS78/227 Ice-7 29/08/11 86.86 -155.05 FYI - 1.1 
18.6 ± 

4.4 

1.7 ± 

1.8 

0.10 ± 

0.11 

1.1 ± 

0.8 

0.07 ± 

0.05 
3 

1.92 ± 

1.43 
0.00 

0.02 ± 

0.02 

0.18 ± 

0.18 

PS78/239 Ice-10 06/09/11 84.072 -164.19 MYI  - 0.8 
42.8 ± 

11.9 

1.4 ± 

0.9 

0.03 ± 

0.02 

0.6 ± 

0.6 

0.01 ± 

0.01 
3 

1.64 ± 

0.79 
- - 

0.40 ± 

0.27 

PS78/245 Ice-11 08/09/11 84.81 166.22 FYI - 1.2 
39.3 ± 

16.7 

1.0 ± 

0.1 

0.04 ± 

0.03 

0.8 ± 

0.6 

0.02 ± 

0.02 
3 

0.82 ± 

0.62 
- - 

0.17 ± 

0.15 

PS80/224 Ice-1 10/08/12 84.00 30.00 FYI 80 1.0 
50.7 ± 

2.1 
- - 

2.4 ± 

2.2 

0.04 ± 

0.04 
8 

1.33 ± 

0.41 
0.00 

0.09 ± 

0.17 

0.38 ± 

0.22 

PS80/237 Ice-2 15/08/12 83.95 76.85 FYI 80 1.3 
77.7 ± 

10.6 

5.2 ± 

7.6 

0.07 ± 

0.11 

3.6 ± 

4.2 

0.04 ± 

0.05 
12 

1.54 ± 

0.55 
0.00 

0.04 ± 

0.03 

0.82 ± 

0.58 

PS80/255 Ice-3 20/08/12 82.86 109.86 FYI 70 0.9 
35.0 ± 

1.4 

4.7 ± 

0.5 

0.13 ± 

0.01 

2.4 ± 

0.5 

0.06 ± 

0.01 
4 

0.76 ± 

0.17 
0.00 

0.03 ± 

0.02 

1.03 ± 

0.66 

PS80/277 Ice-4 26/08/12 82.89 129.78 FYI 80 - - - - - - 5 
0.63 ± 

0.29 
0.00 

0.03 ± 

0.04 

0.19 ± 

0.20 

PS80/323 Ice-5 05/09/12 82.88 130.76 FYI 60 0.8 
91.4 ± 

9.1 

2.9 ± 

0.6 

0.04 ± 

0.02 

1.6 ± 

0.5 

0.02 ± 

0.02 
6 

0.73 ± 

0.58 

0.04 ± 

0.02 
0.00 

0.16 ± 

0.13 

PS80/335 Ice-6 08/09/12 85.06 122.52 FYI 50 0.7 
69.2 ± 

8.4 

2.7 ± 

2.4 

0.03 ± 

0.03 

1.4 ± 

1.7 

0.02 ± 

0.02 
6 

1.07 ± 

0.49 

0.07 ± 

0.07 
0.00 

0.96 ± 

0.91 

PS80/349 Ice-7 19/09/12 87.93 60.95 MYI  100 1.6 
14.4 ± 

1.3 

1.0 ± 

1.0 

0.09 ± 

0.09 

0.8 ± 

0.8 

0.05 ± 

0.06 
7 

0.89 ± 

0.56 

0.01 ± 

0.01 
0.00 

1.62 ± 

2.09 

PS80/360 Ice-8 22/09/12 88.83 58.53 MYI  100 1.8 
8.0  ± 

0.5 

0.2 ± 

0.1 

0.02 ± 

0.01 

0.2 ± 

0.1 

0.01 ± 

0.01 
4 

1.11 ± 

0.36 

0.04 ± 

0.03 
0.00 

6.59 ± 

4.91 

PS80/384 Ice-9 29/09/12 84.35 17.73 FYI 100 1.2 
9.9 ± 

0.5 

0.2 ± 

0.1 

0.02 ± 

0.02 

0.1 ± 

0.0 

0.01 ± 

0.01 
4 

1.07 ± 

0.65 

0.04 ± 

0.02 
0.00 

0.40 ± 

0.49 

PS80/HELI-64 - 27/09/12 - - NEW - - 
23.1± 

2.7 
- 

0.54 ± 

0.09 
- 

0.25 ± 

0.02 
3 

0.05 ± 

0.01 

0.00 ± 

0.00 
0.00 

0.03 ± 

0.01 
a Added for easy cross reference to other publications using this naming protocol [e.g., Boetius et al., 2013; Fernández-Méndez et al., 2015; Katlein et al., 2014a] 
b Data presented in Nicolaus and Katlein [2013] for PS78 and Katlein et al. [2014a] for PS80. 
cES (PAR) incident solar radiation; ET (PAR) under-ice irradiance; and IT (PAR) under-ice radiance were integrated over PAR wavelengths 400 to 700 nm. 
dTE (PAR) spectral transmittance; and TI (PAR) spectral transflectance are mean over PAR.  ñ-ñ represent no data 
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2.3.2 Spectral Measurements  

Incident solar radiation (ES) steadily decreased during both cruises and also decreased with latitude, 

which was evident by the strong negative correlations of ES with Julian day and latitude (Table 2). 

Incident solar radiation was typically over 35 W m
-2
 except at stations PS78/227, PS80/349, 

PS80/360, and PS80/384, which fell below 20 W m
-2
 (Table 1). These values were expected for the 

sampling season and regions. ROV-derived spectral properties of the sea ice were presented and 

discussed in Nicolaus and Katlein [2013] and Nicolaus et al. [2012] for PS78, and in [Katlein et al., 

2014b] for PS80. Of the 73 bio-optical core locations, under-ice irradiance (ET) and transmittance (TE) 

spectra from 49 core locations, and under-ice radiance (IT) and transflectance (TI) spectra from 50 core 

locations were deemed of high quality and used for the development of bio-optical models 

(Supplementary Material Table S1).  

Table 2. Pearson correlation coefficient matrix for all combinations of bio-optical core location bio-

environmental variables. 

 snow Scat. ice julian lat ES ET TE I T TI 

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 

ET - - - - - - - 0.82* 0.94* 0.78* 

TE - - - - - - - - 0.65* 0.97* 

IT - - - - - - - - - 0.73* 

*  ƛƴŘƛŎŀǘŜǎ ǎƛƎƴƛŦƛŎŀƴǘ ŎƻǊǊŜƭŀǘƛƻƴ ŀǘ Ǉ Җ лΦлр 
Bold values indicate ǎǘǊƻƴƎ ŎƻǊǊŜƭŀǘƛƻƴǎ җ лΦп 

During summer, snow effects can generally be neglected due to a lack of snow [Nicolaus et al., 2012], 

which is applicable to both cruises as the presence of snow never exceeded 0.1 m. Strong negative 

correlations were observed for ice thickness with TE and TI (Table 2). The strong correlation of ice 

thickness with TE and TI 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 transmittance. The observed highly variable 

ice conditions had a large influence on light transmission, which showed horizontal variability of one 

to two orders of magnitude on the same ice floe for both FYI and MYI [Nicolaus et al., 2012]. 

Overall, FYI showed higher transmittance than MYI during PS78 [Nicolaus 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 PS78 when 

compared between white (not ponded) MYI (0.01) and white FYI (0.04), and between ponded MYI 

(0.15) and ponded FYI (0.22) [Nicolaus et al., 2012]. FYI has a larger areal coverage of melt ponds 

compared to MYI, which causes FYI to have nearly a threefold greater total transmittance value 

(0.11) compared to MYI (0.04) [Nicolaus et al., 2012]. 

Critical minimum under-ice irradiance, ET, levels for algal growth have been reported between 0.4 

and 2.0 W m
-2
 (2 to 9 µmol photons m

-2
 s

-1
; e.g., [Gosselin et al., 1985; Gosselin et al., 1986; Horner 

and Schrader, 1982; Lange et al., 2015]). Stations PS80/360 and PS80/384 had mean ET values below 

this critical range (< 0.4 W m
-2
); stations PS78/227, PS78/238, PS78/245, and PS80/349 had mean ET 

values within this critical range (0.4 to 2.0 W m
-2
); and all other stations were above this critical range 

(Table 1). Even though the high-latitude stations PS80/360 and PS80/349 had mean ET values below 

or within the critical range these stations still had the highest mean ice core chl a concentrations 

compared to the other stations. Loss of algal biomass in summer is primarily the result of losses due to 

ice melt [e.g., Grossi et al. 1987], and substantial loss of ice algal biomass had likely occurred prior to 

our sampling in 2012 [Boetius 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 FYI [Nicolaus 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 highest-ranking predictive models were based on an EOF approach, and had considerably 

higher R
2
 values ( Ó 0.9) and lower RMSE values (< 0.8) than all other predictive models (Table 3). 

The two NDI-based predictive models in our selection were based on the óhigh chl aô data subset, 

using radiance data (rank 3) and transmittance data (rank 5), respectively. Only the EOF 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 environmental conditions (Table 3). 

Based on the model biases, there appear to be no obvious trends between statistical approaches of the 

five óbestô predictive models, with all values near zero (Table 3). However, the biases of the models 

applied to the high-chl a and low-chl a data demonstrate that the NDI-based approaches 

underestimate the high-chl a data while overestimating the low-chl a data. The EOF-based approaches 

demonstrated low model biases and low biases when applied to both high- and low-chl 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 provided in Supplementary Material Table S2. Based 

on the model R
2
 values, the EOF-based models performed generally better than the three NDI-based 

approaches (Supplementary Material Table S2). Among the NDI-based approaches, multi-NDI and 

NDI670 performed best. The good performance of the multi-NDI approach was probably driven by 

good relationships in the NDI670 values because overall the NDI440 models demonstrated the lowest R
2
 

values. 

Similar studies have provided no model error estimate (e.g., [Melbourne-Thomas et al., 2015]) or 

provided the model RMSE (e.g., [Campbell et al., 2014; Taylor et al., 2013]) as a measure 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 assessment of the true prediction error for the models using RMSECV 

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, RMSECV (Table 3), 

were lower than the model RMSE provided by [Campbell et al., 2014].     

All 5 selected predictive models demonstrated high variability in predicting low-chl a values of the 

low chl a subset and the PS78 data subset (i.e., < 2 mg m
-2
; Table 3). This is expected, since with low 

chl a concentrations there is less absorption of light by algal biomass, which enhances the relative 

influence of other environmental properties on the transmitted spectra. The two selected predictive 

models based on NDI670 had relatively large positive biases when applied to low-chl a (Table 3), 

suggesting that the NDI670 models applied to independent data may also result in overestimation of 

low-chl a regions. This is not surprising since these two NDI-based predictive models were fitted to 

high-chl a data. Even though the EOF models also had large errors associated with predicting the 

variability of low-chl a, these models had practically no directional bias when applied to low- and 

high-chl a (Table 3), suggesting that these EOF models can correctly differentiate between low, 

medium, and high chl a concentrations, and are less likely to result in over- or under-estimations 

when applied to independent spectral data. 

An overall better performance of models using an EOF-based approach can be attributed to the fact 

that the EOF method accounted for a larger range 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 

account for the many variables that influence ocean optics other than phytoplankton chl a [e.g., 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 light penetration than any single variable in the 

ocean.  The variability of under-ice 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 [e.g., Campbell et al., 2014; 2015; Melbourne-Thomas et 

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

Table 3. Summary of the top 5 predictive models. 

Model ID  EOF-

Transmittance 

EOF-

Radiance 

NDI670-

Irradiance 

EOF-

Transflectance 

NDI670-

Transmittance 

N  38 15 15 50 15 

Equation: 

ln[E(chl 

aadj)] =  

 0.7 - 3.0s2 + 

1.1s4 + 2.4s6 - 

6.5s7
2
  + 3.9s9

2
 

2.0 + 2.7s4 

ï 1.7s5 ï 

1.0s6 ï 

2.3s2
2
 ï

10.0s8
2
 

2.2 + 

10.8NDI669:683 

0.3 + 1.5s2 -

1.7s4 + 2.0s7 + 

3.2s9 + 8.6s9
2
 

1.2 - 

11.1NDI678:684 

Model R
2
 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 

Model 

applied to 

subset: 

High-chla -0.01 -0.08 0.02 -0.01 0.06 

Low-chla 0.00 0.00 2.09 0.00 1.96 

R
2
 of model 

applied to 

subset: 

All  0.88 0.56 0.54 NA 0.63 

PS78 -0.11 NA -0.08 NA 0.01 

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 

mean
a
 0.53 0.41 0.36 0.58 0.39 

Cross 

Validation 

RMSE 1.81 1.81 1.89 2.46 2.01 

NRMSE
b
 0.15 0.17 0.18 0.21 0.19 

Ranking R
2
 mean

a
 4 9 13.5 2 11 

NRMSE
b
 6 7 8 23 14 

Mean 1 2 3 4.5 4.5 
a
 and 

b
 depict the matching model statistic and corresponding ranking criterion variable. 

 

The modes of oscillation (Figure 4) show the signatures of change within the spectral measurements 

due to different variables that influence the transmission of light through sea ice. Mode 1 alone 

explained most of the 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 ice [Grenfell and Maykut, 1977]. Furthermore, mode 1 had a 

significant medium-to-strong correlation with the presence of melt ponds, indicating that melt ponds 

had a large influence on spectral variability. This is expected since melt ponds 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 EOF-transmittance model (modes 2, 4, 6, 7 and 9) there is at 

least one local maximum or minimum corresponding to one of the maximum chl a absorption regions 

(Figure 4). Accordingly, four out of five modes, for both EOF-based predictive models, have medium 

to strong significant correlations with chl a, and two of the five modes for the EOF-Transmittance 

model (s6 and s9
2
) and one of five modes used in the EOF-Transflectance model (s7) have strong 

significant correlations with only chl a (Table 4). The modes that have strong correlations with only 

chl a also are associated with high changes in BIC when the term is removed from the model.  

The proportion of variance explained by the modes used in the selected ñbestò EOF-based predictive 

models was relatively low compared to those found in other studies [e.g., Craig et al., 2012; 

Melbourne-Thomas et al., 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 change in the Akaike Information Criterion (AIC). 

Their study related spectral radiance to phycoerythrin concentrations, which is an accessory pigment 

and therefore has a smaller influence on light absorption compared to chl a. This could explain why 

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

by the spectrally less influential phycoerythrin pigment [Taylor et al., 2013]. Similarly, during our 

study, ice-algal chl a concentrations had a smaller influence on spectral light transmission relative to 

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 of chl a 

concentrations in sea ice appears to be best represented by subordinate modes explaining a smaller 

part of the EOF variability compared to approaches estimating chl a concentrations in water.  

 

Figure 4. EOF modes represented as modes of oscillation in the entire standardized spectral 

Transmittance dataset. 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 shaded areas represent the 

maximum chl a absorption regions centered at 440 and 670 nm.  
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Table 4. Correlation matrix between EOF modes (s1 ï s9, s1
2
 ï s9

2
) and bio-environmental properties for the three best EOF models. Model terms show only 

the modes used as terms in the corresponding model. 

Model Variable s1 s2 s3 s4 s5 s6 s7 s8 s9 s1
2 s2

2 s3
2 s4

2 s5
2 s6

2 s7
2 s8

2 s9
2 

EOF-

Transmittance 
Model Terms  s2  s4  s6          s7

2
  s9

2
 

Chl a 0.28 -0.35* -0.08 0.33* -0.04 0.49* 0.18 -0.04 -0.36* -0.28 0.29 -0.04 0.08 0.04 0.63* 0.21 0.06 0.59* 

Melt pond 0.38* -0.32* -0.40* -0.10 -0.25 -0.15 -0.20 0.14 -0.12 -0.38* 0.37* 0.36* 0.18 -0.03 0.12 0.36* 0.32 -0.10 

snow -0.07 -0.13 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 -0.26 -0.37* 0.25 0.16 -0.16 -0.16 -0.07 -0.26 -0.25 -0.22 -0.10 -0.04 

ice -0.15 0.43* -0.10 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 

EOF-

Transflectance 
Model Terms 

 
s2  

s4   
s7  

s9         
s9

2
 

Chl a 0.25 0.31* 0.00 -0.32*  -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 0.19 -0.53*  0.05 0.43* -0.15 0.18 0.03 0.32* 0.06 -0.09 0.45* 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 -0.17 0.30* 0.03 

ice -0.16 -0.52*  -0.24 -0.47*  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 

EOF-Radiance 
Model Terms 

   
s4 s5 s6     

s2
2
 

     
s8

2
 

 

Chl a 0.19 0.15 -0.04 0.63* -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 0.55* -0.53*  0.31 0.39 -0.57*  -0.10 -0.03 -0.26 0.10 -0.53*  0.52* 0.32 0.15 0.56* 0.25 -0.34 0.28 -0.21 

snow 0.17 -0.32 -0.61*  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 0.89* -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 to significant correlations at p Ò 0.05 
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2.3.3.2 Comparison of Spectral Measurements 

Significant correlations of ice core chl a with latitude and ice core chl a with 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., under-ice irradiance and radiance). Of the 5 selected predictive models, 

the lowest-ranking NDI670 model uses under-ice irradiance for the high-chl a data subset. In this data 

subset there was a significant negative correlation between chl a and incoming solar radiation (r = -

0.58, n = 15, p = 0.02), and a trend between chl a and under-ice irradiance (r= -0.46, n=15, p = 0.08). 

No correlation was observed between chl a and integrated transmittance for the high-chl a data subset. 

Based on these correlations it is unclear if under-ice irradiance- or radiance-based models are actually 

predicting chl a based on a spectral signal influenced by chl a biomass, or if the relationship between 

chl a biomass and the strength of the incoming light field influences the apparent predictive 

performance of these models. Because we cannot be certain to what extent the performance of the 

irradiance- and radiance-based models were influenced by variations within the incoming solar 

irradiance, we excluded the two selected predictive models using under-ice radiance and irradiance 

data (e.g., EOF-radiance and NDI670-irradiance) from further analyses.  

Previous studies presented reliable models for estimating ice-algal chl a concentrations using under-

ice irradiance, which do not account for variations of incoming solar radiation. These studies covered 

small local study regions during early-spring [Mundy et al., 2007] and spring-summer transition 

[Campbell et al., 2014; 2015], and had a comparably lower latitudinal range during austral spring 

[Melbourne-Thomas et al., 2015], and therefore had less variability in the incoming light field. 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 should always 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 realistic 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 ice-algal chl a concentrations from independent spectral data over large spatial scales 

collected by an ROV and a SUIT. The EOF-Transmittance (PS80 data subset) model was chosen as 

the óbestô predictive model based on the ranking of the mean robustness R
2
 and the NRMSE (Table 3). 

We excluded the EOF-radiance predictive model (ranked 2
nd

) and NDI670- irradiance predictive model 

(ranked 3
rd
; Table 3) due to correlations of chl a with incoming light and under-ice irradiance, which 

leaves the EOF-Transflectance (All data subset) predictive model and the NDI670-Transmittance 

(hereafter referred to as NDI-Transmittance) predictive model for further analyses and 34comparison. 

These three predictive models were applied to spectral data collected during two ROV stations 

(PS80/360 high-latitude site; PS80/323 lower-latitude site) and two SUIT stations (PS80/358 high-

latitude site; PS80/285 lower-latitude site). 
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Figure 5. Remotely Operate Vehicle (ROV) spectrally-derived sea ice algal chl a estimates for high-

latitude station PS80/360 a) and b); and for low-latitude station PS80/323 c) and d). a) and c) show the 

spatial distribution of EOF-Transmittance model chl a estimates and ice core chl a concentrations 

overlaid at corresponding grid locations. Positions in a) and c) are given in a floe fixed coordinate 

system relative to the shipôs GPS receiver. Transect-AB is depicted in a) by a dashed line. b) and c) 

show weighted (based on point footprint size) density distributions of estimated chl a from the top 3 

predictive models EOF-Transmittance, EOF-Transflectance, and NDI-Transmittance.  

At the high-latitude ROV and SUIT stations (PS80/360 and 345), the NDI-Transmittance predicted 

values were generally in good agreement with EOF-Transmittance and EOF-Transflectance predicted 

values when comparing the density distributions (Figure 5 b and Figure 6 b), and median and range of 

values (Table 5). However, the NDI-Transmittance predicted values had low variability within and 

between all SUIT and ROV stations in comparison to the EOF-based predicted models and ice core 

chl a values (Table 5; Figure 5 d and Figure 6 c). At the low-latitude SUIT (PS80/285) and ROV 

(PS80/323) stations it was apparent that the NDI-Transmittance predictive model over-estimated low-

chl a values compared to the EOF-based predictive models. This was particularly evident from the 

substantially higher values observed within chl a density distributions for the NDI-Transmittance 

predicted values compared to EOF-based predicted values (Figure 5 d and Figure 6 d). Furthermore, 

there was a large difference between the low-latitude station summaries of NDI-Transmittance 

predicted chl a values and ice core chl a concentrations (Table 5). Since the over-estimation of low-

chl a values and low variability appears to be a constant feature of the NDI-Transmittance predictive 

model, we suggest it was a less reliable predictive model compared to the EOF-based predictive 
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models when applied to larger-scale independent spectral data. Although uncertainty is also high for 

low chl a values for the EOF-Transmittance and EOF-Transflectance models, the biases are low 

(almost zero) and therefore over larger-scales should result in minimal over-/under-estimation biases 

of ice-algal chl a.  

 

Table 5. Summary of ice core chl a and spectrally-derived chl a from the selected under-ice horizontal 

profiling platform stations. ROV: Remotely Operated Vehicle; and SUIT: Surface and Uunder-Ice 

Trawl. Ice core and predicted chl a values represent the median (50th percentile), interquartile range 

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

Region 
Platform

-Station 

Distance

, 

Spacing 

(m)
 a
 

Footprin

t 

(m
2
)
 b
 

Core 

chl a 

(mg m
-2

)
 
 

EOF-

Transmittanc

e 

Predicted chl 

a (mg m
-2
) 

EOF-

Transflectanc

e 

Predicted chl 

a (mg m
-2
) 

NDI-

Transmittanc

e 

Predicted chl 

a (mg m
-2
) 

High-

latitud

e 

ROV-

PS80/360 
180, 0.9 3.0 / 0.02 

7.25 

(4.86 ï 

8.99) [4] 

3.7 (2.1 ï 5.9) 

[821] 

2.3 (1.6 ï 3.3) 

[960] 

2.6 (1.2 ï 3.5) 

[927] 

SUIT-

PS80/345 
625, 24 3.5 / 0.11 - 

3.2 (0.0 ï 5.0) 

[23] 

2.1 (1.1 ï 4.9) 

[26] 

3.0 (2.6 ï 3.3) 

[34] 

Low-

latitud

e 

ROV-

PS80/323 
180, 0.5 2.6 / 0.02 

0.17 

(0.06 ï 

0.23) [6] 

0.8 (0.5 ï 1.1) 

[1568] 

0.01 (0.00 ï 

0.11) [1667] 

2.7 (2.5 ï 2.8) 

[1569] 

SUIT-

PS80/285 
1500, 14 1.6 / 0.05 - 

0.4 (0.0 ï 1.5) 

[102] 

1.6 (0.9 ï 2.5) 

[110] 

2.7 (2.5 ï 3.0) 

[118] 

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

points) and spacing is the mean spacing between all adjacent points.  
b
 Footprint is the mean of all point footprints for Transmittance / Transflectance, respectively. 
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Figure 6. Surface and Under-Ice Trawl (SUIT) spectrally-derived sea ice algal chl a estimates for high-latitude station PS80/345 a) and b); and for low-

latitude station PS80/285 c) and d). a) and c) show the horizontal profile of the EOF-Transmittance model chl a estimates and sea ice draft over the trawled 

distance, values > 0 correspond to chl a (mg m-2) 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 point footprint size) density distributions of 

estimated chl a from the top 3 predictive models EOF-Transmittance, EOF-Transflectance, and NDI-Transmittance.  
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Figure 7. Sea ice-algal chl a concentrations along Transect-AB (depicted in Figure 6) extracted from ROV station PS80/360. Shown are ice draft (m), ice 

core chl a values (points) at corresponding locations along the transect, and EOF-Transmittance predictive model chl a estimates along the transect. Model 

predicted chl a values correspond to: exactly on the transect (on-transect), and weighted (based on footprint size) mean and range of values within 1.5 meters 

of the transect. Y-axis values > 0 correspond to chl a (mg m
-2
) and values below zero correspond to draft (m). Stippled horizontal line depicts draft of -1 m.   
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The EOF-based predictive models both showed comparable median and range of chl a values at the 

same stations (Table 5). Hence, both EOF-based models showed similar regional differences in chl a 

concentrations with higher values at the higher latitude stations (Table 5), which is also in agreement 

with the general trend of our ice core chl a concentrations. Overall, however, there was little 

correlation between the EOF-Transmittance and EOF-Transflectance predictive modelsô estimated chl 

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 size of spectral 

measurements when comparing independent spectrally-derived chl a to ice core chl a concentrations, 

we took the weighted (based on footprint of each spectral measurement) mean of all bio-optical chl a 

estimates that were within 1.5 m of each 1 m bin along an 85 m transect (transect-AB Figure 5 a and 

Figure 7). Points within 2 adjacent overlapping bin areas were assigned to only the closest bin 

location. Transect-AB includes four ice core sample locations, with the ice core chl a concentration 

values overlaid on the ROV measurement grids (Figure 5 a and c). The first three ice core chl a 

observations were within the range of values predicted by the EOF-Transmittance model, for the 1.5 

m region surrounding the core locations. The estimated chl a value at the end of the transect (~85 m), 

however, was lower than the corresponding ice core value, but still within the model uncertainty 

(RMSECV of 1.8 mg chl a m
-2
; Figure 7). The EOF-Transmittance model showed a better fit to the ice 

core chl a observations compared to the EOF-Transflectance and NDI-Transmittance predictive 

models, which further confirms that the EOF-Transmittance model performs best as a predictive 

model also indicated by the final model ranking.  

A tentative assessment of the spatial variability of ice-algal chl a 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 capture the variability of ice algal 

chl a concentrations over larger distances. Based on the up-scaled (SUIT and ROV) EOF-

Transmittance predictive model results (Figure 5 a, c, and Figure 6 a, c) and the extracted 85 m 

transect-AB from the ROV station PS80/360 (Figure 7) it is apparent that ice-algae biomass has a 

patchy distribution, which is well-known. Regardless of the patchy distribution, Arctic-wide sea ice 

primary production estimates, which integrated standing stock chl a biomass, used only one to three 

core samples per location [e.g., Fernández-Méndez et al., 2015; Gosselin et al., 1997]). The four bio-

optical cores sampled along transect AB had an average chl a concentration of 6.6 mg m
-2
. The range 

of the four cores (~0 to 12 mg chl a m
-2
), however, indicates that basing large-scale 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 an ice-algal biomass of 8 mg chl a m
-2
, 

Fernández-Méndez et al. [2015] estimated that ice-algae contributed up to 60 % of the total primary 

production at ice station PS80/360. Along transect AB chl a concentrations of sea ice estimated by our 

best bio-optical predictive model (EOF-Transmittance; Figure 7 a) yielded a considerably lower 

weighted median and interquartile range of 4.0 (2.8 to 6.4) mg chl a m
-2
, which was also evident from 

the full ROV survey values for that site
 
(Table 5). A potential difference of over 50% between ROV 

spectrally-derived chl a concentration estimates compared to published chl a values based on ice core 

measurements at the same location emphasizes the importance of high-resolution measurements to 

capture the spatial variability of ice algal biomass for large-scale biomass and primary production 

estimates. In order to conduct detailed spatial analyses of ice-algal chl a, however, further geospatial 

processing of the data is required and is beyond the scope of this study. 

2.4 Conclusions 

With this first large-scale bio-optical summer study in the Arctic Ocean, we demonstrated the 

suitability of different combinations of statistical approaches with four spectral measurements for 

deriving ice-algal chl a concentrations in sea ice, and their application to larger scale spectral 

measurements. For these late-summer Arctic data, the EOF models performed better than the NDI 

models, particularly at differentiating between low, medium and high chl a concentrations. We 

attributed this to the ability of the EOF models to account for the high variability of environmental 

properties by incorporating variability from multiple regions of the spectra. Compared to the more 
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complex EOF-based approach, the NDI-based approach may be more easily applied and often 

suitable, depending on the variability of light conditions, sea ice properties, and sea ice-algal chl a 

concentrations. Regardless of the statistical approach taken, accounting for incoming solar radiation 

by calculating transmittance and transflectance resulted in superior models compared to simply using 

under-ice 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 chl a concentrations derived from our óbestô bio-optical model applied to a 85 m 

spectral transect in comparison to published chl a values based on ice core measurements at the same 

location highlights the need of high-resolution measurements to capture the true variability of ice 

algal biomass in the context of large-scale estimates and modeling studies. The increasing use of 

ROVs and AUVs equipped with spectral sensors means that spectral data for making large-scale chl a 

estimates will become more widespread with continued technological advancements. This study 

provides the first concise analysis of the potentials and limits of predicting chl a content in sea ice 

from spectral data under variable environmental conditions, and a toolbox for studies extending over 

large spatial and/or temporal scales, using e.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, and scientific 

cruise leaders Antje Boetius and Ursula Schauer and RV Polarstern expeditions PS80.3 (ARK27-3; 

IceArc) and PS78.3 (Ark26-3; TransArc), respectively, for their excellent support and guidance with 

work at sea. We thank Jan Andries van Franeker (IMARES) for kindly providing the Surface and 

Under-Ice Trawl (SUIT) and Michiel van Dorssen for technical support. SUIT was developed by 

IMARES with support from the Netherlands Ministry of EZ (project WOT-04-009-036) and the 

Netherlands Polar Program (project ALW 866.13.009). 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-2013-04). This study is part of the Helmholtz Association Young Investigators Group 

Iceflux: Ice-ecosystem carbon flux in polar oceans (VH-NG-800). We also acknowledge the Alfred-

Wegener-Institut, Helmholtz-Zentrum für Polar- und Meeresforschung for essential financial and 

logistical support. All data are available from the PANGAEA database 

doi.org/XX.XXXX/PANGAEAXXXXXX.  

 



Chapter 2 - Paper 2: Spectrally-derived chl a 

63 

 

References 

Aguinis, H., R. K. Gottfredson, and H. Joo (2013), Best-Practice Recommendations for Defining, Identifying, 

and Handling Outliers, Organizational Research Methods, 16(2), 270-301, doi:10.1177/1094428112470848. 

AMAP (2011), Snow,water, ice and permafrost in the Arctic (SWIPA): Climate change and the cryosphere., 

Scientific Rep., Gaustadalléen 21, N-0349 Oslo, Norway (www.amap.no). 

Ambrose, W. G., C. von Quillfeldt, L. M. Clough, P. V. R. Tilney, and T. Tucker (2005), The sub-ice algal 

community in the Chukchi sea: large- and small-scale patterns of abundance based on images from a 

remotely operated vehicle, Polar Biol., 28(10), 784-795. 

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, doi:10.1029/2008GL035028. 

Arrigo, K. R., and G. L. van Dijken (2011), Secular trends in Arctic Ocean net 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. Wooller, A. M. Springer, S. J. Iverson, C. P. McRoy, and G. J. Divoky (2008), Tracing 

carbon flow in an arctic marine food web using fatty acid-stable isotope analysis, Oecologia, 157(1), 117-

129, doi:10.1007/s00442-008-1053-7. 

Calcagno, V., and C. de Mazancourt (2010), glmulti: An R Package for Easy Automated Model Selection with 

(Generalized) Linear Models, Journal of Statistical Software, 34(12), 1-29. 

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 

aïsnow depth relationship over Arctic spring melt using transmitted irradiance, J. Mar. Syst., 147, 76-84, 

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 biomass from ocean colour, Remote Sens. Environ., 119, 72-83, 

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 under-ice fauna in the Eurasian 

central Arctic Ocean in relation to environmental properties of sea-ice habitats, Mar. Ecol. Prog. Ser., 522, 

15-32, doi:10.3354/meps11156. 

Fernández-Méndez, M., C. Katlein, B. Rabe, M. Nicolaus, I. Peeken, K. Bakker, H. Flores, and A. Boetius 

(2015), Photosynthetic production in the Central Arctic during the record sea-ice minimum in 2012, 

Biogeosci. Disc., 12(3), 2897-2945, doi:10.5194/bgd-12-2897-2015. 

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

National Snow and Ice Data Center. Digital 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 Under-Ice Habitat, PLoS ONE, 

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

Gosselin, M., L. Legendre, S. Demers, and R. G. Ingram (1985), Responses of Sea-Ice Microalgae to Climatic 

and Fortnightly Tidal Energy Inputs (Manitounuk Sound, Hudson Bay), Can. J. Fish. Aquat. Sci., 42(5), 

999-1006, doi:10.1139/f85-125. 

Gosselin, M., L. Legendre, J.-C. Therriault, and S. Demers (1990), Light and nutrient limitation of sea-ice 

microalgae (Hudson Bay, Canadian Arctic), J. Phycol., 26(2), 220-232, doi:10.1111/j.0022-

3646.1990.00220.x. 

Gosselin, M., L. Legendre, J. C. Therriault, S. Demers, and M. Rochet (1986), Physical control of the horizontal 

patchiness of sea-ice microalgae, Mar. Ecol. Prog. Ser., 29(3), 289-298, doi:10.3354/meps029289. 

Gosselin, M., M. Levasseur, P. A. Wheeler, R. A. Horner, and B. C. Booth (1997), New measurements of 

phytoplankton and ice algal production in the Arctic Ocean, Deep Sea Res II, 44(8), 1623-1644, 

doi:10.1016/S0967-0645(97)00054-4. 

Grenfell, T. C., and G. A. Maykut (1977), The optical properties of ice and snow in the Arctic Basin, J Glaciol, 

18(80), 445-463. 

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. Ser., 35(1-2), 153-164. 

Gutt, J. (1995), The occurrence of sub-ice algal aggregations off northeast Greenland, Polar Biol., 15, 247-252. 

Haas, C., A. Pfaffling, S. Hendricks, L. Rabenstein, J.-L. Etienne, and I. Rigor (2008), Reduced ice thickness in 

Arctic Transpolar Drift favors rapid ice retreat, Geophys. 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). 



Chapter 2 - Paper 2: Spectrally-derived chl a 

64 

 

IPCC (2013), Climate Change 2013: The Physical Science Basis. Contribution of Working Group I 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), 5932-5944, doi:10.1002/2015jc010914. 

Katlein, C., M. Fernández-Méndez, F. Wenzhöfer, and M. Nicolaus (2014a), Distribution of algal aggregates 

under summer sea ice in the Central Arctic, Polar Biol., doi:10.1007/s00300-014-1634-3. 

Katlein, C., M. Nicolaus, and C. Petrich (2014b), The anisotropic scattering coefficient of sea ice, J. Geophys. 

Res., 119(2), 842-855, doi:10.1002/2013JC009502. 

Kohlbach, D., M. Graeve, B. A. Lange, C. David, I. Peeken, and H. Flores (in press), The importance of ice 

algae-produced carbon in the central Arctic Ocean ecosystem: food web relationships revealed by lipid and 

stable isotope analyses, Limnol. Oceanogr, accepted. 

Kwok, R., and D. A. Rothrock (2009), Decline in Arctic sea ice thickness from submarine and ICESat records: 

1958ï2008, Geophys. Res. Lett., 36(15), L15501, doi:10.1029/2009GL039035. 

Lange, B. A., C. Michel, J. F. Beckers, J. A. Casey, H. Flores, I. Hatam, G. Meisterhans, A. Niemi, and C. Haas 

(2015), Comparing springtime ice-algal chlorophyll a and physical properties of multi-year and first-year sea 

ice from the Lincoln Sea, PLoS One, 10(4), e0122418, doi:10.1371/journal.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. Markager, K. Hancke, T. Stratmann, S. Rysgaard, H. Ramløv, and B. K. Sorrell (2015), 

Effects of sea-ice 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 of K-Fold Cross-Validation to Choose Cutoff Values and Assess 

the Performance of Predictive Models in Stepwise Regression, The International Journal of Biostatistics, 

5(1), doi:10.2202/1557-4679.1105. 

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), Generalized linear models, Chapman and Hall, London, United 

Kingdom. 

Melbourne-Thomas, 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 under-ice irradiance spectra at regional 

scales, Mar. Ecol. Prog. Ser., 536, 107-121, 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 landfast first-year 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 sea ice, Cold Regions Science and 

Technology, 62(1), 14-28. 

Nicolaus, M., and C. Katlein (2013), Mapping radiation transfer through sea ice using a remotely operated 

vehicle (ROV), The Cryosphere, 7(3), 763-777, doi:10.5194/tc-7-763-2013. 

Nicolaus, M., C. Katlein, J. Maslanik, and S. Hendricks (2012), Changes in Arctic sea ice result in increasing 

light transmittance and absorption, Geophys. Res. Lett., 39, 2699ï2700, doi:10.1029/2012GL053738. 

R-Development-Core-Team (2012), R: A Language and Environment for Statistical Computing, R Foundation 

for Statistical Computing, Vienna, Austria. 

Riihela, A., T. Manninen, and V. Laine (2013), Observed changes in the albedo of the Arctic sea-ice zone for 

the period 1982-2009, Nature Clim. Change, 3(10), 895-898, doi:10.1038/nclimate1963. 

Rösel, 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. Kühl, R. N. Glud, and J. W. Hansen (2001), Biomass, production and horizontal patchiness of 

sea ice algae in a high-Arctic fjord (Young Sound, NE Greenland), Mar. Ecol. Prog. Ser., 223, 15-26. 

Schwarz, G. (1978), Estimating the Dimension of a Model, The Annals of Statistics, 461-464, 

doi:10.1214/aos/1176344136. 

Serreze, M. C., M. M. Holland, and J. Stroeve (2007), Perspectives on the Arctic's shrinking sea-ice cover, 

Science, 315, 1533-1536. 

Søreide, J. E., M. L. Carroll, H. Hop, W. G. Ambrose, E. N. Hegseth, and S. Falk-Petersen (2013), Sympagic-

pelagic-benthic coupling in Arctic and Atlantic waters around Svalbard revealed by stable isotopic and fatty 

acid tracers, Mar. Biol. Res., 9(9), 831-850, doi:10.1080/17451000.2013.775457. 

Spreen, G., L. Kaleschke, and G. Heygster (2008), Sea ice remote sensing using AMSR-E 89-GHz channels, J. 

Geophys. Res., 113(C2), C02S03, doi:10.1029/2005JC003384. 



Chapter 2 - Paper 2: Spectrally-derived chl a 

65 

 

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 CMIP5, 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 measurementsïïA statistical approach, Journal of 

Geophysical Research: Oceans, 118(6), 2948-2960, doi:10.1002/jgrc.20201. 

Tran, S., B. Bonsang, V. Gros, I. Peeken, R. Sarda-Esteve, A. Bernhardt, and S. Belviso (2013), A survey of 

carbon monoxide and non-methane hydrocarbons in the Arctic Ocean during summer 2010, Biogeosciences, 

10(3), 1909-1935, doi:10.5194/bg-10-1909-2013. 

van Franeker, J. A., H. Flores, and M. van Dorssen (2009), The surface and under ice trawl (SUIT). Frozen 

desert aliveðthe role of sea ice for pelagic macrofauna and its predators, PhD thesis, University of 

Groningen,Groningen. 

Wadhams, P. (2012), The use of autonomous underwater vehicles to map the variability of under-ice 

topography, Ocean Dynamics, 62(3), 439-447, doi:10.1007/s10236-011-0509-1. 

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 fatty acid-carbon stable isotope analyses, 

Mar. Ecol. Prog. Ser., 518, 31-50, doi:10.3354/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), 1235-1249, doi:10.1111/j.1365-2486.2010.02311.x. 

 

 

  



Chapter 2 - Paper 2: Spectrally-derived chl a 

66 

 

 

  



 

67 

 

Chapter 3: Linking Sea Ice Algae Spatial 

Variability to Summertime Carbon Demand 

  

 

Conceptual diagram of the spatial distribution of sea ice algae at the bottom of different ice types 

during late-summer with under-ice organisms grazing on the ice-algae. Thicker ice has lower melt 

rates and lower melt-induced 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 to: Geophysical Research Letters 

NOTE: Supplementary Material for this paper is found in Appendix B1 

 

Benjamin A. Lange, Christian Katlein, Giulia Castellani, Mar Fernández-

Méndez, Marcel Nicolaus, Ilka Peeken, and Hauke Flores 

Key Points 

¶ Ice-core based ice-algal chl a and NPP estimates were not representative of up-scaled 

estimates 

¶ Grouping ice cores improved representativeness but still high risk of non-representative 

estimates 

¶ Sea ice ridges identified as potentially high ice-algal biomass features with relatively high 

NPP 

Abstract 

The spatial representativeness of sea ice algal biomass and primary production remains a key issue in 

sea ice sampling. To address this issue, we presented two novel approaches to up-scale ice-algal 

biomass and net primary production (NPP) estimates combining ice core-based methods and under-

ice horizontal spectral profiling platform observations. We conducted a multi-scale comparison of ice-

core based ice-algal biomass and NPP estimates with the up-scaled estimates. Our results showed that 

ice core-based estimates of summertime ice-algal biomass and NPP do not representatively capture 

the spatial variability compared to the up-scaled estimates, which carries similar uncertainties for pan-

Arctic estimates based on ice core observations alone. Grouping sea ice cores based on region or ice 

type improved the representativeness, however, with only a small sample size there remains a high 

risk of obtaining non-representative estimates. Furthermore, we identified sea ice ridges as potentially 

high biomass and high NPP features, which should receive more dedicated research. 

 



Chapter 3 - Paper 3: Sea ice algae variability 

70 

 

3.1 Introduction  

There is mounting evidence for an overall increase in Arctic-wide net primary production (NPP) as a 

result of the declining sea ice cover and increasing duration of the phytoplankton growth season 

(Arrigo & van Dijken, 2011; Arrigo & van Dijken, 2015; Fernández-Méndez et al., 2015). It remains 

uncertain how sea ice algae NPP will respond to continued changes of the sea ice 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) (Nicolaus et al., 2012).  

In the central Arctic Ocean sea-ice algae has been documented to contribute up to 60% of the NPP 

during summer (Fernández-Méndez et al., 2015; Gosselin et al., 1997). Overall, however, sea ice-

related PP is relatively low accounting for 1 to 10 % of total PP in the Arctic Ocean (Arrigo & van 

Dijken, 2015; Dupont, 2012). Regardless of the overall low contribution of ice-related PP, sympagic 

(ice-associated) and pelagic organisms both showed a high dependency on ice-algae 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 organisms (Michel et al., 

1996; Søreide et al., 2010), highlights 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 ice-algal biomass has been related to the distribution of snow on FYI, 

due to the large influence of snow on light transmission, with patch sizes in the ranges of 5 ï 10 m 

(Rysgaard et al., 2001) and 20 ï 90 m (Gosselin et al., 1986; Granskog et al., 2005; Søgaard et al., 

2010). The undulating surface topography of MYI plays an important role in the distribution of snow, 

which has been linked to the presence of high ice-algal biomass at the bottom of thick MYI 

hummocks with little or no snow cover (Lange et al., 2015). In summer when the 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 influence (Grossi et al., 1987; Lavoie et al., 2005). 

The spatial distribution of ice algal biomass during summer, however, remains poorly understood and 

under-sampled. 

The high spatial and temporal variability of sea ice algae, in addition to sparse sampling, results in 

poorly constrained sea ice-algal biomass and PP estimates for the central Arctic Ocean (Miller et al., 

2015). Large-scale estimates of sea ice algal biomass and PP are limited to modelling studies as 

satellites are unable to observe the underside of sea ice. Lee et al. (2015) demonstrated that pelagic 

phytoplankton PP models for the Arctic Ocean were highly sensitive to uncertainties in chlorophyll a 

(chl a) and performed best with in situ chl a data. In situ ice algal chl a used in models, however, are 

typically based on a small number of ice core observations (e.g., Fernández-Méndez et al., 2015). A 

recent study comparing ice core chl a biomass to floe-scale (~200 m) ROV-based spectrally derived 

ice-chl a biomass showed large differences, which could carry high uncertainties for large-scale 

estimates based on these data (Lange 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 coring-based in vitro 

incubations (e.g., Fernández-Méndez et al., 2015; Gosselin et al., 1997; Gradinger, 2009) or in situ 

incubations (e.g., Gradinger, 2009; Mock & Gradinger, 1999), and at larger scales the under-ice eddy 

covariance method integrates primary production over an area of 100 m
2
 (Long et al., 2012). Thus 

there is a large gap in spatial coverage between the 0.01 to 100 m
2
 scales, 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 availability, ice melt and growth, and the spatial distribution of ice 

algae. Typical patch sizes of snow have been reported in the range 20 to 25 m (Gosselin 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) and 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 gap of ice-algal chl a biomass 

and primary production estimates by combining in vitro ice coring-derived photosynthetic parameters 
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with spectrally derived chl a biomass and under-ice light measurements. Furthermore, we investigated 

the spatial patterns of biomass and NPP estimates, and evaluated potential discrepancies between the 

up-scaled and core-based estimates.  

3.2 Materials and Methods  

3.2.1 Spectrally derived ice -algal biomass estimates  

Under-ice profiling platform-based spectral measurements were made using an under-ice remotely 

operated vehicle (ROV) and surface and under-ice trawl (SUIT), with mounted sensor arrays, 

described in (David et al., 2015). All surveys were conducted during the RV Polarstern expedition 

PS80 to the central Arctic Ocean in August and September 2012. ROV spectral surveys were 

conducted at seven ice stations (Figure 1). SUIT spectral surveys were conducted at 9 stations (Figure 

1). Incoming solar radiation observations were measured on-ice for ROV based spectral 

measurements, and from a ship-based sensor for SUIT-based spectral measurements. To ensure high 

quality spectra, data were limited to observations at a distance to ice-bottom of Ò 1 m and with a pitch 

and roll between -10º and 10º, as suggested by (Nicolaus & Katlein, 2013). SUIT spectral surveys 

were manually inspected to identify good spectral 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 sensor measurements of depth and distance to ice bottom, and 

corrected for pitch and roll angles as described in Lange et al. (submitted) and David et al. (2015). Sea 

ice ridges were identified from the SUIT ice draft profiles using the Rayleigh criteria, following 

procedures described by: Castellani et al. (2014);  and Rabenstein et al. (2010) for the sea ice surface 

topography and Castellani et al. (2015) for the sea ice bottom profile. Ice draft local minima (e.g., 

thicker ice as draft is negative) identified along the SUIT profile with a threshold of 1.5 m deeper than 

the surrounding ice, following Castellani et al. (2015), were selected as potential ridges. 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 order to calculate ridge density (ridges km
-1
) and percent 

coverage of ridges. Here ridge depth was calculated as the width at half maximum. During one SUIT 

haul (station 358) there were no altimeter measurements. Because the SUIT generally travels directly 

under the ice, the depth measurements can be used to reliably (R
2
 = 0.78) derive level ice draft using a 

simple linear model, previously presented in David 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 chl a biomass estimates were derived from under-ice profiling platform-based spectral 

transmittance observations using empirical orthogonal function (EOF) analysis combined with 

generalized linear models (GLM), as described in (Lange et al., submitted). GLMs were fitted using 

ice core chl a concentrations (response variable) and EOF modes (predictor variables). The 

combination of spectral transmittance, calculated according to Nicolaus et al. (2010), and the EOF 

approach resulted in the most reliable predictive model with a true prediction error estimate, 10-Fold 

cross validated root mean squared error (RMSECV), of 1.8 mg chl a m
-2 

(Lange et al., submitted). In 

addition, the selected predictive model showed good agreement between chl a estimates derived from 

independent spectral data (spectra not used to fit the model) and ice core chl a concentrations for the 

same location. 

We resampled the data in order to account for potential spatial sampling biases (e.g., multiple or 

overlapping measurements at the same location), and the variable footprint size of the under-ice ROV 

spectral measurements. Data were resampled to a grid (x, y) of equally spaced 1 m diameter circles 

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

was created for the ROV measurements (ROV circles) with each circleôs center location determined 

by the measurement location (x, y) and the diameter determined by the footprint of the measurement 

(e.g., distance to ice bottom multiplied by 2, as described in (Lange et al., submitted). For each grid 
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circle with only one overlapping ROV circle, which had an overlapping area Ó 0.2 m
2
 (25% of the 1 m 

circle), the corresponding ROV-based transmittance and chl a were assigned to that grid circle. For 

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

an overlapping area Ó 0.2 m
2
, the weighted means of the corresponding ROV-based transmittance and 

chl a were assigned to the grid circle. 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 refer to Supplementary Figure 

S1. 

3.2.2 ROV-based Net Primary Production estimates  

Up-scaled daily ice-algal net primary production (NPP) estimates, P (mg C m
-2
 d

-1
), were calculated 

using the photosynthesis equation from (Platt et al., 1980): 

╟    ╟▼
║ ▄ ╘θ◄╟▼

║ϳ ▄♫╘◄╟▼
║ϳ  ╬▐■╪ 

◄

 

where P
B

s is the chl a-normalized maximum fixation rate with no photoinhibition (mg C [mg chl a]
-

1
 h

-1
); Ŭ is the initial slope of the saturation curve (mg C [mg chl a]

-1
 h

-1 
[µmol photons m

 2
 s

-1
]
-1
); and 

ɓ is strength of photoinhibition (same units as Ŭ). P
B

s, Ŭ, and ɓ correspond to the photosynthetic 

parameters determined by Fernández-Méndez et al. (2015) based on ice core samples collected from 

the same seven ice stations. Derivation of the photosynthetic 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 all chl a profile cores. chla 

represents the bottom-ice algae chl a concentrations derived from ROV-based spectral transmittance 

measurements. ROV-based chl a correspond to the total biomass within the entire ice column 

therefore we multiplied by 0.75 to get the appropriate fraction of the total chl a in the bottom ice 

portion. I t is the hourly-averaged available transmitted PAR (µmol photons m
 2
 s

-1
) at the ice-water 

interface, converted to bottom-ice scalar irradiance according to Katlein et al. (2014), and calculated 

for each hour (t) over a 24 hour period (t =1, 2,..24) by multiplying the ROV spectral (PAR) 

transmittance by hourly-averaged (t) incoming PAR (µmol photons m
 2
 s

-1
) measured during each 

corresponding ice station.  

Net primary production estimates were only calculated and compared for the bottom ice portions 

because previous in situ incubations demonstrated bottom-ice had the highest primary production 

rates, despite lower irradiance levels, which was attributed to replenishment of nutrients from the 

surface waters (Mock & Gradinger, 1999). Furthermore, because sea ice algal biomass typically 

accumulates in the bottom-ice portion it is safe to assume a large majority of the primary production 

also occurs in the bottom-ice. 

Comparison of ice core chl a with ROV- and SUIT-based spectrally derived chl a estimates were 

conducted using Studentôs t test on the log-transformed chl a values. Weighted mean and weight 

standard deviation were used for the log-transformed SUIT chl a as these data were not re-sampled. 

Similarly, NPP estimates were log-transformed for comparisons; however, these comparisons were 

conducted between ROV-based estimates for level sea ice and sea ice ridges at station 224 only.  

Ice core chl  a data used for comparison were presented in Fernández-Méndez et al. (2015), hereafter 

referred to as ñFMò cores (1 core per station); and Lange et al. (submitted), hereafter referred to as 

ñLAò cores (4 ï 12 cores per station). Studentôs t tests were performed using the FM and LA cores 

grouped together as t tests require a sample size greater than one. Since the FM-cores were used to 

characterize the NPP for each ice station we do, however, assess the representativeness of the single 

cores compared to the up-scaled ROV and SUIT surveys of chl a biomass and NPP. FM-cores were 

considered representative of the area if they were within the interquartile range (IQR; 25 ï 75 

percentiles) of the up-scaled ROV and SUIT estimates. 
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The relative importance of each variable (chla and I t), in terms of explaining the variance of NPP for 

each ROV station, was assessed using the coefficient of determination (R
2
) for all up-scaled NPP 

estimates (Pt) vs. chl a (chla) estimates (i.e., explained variance due to chl a), and NPP estimates (Pt) 

vs. bottom-ice light (I t) observations (i.e., explained variance due to light). The R
2
 was calculated for 

each hour (t) of the 24 hour period to assess the diurnal variability of light conditions. Values 

provided in Table 1 correspond to the daily mean R
2
.  

3.3 Representativeness of ice -algal biomass estimates  

Sea ice cores had significantly lower chl a biomass than ROV estimates at station groups B, C, D, and 

F, which were all generally lower-biomass stations (Figure 1 and Table 1). Ice cores also had 

significantly lower biomass than ROV-based biomass estimates at group G where biomass was 

slightly higher (Figure 1 and Table 1). No significant differences were observed at groups H and I, 

which were relatively higher-biomass stations (Figure 1 and Table 1). The FM-cores were 

representative (i.e., within the IQR) of the up-scaled SUIT-based chl a biomass estimates at only 

station group B and were only slightly larger than the 75
th
 percentile of the ROV-based estimates. 

FM-cores were not representative of the larger scale chl a biomass estimates at all other stations 

groups. FM-cores at station groups C, H, and I, over-estimated chl a biomass compared to the up-

scaled estimates, and at station groups D, E, F, and G the FM-cores under-estimated chl a biomass 

compared to the up-scaled surveys (Table 1). All gridded ROV surveys of chl a, sea ice draft, 

transmittance and NPP are shown in Supplementary Figures S2 to S9. SUIT profiles of chl a, sea ice 

draft, and identified ridges are shown in Supplementary Figures S10 to S17.    

These results demonstrate the difficulty to capture the larger-scale variability of ice algal biomass 

using only coring-based methods. In general, ice coring under-estimated ice-algal biomass at the 

relatively lower-biomass stations. While at the higher-biomass stations the ice cores appeared to 

accurately capture the variability of ice-algal biomass. The higher-biomass observed was likely the 

result of less melt-induced algal losses due to thicker ice and lower melt rates at these higher latitudes 

stations (Lange et al., submitted). Sampling biases could have also resulted at the advanced melt 

stations, which may have had a higher chance of losing biomass from the ice-bottom during coring 

due to drainage or ice loss. Another explanation could be that relatively higher-biomass regions (e.g., 

patches) at lower-biomass stations had a lower probability to be sampled compared to higher biomass 

stations and were not accurately represented at the lower-biomass stations. We must not overlook the 

possibility that the up-scaled estimates over-estimated the biomass; however, this is unlikely because 

the model for spectrally deriving chl a biomass had no directional bias and some of the cores had 

comparable values to the up-scaled chl a estimates (Lange et al., submitted).  

The higher-biomass station 360 (group I) 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 mg chl a m
-2
) only one core was within the IQR (2.96 ï 6.70 mg chl a m

-2
) albeit at the high 

range. One core with near-zero biomass resulted in an overall mean biomass (log-transformed) that 

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

the up-scaled values. 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 the up-scaled biomass estimates. 

Even at stations with the largest sample sizes of 8 (group B) and 12 (group C) there were significant 

differences between the cores and up-scaled biomass estimates. This further emphasizes the issue of 

accurately representing the variability of ice-algal biomass by strictly using ice core-based methods 

even if the sample size was large. 

The discrepancy between the ice core-based and up-scaled biomass estimates in combination with the 

lack of autocorrelation (i.e., patch size identification; not shown here) indicates the ice-algal biomass 

was highly variable at small scales (< 2 m), which was difficult to capture with average measurement 

footprints between 1 ï 2 m for ROV and SUIT surveys. The up-scaled estimates were therefore the 

averages over a larger area and are less likely to capture small patches of high-biomass or low-

biomass (i.e., values in the range 8 to12 mg chl a m
-2  

or with near-zero 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 constraints: first, the cores do not capture the large-

scale variability; and second, the up-scaled surveys do not capture small-scale variability. Therefore, 

these results highlight the potential uncertainties in making assumptions about the spatial 

representativeness of ice-algal biomass estimates. Since little is known or has been reported on 

summertime spatial variability of ice-algal biomass we propose that observations from both core-

based and under-ice spectral profiling systems should be combined when making assumptions about 

multi-scale spatial variability of ice-algal biomass.  

When chl a estimates were grouped into FYI and MYI stations for each gear, we observed no 

significant differences between the FM-cores and the ROV or SUIT chl a estimates (supplementary 

Table S 1). This demonstrates a suitable approach taken by Fernández-Méndez et al. (2015), used to 

increase the representativeness of the biomass samples for up-scaling. However, sample sizes were 

small (N = 3 and 5) for ice cores of each ice type and the median and IQR values had large differences 

between the cores and ROV or SUIT. Similar to the LA-cores from station 360, two of the MYI FM-

cores had high biomass (8 mg chl a m
-2
) while one had very low biomass (0.4 mg chl a m

-2
), which 

resulted in the mean value being largely influenced by one low value. Although in this case the mean 

MYI FM -core biomass values were not significantly different, each MYI FM-core value was higher 

or lower than the IQR of the larger-scale estimates. A similar pattern was observed with 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 remained a high risk of estimating a non-representative mean 

(or median) and variance (range or IQR) of ice algal chl a biomass. 
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Table 1. Summary of incoming and bottom-ice light, chl a 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) and surface and under-ice trawl (SUIT). 

Group Gear a 
Sample 

Size 
Station Incoming PAR b Scalar PAR (I) b Chl a c NPP c Explained Variance (R2) of NPP by 

    µmols photons m-2 s-1 mg m-2 mg C m-2 d-1 I  Chl a 

A SUIT 46 216 ï ï 0.9 (0.7 ï 1.1)  ï ï ï 

B 

 

 

FM 

LA 

ROV 
SUIT 

SUIT-2 

1 

8 

468 
43 

45 

224 

224 

224 
223 

233 

249 ± 90 

ï 

211 ± 72 
ï 

ï 

40.8 ± 14.7 

ï 

51.3 ±  25.1  
ï 

ï 

1.2 

0.34 (0.20 ï 0.48) *R; *S 

1.04 (0.97 ï 1.18)  
1.6 (1.1 ï 1.7)  

1.2 (1.0 ï 1.5)  

10.16 

ï 

8.5 (5.6  ï 12.3) 
ï 

ï 

ï 

ï 

0.65 (0.53 ï 0.71) 
ï 

ï 

ï 

ï 

0.12 (0.08 ï 0.20) 
ï 

ï 

C 

 

FM 

LA 

ROV 

ROV-2 

1 

12 

156 

1378 

237 

237 

237a 

237b 

174 ± 90 

ï 

137 ± 59 

137 ± 59 

28.5 ± 14.7 

ï 

28.8 ±  23.2  

18.7 ±  8.1 

1.7=(+) 

0.63 (0.46 ï 1.07) *R 

0.96 (0.76 ï 1.17) = 

1.26 (1.10 ï 1.50) = 

0.56=(-) 

ï 

0.6 (0.3 ï 1.0) 

0.9 (0.6 ï 1.0) = 

ï 

ï 

0.61 (0.34 ï 0.84) 

0.60 (0.37 ï 0.79) 

ï 

ï 

0.12 (0.03 ï 0.25) 

0.08 (0.03 ï 0.17) 

D 
 

FM 
LA 

ROV 

1 
4 

186 

255 
255 

255 

104 ± 71 
ï 

93 ± 60 

26.7 ± 18.2 
ï 

36.3 ± 20.3 

0.6=(-) 
0.79 (0.67 ï 1.16)  *R 

1.42 (1.37 ï 1.54) = 

0.62=(-) 
ï 

1.7 (1.5 ï 1.9) = 

ï 
ï 

0.11 (0.0 ï 0.24) 

ï 
ï 

0.71 (0.53 ï 0.93) 

E FM 
SUIT 

1 
91 

277 
285 

101 ± 57 
ï 

25.9 ± 14.6 
ï 

0.4=(-) 
1.2 (0.8 ï 2.0) = 

0.45 
ï 

ï 
ï 

ï 
ï 

F 

 

 

FM 

LA 

ROV 
SUIT 

1 

6 

1145 
63 

323 

323 

323 
321 

81 ± 63 

ï 

67 ± 49 
ï 

24.2 ± 18.8 

ï 

7.7 ±  8.6 
ï  

0.3= (-) 

0.17 (0.05 ï 0.23) *R 

1.53 (1.36 ï 1.74) =  
1.6 (0.6 ï 2.7) = 

0.02=(-) 

ï 

0.14 (0.10 ï 0.19) = 
ï 

ï 

ï 

0.87 (0.77 ï 0.91) 
ï 

ï 

ï 

0.17 (0.14 ï 0.22) 
ï 

G 

 
 

 

 

FM 

LA 
ROV 

ROV-2 

SUIT 

1 

6 
762 

302 

18 

335 

335 
335m 

335f 

345 

49 ± 43 

ï 
46 ± 39 

46 ± 39 

ï 

5.9 ± 5.2 

ï 
3.0 ±  7.6 

2.3 ±  2.7 

ï 

0.4=(-) 

0.91 (0.38 ï 1.07) *R 
2.36 (1.89 ï 2.83) = 

2.73 (2.3 ï 3.16) = 

1.4 (0.4ï 5.3)  

0.05=(-) 

ï 
0.13 (0.07 ï 0.22) = 

0.13 (0.08 ï 0.24) = 

ï 

ï 

ï 
0.93 (0.89 ï 0.95) 

0.69 (0.68 ï 0.69) 

ï 

ï 

ï 
0.01 (0.01 ï 0.02) 

0.08 (0.07 ï 0.10)  

ï 

H FM 

LA 

ROV 
SUIT 

1 

7 

282 
101 

349 

349 

349 
358 

25 ± 15 

ï 

23 ± 13 
ï 

1.4 ± 0.9 

ï 

2.4 ± 1.5 
ï 

8=(+) 

0.58 (0.25 ï 2.26)  

1.32 (1.17 ï 1.51) = 
1.9 (1.4 ï 2.5) = 

1.00=(+) 

ï 

0.14 (0.09 ï 0.21) = 
- 

ï 

ï 

0.18 (0.12 ï 0.24) 
ï 

ï 

ï 

0.60 (0.53 ï 0.67) 
ï 

I FM 

LA 

ROV 

1 

4 

647 

360 

360 

360 

13 ± 7 

ï 

10 ± 5 

0.9 ± 0.5 

ï 

0.4 ±  0.4 

8=(+) 

7.25 (4.86 ï 8.98)  

4.36 (2.86 ï 6.70) = 

0.39=(+) 

ï 

0.07 (0.05 ï 0.12) = 

ï 

ï 

0.79 (0.77 ï 0.79) 

ï 

ï 

0.16 (0.15 ï 0.17) 
=corresponds to not-representative, i.e., FM-core estimate outside of interquartile range of ROV and/or SUIT. (+) indicates over-estimate; (-) under-estimate compared to larger-scale data. *R corresponds to a 

significant difference between ice cores (FM and LA cores combined) and ROV; and *S significant difference between ice cores and SUIT (p < 0.05). 
a ñFMò corresponds to FM-cores from Fernández-Méndez et al. (2015); ñLAò correspond to LA-cores from (Lange et al., submitted); ñROVò correspond to the up-scaled remotely operated vehicle estimates; and 

ñSUITò correspond to the up-scaled surface and under-ice trawl estimates. 
b Incoming PAR and bottom ice scalar PAR (I) are presented as mean ± sd to maintain consistency with Fernández-Méndez et al. (2015)  
c Chl a and NPP are presented as median (interquartile range). 
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Figure 1. Bar graph showing an inter-method and regional comparison of ice-algae chl a biomass based on single ice cores from each station (FM-CORES), 

data from Fernández-Méndez et al. (2015); multiple ice cores from each station (LA-CORES), data from Lange et al. (submitted); and spectrally derived chl a 

from under-ice ROV and SUIT surveys. FM-CORES bars represent a single value whereas the other bars represent median (50
th
 percentile) with error bars 

representing the 25
th
 and 75

th
 percentiles. ñ*ò depicts significant t test (p < 0.05) results performed between: CORES and ROV (C~R); or CORES and SUIT 

(C~S). CORES correspond to LA-CORES and FM-CORES grouped together. 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 each grouping are listed in Table 1). Sea ice 

concentration data acquired from www.meereisportal.de according to algorithms in Spreen et al. (2008). Sea 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 higher (e.g., Gosselin et al., 1986), assuming there is no photo-inhibition. During our 

summer sampling period, however, we found no strong correlations between the up-scaled chl a 

estimates and available under-ice light (i.e., maximum spearman correlation coefficient, r = 0.22). 

This means the under-ice light and chl a varied independent of each other, which is likely because in 

late-summer biomass losses due to high melt rates (Lange et al., submitted) had a dominant influence 

on bottom-ice biomass. For example, bottom-ice with higher light levels may also have had higher 

melt rates due to more internal ice absorption, which could not have sustained a bottom-ice 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., melt), which can influence NPP, the spatial distribution of NPP may be more complex 

in late-summer than during the spring to summer transition making it even more important to 

understand and account for the spatial variability of both chl a biomass and the bottom-ice light field.  

We accounted for the spatial variability of NPP by combining the variability of both chl a and bottom-

ice light in the calculations of the larger-scale NPP estimates then determined the explained variance 

of NPP by each variable individually. All gridded ROV surveys of NPP are shown in Supplementary 

Figures S2 to S9. At station groups B, C, F, G and I, the spatial variability of bottom-ice light 

explained most of the spatial variability of the up-scaled NPP estimates, whereas at station groups D 

and H, chl a explained most of the spatial variability of NPP (Table 1 and supplementary Figure S18). 

These results emphasize the importance of accounting for both the spatial variability of ice-algal 

biomass and the bottom-ice light field in order to make representative NPP estimates. 

The largest diurnal variability of the explained variances was observed at stations with the largest 

bottom-ice light levels, which also had larger diurnal variability of light levels (Table 1 and 

supplementary Figure S2). At all stations, the explained variance of chl a was inversely related to 

light, which is expected since NPP is a function of both variables and chl a estimates were constant 

over the diurnal cycle while only light varied. The inter-station differences 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, median and IQR chl a or bottom-ice light). However, there was a non-significant but 

strong positive correlation (r = 0.46) between explained variance of NPP by chl a with sea ice NO3 

concentrations (data from Fernández-Méndez et al., 2015), and a non-significant but strong negative 

correlation between explained variance of NPP by bottom-ice light with sea ice NO3 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 on the relative (inter-station) importance of chl a biomass and light on 

NPP. 

FM-core NPP estimates were representative (i.e., within the IQR) of the up-scaled estimates at station 

group B and one ROV survey at station group C (Table 1). FM-cores under-estimated NPP at station 

groups C, D, F, and G, and over-estimated NPP at station groups H and I compared to the up-scaled 

ROV-based NPP estimates (Table 1). The differences between methods were likely the result of 

differences in chl a and/or light. Station group B had similar chl a biomass and NPP for both the FM-

core and up-scaled estimates (Table 1, Figures 1 and 2). Station groups D, F, and G had higher up-

scaled chl a biomass and NPP estimates compared to FM-core estimates (Table 1). Conversely, 

station groups H and I had lower up-scaled chl a biomass and NPP estimates compared to FM-core 

estimates (Table 1). The same directional difference of chl a biomass and NPP observed between up-

scaled and FM-core estimates for all station groups, except group C, suggests the differences between 

the FM-cores and up-scaled NPP estimates were driven by the differences in chl a biomass with the 

exception of station group C. This was further confirmed by the fact that the bottom-ice light levels 

used for each method were comparable for all stations (Table 1).  

Only station group C had higher chl a biomass but lower NPP estimates for the FM-cores compared to 

the up-scaled estimates (Table 1; Figures 1 and 2). Furthermore, light levels were comparable (237a) 
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or slightly higher (237b) for the FM-core derived NPP estimates compared to the ROV surveys (Table 

1). This suggests that the spatial variability of both the chl a biomass and bottom-ice light derived 

from the group C ROV surveys had a combined influence on the observed differences that is not 

apparent from the overall survey estimates.  

Station group B had similar NPP estimates for the FM-core and up-scaled observations (Table 1 and 

Figure 2), which we attributed to the similar chl a biomass estimates (Table 1 and Figure 1). Even 

though light levels and chl a 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 attributed to the substantially higher value of the photosynthetic parameter P
B

s determined for this 

station (Fernández-Méndez et al., 2015), compared to all other stations. This further emphasizes the 

need for larger samples sizes for ice core-based estimates and that the combination of data from 

several stations, an approach described by Fernández-Méndez et al. (2015), is necessary not only to 

account for the spatial variability of light and chl a but also the potential variability of the derived 

photosynthetic parameters. 

We observed no significant differences between the FM-cores and the up-scaled NPP estimates when 

they were grouped into FYI and MYI stations (Table 2). However, the median and IQR values had 

large differences between sampling methods 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 

estimates but with only a small number of samples this approach can still carry high risk of obtaining 

non-representative or false estimates.
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Figure 2. Bar graph showing a comparison of net primary production (NPP) estimates based on ice core samples (FM-CORES) and up-scaled NPP estimates 

based on ROV measurements of spectral transmittance and spectrally-derived chl a. Inset is a magnified version of full bar graph, to better show the low 

values, with y-axis maximum corresponding to the dashed line on the full bar graph. At some ice stations two ROV surveys were conducted at different 

locations on the ice floe (e.g., ROV and ROV-2). 



Chapter 3 - Paper 3: Sea ice algae variability 

80 

 

3.5 Sea ice ridges have high biomass and net primary production  

Sea ice algae are generally an under-sampled component of sea ice. Sea ice ridges are even more 

under-sampled 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 advanced melt (Gradinger 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 high biomass 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 ice-algal chl a biomass than the level ice (p < 0.05) (Supplementary 

Table S 2; Figure 3 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 3 b). This difference was attributed to the lower bottom-ice light at ridge 1. Bottom-ice light 

was significantly higher for level ice compared to both ridges (p < 0.05; Supplementary Table S 2) 

indicating that the variability of ice-algal chl a biomass was more important than the bottom-ice light 

levels in determining NPP at ridge 1 since NPP was not different between ridge 1 and the level ice. 

Chl a biomass and bottom-ice light explained comparable amounts of the level ice NPP variance, 

however, chl a biomass explained relatively more variance compared to bottom-ice light at ridges 1 

and 2 (Supplementary Table S 2). Chl a biomass explained between 58 ï 91 % of the NPP variance 

when ridges and level ice were examined separately. However, chl a only explained 12 % of the NPP 

variance for the entire ROV survey (Supplementary Table S 2). This exemplifies the complex 

relationship between chl a biomass and available PAR for NPP estimates and that during late summer 

(i.e., advanced melt) both the variability of bottom-ice light levels and the variability of chl a biomass 

are required to make representative large-scale 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 surrounding sea ice. Bottom-ice scalar 

irradiance values, I, 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 understand 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 ridges per SUIT haul were too small 

and ridge sampling was biased therefore a statistical comparison was not conducted.  Nevertheless, 

identified high biomass ridges had chl a biomass estimates in the range 2 ï 9 mg chl a m
-2 

(Figure 3 

and supplementary Figure S10 to S17), which is larger than the overall SUIT haul median values in 

the range 1.2 ï 1.9 mg chl a m
-2 

(Table 1). This suggests that sea ice ridges can have a significant 

contribution to overall ice-algal biomass and NPP and therefore should also be more accurately 

sampled and included in large-scale models.  

Based on the ridge identification analysis for all SUIT stations we calculated a mean (minïmax) ridge 

density of 7.5 ridges km
-1
 (2.5 ï 18.0), mean ridge width of 68.7 m (47.6 ï 100.3), and a mean percent 

total ice coverage by ridges of 9.2 % (2.5 ï 15.4 %). Ridge analysis summaries for each SUIT station 

are shown in Supplementary Table S 3 and SUIT profiles with identified ridges are shown in 

Supplementary Figures S10 to S17. These results demonstrate that sea 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 surveys do not representatively sample sea ice ridges 

and therefore remains an under-sampled component of the overall sea ice system. Movement of the 

SUIT is guided by the under-ice topography and therefore at ridges the SUIT contacts the ridge and 

diverts downward causing larger distances to the ice and/or large pitch and roll therefore the sensors 

may not ñseeò the ice bottom. This constraint would be difficult to overcome since the most obvious 

option would be to decrease the towing speed. However, the chosen haul speeds are required to ensure 

representative fauna catches. Another option could be to do ñsensorò dedicated hauls where haul 

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 of decreasing 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 under sea ice 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 priority in 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 chl a biomass estimates for these features. However, this is 

unlikely since not all ridges 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 chl a biomass with spectral measurements are required in order to better 

understand the potential for high ice-algal biomass at sea ice ridges. 

3.6 Conclusions 

We presented two novel approaches to estimate ice-algal biomass and net primary production, which 

have demonstrated substantial improvements regarding representative sea ice algae observations. We 

provided, for the first time, a detailed multi-scale comparison of ice-core based ice-algal biomass and 

NPP estimates with up-scaled spectrally-derived estimates. Our results showed that ice core-based 

estimates of summertime ice-algal biomass and NPP do not representatively capture the spatial 

variability compared to the up-scaled estimates. This may carry similar uncertainties for pan-Arctic 

estimates based on ice core observations alone. We showed that grouping ice core samples, an 

approach used by Fernández-Méndez et al. (2015), can 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 recommend that future sea ice sampling should combine ice-

core based methods to estimate ice-algal biomass and NPP with the larger-scale under-ice spectral 

profiling approaches presented and described here and in Lange et al. (submitted).  

We also identified high biomass ridges within several up-scaled 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 support previous findings on the potential 

importance of sea ice ridges for under-ice fauna during advanced melt (Gradinger et al., 2010). 

Further dedicated sea ice ridge studies are warranted particularly in terms of ice algal biomass, 

nutrients, primary production and bio-optical properties.  
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Figure 3. Identified high biomass ridges at remotely operated vehicle (ROV) station 224 showing a) draft (m); b) transmittance; c) spectrally-derived chl a 

biomass (mg m
-2
); and d) net primary production-NPP (mg C m

-2
 s

-1
). 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 Under-Ice Trawl (SUIT) station 223 showing sea ice draft, identified ridges and 

spectrally-derived chl a biomass. 



Chapter 3 - Paper 3: Sea ice algae variability 

83 

 

Acknowledgments and Data 

We thank Martin Schiller for his technical expertise and operational support during ROV 

deployments. We thank Captain Uwe Pahl, the crew, and scientific cruise leader Antje Boetius of RV 

Polarstern expedition PS80.3 (ARK27-3; IceArc), for their excellent support and guidance with work 

at sea. We thank Jan Andries van Franeker (IMARES) for kindly providing the Surface and Under-Ice 

Trawl (SUIT) and Michiel van Dorssen for technical support. SUIT was developed by IMARES with 

support from the Netherlands Ministry of EZ (project WOT-04-009-036) and the Netherlands Polar 

Program (project ALW 866.13.009). We acknowledge the collaboration and technical support by 

Ocean Modules, Sweden for development and deployment of the ROV. This study is part of the 

Helmholtz Association Young Investigators Group Iceflux: Ice-ecosystem carbon flux in polar oceans 

(VH-NG-800). We also acknowledge the Alfred-Wegener-Institut, Helmholtz-Zentrum für Polar- und 

Meeresforschung for essential financial and logistical support. All data are available from the 

PANGAEA database doi.org/XX.XXXX/PANGAEAXXXXXX. 



Chapter 3 - Paper 3: Sea ice algae variability 

84 

 

References 

Arrigo, K.R., van Dijken, G.L., 2011. Secular trends in Arctic Ocean net primary production. Journal of 

Geophysical Research, 116, C09011. 

Arrigo, K.R., van Dijken, G.L., 2015. Continued increases in Arctic Ocean primary production. Progress in 

Oceanography, 136, 60-70. 

Castellani, G., Lüpkes, C., Hendricks, S., Gerdes, R., 2014. Variability of Arctic sea-ice topography and its 

impact on the atmospheric surface drag. Journal of Geophysical Research: Oceans, 119, 6743-6762. 

David, C., Lange, B., Rabe, B., Flores, H., 2015. Community structure of under-ice fauna in the Eurasian central 

Arctic Ocean in relation to environmental properties of sea-ice habitats. Marine Ecology Progress Series, 

522, 15-32. 

Dupont, F., 2012. Impact of sea-ice biology on overall primary production in a biophysical model of the pan-

Arctic Ocean. Journal of Geophysical Research, Vol. 117. 

Fernández-Méndez, M., Katlein, C., Rabe, B., Nicolaus, M., Peeken, I., Bakker, K., Flores, H., Boetius, A., 

2015. Photosynthetic production in the Central Arctic during the record sea-ice minimum in 2012. 

Biogeosciences Discussions, 12, 2897-2945. 

Fetterer, F., Knowles, K., Meier, W., Savoie, M., 2002, udpated 2011. Sea Ice Index. Boulder, CO: National 

Snow and Ice Data Center. Digital Media. 

Gosselin, M., Legendre, L., Therriault, J.C., Demers, S., Rochet, M., 1986. Physical control of the horizontal 

patchiness of sea-ice microalgae. Marine Ecology Progress Series, 29, 289-298. 

Gosselin, M., Levasseur, M., Wheeler, P.A., Horner, R.A., Booth, B.C., 1997. New measurements of 

phytoplankton and ice algal production in the Arctic Ocean. Deep Sea Research Part II: Topical Studies in 

Oceanography, 44, 1623-1644. 

Gradinger, R., 2009. Sea-ice algae: Major contributors to primary production and algal biomass in the Chukchi 

and Beaufort Seas during May/June 2002. Deep Sea Research Part II: Topical Studies in Oceanography, 56, 

1201-1212. 

Gradinger, R., Bluhm, B., Iken, K., 2010. Arctic sea-ice ridgesðSafe heavens for sea-ice fauna during periods 

of extreme ice melt? Deep Sea Research Part II: Topical Studies in Oceanography, 57, 86-95. 

Granskog, M.A., Kaartokallio, H., Kuosa, H., Thomas, D.N., Ehn, J., Sonninen, E., 2005. Scales of horizontal 

patchiness in chlorophyll a, chemical and physical properties of landfast sea ice in the Gulf of Finland 

(Baltic Sea). Polar Biology, 28, 276-283. 

Grossi, S., Kottmeier, S., Moe, R., Taylor, G., Sullivan, C., 1987. Sea ice microbial communities. 6. Growth and 

primary production in bottom ice under graded snow cover. Marine Ecology Progress Series, 35, 153-164. 

Katlein, C., Arndt, S., Nicolaus, M., Perovich, D.K., Jakuba, M.V., Suman, S., Elliott, S., Whitcomb, L.L., 

McFarland, C.J., Gerdes, R., Boetius, A., German, C.R., 2015. Influence of ice thickness and surface 

properties on light transmission through Arctic sea ice. Journal of Geophysical Research: Oceans, 120, 

5932-5944. 

Katlein, C., Nicolaus, M., Petrich, C., 2014. The anisotropic scattering coefficient of sea ice. Journal of 

Geophysical Research, 119, 842-855. 

Kohlbach, D., Graeve, M., Lange, B.A., David, C., Peeken, I., Flores, H., 2016. The importance of ice algae-

produced carbon in the central Arctic Ocean ecosystem: food web relationships revealed by lipid and stable 

isotope analyses. Limnol. Oceanogr. 

Lange, B.A., Katlein, C., Nicolaus, M., Peeken, I., Flores, H., submitted. Spectrally-derived sea ice-algal 

chlorophyll a concentrations using under-ice horizontal profiling platforms. Journal of Geophysical 

Research. 

Lange, B.A., Michel, C., Beckers, J.F., Casey, J.A., Flores, H., Hatam, I., Meisterhans, G., Niemi, A., Haas, C., 

2015. Comparing springtime ice-algal chlorophyll a and physical properties of multi-year and first-year sea 

ice from the Lincoln Sea. PLoS ONE, 10, e0122418. 

Lavoie, D., Denman, K., Michel, C., 2005. Modeling ice algal growth and decline in a seasonally ice-covered 

region of the Arctic (Resolute Passage, Canadian Archipelago). Journal of Geophysical Research, 110, 

C11009. 

Lee, Y.J., Matrai, P.A., Friedrichs, M.A.M., Saba, V.S., Antoine, D., Ardyna, M., Asanuma, I., Babin, M., 

Bélanger, S., Benoît-Gagné, M., Devred, E., Fernández-Méndez, M., Gentili, B., Hirawake, T., Kang, S.-H., 

Kameda, T., Katlein, C., Lee, S.H., Lee, Z., Mélin, F., Scardi, M., Smyth, T.J., Tang, S., Turpie, K.R., 

Waters, K.J., Westberry, T.K., 2015. An assessment of phytoplankton primary productivity in the Arctic 

Ocean from satellite ocean color/in situ chlorophyll-a based models. Journal of Geophysical Research: 

Oceans, 120, 6508-6541. 

Long, M.H., Koopmans, D., Berg, P., Rysgaard, S., Glud, R.N., Søgaard, D.H., 2012. Oxygen exchange and ice 

melt measured at the ice-water interface by eddy correlation. Biogeosciences, 9, 1957-1967. 



Chapter 3 - Paper 3: Sea ice algae variability 

85 

 

Michel, C., Legendre, L., Ingram, R.G., Gosselin, M., Levasseur, M., 1996. Carbon budget of sea-ice algae in 

spring: Evidence of a significant transfer to zooplankton grazers. Journal of Geophysical Research: Oceans, 

101, 18345-18360. 

Miller, L.A., Fripiat, F., Else, B.G.T., Bowman, J.S., Brown, K.A., Collins, R.E., Ewert, M., Fransson, A., 

Gosselin, M., Lannuzel, D., Meiners, K.M., Michel, C., Nishioka, J., Nomura, D., Papadimitriou, S., Russell, 

L.M., Sørensen, L.L., Thomas, D.N., Tison, J.-L., van Leeuwe, M.A., Vancoppenolle, M., Wolff, E.W., 

Zhou, J., 2015. Methods for biogeochemical studies of sea ice: The state of the art, caveats, and 

recommendations. Elementa: Science of the Anthropocene, 3, 000038. 

Mock, T., Gradinger, R., 1999. Determination of Arctic ice algal production with a new in situ incubation 

technique. Marine Ecology Progress Series, 177, 15-26. 

Nicolaus, M., Hudson, S.R., Gerland, S., Munderloh, K., 2010. A modern concept for autonomous and 

continuous measurements of spectral albedo and transmittance of sea ice. Cold Regions Science and 

Technology, 62, 14-28. 

Nicolaus, M., Katlein, C., 2013. Mapping radiation transfer through sea ice using a remotely operated vehicle 

(ROV). The Cryosphere, 7, 763-777. 

Nicolaus, M., Katlein, C., Maslanik, J., Hendricks, S., 2012. Changes in Arctic sea ice result in increasing light 

transmittance and absorption. Geophysical Research Letters, 39, 2699ï2700. 

Perovich, D.K., Roesler, C.S., Pegau, W.S., 1998. Variability in Arctic sea ice optical properties. Journal of 

Geophysical Research: Oceans, 103, 1193-1208. 

Platt, T., Gallegos, C., Harrison, W., 1980. Photoinhibition of photosynthesis in natural assemblages of marine 

phytoplankton. Journal of Marine Research, 38, 103-111. 

Rysgaard, S., Kühl, M., Glud, R.N., Hansen, J.W., 2001. Biomass, production and horizontal patchiness of sea 

ice algae in a high-Arctic fjord (Young Sound, NE Greenland). Marine Ecology Progress Series, 223, 15-26. 

Søgaard, D.H., Kristensen, M., Rysgaard, S., Glud, R.N., Hansen, P.J., Hilligsøe, K.M., 2010. Autotrophic and 

heterotrophic activity in Arctic first-year sea ice: seasonal study from Malene Bight, SW Greenland. Marine 

Ecology Progress Series, 419, 31-45. 

Søreide, J.E., Leu, E.V.A., Berge, J., Graeve, M., Falk-Petersen, S., 2010. Timing of blooms, algal food quality 

and Calanus glacialis reproduction and growth in a changing Arctic. Global Change Biology, Vol. 16 (pp. 

3154ï3163). 

Spreen, G., Kaleschke, L., Heygster, G., 2008. Sea ice remote sensing using AMSR-E 89-GHz channels. 

Journal of Geophysical Research, 113, C02S03. 

Steffens, M., Granskog, M., Kaartokallio, H., Kuosa, H., Luodekari, K., Papadimitriou, S., Thomas, D., 2006. 

Spatial variation of biogeochemical properties of landfast sea ice in the Gulf of Bothnia, Baltic Sea. Annals 

of Glaciology, 44, 80-87. 

 

  



Chapter 3 - Paper 3: Sea ice algae variability 

86 

 

  



Chapter 3 - Paper 4: Arctic under -ice community 

87 

 

Paper 4. Community structure of under -ice fauna in the Eurasian 

central Arctic Ocean in relation to environmental properties 

of sea-ice habitats  

published in: Marine Ecology Progress Series 522:15-32 doi: 10.3354/meps11156 

 

Carmen David,  Benjamin Lange, Benjamin Rabe, Hauke Flores
 

Key Points 

¶  

Abstract 

Arctic sea-ice decline is expected to have a significant 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-ice algae into pelagic and benthic food webs. Our study 

presents the first regional-scale record of under-ice faunal distribution and the environmental 

characteristics of under-ice habitats throughout the Eurasian Basin. Sampling was conducted with a 

Surface and Under Ice Trawl, equipped with a sensor array recording ice thickness 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 sea-ice conditions, higher surface salinities and higher nitrate + nitrite concentrations. We 

found a diverse (28 species) under-ice community throughout the Eurasian Basin. Change in 

community structure reflected differences in the relative contribution of abundant species. Copepods 

(Calanus hyperboreus and C. glacialis) dominated in the Nansen Basin regime. In the Amundsen 

Basin regime, amphipods (Apherusa glacialis, Themisto libellula) dominated. Polar cod Boreogadus 

saida was present throughout the sampling area. Abrupt changes from a dominance of ice-associated 

amphipods at ice-covered stations to a dominance of pelagic amphipods (T. libellula) at nearby ice-

free stations emphasised the decisive influence of sea ice on small-scale patterns in the surface-layer 

community. The observed response in community composition to different environmental regimes 

indicates potential long-term 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 most pronounced effects of global climate change 

(Arctic Climate Impact Assessment 2004). During the past 4 decades, reductions in sea-ice 

concentration and thickness and in the duration of the melting season have been recorded in the Arctic 

Ocean (Kwok and Rothrock 2009; Markus et al. 2009; Overland and Wang 2013; Rigor and Wallace 

2004; Shimada et al. 2006; Stroeve et al. 2012) and are predicted to continue in the future 

(Johannessen et al. 2004; Polyakov et al. 2005; Stroeve et al. 2007). The Arctic Ocean is changing 

from a perennial multi-year ice (MYI)-dominated system to a seasonal first-year ice (FYI) system 

(Maslanik et al. 2011). In 2012, the sea-ice extent was reduced to approximately half of the mean for 

the past four decades, resulting in large open-water areas (Parkinson 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 been hypothesised to induce a net increase in primary production (Arrigo 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 melt (Tremblay and Gagnon 2009). Sea-ice 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 Ocean (Gosselin et al. 1997). Ice algae are considered a high-quality food source 

for Arctic marine food webs (Søreide et al. 2013; Søreide et al. 2006). How 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). Lack of biological baseline data makes it impossible to estimate the effect 

of recent environmental changes on the biological system (Kosobokova and Hirche 2000). Increasing 

efforts have been made in recent years to investigate zooplankton distribution at different scales 

(Hopcroft et al. 2005; Hunt et al. 2014; Matsuno et al. 2012; Pomerleau et al. 2014). Only recently, 

have zooplankton data from different Arctic cruises been compiled into a large-scale analysis, 

providing a first baseline to monitor the influence of environmental change on the Arctic pelagic 

system (Kosobokova and Hirche 2009). It should be born in mind, however, that this dataset dates 

from the 1990s, a period when environmental change in the Arctic Ocean was already on-going. 

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 life cycle associated with sea ice (Melnikov and Kulikov 1980). 

Many uncertainties still remain in understanding the association of these organisms with sea-ice 

habitats. Community structure of ice-associated fauna is assumed to be related to ice age, density and 

under-ice topography (Hop and Pavlova 2008; Hop et al. 2000). Ice-associated species may prefer a 

certain type of ice, e.g. MYI or FYI (Hop et al. 2000). Some, such as the large amphipod Gammarus 

wilkitzkii, are found associated with ridges, which provide shelter during the melting season 

(Gradinger et al. 2010; Hop and Pavlova 2008). The widely distributed amphipod Apherusa glacialis 

prefers flat ice floes (Hop and Pavlova 2008), or ice edges (Beuchel and Lønne 2002; Hop et al. 

2000).  

Crucial for the functioning of the Arctic ecosystem is the role of ice-associated fauna in the energy 

transfer to higher trophic levels (Budge et al. 2008). The dominance of diatom fatty acid trophic 

markers in the lipids of calanoid copepods and ice-associated amphipods underpins the importance of 

sea-ice algae as a critical carbon source in Arctic food webs (Budge et al. 2008; Falk-Petersen et al. 

2009). Feeding extensively on calanoid copepods (Benoit et al. 2010; Scott et al. 1999) and 

amphipods (Matley et al. 2013), polar cod Boreogadus saida in turn represents a preferential prey for 

seabirds and marine mammals (Bradstreet 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 to 75% of the energy 

transfer between zooplankton and vertebrate predators (Welch et al. 1992). Ice algaeï

copepods/amphipodsïpolar codïtop predators represents probably one of the most efficient pathways 

in energy flux through the Arctic food web, yet all its components are closely related with sea ice 

(Harter et al. 2013; Hop and Gjøsæter 2013; Scott et al. 1999). Changes in composition, abundance, 
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size and energy content of ice-associated communities will influence the energy flux through the 

Arctic marine ecosystem and, hence, the growth and survival of top predators (Laidre and Heide-

Jørgensen 2005; Mehlum and Gabrielsen 1993). Therefore, an accurate quantification of ice-

associated fauna on large spatial scales is crucial to understand the functioning of Arctic sea-ice-

dependent ecosystems and their future fate. The sea-ice-covered Arctic Ocean, however, is difficult to 

access. In particular, sampling under the sea ice is challenging. Most commonly, ice-associated 

macrofauna have been sampled by divers (Arndt and Pavlova 2005; Hop et al. 2011). This method is 

excellent in describing the small-scale 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 fauna (Hop and Pavlova 2008). A new sampling gear used in the 

Southern Ocean for the first time, the Surface and Under Ice Trawl (SUIT) (van Franeker et al. 2009), 

overcomes the spatial limitation of observations by divers (Flores et al. 2012). SUIT enables large-

scale horizontal sampling of the 0ï2 m surface layer both under sea ice and in open water.  

The aim of the present study is to describe the association of macrofaunal communities in the surface 

layer (0ï2 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 identify key environmental variables of sea ice and water column that structure under-ice 

habitats. 
2. We provide a basin-wide inventory of under-ice fauna in the Eurasian central Arctic Ocean and 

to highlight key species defining the under-ice communities. 
3. We investigate the role of under-ice habitat properties in structuring the under-ice community. 

4.2 Materials and methods  

4.2.1 Study area and sampling technique  

Sampling was performed during RV Polarstern expedition ARK XXVII/3, between 2 August to 29 

September 2012, across the ice-covered Eurasian part of the Arctic Ocean deep-sea basin, from 82° to 

89°N, and 30° to 130°E (Fig. 1). Thirteen horizontal hauls were performed under different ice types 

(MYI, FYI), and in open water. Sampling was performed with an improved version of the Surface and 

Under Ice Trawl (SUIT) (van Franeker et al. 2009). The 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 mm half-mesh commercial 

shrimp net, lined with 0.3 mm mesh 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 the sea-ice underside. To enable sampling under undisturbed 

ice, an asymmetric bridle forces the net to tow off at an angle of approximately 60º to starboard of the 

shipôs track, at a cable length of 150 m. A detailed description of the SUIT sampling performance is 

provided as supplementary material by 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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Figure 1. SUIT (Surface and Under Ice Trawl) station map during RV 'Polarstern' expedition IceARC 

(ARK XXVII/3). Sea-ice concentration on 16 September 2012 (data acquired from Bremen 

University; www.iup.uni-bremen.de:8084/amsr/) and mean sea-ice extent for August and September 

2012 are represented on the map (data acquired from NSIDC Fetterer et al. 2002, updated daily). 

Number codes next to sampling locations indicate station numbers 

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 built-in fluorometer, 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 opening. The 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 as an indicator of the catch performance. Temperature and salinity profiles were obtained 

with a Sea and Sun CTD75M probe. The Practical Salinity Scale (PSS-78) was used for salinity 

values (Fofonoff 1985). A built-in Turner Cyclops fluorometer was used to estimate under-ice 

chlorophyll concentration. Calibration of fluorometric chlorophyll a concentrations was done from 

water samples obtained during stationary sea ice work. The calibration coefficients were derived from 

the linear relationship between chlorophyll a concentrations of water samples (measured with High 

Pressure Liquid Chromatography) with fluorometric chlorophyll a concentrations of the 

corresponding 1 m depth range (n =2484; adj. r
2
 = 0.63; p < 0.001). Data gaps in the CTD 

measurements caused by low 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 PA500/6-E connected to the CTD probe 

measured the distance between the net and the sea-ice underside. Sea-ice 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 sea-ice underside, measured 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
-3
, determined from sea-ice core samples.  

During each haul, changes in ship speed, ice concentration (%) 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 exited the 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 water (m s
-1
). 

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

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 sea-ice concentrations for the Arctic Ocean derived from SSMIS satellite data using the 

algorithm specified by Spreen et al. (2008), were downloaded from the sea-ice portal of the University 

of Bremen (www.meereisportal.de). 

A CTD probe with a carousel water sampler was used to collect environmental parameters from 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 C-Star). Details of the CTD sampling procedure were provided in Boetius 

et al. (2013). Data are available online in the PANGEA database (Rabe et al. 2012). Among all CTD 

stations, the closest in time and space to the SUIT stations were chosen (Table 1). Nutrients were 

analysed in an air-conditioned laboratory container with a continuous flow auto analyser (Technicon 

TRAACS 800) following the procedure described in Boetius et al. (2013).  Measurements were made 

simultaneously on 4 channels: PO4, Si, NO2 + NO3 together and NO2 separately.  

The depth of the upper mixed-layer was calculated from the ship CTD profiles after Shaw et al. 

(2009), who define the depth of the mixed layer as the depth of the profile where the density 

difference to the surface 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 location. Solar elevation angles 

were calculated using the National Oceanic and Atmospheric Administration's (NOAA) online solar 

calculator with latitude, longitude, date and time as inputs (www.esrl.noaa.gov/gmd/grad/solcalc/). 

Table 1. Station table of Surface and Under Ice Trawls (SUITs) and the corresponding conductivity-

temperature-depth (CTD) stations; NB is Nansen Basin and AB is Amundsen Basin 

  SUIT  CTD 

Haul Basin 
Station 
code 

Station 
date 

(mo/d/yr)  

Latitude 
(°N) 

Longitude 
(°E) 

Bottom 
depth 
[m] 

 
Station 
code 

Station 
date 

Latitude 
(°N) 

Longitude 
(°E) 

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

2 

84.04 31.30 4011  227 8/9/2012 84.02 31.22 

5 NB 248 8/16/201

2 

83.93 75.50 3424  242 8/16/2012 83.90 76.07 

6 NB 258 8/20/201

2 

82.74 109.63 3575  254 8/20/2012 82.69 109.12 

7 AB 276 8/25/201

2 

83.07 129.12 4188  281 8/26/2012 82.89 129.82 

8 AB 285 8/26/201

2 

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

2 

84.17 17.92 4028  387 9/28/2012 84.37 17.52 

http://www.meereisportal.de/
http://www.esrl.noaa.gov/gmd/grad/solcalc/


Chapter 3 - Paper 4: Arctic under -ice community 

92 

 

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 splitter (Motoda 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 in Bremerhaven, 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 species level and, 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 per haul by the trawled area. The trawled area was calculated by 

multiplying the distance sampled in water, estimated from ADCP data (Flores 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 plots between each possible combination of 2 environmental variables were used to identify 

pairs of datasets with high colinearity (Zuur et al. 2007). In pairs with Spearmanôs rank correlation 

coefficients >0.7, only one variable was chosen for subsequent analysis based 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 Analysis (PCA) (Mardia et al. 1979) was 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 area, 3 diversity indices were calculated 

for the whole biological dataset, as well as for sub-groupings derived from environmental data 

analysis: (1) species richness (the number of species observed at each station) (S); (2) the Shannon 

index (H) (Shannon 1948); and (3) Pielouôs evenness index (J). Species accumulation curves were 

plotted to assess the impact of sampling effort on species diversity. To assess the statistical difference 

between sub-groupings, the Mann-Whitney-Wilcoxon test was performed on diversity indices and on 

cumulated species densities at stations (Mann and Whitney 1947). 

Species density data were analysed using Non Metric Multidimensional Scaling (NMDS) (Kruskal 

1964) based on a Bray-Curtis similarity matrix (Bray and Curtis 1957). NMDS is commonly regarded 

as the most robust unconstrained ordination method in community ecology (Minchin 1987). 

Square-root transformations and Wisconsin double standardization were applied to the data to 

gradually down-weight the dominant taxa. The performance of the NMDS was assessed with Shepard 

plots and stress values (Clarke and Warwick 2001; Legendre and Legendre 2012). ANOSIM (Clarke 

& Ainsworth 1993) was used to test for significant differences in the community structure between a 

priori defined groupings, e.g. ocean basins and sea-ice regimes.  

 

Table 2. Environmental variables characterising sea-ice habitats 

Variable (abbreviation) Unit Value range 

Sampled ice coverage during SUIT hauls (Coverage) % 0 to 100 

Modal ice thickness (Thickness) m 0 to 1.25 

Standard deviation of ice thickness (SD) m 0 to 0.88 

Surface-water temperature (Temperature) °C -1.76 to -1.06 

Surface-water salinity (Salinity)  29.38 to 32.87 

Chlorophyll a concentration at the surface (Chla-surface) mg m-3 0.06 to 0.24 

Chlorophyll a concentration at the depth of the chlorophyll a maximum (Chla) mg m-3 0.15 to 0.63 
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Silicate concentration at the depth of the chlorophyll a maximum (Si) µmol l-1 1.17 to 4.80 

Combined nitrate + nitrite concentration at the depth of the chlorophyll a maximum 

(NOx) 

µmol l-1 0.12 to 6.84 

Phosphate concentration at the depth of the chlorophyll a maximum (PO4) µmol l-1 0.20 to 0.55 

Relative daylight intensity (Relative light) - 0 to 0.91 

Mixed layer depth (MLD) m 9 to 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 correlation (Smouse 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 analysis (Clarke and Ainsworth 1993). The BioEnv analysis estimates the subset of 

environmental variables that has the highest correlation with the biological data. The best subset was 

found using the Spearmanôs rank correlation coefficient between a Bray-Curtis similarity matrix of 

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

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. (A) sea-ice thickness (upper panel) 

and sea-ice coverage (lower panel). White portion of bars: percentage of sea-ice coverage at each 

station; grey portion of bars: remaining percentage of open water at each station. (B) Temperature, 

salinity and chlorophyll a concentration in the 0ï2 m surface layer. (C) Nutrient concentrations at the 

depth of the chlorophyll a maximum. Nansen Basin stations are shown on dark grey background and 

Amundsen Basin stations on 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 during the first 

half of August, and the Amundsen Basin stations during late August to mid-September.  

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 in the Nansen 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 analysis, but is discussed separately. Besides Stn 204 in the Nansen Basin, 2 of the 

Amundsen Basin stations were nearly ice-free. At all other stations sea ice was present, ice 

concentrations ranging from 56 to 100% (Fig. 2A). Modal ice thickness ranged from 0.45 to 1.25 m. 

Within the deep-sea basins, surface temperatures ranged between ï1.8 and ï1°C. The surface 

temperature at the slope station 204 was 0.8°C (Fig. 2A). 

In the PCA of physical variables, 63.6% of the variance in the dataset was explained on the first 2 

axes (Fig. 3). The first axis explained 36.6% of the variance and was mainly driven by gradients of 

nutrients, salinity and sea-ice properties. Along this axis a clear distinction was evident between 2 

environmental clusters that corresponded to the 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, the clusters are referred to as 

spatio-temporal óregimesô, roughly corresponding to the 2 ocean basins. Sea-ice concentration and 

thickness gradients increased towards the Nansen Basin regime. The 2 open-water stations in the 

Amundsen Basin were clearly distinguished from all other stations, and were associated with the 

lowest sea-ice 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 the 0ï2 m surface layer. Conversely, the Amundsen Basin regime was associated 

with high chlorophyll a concentrations, high silicate concentrations, and low values of salinity and 

nitrate + nitrite. The second axis explained 26.94% of the variance and was mainly associated with 

gradients of temperature, chlorophyll a concentration at the chlorophyll maximum depth and relative 

light intensity. Along this axis, 2 stations were distinguished from the Nansen Basin regime cluster. 

Stn 216 had 100% ice coverage, high surface water temperatures and high chlorophyll a 

concentrations at the chlorophyll maximum depth (Fig. 2). Stn 397 had the lowest surface-water 

temperatures and lowest relative light intensity. The open-water station (Stn 333) was distinguished 

along the second axis from the cluster of the Amundsen Basin regime by high surface-water 

temperatures and high chlorophyll a concentrations at the chlorophyll maximum depth. 
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Figure 3. Principal Component Analysis of environmental variables at the sampling stations. Variable 

labels as defined in Table 2. Nansen Basin stations are represented by circles; Amundsen Basin 

stations are represented by triangles; ice: under-ice stations; ow: open-water stations. Percentage 

values on the axes represent 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 regime (30ï33) than in the Amundsen Basin regime (29ï31) 

(Wilcoxon test: W = 0, p-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 MLD was 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 + nitrite (4.8 µmol l
-1
), and phosphate (0.4 

µmol l
ï1

), and low values of silicate (1.7 µmol l
ï1

) 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 µmol l
ï1

), and phosphate (0.2 µmol l
ï1

), and high values of silicate (3.5 

µmol l
ï1

). The differences between the 2 regimes in nutrient concentration were statistically 

significant (Wilcoxon test NOx: W = 2, p-value < 0.01; PO4: W = 4, p-value < 0.05; Si: W = 36, p-

value < 0.01). At the station positioned over the Gakkel Ridge (Stn 258), all nutrients had very low 

concentrations. In the 2 open-water stations in the Amundsen Basin regime (Stns 331 and 333), nitrate 

+ nitrite and phosphate were depleted in the surface waters. The averaged surface chlorophyll a 

concentration over the entire sampling area was 0.27 mg m
ï3

,
 
ranging between 0.12 and 0.43 mg m

ï3
. 

The surface chlorophyll a concentrations were slightly higher in the Amundsen Basin regime than in 

the Nansen Basin regime (Wilcoxon test: W=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 Basin regime, copepods 

accounted for >82% of the mean density, whereas, in the Amundsen Basin regime, copepods 

contributed only 53%. Here the amphipods co-dominated the species composition, accounting for 

43% of the mean density (Fig. 4). Appendicularians contributed 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 

heavily dominated 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 

Taxon 
Mean density 
(ind. 100 m-2) 

SD Range 

 

Frequency of 
occurrence 

CTENOPHORA      

Beroe spp. Fabricius, 1780 2.11 4.75 0 ð 15.79  0.85 

Mertensia ovum Fabricius, 1780 0.19 0.38 0 ð 1.35 0.85 

MOLLUSCA 

Pteropoda 

    

Clione limacina Phipps, 1774 0.69 0.87 0 ð 2.76  0.69 

Limacina helicina Phipps, 1774 1.13 2.89 0 ð 10.64 0.62 

ANNELIDA  

Polychaeta 

    

Unidentified polychaete <0.01 0.02  0.23 

ARTHROPODA  

Crustacea 

Amphipoda 

    

Apherusa glacialis Hansen, 1888 58.19 70.48 0.33 ð 221.84 1.00 

Eusirus holmi Hansen, 1887 0.19 0.22 0 ð 0.62 0.69 

Gammaracanthus loricatus Sabine, 1821 <0.01 0.01 0 ð 0.04 0.15 

Gammarus wilkitzkii Birula, 1897 0.10 0.18 0 ð 0.71 0.92 

Onisimus glacialis Sars, 1900 1.12 1.34 0 ð 3.97 0.85 

Onisimus nanseni Sars, 1900 0.35 0.57 0 ð 1.66 0.46 

Themisto abyssorum Boeck, 1871 0.75 1.07 0 ð 3.13 0.69 

Themisto libellula Lichtenstein, 1822 20.14 25.69 0.11 ð 85.36 1 

Euphausiacea     

Thysanoessa inermis Kroyer, 1861 0.03 0.07 0 ð 0.25 0.31 

Unidentified euphausid <0.01 0.01 0 ð 0.04 0.08 

Copepoda     

Calanus finmarchicus Gunnerus, 1765 52.40 187.39 0 ð 676.04 0.23 

Calanus glacialis Jaschnov, 1955 641.27 1078.52 3.78 ð 3052.83 1 

Calanus hyperboreus Kroyer, 1838 104.08 174.46 0 ð 494.62 0.85 
*Pseudocalanus spp. Boeck, 1872 24.60 33.29 0 ð 109.22 0.92 

Metridia longa Lubbock, 1854 172.47 619.49 0 ð 2234.26 0.31 

Paraeuchaeta glacialis Hansen, 1886 0.08 0.17 0 ð 0.44 0.23 
*Unidentified harpacticoid 0.32 0.69 0 ð 1.96 0.31 
*Tisbe spp. 20.13 20.26 0 ð 68.26 0.92 

Ostracoda     

Boroecia borealis Sars, 1866 <0.01 0.01 0 ð 0.04 0.08 

CHAETOGNATHA      
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Eukrohnia hamata Möbius, 1875 11.01 36.3 0 ð 131.76 0.69 

Parasagitta elegans Verrill, 1873 0.15 0.28 0 ð 1.01 0.54 

CHORDATA  

Appendicularia 

    

Oikopleura vanhoeffeni Lohmann, 1896 47.37 145.39 0 ð 526.54 0.31 

VERTEBRATA  

Osteichthyes 

    

Boreogadus saida Lepechin, 1774 0.41 0.42 0 ð 1.2 0.77 

*values might be underestimated due to small size of the organisms relative 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 richness (S), Shannon diversity (H) and evenness (J) were 

encountered at the slope Stn (204), where only 8 species were found (Table 4.). The highest Shannon 

and evenness indices were encountered at an open-water station (Stn 331) in the Amundsen Basin 

regime. Species richness and Shannon diversity showed no significant difference between the 2 

environmental regimes (Wilcoxon test S: W = 29, p-value > 0.1; H: W = 32, p-value < 0.1), while 

species evenness (J) was significantly higher in the Amundsen Basin than in the Nansen Basin 

(Wilcoxon test: W = 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 Basin 24 1.69 0.58 

Total 28 1.28 0.45 

 

Cumulated densities of all species ranged from 0.3 ind. m
-2
 at Stn 216 to 69 ind. m

-2
 at Stn 248 (Fig. 

5). Overall densities were significantly higher in the Nansen Basin regime than in the Amundsen 

Basin regime (Wilcoxon test: W = 6, p-value < 0.05) (Fig. 5). This difference between the 2 

environmental regimes remained relevant even when Stn 248, which had the highest abundance, was 

excluded from statistical analysis (Wilcoxon test: W = 6, p-value < 0.05). The most abundant species 

were the copepods Calanus hyperboreus and C. glacialis. The low density exception at Stn 216 was  
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Figure 4. Relative density of taxonomic groups at the sampling stations (numbers on the x-axis). NB: 

Nansen Basin 

 

caused by exceptionally low numbers of copepods. Stn 248 was unique in its species composition. 

Only at this station, did C. finmarchichus dominate numerically, and high densities of the 

appendicularian Oikopleura vanhoeffeni and the chaetognats Eukrohnia hamata and Parasagitta 

elegans were encountered. The biomass composition at this station was heavily dominated by 

ctenophores and tunicates. The last station (Stn  397) in the Nansen Basin regime differed from all 

other stations by a dominance of Metridia longa over all other copepod species. Among the 

amphipods, the ice-associated species A. glacialis was numerically dominant at all stations, except the 

2 open-water stations (Stn 331 and 333) in the Amundsen Basin. Here, the amphipod Themisto 

libellula was most abundant, though also present throughout the sampling area. Polar cod was present 

over the survey area with few exceptions: the open water slope-station (Stn 204), a station (Stn 233) at 

which technical trawling problems probably affected the catch efficiency of the net for fast-swimming 

fish, and the early winter station (Stn 397). The density of polar cod ranged from 0.3 to 1.2 ind. 100 

m
-2
, with highest densities at Stn 285 and 345 in the Amundsen Basin regime. In contrast to nearby 

under-ice stations, polar cod densities at the 2 open-water stations in the Amundsen Basin (331 and 

333) were close to zero. 
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Figure 5. Speciesô cumulated density at the sampling stations (numbers on the x-axis). Densities are 

shown in log scale. Only dominant taxa are represented in the legend. NB: Nansen Basin 

 

4.3.4 The association of environment and biota  

The NMDS ordination 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 = 0.38, p-value = 0.016) (Fig. 6). The copepods C. 

hyperboreus and C. glacialis and the amphipod Eusirus holmii were associated with the Nansen Basin 

regime. Polar cod and the amphipods Onisimus nanseni and 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 and O. nanseni and low copepod density. The amphipods A. 

glacialis, G. wilkitzkii and Onisimus glacialis 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, presenting smaller distances between stationsô 

positions in the NMDS ordination than those in the Nansen Basin regime. The 2 open-water stations, 

however, grouped clearly apart from the other stations in the Amundsen Basin regime. They were 

associated with the pelagic amphipod T. libellula.  
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Figure 6. Non-Parametric Multi-Dimensional Scaling (NMDS) plot of the under-ice community 

structure. Station symbols (circles: Nansen Basin; triangles: Amundsen Basin; ow: open water; ice: 

under-ice) indicate the relative position of the community composition at each sampling 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 surface layer had the highest correlation of a single 

environmental variable (0.60) with the variability of density-based species distribution (Table 5). The 

highest correlation (0.75) with the variability of density-based species distribution was achieved by a 

combination of nitrate + nitrite concentration, surface-water temperature and salinity, ice thickness, 

mixed-layer depth and surface chlorophyll a concentration (Table 5).  

4.4 Discussion  

4.4.1 Under -ice habitat properties  

During summer 2012 the Arctic Ocean experienced a historical minimum sea-ice extent (Parkinson 

and Comiso 2013). Polarstern cruise ARK XXVII/3 sampled in the high central Arctic during that 

time, first across the Nansen Basin during early August, and then across the Amundsen Basin during 

late Augustïearly September, almost reaching the North Pole at 87.87°N, 59.65°E. Daily sea-ice 

concentration data, from passive microwave satellite measurements, were >90% in the Nansen Basin 

during August and approximately 70% in the Amundsen Basin during September (data source: 

www.meereisportal.de University of Bremen). These values were in good agreement with the range of 

sea-ice concentrations determined from SUIT sensors. At only one station (Stn 216) did these 

observations differ from the SUIT sensor-derived ice coverage of 100%, whereas satellite-derived ice 

http://www.meereisportal.de/

















































































































































































































































































































































