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Abstract 
 
Situated at the northernmost region of the planet, the Arctic Ocean (AO), the smallest of 

the world’s oceans, supports a rich, but vulnerable, ecosystem. Despite seemingly 

inhospitable conditions, the extreme seasonal pulses of primary production by 

phytoplankton in the AO fuel an abundant food-web composed of both endemic and 

migratory higher trophic level organisms. Alas, the Arctic is warming at approximately 

twice the global rate in response to anthropogenic climate change and the rising 

temperatures in this region have already triggered profound ecological changes. In the 

oceans, disappearing sea ice has shifted the phytoplankton growing season earlier in the 

year and led to a significant increase in net primary production (NPP). In order to 

understand the multi-layered effects of AO biogeochemistry and ecology as the climate 

continues to warm, it is imperative to accurately monitor changes in the magnitude and 

timing of NPP. Because of the harsh conditions that make the region both difficult and 

expensive to access for most of the year, field measurements in the AO are relatively 

limited. Luckily, satellite remote sensing can supplement limited in situ measurements by 

imaging the ocean surface from space. However, because of the unique oceanic optical 

conditions and phytoplankton photophysiology, global ocean color algorithms fail to 

accurately estimate Chl a when applied to the AO. Hence, this dissertation work utilizes in 

situ bio-optical measurements to inform accurate parameterization of ocean color 

algorithms which are then applied to assess long term changes of AO NPP.  

  To understand the phytoplankton photophysiological responses to environmental 

changes as the Arctic Ocean shifts seasonally from ice-covered to open water, we evaluated 

photoacclimation strategies of phytoplankton during the low-light, high-nutrient, ice-

covered spring and the high-light, low-nutrient, ice-free summer (Chapter 2). Field results 

show that phytoplankton effectively acclimated to reduced irradiance beneath the sea ice 

and that abundant nutrients enable pre-bloom phytoplankton to become “primed” for 

increases in irradiance. I used these bio-optical measurements to characterize regional and 

seasonal patterns in phytoplankton photophysiology and optical conditions to examine the 

impact on ocean color remote sensing in the Chukchi Sea (Chapter 1) and the AO (Chapter 



 v 

3). Results show that phytoplankton pigment packaging (an acclimation to low light) and 

high absorption by colored dissolved organic matter (CDOM), especially on the interior 

shelves, cause default ocean color ocean algorithms to overestimate chlorophyll a (Chl a) 

at low phytoplankton biomass, but underestimate at high biomass throughout the AO. By 

assembling the largest database of in situ measurements for these waters, I successfully 

parameterized multiple ocean color algorithms to optimize retrievals of Chl a, absorption 

by CDOM and detritus, and backscattering of particles.  

Using the new ocean color algorithm parameterized for the Arctic Ocean, we show 

that primary production increased by 57% between 1998 and 2018 (Chapter 4). 

Surprisingly, while increases were due to widespread sea ice loss during the first decade, 

the subsequent rise in primary production was driven primarily by increased phytoplankton 

concentration, which could only be sustained by an influx of new nutrients. This suggests 

a future Arctic Ocean that, as long as there are enough nutrients, can support higher trophic-

level production and additional carbon export. Together, the results of this dissertation 

demonstrate that the unique bio-optical properties of the AO must be addressed in order to 

accurately employ satellite remote sensing and, when doing so, we reveal dramatic 

ecosystem changes in response to anthropogenic climate change.  
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Chapter 0 
 
Introduction  
 
0.1 Background 
0.1.1 The physical environment of the Arctic Ocean 

The Arctic Ocean (AO), defined as the seas north of 66°N, is the smallest of the world’s 

five major oceans and consists of a central deep basin surrounded by wide, shallow 

continental shelves. The expansive shelves account for 15% of the world’s shelf seas and 

more than 50% of the AO area, the largest fraction of all ocean regions (Carmack et al. 

2006). Extreme spatial and interannual differences exist within the shelf regions, including 

variable river outflow (Williams and Carmack 2015), ice cover (Cavalieri and Parkinson 

2012), advection (Woodgate et al. 2015, Årthun et al. 2012), and, consequently, net 

primary production (NPP) by phytoplankton (Arrigo et al. 2011; 2015). The continental 

shelves are divided into three functional types: inflow shelves (where incoming waters 

advected from the Atlantic and Pacific are modified during transit), interior shelves 

(characterized by strong riverine influence and estuarine circulation), and outflow shelves 

(where waters exit the AO) (Carmack et al. 2006; ACIA 2005) (Figure 0.1). 

The AO is characterized as a low-light environment with extreme seasonality (ACIA 

2005). Persistently low sun angles cause approximately 46% of incoming solar radiation 

to be reflected from the surface ocean (Andersen 1989). Additionally, persistent cloud 

cover can further attenuate up to 60-70% of incoming short-wavelength light (Bélanger et 

al. 2013; Sakshaug 2004). Sea ice undergoes a seasonal cycle where it melts in the spring 

and summer to reach its minimum in September and expands in the fall and winter. Ice 

thickness, age, and structure, as well as snow cover, determine the amount of light that is 

transmitted through to the water column, with transmission through ponded ice an order of 

magnitude greater than through bare, unponded ice (Frey et al. 2011). As sea ice continues 

to decline, thin and shift from multi-year to first-year ice (Comiso et al. 2008; Kowk and 

Rothrock 2009; Maslanik et al. 2007), light reaching the surface ocean will likely increase 

(Arrigo et al. 2014). Within the water column, light is attenuated primarily by 
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phytoplankton and colored dissolved organic matter (CDOM) resulting in an average 

euphotic depth between 25-35 m (Brown et al. 2015), but potentially reduced to only a few 

meters in areas with high sediment loading and/or blooming conditions (Sakshaug 2004; 

Matsuoka et al. 2007; 2009). 

 
Figure 0.1. The Arctic Ocean with its shelf seas and basin. Sub-regions are bounded by black lines using the 

1000 m isobath and categorized as inflow (green), interior (orange) or outflow (purple) shelves. The 200 m 

isobath is shown in grey. Inflow and outflow currents are depicted as green and purple arrows, respectively. 

 

The complex freshwater system in the AO dictates salinity-driven stratification and 

water column stability (ACIA 2005; Codispoti et al. 2005). The combined influence of the 

freshwater inputs, which include precipitation, river discharge, advection, and ice melt, 

make the AO the freshest oceanic water body in the world (Peterson et al. 2006). In fact, 

relative to its volume, the AO receives the most river runoff of any ocean basin 

(Shiklomanov et al. 2000). The AO will likely continue to freshen due to increases in river 

outflow (Peterson et al. 2002; 2006), sea ice melt (Morison et al. 2012), precipitation 

(Bintanja and Selten 2014), and advection (Woodgate et al. 2012) as the climate continues 
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to warm, with implications for water column mixed layer depth (MLD) and pycnocline 

strength (Peralta-Ferriza and Woodgate 2015). 

 Nutrients in the AO are primarily delivered to the euphotic zone through the advection 

of water masses into the AO, upwelling, and mixing (Sakshaug 2004; Codispoti et al. 

2013). Winter convection on continental shelves primes surface waters with high nutrient 

concentrations (Arrigo et al. 2017), thus enabling the intense, long-lived ice-edge blooms 

upon the retreat of sea ice (Barber et al. 2015). For instance, on the Chukchi shelf, nutrients 

are supplied by convective mixing through brine rejection, remineralization of organic 

matter (OM), resuspension of sediment nutrients, and continued advection of Pacific 

nutrient-rich waters, resulting in a fully mixed water column with nitrate (NO3-) 

concentrations typically 10-15 µM (Mills et al. 2015; Pickart 2004; Codispoti et al. 2005; 

Lowry et al. 2015). Dense water drains off the inflow shelves or is transported via eddies 

to ventilate the halocline in the central AO basin (Woodgate et al. 2005; Mathis et al. 2007), 

with the majority of the halocline nutrients of Pacific origin (Lowry et al. 2015; Woodgate 

et al. 2005). The strong stratification of the halocline prevents upward mixing of this 

nutrient rich water and promotes lateral advection to neighboring shelves (Aagaard et al. 

1981). However, when the ice edge retreats north of the shelfbreak, shelfbreak upwelling 

can pull nutrients from deep basin reservoirs into the upper euphotic zone (Carmack et al. 

2003; 2006; Tremblay et al. 2011; Williams and Carmack 2015). 

 

0.1.2 Arctic Ocean net primary production 

Intense, seasonal pulses of NPP by sea ice algae and phytoplankton support immense 

communities of endemic and migratory upper trophic-level animals as well as a rich 

benthic community (ACIA 2005; Dunton et al. 2005; Grebmeier et al. 2006). NPP by AO 

phytoplankton is limited by a combination of ‘bottom-up’ controls of light and nutrients, 

specifically nitrogen (N) (Hansell et al. 1993; Codispoti et al. 2005; 2009; Carmack et al. 

2004). Essentially, N availability limits annual NPP, while light availability controls the 

timing and rate of the bloom (Lowry et al. 2015; Tremblay 200; Tremblay and Gagnon 

2009; Walsh et al. 2005). The availability of nutrients or light is controlled by 

environmental conditions, such as stratification, mixing, advection and ice cover, which 

vary throughout the season (Codispoti et al. 2013; Sakshaug 2004). 
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In a typical AO scenario, the spring phytoplankton bloom is initiated when retreating 

sea ice permits sufficient light penetration into the open ocean (Sakshaug 2004; Arrigo and 

van Dijken 2011). As the sea ice continues to melt, a freshwater lens strongly stratifies and 

stabilizes the upper mixed layer thus confining phytoplankton to an environment conducive 

for growth (Perrette et al. 2011; Hill and Cota 2005). On the shallow shelves, the bloom 

follows the ice edge as it retreats, thereby capitalizing on the newly exposed, nutrient rich, 

winter-water (Sakshaug 2004; Perrette et al. 201; Lowry et al. 2015). The high nutrient 

conditions sustain an early bloom community dominated by fast-growing diatoms 

(Sakshaug 2004; Hill and Cota 2005). The ice-edge blooms account for approximately half 

of the annual new-NPP in the AO (Sakshaug 2004). 

In addition to the traditional ice-edge bloom, high concentrations of phytoplankton 

beneath sea ice have been found throughout the AO (Mundy et al. 2014; Assmy et al. 2017), 

most notably a massive phytoplankton bloom beneath the ~1m thick ice-pack in the 

Chukchi that was sustained by high winter nutrients and sufficient light transmitted through 

ponded ice (Arrigo et al. 2012; Frey et al. 2011). As sea ice continues to transition to 

thinner, first-year ice, this type of bloom may become more typical, thus disrupting the 

typical MIZ seasonal pattern of AO production.  

Once surface nutrients are depleted, phytoplankton descend in the water column, often 

below the pycnocline, and form a subsurface chlorophyll maximum (SCM) in order to 

satisfy requirements for light (from above) and nutrients (from below) (Brown et al. 2015a; 

Martin et al. 2010; Arrigo et al. 2011). In order to photoacclimate during the seasonal 

transition from light to nutrient limitation, phytoplankton adjust their photosynthetic 

machinery by modifying pigment composition (Eberhard et al. 2008; Kropuenske et al. 

2009; Nymark et al. 2009) and/or the number and size of the photosynthetic unit 

(Falkowski and Raven 2007). Additionally, low-light tolerant species, such as diatoms or 

haptophytes, typically dominate the SCM community (Hill and Cota 2005; Sakshaug 2004, 

ACIA 2005), while in nutrient-depleted surface waters, the community shifts to smaller 

cells (<5 µM), like prasinophytes (Hill et al. 2005; Joo et al. 2012). 

As the season progresses, surface nutrients such as NO3-, phosphate (PO43) and silicate 

(SiO42-) are exhausted and re-supply to the euphotic zone on the shallow shelves is hindered 

because of the strong, seasonal stratification (Sakshaug 2004; Codispoti et al. 2013; 
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Carmack et al. 2004). Wind-driven mixing, mesoscale eddies or shelf-break upwelling can 

temporarily replenish nutrients to the surface (Carmack et al. 2006; Pickart et al. 2009; 

2011; Stabeno et al. 2010; Lowry et al. 2015). However, by the end of the productive 

season, subsurface concentrations of nutrients typically remain unutilized below the 

pycnocline barrier (Aagaard et al. 1981; Arrigo et al. 2008). 

 

0.2 Motivation 
In response to anthropogenic climate change, the Arctic is warming at approximately twice 

the global rate, a phenomenon known as polar amplification, with the majority of the 

warming centered over the AO (IPCC 2014). Rising temperatures in this region have 

already triggered profound ecological changes. In the oceans, sea ice has decreased in 

concentration, volume, and duration, with summer sea ice predicted to disappear 

completely by mid-century (IPCC 2014; Overland and Wang 2013; Douglas 2010). 

Correspondingly, annual NPP by AO phytoplankton increased by 30% between 1998 and 

2012 (Arrigo and Van Dijken 2015).  

However, the correlation between sea ice decline and increased NPP may not be the 

only indicator of how NPP will continue to change (Tremblay et al. 2009; Belanger et al. 

2013). As the AO is predominately a light limited system in spring, NPP will likely 

continue to increase and possibly shift earlier in the year as open water area and the length 

of the phytoplankton growing season increase (Walsh et al. 2005; Kahru et al. 2011; Arrigo 

and Van Dijken 2011). Although presently the phytoplankton bloom is limited by nutrient 

availability (Walsh et al. 2005; Tremblay and Gagnon 2009), changes in the environment 

could lead to increased new nutrient delivery to the euphotic zone, either through enhanced 

Bering Strait flow (Woodgate et al. 2012), increased wind-driven upwelling of shelfbreak 

jets (Carmack and Chapman 2003; Pickart et al. 2009; 2013), or more frequent mixing and 

storm events that erode the pycnocline (Yang et al. 2004; Rainville and Woodgate 2009) 

There also may be changes that reduce NPP in Arctic waters. For instance, increased 

freshwater flux through precipitation, ice melt, and river outflow could enhance 

stratification and strengthen the pycnocline, thus impeding upward delivery of nutrients 

(Peterson et al. 2006; Woodgate et al. 2012). Increased cloud cover, another consequence 

of climate change, limits incoming solar radiation and has decreased NPP in some regions, 
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dampening the overall effect of increased light availability due to more open water 

(Bélanger et al. 2013). 

Beyond the question of whether NPP will increase or decrease as a result of climate 

change, it is also important to determine whether this production is based on new or 

recycled nutrient sources. So far, it is unclear whether the observed increase in production 

is sustained by nutrients recycled in the euphotic zone or by new nutrient delivery (Arrigo 

et al. 2011). However, as the largest increases of NPP are on the shallow, Pacific shelves 

that are especially favorable to advection and shelf-break upwelling, it is likely that the 

observed increase in NPP is based on new NO3(Arrigo et al. 2008; Tremblay and Gagnon 

2009). New production is especially important to quantify because, over a seasonal or 

annual timescale, it is a useful proxy for the fraction of NPP that is exported from the 

euphotic zone and can thus support additional higher trophic level production (Dugdale 

and Goering 1967; Eppley and Peterson 1979; Gruber 2008; Arrigo et al. 2011).  

Because the AO is a system with a relatively simple food web and few trophic levels, 

NPP directly affects higher trophic organisms (Grebmeier et al. 2006). ‘Bottom-up’ 

changes in NPP may even trigger nonlinear responses, coined ‘trophic amplifications’ 

(Chust et al. 2014; Kirby and Beugrand 2009). For example, earlier phytoplankton blooms 

may cause a ‘timing-mismatch’ for migratory organisms, like whales and seabirds, that 

rely on predictable timing for feeding, which in turn could impact subsistence harvesting 

(ACIA 2005; Wassmann et al. 2011). Further, earlier and larger phytoplankton blooms may 

outpace grazers, increasing OM export and burial, benthic denitrification, and advection of 

excess P to the Atlantic Ocean (Arrigo et al. 2008; Søreide et al. 2010). Thus, in order to 

understand the multi-layered effects of AO biogeochemistry and ecology as the climate 

continues to warm, it is imperative to accurately monitor changes in the magnitude and 

timing of NPP.  

Estimating NPP in the AO is extraordinarily challenging for a number of reasons. The 

AO is a highly seasonal ecosystem where NPP increases from zero during the ice-covered 

winter to some of the highest rates in the world during the growing season (Springer and 

McRoy 1993; Arrigo et al. 2012; 2014). Additionally, the AO is experiencing a shifting 

baseline with increasing NPP every year in response to anthropogenic climate change 

(IPCC 2014; Arrigo and van Dijken 2015). Thus, given both the extreme seasonality and 
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variability, extensive sampling both temporally and spatially is necessary to assess AO 

NPP. 

However, the AO is a relatively inaccessible region that is both difficult and 

enormously costly to sample. While field campaigns provide essential data, these data are 

typically limited to a few regions (e.g. Chukchi, Beaufort, Barents Seas) and biased towards 

the more accessible summer months (Matrai et al. 2013; Arrigo et al. 2011). In order to fill 

the large in situ data gaps and provide spatially extensive sampling of the entire AO 

throughout the entire year, satellite remote sensing is a useful tool to observe the AO from 

space. However, because global ocean color algorithms are developed using data that 

represent global mean bio-optical conditions, they are ill suited for application in the AO, 

which differs dramatically in its bio-optical constituents and absorption properties 

(Mastuoka et al. 2007; 2011, Wang and Cota 2003; Ben Mustapha et al. 2012). Thus, ocean 

color algorithms must be improved for use in the AO so we can better monitor ecosystem 

changes in this vulnerable and ever-changing region.  

 

0.3 Improved estimates of Arctic Ocean net primary 

production  
This dissertation seeks to improve estimates of net primary production in the AO using a 

combination of observational fieldwork and satellite remote sensing. Chapter 1 utilizes a 

comprehensive set of in situ bio-optical measurements from the Chukchi Sea to 

parameterize a regional ocean color algorithm to be used on the AO inflow shelves. Chapter 

3 expands this analysis by constructing the largest bio-optical dataset ever assembled for 

these waters to characterize regional trends in optical properties and develop both empirical 

and semi-analytical ocean color algorithms for use throughout the entire AO. In Chapter 2, 

in situ measurements of phytoplankton photoacclimation strategies for the low-light, high-

nutrient, ice-covered spring are compared to the high-light, low-nutrient, ice-free summer 

to advance our knowledge of photoacclimation by polar phytoplankton in extreme 

environmental conditions. Finally, in Chapter 4, we apply the improved ocean color 

algorithm, which represents the unique AO optical properties and phytoplankton 
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photoacclimation, to show that primary production increased by 57% between 1998 and 

2018 due environmental changes linked to anthropogenic climate change.  



 

Chapter 1 

 
Regional chlorophyll a algorithms in the 
Arctic Ocean and their effect on satellite 
derived primary production estimates  
 
Kate M. Lewis, Gert L. van Dijken, Kevin R. Arrigo  

Earth System Science, Stanford University, Stanford, California, USA  

B. Greg Mitchell 

Scripps Institute of Oceanography, La Jolla, California, USA 

 
The Arctic is warming at approximately twice the global rate in response to anthropogenic 

climate change, resulting in disappearing sea ice, increased open water area, and a longer 

growing season (IPCC 2014). This loss of sea ice has resulted in a 30% increase in annual 

net primary production (NPP) by Arctic Ocean phytoplankton between 1998 and 2012 

(Arrigo and Van Dijken 2015). To quantify NPP, many algorithms require input of 

chlorophyll a (Chl a) concentration, which serves as a biomass proxy for phytoplankton. 

While, satellites provide temporally and spatially extensive data, including Chl a, the 

standard global ocean color algorithms are prone to errors in Arctic Ocean waters due to 

higher than average phytoplankton pigment-packaging and chromophoric dissolved 

organic matter (CDOM) concentrations. Here, we evaluate retrievals of Chl a using 

existing ocean color algorithms, test and develop a new empirical ocean color algorithm 

for use in the Chukchi Sea, and evaluate the effect of using different satellite Chl a products 

as input to an NPP algorithm. Our results show that in the Chukchi Sea, Chl a was 

overestimated by the global algorithm (MODIS OC3Mv6) at concentrations lower than 0.9 

mg m-3 because of contamination by CDOM absorption, but underestimated at higher 

concentrations because of pigment packaging. Only within the in situ Chl a range of 0.6 to 



CHAPTER 1. REGIONAL CHLOROPHYLL ALGORITHMS 

 10 

2 mg a m-3 was the satellite retrieval error by the OC3Mv6 algorithm below the ocean color 

community goal of < 35%. Using coincident in situ Chl a concentrations and optical data, 

a new linear empirical algorithm is developed (OC3L) that yields the lowest statistical error 

when estimating Chl a in the Chukchi Sea, compared to existing ocean color algorithms 

(OC3Mv6, OC4L, OC4P). When we estimated regional NPP using different Chl a satellite 

products as input, three distinct bio-optical provinces within the Arctic Ocean emerged. 

These provinces correspond to the inflow shelves, interior shelves, and outflow shelves + 

deep basin as defined by Carmack et al. (2006). Eleven sub-regions within the Arctic Ocean 

were grouped into each of these three provinces based on their mean value for R, the ratio 

of blue to green remote sensing reflectance (RRS). Our results suggest that three algorithms 

tuned to each of the three bio-optical provinces may be sufficient to capture the bio-optical 

heterogeneity within the Arctic Ocean. Currently, only within the inflow shelf province do 

we feel confident that Chl a and NPP can be accurately estimated by satellite using the 

OC3L algorithm. The interior and outflow shelf + basin provinces require development of 

ocean color algorithms specific to their respective bio-optical conditions. 

 

This chapter was originally published in Deep-Sea Research Part II and is reproduced with 

permission from the publisher. ©2016. This manuscript version is made available under 

the CC-BY-NC-ND 4.0 license: http://creativecommons.org/licenses/by-nc-nd/4.0/  

 

Lewis, K.M., Mitchell, B.G, van Dijken, G.L., and K.R. Arrigo. 2016. Regional 

chlorophyll a algorithms in the Arctic Ocean and their effect on satellite derived primary 

production estimates. Deep-Sea Research II. 130: 14-27.  

 

1.1 Introduction 
The rate of anthropogenic warming in the Arctic is approximately twice the global rate, a 

phenomenon known as polar amplification, with the majority centered over the Arctic 

Ocean (AO) (IPCC 2014). Rising temperatures in this region have already triggered 

profound environmental changes. Over the last few decades, sea ice has decreased in 

concentration, volume, and duration, with summer sea ice predicted to disappear 

completely by mid-century (IPCC 2014). This loss of sea ice has resulted in a 30% increase 
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in annual net primary production (NPP) by AO phytoplankton between 1998 and 2012 

(Arrigo and Van Dijken 2015). 

However, the correlation between sea ice decline and increased annual NPP may not 

be the only indicator of how NPP will continue to change (Tremblay et al. 2009; Bélanger 

et al. 2013). As the Arctic Ocean is predominately a light-limited system in spring, NPP 

will likely continue to increase and possibility shift earlier in the year as open water area 

and the length of the phytoplankton growing season increase (Walsh et al. 2005; Kahru et 

al. 2011; Arrigo and Van Dijken, 2011). Since presently the magnitude of the 

phytoplankton bloom is ultimately limited by nutrient availability (Walsh et al. 2005; 

Tremblay and Gagnon, 2009), changes in climate that would lead to increased nutrient 

delivery to the euphotic zone, either through increases in Bering Strait flow, shelfbreak 

jets, wind-driven upwelling, or nutrients from rivers, could sustain NPP past its typical 

seasonal decline (Woodgate et al. 2012; Tremblay et al. 2012; Pickart et al. 2013). 

However, other environmental changes could reduce NPP in Arctic waters. For instance, 

increased freshwater flux through precipitation, ice melt, and river outflow would enhance 

stratification and strengthen the halocline, thus impeding upward delivery of nutrients 

(Peterson et al. 2006). Increased cloud cover, another consequence of climate change, 

limits incoming solar radiation and has been shown to decrease NPP in some regions, 

perhaps dampening the overall effect of higher light availability due to increased open 

water area (Bélanger et al. 2013). 

Because the Arctic Ocean ecosystem has a relatively simple food web with few trophic 

links, NPP directly affects higher trophic level organisms (Grebmeier et al. 2006). Bottom-

up changes in NPP may even trigger nonlinear responses, coined ‘trophic amplifications’ 

(Chust et al. 2014; Kirby and Beugrand, 2009). For example, earlier phytoplankton blooms 

may cause a timing-mismatch for migratory organisms, such as whales and seabirds, that 

rely on predictable timing for feeding, which in turn could impact subsistence harvesting 

(ACIA 2005; Kahru et al. 2011; Wassmann, 2011). Equally, if earlier and larger 

phytoplankton blooms outpace grazers, carbon export and burial, benthic denitrification, 

and advection of excess phosphorus to the Atlantic Ocean may increase (Arrigo et al. 2008; 

Søreide et al. 2010). Thus, in order to understand the multi-layered effects of Arctic Ocean 

biogeochemistry and ecology as the climate continues to warm, it is imperative to 
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accurately monitor changes in the magnitude and timing of NPP.  

Given the limited sampling opportunities in the harsh Arctic environment, satellite 

remote sensing is a necessary tool for comprehensive spatial and temporal monitoring of 

the Arctic Ocean. The concentration of chlorophyll a (Chl a), the primary photosynthetic 

pigment in phytoplankton, serves as the proxy for phytoplankton biomass and is the main 

input for many NPP algorithms. Thus, satellite-based estimates of NPP that require Chl a 

as input are only as good as the accuracy of satellite-derived Chl a (Matsuoka et al. 2007; 

Arrigo et al. 2011; Lee et al. 2015).  

The standard NASA Chl a product is derived using a global satellite ocean color 

algorithm. The standard algorithm is parameterized using the SeaBAM dataset that consists 

primarily of measurements obtained from Case 1 waters with very few data from polar 

regions or waters with Chl a concentrations > 3 mg m-3 (O’Reilly et al. 1998). While the 

algorithm represents Case 1 waters reasonably well, it is not suitable for the Arctic Ocean, 

which exhibits unique bio-optical properties that differ significantly from the global 

oceans. First, cloud cover is persistent and sun angles are very low in polar regions, even 

in summer. Polar phytoplankton acclimate to perpetually low light conditions by increasing 

Chl a content per cell. While this ‘pigment packaging’ effectively increases total light 

absorbed per cell compared to phytoplankton in lower latitude waters, it lowers light 

absorption on a per Chl a basis (a*ph), resulting in an underestimation of Chl a by the global 

algorithm (Mitchell 1992; Mastuoka et al. 2007; 2011; Wang and Cota, 2003). As 

importantly, Arctic rivers discharge high concentrations of chromophoric dissolved 

organic matter (CDOM) which absorbs strongly in the blue but weakly in the green 

wavelengths similar to phytoplankton pigments, causing an overestimation of Chl a by the 

global algorithm when CDOM levels are high (Mitchell 1992; Matsuoka et al. 2007; Ben 

Mustapha et al. 2012).  

The goal of this study is to evaluate the performance of different ocean color remote 

sensing Chl a algorithms and how they impact estimates of NPP in the Arctic Ocean. To 

do so, we evaluated satellite retrievals of both spectral remote sensing reflectance and 

surface Chl a using a robust in situ bio-optical and hydrographic dataset from the 

ICESCAPE 2010 and 2011 programs. Next, using this in situ dataset, we tested the 

performance of three existing ocean color algorithms, including the current global standard 
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MODIS OC3Mv6 and the Arctic-specific OC4L and OC4P algorithms. In addition, we 

developed our own empirical ocean color algorithm (OC3L) for the Chukchi Sea using 

ICESCAPE data. Lastly, we tested the impact of these different Chl a products on estimates 

of NPP for the entire Arctic Ocean and its sub-regions.  

 

1.2 Background 

1.2.1 ICESCAPE in situ field data 

To evaluate the performance of the standard global ocean color algorithm used in the 

Chukchi Sea and broader Arctic Ocean, satellite retrievals of Chl a and remote sensing 

reflectance were compared to coincident in situ biological and optical measurements. 

During the ICESCAPE field program, these field measurements were made across the 

Chukchi Sea between Bering Strait and the western Beaufort Sea from 18 June through 16 

July 2010 and from 28 June through 24 July 2011 onboard the USCGC Healy (Fig. 1.1A). 

 

 
Figure 1.1. (A) Sampling locations from ICESCAPE 2010 and 2011 overlaid on bathymetry. There are 66 

optical/biological stations (blue) and 313 Chl a-only stations (red). Stations with satellite matchups (cloud 

free, satellite overpass within 3 hours of sampling) are indicated by the larger symbols (46 Chl a and 26 

optical/biological). (B) The Arctic Ocean is defined as all waters north of 66 °N. Eleven sub-regions are 

based on the descriptions in Carmack et al. (2006). 

 

Radiometric measurements: In situ spectral remote sensing reflectance (RRS(λ), sr-1) was 

calculated from underwater vertical profiles of spectral upwelling radiance (Lu), measured 
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by a free fall Profiling Reflectance Radiometer (Biopherical Instruments Inc. 

PRR800/810), and spectral downwelling surface irradiance (Es(0+)), measured by a mast-

mounted radiometer (PRR810) at 19 spectral channels. A typical PRR deployment 

consisted of three replicate casts and coincided with a midday CTD and Niskin bottle cast. 

Water leaving radiance (Lw) was obtained by linearly extrapolating the regression of 

log-transformed Lu versus depth to just below the surface (Lu(0-)) using the measured 

attenuation coefficient for upwelling radiance (KLu). Lu(0-) was then propagated through 

the water-air interface to obtain Lw using the equation (Morel and Gentili, 1991; 1993; 

Reynolds et al. 2001) 

 Lw(0+) = 0.544 Lu(0-) (1.1) 

(the wavelength, λ, has been omitted from the equation for simplicity). The average RRS of 

the replicate casts at a given wavelength was calculated as the average ratio of the 

upwelling radiance just above the water surface (Lw(0+)) to Es(0+) using the formula (Morel 

and Gentili, 1991; 1993; Reynolds et al. 2001) 

 𝑅"# = 	
&'()*+
,-()*)

. (1.2) 

Chlorophyll a: Surface Chl a concentrations were measured at all 313 stations sampled 

during ICESCAPE (Fig. 1.1A). Samples were filtered onto 25 mm Whatman GF/F filters 

(nominal pore size 0.7 µm), placed in 5 mL of 90% acetone, and extracted in the dark at 

3ºC for 24 hrs. The concentration of Chl a and phaeopigments was measured 

fluorometrically using a Turner 10-AU fluorometer (Turner Designs, Inc.) (Holm-Hansen 

et al. 1965). The fluorometer was calibrated using a pure Chl a standard (Sigma-Aldrich). 

We chose to use fluorometric Chl a instead of HPLC Chl a because there are significantly 

more fluorometric samples available for the satellite matchup analysis. Also, fluorometric 

Chl a allows for direct comparisons to the previous analyses of Cota et al. Wang et al. and 

Matsuoka et al. 

 

Particle absorption spectra: Spectral light absorption by particulates (phytoplankton and 

detritus) was determined onboard at 1 nm resolution (300–800 nm) with a dual-beam 

spectrophotometer (Cary 100) using standard transmission optics following standard ocean 
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optics protocols as described in Mitchell et al. (2002). Absorption by phytoplankton (aph) 

was calculated as the difference between the particulate (ap) and detrital (ad) absorption 

coefficients (m-1). The Chl a-specific spectral absorption coefficient for phytoplankton 

(a*ph, m2 mg-1 Chl a) is calculated as aph normalized to fluorometrically determined Chl a.  

 

Net primary production: Simulated in situ measurements of NPP (mg C m-2 d-1) were 

performed at 51 stations by measuring the uptake of labeled 14C-bicarbonate in water 

samples incubated over a 24 hour period in a simulated water column light environment. 

Water was collected at depths corresponding to the 85, 65, 25, 10, 5 and 1% isolumes 

relative to downwelling surface irradiance (Es). Samples were spiked with 0.296 MBq 14C-

bicarbonate and incubated in plastic flasks screened with layers of neutral density mesh to 

achieve the desired light transmission. Incubations were carried out on deck in continuous 

flow tanks so that the phytoplankton were kept at in situ water temperature. After 

incubation, 30 mL of sample was filtered in triplicate under very low vacuum (< 5 mm 

Hg). Filters were acidified with 0.1 mL of 6 N HCl to drive off inorganic C. After 24 hr of 

acidification, 5 mL of scintillation cocktail (Ecolume) was added and samples were 

counted after >3 hr on a PerkinElmer Tri-Carb liquid scintillation counter. Total activity 

was determined on each sample by adding 50 μL of sample to 50 μL of ethanolamine, 0.5 

mL of filtered seawater, and 5 mL of scintillation cocktail. Time zero controls were filtered 

(30 mL in triplicate), acidified at the start of the incubation period and then subtracted from 

the counts.  

 

1.2.2 Satellite data 

MODIS-Aqua Level 2 Local Area Coverage (LAC) data at 1 km resolution (reprocessing 

2013) were downloaded from the NASA Ocean Color Website 

(http://oceancolor.gsfc.nasa.gov/). The data were projected isotropically onto an equal area 

grid of the Arctic Ocean, defined as the area above 66°N.  

 

1.2.3 Satellite retrievals  

To evaluate the quality of MODIS-Aqua satellite retrievals, we performed a matchup 

analysis between satellite retrieved and corresponding in situ measurements of RRS and Chl 
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a. Matchup criteria required that the satellite overpass be within three hours of the in situ 

measurements. If there was a match, the satellite value was calculated as the mean RRS or 

Chl a concentration within a 3x3 pixel box surrounding the station coordinates. Persistent 

cloud cover only permitted 26 RRS and 46 Chl a matchups.  

The primary input for ocean color algorithms (R) is the log of the ratio of RRS at blue 

to green wavelengths. Maximum band ratio (MBR) algorithms select for the ratio that 

provides the largest value of R among the three potential blue wavelengths (412, 443 nm 

and either 488 or 490 nm, for MODIS and the PRR, respectively) and the green wavelength 

(551 or 555 nm for MODIS and the PRR, respectively). In this study, because the 

bandwidth of each instrument is 10nm, we can assume RRS 488/490 and 551/555 are equal 

to one (Ben Mustapha et al. 2012). For the matchup analysis, all possible R inputs (all blue 

combined with all green wavelengths plus MBR combinations) were evaluated. For Chl a 

matchups, standard MODIS OC3Mv6-derived Chl a was compared to surface in situ Chl 

a at 46 matchup locations.  

To evaluate the performance of the satellite retrievals, the slope, intercept and 

coefficient of determination of the log transformed in situ and satellite derived products 

were computed using a standard major axis (SMA) type II regression. Because neither 

variable explicitly depends on the other, the SMA regression is suitable because it accounts 

for uncertainty and minimizes error in both dimensions. 

 

1.2.4 Evaluating current ocean color algorithms 

We evaluated the performance of three ocean color algorithms frequently used in the Arctic 

Ocean: the global MODIS OC3Mv6 algorithm and the regional OC4L and OC4P 

algorithms (O’Reilly et al. 1998; Cota et al. 2004). All three ocean color algorithms are 

based on an empirical relationship between R and surface Chl a. MODIS OC3Mv6 is the 

standard NASA ocean color algorithm intended for global use. Cota et al. (2004) 

parameterized linear (OC4L) and polynomial (OC4P) regional algorithms using a 

relatively large dataset from high northern latitude waters, although not exclusively the 

Arctic Ocean, to account for the photophysiological changes in shade-adapted 

phytoplankton (e.g., reduced a*ph) and presence of CDOM.  

The MODIS OC3Mv6 and OC4P algorithms are fourth order polynomials of the form 
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 𝐶ℎ𝑙	a = 	10(678"79":7;"<7=">	) (1.3) 

while OC4L is a linear equation (first order polynomial) of the form 

 𝐶ℎ𝑙	a = 	10(678") (1.4) 

where the coefficients a, b, c, d, and e are empirically derived and R is the base-10 

logarithm of the maximum band ratio of RRS for blue to green wavelengths (Table 1.1).  

 

 
Table 1.1. Coefficients and statistics for existing (OC3Mv6, OC4P, OC4L) and newly developed ocean color 

algorithms (OC3L) using ICESCAPE in situ optical and Chl a data (n=62). Algorithm structure and statistics 

are described in Section 1.2.4. 

 

Ocean color algorithms were also assessed using in situ optical data (i.e. in situ RRS is 

input into satellite Chl a algorithms instead of satellite-derived RRS, n=62). The 

performance of each algorithm was assessed using a variety of statistical measures to 

compare the Chl a concentration estimated by the algorithms and measured in situ (Table 

1.1). SMA type II linear regression provides R2, intercept, and slope of the linear regression 

that relates log-transformed in situ (Chlis) and satellite-derived Chl a (Chlsat). For log-

normally distributed variables, such as Chl a, log_bias and log_rms are the appropriate 

statistical measures of data scatter (Darecki and Stramski, 2004)  
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 logBCDE = 𝑚𝑒𝑎𝑛(logJ)	(	
KLM-NO
KLMP-

	)) (1.5) 

 logQRE = 𝑠𝑡𝑑𝑒𝑣(logJ)	(	
KLM-NO
KLMP-

	)).  (1.6) 

To quantify percent errors of the satellite values compared to the in situ data set, we used 

mean normalized bias (MNB), absolute percentage difference (APD), and RMS, defined 

as 

 𝑀𝑁𝐵 = 𝑚𝑒𝑎𝑛 [KLM-NO\KLMP-
KLMP-

] ∗ 100	 (1.7) 

 𝐴𝑃𝐷 = 𝑚𝑒𝑎𝑛 [bKLM-NO\KLMP-
KLMP-

b] ∗ 100 (1.8) 

 𝑅𝑀𝑆 = 𝑠𝑡𝑑𝑒𝑣 [KLM-NO\KLMP-
KLMP-

] ∗ 100. (1.9) 

To measure how well the algorithm fits the data, the root mean square error (RMSE) was 

calculated as 

 𝑅𝑀𝑆𝐸 = 𝑠𝑞𝑟𝑡 [𝑚𝑒𝑎𝑛((𝐶ℎ𝑙g6h − 𝐶ℎ𝑙jg)	k+]. (1.10) 

RMSE estimates error of residuals in the same units as Chl a (mg m-3). 

 

1.2.5 Regionally tuned algorithm 

In addition to testing the performance of existing Chl a algorithms in the Chukchi Sea, we 

used the ICESCAPE in situ dataset to develop a regional empirical ocean color algorithm. 

To do so, surface Chl a was regressed against every possible R input, including all MBR 

combinations, for linear, quadratic, cubic and quartic equation forms. In total, 44 potential 

fits were considered. The top performing empirical algorithm, selected using the statistics 

described above, is a linear form with a three-band MBR input (443>490/555), henceforth 

referred to as OC3L (Table 1.1). 

 

1.2.6 Estimating NPP  

Accurately measuring Chl a from satellite is essential because it is the key input into many 

NPP algorithms as the proxy for phytoplankton biomass. For that reason, in addition to 

evaluating the accuracy of Chl a retrievals by satellite, we also assessed the impact of using 

Chl a input generated using various ocean color algorithms on NPP estimates in the Arctic 
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Ocean. We specifically considered the standard MODIS algorithm (OC3Mv6), Arctic 

OC4L, and our regional OC3L (Table 1.1).  

MODIS-Aqua 8-day binned RRS data from 2003-2013 across the entire Arctic Ocean 

were input into each of the ocean color algorithms to calculate the respective Chl a 

products. The resulting three sets of mapped Chl a images were then used to calculate daily 

(g C m-2 d-1) and annual (Tg C yr-1) NPP for the Arctic Ocean and its sub-regions using the 

NPP algorithm of Arrigo et al. (2008) as modified by Pabi et al. (2008) and described 

below. 

 

1.2.7 NPP algorithm 

At each satellite pixel, the NPP algorithm was used to calculate daily NPP as a function of 

downwelling irradiance, sea surface temperature, and Chl a. The principle equation used 

in the algorithm is 

 𝑁𝑃𝑃 = 	∫ ∫ 𝐶ℎ𝑙a	(𝑧) K
KLMD	

kn
ho) 	𝐺(𝑧, 𝑡)𝑑𝑡	𝑑𝑧J))

ro)  (1.11) 

where z is depth (m), t is time (hours), G(z,t) is the net biomass-specific phytoplankton 

growth rate (h-1), C/Chla is the phytoplankton carbon to Chl a ratio (90 g:g), and Chl a is 

the satellite-derived product using the various ocean color algorithms as described above. 

Surface Chl a is considered to be uniform throughout the mixed layer and below this depth, 

concentrations are assumed to decrease exponentially with depth (Arrigo et al. 2008). 

G(z,t) was calculated at each hour and at each depth as a function of the temperature-

dependent upper limit to net growth and a light limitation term, L (dimensionless) 

 𝐺(𝑧, 𝑡) 	= 	𝐺)		𝑒s	t(h)𝐿(𝑧, 𝑡) (1.12) 

where G0 is the maximum phytoplankton net growth rate at 0°C (0.59 d−1) and r is a rate 

constant (0.0633°C−1) describing the sensitivity of the maximum growth rate to 

temperature, T (°C), (Eppley 1972). The light limitation term, L(z, t), was calculated at 

each depth and each hour as 

 𝐿(𝑧, 𝑡) = 	1 −	𝑒\v
wxy(z,O)
{|}(z,O)

~ (1.13) 

where PUR(z, t) denotes photosynthetically usable radiation (Morel 1978; 1987; 1991) and 

Ek′(z, t) is the spectral photoacclimation parameter (Arrigo and Sullivan, 1994). PUR 
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represents the portion of photosynthetically active radiation (PAR) that is most readily used 

by phytoplankton by weighting the PAR range of 400-700 nm by phytoplankton absorption 

(Morel 1978). Ek′(z, t) simulates photoacclimation of phytoplankton in a changing light 

regime, varying with light history.  

Spectral downwelling irradiance at the Arctic Ocean surface was determined using the 

atmospheric radiative transfer model of Gregg and Carder (1990), corrected for cloud cover 

(determined from NCEP Reanalysis data) and specular reflectance (Arrigo et al. 2008). 

Downwelling irradiance was propagated through the water column according to Beer’s 

Law as described by Arrigo et al. (1998) using the inherent optical properties typical of 

Arctic waters (Wang and Cota 2003).  

Daily sea surface temperature (SST) is based on the Reynolds Optimum Interpolation 

SST (OISST) Version 2 product (Reynolds et al. 2002) derived from the Advanced Very 

High Resolution Radiometer (AVHRR) at 0.25° resolution obtained from NOAA and is 

considered to be constant over depth. Sea ice concentrations gridded at 25 km resolution 

were derived from Special Sensor Microwave/Imager (SSM/I) using the NASA Team 

algorithm (developed by the Oceans and Ice Branch, Laboratory for Hydrospheric 

Processes at NASA GSFC), which we obtained from the National Snow and Ice Data 

Center (NSIDC). Open water pixels have a sea ice concentration is less than or equal to 

10%. 

Maps of daily NPP (g C m-2 d-1) over the MODIS-Aqua satellite record (2003-2013) 

were produced using all available ice-free and cloud-free satellite pixels. Total annual NPP 

(Tg C yr-1) was calculated for the entire Arctic Ocean above 66°N and for eleven sub-

regions (Fig. 1.1B). The deep basin was delimited by the 1000 m isobath and the 

surrounding seas by latitude and longitude, as described in Carmack et al. (2006). 

Nearshore Chl a pixels suspected of being contaminated by sediment or CDOM from river 

discharge, as identified by their anomalously high Chl a concentration (compared to coastal 

pixels not influenced by rivers) or high remote sensing reflectance in the red and near-

infrared wavelengths, were removed (Arrigo et al. 2011). 
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1.3. Results 
1.3.1. Satellite RRS retrievals  

The quality of RRS retrievals by MODIS-Aqua was evaluated by regressing R measured 

using in situ radiometry against R derived by the satellite for all blue (412, 443, 490 nm) 

to green (555 nm) wavelengths and all possible MBR combinations (Fig. 1.2). The best 

satellite retrieval (R2 = 0.84) was for the wavelength ratio of 490/555 (Fig. 1.2C). When 

using the MBR that considers either 443 or 490 nm, the R retrievals were nearly as good 

(R2 = 0.78), as 490 nm was the chosen numerator for the MBR for 70% of the profiles (Fig. 

1.2E). 

 
Figure 1.2. Regression of satellite retrievals versus situ radiometer measurements of R for all possible MBR 

combinations. R is the log-transformed ratio of blue (412, 443, 490) to green (555) remote sensing reflectance 

(RRS) (n=26).  

 

For the MBR input 443>490/555, MODIS tends to overestimate R when in situ values 

of R are low (i.e. low blue reflectance relative to green), but underestimate R when in situ 

values of R are greater than approximately 0.3 (Fig. 1.2E). When using the standard 
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OC3Mv6 algorithm, a value for R of 0.3 corresponds to a Chl a concentration of 

approximately 0.4 mg m-3. Thus, at in situ Chl a concentrations greater than approximately 

0.4 mg m-3, R is overestimated by MODIS, resulting in an underestimation of Chl a by the 

standard OC3Mv6 algorithm. For example, for a value of R of -0.2 (the minimum R-value 

of our in situ dataset), MODIS would return a value for R of -0.13. Using OC3Mv6, the in 

situ R value would correspond to a Chl a concentration of 6.7 mg m-3 whereas the satellite-

derived value would be 4 mg m-3, corresponding to a 40% underestimation of Chl a caused 

by the MODIS retrieval error of R. At the other extreme, when R is 0.53 (the maximum R-

value in the in situ dataset), MODIS returns an R of 0.52, resulting in in situ and satellite-

derived Chl a concentrations that are within 10% of each other. For the mean R-value of 

our dataset (R~0.1), the two Chl a concentrations are within 13% of each other, meaning 

that at most Chl a concentrations, the error in Chl a estimations due to poor RRS retrievals 

is within the operational goal of 35%. 

 

1.3.2 Chl a retrievals from MODIS 

For our dataset in the Chukchi Sea, in situ Chl a ranged from 0.1 to 19.9 mg m-3, exhibiting 

much higher Chl a values than the global ocean average. At the low end of our in situ 

dataset (0.1 mg Chl a m-3), the standard MODIS OC3Mv6 algorithm overestimated Chl a 

by a factor of five (0.5 mg Chl a m-3). At the highest in situ Chl a measured during 

ICESCAPE (19.9 mg Chl a m-3), Chl a is underestimated by the MODIS OC3Mv6 

algorithm by a factor of eight (2.5 mg Chl a m-3). Over the entire data range, the standard 

satellite-based Chl a product overestimates in situ Chl a at concentrations lower than 0.9 

mg m-3 and underestimates Chl a at in situ concentrations higher than 0.9 mg m-3 (Fig. 1.3). 

Based on these results, only within the in situ Chl a range of 0.6 to 2 mg m-3 is the satellite 

retrieval error for the MODIS OC3Mv6 algorithm < 35% (the ocean color community goal 

for Chl a retrievals).  

 

1.3.3 Ocean color algorithm performance using in situ RRS 

We evaluated the performance of existing ocean color algorithms using the ICESCAPE in 

situ RRS dataset as input (Table 1.1). Based on the type II SMA regression, the regional 

algorithms (OC4L, OC4P) had regression slopes closer to 1 than the global algorithm 
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(OC3Mv6). When considering statistical measures of error (e.g., ADP, RMSE), OC4L 

estimated Chl a with the lowest error, while OC4P performed significantly worse than all 

other algorithms (Table 1.1). Because of the high OC4P error (Table 1.1), we have omitted 

the OC4P from further analysis. 

 
Figure 1.3. Regression of satellite retrievals versus in situ concentrations of log-transformed Chl a (mg m-3) 

in the Chukchi Sea (n=46).  

 

In addition to testing existing ocean color algorithms, we used in situ Chl a data with 

corresponding in situ RRS data to create a new set of empirical algorithms. The R input that 

yielded the best fit was consistently 490/555 or 443>490/555. Regardless of the R input 

used, the new empirical algorithms all provided a better fit to the in situ Chl a data than the 

existing algorithms, with a higher R2 for the regression, lower overall error, and intercept 

and slope values close to 0 and 1, respectively (Table 1.1). Among all the empirical fits to 

the data, the algorithm that best fit the data, referred to as OC3L, is a linear algorithm with 

the 443>490/555 MBR input tuned with the coefficients listed in Table 1.1. Although the 
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linear fit with 490/555 performed slightly better according to our statistical tests, we chose 

to evaluate the MBR algorithm 443>490/555 going forward as a more direct comparison 

to the MODIS MBR algorithm (OC3Mv6). Of all the potential fits, the OC3L algorithm 

yields a high R2, low statistical error, and avoids over fitting the data by its linear form. 

 

1.3.4 Impact of Chl a input on NPP  

We assessed the sensitivity of annual NPP on Chl a input by calculating NPP for the entire 

Arctic Ocean and for eleven sub-regions from 2003-2013 using Chl a derived from three 

different ocean color algorithms: the OC3Mv6 global algorithm, the OC4L Arctic 

algorithm, and our newly-derived, regional OC3L algorithm (Fig. 1.4).  

Because the only difference in the three NPP estimates is the Chl a product used as 

input, it is important to first assess the differences in Chl a estimated by the three algorithms 

used in this analysis. Chl a derived using OC4L was consistently higher than the other 

algorithms, especially at low R (high Chl a) (Figs. 1.5 and 1.6). Given the same input of 

R, the OC4L algorithm tends to produce a higher frequency of Chl a concentrations >10 

mg m-3 for the Arctic Ocean than either the OC3L or the OC3Mv6 algorithms (Fig. 1.5B). 

Although the peak in the Chl a frequency distribution for OC4L is shifted farther toward 

lower values than the OC3Mv6 algorithm, this effect is more than compensated for by the 

much larger number of high Chl a pixels produced by the OC4L algorithm (Fig. 1.5). This 

is readily apparent when Chl a is plotted against R for all three algorithms (Fig. 1.6). While 

the Chl a estimates differ between all three algorithms throughout the range of R (Fig. 

1.6A), the discrepancy in the estimates is greatly amplified at low R (high Chl a) values 

(Fig. 1.6B). For example, at a value of R of -0.3, the associated Chl a concentrations are 

14.8, 27.6, 47.2 mg Chl a m-3 for the OC3Mv6, OC3L, and OC4L algorithms, respectively. 

Thus, at low values for R, Chl a concentrations estimated by OC4L are more than three 

times higher than those by OC3Mv6.  
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Figure 1.4. Regional annual NPP (Tg C yr-1) from 2003-2013 estimated using Chl a inputs derived by three 

ocean color algorithms (green = OC4L, blue = OC3Mv6, and red = OC3L). Arctic Ocean sub-regions are 

divided into three bio-optical provinces that were determined by the mean R-value for that region.  
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Figure 1.5. Frequency histogram of Arctic Ocean satellite-derived Chl a concentrations during a typical 

growing season (May-August) for three different ocean color algorithms (green = OC4L, blue = OC3Mv6, 

and red = OC3L) across the entire biomass range (A) and for Chl a concentrations > 5 mg m-3 (B).  

 
Figure 1.6. The OC4L (green), OC3Mv6 (blue), and OC3L (red) ocean color algorithms estimate Chl a from 

satellite-derived R (log[RRS(blue)/RRS(green)]) and are plotted in log-scale (A) and non log-scale (B).  
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To ground-truth NPP estimates by satellite, we compare daily satellite-derived NPP 

(mg C m-2 d-1) to shipboard measurements (Fig. 1.7). Ideally, in situ measurements of NPP 

would be compared directly with satellite-based NPP measured at the same time and 

location using the matchup criteria described in Section 1.2.3. However, because of 

persistent cloud cover during the cruises, very few matchups were available. Instead, the 

relationship between in situ Chl a and NPP from the two field campaigns are compared 

against satellite-derived Chl a and NPP from the sampling regions in years 2010 and 2011 

for each ocean color algorithm (Fig. 1.7). Each ocean algorithm generally produces a 

similar range and density of NPP estimates at low to mid Chl a concentrations. However, 

above concentrations of approximately 10 mg Chl a m-3, OC4L produces far more high 

NPP rates than does OC3L or OC3Mv6 (Fig. 1.7). The relatively high values for NPPOC4L 

is a reflection of the tendency for the OC4L algorithm to produce a higher frequency of 

high Chl a concentrations, as discussed above (Figs. 1.5 and 1.6).  

Although the broad distributions of NPP versus Chl a were similar between the in situ 

and satellite-derived NPP values, none of the three algorithms were able to simulate the 

high in situ NPP measurements associated with surface Chl a concentrations below 1 mg 

m-3 (Fig. 1.7). These high NPP rates at low surface phytoplankton biomass are a signature 

of a subsurface Chl a maximum, where peak phytoplankton biomass, located below the 

first optical depth, was invisible to the satellite sensors (Pabi et al. 2008; Hill and 

Zimmerman 2010; Arrigo et al. 2011).  

For the entire Arctic Ocean, all three algorithms exhibited a similar interannual pattern 

of annual NPP (Fig. 1.4G). All algorithms showed an overall increase in annual NPP 

between 2003-2013, by an average rate of 20%, with production peaking in 2007. While 

the algorithms exhibited a similar interannual pattern of annual NPP in the Arctic Ocean, 

the magnitude of annual NPP based on OC4L-derived Chl a (NPPOC4L) was approximately 

46% higher than annual NPP produced by both the OC3L (NPPOC3L) and the standard 

MODIS OC3Mv6 algorithm (NPPOC3Mv6), with an average discrepancy of 210 Tg C yr-1 

(Fig. 1.4G). The high OC4L values of total NPP (Tg C yr-1) mirror the trend in high Chl a 

and daily NPP (mg C m-2 d-1), shown previously. Between 2003-2013, the average annual 

production rate for NPPOC4L was 672 Tg C yr-1, significantly higher than the average rates 
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of 468 and 461 Tg C yr-1 for NPPOC3L and NPPOC3Mv6, respectively. In 2013, the most recent 

year of the study, NPP rates had risen to 728, 504, and 495 Tg C yr-1 for NPPOC4L, NPPOC3L 

and NPPOC3Mv6, respectively 

 

 
Figure 1.7. Regression of Chl a concentration (mg m-3) versus satellite-derived NPP (black). Satellite Chl a 

was derived from three different ocean color algorithms: OC4L (A), OC3L (B), and OC3Mv6 (C). Coincident 

in situ Chl a versus in situ NPP from the 2010 and 2011 ICESCAPE cruises are also shown (red).  

 

Within the Arctic Ocean sub-regions, the three Chl a products generated similar 

patterns in the time series of annual NPP, but like in the Arctic Ocean, the absolute 

magnitudes of the annual estimates differed (Fig. 1.4). NPPOC4L was always higher than 
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both NPPOC3L and NPPOC3Mv6 in all sub-regions. Between the OC3Mv6 and OC3L 

algorithms, the algorithm producing the highest NPP varied by region. Similar to the Arctic 

Ocean as a whole, NPPOC3L and NPPOC3Mv6 were approximately equal to each other and 

50% lower than NPPOC4L in the Chukchi and Barents regions (Fig. 1.4E-G). However, 

NPPOC3L exceeded NPPOC3Mv6 in the East Siberian, Laptev, Kara, and Beaufort regions by 

approximately 25% for all years (Fig. 1.4A-D) but was lower than NPPOC3Mv6 in the 

Canadian Archipelago, Greenland, Nordic, and Basin regions also by ~25% (Fig. 1.4H-K). 

 

1.4. Discussion 
1.4.1 Chl a retrieval error 

The NASA standard satellite product (derived using the global ocean color algorithm 

OC3Mv6) underestimates in situ Chl a in the Chukchi Sea at concentrations below 0.9 mg 

m-3 but overestimates Chl a at all other concentrations (Fig. 1.3). While the RRS retrieval 

error by the MODIS-Aqua satellite sensor is responsible for some of this pattern (Section 

1.3.1), the majority of the Chl a retrieval error is due to misapplying a globally tuned ocean 

color algorithm to Arctic waters (Fig. 1.8). 

Satellites measure remote sensing reflectances (RRS) at multiple wavelengths. To 

estimate Chl a from satellite-derived RRS, the log-transformed ratio of the blue to green 

RRS (R) is often input into an empirically fit ocean color algorithm. Because R is the ratio 

of blue to green reflectance, it has an inverse relationship to Chl a. When assuming that the 

optical properties of the water are dominated by phytoplankton pigments (Case 1 waters), 

reflectances that are low in the blue and high in the green (yielding a low R value) indicate 

high phytoplankton abundance. 

While the Case 1 assumption holds for much of the global ocean, it is not necessarily 

true for the Arctic Ocean. RRS at a given wavelength is a product of the total backscattering 

(bb) and absorption (a) in the surface ocean such that 

 𝑅"# = 	
�
�

	8�'7	8��
8�'7	8��	76'7[KLMD]•6��

∗ 7	6����76��O
	 (1.14) 

(the wavelength, λ, has been omitted from the equation for simplicity) where the bb (m-1) 

is composed of backscattering by water (bbw) and particles (bbp) and a (m-1) is a the sum of 
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absorption by water (aw), detritus (adet ), Chl a ([Chla]*a*ph), and CDOM (aCDOM). The 

proportionality factor f/Q adjusts for transmission through the air-water interface and 

optical geometry (IOCCG, 2015; Wang et al. 2005; Reynolds et al. 2001; Garver and Siegel 

1997; Morel and Gentili, 1993; 1991). Global ocean color algorithms are fit to data 

overwhelmingly from mid to low latitude, low-biomass Case 1 waters (O’Reilly et al. 1998; 

Dierssen, 2010). However, because the absorption properties of the Arctic Ocean are 

fundamentally different from typical Case 1 waters, the relationship between RRS and Chl 

a in the Arctic Ocean differs from that assumed by the global algorithms (Mitchell 1992; 

Cota et al. 2003; Wang et al. 2005). The two most significant ways that the Arctic Ocean 

deviates from the global pattern are its high levels of CDOM and the degree of cellular 

pigment packaging by polar phytoplankton (Mitchell 1992; Matsuoka et al. 2007). Because 

there is no evidence to suggest that Arctic Ocean detrital material covaries with Chl a or 

absorbs differently than global mean conditions, we ignore adet in the remaining discussion 

(Wang et al. 2005).  

 
Figure 1.8. Error in Chl a retrievals partitioned into RRS retrieval error and Chl a algorithm error. The error 

in Chl a caused by RRS retrieval error is the difference between the red line (Chl a estimated from satellite 

RRS) and the blue line (Chl a estimated from in situ RRS). The remaining difference between the blue line and 

the 1:1 line (dashed line, a perfect retrieval) is due to algorithm error. 
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Compared to all other ocean basins, the Arctic Ocean receives the most riverine input, 

which is increasing due to anthropogenic climate change, adding disproportionally high 

and pervasive levels of CDOM compared to typical oceanic conditions (Stedmon et al. 

2011; McClelland et al. 2006; Peterson et al. 2006). In areas of high CDOM concentration, 

CDOM can dominate total light absorption at the low UV to blue wavelengths (often 

greater than 85%), including at the phytoplankton absorption peak of 443 nm (Ben 

Mustapha et al. 2012; Matsuoka et al. 2007; 2009; Brunelle et al. 2012; Wang et al. 2005). 

Thus, when CDOM is present in the water at concentrations higher than the global mean, 

the resulting R (the ratio of blue to green scattered light) is skewed low, mimicking the 

signal of strong blue absorption by phytoplankton pigments (Hu et al. 2000). This lower R 

leads to an overestimate of Chl a by global algorithms, especially in oligotrophic waters 

(Dierssen 2010). Because aCDOM is in the denominator of Eq. 1.14 and does not covary with 

Chl a (Matsuoka et al. 2007; Cota et al. 2003), the predominant influence of CDOM is to 

increase the intercept of the in situ versus satellite-derived Chl a regression (compared to 

the 1:1 retrieval line) and only minimally change the slope (Fig. 1.9A). Thus, the presence 

of CDOM at levels above the global mean leads to an overestimate of satellite-derived Chl 

a at all in situ Chl a concentrations. 

 

 
Figure 1.9. Idealized schematic illustrating the effects CDOM absorption (A) or pigment packaging (B) on 

the retrievals of Chl a by the global MODIS OC3Mv6 algorithm. Absorption by CDOM leads to 

approximately an overestimation offset, while the underestimation pigment packaging increases at higher 

biomass. The combined effect (C) leads to a cross-over point with the one to one retrieval line (dashed), 

which in this study is at 0.9 mg m-3.  
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 In addition to the influence of CDOM, bio-optical properties of Arctic Ocean deviate 

from the global mean because of phytoplankton pigment packaging (Morel and Bricaud, 

1981). Arctic Ocean phytoplankton that are large in size and/or increase the amount of 

light-harvesting pigments per cell due to prolonged low light conditions have lower 

absorption coefficients per unit of Chl a (lower a*ph) (Mitchell and Kiefer 1988; Bricaud et 

al. 1995; Kirk 2011; Matsuoka et al. 2007; Wang et al. 2005; Mitchell 1992; Cota et al. 

2003). This pigment packaging is characterized by a relative flattening of the blue and red 

absorption peaks of Chl a. Consequently, the pigment packaging effect is evidenced by a 

reduction in the ratio of the maximum absorption of blue to red wavelengths (Fig. 1.10). 

Likewise, a relative increase in a*ph(555) relative to a*ph(443), resulting from pigment 

packaging, increases R so that Chl a is underestimated when using the global algorithm 

(Mitchell, 1992; Mitchell and Holm-Hansen, 1991; Moore et al. 1999; Arrigo et al. 1998). 

Different from CDOM, the magnitude of the Chl a underestimation due to pigment 

packaging increases proportionally with Chl a concentration (Fig. 1.9B) (Morel and 

Bricaud 1981; Brunelle et al. 2012). Consequently, pigment packaging decreases the slope 

of the in situ versus satellite-derived Chl a regression (compared to the 1:1 retrieval line) 

without appreciably changing the intercept (Fig. 1.9B). Therefore, pigment packaging at 

levels above the global mean leads to an underestimate of satellite-derived Chl a at all Chl 

a concentrations, with a magnitude that scales with phytoplankton biomass. 

The observed relationship between in situ and satellite-derived Chl a in the Chukchi 

Sea is a consequence of the combined effects of Chl a overestimation due to CDOM 

absorption and the Chl a-dependent underestimation due to pigment packaging (Fig. 1.3). 

The net impact of these two effects is to produce a regression of satellite versus in situ Chl 

a from the Chukchi Sea that intersects the 1:1 line (Fig. 1.9C), with a crossover point at 

0.9 mg Chl a m-3 (Fig. 1.3). Thus, at in situ Chl a concentrations below 0.9 mg m-3, the 

standard NASA algorithm overestimates Chl a due to the presence of CDOM and at in situ 

Chl a concentrations above 0.9 mg m-3, the algorithm increasingly underestimates Chl a 

due to phytoplankton pigment packaging. 

Bio-optical conditions in the Arctic Ocean vary both regionally and seasonally such 

that the slope and intercept of the in situ versus satellite-derived Chl a regression and the 

resulting cross-over point with the 1:1 line differ depending on the relative importance of 
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CDOM and pigment packaging. In the Beaufort Sea, into which the Mackenzie River 

flows, Ben Mustapha et al. (2012) reported a 3 to 5-fold overestimation of Chl a by the 

global algorithm due to CDOM absorption over the entire biomass range of their dataset 

(< 2 mg Chl a m-3), resulting in no crossover between the regression of satellite-derived 

versus in situ Chl a and the 1:1 line (e.g., Fig. 1.9A). Likewise, during late summer in the 

Western Arctic, Wang and Cota (2003) reported a 1.5-fold overestimation of Chl a by the 

global algorithm at Chl a concentrations as high as 9 mg Chl a m-3 (the maximum observed 

value) because of high CDOM concentrations. Conversely, in areas relatively devoid of 

CDOM, the global algorithm tends to underestimate Chl a at all concentrations (Fig. 1.9B) 

because of the dominance of pigment packaging (Cota et al. 2003; Mitchell 1992). For 

example, in a study in the Labrador Sea, Cota et al. (2003) found that the global SeaWiFS 

algorithm (OC4v4) underestimated surface Chl a by 1.5-fold at all in situ Chl a 

concentrations.  

 

 
Figure 1.10. Regression of log-transformed in situ Chl a (mg m-3) versus the blue:red absorption ratio. A low 

ratio, when absorption at red wavelengths (a(667)) is similar to blue wavelengths (a(443)), indicates pigment 

packaging.  
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of this crossover point reflects the relative magnitude of Chl a retrieval errors due to both 

CDOM and pigment packaging. For example, Chaves et al. (2015) report a cross-over point 

of 1.0 mg Chl a m-3 in the Chukchi Sea, similar to the crossover point of 0.9 mg Chl a m-3 

found here (Fig. 1.3). In other regions, this cross-over point occurs at lower Chl a 

concentrations, such as the values of 0.6 mg Chl a m-3 reported by Stramska et al. (2003) 

in the Barents Sea and of 0.2 mg Chl a m-3 by Wang and Cota (2003) for the Western 

Arctic, indicating a greater importance of pigment packaging relative to CDOM in these 

waters. According to the recent IOCCG (2013) report, the crossover point between the 1:1 

line and the regression of satellite versus in situ Chl a for the entire Arctic Ocean is 

approximately 0.5 mg Chl a m-3. 

The relative impact of pigment packaging and CDOM on Chl a retrievals can also shift 

throughout the season. In early spring, phytoplankton have adapted to light-limited 

conditions by increasing cellular pigment content (Brunelle et al. 2012). However, as the 

season progresses, the effect of pigment packaging is reduced due to increased light 

availability (Matsuoka et al. 2011). Similarly, rivers deliver the majority of CDOM during 

the spring freshet (May-July) and less as the season progresses (Stedmon et al. 2011; Amon 

et al. 2012). As incoming solar flux increases in summer, effective CDOM absorption can 

decrease by more than a third as a result of photobleaching (Matusoka et al. 2011; 2015; 

Guéguen et al. 2005). CDOM is further degraded by a combination of biological, physical 

and photochemical processes as it ages (Stedmon et al. 2011; Granskog et al. 2012). Thus, 

in the future, increased accuracy of satellite ocean color algorithms will require the 

incorporation of time-dependent changes, as well as spatial variability, in both CDOM and 

pigment packaging. 

 

1.4.2 Arctic Ocean NPP based on satellite-derived Chl a 

1.4.2.1 Algorithm parameterization 

Empirical ocean color algorithms are parameterized using an in situ dataset that relates R 

(the ratio of blue to green wavelength light) to Chl a. Naturally, empirical algorithms 

estimate Chl a most accurately in regions that resemble the bio-optical conditions in which 

they were parameterized. While global algorithms represent Case 1 waters reasonably well, 
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they are less suitable for the Arctic Ocean, which exhibits unique bio-optical properties 

that differ significantly from the global ocean mean (Section 1.4.1).  

Cota et al. (2004) recognized that bio-optical properties within the Arctic Ocean deviate 

from global mean conditions and developed the OC4L regional ocean color algorithm for 

application throughout the entire Arctic Ocean. The OC4L calibration dataset includes 686 

data points from latitudes between 55°N and 76°N where higher nutrients, lower light, and 

larger, shade-acclimated cells are more common. While the data span a wide range of Chl 

a concentrations (0.04 and 27.8 mg m-3) and R values (-0.2806 and 0.5744), the specific 

locations where the data were collected is not provided.  

However, the Arctic Ocean is a spatially heterogeneous sea. Sub-regions vary with 

respect to river inflow, nutrient availability, sea ice coverage, shelf width, and circulation 

patterns, all variables that can result in regional differences in CDOM, a*ph, and Chl a 

concentration (Carmack et al. 2006; Matsuoka et al. 2013). Depending on the local bio-

optical conditions, different empirical ocean color algorithms will vary in their ability to 

estimate Chl a and thus NPP within the spatially heterogeneous regions of the Arctic 

Ocean. Likely, a single empirical algorithm, like the OC4L, is not appropriate to use 

throughout the entire Arctic Ocean. Rather, multiple regional algorithms calibrated for use 

in specific bio-optical conditions may best capture Chl a distributions within the spatially 

variable Arctic Ocean.  

 

1.4.2.2 Arctic Ocean bio-optical provinces 

When we estimated regional NPP using the three different Chl a satellite products as input 

(OC4L, OC3L, OC3Mv6), three distinct bio-optical provinces within the Arctic Ocean 

emerged. Regions within each of the bio-optical provinces exhibited consistent differences 

in the relative magnitude of Chl a and NPP between ocean color algorithms. Because 

estimates of Chl a by each algorithm is calculated from R, we used the relative magnitude 

of the mean value for R to assign each region to one of the three bio-optical provinces (Fig. 

1.4). Surprisingly, these three bio-optical provinces aligned very well with the ecological 

provinces defined by Carmack et al. (2006). 
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Interior Shelf Province: The interior shelves of the East Siberian, Kara, Laptev and 

Beaufort Seas exhibited the lowest R-values of all the Arctic Ocean regions (R < 0.06), the 

result of strong absorption of blue wavelength light (Fig. 1.4A-D). These sub-regions 

receive the highest riverine delivery of CDOM in the Arctic Ocean, with the Kara Sea alone 

receiving more than one third of the total freshwater discharge (Carmack et al. 2006; 

Matsuoka et al. 2013; Stedmon et al. 2011). These interior shelf regions exhibit moderate 

production rates (15-70 g C m-2 yr-1) that, when combined with the vast open water area, 

result in high total production per basin, especially on the broad Eurasian shelves 

(Grebmeier et al. 2006; Carmack et al. 2006; Vetrov 2008; Slagstad and Støle-Hansen, 

1991). In the Beaufort Sea, maximum surface Chl a concentrations range from 0.5 to 0.9 

mg m-3 (Tremblay et al. 2008, Matsuoka et al. 2009), with typical subsurface Chl a 

maximum concentrations reaching 2.5 mg m-3 (Tremblay et al. 2008). On the Eurasian 

shelves, published in situ Chl a measurements are scarce, but available data suggest high 

biomass during bloom periods. For instance, in the Kara Sea, average surface Chl a 

concentrations during bloom conditions range from 0.8 to 1.8 mg m-3 with maximum 

concentrations reaching 13 mg m-3 (Mosharov 2007; Vetrov 2007; Deubel et al. 2003). 

With Chl a concentrations sufficient to support significant levels of NPP, combined with 

the extremely high levels of CDOM, the characteristic mean R values for these sub-regions 

are the lowest in the Arctic Ocean. This low value for R produces a consistent pattern of 

relative NPP between the three algorithms, with NPPOC4L > NPPOC3L > NPPOC3Mv6 (Fig. 

1.A-D), dictated by how each of the algorithms estimate Chl a when input with a low R 

value (Fig 1.6). NPP estimates by these algorithms vary widely, with NPPOC4L being up to 

82% higher than NPPOC3Mv6 (Fig. 1.4A-D).  

 

Inflow Shelf Province: For the Arctic Ocean inflow shelves, which include the Chukchi 

and Barents Seas, the relative magnitude of NPP produced by the three algorithms is 

different. NPP is essentially identical when using Chl a derived from either OC3L or 

OC3Mv6, but is ~45% higher when using Chl a from OC4L (Fig. 1.4E-F). The inflow 

shelves support the highest primary production of the panarctic shelves, rates that are a 

factor of five to ten higher than the interior shelves, reaching > 400 g C m-2 yr-1 (Carmack 

et al. 2006; Walsh and Dieterle 1994). During a bloom, Chl a concentrations can reach 20 
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mg m-3 in the Barents Sea (Reigstad et al. 2002; Engelsen et al. 2002) and > 100 mg m-3 in 

the Chukchi Sea (Wang et al. 2005; Sakshaug et al. 2004). Combined, the inflow shelves 

of the Chukchi and Barents Seas contribute 32-78% of total NPP on Arctic shelves, 

reflecting the influence of advection and mixing of high nutrient waters onto the shelves 

(Carmack et al. 2006).  

With high Chl a concentrations, but lower absorption by CDOM than in the interior 

shelves (Matsuoka et al. 2013), the R-values for the inflow sub-regions range from 0.10-

0.17 (Fig. 1.4E-F). The mean R-value for the inflow shelves (R=0.13) is approximately the 

same as the point of intersection between OC3L and OC3Mv6 on a plot of R vs. Chl a 

(R=0.1, Fig. 1.6), which explains the similar NPP estimates between the two algorithms 

for the Chukchi and Barents Seas (Fig. 1.4E-F). Further still, the OC3L algorithm was 

calibrated using field data collected in the Chukchi Sea with a mean Chl a concentration 

of 0.6 mg m-3 and a corresponding mean in situ R-value of 0.15, very similar to the point 

at which OC3L and OC3Mv6 intersect (Fig. 1.6). Therefore, for the bio-optical conditions 

of the inflow shelves, the regional (OC3L) and global (OC3Mv6) algorithms are able to 

estimate mean annual NPP with more accuracy than OC4L, which on average produces 

NPP estimates that are 45% higher (Fig. 1.4E-F). The point at which the OC3Mv6 

intersects OC3L on a plot of R vs. Chl a represents the R-value where the tendency of the 

global algorithm to produce higher Chl a concentrations due to CDOM is balanced by the 

tendency to generate lower Chl a due to pigment packaging (Fig. 1.6, Section 1.4.1). Thus, 

at a given pixel, the standard global algorithm is still prone to either overestimate Chl a 

due to CDOM contamination or underestimate Chl a because of pigment packaging (Fig. 

1.3). However, when integrated over space and time to estimate annual NPP, the 

differences in Chl a retrieval by the global algorithm approximately balance so that NPP 

estimates using Chl a derived from the global algorithm (NPPOC3Mv6) are nearly identical 

to estimates made using Chl a from our regional algorithm (NPPOC3L) (Fig. 1.4E-F).  

 

Outflow Shelves + Basin Province: The third bio-optical province includes sub-regions 

associated with outflow shelves (Canadian Archipelago, Greenland, Nordic) and the Basin 

sub-region. These areas are characterized by relatively low in situ Chl a concentrations 

(typical blooms contain < 1 mg m-3, Gosselin et al. 1997, Rey et al. 2000) and CDOM 
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delivery (Arrigo et al. 2008; Matrai et al. 2013; Pabi et al. 2008; Codispoti et al. 2013; 

Guéguen et al. 2005; Stedmon et al. 2011). These regions also have the lowest satellite-

derived Chl a of all the regions (typically < 0.5 mg Chl a m-3 according to all algorithms), 

the lowest NPP rates (Arrigo et al. 2011; Carmack et al. 2006), and the highest R-values 

(R > 0.27). The characteristically high R-values result in a pattern of relative NPP for the 

three algorithms whereby NPPOC4L exceeded both NPPOC3Mv6 and NPPOC3L (Fig. 1.H-K and 

1.6), but unlike the Interior Shelf Province where NPPOC3L exceeded NPPOC3Mv6, here 

NPPOC3Mv6 exceeded NPPOC3L by approximately 25%.  

Previous work has also highlighted significant spatial variability in bio-optical 

constituents and absorption properties throughout the Arctic Ocean (Carmack et al. 2006; 

Matsuoka et al. 2007; Wang et al. 2005), confirming our assertion here that multiple 

regional Chl a algorithms may be necessary to accurately estimate surface Chl a throughout 

the Arctic Ocean. Our results suggest that three algorithms tuned to each of the three bio-

optical provinces (inflow, interior, outflow + basin) may be sufficient to capture the 

heterogeneity within the Arctic Ocean.  

Furthermore, of the three bio-optical provinces, our results demonstrate that only within 

the inflow shelves can Chl a and NPP be confidently derived from satellite using the OC3L 

algorithm. Because the OC3L algorithm is empirically tuned to in situ data that are 

representative of inflow shelf conditions, the OC3L is the preferred option to use for this 

bio-optical province for satellite retrievals across the entire Chl a range. When averaged 

over space and time, the global algorithm (OC3Mv6) produces values for annual Chl a and 

NPP that are similar to those produced by OC3L, but is unable to provide reliable estimates 

at individual pixels.  

For the other two bio-optical provinces, interior and outflow shelves + basin, new 

algorithms may need to be developed. Initially, the OC4L algorithm was tuned with data 

primarily collected from the Beaufort and western Chukchi seas during late summer when 

absorption was generally dominated by CDOM (Wang et al. 2005). Later, the OC4L 

coefficients were modified by incorporating more high-latitude data from unreported 

locations (> 55°N, n=686) (Cota et al. 2004). While the initial version of OC4L may have 

been suitable for high CDOM environments like the interior shelves, it is unclear whether 

the modified form of OC4L is still the best algorithm for this province given that the 
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sampling locations of the in situ data used for calibration remains unknown. Finally, to our 

knowledge, no empirical Chl a algorithm has been developed for the outflow shelves + 

basin bio-optical province. Thus, further algorithm development will be required to capture 

the spatial heterogeneity of the Arctic Ocean and accurately retrieve Chl a and thus NPP 

in these provinces.  

  

1.4.3 Conclusion 

Arctic Ocean bio-optical properties deviate from the global mean because of phytoplankton 

pigment packaging and absorption by CDOM. At individual pixels, the net effect of these 

two factors results in either an overestimation or underestimation by the global ocean color 

algorithm. Based on the mean bio-optical conditions of Arctic Ocean sub-regions, we have 

divided the Arctic Ocean into three bio-optical provinces that correspond to three 

previously identified ecological regions: inflow shelves, interior shelves, and outflow 

shelves + basin (Carmack et al. 2006). These distinct bio-optical provinces suggest that 

three different empirical ocean color algorithms would be sufficient to characterize the 

spatially diverse bio-optical conditions throughout the Arctic Ocean. While our OC3L 

algorithm can be confidently used for inflow shelves, the interior and outflow 

shelves+basin require development of ocean-color algorithms specific to the conditions of 

each bio-optical province.  

Given the optical complexity within the Arctic Ocean, semi-analytical algorithms, 

which combine empirical statistics and radiative-transfer theory to account for regional 

differences in absorption and backscattering, may be the preferred solution for ocean color 

remote sensing in the Arctic Ocean. However, significantly more in situ bio-optical 

measurements, especially in areas like the Eurasian shelves, are required for improved 

parameterization before semi-analytical algorithms can be considered a viable solution. 

Until that time, our study demonstrates that empirical algorithms, such as OC3L, can be 

effectively tuned to bio-optical provinces to provide accurate estimates of Chl a and NPP 

throughout the Arctic Ocean. Future sensors, such as the Ocean Ecosystem 

Spectroradiometer (OES) to be deployed on the upcoming ACE and PACE missions, with 

very high spectral resolution including channels in the UV will have a much better chance 

of direct inversion of hyperspectral semi-analytical algorithms.
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 As the physical environment of the Arctic Ocean shifts seasonally from ice-covered to 

open water, the limiting resource for phytoplankton growth shifts from light to nutrients. 

To understand the phytoplankton photophysiological responses to these environmental 

changes, we evaluated photoacclimation strategies of phytoplankton during the low-light, 

high-nutrient ice-covered spring and the high-light, low-nutrient ice-free summer. Field 

results show that phytoplankton effectively acclimated to reduced irradiance beneath the 

sea ice by maximizing light absorption and photosynthetic capacity. In fact, exceptionally 

high maximum photosynthetic rates and efficiency observed during the spring demonstrate 

that abundant nutrients enable pre-bloom phytoplankton to become “primed” for increases 

in irradiance. This ability to quickly exploit increasing irradiance can help explain the 

ability of phytoplankton to generate massive blooms beneath sea ice. In comparison, 

phytoplankton growth and photosynthetic rates are reduced post-bloom due to severe 

nutrient limitation. These results advance our knowledge of photoacclimation by polar 
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phytoplankton in extreme environmental conditions and indicate how phytoplankton may 

acclimate to future changes in light and nutrient resources under continued climate change.  

 

This is the peer reviewed version of the following article [Lewis, K.M., Arnsten, A.E., 

Coupel, P., Joy-Warren, H., Lowry, K.E., Matsuoka, A. Mills, M.M., van Dijken, G.L, 

Selz, V., and K.R. Arrigo. 2019. Photoacclimation of Arctic Ocean phytoplankton to 

shifting light and nutrient limitation. Limnology and Oceanography. 64: 284-301] which 

has been published in final form at doi.org/10.1002/lno.11039. This article may be used 

for non-commercial purposes in accordance with Wiley Terms and Conditions for Self-

Archiving. 

 
2.1 Introduction  
Each year, the Arctic Ocean (AO) environment undergoes a radical transformation. 

Dramatic seasonal changes in the physical environment, which impact light and nutrient 

availability, dictate the timing and magnitude of the annual phytoplankton bloom 

(Sakshaug 2004; Tremblay and Gagnon 2009; Popova et al. 2012). For instance, changes 

in snow and sea ice cover dramatically alter the light environment experienced by 

phytoplankton (Mundy et al. 2005; Frey et al. 2011). In the spring, prior to the 

phytoplankton bloom, extensive snow and sea ice cover limits the photosynthetically active 

radiation (PAR, 400-700 nm) that is available for phytoplankton growth to only 2% of 

incoming irradiance (Sakshaug 2004; Arntsen 2018). As incoming solar irradiance 

increases, melt ponds form and sea ice retreats, resulting in greater transmission of PAR to 

the surface ocean, which triggers the seasonal phytoplankton bloom (Sakshaug 2004; Hill 

et al. 2005; Tremblay and Gagnon 2009; Arrigo et al. 2014). In fact, solar radiation can 

increase so much that phytoplankton must protect themselves against photodamage 

(Sakshaug 2004; Leu et al. 2007).  

Similar to the seasonal pattern of light, the availability of dissolved nitrate (NO3-), 

the primary limiting nutrient for phytoplankton growth in the AO (Tremblay et al. 2006; 

Lowry et al. 2015, Danielson et al. 2017), shifts significantly throughout the phytoplankton 

growing season (Cota et al. 1996; Codispoti et al. 2005, 2009; Tremblay and Gagnon 

2009). For example, beneath spring ice-cover in the Chukchi Sea, the water column is 
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weakly stratified with remarkably high pre-bloom NO3- concentrations (>8 µM) 

throughout the shelf (Codispoti et al. 2005, 2009; Arrigo et al. 2017; Lowry et al. 2018). 

As the phytoplankton bloom develops, NO3- in surface waters becomes increasingly 

depleted due to assimilation into N-containing macromolecules (Hansell et al. 1993; 

Codispoti et al. 2005, 2009; Hill and Cota 2005; Varela et al. 2013; Lowry et al. 2015; 

Danielson et al. 2017). Just prior to the peak of the bloom, phytoplankton have ample light 

and nutrients and achieve their maximum growth rates (Arrigo et al. 2014). By the end of 

the bloom in summer, phytoplankton consumption completely depletes surface NO3-, 

leaving a largely inaccessible NO3- reservoir beneath a strongly stratified mixed layer, 

resulting in a high-light, low-nutrient (HLLN) post-bloom environment (Cooper et al. 

1997; Codispoti et al. 2005, 2009; Lowry et al. 2015; Danielson et al. 2017).  

Thus, the pre-bloom springtime conditions represent a low-light, high-nutrient 

(LLHN) environment where light limits the initiation of phytoplankton growth (Hill et al. 

2005; Tremblay and Gagnon 2009). While the initiation of the bloom is controlled by light 

availability (Hill et al. 2005; Arrigo et al. 2017; Lowry et al. 2018), the NO3- inventory 

controls the overall magnitude of the bloom (Walsh et al. 2005; Tremblay and Gagnon 

2009). Thus, the limiting resource for phytoplankton growth shifts from light in spring to 

nutrients in summer. 

In order to photoacclimate during the seasonal transition from light to nutrient 

limitation, phytoplankton must adjust their photosynthetic machinery. In response to 

changing irradiance, phytoplankton modify their pigment composition, thereby altering 

light absorption and protecting against photoinhibition (Eberhard et al. 2008; Kropuenske 

et al. 2009; Nymark et al. 2009). Phytoplankton may also adjust the number and size of 

their photosynthetic units depending on available light energy (Kolber et al. 1988b; 

Falkowski and Raven 2007). These changes in pigments and photosynthetic machinery 

affect measurable photosynthetic parameters. For example, in low light, by increasing the 

size of their photosynthetic units, phytoplankton may increase functional absorption cross-

section (σPSII) and photosynthetic efficiency (α*), thereby lowering the photoacclimation 

parameter (Ek) to match ambient light levels (Falkowski and Owen 1980; Moore et al. 

2006). Alternatively, phytoplankton can increase the number of photosynthetic units, 

which increases cellular absorption of light without changing σPSII (Moore et al. 2006). As 
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light increases, phytoplankton respond by increasing photosynthetic proteins related to 

both the light reactions and carbon fixation, thereby elevating maximum photosynthetic 

rates (P*max) (Eberhard et al. 2008; Nymark et al. 2009). If light levels reach damaging 

intensities, phytoplankton typically replace photosynthetic pigments with photoprotective 

pigments to minimize photoinhibition and consequently diminish quantum yield of 

photosynthesis (Φm) (Kiefer and Mitchell 1983; Falkowski et al. 1985; Babin et al. 1996). 

However, because synthesizing proteins and pigments requires nutrients (Geider et al. 

1993; Eberhard et al. 2008), NO3- limitation can impede these photoacclimation responses 

by restricting growth, quantum yield and photochemical efficiency of photosystem II 

(Geider et al. 1993; van de Poll et al. 2005), while increasing susceptibility to 

photoinhibition (Kiefer 1973; Litchman et al. 2002).  

While the dynamics of the annual marginal sea ice zone bloom have been well 

documented in the Chukchi Sea (Tremblay et al. 2006; Brown et al. 2015; Danielson et al. 

2017), there is a scarcity of physiological data for phytoplankton beneath the ice prior to 

the spring bloom. Expansive sea ice cover and inhospitable conditions have historically 

deterred field sampling of the sea ice zone in the spring. Moreover, because sea ice and 

snow reflect and attenuate light (Grenfell and Maykut 1977; Perovich and Polashenski 

2012), the conventional wisdom has been that phytoplankton production is restricted to 

waters free of sea ice. Consequently, field surveys of the AO are severely biased towards 

the summer months (Matrai et al. 2013). However, the discovery of a massive under-ice 

bloom, with biomass reaching > 1290 mg Chl a m-2 and net primary production (NPP) rates 

as high as 3.7 g C m-2 d-1, altered the established scientific narrative regarding the 

progression of phytoplankton blooms in the AO. The presence of this huge under-ice bloom 

was attributed to the appearance of extensive melt ponds that effectively transmit light to 

the water below (Arrigo et al. 2014). Yet, we still remain in the dark about the status of 

phytoplankton acclimation and production rates beneath snow-covered sea ice prior to 

melt-pond formation and ice retreat.  

The primary goal of this study is to compare phytoplankton photophysiology prior 

to the spring bloom when light is limiting and nutrients are high (LLHN) and later in the 

summer when light levels are high but surface NO3- has been depleted (HLLN). To do so, 

we made a suite of photophysiological measurements that allowed us to characterize the 
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specific strategies used by phytoplankton to acclimate to light limitation in the spring and 

nutrient limitation in the summer. This research was made possible by the creation of the 

first comprehensive dataset describing phytoplankton photophysiology beneath the 

expansive springtime sea ice in the Chukchi Sea. 

 

 
Figure 2.1. Subset of stations from SUBICE that qualify as low-light, high-nutrients (LLHN; green) and from 

ICESCAPE 2010 and 2011 that qualify as high-light, low-nutrients (HLLN; yellow) overlain on bathymetry 

(grey).  

 

2.2 Methods 
2.2.1 Chukchi Sea site 

Hydrographic measurements in the Chukchi Sea were made during three field expeditions 

spanning 2010 to 2014, representing a variety of environmental conditions. The Impacts of 

Climate on EcoSystems and Chemistry of the Arctic Pacific Environment (ICESCAPE) 

project included two cruises from 18 June to 16 July 2010 and 28 June to 24 July 2011 

onboard the United States Coast Guard Cutter Healy. ICESCAPE sampling surveyed the 

Chukchi Sea continental shelf during the late spring and early summer, which included 

stations in both ice-free and ice-covered water (Fig. 2.1). The Study of Under-ice Bloom 

In the Chukchi Ecosystem (SUBICE) campaign (13 May to 23 June 2014), also onboard 

the Healy, covered a similar geographic area to ICESCAPE (Fig. 2.1) but primarily  
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Table 2.1. Mean daily surface nitrate (NO3-) measurements for stations categorized as low-light, high-

nutrients (LLHN) and high-light, low-nutrients (HLLN).  

Date NO3()(µM)
5/23/14 14.69
5/24/14 15.32
5/25/14 12.21
5/26/14 13.08
5/27/14 11.36
5/28/14 14.44
5/29/14 12.18
5/30/14 10.36
5/31/14 9.02
6/1/14 10.3
6/2/14 10.77
6/5/14 15.18
6/6/14 15.83
6/7/14 13.5
6/10/14 14.01
6/11/14 12.22
6/12/14 14.84
6/13/14 17.44
6/14/14 16.05
6/15/14 15.48
6/16/14 16.55
6/17/14 16.14
6/18/14 16.86
6/19/14 15.97

6/18/10 0.05
6/20/10 <.0.02
6/21/10 <.0.02
6/22/10 0.21
6/23/10 <.0.02
6/24/10 0.11
6/30/10 0.17
7/1/10 <.0.02
7/5/10 <.0.02
7/7/10 0.46
7/8/10 0.04
7/9/10 <.0.02
7/15/10 <.0.02
7/16/10 <.0.02
6/28/11 0.04
6/29/11 <.0.02
6/30/11 <.0.02
7/1/11 <.0.02
7/2/11 0.09
7/3/11 <.0.02
7/4/11 <.0.02
7/8/11 <.0.02
7/9/11 <.0.02
7/10/11 <.0.02
7/15/11 <.0.02
7/16/11 <.0.02
7/21/11 <.0.02
7/22/11 <.0.02
7/23/11 0.09
7/24/11 0.04

LLHN

LLHN)mean)13.91)±)2.37

HLLN

HLLN)mean)0.05)±)0.09
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surveyed under-ice hydrographic conditions and phytoplankton communities, providing 

the most spatially extensive dataset of pre-bloom, ice-covered conditions in the 

northeastern Chukchi Sea collected to date. Together, these three expeditions to the 

Chukchi Sea provide a comprehensive dataset that chronicles pre- and post-bloom 

phytoplankton photophysiology and growing conditions, which include dramatic changes 

in ice cover, light and nutrient availability.  

 

2.2.2 Hydrography 

At each station, conductivity-temperature-depth (CTD) casts were conducted using 

temperature, conductivity, and pressure sensors (Sea-Bird electronics) attached to a 12-

position 30-liter Niskin bottle rosette system. Discrete surface seawater samples were 

collected at standard depths of 2, 5, and 10 m. Chlorophyll a (Chl a), particulate organic 

carbon (POC), and fast repetition rate fluorometry (FRRf) were measured at each station 

and at each depth. High performance liquid chromatography (HPLC) pigments, 

photosynthesis vs irradiance (P-E) incubations, particulate absorption, and phytoplankton 

taxonomy were assessed at each station at the surface depth. Simulated in situ (SIS) 

measurements of primary production were measured at select stations over a 24 h period.  

Nutrient analyses of unfiltered water samples were performed onboard the ship with 

a Seal Analytical continuous flow Auto-Analyzer 3 using a modification of the method 

described in Armstrong et al. (1967) to measure the concentrations of NO3-, ammonium 

(NH4+), nitrite (NO2-), phosphate (PO43-), and silicate (Si(OH)4) with detection limits of 

0.02, 0.04, 0.02, 0.02, and 0.05 µM, respectively. Only NO3- data are presented here (Table 

2.1).  

 

2.2.3 Sea ice concentration 

Daily satellite images from the Special Sensor Microwave Imager (SSM/I) at 25 km 

resolution were obtained from the National Snow and Ice Data Center (Cavalieri et al. 

1996) and used to characterize the sea ice concentration at each station on the date of 

sampling. Sea ice concentration was also estimated visually through ‘ice watch’ 

observations every two hours made from the Healy’s bridge using the ASSIST protocol 

(using the ASSIST protocol http://icewatch.gina.alaska.edu/). Because satellite ice  
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Table 2.2. Surface photosynthetically active radiation (PAR; µEin m-2 s-1) measured at solar noon beneath 

the ice at low-light, high-nutrients (LLHN) stations and in open water for high-light, low-nutrients (HLLN) 

stations. 

  

! Date PAR$mean PAR$std$dev
5/24/14 0.8 0.8
5/28/14 4.1 4.4
6/2/14 2.9 2.9
6/5/14 7.4 4.3
6/6/14 3.4 1.5
6/11/14 14.3 20.2
6/13/14 7.3 5.4
6/15/14 38.3 19.7
6/17/14 52.0 18.5 !

6/18/10 1020.4 24.6
6/20/10 1357.7 8.2
6/21/10 974.1 359.8
6/23/10 1191.2 70.4
6/24/10 1184.6 16.3
6/30/10 798.5 21.3
7/1/10 705.1 476.2
7/5/10 882.9 350.9
7/7/10 878.6 272.2
7/9/10 1044.2 170.4
7/15/10 441.0 6.2
7/16/10 116.4 4.2
6/28/11 305.4 102.2
6/29/11 629.0 284.6
6/30/11 451.4 221.0
7/1/11 831.7 92.0
7/2/11 456.0 87.8
7/3/11 417.5 114.1
7/8/11 990.8 193.5
7/9/11 764.8 354.5
7/15/11 630.4 322.7
7/16/11 936.9 364.5
7/21/11 718.8 43.4
7/22/11 658.0 59.8
7/23/11 683.1 100.7

HLLN

!

LLHN

LLHN$average$14.5$±$18.1

HLLN$average$762.7$±$143.6
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concentrations correlated well with the dependent variable of in situ ice watch observations 

(R=0.83; slope=0.67; p<0.01), we used only satellite-derived sea ice concentrations in this 

study to represent a large spatial area surrounding each station (Lowry et al. 2018). 

Conservative thresholds of ice concentration were used to discern between completely ice-

covered (>80%) and ice-free (<10%) environments. 

 

2.2.4 Irradiance 

Average incoming daily PAR (µEin m-2 s-1; 400 to 700 nm) used to characterize seasonal 

variability was determined using the atmospheric radiative transfer model of Gregg and 

Carder (1990) and corrected for cloud cover (determined from NCEP Reanalysis data) 

(Figure 2.2).  

 

 
Figure 2.2. Average incoming daily photosynthetically active radiation (PAR; µEin m-2 s-1) during the 

sampling period of each field expedition modeled using the Gregg and Carder (1990) radiative transfer 

model.  
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During SUBICE, in situ downwelling PAR at solar noon was measured both above 

and below the ice cover using two RAMSES ACC-2 VIS TriOS hyperspectral radiometers 

at 3 nm resolution from 320 to 950 nm (Table 2.2). A surface reference sensor was mounted 

above the ice and a second sensor was attached to an extending arm that was sent down a 

borehole and floated to an upright position approximately 10 cm from the bottom of the 

ice and 2.5 meters (horizontally) from the borehole. Oriented towards the direction of the 

sun, five measurements made in 45° increments were collected in a clockwise fashion 

around the arc created by the 2.5 m radius of the sensor arm. Irradiance spectra were 

interpolated to 1 nm resolution. Any inclinations greater than 10° from vertical were 

discarded. Spectral transmittance (T(λ)) was calculated as the percentage of downwelling 

irradiance at the surface that is measured underneath the ice as 

 𝑇(𝜆) = �O(�)
�-(�)

× 100 (2.1) 

where 𝐹t(𝜆) is spectral downwelling irradiance underneath the ice and 𝐹#(𝜆) is spectral 

downwelling irradiance incident at the surface. PAR was calculated for each downwelling 

spectral irradiance observation below the ice cover by converting transmitted watts at each 

wavelength to number of photons between 400 and 700 nm. From a regression of all 

samples (n = 468), the conversion was empirically determined to be 4.475 µEin m-2 s-1 for 

total watts m-2 transmitted. 

 During the ICESCAPE cruises, in situ PAR was calculated from underwater 

vertical profiles measured by a free-falling Profiling Reflectance Radiometer (PRR; 

Biopherical Instruments Inc. PRR800/810) (Table 2.2). A PRR deployment consisted of 

three replicate casts conducted in ice-free waters at local noon. Mean in situ surface PAR 

representative of the LLHN and HLLN environments was calculated as the mean of all in 

situ radiometric measurements at solar noon for each environmental condition (Table 2.2). 

 

2.2.5 Photophysiological measurements 

Pigments and biomass 

Chlorophyll a: Seawater samples were filtered onto 25 mm Whatman glass fiber filters 

(GF/F, 0.7 µm nominal pore size). Pigments of filters were extracted in the dark in 5 ml of 

90% acetone for 24 h at +3°C prior to measurement on a Turner Designs 10-AU 
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fluorometer calibrated with pure Chl a (Sigma-Aldrich) (Holm-Hansen et al. 1965). We 

opted to use fluorometric Chl a throughout this study because the majority of HPLC 

samples were lost during the ICESCAPE 2010 cruise, restricting our ability to statistically 

compare any parameters that rely on Chl a concentration, including P-E, absorption, and 

growth rates.  

 

Pigments: Samples for analysis of pigments were measured using HPLC. Pigment samples 

were immediately flash frozen in liquid nitrogen after filtration and stored at -80°C until 

analysis was performed within six months of collection at The Analytical Services 

Laboratory at Horn Point, Cambridge, MD, following Zapata et al. (2000) for ICESCAPE 

samples and at Laboratoire d’Océanographie de Villefranche (LOV) as described in Ras et 

al. (2008) for SUBICE samples.  

 

Particulate organic carbon: Particulate organic carbon (POC) samples were filtered 

through 25 mm pre-combusted (450°C for 4.5 h) GF/Fs. Blank filters were measured daily 

by passing ~25 ml of filtered (0.2 µm) seawater through GF/Fs. Filters were immediately 

dried at 60°C and stored dry until processing. Prior to analysis, samples were fumed with 

concentrated HCl, dried at 60°C, and packed into tin capsules (Costech Analytical 

Technologies, Inc.) for analysis. Samples were analyzed on an Elementar Vario EL Cube 

or Micro Cube elemental analyzer (Elementar Analysensysteme GmbH, Hanau, Germany) 

interfaced to a PDZ Europa 20-20 isotope ratio mass spectrometer (Sercon Ltd., Cheshire, 

UK).  

  

Taxonomy 

Community composition of surface water samples was assessed onboard the ship using 

Imaging FlowCytobot (IFCB) analysis to determine the relative contributions (mean ± SD) 

of algal taxa, following the methods in Selz et al. (2017). Phytoplankton in small volumes 

of seawater (1 to 5 ml) were injected through a cytometry flow cell (860 x 180 μm) and 

each Chl a-containing particle (chain, colony, or cell) triggered the digital camera. The 

IFCB cell-size detection range was limited to roughly 8 to 300 μm. All digital micrographs 

were classified to the genus level both manually and assisted by the supervised machine 
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learning strategy discussed in Laney and Sosik (2014). Phytoplankton genera were then 

sorted into broader taxonomic categories based on categorization used in Laney and Sosik 

(2014): pennate diatoms (Cylindrotheca, Entomoneis, Ephemera, Fragilariopsis, 

Gyrosigma, Haslea, Navicula, Nitzschia, Pinnularia, Pleurosigma, Pseudo-nitzschia, 

Rhizosolenia, Thalassionema), centric diatoms (Attheya, Bacterosira, Chaetoceros, 

Coscinodiscus, Detonula, Eucampia, Guinardia, Leptocylindrus, Melosira, Odontella, 

Paralia, Skeletonema, Thalassiosira, Lauderia), flagellates (Dictyocha, Dinobryon, 

Euglena, Phaeocystis, Pyramimonas), dinoflagellates, ciliates, small unidentified cells, 

large unidentified cells, and detritus. Small and large cells that we were unable to identify 

due to irregular shape or poor image quality and were classified as “unidentified” and 

categorized using an approximate size cut off of less than or greater than 10 μm. The 

relative abundance of each taxonomic category was based on number of images recorded 

relative to the total images. 

 

Variable fluorescence  

Phytoplankton physiology was assessed using a fast repetition rate fluorometer (FRRf; 

LIFT-FRR, Soliense; Kolber et al. 1998a) with excitation at 470 nm to estimate the 

maximum photochemical efficiency of photosystem II (Fv:Fm; dimensionless), functional 

absorption cross-section (σPSII; Å2 quanta-1), and turnover time of the primary electron 

acceptor at PSII (τPSII; ms). The samples were dark-acclimated for ~30 minutes at 0°C and 

measured in triplicate within one hour of collection. Blanks for individual samples 

analyzed by FRRf were prepared by gentle filtration through a 0.2 mm polycarbonate 

syringe filter before measurement using identical protocols. All reported values were 

corrected for blank effects.  

 

Photosynthesis vs. irradiance  

Photosynthesis vs. irradiance (P-E) relationships were measured using a short-term 14C-

bicarbonate (H14CO3-) incorporation technique (Lewis and Smith 1983). Briefly, for each 

P-E curve, samples were spiked with H14CO3- and incubated in photosynthetron at 14 light 

intensities ranging from 1 to ~600 µEin m-2 s-1. Even illumination was provided to each 

incubation chamber via a fiber-optic cable connected to an illuminator (Lumenyte 



CHAPTER 2. PHOTOACCLIMATION OF ARCTIC OCEAN PHYTOPLANKTON 

 52 

International Corporation, model DMX512) fitted with a 150 W tungsten-halogen lamp. 

Total PAR within each illumination chamber was measured using a Biospherical 

Instruments Inc. QSL-2101. Spectral irradiance, E(λ), was measured from 300 to 800 nm 

using a spectroradiometer (Analytical Spectral Devices, FieldSpec). Incubations were 

terminated after 2 h by turning off the light source and acidifying each vial. All acidified 

samples were gently shaken for a minimum of 12 h to drive off radioactive inorganic 

carbon. Radioactivity was determined by liquid-scintillation counting. For full detailed 

methods, please refer to Arrigo et al. (2010).  

The carbon uptake rates were calculated using a nonlinear least-squares regression 

fit to the relationship of Platt et al. (1980), as modified by Arrigo et al. (2010) 

 

 𝑃∗ = 𝑃#∗ �1-e
��∗{
w-∗ � e

��∗E
w-∗ -𝑃)∗ (2.2) 

 

where P* is the measured Chl a-specific photosynthetic rate (mg C mg-1 Chl a h-1) at a 

given photosynthetron irradiance E (µEin m-2 s-1), P*s is the light saturated photosynthetic 

rate (mg C mg-1 Chl a h-1) in the absence of photoinhibition, α* (mg C mg-1 Chl a h-1 (µEin 

m-2 s-1)-1) is the initial slope of the P-E curve, β* is the photoinhibition term (mg C mg-1 

Chl a h-1 (µEin m-2 s-1)-1), and P*0 is the CO2 uptake or release (mg C mg-1 Chl a h-1) at E 

= 0 µEin m-2 s-1. P-E parameters were only used when the fits were statistically significant 

(r2 >0.70 and p <0.05). The maximum photosynthetic rate (P*max; mg C mg-1 Chl a h-1) was 

calculated as  

 Pmax
*  = Ps

*( α*

α*+β* )( β*

α*+β*)
β*

α* (2.3) 

and the photoacclimation parameter Ek (µEin m-2 s-1) was calculated as  

 𝐸� = ��N�
∗

α*
. (2.4) 

Absorption 

Spectral light absorption by particulates (phytoplankton and detritus) was determined using 

two different methods for ICESCAPE and SUBICE cruises. A water sample was 

immediately filtered after sampling using a GF/F filter for both cruises. For ICESCAPE, 
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the filter was then stored in a liquid nitrogen and brought back to the laboratory at Scripps 

Institute of Oceanography. Absorbance of a sample filter was measured at 1 nm resolution 

(300–800 nm) using a dual-beam spectrophotometer (Perkin-Elmer-Lambda-18) equipped 

with an integrating sphere. The filter was placed in the middle (inside) of the integrating 

sphere (Rötggers and Gehnke 2012) and an appropriate beta factor for correcting 

pathlength amplification due to the filter and particles, dedicated to the specific geometry, 

was used to calculate absorption coefficients of particles (Neukermans et al. 2014). For 

SUBICE, absorbance was measured onboard using a Varian Cary 100 spectrophotometer 

by placing a sample filter in front and back of an integrating sphere (so-called 

Transmittance-Reflectance or T-R method; Tassan and Ferrari 1995). An appropriate beta 

factor for this specific geometry was used to calculate absorption coefficients of particles 

(Tassan and Ferrari 2002). 

Absorption by phytoplankton (aph) was calculated as the difference between the 

particulate (ap) and detrital (ad) absorption coefficients (m-1). The Chl a–specific spectral 

absorption coefficient for phytoplankton (a*ph, m2 mg-1 Chl a) is aph normalized to 

fluorometrically determined Chl a. The red and blue absorption peak of the Chl a spectrum 

was determined as the maximum value between 650-680 and 450-480 nm, respectively. 

The spectrally averaged Chl a–specific absorption coefficient for phytoplankton (ā*, m2 

mg-1 Chl a) was then calculated as  

 ā* = 
∑ 6��

∗ (�)×,(�)	>��
	���

∑ ,(�)	>��
	���

 (2.5) 

 

where E(λ) is the spectral output of the P-E photosynthetron light source.  

 

Quantum yield  

The maximum quantum yield of photosynthesis, Φm, was calculated from α* and ā* as 

 𝜙¡ =	 ¢∗

n£.k	×	ā∗	
 (2.6) 

where 43.2 represents a unit conversion to mol C (mol quanta absorbed)-1 (SooHoo et al. 

1987).  
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Phytoplankton growth rates  

Maximum biomass-specific daily growth rate (µm; d-1) for a given sample was calculated 

as  

 𝜇¡ =𝑃¡6¥∗ 	× 	KLM	D
�¦K

× 	24	. (2.7) 

Mean biomass-specific daily growth rate (µavg; d-1) was calculated using P-E parameters 

from (Eq. 3) at the mean in situ surface PAR representative of the LLHN or HLLN 

environment (Table 2.2). 

 𝜇6©ª = α* × E 
POC:Chl a

× 	24	. (2.8)  

 

Primary production 

Simulated in situ (SIS) measurements of PP (mg C m-2 d-1) were performed by measuring 

the uptake of labeled C-bicarbonate in water samples incubated over a 24 h period. Samples 

were incubated in a simulated water column light environment in continuous flow tanks on 

deck so that the phytoplankton were kept at in situ water temperature. 

During the SUBICE cruise, water was collected at 4 depths (typically 2, 10, 25 and 

45 m). Samples in 500 ml polycarbonate flasks were spiked with 13C-bicarbonate and 

incubated beneath a cover that reduced incoming PAR to replicate a 1 m ice layer in flasks 

screened with layers of neutral density mesh that best matched their in situ light based on 

percentage of surface irradiance detected by the PAR sensor attached to the CTD rosette 

(25, 15, 8.8, 5.5, 3.3, 2.0, or 0.3% of surface light). We added 510 µL of a solution of 20 g 

L-1 of sodium bicarbonate (NaH13CO3-) in the 500 ml incubation bottles. After a 24 h 

incubation, 13C enrichment of the particulate matter collected onto 25 mm GF/Fs filters 

was analyzed by mass spectrometry at Université Laval (for full methods, see Tremblay et 

al. 2006). 

During ICESCAPE, water was collected at 4 depths (typically 2, 10, 25 and 45 m) 

and incubated at corresponding light intensities. We added 0.74 MBq H14CO3- to 150 ml 

of sample in a 250 ml Falcon flask and covered the flask with 0 to 9 layers of neutral density 

screens to simulate light intensities of 85, 65, 25, 10, 5 and 1% of surface irradiance. After 

incubation, 30 ml of sample was filtered onto 25 mm GF/Fs in triplicate under very low 

vacuum (< 5 mm Hg). Filters were acidified with 0.1 ml of 6 N HCl to drive off inorganic 
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C. After 24 h of acidification, 5 ml of scintillation cocktail (Ecolume) was added and 

samples were counted after >3 h on a PerkinElmer Tri-Carb liquid scintillation counter. 

Total activity was determined for each sample by adding 50 μl of sample to 50 μl of 

ethanolamine, 0.5 ml of filtered seawater, and 5 ml of scintillation cocktail. Time zero 

controls were filtered (30 ml in triplicate), acidified at the start of the incubation period and 

then subtracted from the counts.  

To calculate depth-integrated PP, total activity was converted to carbon uptake (mg 

m-3 d-1) and was then integrated over the water column to achieve rates of daily PP (mg m-

2 d-1). 

 

2.2.6 Environmental classifications  

In order to compare the two environmental extremes experienced by Chukchi Sea 

phytoplankton, surface samples were classified as either low-light, high-nutrient (LLHN) 

or high-light, low-nutrient (HLLN) based on thresholds of ice concentrations and NO3- 

(Table 2.3).  

 
Table 2.3. Seasonal classifications of the surface ocean environment based on NO3- and sea ice concentration. 

Only low-light, high-nutrients (LLHN) and high-light, low-nutrients (HLLN) provided enough samples to be 

used in statistical analyses.  
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Concentrations of NO3-, the limiting nutrient for phytoplankton growth in the AO, 

are dramatically reduced as the growing season progresses. Beneath the sea ice in spring, 

prior to the annual phytoplankton bloom, NO3- is >8 µM throughout the water column at 

all stations sampled across the Chukchi Sea shelf (Arrigo et al. 2017). After the 

phytoplankton bloom, NO3- is reduced to undetectable levels in surface water (Lowry et al. 

2015). To characterize the seasonal extremes of NO3- available to phytoplankton, a 

conservative cutoff of >3 µM and < 1 µM was used to determine high-nutrient and low-

nutrient conditions, respectively.  

When determining light availability for phytoplankton, there is a distinct seasonal 

difference associated with changing ice cover. Perhaps surprisingly, average incoming 

daily PAR exhibited only a modest seasonal cycle during our study period (Fig. 2.2). 

Average incoming PAR during spring (391 ± 74 µEin m-2 s-1) was not statistically different 

from summer (406 ± 60 µEin m-2 s-1), with the amount of day-to-day variation in incoming 

PAR comparable to the variation between average spring and summer incoming PAR (Fig. 

2.2). However, during the spring SUBICE cruise, the majority of stations were covered by 

sea ice and snow with average thicknesses of 1.23 ± 0.22 m and 0.07 ± 0.05 m, respectively, 

with no melt ponds present (Selz et al. 2017). During the summer ICESCAPE cruises, most 

stations (and all of those considered in this study) were in open water. The seasonal 

differences in underwater light availability reflect the seasonal difference in ice cover: PAR 

beneath the sea ice in spring measured at solar noon was 14.50 ± 18.13 µEin m-2 s-1, which 

was only 2% of the mean measured surface PAR at solar noon (762.73 ± 143.55 µEin m-2 

s-1) in the summer open water conditions (Table 2.2). The 2% transmission factor is 

comparable with other measurements (Laney et al. 2017) and modeled estimates (Pavlov 

et al. 2017) for ice cover in this region. Thus, this seasonal difference in surface PAR is 

attributable to attenuation by sea ice, snow and ice algae during spring (Selz et al. 2017; 

Arntsen 2018). The dramatic increase in surface PAR upon the disappearance of sea ice 

combined with the small seasonal variation in incoming solar radiation supports prior 

research that the presence of sea ice and snow is the main control on light availability for 

phytoplankton (Tremblay and Gagnon 2009; Perovich and Polashenski 2012; Lowry et al. 

2018). Therefore, ice concentration was used to categorize low-light (>80% ice cover) or 

high-light (<10% ice cover) underwater environments. 
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LLHN samples include measurements from the spring SUBICE expedition at 

stations where ice cover was >80% and surface NO3- was >3 µM. HLLN samples are from 

the two ICESCAPE expeditions during summer at stations where ice cover was <10%, 

surface nitrate was <1 µM and sample depth was shallower than the mixed layer depth 

(MLD) to ensure upper mixed layer samples only. We also sorted samples to consider high-

light high-nutrients (HLHN) and low-light low-nutrient (LLLN); however, there were too 

few samples for robust statistical analysis, so we proceeded by analyzing only the two 

seasonal extremes (LLHN, HLLN) (Table 2.3). Because the sampling areas of SUBICE 

and ICESCAPE did not perfectly overlap, we repeated our analyses using only those 

stations that were approximately collocated during both SUBICE and ICESCAPE and the 

results did not differ from when we used all the stations from both field programs. 

However, because we did not want to reduce our sample size by eliminating stations, we 

elected to base our conclusions on the full datasets. 

 

2.2.7 Statistical analysis 

Low-light, high-nutrient springtime (LLHN) and high-light, low-nutrient summer (HLLN) 

data were compared using a Welch’s two sample t-test. Differences were considered 

significant when the p-value was < 0.05. Results of the statistical analyses, including mean 

± standard deviation, n, t-statistic and p-value, are reported in Table 2.4. 

 

2.3 Results  
2.3.1 Phytoplankton community 

Diatoms dominated the phytoplankton community, accounting for at least 60% of the total 

population during both seasonal conditions, although the taxonomic composition of the 

diatoms differed. In the pre-bloom, light limited spring (LLHN), the phytoplankton 

community was dominated numerically by pennate diatoms (39%), with centric diatoms 

accounting for 21%. The remaining fraction of the community was comprised of flagellates 

(16%), dinoflagellates (6%), and unidentified small (10%) and large cells (8%). During the 

post-bloom HLLN period, the taxonomic composition of the diatoms switched: centric 

diatoms dominated both the total phytoplankton community (62%) and the diatom 

community (90%), with pennate diatoms making up a much smaller portion (7% of total 
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phytoplankton, 10% of diatoms). Dinoflagellates (16%) and ciliates (11%) increased in 

proportion, while flagellates (4%) decreased in relative abundance. It is important to note, 

however, that the IFCB cannot reliably detect cells smaller than 8 μm, so the observed 

changes may not reflect changes in the smallest size class of phytoplankton (Laney and 

Sosik 2014). However, changes in pigments can reveal changes in taxonomy (Coupel et al. 

2015). For example, in the Western Arctic, changes in Chl b/Chl a and 19’- 

hexanoyloxyfucoxanthin/Chl a indicate changes in small green algae and nanoflagellates, 

respectively (Coupel et al. 2015). Between the LLHN and HLLN, there was no significant 

difference in either pigment ratios, indicating that there was not a significant increase or 

decrease in the contribution of total chlorophyll by small cells undetectable by the IFCB. 

The seasonal transition of phytoplankton communities in the Chukchi Sea is discussed 

further in Selz et al. (2017).  

 
Table 2.4. Seasonal means of photosynthetic parameters for phytoplankton measured during pre-bloom low-

light, high-nutrients (LLHN) and post-bloom high-light, low-nutrients (HLLN) conditions. Parameters 

showing significant changes (p <0.01) are illustrated by grey background. Abbreviations and units: 

Chlorophyll a (Chl a) = mg m-3; spectrally averaged Chl a-specific absorption (ā*) = m2 mg-1 Chl a; Chl a-

specific absorption of blue to red peaks (a*ph blue/red) = dimensionless; particulate organic carbon (POC), 

photoprotective pigments (PPP), and photosynthetic pigments (PSP) normalized by Chl a = g:g; maximum 

photochemical efficiency of photosystem II (Fv:Fm) = dimensionless; turnover time (τPSII) = ms; functional 

absorption cross-section (σPSII) = Å2 quanta-1; maximum photosynthetic rate (P*max) = mg C mg Chl a-1 h-1, 

photosynthetic efficiency (α*) and photoinhibition (β*) = mg C mg Chl a-1 h-1 (µEin m-2 s-1)-1; 

photoacclimation parameter (Ek) = µEin m-2 s-1, quantum yield (Φm) = mol C (mol quanta absorbed)-1; 

maximum and average growth rate (umax and uavg) = d-1; primary production (PP) = g C m-2 d-1. 

! LLHN!mean LLHN!sd LLHN!n HLLN!mean HLLN!sd HLLN!n t,statistic p,value
Chl!a 1.71 1.96 512 1.53 4.44 208 *0.533 0.594
ā* 0.014 0.019 175 0.029 0.023 50 4.09 0.000

a*ph!blue!:!red 2.02 0.65 164 2.69 0.69 104 7.98 0.000
POC!/!Chla 119 120 219 314 170 107 10.6 0.000
PPP!/!Chla 0.074 0.017 43 0.153 0.065 81 10.2 0.000
PSP!/!Chla 0.482 0.046 43 0.320 0.089 81 *13.4 0.000
Fv:Fm 0.43 0.13 243 0.39 0.11 21 *1.54 0.136
τPSII 1.01 0.23 243 0.79 0.34 21 *2.86 0.009
σPSII 497 83.5 243 379 101 21 *5.24 0.000
P*max 2.42 0.92 40 0.83 0.45 82 *4.5 0.000
α* 0.043 0.031 40 0.017 0.016 82 *5.02 0.000
Ek 67.8 63.2 40 68.5 42.6 82 0.064 0.949
β*! 0.014 0.024 40 0.0006 0.0005 10 *3.4 0.002
Φm 0.163 0.089 34 0.020 0.025 34 *8.95 0.000
μmax 1.31 0.50 37 0.09 0.12 78 *14.7 0.000
μavg 0.27 0.12 37 0.07 0.09 10 *5.99 0.000
PP 1.05 0.99 21 2.5 4.6 23 1.97 0.056
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2.3.2 Pigments and absorption of light 

Absorption of light 

The spectrally-integrated mean Chl a-specific absorption coefficient (ā*, m2 mg-1 Chl a), a 

measure of how much total light energy is absorbed per unit Chl a, significantly increased 

as phytoplankton transitioned from a LLHN environment (0.014 ± 0.019 m2 mg-1 Chl a) to 

a HLLN environment (0.029 ± 0.023 m2 mg-1 Chl a) as a result of a reduction in the degree 

of pigment packaging (Table 2.4). As phytoplankton are exposed to higher light, less Chl 

a is packed into each cell, thereby decreasing the overall light absorbed by the cell, but 

increasing absorption on a per Chl a basis (i.e., higher ā*). 

 

Pigment packaging 

Because the effects of pigment packaging are stronger at wavelengths where Chl a absorbs 

most effectively (blue and red), the degree of pigment packaging is characterized by a 

relative flattening of the blue and red absorption peaks, with ratios of blue to red absorption 

(a*ph blue:red) closer to 1 indicating stronger pigment packaging (Morel and Bricaud 1981). 

In the ice-covered LLHN and open water HLLN environments, a*ph blue:red averaged 2.02 

± 0.65 and 2.69 ± 0.69, respectively (Table 2.4), indicating a greater degree of packaging 

beneath the sea ice. The cellular POC to Chl a ratio (POC:Chl a) provides another 

indication of pigment packaging (Falkowski and Raven 2007). While Chl a concentration 

did not change between seasonal conditions (LLHN 1.71 ± 1.96, HLLN 1.53 ± 4.44 mg 

Chl a m-3) (Table 2.4), POC significantly increased, resulting in a significant increase in 

POC:Chl a from LLHN (119 ± 120 g:g) to HLLN (314 ± 170 g:g) conditions, which further 

supports the observation of reduced pigment packaging by phytoplankton upon exposure 

to ice-free waters (Table 2.4). However, some of the POC can be comprised of non-

phytoplankton material, like detritus or heterotrophic organisms, which could affect our 

analysis. Fortunately, nonalgal matter contributed only ~20% of the total POC in both 

seasons and did not exhibit a noticeable seasonal signal. Similarly, in another study in the 

Western Arctic, observed a*ph declined significantly from the ice melt period in the early 

spring to the summer and was attributed to the strong pigment packaging effect that 

overwhelmed the influence of the pigment composition (Matsuoka et al. 2011).  
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Photoprotective and photosynthetic pigments 

Photosynthetic accessory pigments (PSP) aid Chl a in increasing light absorption. As 

phytoplankton transitioned from the light-limiting environment beneath the ice (LLHN) to 

the high light of summer (HLLN), phytoplankton significantly decreased cellular 

concentrations of PSP (19’-butanoyloxyfucoxanthin, 19’-hexanoyloxyfucoxanthin, 

fucoxanthin, peridinin, prasinoxanthin). PSP normalized by Chl a significantly decreased 

from 0.482 ± 0.046 g:g in LLHN to 0.320 ± 0.089 g:g in HLLN (Table 2.4).  

Coinciding with the relative decrease in PSP, phytoplankton significantly increased 

cellular concentrations of photoprotective xanthophyll pigments (PPP). Non-

photochemical quenching (NPQ), the thermal dissipation of excess energy by PPP, protects 

phytoplankton cells against damage from excess incoming energy (Olaizola et al. 1994). 

Upon exposure to damaging levels of light, epoxidated xanthophyll pigments (e.g., 

diadinoxanthin (DD) and violaxanthin (vio)) are rapidly converted via a reversible, light-

driven reaction to their de-epoxidated form (diatoxanthin (DT) and zeaxanthin (zea), 

respectively). The de-epoxidated form of the pigment preferentially absorbs and dissipates 

excess excitation energy, thereby preventing overexcitation and photoinhibition within the 

PSII reaction center (Olaizola et al. 1994). Concentrations of photoprotective xanthophyll 

pigments (PPP = DD + DT + vio + zea) normalized by Chl a doubled as phytoplankton 

transitioned from the LLHN environment (0.074 ± 0.017 g:g) to the HLLN environment 

(0.153 ± 0.065 g:g; Table 2.4). Paralleling the significant increase in PPP, phytoplankton 

also significantly increased concentrations of nonphotosynthetic carotenoids (NPC = zea + 

DD + alloxanthin + b-carotene) normalized by Chl a from 0.11 ± 0.025 g:g in LLHN spring 

to 0.32 ± 0.069 g:g in HLLN summer, consistent with the trends observed during the study 

of Matsuoka et al. (2011).  

 

2.3.3 Active fluorescence 

 Between seasons, there was no significant change in Fv:Fm (LLHN 0.43 ± 0.13, HLLN 

0.39 ± 0.11; Table 2.4), a measure of photochemically competent PSII centers (Behrenfeld 

et al. 1998; Sugget et al. 2010). The functional absorption cross-section of PSII (σPSII, Å2 

quanta-1) reflects the capacity of PSII antenna pigments to harvest and transfer light energy 

in order to undergo a photochemical reaction, while maximum turnover time (τPSII, ms) is 
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the amount of time required to transport an electron through PSII (Sugget et al. 2010). In 

LLHN conditions, relatively slow τPSII (1.01 ± 0.23 ms) co-occurred with a relatively large 

σPSII (497 ± 83.5 Å2 quanta-1, Table 2.4). In contrast, for phytoplankton in HLLN 

conditions, τPSII was significantly faster (0.79 ± 0.34 ms) than LLHN, coinciding with a 

significant decrease in σPSII (379 ± 101 Å2 quanta-1, Table 2.4). 

 

 
Figure 2.3. Mean photosynthesis-irradiance (P-E) curves in bold measured for low-light, high-nutrients 

(LLHN; green) and high-light, low-nutrients (HLLN; yellow) conditions (Table 2.4). Thin lines of the same 

color represent the upper and lower limit of error based on the standard deviation at each light level. Gray 

line denotes the mean photoacclimation parameter (Ek) for both seasons (~67 µEin m2 s-1) (Table 2.4). Mean 

surface PAR at solar noon is represented by dashed line for LLHN (green) and HLLN (yellow) (Table 2.2). 

Mean photosynthetic rates based on mean surface PAR at solar noon (~0.6 mg C mg-1 Chl a h-1 for both 

seasons) is represented by the dots outlined in black on each P-E curve.  

 

2.3.4 Carbon fixation 

P*max. The maximum Chl a-specific photosynthetic rate, determined from P-E 

relationships, expresses the maximum carbon fixation rates achievable by phytoplankton 

under ambient conditions. During the nutrient replete pre-bloom season (LLHN), 
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phytoplankton achieved remarkably high P*max values of 2.42 ± 0.92 mg C mg-1 Chl a h-1 

(Fig. 2.3, Table 2.4). However, despite higher available PAR (Table 2.2), P*max decreased 

by 70% between LLHN and HLLN conditions, to only 0.83 ± 0.45 mg C mg-1 Chl a h-1 

(Fig. 2.3, Table 2.4).  

α*. The initial slope of the P-E curve, a measure of the photosynthetic efficiency 

(Raven 2007; Arrigo et al. 2010), was relatively high in the LLHN environment (0.043 ± 

0.031 mg C mg-1 Chl a h-1 (µEin m-2 s-1)-1, Fig. 2.3, Table 2.4). However, α* was reduced 

significantly to 0.017 ± 0.016 mg C mg-1 Chl a h-1 (µEin m-2 s-1)-1 (Fig. 2.3, Table 2.4) in 

the HLLN environment.  

Ek. The photoacclimation parameter usually represents the light level to which 

phytoplankton are optimally acclimated (Falkowksi and Raven 2007). Although light 

levels experienced by the phytoplankton increased dramatically once sea ice retreated 

(Table 2.2), Ek was nearly identical between the ice-covered spring (LLHN 67.8 ± 63.2 

µEin m-2 s-1) and the open-water summer (HLLN 68.5 ± 42.6 µEin m-2 s-1). 

β*. The photoinhibition parameter quantifies the effects of photodamage upon 

exposure to supersaturating irradiance. Spring phytoplankton growing in the LLHN 

conditions suffered severe photoinhibition at irradiances above ~250 µEin m2 s-1 (0.014 ± 

0.024 mg C mg-1 Chl a h-1 (µEin m-2 s-1)-1, Fig. 2.3, Table 2.4). Surprisingly, phytoplankton 

from the HLLN environment experienced significantly less photoinhibition at the same 

irradiances (0.0006 ± 0.0005 mg C mg-1 Chl a h-1 (µEin m-2 s-1)-1, Fig. 2.3, Table 2.4).  
Φm. The maximum quantum yield of photosynthesis represents the number of 

moles of CO2 reduced for each mole of quanta absorbed. Any changes in the amount of 

absorbed energy that is used for carbon fixation will impact Φm. As the season progressed 

from LLHN to HLLN conditions, Φm was significantly reduced from 0.163 ± 0.089 to 

0.020 ± 0.025 (Table 2.4).  

 

2.3.5 Growth and carbon fixation rates 

Both µmax and µavg decreased significantly from the pre-bloom LLHN season to the post-

bloom HLLN season (Table 4). µmax decreased the most dramatically, from 1.31 ± 0.50 d-

1 in LLHN spring to 0.09 ± 0.12 d-1 in the HLLN summer. These estimates of µ are 

conservative because some of the POC was comprised of non-phytoplankton particulate 
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matter such as detritus, bacteria, heterotrophic protists, or metazoans, thereby leading to 

underestimates of phytoplankton growth rates. Approximately half of the observed 

decrease in µmax from LLHN to HLLN conditions was driven by decreases in P*max and 

half by increases in POC:Chl a (Table 2.4). Similarly, µavg significantly declined from 0.27 

± 0.12 d-1 in LLHN to 0.07 ± 0.09 d-1 as phytoplankton transitioned to HLLN conditions 

during the summer (Table 2.4). Despite the significant decrease in growth rates between 

seasons, SIS daily PP rates exhibited no significant differences between LLHN and HLLN 

conditions (Table 2.4), averaging 1.05 ± 0.99 and 2.5 ± 4.6 g C m2 d-1, respectively. 

 

2.4 Discussion  
Phytoplankton photoacclimate to their environment by changing their cellular makeup and 

photosynthetic machinery, which can be characterized by measuring changes in a variety 

of photosynthetic and physiological parameters. In this study, we compared the changes in 

bulk physiology measured for the pre- and post-bloom phytoplankton communities in order 

to evaluate strategies used by phytoplankton to acclimate to either light or nutrient 

limitation. We deliberately ignored the peak bloom period when there is ample light and 

nutrients to support high, although short-lived, rates of production.  

In both the spring and summer, diatoms dominated the phytoplankton community, 

consistent with previous studies in the region (Hsiao et al. 1977; Booth et al. 2002; Lovejoy 

et al. 2002; Hill et al. 2005; Brugel et al. 2009; Ardyna et al. 2011; Galindo et al. 2014). 

While some studies suggest that bulk phytoplankton photophysiological parameters are 

influenced by changes in community composition (Moore et al. 2006; Sugget et al. 2009), 

the consistency of diatom dominance between LLHN and HLLN conditions allowed us to 

focus on the impact of environmental changes on variations in photosynthetic parameters. 

However, for parameters that are known to have a particularly strong species-specific or 

cell-size effect (Moore et al. 2006; Sugget et al. 2009), such as functional absorption cross-

section or pigment packaging, additional caution may be needed when attributing 

photophysiological changes to environmental controls.  
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2.4.1 Phytoplankton responses to light 

Beneath the sea ice in spring when nutrients are plentiful (LLHN), phytoplankton displayed 

clear signs of low light photoacclimation. Phytoplankton increased intracellular 

concentrations of photosynthetic pigments (PSPs), which was supported by the abundant 

nutrients required for biosynthesis (Geider et al. 1993, 1998). In doing so, phytoplankton 

packed their cells with Chl a and other PSPs to maximize absorption of the limited light 

available beneath the sea ice, resulting in a low ā* (Morel and Bricaud 1981; Falkowski et 

al. 1985). As sea ice retreated, phytoplankton were exposed to much higher incoming light 

(Table 2.2). No longer requiring such effective light absorption, phytoplankton reduced 

their internal concentrations of Chl a and PSPs (MacIntyre et al. 2002; Kropuenske et al. 

2009; Nymark et al. 2009; Arrigo et al. 2010), causing ā* to rise.  

Simultaneously, phytoplankton increased their concentration of photoprotective 

pigments (PPPs) during HLLN to protect their photosynthetic machinery from damage by 

excess absorbed irradiance via non-photochemical quenching (NPQ). The up-regulation of 

PPPs in response to high light has previously been reported in polar phytoplankton, 

including diatoms, haptophytes and mixed populations (Hill et al. 2005; Van Leeuwe et al. 

2005; Kropuenske et al. 2009; Nymark et al. 2009; Arrigo et al. 2010; Alderkamp et al. 

2013). Any physiological changes that divert light energy away from carbon fixation, 

including dissipating absorbed light as heat or fluorescence (Babin et al. 1996), reduces 

Φm in proportion to increasing irradiance, regardless of nutrient concentration (Kiefer and 

Mitchell 1983; Falkowski et al. 1985). Mirroring the significant reduction in Φm, the Chl a-

normalized photosynthetic efficiency (α*) also significantly decreased in HLLN (Table 

2.4). Although proportional to both ā* and Φm, α* was largely controlled, in this case, by 

the large drop in Φm (Arrigo et al. 2010). Thus, the exchange of photosynthetic pigments 

with photoprotective pigments dictated the concurrent increase in ā* and reduction of 

Φm and thus α*. 

The amount and type of pigments associated with the PSII reaction centers also 

govern the changes we observed in σPSII (Kolber et al. 1998b; Sugget et al. 2010). As 

phytoplankton transitioned from low light beneath sea ice to high light in open water, σPSII 

was significantly reduced to minimize light absorption (Falkowski et al. 1981). The drop 

in σPSII can be explained by the increase in NPQ and decrease in PSPs, the combined effect 
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of which results in a photoacclimation strategy to lessen light absorption by the cell 

(Behrenfeld et al. 1998; Arrigo 2010; Trimborn et al. 2013). However, it is important to 

note that the range of variability in σPSII observable within diatom species can exceed the 

difference in σPSII measured between seasonal conditions (Moore et al. 2006; Sugget et al. 

2009), so the impact of taxonomic changes between seasons also may impact the observed 

changes in σPSII.  

Changes in pigment composition and σPSII were further reflected in τPSII. As 

phytoplankton expanded σPSII using enhanced PSPs to absorb more photons in spring, 

excitation energy would be expected to spend a longer time within the larger antennae 

before exiting PSII, thus slowing τPSII. However, as light levels increased, phytoplankton 

increased NPQ and thereby contracted σPSII in order to avoid photoinhibition, ultimately 

resulting in faster electron turnover in PSII (decreased τPSII). This trend agrees with 

previous observations that increasing irradiance drives decreases in τPSII due to a shrinking 

σPSII (Behrenfeld et al. 1998; Sugget et al. 2010). N-limitation, however, can increase τPSII 

due to constraints on the number of functional reaction centers (Kolber et al. 1988; 

Falkowski and Raven 2007). Thus, the overall decrease in τPSII in post-bloom conditions, 

despite N-limitation, suggests that the impact of increased light had a larger influence on 

τPSII and σPSII than did the effect of nutrient limitation.  

A final low light acclimation response in the spring is seen in β* (Fig. 2.3). 

Photoinhibition results when excess light energy damages proteins, lipids and pigments of 

the photosynthetic membrane (Moore et al. 2006; Kropuenske et al. 2009). Phytoplankton 

that were acclimated to LLHN conditions experienced significantly more photoinhibition 

at high irradiance than did phytoplankton acclimated to HLLN (Fig. 2.3, Table 2.4). It 

appears that by maximizing light absorption in the ice-covered environment, LLHN 

phytoplankton became especially susceptible to photoinhibition upon exposure to high 

irradiance (higher β*, Fig. 2.3, Table 2.4). However, as surface PAR increased to 

potentially damaging levels (Table 2.2), the acclimation strategy of phytoplankton shifted 

to reduce light absorption and increase photoprotection, as evidenced by decreased PSPs 

and increased PPPs, thereby minimizing the risk of photoinhibition at high irradiances 

(lower β*).  
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2.4.2 Nutrient limitation in summer  

Attaining high rates of carbon fixation relies on sufficient incoming light energy and 

adequate synthesis of photosynthetic machinery that requires nutrients (Falkowski and 

Raven 2007). Early in the LLHN season, high nutrients permitted elevated P*max, despite 

low light beneath the sea ice (Tables 2.1, 2.2 and 2.4). As the ice receded and incoming 

PAR increased, P*max would be expected to increase even further as long as nutrients were 

available in surface waters (Nymark et al. 2009). However, after the seasonal peak in 

phytoplankton biomass, NO3- limitation ultimately controlled photosynthetic capacity 

(Moore et al. 2003; Hill et al. 2005; Tremblay et al. 2006; Palmer et al. 2013). Despite 

higher available irradiance, severe NO3- depletion after the peak bloom constrained P*max 

to relatively low rates during the HLLN season (Tables 2.1 and 2.4), comparable to other 

measurements made under nutrient limiting conditions (<1 mg C mg-1 Chl a h-1) (Hill and 

Cota 2005). Nitrogen limitation constrains synthesis of nitrogen-containing biomolecules, 

including the proteins of the PSII and PSI reaction centers as well as carbon-fixation 

enzymes such as RUBISCO (Geider et al. 1993). In doing so, nitrogen limitation reduces 

the number of functional reaction centers (Kolber et al. 1998b), which consequently 

decreases photochemical energy conversion, as evidenced by lower P*max (Berges et al. 

1996; Berges and Falkowski 1998; Litchman et al. 2002; van der Poll et al. 2005). Despite 

low levels of nitrogen, diatoms outcompete other taxa by efficiently extracting whatever 

NO3- remains through adaptions such as high nutrient affinity (Tambi et al. 2009), large 

NO3- storage vacuoles (Stolte and Riegmann 1995), and favorable morphologies that allow 

for efficient nutrient diffusion (Karp-Boss and Boss 2016). 

In restricting P*, NO3--limitation likewise limits phytoplankton growth rate (Table 

2.4). Maximum growth rates calculated using P*max (µmax) mirrored the significant decline 

in photosynthetic rates (Table 2.4). However, when considering rates based on average 

surface light at solar noon during each seasonal condition (Table 2.2), the mean 

photosynthetic rate (P*) was similar (~0.6 mg C mg-1 Chl a h-1) for both LLHN and HLLN 

environments (Fig. 2.3). Yet, because the POC:Chl a ratio had significantly increased later 

in the season due to reduced pigment packaging (Table 2.4), µavg significantly declined. 

While the increase in POC:Chl a could in part reflect either an increase in detrital matter 

or a change in cell size, the coincident increase in ā* and the a*ph blue:red ratio indicates 
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that the change in POC:Chl a likely reflects the change in pigment packaging. So, despite 

the consistency of the photosynthetic rate between LLHN and HLLN seasons, µavg was 

significantly lower under HLLN conditions because of the increased POC:Chl a content of 

the cell.  

Our results also suggest that nutrient limitation inhibits the ability of phytoplankton 

to acclimate to increased light availability in the summer. The surface PAR experienced by 

post-bloom phytoplankton at solar noon (762.73 ± 143.55 µEin m-2 s-1; Table 2.2) was ~11 

times greater than the light level to which they were supposedly acclimated (HLLN Ek 68.5 

± 42.6 µEin m-2 s-1; Table 2.4). Assuming a diffuse attenuation coefficient (Kd) of 0.1 m-1 

and an average MLD of 10 m representative of the HLLN summer, average PAR within 

the MLD at solar noon (~250 µEin m-2 s-1) is still more than double the summer 

phytoplankton Ek (Table 2.4). In a recent study of Arctic phytoplankton photophysiology, 

Alou-Font et al. (2016) also observed that surface mixed layer irradiances above 600 µEin 

m-2 s-1 were associated with low cell viability and a decline in photosynthetic performance. 

The observed coincident drop in our study in both α* and P*max between the light limited 

spring and nutrient limited summer results in a constant Ek, a phenomenon described as 

“Ek-independent” variability (Behrenfeld et al. 2004) (Fig. 2.3). Early in the season 

(LLHN), replete nutrients allowed for the synthesis of photosynthetic machinery required 

to photosynthesize efficiently at low light, which resulted in relatively high α* and P*max 

(Behrenfeld et al. 2004). However, as the environment shifted to HLLN conditions and 

phytoplankton no longer required such efficient absorption (lower α*), the manufacturing 

of photosynthetic machinery and subsequent production of reductants was impeded due to 

nutrient limitation (lower P*max) (Behrenfeld et al. 2004). So while in general, well-

acclimated phytoplankton exhibit values for Ek that match the mean light field under which 

they were growing, our data suggest this is only true when nutrients are in ample supply.  

 

2.4.3 Pre-bloom phytoplankton are primed to bloom 

Supported by the high availability of nutrients, phytoplankton beneath snow-covered sea 

ice effectively acclimated to the low light environment to achieve high photochemical 

efficiencies and PP rates (Table 2.4). Pre-bloom Fv:Fm (0.43 ± 0.13) was comparable to 

that of polar phytoplankton during peak bloom periods (Fv:Fm 0.5-0.6; Gervais et al. 2002; 
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Suzuki et al. 2002; McMinn and Hegseth 2004; Arrigo et al. 2014; Alou-Font et al. 2016), 

demonstrating that pre-bloom phytoplankton maintained high efficiency of electron flow 

through PSII. Even more surprising, rates of pre-bloom PP (1.05 ± 0.99 g C m2 d-1) were 

close to rates measured during the peak-bloom period (1.2-4.8 g C m-2 d-1, Arrigo et al. 

2014), suggesting that phytoplankton were able to achieve relatively high levels of PP 

regardless of the very low light levels.  

Prior to the recent observation of a massive under-ice bloom (Arrigo et al. 2014), 

high rates of phytoplankton production have generally been assumed to be limited to open 

waters subsequent to sea ice retreat (Sakshaug 2004; Hill and Cota 2005; Perrette et al. 

2011). Our study shows that despite >1 m thick, snow-covered sea ice (Selz et al. 2017), 

phytoplankton effectively acclimated such that low irradiance did not prevent 

phytoplankton growth. Consequently, current NPP estimates based solely on satellite-

derived open water rates likely drastically underestimate annual AO NPP (Arrigo et al. 

2014; Lowry et al. 2014). This under-ice, NO3--based “new” production is ecologically 

important because it is the fraction of NPP that is exported from the euphotic zone and can 

thus support the rich benthic community of the Chukchi Shelf (Fortier et al. 2002; Gruber 

2008).  

Not only are under-ice phytoplankton effectively acclimated to very low available 

light, their photophysiological parameters suggest that phytoplankton are “primed” to grow 

rapidly once light levels increase. Pre-bloom phytoplankton were capable of achieving 

exceptionally high rates of photosynthesis (Fig. 2.3). In fact, the mean P*max achieved by 

pre-bloom phytoplankton beneath the sea ice (2.4 mg C mg-1 Chl a h-1) is significantly 

higher than P*max measured during the under-ice phytoplankton bloom (Arrigo et al. 2014) 

and under other high-nutrient AO conditions (Hameedi 1978; Palmer et al. 2011, 2013). 

Because P*max is only achieved at light levels far greater (~200 µEin m-2 s-1) than those 

beneath the ice (~14 µEin m-2 s-1), under-ice phytoplankton appear to be primed to respond 

to the onset of increased light. The steep α*, typical of low light environments, paired with 

the unexpectedly high P*max, allows phytoplankton to achieve great gains in photosynthetic 

rates for any small increase in light (Fig. 2.3). Similar to previous observations in AO ice 

algae and phytoplankton in open water leads (McMinn and Hegseth 2004; Gradinger 
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2009), the resultant Ek is higher than the average light experienced by the phytoplankton, 

supporting the idea that phytoplankton are prepared for future increases in light (Table 2.4).  

This acclimation strategy provides phytoplankton with an advantage in the under-

ice environment. While the mean light environment beneath the ice is very low (Table 2.2), 

it is also extremely variable due to patchy snow cover (Perovich et al. 1998), open water 

leads throughout the sea ice (Assmy et al. 2017; Lowry et al. 2018), and convective mixing 

of the water column (Pickart et al. 2016). The unexpectedly high P*max paired with high α* 

enables phytoplankton to maximize production in response to rapid changes in the variable 

light environment. This acclimation response also provides phytoplankton a competitive 

advantage to utilize the fleeting nutrient reservoir immediately once light levels increase 

seasonally through melt pond formation (Frey et al. 2011), ice melt (Tremblay and Gagnon 

2009) and/or the shoaling of the mixed layer (Strass and Nöthig 1996). Thus, this 

acclimation strategy is likely what allowed diatoms, in particular centric diatoms, to 

outcompete other taxa and dominate an increasingly large fraction of the phytoplankton 

community as the season progressed.  

This strategy is consistent with previous studies demonstrating that diatoms thrive 

and dominate in highly variable light environments (Lavaud 2007). In dynamic light 

conditions, diatoms tend to maximize carbon fixation rates, despite the increased 

susceptibility to photoinhibition (Behrenfeld et al. 1998; Van Leeuwe et al. 2005). In doing 

so, high growth rates allow diatoms to outcompete other taxa, even if they are 

photodamaged in the process (Van Leeuwe et al. 2005).  

This strategy of elevated growth rates in low light environments may favor diatom 

dominance in the future. Climate change is expected to continue impacting seasonal sea 

ice characteristics on Arctic shelves (IPCC 2014); multi-year sea ice will increasingly be 

replaced by thin first-year sea ice that melts earlier in the spring and is more prone to melt 

pond formation with dramatic consequences for the under-ice light environment (Maslanik 

et al. 2007; Stroeve et al. 2014). Thus, phytoplankton that are primed with high P*max and 

α* will be better acclimated to future changes in the light beneath the sea ice. 
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Ocean  
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As the environment of the Arctic Ocean (AO) continues to transform in response to 

anthropogenic climate change (IPCC), it is now more important than ever to accurately 

monitor the ocean ecosystem, particularly net primary production by phytoplankton which 

has significantly increased in conjunction with declining sea ice (Arrigo and van Dijken 

2011, 2015). Satellite remote sensing of ocean color provides an effective tool to assess 

environmental changes in the remote and under-sampled AO. However, the standard ocean 

color algorithms are parameterized using global datasets in which in situ data from the AO 

are severely underrepresented. Because the relationship of ocean color and inherent optical 

properties in the Arctic differ markedly from lower latitude waters (Nelson and Siegel 

2013, Brunelle et al. 2012, Matsuoka et al. 2007, 2011, 2014, 2017), standard algorithms 

perform poorly in the AO (Siegel et al. 2005, Wang and Cota 2003, Chaves et al. 2015, 

Lewis et al. 2016, Ben Mustapha et al. 2012, Brunelle et al. 2012, IOCCG 2015). Here, we 

present the largest bio-optical database ever assembled for these waters to examine 

seasonal and regional patterns of AO optical properties and to quantify their impact on 

ocean color algorithms. We find that the standard algorithms fail to accurately retrieve the 

primary photosynthetic pigment chlorophyll a (Chl a) in the AO; it is overestimated at low 

phytoplankton biomass due to exceptionally high absorption of colored dissolved organic 

matter (CDOM), particularly on the interior shelves, and underestimated at high biomass 

due to the photoacclimation of phytoplankton growing in low-light (pigment packaging). 

Using this large bio-optical database that includes in situ measurements from across the 
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entire AO and through the entire growing season, we parameterize a new empirical 

(AOReg.emp) and semi-analytical (AO.GSM) algorithm which represent the unique bio-

optical properties of the AO to successfully retrieve Chl a, absorption by CDOM, and 

particle backscattering with better accuracy compared to any algorithm yet applied to the 

AO.  

 

3.1 Introduction  
3.1.1 Importance of remote sensing in the Arctic 

The Arctic is warming faster than the global mean in response to anthropogenic climate 

change (IPCC 2014). In the Arctic Ocean (AO), this warming has led to severe reductions 

in sea ice volume, duration, and extent which will likely amount to ice-free summers before 

mid-century (IPCC 2014). Because of the reduction in sea ice, net primary production 

(NPP) has increased by at least 30% due to a larger open water habitat and a longer growing 

season (Arrigo and van Dijken 2011; 2015). Changes at the base of the food web can affect 

many important Arctic ecosystem processes including carbon sequestration (Arrigo and 

van Dijken 2011, 2015), availability of food for upper trophic levels (Grebmeier et al. 

2006), and sedimentary denitrification (Mills et al. 2015). In order to better understand and 

anticipate the impacts of climate change, we must be able to accurately measure changes 

in phytoplankton biomass and NPP in the AO.  

The remote Arctic, however, it is a notoriously inhospitable environment where it 

is particularly costly and difficult to conduct fieldwork. One valuable tool we can employ 

to study the AO is satellite remote sensing of ocean color in which images of the ocean 

surface can be used to infer the concentration of chlorophyll a (Chl a), absorption by 

colored dissolved organic matter (CDOM) and detritus, and backscattering by particles.  

However, standard empirical ocean color algorithms were developed using a global 

in situ dataset (NOMAD) with measurements from north of 66° comprising less than 3% 

of the dataset (Werdell and Bailey 2005). Moreover, the limited AO data used in the current 

global algorithms come from just four expeditions that sampled the Chukchi, Beaufort and 

Nordic Seas between June-August. Underrepresentation of the AO in the parameterization 

of global algorithms is problematic because the bio-optical properties of the AO differ 

substantially from the average global conditions (IOCCG 2015). Primarily, these 
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differences are due to high concentrations of CDOM (Nelson and Siegel 2013; Brunelle et 

al. 2012; Granskog et al. 2007; 2012; Wang et al. 2005), which cause global algorithms to 

overestimate Chl a, and photoacclimation of phytoplankton to perpetually low light 

conditions (Brunelle et al. 2012; Matsuoka et al. 2007; 2011; 2014; Wang et al. 2005); 

which causes global algorithms to underestimate Chl a (Gonçalves-Araujo et al. 2018; 

Siegel et al. 2005; Wang and Cota 2003; Chaves et al. 2015; Lewis et al. 2016; Ben 

Mustapha et al. 2012; Brunelle et al. 2012; Heim et al. 2014; Son and Kim 2018). Because 

satellite-based estimates of AO NPP are most sensitive to uncertainties in satellite-derived 

Chl a (Lee et al. 2015), it is imperative that ocean color algorithms accurately represent the 

unique bio-optical properties of the AO. While there has been some success at 

parameterizing regional ocean color algorithms for the AO (Chaves et al. 2015; Ben 

Mustapha et al. 2012; Wang and Cota 2003; Lewis et al. 2016; Son and Kim 2018), these 

have been developed using limited regional datasets that cannot fully account for the spatial 

and temporal variability in the bio-optical conditions of the AO.  

 

3.1.2 Empirical vs semi-analytical algorithms: pros and cons 

There are two distinct types of algorithm for ocean color remote sensing: empirical and 

semi-analytical. Typically, empirical band-ratio algorithms statistically relate reflected 

light detected by the satellite with the primary phytoplankton pigment, Chl a, which 

functions as a proxy for phytoplankton biomass. In empirical algorithms, no prior 

knowledge of the fundamental relationship between remote sensing reflectance (RRS) and 

inherent optical properties (IOPs) are assumed (IOCCG 2015). Because Chl a absorbs 

much more strongly at blue wavelengths than at green wavelengths, empirical algorithms 

statistically relate the ratio of in situ RRS(blue):RRS(green) to in situ Chl a using regression 

analysis to determine the appropriate regression coefficients. Alternatively, semi-analytical 

algorithms use a first-principles-based approach based on inverse radiative transfer theory 

to solve for three unknown constituents of seawater (e.g. Chl a, adg(443), bbp(443)) using 

RRS at multiple wavelengths (Maritorena et al. 2002; IOCCG 2006). Large and 

comprehensive datasets with concurrent measurements of optical properties that allow for 

the determination of reflectance, absorption and backscattering are required to parametrize 
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semi-analytical algorithms and historically have had limited the success in the AO (IOCCG 

2015). 

 

3.1.3 Project goals 

Here, we assemble the largest bio-optical dataset for AO waters which combines optical 

measurements from 34 different expeditions to represent all AO sub-regions and months 

throughout the growing season. We use this dataset to parameterize both empirical and 

semi-analytical algorithms for use in the AO in order to more accurately estimate spatial 

and temporal variability in IOPs and, in doing so, assess ecosystem changes in this very 

sensitive region.  

 

3.2. Methods 
3.2.1 Optical Database 

A diverse suite of biological and optical data (Table 3.1) were combined into a single AO 

database following the OBPG criteria (Pegau et al. 2003), as was done in the development 

of the global NASA Bio-optical Marine Algorithm Data Set (NOMAD) (Werdell 2005; 

Werdell and Bailey 2005). This Arctic database combines 6624 coincident in situ 

observations of IOPs, apparent optical properties (AOPs), Chl a, environmental data (e.g. 

temperature, salinity) and station metadata (e.g. sampling depth, latitude, longitude, date). 

The database represents all regions of the AO (Figure 3.1) and spans April through 

November for the years 1994 – 2016. Data were acquired from the NASA SeaWiFS Bio-

optical Archive and Storage System (SeaBASS, https://seabass.gsfc.nasa.gov/), the LEFE 

CYBER database (http://www.obs-vlfr.fr/proof/index2.php), the Data and Sample 

Research System for Whole Cruise Information in JAMSTEC (DARWIN, 

http://www.godac.jamstec.go.jp), NOMAD, and individual contributors, as listed in Table 

3.1. To ensure consistency, data were limited to those that were collected using OBPG 

defined protocols (Pegau et al. 2003). Only observations shallower that 30 m were 

included. For spectral parameters, we included data at the following wavelengths that are 

used by satellite and thus are relevant for ocean color algorithm evaluation: 412, 443, 469, 

488, 490, 510, 531, 547, 555, 645, 667, 670 and 678 nm. In situ measurements were binned 

at the same station if measurements were within 8 hours and 1° of distance (Werdell and  
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Table 3.1. Data contributors to the AO optical database. 

 

Bailey 2005). For regional analyses, each station was assigned to one of ten sub-regions 

and three functional shelf-types (Figure 3.1A) (Carmack et al. 2006). In the following 

section we briefly discuss the general methodologies for each bio-optical measurement 

included in the database. For full details of the OBPG protocols, please refer to Pegau et 

al. (2003). Spectral dependence (λ) is hereafter implied but for brevity will no longer be 

explicitly specified. 
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Figure 3.1. A) The Arctic Ocean with its shelf seas and basin. Sub-regions are bounded by black lines using 

the 1000 m isobath and categorized as inflow (green), interior (orange) or outflow (purple) shelves. The 200 

m isobath is shown in grey. Inflow and outflow currents are depicted as green and purple arrows, respectively. 

B) Distribution of in situ measurements from the AO database colored by expedition. 

 

Absorption 

We acquired approximately 1138 observations of total spectral absorption coefficients (m-

1) between 400 and 700 nm. Total absorption is the sum of absorption by pure water (aw) 

as well as soluble (CDOM (ag), N= 1741) and particulate (ap, N = 1993) matter. When not 

explicitly provided, absorption by phytoplankton (aph, N = 1946) was calculated as the 

difference between ap and detrital absorption (ad, m-1, N =1889). The Chl a-specific spectral 

absorption coefficient for phytoplankton (a*ph, m2 mg-1 Chl a, N = 1872) is aph normalized 

by Chl a. All spectra were visually inspected and any geophysically unreasonable data were 

removed according to criteria in Werdell (2005). Spectral slopes (nm-1) of CDOM (Sg, N 

= 1665), detritus (Sd, N = 1759), and combined CDOM+detritus (Sdg, N = 1248) were 

calculated by fitting individual spectra to the equation using the ‘nls’ function in R 

𝑎¥(λ) = 	𝑎¥(λ))[\#�(¬\¬�)] (3.1) 

where x indicates either CDOM (g), detritus (d), or their sum (dg), S defines the spectral 

shape of the curves, and λ0 is a reference wavelength of 443 nm (Roesler et al. 1989). If 

detrital slopes contained remnant phytoplankton absorption peaks in the red and blue 

spectral regions because of incomplete methanol extraction, those wavelength ranges were 

ignored when calculating S. Only when the p-value of each coefficient in the nonlinear 

model was less than 0.05 based on ANOVA were slopes considered significant and 
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admitted to the database. All original spectra and fits were visually inspected and data with 

fitting errors were reanalyzed or discarded (Werdell 2005). The percent contribution of 

each component (%ax) to total nonwater absorption (atnw = ag + ad + aph) was calculated as  

%𝑎¥(λ) = 	100 ∗
𝑎¥

𝑎ª +	𝑎; + 𝑎¯L
 (3.2) 

where x indicates either CDOM (g), detritus (d) or phytoplankton (ph).  

Backscattering 

When the wavelength dependence of particle backscattering (bbp, m-1) was not explicitly 

provided (N=670), we determined the slope in the power function fit using the ‘nls’ 

function in R  

𝑏8¯(λ) = 	𝑏8¯(λ)) ∗ v
λ
λ)
~
#

 
(3.3) 

where λ0 is the reference wavelength (443 nm) and S is the dimensionless backscattering 

slope (Sbbp, N = 736) (Reynolds et al. 2016). bbp(λ) was derived for each wavelength using 

the calculated Sbbp (Equation 3). Only when the p-value of the nonlinear model was less 

than 0.05 based on ANOVA were slopes considered significant and admitted to the 

database. All original spectra and fits were visually inspected and data with fitting errors 

were reanalyzed or discarded (Werdell 2005). Backscattering of water (bbw) was calculated 

using the equations of Buiteveld et al. (1994) after accounting for in situ temperature and 

salinity as in Reynolds et al. (2016). Total backscattering (bb) was calculated as the sum of 

bbw and bbp. 

 

Radiometry 

Profiles of upwelling radiance (Lu(z), W m-2 nm-1 sr-1) and downwelling irradiance (Ed(z), 

W m-2 nm-1) were propagated to just below the surface (Werdell and Bailey 2005). Lu(0-) 

was propagated though the water-air interface to obtain water leaving radiance (Lw) using 

the equation 

𝐿± = 	0.544 ∗ 𝐿³(0\) (3.4) 

(Morel and Gentili 1991). Similarly, Ed(0-) was extrapolated to the surface (Es)  

	𝐸g = 	
𝐸;(0\)
0.97  

(3.5) 
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where 0.97 is the downward Fresnel irradiance transmittance across the air-sea interface 

(Morel and Gentili 1993). Remote sensing reflectance (RRS, sr-1) is calculated as  

𝑅"# = 	
𝐿±
𝐸g

 (3.6) 

(Morel and Gentili 1991). The primary input for ocean color algorithms is the base-10 

logarithm of the ratio of RRS at blue and green wavelengths (R). Maximum band ratio 

(MBR) algorithms select for the ratio that provides the largest value of R among the 

potential blue wavelengths (443 nm and either 486, 488, 490 nm, for VIIRS, MODIS and 

SeaWiFS, respectively) and the green wavelength (550, 547, or 555 nm for VIIRS, MODIS 

and SeaWiFS, respectively).  

The diffuse downwelling attenuation coefficient (Kd, m-1) was calculated from Ed 

profiles as the slope in the exponential fit using the ‘nls’ function in R  

𝐸;(𝑧) = 𝐸;(0\) ∗ 𝑒𝑥𝑝[\¸�∗r] (3.7) 

where z is depth (Gordon et al. 1980).  

Kd is used to estimate z90 (m), the depth above which 90% of the remotely sensed 

radiance originates (Gordon and McCluney 1975) 

𝑧¹) =
1
𝐾;

 (3.8) 

 

Phytoplankton Pigments 

Chl a (mg m-3) determined by both fluorometric (N = 6104) and HPLC (N = 1235) methods 

were included in the database (Pegau et al. 2003). Because there was good agreement 

between both methods (regression slope = 0.96, intercept = -0.04, R2 = 0.93), the Chl a 

used in this study is either fluorometric or HPLC Chl a or the mean of both measurements, 

when available, in order to maximize number of in situ observations available (N = 6471).  

 

Outliers and Data inspection 

All data were visually inspected to ensure that there was no infeasible data from sampling 

or measurement error. Additionally, outliers were first removed from each expedition and 

secondly from the aggregated database if the z-score was > 3.5 (Rousseeuw and Hubert 

2011).  
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Optical Weighting 

For stations with observations at multiple depths within the upper 30 m, data were optically 

weighted using Kd(490) following the methods of Gordon and Clark (1980) to achieve one 

set of absorption, backscattering and Chl a measurements for the coincident surface 

radiometric measurements (Werdell 2005; Werdell and Bailey 2005). For example, for 

station where multiple measurements of Chl a were made shallower than z90, a single 

weighted average Chl a representative of the upper water column is calculated using 

Equation 3.5 in Gordon and Clark (1980). The final optically weighted database contains 

1565 observations. 

 

3.2.2 Algorithm Optimization 

Empirical Algorithms 

Empirical algorithms are based on an empirical relationship between R and Chl a of the 

form 

𝐶ℎ𝑙	a = 	10(6	7	8"	7	9":	7	;"<	7	="<)	 (3.9) 

where the coefficients a, b, c, d, and e are empirically derived and R is the base-10 

logarithm of the maximum band ratio of RRS for blue to green wavelengths (Table 3.4). 

The coefficients for the standard NASA 3-band ocean color algorithms for MODIS 

(OC3M) and SeaWiFS (OC3S) were obtained from 

https://oceancolor.gsfc.nasa.gov/atbd/chlor_a/. 

 

Semi-Analytical Algorithm 

The GSM semi-analytical model (Maritorena et al. 2002) relates RRS(λ) to the IOPs based 

on the radiative transfer equation 

𝑅"# = 0.544 v
𝑓
𝑄~

⎝

⎛
𝑏8± +	𝑏8¯(λ)) ∗ v

λ
λ)
~
#���

𝑏8± +	𝑏8¯(λ)) ∗ v
λ
λ)
~
#���

+ 𝑎± + 𝐶ℎ𝑙a ∗ 𝑎∗¯L + 𝑎;ª(λ))¿\#�À(¬\¬�)Á⎠

⎞ 

(3.10) 

  

where 0.544 accounts for the transmission and reflection of the air-sea interface and f/Q (also 

referred to as g) is the proportionality factor that accounting for the directional effects of 

radiative transfer where Q relates upwelling radiance to upwelling irradiance and f relates 
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irradiance reflectance to the backscattering and absorption coefficients of the water body 

(Morel and Gentili 1993). In situ measurements of f/Q range from 0.084-0.15 sr-1 (IOCCG 

2006; Gordon et al. 1998; Morel and Gentili 1993; Reynolds et al. 2001; Wang et al. 2005; 

Kostadinov et al. 2007). In the GSM algorithm, the f/Q constant is set as 0.0949 for the default 

parameterization (Maritorena et al. 2002). The values for bbw and aw are derived from values 

determined for pure seawater (Pope and Fry 1997; Smith and Baker 1981) and Sbbp, Sdg and 

a*ph (λ) are parameterized constants (Table 3.6) (Maritorena et al. 2002). By using RRS(λ) at 

412, 443, 490, 510 and 555 nm as input and inverting Eq. 3.10, the GSM solves for the 

remaining unknowns: Chl a, adg(443), and bbp(443).  

 

Genetic Algorithm Optimization 

In order to improve retrievals of the unique AO IOPs, we optimized the parameters for 

both empirical and GSM algorithms using our optically-weighted bio-optical database. 

Model optimization was performed using a genetic algorithm, which is preferable to 

conventional optimization methods when solving complex models for which the 

interaction of parameters is highly non-linear (Chang et al. 2007; Kostadinov et al. 2007). 

The genetic algorithm solves for the global minimum of specified cost functions. For 

empirical algorithms, the cost functions we used were the coefficient of determination (R2), 

slope, and intercept from a standard major axis (SMA) type II regression of the retrieved 

on in situ log10(Chl a): 

𝐶𝑂𝑆𝑇. 𝐸𝑀𝑃 = |1 − 𝑅k| + |1 − 𝑠𝑙𝑜𝑝𝑒| + |0 − 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡| (3.11) 

The cost function for the GSM is constructed as 

𝐶𝑂𝑆𝑇. 𝐺𝑆𝑀 =	É(|1 − 𝑅k�| + |1 − 𝑠𝑙𝑜𝑝𝑒�| + |0 − 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡�|)
£

�oJ

 
(3.12) 

where k is the variable to be retrieved (e.g., Chl a, adg(443) or bbp(443)) and R2k, slopek and 

interceptk result from standard major axis (SMA) type II regression of the retrieval 

parameter ‘k’ on the in situ measurements (both in log10 space). The |1 − 𝑅k�| term is 

ignored when k = bbp(443) or adg(443) because the consistently low R2 otherwise skewed 

the optimization. The genetic algorithm was implemented in MATALB_2019a using the 

ga function from the Optimization package which ran for 500 generations with 50 

individuals per generation and a 0.8 probability of a crossover. The lower and upper bounds 
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for Sdg, Sbbp, and a*ph(λ) were 0.01-0.035 nm-1, 0-4.3 nm-1, and 0.005-0.3 m2 mg-1, 

respectively, as in Maritorena et al. (2002).  

 

3.2.3 Statistical Analysis 

Characterizing AO IOPs 

To characterize typical AO bio-optical properties, the arithmetic mean and standard 

deviation (SD) were calculated for each parameter. If the data were log-normally 

distributed, as verified by a Kolmogorov-Smirnov test, the geometric mean was calculated 

instead. To test whether there were differences between regions (inflow, outflow, interior 

shelves) or seasons (spring = March-May, summer = June-August, Fall = September-

November) and mean AO conditions, a t-test or a Wilcoxon rank-sum test was conducted 

for normal and log-normal data, respectively. Differences were considered significant 

when the p-value < 0.05. 

 

Evaluating Algorithms 

To evaluate the performance of the default and parameterized ocean color algorithms, type 

II SMA regression analysis provided R2, slope, and intercept of the predicted on in situ 

parameters. Log(bias) and log(RMS) are additional measures of error used for log 

distributed data  

𝑙𝑜𝑔8j6g = 	𝑚𝑒𝑎𝑛 Ë𝑙𝑜𝑔J) v
𝑥�",Ì
𝑥ÍÎ	#ÍtÏ

~Ð 
(3.13) 

𝑙𝑜𝑔"Ñ# = 	𝑆𝐷 Ë𝑙𝑜𝑔J) v
𝑥�",Ì
𝑥ÍÎ	#ÍtÏ

~Ð	 
(3.14) 

where x is Chl a, adg(443) or bbp(443) (Darecki and Stramski 2004). In the text and figures, 

we compare retrievals based on the SeaWiFS parameterization using MBR 443>490/555 

because the existing AO algorithms we compare to (OC4L, OC3L) are only parameterized 

for these wavelengths. However, the conclusions are no different when using MODIS 

parameterization and R input (see Table 3.5). 
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3.3 Optical properties 
3.3.1 Inherent Optical Properties 

Chl a, CDOM, and detritus all absorb strongly at blue wavelengths relative to green 

wavelengths (Figure 3.2A). Because of this, the IOPs at these wavelengths are of primary 

importance for developing ocean color algorithms; empirical algorithms typically rely on 

the relationship between Chl a and the ratio of reflected blue to green light (e.g. 

RRS(443>490)/RRS(555)), while semi-analytical algorithms often use multiple wavelengths 

to derive IOPs at blue wavelengths (e.g. bbp(443), adg(443)). Here, we discuss how the 

unique AO bio-optical properties at these two relevant wavelengths (λ = 443 nm and 555 

nm) compare to global conditions and vary both regionally and seasonally throughout the 

AO. 

 
Figure 3.2. Mean spectra of A) total nonwater absorption (atnw, m-1), including absorption by CDOM (ag, m-

1), detritus (ad, m-1), CDOM + detritus (adg, m-1), and phytoplankton (aph, m-1), B) backscattering by particles 

(bbp, m-1), C) the ratio of total backscattering to the sum of total backscattering and absorption (bb/bb+a, 

dimensionless) and D) remote sensing reflectance (RRS, sr-1) using data from the entire AO-database.  



CHAPTER 3. OCEAN COLOR ALGORITHMS FOR THE ARCTIC OCEAN 

 84 

 
Table 3.2. Mean, standard deviation, and sample size of inherent optical properties of CDOM (ag, m-1), 

detritus (ad, m-1), and phytoplankton (aph, m-1), and particles (bbp, m-1) at 443 nm for the entire Arctic Ocean 

divided by sub-region and season. Asterisks indicate when the mean regional or seasonal value differs 

significantly from the mean AO value (p-value < 0.05). 

 

 

Figure 3.3. Percent contribution of absorption by phytoplankton (aph(λ), m-1), nonalgal particles (ad(λ), m-1) 

and CDOM (ag(λ), m-1) to total nonwater absorption (atnw(λ), m-1) at (A) 443 nm and (B) 555 nm. Points are 

colored according to ecoregion, where interior is orange, inflow is green, and outflow is purple.  

 

3.3.1.1 Absorption 

CDOM absorption (ag) 

Absorption of blue light by CDOM (ag(443)) in the AO (0.41 ± 0.056 m-1) is exceptionally 

high (Bélanger et al. 2008; Brunelle et al. 2012; Gonçalves-Araujo et al. 2018; Granskog 

et al. 2007; 2012; Matsuoka et al. 2007; 2011; 2014; 2015; 2017; Wang et al. 2005) 

compared to the global ocean (Nelson and Siegel 2013), comparable only to lower latitude 
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measurements at coastal sites (Vodacek et al. 1997; Babin et al. 2003). Although ag(443) 

is high throughout the AO, there are notable spatial and temporal differences (Table 3.2). 

ag(443) is significantly higher in the interior shelves (0.067 ± 0.085 m-1) compared to the 

rest of the AO and is twice as high as ag(443) in the outflow regions (0.032 ± 0.056 m-1) 

(Table 3.2). Likewise, ag(443) peaks during the summer season (0.048 ± 0.042 m-1) and 

declines significantly in the fall (0.029 ± 0.083 m-1) (Table 3.2) (Matsuoka et al. 2011). 

High ag(443) is consistent with the fact that the AO receives the largest amount of river 

runoff relative to its volume of any ocean (Shiklomanov et al. 2000) supplying the shelves 

with high concentrations of CDOM (Granskog et al. 2007; 2012; Stedmon et al. 2011). The 

interior shelves receive the majority of the riverine runoff (Williams and Carmack 2015), 

explaining the significantly higher absorption in these regions (Table 3.2). Within the 

interior shelves, Matsuoka et al. (2014) found that atnw measured on the eastern Arctic 

Ocean (EAO) was significantly higher than the western Arctic Ocean (WAO) due to higher 

CDOM concentrations on the Siberian shelves. Results using our database, which 

incorporates many more stations especially in the EAO, show no difference between 

ag(443) in the EAO interior shelves (Kara, Laptev, Siberian, 0.069 ± 0.11 m-1, n= 80) and 

the WAO interior shelf (Beaufort, 0.066 ± 0.071, n= 142). Within two months of the peak 

river outflow (typically in mid-June) (Stedmon et al. 2011), Arctic rivers export over half 

of their annual dissolved organic carbon load to the shallow shelves (Amon et al. 2012) 

resulting in significantly higher ag(443) observed during the summer season (Ben 

Mustapha et al. 2012) (Table 3.2). After the peak in summer, ag(443) declines by 40% 

(Table 3.2), likely due to photodegradation of CDOM (Matsuoka et al. 2011). 

 

Detrital absorption (ad) 

Absorption by detritus at blue wavelengths (ad(443)) is the smallest contributor to 

atnw(443), reaching only ~30% of the magnitude of ag(443) (Figure 3.2A, Table 3.2). 

Similar to ag(443), ad(443) also varies in importance both regionally and seasonally (Table 

3.2). The interior and inflow shelves have significantly higher ad(443) (0.15 ± 0.023 and 

0.14 ± 0.022 m-1, respectively) than the outflow shelves (0.10 ± 0.017 m-1). This is likely 

because the interior shelves receive the majority of the turbid inflow leading to high detrital 

accumulation (Gonçalves-Araujo et al. 2018; Wang et al. 2005). Because the inflow 
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shelves support the highest primary production (Arrigo and van Dijken 2011; 2015; Oziel 

et al. 2017), high phytoplankton biomass and subsequent detrital production may result in 

significantly higher ad(443) observed on the inflow shelves (0.14 ± 0.022 m-1) (Table 3.2). 

Likewise, the highest ad(443) is observed the fall season (0.016 ± 0.025 m-1, Table 3.2), 

when phytoplankton degrade into detritus after peak primary production (Matsuoka et al. 

2011, Wang et al. 2005).  

 

Spectral slopes of CDOM and detritus 

Both the spectral slopes of ag (Sg) and of ad (Sd) (Table 3.3) are consistent with historical 

measurements in the AO (Matsuoka et al. 2007, 2011, 2014, 2017), with the magnitude of 

Sg being much higher than Sd (Table 3.3). While Sd is consistently ~0.01 nm-1, Sg exhibits 

significant seasonal trends (Table 3.3), increasing from spring to summer due to 

photobleaching which produces smaller molecules that absorb light more effectively at 

shorter wavelengths (Matsuoka et al. 2011; 2017; Twardowski and Donaghay 2002; 

Granskog et al. 2007). Heterotrophic microbial activity, another mechanism that degrades 

CDOM, promotes the opposite effect and lowers Sg (Matsuoka et al. 2015; Granskog et al. 

2007), which may contribute to the decrease in Sg observed in the fall (0.016 ± 0.005 nm-

1)when bacterial production peaks (Kirchman et al. 2009). As the spectral shapes of ag(λ) 

and ad(λ) are often indistinguishable, the spectral slope of combined CDOM + detrital 

absorption (Sdg) is often used in bio-optical algorithms (IOCCG 2006; Maritorena et al. 

2002). The resultant Sdg reflects the relative contributions of ag(λ) and ad(λ) to adg(λ). 

Predictably, as ag is more than double ad (Table 3.2), mean Sdg in the AO (0.015 ± 0.003 

nm-1) most closely resembles Sg (0.018 ± 0.004 nm-1) compared to Sd (0.010 ± 0.002 nm-

1) (Table 3.2, Figure 3.2A).  

 

Phytoplankton absorption (aph) 

At the blue absorption peak for Chl a (λ = 443 nm), absorption by phytoplankton is 

swamped by CDOM absorption (Figure 3.2A, Figure 3.3A, Table 3.2). Unsurprisingly, the 

highly productive inflow shelves (Arrigo and van Dijken 2011; 2015; Oziel et al. 2017) 

exhibit the highest aph(443) of any region (0.023 ± 0.041 m-1) (Table 3.2). Interestingly,  

  



CHAPTER 3. OCEAN COLOR ALGORITHMS FOR THE ARCTIC OCEAN 

 87 

 
 
Table 3.3. Spectral values of inherent optical properties. Slopes of CDOM (Sg, nm-1), detritus (Sd, nm-1), 
CDOM+detritus (Sdg, nm-1), and backscattering by particles (Sbbp, dimensionless). Mean Chl a-specific 
absorption (a*ph(λ), m2 mg-1 Chl a) is presented for the wavelengths used for in the GSM algorithm. The total 
number of observations (n) for the a*ph(λ) spectrum are listed for a*ph (412). Asterisks indicate when the mean 
regional or seasonal value differs significantly from the mean AO value.  
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there is no significant seasonal trend in aph(443) despite there being a pronounced seasonal 

cycle in Chl a throughout the year (Arrigo and van Dijken 2011). 

 

 

Figure 3.4. Relationship between absorption by phytoplankton at the blue absorption peak (aph(443)) and Chl 

a. The regression line using the AO database (red) is compared to the regression line obtained by Bricaud et 

al. (1998) (blue).   

 

Exposed to the perpetually low light conditions of the AO (IOCCG 2015), 

especially beneath the sea ice in spring and fall (Arnsten et al. 2018), phytoplankton in the 

AO often increase their intracellular pigment concentration to maximize cellular light 

absorption (Matsuoka et al. 2007; 2011; 2014; Lewis et al. 2019; Brunelle et al. 2012; 

Wang et al. 2005). Because the effects of this pigment packaging are strongest at 
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wavelengths where Chl a absorbs most effectively (blue and red), the degree of pigment 

packaging is characterized by a relative flattening of the blue (443 nm) and red (670 nm) 

absorption peaks, with ratios of blue to red absorption (a*ph blue : red) closer to 1 indicating 

stronger pigment packaging (Morel and Bricaud 1981). In the spring and fall seasons, a*ph 

blue : red averages 2.1 and 2.2, respectively, both significantly lower than the average ratio 

in summer (2.6), indicating a greater degree of packaging during the months with lower 

light (Lewis et al. 2019; Brunelle et al. 2012; Stramska et al. 2006; Matsuoka et al. 2007; 

2011; 2014). Similarly, the slope of the regression of Chl a against aph(443) for AO 

phytoplankton is lower than that of mid-latitude phytoplankton (Bricaud et al. 1998), 

indicating lower absorption per Chl a and further demonstrating pigment packaging (Figure 

3.4, Matsuoka et al. 2007; 2014; Wang et al. 2005). Similar to the results of Matsuoka et 

al. (2014), we observed no significant regional differences in pigment packaging. 

 

Total non-water absorption budget 

In the AO, total nonwater absorption at blue light (atnw(443)) is dominated by CDOM 

absorption (ag(443)) (Figure 3.3A). On average, ag(443) comprises 54% of atnw(443) and 

at approximately one quarter of stations ag(443) contributes greater than 75% of atnw(443). 

There are notable regional differences in the ag(443) contribution to atnw(443) (Figure 

3.3A). On the interior shelves, ag(443) contributes on average 63% of atnw(443), which is 

significantly higher than the inflow (47%) and outflow (50%) regions (Figure 3.3A, Table 

3.2). Of secondary importance to atnw(443), aph(443) and ad(443) contribute 31% and 19% 

to atnw(443), respectively. While there are no discernable regional patterns in ad(443) 

contribution, aph(443) contributes the most (35%) on inflow shelves, significantly higher 

than on the interior (19%) and outflow (31%) shelves (Figure 3.3A, Table 3.2).  

In contrast, at the green wavelength (555 nm), where all components absorb 

minimally (Figure 3.3B), contribution to atnw is shared more equally among the constituents 

(Figure 3.3B). Still, ag(555) contributes more (38%) to atnw(555) than aph(555) and ad(555), 

which both contribute approximately 32%. Again, the ag(555) in interior region contributes 

significantly more (43%) to atnw(555) than the inflow (38%) and outflow (35%) shelves.  
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3.3.1.2 Particle Backscattering 

Attenuation of Ed by particle backscattering is much smaller than the attenuation by 

absorption, with bbp(443) being approximately 3 orders of magnitude lower than atnw(443) 

(Table 3.2, Figure 3.2B). bbp(443) is positively correlated with aph(443) (R2 = 0.43, p < 

0.001), ad(443) (R2 = 0.43, p < 0.001), and ag(443) (R2 = 0.27 , p < 0.001), indicating that 

increased particle backscattering is associated with more turbid and/or productive waters 

(Matsuoka et al. 2007; Stramska et al. 2006; Wang et al. 2005). Indeed, bbp(443) is highest 

in the interior (0.005 ± 0.005 m-1) and inflow shelves (0.005 ± 0.007 m-1) and during the 

summer (0.004 ± 0.006 m-1) and fall (0.005 ± 0.004 m-1) seasons (Table 3.2). Similarly, 

these conditions yield the flattest spectral bbp slopes (Sbbp) (Table 3.3) which have 

previously been linked to turbid AO conditions (Reynolds et al. 2016). In contrast, the 

lowest bbp(443) and the steepest Sbbp are observed on the outflow shelves (bbp(443) = 0.002 

± 0.002 m-1, Sbbp = -1.772 ± 0.930) and during the spring season (bbp(443) = 0.003 ± 0.005 

m-1, Sbbp = -2.033 ± 1.251), which are characterized by relatively clear water conditions 

(Reynolds et al. 2016; Stramska et al. 2006). 

 

3.3.2 Apparent Optical Properties 

In order to quantify the IOPs of a water body which cannot be measured directly from 

satellite, ocean color remote sensing relies on detecting apparent optical properties (AOPs). 

AOPs are properties, such as reflectance, that depend both on IOPs and the light field of 

the medium. Satellite-based measurements of ocean color can then be used to infer the 

IOPs (e.g. Chl a, adg, bbp) of the ocean body via empirically derived or theoretically based 

relationships. Here, we examine trends in Arctic AOPs, including attenuation coefficient 

(Kd), remote sensing reflectance (RRS) and the f/Q ratio, to understand the impact of the 

unique AO IOPs on ocean color measurements.  

 

3.3.2.1 Diffuse attenuation coefficient (Kd) 

The diffuse attenuation coefficient at λ = 490 nm (Kd(490), m-1) was used to calculate the 

location of the first optical depth (z90, m) above which 90% of the upwelling radiance 

detected by satellite sensors originates (Werdell and Bailey 2005; Gordon and Clark 1980; 

Gordon and McCluney 1975). Kd(490) ranges from 0.002 to 0.46 m-1 with a mean value of 
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0.077 ± 0.079 m-1 for the AO. Variable Kd is reported elsewhere in the AO with similar 

ranges (Antoine et al. 2013; Pavlov et al. 2015; IOCCG 2015). Kd(490) is significantly 

higher in the interior shelves (0.12 ± 0.092 m-1, N = 34, p-value< 0.05), compared to the 

inflow (0.077 ± 0.093 m-1, N = 163) and outflow (0.080 ± 0.058 m-1, N = 171) shelves. The 

higher attenuation coefficient in the interior shelves is consistent with the higher atnw on 

the interior shelves (Antoine et al. 2013, Section 3.3.1.1). Based on Kd(490), the average 

first optical depth is 12.6 ±7.0 m in the AO. 

 

3.3.2.2 Remote sensing reflectance (RRS) 

The spectral pattern of RRS(λ) is dependent on absorption and backscattering (Equation 9, 

Figure 3.2B-C, Gordon et al. 1998). At the measured blue wavelengths (412- 490 nm), 

average RRS is relatively flat (Figure 3.2D) because the absorption peak of Chl a (λ ~ 443 

nm) is masked by consistently strong ag at these wavelengths (Figure 3.3A, Figure 3.2A) 

(Matsuoka et al. 2007). A peak in RRS at 510 nm (Figure 3.2D) reflects the coincident 

absorption minima of both atnw (Figure 3.2A) as well as absorption by pure water (Pope 

and Fry 1997; Matsuoka et al. 2007). Beyond 510 nm, absorption by pure water increases 

dramatically and backscattering decreases (Figure 3.2B) resulting in the plummeting RRS 

signal at longer wavelengths with no evidence of the second Chl a peak (λ ~ 670). The 

exceptionally low RRS at red wavelengths would make implementing empirical algorithms 

based on red absorption bands very difficult for AO waters (Ben Mustapha et al. 2012). 

The spectral pattern in RRS mirrors that of bb/bb+a because water reflectance (RRS) is 

proportional to the backscattering coefficient (bb) and inversely proportional to the 

absorption coefficient (a) (Equation 10).  

 

3.3.2.3 The proportionality factor (f/Q) 

The average in situ f/Q calculated from concurrent RRS and b/b+a measurements is 

approximately 0.1 sr-1 for all λ in the AO, which is in agreement with other optical datasets 

(Kostadinov et al. 2007; Morel et al. 2002; Reynolds et al. 2001; Wang et al. 2005). 

Because the average AO in situ f/Q (0.1 sr-1) is approximately equal to the f/Q constant 

used in the default GSM parameterization (0.0949 sr-1) (Maritorena et al. 2002), we opted 

to continue to use the existing default GSM f/Q value.  
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3.4. Regional Arctic Algorithms 
3.4.1 Chl a from Empirical Algorithms 

Optimized empirical algorithm  

Using the genetic algorithm optimization strategy (Methods 3.2.2), the best single 

empirical algorithm for estimating Chl a concentration for the entire AO, which we call 

AO.emp, is of a simple, linear form (Table 3.4, Figure 3.5). Because the wavelengths used 

in the maximum band ratio for MODIS (443>488/547) and SeaWiFS (443>490/555) are 

slightly different, two separate sets of coefficients were determined based on our 

optimization approach for each satellite product (Table 3.4).  

 

 

 

Figure 3.5. Visualization of various empirical algorithms (Table 4) overlaid on in situ Chl a and RRS 

measured on the inflow and outflow (gray) and the interior (orange) regions.  
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Table 3.4. Empirical algorithm coefficients for the global NASA default algorithm (OC3M for MODIS and 

OC3S for SeaWiFS) and the newly parameterized Arctic (AO.emp) and regional (AOReg.emp) algorithm 

which incorporates separate coefficients parametrized for the interior and inflow/outflow regions. Two sets 

of parameters are included to account for the difference in band ratio used for MODIS (443>488/547) and 

SeaWiFS (443>490/555).  

 

Based on our analysis using the largest AO dataset possible, it is clear that the 

AO.emp algorithm dramatically outperforms the standard global algorithms employed by 

SeaWiFS and MODIS as well as existing regional algorithms developed for AO waters. 

The retrieval statistics using the Arctic algorithm are a significant improvement from the 

NASA standard algorithms; the regression slope improves from 0.57 to 1 and the intercept 

improves from 0.1 to 0.0 (Table 3.5). While measures of error (R2 and log(RMS)) are 

consistent between the standard (OC3) and AO.emp, the log(bias) is minimized when using 

the AO.emp (from 0.24 to 0) (Table 3.5).  

Although the Arctic AO.emp improves estimates of Chl a considerably compared 

to the standard algorithms, retrievals of Chl a from the interior regions are noticeably worse 

than retrievals of inflow and outflow regions (Figure 3.6A). When applying the AO.emp 

exclusively to interior in situ data, the resultant regression slope of 1.5 and intercept of 0.66 

demonstrate a systematic overestimation with higher retrieval error (R2 = 0.47) (Figure 

3.6A). Because the interior shelves exhibit a fundamentally different relationship between 

R and Chl a compared to the rest of the AO (Figure 3.5, Section 3.3), regional 

parameterization of separate ‘interior’ and ‘inflow/outflow’ algorithms was implemented 

(Table 3.5). No other such division of the dataset (e.g. by season) improved Chl a retrieval. 

The combined regional algorithm (AOReg.emp) improves Chl a retrieval across the entire 

AO (Figure 3.6B), making this the best empirical algorithm to use in the AO (Table 3.5). 

As in the AO.emp, using AOReg.emp to estimate Chl a maintained equivalently good 
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retrieval statistics of Chl a (slope = 1, intercept = 0, log(bias) = 0.01). Additionally, using 

the AOReg.emp algorithm increased R2 from 0.59 to 0.68 and reduced log(RMS) from 

0.43 to 0.38 compared to AO.emp (Table 3.5), demonstrating that the AOReg.emp regional 

algorithm with dual-parameterizations for the interior and inflow/outflow shelves is the 

best empirical algorithm option for estimating Chl a in the AO by satellite. 

 

 
Table 3.5. Statistics for the default (NASA OC3) and tuned empirical (AO.emp, AOReg.emp) and semi-

analytical algorithms (GSM, AO.GSM) for retrieving Chl a and, for GSM, adg(443) and bbp(443).   

 

 

Figure 3.6. Tuned empirical algorithm retrievals of Chl a using algorithms tuned for A) the entire Arctic 

(AO.emp) and B) the Arctic divided into interior or inflow/outflow regions (AOreg.emp) overlaid on in situ 

Chl a and RRS measured in inflow and outflow (gray) and interior (orange) regions. Retrieval statistics are 

presented in Table 5. 

 

AOReg.emp outperforms other existing empirical algorithms parameterized for the 

AO using data from the Chukchi and Beaufort Seas. While both the Arctic regional OC4L 
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(Wang and Cota 2003, Cota et al. 2004) and OC3L (Lewis et al. 2016) improves Chl a 

retrievals compared to the NASA standard algorithm (Table 3.5), the retrievals are worse 

compared to the AOReg.emp based on slope, intercept, log(RMS) and R2 (Table 3.5).  

 

Default algorithm performance 

The standard algorithms fail to accurately estimate Chl a in the AO across the entire range 

of Chl a concentration due to the unique IOPs in the AO. At the low end of our in situ 

dataset (0.1 mg Chl a m-3), the equivalent R based on the AOReg.emp parameterization is 

0.34 and 0.41 for the interior and inflow/outflow shelves, respectively. When inputting that 

R into the standard NASA OC3 algorithm, Chl a is overestimated by a factor of ~3 (0.31 

mg Chl a m-3) in the inflow/outflow shelves and ~4 (0.39 mg Chl a m-3) in the interior 

shelves (Figure 3.5). At the highest in situ Chl a (27.8 mg Chl a m-3), the equivalent R 

based on the AOReg.emp parameterization is -0.77 and -0.29 for the interior and 

inflow/outflow shelves, respectively. When inputting that R into the standard NASA OC3 

algorithm, Chl a is underestimated by OC3 by a factor of 2 (11.9 mg Chl a m-3) in the 

inflow/outflow shelves but wildly overestimated by a factor of 47 (1305 mg Chl a m-3) in 

the interior shelves (Figure 3.5). For in the inflow/outflow shelves, the standard NASA 

satellite product overestimates in situ Chl a at concentrations lower than 0.9 mg Chl a m-3 

and underestimates Chl a at in situ concentrations higher than 0.9 mg Chl a m-3 (Figure 

3.5), identical to the results of Lewis et al. (2016) which evaluated Chl a retrievals in the 

Chukchi inflow shelf. For the interior shelves, the standard NASA satellite product 

overestimates in situ Chl a at all concentrations (Figure 3.5).  

 

3.4.2 Semi-Analytical Algorithms 

Optimized GSM algorithm  

The semi-analytical GSM algorithm was successfully parameterized for the AO 

(AO.GSM) (Table 3.6). To do so, 147 coincident in situ measurements of RRS(412, 443, 

490, 510, 555, 680), Chl a, adg(443), and bbp(443) were used in the genetic algorithm 

optimization strategy to optimize the Sdg, Sbbp, and a*ph(λ) GSM parameters (Methods 

3.2.2). The resultant optimized parameters more accurately represent the unique bio-optical 

characteristics of the AO (Section 3.3.1) and thus improve retrievals of IOPs (Table 3.5). 
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Despite significant regional and seasonal differences in AO IOPs (Results 3.3.1) that 

necessitated regional parameterization for the empirical algorithm (Results 3.3.3), a single 

AO-parameterization for the GSM captured the heterogeneity in the bio-optical properties 

of the AO.  

 
Table 3.6. GSM model parameters for the default parameterization (Maritorena et al. 2002) and the optimized 

parameters for the Arctic-specific version (AO.GSM). 

 

 

 

Figure 3.7. Optimized AO.GSM retrievals of A) Chl a, B) adg(443), and C) bbp(443). Retrieval statistics are 

presented in Table 5. 

 

Our optimization returned a value for the AO.GSM Sdg parameter of 0.018996 nm-

1 (Table 3.6). Compared to the default GSM Sdg parameter value (0.02061 nm-1), our 
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optimized Sdg value (0.018996 nm-1) more accurately represents the low in situ Sdg 

measured in the AO (0.015 ± 0.003 nm-1) and closely matches the average in situ mean Sg 

(0.018 ± 0.004 nm-1) (Table 3.3). Thus, the optimized Sdg for the AO.GSM 

parameterization illustrates the unique spectral tendencies of CDOM and detrital 

absorption in the AO (Section 3.3.1.1). Likewise, the optimized AO.GSM value for Sbbp of 

-1.3309 agrees very well with the average in situ Sbbp for the AO (-1.37 ± 0.891) (Table 

3.3) compared to the default Sbbp value of -1.03373 (Maritorena et al. 2002). 

The optimized a*ph(λ) parameters for the AO.GSM approximates the shape of 

phytoplankton absorption peaks with higher values at blue and red wavelengths compared 

to green (Table 3.6). However, the optimized values for a*ph(λ) are unrealistically high 

compared to the measured in situ values the blue wavelengths (Table 3.3). For example, 

measured mean in situ a*ph(443) for the AO is 0.035 ± 0.054 m2 mg-1 Chl a (Table 3.3), but 

the optimization returned a*ph(443) parameter of 0.21099 m2 mg-1 Chl a for the AO.GSM 

(Table 3.6) (Table 3.3). As in Maritorena et al. (2002), the unrealistic optimized values of 

a*ph(443) may compensate for the influence of another parameter at that wavelength such 

as adg(443) which typically dominates the atnw(443) in the AO (Table 3.3, Figure 3.3A, 

Section 3.3.1.1). 

 

Chl a retrievals 

Upon inputting RRS at 5 wavelengths (λ = 412, 443, 490, 510, 555, 680), the semi-analytical 

GSM algorithm, which is parametrized with Sdg, Sbbp, and a*ph(λ) constants, computes the 

values of the remaining IOPs: Chl a, adg(443) and bbp(443) (Maritorena et al. 2002). In 

estimating Chl a, the default-GSM outperforms the NASA standard empirical algorithms 

based on regression slope, intercept, and log(bias) (Table 3.5). However, Chl a retrievals 

are noticeably improved when the GSM algorithm is parameterized for AO waters 

(AO.GSM) (Table 3.5, Figure 3.7A). The regression slope and R2 of retrieved on in situ 

Chl a improves from 0.89 and 0.54, respectively, using the default parameterization to 1.0 

and 0.58, respectively, when using AO.GSM (Table 3.5). The remaining retrieval statistics 

were consistent between the default GSM and AO.GSM with intercepts close to 0, 

log(RMS) of ~0.45, and low log(bias) (Table 3.5).  
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The optimized AO.GSM semi-analytical performs nearly as well as the optimized 

AOReg.emp empirical algorithm in estimating Chl a (Table 3.5). Both algorithms achieve 

a regression slope of 1 and log(RMS) of ~0.45 (Table 3.5). However, the AO.GSM 

retrieves Chl a slightly worse compared to AOReg.emp based on intercept (AO.GSM = -

0.14, AOReg.emp = 0.0), R2 (AO.GSM = 0.58, AOReg.emp = 0.68), and log(bias) 

(AO.GSM = -0.14, AOReg.emp = 0.0) (Table 3.5). 

Few other studies have attempted regional parameterization of semi-analytical 

algorithms in the AO owing to the limited number of complete datasets required for 

optimization (IOCCG 2015). Ben Mustapha et al. (2012) parameterized the GSM using 

data from 45 stations collected from one expedition to the southeast Beaufort Sea (which 

we refer to in this paper as ‘Beaufort.GSM’). Although the retrievals of Chl a were 

comparable to our AO.GSM (slope = 1.1, intercept = 0.2, R2 = 0.76, log(RMS) = 0.27, 

log(bias) = 0.18), given the heterogeneity of the AO bio-optical properties (Section 3.3.1), 

the Beaufort.GSM algorithm is likely only appropriate for use in the southeast Beaufort 

Sea. In a study in the Chukchi Sea, Chaves et al. (2015) found that while generalized 

inherent optical property (GIOP) semi-analytical algorithm improved Chl a retrievals 

compared to the standard empirical algorithms, Chl a was still systematically 

underestimated (N = 32, slope = 0.73, R2 = 0.72). When the GIOP was applied to central-

eastern AO, Chl a was also underestimated Chl a (N = 12, slope = 0.64, R2 = 0.79) 

(Gonçalves-Araujo et al. 2018). Overall, the parameterized AO.GSM algorithm 

outperforms default and regional semi-analytical algorithms and is equally successful to 

the parameterized empirical algorithm (AOReg.emp) in estimating Chl a in the AO. 

 

adg(443) retrievals  

As with Chl a, retrieval of adg(443) in the AO is considerably improved using AO.GSM 

(slope = 1.02, intercept = 0.0) compared to the default GSM (slope = 0.75, intercept = -

0.18) (Table 3.5), although significant scatter still remains as reflected by low R2 for both 

parameterizations (Figure 3.7B). Matsuoka et al. (2012) developed a semi-analytical 

algorithm using data from the southern Beaufort Sea to estimate ag(443). The success of 

their CDOM absorption algorithm in estimating ag(443) varied between oceanic waters (N 

= 29, slope = 0.88, intercept = 0.003, R2 = 0.98) and coastal waters (N = 35, slope = 1.51, 
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intercept = -0.0086, R2 = 0.65). Although the AO.GSM outperforms this algorithm based 

on regression slope, the CDOM absorption algorithm by Matsuoka et al. (2012) retrieves 

ag(443) with less error (Table 3.5). The modified Beaufort.GSM retrieves adg(443) in the 

same region of the south Beaufort Sea with similar success as Matsuoka et al. (2012) (N = 

44, slope = 1.04, intercept = 0.056, R2 = 0.77) (Ben Mustapha et al. 2012). Similarly, in 

the Chukchi Sea, the GIOP semi-analytical model was able to estimate adg(443) very well 

(N = 30, slope = 1.05, R2 = 0.91) (Chaves et al. 2015). However, when the GIOP semi-

analytical model and the CDOM absorption algorithm by Matsuoka et al. (2012) were 

applied to the central-eastern AO, adg(443) retrievals suffered (N =15, slope = 0.25, R2 = 

0.56), indicating that these algorithms cannot be applied with the same success throughout 

the bio-optically heterogeneous AO (Gonçalves-Araujo et al. 2018). While some of these 

regional semi-analytical algorithms outperform the AO.GSM based on error statistics, it is 

important to recognize that those algorithms are tuned and applied to only one specific 

water type in one region of the AO. Although the retrievals of adg(443) by AO.GSM exhibit 

more scatter (Figure 3.7B, Table 3.5), the algorithm parametrized for application to the 

entire AO which is highly variable in adg(443) both regionally and seasonally (Section 

3.3.1.1, Table 3.3).  

 

bbp(443) retrievals  

The optimized AO.GSM also improved retrievals of bbp(443) compared to the default 

parameterization (Table 3.5), although a small correction term in the AO.GSM algorithm 

was necessary to reduce a remaining bias. To do so, derived bbp(443) is divided by 1.2 in 

the AO.GSM algorithm. The AO.GSM bbp(443) regression of Figure 3.7C and retrieval 

statistics of Table 3.5 include this correction term. Similar ad hoc correction factors have 

been applied to GSM-derived IOPs with success (Kostadinov et al. 2007; Maritorena et al. 

2002). When using the AO.GSM compared to the default parameterization, all statistical 

measures of bbp(443) retrievals improved: the slope improved from 1.17 to 1.02, intercept 

improved from -0.29 to 0.0, R2 increased from 0.2 to 0.43, log(RMS) was reduced from 

0.44 to 0.41 and log(bias) was reduced from -0.7 to -0.05 (Table 3.5). Estimation of 

bbp(443) by AO.GSM outperforms the Beaufort.GSM modified for the southeast Beaufort 

Sea (N = 42) based on slope (AO.GSM = 1.02, Beaufort.GSM = 1.25) and intercept 
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(AO.GSM = 1.25, Beaufort.GSM = 0.56), but is poorer based on R2 (AO.GSM = 0.43, 

Beaufort.GSM = 0.85).  

 

3.5. Conclusions 
3.5.1 Impact of CDOM and pigment packaging  

Optical properties in the AO differ from the global ocean in two notable ways: high 

absorption by CDOM and pigment packaging by phytoplankton. Both hamper the 

effectiveness of applying globally-tuned ocean color algorithms, which don’t account for 

these unique bio-optical characteristics, to Arctic waters.  

In receiving the most river outflow compared to any other ocean basin 

(Shiklomanov et al. 2000), high concentration of CDOM characterize the AO shelves 

(Brunelle et al. 2012; Ben Mustapha et al. 2012; Granskog et al. 2007; 2012; Stedmon et 

al. 2011; Matsuoka 2007; 2009; 2011). Because of this, ag often dominates atnw, especially 

at blue wavelengths where Chl a absorption peaks (Figure 3.3, Gonçalves-Araujo et al. 

2018; Brunelle et al. 2012; Ben Mustapha et al 2012; Bélanger et al. 2008; Matsuoka 2007; 

2009; 2011; Son and Kim 2018). Thus, globally tuned empirical algorithms which rely on 

the ratio of blue to green reflected light mistakenly attribute the strong blue absorption by 

CDOM to Chl a, which leads to consistent overestimates of Chl a in the AO (Ben Mustapha 

et al. 2012; Chaves et al. 2015; Heim et al. 2014; Lewis et al. 2016; Son and Kim 2018; 

Wang and Cota 2003). This is especially evident at concentrations lower than 0.9 mg Chl 

a m-3 when absorption by CDOM leads to overestimation of Chl a in the inflow and outflow 

regions (Figure 3.5). Absorption by CDOM is significantly higher in the interior shelves 

(Table 3.2), where most of the river outflow is received (Williams and Carmack 2015), and 

regularly contributes >75% to total atnw (Figure 3.3). Because of the high ag(443) on the 

interior shelves, applying the global empirical algorithm to interior shelves causes an 

overestimation of Chl a (up to 45 fold) across the entire Chl a range (Figure 3.5) (Ben 

Mustapha et al. 2012; Lewis et al. 2016; Matsuoka 2007; Heim et al. 2014). The prevalence 

of CDOM in the interior shelves manifests a fundamentally different relationship between 

R and Chl a compared to the rest of the AO and the global ocean, arguing for the use of 

regional algorithm parameterization, even within the AO (Figure 3.5, Table 3.4).  
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In addition to high CDOM absorption, the AO is distinct from much of the world’s 

ocean because it is characterized by persistently low light conditions from low solar 

elevations, heavy cloud and fog cover, and sea ice cover through most of the year (IOCCG 

2015; Arnsten et al. 2018). In order to photoacclimate to low irradiances, Arctic 

phytoplankton cells often exhibit highly packaged intracellular pigment concentrations 

(Wang and Cota 2003; Matsuoka et al. 2007; 2011; 2014; Lewis et al. 2019; Brunelle et al. 

2012) which manifests in lower Chl a-specific absorption (Figure 3.4) and a flattening of 

the absorption peaks (Morel and Bricaud 1981). By minimizing the difference between 

a*ph(443) and a*ph(555), pigment packaging reduces R for a given Chl a in the AO, which 

in turn means that Chl a is underestimated when using the global algorithm (Wang and 

Cota 2003; Lewis et al. 2019; Brunelle et al. 2012) (Figure 3.5). This effect counteracts 

absorption by CDOM in the inflow and outflow shelves when biomass is high (Chl a >0.9 

mg m-3) (Figure 3.5). While pigment packaging is equally strong on interior shelves (Table 

3.3), the effect is swamped by the exceptionally high blue absorption by CDOM so that 

Chl a is never underestimated by the global algorithm (Figure 3.5). 

 

3.5.2 Ocean color algorithms parameterized for the Arctic 

In order to account for its unique bio-optical characteristics, we used the largest bio-optical 

dataset ever assembled for the AO to develop an empirical algorithms (AO.emp, 

AOReg.emp) and a semi-analytical algorithm (AO.GSM) to more accurately estimate Chl 

a, CDOM absorption, and particle backscatter. This is made possible because our new 

algorithms improve retrievals of IOPs by using parameterizations that explicitly address 

the impact of high CDOM absorption and pigment packaging in AO waters.  

For our best performing empirical algorithm, AOReg.emp, this is accomplished by 

merging two unique parameterizations, one for the interior shelves and one for the 

inflow/outflow shelves (Table 3.4), that represent the ubiquitous impact of phytoplankton 

pigment packaging while capturing the regional differences in CDOM absorption (Table 

3.2). Because dividing the database by region was the only way to improve Chl a retrievals, 

our results demonstrate that accounting for absorption by CDOM is the most important 

factor in determining the relationship between R and Chl a in the AO. This is consistent 

with results of a sensitivity analysis that showed that absorption by CDOM exerted the 
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greatest influence on variability in R for the Arctic in all situations, even in waters having 

the highest Chl a concentrations (IOCCG 2015). 

For the semi-analytical algorithm AO.GSM, the optimized Sdg and bbp (Table 3.6) 

more accurately represent AO conditions (Table 3.2), while the optimized a*ph spectrum 

emphasizes the absorption peaks of phytoplankton (Table 3.6) which are otherwise 

typically overwhelmed by absorption by CDOM and detritus in the AO (Figure 3.2A, Table 

3.2). Unlike our empirical parameterization, the AO.GSM is able to capture the spatial and 

regional variability in IOPs with a single algorithm. 

While the empirical algorithm (AOReg.emp) has the advantage of relatively easy 

implementation, it requires two parameterizations to capture the spatial variation in bio-

optical properties across the AO. On the other hand, the AO.GSM can estimate Chl a with 

comparable success (Table 3.5) using a single parametrization and has the added advantage 

of retrieving other relevant IOPs (ag(443), bbp(443)) (Table 3.5). Regardless of the choice, 

both the AOReg.emp and AO.GSM provide dramatically improved retrievals of Arctic 

oceanic bio-optical constituents over the standard global algorithms or any regionally tuned 

algorithm previously applied to the AO. 
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Chapter 4 
 
Changes in phytoplankton concentration, 
not sea ice, now drive increased Arctic 
Ocean primary production 
 
Kate M. Lewis, Gert L. van Dijken, Kevin R. Arrigo  

Earth System Science, Stanford University, Stanford, California, USA  

 
Historically, sea ice loss in the Arctic Ocean has promoted increased phytoplankton 

primary production due to greater open water area and a longer growing season. However, 

debate remains whether primary production will continue to rise should sea ice decline 

further. Here, using a new ocean color algorithm parameterized for the Arctic Ocean, we 

show that primary production increased by 57% between 1998 and 2018. the subsequent 

rise in primary production was driven primarily by increased phytoplankton concentration, 

which could only be sustained by an influx of new nutrients. This suggests a future Arctic 

Ocean that can support higher trophic-level production and additional carbon export. 

 

4.1 Introduction 
In response to anthropogenic climate change, the Arctic is warming faster than any other 

region, with the majority of the warming centered over the Arctic Ocean (AO) (IPCC 

2014). Sea ice has radically decreased in concentration, volume, and duration, with summer 

sea ice predicted to disappear completely by mid-century (IPCC 2014). Correspondingly, 

annual phytoplankton net primary production (NPP) has significantly increased due to a 

longer growing season and an expanded area of open water (OW) (Arrigo and van Dijken 

2011; 2015; Kahru et al. 2011; Zhang et al. 2010). However, scientists debate how 

continued sea ice declines will impact AO NPP in the future (Bélanger et al. 2013; 
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Tremblay and Gagnon 2009). Greater freshwater flux through precipitation, ice melt, and 

river outflow could intensify surface ocean stratification and inhibit the flux of deep 

nutrients into surface waters, thus reducing AO NPP (Nummelin et al. 2016; McLaughlin 

and Carmack 2010). Alternatively, greater OW area and more frequent storms (Zhang et 

al. 2010) may increase NPP by promoting the upward delivery of new nutrients to the 

depleted euphotic zone through enhanced wind mixing (Zhang et al. 2004), internal waves 

(Rainville and Woodgate 2009), and shelf-break upwelling (Carmack and Chapman 2003; 

Tremblay et al. 2011). Here, we present a two-decade time series of NPP in the AO that 

was parameterized using the largest and most complete data set of in situ optics and 

phytoplankton biomass and physiology ever assembled for these waters to assess the 

current trajectory of NPP in response to changes in Arctic climate. 

 

 
Figure 4.1. (A) The Arctic Ocean with its shelf seas and basin. Sub-regions are bounded by black lines using 

the 1000 m isobath and categorized as inflow (green), interior (orange) or outflow (purple) shelves. The 200 

m isobath is shown in grey. Inflow and outflow currents are depicted as green and purple arrows, respectively. 

(B) The rate of change in Chl a (mg m-3 yr-1) between 1998 and 2018. Sub-regions are delineated by grey 

lines. Black pixels indicate no data.  

 

4.2 Methods 
4.2.1 Ocean Color Algorithm Development 

We employed a modified version of the standard empirical NASA-Chl a algorithm to better 

account for the unique bio-optical properties of the AO, which differ notably from the 

Chukchi

Barents

Siberian

Nordic

Laptev

Kara

Basin

Baffin

Canada

Beauf
ort

0

50

100

500

1,000

5,000

Bathymetry
(m)

-0.10

-0.05

-0.00

0.05

0.10

Change in Chl a
(mg m-3 yr-1)

A. B.5,000

1,000

500

50

0

100

+0.10

+0.05

0

-0.05

-0.01



CHAPTER 4. CHANGE IN PHYTOPLANKTON NOT SEA ICE, DRIVE NPP 

 105 

global ocean due to higher pigment packaging and chromophoric dissolved organic matter 

(CDOM) concentrations (Lewis et al. 2016; Matsuoka et al. 2007). In order to represent 

the distinct bio-optical properties throughout the AO (Lewis et al. 2016; Matsuoka et al. 

2007), we developed a new empirical ocean color algorithm using the largest dataset of 

coincident in situ remote sensing reflectance (RRS(λ)) and Chl a (n = 474) that capture the 

spatial heterogeneity across the AO following the methods and evaluation criteria outlined 

in Lewis et al. (2016). Sub-regions were categorized as inflow, outflow or interior shelves 

(Figure 4.1A). The best performing algorithm was a regional algorithm that combined two 

unique fits: a 2nd order polynomial fit for the inflow and outflow shelves and a linear model 

fit for the interior shelves. The bio-optical relationship for Chl a vs maximum band ratio 

(MBR) in the inflow/outflow shelves is described as 

 

𝐶ℎ𝑙	a = 10(678(ÑÒ")79(ÑÒ"):) (4.1) 

 

where a = 0.2391, b = -3.3662, c = 1.1085 and MBR is the base-10 logarithm of the ratio 

of RRS for blue (λ = 443>490) to green (λ = 555) wavelengths (O’Reilly et al. 1998). The 

interior shelf is best described with a = -0.3487, b = -1.571 and c = 0. These coefficients 

were adjusted to account for the difference in SeaWiFS and MODIS wavelengths. When 

using SeaWiFS MBR (443>490/555), the coefficients are a = 0.3347, b = -3.4280 and c 

= 1.121 for the inflow/outflow regions and a = -0.3047, b = -1.5698 and c = 0 for the 

interior regions. Multiple ocean color algorithms were considered for this study, including 

the default empirical NASA algorithms (OC3M, OC4) and the Garver-Siegel-Maritorena 

(GSM) semi-analytical algorithm using the default parameters (Maritorena et al. 2002) as 

well as parameters fit with our dataset. Although none of these algorithms were able to 

estimate the magnitude of in situ Chl a as accurately as our tuned empirical regional 

algorithm, all algorithms exhibited similar trends of Chl a and NPP over time.  

 

4.2.2 NPP Algorithm and Inputs 

SeaWiFS Level 3, 8 day RRS(λ) for years 1998-2007 (Reprocessing R2018.0) and MODIS 

Level 3 RRS for years 2003-2018 (Reprocessing R2018.0) were acquired from the NASA 

Ocean Color website (https://oceancolor.gsfc.nasa.gov/). RRS(λ) was input to our new 
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empirical algorithm to generate Chl a. For all ocean color algorithms considered, SeaWiFS 

Chl a consistently exceeded MODIS Chl a for the overlapping years (2003-2007). In order 

to create a comparable time series, we applied regional correction factors to all SeaWiFS 

Chl a calculated as (mean MODIS Chl a) / (mean SeaWiFS Chl a) for the overlapping 

years. Annual mean area-weighted Chl a was calculated by taking the sum of daily mean 

Chl a multiplied by the daily OW area, then dividing that by the sum of OW area for valid 

production days. Non-area-weighted mean, geometric mean, median and the maximum 

likelihood estimator were also calculated to confirm that the results were consistent with 

the area-weighted mean.  

Daily sea surface temperature (SST) is based on the Reynolds Optimally Interpolated 

SST (OISST) Version 2 (Reynolds et al. 2002) obtained from NOAA 

(https://www.ncdc.noaa.gov/oisst). Area-weighted mean annual SST was calculated the 

same as Chl a from daily mean SST for each region using only pixels with OW 

concentrations greater than 25%. Sea ice concentration was generated using the 

NOAA/NSIDC Climate Data Record of Passive Microwave Sea Ice Concentration, 

Version 3 (https://nsidc.org/data/g02202) (Meier et al. 2017). Mean annual OW area was 

calculated from daily OW area for each region over the production season. Annual OW 

duration is defined as the number of days where OW was greater than 50% of the maximum 

annual OW area. NPP (g C m-2 d-1) for the Arctic Ocean was determined from satellite 

derived Chl a, SST, and sea ice cover using an AO NPP algorithm (Arrigo et al. 2008) to 

evaluate trends from 1998-2018. Spatially integrated NPP (Tg C y-1) was calculated as the 

sum of mean areal NPP (g C m-2 d-1) multiplied by the daily OW area for each region. The 

relationship between satellite-derived Chl a and NPP was ground-truthed using in situ 

measurements of Chl a and NPP available from an Arctic primary production database 

(ARCSS-PP) (Figure 4.2) (Matrai 2011). 

 

4.2.3 Statistical Analysis  

Time series trends for mean surface phytoplankton biomass concentrations (Chl a, mg 

m-3), spatially-integrated NPP (Tg C), SST (°C), OW area (km2), and OW duration (days) 

were statistically evaluated for the entire AO and 10 sub-regions (Figure 4.1A) for the 21-

year time period. Linear regression determined time series trends for each parameter.  



CHAPTER 4. CHANGE IN PHYTOPLANKTON NOT SEA ICE, DRIVE NPP 

 107 

 
Figure 4.2. Regression of AO daily mean Chl a concentration (mg m-3) versus NPP (mg C m-2 d-1) determined 

by satellite (blue) and in situ measurements from the ARCSS-PP database (grey).  

 

Trends were considered significant when p value < 0.05. A multiple regression model 

(MLR) was created to understand the relative importance of each variable in predicting 

NPP in the AO. Model selection was performed by comparing all potential models’ 

performance based on Akaike Information Criterion (AIC) to arrive at the maximum 

likelihood linear model to NPP. The combination of OW area and Chl a best predicted the 

changes in AO NPP. Because neither OW duration nor SST improved the fit of the MLR 

model, both were removed from the analysis. The final model form is  

 

𝑁𝑃𝑃	~	𝛽) + 𝛽J𝑂𝑊	 + 𝛽k𝐶ℎ𝑙a (4.2) 
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where β0 is the intercept and β1 and β1 represent the estimated effects of OW area and Chl 

a, respectively, in predicting AO NPP. The relative importance of each predictor variable, 

quantified as the percent of R2 explained in the MLR model, was assessed using the 

‘relaimpo’ package in R (Groemping 2006). The potential for multicollinearity of predictor 

variables in the multiple regression model was assessed calculating the variance inflation 

factor (VIF) for each variable using the ‘vif’ function in R (Fox 2016). The VIF of all 

predictor variables was less than 1.75, the threshold above which multicollinearity of 

predictor variables can be expected to significantly affect the multiple regression model 

(Fox 2016). 

 

4.3 Results 
OW area (<50% sea ice cover) has significantly increased by 27% in the AO since 1998 

with approximately 59,000 km2 of OW added each year (Table 4.1). Sub-regions that 

experienced significant increases in OW area (24-123%) included the Basin, Kara, 

Siberian, Barents, and Chukchi (Table 4.1). Increases in OW area in the Laptev and 

Beaufort sub-regions were non-significant and changes in the outflow shelves of the 

Nordic, Canada, and Baffin sub-regions were negligible (Table 4.1). However, the rate of 

OW increase in the AO and all sub-regions, except the Nordic, has slowed considerably 

since 2009 (Table 4.1, Figure 4.3A).  

At the same time, AO Chl a concentration increased significantly (22%) between 1998 

and 2018 (Table 4.1), with almost all of the increase occurring since 2009 (Figure 4.3B, 

Table 4.1). These changes were largely restricted to the Chukchi and Barents inflow 

shelves where Chl a increased by 26% and 61%, respectively (Table 4.1, Figure 4.1B). In 

fact, for both regions, three of the highest years of mean Chl a were measured in the last 

four years of the time series. Chl a also significantly increased in the Baffin sub-region 

(26%), with much of the increase occurring in recent years (Table 4.1).   
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Figurer 4.3. Annual time series of Arctic Ocean mean open water area (A), mean chlorophyll a (B), and net 

primary production (C). Results from regression analysis for the entire (1998-2018), early (1998-2008) and 

recent (2009-2018) part of the time series are in black, red, and blue, respectively, with significant trends (p 

< 0.05) indicated by an asterisk.  
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Table 4.1 Regional time series trends for the Arctic Ocean and its sub-regions. Total percent change for the 

entire time series as well as slope of the regression (annual absolute change) for the entire time series (1998-

2018), first decade (1998-2008) and the most recent decade (2009-2018) are shown. Significant trends (p < 

0.05) are indicated by asteriks. 



CHAPTER 4. CHANGE IN PHYTOPLANKTON NOT SEA ICE, DRIVE NPP 

 111 

In all remaining sub-regions, Chl a showed no significant trend between 1998 and 2018 

(Table 4.1). However, the slope of the Chl a trend in the shelf sub-regions shifted more 

positive between the first and second decades of the time series (Table 4.1). Notably, there 

were areas of intense increases in Chl a concentration along the shelfbreak of the interior 

seas, especially immediately north of the Beaufort, Laptev and Barents shelfbreaks (Figure 

4.1B). 

Since 1998, NPP in the AO has increased by 57% (Table 4.1, Figure 4.3C), far 

outpacing previously estimated rates (Arrigo and van Dijken 2011; 2015; Bélanger et al. 

2013). The most dramatic increases were on the eastern interior shelves (Siberian, Laptev, 

Kara sub-regions), the inflow shelves (Chukchi, Barents sub-regions) and the Basin sub-

region (Table 4.1). The inflow shelves together contributed 70% of the AO NPP increase 

(Table 4.1), consistent with past studies that noted the importance of the Barents and 

Chukchi Seas to AO NPP (Arrigo and van Dijken 2011; 2015; Oziel et al. 2017). A more 

modest, yet statistically significant increase was seen on the western interior shelf 

(Beaufort sub-region) (Table 4.1). The outflow shelves (Nordic, Canada, Baffin sub-

regions) exhibited the smallest percent increase in NPP, with the Nordic and Canada sub-

regions showing no statistically significant trend (Table 4.1). 

 

4.3 Discussion 
Historically, greater OW area and longer OW duration associated with sea ice decline have 

been the primary drivers of increased NPP across the AO (Arrigo and van Dijken 2011; 

2015; Kahru et al. 2011; Zhang et al. 2010). Here, we find that while there were significant 

regional increases OW duration (Table 4.1), there was no significant trend in OW duration 

across the entire AO and OW duration was not a significant predictor of changes in AO 

NPP (Table 4.1). Importantly, while OW area significantly increased in the AO and most 

of its sub-regions (Table 4.1), these increases have slowed in the recent years (Figure 4.3A, 

Table 4.1). This recent deceleration in sea ice decline is likely due to internal climate 

variability temporarily masking human-induced changes (Swart et al. 2015). Regardless of 

the cause, while OW area explained 74% of the variance in AO NPP between 1998 and 

2008 when sea ice was declining rapidly (Table 4.2), the relationship became less 

significant between 2009 and 2018 when rates of sea ice loss slowed, explaining only 20% 
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of variance in NPP (Table 4.2). This indicates that the recent increases in AO NPP were 

not driven by increases in OW area alone. 

 

 
 
Table 4.2. Multiple linear regression parameter estimates (± standard error) for the intercept (Tg C y-1), open 

water area (Tg C y-1 / km2), and chlorophyll a concentration (Tg C yr-1 / mg Chl a m-3) in explaining the 

variance in mean annual net primary production (Tg C yr-1) across the Arctic Ocean for entire time series 

(1998-2018), first decade (1998-2008) and the most recent decade (2009-2018).  

 

Indeed, we found that increased Chl a explained 80% of variance in AO NPP 

between 2009 and 2018 compared to only 26% during the previous decade when changes 

in OW area controlled the trend in NPP (Table 4.2). To our knowledge, this is the first 

report of significant annual increases in mean phytoplankton concentration (Chl a) in the 

AO (Table 4.1). This is especially true in the Barents sub-region, which contributed more 

than any other region to AO NPP, where significant increases in Chl a since 1998 sustained 

greater production despite the slowing of OW expansion (Table 4.1). Clearly, changes in 

phytoplankton biomass over the last decade were largely responsible for the sustained 

increase in NPP across the AO (Figure 4.3C), particularly in the inflow shelves (Figure 

4.1B), despite the slowing of sea ice loss. 

There are a few possible causes for the observed increase in phytoplankton biomass 

over the last decade. In the AO, nitrogen availability limits maximum phytoplankton 

biomass (Tremblay and Gagnon 2009) so increases in Chl a concentration require greater 

nitrogen availability to the system. Increased advection of Atlantic Ocean waters into the 

Barents Sea (Årthun and Eldevik 2012) and Pacific Ocean waters into the Chukchi Sea 

(Woodgate et al. 2015) may supply enough additional nutrients to sustain the higher 
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biomass observed on these inflow shelves (Table 4.2, Figure 4.1B). In fact, the Pacific 

inflow through the Bering Strait, which provides most of the nutrients that fuel Chukchi 

Sea summer blooms (Lowry et al. 2015), has increased by approximately 50% from 2001-

2013 (Woodgate et al. 2015). While the “Atlantification” of the Barents Sea does not 

necessarily increase nutrient advection (Oziel et al. 2017), the incoming warm Atlantic 

water does reduce stratification and promote vertical mixing (Lind et al. 2018) that 

increases nutrient availability to sustain significant increases of phytoplankton biomass and 

production (Oziel et al. 2017). Additionally, decreased sea ice cover and increased 

frequency and intensity of storms at high latitudes (Zhang et al. 2004) result in episodic 

nutrient injections from the historically inaccessible deep water beneath the pycnocline 

through increased internal wave mixing (Rainville and Woodgate 2009) and storm induced 

upwelling (Zhang et al. 2010; Lind et al. 2018; Yang et al. 2004) throughout the shallow 

shelves. Increased Chl a along the interior shelfbreak (Figure 4.1B) may be fueled by 

upwelling events that pull ‘new’ nutrients from deep basin reservoirs into the nutrient 

depleted upper euphotic zone and which are increasingly common now that the ice edge 

regularly retreats north of the shelfbreak (Carmack and Chapman 2002; Tremblay et al. 

2011; Williams and Carmack 2015). 

Despite significant sea ice loss, there are still regions of the AO, including much of 

the interior and outflow shelves, where there was either no change or a decline in Chl a 

concentration between 1998 and 2018. Apart from the few areas of the shelfbreak where 

Chl a was enhanced, Chl a generally declined across most of the interior shelves (Table 

4.1, Figure 4.1B). These waters receive large volumes of low nutrient and highly turbid 

river runoff (Williams and Carmack 2015; Wagner et al. 2011), which suppresses NPP 

across the interior shelves (Williams and Carmack 2015). For example, the Kara sub-

region, which exhibited a significant 22% decline in Chl a (Table 4.1, Figure 4.1B), 

receives an increasing rate of discharge from two of the three largest AO rivers (the 

Yenisey and the Ob) (Wagner et al. 2011) which have been documented to suppress NPP 

on the Kara shelf (Hessen et al. 2010). Similarly, the outflow and interior shelves may 

receive increasingly nutrient-depleted surface water from upstream consumption on the 

productive inflow shelves resulting in a decline in NPP downstream. 
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Previously, it was unclear whether NPP increases in the AO, which were linked only to 

increases in OW area and duration, were sustained by new or recycled nutrients (Arrigo et 

al. 2011; 2015). Our study documents sustained increases in NPP between 1998 and 2018 

that are no longer being driven by increased OW area and duration alone; increased 

phytoplankton concentration is playing an increasingly important role. These biomass 

increases must be sustained by a larger supply of new nutrients to the system. To the extent 

that increases in new nutrient availability are driven by processes associated with 

anthropogenic climate change, the future AO may not only become more productive but 

also more able to support additional higher total trophic-level production and carbon export 

(Eppley and Peterson 1979). Earlier and larger phytoplankton blooms may outpace grazers 

(Janout et al. 2016; Leu et al. 2011), increasing organic matter export and burial (Manizza 

et al. 2013), sedimentary denitrification (Mills et al. 2015), and consumption by benthic 

organisms (Grebmeier et al. 2006). 
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Chapter 5 
 
Conclusions 
 
5.1 Summary of research findings  
5.1.1 Bio-optical properties of the Arctic Ocean  

Results from Chapters 1-3 highlight the unique bio-optical properties of the AO. The 

optical conditions of the AO differ from the global mean conditions in two primary ways: 

pigment packaging by phytoplankton and high absorption by CDOM. In Chapter 2, I 

examine how phytoplankton acclimate to extreme changes in light and nutrients as the 

season progresses from a high-nutrient, low-light environment in the spring to a low-

nutrient, high-light environment after the peak bloom. Field results show that 

phytoplankton effectively acclimated to reduced irradiance beneath the sea ice by 

maximizing light absorption by packing their cells full of photosynthetic pigments (Table 

2.4). Additionally, exceptionally high maximum photosynthetic rates and photosynthetic 

efficiency during the spring demonstrate that abundant nutrients enable pre-bloom 

phytoplankton to become “primed” for increases in irradiance (Table 2.4, Figure 2.3). This 

ability to quickly exploit increasing irradiance can help explain the ability of phytoplankton 

to generate massive blooms beneath sea ice (Arrigo et al. 2014). In comparison, 

phytoplankton absorption, growth and photosynthetic rates are reduced post-bloom as 

nutrients run out (Table 2.4, Figure 2.3). Photosynthetic pigments were replaced by 

photoprotective pigments to protect cellular photosynthetic machinery from damage by 

excess absorbed irradiance (Table 2.4).  

The seasonal trend in pigment packaging by AO phytoplankton was demonstrated 

in Chapters 1 & 3 where bio-optical trends throughout the AO were examined regionally 

and seasonally. Indeed, results from my assembled AO-database showed that pigment 

packaging was elevated in the low light conditions of spring and fall (Table 3.2). During 

all seasons and regions, pigment packaging in AO phytoplankton was elevated compared 

to low latitude phytoplankton (Figure 3.4, Table 3.2). In addition to pigment packaging, 

the AO is characterized by exceptionally high light absorption by CDOM. In fact, 
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absorption by CDOM (ag) dominated 54% of total absorption at blue wavelengths (Figure 

3.3) which is comparable to low-latitude absorption only in extremely turbid, coastal sites 

(Nelson & Siegel 2013, Vodacek et al. 1997, Babin et al. 2003). ag(443) was significantly 

higher on the interior shelves and in the summer months (Table 3.2) when the influence of 

river runoff was most significant (Williams & Carmack 2015, Stedmon et al. 2011). 

Because of phytoplankton pigment packaging and absorption by CDOM, AO bio-optical 

properties differ substantially from global mean conditions and are not amenable to 

standard global ocean color algorithms. 

 

5.1.2 Ocean color remote sensing in the Arctic Ocean  

For empirical algorithms that describe an inverse relationship between the ratio of 

blue:green reflected light (R) to Chl a, pigment packaging, which is characterized by a 

relative flattening of Chl a-specific absorption a*ph(555) to aph*(443), increases R so that 

Chl a is underestimated when using the global algorithm. Conversely, high ag(443), which 

swamps the phytoplankton absorption peak (Figure 3.2-3.3), yields a low R, mimicking the 

signal of strong blue absorption by phytoplankton pigments and thus leading to an 

overestimation of Chl a by global algorithms, especially in oligotrophic waters. Together, 

when applying global ocean color algorithms to the entire AO, Chl a was overestimated at 

low biomass (<0.9 mg Chl a m-3) due to CDOM but underestimated at high biomass (>0.9 

mg Chl a m-3) when the impact of pigment packaging prevailed (Figures 1.9, 3.5). Because 

of the exceptionally high CDOM absorption, the global algorithm overestimated Chl a at 

all concentrations on the interior shelves (Figure 3.5). Because the global algorithms fail 

to estimate Chl a with any accuracy, it was necessary to tune algorithms specific to the AO. 

We employed genetic algorithm optimization to parameterize both empirical and semi-

analytical algorithm and, in doing so, improved retrievals of Chl a, adg(443), and bbp(443) 

so that ocean color remote sensing can now reliably by used in the AO (Table 3.5). 

 

5.1.3 Arctic Ocean ecosystem timeseries trends 

Using the correctly parameterized algorithms in the AO, we examined how Chl a, NPP, 

and ice cover changed over the satellite record. We found that primary production 

increased by 57% between 1998 and 2018, far outpacing previously estimated rates (Arrigo 
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et al. 2011, 2015, Kahru et al. 2011, Bélanger et al. 2013). Surprisingly, while increases 

were due to widespread sea ice loss during the first decade (Figure 4.3), the subsequent rise 

in primary production was driven primarily by increased phytoplankton concentration 

(Figure 4.3), which could only be sustained by an influx of new nutrients via increased 

advection (Årthun et al. 2012, Woodgate et al. 2015), shelf-break upwelling (Williams & 

Carmack 2015) and/or storm-driving mixing (Zhang et al. 2004, Yang et al. 2004). Because 

biomass increases must be sustained by a larger supply of new nutrients to the system, the 

future AO may not only become more productive but also more capable of supporting 

additional higher trophic-level production and carbon export. Earlier and larger 

phytoplankton blooms may outpace grazers (Janout et al. 2016; Leu et al. 2011), increasing 

organic matter export and burial (Manizza et al. 2013), sedimentary denitrification (Mills 

et al. 2015), and consumption by benthic organisms (Grebmeier et al. 2006). 

 

5.2 Future directions  
Using an ocean color algorithm parameterized for the AO, our results show that recent 

increases in NPP are likely fueled by ‘new’ nutrients to the ecosystem. New production is 

especially important to quantify because, over a seasonal or annual timescale, it is a useful 

proxy for the fraction of NPP that is exported from the euphotic zone and can support 

additional higher trophic level production (Dugdale and Goering 1967, Eppley and 

Peterson 1979). Although this is the logical explanation to the observed increase in Chl a 

concentration (Figure 4.3B), we can only infer this from ocean color remote sensing.  In 

order to confirm these conclusions, in situ measurements of nutrients in conjunction with 

NPP would be required.  

Likewise, it is important to recognize that ocean color remote sensing can only 

detect light reflected from the upper optical depth of the surface ocean (typically ~5 m in 

the AO, Chapter 3). Because of that, neither production at the subsurface Chl a maxima, a 

common AO feature that contributes significantly to NPP (Hill et al. 2013), nor beneath 

the sea ice, a feature likely to become more prevalent features as sea ice continues to thin 

(Arrigo et al. 2014), can be detected from satellite. Although modeling approaches have 

been attempted to try to incorporate these features into satellite derived estimates of NPP 

(Ardyna et al. 2013, Lowry et al. 2014), continued in situ monitoring, in conjunction with 
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remote sensing, is necessary to improve our understanding of the importance of these 

features. During future field campaigns, coincident optical measurements, especially 

datasets CDOM absorption and particle backscattering, should be prioritized as those are 

typically the measurements that limit the success of semi-analytical algorithm 

optimization. 
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