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Abstract 

Arctic terrestrial carbon (C) budgets are shifting with respect to net ecosystem CO2 exchange 

(NEE), and its component fluxes; i.e., gross primary production (GPP) and ecosystem respiration 

(Reco) under amplified high latitude climate change. Determining whether Arctic ecosystems are 

behaving as net sinks or net sources is important as these scenarios are associated with various 

feedback mechanisms, either mitigating or enhancing atmospheric CO2 concentrations. Given the 

vast C stores in Arctic soils and permafrost, these processes can have significant impacts on 

atmospheric CO2 concentrations. This research investigates how growing season NEE has varied 

from 2008 to 2018 at the Cape Bounty Arctic Watershed Observatory (CBAWO) (74.92˚N, 

109.58˚W) on Melville Island, Nunavut, Canada. The eddy covariance technique and 

standardized processing tools were used to observe inter-annual variability of NEE, GPP, and 

Reco and the relative importance of environmental variables in explaining variability of growing 

season CO2 fluxes. Overall, this site showed strong inter-annual variability in growing season 

NEE (range of -46.01 g C m-2 to 11.25 g C m-2) with GPP the most likely source of this 

variability, i.e., GPP rates were more variable compared to Reco. Inter-annual variability of 

growing season NEE appeared to be strongly driven by growing degree days (GDD) in warmer 

years, suggesting that temperature must reach a threshold in order to drive photosynthesis 

sufficiently to offset respiration. This deviated slightly in 2014, the second strongest CO2 sink 

across observed years (-21.24 g C m-2), but with reduced cumulative GDD. This is believed to be 

a result of delayed ecosystem response to previous environmental conditions favorable for strong 

CO2 uptake. CO2 fluxes also showed varying importance in the context of environmental 

variables at different temporal aggregations, with the remote sensing vegetation index showing 

strong importance for Reco, compared to GPP and NEE, suggesting a significant contribution of 
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autotrophic respiration to Reco at this mesic site.  This research reveals unique characteristics 

between inter-annual growing season CO2 flux patterns for a mesic tundra landscape and 

environmental drivers that overall, contribute to our understanding of High Arctic tundra CO2 

dynamics.  
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Chapter 1 

Introduction 

1.1 High latitude climate change   

The Arctic tundra biome is expansive (5.0 x 106 km2; Walker et al., 2016) and has been observed 

to be warming at approximately twice the global rate (IPCC, 2019; Pearson et al., 2013). This 

rate of warming is even thought to be underestimated due to the lack of circumpolar 

meteorological monitoring stations (Way et al., 2017). Nevertheless, this observed amplified 

climate change at high latitudes (i.e., “Arctic amplification”) likely results from the positive ice-

albedo feedback, which describes the initial increase in air temperature leading to the reduction 

of reflective ice and snow surfaces resulting in increased absorption of incoming radiation, 

leading to the retreat of snow and ice, and so on. This feedback has led to shifts within carbon-

climate feedbacks between the biosphere, cryosphere, and atmosphere, with possible 

intensification of carbon exchange pushing the climate system towards more intensive warming 

(Parmentier et al., 2017; Screen & Simmonds, 2010). 

Arctic environments are experiencing rapid changes as a result of higher air temperatures 

including the reduction in extent and abundance of permafrost (Schuur et al., 2009), shifting 

hydrological cycles (Liljedahl et al., 2016) and shifting vegetation structure and productivity 

(Huemmrich et al., 2010; Emmerton et al., 2016), all of which have significant effects on high 

latitude carbon (C) budgets. Multiple opposing feedbacks are the consequence of these 

ecosystem shifts. For example, the expansion of shrubs (i.e., greening) into the tundra biome 

resulting from higher air temperatures and extended growing seasons may increase accumulation 

of C and therefore reduce atmospheric carbon dioxide (CO2) concentrations. Alternatively, 
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reduced snow and ice extent lowers landscape albedo, which warms soils resulting in elevated 

ecosystem respiration; thereby enhancing the release of CO2 to the atmosphere and contributing 

to further warming (Huemmrich et al., 2010). The Arctic consists of a mosaic of approximately 

15 major vegetation communities and additional non-vegetated landscapes (Lafleur et al., 2012) 

all possessing unique ecosystem attributes. As a result of this spatial heterogeneity, it is a 

challenge to accurately model net C exchange across these ecosystems in response to warming.  

The overall aim of this research was to examine High Arctic terrestrial growing season C 

dynamics utilizing a long-term CO2 flux record at the Cape Bounty Arctic Watershed 

Observatory (CBAWO). This time series was used to characterize growing season patterns of 

CO2 ecosystem-atmosphere exchange and investigate environmental controls that explain fluxes. 

The contribution of multiple growing season observations in this investigation enables this time 

series to be highly representative of net C dynamics experienced in this High Arctic 

environment.   

1.2 High latitude terrestrial carbon dynamics   

1.2.1 Cycling and storage 

The Arctic C cycle describes the movement of carbon between three primary reservoirs: the 

atmosphere, the terrestrial environment, and the ocean (McGuire et al., 2009; Schimel, 1995). 

The terrestrial portion of C cycling includes the exchange of gases (CO2 and methane (CH4)) 

between the land and the atmosphere, and the lateral inputs and losses from the land to surface 

waters. The land C stocks that contribute to these fluxes include plant and soil pools (McGuire et 

al., 2009). These exchanges occur through autotrophic processes (e.g., photosynthesis and 

autotrophic respiration), heterotrophic processes (e.g., microbial respiration), or in wet 
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environments through diffusion. Arctic terrestrial C cycling is characterized by slow soil 

decomposition of organic matter due to cold, wet soils, leading to formation of enormous organic 

soil C storage across the Arctic (estimated range of approximately 1140-1476 petagrams (Pg) of 

soil organic C stored within the upper soil layers; i.e., 0-3 m) (Hugelius et al., 2014; Strauss et 

al., 2017). Consequently, high latitude climate change can greatly impact the global climate 

system given the potential for this C to thaw with warming, decompose, and enter the 

atmospheric C pool as CO2 and CH4 (i.e., greenhouse gases) thereby further amplifying warming 

(Ping et al., 2015).  

Gross primary production (GPP) is the uptake of CO2 from the atmosphere and subsequent 

production of plant organic matter through the process of photosynthesis. The Arctic experiences 

short growing seasons, typically less than 100 days (Leffler et al., 2016; Shaver & Kummerow, 

1992) (i.e., late June to early August, with peaks in mid-late July), and is the only period when 

terrestrial photosynthesis (i.e., GPP) can occur. This is due to long periods of limited or zero 

incoming solar radiation during shoulder and winter seasons to provide energy for the 

photosynthetic reaction to occur and harsh temperatures that limit photosynthetic reactions 

(Semikhatova et al., 1992). Ecosystem respiration (Reco) is the combined release of CO2 to the 

atmosphere from the ecosystem via plant (autotrophic, Ra) and microbial (heterotrophic, Rh) 

respiration. In contrast to GPP, Reco occurs throughout the year, albeit at lower rates in the winter 

compared to the growing season, which is the most active season for both GPP and Reco 

(Virkkala et al., 2018). Net ecosystem exchange (NEE) is the difference between Reco and GPP. 

Typically, for high-latitude vegetation there is a small absolute difference between Reco and GPP 

which makes it sensitive to small changes in the controlling environmental variables. Following 

a micrometeorological perspective, Reco is a positive value indicating CO2 gain to the atmosphere 
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and GPP is a negative value indicating CO2 loss from the atmosphere, thus negative NEE is a net 

loss and positive NEE is a net gain of CO2 to the atmosphere. This can also be expressed as a net 

gain or loss to the ecosystem; however, the negative and positive notation remains consistent 

with an atmospheric perspective, which is most widely applied in the literature.  

1.2.2 Environmental controls on the C cycle 

The variability in C exchange in Arctic tundra ecosystems, both spatially and temporally, is 

controlled broadly by four groups of environmental variables: (1) climate; (2) vegetation; (3) 

soil; and (4) disturbance (McGuire et al., 2009; Virkkala et al., 2018). These environmental 

controls, however, do not impact NEE or its component fluxes, GPP and Reco, uniformly, as 

various environmental conditions can favor either assimilation or respiration (Oechel et al., 

2014). Additionally, unique to Arctic environments, surficial and below-ground features, such as 

microtopography and permafrost, significantly impact C cycling as these landscape features 

moderate and control moisture regimes (Nobrega & Grogan, 2008; Sullivan et al., 2008).  

Shifting vegetation patterns across the Arctic have impacted GPP and Reco at varying scales. 

High latitude plant productivity (i.e., GPP) has generally been observed to be increasing because 

of accelerated decomposition (i.e., increasing nutrient availability) and longer growing seasons 

(i.e., sustained temperatures to promote vegetation growth) (Leffler et al., 2016). Enhanced GPP 

across the Arctic can result in the strengthening of the net CO2 sink at a pan-Arctic scale. In 

other words, increased vegetation abundance and distribution can lead to the decrease of 

atmospheric CO2, creating a negative feedback on the climate system. Generally, the increase in 

shrub abundance across circumpolar regions has been observed to alter soil C content, albedo, 

evapotranspiration rates, and snow and permafrost abundance across landscapes (Mod & Luoto, 
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2016; Lynch et al., 2018). For example, Mekonnen et al. (2018) investigated the role that 

‘shrubification’ (i.e., migration of shrubs into higher latitude tundra) could have on the terrestrial 

C budget at a circumpolar scale. The authors concluded that between 1982 and 2100, there are 

observed and predicted increases in the abundance and distribution of woody plant species in the 

High Arctic, which will lead to an increase in annual net primary productivity (NPP) (i.e., GPP-

Ra) by 244 g C m-2 year-1, offsetting concurrent increases in Rh (due to higher temperature) 

which were estimated to be 139 g C m-2 year-1. They also predicted that rising air temperature 

will surpass that of the rate of soil temperatures, which will further shift the balance between 

GPP and Reco. This agrees with Myers-Smith et al. (2015) who observed a shift in plant species 

dominance from graminoids (grasses and sedges) towards shrubs across 37 Arctic and alpine 

sites leading to a corresponding increase in GPP. With shrubs predicted to expand to cover 24-

52% of Arctic tundra regions by 2050, CO2 uptake could be significant and offset any losses 

from thawing permafrost (IPCC, 2019).   

Changing environmental conditions in high latitudes, specifically temperature and soil moisture 

regimes, have been observed to both increase and decrease annual vegetation growth rates across 

various High Arctic vegetation species, ultimately impacting seasonal CO2 exchange (Opała-

Owczarek et al., 2018). Soil moisture regimes are controlled by inputs from snowmelt, summer 

precipitation, active layer depth, and the physical landscape structure (i.e., topography) (Nobrega 

& Grogan, 2008; Chapin et al., 2012). Increased surface temperatures can result in a deepening 

of the active layer, and thus causing the lowering of groundwater levels. This has been observed 

to create drought stress within vegetation communities, subsequently lowering GPP (Opała-

Owczarek et al., 2018). Along with drought stress reducing GPP, deeper active layer depths as a 

result of warming temperatures have been observed to increase Reco by exposing previously 



6 

 

frozen soil organic matter (SOM) resulting in decomposition and releasing CO2 to the 

atmosphere. Euskirchen et al. (2017) observed a long-term (2008-2015) trend of increasing NEE 

driven dominantly by higher Reco as a result of deepening active layer depths across multiple 

vegetation communities.  

Where moisture conditions are favorable, increased temperatures have been observed to increase 

plant growth rates and biomass production (Nobrega & Grogan, 2008; Campioli et al., 2013). 

Nobrega & Grogan (2008) observed net C sequestration (i.e., enhanced GPP) along a natural 

moisture gradient. The authors concluded that with warm growing season temperatures favorable 

for growth, maximum C gain was observed for a wet sedge ecosystem and minimal for a dry 

heath vegetated community. This observation was further supported when Nobrega & Grogan 

(2008) observed a significant decrease in measured Reco and peak photosynthetic rates after a 

large precipitation event which drastically increased soil moisture levels within their wet sedge 

site. The same observation was not observed at their less productive dry heath site. This trend is 

different from that observed in Emmerton et al. (2016) who also measured CO2 fluxes along a 

moisture gradient and determined that increased surface soil moisture at their less productive 

polar semi-desert caused strong increases in NEE (i.e., increased Reco). This demonstrates the 

differing responses of NEE component fluxes to temporal and spatial variation in environmental 

conditions such as moisture content and supports the need for representational, multi-year studies 

across the Arctic tundra biome. 

Air temperature has been cited as one of the most important climactic variables, both spatially 

and temporally, in explaining CO2 fluxes at high latitudes (Virkkala et al., 2018). In almost all 

studies investigating high latitude fluxes, air temperature is included to model NEE, GPP, and 
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Reco (Grant et al., 2011; Karelin et al., 2013; Shaver et al., 2013). Groendahl et al. (2007) 

observed air temperature to be the dominant driving climactic variable for NEE, with a 

significant relationship observed between sink strength and higher temperatures at a High Arctic 

heath. Specifically, with an increase in a single growing degree day (GDD) (i.e., a base 

temperature that vegetation growth is believed to stop), they observed their High Arctic site sink 

strength increase by -0.16 g C m-2 during the growing season. This is supported in Grant et al. 

(2011) who modelled higher air temperatures coupled with longer growing seasons at their Low 

Arctic site. Higher air temperatures caused increases in both the rate and duration of CO2 uptake 

between 2004-2007 from 17 to 45 g C m-2 year-1.    

Snow regimes can impact vegetation growth and nutrient supply, thus altering CO2 fluxes.  

Generally, the onset of spring growth for high latitude vegetated ecosystems is regulated by the 

timing of snowmelt and air temperature (Richardson et al., 2013; Semenchuk et al., 2016). The 

timing of snowmelt is primarily determined by the depth of snowpack that has accumulated over 

the winter, which is projected to increase in various regions across high latitudes as a result of 

high latitude climate change (Borner et al., 2008; Richardson et al., 2013). Increased snow depth 

can insulate underlying soil, which can result in increased microbial activity (i.e., mineralization) 

over winter periods, leading to an increase in available nutrients to vegetation in the subsequent 

growing season (Borner et al. 2008; Semenchuk et al., 2015). This has been observed by Rogers 

et al. (2011) with moderate increases in snowpack (~0.25 m) resulting in increases in GPP across 

the growing season. However, with larger increases in snowpack (> 0.75 m), Reco dominates 

throughout the growing season exhibiting non-linearity in the response to snowpack, again 

highlighting the complexity of high latitude ecosystem response to climate change.   
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In contrast, increased snowpack and higher winter temperatures could lead to an increase in Reco 

due to elevated soil respiration by heterotrophs (Virkkala et al., 2018). While GPP is limited to 

the growing season, Reco is a process that can occur throughout the year, albeit at lower rates 

during the winter (Larsen et al., 2007). Despite lower Reco during the winter, the length of the 

winter can result in significant CO2 release to the atmosphere annually (Oechel et al., 2014). This 

process, coupled with the fact that the circumpolar region currently accounts for more than half 

of the global soil C reservoir (Hugelius et al., 2014), can create a dramatic positive feedback.  

The length of the shoulder seasons (i.e., spring and fall) can also contribute to increased annual 

rates of Reco and increased C losses from the ecosystem.  Photosynthetically active radiation 

(PAR) is the dominant constraint over GPP. During the fall, when hours of daylight start to 

become limited, GPP sharply decreases (Chapin et al., 2012). However, temperatures during 

these periods are high enough for prolonged microbial activity, resulting in higher rates of Reco 

(Ernakovich et al., 2014; Oechel et al., 2014; Rousk et al., 2018).  

The net effects of environmental controls on terrestrial CO2 cycling across the growing season in 

the context of climate change are unknown, as favorable conditions for increases in GPP and Reco 

have been observed across varying landscapes at high latitudes. Whether GPP exceeds Reco, or 

vice versa, is spatially dependent on several ecosystem factors, including vegetation type, soil 

moisture, nutrient availability, and temperature (Shaver et al., 2007). Understanding how these 

environmental variables impact component fluxes of net CO2 exchange is critical to determining 

the net impacts of climate change on the Arctic C cycle.  
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1.3 Measuring Arctic carbon exchange: The eddy covariance method  

To understand the net C balance for regions of the High Arctic, there is a need to quantify, at the 

landscape scale, various carbon exchange processes for specific ecosystem types. The eddy 

covariance method offers the ability to measure NEE for specific portions of the landscape and 

therefore has potential to determine how the Arctic C budget is behaving under a general 

warming trend (Stoy et al., 2013; Baldocchi et al., 1998). Eddy covariance measures the quantity 

of a constituent (e.g. CO2) moving through a certain area over a unit of time. Fluxes are 

dependent on how much of the constituent is present, the size of the area which the constituent is 

moving through, and the subsequent time it takes to move through the area (Burba & Anderson, 

2010). More specifically, eddy covariance is based on the premise that the concentration of a 

constituent at a fixed point in space is balanced by the mean horizontal and vertical advection, 

divergence, and convergence of a turbulent flux, the molecular diffusion, and the characteristics 

of the respective source or sink (Baldocchi et al., 1988). 

Data collection for the eddy covariance method typically utilizes a three-dimensional 

anemometer and infrared gas analyzer to obtain high frequency measurements of wind speed and 

direction in three dimensions in conjunction with gas concentrations to derive flux balances on 

varying time scales (Baldocchi et al., 2001; Falge et al., 2002). The basic principle of a sonic 

anemometer is to measure the time it requires for an ultrasonic pulse to travel between two 

sensors arranged at a known distance apart (Aubinet et al., 2012).  This time is dependent on the 

speed of sound (i.e., how fast the pulse would travel uninhibited by its surroundings) and the 

velocity of air in its path (i.e., wind speed) (Aubinet et al., 2012). The measurements obtained by 

this device are then used to calculate momentum flux and friction velocity. 
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The infrared gas analyzer is the component of the system that measures CO2 concentrations, 

using either an open-path or a closed-path configuration. For each configuration, the basic 

measurement is performed utilizing an infrared light source and a filter device; i.e., a trace gas 

present in an air mass is passed through the light source, where a fraction of that light is absorbed 

by the gas which causes the light source to be reduced in intensity. The relative reduction in 

intensity is observed by the filtering device and the molar concentration of a specific trace gas 

can be determined based on an instrument-specific calibration (Aubinet et al., 2012). Intuitively, 

the open-path configuration conducts this process with the sensor exposed to open air, whereas 

the closed-path analyzer isolates the measurement path from the open air.  

In the far north, the eddy covariance method has been disproportionally implemented in highly 

productive regions such as Alaska and the Scandinavian Peninsula, which are broadly 

characterized by relatively high precipitation, humidity, vegetation abundance, and soil organic 

C stores (Hugelius et al., 2014; Ping et al., 2015). These conditions are not widely experienced 

across the Canadian High Arctic. Further, multi-year studies that investigate both variability in 

climatic controls of C exchange and standardized bulk processing applications of measured 

fluxes are limited. Holl et al. (2019) presented a 16 year (2002-2017) high latitude eddy 

covariance study to contribute to ground-based observations as part of FLUXNET, a global 

network of eddy covariance tower sites. This study, the longest published eddy covariance record 

at this latitude, revealed significant caveats of high latitude environments when applying 

standardize processing procedures to a multi-year record. In their study, Holl et al. (2019) 

developed site-specific parameters to combat open-path sensor heating, a common problem 

experienced because of internal electronics heating instrumentation leading to underestimated 

CO2 measurements (Burba et al., 2008). By having a long-term record, Holl et al. (2019) were 
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able to observe site-specific parameters required to improve standardized processing techniques 

to produce the highest quality record for a unique high latitude site and contribute this to the 

global network to improve the accuracy of global C modelling efforts in Arctic regions. The 

authors were also able to investigate the variability in footprint size (i.e., area of flux uptake) 

across observed years. They determined that uptake area varied significantly over time to include 

areas of wet and dry tundra and open water. This has significant implications for how this time 

series could be up-scaled to other environments across the Arctic if a single vegetation 

community were assigned to all flux-years.  

When attempting to determine environmental controls on CO2 fluxes, multiple eddy covariance 

years are crucial, as the functioning of high latitude environments are extremely vulnerable to 

shifts in climate. However, again, high latitude multi-year studies are a rarity. In their multi-year 

eddy covariance study, Lopez-Blanco et al. (2017) investigated temporal controls of 

environmental variables across eight snow-free years (2008-2015) at a Low Arctic site. Their site 

varied significantly in CO2 sink magnitude from year to year. It was determined that PAR, air 

temperature and vapour pressure deficit (VPD) were able to explain the variables fluxes over 

time. Further, within the context of their long-term observations, their site experienced 

anomalous environmental conditions across growing seasons, including an extreme warm event 

in one of their growing seasons and a pest outbreak in another, which shifted the importance 

values for fluxes. For example, across growing seasons, PAR remained a dominant 

environmental variable controlling both NEE and GPP; however, in 2011, when the pest 

outbreak occurred, the importance of PAR controlling fluxes decreased by approximately 30%. 

Moreover, with their long-term time series, Lopez-Blanco et al. (2017) were able to observe 

general flux patterns at their highly productive tundra site; i.e. GPP dominated NEE in the early 
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growing season with vegetation green-up but as the growing season progressed, shifted to a Reco 

dominated environment. Furthermore (not including anomalous environmental condition years), 

variability of NEE was mostly driven by GPP, with Reco remaining relatively consistent across 

all years. This study highlights the need for multi-year studies to determine if CO2 flux trends are 

evident.     

1.4 Remote sensing of high latitude carbon budgets  

Remote sensing data have proven critical for quantifying vegetation structure and function and 

analyzing environmental change at high latitudes (Laidler et al., 2008; Liu et al., 2017; Riihimäki 

et al., 2019). More recently, the integration of remote sensing data with eddy covariance data has 

been highlighted as an approach to model landscape-scale NEE (Sitch et al., 2007; Emmerton et 

al., 2016). Remote sensing offers the potential to upscale CO2 budget estimates, and their 

temporal variability, through the utilization of vegetation indices (VI) which transform remotely 

sensed data into surrogates for biophysical variables related to green vegetation cover. The 

normalized difference vegetation index (NDVI) is the most commonly applied VI for estimating 

these variables (i.e., percent green vegetation cover, green biomass, etc.) (Balzarolo et al., 2016): 

𝑁𝐷𝑉𝐼 =  
𝜌𝑁𝐼𝑅−𝜌𝑟𝑒𝑑

𝜌𝑁𝐼𝑅+𝜌𝑟𝑒𝑑
  (1.1) 

NDVI is calculated using the difference between the reflectance in the near infrared band (NIR) 

(𝜌𝑁𝐼𝑅), which is highly reflected by live green vegetation and a visible band (i.e., red) (𝜌𝑟𝑒𝑑), 

which is highly absorbed by chlorophyll in live green vegetation. Therefore, the NDVI has the 

potential to observe variance in growing season vegetation productivity, as NDVI often relates 

positively to vegetation productivity (Balzarolo et al., 2016) and the connection to NEE. This is 
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particularly useful for Arctic environments, which exhibit varying vegetation types and 

contrasting rates of CO2 exchange (Lafleur et al., 2012). 

Challenges associated with the utilization of optical remote sensing data include limited image 

acquisitions due to short growing seasons and frequent summer cloud cover. This results in 

various attempts to model growing season NEE with a single image representing the entire 

growing season (Loranty et al., 2011; 2013; Atkinson et al., 2020). Due to the high frequency of 

CO2 data acquisition, the ability for a single remote sensing image to accurately model CO2 

fluxes is highly limited, particularly if there is high variability in CO2 fluxes throughout the 

growing season. Despite this, the utilization of satellite remote sensing in estimating CO2 fluxes 

has been successful at high latitudes. Emmerton et al. (2016) used a MODIS NDVI product to 

model growing season fluxes at two Arctic sites, a polar semi-desert and a meadow wetland and 

found that correlations between satellite NDVI and both NEE and GPP were strong at the 

meadow wetland. The same observation was not evident at their less productive polar semi-

desert site, therefore indicating that their application could be appropriate for more productive 

landscapes where GPP is the growing season driver of NEE. This is supported by Loranty et al. 

(2013), who scaled a single satellite NDVI-NEE model to widely separate sites across the 

productive Low Arctic, which explained up to 67% of the variance in NEE. Moreover, Atkinson 

et al. (2020) also investigated the potential for satellite remote sensing NDVI to model CO2 

fluxes with IKONOS multispectral data. When NDVI was used to model NEE and Reco and gross 

ecosystem exchange (GEE – same sign notation as GPP), NDVI explained between 66% and 

94% of the variation in GEE and Reco, respectively, at their two Arctic sites, with NEE exhibiting 

the weakest relationship (i.e., 35% of variation explained). These studies strongly highlight the 
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potential to model NEE and its component fluxes utilizing satellite remote sensing, which has 

significant potential to increase accuracy for predicting C exchange processes.  

1.5 Research objective and questions  

The primary objective of this research was to characterize the variability of net growing season 

ecosystem CO2 exchange across an 11-year period (2008-2018) at an intensive interdisciplinary 

Canadian High Arctic site (i.e., the CBAWO) using consistent, standardized data processing 

techniques. Specifically, the following research questions were developed to guide this objective:  

1. How does growing season NEE vary between years at a High Arctic mesic tundra site? 

2. What are the importance of environmental variables in explaining variability of all 

growing season CO2 fluxes?  

3. Is a single growing season satellite remote sensing vegetation index (i.e., NDVI) 

suitable for modelling CO2 fluxes across multiple growing seasons?      

These research questions were addressed using eddy covariance and meteorological 

measurements from the CBAWO (74.92˚N, 109.58˚W) on Melville Island, Nunavut, Canada 

between 2008 and 2018. Chapter 2 presents the application of standardized processing 

techniques and modelling tools to observe variability and climate controls over NEE at this High 

Arctic site. Few multi-year (> 3 years) eddy covariance studies have been conducted in the High 

Arctic, with only a subset applied in vegetated landscapes of low productivity. This research 

exposes unique characteristics between inter-annual growing season CO2 flux patterns for a 

mesic tundra landscape and environmental drivers that overall, contribute to our understanding 

of High Arctic tundra CO2 dynamics.  
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Chapter 2 

Regulation of growing season net CO2 exchange from 2008 to 2018 at a High 

Arctic mesic tundra site 

2.1 Introduction 

Over the last two decades, Arctic surface air temperatures have increased at a rate twice the 

global average resulting in unprecedented changes to northern ecosystems (IPCC, 2019). Among 

concerns surrounding increasing Arctic surface air temperatures is the vulnerability of carbon (C) 

stocks stored in ice-rich permafrost across the circumpolar region. With warming temperatures, 

this massive C stock (1140-1476 Pg of C in 0-3m) (Hugelius et al., 2014; Strauss et al., 2017) 

has the potential to become available for decomposition and enter the atmosphere as carbon 

dioxide (CO2) or methane (CH4), creating a positive feedback that would accelerate the rate of 

global warming (Kuhry et al., 2020). Alternatively, a negative feedback due to warming 

temperatures has also been observed, where elevated nutrient availability contributes to increased 

vegetation photosynthesis (i.e., decreasing atmospheric CO2) (Tagesson et al., 2012). With more 

than one-fifth of frozen soils across high latitudes experiencing rapid thaw (Turetsky et al., 

2019), there is an urgent need to constrain how the biosphere-atmosphere carbon cycle is 

responding and whether the Arctic will shift from a net sink for CO2 to a net source (McGuire et 

al., 2012). 

Understanding the constraints on High Arctic CO2 exchange is challenging due to extreme 

climatic conditions and remote access. As a result, multi-year (>3 years), high latitude 

observations of land-atmosphere C fluxes are scarce. Previous work has demonstrated significant 

spatial and temporal heterogeneity across Arctic landscapes both in environmental conditions 
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and landscape processes (i.e., permafrost disturbance, nutrient cycling, and hydrological 

regimes) (Becker et al., 2015; Chylek et al., 2011; Wu et al., 2020). Furthermore, other 

observations have noted that the environmental control of land-atmosphere C fluxes is variable 

(Cassidy et al., 2017; Lafleur et al., 2012; Oechel et al., 2014; Trucco et al., 2012) and rarely 

observed across multiple years. For example, Cassidy et al. (2017) observed greater ecosystem 

respiration (Reco) in regions that had experience permafrost collapse, whereas Trucco et al. 

(2012) showed significant increasing trends in gross primary productivity (GPP) across sites with 

more permafrost degradation. The lack of longer-term research, and the mixed results seen to 

date, complicates future predictions of C fluxes at high latitudes (Lopez-Blano et al., 2017). 

There are broadly four categories of environmental variables used to explain CO2 fluxes: (i) 

climate (e.g., air temperature, radiation); (ii) vegetation (e.g., biomass, phenology); (iii) soils 

(e.g., nutrients, microbial activity); and (iv) disturbance (e.g., permafrost thaw, herbivory) 

(Virkkala et al., 2018), all of which result in variations in GPP and Reco. The difference between 

these fluxes represents net ecosystem exchange (NEE) of CO2 (Grant et al., 2011; Groendahl et 

al., 2007; Richardson et al., 2013; Rocha & Shaver, 2011). Under a rapidly changing Arctic, we 

need to understand how environmental controls impact CO2 fluxes across multiple timescales 

(i.e., half-hourly, daily, weekly, seasonally) in order to accurately predict the effects of a shifting 

Arctic climate on land-atmosphere C fluxes.  

The eddy covariance technique is the dominant method for measuring net C, water, and energy 

fluxes at the landscape scale (Reichstein et al., 2005) and provides key data for ground-based 

validation of large-scale C flux models (Baldocchi, 2020; MacBean et al., 2018; Jung et al., 

2020). Eddy covariance measures NEE of CO2 and, using flux partitioning algorithms (Falge et 

al., 2002; Lasslop et al., 2010; Reichstein et al., 2005), quantifies photosynthesis (i.e., GPP) and 
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ecosystem respiration (i.e., Reco) across a range of land-cover types (Fox et al., 2008; Lund et al., 

2010; Stoy et al., 2013). Standardized eddy covariance processing tools (i.e., REddyProc 

package in R, Wutzler et al. 2018) have been developed to derive automated and reproducible 

results; but are generally not designed to support data collected at high latitudes. Specifically, 

High Arctic environments are unique in that they experience short growing seasons, significant 

gaps during data collection, and 24-hour sunlight, all of which are not inherently considered in 

standardized processing approaches, ultimately leading to error and uncertainty in C flux data 

products. Despite processing challenges, upscaling high latitude eddy covariance NEE to broader 

regions has been accomplished using satellite remote sensing data coupled to C flux models 

(Huemmrich et al., 2010; Shaver et al., 2007). However, modelling C fluxes at high latitudes 

using satellite remote sensing has been troublesome due to limited ground-based calibration 

(Tagesson et al., 2013), frequent cloud cover (Karlsen et al., 2018; Riihimäki et al., 2019) and 

low plant cover.  This has meant that many large-scale C modeling efforts in the Arctic focus on 

more productive Arctic tundra regions (Boelman et al., 2003; Hope et al., 2004; La Puma et al., 

2007; Ueyama et al., 2013). Furthermore, consistent acquisition of satellite data from year to 

year is rare, which can limit the application of satellite remote sensing to model inter-annual 

variability of C fluxes (Atkinson et al., 2020).  

Here, a long-term NEE dataset is used to explore the critical factors that control NEE, GPP, and 

Reco across a range of temporal scales.  The objectives of this research are to: (1) explore the 

application of consistent, standardized eddy covariance data processing techniques across 

multiple years at a High Arctic site; (2) characterize the variability of NEE across an 11-year 

period; (3) investigate the importance of environmental variables at various temporal scales; and 

(4) investigate the suitability of a satellite-derived vegetation index to estimate various CO2 
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fluxes. This research will contribute to the understanding of carbon-climate dynamics at a less 

productive High Arctic site where, to date, few long-term records are available compared to Low 

Arctic regions.  

2.2 Methods  

2.2.1 Site description and tower design  

The research site is located at the Cape Bounty Arctic Watershed Observatory (CBAWO), on the 

south-central coast of Melville Island, Nunavut in the Canadian High Arctic (Fig. 2.1). This High 

Arctic research site consists of paired watersheds, which terminate into two respective lakes: 

unofficially “West Lake” and “East Lake”. Characterized by an unglaciated land surface, the 

CBAWO is underlain by continuous permafrost, with a mean depth of 500 m and maximum 

active layer depths of 50 to 90 cm during peak summer periods (i.e., end of July, early August) 

(Lamhonwah et al., 2017). The CBAWO is generally characterized as a polar semi-desert, which 

is strongly influenced by its proximity to sea ice (Lamhonwah et al., 2017; Wagner et al., 2019). 

This region receives low annual precipitation (<150 mm), falling mostly as snow, with mean 

summer and winter temperatures of 2.7˚C and -29.5˚C, respectively (Beel et al., 2018). The 

growing season is short and cold, starting in mid-June, after snowmelt, with senescence 

occurring early to mid-August (Cockburn & Lamoureux, 2008).  
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Figure 2.1 Study site location of the Cape Bounty Arctic Watershed Observatory (CBAWO) flux 

tower location (74.92˚N, 109.58˚W) on Melville Island, Nunavut, Canada. Right panel shows a 

2016 normalized difference vegetation index (NDVI) image derived from Worldview-2 satellite 

data. The NDVI is positively correlated with above-ground green biomass thus representing 

distribution of vegetation (NDVI>0) across the CBAWO (Atkinson et al., 2020). 

The eddy covariance flux tower site (Fig. 2.2) is located within the “West” watershed at the 

CBAWO. The immediate area surrounding the tower (i.e., potential footprint area; 100 m radius) 

contains six dominant surface types: i.e., bedrock (<1%), polar desert (<1%), polar semi-desert 

(14%), mesic tundra (48%), dry wet sedge (2%), and moist wet sedge (35%) (Fig. 2.2a) (Hung & 

Treitz, 2020). For this investigation, this flux tower site is considered ‘mesic tundra’ as it is the 

most abundant cover (48%), particularly within the northern portion of the footprint where 

prevailing winds originate during the growing season. Average vegetation height across the 

potential footprint area is 7 cm with the presence of various species including moss (Sphagnum), 

graminoids (Carex, Alopecurus, Arctagrostis), forbs (Ranunculus, Potentilla, Papaver), lichen 

(Thamnolia), and deciduous dwarf shrubs (Salix) (Edlund, 1994). Measured soil organic carbon 
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(SOC) at this site in 2008 was 3.5 kg m-2 at 20 cm depth (Lafleur et al., 2012) and maximum 

active layer thickness (ALTmax) ranged between 0.6 to 0.75 m between 2008 and 2018.    

 

Figure 2.2 (a) Land-cover classification (Hung & Treitz, 2020) of approximate uptake area (100 

m radius) surrounding the flux tower. (b) Photograph of the flux tower location at the Cape 

Bounty Arctic Watershed observatory in a predominantly mesic site (Christina Braybrook, 2019) 

Eddy covariance (Aubinet et al., 2012) was used to determine half-hourly gas (CO2 and H2O) 

and energy fluxes along with three-dimensional wind velocity measurements across primarily 

summer periods (moderate shoulder season coverage, i.e., spring and fall) between 2008 and 

2018 at the CBAWO. 2011, 2013, and 2016 are excluded from this time series due to gaps in 

field seasons and instrumentation failure. General set-up and location of the tower (74.92˚N, 

109.58˚W) were consistent across all years. An open-path infrared gas analyzer (LI-7500 Open 

Path CO2/H2O Analyzer, LI-COR Biosciences, USA) was installed at a 30˚ angle from vertical 

with the centre of the analyzer path at a height of 3.85 m and a 3-axis sonic anemometer (R3-50, 

Gill Instruments, UK) mounted at a height of 4.15 m (Fig. 2.2b). Between 2008 and 2018, raw 

data were logged on either a CR23X Micrologger or a CR1000 (Campbell Scientific, USA) at a 

frequency of 10 Hz. Ancillary meteorological data (i.e., radiation, air temperature, precipitation, 
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and wind speed/direction) were available from two regional meteorological stations positioned 

within the CBAWO; approximately 400 m and 2.5 km from the flux tower.  

2.2.2 Eddy covariance raw flux processing  

EddyPro (LI-COR, Version 5.2.1) was used to calculate average half-hour CO2 fluxes from 10 

Hz signals. Subsequent quality filtering methods were performed on full EddyPro outputs for 

each year (2008-2018) simultaneously using the software Tovi (LI-COR, Version 2.7). Two site-

specific data filtering processes were applied at this stage. First, dependency quality processing 

was used to allow data points of one measurement to be rejected based on the value of a 

secondary measurement (Isaac et al., 2017). CO2 fluxes were filtered using a y-range technique 

that eliminated data points  10 times the interquartile range of the median. This y-range filtering 

was also applied to variances in CO2, H2O and the wind component along the horizontal 

anemometer axis (w), which were then subsequently applied as dependencies to CO2 fluxes. 

Additionally, AGC (i.e., automatic gain control; signal strength of the infrared gas analyzer) was 

applied as a dependency for CO2 fluxes. It is important to note that prior to 2013, LI-7500 

firmware version 6.0, the definition of ‘clean window’ values ranged between 55 to 65 and as 

obstructions accumulated on the gas analyzer window, AGC values increased up to 100. 

However, since version 6.0, a ‘clean window’ is assigned a value of 100 and values decrease as 

the window becomes obstructed. To ensure a consistent application of the AGC dependency for 

this time series, the conversion used in Holl et al. (2019) was applied to all AGC values across 

all years: 

𝐴𝐺𝐶𝑑 = 188 − (2 ∙ 𝐴𝐺𝐶) (2.1) 
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where 𝐴𝐺𝐶𝑑 is the dependency AGC value and 𝐴𝐺𝐶 is the measured AGC value in the EddyPro 

full output. CO2 fluxes were removed when 𝐴𝐺𝐶𝑑 ≤ 75. After dependencies were applied to CO2 

fluxes, those fluxes were then observed against incoming shortwave radiation and temperature to 

determine whether there were any abnormal physical fluxes measured that were not previously 

filtered. For example, if there were large negative CO2 flux spikes observed during a period of 

low incoming shortwave radiation, those data were removed.  

2.2.3 Eddy covariance post-processing 

Post-processing of eddy covariance data is commonly performed in order to conduct 

environmental analysis on quality-filtered data (Holl et al., 2019).  This involved friction velocity 

filtering and self-heating corrections, gap filling of the calculated-high frequency NEE 

measurements, and the partitioning of NEE into its flux components, i.e., GPP and Reco. Friction 

velocity filtering, gap filling, and subsequent CO2 flux partitioning was performed using the 

workflow developed by Wutzler et al. (2018) for the R programming language using the 

REddyProc package (Version 1.2). Post-processing steps utilize algorithms based on observed 

mechanistic relationships between environmental variables (i.e., light and temperature) and NEE 

(Falge et al., 2002; Lasslop et al., 2010; Lloyd & Taylor, 1994; Reichstein et al., 2005). The 

following sections elaborate on each processing step in detail.    

2.2.3.1 Friction velocity filtering and open-path self-heating corrections  

The eddy covariance method assumes adequate turbulent conditions to accurately calculate 

fluxes (Aubinet et al., 2012). However, there are circumstances where there is insufficient 

turbulence in situ, indicated by low friction velocity (u*). In temperate locations, this often 
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occurs during stable conditions (i.e., night-time) and leads to an underestimation of NEE. As a 

result, at those locations, a parameterized night-time threshold can be determined, however, at 

this High Arctic site, there is 24-hour sunlight during the summer months, and no period where 

there are consistent observations of insufficient turbulence. As a result, a minimum u* value (i.e., 

an adequate turbulent threshold) was assigned as 0.1 m s-1. Any data recorded below this 

threshold were flagged and removed prior to gap filling.  

Open path infrared gas analyzers (e.g., LI-7500) operating in cold climates often lead to 

unrealistic measurements of strong ecosystem CO2 uptake (i.e., negative NEE) due to internal 

electronics heating the air inside the measurement path (Emmerton et al., 2016). A common 

heating correction (Burba et al., 2008) was applied to NEE fluxes using parameterizations 

developed at a similar Arctic site (Emmerton et al., 2016). All subsequent analysis was 

conducted on heating-corrected NEE fluxes.  

2.2.3.2 Gap filling  

Processing and filtering high frequency and half-hourly data often leads to significant data gaps, 

i.e., ≥50% (Wutzler et al., 2018), particularly for high latitude sites, where large gaps often exist 

due to instrumentation failure and/or site inaccessibility (Oechel et al., 2014; Ueyama et al., 

2013). For this time series, data gaps in half-hourly records were filled using the marginal 

distribution sampling (MDS) algorithm similar to the method used by Falge et al. (2001) (re-

adapted in Reichstein et al., 2005) using the REddyProc MDS gap filling tool (Reichstein et al., 

2005). In this technique, the covariation of CO2 fluxes with meteorological variables (e.g., 

incoming shortwave radiation (Rg), vapour pressure deficit (VPD), and air temperature) and the 

temporal autocorrelation of the fluxes were used to gap fill. Specifically, this tool follows a 
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workflow utilizing three methods depending on the availability of data. The look-up table (LUT) 

approach (Aubinet et al., 2012) is an empirical method in which a missing data point is replaced 

as the average of flux values within a defined time period under similar conditions (i.e., default 

margins of 50 W m-2, 2.5°C, and 5 hPa, for Rg, Tair, and VPD respectively) (Wutzler et al., 

2018). If meteorological conditions are missing and thus unable to assume similar conditions, a 

mean diurnal autocorrelation method is implemented using the same time of day in adjacent days 

(where available up to 7 days) to fill gaps (Falge et al., 2001; Moffat et al., 2007). Finally, for 

periods with no ancillary meteorological data, the MDS algorithm was used to sample an 

increasing number of days until there are enough data to gap fill (Reichstein et al., 2005).  

2.2.3.3 Flux partitioning   

NEE was separated into its two main components (GPP and Reco) using the REddyProc day-time 

based partitioning tool (Appendix B) (Lasslop, et al., 2010). This tool was developed based on 

the separation of NEE into assimilation (GPP) and respiration (Reco) fluxes using a light response 

curve modified to account for temperature sensitivity of respiration and VPD limitation of 

photosynthesis (Lasslop et al., 2010). This technique for flux separation was particularly useful 

at this site, as measurements are taken across the peak growing season with 24-hour sunlight. 

Therefore, at no period could night-time data be used to estimate Reco (Reichstein et al., 2005), as 

photosynthesis is occurring during these periods. It is important to acknowledge that the daytime 

partitioning method also models GPP and as a result, modelled predictions (Reco and GPP) do not 

sum to the observed NEE. As a result, in this study, the output of GPP from the REddyProc 

daytime based partitioning tool was not used in further analysis and GPP was calculated as the 

difference between NEE and daytime modelled Reco.  
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2.2.4 Growing season environmental modelling  

Models of seasonal High Arctic CO2 dynamics are challenging to constrain as consistent and 

overlapping year-to-year observations are often limited (Holl et al., 2019; López-Blanco et al., 

2017). For this time-series, in order to identify how environmental conditions impact seasonal 

variability of NEE and other fluxes, a growing season definition was required. In this study, the 

start of the growing season was determined when daily averaged net radiation was measured at  

> 100 W m-2 for three consecutive days and ended when daily averaged net radiation measured  

< 100 W m-2 for three consecutive days (Oechel et al., 2014). As a result, 2015, 2017, and 2018 

were excluded from this analysis, as those years’ observations did not have complete growing 

seasons as defined here.  

A random forests machine-learning regression algorithm (Breiman, 2001) was utilized to 

investigate how key environmental variables contribute to observed variability in CO2 fluxes 

across growing seasons (2008-2014, excluding 2011 and 2013). The random forests regression 

model was performed in R using the caret package (Version 6.0) (Kuhn et al., 2020), which was 

developed for training and plotting classification and regression models. Random forests 

regression models have been increasingly utilized to investigate relationships in carbon dynamics 

(López-Blanco et al., 2017; Zhang et al., 2017) due to its prediction performance and non-

parametric measure of variable importance (Ishwaran & Lu, 2018). The general algorithm for a 

random forests regression tree is the bootstrapping or subsampling of a dataset and the 

subsequent growing of a number of decision trees (ntree) with each node of the tree being split 

using the best predictor in that particular bootstrapped sample (Liaw & Wiener, 2002). An 

importance parameter is assigned to drivers that have a significant impact on the outcome 
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variable, which in this case is a scaled value from 0 to 100% (López-Blanco et al., 2017). Since 

all predictor variables were not used at each split, the final output of the importance values for all 

predictor variables do not add up to 100%. Here, random forests was applied to (1) investigate 

the relative importance of environmental variables including global radiation (Rg), air 

temperature (Tair), vapour pressure deficit (VPD), growing degree days (base 0°C) (GDD0), and 

precipitation between years to explain inter-annual variability of daily aggregated NEE; and (2) 

investigate the relative importance of Rg, Tair, VPD, and the normalized difference vegetation 

index (NDVI) to NEE, GPP, and Reco at three aggregated temporal scales (half-hourly, daily, 

weekly) to understand the scale at which environmental variables impact aggregated fluxes. Both 

models were run using 1000 trees.  To investigate the temporal importance of environmental 

variables, all years (2008, 2009, 2010, 2012, and 2014) were combined and subsequently 

aggregated at the three temporal scales.  

NDVI has commonly been used as a proxy for green biomass and has been closely linked to 

responses in GPP across Arctic ecosystems (La Puma et al., 2007; May et al., 2018; Tagesson et 

al., 2012). However, there are significant challenges associated with the utilization of high 

spatial resolution satellite remote sensing data in CO2 flux models at high latitudes including 

limited image acquisitions due to short growing seasons and frequent summer cloud cover 

(Loranty et al., 2011). Here, NDVI (Eq. 2.2) was calculated using satellite data acquired for one 

day within our defined growing season: 

𝑁𝐷𝑉𝐼 =  
𝜌𝑁𝐼𝑅−𝜌𝑟𝑒𝑑

𝜌𝑁𝐼𝑅+𝜌𝑟𝑒𝑑
  (2.2) 

where 𝜌𝑁𝐼𝑅 and 𝜌𝑟𝑒𝑑 are reflectance’s of the near-infrared band (NIR) (highly reflected by live 

green vegetation) and the visible red band (highly absorbed by chlorophyll in live green 
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vegetation), respectively. IKONOS (2008, 2009, and 2010) and Worldview-2 (2012 and 2014) 

data were first normalized to remove systematic differences between the sensors and atmospheric 

conditions across the years (Freemantle, 2019). After NDVI was calculated for each image date, 

the images were cropped to approximate the tower footprint (i.e., 100 m plot, Fig. 2.2 a) and a 

single mean growing season NDVI value for the tower footprint was extracted for each year and 

used in random forests regression model.  

2.3 Results  

2.3.1 CBAWO eddy-covariance time series: 2008-2018 

During the eight years of data included in the analysis, data coverage was relatively high, with 

gaps ranging between 10-32% (Table 2.1). Data gaps result from instrumentation failure, periods 

of tower maintenance, or calibration in the field. The 2017 record experienced sustained 

instrumentation failure (> 10 days) and as a result represents the shortest record at only 14 days. 

The 2018 field season began later than previous years with the record beginning at day of year 

(DOY) 194 and as a result did not capture a complete growing season record. The subsequent 

quality filtering flagged and removed varying percentages of records across each study period 

(10-31%). Unfavorable micro-meteorological conditions (i.e., u*) and instrumentation calibration 

(i.e., signal strength – AGC) resulted in the bulk of flagged and subsequent data removal from 

each year’s record.  

Gap-filled NEE rates and derived values for GPP and Reco suggest significant inter-annual 

variability (Fig. 2.3).  Diel variability in NEE and GPP is much greater compared to Reco. In 

some situations, derived GPP values were positive, indicating photosynthesis was introducing 

CO2 to the atmosphere.  This is not biologically possible. Resulting positive GPP values were 
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attributed to under-modelled Reco rates (i.e., actual observed rates of Reco were larger than 

modelled values), as GPP was calculated as the difference between NEE and Reco. As a result, 

GPP values greater than 0.25 µmol m-2 s-1 were reassigned a value of 0 µmol m-2 s-1 as those data 

were considered outside the reasonable uncertainty range, thus biologically irrelevant (Lafleur 

and Humphreys, 2007). In order to assess the accuracy of modelled Reco, average daily dark 

autochamber data collected just outside the footprint in 2012 were compared to modelled Reco.  

Modelled Reco agreed well with measured Reco in 2012 (0.0787 + 1.01x, R2 = 0.72, 

 p value < 0.05).   

 

Table 2.1 Data coverage across years of the Cape Bounty Arctic Watershed Observatory flux 

tower operation. 
 

2008 2009 2010 2012 2014 2015 2017 2018 

First measurement (DOY) 153 151 163 155 162 183 165 194 

Last measurement (DOY) 223 207 227 206 210 234 179 225 

Total coverage (DOY) 70 56 64 51 48 51 14 31 

Raw data coverage (%) 78 80 82 90 88 78 69 68 

Flagged fluxes (%) 27 31 17 10 14 20 10 24 

NEE in measuring period (g C m-2) -3.96 6.20 -20.07 -51.11 -38.70 -47.53 -2.81 -15.60 

DOY – day of year; NEE – net ecosystem exchange 
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Figure 2.3 Time series of: (a) gap-filled net ecosystem exchange (NEE) (2008-2018, excluding 2011, 2013, and 2016) based on the marginal 

distribution sampling (MDS) algorithm (Reichstein et al., 2005) where positive values represent CO2 release from the ecosystem the ecosystem to 

the atmosphere and negative values represent CO2 uptake from the atmosphere into the ecosystem; and (b) GPP (green) and Reco (yellow) modelled 

by REddyProc using the daytime partitioning method (Lasslop et al., 2010). 
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2.3.2 Impact of environmental variability: 2008-2014 

2.3.2.1 Inter-annual and seasonal variability of CO2 fluxes 

Across defined growing seasons, this High Arctic mesic site was a net CO2 sink in 2008, 2010, 

2012, and 2014 (range -46.01 g C m-2 in 2012 to -3.13 g C m-2 in 2008) and a net CO2 source in 

2009 (11.25 g C m-2) (Fig. 2.4). The cumulative pattern of NEE (Fig. 2.4a) was highly variable 

across the growing period with 2010, 2012, and 2014 exhibiting intense CO2 uptake where GPP 

exceeded Reco.  In 2008, moderate CO2 loss occurred across the initial portion of the growing 

season, eventually becoming a C sink.  In 2009, the system was a net CO2 source across the 

entire season (Fig. 2.4a). Considering the under-modelled Reco rates and resulting portion of 

positive GPP values across certain years, the cumulative trends (i.e., seasonal slopes) in Reco and 

GPP (Fig. 2.4b and 2.4c) are assumed to be more positive and more negative, respectively. 

Although 2012 experienced the strongest uptake and the longest growing period, longer growing 

seasons did not necessarily lead to stronger carbon sinks. 2014 had the shortest growing season 

(21 days) but had the second strongest CO2 net uptake (-21.24 g C m-2). Moreover, 2009 

experienced the second longest growing period, but behaved as the only CO2 source year 

observed. 

The pattern of diel NEE is relatively similar across all years, however, differing in magnitude 

(Fig. 2.4d). The peak rate generally occurred in the early morning (between 04:00 and 06:00) and 

decreased (i.e., became a stronger sink) throughout the day until approximately 14:00 (later in 

2012 and 2009) and then began to rise again throughout the evening.  
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Figure 2.4 Cumulative (a) net ecosystem exchange (NEE); (b) ecosystem respiration (Reco); (c) gross primary production (GPP) for 

growing seasons of 2008-2014 (excluding 2011 and 2013) with vertical grey dotted lines indicating the day of year (DOY) that half-

hour net radiation exceeded 100 W m-2 for three consecutive days (i.e., start of growing season) (Oechel et al., 2014); and (d) Average 

diel NEE.   
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2.3.2.2 Growing season variation in climate and phenology  

Derivation of the growing season, defined here as starting when daily averaged net radiation was 

> 100 W m-2 for three consecutive days and ended when daily averaged net radiation measured  

< 100 W m-2 for three consecutive days (Oechel et al., 2014), resulted in 2008, 2009, 2010, 2012, 

and 2014 being included in this analysis. This High Arctic site experienced strong climatic and 

phenological inter-annual variability across the observed growing season periods, (Fig. 2.5 and 

2.6, Table 2.2) (temperature coefficient of variation (CV) = 38.8%; precipitation CV = 59.9%; 

snow depth CV = 55.1%). The mean growing season temperature measured at the CBAWO 

varied between 2.6°C in 2014 and 7.5°C in 2012 with mean daily precipitation between 0.4 mm 

in 2008 and 2010 and 1.9 mm in 2012. Overall, 2012 presented a warmer and wetter year, 2008 

and 2010 presented warmer and drier years and 2009 and 2014 presented cooler and wetter years 

based on the CBAWO climate record (2003-2014) (Fig. 2.5) (Beel et al., 2018).  

The length and the start date of the growing season experienced high and intermediate inter-

annual variability (i.e., CV = 23.7% and 4.4% respectively), with 2012 experiencing the earliest 

onset (DOY 155) and longest (46 days) growing period (Table 2.2). Conversely, 2014 was the 

shortest growing season (21 days) with the latest start date (DOY 175). The DOY when the 

growing period ended was relatively consistent across all years (CV = 1.4%). Mean tower 

footprint NDVI also experienced high inter-annual variability (CV = 40.2%), with 2012 

experiencing the highest NDVI at 0.48 and 2009 experiencing the lowest NDVI at 0.13.  

 

 



 

39 

 

Table 2.2 Data coverage across analyzed growing season years. 

 2008 2009 2010 2012 2014 

Beginning of growing season (DOY) 170 160 169 155 175 

End of growing season (DOY) 204 199 202 201 196 

Average daily air temperature (°C) 5.4 ± 3.4 2.8 ± 3.1 5.1 ± 3.3 7.5 ± 4.5 2.6 ± 1.7 

Average daily precipitation (mm) 0.4 ± 1.5 0.8 ± 2.5 0.4 ± 1.0 1.9 ± 10.0 1.3 ± 3.6 

Snow depth* (cm) (DOY 158) 27.8 15.1 20.3 4.1 38.8 

Snow free date (DOY) 168 173 171 165 181 

Mean NDVI for tower footprint 

(Date of image acquisition - DOY) 

0.31 

(185) 

0.13 

(197) 

0.22 

(192) 

0.48 

(192) 

0.30 

(191) 

Growing season NEE** (g C m-2) -3.13 11.25 -16.20 -46.01 -21.24 

Growing season GPP** (g C m-2) -15.81 -53.88 -39.79 -65.23 -34.87 

Growing season Reco 
** (g C m-2) 9.25 54.09 22.50 18.53 13.33 

*snow depth averaged from snow surveys along transects in four cardinal directions from the 

flux tower up to 75 m 

**48 half-hourly fluxes were averaged to get daily rates and daily rates were summed over the 

summer season to obtain growing season cumulative flux values 

 

 



 

40 

 

 

Figure 2.5 Deviation of growing season temperature (°C) and precipitation (mm) of the analyzed 

growing season years (2008-2014, excluding 2011 and 2013) compared to the Cape Bounty 

Arctic Watershed Observatory (CBAWO) climate record (2003-2014) (Beel et al., 2018). Larger 

dots indicate larger carbon dioxide (CO2) uptake in respective year (square representing 2009 

was the only analyzed net CO2 source year). 

 

 

Figure 2.6 Global radiation (Rg) and temperature (°C) profiles of 2008-2014 (excluding 2011 and 

2013). Vertical grey dotted line indicates the day of year (DOY) that the tower footprint became 

snow free. 
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2.3.3 Environmental modelling of CO2 fluxes 

2.3.3.1 Inter-annual variability  

The importance of meteorological variables (Rg, GDD0, VPD, Tair, and precipitation) obtained 

from random forests across the observed growing season years (2008, 2009, 2010, 2012, and 

2014) showed strong inter-annual variability in the relative importance of each variable to daily 

aggregated NEE fluxes (Fig. 2.7). The importance of GDD0 and precipitation exhibited the 

greatest variability across growing seasons. Cumulative GDD0 was the most important for 

explaining NEE in 2008 and the least important in 2009. Precipitation had low importance across 

all the observed years, with values < 5%. Similarly, Tair showed strong inter-annual variability, 

with importance values ranging between 14.4% in 2008 to 32.6% in 2009. Overall, GDD0 

appeared to show stronger importance in warmer years (2008, 2010, and 2012) and Tair in cooler 

years (2009).  
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Figure 2.7 Importance of meteorological variables, global radiation (Rg), air temperature (Tair), 

vapour pressure deficit (VPD), growing degree days (base 0°C) (GDD), and precipitation 

(Precip) obtained from random forests (across 1000 trees) explaining variability in daily net 

ecosystem exchange (NEE) between peak growing season years. 

  

2.3.3.2 Temporal variability  

The importance of environmental variables (Rg, NDVI, VPD, and Tair) obtained from random 

forests varied across different temporal aggregations (half-hourly, daily, and weekly) for NEE 

and its modelled and calculated component fluxes: Reco and GPP (Fig. 2.8). For NEE, Rg became 

less important as temporal aggregations increased from half-hourly to weekly, and importance 

for VPD exhibited the opposite trend (increasing in importance from half-hourly to weekly). The 

trends observed in VPD for NEE were the same for GPP, but at a smaller magnitude. As 

temporal aggregations increased, NDVI increased in importance slightly for NEE, however, the 

same trend was not observed for GPP.  Tair was the most important variable for NEE and GPP at 

the daily time-step. Reco exhibited different patterns across temporal aggregations while NDVI 
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showed significantly larger importance across all temporal aggregations compared to NEE and 

GPP. Given Reco was modelled using Tair, these importance parameters were not considered, and 

to ensure that Tair data within the model did not impact other importance parameters, a separate 

random forests analysis was performed without Tair. It was observed that the other environmental 

variables (Rg, NDVI, and VPD) did not change significantly, reinforcing the importance of these 

variables exhibited in Fig. 2.8.    

 

Figure 2.8 Importance of meteorological variables, global radiation (Rg), normalized difference 

vegetation index (NDVI), vapour pressure deficit (VPD), and air temperature (Tair) obtained 

from random forests (across 1000 trees) explaining variability in net ecosystem exchange (NEE), 

ecosystem respiration (Reco), and gross primary production (GPP) at different temporal 

aggregations (half-hourly, daily, and weekly) when all years (2008-2014, excluding 2011 and 

2013) were combined.  
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2.4 Discussion  

2.4.1 Eddy covariance time series: data processing and quality  

Accurate processing of NEE and subsequent partitioning into component fluxes, i.e., GPP and 

Reco, is challenging at high latitudes. Inherent uncertainty and error in high latitude datasets are 

caused by harsh climate conditions, remote field sites, and data processing tools geared largely 

towards temperate sites (Holl et al., 2019; Wutzler et al., 2018; Yu et al., 2019). These 

challenges can lead to large data gaps requiring gap-filling based on approaches developed in 

lower latitude environments. Here, these challenges resulted in inconsistencies within the time-

series, predominantly due to the introduction of unreasonable NEE as a result of using modelled 

Reco in our gap-filling method; ultimately resulting in positive GPP (Fig. 2.3). These issues are 

not unique to this study and have been observed across other high latitude investigations (Lafleur 

and Humphreys, 2007; Lopez-Blanco et al., 2017; Oechel et al., 2014; Williams et al., 2000). 

Attempts to address these issues have focused on lower latitudes with the refinement of gap-

filling algorithms (i.e., the MDS algorithm) resulting in an observed increase in overall gap 

filling accuracy at temperate sites (highest latitude site in study: Hyytiälä, Finland, 61.83°N, 

24.28°E) (Moffat et al., 2007). For this time series, 2012 was selected to investigate uncertainty 

given CO2 autochamber data were available that had been collected at a nearby mesic site. Two 

light and two dark autochambers were used to investigate accuracy in NEE gap filling and Reco 

modelling, respectively. Eddy covariance NEE observations were consistently lower (i.e., 

representing greater uptake of CO2) than the NEE derived from both light autochambers (Fig 

2.9a). Increased NEE (i.e., more positive) measured by chambers have been widely observed, 

possibly resulting from the oasis effect (i.e., warmer microclimate) increasing rates of 

respiration, which is particularly problematic during peak afternoon hours (Riederer et al., 2013; 
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Stoy et al., 2013). However, despite this inconsistency, 2012 experienced strong seasonal flux 

coverage with low flagged (and subsequently removed) fluxes as a result of our filtering 

procedure (Table 2.1). More negative NEE fluxes measured by the tower were not, therefore, an 

effect of the gap filling MDS algorithm. One potential explanation for greater CO2 uptake 

measured by the tower compared to chamber measurements could be the variable footprint that 

included more productive areas compared to the autochambers. Studies have shown that 

spatiotemporal variability in eddy covariance footprints have significant influence on observed 

fluxes (Reuss-Schmidt et al., 2019). Temporal patterns of NEE between the tower and the 

autochambers were relatively consistent (Figure 2.9a).  

Uncertainty in daytime partitioning of NEE into GPP and Reco was largely apparent in positive 

GPP values observed in 2008, 2009, 2010, and 2018. Using the micrometeorological protocol for 

eddy covariance fluxes, GPP is a flux going into the ecosystem from the atmosphere and as such, 

carries a negative sign, therefore, positive GPP values are solely a result of the REddyProc 

daytime modelled Reco and are not a biological measure. Again, 2012 dark autochamber 

observations were available to compare against modelled Reco and demonstrated good overall 

agreement with averaged daily Reco rates (R2 = 0.72, p < 0.05) (Fig. 2.9b). However, in 2012, 

under-estimated Reco rates did not result in many positive GPP rates due to large negative NEE 

fluxes, as GPP was calculated as the difference between NEE and Reco. Years that had more 

positive NEE fluxes were more vulnerable to this modelling caveat. Partitioning resulting in 

positive GPP rates (and/or negative Reco rates) in other studies have been assessed in varying 

ways (Euskirchen et al., 2012; Lafleur and Humphreys, 2007; Lopez-Blanco et al., 2017; 

Ueyama et al., 2013) but are considered a limitation of partitioning methods applied at high 

latitudes where there are limited or zero nighttime observations (i.e., where Rg < 20 W m-2). 
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Small positive GPP values (< 0.25 µmol m-2 s-1) can be a result of random uncertainty due to the 

stochastic nature of turbulence and noise in NEE measurement signals and therefore, should not 

be removed at risk of removing only one side of extremes in CO2 fluxes (Lafleur and 

Humphreys, 2007). Overall, this highlights the unique nature of, and problems associated with 

small high latitude CO2 fluxes, and how small errors can propagate through a time series.  

 

Figure 2.9 (a) Daily net ecosystem exchange (NEE) of two light autochambers operating in the 

flux tower mesic site in 2012 and daily tower NEE between June 5 – July 7, 2012. Error bars 

represent ± standard deviation of average daily NEE. (b) Relationship between daily dark 

autochamber ecosystem respiration (Reco) and daytime modelled Reco for 2012). Regression line 

shown as dotted blue line (0.0787 + 1.01x, R2 = 0.72, p value < 0.05).  

 

2.4.2 Inter-annual growing season variability  

It is well understood that high latitude ecosystems are complex, yet there is a need to understand 

processes and variables that affect CO2 fluxes in order to predict future changes due to a 

changing climate (Virkkala et al., 2018). This study further highlights the complexity of flux 

processes given the large inter-annual variability in NEE observed in the context of 
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environmental variables exhibiting contrasting importance between years. High inter-annual 

variability of CO2 fluxes has been widely observed across high latitude environments, albeit at 

more productive sites (i.e., wet sedge) compared to the mesic site observed here (Euskirchen et 

al., 2012; Groendahl et al., 2007; Peichl et al., 2014). Rates of GPP were more variable than 

modeled Reco (Fig 2.3) and as a result, variation in NEE is likely driven more by changes in 

photosynthesis (i.e., CO2 uptake) than respiration (Christensen et al., 2000; Groendahl et al., 

2007). Here, quantitative importance of climate controls of NEE to explain inter-annual 

variability showed cumulative GDD0 as the dominant control, compared to other environmental 

factors (Fig. 2.7). Cumulative GDD0 were modified from Maxwell (1992) as the total number of 

degree days above 0°C (changed from 5°C). Arctic vegetation is highly adapted to optimal 

growth at a range of low temperatures (Semikhatova et al., 1992), so here the base temperature 

for GDD was decreased to better quantify the control of GDD over NEE (Mulder et al., 2017; 

Mikola et al., 2018). GDD0 had moderately larger importance in warmer years (2008, 2010, 

2012) compared to cooler, wetter years (2009 and 2014) (Fig. 2.7). The predictive power of this 

correlation is also moderate, accounting for 40% of the variance in growing season cumulative 

NEE (Fig. 2.10). GDD have been successful in explaining inter-annual variability in NEE and 

varying NEE across ecosystem types in the Arctic (Groendahl et al., 2007; Humphreys et al., 

2011; Lafleur et al., 2001), with increasing temperatures throughout the growing season linked to 

enhanced uptake of CO2 in mesic sites (Welker et al., 2004).   
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Figure 2.10 Cumulative NEE during growing season verses cumulative growing degree days 

(GDD) (base 0°C). Regression line shown as dotted blue line (7.29 – 0.127x, R2 = 0.4). 

 

In this study, 2014 does not follow the trends seen with GDD0 and temperature and C fluxes 

(Fig. 2.10). When 2014 is removed from the correlation, the explained variance with GDD0 

increases to 91% (R2 = 0.91). Across observed years, 2014 was the second strongest sink 

(following 2012) with a cumulative growing season CO2 flux of -21.24 g C m-2, yet only had 

56.45 GDD0, experienced low average air temperatures (2.6 ± 1.7°C), and had a very short 

growing season (21 days) (Table 2.2). Deviating from the trends further, 2014 had a relatively 

high NDVI 0.30, suggesting abundant vegetation present within the tower footprint. Within this 

investigation, 2014 could be evidence of ecosystem resilience and lagged effects on CO2 fluxes 

to meteorological variability, which has been observed across other high latitude environments 

(Lopez-Blanco et al., 2017; Zona et al., 2014; Zhang et al., 2013). In their study, Zona et al. 

(2014) found that high air temperatures and low precipitation (climatic variables associated with 

drought at their wet sedge site) did not immediately shift fluxes the year the environmental 
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extremes occurred and that minimal uptake (as a result of the drought) occurred at their strong 

sink site the year following the anomalously warm/dry year. Further, they observed that this lag 

effect impacted fluxes for two growing seasons following the drought year and only after those 

two years, did flux trends return to those similar to that observed prior to the drought event. 

Here, a similar lag effect could have been taking place during 2014 as a result of the significantly 

warmer and wetter climate experienced in 2012 and 2013 (2013 was not included in this 

investigation as CO2 flux data were not available, however, climate data collected during this 

growing season showed that it was a warmer year; Beel et al., 2018). Warmer years at this site 

spurred strong perennial biomass accumulation (evident in 2012 tower footprint: NDVI = 0.48) 

and well-adapted Arctic vegetation (Semikhatova et al., 1992) could have potentially sustained 

increased physiological activity (i.e., CO2 uptake, GPP) despite unfavorable climate conditions 

(i.e., low GDD0) in 2014.  

Although not investigated here, as previously mentioned, variability in the flux footprint, as a 

result of variable wind speed and direction across the observed years could cause variability in 

NEE (Reuss-Schmidt et al., 2019). Arctic environments are extremely heterogeneous and have 

sharp divisions in land cover as a result of moisture regimes (Tape et al., 2012) and therefore 

assuming homogeneity within the footprint (Aubinet et al., 2012) can lead to inconclusive 

interpretation of variability of NEE (Pirk et al., 2017). When Treat et al. (2018) investigated 

landscape heterogeneity contributions to flux variability, brief periods of uptake over more 

productive portions of the footprint were observed and were removed, thus avoiding inaccurately 

contributing these periods of lower NEE to environmental flux drivers. For example, wet sedge 

is widely observed to be a stronger CO2 sink than mesic or polar semi-desert landscapes 

(Atkinson et al., 2020; Emmerton et al., 2016) so if wind direction was dominant over the wet 
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sedge areas of the CBAWO eddy covariance footprint, stronger CO2 sink measures could be 

observed that would potentially not coincide with environmental drivers of mesic tundra CO2 

uptake (i.e., GDD0). Removing periods of uptake over more productive regions could result in 

more definitive environmental drivers of CO2 fluxes over, specifically, mesic portions of the 

footprint.      

2.4.3 Importance of environmental factors at different scales 

Environmental variables utilized in this analysis (Rg, NDVI, VPD, and Tair) have been widely 

observed as important controls on growing-season Arctic NEE (Karelin et al., 2013; Loranty et 

al., 2011; Luus et al., 2013; Shaver et al., 2013); however, with the use of random forests, 

quantifying the importance at varying time scales can contribute to further refinement of C flux 

models. Here, results indicate that the relative importance of different environmental controls 

varies across different temporal scales; this information should be represented in C flux models 

appropriate to this region.   

The reduced importance of Rg as temporal aggregation of NEE is increased (Fig. 2.8) is not 

unique to high latitude environments with environmental variables that can change rapidly (e.g., 

incoming radiation commonly exhibits a higher influence (i.e., importance) over shorter time 

scales) (Stoy et al., 2014). Karelin et al. (2013) linked the importance of photosynthetically 

active radiation (PAR) combined with soil moisture as more important at predicting high 

frequency tundra NEE than air temperature; which has been considered a critical environmental 

variable driving NEE at high latitudes (Euskirchen et al., 2012; Oechel et al., 2014). The result of 

the decreasing importance of Rg over temporal aggregations agrees with findings in Lopez-

Blanco et al. (2017) where they performed a similar analysis. Further, they also observed a 
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similar trend in increasing importance of VPD over time (observed here in NEE and GPP), 

which suggests NEE and GPP are less sensitive to moisture regimes that regulate canopy 

conductance at shorter time scales (Nobrega & Grogan, 2008; McFadden et al., 2003; Sjögersten 

et al., 2006; Stoy et al., 2005). Interestingly, similar trends were observed for moisture 

importance at two contrasting sites: i.e., the CBAWO with continuous permafrost and which 

receives low growing season precipitation; and a Low Arctic coastal site (Kobbefjord drainage 

basin in south-western Greenland, 64°N; 51°W) which receives high growing season 

precipitation with no permafrost present (studied by Lopez-Blanco et al., 2017). Typically, this 

would suggest diverging importance of moisture as a control over carbon exchange between 

these two sites, as abundance and presence of moisture and permafrost respectively, have been 

observed to be highly important in regulating CO2 (Emmerton et al., 2016; Grant et al., 2019; 

Yurova et al., 2007). However, there have been contrasting accounts of this phenomenon (e.g., 

Olefeldt et al., 2012) where water table depth and permafrost presence do not impact NEE, 

further emphasizing complexity across Arctic environments, particularly associated with 

moisture controls on CO2 fluxes.  

Temperature remained relatively consistent in importance across all temporal aggregations for all 

fluxes, albeit moderately more important in Reco. However, since temperature was used to model 

Reco at this Arctic site, its importance was not considered. This follows Lafleur et al. (2012) who 

determined unrelated or weakly positive relationships between CO2 fluxes and temperature at 

High Arctic sites due to the rarity of sufficiently warm conditions to exponentially offset GPP 

with increases in Reco. However, with record high temperatures across the High Arctic, 

temperature could potentially become a stronger driver of CO2 exchange and subsequently drive 

more variability in NEE (Yang et al., 2019) as observed here for 2012.  
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Here, NDVI exhibited an increasing importance trend in NEE as temporal aggregation increased, 

which suggests that NDVI is more useful in modelling coarse scale growing season NEE fluxes 

at this site. This is expected, as high frequency NEE (i.e., half-hourly) was observed to be highly 

variable throughout the growing season, ranging between approximately -4 µmol m-2 s-1 to +4 

µmol m-2 s-1 (Fig. 2.3). Importance for GPP was more variable across temporal aggregations and 

did not follow a definitive trend, which could be a result of the uncertainty associated with 

positive GPP values arising from partitioning. The diverging trend in importance of NDVI to 

NEE and GPP does not follow other findings where GPP often exhibits a stronger relationship 

with NDVI than NEE (Emmerton et al., 2016; Gamon et al., 2013; May et al., 2018). However, 

these studies have been conducted at more productive sites where NDVI may more closely 

model high levels of biomass and leaf area index (LAI) (Marushchak et al., 2013; Street et al., 

2007). At the CBAWO, the NDVI (and productivity) is much lower (i.e., less biomass, smaller 

LAI) thereby leading to a decreased importance in GPP. Moreover, Emmerton et al. (2016) 

found that an NDVI threshold greater than 0.3 was needed to sufficiently model estimates of 

NEE, however, here, 3 out of 5 years of NDVI were 0.3 or less and still displayed importance in 

modelling NEE at all temporal scales. Another diverging result in this study is the significantly 

higher importance of NDVI to Reco compared to other fluxes (Fig. 2.8). The relationship between 

NDVI and Reco has been variable at high latitude sites, with stronger relationships found between 

NDVI and GPP and/or NEE (La Puma et al., 2007; Welp et al., 2016). The increase in explained 

variation with the inclusion of NDVI was the highest for daily Reco, i.e., the  coefficient of 

determination (R2) increased from 0.0028 to 0.92 with NDVI (inclusion of other environmental 

variables – Rg, Tair, VPD – remained unchanged between modes) (Fig. 2.11). Trends of 

increasing R2 with inclusion of NDVI were also observed for NEE and GPP, albeit at a lesser 
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magnitude. This relationship between Reco and NDVI suggests a significant contribution of 

autotrophic respiration (i.e., vegetation) to total ecosystem respiration, which is characteristic of 

high latitudes (Hicks Pries et al., 2013; Segal & Sullivan, 2014). Moreover, Hicks Pries et al. 

(2015) observed shifts towards increased contribution of autotrophic respiration from 

heterotrophic respiration with warming temperatures across permafrost environments, which 

could lead to an even stronger relationship between Reco and NDVI at moderately productive 

High Arctic sites. This relationship between NDVI and Reco is supported by Atkinson et al. 

(2020) where NDVI was the most important variable for modelling Reco across multiple 

vegetation communities, including less productive dry and mesic tundra.  
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Figure 2.11 (a) The relationship between observed daily net ecosystem exchange (NEE), 

ecosystem respiration (Reco), and gross primary productivity (GPP) and random forests predicted 

rates using all importance predictor variables including global radiation (Rg), normalized 

difference vegetation index (NDVI), vapour pressure deficit (VPD), and air temperature (Tair)  

across all analyzed years (2008-2014, excluding 2011 and 2013); and (b) relationships excluding 

the NDVI predictor variable.  

2.5 Conclusions 

The response of the C cycle in High Arctic ecosystems to environmental variation is uncertain, 

with multi-year studies conducted primarily across highly productive Sub- and Low Arctic sites. 

Research has identified a diverse pattern of controls on CO2 exchange, varying from vegetation 

community structure (Emmerton et al., 2016), soil moisture (Nobrega and Grogan, 2008), air 

temperature (Lafleur et al., 2012), and phenology (Humphreys and Lafleur, 2011; Rogers et al., 
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2011). In order to definitively determine controls on CO2 exchange in the High Arctic, multi-

year studies are crucial, as these environments are vulnerable to strong inter-annual variability 

(Zona et al., 2014). With the application of standardized eddy covariance post processing tools, 

this High Arctic mesic site showed strong inter-annual variability in NEE (2008-2018) with GPP 

the most likely source of this variability, i.e., GPP rates were more variable compared to Reco. 

Inter-annual variability of growing season NEE (2008-2014) appeared to be strongly driven by 

GDD0 in warmer years, suggesting that temperature expressed as GDD0 sufficiently drives 

photosynthesis to offset increases in respiration at this High Arctic site. Moreover, CO2 fluxes 

showed varying importance in the context of environmental variables at different temporal 

aggregations, with NDVI showing the strongest importance for Reco, compared to GPP and NEE; 

suggesting a significant contribution of autotrophic respiration to Reco at this mesic site. The 

potential for utilizing NDVI to model Reco is supported by Atkinson et al. (2020) and could 

become very important for monitoring CO2 release as a result of amplified warming across high 

latitudes.  

This long-term investigation contributes to the understanding of growing season CO2 dynamics 

in a High Arctic environment exhibiting low productivity. Overall, data here suggests that 

warmer air temperatures throughout the growing season supports stronger GPP, thus increasing 

the sink strength of this ecosystem. Therefore, with air temperatures predicted to continue rising 

across the Arctic (IPCC, 2019), this research suggests that GPP will continue to increase, 

surpassing that of Reco, further strengthening the sink status of this ecosystem.  
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Chapter 3 

Conclusions and Future Work   

3.1 Summary 

The primary objective of this research was to explore the key factors controlling variability in net 

growing season ecosystem CO2 exchange over a ten-year period (2008-2018) at a mesic tundra 

site in the Canadian High Arctic using eddy covariance and consistent, standardized data 

processing techniques. This dataset is one of only a few temporally extensive growing season 

NEE records in the High Arctic, allowing me to address the following questions: 

1. How does growing season NEE vary between years at a High Arctic mesic tundra site? 

Inter-annual variation in NEE at this site during the observation period was significant. For the 

years with complete data (2008, 2009, 2010, 2012, and 2014), this ecosystem was a net C sink 

for each year except for 2009. Growing season NEE (during years of net uptake) varied between 

-3.13 g C m-2 (2008) to -46.01 g C m-2 (2012). The net loss of C in 2009 was 11.25 g C m-2. 

Standardized eddy covariance data processing techniques revealed inherent problems when eddy 

covariance is applied to high latitude environments. Specifically, positive GPP due to under-

modelled Reco resulted in uncertainty regarding the magnitude of CO2 assimilation and 

respiration processes during the peak growing season. This caveat of applying standardized data 

processing tools to high latitude eddy covariance flux data has been observed at other Arctic sites 

and suggests that site-specific parameters for CO2 flux processing (e.g., flux partitioning) would 

be beneficial to further improve characteristics of NEE component flux variability.    
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2. What are the importance of environmental variables in explaining variability of all 

growing season CO2 fluxes?  

My approach to this research question was two-fold. Environmental variables were assessed to: 

(1) explain inter-annual variability in NEE between growing season years (2008, 2009, 2010, 

2012, and 2014); and (2) investigate the importance of different environmental variables on CO2 

fluxes at different temporal scales (half-hourly, daily, weekly, and yearly). Using five variables 

to explore environmental controls on inter-annual variability in NEE (global radiation, 

temperature, precipitation, GDD0, and VPD), GDD0 was the most important variable in 

importance across growing seasons, exhibiting more importance in sink years (i.e., warmer 

years). This suggests that GDD0 are critical to the sink strength of this High Arctic mesic site. 

This deviated slightly in 2014, the second strongest CO2 sink across observed years, but with 

reduced cumulative GDD0. This may be a result of delayed ecosystem response to previous 

environmental conditions. Past (i.e., 2012) warm conditions likely spurred strong vegetation 

growth (highest uptake year and highest NDVI), which potentially caused the ecosystem to 

maintain strong CO2 uptake despite cooler temperatures in 2014. This phenomenon has been 

observed in other high latitude investigations and demonstrates the resiliency of high latitude 

ecosystems.  

When environmental variables’ temporal control was investigated, global radiation, temperature, 

VPD, and the NDVI showed varying importance over NEE, Reco and GPP over different time 

scales. Generally, environmental variables that change rapidly over short periods of time (i.e., 

global radiation) had more control over shorter time scales (i.e., half-hourly). Further, this site is 

less sensitive to moisture regimes that regulate canopy conductance at shorter time scales, with 
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VPD at highest importance for weekly aggregated fluxes. While moisture plays a key role as a 

control over the spatial distribution of plant communities, it does not tend to limit short-term C 

exchange processes.  Overall, there was a clear indication that certain environmental variables 

were more important at certain temporal aggregations which suggests temporal scale should be 

considered when modelling CO2 fluxes with environmental variables.  

3. Is a single growing season satellite remote sensing vegetation index (i.e., NDVI) 

suitable for modelling CO2 fluxes across multiple growing seasons?      

Here, the integration of a single growing season NDVI variable improved estimates of CO2 

fluxes, particularly for Reco, and is therefore useful in modelling high latitude CO2 fluxes. When 

NDVI was included, accuracy of modelled CO2 fluxes improved two-fold for NEE, over 100-

fold for GPP, and over 300-fold for Reco at daily aggregation. These results suggest that an index 

related to vegetation biomass is useful for accurate predictions of C cycle processes in the High 

Arctic, and that autotrophic respiration is a key component of Reco at this site.    

Few high latitude studies have been conducted to investigate inter-annual variability (>3 years) 

of CO2 fluxes in the High Arctic.  This investigation examined multi-year growing season fluxes 

for a low productivity, mesic tundra High Arctic site, and investigated the temporal controls over 

these fluxes at a range of temporal scales. This analysis highlights the complexity of High Arctic 

ecosystems and the variability in environmental controls over CO2 fluxes across several time 

scales. It also provides insight into the importance of temperature (expressed as GDD0) for 

explaining inter-annual variability in NEE for anomalously warmer years (and the resiliency of 

High Arctic vegetation to variable temperatures). Further, the integration of NDVI increased the 
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accuracy of CO2 flux estimates, indicating the importance of vegetation as the key mediator of 

the C cycle (i.e., photosynthesis and respiration) in the High Arctic.   

3.2 Future work  

While this research provided key insight into important controls on the C cycle in the High 

Arctic, there is scope for future improvements. Additional research would contribute to a better 

understanding of NEE at this High Arctic mesic site. Utilizing this dataset, future work should be 

geared towards: (1) investigating site specific parameters to integrate into standardized eddy 

covariance processing techniques; and (2) footprint modelling to determine landscape 

heterogeneity contributions to flux variability. Standardized eddy covariance processing 

techniques yielded under-modelled Reco rates resulting in positive estimates of GPP. This is 

biologically impossible considering the micrometeorological perspective of carbon fluxes and 

considered here a caveat of processing parameters geared towards lower latitudes. The 

integration of available chamber data into NEE gap-filling and Reco modelling would allow for a 

more accurate representation of CO2 fluxes and potentially mitigate the error and uncertainty of 

fluxes observed here. Furthermore, this comprehensive growing season High Arctic record 

provides an interesting opportunity to conduct an evaluation study on the effect of using varying 

parameters and approaches for NEE gap-filling and partitioning to determine the most optimal 

techniques for high latitude environments during the growing season when darkness is not 

present.  

The high importance of NDVI across temporal scales for growing season CO2 fluxes, 

particularly for Reco, suggests that upscaling of these fluxes could be achieved using NDVI for 

the CBAWO. By performing a spatially explicit estimate of CO2 fluxes based on the model 
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performed here, a carbon balance of the CBAWO could be observed, specifically constraining 

sink/source characteristics of this highly heterogenous High Arctic landscape.   

The heterogeneity of this mesic environment is extensive (Fig. 3.1). For example, the variability 

of measured NEE between time periods of dominant wind direction from the south-east versus 

the north-east in 2012 could be significant, considering the vegetation cover in those quadrants 

(Fig. 3.1). Footprint modelling in concert with a land-cover classification could contribute 

additional parameter information that would further enhance predictions of NEE and further 

explain inter-annual variability of NEE.  

 

Figure 3.1 2012 (July 10, DOY 192) Worldview-2 NDVI image of the potential uptake area (i.e., 

footprint) of the CBAWO flux tower (red centre dot). 

 

Finally, looking forward to future field campaigns at the CBAWO, non-growing season 

measurements of NEE should be made to provide a better estimate of the annual C balance.  

There is limited understanding of fluxes during these periods, and although likely smaller 

instantaneous rates in magnitude compared to the growing season, the duration of these periods 
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could offset flux contributions observed during the peak growing season. Strong sink 

characteristics observed during growing seasons here could be mitigated by small but prolonged 

CO2 fluxes to the atmosphere during periods where no CO2 uptake is occurring. By investigating 

this, an annual CO2 budget of the CBAWO could be developed, further constraining the carbon 

cycle at this site.  
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Appendix A  Eddy Covariance Calculations and Script  

Eddy covariance REddyProc Script (adapted from Wutzler et al., 2018) 

#+++ load libraries  

library(REddyProc) 

library(dplyr) 

#+++ Load data with 1 header and 1 unit row from (tab-delimited) text file 

EddyData <- fLoadTXTIntoDataframe('2008_2018fullyears.txt')  

#+++ Replace long runs of equal NEE values by NA 

EddyData <- filterLongRuns(EddyData, "NEE") 

#+++ Add time stamp in POSIX time format 

EddyDataWithPosix <- fConvertTimeToPosix( 

  EddyData, 'YDH',Year = 'Year',Day = 'DoY', Hour = 'Hour') %>%  

  filterLongRuns("NEE") 

 

#+++ Initalize R5 reference class sEddyProc for post-processing of eddy data 

#+++ with the variables needed for post-processing later 

EProc <- sEddyProc$new( 

  'cb_allyears', EddyDataWithPosix, c('NEE','Rg','Tair','VPD', 'Ustar')) 

EProc$sPlotFingerprintY('NEE', Year = 2008) 

 

#+++ Ustar filtering 

uStar <- 0.1  

EProc$sMDSGapFillAfterUstar('NEE', uStarTh = uStar) 

grep("NEE.*_f$",names(EProc$sExportResults()), value = TRUE) 
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EProc$sPlotFingerprintY('NEE_uStar_f', Year = 2008) 

 

#+++set location parameter and MDS gap filling Tair, VPD, Rg, and NEE 

EProc$sSetLocationInfo(LatDeg = 74.9, LongDeg = 109.6, TimeZoneHour = -7)  

EProc$sCalcPotRadiation(useSolartime = TRUE) 

EProc$sMDSGapFill('Tair', FillAll = FALSE,  minNWarnRunLength = NA)      

EProc$sMDSGapFill('VPD', FillAll = FALSE,  minNWarnRunLength = NA)  

EProc$sMDSGapFill('Rg', FillAll = FALSE,  minNWarnRunLength = NA) 

EProc$sMDSGapFill('NEE', FillAll = FALSE,  minNWarnRunLength = NA) 

grep("Rg.*_f$",names(EProc$sExportResults()), value = TRUE) 

grep("Tair.*_f$",names(EProc$sExportResults()), value = TRUE) 

grep("VPD.*_f$",names(EProc$sExportResults()), value = TRUE) 

grep("NEE_f$",names(EProc$sExportResults()), value = TRUE) 

#+++ Lasslop daytime flux partitioning, setting Reco base reference respiration and activation 

energy  

EProc$sGLFluxPartition(controlGLPart = partGLControl(fixedTRefAtNightTime = 10, 

                                                     fixedTempSens = data.frame( 

                                                      E0 = 268.15, sdE0 = 50, RRef = 2))) 

grep("GPP.*_f$|Reco",names(EProc$sExportResults()), value = TRUE) 

EProc$sPlotFingerprintY('Reco_DT', Year = 2008) 

#+++ Fill and export 

FilledEddyData <- EProc$sExportResults() 

CombinedData <- cbind(EddyData, FilledEddyData) 
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fWriteDataframeToFile( 

  CombinedData, 'GLResults.txt' 

  , Dir.s = tempdir()) 

Calculation of GPP 

𝐺𝑃𝑃 = 𝑁𝐸𝐸 − 𝑅𝑒𝑐𝑜 

Where NEE is the quality filtered and gap-filled half-hourly product and Reco is the daytime 

modelled, half-hourly product (Lasslop et al., 2010). The rationale for taking the difference 

between NEE and Reco was to ensure that resulting GPP values would have the correct sign 

notation. 
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with REddyProc. Biogeosciences, 15(16), 5015–5030. doi: 10.5194/bg-15-5015-2018 
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Appendix B  Net Ecosystem Exchange Daytime Flux Partitioning 

The daytime partitioning tool in REddyProc (Wutzler et al., 2018) utilizes the following equation 

to model NEE:  

𝑁𝐸𝐸 =  
𝛼𝛽𝑅𝑔

𝛼𝑅𝑔+ 𝛽
+ 𝑟𝑏exp (𝐸0 (

1

𝑇𝑟𝑒𝑓−𝑇0
−

1

𝑇𝑎𝑖𝑟−𝑇0
))    

where NEE is net ecosystem exchange,  α (µmol C J-1) is the initial slope of the light–response 

curve,  𝛽 (µmol C m-2 s-1) is the maximum CO2 uptake rate (GPP) of the canopy at light 

saturation, Rg (W m-2) is global radiation, rb (µmol C m-2 s-1) is the base respiration at the 

reference temperature [𝑇𝑟𝑒𝑓, set to 10°C], E0 (°C) is the temperature sensitivity, 𝑇𝑎𝑖𝑟 (°C) is the 

air temperature, and T0 (°C) is kept constant at −46.02°C as in Lloyd & Taylor (1994). In the 

daytime partitioning method, Eq. (2.2), the maximum GPP (β) is replaced with an exponential 

decreasing function (Körner, 1995) to account for limiting GPP at high VPD periods: 

𝛽 =  {
𝛽0exp(−𝑘(𝑉𝑃𝐷 − 𝑉𝑃𝐷0)), 𝑉𝑃𝐷 > 𝑉𝑃𝐷0,

𝛽 =  𝛽0, 𝑉𝑃𝐷 < 𝑉𝑃𝐷0.  
   

Standard use of this model using the partitioning tool in REddyProc estimates rb and E0 for a 

moving window from night-time data, however, for this 24hr daylight scenario, these parameters 

where kept constant at 2.0 µmol C m-2 s-1 and 275.65 K (2.5°C) for rb and E0, respectively. For 

each final NEE record, Reco is estimated with the parameter set of the previous window (α, β, and 

Rg; rb and E0 kept constant) and the parameters of the next window and the results are 

interpolated linearly by the time difference to the window centres (Lasslop et al., 2010). 
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Appendix C Sample High Frequency Eddy Covariance File 

A portion of formatted csv. file input into REddyProc program (Appendix A) which includes 48 records for each day of year (DOY). 

All years were processed in REddyProc together (portion shown here is a subset between DOY 197-200 in 2008). No data records are 

indicated by -9999. These no data periods (i.e., -9999) were gapped filled using the marginal distribution sampling (MDS) algorithm.  

Year DoY Hour NEE LE H Rg Tair_K Tair Tsoil rH VPD_1 VPD Ustar 

- - - umolm-
2s-1 

Wm-2 Wm-2 Wm-2 degK degC degC % Pa hPa ms-1 

2008 197 0 -9999 -9999 9.580474 53.5 277.26 4.11 3.76 94.2174 47.27065 0.472706 0.278767 

2008 197 0.5 -9999 -9999 19.30284 32.85 276.1 2.95 4.25 -9999 -9999 -9999 0.28952 

2008 197 1 -9999 -9999 12.04496 36 275.64 2.49 4.15 -9999 -9999 -9999 0.257634 

2008 197 1.5 -9999 -9999 8.256072 31.3 275.38 2.23 4.06 -9999 -9999 -9999 0.212495 

2008 197 2 -9999 -9999 11.24136 26.6 274.96 1.81 3.97 -9999 -9999 -9999 0.266955 

2008 197 2.5 -9999 -9999 13.00215 26.7 274.75 1.6 3.825 -9999 -9999 -9999 0.264772 

2008 197 3 -9999 -9999 5.597785 26.8 274.54 1.39 3.68 -9999 -9999 -9999 0.240187 

2008 197 3.5 -9999 -9999 8.255366 29.7 274.14 0.99 3.535 -9999 -9999 -9999 0.263272 

2008 197 4 -9999 25.19666 12.87688 32.6 274.23 1.08 3.39 43.44008 372.6743 3.726743 0.260038 

2008 197 4.5 -9999 -9999 17.25132 36.7 274.27 1.12 3.27 44.87411 364.3483 3.643483 0.242857 

2008 197 5 -9999 -9999 12.66667 40.8 274.33 1.18 3.15 -9999 -9999 -9999 0.190009 

2008 197 5.5 -9999 -9999 13.41337 43.4 274.55 1.4 3.085 -9999 -9999 -9999 0.161008 

2008 197 6 -9999 -9999 9.801738 46 274.76 1.61 3.02 -9999 -9999 -9999 0.132204 

2008 197 6.5 -9999 -9999 10.0984 45.1 275.15 2 2.995 -9999 -9999 -9999 0.0882 

2008 197 7 -9999 -9999 10.08388 44.2 275.49 2.34 2.97 -9999 -9999 -9999 0.196615 

2008 197 7.5 -9999 -9999 16.99835 57 275.58 2.43 2.985 -9999 -9999 -9999 0.226226 

2008 197 8 -9999 -9999 -0.9886 69.8 275.82 2.67 3 -9999 -9999 -9999 0.249219 

2008 197 8.5 -9999 -9999 18.66296 92.4 276.06 2.91 3.02 -9999 -9999 -9999 0.232036 

2008 197 9 -9999 -9999 15.51284 115 276.23 3.08 3.04 -9999 -9999 -9999 0.249261 

2008 197 9.5 -9999 33.16244 15.3975 108.4 276.32 3.17 3.1 95.46267 34.71801 0.34718 0.215065 

2008 197 10 0.032988 31.2068 14.58975 101.8 276.42 3.27 3.16 100 0 0 0.215905 

2008 197 10.5 -0.16573 32.78253 17.12983 104.45 276.42 3.27 3.195 100 0 0 0.226129 

2008 197 11 -0.38869 34.15284 21.08448 107.1 276.45 3.3 3.23 100 0 0 0.21908 
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2008 197 11.5 -0.55363 35.12222 19.8951 120.05 276.45 3.3 3.255 100 0 0 0.213819 

2008 197 12 -0.08484 36.4655 24.34123 133 276.39 3.24 3.28 100 0 0 0.23753 

2008 197 12.5 -9999 -9999 27.51648 157 276.53 3.38 3.325 82.38948 136.7399 1.367399 0.208528 

2008 197 13 -1.05343 54.20656 38.16193 181 276.86 3.71 3.37 99.49428 4.020167 0.040202 0.248274 

2008 197 13.5 -0.98738 50.42538 34.65912 180.45 277.03 3.88 3.45 98.03584 15.80254 0.158025 0.199319 

2008 197 14 -1.05265 49.10456 35.46277 179.9 277.14 3.99 3.53 97.52649 20.04547 0.200455 0.200666 

2008 197 14.5 -0.82281 37.81525 29.23662 184.25 277.19 4.04 3.6 96.53523 28.18719 0.281872 0.206866 

2008 197 15 -1.31073 54.26233 45.25869 188.6 277.44 4.29 3.67 95.63572 36.12303 0.36123 0.239855 

2008 197 15.5 -1.40166 58.57684 52.61364 206.15 277.46 4.31 3.76 94.05385 49.29383 0.492938 0.225555 

2008 197 16 -1.09824 55.83585 54.45532 223.7 277.54 4.39 3.85 92.05525 66.23619 0.662362 0.257315 

2008 197 16.5 -0.92213 43.00336 39.96141 224.6 277.66 4.51 3.95 90.22305 82.19781 0.821978 0.188795 

2008 197 17 -0.86903 49.79226 53.9275 225.5 277.8 4.65 4.05 89.93669 85.44105 0.854411 0.211671 

2008 197 17.5 -0.89696 51.48904 57.38805 230.35 277.78 4.63 4.135 89.46136 89.33433 0.893343 0.232737 

2008 197 18 -0.94149 58.21119 64.80541 235.2 277.75 4.6 4.22 89.09099 92.28557 0.922856 0.254788 

2008 197 18.5 -0.85191 48.0397 56.57017 206.45 277.65 4.5 4.275 91.33009 72.82751 0.728275 0.249187 

2008 197 19 -0.49894 35.45872 42.21861 177.7 277.22 4.07 4.33 95.1452 39.57106 0.395711 0.226442 

2008 197 19.5 -0.40674 28.81402 31.25608 150.6 276.94 3.79 4.32 96.26004 29.89834 0.298983 0.25464 

2008 197 20 -0.53476 31.95245 32.7105 123.5 276.99 3.84 4.31 94.44332 44.56643 0.445664 0.208202 

2008 197 20.5 -0.4996 24.8686 30.79708 116.7 276.73 3.58 4.265 97.56991 19.1359 0.191359 0.219136 

2008 197 21 -0.30838 25.02431 27.92114 109.9 276.48 3.33 4.22 100 0 0 0.242434 

2008 197 21.5 -0.42845 24.50343 26.04625 102.3 276.35 3.2 4.155 100 0 0 0.20679 

2008 197 22 -0.21879 18.44527 20.29012 94.7 276.19 3.04 4.09 100 0 0 0.197555 

2008 197 22.5 -0.0887 17.42884 14.49077 83.05 276.16 3.01 4.015 99.56934 3.257191 0.032572 0.206382 

2008 197 23 0.004264 17.43855 13.83302 71.4 276.14 2.99 3.94 98.84607 8.715539 0.087155 0.225491 

2008 197 23.5 0.128921 13.36718 9.062092 62.45 276.02 2.87 3.85 99.23518 5.726206 0.057262 0.174164 

2008 198 0 0.227338 10.3537 6.272371 18.6 275.94 2.79 3.38 98.88537 8.299737 0.082997 0.14989 

2008 198 0.5 0.19573 11.44426 6.722272 49.45 275.85 2.7 3.67 98.71338 9.521099 0.095211 0.140958 

2008 198 1 0.301355 9.827963 4.708808 45.4 275.75 2.6 3.58 98.0372 14.42436 0.144244 0.138944 

2008 198 1.5 0.261099 7.677382 2.81789 41.35 275.67 2.52 3.485 98.95031 7.666366 0.076664 0.12782 

2008 198 2 0.301937 8.376479 2.599383 37.3 275.6 2.45 3.39 99.21261 5.721103 0.057211 0.131231 

2008 198 2.5 0.373829 9.165686 1.168747 35.45 275.54 2.39 3.295 98.91993 7.814883 0.078149 0.125072 
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2008 198 3 0.234039 7.358331 0.765513 33.6 275.53 2.38 3.2 98.24992 12.65501 0.12655 0.107116 

2008 198 3.5 0.218592 11.04962 1.671015 41.65 275.52 2.37 3.115 99.09281 6.554588 0.065546 0.118301 

2008 198 4 0.18417 10.31196 5.757384 49.7 275.48 2.33 3.03 99.51452 3.499193 0.034992 0.0991 

2008 198 4.5 0.174222 11.55793 6.931293 50.85 275.45 2.3 2.985 99.48151 3.727932 0.037279 0.123397 

2008 198 5 0.047893 10.35698 4.683502 52 275.42 2.27 2.94 99.64911 2.51771 0.025177 0.153098 

2008 198 5.5 -0.07013 9.836321 6.498863 64.25 275.47 2.32 2.895 98.56545 10.33281 0.103328 0.10156 

2008 198 6 -0.41262 12.07055 11.11705 76.5 275.56 2.41 2.85 97.80924 15.88235 0.158824 0.101702 

2008 198 6.5 -0.91943 17.87794 18.95931 103.45 275.73 2.58 2.855 96.67716 24.37337 0.243734 0.0589 

2008 198 7 -0.50328 15.91096 23.55821 130.4 275.84 2.69 2.86 95.06684 36.48251 0.364825 0.142805 

2008 198 7.5 -0.89816 26.79087 37.02273 145.85 276.04 2.89 2.915 94.0818 44.384 0.44384 0.181152 

2008 198 8 -1.13835 24.77609 34.07726 161.3 276.12 2.97 2.97 94.75767 39.53483 0.395348 0.132033 

2008 198 8.5 -1.20882 25.36938 44.03365 177.85 276.15 3 3.065 94.82931 39.06709 0.390671 0.184291 

2008 198 9 -1.27537 34.98789 56.16675 194.4 276.3 3.15 3.16 94.79978 39.72921 0.397292 0.14785 

2008 198 9.5 -1.27 35.91572 59.03292 213.25 276.36 3.21 3.255 95.58459 33.86084 0.338608 0.152751 

2008 198 10 -1.44504 36.39247 63.74851 232.1 276.56 3.41 3.35 95.28776 36.67371 0.366737 0.179639 

2008 198 10.5 -1.21972 36.87064 74.47451 256.4 276.8 3.65 3.445 95.1339 38.51187 0.385119 0.2373 

2008 198 11 -1.91963 56.48345 133.7559 280.7 276.92 3.77 3.54 97.64591 18.78371 0.187837 0.338507 

2008 198 11.5 -1.79607 63.16763 155.181 334.85 276.73 3.58 3.65 100 0 0 0.307614 

2008 198 12 -1.12641 40.7778 106.6173 389 276.2 3.05 3.76 100 0 0 0.304698 

2008 198 12.5 -0.98193 28.53136 99.93474 336.55 275.94 2.79 3.86 100 0 0 0.281538 

2008 198 13 -1.44359 40.02358 119.0586 284.1 275.95 2.8 3.96 100 0 0 0.246264 

2008 198 13.5 -1.42499 29.07606 97.73829 299.05 275.91 2.76 4 100 0 0 0.324378 

2008 198 14 -1.98774 55.36968 155.872 314 276.28 3.13 4.04 100 0 0 0.313404 

2008 198 14.5 -2.33926 75.67834 235.5142 384.2 276.78 3.63 4.095 99.26245 5.826477 0.058265 0.349531 

2008 198 15 -1.0717 46.43345 159.592 454.4 276.91 3.76 4.15 97.96072 16.26542 0.162654 0.344617 

2008 198 15.5 -1.85977 62.47579 198.6768 479.2 276.15 3 4.245 99.92978 0.53082 0.005308 0.332675 

2008 198 16 -1.96096 58.62491 212.1529 504 276.29 3.14 4.34 95.58721 33.68599 0.33686 0.305078 

2008 198 16.5 -0.5285 47.44958 140.6965 388.85 276.25 3.1 4.42 94.25838 43.70891 0.437089 0.367916 

2008 198 17 -0.71176 36.75725 111.7308 273.7 276.43 3.28 4.5 95.79529 32.41071 0.324107 0.406063 

2008 198 17.5 -0.26677 30.35914 92.36936 236.3 275.66 2.51 4.475 100 0 0 0.430585 

2008 198 18 -0.15741 27.95098 94.01872 198.9 275.23 2.08 4.45 100 0 0 0.448477 
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2008 198 18.5 -1.82448 50.07102 133.6449 229.55 275.27 2.12 4.36 100 0 0 0.458558 

2008 198 19 0.212347 32.05385 126.1708 260.2 275.3 2.15 4.27 100 0 0 0.448847 

2008 198 19.5 -0.13884 23.7222 70.22784 194 274.83 1.68 4.22 100 0 0 0.443177 

2008 198 20 -0.01629 17.62991 56.79323 127.8 274.81 1.66 4.17 100 0 0 0.401026 

2008 198 20.5 0.203979 4.07314 30.85628 108.25 274.53 1.38 4.055 100 0 0 0.260405 

2008 198 21 -0.33218 12.66927 43.17486 88.7 274.54 1.39 3.94 100 0 0 0.268323 

2008 198 21.5 -0.5565 15.65606 52.11887 117.75 274.65 1.5 3.82 100 0 0 0.313169 

2008 198 22 -1.39 42.20267 57.95656 146.8 274.76 1.61 3.7 100 0 0 0.30085 

2008 198 22.5 -1.82257 28.69433 46.51833 115 274.4 1.25 3.64 100 0 0 0.289915 

2008 198 23 0.148755 -9999 25.92394 83.2 273.98 0.83 3.58 100 0 0 0.221154 

2008 198 23.5 -1.33427 12.49745 6.931499 50.9 273.8 0.65 3.48 100 0 0 0.181067 

2008 199 0 -9999 -9999 11.19661 104.1 273.76 0.61 2.9 -9999 -9999 -9999 0.204124 

2008 199 0.5 -9999 -9999 19.80914 18.75 273.82 0.67 3.25 -9999 -9999 -9999 0.251163 

2008 199 1 -9999 -9999 6.384978 18.9 273.8 0.65 3.12 -9999 -9999 -9999 0.21621 

2008 199 1.5 -9999 -9999 5.560683 19 273.88 0.73 3 -9999 -9999 -9999 0.171837 

2008 199 2 -9999 -9999 8.697842 19.1 273.82 0.67 2.88 -9999 -9999 -9999 0.203549 

2008 199 2.5 -9999 -9999 4.88065 16.8 273.8 0.65 2.785 -9999 -9999 -9999 0.14547 

2008 199 3 -9999 -9999 8.956434 14.5 273.99 0.84 2.69 -9999 -9999 -9999 0.255395 

2008 199 3.5 -9999 -9999 10.68523 16.1 273.88 0.73 2.615 -9999 -9999 -9999 0.238122 

2008 199 4 -9999 -9999 6.709782 17.7 273.76 0.61 2.54 -9999 -9999 -9999 0.230638 

2008 199 4.5 -9999 -9999 6.932415 20.5 273.86 0.71 2.475 -9999 -9999 -9999 0.220447 

2008 199 5 -9999 23.61816 11.87902 23.3 274.11 0.96 2.41 64.64302 231.0044 2.310044 0.272099 

2008 199 5.5 -9999 -9999 6.97296 23.8 274.14 0.99 2.36 57.09482 280.8838 2.808838 0.233726 

2008 199 6 -9999 -9999 4.992385 24.3 274.03 0.88 2.31 -9999 -9999 -9999 0.274363 

2008 199 6.5 -9999 -9999 6.694178 26.35 274.03 0.88 2.265 -9999 -9999 -9999 0.196801 

2008 199 7 -9999 -9999 9.448647 28.4 274.17 1.02 2.22 -9999 -9999 -9999 0.206673 

2008 199 7.5 -9999 -9999 9.108453 45.75 274.18 1.03 2.19 -9999 -9999 -9999 0.221277 

2008 199 8 -9999 -9999 22.3138 63.1 274.44 1.29 2.16 -9999 -9999 -9999 0.255818 

2008 199 8.5 -9999 -9999 22.14127 80.25 274.53 1.38 2.18 -9999 -9999 -9999 0.26775 

2008 199 9 -9999 -9999 43.02968 97.4 274.8 1.65 2.2 -9999 -9999 -9999 0.325973 

2008 199 9.5 -9999 -9999 32.95688 109.95 274.86 1.71 2.26 -9999 -9999 -9999 0.271062 
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2008 199 10 -9999 -9999 25.551 122.5 274.87 1.72 2.32 -9999 -9999 -9999 0.285078 

2008 199 10.5 -9999 -9999 35.48584 131.3 274.95 1.8 2.385 -9999 -9999 -9999 0.294135 

2008 199 11 -9999 -9999 30.00174 140.1 275.29 2.14 2.45 -9999 -9999 -9999 0.263751 

2008 199 11.5 -9999 31.24713 36.44926 141.3 275.36 2.21 2.52 35.14817 463.2581 4.632581 0.286309 

2008 199 12 -9999 -9999 24.97362 142.5 275.81 2.66 2.59 54.00446 339.2697 3.392697 0.300317 

2008 199 12.5 0.033564 60.58472 56.05055 177.65 276.22 3.07 2.665 88.03878 90.83083 0.908308 0.347587 

2008 199 13 -0.9064 72.17799 57.34063 212.8 276.13 2.98 2.74 98.51131 11.23789 0.112379 0.322042 

2008 199 13.5 -0.77351 83.13344 65.52435 236.8 276.18 3.03 2.855 95.69672 32.59072 0.325907 0.34907 

2008 199 14 -0.91958 77.29861 60.55202 260.8 276.36 3.21 2.97 93.60224 49.09341 0.490934 0.319182 

2008 199 14.5 -0.86375 80.82385 74.88053 273.25 276.76 3.61 3.08 88.55721 90.26901 0.90269 0.312842 

2008 199 15 -1.43571 78.58863 67.38802 285.7 276.66 3.51 3.19 88.97989 86.3466 0.863466 0.324227 

2008 199 15.5 -0.33302 53.02814 35.76221 235.05 276.6 3.45 3.285 87.10599 100.6352 1.006352 0.307185 

2008 199 16 -0.40493 47.42295 34.30416 184.4 276.95 3.8 3.38 83.57019 131.4257 1.314257 0.283885 

2008 199 16.5 -0.79237 70.43243 56.59246 225.65 277.26 4.11 3.4 80.57591 158.8167 1.588167 0.356269 

2008 199 17 -0.67151 84.80855 71.36873 266.9 277.28 4.13 3.42 77.69831 182.5557 1.825557 0.386216 

2008 199 17.5 -0.66032 73.57009 66.33554 259.45 277.2 4.05 3.465 75.63234 198.4008 1.984008 0.361668 

2008 199 18 -0.52448 65.84721 54.4588 252 276.99 3.84 3.51 76.77769 186.2086 1.862086 0.37557 

2008 199 18.5 -0.33469 57.88203 47.82827 221.55 276.86 3.71 3.505 78.02315 174.5954 1.745954 0.384187 

2008 199 19 -0.27814 49.25776 39.90078 191.1 276.72 3.57 3.5 77.26168 178.9883 1.789883 0.354207 

2008 199 19.5 -0.37526 60.13936 50.58966 212.2 276.87 3.72 3.455 76.91548 183.6255 1.836255 0.394126 

2008 199 20 -0.37921 67.65117 84.22894 233.3 276.89 3.74 3.41 72.67268 217.5955 2.175955 0.445083 

2008 199 20.5 -0.16148 67.28626 98.60822 294.8 276.77 3.62 3.4 74.8548 198.577 1.98577 0.463766 

2008 199 21 -0.30752 61.56385 85.76906 356.3 276.36 3.21 3.39 75.13751 190.6627 1.906627 0.485399 

2008 199 21.5 -0.62309 52.70548 74.47622 321.55 275.8 2.65 3.37 77.64324 164.7757 1.647757 0.492876 

2008 199 22 -0.55956 54.26853 74.30115 286.8 275.18 2.03 3.35 82.03798 126.7444 1.267444 0.489571 

2008 199 22.5 -0.36006 44.58006 72.31823 256.45 274.72 1.57 3.245 84.53382 105.5332 1.055332 0.424651 

2008 199 23 -0.50696 39.09294 49.80136 226.1 274.19 1.04 3.14 85.2296 97.07928 0.970793 0.407841 

2008 199 23.5 0.304487 34.49802 36.03831 165.1 274.03 0.88 3.02 85.20028 96.14224 0.961422 0.413972 

2008 200 0 0.444814 33.00557 25.80907 195.2 274.13 0.98 1.96 86.66641 87.23157 0.872316 0.451076 

2008 200 0.5 0.621505 27.22009 31.57352 101.2 273.98 0.83 2.745 92.65546 47.51992 0.475199 0.482169 

2008 200 1 0.661198 11.50475 11.88295 98.3 273.69 0.54 2.59 97.25938 17.37424 0.173742 0.440577 
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2008 200 1.5 0.594905 11.91058 11.41976 78.8 273.66 0.51 2.435 100 0 0 0.460048 

2008 200 2 0.501148 9.384895 5.074517 59.3 273.75 0.6 2.28 100 0 0 0.445501 

2008 200 2.5 0.480027 16.8235 12.72406 60.35 273.99 0.84 2.165 99.87972 0.778974 0.00779 0.441487 

2008 200 3 0.337948 12.02595 6.813602 61.4 273.78 0.63 2.05 100 0 0 0.454372 

2008 200 3.5 0.456171 5.32353 -8.02582 49.85 273.51 0.36 1.96 100 0 0 0.423466 

2008 200 4 0.107042 16.09774 2.866072 38.3 273.55 0.4 1.87 100 0 0 0.468415 

2008 200 4.5 0.361723 23.30537 9.619414 65.25 273.33 0.18 1.765 99.27565 4.473183 0.044732 0.503196 

2008 200 5 -0.13111 22.51301 18.04447 92.2 273.32 0.17 1.66 97.23636 17.05064 0.170506 0.439086 

2008 200 5.5 0.082991 20.97702 14.80535 96.05 273.15 0 1.56 96.46219 21.55252 0.215525 0.457554 

2008 200 6 0.735183 19.71646 21.41676 99.9 272.95 -0.2 1.46 97.85964 12.85232 0.128523 0.532128 

2008 200 6.5 0.526516 35.107 49.1121 140.25 273.12 -0.03 1.39 95.17934 29.31938 0.293194 0.520555 

2008 200 7 0.11977 37.89558 55.48786 180.6 273.44 0.29 1.32 93.67739 39.35072 0.393507 0.542601 

2008 200 7.5 0.329522 33.88716 52.25254 161.75 273.61 0.46 1.31 93.806 39.01451 0.390145 0.519685 

2008 200 8 0.660948 34.56474 63.93283 142.9 273.86 0.71 1.3 94.77159 33.55004 0.3355 0.551762 

2008 200 8.5 -0.55684 47.79378 94.2309 188.25 274.3 1.15 1.345 93.59633 42.40138 0.424014 0.492901 

2008 200 9 -0.02137 49.42351 97.23441 233.6 274.69 1.54 1.39 91.52492 57.74155 0.577416 0.54354 

2008 200 9.5 -0.20868 59.13635 131.1005 262.9 274.78 1.63 1.51 91.29765 59.66475 0.596647 0.602794 

2008 200 10 -0.36375 73.13657 174.2646 292.2 275.32 2.17 1.63 89.34834 75.89322 0.758932 0.59212 

2008 200 10.5 -1.50561 74.22342 183.9357 345.65 275.46 2.31 1.795 86.49909 97.18792 0.971879 0.555467 

2008 200 11 -0.00316 40.3806 83.83032 399.1 275.45 2.3 1.96 85.95377 101.0174 1.010174 0.53502 

2008 200 11.5 -0.08173 55.93413 125.2432 354.5 275.7 2.55 2.11 82.86668 125.4535 1.254535 0.575805 

2008 200 12 -0.58455 53.15408 105.0356 309.9 275.85 2.7 2.26 80.70732 142.7596 1.427596 0.553038 

2008 200 12.5 -0.42905 51.76855 109.706 369.25 276.12 2.97 2.335 78.37954 163.0176 1.630176 0.55064 

2008 200 13 -0.38922 63.0177 161.8102 428.6 276.36 3.21 2.41 77.85214 169.8819 1.698819 0.597618 

2008 200 13.5 0.132589 54.44785 151.7847 463.1 276.29 3.14 2.525 77.94913 168.329 1.68329 0.630037 

2008 200 14 0.094946 67.83976 189.566 497.6 276.35 3.2 2.64 78.64543 163.6593 1.636593 0.683794 

2008 200 14.5 -0.27412 72.35557 208.3732 431.05 276.34 3.19 2.77 77.63759 171.3143 1.713143 0.683229 

2008 200 15 0.499155 56.23843 155.3637 364.5 276.28 3.13 2.9 77.47014 171.8511 1.718511 0.662915 

2008 200 15.5 -0.15639 56.63014 124.2984 339.7 276.33 3.18 2.96 74.83445 192.634 1.92634 0.637186 

2008 200 16 0.651364 50.94582 131.3665 314.9 276.04 2.89 3.02 77.11457 171.6 1.716 0.706593 

2008 200 16.5 1.467694 46.85015 128.7053 281.05 275.69 2.54 3.005 78.8337 154.8537 1.548537 0.725414 
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2008 200 17 1.89288 47.13764 131.8436 247.2 275.36 2.21 2.99 81.35547 133.2625 1.332625 0.754155 

2008 200 17.5 1.613526 44.63289 134.9603 258.8 275.31 2.16 2.92 80.68771 137.4498 1.374498 0.732351 

2008 200 18 1.663777 50.77361 147.665 270.4 275.28 2.13 2.85 80.65188 137.4761 1.374761 0.757969 

2008 200 18.5 1.42466 50.73774 141.267 261.55 275.48 2.33 2.815 79.44796 148.0974 1.480974 0.735509 

2008 200 19 1.132583 45.18093 128.3876 252.7 275.36 2.21 2.78 80.17363 141.7037 1.417037 0.711085 

2008 200 19.5 0.273061 30.53016 67.85986 187.4 275.09 1.94 2.75 82.53129 122.4269 1.224269 0.591886 

2008 200 20 1.260326 31.42654 75.33798 122.1 274.64 1.49 2.72 85.68484 97.18095 0.971809 0.676292 

2008 200 20.5 1.374852 29.3624 64.7045 108 274.36 1.21 2.615 86.95702 86.77256 0.867726 0.671589 

2008 200 21 1.210486 28.66732 61.18036 93.9 274.26 1.11 2.51 87.64706 81.58446 0.815845 0.648115 

2008 200 21.5 1.592643 32.71649 77.76341 103.05 274.23 1.08 2.395 87.85145 80.03711 0.800371 0.693081 

2008 200 22 1.458567 27.22998 70.28809 112.2 274.07 0.92 2.28 87.69378 80.15849 0.801585 0.675194 

2008 200 22.5 1.34422 25.75777 58.2173 113.5 273.95 0.8 2.185 89.383 68.56416 0.685642 0.657349 

2008 200 23 1.230389 30.32745 85.6724 114.8 273.96 0.81 2.09 89.66944 66.76834 0.667683 0.700231 

2008 200 23.5 0.826779 29.90575 88.46235 155 273.84 0.69 2.025 91.16644 56.60742 0.566074 0.660819 
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Appendix D Random Forest Script 

 

#+++ load libraries 

library(randomForest) 

library(randomForestExplainer) 

library(dplyr) 

library(caret) 

library(e1071) 

#+++ load data 

neehourly <- read.csv('neegrowingseasonhourly_20082014.csv') 

#+++ Set random seed to make results reproducible: 

set.seed(17) 

#+++ Calculate the size of each of the data sets: 

data_set_size <- floor(nrow(neehourly)/2) 

#+++ Generate a random sample of "data_set_size" indexes 

indexes <- sample(1:nrow(neehourly), size = data_set_size) 

#+++ Assign the data to the correct sets 

training <- neehourly[indexes,] 

validation <- neehourly[-indexes,] 

#+++  

traincl <- trainControl() 

set.seed(1234) 

#+++ Run the model 

rf_default <- train(GPP_umol~., 
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                    data = training, 

                    method = "rf", 

                    metric = "RMSE", 

                    trControl = traincl, ntree = 1000) 

#+++Print the results 

print(rf_default) 

varImp(rf_default, scale = FALSE) 

 

prediction <-predict(rf_default, validation) 

prediction 

#+++ Export results 

write.csv(validation,  

"D:/thesiswork/FLUX/highfrequency/third_attempt/removedfluxrref2_thesisversion/removedpos

itivegpp/random/valhourlynee.csv") 

write.csv(prediction,       

"D:/thesiswork/FLUX/highfrequency/third_attempt/removedfluxrref2_thesisversion/removedpos

itivegpp/random/predicthourlynee.csv") 

References 
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Appendix E Growing Degree Days Calculation 

In this analysis, a base of 0°C was used for growing degree day (GDD0) calculations. Here it was 

calculated as:  

𝐺𝐷𝐷0 =  
𝑇𝑚𝑎𝑥 + 𝑇𝑚𝑖𝑛

2
− 𝑇𝑏𝑎𝑠𝑒  

where 𝑇𝑚𝑎𝑥 and 𝑇𝑚𝑖𝑛 are the daily maximum and minimum temperatures and 𝑇𝑏𝑎𝑠𝑒 is the base 

temperature, here 0°C. GDD are considered when the average daily temperature (i.e.,  
𝑇𝑚𝑎𝑥+𝑇𝑚𝑖𝑛

2
) 

exceeds the base temperature (0°C). Cumulative GDD0 were the summed total GDD0 within the 

defined growing season length for each year. Base temperatures across Arctic regions have 

varied, primarily between 0 and 5°C to calculate GDD (Mulder et al., 2017; Mikola et al., 2018; 

Thórhallsdóttir, 1998; Weijers et al., 2013). 0°C was chosen here to ensure that every growing 

season within the analysis (2008, 2009, 2010, 2012, and 2014) experienced positive cumulative 

GDD. Further, the temperature parameter used to calculate growing degree days is collected 

between 1.3 and 2 m above the ground, where temperature at leaf level is likely higher therefore, 

supporting the use of a lower base temperature of 0°C. 
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Appendix F Time Series Aggregation and Unit Conversion Calculations  

Here, output of quality filtered high frequency (i.e., half-hour) net ecosystem exchange (NEE) 

and ecosystem respiration (Reco) from REddyProc was expressed as µmol m-2 s-1. In order to 

aggregate into daily and weekly values, µmol were converted into grams (g) by: 

𝜇𝑚𝑜𝑙 ∙  
𝑚𝑜𝑙

1000000 𝜇𝑚𝑜𝑙 
 ∙

12.01 𝑔

𝑚𝑜𝑙
 

The resulting output of this conversion was g m-2 s-1
. For daily aggregated fluxes, 48 half-hour 

records for each day of year (DOY) were averaged and then multiplied by 3600 seconds and then 

by 24 hours to get g m-2 day-1. Similarly, for weekly aggregated fluxes, seven daily fluxes were 

averaged and multiplied by seven to get g m-2 week-1. 
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Appendix G NDVI and Growing Degree Days Seasonal Modelling 

(a) (b) 

 

Figure G 1 Relationships between cumulative growing season fluxes (2008-2014, excluding 2011 and 2013) and (a) growing degree 

days (GDD) base 0°C; and (b) normalized difference vegetation index (NDVI) (cumulative fluxes were calculated up until the day of 

image acquisition for each season). 

 

 

 


