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Abstract 

 Wet sedge meadows are the most productive vegetation communities in the High Arctic. 

Preliminary research suggests that this vegetation type is a net carbon sink, yet the controls – and the 

scale at which those controls act – are not well understood. If warming of the High Arctic enhances or 

limits wet sedge growth, we may observe changes in the percentage of land area occupied by these 

meadows, resulting in significant alterations to the carbon balance of high arctic landscapes. 

 Here, the factors controlling carbon dioxide (CO2) exchange of wet sedge meadows are examined 

at different spatial and temporal scales and environmental data is used to create predictive models of CO2 

exchange. Automated and static CO2 exchange systems recorded CO2 exchange at three wet sedge sites at 

the Cape Bounty Arctic Watershed Observatory (CBAWO), Melville Island, NU, from June to August, 

2014. In conjunction, time-series normalized difference vegetation index (NDVI) data were collected to 

quantify the phenological stage of the wet sedge vegetation type through the growing season, as well as 

measurements of soil temperature, air temperature, photosynthetically active radiation (PAR), soil 

moisture, and active layer depth. 

Net ecosystem exchange (NEE) measurements indicated dominant plant uptake through 

photosynthesis, and spectrally separable ‘wet’ and ‘dry’ sedge areas yielded significantly different NEE 

values at both sampling scales. NDVI measurements indicated that spring greening and peak summer 

biomass differed between wet and dry areas, but that NDVI was not strongly related to CO2 exchange 

trends in these systems. Abiotic factors such as air and soil temperature and soil moisture – varying over 

time and space throughout the season – influenced CO2 exchange to varying degrees at each scale.  

 Predictive models of ecosystem carbon flux were created using NDVI in combination with 

environmental measurements as predictors. This facilitated an evaluation, at two scales, of the drivers of 

CO2 exchange in these communities – both spatially and temporally. Static chamber measurements (bi-

weekly) were unsuccessful in modelling CO2 exchange, but autochamber measurements (half-hourly) 

provided reasonable predictions. I suggest, though, that linear multivariate-regression models are 
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insufficient for capturing variation in these systems, and that more complex models may provide greater 

success in the future.  

 



 

 

iv 

Acknowledgements 

First and foremost, many thanks are extended to my supervisors, Dr. Neal Scott and Dr. Paul 

Treitz, for their efforts in planning, supporting, and guiding my thesis work. I have been incredibly lucky 

to experience and contribute to work in a most wonderful part of our country, with skilled and passionate 

researchers. 

Previous work by David Atkinson and Fiona Gregory helped lay the foundation for this project, 

and fieldwork was made possible with the hard work of the principal investigators at CBAWO, led by Dr. 

Scott Lamoureux. I wish to extend my thanks to the researchers with whom I spent a fun, challenging, 

and enlightening summer with at CBAWO.  A special thank you to my field assistant Sarah Jackson for 

her untiring enthusiasm and support, to Nanfeng Liu, who collected dozens of NDVI photographs over 

the summer for my project, and to Gill Ramsay for lots of laughs. 

To everyone in the Laboratory for Remote Sensing of Earth and Environmental Systems 

(LaRSEES) and the Geography department, your friendship and collaboration over the years have been 

much appreciated. Many thanks to Emma Buckley for her knowledge, advice, and most of all, friendship. 

Thanks also to Dr. Karin Van Ewijk for lending her advice and statistical expertise to my work. 

A special acknowledgement to my family, especially my parents, for their unwavering support, 

enthusiasm, and encouragement throughout my academic endeavours. To Robby, for patiently listening to 

me complain, giving advice, and always supporting me.   

I gratefully acknowledge that this research would not have been possible without financial and 

logistical support from ArcticNet NCE, the Natural Sciences and Engineering Research Council, Natural 

Resources Canada (Polar Continental Shelf Program), the Northern Scientific Training Program, and 

Queen’s University.  

 

 



 

 

v 

Table of Contents 

Abstract ......................................................................................................................................................... ii 

Acknowledgements ...................................................................................................................................... iv 

List of Figures ............................................................................................................................................. vii 

List of Tables ................................................................................................................................................ x 

List of Abbreviations ................................................................................................................................... xi 

Chapter 1 Introduction .................................................................................................................................. 1 

1.1 Climate Change in the Arctic .............................................................................................................. 1 

1.2 Study Area .......................................................................................................................................... 3 

1.3 Wet Sedge Meadows ........................................................................................................................... 5 

1.4 Rationale ............................................................................................................................................. 6 

1.5 Research Questions ............................................................................................................................. 8 

1.6 Thesis Outline ................................................................................................................................... 10 

Chapter 2 Literature Review ....................................................................................................................... 11 

2.1 Climate Change in the Arctic ............................................................................................................ 11 

2.2 Carbon Storage and Cycling at High Latitudes ................................................................................ 13 

2.3 Controls on Carbon Cycling ............................................................................................................. 15 

2.4 Vegetation Communities and Carbon Exchange in the High Arctic ................................................ 20 

2.5 Potential Impacts: CO2 Exchange in the High Arctic ....................................................................... 24 

2.6 Quantifying and Modelling Landscape Characteristics using NDVI ................................................ 27 

2.7 Modelling CO2 in the Arctic ............................................................................................................. 29 

Chapter 3 Methods ...................................................................................................................................... 32 

3.1 Introduction ....................................................................................................................................... 32 

3.2 Experimental Design ......................................................................................................................... 32 

3.3 Static Chamber Measurements.......................................................................................................... 37 

3.4 Static Chamber Data Processing ....................................................................................................... 38 

3.5 Autochamber Measurements............................................................................................................. 39 

3.6 Autochamber Data Processing .......................................................................................................... 40 

3.7 NDVI Measurements ........................................................................................................................ 41 

3.8 Environmental Measurements........................................................................................................... 42 

3.9 Statistical Analysis and Modelling ................................................................................................... 43 

Chapter 4 Results ........................................................................................................................................ 46 

4.1 Universal Variables:  Air Temperature, PAR, and Precipitation ...................................................... 46 



 

 

vi 

4.2 CO2 Flux Measurements using Static Chambers – Bi-weekly Data Collection ................................ 47 

4.2.1 Environmental Variables ............................................................................................................ 47 

4.2.2 Phenology .................................................................................................................................. 53 

4.2.3 CO2 Exchange ............................................................................................................................ 55 

4.2.4 Environmental Variables and CO2 exchange ............................................................................. 58 

4.2.5 NDVI and CO2 Exchange .......................................................................................................... 62 

4.3 Autochambers – Half Hourly Data Collection .................................................................................. 63 

4.3.1 Environmental Variables ............................................................................................................ 64 

4.3.2 High temporal frequency CO2 Exchange ................................................................................... 68 

4.3.3 Environmental Variables and CO2 exchange ............................................................................. 71 

4.4 Exploratory Data Analysis: Explanatory Variables .......................................................................... 74 

4.5 Predictive Modelling ......................................................................................................................... 76 

Chapter 5 Discussion .................................................................................................................................. 80 

5.1 Environmental and Biophysical Trends ............................................................................................ 80 

5.1.1 Soil Temperature and Moisture Dynamics ................................................................................ 80 

5.1.2 NDVI .......................................................................................................................................... 82 

5.2 CO2 Exchange ................................................................................................................................... 84 

5.2.1 Overall Trends in NEE, ER, and GPP........................................................................................ 84 

5.2.2 CO2 Flux in Wet vs. Dry Areas .................................................................................................. 86 

5.3 CO2 Flux and Predictive Variables ................................................................................................... 88 

5.4 Model Performance ........................................................................................................................... 91 

Chapter 6 Conclusions ................................................................................................................................ 94 

6.1 Conclusions ....................................................................................................................................... 94 

6.2 Suggested Future Work ..................................................................................................................... 96 

References ................................................................................................................................................... 98 

Appendix A Climatological Data .............................................................................................................. 108 

Appendix B Static Chamber Regressions ................................................................................................. 109 

Appendix C Autochamber Regressions .................................................................................................... 112 

Appendix D Correlation Matrixes............................................................................................................. 113 

Appendix E Predictive Model Results ...................................................................................................... 115 

Appendix F Alternative Predictive Model Results ................................................................................... 121 

Appendix G Sample Static Chamber Data ................................................................................................ 123 

Appendix H Sample Autochamber Data ................................................................................................... 124 

 



 

 

vii 

List of Figures 

Figure 1.1: Common designations within the Arctic: Sub, Low, and High Arctic (CAFF International 

Secretariat, 2010). ......................................................................................................................................... 1 

Figure 1.2: Maps of projected late 21st century annual mean surface temperature change (a); and annual 

mean precipitation change (b) (IPCC, 2013). ............................................................................................... 2 

Figure 1.3: Map showing Melville Island (inset) and CBAWO site (red star) in the Canadian High Arctic.

 ...................................................................................................................................................................... 4 

Figure 1.4:  The three dominant vegetation types at the CBAWO: a) polar semi-desert; b) mesic tundra; 

and c) wet sedge meadow. ............................................................................................................................ 4 

Figure 2.1: Map showing the spatial extent of soil organic carbon content in the Arctic, to a depth of 1m 

(Hugelius et al., 2013) (adapted from Tarnocai et al., 2007). ..................................................................... 14 

Figure 2.2: Seasonal characteristics of an ecosystem based on climate data from Zackenberg Research 

Station in Northeast Greenland (Meltofte et al., 2008). .............................................................................. 16 

Figure 2.3: A diagram illustrating the structure and typical carbon exchange processes (in italics) of a 

High Arctic wet sedge meadow during the growing season. ...................................................................... 22 

Figure 3.1: At top, a July 2012 WorldView-2 image (DigitalGlobe Incorporated) of the CBAWO 

showing the locations of three large (300m x 300m) sampling plots. At bottom, the three plots classified 

by vegetation groups. Note the wet sedge (wet) and wet sedge (dry) in each plot. .................................... 34 

Figure 3.2: A static chamber collar and adjacent NDVI quadrat (0.5m x 0.25m) placed on comparable 

cover, for digital photo acquisition. ............................................................................................................ 36 

Figure 3.3: Locations of 24 static chamber sampling sites and three pairs of autochambers at the 

CBAWO using the 2014 WorldView-2 basemap (DigitalGlobe Incorporated). ........................................ 36 

Figure 3.4: a) A transparent static CO2 chamber (with Vaisala sensors attached) fitted onto an in-ground 

collar to measure NEE; and b) A shroud-covered static CO2 chamber and data logger for opaque 

measurement of ER. .................................................................................................................................... 38 

Figure 3.5: Pair of ACE units in Plot 1; transparent (back left) and opaque (right foreground). ............... 39 

Figure 3.6: A wet sedge sample site, shown in: a) true colour (RGB); and b) false colour - where living 

green vegetation appears in shades of red. Note the dark red mosses and Salix leaves, and the lighter 

orange sedges and grasses emerging from senescence. .............................................................................. 42 

Figure 3.7: The collection of environmental measurements: a) active layer depth; b) soil moisture content 

with Thetaprobe adjacent to static chamber; and c) soil temperature logger HOBO ProV2 adjacent to 

autochambers. ............................................................................................................................................. 43 



 

 

viii 

Figure 4.1: Hourly air temperature (a); average daily PAR (b); and daily precipitation (c); data from 

‘MainMet’ meteorological station at the CBAWO during summer 2014. .................................................. 47 

Figure 4.2: Examples of wet (a); and dry (b); sampling static chamber collars. Wet sites generally showed 

greater presence of Eriophorum and mosses, while dry sites often had fewer graminoids and occasionally 

included Salix. ............................................................................................................................................. 48 

Figure 4.3: Soil volumetric water content at 7 cm depth, for each site (line). For each plot, ‘n’ is the 

number of point measurements over the sampling period: (a) plot 1 (n=6); (b) plot 2 (n=7); (c) plot 3 

(n=6); and (d) wet and dry averages. Blue lines indicate wet sites and red indicate dry sites. ................... 49 

Figure 4.4: Soil temperature measurements collected at each dry static chamber site (line) (approx. every 

4 days) at 5 cm and 10 cm depths (light red and red, respectively). For each plot, ‘n’ is the number of 

point measurements over the sampling period: a) plot 1 (n=7); (b) plot 2 (n=7); and (c) plot 3 (n=7). ..... 50 

Figure 4.5:  Soil temperature measurements collected at each wet static chamber site (line) (approx. every 

4 days) at 5 cm and 10 cm depths (light blue and navy blue, respectively). For each plot, ‘n’ is the number 

of point measurements over the sampling period: (a) plot 1 (n=7); (b) plot 2 (n=7); and (c) plot 3 (n=7). 51 

Figure 4.6: Point measurements of active layer depth at each static chamber site (line) (taken at each site 

approx. every 4 days) throughout July. For each plot, ‘n’ is the number of point measurements over the 

sampling period: (a) plot 1(n=6); (b) plot 2 (n=6); (c) plot 3 (n=6); and (d) wet and dry averages. Blue 

lines indicate wet sites and red indicate dry sites. ....................................................................................... 53 

Figure 4.7: Calculated NDVI values for each static chamber site (line) (images acquired at each site 

approx. every 4 days) throughout July. For each plot, ‘n’ is the number of point measurements over the 

sampling period: (a) plot 1(n=5); (b) plot 2 (n=6); (b) plot 3(n=6); and (d) wet and dry averages. Blue 

lines indicate wet sites and red indicate dry sites. ....................................................................................... 54 

Figure 4.8: Static chamber fluxes: ER, GPP, and NEE for the summer of 2014. Blue indicates wet sites 

and red indicates dry. .................................................................................................................................. 56 

Figure 4.9: Regressions of NEE, ER, and GPP with air temperature. Highlighted statistics indicate 

significant relationships (coloured borders indicate wet or dry sites). ........................................................ 60 

Figure 4.10: Regressions of NEE, ER, and GPP with active layer depth. Highlighted statistics indicate 

significant relationships (coloured borders indicate wet or dry sites). ........................................................ 61 

Figure 4.11: Regressions of NEE, ER, and GPP against average daily PAR. Highlighted statistics 

indicate significant relationships (coloured borders indicate wet or dry sites). .......................................... 62 

Figure 4.12: Regressions of NEE, ER, and GPP against NDVI data with clusters close to zero removed 

(i.e., partial datasets). Highlighted statistics indicate significant relationships. Coloured borders indicate 

wet or dry sites. ........................................................................................................................................... 63 



 

 

ix 

Figure 4.13: Soil moisture values for dry (a) and wet (b, c) autochamber sites. Note the difference in y-

axis scale for the dry site. ............................................................................................................................ 65 

Figure 4.14: 5 cm and 10 cm depth soil temperature trends at (a) dry and (b) wet autochamber sites. 

Missing data in June at Plot 3 resulted from sensor error and were not included in analyses. ................... 67 

Figure 4.15: Seasonal ER (a); GPP (b); and NEE (c); from autochambers at the CBAWO from mid-June 

to the end of July. Blue indicates wet sites and red indicates the dry site. .................................................. 68 

Figure 4.16: Average seasonal fluxes (ER, GPP, and NEE) for all wet sedge sites, comparing static 

chamber (n=24) to autochamber (n=3) calculations. Error bars represent the standard error. ................... 69 

Figure 4.17: Static vs. autochamber results for average seasonal NEE at wet, dry, and all sites. ............. 70 

Figure 4.18: Regressions of NEE, ER, and GPP against air temperature, coloured by plot and 

designation. Red indicates dry sites (plot 1), navy blue indicates wet sites (plot 1), and royal blue indicates 

wet sites (plot 3). Highlighted statistics indicate (all) significant relationships. ......................................... 72 

Figure 4.19: Regressions of NEE, ER, and GPP against 5 cm soil temperature. Red indicates dry sites 

(plot 1), navy blue indicates wet sites (plot 1), and royal blue indicates wet sites (plot 3). Highlighted 

statistics indicate (all) significant relationships. ......................................................................................... 73 

Figure 4.20: Linear regressions of autochamber NEE and PAR. Red indicates dry sites (plot 1), navy blue 

indicates wet sites (plot 1), and royal blue indicates wet sites (plot 3). Highlighted statistics indicate (all) 

significant relationships. ............................................................................................................................. 74 

Figure 4.21: Autochambers, wet sites: Validation plot showing actual (blue) and predicted (black) NEE 

values using the top model (all original variables), computed from 30% validation data (n= 805). .......... 78 

Figure 4.22: Autochambers at dry site: validation plot showing actual (red) and predicted (black) NEE 

values using the top model (3 predictors: 5 cm soil temperature, 10 cm soil moisture, and PAR), 

computed from 30% validation data (n= 533). ........................................................................................... 79 

Figure 5.1: Daily NEE averages for wet and dry sites using static and autochamber data, illustrating 

disparities between sampling scales. Static daily averages were calculated by averaging daily values 

within each sampling period (i.e., blocks of ~4 days). ............................................................................... 86 

 



 

 

x 

List of Tables 

Table 4.1: Results table for all static chamber CO2 and environmental/biophysical linear regressions. Full 

datasets are indicated by “full”, and “part” denotes datasets where near-zero values have been removed. 

Red text indicates dry sites, and blue indicates wet sites. Highlighted results (in yellow) denote significant 

relationships (i.e., p≤0.05). ......................................................................................................................... 59 

Table 4.2: Results table for all autochamber CO2 and environmental linear regressions. Red text indicates 

dry sites, and blue indicates wet sites. Highlighted results denote significant relationships (i.e., p<0.001).

 .................................................................................................................................................................... 72 

 



 

 

xi 

List of Abbreviations 

AICc: Corrected Akaike Information Criterion. A relative estimate of the quality of a statistical model, 

where low AICc values indicate stronger models. Often used with small sample sizes, this information 

criterion gives greater penalties for a greater number of parameters. 

 

AL:  Active layer. The top layer of soil (over permafrost) which seasonally thaws and refreezes. Active 

layer depth (or thaw depth) refers to the depth below the soil surface that the soil thaws to.  

 

APAR: Absorbed Photosynthetically Active Radiation. Denotes the amount of PAR that is actually 

absorbed by the photosynthetic organisms (as opposed to all available PAR), and is related to the amount 

of vegetation present. 

 

ER:  Ecosystem Respiration. The sum of all CO2 respiration by all organisms in an ecosystem (including 

plants, microbes, and animals) (Grogan & Chapin, 1999). 

 

GEP:  Gross Ecosystem Productivity. The amount of carbon captured by an ecosystem’s primary 

producers, usually over a season (i.e., not instantaneous). Similar to GPP, but presented as a positive rate 

from a terrestrial perspective (i.e., terrestrial gain) measured in, for example, g C/m
2
/d (Oechel et al., 

1998). 

 

GPP:  Gross Primary Productivity. The rate at which an ecosystem’s primary producers capture and store 

chemical energy through the process of photosynthesis or chemosynthesis. Presented as the total amount 

of carbon fixed in a given space over a given time (eg. µmol/m
2
/s). From an atmospheric perspective, this 

value is negative (i.e., atmospheric loss) (Vourlitis et al., 2000a). 

 



 

 

xii 

NDVI: Normalized Difference Vegetation Index. A unitless ratio which quantifies the amount of green 

vegetation based on the spectral reflectance and absorbance of a surface. Values range from -1 to 1, where 

higher values indicate greater live green vegetation.  

 

NEE: Net Ecosystem Exchange. The difference between GPP and ER, i.e., the net (overall) CO2 

exchange between the ecosystem and the atmosphere. The net CO2 notation used from an atmospheric 

perspective (i.e., atmospheric gains are positive, losses are negative) (Chapin et al., 2006). 

 

NEP: Net Ecosystem Production. Similar to NEE, but used from a terrestrial perspective (terrestrial gains 

are positive, losses are negative) (Randerson et al., 2002; Chapin et al., 2006). 

 

PAR: Photosynthetically Active Radiation. Solar radiation in the range of wavelengths that 

photosynthetic organisms are able to use for photosynthesis; specifically, 400-700 nm. Measured here in 

µmol/m
2
/s.  



 

 

1 

Chapter 1 

Introduction 

1.1 Climate Change in the Arctic 

The circumpolar Arctic encompasses a large swath of arctic expanse around the globe, 

and is conventionally divided into ‘Sub’, ‘Low’ and ‘High’ Arctic regions (Figure 1.1). The 

terrestrial Arctic can be further divided into numerous landscape types which are a reflection of 

the bioclimatic gradients within the Arctic (Walker et al., 2005), based upon characteristics 

including the structure and composition of vegetation communities which are driven by abiotic 

factors such as temperature and moisture (Bliss, 1997). 

 

 

Figure 1.1: Common designations within the Arctic: Sub, Low, and High Arctic (CAFF 

International Secretariat, 2010). 
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The last decade has seen unprecedented warm temperatures in the Canadian Arctic and 

the Intergovernmental Panel on Climate Change (IPCC) estimates that temperatures in the Arctic 

will exceed mean global warming by 40% (IPCC, 2013). Seasonal temperature patterns at high 

latitudes are changing, with earlier onsets of spring and later onsets of fall resulting in longer 

growing seasons (Hinzman et al., 2005). Along with temperature changes, the Arctic is expected 

to see significant changes in precipitation (Figure 1.2). By the end of the twenty-first century, a 

10-28% change in mean annual arctic precipitation is expected, with the greatest increases 

occurring during the winter months (IPCC, 2013).  

 

 

Figure 1.2: Maps of projected late 21st century annual mean surface temperature change (a); and 

annual mean precipitation change (b) (IPCC, 2013). 

 

These temperature and precipitation changes will have diverse and widespread impacts 

on arctic ecosystems. Water and nutrient cycling processes, along with microbial and vegetative 

communities, are likely to change in conjunction with these climatic alterations (Glanville et al., 
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2012). For instance, moisture regimes, affected by precipitation patterns and active layer depth, 

play a significant role in plant community distribution and thus in surface-atmosphere carbon 

exchange (Nobrega & Grogan, 2008). More specifically, plant community type is an influential 

factor in gas exchange, since the type of plant, as well as environmental variables, dictate gas 

exchange at the leaf level (Box, 1996). Furthermore, plant community type has a strong influence 

on below-ground CO2 release, especially during summer months (Grogan & Chapin, 1999). As a 

result, it is anticipated that changing moisture regimes will alter the nature (i.e., patterns and 

processes) of vegetation communities on the land surface (Verville et al., 1998; Wookey et al., 

2009), leading, therefore, to altered carbon exchange regimes.  

1.2 Study Area 

This study focusses on the Canadian High Arctic.  As illustrated in Figure 1.1, the 

Canadian High Arctic is considered to be the area north of the mainland, encompassing most of 

the Canadian Arctic Archipelago (Bliss & Matveyeva, 1992).  Of particular interest to this study 

are under-studied High Arctic vegetation communities, characterized by prostrate shrubs and 

cushion plants (in contrast to low-shrub and dwarf shrub landscapes of the Low Arctic). 

Significant areas of the High Arctic have little plant cover at all, where coarse materials occur 

both at sea level and at higher altitudes on plateaus (Bliss & Matveyeva, 1992). Within the 

Canadian High Arctic then, we find a series of different ecological communities generally 

transitioning along a moisture gradient, with dry, mesic, and wet providing the broad distinctions 

(Bliss & Matveyeva, 1992; Nobrega & Grogan, 2008; Atkinson & Treitz, 2013). 

Data collection for this study was conducted at the Cape Bounty Arctic Watershed 

Observatory (CBAWO), on the south side of Melville Island, NU (Figure 1.3). This site in the 

Canadian High Arctic (74.9 °N, 109.6 °W) contains three dominant vegetation communities 

within a relatively small area and across a moisture gradient: polar semi-desert; mesic tundra; 

and, of primary importance for this research, wet sedge meadows (Figure 1.4).  
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Figure 1.3: Map showing Melville Island (inset) and CBAWO site (red star) in the Canadian 

High Arctic. 

 

 

Figure 1.4:  The three dominant vegetation types at the CBAWO: a) polar semi-desert; b) mesic 

tundra; and c) wet sedge meadow. 
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1.3 Wet Sedge Meadows 

This study focuses specifically on high arctic wet sedge meadows, and is concerned with 

identifying and explaining patterns in the seasonal dynamics of carbon exchange over these 

landscapes, as they relate to environmental and biophysical variables such as temperature and 

moisture availability.  Wet sedge meadows are important ecosystems within the Canadian High 

Arctic, being easily the most productive communities (Henry & Freedman, 1990; Epstein et al., 

2000). Also called ‘mires’ (Bliss & Matveyeva, 1992), they are heavily influenced by moisture 

regimes and temperature, and generally occur in lowland ‘oasis’ sites where conditions remain 

wet throughout the growing season (Henry, 1998). Wet sedge communities are usually located 

adjacent to, or down-slope from long-term snow packs, streams, or water-bodies. These areas are 

characterized by the presence of sedges (e.g., Carex, Eriophorum), grasses (e.g., Arctagrostis, 

Alopecurus, Dupontia), mosses (e.g., Sphagnum, Schistidium), and occasionally Arctic Willow 

(Salix), among others (Brassard, 1971; Henry, 1998, J. Wagner, personal communications).  

Preliminary research suggests that wet sedge meadows are sinks for carbon (Nobrega & 

Grogan, 2008; Hill & Henry, 2011), yet the key controls, and the scale at which those controls 

act, are not well understood, seasonally or annually. Arctic soils currently store massive amounts 

of carbon (Tarnocai et al., 2009) and wet sedge meadows  are likely important regions for long 

term storage and future sequestration. These communities’ carbon exchange regimes are balanced 

with processes of photosynthesis (with relatively high rates of primary production compared to 

other sites in the High Arctic) and respiration (plant and soil respiration), each tightly governed 

by variables such as incoming solar radiation, moisture, and temperature regimes which change 

within seasonal and yearly time spans.  

These delicately balanced ecosystems currently cover approximately 1% of the 

unglaciated land area in the Queen Elizabeth Islands of the Canadian High Arctic (Babb & Bliss, 

1974). Although constituting a small overall proportion of the landscape, these systems still cover 
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thousands of square kilometers. With warmer temperatures and expected reductions in summer 

moisture inputs (Hinzman & Kane, 1992; Curtis et al., 1998), wet sedge communities may suffer. 

If the preliminary research is correct (Nobrega & Grogan, 2008; Hill & Henry, 2011), then a 

reduction in wet sedge meadow areas may result in the loss of a strong negative feedback to 

rising atmospheric CO2 levels (Oechel et al., 1993; Mack et al., 2004). Conversely, Hill and Greg 

(2011) reported that between 1980 and 2005 there was a significant increase in biomass in wet 

sedge communities due to experimental warming and fertilization. If conditions induced by 

climate change in the Canadian High Arctic provide increasing areas suited to this vegetation 

type, then increases in existing sedge meadow biomass will be accompanied by increases in the 

percentage of land area occupied by wet sedge meadows. Enhanced wet sedge communities 

would then potentially provide a negative feedback to increasing atmospheric CO2 levels, 

sequestering more carbon than in previous years.  

1.4 Rationale 

It is crucial, then, to examine the underlying drivers of carbon exchange in these 

communities over the growing season in order to better understand how wet sedge meadows 

function currently and how carbon exchange in these areas may be impacted in the future. Wet 

sedge meadows occur under different temperature and moisture regimes than other high arctic 

communities, and may be governed by different variables at different points in the season. 

Changing climatic conditions have the potential to alter the feedbacks on which these 

communities lie, and induce significant changes to vegetation patterns and carbon storage across 

the High Arctic.  

An understanding of the community-specific controls over carbon dioxide exchange in 

wet sedge meadows would then facilitate the prediction of future changes in net carbon exchange 

in the Canadian High Arctic with changing vegetation patterns. Linking CO2 exchange rates over 

space and time to the environmental variables which govern them and to the surface vegetative 
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characteristics that result, allows for more spatially and temporally accurate carbon budgets to be 

created and predictions to be made regarding future carbon storage  or release.  

To accomplish this, CO2 flux (i.e., the exchange of CO2 between the vegetation/soil and 

the atmosphere) can be measured at varying temporal frequencies and spatial resolutions, 

reflecting net ecosystem exchange (NEE) and its components (Gross Primary Productivity (GPP) 

and Ecosystem Respiration (ER)) for the area of interest. Environmental variables such as soil 

and air temperature, incoming solar radiation, and soil moisture can be measured in conjunction 

with these CO2 exchange rates. In addition, remotely-sensed data can be collected and used to 

distinguish changes in the surface vegetation which reflect these other community characteristics 

over space and time. Spectral derivatives such as time-series of the Normalized Difference 

Vegetation Index (NDVI) translate spectral information (i.e., spectral properties of a surface) into 

biophysical information (e.g., the ‘greenness’ of a surface), and are useful methods for 

characterizing vegetative phenology over time (Stow et al., 2004). Together, these environmental 

and biophysical characteristics and relationships may be used to define CO2 exchange.  

With these finer-scale processes understood for specific community types, patterns of 

carbon dioxide exchange over larger areas of the landscape may be quantified with more 

confidence. Including information from more productive sites in the High Arctic – such as wet 

sedge meadows – in landscape-level models will contribute to an improved understanding of high 

arctic ecosystem exchange processes and will enhance the potential for informed environmental 

policy strategies and decision-making as the High Arctic transitions to a new state. It is essential, 

then, that we expand our understanding of the temporal and spatial dynamics of current wet sedge 

meadow carbon dioxide exchange to contribute to a more complete picture of High Arctic carbon 

storage in a changing climate. 
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1.5 Research Questions  

This research investigated, at two spatial and temporal scales, several questions specific 

to wet sedge meadows at a high arctic study site: 

 

1. Are wet sedge communities net sinks of CO2 over the growing season, and second, how do 

CO2 fluxes vary across the growing season?  

Wet sedge meadows are expected to be net sinks over the growing season, based both on 

previous studies in similar communities and on the (relatively) substantial rates of GPP 

expected in these vegetated areas. GPP is expected to increase throughout the season as 

temperatures increase and biomass accumulates. ER rates are anticipated to increase as 

temperatures increase. The temporally intensive autochamber measurements are expected to 

be more successful in capturing CO2 exchange over time. These matters will be addressed by 

quantifying CO2 flux (i.e., NEE and ER) for three wet sedge vegetation communities at two 

scales (static and autochamber) during the 2014 growing season.  

2. Are spatially variable abiotic regimes within wet sedge meadows important for landscape-

scale carbon exchange processes?  

Wet sedge meadows are considered more spatially homogeneous than other high arctic 

communities, but differences in soil moisture (and likely temperature) can still be 

distinguishable within these areas. Significant differences in CO2 flux rates are expected 

between ‘wet’ and ‘dry’ areas within the wet sedge meadows, as soil moisture is a strong 

influencing variable for vegetation growth (and therefore GPP) and for ER. This will be 

investigated by tracking differences in environmental predictors and in flux between dry and 

wet designations within the wet sedge meadows. 
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3. What is the relationship between NDVI and CO2 exchange for wet sedge meadows (i.e., can 

NDVI values be used to explain fluxes)?   

Significant correlations have been established between NDVI and CO2 exchange in 

communities in the Low Arctic. At the CBAWO, however, previous studies indicate that 

while GPP and ER have been positively correlated with NDVI, the relationships were not 

significant (Gregory, 2011). It is hypothesized that changes in NDVI over the season may 

not be large enough to be correlated to CO2 flux rates, and that NDVI may not be a strong 

predictor of seasonal flux in these systems. This relationship will be investigated by tracking 

changes in phenology (i.e., NDVI measurements) associated with seasonal CO2 flux 

measurements for these wet sedge communities.  

4. What environmental variables govern CO2 flux, are there trends in those relationships, and 

can those relationships be used to model (or predict) CO2 fluxes? 

Several abiotic (i.e., environmental) variables are expected to govern CO2 flux in these 

communities (in combination), and that these relationships may vary across space and 

through time (i.e., season). Air temperature, soil moisture, soil temperature, active layer 

depth and photosynthetically active radiation (PAR) may all be significant factors in CO2 

exchange and be potential model variables. It is hypothesized that temperature will be the 

most important control over ER, and that PAR will be the strongest short-term control over 

GPP, but temperature will be the strongest control factor on GPP over the season. These 

relationships between flux predictors (i.e., environmental variables) and CO2 flux will be 

examined over the growing season, and predictive models of CO2 fluxes will be generated 

using NDVI and several environmental variables. 
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1.6 Thesis Outline 

The second chapter expands upon what has been presented in the Introduction, providing 

more in-depth explanations of the region of interest, the feedbacks which govern the relevant 

systems, and their potential for change in a warming climate. It reviews the key literature to date 

on the measurement of CO2 exchange in the High Arctic, spectral indices, and the creation of CO2 

models, serving as a guide for the focus of this study and the approaches used.  Chapter 3 

provides more detailed information about the study site and experimental design, as well as 

methodologies for collecting CO2, environmental, and NDVI measurements, and for subsequent 

calculations and derivations. Statistical modelling methods are also explained in this section. 

Chapter 4 presents results of data collection at the bi-weekly and half-hourly scale. Chapter 5 will 

then discuss the observed environmental and biophysical trends within the wet sedge meadows 

and their connection to CO2 flux trends. The chapter then addresses the model selection and 

validation process in order to assess the feasibility of producing predictive models of CO2 

exchange in these systems at different scales. This manuscript concludes with a summary chapter 

(Chapter 6) comprised of conclusions and recommendations for further research. 
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Chapter 2 

Literature Review 

This chapter serves to provide a scientific and methodological basis for this study and for 

further discussion by providing an examination of the current state of knowledge regarding 

relevant systems, processes and approaches to analysis in this field. The chapter begins by 

elaborating on the current state of climate change in the Arctic and on future changes anticipated 

in these systems. Here, the significance of the Arctic is argued in the context of carbon storage, 

first from a contemporary perspective and then in terms of future trends; i.e., specific processes of 

surface-atmospheric carbon exchange are discussed. The importance of changes to vegetation 

communities are laid out, as well as some of the methods used to quantify them and connect 

vegetation cover to carbon exchange. Finally, a summary of some key modelling approaches for 

predicting CO2 exchange in the Arctic are presented, providing  further context with which to 

consider questions proposed in this study. 

2.1 Climate Change in the Arctic 

A vast body of scientific literature is dedicated to furthering our understanding of 

contemporary and future global climate change. It is clear that in the northern hemisphere, 

especially at high latitudes, warming is occurring faster than elsewhere on the earth’s surface 

(IPCC, 2013). Debate about the specific mechanisms of this ‘arctic amplification’ continue, but 

certainly these changes involve complex and inter-related feedback systems involving snow and 

ice accumulation, surface albedo, atmospheric and oceanic heat transport, and vertical and 

horizontal energy transport (Meltofte et al., 2008). Changes to these feedbacks drive countless 

complex changes in arctic terrestrial and oceanic temperatures, precipitation, and snow/ice cover 

at a variety of spatial and temporal scales (Graversen et al., 2008; Crespin et al., 2012; Screen et 

al., 2012).    
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Changing temperature regimes can be a useful starting point in examining these altered 

feedbacks in the Arctic. Numerous records indicate marked warming in the Arctic since the 

1970’s (Kaufman et al., 2009; Fyfe et al., 2013; IPCC, 2013), with greater warming observed 

during winter months (Serreze et al., 2000; Crespin et al., 2012). These temperature changes have 

resulted in the earlier onset of spring (Hinzman et al., 2005; Høye et al., 2007), and in warmer 

and longer summers becoming commonplace across the Arctic (Elmendorf et al., 2012; Schmidt 

et al., 2012). Major losses in arctic sea ice are occurring year after year, with lengthened sea ice 

melt seasons and widespread delays in autumn freeze-up (Stroeve et al., 2014). Changes in 

precipitation across the Arctic occur alongside these temperature variations, strongly influencing 

surface hydrological cycles. While precipitation has generally increased in the north (Meltofte et 

al., 2008), winter temperatures have been higher than recent climate normals, resulting in more 

variable winter snowfall (Cohen et al., 2012; IPCC, 2013).   

In the coming decades, these amplified changes in temperature and precipitation in the 

Arctic are very likely to continue. Models predict continued warming in the Arctic, especially at 

latitudes above 70º North, with surface temperature increases upwards of 4 ° C by 2100 (IPCC, 

2014). The Arctic is likely to experience change not only in the magnitude of warming, but also 

in the timing of seasonal temperature patterns (Euskirchen et al., 2006; Walsh et al., 2011). 

Earlier springs and later falls are expected to occur, resulting in warmer and longer growing 

seasons. These changes in temperature and precipitation will likely drive secondary impacts on 

hydrological cycles (e.g., changes in snow accumulation, timing of melt), on active layer depth 

(i.e., deepening of the active layer), and on plant phenology (e.g., timing of greening, flowering, 

and senescence), that are likely to result in increased biological productivity and altered 

vegetation communities (both distribution and composition) (Gough & Hobbie, 2003; Hinzman et 

al., 2005; Elmendorf et al., 2012). 
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2.2 Carbon Storage and Cycling at High Latitudes 

Currently, vast amounts of soil organic carbon – upwards of 1600 Pg – are stored in 

permafrost soils across the Arctic (Tarnocai et al., 2009) (Figure 2.1). The Canadian Arctic 

encompasses about one third of the global tundra and more than half of all arctic tundra (Bliss & 

Matveyeva, 1992), making the region incredibly important to current global carbon storage and 

future changes. Temperature and precipitation changes in the Arctic in the coming decades are 

expected to drive substantial changes in carbon storage by altering patterns of carbon exchange 

between the surface and atmosphere. This exchange occurs in a number of ways, most commonly 

through carbon dioxide (CO2) and methane (CH4) exchange in either aerobic or anaerobic 

conditions, through autotrophic processes (e.g., plant photosynthesis and respiration), 

heterotrophic processes (e.g., microbial respiration, methanogenesis), or through abiotic exchange 

with water in wet environments or fluvial systems (e.g., diffusion).   

The potential changes in carbon storage are significant for both the large amount 

currently stored in arctic soils and for any future terrestrial carbon sequestration. Although soils 

in the High Arctic have much lower carbon densities compared to Low Arctic soils (Ping et al., 

2008) (Figure 2.1), these landscapes still account for a large proportion of global permafrost 

soils, and therefore represent a significant potential sink or source for carbon. Many of the 

complex controls which govern processes of surface-atmosphere carbon exchange in specific 

regions of the Arctic are not fully understood and must be more thoroughly investigated if future 

change to carbon storage is to be understood or predicted. 
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Figure 2.1: Map showing the spatial extent of soil organic carbon content in the Arctic, to a depth 

of 1m (Hugelius et al., 2013) (adapted from Tarnocai et al., 2007). 

 

The exchange of carbon between the Earth’s surface and atmosphere occurs 

predominantly in the form of CO2 gas exchange (Lafleur et al., 2012). Terrestrial release 

(atmospheric gain) of carbon is largely accomplished via respiration – either autotrophic (i.e., 

plants) or heterotrophic (i.e., soil microbes). This release is balanced against terrestrial uptake 

processes such as plant photosynthesis. These two opposing processes are components of overall 

net ecosystem production (NEP) or net ecosystem exchange (NEE), presented (among others) as 

rates of carbon exchange from a terrestrial perspective or from an atmospheric perspective. The 
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equation below illustrates a commonly-used method in the literature to describe carbon exchange 

in terms of terrestrial carbon:  

Net Ecosystem Production (NEP) = 

Gross Ecosystem Production (GEP) – Ecosystem Respiration (ER)  

That is to say that net ecosystem production (i.e., the net accumulation of carbon, usually over a 

season) is equal to the uptake (i.e., primary production) minus what is lost to the atmosphere by 

respiration. Conversely, an atmospheric perspective is often more relevant for framing 

discussions of CO2 exchange, as is the case in this study, where: 

Net Ecosystem Exchange (NEE) = 

Ecosystem Respiration (ER) – Gross Primary Productivity (GPP) 

That is to say that NEE (i.e., overall CO2 exchange) is equal to what the atmosphere gains 

through respiration (positive values) minus what the terrestrial system sequesters with respect to 

productivity (negative values) (Chapin et al., 2006).  

2.3 Controls on Carbon Cycling  

In the Arctic, systems are tightly constrained, functionally and spatially, by temperature 

and moisture thresholds (Hinzman et al., 2005). The permafrost inhibits decomposition of organic 

matter and therefore the release of carbon to the atmosphere. High water tables, maintained by an 

impervious permafrost layer, also limit aerobic decomposition. Shallow active layers inhibit deep 

root growth, physically limiting plant biomass and carbon sequestration through photosynthesis 

(i.e., limiting productivity)(Hudson & Henry, 2009). Large seasonal gradients of incoming solar 

radiation, air temperature, and moisture availability (Figure 2.2) create narrow windows for 

photosynthetic activity, to which native species have adapted over time (Meltofte et al., 2008). 
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Many other ecosystems in the High Arctic have even longer periods of significant snow depth 

and smaller windows for biomass production. 

 

Figure 2.2: Seasonal characteristics of an ecosystem based on climate data from Zackenberg 

Research Station in Northeast Greenland (Meltofte et al., 2008). 

 

In the Low Arctic, GEP is typically four times greater than in the High Arctic – attributed 

to greater overall plant biomass and leaf area and more moderate environmental conditions 

(Lafleur et al., 2012). However, at decreasing latitudes in the Low Arctic (i.e., with warmer 

temperatures and greater solar intensity) NEE increases (i.e., more carbon is released to 

atmosphere), driven by higher rates of ER (Lafleur et al., 2012). Despite strong environmental 

constraints on primary production, many areas in the Low Arctic demonstrate annual carbon 

storage (Oechel et al., 1993; Nobrega & Grogan, 2008), as do some in the High Arctic (Gregory, 

2011; Lafleur et al., 2012). These high arctic landscapes are often delicately balanced, many 

having negative (or close to zero) annual NEE, where GPP only slightly exceeds ER. Here, 

changing seasonal temperature and moisture regimes and subsequent changes to vegetation 

become increasingly important since annual GPP and ER are closely balanced, and a small 

change in either process could mean the difference between being a sink or source of carbon. 
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There is therefore a need to explore what is understood about the factors governing rates 

of NEE and ER in these systems. Several environmental constraints play crucial roles in 

governing these processes. Available light (i.e., amount of PAR reaching the surface) is the most 

basic constraint to GPP, as photosynthesis cannot occur in its absence. The continuous or almost 

continuous daylight hours in the growing season at high latitudes provides prolonged opportunity 

for plant production. Temperature, though, is also an important constraint to GPP, and appears to 

govern productivity differently in different systems. Arctic plants are generally well adapted to 

cold temperatures, maintaining photosynthesis even at 0ºC, though their optimum temperature 

has been reported to be around 15ºC (Chapin, 1983). Increases in soil temperature were found to 

cause higher stomatal conductance in Salix arctica, driving a higher photosynthetic gain, while 

conductance was strongly reduced below 4ºC (Dawson & Bliss, 1989). Studies of vegetation 

communities in the Low Arctic have consistently associated increased temperatures with greater 

biomass or production (Chapin et al., 1995; Elmendorf et al., 2012; Natali et al., 2012; Zamin et 

al., 2014), enhanced shrub production (Mack et al., 2004), and increased graminoids (Gough & 

Hobbie, 2003), but reduced production of nonvascular plants (Chapin et al., 1995). Literature in 

other arctic systems has found contrasting results, however, as Street (2007) found no significant 

relation between soil (or air) temperature and GPP.  

Other environmental factors impose strict controls more directly over biophysical aspects 

of production such as plant canopy development (Street et al., 2007). Soil nutrient availability, 

namely of nitrogen (N), has a large impact on production and biomass (Shaver et al., 1992). 

Numerous studies have established the importance of foliar/canopy nitrogen allocation to 

production (Williams & Rastetter, 1999; Arndal et al., 2009), indicating that in arctic systems, 

similar to temperate systems, N may be a strong limiting factor to plant production. In arctic 

ecosystems, the addition of nitrogen fertilizer has been shown to increase primary production and 

biomass significantly through increased nutrient uptake (Boelman et al., 2003; Gough & Hobbie, 
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2003; Zamin et al., 2014). Leaf area is also a major biophysical variable that is a significant driver 

of photosynthesis in arctic systems. In the Low Arctic, rates of GEP were highest in areas where 

LAI and vegetation cover were high (Nobrega & Grogan, 2008). It has been shown that LAI is a 

strong predictor of ecosystem photosynthesis (Street et al., 2007), and that differences in LAI 

among arctic ecosystems can impact GPP by a factor of two or more (Williams 1999).  

However, leaf area or biomass cannot be used in isolation to explain productivity in arctic 

ecosystems, as places with lower biomass can actually yield higher rates of GEP because of 

higher leaf N (Arndal et al., 2009). Soil moisture has been shown to indirectly limit carbon  

dioxide exchange through soil nitrogen dynamics, where high soil moisture limits rates of N 

mineralization leaving saturated soils with less available N for uptake by vegetation (Dagg & 

Lafleur, 2011). Moisture itself, apart from nutrient regimes, can govern productivity in northern 

regions (Nobrega & Grogan, 2008), illustrated by the vastly lower amounts of vegetation found in 

dry polar deserts compared to the more productive wet sedge meadows.  

Temperature and moisture regimes are also well-researched in the context of ER, 

especially at lower latitudes. Temperature is a strong driver of ER, with a plethora of research 

substantiating the positive relationship between the two (Grant et al., 2003; Street et al., 2007; 

Savage et al., 2009) with, for example, rising air temperature being shown to specifically increase 

heterotrophic respiration in arctic tundra ecosystems (Grant et al., 2003). Biasi (2005) found 

distinctly different structures in soil microbial communities at different incubation temperatures, 

and Michaelson (2003) demonstrated that a change from 4 ºC to -2 ºC significantly reduced 

respiration in the organic layer. 

However, temperature is not always the primary control on respiration (Nobrega & 

Grogan, 2008). In some arctic systems, ER dependence on temperature was only found at drier 

sites (i.e., saturated soils produced no temperature effects), indicating that temperature produces a 

strong effect only up until a certain moisture threshold (Dagg & Lafleur, 2011). Soil respiration, 
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then, varies across ecosystems of differing hydrological regimes (Grogan & Jonasson, 2005), 

where we see ER limited in very dry soil and very saturated soil (Nadelhoffer et al., 1997; Dagg 

& Lafleur, 2011). Studies in forest ecosystems echo the importance of soil moisture to 

respiration, where impacts of temperature on ER were small and soil water availability was a 

greater constraint to GPP (Williams et al., 1997). Vourlitis (2000) observed that differences in 

carbon exchange between wet-sedge and moist-tussock tundra were the result of differences in 

water table depth.  Oechel (1998) found that lowering the water table by a mere 7cm could 

change the seasonal wet sedge net CO2 flux from a sink to a source. Similarly, Illeris (2003) 

found a significant effect of water addition to soil respiration in polar semi-deserts.  

It should be noted that in wet systems especially, although CO2 may be limited, carbon 

release to the atmosphere can occur in the form of methane (CH4). The release of methane is 

governed by its own host of influencing factors, and has a global warming potential many times 

that of CO2 (Lashof & Ahuja, 1990; IPCC, 2013). In wet sedge meadows, plant transport was the 

dominant pathway for CH4 release (Schimel, 1995; Verville et al., 1998), and changes in 

vegetation and soil patterns were projected to have the strongest influence on CH4 cycling in the 

future (Verville et al., 1998). Therefore despite potential decreases in CO2 respiration, CH4 

emissions are likely to increase (Christensen, 2003; Grant et al., 2003), thereby contributing 

significantly to atmospheric carbon and climate forcing in the future.  

Nutrient regimes are also an important constraint on CO2 respiration (Yoshitake et al., 

2007), especially in northern regions where nutrient cycling is comparably slow (Jonasson et al., 

1999).  Increased availability of soil nutrients elevates ER (Heskel et al., 2012) particularly in 

conditions of increasing temperatures (Street et al., 2007). Thus, the influence of temperature on 

rates of ER is moderated by moisture and nutrient availability. Studies in wet sedge vegetation 

have found enhanced respiration in long-term fertilizer experiments that may be due to the 
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combination of increased litter input, increased root biomass, or thicker soil organic mats (Shaver 

et al. 1998; Johnson et al. 2000; Boelman et al. 2003), thus linking plant production with ER.  

These constraints to ER (and NEE) can occur both in isolation and in combination with 

one another, and will not necessarily influence each carbon exchange process in the same way. 

For example, when Grant (2003) found the significant reductions in respiration associated with 

increasing soil moisture, no increase in GPP was observed. When Heskel et al. (2012) found 

increases in respiration due to fertilization, they found no accompanying increase in productivity, 

whereas Flanagan (2005) (in a northern temperate grassland) found an increase in respiration but 

not in biomass. There is clearly a delicate balance between temperature, moisture, nutrient 

availability, and microbial and plant activity, driving varying rates of ER, GPP, and ultimately 

NEE through time and across landscapes.  

2.4 Vegetation Communities and Carbon Exchange in the High Arctic 

Although the Arctic is commonly divided into High, Low (and Sub) designations, the 

landscapes within these broad categories are extremely heterogeneous, encompassing 15 major 

plant community types, and housing more than 400 plant species (Walker et al., 2005). 

Vegetation communities generally progress along latitudinal (i.e., temperature), topographic, and 

moisture gradients. The different communities – each the result of a unique combination of 

abiotic conditions and biotic relationships – exhibit unique rates of primary production and 

nutrient cycling, which results in differing rates of carbon exchange. Each community therefore 

contributes differently to larger regional and pan-Arctic carbon budgets.  

Plant communities and carbon exchange processes in the High Arctic are relatively 

under-researched despite the fact that they have great potential for future change. Though there is 

a plethora of CO2 exchange experiments in tundra systems around the world, most of these 

studies have been conducted south of the High Arctic, with the vast majority being conducted in 
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Alaska, USA (Shaver et al., 1992; Oechel et al., 1998; Vourlitis et al., 2000b; Sistla et al., 2013) 

and the North West Territories, Canada (Nobrega & Grogan, 2008; Humphreys & Lafleur, 2011; 

Grogan, 2012).  Ecosystems of the Low Arctic are much more productive than those of the High 

Arctic, functioning in often vastly different environments.  As a result, it is difficult to extend the 

results of these studies to the High Arctic.  

The High Arctic is sparsely populated and largely inaccessible. Hence, costs for 

conducting research are high, resulting in few long-term study sites and even fewer addressing 

CO2 exchange. Those studies that have explored carbon cycling in the High Arctic are often 

focused solely on drier mesic sites (Epstein et al., 2000; Illeris et al., 2003; Glanville et al., 2012), 

or are conducted in select areas such as Svalbard (Oberbauer et al., 2007; Björkman et al., 2010; 

Lund et al., 2012). Focusing on only certain landscape types or on few locations does not yield 

data representative of the High Arctic and may contribute to an oversimplified view of carbon 

exchange processes in the Arctic. 

Wet sedge meadow communities are important ecosystems in the context of carbon 

cycling in the High Arctic, yet little is known about the controls on CO2 exchange in these 

systems.  These plant communities, though not making up a large proportion of the landscape, are 

highly productive (Henry, 1998) and have been found to be sinks for CO2 (Nobrega & Grogan, 

2008; Gregory, 2011; Hill & Henry, 2011). Figure 2.3 depicts typical biophysical characteristics 

and carbon exchange processes of a wet sedge meadow during the growing season. In order to 

understand how these ecosystems will respond to changes in climate, we need to recognize their 

current trends in CO2 exchange, and gain a better understanding of the key controls which govern 

those exchange processes.  

Henry produced several baseline studies on wet sedge ecosystems in the High Arctic 

(Henry & Freedman, 1990; Henry, 1998), exploring net primary production (NPP) rates and 

species-environment relationships. Wet sedge meadows had little natural variation in productivity 
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from year to year, attributed to stable environmental and soil conditions, large below-ground 

biomass reserves, and a seemingly fixed sedge growth period. Though little temporal variation 

was found over longer time spans, there was significant spatial variability in wet sedge 

production across the Arctic, mostly due to the effects of grazing in different regions. 

Environmental responses of species of interest such as Eriophorum vaginatum have also been 

investigated and modeled (Leadley & Reynolds, 1992), though more from a plant physiology and 

soil nutrient perspective than in terms of carbon exchange.  

 

Figure 2.3: A diagram illustrating the structure and typical carbon exchange processes (in italics) 

of a High Arctic wet sedge meadow during the growing season.  

 

Most contemporary research concerning CO2 exchange in wet sedge meadows has been 

conducted in the Low Arctic (Shaver et al., 1992; Welker et al., 2000; Sullivan & Welker, 2005; 

Nobrega & Grogan, 2008). In the High Arctic, studies of wet sedge meadows have focused on 
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production and biomass change under warming conditions. Studies have tested the effects of 

natural and artificial warming on above- and below-ground biomass, finding significant increases 

in wet sedge biomass with warming, i.e., increased GEP (Boelman et al., 2003; Hill & Henry, 

2011; Elmendorf et al., 2012). In a closely-balanced system, any increases in GEP must then 

outweigh increases in ER in order for NEP to increase. Sistla et al. (2013) found an increase in 

NEP at their study area in the Low Arctic, due to greater primary productivity which was 

unmatched by organic matter decomposition (i.e., ER), results that have been echoed by several 

others at lower latitudes (Hunt et al., 2004; Mack et al., 2004; Flanagan et al., 2013). Conversely, 

Welker (2004) investigated the effects of warming on CO2 exchange in wet sedge meadows of 

the High Arctic, finding that net ecosystem carbon uptake (i.e., NEP) decreased significantly with 

warming due to the offset of increased ER during the growing season. While it is clear that 

greater productivity is likely to occur in these systems, associated changes in ER remain 

uncertain. 

Much of the research into these systems occurs during the growing season, however cold 

season regimes are also important to consider in annual carbon budgets, especially for ER 

budgets. Grogan (2012) notes that – in the Low Arctic – winter NEE not only varies between 

vegetation communities (making the case for community-specific studies), but that it is extremely 

important to annual carbon budgets as it can significantly offset carbon uptake during the growing 

season. Although winter sampling is challenging and often not included in data collection, cold 

season exchange likely has a significant influence on annual budgets. Other studies have noted 

the importance of seasonal shoulders (i.e., spring and fall) which are often missed during summer 

data collection and may be important contributors to annual budgets (Nobrega & Grogan, 2008).  

Although the literature provides important indications of general carbon trends in these 

systems – both in terms of seasonal plant production and in terms of the balance between GPP 

and rates of ER – there remains a lack of knowledge and consensus regarding the specific 
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mechanisms driving those exchange processes in wet-sedge meadows of the High Arctic. There is 

clearly a delicate balance between GPP and ER in many of these systems, but there remains a 

clear lack of understanding of how warming conditions will impact the relationship between these 

processes. Hence, this study aims to complete a detailed examination of seasonal CO2 exchange 

for wet sedge meadows in the Canadian High Arctic to gain a better understanding of the 

mechanisms driving CO2 exchange processes in these communities in order to better predict the 

response of these systems to changes in climate.  

2.5 Potential Impacts: CO2 Exchange in the High Arctic 

Although carbon exchange processes are not well understood in the High Arctic, 

established biological and biophysical relationships across northern latitudes can provide an 

indication of potential future directions of change in these systems. For example, it is known that 

snow acts as an insulator, thereby increasing soil temperatures (Sturm & Schimel, 2005).  Further, 

drier soils can result in higher surface soil temperatures (Oechel et al., 1995) due to their low heat 

capacity, with water table depth being a strong control on carbon dynamics. With warming, 

permafrost degradation releases nutrients into the soil (Shaver et al., 1992; Reyes & Lougheed, 

2015), increasing the availability for plant uptake. While many relationships such as these have 

been established (in isolation), it is the complex interactions between relationships, when multiple 

drivers act alongside one another, that render their responses to a changing climate so difficult to 

anticipate.  

Based upon established biophysical relationships, several potential scenarios could 

describe future responses of high arctic vegetation communities to climate change. Seasonal 

shifts in phenology will likely lead to longer growing seasons (Sullivan & Welker, 2005; Høye et 

al., 2007). However, Wolkovich et al. (2012) caution that warming experiments likely vastly 

underpredict potential phenological changes. Biomass will very likely continue to increase as 

temperatures increase and precipitation patterns change (Natali et al., 2012; Zamin et al., 2014). 



 

 

25 

Warming will likely increase decomposition of soil organic materials (i.e., increase nutrient 

availability, increase ER) (Mack et al., 2004; Biasi et al., 2005), especially if the water table is 

also lowered due to the thawing of permafrost (Oechel et al., 1993; Schlesinger, 1997). This 

warming would result in greater amounts of previously immobile carbon being released into the 

atmosphere as bi-products of heterotrophic decomposition, in the form of CO2 (in drier 

conditions) or methane (CH4) (in wetter conditions). This response, however, may be transitory, 

as increased rates of decomposition may be short-lived (Sistla et al., 2013). The warming and 

increased nutrient availability is likely to increase plant production and potentially increase 

carbon storage (Mack et al., 2004), though others caution that the loss of C through increasing 

decomposition outweighs C accumulation in biomass/litter (Nowinski et al., 2008). 

The spatial organization of vegetation communities is also likely to be impacted by future 

environmental changes (Verville et al., 1998; Wookey et al., 2009). Some areas of the Arctic are 

already seeing ecological shifts to plant communities with more photosynthetic capacity (Hudson 

& Henry, 2009). Areas of the Low Arctic are experiencing encroachment of species from lower 

latitudes, including the expansion of shrubs into areas which were previously unsuitable (Stow et 

al., 2004; Meltofte et al., 2008; Sistla et al., 2013). Thus, regions that were once too cold or too 

dry for certain species may in the future become more hospitable to new types of vegetation. A 

long term study in a high arctic heath (part of the international tundra experiment, ITEX) found 

that over a 13-year period, the plant community became more productive, with bryophytes and 

evergreen shrubs becoming more abundant (Hudson & Henry, 2009). Wookey (2009) proposes 

that shifts in plant dominance will result in an intricate series of biotic cascades and feedbacks, 

which will either enhance or counteract/offset previous carbon regimes.  

If conditions induced by climate change in the Canadian High Arctic provide increasing 

areas suited to wet sedge meadows, then in addition to increases in biomass within existing wet 

sedge communities, the percentage of land area occupied by wet sedge meadows could increase 
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significantly – though topography would strongly limit potential expansion. For example, if 

winter snowfall increases in combination with warmer summer temperatures, and wet sedge areas 

are able to remain wet during summer months, biomass is likely to continue to increase, and other 

areas previously unsuitable (e.g., too dry) may then become suitable for these plant communities. 

If preliminary research is correct (Nobrega & Grogan, 2008; Hill & Henry, 2011), then enhanced 

wet sedge communities would provide a negative feedback to atmospheric CO2 concentrations, 

i.e., sequestering more carbon.  

Conversely – and perhaps more likely – if snow cover is significantly depleted due to 

decreasing winter precipitation (noted already in the 1980’s (Curtis et al., 1998)) and if warmer 

temperatures increase the depth of the active layer during summer (Hinzman & Kane, 1992), drier 

growing seasons are likely to occur. Without perennial snow packs to provide moisture during the 

growing season and without a shallow active layer to maintain a high water table, wet sedge 

communities would suffer. These conditions would not only limit plant productivity in the Arctic 

(wet sedge meadows are currently the most productive ecosystems in that area (Henry, 1998)) but 

would also facilitate greater rates of soil organic matter decomposition, potentially contributing to 

a positive feedback to atmospheric CO2 (Oechel et al., 1993; Mack et al., 2004).  

To better understand landscape-scale changes in the future carbon balance of the High 

Arctic, we need to better understand the factors driving wet sedge meadow CO2 exchange 

processes and what controls their spatial distribution. Questions include: What factors govern wet 

sedge meadow CO2 exchange throughout the growing season and how might they change in the 

future? How do important controls interact?  Answers to these questions will allow scientists to 

better predict future changes to these ecosystems.   
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2.6 Quantifying and Modelling Landscape Characteristics using NDVI 

Given that vegetation type and soil conditions greatly influence carbon uptake and release 

(through processes such as photosynthesis, respiration, soil carbon storage, etc.), and since 

vegetation communities are indicative of soil conditions, it follows that vegetation communities 

can be an important indicator of surface-atmosphere CO2 exchange (Oechel & Vourlitis, 1996; 

Dagg & Lafleur, 2011). Several plot-level approaches exist for quantifying vegetation 

characteristics such as biomass (e.g., vegetation harvesting, non-destructive point-intercept 

methods), cover estimation (e.g., percent cover, LAI), and species composition (e.g., species 

diversity, abundance).  

Labour-intensive data collection at the plot level, however, can be time consuming and 

costly, and may result in point data that is not readily scalable. When considering Arctic regions, 

where it is necessary to quantify large areas of inaccessible but heterogeneous landscapes, remote 

acquisition of these measurements can be extremely useful. First developed in the 1970’s, these 

vegetation indices (VI’s), derived from satellite data, are useful indicators of surface vegetation 

properties for a variety of environments (Rouse et al., 1973; Stow et al., 2004). These indices can 

be used to reliably transform remotely-sensed data into estimates of green vegetation.  

The Normalized Difference Vegetation Index (NDVI) is the most commonly used index 

for estimating vegetation greenness, based on the spectral reflectance of the surface in question. 

This index is calculated using the difference between reflectance in a visible band (due to high 

absorption of visible wavelengths by chlorophyll in live green vegetation) and a near infrared 

band (highly reflected by live green vegetation due to cell structure). NDVI values range from -1 

to 1, where negative numbers represent water and other non-vegetated surfaces; values close to 

zero represent bare rock, soil, or snow; moderate values represent shrub or grassland, and higher 

values represent temperate and tropical rainforests (Rouse et al., 1973; Canada Centre for Remote 
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Sensing, 1999). The NDVI is extremely useful for quantifying biophysical variables of 

vegetation, and allows for ecosystem analysis at a range of spatial and temporal scales.  

The NDVI has been used for decades in the Arctic to compare vegetation communities 

(Walker et al., 1995; Raynolds et al., 2006, 2008) and to measure vegetation change over time 

(Stow et al., 2004; Raynolds et al., 2013). NDVI provides a useful proxy for LAI, absorbed 

photosynthetically active radiation (APAR), and biomass (Boelman et al., 2003). NDVI has been 

the most widely used vegetation index (VI) for modelling biophysical variables in Arctic 

ecosystems (Stow et al., 2004). Plot-level (e.g., percent cover) and satellite NDVI measurements 

are analyzed to calibrate and validate models for extrapolation of these variables over large 

spatial extents.   

This modelling of plant biophysical properties from NDVI involves the use of linear 

regressions to identify relationships between vegetation properties and the NDVI, which are then 

applied spatially (Atkinson & Treitz, 2013). However, several studies have shown that the ties 

between vegetation and spectral reflectance are often community specific (Laidler & Treitz, 

2003). While models have indicated strong relationships during peak growth, temporal variation 

(e.g., during a short growing season) may be more challenging to capture (Atkinson & Treitz, 

2013). These models do facilitate a better understanding of how spatial variability in plant 

biophysical variables drive vegetation change in certain landscapes, and allow prediction of 

biophysical variables using remotely-sensed VIs. Few studies have, however, explored the full 

range of NDVI/plant biophysical relationships across the full range of arctic vegetation 

communities.   

As discussed, plant biophysical variables are related to surface vegetation (e.g., condition, 

structure, distribution), and are important indicators of ecosystem characteristics such as energy 

balance, water availability, soil structure, and carbon exchange. Variables such as surface and soil 

temperature, above ground biomass, and most commonly, soil moisture have been modelled 
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together with NDVI (or proxies for NDVI such as percent cover) in arctic systems (Jia et al., 

2004; Hope et al., 2005; Engstrom et al., 2008; Laidler et al., 2008). A better understanding of 

those relationships (i.e., understanding the drivers of NDVI) can then facilitate the estimation of 

environmental or biophysical variables using remotely acquired data such as NDVI. Modelling 

has also been used to identify relationships between NDVI, environmental variables, and carbon 

exchange. NDVI has been associated with NPP as early as the 1980’s (Goward et al., 1985) and 

continues to be used to model carbon exchange processes such as GPP, ER and NEE. These 

studies have progressed in recent years, and are discussed in the following section. 

2.7 Modelling CO2 in the Arctic 

With established relationships between basic VIs – such as NDVI – and biophysical or 

environmental variables in the Low Arctic regions, and given the inherent relationship between 

these variables and carbon exchange processes, models can be developed using remotely-sensed 

data to model CO2 exchange in different communities. In other words, models that link CO2 

production to specific biophysical variables that govern these processes can be extended to 

spectral indices that are related to those same variables. 

Previous modeling studies have varied greatly in scope and findings. Many broad-scale 

models were created to investigate pan-arctic carbon storage. These were either satellite-based 

estimates or process-based (Sitch et al., 2007). For example, production efficiency models 

(PEM’s) based on light use efficiency (LUE) and satellite data, experienced challenges 

integrating regional meteorological and physiological traits for estimating global NPP (McCallum 

et al., 2009). Many process-based models have also been created, in the absence of remotely-

sensed data (Clein et al., 2000; Cramer et al., 2001; Callaghan et al., 2004) to further develop our 

understanding of the interacting processes which govern carbon exchange at a variety of scales, 

and to predict future impacts to landscapes due to warming temperatures.  
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Of particular relevance here are the fine-scale carbon exchange modelling studies 

conducted in the Arctic. In Alaska, Ostendorf (1998) used regression in the context of 

topography-based hydrological catchment models to relate soil respiration to water table depth 

and soil temperature. McMichael (1999) modeled CO2 exchange (photosynthesis and respiration) 

across arctic regions using stepwise linear regression to identify daily relationships between 

NDVI and GPP/ER in Alaska. Their study highlighted the need for site-specific relationships and 

the need for greater sample sizes due to high spatial variability. Dagg and Lafleur (2011) 

examined the relationship between moisture and respiration, stopping short of modelling CO2, but 

determining that while moisture was significant in determining gross differences in exchange 

between communities, it did not determine differences in exchange within individual 

communities (i.e., was more significant at a landscape scale than at  plot-level). 

Regional studies (e.g., Vourlitis et al. (2000)) suggest that diel CO2 exchange in 

vegetation types of the Low Arctic may be reliably modelled using PAR or temperature (i.e., 

explaining 75-95% of variance in ER and GPP), but that seasonal estimates would require 

hydrological and phenological inputs. Shaver et al. (2007) argued instead that the use of LAI 

(derived from NDVI) was sufficient for NEE estimation across the Arctic (i.e., explaining approx. 

80% of the variance in NEE) because of a high level of convergence in canopy structure and 

function over the landscape. La Puma (2007) investigated the relationship between NDVI and ER 

and GPP, noting that seasonal variation was important, and concluding that NDVI alone was 

insufficient to estimate CO2 flux rates.  

In 2008, Gregory collected CO2 exchange and plant biophysical measurements at 

CBAWO in the High Arctic (Gregory, 2011), creating one of the first NEE models for a High 

Arctic site. Similar to many lower arctic studies, NDVI correlated strongly with percent cover and 

moisture, as well as vegetation volume. When reviewing CO2 exchange, ER and NEP were 

correlated with NDVI, most strongly when averaged over the season. By combining data from the 
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three main plant community types at CBAWO, a spatial model was created to estimate CO2 

exchange at a landscape scale using NDVI, temperature, and incoming solar radiation. Notably, 

the rate of photosynthesis per unit of NDVI was greater at the beginning of the season, 

highlighting once again the importance of seasonal patterns in CO2 exchange in the Arctic 

(Gregory, 2011). 

McGuire (2000) compared pan-arctic and regional CO2 and biophysical relationships 

historically and then with projected values. Historically, heterotrophic respiration (R) and NPP 

were correlated to the same factors between scales (NPP to net nitrogen mineralization, and R to 

soil moisture). However, in future projections, they found that R and NPP showed different 

sensitivities to temperature, soil moisture, and nitrogen mineralization, concluding that carbon 

storage responses to climate were different at regional and pan-arctic scales, and were also 

variable over time.  

Consensus is still lacking in terms of how to adequately model spatial and temporal 

change in CO2 exchange in the High Arctic, and how to scale up individual ecosystem budgets 

into workable landscape or pan-arctic models (Mcguire et al., 2000; Sitch et al., 2007; Loranty et 

al., 2011). In addition, the majority of CO2 modelling studies have been focused on drier tundra 

communities, almost exclusively in the Low Arctic – few have explored the links between 

biophysical variables and NDVI for the High Arctic, or in wetter landscapes such as wet sedge 

meadows. Once the underlying relationships and driving mechanisms of CO2 exchange in high 

arctic wet sedge meadows are identified and quantified, remotely-sensed data may be used to 

extrapolate biophysical variables and CO2 fluxes from plot to landscape scales.  
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Chapter 3 

Methods 

3.1 Introduction 

The goal of the field data collection was to capture trends in CO2 exchange rates and in 

environmental and plant biophysical variables during the spring green-up and summer biomass 

accumulation period in wet sedge meadows at the CBAWO. Field data collection consisted of 

static chamber and automatic chamber (‘autochamber’) measurements of NEE and ER, spectral 

imagery acquisition for deriving NDVI, and measurements of environmental variables (e.g., soil 

moisture and temperature, active layer depth, etc.).  

The 2014 growing season experienced a late spring and cool summer compared to the 

previous 10 years’ average for the CBAWO (Appendix A), but an average summer compared to 

the climate normal for Resolute Bay (Environment Canada, 2015). Equipment and sensor setup 

took place in early June, with most sensors being operational prior to vegetation green-up, as the 

majority of the landscape was snow-covered until mid-late June. Field data collection occurred 

from mid-June until the end of July, 2014; i.e., autochamber CO2 measurements were collected 

from June 15 to July 30; static chamber measurements were collected from June 30 to July 30; 

and NDVI data collection coincided with static chamber measurements.  

3.2 Experimental Design 

A plant community classification for the CBAWO was derived in preparation for the 

field season, based on spectral analysis of Worldview-2 imagery acquired in July 2012 (Liu, 

unpublished). This supervised (k-means) classification resulted in five spectrally distinct classes 

of landscape cover identified as: polar semi-desert, mesic tundra (dry and wet), and wet sedge 

meadow (dry and wet). The dry and wet subcategories provide a more precise representation of 

the variation in soil moisture gradients across topographical gradients at the CBAWO compared 
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to previous classifications (Gregory, 2011; Atkinson & Treitz, 2013), and this separation has not 

been applied in other High Arctic vegetation classifications (e.g., Hill &Henry, 2011). The 

designation of wet and dry sub-classes provided an opportunity to investigate CO2 dynamics 

along a moisture gradient within this community type.  

Using this new vegetation type classification, three large plots (i.e., 300m x 300m each) 

were identified for sampling (Figure 3.1). Each plot contained all three of the major vegetation 

communities identified at the CBAWO, the transition zones between them (i.e., the ‘edges’), and, 

chiefly, included both wet sedge subcategories (i.e., wet sedge (dry) and wet sedge (wet)). The 

three large plots together aimed to capture spatial variation by covering the spectrum of wet sedge 

meadow landscapes at the CBAWO.  

In order to adequately capture spatial variation in vegetation (i.e., based on NDVI) within 

the landscape classes, the number of necessary sampling points within the plots was determined 

using Equation 1 extracted from Wein & Rencz (1976): 

𝑁 = (𝑍𝛼
𝜎

𝑟𝜇
)2      (1)  

where 𝑍𝛼 = 1.96 (p-value 𝛼 = 0.05); 𝜎 and 𝜇 are the standard deviation and mean values 

respectively of WorldView-2 NDVI values for each plant community within each large plot, and 

𝑟 is the relative error (10%). Using this method, the wet and dry subcategories of the wet sedge 

meadows required three to four samples per plot (i.e., a total sample size of 18 to 24). 
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Figure 3.1: At top, a July 2012 WorldView-2 image (DigitalGlobe Incorporated) of the CBAWO 

showing the locations of three large (300m x 300m) sampling plots. At bottom, the three plots 

classified by vegetation groups. Note the wet sedge (wet) and wet sedge (dry) in each plot.  

 

Temporal variation in CO2 fluxes over the season was also considered when choosing 

sample size. A power analysis was conducted to find the sample size necessary to detect a 
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significant change in CO2 that would be present (i.e., limit type 2 error). Data from June and July 

2012 for the mesic tundra community at the CBAWO (collected by Jayrin Yue) were used in this 

analysis. To achieve a statistical power of 0.7 (i.e., ability to detect significant differences 

between time steps 70% of the time), a small effect size (Cohen’s d = 0.4), and a 94% confidence 

interval would require approximately 36 sampling sites in the mesic tundra that year. This 

suggested that a large sample size might be necessary for each subcategory of the wet sedge 

meadows. However, given that wet sedge sites are more spatially homogenous than mesic sites, 

variations in CO2 flux should be easier to capture and model over time.  

Using the classification of the 2012 Worldview-2 image, eight random pixels within the 

wet sedge meadow of each plot were selected, over a mix of wet and dry conditions (i.e., total of 

24 sampling sites). A collar for static CO2 measurements was installed at each location, along 

with markers for NDVI acquisition (Figure 3.2, Figure 3.3).  In addition, autochambers were 

installed in Plots 1 and 3 (Figure 3.3). All field measurements occurred within these three large 

plots with the exception of air temperature and precipitation, which were collected at the nearby 

‘MainMet’ meteorological station, equipped with a shielded Onset temperature and relative 

humidity sensor 1.5 m above ground surface (± 0.2°C; 5% RH), and an Onset tipping bucket 

gauge (0.2 mm tip), logged hourly with an Onset U30 logger (Onset Computer Corporation, Cape 

Cod, MA).  

Once on-site at the CBAWO, the locations of collars in the wet and dry subcategories 

were adjusted visually and confirmed with in situ soil moisture data. Some sampling sites which 

had been installed as the snow was melting were redistributed after snow-melt (prior to beginning 

data collection) to conform to the appropriate designation. This resulted in 16 Wet and 8 Dry 

collars spread throughout the three plots. Although it was originally planned to sample an even 

number of each, the updated site locations more accurately represent the larger proportion of wet 

areas within the plot and at the CBAWO.  
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Figure 3.2: A static chamber collar and adjacent NDVI quadrat (0.5m x 0.25m) placed on 

comparable cover, for digital photo acquisition. 

 

Figure 3.3: Locations of 24 static chamber sampling sites and three pairs of autochambers at the 

CBAWO using the 2014 WorldView-2 basemap (DigitalGlobe Incorporated).  
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3.3 Static Chamber Measurements 

PVC collars (20 cm diameter) were embedded in the soil at each static sampling location 

at the beginning of the season. To measure CO2 exchange, a clear Plexiglas 9 litre cylindrical 

chamber was placed on the collar and sealed with a rubber gasket. Chambers contained a small 

fan powered by a 9 volt battery to ensure air circulation, and included a small venting tube on top 

to ensure pressure was at ambient atmospheric levels (Davidson et al., 2002). A CO2 sensor 

(Vaisala GMP343 Carbon Dioxide Probe, ±3 ppm) and temperature/relative humidity sensor 

(Vaisala HMP75 Relative Humidity and Temperature probe, ±0.2 ºC; ±1.0 % RH) were fitted into 

the top of the chamber (Figure 3.4a) (Vaisala, Helsinki, Finland).  

Sampling consisted of paired transparent (i.e., NEE) (Figure 3.4a) and opaque (i.e., ER) 

(Figure 3.4b) measurements at each location. Chambers were brought to a stable ambient CO2 

concentration before placement on the collar. Once fitted, CO2 concentrations inside the 

transparent chamber were measured and recorded every 15 seconds for 5 minutes, using the 

Vaisala M170 data logger (Vaisala, Helsinki, Finland). Once the measurement was completed, 

the chamber was removed and allowed to equilibrate to ambient CO2 before repeating the process 

under dark conditions. All measurements were taken during the day between 1000 and 1600, in 

order to consistently capture daily maximum incoming solar radiation. Sites within each plot were 

visited in the same order to ensure consistent daytime measurements. Measurements of 

atmospheric pressure necessary for subsequent gas concentration conversions (Equation 2) were 

taken in conjunction with these chamber measurements, using a Kestrel 3500 Wind Meter (±1.5 

hPa/mb) (Nielsen-Kellerman Co., Boothwyn, PA).  
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Figure 3.4: a) A transparent static CO2 chamber (with Vaisala sensors attached) fitted onto an in-

ground collar to measure NEE; and b) A shroud-covered static CO2 chamber and data logger for 

opaque measurement of ER.  

 

3.4 Static Chamber Data Processing 

Measured CO2 concentrations (ppm) were first converted to µmol/m
3
 using Equation 2:  

µ𝑚𝑜𝑙/𝑚3 =  𝐶𝑂2 𝑝𝑝𝑚 ∗ (
𝑃 (ℎ𝑃𝑎)

𝑅∗𝑇(𝐾)
)    (2) 

where T(K) denotes the average of the first and last interior chamber temperatures in degrees 

Kelvin, P(hPa) is the atmospheric pressure in hectopascals, and R is the ideal gas constant 

(0.08314 hapa m
3
 mol

-1
 k

-1
). To eliminate sampling artifacts (i.e., the mixing period when the 

chamber is first closed), the first 4 readings (1 minute) were removed prior to analysis (Kutzbach 

et al., 2007; Heinemeyer et al., 2011). Flux rates were then calculated from regressions of CO2 

concentration over time. For each set of 16 readings, the slope (i.e., linear regression) (µmol/m
3
/s) 

was calculated. The flux (µmol/m
2
/s) was then calculated using Equation 3:  

𝑓𝑙𝑢𝑥(µ𝑚𝑜𝑙/𝑚2/𝑠) = (𝑆 (µ𝑚𝑜𝑙/𝑚3/𝑠) ∗ (
𝑉 (𝑚3)

𝐴 (𝑚2)
)  (3) 

where S is the slope, V is the total chamber volume in m
3
, and A is the ground area in m

2
 within 

the collar. Total chamber volume for each sampling cycle was calculated by subtracting the 

sensor volumes from the sum of the chamber and collar volumes. Flux calculations resulted in 

one flux value for a 5 minute period. Results are reported from the atmospheric perspective – 

a) b) 
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positive numbers indicate an atmospheric gain (i.e., terrestrial release of CO2), and negative 

numbers indicate an atmospheric loss (terrestrial uptake). 

3.5 Autochamber Measurements 

Three pairs of automated CO2 exchange systems (Figure 3.5) (ADC Scientific Ltd ACE 

System, 1 ppm resolution) were used to collect flux data throughout the growing season at the 

CBAWO (ADC BioScientific Ltd., Hertfordshire, UK). Two pairs of chambers (i.e., two 

transparent and two opaque) were installed in Plot 1 – one pair each in wet and dry locations – 

and one pair was installed in Plot 3. Metal collars were installed in the soil at each static sampling 

location at the beginning of the season, onto which the chambers were clamped for the duration 

of the sampling period. Figure 3.5 illustrates a pair of chambers in Plot 1, each pair powered by 

one 12 V battery attached to a solar panel. As with the static chamber method, NEE was derived 

from transparent chamber measurements, while ER was derived from opaque measurements. 

Measurements occurred every 30 minutes, for a period of 3 minutes (CO2 concentration measured 

every 10 seconds), in closed mode with open ‘zero’ measurement following each cycle to 

calculate ambient CO2 (ADC BioScientific Ltd, 2009).  

 

 

Figure 3.5: Pair of ACE units in Plot 1; transparent (back left) and opaque (right foreground). 
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Five of the six ACE units provided output data as internally-calculated flux 

measurements, automatically calculated using an exponential regression equation (ADC 

BioScientific Ltd, 2009). Output files for each cycle provided a Reference CO2 value (mol/m
3
), 

a Delta CO2 value (mol/m
3
), and a net CO2 exchange rate (NCER) value (µmol/m

2
/s). Reference 

values represented an estimate of ambient CO2 concentrations at the start of each reading; Delta 

CO2 was the difference between Reference CO2 and the final CO2 concentration in the chamber; 

and NCER calculations provided the net exchange rate. However, due to the exponential 

regression employed by ADC for NCER calculations, negative values could not be calculated and 

were therefore automatically truncated to zero (i.e., any plant/soil uptake was negated). A 

secondary output file for the five ACE units included the raw 10-second measurements from the 

last 3 minute cycle. The sixth ACE unit had updated software which provided an output file with 

all of the raw 10-second CO2 measurements for every cycle, as well as the pre-calculated values 

noted above.  

3.6 Autochamber Data Processing 

 Output data were automatically calculated for five of the chambers (those with an earlier 

version of the software). Delta CO2 values (final CO2 – Reference CO2) in mol/m
3
 were 

converted to µmol/m
2
/s (Equation 4) to replace truncated NCER values. For the lone chamber 

that provided all the raw measurements, a linear regression was used to calculate the Delta (flux) 

value using the slope (similar to static chamber flux calculations). This manual linear regression 

method yielded almost identical flux estimates as those using the automated Delta CO2 values, 

with occasionally slightly smaller amplitudes. This gave confidence that the two methods were 

providing comparable results. 

𝐷𝑒𝑙𝑡𝑎(µ𝑚𝑜𝑙/𝑚2/𝑠) = (𝐷𝑒𝑙𝑡𝑎 (𝑚𝑚𝑜𝑙/𝑚3/𝑠) ∗ (
𝑉 (𝑚3)

𝐴 (𝑚2)
) /180 ∗ 1000) (4) 
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Since Reference CO2 values reflect ambient CO2 concentrations (with a default value of 

16), missing or extreme Reference CO2 values were a strong indicator of erroneous flux 

calculations. Reference CO2 values that were not clustered around 16 yielded extreme Delta CO2 

values. Therefore any measurements with Reference CO2 values less than or equal to 10 and 

greater than or equal to 20 were removed from analysis. This removal accounted for the majority 

of evident outliers. Based on magnitudes of the static chamber CO2 fluxes as well as previous 

findings in similar plant communities (Gregory, 2011; Atkinson, 2012), Delta CO2 values smaller 

than or equal to -5 and greater than or equal to 5 mol/m
3
 were also removed.   

3.7 NDVI Measurements 

Digital photographs of each sampling site were collected using the Canon 650NDVI (T4i 

NDVI) digital camera with three spectral bands: blue, green, and near-infrared (Maxmax Inc., 

Carlstadt, NJ). Photographs (Figure 3.6) were taken of the quadrat (0.5m x 0.25m) adjacent to 

each static chamber collar in the three large plots. No more than one day separated static CO2 

measurements and the acquisition of NDVI photographs (i.e., a photograph was taken on average 

every 4 days). NDVI images were collected between 0930 and 1430 to minimize solar zenith 

angle effects and to ensure consistent light conditions. Images were collected approximately 150 

cm above the canopy, with a bubble level to ensure the camera lens remained horizontal, and with 

consistent camera settings (i.e., manual exposure program). 

The traditional NDVI formula uses the reflectance (R) of the NIR and red bands 

(Equation 5), while the Canon 650NDVI uses NIR and either green or blue (G/B) for the 

calculation (Equation 6). Those RGB bands can be reliably substituted since the calculation still 

uses a NIR plant reflective channel and a visible plant absorption channel (Maxmax Inc., 

Carlstadt, NJ). In this case, NDVI was derived using reflectance in the near infrared and green 

bands (Equation 6). It has been widely argued that this method is at least five times more 

sensitive to chlorophyll-a content than traditional NDVI and that it is especially useful for 
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differentiating stressed and senescent vegetation (Gitelson et al., 1996), an important distinction 

in these wet sedge communities.  

𝑁𝐷𝑉𝐼 =
𝑅𝑁𝐼𝑅−𝑅𝑅𝑒𝑑

𝑅𝑁𝐼𝑅+𝑅𝑅𝑒𝑑
       (5) 

𝑁𝐷𝑉𝐼 =
𝑅𝑁𝐼𝑅−𝑅𝐺/𝐵

𝑅𝑁𝐼𝑅+𝑅𝐺/𝐵
       (6) 

The average NDVI for each quadrat was calculated for each photograph (i.e., every site for every 

measurement cycle) and used in subsequent analysis. 

 

 

Figure 3.6: A wet sedge sample site, shown in: a) true colour (RGB); and b) false colour - where 

living green vegetation appears in shades of red. Note the dark red mosses and Salix leaves, and 

the lighter orange sedges and grasses emerging from senescence. 

 

3.8 Environmental Measurements 

Environmental measurements (e.g., soil moisture and temperature, active layer depth) 

were collected in conjunction with static and autochamber CO2 measurements. At the static 

chamber sites, measurements were taken every four days. Soil moisture was measured with a 

ML2 Thetaprobe (±0.05 m
3
/m

3
, range 0 to 70ºC) and HH2 Moisture Meter Logger (Delta T 

Devices Ltd., Cambridge, UK) to a depth of 7 cm. Soil temperature was measured at 5 cm and 10 

cm depths with a digital thermometer (Taylor model 9878E, ±2.5ºC; range -40 to 260°C) (Taylor 

Precision Products Inc., Oak Brook, IL), and active layer depth (i.e., depth to permafrost) was 

a) b) 
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measured by inserting a steel rod (1 cm diameter) into the ground until it met strong resistance. At 

the autochamber sites, soil moisture measurements were collected every 30 minutes using buried 

10HS and EC-5 Soil Moisture Sensors (±0.03 m
3
/m

3
; 0 to 50°C) and ECH2O loggers (Decagon 

Devices, Pullman, WA) whereas soil temperature measurements were collected every 30 minutes 

using buried HOBO Pro V2 soil temperature sensors (±0.21°C; range -40° to 70°C) with external 

sensor cables (Onset Computer Corporation, Cape Cod, MA) at 5 cm and 10 cm depths. Each pair 

of ACE units had a corresponding moisture and temperature probe located adjacent to the unit. 

PAR (µmol/m
2
/s) was collected by the transparent ACE units in conjunction with each half-

hourly CO2 measurement. Air temperature was measured with a Kestrel 3500 Wind Meter 

(Nielsen-Kellerman Co., Boothwyn, PA) before each sampling round, and supplemented with 

hourly data from the nearby meteorological station.  

 

 

Figure 3.7: The collection of environmental measurements: a) active layer depth; b) soil moisture 

content with Thetaprobe adjacent to static chamber; and c) soil temperature logger HOBO ProV2 

adjacent to autochambers. 

 

3.9 Statistical Analysis and Modelling 

Simple linear regressions were first used to explore individual relationships between the 

explanatory variables (i.e., environmental and biophysical data) and the various CO2 flux 

response variables (i.e., ER, GPP, NEE) using Excel statistical ‘Analysis ToolPak’ (Microsoft 

a) 

b) c) a) 
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Corporation). Aside from allowing the visualization of these relationships, these analyses 

provided the statistical significance (i.e., p-values) and goodness of fit for the best-fit linear 

trendlines (i.e., R
2
 values).  

Before generating the predictive models, it was necessary to determine which, if any, of 

the explanatory environmental and biophysical variables at each scale were ecologically 

redundant and/or collinear; thereby eliminating the potential for inflated model success. All 

further statistical analyses were conducted using R statistical software (R Core Team, 2015). In 

advance of any exploratory data analyses leading to model selection, 30% of the data (randomly 

selected) were set aside from each dataset (i.e., at each scale) to be used for validation, leaving 

the remaining 70% as calibration data for model development.  

Correlation matrixes were computed between all explanatory variables in order to 

eliminate collinearity prior to model development. The non-parametric Spearman’s rank 

correlation coefficient (Spearman’s Rho) test was used to test for collinearity when explanatory 

variables were not normally distributed and were not linearly related. The test estimated how 

close to zero the association would be between paired samples of the explanatory variables in a 

range of -1 to 1. The Spearman correlation is less sensitive to strong outliers than the Pearson 

correlation coefficient (parametric), and less restrictive because it fits to a monotonic relationship 

instead of a linear relationship. 

Multiple linear regression was then used to further examine the relationships between 

NEE and the suite of corresponding environmental and biophysical variables. The glmulti 

function in R (a form of Best Subset Regression) was used to complete the model selection 

process. This method used the full user-provided model (i.e., all combinations of all the variables 

provided) to find the best models (Calcagno & Mazancourt, 2010). Unlike the popular Stepwise 

Regression method where only one top model is reported, this method allows several top models 

to be identified (the cut-off in this case being 2 information criteria (IC) units away from the top 
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model), and eliminates potential bias regarding the order of computed combinations (Calcagno & 

Mazancourt, 2010). The glmulti function also allows for larger candidate sets to be addressed. 

Models were evaluated by the IC, in this case, AICc (Corrected Akaike Information Criterion), 

where the minimum AICc is the preferred model. The AICc, like AIC, is a relative estimate of the 

quality of the model (compared to the other combinations), with greater penalties for a greater 

number of parameters (i.e., balances goodness of fit with number of parameters); thereby helping 

to avoid overfitting (Burnham, 2004). In this case, only main effects were examined (i.e., not 

pairwise interactions). These analyses provided an indication of which combination of variables 

yielded models best able to predict growing season and late season NEE.  
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Chapter 4 

Results 

4.1 Universal Variables:  Air Temperature, PAR, and Precipitation  

The 2014 growing season included a late spring and cool summer compared to the 

previous ten year average for the CBAWO (Appendix A), but a typical summer compared to the 

30-year climate normal for Resolute Bay (Environment Canada, 2015). Average air temperatures 

in 2014 at the CBAWO in June and July were -0.04 ºC and 3.84 ºC, respectively. Air temperature 

(also showing clear diel patterns) increased most steeply throughout June, falling into a temporary 

cooler period at the end of June before stabilizing throughout the remainder of July (Figure 4.1).  

Average daily PAR (µmol/m
2
/s) declined slightly from late-June (summer solstice) through the 

end of July. As expected, days with particularly low PAR tended to correspond with precipitation 

events. The CBAWO received a total of 51.8mm of rain during the growing season, in several 

small events, most notably in mid-July and August (Figure 4.1). 
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Figure 4.1: Hourly air temperature (a); average daily PAR (b); and daily precipitation (c); data 

from ‘MainMet’ meteorological station at the CBAWO during summer 2014.   

 

4.2 CO2 Flux Measurements using Static Chambers – Bi-weekly Data Collection 

Static chamber measurements of CO2 exchange were intended to capture spatial 

variability across the wet sedge landscapes at the CBAWO. In general, measurements of CO2 

exchange and environmental/biophysical variables were collected at 24 sites across each of the 

three study plots every four days throughout the growing season. 

4.2.1 Environmental Variables 

Soil moisture measurements collected at static chamber sites enabled the confirmation or 

adjustment of initial off-site wet versus dry site designations, resulting in 16 wet and 8 dry 

sampling collars spread throughout the three study plots (Figure 4.2). The in situ soil water 
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measurements acquired at these static chamber sites at the beginning of the sampling season 

ensured that all wet sites had average volumetric water content greater than 60% at 7 cm depth, 

and all dry sites less than 60%. Post-hoc analysis confirmed that wet and dry sites indeed had 

significantly different soil moisture levels over the growing season (Wilcoxon p<0.001). These 

site designations provide the basis for more in-depth analysis of the wet sedge meadows by 

facilitating a more precise investigation of the variation in CO2 exchange dynamics within these 

communities. 

 

Figure 4.2: Examples of wet (a); and dry (b); sampling static chamber collars. Wet sites 

generally showed greater presence of Eriophorum and mosses, while dry sites often had fewer 

graminoids and occasionally included Salix. 

 

Soil moisture readings at 7 cm depth for each static chamber site over the course of the 

season are plotted in Figure 4.3. By late June/early July when the sensors became active, plots 

had already experienced initial moisture increases from snow-melt and soil thaw and were 

beginning to show a temporary loss of moisture in early- to mid-July, with a notably dry period 

for many of the sites around July 10.  Soil moisture at both wet and dry sites remained relatively 

stable thereafter. Later in the season, many of the wet sites were near saturation, often located in 

areas of standing water. Wet sites showed almost exclusively higher moisture levels than dry sites 
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throughout the season (meaning that site designations remained relevant), but it is noteworthy that 

wet sites showed a great deal more short-term variation in moisture than dry sites. 

 

Figure 4.3: Soil volumetric water content at 7 cm depth, for each site (line). For each plot, ‘n’ is 

the number of point measurements over the sampling period: (a) plot 1 (n=6); (b) plot 2 (n=7); (c) 

plot 3 (n=6); and (d) wet and dry averages. Blue lines indicate wet sites and red indicate dry sites. 

 

Soil temperature readings at static chamber sites (Figures 4.4 & 4.5) began after initial 

spring thaw, with temperatures increasing gradually over the growing season (albeit with some 

short-term variation). These temperature readings showed much less short-term variation than the 

soil moisture readings. Soil temperatures were often similar across sites, with plots 2 and 3 

peaking in unison on July 13 after a period of high PAR and warm air temperatures, and again in 

late July (most obvious in plot 1) (Figure 4.1).  At the dry sites (Figure 4.4), 5 cm and 10 cm 
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depths were closely matched and, as expected, 10 cm readings show overall cooler temperatures, 

where the warming influence of air temperature and solar radiation are minimal, with soils being 

in close proximity to permafrost. Although 5 cm depth measurements yielded consistently 

warmer temperatures compared to their pairs collected at 10 cm, spatial variation can be observed 

in Plot 3 with several 5 cm measurements being cooler than 10 cm measurements at different 

locations in the same plot.  

 

 Figure 4.4: Soil temperature measurements collected at each dry static chamber site 

(line) (approx. every 4 days) at 5 cm and 10 cm depths (light red and red, respectively). For each 

plot, ‘n’ is the number of point measurements over the sampling period: a) plot 1 (n=7); (b) plot 2 

(n=7); and (c) plot 3 (n=7).  

 

Soil temperatures at the wet sites (Figure 4.5) again demonstrate close pairings between 

depths, with greater depths being cooler. Similar to the dry sites, several 5 cm measurements in 
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Plot 1 are cooler than 10 cm measurements at locations within the same plot. Temporal variation 

was again similar between wet and dry sites, with the same short-term temperature fluctuations 

observed for both moisture designations.  

 

Figure 4.5:  Soil temperature measurements collected at each wet static chamber site (line) 

(approx. every 4 days) at 5 cm and 10 cm depths (light blue and navy blue, respectively). For 

each plot, ‘n’ is the number of point measurements over the sampling period: (a) plot 1 (n=7); (b) 

plot 2 (n=7); and (c) plot 3 (n=7). 

 

 

 Although wet and dry sites had notably different moisture regimes, soil temperatures 

were not significantly different between the two site designations, either at individual depths (5 

cm, p= 0.49; 10 cm, Wilcoxon p= 0.609), or overall (Wilcoxon p= 0.321).  Significant differences 

were instead found at the plot level, where temperatures at all sites over the season varied 
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significantly by plot, both at individual depths (5 cm & 10 cm, Kruskal-Wallis p<0.001), and 

overall (p<0.001). In plot 1, for example, wet sites showed cooler temperatures than the dry site 

(not surprising with water’s high heat capacity). Plot 2, however, showed quite similar 

temperatures between dry and wet sites, and plot 3 possesses many dry sites actually cooler than 

the wet sites.  

Active layer depth was also sampled bi-weekly at each site (after initial spring melt and 

active layer development). As expected, active layer depths at wet and dry sites increased 

throughout the growing season (Fig. 4.6). Average active layer depths in wet plots were almost 

always shallower than those at the dry sites throughout the season, as water acts as an insulator 

with a high heat capacity, keeping the soil cool (Hinzman et al., 1991). Wet and dry active layers 

differed significantly (Wilcoxon p= 0.011). Active layer depth also differed significantly by plot 

(Kruskal-Wallis p<0.001). As with soil temperature and moisture trends, Plot 1 was the most 

stable, showing a smooth increase in active layer throughout the season. Wet sites (especially in 

plots 2 and 3) however, showed more short-term variation in active layer depth throughout the 

season. Although this may seem surprising (i.e., more water should yield smaller temperature 

variations), this was likely a reflection of more variable soil moisture in those plots throughout 

the season. The magnitude of variation was likely inflated due to user error, as this data collection 

method relied on the strength and weight of two individuals over the sampling season. 
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Figure 4.6: Point measurements of active layer depth at each static chamber site (line) (taken at 

each site approx. every 4 days) throughout July. For each plot, ‘n’ is the number of point 

measurements over the sampling period: (a) plot 1(n=6); (b) plot 2 (n=6); (c) plot 3 (n=6); and 

(d) wet and dry averages. Blue lines indicate wet sites and red indicate dry sites. 

 

4.2.2 Phenology 

NDVI measurements at the static chamber sites captured spring greening and peak 

summer biomass in the wet sedge meadows (Figure 4.7). Average NDVI across the season for 

the wet sedge meadows was 0.29. A slight increase in NDVI was seen over time, as plots greened 

in the spring and began to accumulate biomass during the summer growing season. Many of the 

wet sites possessed slightly higher NDVI values (average of 0.30) than dry sites (average of 

0.28).  Based on these NDVI averages (Figure 4.7d), then, sites with higher soil moisture (i.e., 
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the wet sites) were producing overall greater live green biomass across the season than dry sites. 

Wet sites also showed more variation in NDVI throughout the season. 

 Trends in greening of vegetation (i.e., NDVI) followed similar trends to air temperature, 

soil temperature, soil moisture, and active layer depth – not surprising, since the amount of green 

vegetation present is influenced by these environmental variables that facilitate or inhibit 

vegetation growth. For example, plot 3 showed lower NDVI values at wet sites in late July (in 

conjunction with a drop in soil temperatures, and soil moisture in plot 3).  

 

Figure 4.7: Calculated NDVI values for each static chamber site (line) (images acquired at each 

site approx. every 4 days) throughout July. For each plot, ‘n’ is the number of point 

measurements over the sampling period: (a) plot 1(n=5); (b) plot 2 (n=6); (b) plot 3(n=6); and (d) 

wet and dry averages. Blue lines indicate wet sites and red indicate dry sites. 
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4.2.3 CO2 Exchange 

ER measurements with the static chambers were almost always positive (Fig. 4.8a), and 

yielded a seasonal average of 0.92 µmol/m
2
/s. Conversely, NEE measurements were concentrated 

below zero (Figure 4.8c), and yielded a seasonal average of -0.23 µmol/m
2
/s. GPP, calculated as 

the difference between NEE and ER (Figure 4.8b), yielded a seasonal average of -1.05 

µmol/m
2
/s. Overall, the ecosystem was a net carbon sink in 2014 growing season based on the 

static chamber measurements.  

Cumulative seasonal fluxes were calculated to estimate the overall flux in the wet sedge 

meadows over a full growing season. These results should be treated with caution as averaging up 

(i.e., interpolating) from the temporally coarse data inflates the relevance of each snapshot in time 

and notably does not include ‘nighttime’ flux rates. These can, however, be helpful results in 

giving general estimates of seasonal fluxes. Wet sites yielded a cumulative seasonal flux of -

39.47 g C/m
2
, indicating net terrestrial uptake, while dry sites yielded an overall rate of 1.93 g 

C/m
2
; a net source to the atmosphere. Averaged for the wet sedge areas as a whole, a seasonal 

flux of -18.77 g C/m
2
 was determined, contributing to our understanding that wet sedge meadows 

are terrestrial sinks for CO2 (at least over the growing season). Likely this seasonal terrestrial 

sequestration will be moderated by the inclusion of ‘nighttime’ fluxes (i.e., during hours with less 

intense incoming solar radiation, where ER is the dominant flux) using the autochamber data, but 

nevertheless gives an approximation of seasonal uptake.  
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 Figure 4.8: Static chamber fluxes: ER, GPP, and NEE for the summer of 2014. Blue 

indicates wet sites and red indicates dry. 

 

Initially, ER increased, peaking around July 10-12, which coincided with peaks in PAR 

and air and soil temperature (Figure 4.8a). In mid-July, ER rates declined during a period of low 

PAR and air temperature, and aside from two subsequent spikes of higher ER in the wet plots, 

respiration remained relatively steady for the remainder of the season. Notably, some wet and dry 

sites yielded ER values close to zero throughout the season; it was sites with the higher values 

(i.e., upper limits of ER) that expanded and contracted over the season in conjunction with 

environmental variables. 

GPP (Figure 4.8b) became steadily more negative until July 10-12, and then remained 

relatively stable except for two dips in late July. Although GPP is calculated in part with ER, GPP 

a) 

b) 

c) 
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rates closely mirrored ER, suggesting that similar variables govern both processes in wet sedge 

meadows, meaning that increased respiration is often paired with greater terrestrial uptake.  

NEE values (Figure 4.8c) represent the overall balance between ER and GPP. NEE rates 

‘fanned out’ initially (i.e., increasing productivity and respiration) until the peak on July 12, 

followed by a period of low rates where ER and GPP are lower in conjunction with lower PAR 

and air temperatures. Again we see two events of expanded ER and GPP reflected in a wider 

range (i.e., greater amplitude) of NEE values later in the season, largely occurring at the wet sites, 

in conjunction with higher air temperatures.  

At this fine spatial scale but coarse temporal scale, NEE in wet and dry sites differed 

significantly (Wilcoxon p<0.001). However, differences in ER were not as clear (Wilcoxon 

p=0.047), suggesting that GPP was the driving factor in differing NEE rates, and that factors 

other than soil moisture drive changes in ER. Furthermore, wet sites were, on average, 

sequestering carbon (seasonal NEE average of -0.35 µmol/m
2
/s) while dry sites were dominated 

by ER (seasonal NEE average of 0.144 µmol/m
2
/s). Wet sites accounted for the bulk of the 

greater productivity (wet average GPP -1.27 µmol/m
2
/s, dry average -0.60 µmol/m

2
/s), but also 

several of the higher ER rates. Wet sites, with greater amounts of vegetation (i.e., higher NDVI 

values), are therefore contributing to greater productivity and respiration rates than dry sites.  

In addition to trends over moisture gradients, both NEE and ER fluxes by plot were 

significantly different (Kruskal-Wallis p= 0.018, p< 0.001 respectively), confirming the presence 

of significant plot-scale spatial variation in CO2 exchange across the wet sedge landscape. We 

therefore must consider both locally-driven trends (e.g., wet/dry designations) and larger spatial 

trends (i.e., plot differences) (which are likely both still a reflection of environmental trends) in 

the governance of CO2 exchange throughout the season.  

 



 

 

58 

4.2.4 Environmental Variables and CO2 exchange 

In order to better quantify the relationships between certain environmental variables and 

CO2 exchange in the wet sedge meadows, the static chamber CO2 exchange rates (NEE, ER, 

GPP) were regressed against their paired environmental measurements (Table 4.1). Static 

chamber data yielded generally poor correlations with environmental and biophysical variables. 

Data within each of these correlations showed two visible groups. At the wet and dry sites, NEE, 

ER, and GPP rates clustered around zero throughout the seasonal range of each environmental 

variable. The clustered flux values were not specific to plot, site, date, or PAR conditions. These 

low rates of CO2 exchange, then, were not a direct function of time or location, but were likely a 

result of the generally low air temperatures in a cool growing season, or faulty measurements. It 

was anticipated that removing these values might enhance model fit. (Appendix B). 

Despite these datasets being relatively small and disjointed, some significant 

relationships are noted. Air temperature was significantly (and positively) related to ER (Table 

4.1) at wet and dry sites (p<0.001 and 0.05 respectively) with similar slopes. GPP correlated 

negatively with air temperature in wet and dry sites (p<0.001, and p=0.03 respectively). In both 

cases (ER and GPP), wet sites yield slightly steeper slopes (i.e., stronger flux sensitivity to 

temperature), and greater overall ER and GPP rates than dry sites (Figure 4.9). Removal of the 

near-zero data yielded similar results (Appendix B).  
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NEE ER GPP 

Dry Wet Dry Wet Dry Wet 

Air temp 

(full) 

slope 

R
2
 

p 

-0.03 

0.01 

0.43 

-0.04 

0.02 

0.18 

0.12 

0.07 

0.05 

0.19 

0.25 

<0.001 

-0.16 

0.09 

0.03 

-0.23 

0.17 

<0.001 

Air temp 

(part) 

slope 

R
2
 

p 

-0.06 

0.02 

0.07 

-0.00 

0.00 

0.93 

0.13 

0.18 

0.07 

0.14 

0.29 

<0.001 

-0.20 

0.17 

0.04 

-0.15 

0.13 

0.01 

Soil 

temp 

(full)      

5 cm 

slope 

R
2
 

p 

-0.04 

0.01 

0.45 

-0.08 

0.03 

0.07 

-0.00 

0.00 

0.96 

0.00 

0.00 

0.99 

-004 

0.00 

0.71 

-0.08 

0.01 

0.42 

Soil temp 

(part) 

slope 

R
2
 

p 

0.24 

0.03 

0.22 

-0.10 

0.03 

0.07 

0.20 

0.01 

0.55 

-0.04 

0.01 

0.44 

0.03 

0.00 

0.88 

-0.06 

0.00 

0.67 

Soil 

moist 

(full) 

slope 

R
2
 

p 

-0.01 

0.13 

0.01 

0.00 

0.01 

0.48 

0.00 

0.00 

0.69 

-0.00 

0.00 

0.87 

-0.02 

0.06 

0.07 

0.00 

0.00 

0.71 

Soil 

moist 

(part) 

slope 

R
2
 

p 

-0.04 

0.37 

0.81 

0.00 

0.01 

0.45 

0.01 

0.01 

0.82 

-0.00 

0.00 

0.94 

-0.04 

0.39 

0.01 

0.01 

0.01 

0.52 

Active 

Layer 

(full) 

slope 

R
2
 

p 

-0.01 

0.01 

0.49 

-0.00 

0.01 

0.50 

0.00 

0.00 

0.76 

-0.01 

0.04 

0.04 

-0.01 

0.01 

0.51 

0.01 

0.01 

0.26 

Active 

Layer 

(part) 

slope 

R
2
 

p 

-0.03 

0.07 

0.28 

-0.01 

0.03 

0.19 

-0.01 

0.01 

0.63 

-0.02 

0.10 

0.04 

-0.02 

0.02 

0.48 

0.01 

0.004 

0.78 

PAR 

slope 

R
2
 

p 

0.00 

0.01 

0.55 

-0.00 

0.01 

0.23 

0.00 

0.00 

0.66 

0.00 

0.06 

0.01 

-0.00 

0.00 

0.95 

-0.00 

0.05 

0.02 

NDVI  

(full) 

slope 

R
2
 

p 

-2.21 

0.04 

0.14 

-2.33 

0.01 

0.24 

0.12 

0.00 

0.95 

-0.23 

0.00 

0.91 

-2.34 

0.01 

0.39 

-2.05 

0.00 

0.62 

NDVI 

(part) 

slope 

R
2
 

p 

-4.16 

0.08 

0.18 

-4.25 

0.03 

0.14 

1.78 

0.02 

0.34 

-4.78 

0.06 

0.04 

-3.90 

0.04 

0.37 

-2.25 

0.00 

0.51 
 

Table 4.1: Results table for all static chamber CO2 and environmental/biophysical linear 

regressions. Full datasets are indicated by “full”, and “part” denotes datasets where near-zero 

values have been removed. Red text indicates dry sites, and blue indicates wet sites. Highlighted 

results (in yellow) denote significant relationships (i.e., p≤0.05).  
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Figure 4.9: Regressions of NEE, ER, and GPP with air temperature. Highlighted statistics 

indicate significant relationships (coloured borders indicate wet or dry sites).  

 

Soil temperature data yield similarly clustered groups of near-zero values, but 

correlations were weak regardless of data inclusion (Appendix B). Soil temperature at 5 cm and 

10 cm depth yielded non-significant relationships with NEE and ER at wet or dry sites. With the 

removal of data clusters, correlations remained non-significant.  

 Relationships between soil moisture at 7 cm depth and CO2 fluxes were not strong (Table 

4.1). The sole significant relationship was with NEE at the dry sites (p=0.01), where greater soil 

moisture corresponded to greater terrestrial uptake (Appendix B). In this case, removing the data 

clusters removed the significant relationship (but steepened the slope), and brought to light only 

one potentially significant relationship between 7 cm moisture and GPP, again at the dry sites 

(p=0.01), where higher moisture again corresponded to greater productivity (Appendix B).  

As with air temperature, active layer depth and ER were significantly correlated at the 

wet sites (p= 0.04) (Table 4.1). However, where air temperature produced a positive correlation 

(i.e., greater ER with greater temperatures), active layer depth produced a negative correlation 

(i.e., lower ER with greater active layer depth) (Figure 4.10), even more apparent in partial 

datasets (Appendix B).  
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Figure 4.10: Regressions of NEE, ER, and GPP with active layer depth. Highlighted statistics 

indicate significant relationships (coloured borders indicate wet or dry sites).  

 

Finally, regressions between PAR and CO2 exchange were computed (Figure 4.11). 

While there is no direct relationship between PAR and ER (the opaque treatment removed all 

incoming PAR during ER data collection), daily PAR conditions may have indirectly influenced 

ER rates at any given time; for example through changes in temperature from incoming radiation. 

Full datasets showed that at wet sites, ER and GPP correlated positively to PAR (Figure 4.11). 

Greater PAR values corresponded to greater plant productivity (i.e., more negative GPP values), 

but also to greater ER rates (likely tied to the often warmer temperatures that come with increased 

PAR). Dry sites yielded no significant relationships between PAR and CO2 exchange. Dry sites 

did yield similar trends however, simply with more shallow slopes (i.e., less sensitivity to PAR) 

than the wet sites. Near-zero clustering was again present in the data, but removing clusters 

removed all significant correlations.  
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Figure 4.11: Regressions of NEE, ER, and GPP against average daily PAR. Highlighted statistics 

indicate significant relationships (coloured borders indicate wet or dry sites). 

 

4.2.5 NDVI and CO2 Exchange 

While NDVI clearly changed over the growing season, and differed between wet and dry 

areas (Figure 4.7), NDVI did not correlate significantly with NEE, ER, or GPP at this scale 

(Figure 4.9). Removing the near-zero values yielded only one significant relationship between 

ER and NDVI at wet sites (p= 0.04) – granted with a very weak R
2
 – where greater rates of 

respiration corresponded to slightly lower NDVI values (Appendix B).  The partial dataset 

yielded notably steeper slopes between ER and NDVI. Dry and wet sites show opposing slopes, 

where dry sites exhibit increased ER with greater NDVI, and wet sites exhibiting decreased ER 

with increasing NDVI.  
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Figure 4.12: Regressions of NEE, ER, and GPP against NDVI data with clusters close to zero 

removed (i.e., partial datasets). Highlighted statistics indicate significant relationships. Coloured 

borders indicate wet or dry sites. 

 

Despite the lack of statistical significance between the variables, various trends are clear. 

Air temperature appears to be most strongly correlated to CO2 flux at this scale, but only to gross 

fluxes (e.g., ER and GPP), not to NEE. Higher moisture correlated positively to greater 

productivity. Active layer depth correlated negatively with ER, and PAR correlated positively 

with productivity and ER. The bulk of carbon exchange during the growing season occurred 

when NDVI was 0.25 - 0.35 – among the highest values attained over the growing season – and 

we observe greater productivity (i.e., more negative GPP values) with greater NDVI values. With 

a lack of statistical significance, however, clear relationships between many of these variables 

and CO2 fluxes were not apparent at this scale, and hint that NDVI, among others, may be 

unsuitable for bi-weekly growing season CO2 prediction in high arctic wet sedge meadows.  

4.3 Autochambers – Half Hourly Data Collection 

Autochamber measurements, chiefly aimed at capturing temporal variability over the 

growing season, measured CO2 fluxes at three sites in plots 1 (dry, wet) and 3 (wet only) every 30 

minutes. Data collection at this scale, while occurring at fewer locations, allowed us to explore 
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temporal variability in CO2 exchange in the wet sedge meadows at a range of temporal scales. 

This also allowed us to explore the scale dependency of environmental controls on the various 

CO2 fluxes in wet sedge meadows.  

4.3.1 Environmental Variables 

Figure 4.13 presents seasonal soil moisture trends at the autochamber locations, collected 

at 5 cm and 10 cm depths at wet sites, and at 5 cm, 10 cm, 20 cm, and 28 cm at one dry site.  In 

wet plots especially, less temporal variability was observed compared to the point measurements 

at the static chamber sites. This is likely due, in part, to the consistent placement (i.e., buried) at 

the autochamber sites relative to the micro-site variability resulting from the 7 cm hand-made 

measurements at static sites, and the higher precision of these autochamber site sensors. 

Dry autochamber sites showed clear seasonal variability in soil moisture. Temporal 

changes at wet sites were largely negligible over the season, and remained consistently higher 

than dry sites, confirming original site designations. At the two wet sites (in plots 1 and 3), 

moisture trends were mirrored over the season, again indicating spatial variability in 

environmental regimes. In plot 1, soil moisture at 5 cm and 10 cm increase steeply at the end of 

June, likely a thaw signal (not captured in static chamber measurements), and remained stable for 

the rest of the season. Moisture readings at 5 cm depth were typically drier than those at 10 cm, 

indicating that the water table likely sat below 5 cm. In plot 3, readings remained similarly stable 

later in the season, but a clear drop in moisture at both depths occurs in early July. These two 

plots appear to have distinctly different hydrological regimes. In addition, Plot 3 readings at 5 cm 

depth showed higher moisture readings than for 10 cm depth, indicating inverted depth trends 

between plots. Plots 1 and 3 are therefore variable in terms of their temporal soil moisture regime, 

and in moisture patterns by depth. 
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Figure 4.13: Soil moisture values for dry (a) and wet (b, c) autochamber sites. Note the 

difference in y-axis scale for the dry site.  

 

At the dry site (plot 1), moisture trends over time resemble the wet site of the same plot, 

with increasing soil moisture in late spring and little change for the remainder of the season. 

Moisture patterns in the dry plot, however, did not always follow sequential depth increments and 

were not as closely synched as in the wet sites. By July, measurements at 20 cm depth showed the 

greatest soil moisture, followed by 10 cm, 5 cm and finally 28 cm. This indicates that the 28 cm 
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depth contained the least amount of water but above that (shallower than 20 cm) moisture 

increased with depth. In early July, the active layer for dry sites in plot 1 was near 20 cm, 

therefore the low moisture readings at 28 cm depth were likely because the soil was still frozen.  

Soil temperatures were barely significantly different between site designations (p= 0.04) 

(Figure 4.14). As with moisture, soil temperature trends were variable between plots and within 

site designations, as well as between 5 cm and 10 cm depths. All three sites show the same 

general progression of temperatures through time: a steep increase to mid-June, and steady 

temperatures with clear diel patterns from late June through July. Two periods of distinctly 

warmer conditions in late-July are visible in all three datasets.  

While the two wet sites show generally similar seasonal trends, there are some notable 

differences. First, plot 3 measurements (Figure 4.14c) show warmer temperatures at the 

beginning of June (more than 5 degrees warmer than plot 1). Where late June was a period of 

significant change for soil moisture (and early/mid-June data are unavailable), soil temperatures 

change earlier (in mid-June). The June 13 peak in soil temperature that is visible at the static 

chamber sites is also distinguishable here. Notably, plot 1 and 3 (wet) show inverted depth 

temperature trends, with plot 1 warmest at 10 cm and plot 3 warmest at 5 cm. Plot 3 also exhibits 

a larger temperature gradient over the same distance (depth) than plot 1, with less closely coupled 

5 and 10 cm temperatures. While soil temperature and moisture data at this scale highlighted 

temporal patterns across the sedge meadows, it clearly also captured spatial differences across the 

landscape. Plot-by-plot differences in environmental regimes that were highlighted with the static 

chamber data are also notable here.  
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Figure 4.14: 5 cm and 10 cm depth soil temperature trends at (a) dry and (b) wet autochamber 

sites. Missing data in June at Plot 3 resulted from sensor error and were not included in analyses.  

 

Some patterns in the temperature and moisture data collected in conjunction with the 

autochamber measurements (Figure 4.13a & b; Figure 4.14a & b), are not consistent with 

typical freeze-thaw depth patterns or with previous results from sensors installed in similar areas 

at the CBAWO. These results suggest that depth labels on sensors used in this study may have 

been assigned erroneously (e.g., 5 cm and 10 cm labels may be reversed). While there are several 
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possible reasons for these patterns (see Discussion chapter), the potential errors are noted, and 

predictive models have been reproduced with updated depth labels, and been added to model 

results. 

4.3.2 High temporal frequency CO2 Exchange 

Figure 4.15 presents flux measurements for each autochamber from mid-June until the 

end of July. These data, collected in conjunction with the environmental variables presented 

above, account for the three chamber sites located in plots 1 (dry and wet sites) and 3 (wet site 

only).  

 

Figure 4.15: Seasonal ER (a); GPP (b); and NEE (c); from autochambers at the CBAWO from 

mid-June to the end of July. Blue indicates wet sites and red indicates the dry site.  
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Autochamber and static chamber seasonal flux averages are contrasted in Figure 4.16. As 

with the static chamber results, ER values were almost exclusively positive, and yielded a 

seasonal average of 0.47 µmol/m
2
/s (static chamber average 0.92 µmol/m

2
/s). GPP yielded a 

seasonal average of -0.8 µmol/m
2
/s (static chamber average -1.05 µmol/m

2
/s). NEE 

measurements were mainly concentrated below zero, especially in the later season, reflecting an 

overall terrestrial uptake of CO2 (seasonal average of -0.32 µmol/m
2
/s (static average -0.23 

µmol/m
2
/s)).  

 

 Figure 4.16: Average seasonal fluxes (ER, GPP, and NEE) for all wet sedge sites, 

comparing static chamber (n=24) to autochamber (n=3) calculations. Error bars represent the 

standard error.   

 

 

Cumulative results (Figure 4.17) again support the general conclusion of net carbon 

storage in wet sedge meadows, with a cumulative net uptake of -69 gC/m
2
 (compared to -18 

gC/m
2
 with static). Wet sites alone yielded -29 gC/m

2
 (compared to -39 gC/m

2
 with static), and 

dry sites yielded a large seasonal exchange of -109 gC/m
2
 which the static chambers failed to 

capture (static 2 g C/m
2
).  
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Figure 4.17: Static vs. autochamber results for average seasonal NEE at wet, dry, and all sites. 

 

After initial spring startup (not included in measurements), a shift occurred in the 

system’s CO2 exchange patterns in mid- to late-June (Figure 4.15). ER and GPP were initially 

weak until June 23-25 when rates began to increase, seemingly in conjunction with warmer 

temperatures. Plot 3 NEE synchronized with the other two plots soon after, and all plots began to 

show clearer diel cycles with increasingly large amplitudes as the season progressed. Daily GPP 

maximums (i.e., greatest rate of productivity) were clearly higher at the dry site than wet. The dry 

site showed the greatest span of NEE values, showing the importance of diel fluctuations in PAR 

even in 24-hour daylight. By mid- to late-July exchange rates at all plots had plateaued, and by 

the end of the sampling period had begun to decline in conjunction with the arrival of cooler 

temperatures. 

NEE, ER, and GPP rates were all significantly different between wet and dry sites for the 

autochambers (Wilcoxon p<0.001), and wet and dry sites’ seasonal exchange rates also 

progressed differently. While ER and GPP increased throughout the season, GPP increased earlier 

at the dry sites. Similar to static chamber results, dry sites showed overall lower respiration values 

(often negative), while wet sites showed higher peaks in ER (especially Plot 3). During the period 
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of modest NEE rates in mid- to late-June, the two wet plots had distinct CO2 exchange trends 

(two blue tails), likely a reflection of differing soil temperature regimes (Fig. 4.14). In plot 3 

(wet), ER outweighed GPP during this time, resulting in positive NEE values for an overall 

atmospheric gain. Plot 1, instead, showed net uptake due to greater rates of GPP than ER. It is 

notable that the plot 1 wet site values were more closely paired to the plot 1 dry site than to the 

other wet site in plot 3, suggesting that local site-to-site variability may outweigh overarching wet 

vs dry designations. In this effort, plot 1 (wet and dry) and plot 3 (wet only), yielded significantly 

different NEE, ER, and GPP rates, regardless of mixing moisture designations. 

4.3.3 Environmental Variables and CO2 exchange  

Autochamber measurements provided data at a much finer temporal resolution, allowing 

the exploration of the relationships between environmental variables and the various CO2 fluxes 

at a range of temporal scales, from hourly to the full growing season (Figure 4.15).  The 

automated CO2 measurements yielded large datasets, which generally outweighed the zero-

clusters that were so apparent in the static chamber data, but resulted in over-fitted models (i.e., 

low p-values simply from the excessively large volume of data). The regression slopes can still be 

pertinent, however, and plot-level distinctions were apparent at this scale even with the reduction 

in spatial resolution.  

Air temperature was significantly related to all three CO2 fluxes (Table 4.2), but with low 

R
2
 values (0.1-0.3) indicating that while a significant relationship was present between air 

temperature and NEE, ER, and GPP, it explained very little of the variation in CO2 exchange at 

the scale of every 30 minutes. As with the static chamber data, ER and GPP were most strongly 

related to air temperature, at dry sites especially. Rates of ER increased (slope of 0.07 at dry sites) 

and rates of GPP became more negative (i.e., increased productivity) (slope of -0.23 at dry sites) 

with higher temperatures, supporting the static chamber results.  
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NEE ER GPP 

Dry Wet Dry Wet Dry Wet 

Air temp 
slope 

R
2
 

-0.18 

0.13 

-0.06 

0.04 

0.07 

0.33 

0.07 

0.03 

-0.23 

0.25 

-0.1 

0.04 

Soil 

temp 

5 cm 

slope 

R
2
 

-0.09 

0.03 

-0.07 

0.04 

0.07 

0.25 

0.01 

0.04 

-0.12 

0.03 

-0.12 

0.05 

Soil 

moist 

5 cm 

slope 

R
2
 

-1.75 

0.01 

-7.75 

0.05 

2.00 

0.14 

3.90 

0.00 

-3.80 

0.03 

-11.50 

0.03 

PAR 
slope 

R
2
 

-0.00 

0.36 

-0.00 

0.09 

0.00 

0.07 

0.00 

0.00 

-0.00 

0.43 

-0.00 

0.03 

Table 4.2: Results table for autochamber CO2 fluxes plotted against environmental variables. Red 

text indicates dry sites, and blue indicates wet sites. Highlighted results denote significant 

relationships (i.e., p<0.001).  

 

 

 

Figure 4.18: Regressions of NEE, ER, and GPP against air temperature, coloured by plot and 

designation. Red indicates dry sites (plot 1), navy blue indicates wet sites (plot 1), and royal blue 

indicates wet sites (plot 3). Highlighted statistics indicate (all) significant relationships.  

 

Unlike the static chamber results, soil temperature at this scale was significantly related 

to all three flux types, but again with very low R
2
 values (Table 4.2) (Figure 4.19). The wet sites 

indicate smaller ranges of NEE than the dry sites, and plot 3 especially showed a number of 

measurements with near-zero NEE values, even at comparatively high temperatures. This may be 
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explained by high ER – ER at dry sites exhibited the highest (though still poor) R
2
 of 0.2, with 

ER increasing more sharply at higher temperatures for all plots. Slopes for the dry site were 

steeper than their wet counterparts, indicating that dry sites show a greater sensitivity to soil 

temperature. Plot 3 demonstrated higher rates of ER than the other plots at higher temperatures. 

GPP correlations mirror these trends, with higher temperatures associated with higher 

productivity. Again plot 3 showed much smaller rates of GPP than sites at plot 1, indicating plot-

level variation.  

 

Figure 4.19: Regressions of NEE, ER, and GPP against 5 cm soil temperature. Red indicates 

dry sites (plot 1), navy blue indicates wet sites (plot 1), and royal blue indicates wet sites (plot 3). 

Highlighted statistics indicate (all) significant relationships. 

 

 Although soil moisture varied little after spring melt, it was statistically related to all 

three flux types, albeit with poor R
2
 values due largely to highly grouped, precise, data 

(Appendix C). At this scale, wet and dry sites showed comparable trends with each flux type, 

where the static chamber data yielded conflicting relationships between site designations. Greater 

soil moistures correlated with greater terrestrial uptake, greater ER rates, and greater rates of 

GPP, for dry and wet sites.  

Average daily PAR correlated negatively with NEE (Figure 4.20), where a given PAR 

value could be associated with both a high or a low NEE value (i.e., both steep and shallow 
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slopes visible, and trendline falls between). All three sites show trends of decreasing GPP (i.e., 

greater uptake) with increasing PAR. 

 

Figure 4.20: Linear regressions of autochamber NEE and PAR. Red indicates dry sites (plot 1), 

navy blue indicates wet sites (plot 1), and royal blue indicates wet sites (plot 3). Highlighted 

statistics indicate (all) significant relationships.  

 

4.4 Exploratory Data Analysis: Explanatory Variables 

 

With two scales of data to consider, numerous variables collected at each scale, and 

shifting trends over time (i.e., over the season), several predictive models needed to be created 

and compared, both in terms of explanatory variable importance and overall statistical accuracy. 

Variables were first tested for collinearity, to eliminate selecting variables that together would 

inflate model results. In order to retain unused data for later model validation, all following 

analyses were conducted using 70% (random selection) of the original data as training data.  

Correlation matrices were computed using Spearman’s rank correlation coefficient 

(Spearman’s Rho) to test for collinearity (outlined in Methods). Plot number (i.e., location) and 
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Julian date (i.e., time) were also included as variables in the correlation matrix as potential 

variables. Variables in both the static and autochamber datasets were found to be highly 

correlated. In the static chamber data, as expected, soil temperature at 5 and 10 cm were strongly 

correlated (0.964), and plot number was slightly correlated to air temperature (-0.52). Since air 

temperature was theoretically consistent between all three plots (collected off-site), that 

correlation was not considered to be of significant influence (Appendix C). Julian day and active 

layer depth were slightly correlated (0.45).   

The autochamber environmental variables at wet and dry sites differed slightly because of 

the addition of deeper soil moisture readings at the dry sites. Because of this difference in 

variables, and in order to determine the best model (i.e., most important variables) for each group, 

wet and dry sites were tested separately (Appendix C). This separation would also allow us to 

find which variables were best suited to predicting fluxes in that specific area (i.e., which 

variables most strongly influence each area). Julian day was again tested with both datasets in 

addition to the environmental variables, but only one site was designated dry, therefore location 

(i.e., site ID) would be irrelevant in this case. At dry sites, the two soil temperature depths were 

strongly correlated (0.918), as were soil moisture readings at 5 cm and 20 cm (0.949), and 10 cm 

and 28 cm (0.868). In this dataset Julian day was, unsurprisingly, highly correlated to a number of 

variables: temperature at 5 cm depth (0.57), water content at 5 cm depth (0.58), and more 

strongly, water content at 10 cm (0.90) and at 28 cm (0.96). 

At wet sites, soil temperature at 5 and 10 cm was also strongly correlated (0.704), as were 

soil moisture at 5 and 10 cm depths (-0.730) and soil temperature at 5 cm and soil moisture at 5 

cm (0.649), and soil temperature at 5 cm and soil moisture at 10 cm (-0.664). Air temperature and 

PAR showed very low collinearity with other variables. Julian date was correlated to water 

content at 5 cm depth (0.52), and here site ID (i.e., location) was correlated to water content 5 cm 

(0.87) and 10 cm (-0.88).  
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Based on these and the previous analyses, explanatory variables were chosen to be 

retained and used in subsequent predictive modelling. They were required to be: 1) “ecologically 

meaningful” –i.e., variables which ‘make sense’ by having demonstrated or plausible 

relationships with CO2 flux; and 2) only those variables which were not collinear. The six (6) 

meaningful explanatory variables chosen for the static chamber dataset were: 5 cm soil 

temperature, 7 cm moisture, active layer depth, air temperature, NDVI, and PAR, in 

addition to the option of using Julian day and plot number. The four (4) and five (5) variables for 

the wet and dry autochamber datasets were: (wet sites) 10 cm soil temperature, 5 cm soil 

moisture, air temperature, and PAR, in addition to Julian day; and (dry sites) 5 cm soil 

temperature, 5 cm soil moisture, 10 cm soil moisture, air temperature, and PAR. 

 

4.5 Predictive Modelling 

Using these predetermined variables, NEE rates were first modelled over the entire 

season. Linear multi-regression models were used in order to remain consistent with earlier linear 

regressions in the exploratory analysis, and in order to test the feasibility of the simplest possible 

multi-regression model. A form of best subsets model selection was used to explore the strength 

of each combination, report the n best models (based on a specified information criterion), as well 

as rank the individual variables in terms of importance (i.e., how often each is included in a top-

ranked model). These analyses provided an indication of which combination of variables yielded 

models best able to predict rates of NEE over the full season and during late season. Full results 

tables are included in Appendix D.  

The first linear model of NEE using the static chamber data included all six (6) possible 

predetermined environmental and biophysical variables. The full model yielded very poor 

predictive ability (R
2
 = 0.044). After Best Subset analysis, three top models were identified, the 

best including only air temperature and NDVI. The relative importance of each variable showed 
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only air temperature and NDVI being highly relevant (i.e., present in all top models), and even 

then, only slightly improved on the full model’s accuracy (R
2
 = 0.073). Adding time and chamber 

location to the model yielded even poorer R
2
 values, with 8 top models, air temperature and 

NDVI again being the most important variables, but the addition of date and location increasing 

the number of top models within 2 units of the best.  

The first linear model for the autochamber data at wet sites included all four (4) 

predetermined variables. As expected, this full model yielded a much improved predictive ability 

compared to the static data models (R
2
 = 0.394) (i.e., just under 40% of the variance in NEE was 

able to be explained by the variables), and was the sole top model. Adding Julian day as a 

variable increased the predictive ability (R
2
 = 0.538), again with only one top model, all variables 

included.  

Figure 4.21 is helpful in presenting the success and limitations of the full season model 

at wet sites. The best model (i.e., lowest aicc) built using all of the provided variables, was clearly 

able to predict the more moderate, near-zero NEE values throughout the season. It also captured 

diel cycles at this fine temporal scale. Unfortunately, the model underestimated both extremes of 

NEE through most of the season, missing the distinct fanning out of NEE beginning in mid-July.  

This model likely significantly underestimates seasonal GPP rates which drive the more extreme 

low NEE values, likely because any measure of vegetation is absent (i.e., NDVI collected at static 

chamber scale only).  
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Figure 4.21: Autochambers, wet sites: Validation plot showing actual (blue) and predicted 

(black) NEE values using the top model (all original variables), computed from 30% validation 

data (n= 805). 

 

At the dry sites, the first full linear model, including all five (5) predetermined 

environmental variables, yielded an initially better model than that for the wet sites (R
2
 = 0.57). 

In this case, the top three models were found, the best one including 5 cm soil temperature, 10 cm 

soil moisture, and PAR (also present in the other top models), with an R
2
 of 0.57.  Figure 4.22 

illustrates the validation of the dry site model. Again we can see a general matching between the 

moderate actual and predicted NEE values until early/mid-July, when NEE begins to fan out and 

the predicted values do not follow. This model also does not predict the more extreme NEE 

values, underestimating values driven by late season respiration as well as low values driven by 

productivity.  

Nonetheless, to gain insight into what may account for these relatively poor model 

success rates, models were re-run with early-season data removed. Focusing on the more 

consistent part of the growing season (i.e., after initial spring melt, once the system stabilized into 

clear diel patterns), allowed a more focused investigation of the later season predictor and 

response relationships in these sedge meadows, which were potentially ‘washed out’ in the full 
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datasets. Static chamber measurements did not include the earlier time period in June, so only the 

autochamber datasets were re-run, using data collected on or after June 29
th
, 2014.  

 

 

Figure 4.22: Autochambers at dry site: validation plot showing actual (red) and predicted (black) 

NEE values using the top model (3 predictors: 5 cm soil temperature, 10 cm soil moisture, and 

PAR), computed from 30% validation data (n= 533).  

 

In the later season, the full wet site model (i.e., all initial variables) yielded significantly 

better predictive ability than that of the full season dataset (R
2
 = 0.51. Model selection again 

showed the full model as the top model, indicating that all variables were important to the 

prediction. Adding Julian date (time) as a variable increased the model’s predictive ability only 

slightly (R
2
 = 0.59). The late season dry site model with all initial variables also yielded 

improved predictive ability (R
2
 = 0.64), and yielded the same top model out of three as with the 

full season model. 5 cm soil moisture content and air temperature were again deemed 

unimportant variables. Removing them yielded an R
2
 of 0.64, only slightly better than including 

them.  The results of autochamber predictive models re-run using edited depth labels very closely 

resemble those of the original models, and are provided in Appendix F. 
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Chapter 5 

Discussion 

5.1 Environmental and Biophysical Trends 

5.1.1 Soil Temperature and Moisture Dynamics 

As expected, moisture differences were found between wet and dry sites within the wet 

sedge meadow cover class at the CBAWO, at both scales of measurement. This confirmed what 

was observed in the spectral data prior to field data collection; i.e., spatial variation within the 

traditional ‘wet sedge meadow’ community. Interestingly, not only did soil moisture differ in wet 

and dry sites, but moisture trends over the season between wet and dry sites differed as well. At 

the static chambers, wet sites showed much greater variation than dry sites through the season. 

Conversely, at the autochamber sites, the dry site displayed much more variability, especially 

deeper in the soil, as a result of the development of a deeper active layer (depths which were not 

measured at the static chamber scale). The autochamber soil moisture trends (i.e., more variable 

dry site) were likely more accurate as a result of having more precise and consistently placed 

sensors. Notably, soil moisture trends over time and between wet and dry sites were also variable 

between plots (at both scales). Hence, it was important to investigate whether these differences in 

soil moisture (temporally, spatially, and by sampling scale) interacted with other environmental 

variables in these communities to influence CO2 fluxes. 

Despite clear differences in soil moisture levels between wet and dry sites, mean soil 

temperatures were not significantly different at individual depths at the static sites (5 cm, p= 0.49; 

10 cm, Wilcoxon p= 0.609), or at static sites overall (Wilcoxon p= 0.321). Autochamber soil 

temperature measurements, in contrast, indicated that there was significant variability between 

wet and dry sites (p= 0.049), indicating that differences in soil moisture within these communities 

did indeed translate into contrasting soil temperatures (i.e., moisture was influencing soil 
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temperatures). This supports many studies indicating that moisture strongly affects thermal 

regimes in arctic soil profiles (Hinzman et al., 1991; Kane et al., 2001). However, wet sedge 

meadows have comparably large surface organic layers (typically 5-10 cm deep), often including 

mosses, which hold more water and insulate the lower mineral soils from temperature changes 

driven by air temperature/solar radiation, moderating temperature changes (Hinzman et al., 1991; 

Beringer et al., 2001). These results suggest that if CO2 flux differs between wet sedge moisture 

subcategories, then soil temperature, not simply soil moisture, may be a useful predictor in these 

systems. 

Temperature and moisture trends with depth were also notable, and contribute to a better 

understanding of high arctic wet sedge meadow soil dynamics and spatial variability. Decreasing 

temperature with depth was consistent in wet and dry groups at the static chamber sites (i.e., at a 

finer spatial resolution); where, in these systems, the warming influence of air temperature and 

solar radiation recede with proximity to the permafrost. At the three autochamber sites, however, 

temperature trends did not vary consistently by depth (Figure 4.13) with plots 1 and 3 showing 

opposing depths being warmer. Since the autochamber sampling consisted of two or four 

moisture depth measurements instead of just one, soil temperatures were able to be connected to 

soil moisture at different depths.  

At the autochamber scale, the supply of water appears to be of great influence. In both 

wet and dry sites, wetter soils were consistently warmer (whether deep or shallow). Sites with 

greater winter snow packs (in this case, the wet sites) thaw later in spring, leading to reduced soil 

temperatures and delayed active layer development (Hinkel et al., 2001; Ling & Zhang, 2003). At 

wet sites, then, active layers are generally shallower due to the reduced thawing of the ice-rich 

permafrost (Osterkamp & Burn, 1998). The elevated water table where liquid water is unable to 

permeate through the ice, yields wetter soils, which retain heat well because of the higher heat 

capacity of water compared to air (i.e., act as thermal buffer) (Nobrega & Grogan, 2008). At 
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those sites, lower soil moisture conditions often occurred at greater depths because the soil would 

be frozen (i.e., lack of liquid water). Dry sites instead had generally deeper active layers, lower 

water tables, with near-surface (10 cm) soil being drier and often cooler than the more moist soil 

around it, as air has lower thermal conductivity than water (i.e., dry soil remains cool while wet 

soil heats up).  

In addition to near-surface soil moisture having a significant effect on overall temperature 

patterns between wet and dry sites, moisture changes through the soil profile corresponded well 

with soil temperature changes through the profile at both wet and dry designations. Plot-level soil 

temperature (i.e., variation of these communities over the landscape) may also be important in 

these high arctic wet sedge meadows.  We therefore need to investigate if and how these 

variations in moisture and temperature exist and interact over the landscape and how they may 

influence other environmental variables and CO2 fluxes.  

5.1.2 NDVI  

Vegetation characteristics (i.e., NDVI) are often related to environmental drivers such as 

surface and soil temperature and soil moisture in the Arctic (Jia et al., 2004; Hope et al., 2005; 

Engstrom et al., 2008; Laidler et al., 2008), and can capture properties of vegetation linked 

strongly to carbon cycling processes (e.g., LAI, biomass) (Boelman et al., 2003). Atkinson and 

Treitz (2013) investigated the relationship between biomass and NDVI at the CBAWO at the 

landscape level. They found that NDVI had a moderate positive relationship with biomass, but a 

strong positive relationship to percent vegetation cover. NDVI was therefore expected to be a 

good predictor of CO2 exchange in these plant communities. The high level of homogeneity 

within the wet sedge meadows – compared to greater landscape-level variation – would likely 

result in smaller differences in NDVI over time and space, making predictions more difficult. It 

was important to investigate NDVI patterns in the wet sedge meadows, then, to better understand 

the spatial and temporal variability of vegetation in this community.  
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Site-level NDVI measurements (Figure 4.7) at the bi-weekly scale, successfully captured 

spring greening and peak summer biomass in the wet sedge meadows. NDVI values generally 

peaked in mid- to late-July, though plot-level variation was observed. Interestingly, wet sites 

yielded slightly higher NDVI values throughout the season, suggesting that they were producing 

overall greater live green biomass (Boelman et al., 2003). This is in agreement with other results 

from the High Arctic (Laidler & Treitz, 2003; Atkinson & Treitz, 2013) where wetter areas had 

generally higher NDVI values.  

With their greater NDVI (and likely biomass), wet sites were expected to be more 

productive over the season. GPP values from the static chambers support this, indicating that wet 

sites accounted for the bulk of strong uptake. For the autochambers, however, the bulk of GPP 

occurred at the dry site (Figures 4.15 and 4.17); cumulative values showed that the dry sites took 

up more carbon over the season than the wet. This inconsistency is likely an issue of sampling 

uncertainty. At the static chamber sites, wet sites showed greater variability in NDVI values over 

the season (similar to fluctuating trends in moisture noted at that scale). So, while wet sites 

generally yielded slightly higher, but more variable, NDVI values, this did not translate into 

overall higher uptake (at the autochamber scale). The autochambers also sample over a much 

broader range of conditions – capturing high GPP rates that static chambers missed. The 

connection between NDVI and productivity in this community, therefore, may not be as evident 

as in other studies.   

Again, there was plot-by-plot and within-plot variation in NDVI across space, which 

complicated the investigation of drivers of CO2 exchange across the wet sedge communities. Soil 

temperature patterns did not parallel spatial patterns, as wet sites (with greater vegetation) did not 

always follow clear soil temperature patterns between plots, meaning that NDVI was more 

closely linked to soil moisture patterns than temperature. Given the spatial variability in 

environmental and plant biophysical variables within wet sedge meadows – which appear to be 
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linked to soil temperature and soil moisture – it remains unclear how this will impact broader 

relationships between environmental variables and CO2 exchange rates within these plant 

communities.  

If moisture is the key variable, then wet areas should be sequestering more carbon than 

dry areas.  If soil temperature is in fact a key variable influencing CO2 uptake (quite possible, 

given previous work conducted in the Arctic (Chapin, 1983; Grant et al., 2003; Street et al., 2007; 

Savage et al., 2009) then perhaps soil moisture designations are less meaningful in distinguishing 

differences in CO2 fluxes within these communities. In that case, there may be little benefit to 

modeling these moisture-based subcategories separately.  

5.2 CO2 Exchange 

5.2.1 Overall Trends in NEE, ER, and GPP 

The static chamber and autochamber measurements indicated overall seasonal uptake of 

CO2 in the wet sedge meadow (i.e., photosynthesis was predominant), but, unsurprisingly, static 

chamber and autochamber measurements differed in their magnitudes at the cumulative scale 

(Figure 4.16). When averaged across both wet and dry areas, average NEE measurements based 

on static chamber measurements yielded a seasonal average of -0.23 µmol/m
2
/s, while 

autochamber measurements indicated slightly greater overall NEE at -0.32 µmol/m
2
/s. These 

seasonal overall NEE averages between scales are similar, driven by similar individual estimates 

of GPP and ER. Static chamber measurements of GPP yielded a seasonal average of -1.05 

µmol/m
2
/s, while the spatially coarse autochamber measurements indicated slightly less 

productivity at -0.8 µmol/m
2
/s. Average ER measurements were 0.92 and 0.47 µmol/m

2
/s at static 

chambers and autochambers respectively, indicating that the largest difference between scales 

was for ER. 

The sporadic static chamber measurements, when averaged for the growing season, gave 

a relatively similar estimate of average NEE. Conversely, the autochambers were able to capture 
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adequate spatial variability (similar to the values for 24 sample sites using static chambers). 

These similar averages allow for moving between scales (with NEE, not necessarily ER) with 

greater confidence. This lends greater credence to the autochamber data, in that spatial variability 

appears to have been captured without requiring numerous sample sites (i.e., 24).  

In contrast to average seasonal measurements, the disparity between static and 

autochamber CO2 flux measurements is more pronounced in the cumulative seasonal data 

(Figure 4.17). Notably, overall (wet and dry) cumulative CO2 flux calculations at both scales still 

indicate that the wet sedge meadows at the CBAWO were terrestrial sinks for carbon over the 

complete growing season. Bi-weekly measurements yielded a cumulative NEE of -18.77 g C/m
2
, 

where half-hourly measurements yielded -69.11 g C/m
2
 – a much larger terrestrial sink. Where 

the static chambers may have been missing peak GPP because of limited temporal sampling, the 

autochamber data captured a wider range of GPP values over the entire day. GPP has much 

greater diel fluctuations than ER (Figure 4.15), and the static chambers likely missed large 

variations in GPP.  

So, although average flux values were not notably different between scales, those slight 

differences in instantaneous rates accumulated into much larger disparities in net carbon uptake 

over the entire growing season. Autochamber sites were taking up enough CO2 during the 

daytime (missed by the static chambers) to offset those ER losses and still yield a greater net 

uptake. With their high temporal resolution (but albeit very limited spatial replication), then, 

autochambers were yielding more accurate estimates of carbon uptake for the growing season as a 

whole.  

Data analysis based on the autochamber data highlighted several significant relationships 

between environmental variables and exchange rates which the static chamber measurements 

were unable to capture. Autochamber measurements confirmed many trends that were sometimes 

significant but often less clear (e.g., poor R
2
) than the static chamber measurements, by covering 
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a wider range of environmental conditions and CO2 flux values. In addition, data analysis at this 

scale captured spatial variability over the landscape, as seen in the different trends between 

sample plots 1 and 3.  Figure 5.1 compares the daily NEE averages for wet and dry plots using 

static and autochamber data. Because the static chamber data are likely to have underestimated 

dry site GPP, and are clearly lacking in temporal resolution, we can see that cumulative static 

NEE rates yield very coarse trends that generally oppose the more accurate autochamber results. 

However, these static chamber data cover important spatial variation, and should not be 

discounted, but used to aid in assessing overall  landscape-level patterns.  

 

Figure 5.1: Daily NEE averages for wet and dry sites using static and autochamber data, 

illustrating disparities between sampling scales. Static daily averages were calculated by 

averaging daily values within each sampling period (i.e., blocks of ~4 days). 

 

5.2.2 CO2 Flux in Wet vs. Dry Areas 

In addition to flux trends for wet sedge meadows as a whole, it was important to 

investigate trends in the wet and dry subcategories if we are to understand what (if any) within-

community differences in soil moisture designations have on CO2 fluxes. Do these subcategories, 

then, yield different flux values over the season? At both the bi-weekly and half-hourly scales, 
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wet and dry sites yielded significantly different NEE rates over the season. Wet sites sequestered 

a cumulative total (NEE) of -39g C/m
2
 (static chambers) and -29 g C/m

2
 (autochambers). Dry 

sites showed greater differences between sampling scales, yielding 2 g C/m
2
 (static) and an 

excessive -109 g C/m
2
 (autochambers).  

So while, at the static scale, wet sites accounted for the bulk of uptake – along with the 

higher rates of ER, autochamber data indicated that the dry site was sequestering much more 

CO2. This may indicate that in fact slightly drier conditions are more beneficial to productivity in 

the long term (i.e., over the growing season). Seemingly counterintuitive, this could result from a 

number of interactions. The reduced ER rates at dry sites (i.e., less anaerobic decomposition) 

allow GPP rates to carry greater weight in seasonal exchange averages. Differences in relative 

abundance of plant species with different photosynthetic efficiency in the wet versus the dry sites 

may also impact GPP rates. Further study into the vegetation patterns in each subcategory is 

merited.  

Autochamber and static data indicated that ER also differed significantly between wet 

and dry sites. We know that ER is limited in both very dry and very saturated soils (Nadelhoffer 

et al., 1997; Dagg & Lafleur, 2011), but it is likely that wet and dry sites in these sedge meadows 

sit securely between the moisture thresholds for ER to occur. It is clear from our earlier results 

and from the literature that temperature can be a strong driver of ER (Grant et al., 2003; Street et 

al., 2007; Savage et al., 2009) and is likely influencing these systems. Additionally, soil moisture 

covers a continuum, not simply divided into ‘wet’ or ‘dry’ categories, and therefore it is likely 

that smaller fluctuations in moisture at these sites, in combination with varying temperatures, may 

still influence ER rates. In these communities, warm temperatures in conjunction with adequate 

soil moisture gave rise to higher rates of ER. This is clear when looking at CO2 exchange trends 

over the season (Figure 4.15) as diel fluctuations expand (or ‘fan out’) over time. Temporal 

variations in environmental variables such as soil temperature and soil moisture over the season 
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are likely affecting both ER and GPP, but not to the same degree. It is clearly the difference in 

GPP that most strongly drives the differing seasonal NEE rates between site designations.  

5.3 CO2 Flux and Predictive Variables 

Given plot-level variability within this community, investigating differences between wet 

and dry sites was of interest, in order to better understand what variables influence their CO2 

exchange, and in determining whether we could model those relationships in order to predict CO2 

flux. This discussion will focus primarily on autochamber results, as they adequately captured 

spatial variation across the landscape, and provided high temporal frequency results that could be 

used to explore patterns across a range of temporal scales.  

Air temperature was strongly related to NEE, ER, and GPP at wet and dry sites, and 

displayed one of the strongest linear relationships with any of the CO2 fluxes. Static chamber data 

supported this assertion, although NEE’s sensitivity to air temperature was not as strong as for 

GPP and ER (making it potentially difficult to predict). It was clear from the linear regressions 

(Figure 4.18) that ER and GPP increased as temperatures increased (air temperature and PAR are 

related). Because wet soils can act as a buffer against temperature change, it is likely that in these 

relatively wet systems, air temperature has a greater influence over the various carbon fluxes over 

longer time scales (i.e., throughout the growing season as opposed to diel variation).  Air 

temperature was included as a variable in wet and dry NEE predictive models, but was, 

surprisingly, only included in the top model at wet sites. This indicates that air temperature was 

less influential than other variables at dry sites, most likely because changes in soil moisture 

were of greater importance at the dry sites.   

Comparison of CO2 fluxes with soil temperature (5 cm depth) did not yield clear 

relationships (Figure 4.19). Near-zero CO2 fluxes were observed often, regardless of soil 

temperature. This was somewhat surprising given the initial data indicators (e.g., significantly 

different soil temperatures between wet and dry sites). Still, higher temperatures generally 
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corresponded to higher rates of ER, as well as increasing GPP. Dry and wet sites generally 

showed similar trends, and when modelled, soil temperature was a statistically important variable 

for the top (i.e., most successful) models.  

My results indicate that areas within wet sedge meadows that possess greater soil 

moisture levels are generally associated with greater rates of ER and GPP (i.e., these areas have 

not crossed a moisture threshold where saturation impedes ER). This is comparable to Nobrega 

and Grogan (2008), who found that higher moisture levels correlated to greater net productivity in 

the Low Arctic. Wet and dry sites showed comparable trends (in all CO2 fluxes), indicating that 

soil moisture exerts a similar influence on both groups (though both have very small slopes). The 

positive relationship between soil moisture and GPP, though, contrasts with our earlier results 

which showed that the dry site was in fact producing much more CO2 than the wet. It is notable 

that static chamber measurements (greater spatial resolution) showed that wet sites had greater 

GPP; this may therefore again be an issue of variability. Soil moisture was also included in the 

top models for wet and dry sites, confirming that it is an important control over carbon fluxes in 

wet and dry sites.  

Active layer and CO2 flux regressions supported the theory that in these systems, 

increases in moisture (i.e., shallower active layers) facilitated greater rates of ER. Deepening of 

the active layer (likely dropping the water table) corresponded with reduced rates of ER in the 

wet sedge meadows. Notably, this contrasts with a plethora of studies predicting that warmer 

temperatures and increased active layer are likely to increase decomposition (increase ER), 

contributing to increased atmospheric carbon gains (Schuur et al., 2009). While these studies 

focus more on the release of carbon not previously accessible to microbes, our results don’t 

indicate a clear relationship between deeper active layers and increased ER.  This clearly merits 

further investigation. Active layer depth yielded very weak correlations with GPP, and therefore 
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reduced the overall relationship of active layer with NEE, despite ER’s correlation. Active layer 

was not included in any of the top models predicting CO2 flux from the static chamber data.  

PAR was significantly related to all CO2 fluxes at wet sites, and regressions yielded 

variable negative trends with NEE, where a given PAR value could be associated with a high and 

low NEE value. GPP was partially driving these multi-tailed NEE trends, with both productive 

and unproductive sites (Figure 4.20) at higher PAR levels and temperatures. This suggests the 

presence of another limiting variable (likely temperature or moisture). All three sites show trends 

of greater uptake with increasing PAR, and these trends with GPP are much stronger than those 

with ER (Appendix C). PAR was included in every top NEE model for wet and dry sites, 

confirming its significant influence across the landscape.   It is notable that PAR most strongly 

drives GPP but temperature most strongly drives ER. PAR and air temperature are clearly related 

themselves, but exerting influence differently over different CO2 exchange processes. 

My results suggest that NVDI was not significantly related to any CO2 flux processes. 

Despite the lack of a statistically significant relationship between these variables, various general 

trends were clear. The bulk of carbon exchange during the growing season occurred in 

conjunction with NDVI values of 0.25 - 0.35 – among the highest values attained over the 

growing season. Greater GPP rates of exchange were often associated with greater NDVI values 

(although though cumulative GPP was greater at drier sites with lower NDVI values).    

Despite these established relationships between soil moisture and NDVI, predicting one 

from the other proved challenging. Engstrom et al. (2008) attempted to correlate NDVI to soil 

moisture in a low arctic tundra system, but did not find significant correlation in low relief areas 

(relevant to the wet sedge meadows of the CBAWO).  This suggests finer-scale factors play a key 

role in the regulation of plant biophysical properties in this vegetation type.  

 NDVI values measured at the CBAWO were much smaller compared to other wet 

ecosystems types in the Low Arctic. NDVI values for wet sedge tundra areas in Alaska have been 
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measured between 0.4 and 0.65 (Hope et al., 1993; Walker et al., 1995; McMichael, 1999; 

Boelman et al., 2003), not surprising given their lower latitudes with greater rates of productivity. 

Several of these studies found strong correlations between NDVI, biomass and CO2 exchange, 

and established linear relationships between NDVI and CO2 flux. McMichael (1999) observed 

greater rates of ER with greater NDVI values in wet sedge tundra in the Low Arctic. Wet sedge 

meadows exhibiting increased CO2 uptake generally possessed higher NDVI values, while 

relationships with ER were weak and different in the wet and dry sites. NDVI – only gathered at 

the static chamber scale – was included in the top model for NEE predictions (i.e., a relevant 

variable), but the model had such poor predictive power that NDVI was clearly not a relevant 

factor at that scale. In future years, however, given the strong relationship between NDVI and 

CO2 flux, biomass increases in high arctic wet sedge meadows may create the potential for NDVI 

to become a stronger influence over  CO2 exchange as vegetation values approach those seen in 

the Low Arctic. 

5.4 Model Performance 

Models created with the environmental and biophysical variables yielded mixed 

success. The static chamber model, as expected, performed poorly. With a maximum R
2
 of 0.073 

(i.e., accounted for only 7% of the variance in CO2 exchange over the season), this dataset was 

unable to capture the variability necessary for flux prediction over the season. Despite its high 

spatial resolution, the static chamber dataset lacked the temporal resolution needed to establish 

robust relationships between the environmental/biophysical variables and NEE. Only air 

temperature and NDVI were kept in the top model. The static model’s poor performance indicates 

that at the bi-weekly scale, environmental variables and NDVI are not related sufficiently for CO2 

flux to be predicted.   

The autochamber datasets yielded much better results, accounting for approximately 

50%-65% of the variance in NEE over the season. Including Julian day in the model increased the 
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models’ predictive power. The success of adding Julian day indicated that an unaccounted for 

variable (which progressed over time) was likely exerting influence on NEE over the season, 

accounting for some of the variance in NEE. Seasonally variable factors such as phenology, were 

likely influencing carbon exchange rates. Wet and dry site models, despite beginning with almost 

the same suite of variables, included a different subset of variables in their respective top models, 

indicating that different variables control carbon dynamics in these different areas of wet sedge.  

Further, dry site models contained fewer variables, indicating that the few variables included had 

greater influence, and that the dry sites were in fact easier to model.  

Given that the best linear multiple regression models only explain 50%-65% of the 

variance in NEE over the growing season, other forms of model development should be explored 

for predicting CO2 flux in these communities. Although strong relationships between the 

explanatory (environmental) and response (CO2 exchange) variables were highlighted at the half-

hourly scale, linear equations were not highly effective in describing these data over the season 

(e.g., for PAR), and a more complex equation (e.g., exponential, polynomial) may have been 

more successful.  

Although linear models have been used at high latitudes for modelling CO2 

(McMichael, 1999; La Puma et al., 2007), others have had success using more complex 

regressions. Shaver et al. (2007) successfully modelled about 80% of the variance in NEE using a 

non-linear equation (and variables such as air temperature and LAI, among others), and Gregory 

used a combination of linear and exponential equations (Gregory, 2011). Often, the explanatory 

variable alone could not explain sufficient variance in the response variable; i.e., because other 

factors were exerting influence or because trends shifted over time. The linear multi-regression 

models also did not suitably capture variance in CO2 flux over the season. These results highlight 

the complexity of these wet sedge systems, their variability over time, and the challenges in 

quantifying relationships in order to create accurate predictive models.  
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 These models (or ones like them) predicting flux separately at wet and dry sites, could 

still be applied over a landscape of wet sedge meadows to give a more accurate representation of 

CO2 flux in distinct areas within these communities. These models, applied to areas with 

distinctly different CO2 flux regimes, yielded different variables of importance for each group. If 

the proportion of the landscape of each area is known, then predictive models for wet and dry 

areas may be applied. This should only be done if two separate models yield more accurate 

predictions than one model for the entire community. It is suggested, then, that a model be 

created for the wet sedge meadows as a whole, to compare with the separate wet and dry models. 

If the full community model yields stronger success than the two separate, then there would be no 

benefit to develop separate models. At this point, however, it is clear that the two moisture 

designations within the wet sedge meadows should be modelled separately due to major 

differences in environmental controls and seasonal amounts of NEE.  

 

 

 

 

 

 

 

 



 

 

94 

Chapter 6 

Conclusions 

6.1 Conclusions 

This chapter is focused around the four (4) main research questions of this study, 

considering CO2 flux, abiotic regimes, NDVI, sampling scale, and predictive modelling in wet 

sedge communities at a High Arctic site.  

 

1. Are wet sedge communities net sinks of CO2 over the growing season, and second, how do 

CO2 fluxes vary across the growing season?  

My results, based on both temporally and spatially extensive measurements, confirm the 

initial expectation that wet sedge meadows were a carbon sink over the 2014 growing season. 

Flux patterns progressed through the season much as anticipated, with diel fluctuations for both 

GPP and ER increasing over time. Static and autochamber datasets yielded similar average flux 

trends, but autochamber data proved much more temporally precise for calculating cumulative 

seasonal fluxes.  

 

2. Are spatially variable abiotic regimes within wet sedge meadows important for landscape-

scale carbon exchange processes?  

Wet and dry areas within the wet sedge meadows yielded significantly different carbon 

fluxes (NEE, ER, and GPP) at both scales of measurement, indicating that these spectrally 

differentiable groups indeed reflected different CO2 flux regimes. Within- and between-plot 

variation was also observed in these systems, both for environmental and biophysical variables, 

and in CO2 fluxes. The dry site yielded much higher cumulative GPP, wet sites were surprisingly 

warmer than dry sites, and ER rates were generally higher at wet sites.  



 

 

95 

 

3. What is the relationship between NDVI and CO2 exchange for wet sedge meadows (i.e., can 

NDVI values be used to explain fluxes)?   

No significant relationships were found between NDVI and any of the CO2 fluxes over 

the season. Changes in NDVI within this community appear to be unrelated to the various 

instantaneous CO2 fluxes. This is somewhat surprising given other work that has been done in the 

Low Arctic (e.g., Gregory, 2011). Full-season averages may be more closely linked with NDVI 

than instantaneous rates. Predictive models of CO2 in the wet sedge meadows, then, yielded poor 

results using NDVI.  

 

4. What environmental variables govern CO2 flux, are there trends in those relationships, and 

can those relationships be used to model (or predict) CO2 fluxes? 

Air temperature showed clear positive linear relationships with all CO2 fluxes.  

Correlations were stronger with ER and GPP than with NEE. Moisture was related to the various 

carbon fluxes at both scales, but its influence differed between sampling scales and between plots. 

Warmer soil temperatures, not surprisingly, coincided with greater rates of ER and GPP (though 

ER was the most sensitive to change). PAR showed clear relationships with CO2 fluxes, but was 

clearly a secondary influence, as trends in all the CO2 fluxes were highly variable under a 

particular PAR regime. Active layer depth proved influential only for wet sites, where, notably, 

lower ER rates were found with greater active layer depth (i.e., less moisture).  

 While static chamber data were inadequate for modelling NEE in these systems, 

autochamber results produced more successful predictive models for the wet and dry sites. Dry 

sites required fewer variables to predict NEE, and yielded stronger predictive power. Extreme 

NEE values were not represented in the models, as linear equations likely did not readily capture 

adequate variability. Understandably, models created only for later season CO2 exchange were 
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more successful than full season models, with the more inconsistent springtime measurements 

omitted, and a shorter period of time being predicted.  

 

6.2 Suggested Future Work 

 

With warmer temperatures and expected reductions in summer moisture inputs (Hinzman 

& Kane, 1992; Curtis et al., 1998), the extent of wet sedge vegetation in the High Arctic may 

decline. As these systems are clear carbon sinks over the growing season, a reduction in wet 

sedge meadow areas would result in the loss of a strong negative feedback to rising atmospheric 

CO2 levels. However, results suggest that different moisture regimes within this vegetation type 

(i.e., wet and dry sites) reflect different CO2 flux regimes, and that drier areas have reduced 

respiration rates and potentially greater seasonal productivity than wet sites. If wet sedge 

meadows become drier (i.e., not a full community loss) this study suggests that, at least in the 

short term, we may not see the increased respiration and release of carbon to the atmosphere that 

several previous studies have predicted (Schuur et al., 2009). A more complete understanding of 

the processes controlling the carbon balance of this vegetation type, their interactions, and the 

scale at which they operate is needed to improve our predictions of how the Arctic will respond to 

future changes in climate. 

It is often advantageous (i.e., more accurate) to split landscape-level flux estimations 

and predictive models by broad vegetation classes (i.e., different plant communities often have 

significantly different fluxes) (Nobrega & Grogan, 2008). While there was initial merit in 

creating separate models of CO2 fluxes for the wet and dry areas, the two models may not 

necessarily improve the accuracy of landscape-level carbon cycle predictions in the region. If, 

regardless of wet and dry subcategory variability, one community-wide wet sedge model can 

better (or equally) predict wet sedge seasonal flux, then it is unnecessary to distinguish between 
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these areas. It is suggested that one full model, created using the same methodology as above, be 

produced to test the necessity of the two separate models.  

Additionally, it is likely that non-linear equations would be more suited to predicting 

CO2 exchange in these systems. More complex models are expected to yield better CO2 exchange 

predictability, especially because many of the individual relationships between the predictor and 

response variables were not strongly linear.   

When considering the applicability of these models, it would be beneficial to know 

whether the relationships highlighted in this study were apparent over several seasons (i.e., 

representative of longer term trends). Additionally, more autochamber replicates would allow for 

better explanation of some of the trends highlighted in this study – for example, the lack of dry 

site replicates with the autochamber sampling made it difficult to properly understand the 

cause/or representative accuracy of the very productive dry site.  

This study was able to highlight, for these productive high arctic ecosystems, several 

key relationships between CO2 fluxes and environmental variables, as well as capture some 

surprising results that were not expected. These results also show that even within a plant 

community type, different approaches (and data sources) may be needed to make accurate 

predictions at the landscape scale of the response of wet sedge meadows to future changes in 

climate. These systems are complex (over space and time), and my results indicate how different 

controls operate over different scales.  Future work will have to explore appropriate scaling 

mechanisms that can be used to capture this variability and use it for improved predictions of 

interactions between Arctic ecosystems and the climate system. 
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Appendix A 

Climatological Data 

 

Yearly average growing season temperatures (June 5 to July 28) recorded from the 

meteorological station at the CBAWO, from 2004 to 2014, and 2004-2013 average. 
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Appendix B 

Static Chamber Regressions 

Highlighted statistics indicate significant relationships; coloured borders indicate wet or dry sites. 

 

Linear regressions of static chamber CO2 flux and air temperature with partial datasets (near-

zero values removed). 

 

 

Linear regressions of static chamber CO2 flux and 5 cm soil temperature: 
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Linear regressions of static chamber CO2 flux and 10 cm soil temperature: 

 

 

Linear regressions of static chamber CO2 flux and 7 cm soil moisture: full and partial datasets 
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Linear regressions of static chamber CO2 flux and active layer depth: full and partial datasets 

 

 

 

Linear regressions of static chamber CO2 flux and NDVI: partial datasets 
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Appendix C 

Autochamber Regressions 

Highlighted statistics indicate significant relationships, and coloured borders indicate wet or dry 

sites. 

 

Linear regressions of autochamber CO2 flux and 5 cm soil moisture. Buried sensors yield 

extremely precise results, producing very similar data tightly grouped. 

 
 

Linear regressions of autochamber CO2 flux and PAR.  
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Appendix D 

Correlation Matrixes 

Correlation matrixes (Spearman’s rho) testing collinearity between all potential explanatory 

variables for (1) static and (2) autochamber environmental and biophysical variables. The lighter 

the colour, the less related the variables. 

 

1) Static chamber variables: 

  

 

 

 



 

 

114 

2) Autochamber variables: 

Wet: 

  

 

Dry: 
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Appendix E 

Predictive Model Results 

 

1) Full season models: 

Static dataset, wet and dry 

5 cm soil temperature, 7 cm soil moisture, active layer, air temperature, NDVI, PAR 

Summary Model selection Variable importance Model aicc 
Model 

weight 

p = 0.109 (full) 

p = 0.008  (top) 

3 models within 2 ic units: 

1)  air temp, NDVI 

2)  7 cm soil moist, air temp,    

     NDVI 

3)  5 cm soil temp, air temp, 

NDVI 

Air temp               1.0 

NDVI                  <0.8 

7 cm soil moist   <0.4 

5 cm soil temp    <0.4 

PAR                    <0.4 

active layer         <0.4 

1) 222.1989 

2) 224.0927 

3) 224.1925 

1) 0.155 

2) 0.060 

3) 0.057 
Adjusted R

2
  

0.044      (full) 

0.073      (top) 
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Static dataset, wet and dry 

5 cm soil temperature, 7 cm soil moisture, active layer, air temperature, NDVI, PAR + Julian date + plot 

Summary Model selection Variable importance Model aicc 
Model 

weight 

p = 0.090 (full) 

p = 0.008 (top) 

 

8 models within 2 ic units: 

1)  air temp, NDVI 

2)  5 cm soil temp, NDVI, 

Plot 

3)  air temp, NDVI, date 

NDVI                   <0.8 

Air temp              <0.8 

Plot                      <0.6 

5 cm soil temp     <0.6  

Date                     <0.4 

PAR                     <0.4 

7 cm soil moist    <0.4 

active layer          <0.4 

1) 222.1990 

2) 223.2516 

3) 223.5221 

1) 0.063 

2) 0.037 

3) 0.032 Adjusted R
2
  

0.057 (full) 

0.073 (top) 
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Autochamber dataset, wet sites 

10 cm soil temperature, 5 cm soil moisture, air temperature, PAR 

Summary Model selection Variable importance Model aicc Model weight 

p < 0.0001 

1 model within 2 ic units 

(All original variables) 
All at 1.0 3408.385 0.999 

Adjusted R
2
 

0.392 

10 cm soil temperature, 5 cm soil moisture, air temperature, PAR + Julian date 

Summary Model selection Variable importance Model aicc Model weight 

p<0.0001 

 
1 model within 2 ic units 

(All variables) 
All at 1.0 2902.204 0.998 

Adjusted R
2
 

0.536 
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Autochambers, dry sites  

5 cm soil temperature, 5 cm soil moisture, 10 cm soil moisture, air temperature, PAR 

Summary Model selection Variable importance Model aicc Model weight 

p < 0.0001 

3 models within 2 ic units: 

1)  5 cm soil temp, 10 cm 

soil moist, PAR 

2)  5 cm soil temp, 5 cm soil 

moist, 10 cm soil moist, 

PAR 

3) 5 cm soil temp, 10 cm soil 

moist, air temp, PAR 

 

soil temp 5 cm      1.0 

soil moist 10 cm   1.0  

PAR                      1.0 

soil moist 5 cm   <0.4 

air temp               <0.4 

 

1)  2688.614 

2)  2690.537 

3)  2690.556 

1)  0.524 

2)  0.201 

3)  0.199 
Adjusted R

2
  

0.565 (full) 

0.566 (top) 
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2) Late season only: 

Autochamber dataset, wet sites 

10 cm soil temperature, 5 cm soil moisture, air temperature, PAR 

Summary Model selection Variable importance Model aicc Model weight 

p < 0.0001 

1 model within 2 ic units 

(All original variables) 
All at 1.0 2960.313 0.999 

Adjusted R
2
 

0.5067 

10 cm soil temperature, 5 cm soil moisture, air temperature, PAR + Julian date 

Summary Model selection Variable importance Model aicc Model weight 

p<0.0001 

 
1 model within 2 ic units 

(All variables) 
All at 1.0 2623.714 0.999 

Adjusted R
2
  

0.591 
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Autochambers, dry sites  

5 cm soil temperature, 5 cm soil moisture, 10 cm soil moisture, air temperature, PAR 

Summary Model selection Variable importance Model aicc Model weight 

p < 0.0001 

3 models within 2 ic units: 

1)  5 cm soil temp, 10 cm 

soil moist, PAR 

2)  5 cm soil temp, 10 cm 

soil moist, air temp, PAR 

3) 5 cm soil temp, 5 cm soil 

moist, 10 cm soil moist, 

PAR 

 

PAR                        1.0 

soil moist 10 cm     1.0 

soil temp 5 cm        1.0 

air temp                   0.4 

soil moist 5 cm     <0.4 

 

1)  2201.807 

2)  2202.757 

3)  2203.642 

1)  0.437 

2)  0.272 

3)  0.175 
Adjusted R

2
  

0.641  (full) 

0.6412 (top) 
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Appendix F 

Alternative Predictive Model Results 

 

The following (autochamber) 

model results are for full-season models 

re-run using alternate depth labels for 

environmental variables. Changes made 

as follows:  

Soil moisture:  

 Plot 1 (Wet) 5 cm and 10 cm depths 

inverted, Plot 1 (Dry) 5 cm = 10 cm, 

10 cm = 28 cm, 20 cm = 5 cm, 28 

cm = 20 cm 

Soil Temperature: 

 Plot 1 (Wet) 5 cm and 10 cm depths 

inverted, Plot 1 (Dry) 5 cm and 10 

cm depths inverted 

  

Autochamber dataset, wet sites 

5 cm soil temperature, 10 cm soil moisture, air temperature, PAR 

Summary Model selection Variable importance Model aicc Model weight 

p < 0.0001 

1 model within 2 ic units 

(All original variables) 

All at 1.0, except air 

temperature >0.8 
3488.859 0.958 

Adjusted R
2
 

0.366 

5 cm soil temperature, 10 cm soil moisture, air temperature, PAR + Julian date 

Summary Model selection Variable importance Model aicc Model weight 

p<0.0001 2 models within 2 ic units 

1) All variables 

2) 5 cm soil temp, 10 cm 

soil moist, PAR 

All at 1.0, except air 

temp >0.6 

1) 2920.279 

2) 2922.213 

1) 0.7245 

2) 0.2754 
Adjusted R

2
 

0.532 
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Autochamber, dry sites  

5 cm soil temperature, 20 cm soil moisture, 28 cm soil moisture, air temperature, PAR 

Summary Model selection Variable importance Model aicc Model weight 

p < 0.0001 

2 models within 2 ic units: 

1)  5 cm soil temp, 20 cm 

soil moist, 28 cm soil 

moist, PAR 

2)  (all variables) 5 cm soil 

temp, 20 cm soil moist, 

28 cm soil moist, air 

temp, PAR  

 

All 1.0 except air temp                

<0.4 

 

1)  2695.348 

2)  2697.082 

 

1)  0.704 

2)  0.295 

 
Adjusted R

2
  

0.5634 (full) 

0.5637 (top) 
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Appendix G 

Sample Static Chamber Data 

  

plot round collar vaisala_filename collar_new type date air_temp NEE_flux ER_flux GPP_flux soil_T_5cm soil_T_10cm soil_M_7cm active_layer

1 2 1-1Vaisala_converted//Plot 1/Round 2 - July 4/2014-07-04 12_00PM 1-1L.csv D1 D 04/07/2014 2.717 0.051636135 0.655202435 -0.6035663 3.5 2.1 31.4 25

1 2 1-3Vaisala_converted//Plot 1/Round 2 - July 4/4.7.2014 11_25AM 1-3L.csv W1 W 04/07/2014 3.036 0.117398626 -0.041618797 0.159017423 2 0.7 100 18

1 2 1-2Vaisala_converted//Plot 1/Round 2 - July 4/4.7.2014 11_45AM 1-2L.csv W14 W 04/07/2014 2.717 0.046562767 -0.045060864 0.091623631 0.9 -0.1 54.8 10

1 2 2-2Vaisala_converted//Plot 1/Round 2 - July 4/4.7.2014 11_07AM 2-2L.csv W3 W 04/07/2014 3.036 0.051954563 -0.047142763 0.099097326 1.5 0.9 61 20

1 2 2-3Vaisala_converted//Plot 1/Round 2 - July 4/4.7.2014 10_46AM 2-3L.csv W4 W 04/07/2014 3.036 0.108040785 -0.030325487 0.138366272 0.9 0.2 56.8 10

1 2 2-5Vaisala_converted//Plot 1/Round 2 - July 4/2014-07-04 10_51AM 2-5L.csv W5 W 04/07/2014 3.036 -1.070086233 1.11441234 -2.184498573 3.1 2.5 84.2 25

1 3 1-1Vaisala_converted//Plot 1/Round 3 - July 10/2014-07-10 12_09PM 1-1L.csv D1 D 10/07/2014 6.839 -0.154567363 1.080785806 -1.235353169 3.5 2.7 6.6 32

1 3 1-3Vaisala_converted//Plot 1/Round 3 - July 10/2014-07-10 12_45PM 1-3L.csv W1 W 10/07/2014 7.67 -0.609984456 1.044911503 -1.654895959 2.6 1.9 86.7 25

1 3 1-2Vaisala_converted//Plot 1/Round 3 - July 10/2014-07-10 12_28PM 1-2L.csv W14 W 10/07/2014 6.839 0.35708881 1.747290422 -1.390201612 1.2 0.6 65.7 19

1 3 2-1Vaisala_converted//Plot 1/Round 3 - July 10/2014-07-10 11_31AM 2-1L.csv W2 W 10/07/2014 6.839 -1.006568892 1.847990909 -2.854559801 1.7 1.3 52.6 26

1 3 2-2Vaisala_converted//Plot 1/Round 3 - July 10/10.7.2014 11_17AM 2-2L.csv W3 W 10/07/2014 6.306 0.305782371 -0.046622698 0.352405069 2.9 2.2 59.8 29

1 3 2-3Vaisala_converted//Plot 1/Round 3 - July 10/10.7.2014 10_58AM 2-3L.csv W4 W 10/07/2014 6.306 0.116640016 -0.057639282 0.174279298 1.2 0.5 35.3 12

1 3 2-5Vaisala_converted//Plot 1/Round 3 - July 10/2014-07-10 11_15AM 2-5L.csv W5 W 10/07/2014 6.306 -1.219559532 1.357059867 -2.576619399 4.4 3.6 60.1 39

1 5 1-1Vaisala_converted//Plot 1/Round 5 - July 15/15.7.2014 12_16PM 1-1l.csv D1 D 15/07/2014 5.076 0.029592599 -0.017928923 0.047521522 4.1 3.4 40.4 40

1 5 1-3Vaisala_converted//Plot 1/Round 5 - July 15/15.7.2014 11_46AM 1-3L.csv W1 W 15/07/2014 5.076 0.049014411 -0.024782253 0.073796664 3.7 2.8 100 33

1 5 1-4Vaisala_converted//Plot 1/Round 5 - July 15/15.7.2014 12_42PM 1-4L.csv W15 W 15/07/2014 3.67 -0.00836301 -0.040859815 0.032496805 2 0.4 60.9 20

1 5 2-2Vaisala_converted//Plot 1/Round 5 - July 15/15.7.2014 11_26AM 2-2L.csv W3 W 15/07/2014 5.334 0.026839454 -0.023191557 0.050031011 3.8 2.9 100 34

1 5 2-3Vaisala_converted//Plot 1/Round 5 - July 15/15.7.2014 10_39AM 2-3L.csv W4 W 15/07/2014 5.334 -0.1370482 1.752252762 -1.889300962 1.5 0.9 64.1 22

1 5 2-5Vaisala_converted//Plot 1/Round 5 - July 15/15.7.2014 10_37AM 2-5L.csv W5 W 15/07/2014 5.334 -2.399333039 -0.021696485 -2.377636554 4.9 4.3 63.5 43.5

1 6 1-1Vaisala_converted//Plot 1/Round 6 - July 20/2014-07-20 11_34AM 1-1L.csv D1 D 20/07/2014 8.295 0.064814419 2.519914738 -2.455100319 4.3 3.1 36.2 41

1 7 1-1Vaisala_converted//Plot 1/Round 7 - July 20/20.7.2014 3_59PM 1-1D.csv D1 D 20/07/2014 8.742 -0.718024103 1.310438823 -2.028462926 6.5 5 36.6 41

1 6 1-3Vaisala_converted//Plot 1/Round 6 - July 20/20.7.2014 11_40AM 1-3L.csv W1 W 20/07/2014 8.295 -1.016450277 1.059442499 -2.075892776 4.6 3.5 100 28.5

1 7 1-3Vaisala_converted//Plot 1/Round 7 - July 20/20.7.2014 3_52PM 1-3L.csv W1 W 20/07/2014 8.742 -0.705675478 0.986794929 -1.692470407 8.9 5.7 100 28.5

1 6 1-2Vaisala_converted//Plot 1/Round 6 - July 20/20.7.2014 12_01PM 1-2L.csv W14 W 20/07/2014 8.295 0.5684803 2.233500654 -1.665020354 3.5 2.6 91.9 25

1 7 1-2Vaisala_converted//Plot 1/Round 7 - July 20/20.7.2014 4_10PM 1-2L.csv W14 W 20/07/2014 8.742 1.117195048 2.5275603 -1.410365252 5.9 4.3 56.6 25

1 6 1-4Vaisala_converted//Plot 1/Round 6 - July 20/2014-07-20 11_50AM 1-4L.csv W15 W 20/07/2014 8.295 0.296675366 3.164517659 -2.867842293 1.7 0.5 100 15.5

1 7 1-4Vaisala_converted//Plot 1/Round 7 - July 20/20.7.2014 4_23PM 1-4D.csv W15 W 20/07/2014 8.742 0.512630246 2.962036749 -2.449406503 2.3 0.7 100 15.5

1 6 2-1Vaisala_converted//Plot 1/Round 6 - July 20/2014-07-20 11_13AM 2-1L.csv W2 W 20/07/2014 11.224 -1.511866629 2.76553607 -4.277402699 2.9 2.3 91.4 34.5

1 7 2-1Vaisala_converted//Plot 1/Round 7 - July 20/2014-07-20 3_29PM 2-1L.csv W2 W 20/07/2014 8.369 -2.346450934 2.705325153 -5.051776087 5.6 3.7 58.1 34.5

1 6 2-2Vaisala_converted//Plot 1/Round 6 - July 20/20.7.2014 11_21AM 2-2L.csv W3 W 20/07/2014 11.224 -0.487232255 1.625487382 -2.112719637 4.3 3.3 100 36

1 7 2-2Vaisala_converted//Plot 1/Round 7 - July 20/20.7.2014 3_32PM 2-2L.csv W3 W 20/07/2014 8.742 -0.634132618 1.753630738 -2.387763356 5.9 4.2 100 36

1 6 2-3Vaisala_converted//Plot 1/Round 6 - July 20/20.7.2014 11_00AM 2-3L.csv W4 W 20/07/2014 11.224 0.046205415 1.961990645 -1.91578523 2.4 1.4 49 20

1 7 2-3Vaisala_converted//Plot 1/Round 7 - July 20/20.7.2014 3_13PM 2-3L.csv W4 W 20/07/2014 8.369 -0.182981726 2.181850067 -2.364831793 4.5 3.1 84.4 20
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Appendix H 

Sample Autochamber Data 

 

32924 32927 D 15/06/2014 16:31 21.7 -1.1 0 -0.619801117 -0.106781334 -0.513019783 948 -1.498 -0.283 0.0976 0.0911 0.0511 0.1027

32924 32927 D 15/06/2014 17:01 21.7 -1.2 0 -0.676146673 -0.142375112 -0.533771561 1067 -1.413 -0.227 0.0976 0.0911 0.0511 0.1027

32924 32927 D 15/06/2014 17:31 21.3 -0.7 0 -0.394418893 -0.071187556 -0.323231337 681 -1.327 -0.199 0.0976 0.0911 0.0511 0.1027

32924 32927 D 15/06/2014 18:01 21.6 -0.9 0 -0.507110005 -0.142375112 -0.364734893 750 -1.299 -0.227 0.0976 0.0911 0.0519 0.1027

32924 32927 D 15/06/2014 18:31 21.5 -0.8 0 -0.450764449 -0.142375112 -0.308389337 589 -1.299 -0.227 0.0983 0.0911 0.0511 0.1027

32924 32927 D 15/06/2014 19:01 21.7 -0.9 0 -0.507110005 -0.17796889 -0.329141115 628 -1.327 -0.255 0.0976 0.0911 0.0511 0.1027

32924 32927 D 15/06/2014 19:31 21.8 -1 0 -0.563455561 -0.142375112 -0.421080449 637 -1.327 -0.283 0.0983 0.0911 0.0511 0.1027

32924 32927 D 15/06/2014 20:01 21.8 -0.9 0 -0.507110005 -0.17796889 -0.329141115 598 -1.356 -0.311 0.0983 0.0911 0.0511 0.1034

32924 32927 D 15/06/2014 20:31 21.7 -0.8 0 -0.450764449 -0.142375112 -0.308389337 827 -1.384 -0.339 0.0983 0.0911 0.0519 0.1034

32924 32927 D 15/06/2014 21:01 21.7 -0.7 0 -0.394418893 -0.142375112 -0.252043781 646 -1.356 -0.367 0.0983 0.0911 0.0519 0.1034

32924 32927 D 15/06/2014 21:31 21.6 -0.7 0 -0.394418893 -0.142375112 -0.252043781 557 -1.327 -0.367 0.0983 0.0911 0.0519 0.1034

32924 32927 D 15/06/2014 22:01 21.3 -0.2 0 -0.112691112 -0.071187556 -0.041503556 266 -1.299 -0.367 0.0991 0.0911 0.0519 0.1034

32924 32927 D 15/06/2014 22:31 21.9 -0.6 0 -0.338073336 -0.071187556 -0.26688578 278 -1.299 -0.367 0.0991 0.0911 0.0526 0.1034

32924 32927 D 15/06/2014 23:01 22 -0.6 0 -0.338073336 -0.142375112 -0.195698224 186 -1.327 -0.395 0.0991 0.0911 0.0526 0.1042

32924 32927 D 15/06/2014 23:31 22.1 -0.6 0 -0.338073336 -0.142375112 -0.195698224 180 -1.356 -0.423 0.0991 0.0918 0.0533 0.1042

32924 32927 D 16/06/2014 0:01 22.2 -0.6 0 -0.338073336 -0.142375112 -0.195698224 166 -1.356 -0.451 0.0991 0.0918 0.0526 0.1042

32924 32927 D 16/06/2014 0:31 22.2 -0.5 0 -0.28172778 -0.071187556 -0.210540224 139 -1.384 -0.479 0.0991 0.0918 0.0526 0.1042

32924 32927 D 16/06/2014 1:01 22.3 -0.5 0 -0.28172778 -0.071187556 -0.210540224 136 -1.384 -0.507 0.0991 0.0918 0.0526 0.1042

32924 32927 D 16/06/2014 1:31 22.3 -0.5 0 -0.28172778 0 -0.28172778 121 -1.413 -0.507 0.0991 0.0918 0.0533 0.1042

32924 32927 D 16/06/2014 2:01 22.3 -0.5 0 -0.28172778 0 -0.28172778 100 -1.441 -0.563 0.0991 0.0918 0.0526 0.1042

32924 32927 D 16/06/2014 2:31 22.4 -0.5 0 -0.28172778 0 -0.28172778 130 -1.441 -0.563 0.0998 0.0918 0.0533 0.1049

32924 32927 D 16/06/2014 3:01 22.4 -0.5 0 -0.28172778 0.071187556 -0.352915336 106 -1.47 -0.591 0.0998 0.0918 0.0526 0.1049

32924 32927 D 16/06/2014 3:31 22.4 -0.5 0 -0.28172778 0.035593778 -0.317321558 112 -1.498 -0.62 0.0998 0.0925 0.0526 0.1049

32924 32927 D 16/06/2014 4:01 22.4 -0.6 0 -0.338073336 0 -0.338073336 130 -1.498 -0.648 0.0998 0.0918 0.0526 0.1049

32924 32927 D 16/06/2014 4:31 22.3 -0.6 0 -0.338073336 0 -0.338073336 133 -1.527 -0.676 0.0991 0.0918 0.0526 0.1049

32924 32927 D 16/06/2014 5:01 22.3 -0.8 0 -0.450764449 -0.035593778 -0.415170671 210 -1.527 -0.704 0.0991 0.0918 0.0526 0.1049

32924 32927 D 16/06/2014 5:31 22.2 -0.8 0 -0.450764449 0 -0.450764449 231 -1.556 -0.732 0.0998 0.0925 0.0526 0.1049

32924 32927 D 16/06/2014 6:01 22.1 -0.7 0 -0.394418893 0 -0.394418893 237 -1.556 -0.732 0.0998 0.0925 0.0526 0.1049
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