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Abstract 

Although northern peatlands in general are currently a net carbon sink, there is still considerable 

uncertainty in the long-term combined response of plant productivity and ecosystem respiration 

to global warming and moisture changes. The Hudson Bay Lowlands (HBL) region of Canada is 

the second largest peat-accumulating complex in the world that is strongly influenced by the cold 

air masses originating off the Hudson Bay. Recent warming has caused observed changes in the 

sea ice dynamics and energy budget of the Hudson Bay, yet it is presently unknown how these 

climatic changes in the Bay will impact the surface energy and carbon balance of the adjacent 

HBL. As a globally significant peatland carbon pool, the HBL will play an important role in 

future climate warming and permafrost carbon feedback. The primary aim of this study is to 

improve our understanding of the warming-induced changes in the advective influence of the 

Hudson Bay and its linkage to the changes in the surface energy and carbon balance over 

peatlands of the HBL. I use a combined model and assimilated climate dataset to investigate the 

mesoscale wind and temperature changes in the HBL and their impacts on the surface energy 

balance (1979–2018). Furthermore, I employ a satellite data-driven light-use efficiency model, 

calibrated and validated with eddy covariance tower measurements at a fen and bog to examine 

the response of net ecosystem CO2 exchange to climatic changes (2000–2019). The results reveal 

that differential rates of warming between offshore and onshore winds have produced significant 

changes in the advective role of the Hudson Bay as evident in the increased frequency and 

strength of onshore winds. Also, the results show contrasting net CO2 exchange between the fen 

and bog sites. The anomalies in gross primary production and ecosystem respiration were 

associated with strong trends in temperature and moisture, and the Hudson Bay had a more 

pronounced advective influence on peatland respiration than photosynthesis.   
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“The fastest runner doesn’t always win the race, and the strongest warrior doesn’t always win the 

battle. The wise sometimes go hungry, and the skillful are not necessarily wealthy. And those 

who are educated don’t always lead successful lives. It is all decided by chance, by being in the 

right place at the right time.” 

––The Teacher (Ecclesiastes 9:11) 
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1 Chapter 1 – Introduction 
Chapter 1 

 
Introduction 

 
1.1 Background 

1.1.1 Climatic Changes in Arctic and Subarctic Regions 

Greenhouse gases such as water vapour, carbon dioxide (CO2), methane (CH4), and 

nitrous oxide (N2O) help regulate the Earth’s temperature due to their ability to absorb and trap 

heat in the atmosphere. The greenhouse gases play a vital role in the sustenance of life on the 

Earth, maintaining an average global surface air temperature of about 15 °C. Without this so-

called “natural greenhouse effect”, the earth would be much colder with an average temperature 

of about -18 °C. However, the rise in the atmospheric concentration of greenhouse gases since 

the mid-19th century due to the burning of fossil fuels, agriculture and urbanization, has resulted 

in unprecedented warming of the atmosphere and terrestrial ecosystems (Shukla et al., 2019). 

The globally averaged temperature over land for the period 1880–2018 have increased by 1.41 

°C (Jia et al., 2019), which is primarily attributable to the anthropogenic greenhouse effect. The 

rise in air temperatures has varied considerably across regions of the world. 

Warmer temperatures have led to a dramatic reduction in snow cover and sea ice extent 

in the Arctic and Subarctic region, reducing the Earth’s surface albedo and amplifying the rate of 
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warming (Derksen et al., 2018; Mudryk et al., 2018). In addition to the positive snow- and sea 

ice-albedo feedback, the Arctic amplification is also produced by aerosol concentration changes 

and black carbon deposits on snow or ice (Shindell and Faluvegi, 2009), changes in arctic cloud 

feedback and water vapour content (Vavrus, 2004; Graversen and Wang 2009), and the poleward 

atmospheric and oceanic heat transport from lower latitudes (Spielhagen et al., 2011). Research 

studies have shown that temperature trends in the high-latitudes have been higher than trends for 

the northern hemisphere as a whole (van Wijngaarden, 2008; Serreze and Barry, 2011; Walsh et 

al., 2011), and the Arctic has warmed over twice as much as the global average (Screen and 

Simmonds, 2010; Cowtan and Way, 2013). The warming-induced changes in the Arctic and 

Subarctic have impacted the soil thermal dynamics, freeze-thaw regimes, and permafrost carbon 

stability (Euskirchen et al., 2006; Fan et al., 2013). 

 
1.1.2 Terrestrial Ecosystems and the Global Carbon Cycle 

The growth rate of atmospheric greenhouse gases, particularly CO2 and CH4 is 

determined by anthropogenic sources (e.g. fossil fuel combustion and land-use change) and 

natural sinks (e.g. ocean and land ecosystems). Long-term measurements of atmospheric CO2 

concentrations indicate that the upward secular trend in CO2 is produced primarily by fossil fuel 

burning, while the presence of a seasonal cycle is due to photosynthetic-decay processes of the 

terrestrial biosphere (Keeling et al., 1976; Keeling et al., 1989). The current capacity of North 

American terrestrial ecosystems to absorb more CO2 and offset some of the human emissions is 

not guaranteed to persist into the future. The net ecosystem carbon (C) exchange (NEE) depends 

on the balance between gross primary production (GPP, which removes C from the atmosphere) 

and ecosystem respiration (ER, which releases C to the atmosphere). Organic carbon is stored on 

land by living vegetation biomass (450–650 Pg C; Prentice et al., 2001), dead organic matter in 
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litter and soils (1500–2400 Pg C; Batjes, 1996), wetlands (300–700 Pg C; Bridgham et al., 2006) 

and permafrost soils (~1700 Pg C; Tarnocai et al., 2009).  

There is a strong relationship between climate and terrestrial ecosystems, and the 

exchange of carbon between the land and atmosphere plays an important role in the global 

climate. Changes in the climate influence vegetation dynamics and ecosystem processes, and the 

terrestrial biosphere exerts important feedbacks on the climate through various biogeophysical 

and biogeochemical cycles. The climate–ecosystem interaction is influenced by the rising 

atmospheric CO2 concentration, enhanced photosynthesis, and higher heterotrophic respiration 

(Prentice et al., 2001; Bindof et al., 2013). Widespread changes in vegetation structure, 

community composition and biogeography due to human-induced changes in temperature and 

precipitation have been reported (Dieleman et al., 2015; IPCC 2021). The vegetation feedback on 

climate includes physiological effects related to a lower stomatal conductance with higher 

atmospheric CO2 concentrations. This leads to a decrease in evapotranspiration and precipitation, 

further accelerating climate warming (Lemordant et al., 2018). 

Although the relationship between the terrestrial ecosystem and climate has been well-

studied, the direction and magnitude of climate-carbon cycle feedback remain uncertain 

(Friedlingstein et al., 2006; Gallego-Sala et al., 2018). The response of the carbon cycle to the 

anthropogenic increase in atmospheric CO2 has been characterized into two strong and opposing 

feedbacks (Friedlingstein et al., 2006; Boer and Arora 2009). First, there is the negative carbon–

concentration feedback which is a measure of the carbon cycle response to higher atmospheric 

CO2 concentration that will result in greater C uptake by the land and ocean. Second, there exists 

a positive carbon–temperature feedback which is a measure of the carbon cycle response to a 

warmer climate that will decrease land and ocean carbon sinks (Arora et al., 2013). In northern 
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high-latitudes, Earth System Models suggest that climate warming may increase land carbon 

sequestration, though there are considerable uncertainties in both the sign and magnitude of the 

carbon-temperature response in this region (Bindof et al., 2013). 

 
1.1.3 Response of Permafrost Peatland Carbon to Climate Change 

Northern permafrost soils contain approximately 1700 Pg C, which represents about one-

third of the world’s soil organic carbon, and is equivalent to twice as much carbon as there is in 

the atmosphere (Zimov et al., 2006; Tarnocai et al., 2009; Schuur et al., 2015). Permafrost 

peatlands can store large amounts of carbon due to wet and cold soil conditions, and slow rates 

of organic matter decomposition. Peat accumulation has occurred over millennia, resulting in the 

removal of carbon from the atmosphere, as organic carbon was stabilized by decay-resistant 

conditions (Dorrepaal et al., 2009).  

The arctic and subarctic peatlands are highly sensitive to climate change (Koven et al., 

2017), climate warming of about 0.755 °C/decade (Huang et al., 2017) has resulted in extensive 

permafrost thawing over the region (Camill, 2005; Vallée and Payette 2007; Grosse et al., 2011). 

Warmer soil temperatures and deeper active layer thaw accelerate the decomposition of organic 

matter, resulting in the release of carbon to the atmosphere. Surface and subsurface hydrology is 

also influenced by permafrost thaw. Moreover, wetland drainage in some areas promotes aerobic 

conditions which lead to higher peat respiration and CO2 losses. In other areas that were 

previously dry, waterlogged conditions due to ground thaw and subsidence promote anaerobic 

soil conditions that enhance CH4 release to the atmosphere (Treat et al., 2014; Schädel et. al, 

2016). The response of permafrost peatland to climate warming has been inconsistent, with some 

areas showing increased C accumulation and others experiencing decreased C accumulation 
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(Euskirchen et al., 2014; Sim et al., 2021). The long-term stability of northern peatland C will 

depend on the combined response of GPP and ER to temperature and moisture changes. Warmer 

spring conditions, earlier snowmelt, and longer growing seasons may lead to higher rates of 

primary production and stronger carbon uptake (Churkina et al., 2005; Loisel and Yu, 2013), but 

this may be offset by carbon losses from increased ER and CH4 emissions (Parmentier et al., 

2011; Schuur et al., 2015; Nzotungicimpaye and Zickfeld, 2017). Also, the short-term response 

of northern peatlands to climatic changes (Aurela et al., 2004) have been shown to differ 

considerably from the long-term trends (Mack et al., 2004; Swindles et al., 2015). 

 
1.1.4 The Hudson Bay and Adjacent Lowlands 

The Hudson Bay Lowlands (HBL) of Canada is a globally significant ecological region, 

storing over 30 Pg of carbon that have accumulated since the mid-Holocene (Packalen et al., 

2014). Peat growth in the HBL is promoted by the anomalously cold temperatures, permafrost 

presence, isostatic rebound, and expansive flatland areas with waterlogged conditions. The HBL 

is located between the Canadian Shield and the southern shores of Hudson Bay and James Bay. 

The entire region drains into the Bay through rivers such as the Churchill, Severn, and 

Attawapiskat. The climate of the HBL is strongly influenced by the Hudson Bay, which at its 

core is 6 °C colder than the average for its latitude (Harvey, 1978). The effect of the Bay on the 

adjacent lowlands is evident in the intense, cold winters and the short, cool summers. 

The Hudson Bay undergoes a full cryogenic cycle each year, being completely ice-

covered in the winter and becoming ice-free during the summer. The formation of ice starts in 

late October or early November and peak ice thickness occurs around April and May. 

Traditionally, sea ice break-up is complete by the first week of August (Saucier and Dionne, 
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1998; Gagnon and Gough, 2005). Polar bears have adapted to the seasonality of sea-ice cover 

over the Bay. In winters and springs, the bears live on the ice platforms feeding on seal pups or 

hibernating. In summer when the sea-ice begins to retreat, the polar bears migrate to the land 

where they bear and raise their young. The survival of the polar bear population in western 

Hudson Bay depends on the presence of sea-ice cover with reliable breakup and freeze-up 

periods. 

It has been shown that there is strong interannual variability in the timing of freeze-up 

and breakup over the Bay (Gagnon and Gough, 2005). The magnitude of the variability is higher 

for the breakup dates than for the freeze-up period, and the largest variability in the timing of 

breakup occurs close to the western shore of the Hudson Bay. In recent decades, climate 

warming has resulted in significant trends toward earlier sea ice breakup in the western half and 

along the southern shore of Hudson Bay and in James Bay. The magnitude of the breakup trend 

was greatest in western Hudson Bay, decreasing eastward. Trends toward later freeze-up 

occurred in the northern and northeastern parts of the Hudson Bay (Gagnon and Gough, 2005).  

Research studies have demonstrated that the recent increase in spring and early summer 

temperatures coincide with earlier breakup trends in sea-ice over the Hudson Bay (Gagnon and 

Gough, 2005; Hochheim and Barber, 2014). Also, there is a strong relationship between positive 

temperature anomalies in late summer and autumn and later sea ice freeze-up over the Bay. 

Hochheim and Barber (2014) found trends toward a longer ice-free season, with freeze-up dates 

delayed by ~1.6 weeks and break up occurring 1.5 weeks earlier. It is anticipated that the trend 

towards a longer ice-free season over the Hudson Bay will impact both the climate and ecology 

of the adjacent HBL. 
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1.2 Motivation 

Recent changes in the sea ice dynamics and energy budget of the Hudson Bay can be 

attributed to the increase in global temperatures and Arctic amplification (Hochheim and Barber 

2014; Kowal et al. 2017; Bello and Higuchi 2019). The impact of these climatic changes in the 

Bay on the adjacent HBL is presently unknown. The advective influence of the Bay on the HBL 

is largely determined by the relative frequency of offshore (warmer and drier) and onshore 

(cooler and wetter) wind regimes. Changes in the distribution of large-scale air masses in the 

Hudson Bay region has been linked to positive temperature trends (Leung and Gough (2016); 

yet, the implications of these changes on the advective role of the Bay and the surface energy 

balance of the HBL remain speculative (Rouse and Bello, 1985; Delidjakova et al., 2016). 

Moreover, despite our knowledge of short-term peatland carbon exchange in the HBL, there are 

still substantial uncertainties in the longer-term combined response of plant productivity and 

ecosystem respiration to global, regional and local climatic changes. 

Previous studies have mostly focused on the advective influence of the Hudson Bay on 

the HBL using eddy covariance (EC) measurements collected over a relatively short period. 

Furthermore, the existing networks of EC tower sites (e.g. FLUXNET and AmeriFlux) have 

sparse coverage over northern peatlands, particularly the HBL, due to the high cost of tower 

setup and maintenance (Lees et al., 2018). Process-based terrestrial ecosystem models can serve 

as powerful tools to address the limited temporal and spatial coverage of peatland NEE but are 

computationally intensive. These models also have considerable uncertainties in flux outputs 

which are difficult to diagnose due to model complexity (Lin et al., 2011; Bonan, 2019; Xiao et 

al., 2019). There is a need for relatively simple yet accurate terrestrial ecosystem models that can 

provide reliable estimates of NEE in the HBL region.  
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Long-term temporal analyses of the surface energy and carbon balance of the HBL are 

crucial to gaining a better understanding of the linkage between climate change in the Hudson 

Bay and the surrounding HBL. It is also imperative to provide insights into the spatial variations 

in the magnitude and strength of these climatic changes across the HBL. As a globally significant 

peatland C reservoir, the HBL region will play a vital role in future climate warming and 

permafrost carbon feedback. 
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1.3 Research Objectives 

The central aim of this research work is to improve our understanding of the long-term 

warming-induced changes in the surface energy balance and net CO2 exchange over the HBL, 

and how they have been influenced by climate change in the Hudson Bay. The overall aim is 

achieved by developing specific research objectives that are grouped under Chapters 2–5 in this 

dissertation. The four chapters are structured as four distinct manuscripts in preparation for 

submission or already submitted to peer-reviewed scientific journals. All four manuscripts are 

written sequentially and connected by the central aim of this research work. As a result of this 

linkage between chapters, there are some similarities in research methods and study locations. 

Generally, Chapters 2 and 3 employ a combined model and assimilated dataset (North 

American Regional Reanalysis, NARR) to investigate the mesoscale wind and temperature 

changes in the HBL and their impact on the surface energy balance from 1979–2018. Chapters 4 

and 5 use the satellite data-driven land surface model (Vegetation Photosynthesis and 

Respiration Model, VPRM) to examine the suitability of light-use efficiency models for studying 

the long-term response of peatland CO2 exchange to climatic changes in the HBL and the 

Hudson Bay from 2000–2019. More precisely, the research objectives are as follows: 

Chapter 2: Climatic Changes in the Mesoscale Wind and Temperatures in the Hudson Bay 

Lowlands: Impact on the Surface Energy Balance 

1) investigate the climatic changes in the mesoscale wind regimes in the HBL 

2) examine the trends in temperatures between offshore and onshore winds 

3) assess the advective influence of the Hudson Bay on the surface energy balance in the 

adjacent lowlands under global warming 
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Chapter 3: Spatial Heterogeneity in the Magnitude and Strength of the Impacts of Wind 

and Temperature Changes across the Hudson Bay Lowlands 

1) examine the spatial variations in wind and temperature changes across the HBL region 

2) analyze the spatial heterogeneity in the magnitude and strength of the resulting changes in the 

surface energy balance 

3) discuss the potential implications for permafrost thaw and peatland carbon dynamics 

 
Chapter 4: Terrestrial CO2 Exchange Diagnosis using a Peatland-Optimized Vegetation 

Photosynthesis and Respiration Model (VPRM) for the Hudson Bay Lowlands 

1) evaluate a peatland-optimized LUE-based model at a fen and bog site 

2) compare an EVI-driven model and a SIF-driven model to determine which modelling 

approach can provide more reliable estimates of peatland photosynthesis 

3) examine how LUE and other model parameter values vary within and between different 

peatland types 

 
Chapter 5: Long-term response of peatland carbon exchange to climatic changes in the 

Hudson Bay Lowlands 

1) extend the limited EC carbon flux data over a fen and bog site in the HBL and examine the net 

CO2 exchange during the growing season 

2) investigate the 20-year response of peatland C balance to changes in temperature and moisture 

conditions 

3) quantify the relative importance of environmental controls on peatland C balance 

4) assess the advective influence of the Hudson Bay on the C dynamics of the HBL under global 

warming 
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2 Chapter 2 – Climatic Changes in the Mesoscale Wind and Temperatures 
in the Hudson Bay Lowlands: Impact on the Surface Energy Balance 

Chapter 2 

 
Climatic Changes in the Mesoscale Wind and 
Temperatures in the Hudson Bay Lowlands: Impact on 
the Surface Energy Balance 
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Abstract 

The Hudson Bay exerts a strong advective influence on the surface energy balance in the Hudson 

Bay Lowlands (HBL) region of Canada. The onshore winds blowing from the Bay towards the 

HBL are relatively cold and moist compared to the warm and dry offshore winds. The 

contrasting thermal and humidity properties of these two wind regimes affect the partitioning of 

net radiation between the sensible, latent and ground heat fluxes over the HBL. Offshore wind 

regimes are characterized by significantly larger latent and ground heat fluxes, while onshore 

winds have significantly higher sensible heat flux. In this study, it is shown that recent global 

warming has caused significant changes in the mesoscale wind regimes and the advective role of 

the Hudson Bay on the surface energy balance over the HBL. I found a strong increasing trend in 

onshore wind frequency of about 7% over the past 40 years. The most rapid changes occur in 

June when the onshore winds have increased by 17% over the study period. These significant 

changes in June are quite striking, as it implies that the average difference in frequency between 

the two wind regimes has decreased by about 35% over the study period. Consequently, there 

has been a shift from offshore to onshore winds dominance in June over the HBL. The results 

also demonstrate that the offshore air temperatures are increasing at a faster rate than the onshore 

temperatures, producing significant distinctive trends in the surface energy fluxes that are 

considerably different between the wind regimes. The results reveal that the changes in the 

mesoscale wind regimes and surface energy balance of the HBL under present and projected 

climate warming are markedly different than was previously thought. 
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2.1 Introduction 

The Arctic and Subarctic regions have experienced significant climatic changes since the 

mid-20th century due to the human-induced increases in the atmospheric concentrations of 

greenhouse gases (GHGs), particularly carbon dioxide (van Wijngaarden, 2008; Serreze and 

Barry, 2011; Walsh et al., 2011; Bindof et al., 2013). Arctic surface air temperatures have risen 

at over twice the global mean rate (Serreze et al., 2009; Screen and Simmonds, 2010; Cowtan 

and Way, 2013). This disproportionately substantial rate of warming in the region has been 

attributed not only to the snow- and sea ice-albedo feedbacks (Hall, 2004; Serreze and Francis, 

2006; Taylor et al., 2013), but also, recently, ozone-depleting substances, particularly 

Chlorofluorocarbons (CFCs) emitted over the second half of the twentieth century (Polvani et al., 

2020). Extreme warming in the Arctic and Subarctic has been accompanied by a dramatic 

reduction in sea-ice cover and thickness (Parkinson et al., 1999; Rothrock et al., 1999; Comiso, 

2002), as well as thawing permafrost and changing wetlands (Camill, 2005; Vallée and Payette 

2007; Grosse et al., 2011). 

The Hudson Bay has been referred to as the cold tongue of the Arctic Ocean plunging 

into southern Canada (Bello and Higuchi, 2019). The Bay is a large, relatively shallow, inland 

subarctic sea covering an area of approximately 8.04 x 105 km2, with a mean depth of 150 m 

(Prinsenberg, 1986). The Hudson Bay, together with James Bay to the South, Foxe Basin to the 

North and Hudson Strait to the East, forms the largest inland sea in the world (Etkin, 1991; 

Gagnon and Gough, 2005). The Hudson Bay system drains an area of 3.7 × 106 km2, with a 

freshwater discharge of ∼760 km3 per year (Dery et al. 2011). The Hudson Bay is completely 

ice-covered each winter and becomes ice-free during the summer. Typically, ice formation 

begins in late October and November, the ice cover reaches its peak thickness in April and May, 
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and breakup is complete by the first week of August (Saucier and Dionne, 1998; Gagnon and 

Gough, 2005). The persistence of sea ice in the Hudson Bay until late July contributes to the 

presence of permafrost along the western coast of the Hudson Bay Lowlands (HBL), where the 

southern limit of continuous permafrost lies parallel to the coast (Gough and Leung, 2002). 

Indeed, Hudson Bay exerts an advective influence on the adjacent lowlands. 

The HBL region lies within the provinces of Ontario, Manitoba and to lesser extent 

Quebec, covering about 250,000 km². It is the second-largest wetland region in the world 

accounting for an estimated 12% of the Earth's total wetlands (Riley, 2011). The region is 

characterized by a wide variety of hydro-geomorphic features such as fens, bogs, peat plateaus, 

ponds, lakes, swamps and marshes. The extensive wetlands are supported by the expansive 

flatland areas with gentle gradients and sluggish flow which prolong surface water retention, the 

cold temperatures that allow peat accumulation with a catotelm layer that is essentially 

impervious, and the presence of permafrost with a thin active layer in summer which impedes 

percolation (Woo, 2012). The area is part of the tundra and boreal forest transition zone, and the 

vegetation consists of open stands of stunted white spruce, tamarack and black spruce. The shrub 

layer features dwarf birch, willow, and a ground cover of sedge, lichen and moss. Common 

wildlife includes barren-ground caribou, polar bear, arctic fox, brown lemming, snow and 

Canada goose, swan, sea ducks, and shorebirds (ESWG, 1995). 

The strong advective influence of the Hudson Bay on the surface energy balance of the 

Hudson Bay Lowlands has been well studied. During the growing season in Churchill, Manitoba, 

Rouse and Bello (1985) found that onshore winds originating from the Bay resulted in larger 

sensible heat fluxes (QH) over the HBL compared to offshore winds. On the other hand, the 

evaporative or latent heat fluxes (QE) were usually greater during offshore winds. Therefore, the 
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Bowen ratios (β = QH/QE) were higher for onshore wind regimes. The Bowen ratios also 

decreased away from the Hudson Bay for both onshore and offshore wind regimes (Weick and 

Rouse, 1991). The decrease in Bowen ratios inland during onshore and offshore winds are in 

response to boundary layer adjustments to the new land surface and the development of the 

convective internal boundary layer. This demonstrates that a large vertical temperature gradient 

exists between the warm land surface and the cold overlying marine air mass during onshore 

winds; the usage of the available net radiation, therefore, favours sensible heating of the 

atmosphere. In addition, the cold and moist onshore winds also decrease the vapour pressure 

gradient which suppresses the evaporative flux. The opposite conditions prevail during offshore 

wind regimes. At a coastal site near southern James Bay, Rouse et al. (1987) found that the 

ground heat flux (QG) was about twice as large for offshore compared to onshore winds. This 

strong dependence of the energy balance in the HBL region on the advective wind direction 

around the Hudson Bay has been confirmed by other research studies (Lafleur and Rouse, 1988; 

Delidjakova et al., 2016).  

Beyond that, however, these previous studies were limited both in their temporal and 

spatial extent, as they were constrained by data obtained from a small number of study sites over 

a few years. Consequently, some crucial questions about the advective influence of the Hudson 

Bay on the HBL still remain largely unanswered. With climatic warming in the Hudson Bay, the 

disappearance of sea ice––11% per decade between 1968 and 2008 (Henry, 2011; Tivy et al. 

2011), the lengthening of the open water season––3.1 weeks (Hochheim and Barber 2014; 

Kowal et al. 2017), and the increase in net radiation driven by lower summer albedo (Bello and 

Higuchi 2019), one is led to ask whether there are significant changes in the Hudson Bay’s 

advective influence and trends in the surface energy balance over the HBL.  
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The primary objectives of this study are to 1) investigate the climatic changes in the 

mesoscale wind regimes in the HBL; 2) examine the trends in temperatures between offshore and 

onshore winds; and 3) assess the advective influence of the Hudson Bay on the surface energy 

balance in the adjacent lowlands under global warming. 

 

2.2 Methodology 

2.2.1 Atmospheric and Energy Balance Data 

The climatological data used in this study were obtained from NOAA’s North American 

Regional Reanalysis (NARR) model, produced by the National Centers for Environmental 

Prediction (NCEP). NARR is a long-term, dynamically consistent, high-resolution, high-

frequency, atmospheric and land surface hydrology dataset for the entire North American 

domain (Mesinger et al., 2006). NARR was developed as a major improvement upon the earlier 

NCEP–NCAR Global Reanalysis (Kalnay et al., 1996; Kistler et al., 2001), with lateral boundary 

conditions provided by the NCEP–DOE GR2 (Kanamitsu et al., 2002). The key features of the 

NARR system include the NCEP regional Eta model and its Data Assimilation System, an 

upgraded Noah land-surface model, improved precipitation assimilation, and direct assimilation 

of radiances. The NARR model employs a fully cycled analysis-forecast system with 3-hourly 

weather observations feeding into the 3-hourly forecasts. This three-dimensional variational data 

assimilation (3DVAR) technique ensures that the model first guess is reanalyzed and optimized 

with observations to generate more realistic and accurate results. NARR input observation 

datasets are obtained from various sources including surface weather stations, ships, buoys, 
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rawinsondes, aircraft and satellites (Shafran et al, 2004). The NARR dataset is available from 

1979–present, on a 3 hourly, 32 km horizontal grid spacing, with 29 pressure levels. 

For this study, the meteorological variables obtained from NARR covering the HBL 

include (i) Air temperature at 2 m (ii) U and V component of wind at 10 m (iii) Sensible heat 

flux at the surface (iv) Latent heat flux at the surface, and (v) Ground heat flux at the surface. 

The NARR datasets are provided in PSD standard NetCDF4 file format for the entire North 

American domain. The coordinates information and grid points corresponding to the HBL region 

were carefully extracted using Esri’s ArcGIS. The climate and energy flux data for the HBL 

were extracted from the NetCDF using R programming (R Core Team, 2019). Furthermore, the 

NARR wind data consist of the zonal and meridional wind components. To calculate the 

meteorological wind speed and wind direction from the zonal (U) and meridional (V) wind 

components, the NCAR Command Language (NCL, 2019) was employed. 

The data used in this study are daily averages from June to September, for the period 

1979-2018. A total of 194 grid locations (only 181 grid locations available for the ground heat 

flux) were used to examine the climatic changes in the mesoscale wind regimes in the HBL and 

their impact on the surface energy balance over a 40-year period (Figure 2.1).  

 
2.2.2 Surface Energy Balance and Advection 

For each grid point, the surface energy balance is given by: 

Q* = QH + QE + QG     (1) 

where Q* is the net surface radiation, QH is the sensible heat flux—energy used for warming the 

atmosphere, QE is the latent heat flux—energy used for evaporating water from the surface, and 

QG is the ground heat flux—energy for warming the underlying soil. Q* along with all the other 
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energy fluxes are positive during the day indicating that the surface has a radiant energy surplus, 

but they are negative at night due to the surface radiation deficit. The daytime surface radiative 

surplus is partitioned into atmospheric and sub-surface energy sinks—energy moves away from 

the surface, while the nocturnal surface deficit must be offset by heat gained from the available 

sub-surface and atmospheric sources—energy moves towards the surface. The radiation and 

energy fluxes are all in units of W m-2. 

The nature of the surface and the overlying atmosphere are the most important 

determinants of the exact partitioning of Q* between sensible, latent and ground heat fluxes. In 

particular, the relative significance of latent verse sensible heat is mainly governed by the 

availability of surface water for evaporation and the moisture content of the atmosphere. The 

partitioning of the convective fluxes, therefore, depends strongly on the quantitative relation 

between the vertical air temperature and vapour pressure gradients. Another important factor that 

affects energy partitioning at any given location is the influence of upwind air masses arriving 

from adjacent locations possessing different surface characteristics. The horizontal transport of 

heat energy (advection) between different locations with dissimilar surface radiative, thermal, 

and moisture properties may alter the vertical gradient of temperature and vapour pressure in the 

downwind region. Indeed, the effect of advection is particularly important in coastal 

environments such as the HBL region, where the land and the Bay surfaces possess different 

energy balances due to their contrasting thermal and moisture properties.  

To examine the advective role of the Hudson Bay on the HBL and the climatic changes 

over time, the temperature, wind speed and heat flux data from NARR were separated into 

onshore and offshore wind regimes based on the wind direction. Onshore winds are defined as 

winds blowing from the Bay towards the HBL, while offshore winds blow from inland over the 
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HBL. Generally, winds originating from the west and south are mostly offshore winds, while 

winds originating from the north and east are mostly onshore winds. Temporal analysis (1979–

2018) of the variability in the surface energy fluxes averaged over the HBL region were carried 

out for both the study period (June–September) average and the individual monthly averages. 

The study is primarily focused on the June–September period because it is the typical growing 

season in the HBL and the sea ice melt season when the advective influence of the Hudson Bay 

is most noticeable. 

 
Figure 2. 1. Map of the study region including the Hudson Bay Lowlands (pink) and the Hudson Bay. The dots are the locations of 
all the NARR data grid points over the Hudson Bay Lowlands region. A total of 194 grid locations covering the “true” Hudson Bay 
Lowlands were used (black dots above the thick black line). The area below the thick black line is technically referred to as the 
James Bay Lowlands and was not included in this study. 
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2.2.3 Statistical Analysis 

The Shapiro–Wilk (Shapiro and Wilk, 1965) and Kolmogorov-Smirnov (Massey, 1951) 

tests for normality and Q-Q plots were used to determine if the data were normally distributed. 

Since the datasets were not normally distributed (Kolmogorov–Smirnov, p < 0.05; Shapiro–

Wilk, p < 0.05), non-parametric statistical methods were employed to analyze the climatological 

and energy flux data. These non-parametric tests do not require the assumptions of a normal 

distribution and are more robust in situations where there are outliers in the time series. The 

Mann-Kendall test (McLeod, 2011) was used for the detection of trends in the time series. The 

Kendall tau, (–1 to +1) represents the direction and strength of the linear trend while the p-value 

indicates the significance of the trend. In addition, the Theil-Sen slope approach (TSA; Sen, 

1968; Hirsch et al., 1982) was used to compute estimates of the magnitude or rate of change of 

the trend. The trends are expressed as anomalies relative to the climate normal period, 1981–

2010. 

The climate time series was not corrected for autocorrelation and the pre-whitening 

technique by Yue et al. (2002) was not applied to the data. Even though pre-whitening may 

reduce the influence of serial dependence and the probability of rejecting the no-trend hypothesis 

(von Storch, 1995), it also reduces the magnitude of the real trend. Yue & Wang, (2004a) 

cautioned that pre-whitening a time series may be fundamentally wrong because the presence of 

a trend in the time series will produce spurious or increased estimates of serial correlation. 

Moreover, research studies have shown that when an explicit trend exists in a time series and the 

sample size is large (as in this present study), pre-whitening would cause a false assessment of 

the significance of the trend (Yue & Wang, 2002; Yue & Wang, 2004b; Bayazit & Önöz, 2007). 
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For the difference of means test, the Mann–Whitney U test was employed to test for significance. 

All statistical analyses were conducted using R programming (R Core Team, 2019). 

 

2.3 Results 

2.3.1 Wind Frequency 

The spatially averaged offshore and onshore wind frequency over the HBL during the 

study period, June through September 1979–2018 show the dominance of the offshore winds 

throughout. (Figure 2.2). It is important to note the exception in 2009 when onshore wind 

frequency exceeded that of the offshore winds. The wind frequency anomalies for the study 

period reveal a clear downward trend in offshore winds and a corresponding increase in the 

frequency of onshore winds (Figure 2.3). The overall shift from positive to negative offshore 

wind anomalies becomes apparent by the beginning of the 21st century. Onshore winds shifted 

from negative to positive anomalies around that same time. Statistical analysis shows that these 

trends in wind frequency are significant (tau = 0.29, p = 0.009) with a total increase (decrease) of 

6.8% in onshore (offshore) winds during the study period. As a result, there is a significant 

downward trend (TSA = -13.5%) in the difference between offshore and onshore wind frequency 

during the study period (Figure 2.4), though the wind frequency difference (Offshore – Onshore) 

remains positive. Again, it is important to note that 2009 was the only year when onshore winds 

exceeded offshore winds, with a difference of about 10%.  

The monthly wind frequencies for the spatially averaged offshore and onshore winds over 

the HBL for the 1979–2018 period indicates that offshore winds are much higher than onshore 

winds in July, August and September (Figure 2.5; Table 2.1). In June, offshore wind frequency is 
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approximately equal to that of onshore winds. The average offshore wind frequency for the study 

period is 63% compared to 37% for onshore winds (mean of the differences = 26%, p < 0.0001). 

 
Figure 2. 2. Spatially averaged offshore and onshore wind frequency over the HBL (June–September) for the period 1979–2018. 

 

Time series analysis of the individual months provides further insights into the trends in 

the spatially averaged offshore and onshore wind frequency over the past 40 years (Figure 2.6). 

The increase in the occurrence of onshore winds in June is particularly noticeable and the 

onshore winds appear to have, generally, surpassed offshore winds by 2003. Statistical results for 

all the study months reveal that the anomalies in wind frequency are only significant in June. The 

upward trend in June onshore wind frequency is striking, with an increase of 17.4% (tau = 0.24, 

p = 0.03) over the past 40 years. Offshore winds in June have decreased by the same percentage. 

In July, offshore (onshore) winds have declined (risen) by 10.7% over the study period, though 

this result is not statistically significant (tau = -0.18, p = 0.11). The results in August (4.8%) and 

September (2.2%) are also non-significant. 
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Figure 2. 3. Spatially averaged wind frequency anomalies over the HBL (June–September) during the period 1979–2018, for (a) 
Offshore and (b) Onshore winds. The anomalies are calculated as the observed value in any given year minus the average, for 
the climate normal period 1981-2010 
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Figure 2. 4. Difference between offshore and onshore wind frequency over the HBL (June–September) for the period 1979–2018. 
The difference is calculated as offshore wind frequency minus onshore wind frequency. 

 

 
Figure 2. 5. Average monthly wind frequency (June–September) for the spatially averaged offshore and onshore winds over the 
HBL for the 1979–2018 period. 

  

-10

-5

0

5

10

15

20

25

30

35

40

45

1979 1982 1985 1988 1991 1994 1997 2000 2003 2006 2009 2012 2015 2018

F
re

q
u

en
cy

 (
%

)

HBL Difference in Wind Frequency Between OFF & ON (June to September, 1979-2018)

0

10

20

30

40

50

60

70

June July August September

F
re

q
u

en
cy

 (
%

)

Legend

OFF

ON

HBL Monthly Wind Frequency (1979-2018)

tau = -0.29, p = 0.009, TSA = -13.5%    



25 
 

 

Table 2. 1. Monthly mean wind frequency and medians for temperature and energy fluxes for 
the period 1979–2018. The seasonal values are the means over the four months as a whole. 

Wind Frequency 
(%) 

June July August September 
Seasonal 

Mean 
p-value 

Offshore Mean 49.9 61.4 68.6 71.9 63.0 
< 0.0001 

Onshore Mean 50.1 38.6 31.4 28.1 37.0 

Temperature (°C) 

Offshore Median 13.4 16.2 14.4 8.0 13.1 
< 0.0001 

Onshore Median 8.0 11.7 11.0 7.0 9.6 

Wind Speed (ms-1) 

Offshore Median 3.7 3.6 3.7 4.3 4.0 
0.03 

Onshore Median 3.9 3.4 3.5 3.9 3.9 

Sensible Heat Flux (W m-2) 

Offshore Median 61.2 39.1 29.3 19.6 37.5 
< 0.0001 

Onshore Median 87.5 64.1 47.6 27.9 54.5 

Latent Heat Flux (W m-2) 

Offshore Median 82.6 91.4 71.0 39.2 68.6 
< 0.0001 

Onshore Median 60.6 71.9 56.2 30.9 52.7 

Ground Heat Flux (W m-2) 

Offshore Median 20.5 14.5 10.3 2.7 11.4 
< 0.0001 

Onshore Median 10.5 8.3 3.3 -2.7 4.0 
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Figure 2. 6. Monthly wind frequency anomalies (June–September) for the spatially averaged onshore winds over the HBL for the 
period 1979–2018. 

 

 
Figure 2. 7. Difference between offshore and onshore wind frequency over the HBL for each of the four study months for the 
period 1979–2018. The difference is calculated as offshore wind frequency minus onshore wind frequency. 
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The aforementioned trends imply that the difference between offshore and onshore wind 

frequency has decreased by as much as 34.8% (tau = -0.24, p = 0.03) in June during the study 

period (Figure 2.7). All the other months have experienced non-significant, yet notable, declines 

in the wind frequency difference (21.4% in July, 9.7% in August and 4.3% in September). It is 

important to emphasize that the dominant wind regime in June over the HBL has now shifted 

from offshore winds to onshore winds. On average, June offshore winds were approximately 

17% dominant in 1979, but by 2018 onshore winds are now dominant by nearly 18%. 

Furthermore, a similar shift in wind regimes is becoming apparent in July as the linear trend in 

the wind frequency difference potentially approaches zero. 

  
2.3.2 Temperature 

The spatially averaged air temperature anomalies over the HBL during the period 1979–

2018 show statistically significant increasing trends for both offshore and onshore winds (Figure 

2.8). The mean temperatures during offshore winds have risen by about 2.1 °C (tau = 0.36, p = 

0.001), while onshore temperatures have increased by 1.7 °C (tau = 0.39, p = 0.0004). This 

suggests that air masses originating inland are warming faster than those originating over 

Hudson Bay. At the beginning of the study period, there were overall negative temperature 

anomalies—compared to the climatological normal period, 1981-2010—for both offshore and 

onshore winds, but a general shift to positive temperature anomalies occurred around the early 

2000s. The difference between offshore and onshore temperatures is positive throughout the 

study period, indicating that the average temperatures during offshore winds are always higher 

than their onshore counterpart (Figure not shown). Additionally, there is an upward trend in the 

difference between offshore and onshore temperatures averaged for June to September, though 

this trend is not statistically significant (tau = 0.13, p = 0.24, TSA = 0.6 °C).  
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Figure 2. 8. Spatially averaged temperature anomalies over the HBL (June–September) during the period 1979–2018. 

 

The monthly average temperatures for each of the study months during the 1979–2018 

period demonstrate that offshore temperatures (median = 13.4 °C for June, 16.2 °C for July, 14.4 

°C for August, and 8.0 °C for September) are much higher than onshore temperatures (median = 

8.0 °C for June, 11.7 °C for July, 11.0 °C for August, and 7.0 °C for September) in all months 

(Table 2.1). For the study period, the average temperature during offshore winds is 13.1 °C 

compared to 9.6 °C during onshore winds (mean of the differences = 3.5 °C, p < 0.0001).  

Further time series analysis of the individual months provides more insights into the 

offshore and onshore temperature trends in the HBL over the last 40 years (Figure not shown). 

The greatest difference in the mean temperatures between offshore and onshore winds occurs in 

June (mean of the differences = 5.1 °C; p < 0.0001) and July (mean of the differences = 4.2 °C; p 

< 0.0001). Statistically significant temperature differences between offshore and onshore wind 

regimes also persist in August (mean of the differences = 3.2 °C; p < 0.0001) and September 

(mean of the differences = 1.5 °C; p < 0.0001). Indeed, the advective influence of the Hudson 

Bay on the adjacent HBL is obvious. The spatially averaged monthly temperature anomalies over 
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the HBL for the 1979–2018 period reveal that the most rapid warming is occurring in June and 

September for both offshore and onshore wind regimes (Figure 2.9). Moreover, the temperature 

anomalies are much higher for offshore winds than onshore winds, particularly in June 

(Offshore—tau = 0.29, p = 0.009, TSA = 3.2 °C; Onshore—tau = 0.34, p = 0.002, TSA = 2.2 °C) 

and September (Offshore—tau = 0.36, p = 0.001, TSA = 3.4 °C; Onshore—tau = 0.35, p = 0.002, 

TSA = 2.8 °C). In July, there is a statistically significant upward trend in offshore wind 

temperature (tau = 0.30, p = 0.007, TSA = 1.8 °C), while the trend in onshore temperatures is 

much smaller and not significant (tau = 0.14, p = 0.22, TSA = 0.6 °C). In August, the positive 

trend in temperature is not statistically significant for either offshore (tau = 0.17, p = 0.13, TSA = 

1.2 °C) or onshore (tau = 0.20, p = 0.08, TSA = 1.2 °C) wind regimes. 

 

 
Figure 2. 9. Spatially averaged monthly temperature anomalies (June–September) over the HBL for the 1979–2018 period. 
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Although the above-mentioned trends in monthly temperature suggest a larger warming 

rate for offshore winds than onshore winds, there is no statistically significant trend in the 

average difference between offshore and onshore temperatures for all the study months (Figure 

not shown). Nonetheless, positive trends do exist in all the months (June TSA = 0.9 °C, July 

TSA = 1.3 °C, August TSA = 0.1 °C and September TSA = 0.9 °C). It is noteworthy that the 

most substantial changes in the temperature difference between offshore and onshore winds 

occur in July (tau = 0.19, p = 0.08, TSA = 1.3 °C). This underscores the large, statistically 

significant increase in the July offshore temperature anomalies (1.8 °C) compared to a relatively 

small, non-significant increase in the onshore temperature anomalies (0.6 °C). 

 
2.3.3 Wind Speed 

The HBL during the period 1979–2018 show non-significant increasing trends in the 

spatially averaged wind speed for both offshore (tau = 0.11, p = 0.33, TSA = 0.1 ms-1) and 

onshore (tau = 0.16, p = 0.15, TSA = 0.2 ms-1) wind regimes (Figure not shown). Similarly, there 

is no significant trend in the mean difference between offshore and onshore wind speeds over the 

study period (Figure not shown).   

The daily average wind speeds for each of the study months during the 1979–2018 period 

show that offshore and onshore wind speeds are rather similar, with a mean of 4.0 ms-1 and 3.9 

ms-1 for offshore and onshore winds, respectively (Table 2.1). One could argue that the offshore 

winds are marginally faster than onshore winds in all the study months, except June (Figure not 

shown); though the mean difference is only about 0.3 ms-1 in July (p = 0.01) and September (p = 

0.002), and 0.1 ms-1 in August (p = 0.36). The average onshore wind speeds exceed those of 

offshore winds by approximately 0.2 ms-1 in June (p = 0.07). Arguably, the highest wind speeds 
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in the HBL are in September during offshore wind regimes (about 0.6 ms-1 higher than the other 

months).  

The spatially averaged monthly wind speed anomalies for offshore and onshore wind 

regimes indicate that there are no distinguishable trends in wind speeds over the HBL in all the 

study months, except July (Figure 2.10). The average wind speed anomalies in July have risen by 

about 0.5 ms-1 for offshore winds (tau = 0.20, p = 0.07) and 0.6 ms-1 (tau = 0.38, p = 0.001) for 

onshore winds over the study period. The overall shift from negative to positive wind speed 

anomalies in July occurred around the year 1999. This reveals that there are important changes in 

the wind speeds over the HBL in July, particularly during onshore wind regimes. Evidently, the 

statistically significant trends in July onshore wind speeds underscore the relevance of the large 

disproportionate warming rate during July offshore winds, where offshore mean temperature 

anomalies are 1.3 °C higher than their onshore counterpart over the study period. 

 
Figure 2. 10. Spatially averaged monthly wind speed anomalies (June–September) over the HBL for the 1979–2018 period. 
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2.3.4 Sensible Heat Flux 

The spatially averaged sensible heat flux (QH) anomalies over the HBL during the period 

1979–2018 show considerable and statistically significant rising trends for both offshore and 

onshore winds (Figure 2.11). The average QH anomalies during offshore winds have increased by 

5.4 W m-2 (tau = 0.32, p = 0.004), while onshore QH anomalies have risen by 11.4 W m-2 (tau = 

0.43, p = 0.0001). This reveals that the onshore QH anomalies have increased over twice as much 

as the offshore QH anomalies in the HBL over the study period. The earlier years of the study 

period are overall characterized by negative QH anomalies for both offshore and onshore winds, 

but a general shift to positive QH anomalies occurred around the beginning of the 21st century. 

Interestingly, this transition from negative to positive QH anomalies around 2000 is analogous to 

those of the wind frequency, temperature and wind speed trends over the HBL. The mean 

difference between onshore and offshore QH is positive throughout the study period, signifying 

that the average QH during onshore winds is consistently larger than their offshore counterpart 

(Figure 2.12). Furthermore, there is a statistically significant positive trend in the mean 

difference between onshore and offshore QH (tau = 0.32, p = 0.004, TSA = 8.0 W m-2) over the 

1979–2018 period. 

The daily average QH for each of the study months during the period 1979–2018 show 

that onshore QH (median = 87.5 W m-2 for June, 64.1 W m-2 for July, 47.6 W m-2 for August, and 

27.9 W m-2 for September) are considerably larger than offshore QH (median = 61.2 W m-2 for 

June, 39.1 W m-2 for July, 29.3 W m-2 for August, and 19.6 W m-2 for September) in all months 

(Table 2.1). For the entire study period, the average QH during onshore winds is 54.5 W m-2 

compared to 37.5 W m-2 during offshore winds (mean of the differences = 16.9 W m-2, p < 

0.0001).  
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Figure 2. 11. Spatially averaged sensible heat flux anomalies over the HBL (June–September) during the period 1979–2018. 

 

 
Figure 2. 12. Difference between the mean onshore and offshore sensible heat fluxes for the four study months over the HBL 
during the period 1979–2018. The difference is calculated as mean onshore sensible heat flux minus mean offshore sensible heat 
flux. 
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The greatest difference between the mean onshore QH and offshore QH occurs in June 

(mean of the differences = 22.0 W m-2; p < 0.0001) and July (mean of the differences = 21.6 W 

m-2; p < 0.0001), which are markedly larger than the average difference of 16.9 W m-2 for the 

entire study months (Figure not shown). Statistically significant differences between onshore and 

offshore QH averages are also present in August (mean of the differences = 15.9 W m-2; p < 

0.0001) and September (mean of the differences = 8.2 W m-2; p < 0.0001). Overall, this 

significant difference between the means of the onshore and offshore QH highlights, once again, 

the strong advective influence of the Hudson Bay on the adjacent HBL region.  

The spatially averaged monthly QH time series for offshore and onshore winds 

demonstrate the varying magnitude of QH anomalies over the four study months (Figure 2.13). 

The most rapid increase in QH occurs in June when the trends in offshore and onshore anomalies 

are 17.2 W m-2 (tau = 0.45, p = 0.00004) and 19.1 W m-2 (tau = 0.36, p = 0.001), respectively. 

The magnitude of the June offshore QH anomalies far exceeds all the other study months (July: 

tau = 0.27, p = 0.01, TSA = 6.2 W m-2; August: tau = 0.26, p = 0.02, TSA = 4.9 W m-2; 

September: tau = 0.04, p = 0.75, TSA = 0.5 W m-2), and is more than a factor of three larger than 

the average for the entire study months (5.4 W m-2). Similarly, the magnitude of the June 

onshore QH anomalies is over twofold greater than that of July (tau = 0.32, p = 0.004, TSA = 9.3 

W m-2), over fourfold greater than August (tau = 0.16, p = 0.15, TSA = 4.4 W m-2) and over 

threefold that of September (tau = 0.28, p = 0.01, TSA = 6.0 W m-2). Overall, these trends in QH 

anomalies are significant in all study months except August for onshore winds and September for 

offshore winds. Even though the trends in the monthly QH anomalies generally suggest larger 

trends for onshore winds compared to offshore winds, there is no statistically significant trend in 

the mean difference between onshore and offshore QH for all the study months (Figure not 
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shown). Nevertheless, it is important to note the positive trend of 4.1 W m-2 in September (tau = 

0.19, p = 0.08) that is due to the differential trends in onshore (TSA = 6.0 W m-2) and offshore 

(TSA = 0.5 W m-2) QH anomalies. 

 
Figure 2. 13. Spatially averaged monthly sensible heat flux anomalies (June–September) over the HBL for the 1979–2018 period. 

 

2.3.5 Latent Heat Flux 

The spatially averaged latent or evaporative heat flux (QE) anomalies over the HBL 

during the period 1979–2018 show statistically significant upward trends for both offshore and 

onshore winds (Figure 2.14). The average QE anomalies during offshore winds have increased by 

7.2 W m-2 (tau = 0.29, p = 0.01), while onshore QE anomalies have risen by 6.1 W m-2 (tau = 

0.27, p = 0.01). The trends in offshore QE are only slightly larger than the onshore QE anomalies, 

and therefore, there are no significant trends in the mean differences between onshore and 

offshore QE (tau = -0.08, p = 0.49, TSA = -1.1 W m-2) over the study period (Figure not shown). 
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However, the mean difference between onshore and offshore QE is negative throughout the study 

period, indicating that the average QE during onshore winds are consistently smaller than their 

offshore counterpart.  

The monthly average QE for each of the four study months show that offshore QE 

(median = 82.6 W m-2 for June, 91.4 W m-2 for July, 71.0 W m-2 for August, and 39.2 W m-2 for 

September) are considerably larger than onshore QE (median = 60.6 W m-2 for June, 71.9 W m-2 

for July, 56.2 W m-2 for August, and 30.9 W m-2 for September) in all months (Table 2.1). For 

the study months, average QE during onshore winds is 52.7 W m-2 compared to 68.6 W m-2 

during offshore winds (mean of the differences = -15.9 W m-2, p < 0.0001). The time-series 

analysis of the individual study months over the past 40 years (Figure not shown) demonstrates 

that the largest difference between the mean onshore and offshore QE occurs in June (mean of the 

differences = -20.8 W m-2; p < 0.0001) and July (mean of the differences = -19.1 W m-2; p < 

0.0001). Statistically significant differences between onshore and offshore QE averages also 

persists in August (mean of the differences = -15.0 W m-2; p < 0.0001) and September (mean of 

the differences = -8.6 W m-2; p < 0.0001). It is important to observe here that the magnitude of 

these monthly differences between the mean onshore and offshore QE are similar to those of the 

sensible heat flux, though the sign of the difference is reversed. 
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Figure 2. 14. Spatially averaged latent heat flux anomalies over the HBL (June–September) during the period 1979–2018. 
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Figure 2. 15. Spatially averaged monthly latent heat flux anomalies (June–September) over the HBL for the 1979–2018 period. 
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The spatially averaged monthly QE time series for offshore and onshore winds 

demonstrate the varying magnitude and significance of QE anomalies over the individual study 

months (Figure 2.15). The largest increase in QE trends occurs during offshore winds where QE 

anomalies have risen by about 8 to 11 W m-2 over the forty-year study period. These offshore QE 

trends are significant in the months of July (tau = 0.38, p = 0.0006, TSA = 10.8 W m-2), August 

(tau = 0.24, p = 0.03, TSA = 7.0 W m-2) and September (tau = 0.41, p = 0.0002, TSA = 8.0 W m-

2), but marginally non-significant in June (tau = 0.19, p = 0.08, TSA = 8.8 W m-2). On the other 

hand, the trends in the monthly onshore QE anomalies are overall not statistically significant at 

the 95% confidence level, though it is noteworthy to highlight the trends in June (tau = 0.20, 

TSA = 6.1 W m-2) and September (tau = 0.21, TSA = 4.5 W m-2), where p = 0.07 and 0.05, 

respectively. Although the trends in monthly QE indicate larger trends for offshore winds 

compared to onshore winds in all the study months, only the mean difference for July between 

onshore and offshore QE (tau = -0.23, p = 0.04, TSA = -7.1 W m-2) has a significant trend (Figure 

not shown). This implies that in July, offshore evaporation rates are rising faster than their 

onshore counterpart over the 40-year study period. 

 
2.3.6 Ground Heat Flux 

The spatially averaged ground heat flux (QG) anomalies over the four months combined 

during the period 1979–2018 show a statistically significant upward trend for onshore winds (tau 

= 0.28, p = 0.01, TSA = 2.1 W m-2), while the upward trend for offshore winds (tau = 0.19, p = 

0.08, TSA = 1.5 W m-2) is marginally non-significant (Figure 2.16). This suggests that the 

onshore anomalies in ground heating have increased faster than the offshore anomalies. 

Arguably, the first half of the study period is overall characterized by negative QG anomalies for 

both offshore and onshore winds, but a general shift to positive QG anomalies occurred around 
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the beginning of the 21st century. Once again, this transition from negative to positive QG 

anomalies roughly around the year 2000 is analogous to those of the wind frequency, 

temperature, wind speed and sensible heat flux trends over the HBL. 

Since the trend in onshore QG is only slightly larger than that of the offshore winds, there 

is no significant trend in the mean difference between onshore and offshore QG (tau = 0.06, p = 

0.60, TSA = 0.3 W m-2) over the study period (Figure not shown). However, the mean difference 

between onshore and offshore QG is negative throughout the study period, indicating that the 

average QG during onshore winds is systematically smaller than the offshore counterpart.  

The daily average QG for each of the four study months show that offshore QG (median = 

20.5 W m-2 for June, 14.5 W m-2 for July, 10.3 W m-2 for August, and 2.7 W m-2 for September) 

are considerably larger than onshore QG (median = 10.5 W m-2 for June, 8.3 W m-2 for July, 3.3 

W m-2 for August, and -2.7 W m-2 for September) in all months except September when the 

fluxes are equal, but opposite (Table 2.1). Here, the negative onshore QG in September signifies 

that the flux is moving towards the surface, in the direction of lower temperatures. Under both 

wind regimes, the pattern exhibited shows maximum ground warming in June with diminishing 

ground heat fluxes as the season progresses. For the study months as a whole, average QG during 

onshore winds is 4.0 W m-2 compared to 11.4 W m-2 during offshore winds (mean of the 

differences = -7.3 W m-2, p < 0.0001). The mean differences between onshore and offshore QG 

averages are statistically significant in all the study months (Figure not shown). The largest 

difference of -10.1 W m-2 (p < 0.0001) between the mean onshore and offshore QG occurs in 

June, compared to -6.6 W m-2, -7.1 W m-2 and -5.6 W m-2 in July, August and September, 

respectively. 
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Figure 2. 16. Spatially averaged ground heat flux anomalies over the HBL (June–September) during the period 1979–2018. 

 

 

 
Figure 2. 17. Spatially averaged monthly ground heat flux anomalies (June–September) over the HBL for the 1979–2018 period. 
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The spatially averaged monthly QG time series for offshore and onshore winds 

demonstrate the varying magnitude and significance of QG anomalies over the four study months 

(Figure 2.17). On the one hand, the upward trends in offshore QG are only significant in 

September, corresponding to a reduction in the active layer cooling/refreezing rates, where the 

QG anomalies have increased by approximately 4 W m-2 (tau = 0.29, p = 0.01) over the 40 years; 

this is more than a factor of two larger than the QG average for the entire season. On the other 

hand, the upward trends in the monthly onshore QG are significant in June and August where the 

QG anomalies have increased by 3.3 W m-2 (tau = 0.25, p = 0.02) and 1.9 W m-2 (tau = 0.23, p = 

0.04), respectively, corresponding to an enhancement of active layer warming/melting rates. 

Overall, there is no statistically significant trend in the difference between onshore and offshore 

QG in any of the study months (Figure not shown). 

 

2.4 Discussion 

2.4.1 Contrasting Thermal and Moisture Properties of Wind Regimes 

The results of this study provide valuable insights into the climatic changes in the 

advective role of the Hudson Bay on the Hudson Bay Lowlands over the 1979–2018 study 

period. Here, it is quite certain that global warming is causing significant changes in the 

mesoscale wind regimes and consequently, impacting the surface energy balance in the study 

region. The results show that offshore winds are characterized by significantly higher air 

temperatures compared to onshore winds. This is because the land surface during the summer 

months heats up more rapidly than the Bay due to its lower heat capacity and a faster thermal 

response. On the other hand, the solar radiation incident on the Bay must be transmitted to great 
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depths and used for warming the entire water column, which delays a rise in water and air 

temperature. The energy absorbed by the Bay is also largely diffused by convective mixing and 

horizontal advection within the water body.  

The contrasting thermal and moisture properties between the HBL and the Hudson Bay 

strongly influences the partitioning of net radiation between QH, QE and QG. The spatially 

averaged convective and ground heat fluxes over the study period demonstrate that offshore 

wind regimes are characterized by significantly larger QE and QG fluxes, while the onshore 

winds have significantly higher QH fluxes in all months throughout the study period. This energy 

partitioning is a result of the quantitative relationship between the vertical air temperature and 

vapour pressure gradients during offshore and onshore wind regimes in the HBL. A stronger 

atmospheric temperature gradient promotes QH, while a stronger vapour pressure gradient 

favours QE.  

The onshore winds are relatively cool and moist compared to the warm and dry offshore 

winds. On the one hand, the arrival of the relatively cool and moist onshore winds over the HBL 

increases the vertical air temperature gradient over the land (cold air mass aloft, warm land 

surface beneath), but decreases the vapour pressure gradient (moist air mass above, wet surface 

below). As a result, onshore winds enhance QH and suppress QE. On the other hand, the arrival of 

offshore winds decreases the vertical air temperature gradient over the HBL (warm air mass 

aloft, hot surface beneath), but increases the vapour pressure gradient (dry air mass above, wet 

surface below). Consequently, offshore winds strengthen QE and repress QH. Additionally, QG is 

lower during onshore winds since the regime promotes an increase in the upward sensible heat 

flux via convection and a corresponding decrease in the downward ground heat flux via 
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conduction. These results are consistent with previous studies in the HBL (Delidjakova et al., 

2016) 

2.4.2 Differential Warming Trends and Increased Frequency of Onshore Winds 

The present study demonstrates that the HBL has long been dominated by offshore wind 

regimes which are characterized by significantly higher air temperatures, evaporation and ground 

heat fluxes compared to the onshore winds. However, the wind frequency anomalies for the 

1979–2018 period reveal a strong and significant downward trend (-6.8%, p < 0.01) in offshore 

winds and a corresponding increase in the frequency of onshore winds. The overall shift from 

negative to positive onshore wind anomalies became apparent by the beginning of the 21st 

century. Even more striking is the monthly wind frequency over the study period which reveals 

that offshore wind occurrences are much higher than onshore winds in July, August and 

September, but not in June. In fact, the trends in onshore wind frequency are only significant in 

June when the onshore winds have increased by a staggering 17.4% (p = 0.03) over the past 40 

years. The equivalent decrease in the offshore wind frequency anomalies implies that the 

difference between offshore and onshore wind frequency has decreased by as much as 34.8% in 

June over the study period. Therefore, it is crucial to note that the dominant wind regime in the 

HBL has shifted from offshore to onshore winds in June. One can reasonably argue that a similar 

situation is emerging in July. 

Temperature anomalies over the HBL during the period 1979–2018 show statistically 

significant upward trends for both offshore and onshore winds. However, the offshore 

temperature anomalies (TSA = 2.1 °C) are increasing at a faster rate than the onshore 

temperature anomalies (1.7 °C). The monthly average temperature anomalies further demonstrate 

that the most rapid warming is occurring in June and September for both offshore and onshore 
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winds. These trends in temperatures are much higher for offshore winds than onshore winds––

June (Offshore TSA = 3.2 °C; Onshore TSA = 2.2 °C) and September (Offshore TSA = 3.4 °C; 

Onshore TSA = 2.8 °C). Here, two interesting features are revealed. First, the increase in 

temperature for both offshore and onshore winds is evidently due to global warming and the 

Arctic amplification. Second, the differential warming trends between offshore and onshore 

winds can be attributed to the land-ocean contrast in surface warming. These two key features of 

the temperature trends in the HBL are discussed separately. 

The rising trends in temperature anomalies for both offshore and onshore winds over the HBL 

are consistent with warming trends across the Arctic and Subarctic regions, where the annual 

mean temperatures have increased by about twice the rate of the global average (ACIA 2005; 

Richter-Menge et al., 2019). The polar amplification is due primarily to the snow- and sea ice-

albedo feedback, triggered by an increase in the atmospheric concentration of greenhouse gases 

and the associated rise in air temperatures (Serreze and Barry, 2011). The temperature changes 

have influenced the onset of snowfall and the accumulation of seasonal snow, as well as the 

timing, duration and intensity of snowmelt periods (Derksen et al., 2018). Consequently, the 

most rapid warming trends have occurred in the shoulder seasons (October–November and May–

June) and snow cover fraction and seasonal snow accumulation have both decreased by 5% to 

10% per decade between 1981–2015, due to later snow onset and earlier spring melt in the 

Canadian high latitudes (Vincent et al., 2015; Thackeray et al., 2016; Mudryk et al., 2018). In 

this present study, the strongest warming trends over the HBL are in June and September–– 

which are the transition periods in the four study months.  

Similar changes in the cryosphere during late spring and autumn have occurred over the 

Hudson Bay, where the seasonal sea ice is particularly sensitive to climate warming. Sea ice 
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typically starts to form in the Hudson Bay around late October to early November, while melting 

begins around late May to early June (Gagnon and Gough, 2005). However, a significant 

increase in surface air temperatures over the Bay since the mid-1990s has resulted in changing 

patterns of seasonal sea ice breakup and freeze-up. Hochheim and Barber (2014) demonstrated 

that for every 1 °C increase in surface air temperatures, the sea ice extent decreases by 14% (% 

of the basin area) within the Hudson Bay. The research study by Kowal et al. (2017) concluded 

that the breakup date is occurring earlier, on average −0.49 days per year, and the freeze-up 

occurring later, on average 0.46 days per year. These trends towards earlier sea ice breakup and 

later freeze-up have led to a significantly longer ice-free season, on average 0.91 days per year. 

These previous findings are consistent with the rapid warming trends shown here in this study, 

particularly during the June and September transition months. 

Previous studies have also shown that surface temperatures over the land have been 

increasing more rapidly than over the sea in response to rising levels of greenhouse gases as 

demonstrated here in the HBL (Cubasch et al., 2001; Braganza et al., 2003, 2004). The enhanced 

warming over land is a robust feature of climate model simulations over the twenty-first century, 

where the global mean land/sea warming ratios are in the range of 1.36–1.84 (Sutton et al., 2007; 

Joshi et al., 2008). The land–sea contrast in surface temperature response to climatic change is 

partially attributable to the differing thermal inertias of the two surface types since the sea has a 

larger heat capacity and mixes heat more readily. However, this land–sea warming contrast is not 

simply a transient effect but also persists in equilibrium simulations of climate change. The 

phenomenon is therefore not primarily a consequence of the large effective thermal inertia of the 

sea, rather, it is predominantly due to moisture availability and feedbacks in the hydrological 

cycle (Manabe et al., 1991; Joshi et al., 2008).  
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Under global warming, the increase in atmospheric CO2 concentration and direct 

radiative forcing, as well as increased trapping of outgoing longwave radiation and reduction in 

surface albedo, cause an anomalous energy absorption by the land and ocean surfaces. This 

anomalous surface energy gain must be balanced by an equivalent anomalous surface energy 

loss. Sutton et al. (2007) argued that to balance the anomalous surface energy budget over the 

sea, it is more probable that most of the additional energy will be used to increase evaporation 

and therefore enhance the upward QE. Conversely, the limited surface moisture availability over 

land promotes surface cooling by dry QH and longwave radiative flux. The additional energy is 

therefore used to raise the surface air temperature in order to balance the anomalous surface 

energy budget over the land. Thus, the differences in the surface energy budget over the land and 

sea reasonably accounts for the existence of a warming contrast between the offshore and 

onshore winds in the HBL. 

Furthermore, Joshi et al. (2008) argued that the limited moisture availability over land 

causes differential changes in the lapse rates upon warming over the land and sea. This is 

because the tropospheric lapse rate is strongly dependent on temperature and humidity. The 

atmospheric humidity profile over the sea is often saturated and thus the lapse rate (Γ= –dT/dz) is 

usually lower over the sea compared to land—since the saturated adiabatic lapse rate (ΓS) is less 

than the dry adiabatic lapse rate (ΓD). On the one hand, an increase in temperature under global 

warming causes an exponential increase in the saturation vapour pressure (due to the Clausius–

Clapeyron relationship) resulting in a decrease in ΓS (Holton, 1992). On the other hand, ΓD is 

independent of the saturation vapour pressure and does not decrease when the climate is warmed. 

This implies that the so-called moist adiabatic lapse rate (ΓM) over land, being closer to ΓD, 

decreases less than the ΓS. Hence, the magnitude of the decline in the lapse rate over the sea due 
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to climate warming is larger than the decrease over the land. The air surface temperature will 

consequently increase more slowly over the sea than over land (Joshi et al., 2008). 

The land–sea contrast in surface temperature response to climatic change can also be 

caused by elevated atmospheric CO2 concentrations which increases stomatal resistance and thus 

inhibits evaporation over the land (Sellers et al., 1996; Cox et al., 1999). Climate model 

simulations have shown that this dependence of stomatal resistance on CO2 concentration 

amplifies the magnitude of the land–sea temperature contrast, and the reduction in evaporation 

from vegetation results in more rapid warming over the land surface (Joshi and Gregory, 2008; 

Joshi et al., 2008). This is because to offset the restricted evaporative cooling, a higher land 

surface temperature is required to increase QH and upward longwave radiation. 

The differential warming trends between offshore and onshore winds in the HBL 

suggests that the enhanced temperature contrast between the land and sea is very likely 

responsible for the significant increase (decrease) in the frequency of onshore (offshore) winds. 

The higher trend in the offshore temperature anomalies strengthens the horizontal temperature 

and pressure gradient between the land and sea surfaces (the pressure gradient is directed 

towards the land at low levels) thereby increasing the frequency and strength of sea breezes. This 

argument is further supported by the fact that the daily average temperatures for each of the 

study months which shows that the mean temperature difference between offshore and onshore 

winds is greatest in June (5.1 °C), decreasing through July (4.2 °C), August (3.2 °C) and 

September (1.5 °C), corresponds to the monthly average wind frequency where the occurrence of 

onshore (offshore) winds decreases (increases) from June to September. The strong horizontal 

temperature gradient in June is due to the land–sea albedo difference and can be attributed to the 



48 
 

presence of sea ice over the Hudson Bay—breakup starts in late May to early June, and sea ice 

persists until late July—while the snowmelt season over the adjacent HBL is essentially over.  

In addition, the monthly average temperature anomalies show that the most rapid 

warming for both offshore and onshore winds is occurring in June and September, but the largest 

mean difference between the warming trends is in June when the offshore temperature trend 

exceeds that of onshore winds by 1 °C. The month of June thus has both a higher mean 

temperature difference between offshore and onshore winds, as well as a stronger land–sea 

surface warming contrast. Consequently, the largest and most significant upward trend in 

onshore wind frequency (17.4%) over the study period occurred in June, when the dominant 

wind regime in the HBL has now shifted from offshore to onshore winds. The frequency of 

onshore winds in the HBL is therefore largely influenced by the magnitude of the temperature 

difference between offshore and onshore winds, as well as the land/ocean warming ratio in 

response to climate change. This simple argument to explain the considerable increase in the 

frequency of onshore winds in the HBL is consistent with the view of Sutton et al. (2007) who 

suggested that the land–sea temperature difference would increase as the global climate warms 

and could have local effects such as stronger sea breezes.  

It is important to recognize that other factors could also contribute to the increased 

frequency of onshore winds in the HBL, such as changes in the distribution of large-scale air 

masses in the region. Leung and Gough (2016) examined the linkages between changes in air 

mass distribution and warmer temperature trends in the Hudson Bay/Foxe Basin region and 

found a declining frequency of the dry polar (DP) air mass––originating from northern Canada or 

the Arctic, with a corresponding increase in the moist polar (MP) air mass––originating from 

North Atlantic Ocean or probably generated locally over the Hudson Bay. The decrease in the 
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frequency of DP air mass in the fall season coincides with an increasing ice-free season, 

indicating that DP is being replaced by locally produced MP air mass. Leung and Gough (2016) 

argued that the reduction of DP air mass in winter could be related to changing atmospheric 

dynamics due to climate warming and Arctic amplification, and associated shifts in the locations 

of atmospheric Rossby waves (Francis and Vavrus 2012; Francis and Vavrus, 2015).  

Not much has changed in the wind speeds in the HBL over the study period. The 

increasing trends in the four study months average wind speed for both offshore and onshore 

winds is not significant. However, the results show noticeable trends in July when wind speeds 

have risen by about 0.5 ms-1 for offshore winds (tau = 0.20, p = 0.07) and 0.6 ms-1 (tau = 0.38, p 

= 0.001) for onshore winds over the study period. The occurrence of the most significant and 

strongest wind speed trend in July during onshore regimes is probably due to the large 

disproportionate warming rate of the offshore winds. Over the study period, the offshore mean 

temperature anomalies in July are 1.3 °C (p = 0.08) higher than their onshore counterpart, and 

this is the largest difference in the temperature trends between offshore and onshore winds 

during the four-study months. This slower onshore warming rate in July could be attributed to a 

lag in surface warming over the Hudson Bay as the enhanced net radiation is used entirely for 

melting the sea ice. Bello and Higuchi (2019) also found evidence for this so-called zero-curtain 

effect during the active melt period over the Hudson Bay, when the energy that would otherwise 

warm the atmosphere is largely consumed by the latent heat of fusion. The higher trend in the 

July offshore temperatures would intensify the horizontal temperature and pressure gradient 

between the land and sea and consequently, increase onshore (and to a lesser extent, offshore) 

wind speeds. This has also contributed to the considerable increase (10.7%) in the frequency of 

onshore winds in July over the study period. 
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2.4.3 Changes in the Advective Influence of the Hudson Bay 

Important changes have occurred in the energy balance of the HBL over the last 40 years. 

The average QH anomalies for the four study months have risen by 5.4 W m-2 and 11.4 W m-2 

during offshore and onshore winds, respectively. The highest and most significant QH trends of 

17.2 W m-2 and 19.1 W m-2 are found in June for offshore and onshore winds, respectively. The 

general increase in QH trends corresponds to the positive temperature trends in the study region. 

Climate warming and the decline in surface albedo in the High latitudes not only increase the 

amount of available net radiation (Q*) but also increase the vertical temperature gradient 

(ΔT/ΔZ) since the atmosphere is stable and warming is mainly confined to the lower troposphere 

(Screen et al., 2012; Pithan and Mauritsen, 2014). As a result, more energy is directed towards 

warming the atmosphere via QH. The average onshore QH anomalies have increased over twice 

as much as the offshore QH anomalies over the study period. This is in agreement with the 

dominant role QH plays during onshore winds—due to the greater vertical temperature gradient 

compared to offshore wind regimes—as shown in the average QH for all the study months. 

Moreover, the higher land warming rates during offshore winds, caused by the land–sea warming 

contrast, further strengthens the vertical temperature gradient during onshore wind regimes. 

Significant trends in evaporation exist over the study period where the average QE 

anomalies for the four study months have increased by 7.2 W m-2 and 6.1 W m-2 during offshore 

and onshore winds, respectively. The overall increase in the QE trends corresponds to the 

positive trends in the temperature anomalies over the study region. Significant differences 

between onshore and offshore QE averages are found in all the study months, decreasing from 

June to September. The magnitude of these differences between onshore and offshore QE are 

similar—but opposite—to those of QH, suggesting that the energy that would otherwise be 
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directed towards QH (QE) during offshore (onshore) winds has been used for QE (QH). The trends 

in the average offshore QE are much higher than those of the onshore winds, particularly in July, 

August and September. This is consistent with the overriding role of QE during offshore winds—

due to the stronger vertical vapour pressure gradient—as shown in the daily QE averages for all 

the study months. The largest, and only significant trend, in the mean difference between 

onshore and offshore QE occurred in July (-7.1 W m-2). This corresponds with the trends in 

temperature and wind speed anomalies in July as described earlier, where there was a large 

disproportionate warming rate for offshore winds and increased wind speeds over the study 

period. 

The energy that goes into warming the ground is particularly important in the HBL due to 

its role in melting the active layer of permafrost during the summer. The average QG anomalies 

for the four study months have increased by 1.5 W m-2 and 2.1 W m-2 during offshore and 

onshore winds, respectively, over the past 40 years. The larger subsurface warming trend for 

onshore winds is contrary to what was initially expected. However, it is clear from the foregoing 

analysis that June dominates active layer development, contributing approximately 44% of the 

net seasonal flux over the past 40 years. The 17% increase in the frequency of onshore winds 

during this month has been accompanied by an increase in QG of 3.3 W m-2 and therefore the 

influence on seasonal ground warming could be anticipated given the increased likelihood of 

onshore winds during the summer solstice. Nevertheless, this has been dwarfed by the increase in 

the onshore sensible heat flux of 19.1 W m-2, which suggests that the advective influence of the 

Bay, favours energy loss to the atmosphere by a factor of approximately 5.8. 

The seasonal average QG for the period 1979–2018 shows that offshore QG averages are 

almost threefold greater than onshore QG averages over the HBL. This is because of the 
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considerably larger vertical soil temperature gradient during offshore wind regimes owing to 

higher surface temperatures. One would expect therefore that as the climate warms and more 

radiant energy is available, the trends in offshore QG would be larger than their onshore 

counterpart. Although this is the case in September when the trends in offshore QG are over 

twofold that of the onshore winds, the month of June is characterized by onshore QG trends that 

are more than a factor of two larger than the offshore trends. 

So what has been the net impact of the changing wind regimes? The non-directional 

energy budget analysis (Figures not shown) indicates that the mean air temperature anomalies 

have increased by 1.6 °C (p < 0.001) over the last 40 years in the HBL. The mean QH anomalies 

have increased by 8.9 W m-2 (or 20%, p < 0.0001) over the same period. Also, there has been an 

increase in evaporation over the study period with QE anomalies showing a positive trend of 

about 6.5 W m-2 (or 10%, p < 0.01). There has also been a seasonal increase in ground warming 

of about 1.6 W m-2 (or 18%, p = 0.02) over the 1979–2018 study period. These trends suggest 

that the shift in wind regimes are having a considerable net impact on the HBL. Additionally, the 

largest changes in the combined (on- and off-shore) temperature and surface energy fluxes are, 

overall, occurring in September. This is in agreement with previous studies which showed that 

the biggest change in the open water season over the Hudson Bay is occurring in the fall, not in 

the spring period (Hochheim and Barber 2014; Bello and Higuchi 2019). It has also been 

reported that in the last decade there is an accelerated warming trend in fall temperatures and a 

dramatic delay in sea ice freeze-up dates (on average by 0.46 days per year) over the Hudson 

Bay (Hochheim and Barber 2014; Kowal et al. 2017). This present study suggests that the 

permafrost active layer in the HBL does not seem to be responding much to warming in the 

spring and summer, whereas it is taking longer for it to freeze back in the fall. 
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2.5 Conclusion 

It is well-known that the Hudson Bay exerts a strong advective influence on the adjacent 

HBL region. Until now, the temporal and spatial impact of climate change on the mesoscale 

wind regimes in the HBL and the associated consequences on the surface energy balance was 

poorly understood. This research study addresses these pressing concerns and provides insights 

into potential implications of future climate changes in the HBL. 

First, this study demonstrates that there are significant changes in the advective role of 

the Hudson Bay. The spatially averaged wind frequency anomalies over the HBL reveal a strong 

increasing (decreasing) trend in onshore (offshore) winds of about 7% over the study period. The 

four study month average difference between offshore and onshore wind frequency suggests the 

dominance of the offshore wind regimes persists to the present day, but have significantly 

declined by about 14% over the past 40 years. The most rapid changes occur in June when the 

frequency of onshore winds have increased by about 17% over the study period. These 

significant changes in the wind regimes in June is quite striking, as it implies that the average 

difference between offshore and onshore wind frequency has decreased by as much as 35% over 

the study period. Consequently, there has been a shift from offshore winds dominance to onshore 

winds dominance in June over the HBL.  

Previously published research studies (Rouse and Bello, 1985; Delidjakova et al., 2016) 

had anticipated that global warming and sea ice decline would cause an increase in the frequency 

of offshore winds in the HBL. It was suggested that a higher frequency of offshore winds would 

diminish the advective role of the Hudson Bay on the HBL, giving rise to much higher 

temperatures, accelerated permafrost degradation and a weakening of the carbon sink in the 

region. This present study provides evidence that, on the contrary, there has been a significant 
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and profound increase in the frequency of onshore winds due to the land–sea warming contrast in 

response to climate change. The study results show that the changes in the mesoscale wind 

regimes and surface energy balance of the HBL under present and projected climate warming are 

markedly different than was previously thought. 

Second, this research study demonstrates that there are significant positive trends in the 

temperature, sensible, latent and ground heat fluxes over the HBL, and the magnitude and 

strength of these trends vary considerably between offshore and onshore wind regimes. The 

offshore temperatures are increasing at a faster rate than onshore temperatures as a consequence 

of the land–sea contrast in surface temperature response to climatic change. The most rapid 

temperature increase occurs in June and September, and the largest warming contrast between 

offshore and onshore winds is found in July. The much slower onshore warming rate in July is 

attributed to a lag in surface warming over the Hudson Bay caused by the zero-curtain effect 

during sea ice melt. The wind speed anomalies suggest that though offshore and onshore winds 

exhibit no significant trends in the four study month averages as a whole, there is a statistically 

significant trend in the July onshore wind speeds due to the large disproportionate warming of 

offshore winds. 

The spatially averaged surface energy fluxes show that the onshore QH anomalies are 

over twice as high as the offshore anomalies. The most rapid increase in QH occurs in June, and 

the largest difference between onshore and offshore QH trends is found in September. By 

contrast, the trends in the offshore QE are slightly greater than the onshore trends, and the largest 

difference between onshore and offshore QE anomalies is found in July. Additionally, the trend 

in the onshore QG is higher than the offshore trend. The most rapid increase in onshore QG 

occurs in June when the onshore QG trend is more than a factor of two higher than the offshore 
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trend. In September, however, the offshore QG anomalies are over twofold that of the onshore 

anomalies. 

These research findings have important implications for permafrost thaw, evaporation, 

soil moisture changes and peatland carbon losses across the HBL. It is uncertain if there will be 

significant spatial variations in the magnitude and strength of the observed changes in mesoscale 

winds and temperatures over the HBL, given the diverse hydro-geomorphic landscape and 

peatland types in the region. Moreover, the changes in the advective influence of the Hudson 

Bay on the adjacent lowlands may vary considerably across the region due to the spatial pattern 

of sea ice breakup and freeze-up over the Bay, and proximity to the coast. Further research is 

therefore needed to address these uncertainties.  
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Abstract 

The climate of the Hudson Bay Lowlands (HBL) is strongly influenced by the adjacent Hudson 

Bay. The persistence of sea ice in the Hudson Bay until late July contributes to the presence of 

permafrost along the western coast of the HBL where the southern limit of continuous 

permafrost lies parallel to the coast. Onshore winds originating from the Bay are comparatively 

cold and wet relative to the warm and dry offshore winds. The contrasting temperature and 

humidity properties of the wind regimes influence the partitioning of net radiation between the 

sensible, latent and ground heat fluxes over the HBL. This study builds on the earlier work 

(Chapter 2; Balogun et al. (2021), manuscript under review) on the mesoscale wind and 

temperature trends in the HBL as a whole. The previous study showed that climate warming has 

resulted in significant changes in the advective influence of the Hudson Bay on the surface 

energy balance in the HBL. This present study examines the spatial variations in the observed 

changes in winds and temperatures, given the diverse hydro-geomorphic landscape and peatland 

types in the region during the snow-free season of June through September. The results show that 

there is considerable spatial heterogeneity in the magnitude and strength of these climatic trends 

across the HBL region. I found that the onshore winds have not only increased in frequency but 

also penetrated further inland over the 1979–2018 study period. The largest and most statistically 

significant positive trends in the onshore winds occur in June, particularly in the inland areas of 

central and southern HBL. Spatial analyses of the trends in temperature and surface energy 

fluxes reveal several prominent hotspots found mostly along the coast and at the mouths of rivers 

such as Churchill, Severn and Winisk, as well as in an extensive narrow belt along the Ekwan 

and Attawapiskat Rivers in southern HBL. These research findings have important implications 

for permafrost dynamics and peatland carbon exchange in the HBL region. 
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3.1 Introduction 

Recent climate warming has resulted in observed changes in the atmosphere, ocean, and 

land surface, though these changes have not occurred uniformly across the globe. The northern 

high-latitudes have experienced the most severe climatic changes due to the Arctic amplification, 

associated with decreases in sea ice and snow cover, northward advection of heat and moisture, 

and changes in summer cloud cover (Serreze and Barry, 2011; Pithan and Mauritsen, 2014; 

Stuecker et al., 2018). Warming in the Arctic and Subarctic has led to changes in seasonal sea ice 

breakup and freeze-up in the Hudson Bay, and the lengthening of the open water season (Gagnon 

and Gough, 2005; Hochheim and Barber 2014; Kowal et al. 2017). 

The Hudson Bay Lowlands (HBL) is a vast wetland region where the climate and 

ecology are strongly regulated by the presence of sea ice on the Hudson Bay. The onshore winds 

blowing from the Bay towards the HBL are comparatively cold and moist relative to the warm 

and dry offshore winds. These contrasting thermal and moisture properties of the wind regimes 

have been shown to influence the surface energy balance of the HBL (Rouse and Bello, 1985; 

Lafleur and Rouse, 1988; Delidjakova et al., 2016). The research studies found that onshore 

winds were associated with higher sensible heat flux (QH) compared to offshore winds, while the 

latent heat flux (QE) was higher during offshore winds over the HBL. Rouse et al. (1987) 

demonstrated at a coastal site near southern James Bay that the ground heat flux (QG) was about 

twice as large for offshore winds compared to onshore winds, with important implications for 

permafrost dynamics. 

More recently, it was demonstrated that the warming-induced trends in sea ice duration 

over the Hudson Bay have resulted in significant changes in the advective influence of the Bay 

over the last 40 years, including increased frequency of onshore winds and greater warming 
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during offshore winds (Chapter 2; Balogun et al. (2021), manuscript under review). That study 

found that the largest changes in wind frequency during the 1979–2018 period have occurred in 

June when the onshore winds have increased by 17%. Also, the highest temperature increases of 

over 3 °C were found in June and September during offshore winds. This has resulted in 

significant impacts on the surface energy balance, with contrasting trends between offshore and 

onshore wind regimes. 

Although the mesoscale wind and temperature changes in the HBL have been studied, the 

spatial variations in the magnitude and strength of the observed climatic trends have not yet been 

investigated. It remains uncertain the extent to which various locations across the region have 

been impacted by the changes in the advective role of the Hudson Bay. The uneven rates of 

isostatic rebound and peat accumulation across the HBL (Martini, 2006; Packalen et al., 2014) 

have resulted in the development of diverse peatland types (e.g. fens and bogs) and microforms 

(e.g. hummocks, lawns and hollows) (Belyea and Clymo 2001; Harris et al., 2020). Moreover, 

the spatial variability of sea ice breakup and freeze-up over the Hudson Bay (Markham, 1986; 

Maxwell, 1986; Gagnon and Gough, 2005) suggests that its advective influence may vary 

substantially across the HBL.  

In this study, I investigate the spatio-temporal pattern of the climatic trends induced by 

the changing advective influence of the Hudson Bay on the surrounding lowlands. The primary 

objectives of this study are to 1) examine the spatial variations in wind and temperature changes 

across the HBL region, 2) analyze the spatial heterogeneity in the magnitude and strength of the 

resulting changes in the surface energy balance, and 3) discuss the potential implications for 

permafrost thaw and peatland carbon dynamics. 
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3.2 Methodology 

3.2.1 Climate Data 

This study builds on the earlier research work from Chapter 2 (Balogun et al. (2021), 

manuscript under review) and thus shares a similar methodology. Briefly, climate data were 

obtained from the North American Regional Reanalysis (NARR)–– a combined model and 

assimilated dataset, available on a 3 hourly, 32 km horizontal resolution (Mesinger et al., 2006). 

Daily averages of NARR meteorological variables used for this HBL study from June to 

September (1979-2018) include (i) Air temperature at 2 m (ii) U and V component of wind at 10 

m (iii) Sensible heat flux at the surface (iv) Latent heat flux at the surface, and (v) Ground heat 

flux at the surface. The coordinates information and grid points corresponding to the HBL region 

were carefully extracted using ArcGIS. The climate and energy flux data for the HBL were 

extracted using R programming (R Core Team, 2019).  

NARR datasets were partitioned into onshore and offshore winds based on the wind 

direction. Onshore winds were defined as winds blowing from the Bay towards the HBL, while 

offshore winds originated from inland. Generally, winds coming from the west and south were 

mostly offshore, while winds originating from the north and east were mostly onshore. Spatial 

analyses of the trends in the climate data were performed for a total of 194 grid locations (181 

grid locations for QG) over the HBL for the 40-year study period for the months of June, July, 

August and September corresponding to the snow-free season. 

 
3.2.2 Study Region Subdivisions 

To assist in the description and interpretation of the results, the HBL region is roughly 

subdivided into three sections––with each boundary defined by a line perpendicular to the 
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coastline and extending from the shore to the inland border of the HBL (Figure 3.1). First, the 

northern section or upper HBL, including the town of Churchill (Churchill River), Wapusk 

National Park, Port Nelson (Nelson River) and the York Factory (Hayes River). Second, the 

central section or middle HBL, extending from just south of the York Factory to Fort Severn 

(Severn River) and its environs. Third, the southern section or lower HBL, including the Polar 

Bear Provincial Park, Winisk and Peawanuck (Winisk River), Ekwan (Ekwan River) and 

Attawapiskat (Attawapiskat River), west of the Akimiski Island. In addition, the term coastal 

HBL is also used to distinguish the narrow subregion that occurs along the southern coast of the 

Hudson Bay from the rest of the broader HBL study region. 

 
Figure 3. 1. Map showing the subdivision of the study region into roughly three sections: (i) Northern section or upper HBL, (ii) 
Central section or middle HBL, (iii) Southern section or lower HBL. Each boundary is defined by a line perpendicular to the 
coastline and extending from the shore to the inland border of the HBL. A total of 194 grid locations covering the “true” Hudson 
Bay Lowlands were used (black dots above the triple black line). The area below the triple black line with the grey dots is 
technically referred to as the James Bay Lowlands and was not included in this study. 
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3.2.3 Statistical Analysis 

The Shapiro–Wilk (Shapiro and Wilk, 1965) and Kolmogorov-Smirnov (Massey, 1951) 

tests for normality and Q-Q plots were used to determine if the data were normally distributed. 

Since the datasets were not normally distributed (Kolmogorov–Smirnov, p < 0.05; Shapiro–

Wilk, p < 0.05), non-parametric statistical methods were employed to analyze the data. The 

Mann-Kendall test (McLeod, 2011) was used for the detection of trends in the time series. The 

Kendall tau, (–1 to +1) represents the direction and strength of the linear trend while the p-value 

indicates the significance of the trend. In addition, the Theil-Sen slope approach (TSA; Sen, 

1968; Hirsch et al., 1982) was used to compute estimates of the magnitude or rate of change of 

the trend. The trends are expressed as anomalies relative to the climate normal period 1981-2010. 

For the difference of means test, the Mann–Whitney U test was employed to test for significance. 

The trend and spatial analyses were conducted using the R environment for statistical computing 

(R Core Team, 2019). The statistical maps were created using the rworldmap and rworldxtra 

packages in R (South, 2011; South, 2012). 

 

3.3 Results 

3.3.1 Wind Frequency 

The four study months average wind frequency anomalies for the 1979–2018 period 

show positive trends in onshore winds throughout the HBL (Figure 3.2, Table 3.1). The strength 

of these positive trends varies across the region with a median tau of 0.24 (Min tau = 0.15, Max 

tau = 0.32). The magnitude of the onshore wind frequency anomalies also varies spatially with a 

median increase of about 7.2% (Min TSA = 4.7%, Max TSA = 9.7%) over the study period. The 
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grid locations which have the largest trends are described as areas above the upper quartile with 

onshore wind frequency anomalies exceeding about 7.9%. These positive trends in onshore 

winds are statistically significant (median p-value = 0.03) at 134 grid locations (out of 194) in 

the HBL.  

Furthermore, the monthly spatial analysis demonstrates the varying magnitude and 

significance of onshore wind frequency anomalies during the study months. In June, there are 

positive trends in the onshore wind anomalies throughout the HBL, with a median tau of 0.21 

(Min tau = 0.06, Max tau = 0.35) (Figure 3.3, Table 3.1). There are considerable spatial 

variations in the magnitude of the trends with a median increase of about 16% (Min TSA = 2.8%, 

Max TSA = 25.2%) over the study period. The grid locations that have the highest trends are 

shown as areas with onshore wind frequency anomalies exceeding 18.7%. The northern section 

(or upper HBL) is generally characterized by non-significant positive trends, while significant 

positive trends are present in parts of the central section (or middle HBL) and the southern 

section (or lower HBL). Overall, these positive anomalies (median p-value = 0.06) in June 

onshore wind frequency are statistically significant (p < 0.05) at 92 grid locations in the HBL. 

In July, positive trends persist in the onshore wind frequency throughout the HBL, with a 

median tau of 0.15 (Min tau = 0.06, Max tau = 0.24) (Table 3.1). The magnitude of the trends 

ranges from 3.8% to 17.3% (median TSA = 10.4%) over the region. The highest trends are 

mostly along the coastal HBL, with the onshore wind frequency anomalies exceeding 12.3%. 

Overall, these positive trends (median p-value = 0.17) in July onshore wind frequency are 

statistically significant (p < 0.05) only at 8 grid locations in the HBL––3 locations along the 

coast around Winisk and the Polar Bear Provincial Park, and 5 locations further inland around 

the Severn River in central HBL.  
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Table 3. 1. Mann-Kendall trends for the onshore wind frequency anomalies for the period 
1979–2018. 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau 0.06 0.17 0.21 0.26 0.35 - 

TSA (%) 2.8 12.1 16.0 18.7 25.2 - 

p-value 0.002 0.02 0.06 0.13 0.28 92 

July 

tau 0.06 0.13 0.15 0.18 0.24 - 

TSA (%) 3.8 8.3 10.4 12.3 17.3 - 

p-value 0.01 0.11 0.17 0.24 0.43 8 

August 

tau -0.08 0.02 0.07 0.11 0.21 - 

TSA (%) -5.8 0.7 4.8 7.2 12.9 - 

p-value 0.001 0.30 0.51 0.80 1.00 2 

September 

tau -0.09 0.03 0.07 0.11 0.19 - 

TSA (%) -4.9 0.8 2.9 4.8 9.3 - 

p-value 0.10 0.33 0.51 0.70 1.00 0 

Study Months Average 

tau 0.15 0.21 0.24 0.26 0.32 - 

TSA (%) 4.7 6.3 7.2 7.9 9.7 - 

p-value 0.004 0.02 0.03 0.06 0.10 134 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 194 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 2. Mann-Kendall trends for the four study months (June to September) average onshore wind frequency anomalies over 
the HBL during the 1979–2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest 
tau. (C) Theil-Sen slope for all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all 
grid locations, and (F) the grid locations with statistically significant p-values (<0.05). 
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Figure 3. 3. Mann-Kendall trends for the onshore wind frequency anomalies over the HBL for June during the 1979–2018 period. 
(A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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In August, the onshore wind anomalies are mostly characterized by positive trends 

(median tau = 0.07), though some grid locations have negative or no trends at all (Table 3.1). 

The magnitude of the trends ranges from -5.8% to 12.9% (median TSA = 4.8%) over the HBL. 

The largest positive trends generally occur in the northern and southern sections of HBL, where 

the onshore wind frequency anomalies exceed 7.2%. Nevertheless, these trends (median p-value 

= 0.51) in August onshore wind frequency are not statistically significant, except at 2 grid 

locations (p < 0.05) in the Wapusk National Park and Polar Bear Provincial Park.  

In September, the onshore wind anomalies are mainly characterized by positive trends 

(median tau = 0.07), though some grid locations have negative or no trends at all (Table 3.1). 

The magnitude of the trends ranges from -4.9% to 9.3% (median TSA = 2.9%) over the HBL. 

Regardless, the trends (median p-value = 0.51) in the September onshore wind frequency are not 

statistically significant at all grid locations in the HBL. 

The results demonstrate that the largest and most significant trends in the onshore wind 

frequency occur in June, particularly at 92 grid locations in the HBL. These significant positive 

trends are mostly found at inland grid locations of central and southern HBL. It is important to 

mention here that the offshore wind frequency anomalies in the HBL show identical but opposite 

trends during the study period.  

 
3.3.2 Temperature 

The four study months average temperature anomalies during offshore wind regimes for 

the period 1979–2018 show positive trends over the entire HBL (Figure 3.4, Table 3.2). The 

strength of these positive trends varies considerably across the region with a median tau of 0.33 

(Min tau = 0.22, Max tau = 0.48). The magnitude of the trends in offshore temperatures also 
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varies spatially with a median increase of 2.1 °C (Min TSA = 1.6 °C, Max TSA = 2.7 °C) over 

the study period. The grid locations that have the largest trends are described as areas with 

offshore temperature anomalies exceeding 2.3 °C (upper quartile). These positive offshore 

temperature trends are statistically significant (median p-value = 0.003) at 193 grid locations (out 

of 194) in the HBL. The most significant warming trends (p < 0.001) are occurring along the 

coast, at the mouths of rivers––such as around Churchill, Fort Severn and Winisk, as well as in 

southern HBL in an extensive narrow belt along the Ekwan and Attawapiskat Rivers.  

There are also substantial monthly variations in the magnitude and significance of the 

offshore temperature anomalies. In June, there are positive offshore temperature trends 

throughout the HBL, with a median tau of 0.25 (Min tau = 0.17, Max tau = 0.33) (Figure 3.5, 

Table 3.2). The magnitude of the trends varies between 2.1 °C and 4.2 °C (median TSA = 3.2 

°C) over the study region. The grid locations that have the highest trends are characterized by 

offshore temperature anomalies exceeding 3.4 °C (upper quartile). These positive offshore 

temperature trends in June are statistically significant (median p-value = 0.02) at 166 grid 

locations in the HBL. 

In July, the positive trends persist in the offshore temperature anomalies throughout the 

HBL, with a median tau of 0.23 (Min tau = 0.12, Max tau = 0.38) (Table 3.2). The magnitude of 

the trends ranges from 0.9 °C to 2.8 °C (median TSA = 1.8 °C) over the HBL. The highest trends 

mostly occur along the coastal HBL, where offshore temperature anomalies exceed 2.1 °C. 

Overall, these positive trends (median p-value = 0.04) in July offshore temperatures are 

statistically significant (p < 0.05) at 112 grid locations in the HBL. The majority of the non-

significant temperature trends are found in the central HBL. 
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In August, the offshore temperature anomalies are typically characterized by positive 

trends (median tau = 0.12) over the HBL (Table 3.2). The magnitude of the trends ranges from -

0.1 °C to 2.4 °C (median TSA = 1.0 °C) over the study region. Overall, statistically significant 

positive trends (p < 0.05) in the August offshore temperatures occur at 20 grid locations, 

predominantly along the coastal HBL.  

In September, there are significant positive offshore temperature trends throughout the 

HBL, with a median tau of 0.35 (Min tau = 0.23, Max tau = 0.49) (Figure 3.6, Table 3.2). The 

magnitude of the trends varies between 2.5 °C and 4.6 °C (median TSA = 3.4 °C) over the study 

region. The grid locations that have the highest trends are usually found in southern HBL along 

the mouth of the Winisk River and in a swath along the Ekwan and Attawapiskat Rivers, where 

offshore temperature anomalies exceed 3.8 °C. The positive offshore temperature trends in 

September are statistically significant (median p-value = 0.002) at all 194 grid locations in the 

HBL. The results show that the largest and most significant trends in the offshore temperatures 

over the HBL occur in September, followed by June. 
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Table 3. 2. Mann-Kendall trends for the offshore temperature anomalies for the period 1979–
2018 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau 0.17 0.23 0.25 0.27 0.33 - 

TSA (°C) 2.1 2.9 3.2 3.4 4.2 - 

p-value 0.001 0.01 0.02 0.04 0.07 166 

July 

tau 0.12 0.19 0.23 0.27 0.38 - 

TSA (°C) 0.9 1.5 1.8 2.1 2.8 - 

p-value 0.000 0.02 0.04 0.09 0.18 112 

August 

tau -0.02 0.09 0.12 0.18 0.29 - 

TSA (°C) -0.1 0.8 1.0 1.5 2.4 - 

p-value 0.000 0.11 0.28 0.40 0.65 20 

September 

tau 0.23 0.29 0.35 0.38 0.49 - 

TSA (°C) 2.5 3.2 3.4 3.8 4.6 - 

p-value 0.0000 0.001 0.002 0.01 0.02 194 

Study Months Average 

tau 0.22 0.30 0.33 0.38 0.48 - 

TSA (°C) 1.6 2.0 2.1 2.3 2.7 - 

p-value 0.000 0.001 0.003 0.007 0.016 193 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 194 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 4. Mann-Kendall trends for the four study months (June to September) average offshore air temperature anomalies 
over the HBL during the 1979–2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the 
highest tau. (C) Theil-Sen slope for all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value 
for all grid locations, and (F) the bottom 25% of the grid locations with the lowest p-value. 
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Figure 3. 5. Mann-Kendall trends for the offshore air temperature anomalies over the HBL for June during the 1979–2018 period. 
(A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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Figure 3. 6. Mann-Kendall trends for the offshore air temperature anomalies over the HBL for September during the 1979–2018 
period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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The four study months average temperature anomalies during onshore wind regimes for 

the period 1979–2018 show positive trends over the entire HBL (Figure 3.7, Table 3.3). The 

strength of these positive trends varies considerably across the study region with a median tau of 

0.30 (Min tau = 0.14, Max tau = 0.46). The magnitude of the trends in onshore temperatures also 

varies spatially with a median increase of 1.6 °C (Min TSA = 0.9 °C, Max TSA = 2.2 °C) over 

the study period. The grid locations that have the largest trends are described as areas with 

onshore temperature anomalies exceeding about 1.8 °C (upper quartile). These positive onshore 

temperature trends are statistically significant (median p-value = 0.006) at 186 grid locations (out 

of 194) in the HBL. The most significant warming trends (p < 0.002) occur around the Churchill 

area in upper HBL, around Fort Severn and the Severn River in central HBL, as well as at the 

mouths of the Winisk, Ekwan and Attawapiskat Rivers, and in parts of the Polar Bear Provincial 

Park in the lower HBL.  

There are also substantial monthly variations in the magnitude and significance of the 

onshore temperature anomalies. In June, the HBL region is usually characterized by positive 

onshore temperature trends, with a median tau of 0.26 (Min tau = 0.10, Max tau = 0.42) (Figure 

3.8, Table 3.3). The magnitude of the trends varies considerably between 0.1 °C and 3.8 °C 

(median TSA = 2.2 °C) over the region. The grid locations that have the highest trends are 

mostly found in the central HBL and, to a lesser extent, around the Churchill area in northern 

HBL, where the onshore temperature anomalies exceed 2.9 °C. Overall, the positive onshore 

temperature trends in June are statistically significant (median p-value = 0.02) at 138 grid 

locations in the HBL. 

In July, the onshore temperature anomalies generally have weak positive trends over the 

study region, with a median tau of 0.08 (Min tau = -0.06, Max tau = 0.22) (Table 3.3). The 
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magnitude of the trends ranges from -0.5 °C to 1.5 °C (median TSA = 0.5 °C) over the HBL. 

Overall, the positive trends (median p-value = 0.48) in July onshore temperatures are statistically 

significant (p < 0.05) at only 10 grid locations along the coastal HBL. 

In August, the onshore temperature anomalies are typically characterized by positive 

trends (median tau = 0.14) over the HBL (Table 3.3). The magnitude of the trends ranges from -

0.3 °C to 2.9 °C (median TSA = 1.1 °C) over the study region. Overall, statistically significant 

positive trends (p < 0.05) in the August onshore temperatures occur at 38 grid locations, 

predominantly along the coastal HBL.  

In September, there are strong positive onshore temperature trends throughout the HBL, 

with a median tau of 0.31 (Min tau = 0.20, Max tau = 0.44) (Figure 3.9, Table 3.3). The 

magnitude of the trends varies considerably between 2.0 °C and 4.0 °C (median TSA = 2.9 °C) 

over the study region. The positive onshore temperature trends in September are statistically 

significant (median p-value = 0.01) at 187 grid locations in the HBL. Indeed, the results 

demonstrate that the largest and most significant onshore temperature anomalies over the HBL 

occur in September, followed by June. 
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Table 3. 3. Mann-Kendall trends for the onshore temperature anomalies for the period 1979–
2018. 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau 0.10 0.21 0.26 0.31 0.42 - 

TSA (°C) 0.1 1.7 2.2 2.9 3.8 - 

p-value 0.0002 0.005 0.02 0.06 0.13 138 

July 

tau -0.06 0.04 0.08 0.12 0.22 - 

TSA (°C) -0.5 0.2 0.5 0.8 1.5 - 

p-value 0.0001 0.29 0.48 0.72 1.00 10 

August 

tau -0.04 0.08 0.14 0.19 0.34 - 

TSA (°C) -0.3 0.7 1.1 1.7 2.9 - 

p-value 0.0000 0.08 0.22 0.46 1.00 38 

September 

tau 0.20 0.27 0.31 0.35 0.44 - 

TSA (°C) 2.0 2.6 2.9 3.2 4.0 - 

p-value 0.0001 0.002 0.01 0.02 0.04 187 

Study Months Average 

tau 0.14 0.26 0.30 0.34 0.46 - 

TSA (°C) 0.9 1.4 1.6 1.8 2.2 - 

p-value 0.000 0.002 0.006 0.018 0.041 186 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 194 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 7. Mann-Kendall trends for the four study months (June to September) average onshore air temperature anomalies 
over the HBL during the 1979–2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the 
highest tau. (C) Theil-Sen slope for all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value 
for all grid locations, and (F) the bottom 25% of the grid locations with the lowest p-value. 
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Figure 3. 8. Mann-Kendall trends for the onshore air temperature anomalies over the HBL for June during the 1979–2018 period. 
(A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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Figure 3. 9. Mann-Kendall trends for the onshore air temperature anomalies over the HBL for September during the 1979–2018 
period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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3.3.3 Wind Speed 

The four study months average wind speed anomalies during offshore wind regimes for 

the period 1979–2018 generally show weak positive trends over the HBL (Table 3.4). The 

strength of these trends varies across the region with a median tau of 0.07 (Min tau = -0.06, Max 

tau = 0.23). The magnitude of the offshore wind speed anomalies also varies spatially with a 

median increase in wind speed of 0.08 ms-1 over the study period. The largest trends are found at 

grid locations where the offshore wind speed anomalies have increased by over 0.14 ms-1. The 

offshore wind speed trends (median p-value = 0.54) are statistically significant (p < 0.05) at only 

17 grid locations (out of 194) along the coastal HBL, where the wind speed anomalies have 

increased by 0.32 ms-1 to 1.90 ms-1 over the study period. 

The monthly average offshore wind speed anomalies show both weak positive and 

negative trends (median tau = -0.03) in June over the HBL (Table 3.4). The magnitude of the 

trends varies between -0.6 ms-1 and 0.4 ms-1 (median TSA = -0.1 ms-1). Nevertheless, these 

offshore wind speed trends (median p-value = 0.65) in June are not statistically significant, 

except at 1 grid location (p < 0.05) on the Ekwan River in southern HBL—where the wind speed 

anomalies have decreased by 0.7 ms-1 over the study period. 

In July, the offshore wind speed anomalies are typically positive across the HBL, with a 

median tau of 0.17 (Min tau = -0.05, Max tau = 0.36) (Figure 3.10, Table 3.4). The magnitude of 

the trends also varies spatially with a median increase in wind speed anomalies of 0.4 ms-1 over 

the study period. The offshore wind speed trends (median p-value = 0.12) in July are statistically 

significant (p < 0.05) at 45 grid locations, found mostly along the coastal HBL and at inland 

locations in central HBL, where the wind speed anomalies have increased by 0.4 ms-1 to 2.0 ms-1 

over the study period. 
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Table 3. 4. Mann-Kendall trends for the offshore wind speed anomalies for the period 1979–
2018. 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau -0.19 -0.08 -0.03 0.01 0.13 - 

TSA (ms-1) -0.6 -0.2 -0.1 0.0 0.4 - 

p-value 0.05 0.41 0.65 0.84 1.00 1 

July 

tau -0.05 0.11 0.17 0.21 0.36 - 

TSA (ms-1) -0.2 0.3 0.4 0.6 1.1 - 

p-value 0.000 0.05 0.12 0.30 0.67 45 

August 

tau -0.10 0.00 0.04 0.07 0.16 - 

TSA (ms-1) -0.3 0.0 0.1 0.2 0.5 - 

p-value 0.09 0.52 0.68 0.82 1.00 11 

September 

tau -0.22 -0.12 -0.08 -0.03 0.10 - 

TSA (ms-1) -0.5 -0.3 -0.2 -0.1 0.2 - 

p-value 0.001 0.26 0.39 0.62 1.00 4 

Study Months Average 

tau -0.06 0.02 0.07 0.11 0.23 - 

TSA (ms-1) -0.09 0.03 0.08 0.14 0.30 - 

p-value 0.00 0.35 0.54 0.79 1.00 17 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 194 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 10. Mann-Kendall trends for the offshore wind speed anomalies over the HBL for July during the 1979–2018 period. (A) 
tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid locations, 
and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid locations with 
statistically significant p-values (<0.05). 
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The August offshore wind speed anomalies show both weak positive and negative trends 

(median tau = 0.04) over the HBL (Table 3.4). The magnitude of the trends varies spatially with 

a median increase in wind speed anomalies of 0.1 ms-1 over the study period. The offshore wind 

speed trends (median p-value = 0.68) in August are statistically significant (p < 0.05) at only 11 

grid locations along the coastal areas of central and southern HBL, where the wind speed 

anomalies have increased by 0.6 ms-1 to 2.3 ms-1 over the study period. 

In September, there are generally weak negative trends (median tau = -0.08) in the 

offshore wind speeds over the HBL, though 26 grid locations show positive trends (Table 3.4). 

The positive trends generally occur along the coastal parts of southern HBL, with statistically 

significant trends (p < 0.05) at only 4 grid locations, where the offshore wind speed anomalies 

have increased by 0.9 ms-1 to 2.2 ms-1 over the study period. Overall, the results suggest that the 

most significant and widespread increase in offshore wind speeds occur in July, particularly 

along the coastal HBL. 

The four study months average wind speed anomalies during onshore wind regimes for 

the period 1979–2018 generally show positive trends over the HBL (Table 3.5). The strength of 

these trends varies substantially across the region with a median tau of 0.10 (Min tau = -0.12, 

Max tau = 0.33). The magnitude of the onshore wind speed anomalies also varies spatially with a 

median increase in wind speed of 0.17 ms-1 over the study period. The highest trends are found at 

grid locations where the onshore wind speed anomalies have increased by over 0.26 ms-1. The 

onshore wind speed trends (median p-value = 0.35) are statistically significant (p < 0.05) at 24 

grid locations (out of 194), found mostly around the Nelson and Hayes Rivers in upper HBL, as 

well as around the southern edge of the Polar Bear Provincial Park and the mouth of the Ekwan 
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River in lower HBL. Here, the wind speed anomalies have increased by 0.28 ms-1 to 1.32 ms-1 

over the study period. 

The monthly average onshore wind speed anomalies for June show both positive and 

negative trends, with the tau ranging from -0.19 to 0.25 over the HBL (Table 3.5). The 

magnitude of the trends varies between -0.6 ms-1 and 0.8 ms-1 over the study region. These 

onshore wind speed trends (median p-value = 0.60) in June are statistically significant (p < 0.05) 

only at 5 grid locations––4 around the mouths of the Nelson and Hayes Rivers in northern HBL, 

and 1 at the Polar Bear Provincial Park in southern HBL. Here, the onshore wind speeds have 

increased by 0.55 ms-1 to 1.26 ms-1 over the study period. 

In July, the onshore wind speed anomalies are usually positive across the HBL, with a 

median tau of 0.21 (Min tau = 0.00, Max tau = 0.43) (Figure 3.11, Table 3.5). The magnitude of 

the trends also varies spatially with a median increase in wind speed anomalies of 0.6 ms-1 over 

the study period. The onshore wind speed trends (median p-value = 0.05) in July are statistically 

significant (p < 0.05) at 96 grid locations, where the wind speeds have increased by 0.52 ms-1 to 

2.25 ms-1 over the study period. 

The August onshore wind speed anomalies show both weak positive and negative trends 

ranging from a tau of -0.21 to 0.24 (median tau = 0.02) over the HBL (Table 3.5). The magnitude 

of the trends varies spatially with a median increase in wind speed anomalies of 0.1 ms-1 over the 

study period. The highest trends in the August onshore wind speeds are generally found along 

the coastal HBL, with statistically significant trends (p < 0.05) at 7 grid locations, where the 

wind speeds have increased by 0.73 ms-1 to 1.96 ms-1 over the study period. 

In September, onshore wind speed anomalies show both positive and negative trends 

ranging from a tau of -0.27 to 0.23 (median tau = -0.04) over the HBL (Table 3.5).  
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Table 3. 5. Mann-Kendall trends for the onshore wind speed anomalies for the period 1979–
2018. 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau -0.19 -0.04 0.01 0.09 0.25 - 

TSA (ms-1) -0.6 -0.1 0.0 0.2 0.8 - 

p-value 0.0001 0.33 0.60 0.84 1.00 5 

July 

tau 0.00 0.14 0.21 0.26 0.43 - 

TSA (ms-1) 0.2 0.5 0.6 0.7 1.1 - 

p-value 0.000 0.02 0.05 0.20 0.45 96 

August 

tau -0.21 -0.05 0.02 0.08 0.24 - 

TSA (ms-1) -0.8 -0.2 0.1 0.3 0.9 - 

p-value 0.0003 0.30 0.56 0.75 1.00 7 

September 

tau -0.27 -0.11 -0.04 0.04 0.23 - 

TSA (ms-1) -1.5 -0.5 -0.2 0.2 1.2 - 

p-value 0.0006 0.24 0.48 0.72 1.00 16 

Study Months Average 

tau -0.12 0.04 0.10 0.16 0.33 - 

TSA (ms-1) -0.15 0.08 0.17 0.26 0.52 - 

p-value 0.00 0.15 0.35 0.67 1.00 24 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 194 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 11. Mann-Kendall trends for the onshore wind speed anomalies over the HBL for July during the 1979–2018 period. (A) 
tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid locations, 
and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid locations with 
statistically significant p-values (<0.05). 
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The negative trends are relatively close to the coast while the positive trends are generally found 

farther inland. Overall, the onshore wind speed trends (median p-value = 0.48) in September are 

statistically significant (p < 0.05) at 16 grid locations—4 with positive trends at the southern 

edge of the Polar Bear Provincial Park and the mouth of the Ekwan River, and 12 with negative 

trends mainly along the coast of central HBL. These significant wind speed trends range between 

-1.64 ms-1 and 2.71 ms-1 over the study region. The monthly average onshore wind speed 

anomalies, in general, suggest that the most significant and widespread increase in the onshore 

wind speeds over HBL occur in July. 

 
3.3.4 Sensible Heat Flux 

The four study months average QH anomalies during offshore wind regimes for the period 

1979–2018 are generally characterized by positive trends over the HBL (Figure 3.12, Table 3.6). 

The strength of these positive trends varies considerably across the region with a median tau of 

0.20 (Min tau = -0.01, Max tau = 0.36). The magnitude of the offshore QH anomalies also varies 

spatially with a median increase of 3.9 W m-2 over the study period. The largest trends are found 

at grid locations where the offshore QH have risen by over 6.2 W m-2. The positive offshore QH 

trends (median p-value = 0.07) are statistically significant (p < 0.05) at 71 grid locations (out of 

194), where the QH have increased by 3.0 W m-2 to 28.4 W m-2 over the study period. 

The monthly average offshore QH anomalies for June mostly show strong positive trends 

over the study region., with a median tau of 0.32 (Min tau = 0.15, Max tau = 0.47) (Figure 3.13, 

Table 3.6). The magnitude of the trends varies considerably between 4.6 W m-2 and 30.1 W m-2 

(median TSA = 16.6 W m-2) over the HBL. The highest trends are found at grid locations where 
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Table 3. 6. Mann-Kendall trends for the offshore QH anomalies for the period 1979–2018. 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau 0.15 0.27 0.32 0.36 0.47 - 

TSA (W m-2) 4.6 13.4 16.6 20.2 30.1 - 

p-value 0.00001 0.001 0.004 0.01 0.03 178 

July 

tau -0.16 0.05 0.14 0.22 0.45 - 

TSA (W m-2) -5.1 1.6 3.7 6.6 13.9 - 

p-value 0.0000 0.05 0.21 0.52 1.00 46 

August 

tau -0.11 0.08 0.15 0.23 0.43 - 

TSA (W m-2) -3.3 2.3 3.8 6.1 11.3 - 

p-value 0.0000 0.04 0.16 0.44 0.99 58 

September 

tau -0.18 -0.02 0.05 0.12 0.28 - 

TSA (W m-2) -4.0 -0.4 1.2 2.5 5.9 - 

p-value 0.01 0.25 0.51 0.77 1.00 9 

Study Months Average 

tau -0.01 0.14 0.20 0.24 0.36 - 

TSA (W m-2) -1.7 3.0 3.9 6.2 10.9 - 

p-value 0.00 0.03 0.07 0.20 0.46 71 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 194 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 12. Mann-Kendall trends for the four study months (June to September) average offshore sensible heat flux anomalies 
over the HBL during the 1979–2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the 
highest tau. (C) Theil-Sen slope for all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value 
for all grid locations, and (F) the bottom 25% of the grid locations with the lowest p-value. 
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Figure 3. 13. Mann-Kendall trends for the offshore sensible heat flux anomalies over the HBL for June during the 1979–2018 
period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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the offshore QH anomalies have risen by over 20.2 W m-2, such as around the Churchill area in 

upper HBL and along the coast of middle and lower HBL. These positive offshore QH trends in 

June are statistically significant (median p-value = 0.004) at 178 grid locations in the HBL. 

In July, most of the trends in the offshore QH are positive over the HBL, with a median 

tau of 0.14 (Min tau = -0.16, Max tau = 0.45) (Table 3.6). The magnitude of the trends varies 

spatially with a median increase in QH of 3.7 W m-2 over the study period. The grid locations that 

have the highest trends are characterized by offshore QH anomalies exceeding 6.6 W m-2. These 

positive trends (median p-value = 0.21) in July are statistically significant (p < 0.05) at 46 grid 

locations, especially along the coast of central HBL where the offshore QH have increased by 

over 17.9 W m-2 during the study period. 

In August, the offshore QH anomalies are typically characterized by positive trends over 

the study region, with a median tau of 0.15 (Min tau = -0.11, Max tau = 0.43) (Table 3.6). The 

magnitude of the trends ranges between -3.3 W m-2 and 11.3 W m-2 (median TSA = 3.8 W m-2) 

over the HBL, with a few hotspots at the mouths of the Severn and Winisk Rivers, where the 

offshore QH have increased by about 49.0 W m-2 during the study period. Overall, these positive 

trends in August are statistically significant (p < 0.05) at 58 grid locations, predominantly in the 

central HBL. 

In September, the offshore QH anomalies show both weak positive and negative trends 

ranging from a tau of -0.18 to 0.28 (median tau = 0.05) over the study region (Table 3.6). The 

magnitude of the trends varies spatially with a median increase of 1.2 W m-2 (Min TSA = -4.0 W 

m-2, Max TSA = 5.9 W m-2) over the study period. The positive offshore QH trends are 

statistically significant (p < 0.05) at only 9 grid locations—along the coast just west of the 

Severn River in central HBL, and along the Ekwan and Attawapiskat Rivers and the Polar Bear 
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Provincial Park in southern HBL. Overall, the results of the monthly average offshore QH 

anomalies demonstrate that the most extensive and significant trends over the HBL occur in 

June. 

The four study months average QH anomalies during onshore wind regimes for the period 

1979–2018 typically show positive trends over the HBL (Figure 3.14, Table 3.7). The strength of 

the trends varies considerably across the region with a median tau of 0.29 (Min tau = 0.10, Max 

tau = 0.48). The magnitude of the trends in onshore QH also varies spatially with a median 

increase of 11.3 W m-2 (Min TSA = 0.2 W m-2, Max TSA = 21.2 W m-2) over the study period. 

The largest trends are found at grid locations where the onshore QH anomalies exceed 13.7 W m-

2. These positive onshore QH trends are statistically significant (median p-value = 0.01) at 155 

grid locations (out of 194) in the HBL. The most significant trends in the onshore QH occur 

primarily in the central section of the HBL. 

The monthly average onshore QH anomalies for June mainly show strong positive trends 

over the study region., with a median tau of 0.24 (Min tau = -0.11, Max tau = 0.48) (Figure 3.15, 

Table 3.7). The magnitude of the trends varies considerably with a median increase in QH of 18.1 

W m-2 over the study period. The largest trends are found at grid locations where the onshore QH 

anomalies are between 24.2 W m-2 and 36.2 W m-2, such as in the coastal areas of upper and 

middle HBL. The onshore QH trends in June are statistically significant (median p-value = 0.03) 

at 112 grid locations—including 2 locations with significant negative trends. 

In July, most of the trends in the onshore QH anomalies are positive over the HBL, with a 

median tau of 0.17 (Min tau = -0.02, Max tau = 0.36) (Table 3.7). The magnitude of the trends 

varies considerably over the study region with a median increase in QH of 8.1 W m-2. The highest 

trends are found at grid locations where the onshore QH have risen by between 10.5 W m-2 and 
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18.0 W m-2. The positive trends (median p-value = 0.14) in July are statistically significant (p < 

0.05) at 47 grid locations—mainly found in central and southern HBL. 

In August, the onshore QH anomalies show both positive and negative trends ranging 

widely from a tau of -0.25 to 0.37 (median tau = 0.13) over the HBL (Table 3.7). The magnitude 

of the trends varies between -12.0 W m-2 and 17.2 W m-2 (median TSA = 5.0 W m-2) over the 

HBL, with a few hotspots at the mouths of the Severn and Winisk Rivers, where the onshore QH 

anomalies are about 36.2 W m-2 during the study period. The negative trends are generally found 

in the upper HBL, while the positive trends occur mainly in the middle and lower HBL. Overall, 

the onshore QH trends (median p-value = 0.20) in August are statistically significant (p < 0.05) at 

36 grid locations—29 with positive trends and 7 with negative trends over the study period. 

In September, there are generally positive onshore QH trends over the HBL, with a 

median tau of 0.20 (Min tau = -0.05, Max tau = 0.39) (Figure 3.16, Table 3.7). The magnitude of 

the trends varies considerably with a median increase in onshore QH of 7.2 W m-2 over the study 

period. The highest trends are found at grid locations where the onshore QH have risen by 

between 9.1 W m-2 and 14.8 W m-2. The positive trends (median p-value = 0.07) in September 

are statistically significant (p < 0.05) at 85 grid locations—predominantly in southern HBL and, 

to a lesser extent, central HBL. Overall, the results demonstrate that the most significant and 

widespread onshore QH anomalies occur in June, followed by September. 
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Table 3. 7. Mann-Kendall trends for the onshore QH anomalies for the period 1979–2018 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau -0.11 0.14 0.24 0.34 0.48 - 

TSA (W m-2) -2.7 9.9 18.1 24.2 36.2 - 

p-value 0.00001 0.002 0.03 0.17 0.40 112 

July 

tau -0.02 0.11 0.17 0.21 0.36 - 

TSA (W m-2) -0.8 5.4 8.1 10.5 18.0 - 

p-value 0.0000 0.05 0.14 0.31 0.68 47 

August 

tau -0.25 0.01 0.13 0.18 0.37 - 

TSA (W m-2) -12.0 0.1 5.0 8.2 17.2 - 

p-value 0.0000 0.07 0.20 0.51 0.99 36 

September 

tau -0.05 0.12 0.20 0.26 0.39 - 

TSA (W m-2) -2.4 4.1 7.2 9.1 14.8 - 

p-value 0.0003 0.02 0.07 0.28 0.60 85 

Study Months Average 

tau 0.10 0.23 0.29 0.33 0.48 - 

TSA (W m-2) 0.2 8.2 11.3 13.7 21.2 - 

p-value 0.000 0.003 0.01 0.03 0.08 155 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 194 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 14. Mann-Kendall trends for the four study months (June to September) average onshore sensible heat flux anomalies 
over the HBL during the 1979–2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the 
highest tau. (C) Theil-Sen slope for all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value 
for all grid locations, and (F) the bottom 25% of the grid locations with the lowest p-value. 
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Figure 3. 15. Mann-Kendall trends for the onshore sensible heat flux anomalies over the HBL for June during the 1979–2018 
period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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Figure 3. 16. Mann-Kendall trends for the onshore sensible heat flux anomalies over the HBL for September during the 1979–
2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for 
all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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3.3.5 Latent Heat Flux 

The four study months average QE anomalies during offshore wind regimes for the period 

1979–2018 are mostly characterized by positive trends over the HBL (Figure 3.17, Table 3.8). 

The strength of the positive trends varies considerably across the region with a median tau of 

0.26 (Min tau = 0.08, Max tau = 0.43). The magnitude of the trends in offshore QE also varies 

spatially with a median increase of 7.6 W m-2 (Min TSA = 2.4 W m-2, Max TSA = 10.8 W m-2) 

over the study period. The offshore QE trends (median p-value = 0.02) are statistically significant 

(p < 0.05) at 147 grid locations (out of 194)—including 3 grid locations with significant negative 

trends roughly around the Severn River in the coastal areas of central HBL. The most significant 

positive trends in the QE are mainly found in southern HBL and, to a lesser extent, in the central 

HBL. 

The offshore QE anomalies for June are mostly positive—with some non-significant 

negative trends along the coast of northern and central HBL (Table 3.8). The strength of the 

trends varies spatially with a median tau of 0.17 (Min tau = -0.22, Max tau = 0.41). The 

magnitude of the trends ranges between -11.4 W m-2 and 23.2 W m-2 (median TSA = 9.2 W m-2) 

over the study region. The largest positive trends are mainly found at grid locations in southern 

HBL where the offshore QE have risen by over 16.8 W m-2. The positive offshore QE trends 

(median p-value = 0.13) in June are statistically significant (p < 0.05) at 63 grid locations in the 

HBL. 

In July, the trends in the offshore QE anomalies are strongly positive over much of the 

HBL, though some notable negative trends are present mainly around Fort Severn and its 

environs (Figure 3.18, Table 3.8). The strength of the trends varies spatially with a median tau of 

0.27 (Min tau = 0.09, Max tau = 0.45). The magnitude of the trends ranges between 2.0 W m-2 
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and 18.2 W m-2 (median TSA = 11.1 W m-2) over the study region. The offshore QE trends 

(median p-value = 0.01) in July are statistically significant (p < 0.05) at 144 grid locations—

including 8 grid locations with significant negative trends, ranging from -13.7 W m-2 to -24.2 W 

m-2.  

In August, the offshore QE anomalies are generally characterized by positive trends over 

the study region, with a median tau of 0.18 (Min tau = -0.05, Max tau = 0.36) (Table 3.8). The 

magnitude of the trends ranges between -1.7 W m-2 and 13.5 W m-2 (median TSA = 6.5 W m-2) 

over the HBL, with a few hotspots at the mouths of the Severn and Winisk Rivers, where the 

offshore QE anomalies are approximately 37.0 W m-2 during the study period. Overall, the 

positive trends (median p-value = 0.10) in August are statistically significant (p < 0.05) at 61 

grid locations, predominantly around inland areas of central and southern HBL. 

In September, there are mostly strong positive offshore QE trends over the HBL, with a 

median tau of 0.36 (Min tau = 0.06, Max tau = 0.49) (Figure 3.19, Table 3.8). The magnitude of 

the trends varies between 1.8 W m-2 and 13.3 W m-2 (median TSA = 9.0 W m-2) over the study 

region. The largest trends are generally found at grid locations in the southern HBL where the 

offshore QE have increased by over 10.3 W m-2. The positive offshore QE trends in September 

are statistically significant (median p-value = 0.001) at 152 grid locations in the HBL. It is 

noteworthy that most of the non-significant QE trends occur in the coastal areas of central HBL, 

approximately around Fort Severn. The results show that overall, the most widespread and 

significant trends in the offshore QE over the HBL occur in September, followed by July. 
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Table 3. 8. Mann-Kendall trends for the offshore QE anomalies for the period 1979–2018. 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau -0.22 0.06 0.17 0.27 0.41 - 

TSA (W m-2) -11.4 3.2 9.2 16.8 23.2 - 

p-value 0.0002 0.02 0.13 0.41 0.99 63 

July 

tau 0.09 0.20 0.27 0.31 0.45 - 

TSA (W m-2) 2.0 8.6 11.1 13.5 18.2 - 

p-value 0.0000 0.005 0.01 0.05 0.12 144 

August 

tau -0.05 0.12 0.18 0.23 0.36 - 

TSA (W m-2) -1.7 4.3 6.5 8.4 13.5 - 

p-value 0.0000 0.03 0.10 0.28 0.60 61 

September 

tau 0.06 0.26 0.36 0.40 0.49 - 

TSA (W m-2) 1.8 6.9 9.0 10.3 13.3 - 

p-value 0.00001 0.0003 0.001 0.02 0.04 152 

Study Months Average 

tau 0.08 0.21 0.26 0.30 0.43 - 

TSA (W m-2) 2.4 5.9 7.6 8.4 10.8 - 

p-value 0.000 0.006 0.02 0.05 0.11 147 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 194 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 17. Mann-Kendall trends for the four study months (June to September) average offshore latent heat flux anomalies 
over the HBL during the 1979–2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the 
highest tau. (C) Theil-Sen slope for all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value 
for all grid locations, and (F) the bottom 25% of the grid locations with the lowest p-value. 

  

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75

-0.25

0.00

0.25

0.50

tau

tau for Offshore QE AnomaliesA

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75

-0.25

0.00

0.25

0.50

tau

Locations w ith tau > 0.30B

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75

L
at

it
u

d
e

-10

0

10

20

40-year
trend (W m-2)

TSA for Offshore QE AnomaliesC

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75

L
at

it
u

d
e

-10

0

10

20

40-year
trend (W m-2)

Locations w ith TSA > 8.43 W/m²D

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75
Longitude

p.value

0.00005

0.0005

0.005

0.05

0.50

p.value for Offshore QE AnomaliesE

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75
Longitude

p.value

0.00005

0.0005

0.005

0.05

0.50

Locations w ith p.value < 0.0062F



102 
 

 

Figure 3. 18. Mann-Kendall trends for the offshore latent heat flux anomalies over the HBL for July during the 1979–2018 period. 
(A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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Figure 3. 19. Mann-Kendall trends for the offshore latent heat flux anomalies over the HBL for September during the 1979–2018 
period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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The four study months average QE anomalies during onshore wind regimes for the period 

1979–2018 typically show positive trends over the HBL, although some prominent negative 

trends are present mostly around Fort Severn in the central HBL (Figure 3.20, Table 3.9). The 

strength of the trends ranges from a tau of -0.11 to 0.47 (median tau = 0.23) over the study 

region. The magnitude of the trends also varies spatially with a median increase in QE anomalies 

of 7.4 W m-2. The highest trends are mostly found at grid locations farther inland in the middle 

and lower HBL where the onshore QE have risen by between 9.4 W m-2 and 14.5 W m-2 over the 

study period. The onshore QE trends (median p-value = 0.03) are statistically significant (p < 

0.05) at 116 grid locations (out of 194)—including 5 grid locations with significant negative 

trends, ranging from -8.4 W m-2 to -13.2 W m-2. The most significant positive trends in the QE 

are mainly found in southern HBL. 

The monthly average onshore QE anomalies for June show both positive and negative 

trends which range between a tau of -0.26 and 0.39 (median tau = 0.18) over the HBL (Figure 

3.21, Table 3.9). The negative trends are relatively close to the coast while the positive trends are 

generally found farther inland. The magnitude of the onshore QE anomalies varies considerably 

across the HBL with a median increase of 8.0 W m-2 (Min TSA = -7.9 W m-2, Max TSA = 22.1 

W m-2) over the study period. The largest trends are found at grid locations where the onshore QE 

anomalies exceed 11.1 W m-2. Overall, the onshore QE trends (median p-value = 0.09) in June 

are statistically significant (p < 0.05) at 72 grid locations, particularly in inland areas of central 

HBL and much of southern HBL—including 2 negative trends along the coast in upper and 

middle HBL. 

In July, the trends in the onshore QE are positive over the vast majority of the HBL, 

though some notable negative trends occur mainly around Fort Severn and its environs in central 
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HBL (Table 3.9). The strength of the trends varies spatially with a median tau of 0.11 (Min tau = 

-0.15, Max tau = 0.38). The magnitude of the trends ranges between -6.0 W m-2 and 14.3 W m-2 

(median TSA = 5.2 W m-2) over the study region. The largest positive trends are mainly found at 

inland grid locations in southern HBL, and to a lesser extent, central HBL where the onshore QE 

have risen by over 8.5 W m-2. The onshore QE trends (median p-value = 0.23) in July are 

statistically significant (p < 0.05) at 39 grid locations—including 8 grid locations with significant 

negative trends, ranging from -15.6 W m-2 to -27.18 W m-2. 

In August, the onshore QE anomalies generally show positive trends over much of the 

HBL, but a few prominent negative trends occur mainly in the coastal areas of northern HBL and 

around Fort Severn in central HBL (Table 3.9). The strength of the trends varies considerably 

with a median tau of 0.13 (Min tau = -0.23, Max tau = 0.29). The magnitude of the trends ranges 

between -11.1 W m-2 and 13.2 W m-2 (median TSA = 5.5 W m-2) over the HBL, with a few 

hotspots at the mouths of the Severn and Winisk Rivers, and along the southeastern coast of the 

Wapusk National Park, where the onshore QE anomalies are about 27.1 W m-2. The onshore QE 

trends (median p-value = 0.22) in August are statistically significant (p < 0.05) at 28 grid 

locations—including 3 grid locations with significant negative trends. The most significant 

positive trends in the QE are mainly found in southern HBL. 

In September, there are typically positive onshore QE trends over the HBL, with a median 

tau of 0.16 (Min tau = -0.07, Max tau = 0.42) (Figure 3.22, Table 3.9). The magnitude of the 

trends varies spatially with a median increase of 5.4 W m-2. The largest trends are found at grid 

locations where the onshore QE have risen by between 7.4 W m-2 and 13.7 W m-2.  
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Table 3. 9. Mann-Kendall trends for the onshore QE anomalies for the period 1979–2018. 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau -0.26 0.04 0.18 0.25 0.39 - 

TSA (W m-2) -7.9 1.4 8.0 11.1 22.1 - 

p-value 0.0005 0.02 0.09 0.33 0.77 72 

July 

tau -0.15 0.05 0.11 0.18 0.38 - 

TSA (W m-2) -6.0 2.3 5.2 8.5 14.3 - 

p-value 0.0000 0.07 0.23 0.45 0.99 39 

August 

tau -0.23 0.02 0.13 0.19 0.29 - 

TSA (W m-2) -11.1 0.8 5.5 8.7 13.2 - 

p-value 0.0000 0.08 0.22 0.62 1.00 28 

September 

tau -0.07 0.10 0.16 0.23 0.42 - 

TSA (W m-2) -2.0 3.2 5.4 7.4 13.7 - 

p-value 0.0001 0.04 0.14 0.33 0.75 51 

Study Months Average 

tau -0.11 0.14 0.23 0.33 0.47 - 

TSA (W m-2) -4.9 3.5 7.4 9.4 14.5 - 

p-value 0.000 0.003 0.03 0.15 0.36 116 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 194 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 20. Mann-Kendall trends for the four study months (June to September) average onshore latent heat flux anomalies 
over the HBL during the 1979–2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the 
highest tau. (C) Theil-Sen slope for all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value 
for all grid locations, and (F) the bottom 25% of the grid locations with the lowest p-value. 
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Figure 3. 21. Mann-Kendall trends for the onshore latent heat flux anomalies over the HBL for June during the 1979–2018 
period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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Figure 3. 22. Mann-Kendall trends for the onshore latent heat flux anomalies over the HBL for September during the 1979–2018 
period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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The positive onshore QE trends (median p-value = 0.14) in September are statistically significant 

(p < 0.05) at 51 grid locations. The most significant trends in the QE are mainly found in 

southern HBL. Overall, the results demonstrate that the most widespread and significant onshore 

QE anomalies over the HBL occur in June. 

 
3.3.6 Ground Heat Flux 

The four study months average QG anomalies during offshore wind regimes for the period 

1979–2018 show positive trends over the HBL (Figure 3.23, Table 3.10). The strength of these 

positive trends varies considerably across the region with a median tau of 0.17 (Min tau = 0.03, 

Max tau = 0.33). The magnitude of the trends in offshore QG also varies spatially with a median 

increase of 1.6 W m-2 (Min TSA = 0.02 W m-2, Max TSA = 3.1 W m-2) over the study period. 

These positive offshore QG trends (median p-value = 0.12) are statistically significant (p < 0.05) 

at 40 grid locations in the HBL. The most significant ground warming trends are occurring 

mainly at grid locations around Churchill and the Wapusk National Park in upper HBL. 

There are also substantial monthly variations in the magnitude and significance of the 

offshore QG anomalies. In June, the offshore QG anomalies show both weak positive and 

negative trends ranging from a tau of -0.09 to 0.23 (median tau = 0.08) over the HBL (Table 

3.10). The magnitude of the trends varies spatially between -2.1 W m-2 and 6.2 W m-2 (median 

TSA = 1.5 W m-2). The highest positive trends are found around Churchill and the northern edge 

of Wapusk National Park in upper HBL, as well as over much of lower HBL, where the offshore 

QG have increased by over 3.6 W m-2. The offshore QG trends (median p-value = 0.48) in June 

indicate statistically significant (p < 0.05) positive trends at only 2 grid locations in the coastal 
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areas of northern HBL. On the other hand, non-significant negative trends in the offshore QG 

occur mainly in central HBL. 

In July, the offshore QG anomalies are generally characterized by weak positive trends 

over the study region, with a median tau of 0.13 (Min tau = -0.01, Max tau = 0.24) (Table 3.10). 

The magnitude of the trends varies spatially with a median increase of 1.5 W m-2. The largest 

trends are primarily found at grid locations along the coastal HBL, where the offshore QG have 

increased by between 2.0 W m-2 and 3.4 W m-2 over the study period. However, these positive 

trends (median p-value = 0.26) in the July offshore QG are statistically significant (p < 0.05) at 

only 4 grid locations. 

In August, the offshore QG anomalies generally have positive trends over the study 

region, with a median tau of 0.17 (Min tau = 0.04, Max tau = 0.28) (Table 3.10). The magnitude 

of the trends varies spatially with a median increase of 1.9 W m-2. The highest trends mainly 

occur at grid locations along the coastal HBL, where the offshore QG anomalies are between 2.2 

W m-2 and 3.3 W m-2 over the study period. Overall, the positive offshore QG trends (median p-

value = 0.13) in August are statistically significant (p < 0.05) at 27 grid locations in the HBL. 

In September, there are strong positive offshore QG trends over the vast majority of HBL, 

with a median tau of 0.26 (Min tau = 0.13, Max tau = 0.39) (Figure 3.24, Table 3.10). The 

magnitude of the trends varies between 2.1 W m-2 and 5.7 W m-2 (median TSA = 3.9 W m-2), and 

the highest trends are generally found at grid locations in southern HBL. The positive offshore 

QG trends in September are statistically significant (median p-value = 0.02) at 143 grid locations 

in the HBL. Indeed, the results demonstrate that the most significant and extensive trends in the 

offshore QG over the HBL occur in September.  
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Table 3. 10. Mann-Kendall trends for the offshore QG anomalies for the period 1979–2018. 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau -0.09 -0.01 0.08 0.15 0.23 - 

TSA (W m-2) -2.1 -0.3 1.5 3.6 6.2 - 

p-value 0.04 0.17 0.48 0.77 1.00 2 

July 

tau -0.01 0.08 0.13 0.16 0.24 - 

TSA (W m-2) -0.1 1.1 1.5 2.0 3.4 - 

p-value 0.01 0.15 0.26 0.45 0.84 4 

August 

tau 0.04 0.13 0.17 0.20 0.28 - 

TSA (W m-2) 0.3 1.4 1.9 2.2 3.3 - 

p-value 0.01 0.07 0.13 0.23 0.46 27 

September 

tau 0.13 0.23 0.26 0.29 0.39 - 

TSA (W m-2) 2.1 3.3 3.9 4.3 5.7 - 

p-value 0.0003 0.008 0.02 0.04 0.09 143 

Study Months Average 

tau 0.03 0.13 0.17 0.21 0.33 - 

TSA (W m-2) 0.02 1.1 1.6 2.0 3.1 - 

p-value 0.000 0.06 0.12 0.24 0.51 40 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 181 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 23. Mann-Kendall trends for the four study months (June to September) average offshore ground heat flux anomalies 
over the HBL during the 1979–2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the 
highest tau. (C) Theil-Sen slope for all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value 
for all grid locations, and (F) the grid locations with statistically significant p-values (<0.05). 
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Figure 3. 24. Mann-Kendall trends for the offshore ground heat flux anomalies over the HBL for September during the 1979–
2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for 
all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 

  

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75

0.0

0.1

0.2

0.3

tau

tau for September Offshore QG AnomaliesA

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75

0.0

0.1

0.2

0.3

tau

Locations w ith tau > 0.29B

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75

L
at

it
u

d
e

0

2

4

6

40-year
trend (W m-2)

TSA for September Offshore QG AnomaliesC

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75

L
at

it
u

d
e

0

2

4

6

40-year
trend (W m-2)

Locations w ith TSA > 4.30 W/m²D

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75
Longitude

p.value

0.0005

0.005

0.05

0.50

p.value for September Offshore QG AnomaliesE

50.0

52.5

55.0

57.5

60.0

-95 -90 -85 -80 -75
Longitude

p.value

0.0005

0.005

0.05

0.50

Locations w ith p.value < 0.05F



115 
 

The average QG anomalies during onshore wind regimes for the period 1979–2018 

generally show positive trends over the HBL (Figure 3.25, Table 3.11). The strength of these 

positive trends varies considerably across the study region with a median tau of 0.22 (Min tau = 

0.08, Max tau = 0.34). The magnitude of the trends in onshore QG also varies spatially with a 

median increase of 2.3 W m-2 (Min TSA = 0.9 W m-2, Max TSA = 3.5 W m-2) over the study 

period. The positive onshore QG trends (median p-value = 0.05) are statistically significant (p < 

0.05) at 92 grid locations, particularly in central and southern HBL.  

The onshore QG anomalies show considerable spatial variations in the magnitude and 

significance of the trends over the four study months. In June, the HBL region is characterized 

by positive onshore QG trends, with a median tau of 0.22 (Min tau = 0.04, Max tau = 0.35) 

(Figure 3.26, Table 3.11). The magnitude of the trends varies between 1.1 W m-2 and 6.5 W m-2 

(median TSA = 3.9 W m-2) over the study region. These positive onshore QG trends (median p-

value = 0.05) in June are statistically significant (p < 0.05) at 88 grid locations—predominantly 

in central HBL and, to a lesser extent, southern HBL. 

In July, onshore QG anomalies show both weak positive and negative trends ranging from 

a tau of -0.07 to 0.18 (median tau = 0.04) over the HBL (Table 3.11). The magnitude of the 

trends varies between -0.9 W m-2 and 3.1 W m-2 (median TSA = 0.6 W m-2). The positive 

onshore QG trends (median p-value = 0.70) in July are statistically significant (p < 0.05) at only 2 

coastal grid locations around the northern edge of Wapusk National Park in upper HBL. 

In August, there are generally positive onshore QG trends over the study region, with a 

median tau of 0.14 (Min tau = -0.05, Max tau = 0.32) (Table 3.11). The magnitude of the trends 

in onshore QG varies spatially with a median increase of 2.1 W m-2 over the study period. The 

highest trends are found at grid locations where the onshore QG have increased by between 
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Table 3. 11. Mann-Kendall trends for the onshore QG anomalies for the period 1979–2018. 

June Minimum 
Lower 

Quartile 
Median 

Upper 
Quartile 

Maximum 
Significance 

#* 

tau 0.04 0.16 0.22 0.25 0.35 - 

TSA (W m-2) 1.1 3.0 3.9 4.4 6.5 - 

p-value 0.002 0.02 0.05 0.14 0.29 88 

July 

tau -0.07 0.00 0.04 0.07 0.18 - 

TSA (W m-2) -0.9 0.0 0.6 1.3 3.1 - 

p-value 0.02 0.51 0.70 0.84 1.00 2 

August 

tau -0.05 0.08 0.14 0.20 0.32 - 

TSA (W m-2) -1.4 1.1 2.1 3.1 5.7 - 

p-value 0.004 0.07 0.20 0.50 1.00 30 

September 

tau -0.12 0.05 0.12 0.17 0.34 - 

TSA (W m-2) -1.7 0.9 1.9 2.9 5.5 - 

p-value 0.002 0.12 0.28 0.55 1.00 22 

Study Months Average 

tau 0.08 0.18 0.22 0.25 0.34 - 

TSA (W m-2) 0.9 1.8 2.3 2.6 3.5 - 

p-value 0.002 0.03 0.05 0.11 0.23 92 

Statistics are derived from boxplot summaries showing the distribution of trends across the HBL. 
TSA indicates the Theil-Sen approach estimate of the slope expressed here as the 40-year trend. 
*The number of grid locations out of 181 in the HBL with statistically significant trends (<0.05). 
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Figure 3. 25. Mann-Kendall trends for the four study months (June to September) average onshore ground heat flux anomalies 
over the HBL during the 1979–2018 period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the 
highest tau. (C) Theil-Sen slope for all grid locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value 
for all grid locations, and (F) the grid locations with statistically significant p-values (<0.05). 
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Figure 3. 26. Mann-Kendall trends for the onshore ground heat flux anomalies over the HBL for June during the 1979–2018 
period. (A) tau for all grid locations, and (B) the top 25% of the grid locations with the highest tau. (C) Theil-Sen slope for all grid 
locations, and (D) the top 25% of the grid locations with the highest TSA. (E) p-value for all grid locations, and (F) the grid 
locations with statistically significant p-values (<0.05). 
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3.1 W m-2 and 5.7 W m-2, especially at inland grid locations in southern HBL. The onshore QG 

trends (median p-value = 0.20) in August are statistically significant (p < 0.05) at 30 grid 

locations in the HBL. 

In September, the trends in the onshore QG anomalies are mostly positive over the study 

region, with a median tau of 0.12 (Min tau = -0.12, Max tau = 0.34) (Table 3.11). The magnitude 

of the onshore QG anomalies varies spatially with a median increase of 1.9 W m-2 over the study 

period. The largest trends primarily occur in the coastal areas of northern and central HBL, 

where the onshore QG have risen by between 2.9 W m-2 and 5.5 W m-2. The onshore QG trends 

(median p-value = 0.28) in September are statistically significant (p < 0.05) at 22 grid locations 

in the HBL. Overall, the results indicate that the most widespread and significant trends in the 

onshore QG over the HBL occur in June. 

 

3.4 Discussion 

3.4.1 Spatial Variations in Wind and Temperature Changes Across the HBL 

The positive (negative) trends in the four study months average onshore (offshore) wind 

frequency are widespread over the study region, with a total of 134 out of 194 grid locations 

showing significant trends (p < 0.05). The monthly spatial analysis shows that the number of grid 

locations that have significant positive trends (p < 0.05) is 92 in June, 8 in July, 2 in August and 

0 in September. It is important to recall here that the spatially averaged results discussed earlier 

in Chapter 2 indicate that the trends in wind frequency are only significant in June. Here, a 

detailed spatial analysis highlights not only the specific areas that have significant trends in June 

but also shows a few grid locations with significant trends in July and August. Overall, the 
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results demonstrate that the highest and most significant trends in the onshore winds occur in 

June, particularly in the inland areas of central and southern HBL. The general absence of 

significant onshore trends in parts of the coastal areas during this month probably reflects the 

fact that locations relatively close to the shore traditionally have the highest onshore winds 

frequency (results not shown). Thus, as the climate warms, the significant wind frequency trends 

found only at inland locations simply demonstrates that the onshore winds now penetrate further 

inland. The statistically significant trends in June are also conspicuously absent in the northern—

predominantly coastal—section of the study region. Indeed, Sutton et al. (2007) suggested that 

the land–sea temperature contrast would increase as the global climate warms resulting in 

stronger sea breezes. 

The four study months average offshore temperature anomalies show significant positive 

trends (p < 0.05) at 193 out of 194 grid locations (the remaining one actually has a p-value = 

0.05). Although there is a considerable warming trend over the study period, it is important to 

note the heterogeneous pattern of the trend across the study region. Some prominent hotspots can 

be seen along the coast––at the mouths of rivers such as around Churchill, Fort Severn and 

Winisk. In addition, there is an extensive narrow belt of hotspots along the Ekwan and 

Attawapiskat Rivers in southern HBL. Bello and Higuchi (2019) also highlighted the 

significance of similar areas of enhanced energy budget activities, where severe ice loss during 

the spring and summer has led to large reductions in albedo. Other research studies have shown 

that climate warming is driving an earlier onset of upstream discharge and weakening the 

strength of downstream river ice cover, thereby promoting an earlier ice breakup during the 

spring season (Cooley and Pavelsky, 2016). Thermally-induced, accelerated river ice breakup is 

caused by positive temperature anomalies and enhanced net radiation, while mechanical breakup 
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events could occur during periods of high upstream discharge even if the downstream ice cover 

is not directly melted by radiative energy. 

The monthly spatial analysis shows that the number of grid locations with significant 

warming trends (p < 0.05) during offshore winds is 166 in June, 112 in July, 20 in August and 

194 in September. This is consistent with the spatially averaged monthly temperature anomalies 

described earlier in Chapter 2 which showed that the largest and most significant warming trends 

during offshore wind regimes occur in September, followed by June. 

Furthermore, the seasonal average onshore temperature anomalies show significant 

positive trends (p < 0.05) at 186 out of 194 grid locations. The monthly spatial analysis shows 

that the number of grid locations with significant warming trends (p < 0.05) during onshore 

winds is 138 in June, 10 in July, 38 in August and 187 in September. These results are in 

agreement with the spatially averaged monthly temperature anomalies for onshore winds as 

discussed earlier in Chapter 2 where the largest and most significant warming trends are found in 

September, followed by June. It is noteworthy that the spatially averaged results show no 

significant temperature trends in July and August, while the detailed spatial analysis reveals a 

few grid locations with significant trends. 

The seasonal average offshore wind speed anomalies show significant positive trends (p 

< 0.05) at 17 out of 194 grid locations, in contrast with the spatially averaged results discussed 

earlier in Chapter 2, where there was no significant trend. The significant increase in wind speed 

trends is found along the coast where there is enhanced climate warming and a decrease in 

surface albedo near coastal polynyas and shore leads in the Hudson Bay (Hannah et al. 2009; 

Dery et al. 2011). These areas of open water or thin ice within otherwise contiguous pack ice are 
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undergoing the most rapid declines in sea ice under a warmer Hudson Bay climate (Bello and 

Higuchi, 2019). 

The monthly spatial analysis shows that the number of grid locations that have significant 

positive trends (p < 0.05) in offshore wind speeds is 0 in June (and 1 significant negative trend), 

45 in July, 11 in August and 4 in September. This demonstrates that the significant increase in 

wind speeds are most extensive in July, which is consistent with the trends found in the spatially 

averaged wind speeds (Chapter 2; Balogun et al., Manuscript under review). Overall, significant 

trends occur along the coast and the inland boundary of the HBL. 

For the onshore wind regimes, the four study months average wind speed trends show 

significant positive trends (p < 0.05) at 24 out of 194 grid locations. Recall, by contrast, that the 

spatially averaged results show no significant trends in the four study months average wind 

speeds over the HBL. The significant increase in wind speeds are found in areas around river 

channels and at/near the mouths of rivers, where enhanced climate warming and the associated 

changes in upstream discharge and downstream mechanical ice resistance may be playing an 

important role (Cooley and Pavelsky, 2016). The monthly spatial analysis shows that the number 

of grid locations that have significant increases (p < 0.05) in onshore wind speeds is 5 in June, 96 

in July, 7 in August and 4 in September (which also has 12 grid locations with significant 

negative trends). The most significant and widespread wind speeds found in July are due to the 

large disproportionate warming rate of the offshore winds compared to onshore winds, caused by 

the zero-curtain effect during active melt over the Hudson Bay (Chapter 2). 
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3.4.2 Heterogeneity in the Magnitude and Strength of Climate Warming Signals 

The seasonal average offshore QH anomalies show significant positive trends (p < 0.05) 

at 71 out of 194 grid locations. The monthly spatial analysis shows that the number of grid 

locations that have significant positive trends (p < 0.05) in offshore QH are 178 in June, 46 in 

July, 58 in August and 9 in September. This is consistent with the spatially averaged result which 

showed that the largest offshore QH trend of 17.2 W m-2 is found in June (Chapter 2). 

Remarkably, there are many areas in the HBL where the June QH trends far exceed the spatially 

averaged trend, including about 50 grid locations where the QH have risen by between 20.2 W m-

2 and 30.1 W m-2, over the study period. These areas with the highest QH increase in June occur 

mostly around the Churchill area in upper HBL and along the coast of middle and lower HBL. In 

addition, while the spatially averaged study showed no significant trends in September offshore 

QH, the detailed spatial analysis highlights 9 grid locations with significant positive QH trends 

over the study period. These grid locations are found along the coast just west of the Severn 

River in central HBL, and along the Ekwan and Attawapiskat Rivers and the Polar Bear 

Provincial Park in southern HBL. 

For the onshore wind regimes, the four study months average QH anomalies show 

significant positive trends (p < 0.05) at 155 out of 194 grid locations. The monthly spatial 

analysis shows that the number of grid locations that have significant positive trends (p < 0.05) 

in onshore QH is 110 in June (as well as 2 with significant negative trends), 47 in July, 29 in 

August (and 7 with significant negative trends) and 85 in September. This is consistent with the 

spatially averaged results which reported that the highest onshore QH trend of 19.1 W m-2 was in 

June (Chapter 2). Notably, there are as many as 50 grid locations in the study region where the 

June QH trends surpass the spatially averaged trend and have increased by between 24.2 W m-2 
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and 36.2 W m-2 over the study period. Such grid locations with enhanced QH trends in June occur 

predominantly in the coastal areas of northern and central HBL. Furthermore, even though the 

spatially averaged onshore QH anomalies showed no significant trends in August, here the results 

reveal that there are 29 grid locations with significant positive QH trends over the study period.  

The seasonal average offshore QE anomalies show significant positive trends (p < 0.05) at 

144 out of 194 grid locations—besides 3 with significant negative trends. The monthly spatial 

analysis shows that the number of grid locations that have significant positive trends (p < 0.05) 

in offshore QE are 63 in June, 136 in July (besides 8 with significant negative trends), 61 in 

August and 152 in September. This is generally consistent with the spatially averaged results 

which showed that the highest offshore QE trends were found in July and September (Chapter 2; 

Balogun et al., Manuscript under review). One should note here that though the spatially 

averaged offshore QE anomalies suggest marginally non-significant positive trends in June (p = 

0.08), the detailed spatial analysis reveals that there are as many as 63 grid locations in the study 

region with statistically significant increases (p < 0.05) in the evaporative heat flux. These grid 

locations—mostly found in southern HBL—have positive offshore QE trends ranging from about 

11.0 W m-2 to 23.2 W m-2 over the study period, which far exceeds the spatially averaged trend 

of 8.8 W m-2. Furthermore, the spatially averaged offshore QE results mask the presence of 

statistically significant negative QE trends (p < 0.05) at 8 grid locations in July. These areas—

mainly around Fort Severn and its environs—reveal a decrease in offshore QE ranging between -

13.7 W m-2 to -24.2 W m-2 over the study period. In the other study months, most of these 8 grid 

locations also show atypical QE trends compared to other locations in the HBL, with non-

significant negative trends in June and August, and non-significant positive trends in September. 
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For the onshore wind regimes, the four study months average QE anomalies show 

significant positive trends (p < 0.05) at 111 out of 194 grid locations—besides 5 with significant 

negative trends. The monthly spatial analysis shows that the number of grid locations that have 

significant positive trends (p < 0.05) in onshore QE is 70 in June (besides 2 with significant 

negative trends), 31 in July (besides 8 with significant negative trends), 25 in August (besides 3 

with significant negative trends) and 51 in September. It is imperative to remember that the 

spatially averaged monthly onshore QE anomalies showed non-significant positive trends (p > 

0.05) in July and August, and marginally significant trends in June (p = 0.07) and September (p 

= 0.05). However, the spatial analysis here reveals that there are many grid locations in the HBL 

with statistically significant positive onshore QE trends (p < 0.05) in all the study months. In fact, 

the significant positive trends in June at 70 grid locations range from about 7.7 W m-2 to 22.1 W 

m-2 over the HBL, far exceeding the spatially averaged trend of 6.1 W m-2. This underscores the 

spatial heterogeneity of the surface energy balance over the study region. Moreover, the spatially 

averaged onshore QE results conceal the existence of statistically significant negative QE trends 

(p < 0.05) in June, July and August (Chapter 2; Balogun et al., Manuscript under review). This is 

particularly important in July when there are 8 grid locations with significant declines in the 

onshore evaporative heat flux—an atypical trend identical to the July offshore QE anomalies. 

The four study months average offshore QG anomalies show significant positive trends (p 

< 0.05) at 40 out of 181 grid locations. In contrast, the spatially averaged results showed a 

marginally non-significant positive trend (p = 0.08) for offshore QG in the HBL (Chapter 2; 

Balogun et al., Manuscript under review). The most significant ground warming trends occur 

mostly around Churchill and Wapusk National Park in northern HBL. It is pertinent to mention 

that there are an additional 39 grid locations that are statistically significant at the 90% 
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confidence level (p < 0.10). The monthly spatial analysis demonstrates that the number of grid 

locations that have significant positive trends (p < 0.05) in offshore QG is only 2 in June, 4 in 

July, 27 in August and as many as 143 in September. Recall that the spatially averaged monthly 

offshore QG anomalies showed the upward trends are only significant (p < 0.05) in September, 

however, it is revealed here that there are also a few grid locations in June, July and particularly 

August, where the positive QG trends are statistically significant (p < 0.05) over the study period. 

For the onshore wind regimes, the four study months average QG anomalies show 

significant positive trends (p < 0.05) at 92 out of 181 grid locations—generally occurring in 

central and southern HBL. It is noteworthy that an additional 33 grid locations have positive 

trends that are statistically significant at the 90% confidence level (p < 0.10). The monthly 

spatial analysis indicates that the number of grid locations that have significant positive trends (p 

< 0.05) in onshore QG is 88 in June, 2 in July, 30 in August and 22 in September. Previously, the 

spatially averaged QG anomalies showed that the positive trends during onshore wind regimes 

were significant (p < 0.05) only in June and August (Chapter 2; Balogun et al., Manuscript under 

review). Here, the spatial analysis reveals that there are also a few grid locations in July and 

September, where the positive QG trends averaging approximately 3.6 W m-2 and 3.8 W m-2, 

respectively, are statistically significant (p < 0.05).  

The spatial investigation of the trends in the mesoscale wind regimes and surface energy 

balance over the study period provides important insights into the heterogeneity of climate 

warming signals in the HBL. The results of the study demonstrate that the magnitude and 

strength of the climate anomalies and the number of grid locations with significant trends vary 

considerably over the study region. Indeed, the effects of climatic change are not expected to be 

uniform over the HBL as the region is climatologically and ecologically complex, featuring a 
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wide range of permafrost systems, mineral wetlands and organic peatlands—including ice wedge 

polygons, thermokarst lakes, peat plateaus, bogs, fens, swamps and marshes (Riley, 2011). These 

diverse and often patterned systems have distinct temperature, precipitation, humidity and 

vegetation characteristics which influence the surface radiation and energy balance. Moreover, 

the results of this study suggest that the distance from the coast, as well as the temporal trends 

and spatial patterns in the breakup and freeze-up periods of Hudson Bay sea ice probably play an 

important role in the heterogeneity of climate change signals in the HBL. 

We can anticipate that the HBL will very likely experience further climatic and 

ecological changes with continued global warming—changes that are unique to the region due to 

both the land/sea warming ratio and the modification in the advective role of the Hudson Bay. 

These changes will have considerable and unprecedented environmental impacts well beyond the 

region. 

The spatial heterogeneity identified here raises issues for field-based ground validation 

experiments which have commonly been located near centers which offer logistical support. It is 

clear, that past studies have tended to be located in regions which now appear to have been 

undergoing accelerated change. While no single experiment should be considered as being 

representative of the Hudson Bay Lowlands as a whole, experiments in certain locations may 

serve as the canary in the coal mine, offering insights into how landscape processes my evolve 

with persistent climate change. This spatial analysis also allows for the identification of hot-spots 

where reviews of management practices may take on heightened importance. 
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3.5 Conclusion 

3.5.1 Key Findings 

This study provides a comprehensive spatial analysis of the changes in the frequency and 

advective influence of offshore and onshore winds over the HBL. It demonstrates that there are 

significant spatial variations in the magnitude and strength of the climatic changes in the 

mesoscale wind regimes over the region. The number of grid locations with significant trends in 

wind frequency varies considerably among the four study months. The results suggest that the 

onshore winds have not only increased in frequency but also penetrated further inland over the 

1979–2018 study period.  

Additionally, the magnitude and strength of the trends in temperatures, wind speeds and 

surface energy fluxes exhibit significant spatial heterogeneity over the HBL. The detailed spatial 

analysis reveals significant––and sometimes contrasting––climatic trends at some grid locations 

that were otherwise obscured by the previously reported spatially averaged results. Moreover, 

several prominent hotspots were found mostly along the coast and at the mouths of rivers such as 

Churchill, Severn and Winisk, as well as in an extensive narrow belt along the Ekwan and 

Attawapiskat Rivers in southern HBL. The heterogeneous climate warming signals over the 

study region can be attributed to both the presence of complex and patterned systems of hydro-

geomorphic features in the HBL, as well as the spatial pattern of sea ice breakup and freeze-up 

trends in the Hudson Bay. 

Overall, the research findings emphasize the importance of employing detailed spatial 

analysis to more fully understand the climatic changes in the HBL. It is recommended that future 
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studies should involve long-term, regional-scale approaches to provide further insights into the 

impact of global warming on the mesoscale wind regimes in the HBL. 

 
3.5.2 Implications for Permafrost and Peatland Carbon Dynamics 

The HBL has long been characterized by anomalously cold temperatures in comparison 

with other regions at similar latitudes. The climate of the HBL is largely regulated by the 

presence of sea ice over the Hudson Bay—which at its core is 6 °C colder than the average for its 

latitude (Harvey, 1978). The advective influence of the Bay on the HBL region is particularly 

important during the growing season when the sea-ice cover persists into mid-summer. The 

region is therefore sensitive to climate warming and the associated negative trends in sea ice 

extent, and earlier breakup and later freeze-up dates in the Hudson Bay. Indeed, this study 

demonstrates that global warming and changes in the sea ice dynamics over the Hudson Bay 

have caused significant shifts in the mesoscale wind regimes and impacted the surface energy 

balance across the HBL region.  

Nevertheless, the positive implications are that the changes in the climate over the HBL 

has resulted in a considerable increase in the frequency of onshore wind regimes in all the study 

months, and a complete shift towards onshore wind dominance in June. The onshore winds are 

relatively cool and moist and have warmed at a slower rate than the offshore winds over the last 

40 years. One can argue therefore that the increased frequency of onshore winds and the 

corresponding decrease in offshore winds has helped to slow down the overall warming trend in 

the HBL. If the rise in global temperatures had led to an increase in the offshore wind frequency 

over the HBL––as was previously thought––there would have been a much faster rate of 

warming in the region (Rouse and Bello, 1985; Delidjakova et al., 2016). Moreover, the onshore 
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wind regimes are characterized by significantly lower QG, thereby reducing ground warming and 

restricting permafrost melt. The increased frequency of onshore winds over the study period will 

help delay the loss of permafrost in the region. The presence of a permafrost layer also impedes 

water percolation from rain and snowmelt, so that during the spring-summer period, the energy 

that would otherwise warm the ground is used for evaporation. The persistence of wetlands and 

frozen soil in the HBL will help preserve the extensive peatland cover in the region, which are 

sensitive to moisture and temperature changes. This will inhibit carbon losses from peatlands and 

slow down the permafrost carbon feedback in response to global warming. It may also impede 

erosion arising from melt-driven river discharge and slumping. The increasing trend in the 

frequency of onshore winds would probably continue in the future provided the zero-curtain 

effects of lingering sea-ice continue. Given this, a shift from offshore to onshore wind 

dominance in July seems imminent. 

The observed climatic changes in the mesoscale wind regimes in the HBL will further 

impact the terrestrial ecosystem carbon dynamics. The rise in temperatures for both onshore and 

offshore wind regimes coupled with the changes in the advective influence of the Hudson Bay 

will likely affect gross primary production and ecosystem respiration. In addition, the peatlands 

of the HBL feature a ground layer that is dominated by extensive coverage of bryophytes, 

especially Sphagnum mosses, and lichens, which play a crucial role in water and nutrient cycling 

in the region. The overall response of peatland net carbon exchange to climatic changes in the 

study region remains uncertain. This is an important research area that requires further 

investigation. 
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4 Chapter 4 – Terrestrial CO2 Exchange Diagnosis using a Peatland-
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Abstract 

Satellite-based light use efficiency (LUE) models have been widely used to estimate gross 

primary production in various terrestrial ecosystems such as forests and croplands, but northern 

peatlands have received less attention. Peatland ecosystems in Arctic and Subarctic regions have 

accumulated large stocks of organic carbon over many millennia, and they play a vital role in the 

global carbon cycle. The Hudson Bay Lowlands (HBL) is a massive peatland-rich region in 

Canada that has been largely ignored in previous LUE-based studies. The ability of LUE models 

to capture the variations in net ecosystem exchange (NEE) over peatlands of the HBL depends 

on the use of appropriate LUE parameter, ε, and other model parameter values. In this study, I 

used the satellite data-driven Vegetation Photosynthesis and Respiration Model (VPRM) to 

examine the suitability of LUE models for carbon flux diagnosis in the HBL. VPRM was driven 

alternately with the satellite-derived enhanced vegetation index (EVI) and solar-induced 

chlorophyll fluorescence (SIF) datasets. The model parameter values were constrained by eddy 

covariance tower observations from the Churchill fen and Attawapiskat River bog sites. The 

main objectives of the study were to (i) investigate if site-specific parameter optimization 

improved NEE estimates, (ii) determine which satellite-based proxy of photosynthesis produced 

more reliable estimates of peatland net carbon exchange, and (iii) examine how LUE and other 

model parameters vary within and between the study sites. The results showed that the VPRM 

mean diurnal and monthly estimates of NEE had strong agreement (R2 ranged between 0.84 and 

0.99) with EC tower fluxes at the two study sites. A comparison of the site-optimized VPRM 

against a generic peatland PFT-optimized version of the model revealed that the site-optimized 

VPRM provided better estimates of NEE only during the calibration period at the Churchill fen. 

The diurnal and seasonal cycles of peatland carbon exchange were better captured by the SIF-

driven VPRM demonstrating that SIF is a more accurate proxy for photosynthesis compared to 

EVI. This study suggests that satellite-based LUE models have the potential to be applied on a 

larger scale to the HBL region.  
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4.1 Introduction 

Vegetation gross primary production is the largest component flux of the global carbon 

cycle, and it is approximately 20 times greater than anthropogenic carbon sources (Canadell et 

al., 2007). The exchange of carbon between the atmosphere and the terrestrial biosphere plays an 

important role in the Earth’s climate. The magnitude and direction of the feedback between 

climate warming and vegetation carbon exchange represent one of the most significant 

uncertainties in climate change projections (Huntingford et al., 2009), particularly in the northern 

high-latitudes (Koven et al., 2013; Schuur et al., 2015; Nzotungicimpaye and Zickfeld, 2017).  

Northern peatlands store approximately one-third of the global soil C pool (Gorham, 

1991; Limpens et al., 2008), accumulating about 550 Gt C since the end of the last glaciation 

(Tarnocai et al., 2009; Yu et al., 2010; Loisel et al., 2014). The storage of huge amounts of 

carbon in peatland ecosystems results from moderate primary production rates but slow 

decomposition rates of organic matter due to cold temperatures and waterlogged, anaerobic 

conditions (Davidson & Janssens, 2006; Dorrepaal et al., 2009). However, global warming and 

human disturbance have caused changes in temperature and moisture conditions in peatlands. 

Some studies have suggested that warming in northern high latitudes will lead to an increase in 

terrestrial CO2 sink due to earlier snowmelt, longer growing seasons and enhanced productivity 

(Churkina et al., 2005). Other studies have argued that losses from permafrost peat 

decomposition in high latitudes may offset the gains from vegetation growth (Koven et al., 2013; 

Schuur et al., 2015; Nzotungicimpaye and Zickfeld, 2017). Furthermore, the response of 

peatland ecosystems to climatic changes may also vary considerably over time. Short-term field 

and laboratory studies found that climate warming benefits rather than threaten the carbon pool 

of subarctic peatlands (Aurela et al., 2004), but longer-term trends show quite different results 
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(Euskirchen et al., 2006; Kittler et al., 2016). It remains uncertain if the northern peatlands will 

continue to be a net sequester of carbon or shift to a carbon source under climate and land-use 

change. The combined response of ecosystem respiration (R or ER) and gross primary 

production (GPP) to climate change will determine the overall stability of net ecosystem 

exchange (NEE) in northern peatland regions. 

Estimating the spatial-temporal variations in peatland carbon fluxes is crucial to improve 

our understanding of the global climate-carbon cycle feedback. Terrestrial carbon exchange 

studies of northern peatlands at local, regional and global scales have experienced several 

challenges. These peatlands mainly occur in cold, remote locations and typically cover extensive 

areas. The most common technique of estimating carbon exchange in peatlands involves the use 

of flux chambers and eddy covariance (EC) towers. Flux chamber measurements lack both the 

temporal and spatial resolution needed for a thorough understanding of the carbon dynamics of 

peatland ecosystems (Humphreys et al., 2006; Marushchak et al., 2013), while they do shed light 

on the individual component communities making up an ecosystem. EC tower measurements of 

NEE provide a much larger CO2 footprint, with continuous measurement at a fine temporal scale, 

but are unable to differentiate between GPP and R. Moreover, the existing networks of EC tower 

sites such as those within the FLUXNET and AmeriFlux have sparse coverage over northern 

peatlands due to the high cost of tower setup and maintenance. EC tower flux data for peatland 

sites are also prone to large gaps due to frequent equipment malfunctions, the difficulty of taking 

continuous measurements all year round and diminished turbulence under conditions of strong 

stability. Besides, many research studies that provide EC estimates of peatland NEE are limited 

to one single growing season or a few years, mainly due to the short EC measurement record 

currently available (Lees et al., 2018). 
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Terrestrial ecosystem models can serve as powerful tools to address the limited temporal 

and spatial coverage of peatland carbon exchange. Process-based terrestrial ecosystem models 

such as the McGill Wetland Model (MWM, St-Hilaire et al., 2010), peatland version of the 

Dynamic Organic Soil Terrestrial Ecosystem Model (peatland DOS-TEM, Fan et al., 2013), 

Lund-Potsdam-Jena General Ecosystem Simulator (LPJ-GUESS, Chaudhary et al., 2017) and 

Canadian Land Surface Scheme Including Biogeochemical Cycles (CLASSIC, Melton et al., 

2020) have been used to investigate the long-term sensitivity of peatland carbon accumulation to 

climate changes. These complex process-based models incorporate a full mechanistic calculation 

of the terrestrial carbon balance and typically represent a large number of processes and 

parameters. As a result, the model simulations are computationally intensive, experimentation to 

isolate critical model processes may be difficult, and uncertainty in modelled carbon flux outputs 

may increase considerably (Lin et al., 2011; Bonan, 2019; Xiao et al., 2019).  

Satellite-based light use efficiency (LUE) models are one class of terrestrial ecosystem 

models that have demonstrated great potential in estimating CO2 fluxes in peatlands (Connolly et 

al., 2009; Kross et al., 2016). Remote sensing techniques have several advantages over field-

based methods such as EC towers and process-based terrestrial biosphere models, particularly 

over peatland ecosystems. Historical satellite-derived carbon flux datasets are freely available 

and provide spatially and temporally continuous observations of the global vegetation. Data-

driven LUE models have a relatively simple model structure with a minimum number of 

parameters, yet have been able to provide estimates of GPP or NEE which show comparable or 

better statistical agreement with EC tower observations than the complex, process-based models 

(Keenan et al., 2012; Raczka et al., 2013; Luus and Lin, 2015). 
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Ecosystem carbon fluxes have been commonly estimated using passive optical remote 

sensors that detect surface reflectance in the visible, near-infrared (NIR), and shortwave infrared 

(SWIR) wavelength range of the electromagnetic spectrum. Global vegetation optical 

measurements have been made possible using instruments such as the Advanced Very High 

Resolution Radiometer (AVHRR) onboard the National Oceanic and Atmospheric 

Administration’s (NOAA) satellites, and Moderate Resolution Imaging Spectroradiometer 

(MODIS) aboard National Aeronautics and Space Administration’s (NASA) Terra and Aqua 

satellites. Several satellite-derived vegetation indices (VI) including the Normalized Difference 

Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI) have been widely employed to 

estimate GPP over various terrestrial ecosystems (Xiao and Moody, 2004; Rahman et al., 2005; 

Zhang et al., 2014, Huang et al., 2019). In recent years, solar-induced chlorophyll fluorescence 

(SIF) retrieved from the Orbiting Carbon Observatory-2 (OCO-2) has provided an unprecedented 

approach for estimating plant primary production (Frankenberg et al., 2014; Li et al., 2018a; Sun 

et al., 2018; Mohammed et al., 2019), and high resolution (i.e., 0.05°, 4-day or 8-day) SIF 

products have become available (Zhang et al., 2018; Li and Xiao, 2019).  

Remote sensing data are integrated into LUE models to provide crucial information about 

vegetation “greenness”, phenology, land cover type, and water stress (Xiao et al., 2019). Over 

the past three decades, different LUE models have been developed including the Carnegie-

Ames-Stanford Approach model (CASA, Potter et al., 1993), MODIS GPP algorithm (MOD17, 

Running et al., 2004), Vegetation Photosynthesis Model (VPM, Xiao et al., 2004), and Eddy 

Covariance-Light Use Efficiency model (EC-LUE, Yuan et al., 2007). These satellite data-driven 

LUE models have been used to estimate carbon fluxes for many ecosystem types such as forests 
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and cropland (Turner et al. 2003; Sims et al., 2008; Yuan et al., 2010), but northern peatlands 

have been largely ignored (Lees et al., 2018). 

A few studies have used the MODIS LUE-based GPP product (MOD17) to examine 

carbon fluxes over peatlands (Schubert et al., 2010; Harris and Dash, 2011; Kross et al., 2013). 

The MOD17 estimates showed reasonable agreement with EC tower fluxes (explained 44% to 

89% of the variability), but systematically underestimated GPP at most of the study sites in 

Canada and Finland. Kross et al. (2013) suggested that one possible cause of the observed biases 

could be associated with the MODIS GPP algorithm which employs a biome-specific, constant 

maximum LUE parameter (εmax); unfortunately, peatlands or wetlands are not included in the 

MOD17 land cover types. Furthermore, the MODIS GPP algorithm uses vapour pressure deficit 

(VPD) as a proxy for water availability to modify the εmax. It has been argued that the use of VPD 

in LUE models may be ineffective over peatlands since carbon exchange is strongly dependent 

on soil moisture which is not well captured by VPD (Connolly et al., 2009; Harris and Dash, 

2011). 

Yuan et al. (2010) calibrated and validated the EC-LUE model at 54 EC flux tower sites, 

covering six major terrestrial biomes, excluding peatlands. Similarly, Yuan et al. (2014) 

evaluated the performance of seven LUE models (including CASA, EC-LUE, MODIS and 

VPM) using 157 EC flux towers covering six major vegetation types, but did not include any 

peatland or wetland site. Kross et al. (2016) evaluated the variability and environmental controls 

of ε, and the suitability of LUE models for the estimation of GPP in peatlands. The results of 

their study suggest that it is crucial for models to use a unique maximum LUE parameter value 

(εmax) that are derived specifically from peatland ecosystems, but few studies provide 

information on εmax values for peatlands. Moreover, they argued that although environmental 
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scalars can be used to determine the actual ε value, it is necessary for model scalars to adequately 

capture changes in seasonal water availability. These studies underscore a major limitation of 

current LUE models as they require a well-constrained ε value, but have not been adequately 

calibrated within peatland ecosystems. 

In this study, I examine the terrestrial carbon exchange in the Hudson Bay Lowlands 

(HBL) using a peatland-optimized LUE model. The HBL is a massive peatland‐rich region 

containing an estimated 33 Gt of soil carbon (Martini, 2006), which is approximately 25% of the 

Canadian peatland C pool (McLaughlin and Webster, 2014) and 6% of the northern peatland C 

pool (Packalen et al., 2014). Despite the critical importance of the HBL to our understanding of 

peatland C exchange and the potential for large climate-carbon feedback (Lafleur et al., 2001; 

Rouse et al., 2002; Bunbury et al., 2012; Holmquist et al., 2014), little attention has been given to 

the application of satellite-based LUE models in the region. To the best of my knowledge, no 

study has applied an LUE model to estimate primary production or net ecosystem exchange 

specifically in the HBL. For the first time, this study evaluates the suitability of LUE models for 

carbon flux diagnosis in the HBL. I provide estimates of LUE parameter values that are 

optimized to EC tower observations. This critical information on model parameters can be used 

by other research studies in the peatlands of the HBL. 

The primary objectives of this study are to 1) evaluate a peatland-optimized LUE-based 

model at a fen and bog site; 2) compare an EVI-driven model and a SIF-driven model to 

determine which modelling approach can provide more reliable estimates of peatland 

photosynthesis; 3) examine how LUE and other model parameter values vary within and 

between different peatland types. 
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4.2 Methods 

4.2.1 Study Sites 

The two study sites are located within the HBL region and they represent the two major 

northern peatland types––bogs and fens (Figure 4.1). The first study site is a subarctic palsa fen 

(Hanis et al., 2015), near Churchill, Manitoba, Canada (58°39’57"N, 93°49’48"W), situated 

about 10 km inland from the coast of the Hudson Bay. The site is located in the boreal forest-

tundra ecotone and within the continuous permafrost zone (Brown, 1970), where the active layer 

depth can extend to over 1.5 m by early fall (Hanis et al., 2015). The Churchill fen (CF) site is 

about 1.7 km × 1.3 km in size and is characterized by sedge lawns, hummocks, and hollows, 

which have about 30 to 40 cm of peat over carbonate-rich glaciomarine sediments (Rouse et al., 

2002). The sedge lawns––dominated by the sedge Carex aquatilis Wahlenb. and an understory 

of the moss Pseudocalliergon turgescens (Jensen) Loeske––are the most widespread, covering 

about 55% of the fen (Raddatz et al., 2009). The hummocks––dominated by Cladina spp. and 

Cladonia spp of lichens and the moss Dicranum elongatum Schwaegr––are drier mounds that 

rise approximately 40 cm above the sedge-peat surface level. The hollows––with mats of P. 

turgescens and partially decomposed organic matter underneath, overlying a mineral substrate––

are about 30 cm below the sedge-peat surface, and are typically filled with water except during 

extreme drought conditions (Hanis et al., 2013; Hanis et al., 2015). 

The second study site is a treed/low shrub bog (Humphreys et al., 2014) in the 

Attawapiskat River area of the HBL (52°41′N, 83°56′W). The Attawapiskat River bog (ARB) 

site is dominated by evergreen vegetation, and mainly comprises of raised hummocks––covered 

equally by Sphagnum mosses, particularly S. fuscum (Schimp.) Klinggr., and the Cladonia spp of 

lichens. The bog site features a scattered overstory dominated by ericaceous shrubs, particularly 
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Chamaedaphne calyculata (L.) Moench, and stunted evergreen black spruce trees, mainly Picea 

mariana (Miller) Britton, Sterns & Poggenburg (Helbig et al., 2019). The peat thickness near the 

centre of the flux footprint area is about 2 m, and the water table ranges between approximately 

0.1 m above the moss surface after snowmelt in April and 0.2 m below the moss surface in 

August (Harris, 2017; Helbig et al., 2019). 

 

 

Figure 4. 1. Location of study sites in the Hudson Bay Lowlands. 
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4.2.2 Biospheric Carbon Flux Model  

In this study, I employed two different versions of the Vegetation Photosynthesis and 

Respiration Model (VPRM):  

1) The original VPRM (Mahadevan et al., 2008) driven by satellite-derived EVI and 

constrained by two different model parameterization sets using (a) model parameters 

calibrated by eddy covariance tower observations from the CF and ARB study sites, and 

(b) model parameter estimates for the peatland plant functional type (PFT) from Hilton et 

al. (2013). 

2) A newly modified VPRM driven by satellite-derived SIF, with model parameters 

constrained by eddy covariance tower observations from the CF and ARB study sites. 

The VPRM is an LUE-based land surface model that assimilates remote sensing, 

meteorological, and EC tower flux observations to provide reliable estimates of net CO2 

exchange between the terrestrial biosphere and atmosphere. Similar to other LUE models, 

VPRM is based on four key theoretical assumptions (Sellers, 1987; Monteith, 1972; Running et 

al., 2004, Xiao et al., 2004): (i) plant productivity is linearly related to the absorbed 

photosynthetically active radiation (APAR) by the vegetation canopies, (ii) satellite-derived 

vegetation indices can be used to estimate APAR, (iii) a conversion efficiency, ε (LUE), defines 

the efficiency with which APAR is converted to fixed carbon or plant biomass, and (iv) actual 

LUE may be reduced below its potential maximum value by limiting environmental factors such 

as temperature and water availability. Thus, LUE models can be generalized as: 

𝐺𝑃𝑃 = 𝐿𝑈𝐸௠௔௫ × 𝑓(𝑇௦, 𝑊௦, … ) × 𝐹𝐴𝑃𝐴𝑅 × 𝑃𝐴𝑅   (1) 
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where LUEmax is the potential maximum LUE (g C m−2 MJ−1 APAR) without environment 

stresses, f are the scalars representing the effects of environmental stresses (e.g. low temperature 

and water scarcity) on the theoretical potential LUE, and FAPAR is the fraction of 

photosynthetically active radiation (PAR, MJ m-2) absorbed by the photosynthetically active 

portion of the vegetation.  

VPRM simulates NEE as the difference between the gross ecosystem exchange (GEE) 

and the ecosystem respiration (R or ER). 

𝑁𝐸𝐸 = 𝑅 − 𝐺𝐸𝐸       (2) 

Following Mahadevan et al. (2008), GEE is modelled as 

𝐺𝐸𝐸 = 𝐿𝑈𝐸 × 𝐹𝐴𝑃𝐴𝑅 ×
1

(1 + 𝑃𝐴𝑅/𝑃𝐴𝑅଴)
× 𝑃𝐴𝑅                                        (3) 

where PAR0 is the half-saturation value. LUE is in μmol CO2/ μmol PPFD, and PAR is in μmol 

m-2 s-1. LUE is further decomposed into 

𝐿𝑈𝐸 =  𝜆 × 𝑇௦௖௔௟௘ × 𝑃௦௖௔௟௘ × 𝑊௦௖௔௟௘     (4) 

where λ is the maximum LUE (i.e. the maximum quantum yield), and Tscale, Pscale, and Wscale 

represent the effects of temperature, leaf phenology, and water stress, respectively, on LUE. 

They are dimensionless scaling factors that range between 0.0 and 1.0, and they vary in both 

time and space (Mahadevan et al., 2008). 

The first scaling term Tscale describes the sensitivity of photosynthesis to temperature and 

is defined as: 
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𝑇௦௖௔௟௘ =
(𝑇 − 𝑇୫୧୬)(𝑇 − 𝑇୫ୟ୶)

(𝑇 − 𝑇୫୧୬)(𝑇 − 𝑇୫ୟ୶) − (𝑇 − 𝑇௢௣௧)ଶ
                                             (5) 

where T is air temperature, and Tmin, Tmax, and Topt are the minimum, maximum, and optimum 

temperatures (°C) for photosynthesis, respectively. Due to the strong relationship between 

temperature and PAR on a daily timescale, and to avoid instability in model parameter values 

caused by correlation between the parameters, Tscale is computed from literature values of Tmin, 

Tmax, and Topt (Mahadevan et al., 2008).  

 The second scaling term Pscale quantifies the effects of leaf phenology on vegetation 

canopy photosynthesis. From bud burst to leaf full expansion, and during senescence, Pscale is 

computed as a linear function of LSWI by 

𝑃௦௖௔௟௘ =
1 + 𝐿𝑆𝑊𝐼

2
                                                                       (6) 

where LSWI is the satellite-derived land surface water index (Xiao et al., 2004). Pscale is set to 1 

after leaf full expansion. 

 The third scaling term Wscale describes the regulation of LUE by canopy water content and 

is expressed as 

𝑊௦௖௔௟௘ =
1 + 𝐿𝑆𝑊𝐼

1 + 𝐿𝑆𝑊𝐼௠௔௫
                                                               (7) 

where LSWImax is the maximum LSWI in the growing season. The LSWI is calculated using the 

NIR (0.78–0.89 μm) and SWIR (1.58–1.75 μm) spectral bands (Xiao et al., 2002): 

 

𝐿𝑆𝑊𝐼 =  
𝜌௡௜௥ − 𝜌௦௪௜௥

𝜌௡௜௥ + 𝜌௦௪௜௥
                                                                   (8) 
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The LSWI is also known as the Normalized Difference Water Index (Gao, 1996), and has been 

shown to be sensitive to vegetation water content (Tucker, 1980) because there is strong light 

absorption by liquid water in the SWIR waveband (Chandrasekar et al., 2010). 

I use two different approaches to model estimates of photosynthesis by driving VPRM 

alternately with EVI and SIF. The first approach is based on the original VPRM (Mahadevan et 

al., 2008) that uses the satellite-derived EVI as a proxy for FAPAR. EVI was developed to 

include reflectance in the blue band to address some of the shortcomings of NDVI, including 

sensitivity to atmospheric contamination due to the scattering effects of aerosols, and soil 

background variations (Heute et al., 2002; Rahman et al., 2005; Walker et al., 2014). Previous 

studies have shown that EVI provides better estimates of FAPAR than NDVI, and the 

comparison of MODIS EVI and NDVI demonstrated that the seasonal dynamics of EVI were 

more strongly correlated with GPP. (Xiao et al., 2004; Schubert et., 2010).  

Thus, the original VPRM GEE is given by 

𝐺𝐸𝐸 = 𝜆 × 𝑇௦௖௔௟௘ × 𝑃௦௖௔௟௘ × 𝑊௦௖௔௟௘ × 𝐸𝑉𝐼 ×
1

(1 + 𝑃𝐴𝑅/𝑃𝐴𝑅଴)
× 𝑃𝐴𝑅                     (9) 

In the second approach, I modified the original VPRM formulation and used satellite-

derived SIF as a proxy for FAPAR. SIF is an electromagnetic signal emitted in the red and far-

red spectral band by the chlorophyll-a molecules of plants. Chlorophyll fluorescence represents 

the re-emitted fraction of the absorbed PAR energy that was neither utilized for photochemistry 

nor dissipated thermally. Research studies have shown that SIF is a more direct proxy for 

primary production compared to VI’s (Porcar-Castell et al., 2014; Yang et al., 2015), and is more 

responsive to changes in photosynthetic capacity caused by temperature and water stresses 

(Joiner et al., 2014; Rascher et al., 2015). The strong correlations between satellite-derived SIF 
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and GPP at ecosystem to global scales have been well-documented (Frankenberg et al., 2011; Li 

et al., 2018b; Lu et al., 2018).  

Therefore, the newly adjusted VPRM estimates the photosynthetic flux component as 

𝐺𝐸𝐸 = 𝜆 × 𝑇௦௖௔௟௘ × 𝑊௦௖௔௟௘ ×
𝑆𝐼𝐹

cos (𝑆𝑍𝐴)
×

1

(1 + 𝑃𝐴𝑅/𝑃𝐴𝑅଴)
× 𝑃𝐴𝑅                (10) 

where SZA is the solar zenith angle. 

Ecosystem respiration (R) is modelled as a simple linear function of observed air 

temperature (T): 

𝑅 = 𝛼 × 𝑇 + 𝛽                                                                  (11) 

where α and β are the regression coefficients that describe the slope of the respiration response to 

air temperature and the basal rate of respiration at very cold temperatures, respectively.  

 
4.2.3 Tower Flux Data  

Eddy covariance tower observations from AmeriFlux (https://ameriflux.lbl.gov) were 

obtained for the CF site (Papakyriakou, 2020; Tenuta, 2020) and ARB site (Todd and 

Humphreys, 2018). The two sites are categorized as permanent wetlands under the International 

Geosphere-Biosphere Programme (IGBP) vegetation cover classification system (Loveland and 

Belward, 1997). It is noteworthy that the CF and ARB sites are two of the only three EC tower 

sites within the HBL with publicly available data on the AmeriFlux network database. Also, 

while a few other North American peatland sites––for example, Mer Bleue, Eastern Peatland; 

LaBiche, Western Peatland; and Atqasuk, Alaska––have been previously used to calibrate LUE 

models, this represents the first time sites within the HBL are employed to calibrate an LUE-

based model.  
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4.2.4 Satellite Data  

For this study, VPRM is driven by remote-sensing observations obtained from MODIS and 

OCO-2 satellite datasets. The required model input data retrieved from MODIS include EVI 

product MOD13Q1 at 16-day, 250m resolution (Didan, 2015); Surface Reflectance product 

MOD09A1 at 8-day, 500m resolution (Vermote, 2015); and Vegetation Dynamics product 

MCD12Q2 at annual, 500m resolution (Friedl et al., 2019). All products are from the MODIS 

Collection 6 dataset which implemented several improved processing algorithms from earlier 

versions (ORNL DAAC, 2018). Additionally, satellite-derived chlorophyll fluorescence was 

acquired from the global spatially contiguous SIF (CSIF) product at 4-day, 0.05° resolution 

(Zhang et al., 2018). The clear-sky instantaneous CSIF dataset has been shown to have high 

accuracy and small bias across ecosystem types.  

 
4.2.5 Model Parameterization 

VPRM parameter values were estimated using two different methods. The first method 

involves optimizing VPRM to EC tower observations from the CF and ARB study sites. All four 

user-estimated parameters (λ, PAR0, α, and β) were computed empirically to quantify the 

relationship between observed tower CO2 fluxes and climatic drivers by matching VPRM NEE 

estimates to the observed EC NEE. The optimum model parameter values were chosen to 

minimize the sum of squared errors (SSE) of the VPRM NEE residuals. The DEoptim package 

(Ardia et al., 2011; Mullen et al., 2011) for the R computing environment (R Core Team, 2020) 

which implements the Differential Evolution (DE) global optimization algorithm (Price et al., 

2006) was employed to seek the best-fitting VPRM parameter values (Hilton et al., 2013).  
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VPRM was calibrated at the CF study site using two years (2007–2008) of EC tower 

observations for the study months (June–October). Model validation was carried out against 

another two years (2010–2011) of EC tower observations for the study months. The existence of 

large data gaps in 2009 caused by datalogging and power supply issues made this year unreliable 

and was therefore excluded from the CF dataset (Hanis et al., 2015). At the ARB study site, 

VPRM was calibrated and validated with EC tower observations for three years (2011–2013) and 

two years (2014–2015), respectively, during the study months (June–October). The half-hourly 

EC tower data for both study sites were filtered to remove measurements taken when the friction 

velocity, u* was below a threshold of 0.2 m s−1 (Baldocchi, 2003; Hanis et al. 2013). Only non-

gap-filled tower observations were used in this study to avoid introducing another source of 

uncertainty to the VPRM parameter estimates (Barr et al., 2004; Lin et al., 2011). VPRM does 

not utilize flux or meteorological information from previous timesteps and only computes CO2 

fluxes at timesteps when the required driver data are available (Hilton et al., 2013). Thus, the 

NEE residuals (VPRM NEE – Observed NEE) for each 30-min period were analyzed only for 

complete cases, when both modelled and observed NEE were present. 

In the second model parameterization method, I used the peatland PFT parameter set for 

VPRM provided by Hilton et al. (2013). The peatland PFT parameter estimates were determined 

by optimizing VPRM using four North American EC sites from the 2007 Fluxnet Synthesis 

dataset comprising: Mer Bleue, Eastern Peatland; LaBiche, Western Peatland; Atqasuk, Alaska; 

and Barrow, Alaska. Hilton et al’s (2013) elegant R implementation of the VPRM 

(VPRMLandSfcModel) including tools to estimate parameter values were employed in my study. 
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4.3 Results 

4.3.1 EVI-Based Model Calibration 

VPRM was driven by EVI and model parameter values were calibrated using half-hourly 

EC NEE and meteorological (temperature and PAR) observations from the Churchill fen and 

Attawapiskat River bog sites. VPRM site-calibrated half-hourly estimates of NEE were then 

compared against EC tower observations. Additionally, the importance of model 

parameterization on the accuracy of simulated NEE estimates was assessed by comparing both 

the site-optimized and PFT-optimized NEE estimates against EC observations.  

For the site-optimized VPRM, the half-hourly VPRM NEE residuals (model – observed) 

range from -2.13 to 2.15 μmol CO2 m-2 s-1, with a median of 0.01 μmol CO2 m-2 s-1 at the 

Churchill fen during the 2007–2008 period. Using the peatland PFT parameter values, the CF 

half-hourly VPRM NEE residuals range between -2.61 and 2.00 μmol CO2 m-2 s-1, with a median 

of -0.28 μmol CO2 m-2 s-1 during the same study period (Figure 4.2 and Table 4.1). The CF mean 

diurnal NEE estimates for the site-optimized VPRM show excellent agreement with the observed 

NEE (Slope = 1.05, R2 = 0.92), and the PFT-optimized VPRM also performs reasonably well 

(Slope = 1.15, R2 = 0.84) (Figure 4.3). The results show that the site-optimized VPRM better 

captured the mean diurnal NEE cycle compared to the PFT-optimized VPRM, particularly 

during the peak photosynthetically active period (Figure 4.4). Comparisons of the mean monthly 

(June–October) NEE estimates show that both models were able to reproduce the seasonal cycle, 

though the site-optimized VPRM performed better (Figure 4.5).  
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Figure 4. 2. Boxplot of mean half-hourly NEE at the Churchill fen during the 2007–2008 calibration period (CF1) for the site-
optimized VPRM (left) and PFT-optimized VPRM (right). NEE_obs is the EC tower NEE observations. Residual is calculated as 
modelled NEE minus observed NEE. 

 

 

Table 4. 1. Boxplot statistics for VPRM NEE against EC tower NEE observations at CF1 (2007 
– 2008) using model parameter values from calibration site year (2007 – 2008) and Hilton et al. 
(2013) North American wetlands plant functional type (PFT). 

(μmol CO2 m-2 s-1) ymin lower median upper ymax 

Site-VPRM -1.89 -0.41 0.20 0.58 2.03 

PFT-VPRM -2.73 -0.85 -0.11 0.39 2.06 

EC Observations -3.81 -0.98 0.17 0.92 3.72 

Site-Residual -2.13 -0.53 0.01 0.54 2.15 

PFT-Residual -2.61 -0.88 -0.28 0.28 2.00 

 

-6

-4

-2

0

2

4

NEE_VPRM NEE_obs NEE_Residual
Variables

N
E

E
 

m
o

lm
2
s

1


CF1 30 mins NEE (June-October, 2007-2008)

-6

-4

-2

0

2

4

NEE_VPRM NEE_obs NEE_Residual
Variables

N
E

E
 

m
o

lm
2
s

1


CF1 30 mins NEE (June-October, 2007-2008)



150 
 

 

Figure 4. 3. Relationship between modelled and observed mean diurnal NEE at the Churchill fen during the 2007–2008 
calibration period (CF1) for the site-optimized VPRM (left) and PFT-optimized VPRM (right). The red line is the “1:1 line”. 

 

 

Figure 4. 4. A comparison between modelled and observed mean diurnal NEE cycle at the Churchill fen during the 2007–2008 
calibration period (CF1). VPRM_Calibra is the site-optimized VPRM for the calibration period. 
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Figure 4. 5. A comparison between modelled and observed mean monthly NEE variation at the Churchill fen during the 2007–
2008 calibration period (CF1). VPRM_Calibra is the site-optimized VPRM for the calibration period. 

 

 

At the Attawapiskat River bog site, the half-hourly site-optimized VPRM NEE residuals 

range from -2.85 to 2.75 μmol CO2 m-2 s-1, with a median of -0.17 μmol CO2 m-2 s-1 during the 

2011–2013 period. For the PFT-optimized model at the same site, the half-hourly VPRM NEE 

residuals range between -2.76 and 2.69 μmol CO2 m-2 s-1, with a median of -0.15 μmol CO2 m-2 

s-1 during the same study period (Figure 4.6 and Table 4.2). Modelled mean diurnal estimates of 

NEE in Figure 4.7 show strong agreement with the observed NEE at ARB for both the site-

optimized VPRM (Slope = 0.71, R2 = 0.98) and the PFT-optimized VPRM (Slope = 0.76, R2 = 

0.99). The results demonstrate that the ARB diurnal cycles simulated by the site-optimized 

VPRM and PFT-optimized VPRM are remarkably similar, and have some noticeable 

discrepancies with the observed diurnal cycle, particularly around midday and nighttime (Figure 

4.8). Comparisons of the mean monthly (June–October) NEE estimates show that while both 

VPRM models were able to reproduce the general seasonal cycle at the ARB site, there are large 
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differences between the modelled NEE estimates and the NEE observations in July and 

September (Figure 4.9).  

 

 

Figure 4. 6. Boxplot of mean half-hourly NEE at the Attawapiskat River bog during the 2011–2013 calibration period (ARB1) for 
the site-optimized VPRM (left) and PFT-optimized VPRM (right). NEE_obs is the EC tower NEE observations. Residual is 
calculated as modelled NEE minus observed NEE. 

 

 

Table 4. 2. Boxplot statistics for VPRM NEE against EC tower NEE observations at ARB1 
(2011 – 2013) using model parameter values from calibration site year (2011 – 2013) and 
Hilton et al. (2013) North American wetlands plant functional type (PFT). 

(μmol CO2 m-2 s-1) ymin lower median upper ymax 

Site-VPRM -5.34 -1.83 -0.35 0.50 2.62 

PFT-VPRM -5.73 -1.93 -0.17 0.60 2.41 

EC Observations -7.55 -2.46 -0.55 0.93 5.99 

Site-Residual -2.85 -0.75 -0.17 0.65 2.75 

PFT-Residual -2.76 -0.72 -0.15 0.65 2.69 
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Figure 4. 7. Relationship between modelled and observed mean diurnal NEE at the Attawapiskat River bog during the 2011–
2013 calibration period (ARB1) for the site-optimized VPRM (left) and PFT-optimized VPRM (right). The red line is the “1:1 line”. 

 

 

 

Figure 4. 8. A comparison between modelled and observed mean diurnal NEE cycle at the Attawapiskat River bog during the 
2011–2013 calibration period (ARB1). VPRM_Calibra is the site-optimized VPRM for the calibration period. 
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Figure 4. 9. A comparison between modelled and observed mean monthly NEE variation at the Attawapiskat River bog during 
the 2011–2013 calibration period (ARB1). VPRM_Calibra is the site-optimized VPRM for the calibration period. 
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estimates of CF mean diurnal NEE had a significantly smaller mean bias error (MBE = 0.05 

μmol CO2 m-2 s-1) and root mean squared error (RMSE = 0.20 μmol CO2 m-2 s-1) compared to the 

PFT-optimized VPRM estimates (MBE = -0.27 μmol CO2 m-2 s-1, RMSE = 0.43 μmol CO2 m-2 s-

1) (Table 4.3). Also, biases in the CF mean monthly NEE estimates were considerably lower for 

the site-optimized VPRM (MBE = -0.08 μmol CO2 m-2 s-1, RMSE = 0.40 μmol CO2 m-2 s-1) 

compared to the PFT-optimized VPRM (MBE = -0.43 μmol CO2 m-2 s-1, RMSE = 0.59 μmol 

CO2 m-2 s-1). Conversely, biases in NEE estimates at the ARB site were similar for both models 

(Table 4.3). The MBE and RMSE for the site-optimized VPRM mean diurnal NEE estimates at 
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Table 4. 3. Error statistics (MBE and RMSE in μmol CO2 m-2 s-1) calculated 
through the comparison of diurnally, daily and monthly averaged estimates of 
VPRM NEE against eddy covariance NEE observations at CF1 (2007 – 2008) 
and ARB1 (2011 – 2013). 

CF1 MBE RMSE 

Diurnal 

Site-VPRM 0.05 0.20 

PFT-VPRM -0.27 0.43 

Daily 

Site-VPRM -0.07 0.62 

PFT-VPRM -0.41 0.77 

Monthly 

Site-VPRM -0.08 0.40 

PFT-VPRM -0.43 0.59 

ARB1   

Diurnal 

Site-VPRM -0.09 0.57 

PFT-VPRM -0.10 0.46 

Daily 

Site-VPRM -0.01 0.55 

PFT-VPRM -0.03 0.61 

Monthly 

Site-VPRM 0.00 0.43 

PFT-VPRM -0.02 0.49 
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4.3.2 EVI-Based Model Validation 

To evaluate the capability of VPRM-EVI to simulate NEE estimates at the Churchill fen 

and Attawapiskat River bog sites, modelled half-hourly estimates of NEE were validated against 

EC observations in years that were not used for model parameter estimation. At the CF site, 

validation involved comparing VPRM NEE estimates against EC observations during the 2010–

2011 period (recall that the model was initially calibrated with EC data from 2007–2008). At the 

ARB site, validation was carried out by comparing VPRM NEE estimates against EC 

observations during the 2014–2015 period (recall that the model was initially calibrated with EC 

data from 2011–2013). Furthermore, both the site-optimized and PFT-optimized NEE estimates 

were evaluated during the validation years to determine which model parameterization method 

provided more reliable estimates of NEE at the study sites. 

For the site-optimized VPRM, the CF half-hourly VPRM NEE residuals range from -2.46 

to 3.56 μmol CO2 m-2 s-1, with a median of 0.41 μmol CO2 m-2 s-1 during the validation years 

(2010–2011). Using the PFT-optimized VPRM, the CF half-hourly VPRM NEE residuals range 

between -2.87 and 3.26 μmol CO2 m-2 s-1, with a median of 0.09 μmol CO2 m-2 s-1 during the 

same study period (Figure 4.10 and Table 4.4). Modelled mean diurnal NEE estimates show 

strong agreement with observed NEE at the CF site during the validation years (Figure 4.11). 

The site-optimized VPRM and PFT-optimized VPRM were able to explain 94% and 88%, 

respectively, of the diurnal variability in observed NEE. The results reveal that the PFT-

optimized VPRM mean diurnal NEE estimates closely matched EC observations, while site-

optimized VPRM NEE estimates were systematically lower (smaller carbon sink) than observed 

values (Figure 4.12). Comparisons of the mean monthly (June–October) NEE estimates for the 

validation period show that, although the two models were able to produce a seasonal cycle that 
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was broadly consistent with EC observations at CF, the modelled mean monthly NEE estimates 

were smaller in magnitude, particularly for the site-optimized VPRM (Figure 4.13).  

 

 

Figure 4. 10. Boxplot of mean half-hourly NEE at the Churchill fen during the 2010–2011 validation period (CF2) for the site-
optimized VPRM (left) and PFT-optimized VPRM (right). NEE_obs is the EC tower NEE observations. Residual is calculated as 
modelled NEE minus observed NEE. 

 

 

 

Table 4. 4. Boxplot statistics for VPRM NEE against EC tower NEE observations at CF2 (2010 
– 2011) using model parameter values from calibration site year (2007 – 2008) and Hilton et al. 
(2013) North American wetlands plant functional type (PFT). 

(μmol CO2 m-2 s-1) ymin lower median upper ymax 

Site-VPRM -1.75 -0.34 0.26 0.60 1.95 

PFT-VPRM -2.28 -0.70 -0.06 0.37 1.63 

EC Observations -5.47 -1.79 -0.26 0.68 4.38 

Site-Residual -2.46 -0.21 0.41 1.30 3.56 

PFT-Residual -2.87 -0.57 0.09 0.96 3.26 
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Figure 4. 11. Relationship between modelled and observed mean diurnal NEE at the Churchill fen during the 2010–2011 
validation period (CF2) for the site-optimized VPRM (left) and PFT-optimized VPRM (right). The red line is the “1:1 line”. 

 

 

 

Figure 4. 12. A comparison between modelled and observed mean diurnal NEE cycle at the Churchill fen during the 2010–2011 
validation period (CF2). VPRM_Valida is the site-optimized VPRM for the validation period. 
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Figure 4. 13. A comparison between modelled and observed mean monthly NEE variation at the Churchill fen during the 2010–
2011 validation period (CF2). VPRM_Valida is the site-optimized VPRM for the validation period. 

 

At the Attawapiskat River bog site, the half-hourly site-optimized VPRM NEE residuals 

range from -2.74 to 2.61 μmol CO2 m-2 s-1, with a median of -0.18 μmol CO2 m-2 s-1 during the 

validation years (2014–2015). For the PFT-optimized VPRM, the ARB half-hourly VPRM NEE 

residuals range between -2.77 and 2.66 μmol CO2 m-2 s-1, with a median of -0.18 μmol CO2 m-2 

s-1 during the same validation period (Figure 4.14 and Table 4.5). VPRM mean diurnal NEE 

estimates display excellent agreement with ARB tower observations, with both the site-

optimized VPRM and PFT-optimized VPRM explaining 99% of the diurnal variability in 

observed EC NEE during the validation years (Figure 4.15). The results indicate that the 

modelled ARB diurnal cycles by the site-optimized VPRM and PFT-optimized VPRM are 

strikingly similar, and both models sufficiently reproduced the observed diurnal cycle, including 

the timing of the peak photosynthetically active period (Figure 4.16). Furthermore, both models 

captured the seasonal variability in ARB observed NEE with remarkable fidelity as shown in 

Figure 4.17. 
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Figure 4. 14. Boxplot of mean half-hourly NEE at the Attawapiskat River bog during the 2014–2015 validation period (ARB2) for 
the site-optimized VPRM (left) and PFT-optimized VPRM (right). NEE_obs is the EC tower NEE observations. Residual is 
calculated as modelled NEE minus observed NEE. 

 

 

 

Table 4. 5. Boxplot statistics for VPRM NEE against EC tower NEE observations at ARB2 
(2014 – 2015) using model parameter values from calibration site year (2011 – 2013) and 
Hilton et al. (2013) North American wetlands plant functional type (PFT). 

(μmol CO2 m-2 s-1) ymin lower median upper ymax 

Site-VPRM -6.02 -2.46 -0.58 0.59 2.56 

PFT-VPRM -7.05 -2.44 -0.35 0.68 2.35 

EC Observations -8.51 -2.89 -0.63 0.89 5.23 

Site-Residual -2.74 -0.74 -0.18 0.60 2.61 

PFT-Residual -2.77 -0.74 -0.18 0.62 2.66 
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Figure 4. 15. Relationship between modelled and observed mean diurnal NEE at the Attawapiskat River bog during the 2014–
2015 validation period (ARB2) for the site-optimized VPRM (left) and PFT-optimized VPRM (right). The red line is the “1:1 line”. 

 

 

 

Figure 4. 16. A comparison between modelled and observed mean diurnal NEE cycle at the Attawapiskat River bog during the 
2014–2015 validation period (ARB2). VPRM_Valida is the site-optimized VPRM for the validation period. 
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Figure 4. 17. A comparison between modelled and observed mean monthly NEE variation at the Attawapiskat River bog during 
the 2014–2015 validation period (ARB2). VPRM_Valida is the site-optimized VPRM for the validation period. 
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Table 4. 6. Error statistics (MBE and RMSE in μmol CO2 m-2 s-1) calculated 
through the comparison of diurnally, daily and monthly averaged estimates of 
VPRM NEE against eddy covariance NEE observations at CF2 (2010 – 2011) 
and ARB2 (2014 – 2015). 

CF2 MBE RMSE 

Diurnal 

Site-VPRM 0.49 0.53 

PFT-VPRM 0.14 0.28 

Daily 

Site-VPRM 0.46 1.07 

PFT-VPRM 0.08 0.98 

Monthly 

Site-VPRM 0.48 0.60 

PFT-VPRM 0.08 0.32 

ARB2   

Diurnal 

Site-VPRM -0.05 0.50 

PFT-VPRM -0.07 0.39 

Daily 

Site-VPRM 0.06 0.54 

PFT-VPRM 0.05 0.59 

Monthly 

Site-VPRM 0.05 0.28 

PFT-VPRM 0.04 0.27 
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4.3.3 SIF-Based vs EVI-Based Model Calibration 

VPRM was driven alternately with EVI and SIF to determine which model is better able 

to capture the diurnal, seasonal and inter-annual variations in peatland photosynthesis. VPRM-

EVI and VPRM-SIF CO2 fluxes were both constrained with half-hourly EC tower observations 

from CF and ARB for the calibration periods 2007–2008 and 2011–2013, respectively. The 

mean diurnal NEE estimates for both models show excellent agreement with EC tower fluxes, 

explaining approximately 92% and 98% of the diurnal variability in NEE observations at CF and 

ARB, respectively (Figure 4.18 and Figure 4.19). The seasonal NEE cycle was correctly 

reproduced, and both models captured peak photosynthesis in August at CF and in July at ARB 

(Figure 4.20 and Figure 4.21). At ARB, VPRM-SIF estimates of the mean monthly (June–

October) NEE were more closely linked to observations compared to VPRM-EVI, particularly in 

July and September. The RMSE for the mean diurnal NEE estimates was 0.20 μmol CO2 m-2 s-1 

at CF and 0.57 μmol CO2 m-2 s-1 at ARB for VPRM-EVI, and 0.32 μmol CO2 m-2 s-1 at CF and 

0.36 μmol CO2 m-2 s-1 at ARB for VPRM-SIF (Table 4.7). For the mean monthly NEE estimates, 

VPRM-EVI had an RMSE of 0.40 μmol CO2 m-2 s-1 and 0.43 μmol CO2 m-2 s-1 at CF and ARB, 

respectively, while VPRM-SIF obtained an RMSE of 0.35 μmol CO2 m-2 s-1 and 0.21 μmol CO2 

m-2 s-1 at CF and ARB, respectively. Overall, the results show that VPRM-SIF performed better 

than VPRM-EVI in simulating diurnal and monthly estimates of NEE at the study sites during 

the calibration period. 
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Figure 4. 18. Relationship between modelled and observed mean diurnal NEE at the Churchill fen during the 2007–2008 
calibration period (CF1) for the VPRM-EVI (left) and VPRM-SIF (right). The red line is the “1:1 line”. 

 

 

 

Figure 4. 19. Relationship between modelled and observed mean diurnal NEE at the Attawapiskat River bog during the 2011–
2013 calibration period (ARB1) for the VPRM-EVI (left) and VPRM-SIF (right). The red line is the “1:1 line”. 
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Figure 4. 20. A comparison between VPRM-EVI, VPRM-SIF, and EC observed mean monthly NEE variation at the Churchill fen 
during the 2007–2008 calibration period (CF1). 

 

 

 

Figure 4. 21. A comparison between VPRM-EVI, VPRM-SIF, and EC observed mean monthly NEE variation at the Attawapiskat 
River bog during the 2011–2013 calibration period (ARB1). 
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Table 4. 7. Error statistics (MBE and RMSE in μmol CO2 m-2 s-1) calculated 
through the comparison of diurnally, daily and monthly averaged estimates of 
VPRM-EVI and VPRM-SIF NEE against eddy covariance NEE observations 
at CF1 (2007 – 2008) and ARB1 (2011 – 2013). 

CF1 MBE RMSE 

Diurnal 

VPRM-EVI 0.05 0.20 

VPRM-SIF 0.10 0.32 

Daily 

VPRM-EVI -0.07 0.62 

VPRM-SIF -0.05 0.54 

Monthly 

VPRM-EVI -0.08 0.40 

VPRM-SIF -0.07 0.35 

ARB1   

Diurnal 

VPRM-EVI -0.09 0.57 

VPRM-SIF -0.04 0.36 

Daily 

VPRM-EVI -0.01 0.55 

VPRM-SIF -0.01 0.33 

Monthly 

VPRM-EVI 0.00 0.43 

VPRM-SIF 0.00 0.21 
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4.3.4 SIF-Based vs EVI-Based Model Validation 

Modelled estimates of NEE were evaluated against tower observations during the 2010–

2011 validation period at CF and the 2014–2015 validation period at ARB. VPRM-EVI and 

VPRM-SIF mean diurnal estimates of NEE display identical and strong correlations with 

observed NEE at CF (R2 = 0.94) and ARB (R2 ~ 0.99) study sites (Figure 4.22 and Figure 4.23). 

Both models performed better at estimating the mean monthly NEE at ARB compared to CF, 

especially during the peak growing season (Figure 4.24 and Figure 4.25). Further analyses of the 

results reveal that VPRM-SIF estimates of NEE had smaller RMSE at both the CF and ARB 

sites, and at all timescales during the validation period (Table 4.8). For example, the RMSE for 

the mean diurnal NEE estimates was 0.51 μmol CO2 m-2 s-1 for VPRM-SIF and 0.53 μmol CO2 

m-2 s-1 for VPRM-EVI at the CF site, and 0.36 μmol CO2 m-2 s-1 for VPRM-SIF and 0.50 μmol 

CO2 m-2 s-1 for VPRM-EVI at the ARB site. 
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Figure 4. 22. Relationship between modelled and observed mean diurnal NEE at the Churchill fen during the 2010–2011 
validation period (CF2) for the VPRM-EVI (left) and VPRM-SIF (right). The red line is the “1:1 line”. 

 

 

Figure 4. 23. Relationship between modelled and observed mean diurnal NEE at the Attawapiskat River bog during the 2014–
2015 validation period (ARB2) for the VPRM-EVI (left) and VPRM-SIF (right). The red line is the “1:1 line”. 
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Figure 4. 24. A comparison between VPRM-EVI, VPRM-SIF, and EC observed mean monthly NEE variation at the Churchill fen 
during the 2010–2011 validation period (CF2). 

 

 

 

Figure 4. 25. A comparison between VPRM-EVI, VPRM-SIF, and EC observed mean monthly NEE variation at the Attawapiskat 
River bog during the 2014–2015 validation period (ARB2). 
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Table 4. 8. Error statistics (MBE and RMSE in μmol CO2 m-2 s-1) calculated 
through the comparison of diurnally, daily and monthly averaged estimates of 
VPRM-EVI and VPRM-SIF NEE against eddy covariance NEE observations 
at CF2 (2010 – 2011) and ARB2 (2014 – 2015). 

CF2 MBE RMSE 

Diurnal 

VPRM-EVI 0.49 0.53 

VPRM-SIF 0.46 0.51 

Daily 

VPRM-EVI 0.46 1.07 

VPRM-SIF 0.35 0.96 

Monthly 

VPRM-EVI 0.48 0.60 

VPRM-SIF 0.40 0.44 

ARB2   

Diurnal 

VPRM-EVI -0.05 0.50 

VPRM-SIF 0.06 0.36 

Daily 

VPRM-EVI 0.06 0.54 

VPRM-SIF 0.10 0.46 

Monthly 

VPRM-EVI 0.05 0.28 

VPRM-SIF 0.10 0.16 
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4.4 Discussion 

4.4.1 Does Site-Specific Parameter Optimization Improve NEE Estimates? 

LUE-based models such as VPRM have been widely applied to various terrestrial 

ecosystems such as cropland and forests, but less attention has been given to northern peatlands 

(Lees et al., 2018). Most studies estimate carbon fluxes at a regional or continental scale using 

model parameter values calibrated at a few available EC tower sites. This is accomplished by 

grouping different ecosystems within the study region under vegetation classes or PFTs (e.g. 

Mahadevan et al., 2008; Hilton et al., 2014; Luus and Lin, 2015). Some research studies had to 

rely on literature-derived LUE parameter, ε, and other model parameter values to estimate site-

specific carbon fluxes (Lees et al., 2018). However, it has been argued that one of the primary 

challenges of LUE models is that they require a well-constrained LUE parameter (ε) to provide 

reliable estimates of CO2 exchange, particularly in peatland ecosystems (Kross et al., 2016). The 

photosynthetic LUE varies not only across biomes but also within the same PFT (Ruimy et al., 

1994; Schwalm et al., 2006).  

In this study, I investigate if a site-optimized LUE model provides improved estimates of 

peatland NEE compared to a PFT-optimized model. The results show that the site-optimized 

VPRM performs better than the PFT-optimized VPRM during the 2007–2008 period at the CF 

site. Following the sign convention that a negative NEE is a net carbon uptake by vegetation and 

a negative MBE is an overestimation of NEE, the PFT-optimized VPRM strongly overestimates 

the mean diurnal NEE flux at CF (Figure 4.3, Table 4.3), particularly between approximately 

10:00 and 17:00 local time (Figure 4.4). The RMSE of the PFT-optimized mean diurnal NEE is 

more than a factor of two larger than that of the site-optimized VPRM (Table 4.3). The improved 



173 
 

accuracy of the site-optimized VPRM at the CF site during the 2007–2008 period is as expected 

since the EC observations for that period were used in the model calibration.  

Interestingly, an evaluation of the modelled NEE during the 2010–2011 validation period 

at CF shows that the PFT-optimized VPRM provided more reliable NEE estimates (Figure 4.11, 

Table 4.6). The site-optimized VPRM systematically underestimated NEE fluxes at the diurnal 

and monthly timescales (Figure 4.12 and Figure 4.13). The systematic bias in mean diurnal NEE 

estimates at CF would suggest that the site-optimized VPRM overestimated respiration both 

during the daytime and nighttime. It was unexpected that the PFT-optimized VPRM would 

perform better than the site-optimized VPRM since the PFT parameter values were from other 

peatland sites (i.e. Mer Bleue, LaBiche, Atqasuk, and Barrow) outside the HBL. Moreover, the 

EC tower observations used for the calibration and validation of the PFT parameter values 

(Hilton et al., 2013) were collected during years outside my study period.  

One possible reason for the improved estimates of NEE by the PFT-optimized VPRM at 

the CF site is that the PFT parameter values were constrained with a much larger dataset, 

covering four different wetland sites and collectively spanning over six years (Hilton et al., 

2013). In contrast, only four years of EC tower data are available for the CF site on the 

AmeriFlux database; two years were used for the site-optimized VPRM calibration and the other 

two years for model validation. The PFT-optimized VPRM also used study sites that included 

EC observations collected all year round, while the site-optimized VPRM used only EC data 

from June–October because there are no year-round EC observations available at the CF study 

site. Indeed, winter EC tower measurements over northern peatlands are rare, and when they do 

exist, are characterized by large data gaps (Lafleur et al., 2003). The site-optimized VPRM 

diurnal and monthly NEE estimates at CF, therefore, have RMSEs that are almost twice as large 
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as the PFT-optimized VPRM estimates during the 2010–2011 validation period (Table 4.6). 

These results are similar to those of Luus and Lin (2015) who found that PolarVPRM 

considerably underestimated GEE during the peak growing season at Daring Lake, Northwest 

Territories, Canada. They reasoned that the disproportionately large model bias at Daring Lake 

compared to other calibration sites was due to the unavailability of year-round EC tower 

observations. 

The biases in modelled NEE estimates at ARB were remarkably similar for the site-

optimized VPRM and PFT-optimized VPRM, both during the calibration and validation periods 

(Table 4.3 and Table 4.6). Following the sign convention used for NEE (negative = carbon 

uptake, positive = carbon release), the two models tend to slightly underestimate NEE at high 

(negative) values and overestimate NEE at low (positive) values (Figure 4.7 and Figure 4.15). 

The site-optimized VPRM and PFT-optimized VPRM together underestimated the net carbon 

uptake between approximately 9:00 and 14:00 local time but overestimated NEE during the 

nighttime (i.e. underestimated respiration) at ARB during the calibration and validation periods 

(Figure 4.8 and Figure 4.16). Overall, NEE estimates of both models display excellent statistical 

agreement with observations at ARB, with reasonably low MBEs and RMSEs at all timescales.  

It is noteworthy that the PFT-optimized VPRM provides comparable or arguably better 

NEE estimates at ARB because the model parameter values were estimated from EC tower 

observations outside the study region, as discussed earlier. This suggests that the VPRM 

environmental scalars, Tscale, Pscale and Wscale, which represent the effect of temperature, 

phenology and water content, respectively, on photosynthesis, are sufficient to determine the 

actual light-use efficiency of vegetation in the HBL. The results presented in this study support 

those of Kross et al. (2016) who argued that a unique maximum LUE parameter value, εmax 
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(denoted as λ in VPRM), may be used for peatlands as long as the LUE model is able to 

adequately resolve the environmental limitations on primary production. Also, Hilton et al. 

(2013) found that VPRM respiration parameter values, α and β, are somewhat consistent across 

vegetation classes in North America. Kuppel et al. (2012) demonstrated that multi-site model 

optimization often produced comparable seasonal and annual NEE cycles to those of single-site 

model optimizations in temperate deciduous broadleaf forests. However, some studies have 

shown contrary results and suggested that PFT classifications do not adequately capture the 

variation in vegetation carbon exchange across sites. For instance, Groenendijk et al. (2011) 

reported that using PFT-generic parameters instead of site-specific optimization to simulate 

photosynthesis resulted in a weaker agreement with EC tower fluxes. They concluded that model 

parameter values vary considerably and cannot be categorized by PFTs. In this study, I 

demonstrate that PFT-optimized VPRM parameterization was able to accurately capture the 

diurnal and seasonal variations of NEE at peatland sites in the HBL. 

 
4.4.2 Can SIF-Based Models Produce More Reliable Estimates of Peatland NEE? 

LUE models are most commonly driven by satellite-derived greenness or chlorophyll 

indices such as NDVI and EVI. Research studies have reported that MODIS EVI showed 

stronger agreement with EC tower GPP compared to MODIS NDVI (Xiao et al., 2004; Schubert 

et., 2010). Satellite-derived VI’s should be more accurately interpreted as a measure of potential 

photosynthetic capacity under optimum environmental conditions rather than actual primary 

productivity which is regulated by temperature and moisture stress. (Xiao et al., 2019). Recent 

advances in remotely-sensed SIF measurements, retrievals and modelling have provided an 

alternative approach to determining the photosynthetic activity of terrestrial ecosystems. There is 

ample evidence that SIF has the potential to estimate actual primary productivity rather than the 
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maximum photosynthetic capacity of the vegetation (Frankenberg et al., 2011; Joiner et al., 

2014; Porcar-Castell et al., 2014). Despite the immense potential of satellite-based SIF, there 

have been some concerns in their application to modelling ecosystem productivity (Xiao et al., 

2019). It has been shown that the relationship between SIF and GPP at the leaf- or canopy-scale 

is complex and may become nonlinear or even reverse direction under certain physiological and 

environmental conditions (Porcar-Castell et al., 2014; Damm et al., 2015; Verma et al., 2017; 

Marrs et al., 2020). Moreover, only a few studies have examined the utility of SIF-driven LUE 

models in estimating ecosystem production in northern peatlands (Luus et al., 2017). 

In this study, I evaluate the performance of satellite-retrieved proxies for photosynthesis 

by driving VPRM alternately with EVI and SIF during the calibration and validation periods. At 

the CF site, both the EVI-based and SIF-based modelled NEE estimates had strong correlations 

with EC tower observations. Table 4.7 and Table 4.8 show NEE biases for the two VPRM 

models when evaluated against EC tower observations at CF and ARB during calibration and 

validation years. VPRM-SIF estimates of CF NEE during the 2007–2008 calibration period had 

lower RMSEs at the daily and monthly timescales, while VPRM-EVI had a lower RMSE at the 

diurnal timescale. During the 2010–2011 validation period at CF, VPRM-SIF had smaller 

RMSEs at the diurnal, daily and monthly timescales compared to VPRM-EVI. At the ARB site, 

VPRM-SIF provided more reliable estimates of NEE at all timescales throughout the study 

period.  

The overall better performance of VPRM-SIF demonstrates that SIF is a more direct 

proxy for photosynthesis in the peatland sites of the HBL. Previous studies in other terrestrial 

ecosystems such as forests, croplands, and savannas have shown that SIF provided improved 

estimates of remotely-sensed GPP (Guanter et al., 2014; Pérez-Priego et al., 2015; Walther et al., 
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2016). It has been suggested that satellite-derived SIF should be employed in land surface 

models since they are more effective than satellite-derived VI’s in capturing the response of GPP 

to environmental stress (Lee et al., 2013). A global analysis of the relationship between OCO-2 

SIF and GPP from EC tower sites showed that satellite-retrieved SIF had a strong agreement 

with observed GPP across various biomes and that OCO-2 SIF provided far more reliable 

estimates of GPP than MODIS-derived VIs. (Li et al., 2018a). Luus et al. (2017) found that the 

SIF-based modelling approach produced better estimates of the timing of spring photosynthetic 

onset and duration of the growing season in the Alaskan tundra ecosystem. They reported that 

the EVI-driven seasonal cycle showed that the growing season started approximately 9 days 

earlier than the SIF-driven model, resulting in an overestimation of carbon uptake by arctic 

vegetation. Similarly, Yang et al. (2015) found that the SIF-GPP relationship is significantly 

strong and SIF is more closely related to GPP than VI’s in temperate deciduous forests. They 

further argued that SIF is not just simply a proxy for APAR but also contains critical information 

about vegetation LUE. Here, I demonstrate that while both the EVI-driven VPRM and SIF-

driven VPRM NEE estimates display strong agreement with EC tower observations, VPRM-SIF 

provides more reliable estimates of peatland NEE in the HBL. This suggests that despite the 

complex and dynamic environmental control on the SIF-GPP relationship at leaf and canopy 

scales (Marrs et al., 2020), their linear correlation remains robust at the ecosystem scale (Verma 

et al., 2017). 
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4.4.3 How Do LUE and Other Model Parameters Vary Within and Between Sites? 

The relatively simple mathematical structure of the VPRM makes it possible to evaluate 

model sensitivities to parameter estimates and diagnose errors in simulated NEE (Lin et al., 

2011). As described earlier, only four parameters are used for the computation of NEE in 

VPRM: two parameters (λ and PAR0) are used to calculate GEE, and two parameters (α and β) 

are used to calculate respiration. The biases in the mean diurnal and monthly estimates of VPRM 

NEE can be diagnosed by: 

(i) Comparing model parameter values constrained by EC tower observations during 

the calibration period at the CF (2007–2008) and ARB (2011–2013) study sites, 

against the wetland PFT parameter values from Hilton et al. (2013). 

(ii) Analyzing model parameter values estimated during the calibration period against 

optimal parameter values for the validation period at CF (2010–2011) and ARB 

(2014 – 2015). 

The different model parameter sets used to run the EVI-based VPRM are shown in Table 4.9.  

First, I compare the model parameter values used for the site-optimized VPRM 

(Calibra_Param) during the calibration period against those parameter values used in the PFT-

optimized VPRM (PFT-Param). The difference between Calibra_Param and PFT_Param 

explains why the PFT-optimized VPRM strongly overestimated the mean diurnal NEE around 

afternoon at the CF site. The PFT-optimized VPRM has a much higher PAR0 (half-saturation 

value), though λ (LUE) is much lower. In addition, β (basal rate of respiration) is very small for 

PFT_Param compared to Calibra_Param. As a result, the PFT-optimized VPRM overestimated 

photosynthesis and underestimated respiration at CF during the 2007–2008 calibration period 

(Figure 4.3 – 4.5). At the ARB site, the differences between the Calibra_Param and PFT_Param 
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are considerably smaller compared to the CF site (Table 4.9). Thus, the estimated mean diurnal 

and monthly NEE are remarkably similar at ARB during the 2011–2013 calibration period 

(Figure 4.7 –4. 9). 

 

 

Table 4. 9. VPRM parameter sets*. Calibra_Param are parameter values 
estimated from associations found between meteorological and EC NEE tower 
observations (June–October) during the calibration period at CF (2007–2008) 
and ARB (2011–2013). Optimiza_Param are recalculated optimal parameter 
values using meteorological and EC NEE observations during the validation 
period at CF (2010–2011) and ARB (2014 – 2015). PFT_Param are the PFT 
parameter values for North American wetlands from Hilton et al. (2013). 

CF lambda (λ) alpha (α) beta (β) PAR0 

Calibra_Param 0.29 0.08 0.40 105 

Optimiza_Param 0.18 0.09 -0.16 200 

PFT_Param 0.08 0.09 0.04 618 

ARB     

Calibra_Param 0.12 0.10 -0.13 323 

Optimiza_Param 0.16 0.11 -0.05 240 

PFT_Param 0.08 0.09 0.04 618 

*Units are in: λ: μmole CO2 m-2 s-1/μmole PAR m-2 s-1; α: μmole CO2 m-2 s-1/0C;  

β: μmole CO2 m-2 s-1; PAR0: μmole m-2 s-1 
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Second, I analyze the model parameter values used for the site-optimized VPRM 

(Calibra_Param) during the validation period against the optimal parameter values for the 

validation period (Optimiza_Param). As described earlier, EC tower observations during the 

calibration years were used to constrain Calibra_Param, and then Calibra_Param was used to 

run the site-optimized VPRM during the validation period. For comparison, the optimal 

parameter values (Optimiza_Param) for the validation period were computed by constraining the 

model with EC tower observations collected during the validation period.  

At the CF site, a comparison between Calibra_Param and Optimiza_Param shows that a 

relatively high value of λ is partially offset by a relatively low value of PAR0 for Calibra_Param 

(Table 4.9). This suggests that the main discrepancy between Calibra_Param and 

Optimiza_Param at the CF site is in the β parameter value (Calibra_Param β = 0.40, 

Optimiza_Param β = -0.16). Thus, the biases in the mean diurnal NEE estimates at CF during the 

2010–2011 period can be attributed to the difference between the Calibra_Param and 

Optimiza_Param β values (0.56 μmole CO2 m-2 s-1) as shown in Figure 4.12. It is apparent that 

Calibra_Param caused the site-optimized VPRM to systematically overestimate respiration both 

during the day and nighttime, resulting in an underestimation of NEE at the CF site for the 2010–

2011 period. When the optimal parameter values (Optimiza_Param) were instead used to run the 

site-optimized VPRM, the biases in respiration and NEE were eliminated (Figure 4.26).  

Luus et al. (2017) previously published model parameter values of 0.15 for λ and 241 for 

PAR0 for Alaskan wetland sites. These parameter values are more consistent with 

Optimiza_Param (λ = 0.18 and PAR0 = 200) than Calibra_Param (λ = 0.29 and PAR0 = 105) at 

CF. This suggests that the 2007–2008 calibration years at CF may have been rather unusual, 

which could also explain the overall better performance of VPRM at the ARB site. Indeed, 
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Calibra_Param and Optimiza_Param have a stronger agreement at ARB, and there is no major 

improvement to the mean diurnal NEE estimates when the site-optimized VPRM is recalibrated 

with Optimiza_Param during the 2014–2015 validation period at ARB (not shown). 

 

 

Figure 4. 26. A comparison between modelled and observed mean diurnal NEE cycle at the Churchill fen during the 2010–2011 
validation period (CF2). VPRM_Optimiza is the site-optimized VPRM using the recalculated optimal parameter values 
constrained by EC tower observations during the 2010–2011 validation period. 
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4.5 Conclusion 

The reliability of LUE-based model estimates of carbon fluxes largely depends on their 

ability to accurately compute the LUE parameter, ε, and other model parameters. This is 

particularly important in peatland ecosystems which have received less attention in LUE-model 

calibration and validation, compared to other major biomes such as forests and grassland (Kross 

et al., 2016; Lees et al., 2018). In most LUE models, ε is often estimated from a constant εmax 

which is derived from site-specific EC tower observations and adjusted by limiting 

environmental factors such as temperature and water stress (Hilker et al., 2008; Yuan et al., 

2014). The estimated εmax values are then applied to regional or continental scale carbon studies 

based on vegetation classes or PFTs.  

There are still large uncertainties in the reliability of the aforementioned approach to 

estimating LUE-based model parameter values. For instance, some studies have found that LUE 

varied significantly between plants and across different ecosystems (Gamon et al., 1995; Turner 

et al., 2003), while other studies have suggested that LUE parameter values were constant or 

relatively invariant across several PFTs (Yuan et al., 2007; Hilton et al., 2013). Kuppel et al. 

(2012) and Hilton et al. (2013) showed that model respiration parameter values, such as VPRM’s 

α and β, only vary slightly across biomes. It has also been argued that vegetation functional type 

and the presence of non-vascular plant cover such as understory moss have considerable impacts 

on the photosynthetic LUE in high-latitude tundra ecosystems (Huemmrich et al., 2010). 

Moreover, few studies have investigated the variability and controls of ε in northern peatlands 

(Schubert et al., 2010; Harris and Dash, 2011; Kross et al., 2013), and no studies have evaluated 

the applicability of LUE-based models in the HBL region of Canada.  
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Moreover, satellite-derived EVI has been widely used as a proxy for FAPAR in LUE-

based models to estimate GPP. It has been shown that in comparison to MODIS GPP, MODIS 

EVI produced similar or better statistical relationships with observed GPP over North American 

EC tower sites (Rahman et al., 2005; Sims et al., 2006). Recently, SIF retrieved from the OCO-2 

satellite has provided an independent approach for estimating plant primary production 

(Frankenberg et al., 2014; Mohammed et al., 2019). Nevertheless, the ability of SIF to correctly 

capture short-term and landscape-scale variations in photosynthetic carbon uptake in response to 

ecological stresses still remains uncertain (Middleton et al., 2018; Helm et al., 2020; Marrs et al., 

2020). 

In this study, I evaluated a site-optimized and a PFT-optimized VPRM at the Churchill 

fen and Attawapiskat River bog sites in the HBL, and compared an EVI-driven VPRM and a 

SIF-driven VPRM to determine which modelling approach provided more reliable estimates of 

peatland photosynthesis. I also investigated the variation in LUE and other model parameter 

values within and between the study sites. The results showed that the site-optimized VPRM 

produced improved NEE estimates at the Churchill fen during the 2007–2008 period compared 

to the PFT-optimized VPRM. The biases in model NEE estimates suggest that the PFT-

optimized VPRM performed better than the site-optimized VPRM during the 2010–2011 period 

at the Churchill fen. In contrast, mean NEE estimates at the Attawapiskat River bog were 

remarkably comparable for the site-optimized VPRM and PFT-optimized VPRM throughout the 

study period (2011–2015). The two models generally overestimated NEE during the calibration 

period but underestimated NEE during the validation period at both study sites. Furthermore, the 

SIF-driven VPRM overall produced more reliable estimates of NEE in the HBL compared to the 

EVI-driven VPRM. 
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The site-optimized model parameter values for the calibration and validation periods 

varied considerably within the Churchill fen, as well as between the Churchill fen and 

Attawapiskat River bog. It was found that the biases in site-optimized VPRM NEE estimates at 

the Churchill fen during the 2010–2011 validation period were primarily due to unsuitable β 

parameter values which resulted in an overestimation of respiration. Also, the VPRM parameter 

values for the calibration period at the Churchill fen were substantially different compared to 

those from the Attawapiskat River bog and previously studied Alaskan tundra sites. This may 

suggest that 2007–2008 were atypical years at the Churchill fen. 

The PFT-optimized VPRM was able to capture the mean diurnal and monthly variations 

in NEE at the study sites, with an overall similar performance to the site-optimized VPRM. In 

particular, the PFT-optimized VPRM estimates of NEE showed strong agreement with EC tower 

observed NEE at the Attawapiskat bog throughout the study period. This impressive 

performance of the PFT-optimized VPRM can be interpreted in two opposing ways. On the one 

hand, it implies that the relatively simple structure of the VPRM, its effective environmental 

scalars, (Tscale, Pscale and Wscale), and its superb ability to integrate satellite-based surface 

reflectance, phenology and FAPAR proxy data make it robust to intra-PFT and inter-annual 

variations in model parameter values. On the other hand, it suggests that the VPRM uses 

different and somewhat inconsistent combinations of model parameter values to arrive at 

comparable mean diurnal and monthly NEE estimates within and across study sites. 

Nevertheless, it is clear that the VPRM can serve as a valuable tool for studying long-term CO2 

exchange in peatland sites, and the model parameter values can be applied on a larger scale to the 

entire HBL region. 
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5 Chapter 5 – Long-term response of peatland carbon exchange to climatic 
changes in the Hudson Bay Lowlands 

Chapter 5 

 
Long-term response of peatland carbon exchange to 
climatic changes in the Hudson Bay Lowlands 
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Abstract 

Northern peatlands have been a persistent net sink of atmospheric carbon due to the greater rates 

of plant photosynthesis compared to ecosystem respiration in these regions. Recent global 

warming and the associated Arctic amplification have raised serious concerns about the carbon 

(C) sink strength of northern peatlands. In the vast peatlands of the Hudson Bay Lowlands region 

of Canada, the potential changes in the carbon balance could be even more important. Warming-

induced changes in sea ice dynamics and the surface energy balance over the Hudson Bay have 

altered its advective influence on the adjacent lowlands. Despite our knowledge of the short-term 

carbon exchange in the peatlands of the HBL, there remain large uncertainties about the long-

term combined response of net plant productivity and soil respiration to these climatic changes. 

In this study, the satellite data-driven Vegetation Photosynthesis and Respiration Model (VPRM) 

was employed to investigate the response of gross photosynthesis (GPP), ecosystem respiration 

(ER), and net ecosystem exchange (NEE) to climate warming and moisture changes at a fen and 

bog in the HBL. The results show contrasting net CO2 exchange in the peatland sites over the last 

20 years, with the fen acting as a net C source (+24 g C m-2) to the atmosphere and the bog 

serving as a net C sink (-130 g C m-2). Strong anomalies in GPP and ER were associated with 

climatic trends in temperature and moisture between the 2000–2019 study period. There is ample 

evidence that a warmer and wetter climate enhanced GPP much more than ER, while cooler 

temperatures weakened the peatland net C sink regardless of the moisture conditions. 

Additionally, an examination of the advective influence of the Hudson Bay on the adjacent HBL 

reveals markedly different carbon dynamics between offshore and onshore winds, with higher 

respiration rates (12%–26%) during offshore winds. The implications for peatland C balance 

under increased frequency of onshore winds in the HBL are discussed. 
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5.1 Introduction 

Peatlands are estimated to cover only about 3% (4 × 106 km2) of the global landmass yet 

store approximately 400-600 Pg of carbon (Gorham, 1991, 1995; Maltby & Immirzi, 1993; Yu et 

al., 2010). The mid- and high-latitude peatlands represent over half of the world’s wetlands and 

account for the majority of the global peatland soil organic carbon (C) stocks. They store an 

estimated 500 Pg C, which is equivalent to one-third of the world’s soil organic carbon pool 

(Limpens et al., 2008; Gorham et al., 2012; Yu, 2012).  

Canadian peatlands cover about 12% of the total land area and account for about one-

quarter of the world’s peatlands (Webster et al., 2018). Here, peatlands store approximately 150 

Pg of organic C (Tarnocai et al., 2006), of which 67% occurs in the Boreal and 30% in the 

Subarctic peatland regions (Zoltai, 1980; Webster et al., 2018). The largest peat-accumulating 

complex in Canada––and the second largest in the world––is located in the Hudson Bay 

Lowlands (HBL). The HBL region is mainly found in Ontario, extending northwest to Manitoba 

and east to Quebec. It covers an area of ~250,000 km2, comprising 25% of Canada’s wetlands, 

and roughly 6% of the northern C reservoir (Riley, 2011; McLaughlin and Webster, 2014; 

Packalen et al., 2014). The average peat thickness in the HBL is about 0.5 m but can extend up to 

4 m in inland locations, particularly in the northern part of the region (Dredge and Mott 2003; 

Riley 2011). Peat initiation in the HBL started during the mid-Holocene following the final 

retreat of the Laurentide Ice Sheet. The region was initially inundated by the post-glacial Tyrrell 

Sea until around 8,500 years ago, after which extensive peatland development occurred as new 

land emerged from the Hudson Bay due to glacial isostatic adjustment (Packalen et al., 2014). 

Although isostatic uplift has since slowed, the coastal HBL is still rising today at a rate of 5–12 

mm per year (Peltier, 2004). Differential rates of peat accumulation over low relief deposits of 
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glacio-marine sediments (Martini, 2006) and the spatial variations in the rate of isostatic 

adjustment across the HBL (Packalen et al., 2014) have promoted the development of different 

hydrogeomorphic features including microforms (hummocks, lawns and hollows) within fens 

and bogs (Belyea and Clymo 2001; Harris et al., 2020). 

Northern peatlands play a crucial role in the global carbon cycle and have served as an 

important sink of carbon dioxide (CO2) since the Last Glacial Maximum (Bridgham et al., 2006; 

Jones and Yu, 2010; Zhuang et al., 2020). Long-term carbon accumulation in peatlands has 

occurred as a result of the persistent imbalance between gross primary production (GPP) and 

ecosystem respiration (R or ER). Here, carbon uptake by vegetation exceeds carbon loss from 

microbial decomposition due to cool and anerobic environmental conditions. The slow but 

sustained removal of atmospheric carbon by northern peatlands has traditionally had a net 

cooling effect on the global climate. However, recent climatic changes across the world have 

raised serious concerns about the stability of the northern peatland carbon reservoir and its ability 

to continue to act as a net sink of carbon. Significant changes in temperatures in permafrost 

regions since the early 1900s are likely to have major implications on peatland carbon balance 

(Roulet et al., 2007; Price et al., 2013; Meredith et al., 2019). Global warming, which is 

amplified by the snow- and sea ice-albedo feedback effects in the Arctic and Subarctic regions 

could result in an increased microbial breakdown of previously frozen peat (Gorham et al., 2012; 

Chaudhary et al., 2020).  

The potential reduction in northern peatland resilience under climate change may be 

further exacerbated by drier conditions associated with an increase in evapotranspiration (ET), 

changes in precipitation patterns and the anthropogenic drainage of peatlands for infrastructure 

development (Shukla et al., 2019; Harris et al., 2020; Yuan et al., 2019). Recent studies have 
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shown that warming over peatland regions increases the atmospheric vapour pressure deficit 

(VPD) and ET rates, as well as permafrost thaw depth, thus accelerating the decomposition of 

organic matter (Novick et al., 2016; Gill et al., 2017; Helbig et al., 2020). Furthermore, peatland 

drainage due to land-use changes from agriculture, mining, and forestry may increase carbon loss 

in northern peatlands as a result of more intense and widespread wildfires (Turetsky et al., 2011; 

Kettridge et al., 2015). Granath et al. (2016) found that climate and land-use change caused a 

considerable increase in wildfire risks across managed peatlands in Canada and northern Europe. 

The response of arctic and subarctic peatlands to a warming climate will be largely influenced by 

their sensitivity to changes in water table depth. 

Despite the importance of peatlands in regulating climate and their vulnerability to global 

warming, the long-term (decadal) impact of changes in temperature and moisture conditions on 

northern peatlands remain uncertain. There is strong evidence that northern high latitudes will 

continue to experience the greatest warming throughout the 21st century with temperatures rising 

faster during winter than summer (IPCC, 2021). Yet, it is still unclear whether warmer 

temperatures would lead to an increase in peatland net ecosystem exchange (NEE) due to greater 

photosynthetic CO2 uptake by plants, or if such an increase in plant production will be offset by 

greater decomposition rates (Qiu et al., 2020) and on what time-scales. There is also considerable 

uncertainty in projected moisture changes in northern peatland regions. Although it is expected 

that precipitation will increase in the Arctic and Subarctic regions (IPCC, 2021), it is possible 

that higher evapotranspiration from warming will lead to the drying of peatlands (Green et al., 

2019; Helbig et al., 2020).  

Ise et al. (2008) and Dorrepaal et al. (2009) argued that ecosystem respiration is typically 

more sensitive to temperature changes than primary production in northern environments. They 
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showed that the increase in carbon losses from peatlands was stronger than the enhancement in 

carbon assimilation rates under warmer temperatures. On the other hand, some research studies 

have demonstrated that a warmer climate will likely favour peat accumulation in most northern 

peatlands over the next century, except under excessive dry conditions (Charman et al., 2013; 

Charman et al., 2015; Packalen et al., 2016). It has been shown that climate change results in 

higher photosynthetic C uptake by northern ecosystems due to the CO2 fertilization effect 

(Bastos et al., 2019; Piao et al., 2020), increase in growing season length (Pedlar et al., 2015; 

IPCC, 2021), and expansion of shrub extent across the region (Myers-Smith et al., 2011; Martin 

et al., 2017; Myers-Smith et al., 2020). In contrast, other researchers found that the enhanced 

photosynthesis of terrestrial ecosystems driven by higher atmospheric CO2 concentrations has 

declined considerably in recent decades (Peñuelas et al., 2017; Wang et al., 2020), and the 

expansion of woody shrubs in peatlands under warmer conditions was inhibited by the rapid 

vertical growth of Sphagnum mosses (Dorrepaal et al., 2009). Indeed, the unresolved fate of 

peatland carbon stability under climate change is due to the complex, non-linear response of 

photosynthesis and respiration to higher atmospheric CO2 concentrations, warmer temperatures, 

and changes in soil water availability. Besides, peatland ecosystems in different parts of the 

Arctic and Subarctic region will have varying responses to these climatic changes and feedbacks. 

Paleoclimatic studies of peatland carbon stocks in North America showed that the 

greatest C accumulation rates in northern peatlands occurred during the Holocene Thermal 

Maximum from the period 10,000 to 8,000 years ago (Zhuang et al., 2020). The higher 

temperatures and moisture conditions during this period accelerated peat growth through 

enhanced vegetation production. However, continued warmer temperatures during the late 

Holocene resulted in a decline in peat accumulation due to increased moisture loss and 
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heterotrophic respiration. This suggests that current global warming may initially promote a net 

increase in carbon uptake by peatland vegetation over the next few decades; however, a further 

rise in temperatures, permafrost degradation and changes in wetland dynamics during the latter 

part of the 21st century may considerably reduce the capacity of northern peatlands to sequester 

carbon (Gallego-Sala et al., 2018; Chaudhary et al., 2020). Additionally, Qiu et al. (2020) 

showed that peatland extent in western Canada and western Europe may shrink, and these 

regions may shift from being carbon sinks to sources, particularly under rapid global warming 

scenarios. The study found that peatlands of the Western Siberian Lowlands and the HBL were 

relatively more resilient to climate warming, with both their areal extent and carbon sink 

capacity increasing over the 21st century. 

The short-term carbon dynamics of peatlands in the HBL region has been well-studied 

(Humphreys et al., 2014; Hanis et al., 2015; Helbig et al., 2019; Nwaishi et al., 2020), yet the 

longer-term (decadal) fate of the HBL peatlands NEE in response to climate change is still 

poorly understood (McLaughlin and Packalen, 2021). Moreover, different peatland types and 

permafrost features in the HBL have exhibited varied responses to warmer temperatures and 

moisture changes (McLaughlin and Webster, 2014; Webster et al., 2018). The impact of global 

warming on the NEE of the HBL is further complicated by the negative trends in sea ice extent 

and a lengthening of the ice-free season over the Hudson Bay (Hochheim and Barber, 2014), as 

well as the recent changes in the surface radiation and energy budget over the Bay (Bello and 

Higuchi, 2019).  

It has been shown that the Hudson Bay exerts a strong advective influence on the surface 

energy balance in the HBL (Rouse and Bello, 1985; Lafleur and Rouse, 1988; Delidjakova et al., 

2016). The onshore winds blowing from the Bay towards the HBL are relatively cold and moist 
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compared to the warm and dry offshore winds. A comprehensive long-term analysis of the 

mesoscale wind and temperature trends across approximately 200 grid locations in the HBL 

revealed that recent global warming and trends in Hudson Bay sea-ice have caused significant 

changes in the mesoscale wind regimes and the advective role of the Bay on the surface energy 

balance in the HBL region (Chapter 2). The study found a strong increasing trend in onshore 

wind frequency of about 7% over the last 40 years. The largest changes occur in June when the 

onshore winds have increased by 17%, resulting in a shift from offshore to onshore winds 

dominance in June over the HBL region as a whole. It was also shown that the rise in 

temperatures during offshore wind regimes was stronger than those during onshore winds, with 

the most rapid temperature increase occurring in June and September.  

The impacts of these climatic changes in the mesoscale wind and temperature regimes on 

the surface energy balance of the HBL have been extensively investigated (Chapter 2 and 3), but 

their effects on the terrestrial ecosystem carbon dynamics have not yet been examined. 

Delidjakova et al. (2016) provided the first and only known quantitative evidence of the 

advective influence of Hudson Bay on the net ecosystem exchange of the HBL. Although they 

provided valuable insights into the interactions between mesoscale wind regimes and carbon 

fluxes in the HBL, the study was limited to a single eddy covariance (EC) measurement tower 

site over one growing season. 

The current study attempts to reduce these important research gaps and address the 

uncertainties in the long-term response of peatland carbon exchange to climatic changes in the 

HBL. Additionally, this study aims to advance our understanding of the advective impacts of the 

Hudson Bay on the NEE in the adjacent lowlands under global warming. The main objectives of 

this study are to 1) extend the limited EC carbon flux data over a fen and bog site in the HBL and 
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examine the net CO2 exchange during the growing season; 2) investigate the 20-year response of 

peatland C balance to changes in temperature and moisture conditions; 3) quantify the relative 

importance of environmental controls on peatland C balance; and 4) assess the advective 

influence of the Hudson Bay on the C dynamics of the HBL under global warming. 

 

5.2 Methods 

5.2.1 Study Sites and EC Tower Flux Data 

Fens and bogs are the two most common peatland types in boreal North America. Two 

sites that represent these major peatland types in the HBL were selected for this study based on 

EC flux data availability. The first study site (58°39’57"N, 93°49’48"W) is a fen located on the 

western shore of the Hudson Bay in northern Manitoba. The site is about 12 km south of the 

Churchill Northern Studies Centre, which is approximately 23 km east of the town of Churchill. 

(Figure 5.1). The closest major settlement to Churchill is Thompson, about 400 km to the south. 

The study area is underlain by continuous permafrost where the active layer can be over 1.5 m 

deep (Brown, 1970; Hanis et al., 2013). It is situated at the intersection of three major 

ecosystems consisting of marine, boreal forest and tundra. The Churchill fen (CF) features 

microforms dominated by sedge lawns, hummocks and hollows, which have up to 0.4 m of peat 

over carbonate-rich glaciomarine sediments (Rouse et al., 2002). The sedge lawns cover roughly 

55% of the fen and are dominated by Carex aquatilis Wahlenb. and an understory of the moss 

Pseudocalliergon turgescens (Jensen) Loeske (Raddatz et al., 2009). The hummocks are 

dominated by Cladina spp. and Cladonia spp of lichens and the moss Dicranum elongatum 

Schwaegr. The hollows are characterized by mats of P. turgescens, underlain with peat which 
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overlies a mineral substrate (Hanis et al., 2013; Hanis et al., 2015). The climate of Churchill is 

subarctic and the daily average temperature ranges from a minimum of -26.0 °C in January to a 

maximum of 12.7 °C in July, with an annual average of -6.5 °C (Environment Canada, 2020). 

Over the 1981–2010 climate normal period, the area received average annual precipitation of 

approximately 453 mm, with about 44% of the annual precipitation falling as snow in all months 

except July and August (Environment Canada, 2020). 

The second study site (52°41′N, 83°56′W) is a treed/low shrub ombrotrophic bog 

(Humphreys et al., 2014) located in the southern part of the HBL approximately 100 km west of 

the town of Attawapiskat, at the mouth of the Attawapiskat River on James Bay in northern 

Ontario. Attawapiskat is home to the Attawapiskat First Nation, a small Mushkegowuk 

community with a population of about 2,000. The study site is located roughly 13 km south of 

De Beers Canada Victor Mine; a 15-hectare open pit kimberlite where commercial diamond 

production began in 2008 (AMEC, 2004). The Attawapiskat River bog (ARB) features raised 

hummocks covered equally by Sphagnum mosses and lichens. A sporadic overstory dominated 

by ericaceous shrubs and stunted evergreen black spruce trees is also present (Helbig et al., 

2019). The area surrounding the study site is estimated to store about 100 kg C m-2, with peat 

thickness ranging from about 1–4 m (Akumu and McLaughlin, 2014). The water table depth 

fluctuates between 0.1 m above the moss surface in April and 0.2 m below the moss surface in 

August (Harris, 2017; Helbig et al., 2019). The nearest weather station with a long-term climate 

record is at Moosonee, 160 km south of Attawapiskat. There, the daily average temperature 

ranges from a minimum of -20.0 °C in January to a maximum of 15.8 °C in July, with an annual 

average of -0.5 °C. The area received average annual precipitation of approximately 704 mm 
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over the 1981–2010 climate normal period, with about 71% of the annual precipitation falling as 

rain particularly between June and October (Environment Canada, 2020). 

EC tower observations from AmeriFlux (https://ameriflux.lbl.gov) were obtained for the 

CF site (Papakyriakou, 2020; Tenuta, 2020) and ARB site (Todd and Humphreys, 2018). The 

two sites are categorized as permanent wetlands under the International Geosphere-Biosphere 

Programme (IGBP) vegetation cover classification system (Loveland and Belward, 1997). Four 

years of EC flux measurements are available for the CF site (2007, 2008, 2010, 2011) and five 

years of data for the ARB site (2011–2015). It is noteworthy that the CF and ARB sites are two 

of the only three EC tower sites within the HBL with publicly available data on the AmeriFlux 

network. Further details about the EC flux instrumentation and measurements at the CF and 

ARB sites have been provided by Hanis et al. (2015) and Humphreys et al. (2014), respectively. 

 
 

 

Figure 5. 1. Map showing the locations of study sites in the Hudson Bay Lowlands 
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5.2.2 Terrestrial Carbon Flux Model 

This study employs a modified version of the Vegetation Photosynthesis and Respiration 

Model (VPRM, Mahadevan et al., 2008) driven by satellite-derived solar-induced chlorophyll 

fluorescence (SIF), and constrained by EC tower observations from the CF and ARB study sites. 

As a light-use efficiency (LUE)-based land surface model, VPRM has been shown to provide 

reliable estimates of terrestrial CO2 fluxes across various ecosystems in North America, 

including peatlands (Hilton et al., 2014; Luus and Lin, 2015). 

VPRM simulates NEE as the difference between the gross ecosystem exchange (GEE) 

and the ecosystem respiration (R or ER). 

𝑁𝐸𝐸 = 𝑅 − 𝐺𝐸𝐸       (1) 

 

Following Mahadevan et al. (2008), GEE is modelled as 

𝐺𝐸𝐸 = 𝐿𝑈𝐸 × 𝐹𝐴𝑃𝐴𝑅 ×
1

(1 + 𝑃𝐴𝑅/𝑃𝐴𝑅଴)
× 𝑃𝐴𝑅                                        (2) 

where LUE is the light-use efficiency in μmol CO2/ μmol PPFD, FAPAR is the fraction of 

photosynthetically active radiation (PAR, in μmol m-2 s-1) absorbed by the photosynthetically 

active portion of the vegetation, and PAR0 is the half-saturation value of PAR. 

LUE is further decomposed into 

𝐿𝑈𝐸 =  𝜆 × 𝑇௦௖௔௟௘ × 𝑃௦௖௔௟௘ × 𝑊௦௖௔௟௘     (3) 

where λ is the maximum LUE (i.e. the maximum quantum yield), and Tscale, Pscale, and Wscale are 

the scaling factors that represent the effects of temperature, leaf phenology, and water stress, 
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respectively, on LUE. These scalers range from 0.0 to 1.0 and vary in both time and space 

(Mahadevan et al., 2008). 

The first scaling term Tscale describes the sensitivity of photosynthesis to temperature and 

is expressed as: 

𝑇௦௖௔௟௘ =
(𝑇 − 𝑇୫୧୬)(𝑇 − 𝑇୫ୟ୶)

(𝑇 − 𝑇୫୧୬)(𝑇 − 𝑇୫ୟ୶) − (𝑇 − 𝑇௢௣௧)ଶ
                                             (4) 

where T is air temperature, and Tmin, Tmax, and Topt are the minimum, maximum, and optimum 

temperatures (°C) for photosynthesis, respectively. To prevent instability in model parameter 

values caused by correlation between the parameters, Tscale is computed from literature values of 

Tmin, Tmax, and Topt (Mahadevan et al., 2008).       

 The second scaling term Pscale represents the effects of leaf phenology on canopy 

photosynthesis. From bud burst to leaf full expansion and during senescence, Pscale is computed 

by 

𝑃௦௖௔௟௘ =
1 + 𝐿𝑆𝑊𝐼

2
                                                                       (5) 

where LSWI is the satellite-derived land surface water index (Xiao et al., 2004). Pscale is not 

required in VPRM-SIF and was therefore not included in this study. 

 The third scaling term Wscale describes the regulation of LUE by canopy moisture content 

and is calculated as 

𝑊௦௖௔௟௘ =
1 + 𝐿𝑆𝑊𝐼

1 + 𝐿𝑆𝑊𝐼௠௔௫
                                                               (6) 
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where LSWImax is the maximum LSWI during the growing season. The LSWI is estimated using 

the NIR (0.78–0.89 μm) and SWIR (1.58–1.75 μm) spectral bands (Xiao et al., 2002) as 

 

𝐿𝑆𝑊𝐼 =  
𝜌௡௜௥ − 𝜌௦௪௜௥

𝜌௡௜௥ + 𝜌௦௪௜௥
                                                                   (7) 

Studies have shown that the LSWI is sensitive to canopy water content (Tucker, 1980) due to the 

strong light absorption by liquid water in the SWIR waveband (Chandrasekar et al., 2010). 

To model photosynthesis, I use satellite-derived SIF as a proxy for FAPAR. SIF is an 

electromagnetic signal emitted by assimilating plants. This chlorophyll fluorescence represents a 

fraction of the light energy that is absorbed by vegetation but not utilized during photosynthesis. 

SIF is therefore a photo-protective mechanism by which excess energy is re-emitted at longer 

wavelengths from approximately 650 to 850 nm, with two peaks at 685 nm (red) and 740 nm 

(far-red). It has been shown that SIF is a more accurate proxy for plant productivity compared to 

the Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI) 

(Porcar-Castell et al., 2014; Yang et al., 2015; Chapter 4). SIF is also more sensitive to changes 

in photosynthetic capacity resulting from temperature and moisture stresses (Joiner et al., 2014; 

Rascher et al., 2015). Furthermore, the strong relationship between satellite-derived SIF and GPP 

at various spatial scales have been widely reported (Frankenberg et al., 2011; Li et al., 2018b; Lu 

et al., 2018).  

The modified VPRM thus simulates the gross ecosystem exchange as 

𝐺𝐸𝐸 = 𝜆 × 𝑇௦௖௔௟௘ × 𝑊௦௖௔௟௘ ×
𝑆𝐼𝐹

cos (𝑆𝑍𝐴)
×

1

(1 + 𝑃𝐴𝑅/𝑃𝐴𝑅଴)
× 𝑃𝐴𝑅                (8) 

where SZA is the solar zenith angle. 
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Ecosystem respiration (R) is modelled as a simple linear function of air temperature (T): 

𝑅 = 𝛼 × 𝑇 + 𝛽                                                                  (9) 

where α and β are the regression coefficients representing the slope or the sensitivity of 

respiration to air temperature and the basal rate of respiration under very low temperatures, 

respectively.  

Hilton et al’s (2013) elegant R implementation of the VPRM (VPRMLandSfcModel) which 

includes tools to estimate parameter values was employed in this study. 

 
5.2.3 Remote-Sensing Observations 

VPRM is driven by remotely sensed measurements derived from MODIS and OCO-2 

satellite datasets. Surface Reflectance product MOD09A1 at 8-day, 500m resolution (Vermote, 

2015) was retrieved from MODIS Collection 6 dataset which implemented several improved 

processing algorithms from earlier versions (ORNL DAAC, 2018). In addition, satellite-derived 

chlorophyll fluorescence was acquired from the global spatially contiguous SIF (CSIF) product 

at 4-day, 0.05° resolution (Zhang et al., 2018). The clear-sky instantaneous CSIF dataset has 

been shown to have high accuracy and small bias across various terrestrial ecosystems. 

 
5.2.4 Meteorological Observations 

To run VPRM outside of the available EC tower measurement period, meteorological 

observations were obtained from NOAA’s North American Regional Reanalysis (NARR) model, 

produced by the National Centers for Environmental Prediction (NCEP). NARR is a long-term, 

dynamically consistent, high-resolution, atmospheric and land surface hydrology dataset for the 

entire North American domain (Mesinger et al., 2006). VPRM was driven by NARR 3-hourly air 
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temperature and downward shortwave radiation (PAR = 1.98 × SW; Lin et al., 2011) to compute 

3-hourly CO2 fluxes for CF and ARB over the study period (June to October 2000–2019). 

Additional meteorological data including wind direction, precipitation, humidity, evaporation, 

and soil moisture were used to examine the sensitivity of NEE, GPP and ER to environmental 

factors. To assess the advective influence of the Hudson Bay on the HBL, the VPRM CO2 fluxes 

and NARR meteorological observations were subsequently partitioned into onshore and offshore 

wind regimes based on the wind direction. 

 
5.2.5 Model Parameterization 

All four VPRM parameters (λ, PAR0, α, and β) were initially estimated using different 

approaches as discussed previously in Chapter 4. Briefly, one method involved using model 

parameter estimates that have been optimized for peatland plant functional types (PFT) in North 

America (Hilton et al., 2013). Another method involved optimizing VPRM to EC tower flux 

observations from the CF and ARB study sites, and driving the model alternatively with EVI and 

SIF. The DEoptim package (Ardia et al., 2011; Mullen et al., 2011) for the R computing 

environment (R Core Team, 2020) which implements the Differential Evolution (DE) global 

optimization algorithm (Price et al., 2006) was used to find the best-fitting VPRM parameter 

values (Hilton et al., 2013). Overall, model validation and error analysis established that though 

the NEE estimates simulated by the VPRM-PFT, EVI-driven VPRM and SIF-driven VPRM all 

showed strong agreements with EC tower observations, VPRM-SIF provided the most reliable 

estimates of peatland NEE in the HBL. Additional details on model calibration and validation 

have been discussed in Chapter 4. 
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In this study, VPRM was recalibrated using the full range of available half-hourly EC tower 

flux data at the CF (2007, 2008, 2010, and 2011) and ARB (2011–2015) study sites from June to 

October. The presence of large data gaps in 2009 caused by datalogging and power supply issues 

made this year unreliable and was therefore excluded from the CF dataset (Hanis et al., 2015). 

The half-hourly EC flux data for the study sites were filtered to remove measurements taken 

when the friction velocity, u* was below a threshold of 0.2 m s−1 (Baldocchi, 2003; Hanis et al. 

2013). Only non-gap-filled EC tower observations were used here to avoid introducing another 

source of uncertainty to the VPRM parameter estimates (Barr et al., 2004; Lin et al., 2011). 

Model parameter values optimized using the half-hourly EC tower observations were then used 

to run VPRM from June to October during the 2000–2019 study period. This VPRM run was 

driven by MODIS surface reflectance, OCO-2 CSIF, and NARR meteorology. 

 
5.2.6 Statistical Analysis 

The Shapiro–Wilk (Shapiro and Wilk, 1965) and Kolmogorov-Smirnov (Massey, 1951) tests 

for normality and Q-Q plots were used to determine whether the data were normally distributed. 

When the datasets were not normally distributed (Kolmogorov–Smirnov, p < 0.05; Shapiro–

Wilk, p < 0.05), non-parametric statistical methods were employed to analyze the study results. 

Linear regression was used to examine the relationships between modelled and observed CO2 

fluxes or meteorological variables. Either Pearson correlation or Spearman rank correlation was 

employed, when applicable, to investigate the response of NEE, GPP and ER to environmental 

factors. Due to the correlation between the environmental variables (i.e. multicollinearity), 

partial correlation analysis (R package ppcor; Kim, 2015) was applied to examine the 

relationships between daily CO2 fluxes and environmental factors during offshore and onshore 

winds. The annual relationships between environmental variables and C fluxes were investigated 
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using stepwise regression (R package MASS; Ripley et al., 2013). Furthermore, the relative 

influences of the environmental controls on peatland C exchange variability were quantified by 

computing the relative importance of each of the predictors in the linear regression model (R 

package relaimpo; Grömping, 2006). Also, the Mann-Kendall test (McLeod, 2011) was used for 

the detection of trends in the time series, while the Theil-Sen slope approach (TSA; Sen, 1968; 

Hirsch et al., 1982) was used to calculate the magnitude of the trend. The Mann-Whitney U test 

was employed to test for statistically significant differences between the means of onshore and 

offshore wind variables. All statistical analyses were carried out using R programming (R Core 

Team, 2020). 

 

5.3 Results 

5.3.1 Validation of VPRM Meteorological Inputs 

 Air temperature and PAR from NARR were needed to run VPRM over the 2000–2019 

study period. The reliability of the NARR meteorological variables was first determined by 

comparing them to the EC tower meteorological observations at the study sites. The results show 

that the 3-hourly NARR temperatures and PAR show strong agreement with EC tower 

observations at the CF study site both on a diurnal (Figure 5.2) and monthly timescale (Figure 

5.3). The NARR model captured approximately 90% and 80% of the variability in the observed 

daily averaged temperatures and PAR, respectively, at CF (not shown). However, it can be seen 

that NARR overestimates both meteorological variables at the CF site during the validation 

period. At the ARB site, the relationships between NARR and EC observed temperatures and 

PAR are likewise strong, with NARR reproducing about 95% and 80% of the variability in the 
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observed daily averaged temperatures and PAR, respectively, during the validation period (not 

shown). Overall, the results suggest that though NARR (at 32 km resolution) overestimates 

measured air temperature and PAR at these HBL peatland sites, it does provide reliable estimates 

of the meteorological inputs required to drive the VPRM CO2 fluxes. 

 

Figure 5. 2. Diurnal NARR air temperatures and PAR compared against EC tower observations at the Churchill fen during the 
2007–2011* recalibration period. *Excluding 2009. 
 

 

Figure 5. 3. Monthly NARR air temperatures and PAR compared against EC tower observations at the Churchill fen during the 
2007–2011* recalibration period. *Excluding 2009 
 

 To further evaluate the accuracy of the NARR meteorological data, VPRM net CO2 

exchange simulated using 3-hourly temperatures and PAR from NARR were compared against 

EC tower NEE observations at the two study sites. The results indicate that the NARR-driven 

VPRM was able to capture both the diurnal and monthly cycle of NEE at the CF (Figure 5.4) and 
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ARB (Figure 5.5) study sites during the NARR validation period. Nevertheless, the model 

performed better at CF than ARB, especially in the evening and during the peak of the growing 

season. The biases in NARR-VPRM estimates of mean diurnal NEE fluxes at CF had 

considerably smaller biases (MBE = 0.00 μmol CO2 m-2 s-1, RMSE = 0.20 μmol CO2 m-2 s-1) 

compared to biases at ARB (MBE = -0.35 μmol CO2 m-2 s-1, RMSE = 0.64 μmol CO2 m-2 s-1) 

over their respective validation periods (Table 5.1). Also, the overall decrease in VPRM 

performance as a result of the NARR meteorology is evident in the modelled NEE biases at 

ARB, and, to a lesser extent, the CF site. For the mean diurnal NEE estimates, the VPRM driven 

by EC tower meteorology at ARB had an MBE of -0.04 μmol CO2 m-2 s-1 (RMSE = 0.35 μmol 

CO2 m-2 s-1), while the NARR-VPRM had a larger MBE of -0.35 μmol CO2 m-2 s-1 (RMSE = 

0.64 μmol CO2 m-2 s-1). The results indicate that VPRM overestimates the net CO2 sink by the 

peatlands of the HBL, particularly when the model is driven by NARR temperatures and PAR. 

 
5.3.2 Environmental Conditions 

NARR meteorological variables including air temperature, PAR, precipitation, 

evaporation, VPD, and soil moisture provide insights into environmental conditions at the CF 

and ARB sites over the 2000–2019 study period. The mean daily temperature between June and 

October at CF was 8.9 °C, with July (13.6 °C) being the warmest month (Table 5.2). The CF site 

received a mean daily PAR of 386 μmol m-2 s-1 over the study period, with PAR peaking in June 

at about 565 μmol m-2 s-1 and declining through the remainder of the season (Figure 5.6). Total 

precipitation from June to October at CF was about 303 mm far exceeding evaporation amounts 

of 172 mm. The CF mean daily vapour pressure deficit (VPD) was roughly 0.40 kPa and the 

mean soil moisture content was 759 mm over the study period.  
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At ARB, the mean daily temperature between June and October was 12.2 °C, with July 

also having the warmest temperature (16.9 °C). The mean daily PAR incident at ARB was about 

401 μmol m-2 s-1 and the highest light levels of 547 μmol m-2 s-1 occurred in June. The bog 

received about 391 mm and 367 mm of total precipitation and evaporation, respectively, between 

June and October. The mean daily VPD was approximately 0.40 kPa, while the mean soil 

moisture was 611 mm, reaching a minimum of about 590 mm in September (Figure 5.7). 

 

 

Figure 5. 4. A comparison between NARR-driven VPRM NEE and observed mean NEE cycles on a diurnal and monthly timescale 
at the Churchill fen during the 2007–2011* recalibration period. *Excluding 2009. 

 

 

Figure 5. 5. A comparison between NARR-driven VPRM NEE and observed mean NEE cycles on a diurnal and monthly timescale 
at the Attawapiskat River bog during the 2011–2015 recalibration period. 
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Table 5. 1. Error Statistics (MBE and RMSE in μmol CO2 m-2 s-1) calculated 
through the comparison of diurnally, daily and monthly averaged estimates of 
VPRM NEE against eddy covariance NEE observations at CF (2007–2011*) 
and ARB (2011–2015). VPRM was driven alternatively with EC site 
meteorology (EC Met-VPRM) and NARR (NARR-VPRM). *Excludes 2009. 

CF MBE RMSE 

Diurnal 

EC Met-VPRM 0.08 0.27 

NARR-VPRM 0.00 0.20 

Daily 

EC Met-VPRM -0.06 0.67 

NARR-VPRM -0.11 0.73 

Monthly 

EC Met-VPRM -0.06 0.31 

NARR-VPRM -0.12 0.34 

ARB   

Diurnal 

EC Met-VPRM -0.04 0.35 

NARR-VPRM -0.35 0.64 

Daily 

EC Met-VPRM 0.01 0.26 

NARR-VPRM -0.28 0.47 

Monthly 

EC Met-VPRM 0.01 0.15 

NARR-VPRM -0.27 0.37 
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Table 5. 2. Monthly environmental conditions at the Churchill fen (CF) and Attawapiskat River Bog 
(ARB) from June to October during the study period (2000–2019). All values are averages except for 
total precipitation and evaporation. 

 Temperature PAR Precipitation Evaporation VPD 
Soil 

Moisture 

CF (°C) 
(μmol m⁻2 

s⁻1) (mm) (mm) (kPa) (mm) 

June 8.8 565 42 44 0.50 781 
July 13.6 544 61 53 0.61 752 
August 13.0 411 76 37 0.46 739 
September 7.8 273 57 24 0.24 749 
October 1.1 139 67 15 0.10 774 
Season 8.9 386 303 172 0.38 759 

ARB             

June 13.5 547 73 98 0.55 649 
July 16.9 528 87 107 0.55 613 
August 15.7 436 88 87 0.43 593 
September 10.9 311 79 52 0.27 590 
October 4.0 183 65 23 0.15 611 

Season 12.2 401 391 367 0.39 611 
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Figure 5. 6. Daily environmental conditions at the Churchill fen (CF) from June to October during the study period (2000–2019). 
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Figure 5. 7. Daily environmental conditions at the Attawapiskat River Bog (ARB) from June to October during the study period 
(2000–2019). 
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5.3.3 Net Ecosystem Exchange at Peatland Sites 

VPRM estimates of GPP, ER, and NEE from 2000 to 2019 show noticeable seasonal and 

spatial variations between the CF and ARB sites. At the Churchill fen, mean GPP was 1.14 μmol 

m⁻2 s⁻1 (181 g C m-2) during the study period (Table 5.3), with the largest productivity occurring 

in July (1.97 μmol m⁻2 s⁻1) and August (2.02 μmol m⁻2 s⁻1). The mean ER ranged from 1.86 

μmol m⁻2 s⁻1 in July to 0.36 μmol m⁻2 s⁻1 in October, with a seasonal mean of 1.29 μmol m⁻2 s⁻1 

(205 g C m-2). Ecosystem respiration rates at the fen initially exceeded plant productivity 

resulting in a net CO2 emission of about 0.53 μmol m⁻2 s⁻1 in June (Figure 5.8). By mid-July, the 

fen had become a net sink of CO2, but the maximum plant C uptake (approximately -0.50 μmol 

m⁻2 s⁻1) did not occur until around late July to early August. The rates of ER exceeded GPP in 

September and October at the CF site. Overall, the fen was a net C source of 24 g C m-2 to the 

atmosphere during the 2000–2019 study period. 

 

Table 5. 3. Monthly average CO2 fluxes at the Churchill fen (CF) 
and Attawapiskat River Bog (ARB) from June to October during 
the study period (2000–2019). 

 NEE_VPRM GPP_VPRM ER_VPRM 

CF (μmol m⁻2 s⁻1) (μmol m⁻2 s⁻1) (μmol m⁻2 s⁻1) 

June 0.53 0.76 1.29 
July -0.11 1.97 1.86 
August -0.23 2.02 1.79 
September 0.31 0.86 1.16 
October 0.26 0.11 0.36 
Season 0.15 1.14 1.29 

ARB       

June -0.78 2.43 1.65 
July -1.52 3.60 2.08 
August -1.29 3.21 1.92 
September -0.50 1.82 1.32 
October 0.00 0.48 0.47 

Season -0.82 2.31 1.49 
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Figure 5. 8. Daily average CO2 fluxes at the Churchill fen from June to October during the study period (2000–2019). 

 

 
Figure 5. 9. Daily average CO2 fluxes at the Attawapiskat River Bog from June to October during the study period (2000–2019). 

The carbon fluxes at the bog site were much larger than at the fen. Here, the mean GPP 

ranged from a maximum of 3.60 μmol m⁻2 s⁻1 in July to a minimum of 0.48 μmol m⁻2 s⁻1 in 

October (Table 5.3). The gross photosynthetic CO2 uptake was about 2.31 μmol m⁻2 s⁻1 (367 g C 

m-2) at the bog during the study period. The mean ER was around 1.49 μmol m⁻2 s⁻1 (236 g C m-

2) for the study season, with the highest mean respiration occurring in July (2.08 μmol m⁻2 s⁻1). 

GPP exceeded ER in all months except October (Figure 5.9), and as a result, the bog was mostly 

a consistent net sequester of carbon. The maximum mean NEE at ARB occurred in July (-1.52 

μmol m⁻2 s⁻1) and the site was carbon neutral in October. Overall, the bog was a net CO2 sink 

during the study period, seasonally removing approximately 130 g C m-2 from the atmosphere. 
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5.3.4 Trends in CO2 Fluxes and Climate Anomalies 

The 2000–2019 study period is characterized by interannual variations in carbon 

exchange over the HBL peatlands. VPRM estimates of the annual (June–October) CO2 fluxes at 

CF show that the site was a carbon source in all years except 2011, 2012, and 2018 (Figure 5.10). 

The fen experienced strong anomalies (relative to the study period average) in annual GPP and 

ER, which coincided with large anomalies in climatic conditions. During the first half of the 

study period, there were strong negative temperature anomalies (> 1°C cooling) in 2000, 2002, 

2004, 2009 (Figure 5.11b), which were correlated with the largest negative trends in GPP and ER 

at the fen (Figure 5.11a). This suggests that the lower temperatures during those anomalous years 

resulted in a decrease in both photosynthesis and respiration at the CF site. Except for 2002, GPP 

was more sensitive to these changes in temperature. Consequently, the fen had a positive NEE 

anomaly (stronger C source) in 2000, 2004 and 2009, releasing an additional 13–18 g C m-2 to 

the atmosphere, compared to the average for the entire study period. In a year when respiration 

was more sensitive to a decrease in temperatures such as occurred in 2002, the trend in NEE was 

negative (weaker C source) at the CF site. 

 
Figure 5. 10. Annual average CO2 fluxes at the Churchill fen during the study period (2000–2019). 
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Other years during the first half of the study period at the fen were characterized by 

moderate positive temperature anomalies (< 1°C warming) accompanied by strong negative soil 

moisture anomalies (Figure 5.11c). These years—particularly 2005 and 2006—were associated 

with relatively small changes in GPP and ER, yet produced strong positive NEE anomalies. The 

warmer and drier conditions either increased ER and decreased GPP (i.e. 2005) or increased ER 

far more than GPP (i.e. 2006). In both cases, the net effect on the fen was a greater C release to 

the atmosphere. 

The second half of the study period was mostly characterized by positive temperature 

anomalies over the fen, with the largest trends (> 1°C warming) occurring in 2011 and 2013. The 

warmer temperatures during those anomalous years were correlated with substantially higher 

photosynthesis and respiration at the Churchill peatland site. The results indicate that the annual 

GPP at the fen was more sensitive to the increase in temperatures in 2011 compared to ER. In 

contrast, the sensitivity of the annual ER was greater than that of GPP in 2013. Therefore, the 

annual NEE anomaly at the fen was negative (enhanced C uptake) in 2011, but positive (higher 

C emission) in 2013, relative to the study period average. Moreover, 2011 is noteworthy because 

the strong temperature anomalies were also accompanied by considerable changes in soil 

moisture conditions at the fen site. The year 2011 and the preceding year (2010) were 

exceptionally wet, with positive precipitation anomalies of about 60 mm and 125 mm, 

respectively (Figure 5.11d). The soil moisture content at CF was considerably high in 2011, with 

a positive anomaly of approximately 40 mm. In the following year (2012), the highest soil 

moisture anomaly of 62 mm was recorded for the study period. The strong positive anomalies in 

soil moisture persisted through 2013 and 2014.  
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Figure 5. 11. Anomalies in annual CO2 fluxes and climatic factors at the Churchill fen during the study period (2000–2019).  
(a) CO2 fluxes, (b) Temperature, (c) Soil moisture, d) Precipitation & Evaporation.  

NEE: Tau = -0.28, p = 0.09, TSA = -18.45
GPP: Tau = 0.39, p = 0.02, TSA = 37.79
ER: Tau = 0.12, p = 0.50, TSA = 11.00
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It is important to note that the exceptionally warmer and wetter climatic conditions in 

2011 and 2012 temporarily shifted the fen into a net CO2 sink (NEE anomaly of -36 g C m-2) as 

the gains in photosynthesis far surpassed the increase in respiration during this period. The only 

other year when this fen was a net sink of CO2 was 2018, though climatic conditions and NEE 

carbon dynamics were quite different from those in 2011 and 2012. The strong negative NEE 

trend (-29 g C m-2) at the fen in 2018 was associated with drier conditions and cooler 

temperatures. The fen received the smallest amount of precipitation in 2018, with a negative 

anomaly of 92 mm. However, the corresponding decrease in soil moisture was relatively modest 

(-17 mm), and temperatures were only about 0.4 °C cooler. The combined effect of the climatic 

conditions in 2018 on the fen was a substantial increase in photosynthetic uptake and a slight 

decrease in respiration rates (net C sink). When these climatic anomalies were reversed (highest 

precipitation, modest increase in soil moisture, and small warming) in 2001 and 2010, the 

directions of the CO2 fluxes were also reversed (greater C losses). 

Overall, the results show a significant (p = 0.02) positive trend in annual GPP at the 

Churchill fen, with an increase of approximately 38 g C m-2 over the 2000–2019 study period 

(Figure 5.11a). On the other hand, there is no significant trend in annual ER at the fen over the 

study period. This has given rise to an increase (C sink) in annual NEE of approximately 18 g C 

m-2 at the fen over the study period, though this trend is not significant (p = 0.09). However, 

strong significant trends were found in July for GPP (24 g C m-2, p = 0.01), ER (8 g C m-2, p = 

0.03) and NEE (-14 g C m-2, p = 0.02), and in August for GPP (19 g C m-2, p = 0.02) and NEE (-

17 g C m-2, p = 0.005) at the CF site (Figure not shown).This suggests that, on balance, the 

anomalies in temperature and moisture conditions during the study period have had a stronger 

influence on peatland photosynthesis than respiration at the CF site. 
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At the Attawapiskat River bog in the southern part of the HBL, the VPRM estimates of 

the annual (June–October) CO2 fluxes show a net carbon sink in all years during the 2000–2019 

study period (Figure 5.12). Ecosystem CO2 exchange over the bog is characterized by large 

interannual anomalies, particularly in the first half of the study period (Figure 5.13a). The 

strongest annual anomalies are found in GPP and NEE at the bog, with both showing significant 

increasing trends (p = 0.02) of about 61 g C m-2 and 42 g C m-2, respectively, over the 2000–

2019 study period. Moreover, there are significant positive anomalies in GPP in July (22 g C m-2, 

p = 0.001) and August (19 g C m-2, p = 0.02). Since there are no significant trends in ER, GPP 

anomalies have resulted in enhanced NEE of approximately 16 g C m-2 in both July (p = 0.004) 

and August (p = 0.06) at the bog (Figure not shown). 

 

 

Figure 5. 12. Annual average CO2 fluxes at the Attawapiskat River Bog during the study period (2000–2019). 
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It can be seen that the NEE anomalies were all positive (reduced C uptake) during the 

first five years at the ARB site, though the climatic trends were rather different among those 

years. NARR climatological analyses (Figure 5.13b-d) show that lower temperatures and 

precipitation (negative anomalies) prevailed from 2000–2002, and were associated with a strong 

decline in photosynthesis but a relatively modest decrease in respiration at ARB. The coldest 

year during the study period was in 2000 when temperatures dropped by about -1.8 °C, 

accompanied by a precipitation decrease of -77 mm at the bog site. These anomalous climatic 

conditions in 2000 likely resulted in a considerable reduction in both GPP (-54 g C m-2) and ER 

(-36 g C m-2), producing a net CO2 release of around 19 g C m-2 from the bog. Photosynthesis 

was equally suppressed in 2001, possibly influenced by the strong temperature anomaly from the 

previous year. On the other hand, respiration had largely recovered, though still slightly lower. 

This massive imbalance between GPP and ER resulted in a large positive anomaly in NEE, with 

a reduction in carbon uptake of 51 g C m-2 at the bog in 2001, compared to the study period 

average. 

Although the bog was characterized by positive NEE anomalies (lower C uptake) during 

the first five years (2000–2004), the climatic trends were somewhat different in 2003 and 2004. 

The amount of precipitation received over the bog was still unusually low in 2003, but 

temperatures were now warmer. This was probably responsible for the shift to a positive ER 

anomaly at ARB as the higher temperatures slightly enhanced respiration, though dry conditions 

continued to constrain plant productivity. In 2004, a strong negative temperature anomaly of 

around -1.3 °C (second coldest year) occurred at the bog, along with a large positive 

precipitation anomaly of about 97 mm (second wettest year). Despite the contrasting 
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precipitation anomalies in 2000 and 2004, the bog displayed remarkably similar trends in GPP, 

ER, and NEE.  

The bog temporarily shifted from predominantly positive NEE anomalies (reduced C uptake) to 

a negative anomaly (greater C uptake) in 2006, and again in 2008. An increase in GPP (mean 

anomaly of 35 g C m-2) rather than changes in ER (mean anomaly of -1 g C m-2) appear to have 

been responsible for this shift in NEE trends during those years. Since there are no major climate 

anomalies in 2006, the trends in NEE may be related to other non-climatic factors at the bog. The 

only noticeable climate anomaly at ARB in 2008 was the persistence of a very high soil moisture 

level, most likely due to the excessive precipitation (accompanied by limited peatland 

productivity) during the previous year. Indeed, the bog site was exceptionally moist in 2007 

(wettest year) and similar to 2004, there was a substantial decrease in GPP which more than 

offset the decline in ER. The largest CO2 sink at the ARB site occurred in 2017 when a strong 

positive anomaly in GPP with no detectable change in ER resulted in a NEE anomaly of -54 g C 

m-2. It seems unlikely that a modest positive anomaly in PAR (Figure not shown) in 2017 could 

have had such a large influence on photosynthetic uptake at the bog. 
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Figure 5. 13. Anomalies in annual CO2 fluxes and climatic factors at the Attawapiskat River Bog during the study period (2000–
2019). (a) CO2 fluxes, (b) Temperature, (c) Soil moisture, d) Precipitation & Evaporation. 

NEE: Tau = -0.39, p = 0.02, TSA = -41.66
GPP: Tau = 0.38, p = 0.02, TSA = 61.06
ER: Tau = 0.24, p = 0.14, TSA = 15.37
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5.3.5 Advective Influence of the Hudson Bay on the Peatlands 

Meteorological and CO2 flux data were classified into two wind regimes based on the 

prevailing wind direction. Onshore winds were defined as winds blowing from the Hudson Bay 

while offshore winds originate from inland. It was found that the offshore winds were 

significantly more dominant during the study period occurring approximately 60% of the time at 

both CF and ARB (Figure not shown). The dominance of offshore winds persisted in all the 

study months except June when the occurrence of the two wind regimes was essentially equal. 

The results show that air temperature, PAR and VPD were considerably different between the 

two wind regimes at both the CF (Figure 5.14) and ARB (Figure 5.15) sites. At the Churchill fen, 

temperatures were significantly higher (1.2 °C, p < 0.0001) during offshore winds than onshore. 

The mean temperature from June to October was about 9.4 °C for offshore winds and 8.1 °C for 

onshore winds over the 2000–2019 study period (Table 5.4). The mean PAR was 353 μmol m⁻2 

s⁻1 during offshore winds and 438 μmol m⁻2 s⁻1 during onshore winds, indicating that light levels 

were significantly lower (-85 μmol m⁻2 s⁻1, p < 0.0001) during periods of offshore winds. The 

atmospheric demand for moisture (VPD) was significantly larger (0.15 kPa, p < 0.0001) during 

offshore winds (0.44 kPa) compared to onshore winds (0.29 kPa).  

At the bog, the average temperature difference between offshore and onshore winds over 

the study period was much higher at around 2.7 °C (p < 0.0001), reaching 4.4 °C in June (Table 

5.5). Here, the mean PAR was 406 μmol m⁻2 s⁻1 during offshore and 392 μmol m⁻2 s⁻1 during 

onshore winds. This indicates that, unlike the fen site, light levels were slightly higher (14 μmol 

m⁻2 s⁻1) for offshore than onshore winds at the bog, though the difference is not statistically 

significant. The atmospheric vapour deficit was significantly stronger (0.13 kPa, p < 0.0001) 

during offshore winds (0.44 kPa) compared to onshore winds (0.31 kPa) at the bog. These results 
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provide strong evidence about the advective influence of the Hudson Bay on the adjacent 

lowlands. 

 

 
Figure 5. 14. Offshore and onshore winds environmental conditions at the Churchill fen (CF) during the study period (2000–
2019). 

 

 
Figure 5. 15. Offshore and onshore winds environmental conditions at the Attawapiskat River Bog (ARB) during the study period 
(2000–2019). 
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Table 5. 4. Offshore and onshore winds environmental conditions and CO2 fluxes at the Churchill 
fen (CF) from June to October during the study period (2000–2019). 

Temperature (°C) OFF ON OFF–ON OFF/ON p value 

June 10.5 7.2 3.4 1.47 0.000 
July 15.2 11.3 3.9 1.34 0.000 
August 13.7 11.8 1.9 1.16 0.000 
September 7.9 7.5 0.4 1.06 0.797 
October 0.7 1.9 -1.1 0.40 0.000 
Season 9.4 8.1 1.2 1.15 0.000 

PAR (μmol m⁻2 s⁻1)           

June 508 622 -115 0.82 0.000 
July 509 592 -83 0.86 0.000 
August 401 427 -25 0.94 0.000 
September 265 287 -22 0.92 0.000 
October 144 127 17 1.13 0.846 
Season 353 438 -85 0.81 0.000 

VPD (kPa)           

June 0.63 0.37 0.26 1.70 0.000 
July 0.73 0.43 0.30 1.71 0.000 
August 0.54 0.33 0.21 1.64 0.000 
September 0.28 0.17 0.11 1.64 0.000 
October 0.11 0.07 0.04 1.61 0.000 
Season 0.44 0.29 0.15 1.51 0.000 

GPP (μmol m⁻2 s⁻1)           

June 0.80 0.73 0.07 1.10 0.077 
July 1.97 1.97 0.00 1.00 0.944 
August 1.98 2.07 -0.09 0.96 0.047 
September 0.82 0.93 -0.11 0.88 0.000 
October 0.11 0.10 0.01 1.13 0.170 
Season 1.12 1.18 -0.06 0.95 0.000 

ER (μmol m⁻2 s⁻1)           

June 1.49 1.09 0.40 1.37 0.000 
July 2.06 1.59 0.47 1.29 0.000 
August 1.88 1.65 0.23 1.14 0.000 
September 1.18 1.13 0.05 1.04 0.797 
October 0.32 0.46 -0.14 0.70 0.000 
Season 1.35 1.20 0.15 1.12 0.000 

NEE (μmol m⁻2 s⁻1)           

June 0.69 0.36 0.33 1.93 0.000 
July 0.08 -0.38 0.47 -0.22 0.000 
August -0.11 -0.43 0.32 0.25 0.000 
September 0.36 0.20 0.16 1.79 0.000 
October 0.21 0.36 -0.15 0.59 0.000 
Season 0.23 0.02 0.21 11.26 0.000 
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Table 5. 5. Offshore and onshore winds environmental conditions and CO2 fluxes at the 
Attawapiskat River Bog (ARB) from June to October during the study period (2000–2019). 

Temperature (°C) OFF ON OFF–ON OFF/ON p value 

June 15.7 11.2 4.4 1.39 0.000 
July 18.5 14.6 3.9 1.27 0.000 
August 16.6 13.7 2.9 1.21 0.000 
September 11.7 9.1 2.6 1.29 0.000 
October 4.4 3.3 1.2 1.36 0.000 
Season 13.2 10.5 2.7 1.25 0.000 

PAR (μmol m⁻2 s⁻1)           

June 571 522 49 1.09 0.095 
July 547 500 47 1.09 0.088 
August 441 427 14 1.03 0.898 
September 328 275 52 1.19 0.016 
October 193 165 28 1.17 0.064 
Season 406 392 14 1.04 0.571 

VPD (kPa)           

June 0.68 0.42 0.26 1.62 0.000 
July 0.64 0.42 0.23 1.55 0.000 
August 0.48 0.33 0.14 1.43 0.000 
September 0.31 0.20 0.11 1.52 0.000 
October 0.17 0.12 0.05 1.38 0.000 
Season 0.44 0.31 0.13 1.42 0.000 

GPP (μmol m⁻2 s⁻1)           

June 2.57 2.29 0.28 1.12 0.000 
July 3.65 3.52 0.13 1.04 0.106 
August 3.22 3.19 0.03 1.01 0.494 
September 1.91 1.64 0.28 1.17 0.003 
October 0.52 0.38 0.14 1.36 0.001 
Season 2.35 2.25 0.10 1.04 0.319 

ER (μmol m⁻2 s⁻1)           

June 1.92 1.37 0.55 1.40 0.000 
July 2.27 1.78 0.48 1.27 0.000 
August 2.04 1.68 0.36 1.22 0.000 
September 1.43 1.10 0.33 1.30 0.000 
October 0.52 0.38 0.15 1.39 0.000 
Season 1.61 1.28 0.33 1.26 0.000 

NEE (μmol m⁻2 s⁻1)           

June -0.65 -0.92 0.27 0.70 0.000 
July -1.38 -1.74 0.36 0.80 0.000 
August -1.18 -1.51 0.33 0.78 0.000 
September -0.48 -0.53 0.05 0.91 0.029 
October 0.00 -0.01 0.01 0.16 0.798 
Season -0.74 -0.97 0.23 0.76 0.000 
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Moreover, it was found that ecosystem carbon exchange over the peatlands was strongly 

regulated by the presence of the Bay (Figure 5.16 and 5.17). The seasonal productivity of the fen 

was slightly enhanced by about 5% (p < 0.0001) during onshore winds compared to offshore 

winds (Table 5.4). This increase in onshore GPP mainly occurred in September when it was 

about 13% higher than offshore GPP. The results also reveal that peatland respiration was 

significantly enhanced (12%, p < 0.0001) during offshore winds at CF over the study period. An 

increase in offshore ER is found in all the study months except October, and it ranges from 4% 

in September to 37% in June. The net impact of the wind regimes on the carbon dynamics of the 

fen is a significant reduction (p < 0.0001) in CO2 emissions during onshore winds, with a 

seasonal offshore NEE of about 0.23 μmol m⁻2 s⁻1, and onshore NEE of only 0.02 μmol m⁻2 s⁻1, 

over the study period.  

The advective influence of the Bay on peatland net C exchange was similar further south 

at ARB where the seasonal offshore NEE (-0.74 μmol m⁻2 s⁻1) was about 24% lower (p < 

0.0001) than the onshore NEE (-0.97 μmol m⁻2 s⁻1) over the study period (Table 5.5). However, 

the offshore GPP at the bog was significantly larger (p < 0.005) than its onshore counterpart in 

June (12%), September (17%) and October (36%), although the seasonal difference was not 

significant. The results demonstrate that although photosynthesis was higher at the bog during 

offshore wind conditions, the C gains were more than offset by increased ER (22%–40%, p < 

0.0001) during offshore winds. For the 2000–2019 study period as a whole and accounting for 

the wind frequency, offshore winds (onshore winds) at CF contributed about 60% (40%), 64% 

(36%) and 95% (5%) to the total GPP, ER and NEE, respectively. At ARB, offshore winds 

(onshore winds) accounted for approximately 63% (37%), 68% (32%) and 56% (44%) of the 

total GPP, ER and NEE, respectively.  
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The relative amount of PAR available during offshore and onshore wind regimes may 

influence their relative contributions to the net C balance over the study sites. Onshore winds 

occur more frequently during the day than at nighttime. Moreover, the frequency and duration of 

the wind regimes can be influenced by the diurnal cycle of the sea-breeze circulation which often 

becomes dominant by mid-afternoon in the HBL (Rouse and Bello, 1985).  

 
Figure 5. 16. Offshore and onshore winds CO2 fluxes at the Churchill fen (CF) during the study period (2000–2019). 

 
Figure 5. 17. Offshore and onshore winds CO2 fluxes at the Attawapiskat River Bog (ARB) during the study period (2000–2019). 
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The higher rates of photosynthesis during onshore winds at the CF site may be due to the 

significantly higher light levels for onshore compared to offshore winds. When onshore and 

offshore GPP at the fen were normalized by PAR, it was found that the seasonal photosynthetic 

efficiency of the fen was greater during offshore winds compared to onshore winds, but the 

difference was not statistically significant (not shown). At the bog site, there is neither a 

significant difference in PAR nor photosynthetic efficiency between offshore and onshore wind 

regimes. 

To examine if trends in peatland C exchange are impacted by the advective wind 

direction in the HBL, GPP, ER and NEE anomalies were partitioned between onshore and 

onshore winds. The results show that over the June–October study period, there was a significant 

trend (p = 0.02) in onshore NEE at the fen, with increased CO2 uptake of approximately 13 g C 

m-2 (Figure 5.18) from 2000 to 2019. There was no significant trend in the offshore NEE at the 

fen since the increase in GPP was largely offset by higher ER. In addition, monthly analysis (not 

shown) indicates that a significant increase in June respiration occurred only during offshore 

winds (7 g C m-2, p = 0.03), which resulted in a positive trend (decrease) in NEE (6 g C m-2, p = 

0.03) at the CF site. This trend in offshore ER in June was most likely due to a large temperature 

anomaly of approximately 4 °C (p = 0.03) only during offshore winds, which was not present at 

the fen in other months (not shown). There were significant and comparable trends in offshore 

and onshore GPP and NEE (greater C uptake) at the fen in July and August. The anomalies in 

offshore and onshore CO2 exchange are markedly different over the bog site. There, the results 

show that there were significant trends (p < 0.03) in offshore GPP (54 g C m-2) and NEE (30 g C 

m-2), but no significant trends in the onshore CO2 fluxes over the June–October study period 

(Figure 5.19). The increasing trends in photosynthetic C uptake at ARB during offshore winds 
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mostly occurred in July and August (not shown). In those months, the C gains during onshore 

wind regimes were relatively small and marginally significant (on average, p = 0.05). 

Interestingly, neither the June warming trend nor the accelerated ER at CF was found at the ARB 

site. 

 
5.3.6 Correlations Between Environmental Factors and Carbon Fluxes 

It has been demonstrated that the contrasting thermal and moisture properties of the wind 

regimes influence the carbon balance of the peatland sites. To further examine these effects, 

partial correlation analysis was applied between carbon fluxes and environmental variables 

during offshore and onshore winds. The results show that GPP, ER and NEE showed significant 

correlations with daily temperatures, PAR and VPD at the CF and ARB sites over the study 

season (Table 5.6). The highest correlation coefficients were found between temperature and 

CO2 fluxes, with increasing temperatures promoting greater GPP, ER and NEE. The relationship 

between VPD and GPP was negative suggesting that increases in atmospheric water demand 

constrained plant productivity. In contrast with temperature and VPD, the magnitude and 

significance of PAR appear to differ between the study sites. The carbon fluxes at the CF site 

showed relatively weak correlations with PAR in comparison to the ARB site. There were no 

noticeable differences in the correlations between CO2 fluxes and environmental factors during 

offshore and onshore winds. 

On an annual scale, the net (non-directional) effects of the variability in temperature, 

PAR, precipitation, evaporation, VPD, and soil moisture were investigated using stepwise 

regression analysis. The results show that the most important factors explaining the interannual 

variability in GPP are temperature, PAR, soil moisture and VPD (R2 = 0.76, p < 0.001) at the fen 
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site (Table 5.7). At the bog, the best regression model for GPP consisted of temperature, PAR, 

precipitation and VPD (R2 = 0.62, p < 0.005). Temperature was excluded from the stepwise 

regression since VPRM stimulated ER as a linear function of temperature. A regression model 

comprising of precipitation and VPD explained 70% (p < 0.001) of the variability in ER at CF, 

while PAR and soil moisture had to be added to that model at ARB to capture 76% (p < 0.001) 

of the variability in ER. Overall, the best combination of environmental variables that best 

predicted NEE at CF was PAR, soil moisture and VPD (R2 = 0.40, p < 0.05), while temperature, 

PAR, precipitation and VPD were the best predictor variables of NEE at ARB (R2 = 0.43, p = 

0.06). 
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Figure 5. 18. Anomalies in annual CO2 fluxes for offshore and onshore winds at the Churchill fen (2000–2019). 

 
Figure 5. 19. Anomalies in annual CO2 fluxes for offshore and onshore winds at the Attawapiskat River Bog (2000–2019).
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. 

 

Table 5. 6. Partial correlation coefficients between daily carbon fluxes and environmental variables for offshore and onshore winds at the Churchill 
Fen and Attawapiskat River Bog (June to October, 2000–2019). 

CO2 Flux OFF  ON 

CF Temperature PAR VPD  Temperature PAR VPD 

GPP 0.91 *** 0.24 ** -0.54 ***  0.93 *** 0.21 ** -0.26 *** 
ER 1.00 *** 0.02   0.55 ***  1.00 *** -0.08   0.50 *** 
NEE -0.70 *** -0.04   0.46 ***  -0.68 *** 0.03   0.13   

ARB      

GPP 0.91 *** 0.56 *** -0.56 ***  0.93 *** 0.60 *** -0.50 *** 
ER 1.00 *** 0.13 * 0.33 ***  1.00 *** 0.16 ** 0.31 *** 

NEE -0.79 *** -0.52 *** 0.53 ***   -0.84 *** -0.56 *** 0.46 *** 

* Significant at the 0.05 level; ** Significant at the 0.01 level; *** Significant at the 0.001 level 

Table 5. 7. Stepwise regression between annual carbon fluxes and environmental factors at the Churchill Fen and Attawapiskat River Bog (June to October, 2000–2019). 

CO2 Fluxes GPP     ER    NEE   

CF Temperature PAR S. Moisture VPD   Precipitation VPD   PAR S. Moisture VPD   

Coefficient 0.094 -0.004 0.002 1.477   0.001 1.517   0.004 -0.002 -1.191  
p-value 0.02 0.10 0.02 0.05   0.01 0.00   0.10 0.02 0.05  

R2 (p-value) 0.76 (<0.001)   0.70 (<0.001)   0.40 (<0.05)  

Adjusted R2 0.69   0.67   0.29  

               

CO2 Fluxes GPP  ER  NEE 

ARB Temperature PAR Precipitation VPD  PAR Precipitation S. Moisture VPD  Temperature PAR Precipitation VPD 

estimate 0.301 0.010 -0.001 -7.086  -0.002 0.001 0.001 3.556  -0.177 -0.010 0.001 7.086 

p-value 0.00 0.01 0.15 0.01  0.04 0.01 0.16 0.00  0.04 0.01 0.15 0.01 

R2 (p-value) 0.62 (<0.005)  0.76 (<0.001)  0.43 (0.06) 

Adjusted R2 0.52  0.70  0.28 
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5.4 Discussion 

5.4.1 Contrasting Net CO2 Exchange over Peatlands in the HBL  

The HBL is a climatologically and ecologically diverse wetland region that is moderated 

by the Hudson Bay. The advective influence of the Hudson Bay is crucial during the growing 

season when the persistence of sea ice over the Bay regulates both the energy and carbon 

balance. In this study covering the June to October (2000–2019) period, I examine the seasonal 

and interannual CO2 exchange of two diverse peatland types (eutrophic fen vs ombrogenous bog) 

in different parts of the HBL. The Churchill fen in the northern section of the region has 

relatively lower temperatures, light levels, precipitation and evaporation, but higher soil moisture 

conditions, compared to the Attawapiskat River bog in the south. The contrasting climatic, 

hydrological and vegetation characteristics of these two study sites make them ideal for 

investigating the long-term variations and trends in peatland NEE over the HBL. 

This study found that plant productivity and ecosystem respiration were higher at ARB 

compared to the CF site from June to October. More importantly, the results revealed that the CF 

site was a net source of CO2 to the atmosphere while ARB was a net CO2 sink over the study 

period. The differences in C exchange between fens and bogs due to their contrasting water 

supply, nutrient availability and vegetation community has been previously reported (Rydin and 

Jeglum, 2006; Bauer et al., 2009). Other studies in the Churchill area of the HBL have shown 

that different peatland types and permafrost landforms have varied growing season CO2 

dynamics. Delidjakova et al. (2016) demonstrated that a peat plateau consistently removed CO2 

from the atmosphere over their study period. On the other hand, Nwaishi et al. (2020) found at a 

nearby site that peat plateaus were a steady net CO2 source to the atmosphere, while fens acted as 

persistent sinks of CO2 over the growing season. This is in contrast to the present study where 
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the CF site was a net C source and ARB was a net CO2 sink. The modelled NEE estimates at 

ARB and CF are consistent with EC tower measurements that showed an annual NEE of about –

80 g C m-2 over a five-year period at ARB (Helbig et al., 2019), and a growing season NEE of 

approximately +16 g C m-2 in 2008 and 2010 at CF (Hanis et al. (2015). Different studies at the 

same Churchill fen between 1993 and 1999 (average of 67 measurement days, June–August) 

recorded cumulative NEE ranging from −64 to +22 g C m−2 (Burton et al., 1996; Schreader et al., 

1998; Griffis et al., 2000; Lafleur et al., 2001). The combined probability of northern bogs and 

fens being net emitters of CO2 is estimated to be approximately 30% (McLaughlin and Webster, 

2014). Also, it has been demonstrated that about 14% and 23% of bogs and fens were net CO2 

sources, respectively, across boreal and subarctic peatlands (McLaughlin and Packalen, 2021). 

 
5.4.2 Response of Peatland Net CO2 Exchange to Climate Anomalies 

It is still uncertain how the carbon dynamics of northern environments will be influenced 

by global warming and changes in moisture conditions. The overall stability of northern peatland 

net C balance will be determined by the combined long-term (decadal) sensitivity of GPP and 

ER to climatic changes. Warmer temperatures, earlier snowmelt and longer growing seasons may 

stimulate plant photosynthesis (Aurela et al., 2004; Churkina et al., 2005) and increase biomass, 

but such gains could be mostly offset by higher carbon losses from soil respiration (Mack et al., 

2004; Dorrepaal et al., 2009). It is believed that these potential trends in the C balance of the 

arctic and subarctic terrestrial ecosystem will vary in different subregions and among peatland 

types (McLaughlin and Webster, 2014; Webster et al., 2018). In this study, I found considerable 

interannual variations in GPP and ER at both the fen and bog sites, with conflicting impacts on 

peatland NEE over the past 20 years. The trends in peatland CO2 exchange coincide with strong 

climate anomalies that are associated with temperature and moisture stress. 
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The CF site experienced cooler conditions in some years during the first half of the study 

period, particularly in 2000, 2002, 2004, and 2009. The relatively cold climate inhibited both 

photosynthesis and respiration in all four years, with GPP displaying greater sensitivity to 

temperature anomalies in all but one year. The fen was, therefore, a stronger C source in 2000, 

2004 and 2009 and a weaker C source in 2002. It is unlikely that the unique response of the fen 

to the temperature anomaly in 2002 is due to the lower precipitation received in that year, since 

other years (e.g. 2004, 2009) also experienced a slight decrease in precipitation. Besides, the soil 

water level remained high at the fen in 2002, somewhat similar to 2009. It seems a negative 

temperature trend was the main climatic driver of the large anomalies in GPP and ER at the fen 

in the first half of the study period. Also, it can be seen that at ARB negative temperature trends 

resulted in an overall decrease in the net C uptake of the bog, regardless of whether the lower 

temperatures occurred along with drier (e.g. 2000–2002) or wetter (e.g. 2004 and 2007) 

conditions. 

These results contrast with some previous studies that suggested that a cooler climate 

enhanced GPP and limited ER, thus stimulating C sequestration over boreal fens (Peichl et.al., 

2014). It was generally assumed that ecosystem respiration is more sensitive to temperature 

changes than photosynthesis and that global warming would decrease the C sink strength of 

northern peatlands (Ise et al., 2008; Dorrepaal et al., 2009). In contrast, this present study found 

that lower temperatures generally reduced the net CO2 uptake of the fen and bog, since GPP 

decreased considerably more than ER. This is consistent with other research findings that 

demonstrated that peat core records over the last 1000 years indicate C sequestration in peatlands 

reduced during the Little Ice Age (LIA, 1425–1850 AD,) due to shorter, colder growing seasons 

and increased cloudiness (Lamarre et al., 2012; Charman et al., 2013; Garneau et al., 2014), as 
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well as a drier climate (Zhao et al., 2014). They argued that warmer temperatures will promote 

longer growing seasons and increase the net C sink strength of peatland ecosystems.  

In the current study, there is ample evidence that positive temperature anomalies could 

indeed enhance GPP much more than ER. It was found that warmer and wetter conditions over 

the fen in 2011 and 2012 were associated with strong negative NEE anomalies as the increase in 

plant productivity was considerably higher than the increase in respiration. A major precipitation 

event in 2010 produced about 110 mm of rain within 24 hours, raising the water table position by 

about 12 cm above the peat surface (Hanis et al., 2015). Initially, the flooding of the fen site 

abruptly decreased GPP and ER, but both fluxes later recovered. A considerably warmer 

temperature the following year, coupled with moderately higher-than-normal precipitation and 

soil moisture stimulated GPP more than ER, such that the fen briefly shifted from a net CO2 

source to sink between 2011 and 2012. Remarkably, this was the first time the fen was a net sink 

of CO2 since the beginning of the study period in 2000.  

Previous studies have suggested that the response of GPP to climate variability plays a 

more crucial role than ER in regulating the long-term C accumulation rates over peatlands 

(Charman et al., 2013; Charman et al., 2015). It has been shown that the fastest C accumulation 

rates in northern peatlands occurred during the Holocene Thermal Maximum when warmer 

temperatures and higher moisture accelerated net ecosystem productivity and peat C 

accumulation (Zhuang et al., 2020). These results suggest that future climate warming—provided 

it is accompanied by wetter conditions––will likely lead to increased peatland C sequestration, at 

least over the next several decades (Packalen et al., 2016). Under such a scenario, northern 

peatlands will serve as a negative feedback to climate change, though their response to warming 

may shift to a positive climate feedback (i.e. decreased carbon sink with warming) by the end of 
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the 21st century (Gallego-Sala et al., 2018; Chaudhary et al., 2020). This present study shows 

that both the fen and bog sites in the HBL may benefit from higher temperatures and 

precipitation in the future, and the fen could possibly shift from a CO2 source to sink.  

On the other hand, should future climatic conditions become warmer and drier as 

occurred in 2005-2006 at the CF site and 2003 at ARB, these peatlands will release more CO2 to 

the atmosphere. Such conditions may increase soil respiration and suppress plant productivity 

due to higher VPD (Aurela et al., 2007). Warming also increases permafrost thaw depth which 

may further accelerate organic matter decomposition and release CO2 and CH4 (Lund et al., 

2010; Gill et al., 2017). Climate projections suggest that Arctic and Subarctic regions will likely 

experience increases in precipitation over the 21st century (Kirtman et a., 2013; IPCC, 2021), but 

higher rates of evapotranspiration due to warming may lead to the drying of peatlands (Green et 

al., 2019; Helbig et al., 2020). 

The occurrence of strong positive precipitation anomalies during the study period (e.g. 

2001 and 2010 in CF, and 2007 in ARB) coincides with positive NEE anomalies. It has been 

previously shown that extended flooding abruptly decreases both photosynthesis and respiration 

due to the sudden rise in the peatland water table (Hanis et al., 2015). The increase in net C 

emissions during the flood years at CF demonstrates that GPP decreased while ER increased 

slightly. At ARB, prolonged flooding decreased GPP and, to a lesser extent, ER. This may 

suggest that after the large precipitation event, soil respiration recovered rapidly as the water 

table receded, but photosynthesis remained low for longer periods. Larmola et al. (2004) showed 

that extended flooding over wetlands in eastern Finland delayed the seasonal maximum 

productivity by nearly 8 weeks, resulting in a decrease in the net ecosystem production. They 

found an increase in decomposition rates after the lowering of the water table. 
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Overall, the CF and ARB sites have both experienced significant increases in plant 

productivity over the last 20 years. There is however no significant trend in ecosystem 

respiration at the study sites. This indicates that the enhancement in net CO2 uptake over the 

peatlands, particularly in July and August, has been primarily driven by changes in GPP and not 

ER. It suggests that plant productivity may be more sensitive than respiration to future climate 

warming in the HBL region. These research findings support the view that global warming may 

strengthen carbon sequestration in northern peatlands and act as a small negative feedback to 

climate change (Charman et al., 2013; Gallego-Sala et al., 2018). The significant trends in GPP 

and NEE at ARB exceed those at the CF site. We can expect therefore that the magnitude of the 

trends in net CO2 exchange will vary across the HBL depending on peatland type and location. 

The fen site in this study could eventually become a net CO2 sink if the current trend persists 

over the next decades and provided the plant community remains the same. 

 
5.4.3 Relative Influences of Environmental Controls on Carbon Fluxes 

The net C exchange in peatlands depends on the interplay of several abiotic (e.g. 

temperature and water table depth) and biotic factors (e.g. vegetation composition and litter 

quality) acting at different spatial and temporal scales (Griffis et al., 2000; Ward et al., 2013). 

The complex and nonlinear influences of environmental variables give rise to considerable 

interannual variability in peatland CO2 exchange (Bubier et al., 2003; Lafleur et al., 2003). In 

this study, the relationships between environmental factors and GPP, ER and NEE variability 

were examined using stepwise regression. Additionally, the unique influences of the 

environmental controls on the variability in peatland carbon exchange were quantified by 

computing the relative importance of each of the predictors in the linear regression model. The 

results demonstrate that soil moisture, VPD, and PAR were the most important environmental 
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factors controlling annual net CO2 exchange at the fen, accounting for 54%, 34%, and 13%, 

respectively, of the total explained variability (R2 = 0.40) (Table 5.7 and Figure 5.20). At the 

bog, PAR, VPD, temperature and, to a less extent, precipitation captured about 52%, 27%, 15%, 

and 6%, respectively, of the total explained variability (R2 = 0.43) in annual NEE (Table 5.7 and 

Figure 5.21). This suggests that the environmental factors considered here explained 

approximately 40% of the interannual variability in net CO2 exchange in the peatlands. 

Previous studies have shown that temperature, PAR, precipitation and soil moisture are 

critical factors controlling wetland photosynthesis and respiration during the growing season, 

though their overall effects on peatland C balance have varied among studies (Flanagan and 

Syed, 2011; Hao et al., 2011; Zhu et al., 2020). It has been previously reported that fens and bogs 

may respond differently to environmental stresses due to their distinctive vegetation and 

hydrologic characteristics (Bridgham et al., 2008; Wu and Roulet, 2014). Hao et al. (2011) found 

that precipitation and temperature were the most important controls on ecosystem CO2 cycling in 

wetlands of southwest China. Lafleur et al. (2003) suggested that water table position was the 

dominant factor determining the interannual variations in NEE during the growing season at an 

ombrotrophic bog near Ottawa, Canada.  

Using a multiple linear regression model at this same ARB site, Helbig et al. (2019) 

showed that temperature, soil moisture, and PAR explained as much as 60% of the variability in 

NEE between 2011 and 2015. They indicated that temperature alone accounted for about 40% of 

the NEE variation, particularly around the peak growing season. In this present study, PAR 

accounted for the majority (52%) of the explained variability in NEE at ARB between 2000 and 

2019, with temperature accounting for only 15% of the total variance. Also, the contrasting 

importance of soil moisture and precipitation at CF and ARB underscores the different moisture 
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dynamics of peatland types. Bogs are raised and depend on precipitation for water and nutrient 

supply. On the other hand, groundwater-connected fens are relatively rich in nutrients in 

comparison to ombrogenous bogs. The results of this study show that soil moisture strongly 

influenced GPP and NEE at the CF site, explaining up to 54% of the annual variability. In 

contrast, soil moisture does not appear to be an important determinant of the interannual 

variation in GPP and NEE at the ARB site, where precipitation has a small but noticeable 

influence. Sphagnum moss is a dominant vegetation type in bogs and it plays an important role in 

peat sequestration (Beilman et al., 2009; Loisel et al., 2014; Packalen et al., 2016). As a non-

vascular plant, Sphagnum is heavily dependent on regular moisture supply to avoid dehydration, 

and their productivity has been shown to be adversely affected by a lower water table (McNeil 

and Waddington, 2003; Tuittila et al., 2004; Strack et al., 2009). Nevertheless, it has been 

previously demonstrated that Sphagnum is actually more influenced by lack of precipitation than 

a low water table position since small or periodic rain events can be captured by the moss surface 

without contributing to the water table level. (Robroeck et al., 2009; Strack and Price, 2009). 

This is in agreement with the results at the ARB site that suggests precipitation was relatively 

more important than soil moisture in controlling interannual variations in net CO2 exchange.  

The results of this study demonstrate that climatic factors explained about 40% of the 

interannual variability in the net CO2 exchange over peatlands of the HBL, and therefore other 

non-climatic factors must be responsible for the unexplained variance. Armstrong et al. (2015) 

argued that biotic factors also played a vital role in driving C fluxes in northern peatlands. They 

demonstrated that interactions between and within biotic and abiotic controls––including PFT 

biomass, peat temperature and nutrient content––explained a significant percentage of variation 

in C exchange. The presence of specific plant functional traits in boreal forests and tundra has 
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been shown to strongly regulate photosynthetic and decomposition rates in these ecosystems 

(Nilsson and Wardle 2005; De Deyn et al., 2008). 

 

 

 
Figure 5. 20. Relative importance of environmental predictors in the regression model for Churchill fen (2000–2019). 
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Figure 5. 21. Relative importance of environmental predictors in the regression model for Attawapiskat River Bog (2000–2019). 
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5.4.4 Enhanced Net CO2 Uptake During Onshore Wind Conditions 

The diurnal cycle of GPP, ER and NEE is primarily regulated by the diurnal variation in 

temperature, PAR and VPD. In general, photosynthesis and respiration increase with higher 

temperatures and light levels, until optimum conditions are exceeded (Yamori et al., 2014). 

Photosynthetic rates are also constrained by increasing VPD as the stomata close to reduce 

moisture loss by transpiration (Lin et al., 2012; Bonan, 2015). The offshore and onshore CO2 

fluxes at the study sites display comparable functional relationships with environmental controls, 

though some key features are noteworthy. Onshore GPP over the study sites were higher than 

offshore GPP at any given temperature since onshore PAR was higher for the same temperature 

(Figure 5.22 and Figure 5.23). In contrast, the light-response curve indicates that at a given PAR, 

offshore GPP was similar even though the offshore temperature was higher for the same PAR. 

This suggests that the lower (higher) temperatures during onshore (offshore) winds do not appear 

to limit (enhance) photosynthetic rates at the fen.  

The response of offshore and onshore NEE to temperature and PAR are analogous to 

those of GPP. The results show good congruence with a previous study which suggested that the 

environmental control on ER played a more important role in NEE differences between onshore 

and offshore winds (Delidjakova et al. (2016). The effect of VPD on GPP is evident, particularly 

during offshore winds (which have greater VPD), as photosynthesis begins to level off somewhat 

at relatively high VPD. This suggests that climate warming-induced increases in VPD may 

constrain GPP and offset the enhanced C gains from higher temperatures and the CO2 

fertilization effect. (Novick et al., 2016; Yuan et al., 2019; Helbig et al., 2020). This will exert a 

strong upper limit on northern peatlands to act as carbon sinks. 
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Figure 5. 22. Relationships between environmental controls and CO2 fluxes during offshore and onshore winds at the Churchill 
fen (CF) during the study period (2000–2019). 
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Figure 5. 23. Relationships between environmental controls and CO2 fluxes during offshore and onshore winds at the 
Attawapiskat River Bog (ARB) during the study period (2000–2019). 
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Climate change has been disproportionately greater in the Arctic and Subarctic regions as 

a result of polar amplification, which is dominated by surface-albedo feedback and other local 

forcings (Serreze and Simmonds, 2010; Taylor et al., 2013; Stuecker et al., 2018). The annual 

mean temperatures in northern environments have risen at over twice the global average rate 

(Screen and Simmonds, 2010; Cowtan and Way, 2013; Richter-Menge et al., 2019), and there is 

strong evidence that the region will continue to undergo the fastest-warming throughout the 21st 

century (IPCC, 2021). In the HBL, climate change could be further amplified by changes in the 

sea-ice dynamics and energy budget of the Hudson Bay (Hochheim and Barber, 2014; Bello and 

Higuchi, 2019). This present study demonstrates that the Hudson Bay exerts a strong advective 

influence on the carbon dynamics of the adjacent lowlands due to the contrasting temperature 

and moisture properties between offshore and onshore winds.  

The results show that the offshore winds were significantly more dominant (60%) than 

the onshore winds over the peatland sites during the 2000–2019 study period. The offshore 

winds were significantly warmer and drier than the onshore winds at both CF and ARB. This is 

consistent with other research findings that have examined the advective role of Hudson Bay on 

the surface energy balance in HBL (Rouse and Bello, 1985; Lafleur and Rouse, 1988; 

Delidjakova et al., 2016). A previous study revealed that the climatic changes over the Hudson 

Bay have caused significant trends in the mesoscale wind regimes and the advective role of the 

Bay on the HBL surface energy balance over the last 40 years (Chapter 2). It was found that the 

frequency of onshore winds has increased by about 7% between 1979 and 2018, with the largest 

increase of 17% occurring in June. This has resulted in a shift from offshore to onshore winds 

dominance in June over the HBL region. Also, it was shown that the temperatures during 

offshore winds have risen faster than onshore temperatures, with the most rapid increase 



245 
 

occurring in June and September. Here, no significant trends were found in the wind frequency 

over the last 20 years (not shown), though it is striking that the onshore and offshore winds have 

roughly equal contributions in June. 

The advective influence of the Hudson Bay on the adjacent peatlands is evident in the 

differences in net C exchange between offshore and onshore winds. The results show that 

photosynthetic rates were slightly higher during onshore winds than offshore winds only at the 

CF site. Conversely, ecosystem respiration was significantly greater during offshore than 

onshore winds at both CF and ARB. This suggests that the most important determinant of the 

differences in NEE between offshore and onshore wind regimes was respiration and not 

photosynthesis. The net advective effect of the Hudson Bay on the C dynamics over the fen (a 

net C source) was a significant reduction in CO2 emissions at the fen due to the onshore winds. 

Since the bog is a net C sink, the overall impact of the onshore winds has been to significantly 

strengthen CO2 removal from the atmosphere. Delidjakova et al. (2016) found similar advective 

effects on the net C balance at a peat plateau near Churchill, Manitoba during the 2007 growing 

season. They also showed that there was no significant difference between the seasonal offshore 

and onshore GPP, but the photosynthetic efficiency (GPP/PAR) was significantly higher during 

offshore winds. While this present study also found no significant difference in GPP between the 

two wind regimes at ARB, this was not the case at the CF site where onshore GPP was higher. I 

found no statistically significant differences in photosynthetic efficiency between offshore and 

onshore winds at both CF and ARB. However, the photosynthetic efficiency of ARB was greater 

than CF due to the more favourable temperature conditions in southern HBL.  
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5.5 Conclusion 

5.5.1 Implications for Climate Change 

The net C sinks of northern peatlands may be strengthened, diminished or unchanged in 

response to future global warming. The potential outcome would depend on the net impact of 

climatic changes on photosynthesis and respiration; basically, the question on our minds is: “Will 

photosynthesis (continue to) increase more than respiration?”. This study shows that under recent 

climate warming in the HBL region, GPP has significantly increased more than ER, and 

therefore, resulted in a strengthening of the net C sink of the peatlands over the last 20 years. 

Whether this NEE trend continues in the future remains an uncertainty that requires further 

research.  

For researchers in the HBL region, another question that frequently arises is: “What will 

be the impact of sea-ice changes in the Hudson Bay and shifts in wind regimes on peatland C 

sequestration?”. It was previously believed that the HBL will undergo a shift towards an 

increased frequency of offshore winds, which would be associated with a weakened C sink in 

peatlands (Rouse and Bello, 1985; Delidjakova et al., 2016). This is because GPP is similar 

during offshore and onshore winds, but ER is much higher for offshore winds. However, it has 

been demonstrated that there has been an increase in the frequency of onshore winds across the 

HBL over the past forty years and a shift towards onshore dominance in June (Chapter 2 and 3). 

In this present study, the trends in CO2 fluxes at the fen––which has traditionally been a net C 

source––show that increased C gains during offshore winds were largely offset by increased C 

losses from ER, resulting in no significant changes in NEE over the past 20 years. In contrast, the 

increase in onshore GPP is accompanied by a much smaller increase in ER, resulting in a 

significant reduction in net C losses from the fen. At the bog site––which has always been a net 
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C sink––the trends in CO2 fluxes show that increased C gains during offshore winds far exceed 

increased C losses from ER, resulting in a significant enhancement in the net C sink over the past 

20 years. Similar trends are found for the onshore winds, though the magnitude and significance 

are much lower.  

The overall implication is that peatlands in the HBL that are traditionally CO2 sinks will 

become stronger sequesters of carbon under future climate warming. Additionally, peatlands 

which are currently CO2 sources will release less carbon into the atmosphere in the future and 

will benefit more from the increased frequency of onshore winds in the HBL, assuming current 

ice conditions on Hudson Bay persist. It should also be noted the both the CF site and ARB site 

are situated in locations with larger changes in the surface energy budget. The long-term impact 

of future climate change on peatlands is likely to be more complicated. Indeed, the fate of 

northern ecosystems in response to global warming will depend on changes in plant community 

composition (Breeuwer et al., 2009; Turetsky et al., 2012; Dieleman et al., 2015), nutrient 

availability (Heijmans et al., 2008; Melillo et al., 2011; Fan et al., 2013), permafrost thaw 

(Payette et al., 2004; Camill, 2005) and methane emissions (Cooper et al., 2017; Jones et al., 

2017). There is a need for further research to understand the combined effects of the wide variety 

of changes on the net carbon balance in peatlands of the HBL. 
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6 Chapter 6 – Conclusions 

Chapter 6 

 
Conclusions 

 
6.1 Summary 

The Hudson Bay Lowlands (HBL) is the largest peatland region in Canada and the 

second largest in the world. The accumulation of a globally significant frozen peat C pool in the 

HBL is partly due to the chilling influence of the Hudson Bay. While the long-term fate of 

northern peatlands, in general, will depend on global warming and regional Arctic amplification, 

the peatlands of the HBL will also be uniquely influenced by climate change in the Hudson Bay. 

Prior to this research study, we had a very limited understanding of the long-term changes in the 

HBL surface energy balance and net ecosystem exchange in response to climatic trends on the 

Bay. Indeed, many previous studies were constrained by short-term field observations over a few 

growing seasons at a single site, which was insufficient to provide a clear and thorough analysis 

of climatic changes in the HBL.  

To overcome these challenges, I use a combined model and assimilated climate dataset 

(NARR) to study the mesoscale wind and temperature changes in the entire HBL and their 

impacts on the surface energy balance over the past 40 years. Additionally, I employ a satellite 

data-driven light-use efficiency model (MODIS, OCO-2, VPRM), calibrated and validated with 

EC tower observations at two distinct peatland types to investigate the response of GPP, ER and 
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NEE to climatic changes between 2000 and 2019. The central aim of this research work was to 

improve our understanding of the long-term warming-induced changes in the surface energy 

balance and net CO2 exchange over peatlands of the HBL, and how they have been influenced by 

climate change in the Hudson Bay. 

The first step in achieving the central research aim was to investigate if there have been 

changes in the advective influence of the Bay on the adjacent lowlands. I found that both the 

offshore and onshore wind temperatures have increased significantly, but more importantly, the 

offshore winds were warming at a faster rate than the onshore winds. The differential rate of 

warming between the two wind regimes produced significant changes in the advective role of the 

Hudson Bay which has been superimposed on global warming. The study results indicate that the 

higher trends in the offshore temperatures have strengthened the horizontal temperature and 

pressure gradients between the HBL and the Bay and therefore increased the frequency and 

strength of onshore winds. In June, the rapid warming and strong land–sea surface warming 

contrast (1 °C), combined with the highest mean temperature difference between offshore and 

onshore winds (5.1 °C) has resulted in the largest and most significant upward trend in onshore 

wind frequency (17.4%) over the study period. Further evidence of the linkage between climate 

change in the Hudson Bay and the adjacent HBL was found in June and September. These 

transition months during the study period have experienced the most rapid increase in 

temperatures which is consistent with trends towards earlier sea ice breakup and later freeze-up 

on the Bay.  

The next step was to examine the spatial variations in the climatic changes over the HBL. 

I found significant spatial heterogeneity across the region, with several prominent hotspots 

mostly along the coast and at the mouths of rivers such as Churchill, Severn and Winisk, as well 
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as in an extensive narrow belt along the Ekwan and Attawapiskat Rivers in southern HBL. These 

locations coincide with areas with severe ice loss and enhanced energy budget over the Hudson 

Bay. The disproportionately larger warming at the mouths of rivers is due to an earlier onset of 

upstream discharge and accelerated river ice breakup during the spring period. Furthermore, it 

was shown that the advective influence of the Bay has extended further inland, suggesting that a 

broader area of the HBL is now being regulated by the comparatively cool and wet onshore 

winds. These climatic changes have produced significant positive trends in sensible heat, 

evaporation and ground warming that are markedly different between offshore and onshore 

winds. 

Having established the trends in the temperatures and surface energy balance over the 

HBL and their linkage with the changing advective influence of the Bay, I proceeded to 

investigate the long-term response of peatland C exchange in the HBL to changes in both the 

global climate and the moderating influence of the Hudson Bay. First, I evaluated different 

parametrization methods and modelling approaches to find the most suitable LUE model version 

to estimate NEE at the peatland sites. It was found that overall the site-optimized, SIF-driven 

VPRM produced the most reliable estimates of NEE in the HBL. Accordingly, VPRM was run 

over a 20-year period using the most reliable model version and best available input datasets. 

I found contrasting net CO2 exchange in the peatland sites, with the Churchill fen acting 

as a net C source to the atmosphere and the Attawapiskat River bog serving as a consistent net C 

sink. This underscores the differences in carbon dynamics among diverse peatlands types in the 

HBL. It was revealed that large anomalies in GPP and ER were associated with strong trends in 

temperature and moisture over the study period. To my surprise, I found evidence that a warmer 

and wetter climate enhanced GPP much more than ER, while cooler temperatures weakened the 
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peatland net C sink irrespective of the moisture conditions. These results were in agreement with 

some previous studies but in contrast to others.  

Also, it was shown that the Hudson Bay had a more pronounced advective influence on 

peatland ER than GPP, with onshore winds having lower ER rates and thus greater net C uptake. 

Under recent climate warming at the fen, the increasing trend in offshore GPP was largely offset 

by increased offshore ER, resulting in no significant changes in NEE over the past 20 years. On 

the other hand, the increasing trend in onshore GPP was accompanied by a considerably smaller 

increase in onshore ER, resulting in a significant decrease in net C losses from the fen. This 

suggests that the recent changes in the moderating effect of the Hudson Bay as evident in the 

increased frequency and strength of onshore winds will favour the Churchill fen. At the 

Attawapiskat River, climate warming has resulted in an increase in C uptake by plants that far 

exceed the increase in C losses from ER during both offshore and onshore winds. This has 

resulted in a significant enhancement in the net C sink over the study period, with a greater 

magnitude during offshore winds compared to onshore winds. 

This research work provides a unique contribution to the limited literature on the 

warming-induced changes in the advective influence of the Hudson Bay and its relationship with 

the changes in the surface energy and carbon balance in the HBL. The spatio-temporal analyses 

of the climate warming signals during offshore and onshore winds in the region delivers the most 

comprehensive research findings on the topic to date. The peatland-optimized VPRM parameters 

for the HBL can be used by fellow researchers working at other study sites where EC tower 

observations are unavailable for model calibration and validation. 
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6.2 Future Directions 

The present research study demonstrated that satellite data-driven LUE models such as 

VPRM can serve as a valuable tool for studying the long-term net CO2 exchange in peatland 

sites. The relatively simple structure of the VPRM and its ability to integrate satellite information 

and adequately resolve the environmental constraints on photosynthesis makes it robust to inter-

site and inter-annual variations in model parameter values. Therefore, VPRM can be applied to 

the entire HBL using the optimized parameter values from the Churchill and Attawapiskat River 

peatlands. These study sites are located in distinct parts (northern and southern) of the HBL and 

represent the two main peatland types (fen vs bog) in the region, with contrasting carbon 

dynamics (source vs sink). Moreover, Churchill and Attawapiskat were revealed as prominent 

hotspots in the study region during the spatial analysis of the wind and temperature changes in 

Chapter 3. Coincidentally, the current network of AmeriFlux EC tower sites only includes the 

Churchill and Attawapiskat River peatland sites. This makes the study sites ideal for examining 

the changes in the carbon balance of the HBL under climate warming. Nevertheless, it will be 

important to extend the study in Chapter 5 to the entire HBL region and investigate the spatial 

variations in the response of peatland C exchange to both global warming and changes in the 

advective influence of the Hudson Bay. 

There is likely to be an opportunity in the future for me to apply a process-based model 

such as CLASSIC to the entire HBL region to further improve our understanding of the long-

term changes in peatland carbon balance. CLASSIC model outputs specifically optimized for the 

peatlands of the HBL are currently unavailable and was therefore not included in this research 

study. It will be valuable in the near future to compare the VPRM estimates of NEE for the entire 
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HBL region with those of CLASSIC since the two models have contrasting structural complexity 

and computational requirements.  

In addition, my previous experience with the Stochastic Time-Inverted Lagrangian 

Transport (STILT) model and past collaboration with Environment and Climate Change Canada, 

may provide an opportunity in the future to work on identifying anthropogenic sources of CO2 

across Canada using biospheric flux estimates from VPRM. 

During this research study, a lot of work went into developing extensive R scripts with 

several thousand lines of code to automate the extraction of model input data and reproduce 

temporal and spatial data analyses of climate, surface energy and carbon fluxes in the HBL. The 

original Hilton’s VPRM package in R was also improved with the newly modified SIF approach. 

I will be making my R scripts and documentation, along with the NARR and VPRM output 

datasets (hereafter, HBL R collection) from this research study available to other researchers. 

More importantly, the HBL R collection will be made available to upper-level undergraduate and 

graduate students who are either interested in learning R in general or are working on research in 

the HBL. Since my future goal is to pursue an academic career in university teaching and 

research, I will use these resources to teach upper-level courses to facilitate student learning and 

engagement, as well as promote student interest in scientific research in general and HBL 

research in particular. Upon publication of the manuscripts, the HBL R collection will be made 

available via www.hblresearch.science and www.hblresearch.com, and may also be put on 

GitHub later as a complete R package. Future work may also be undertaken to develop web and 

mobile applications with interactive activities and tools for teaching and research in the HBL 

region. 
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