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Abstract

Peatlands represent a type of wetland, that has accumulated a layer of organic material or peat,
resulting in high organic carbon (C) accumulation in this ecosystem. Peatlands hold up to one-
third of the global organic C stock, and specifically peatlands located at high latitudes in the
Northern Hemisphere, or northern peatlands, store a large proportion of the of the total peatland
organic C stock. However, this organic C may be in jeopardy, as warmer temperatures may lead to
increases in both the C uptake and output. There is some uncertainty as to how northern peatlands
C sink function will be impacted by climate warming, and conventional models of peatland C
cycling have been constrained to site-specific applications rather than national-scale analyses.
Moreover, in-situ measurements are limited in northern peatlands, due to the remoteness of these
sites, but also due to equipment limitations under low temperature and light conditions. In this
thesis, I specifically looked at one component of C flux, the net ecosystem exchange (NEE) of
COs. To enable forecasting of NEE of CO» fluxes in peatlands under future scenarios, or to generate
real-time estimates where no in-sifu measurements exist, machine learning algorithms trained on
in-situ CO> fluxes from the eddy covariance (EC) technique must be applied. Remotely sensed or
gridded climate data products represent potentially important inputs to these modeling
applications, as they are widespread both geographically and temporally enabling flux estimation

for broader geographic domains.

In Chapter 2, I explored the possibility of using the remotely sensed and modeled Soil Moisture
Active Passive Level 4 Global Daily EASE-Grid Carbon NEE (SMAP-NEE) data product to
determine NEE in Canadian peatlands. I acquired nine years (2015-2023) of SMAP-NEE data for
five peatlands. I also acquired a subset of year-round eddy covariance NEE (EC-NEE)

measurements within this time frame at each of the five peatland sites. The analyses showed that



the SMAP-NEE data product reports a stronger growing season (GS) sink and a weaker non-
growing season (NGS) source than the EC-NEE measurements. As a result of this finding, I used
the relationship between SMAP-NEE and EC-NEE to produce a Corrected-SMAP-NEE dataset,
which provides an estimate of seasonal and annual CO; budgets. The data analyses of the
Corrected-SMAP-NEE dataset showed that NGS CO; emissions represent a variable proportion
(33%—-256%) of the GS CO; uptake, and when these NGS emissions were accounted for, the annual
CO:2 sink strength was reduced proportionally. Furthermore, this study showed that longer growing
seasons were consistent with greater annual net CO» uptake at these five peatland sites from 2015-
2023. The findings highlight the importance of considering the NGS when evaluating annual
northern peatland C budgets. This chapter also provides evidence that existing algorithms
leveraging remotely sensed and gridded climate data products to model NEE need improvement

for peatlands.

In Chapter 3, I compiled year-round measurements of EC-NEE from 15 Canadian peatland sites
and coupled these target data with 34 hydroclimatic predictor variables (features) from remote
sensing and gridded climate data products. The models were trained, validated, and tested using
four algorithms: ElasticNet Regression (EN), Light Gradient-Boosting Machine (LGBM),
Random Forest Regression (RFR), and Support Vector Regression (SVR). A comprehensive
feature importance and selection workflow including hierarchical clustering, Gini importance, and
minimum redundancy maximum relevance (mRMR) analysis was followed. Model performance
stabilized at eight features, which were (relative importance shown in parentheses):
evapotranspiration (40%), shortwave radiation (19%), burn area index (11%), normalized
difference snow index (10%), snow water equivalent (7%), climate water deficit (4%), wind speed

(4%), and soil moisture (4%). I found the best performing model to be the RFR model with these



eight features (R = 0.76; RMSE = 0.31 g C m 2 day ). I also assessed the generalizability and
transferability of the top-performing model via a leave-one-ecoregion-out sensitivity analysis as
well as on six external validation sites. The RFR model had the highest generalizability within the
Taiga Plains ecoregion and the lowest generalizability within the Boreal Plain ecoregion. When
testing the model on the external validation sites, performance metrics were comparable to the
internal testing data for sites outside of the ecoregions represented in the training data. The findings
demonstrate that the eight-feature models can be confidently upscaled to national extents, offering

a clear pathway to improve Canada’s spatially explicit CO; emission inventories.
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1 Introduction

1.1 Carbon cycling in peatlands

Peatlands are a type of wetland with an accumulated layer of partially decomposed organic
material, or peat, of 40 cm or greater by Canadian definition (National Wetlands Working Group,
1988). This organic material is high in organic carbon (C), making peatlands critical C sinks.
Northern (boreal and subarctic) peatlands are especially important organic C stores, as despite
representing 57% of the global distribution of peatlands, they are estimated to store up to 88% of
the total peatland C stock (UNEP, 2022; Yu et al., 2010). Carbon dioxide (CO.) represents a major
component of the C flux in peatland ecosystems, and they function as CO> sinks when CO, fixation
from the atmosphere by vegetation via gross primary production (GPP), exceeds CO> loses via
ecosystem respiration (ER), which is the sum of plant and microbial respiration (Chapin et al.,
2006). GPP in northern peatlands is relatively low compared to other ecosystem types, but northern
peatlands remain a moderate C sink over time resulting from similarly low ER, due to anoxia, low
temperatures, acidity, and nutrient limitations (Santoni et al., 2023; Umigalski and Bayley, 1996).
The difference between ER and GPP is the net ecosystem exchange (NEE), (NEE=ER-GPP)
(Chapin et al., 2006). NEE varies strongly seasonally, typically switching from negative (net CO»
uptake) (Coffer & Hestir, 2019; Lund ef al., 2010) during the growing season (GS) to positive (net
COz release) during the non-growing season (NGS) (Lafleur et al., 2003; Natali ef al., 2019; Rafat
et al., 2021 and 2022). However, due to the variability in C cycling processes, both uptake and
release of CO; could occur in either the GS or NGS (Lafleur et al., 2003; Lund et al., 2010).
Importantly, peatland CO; uptake typically outweighs emissions of methane (CH4) and dissolved
or particulate organic C, reinforcing their role as small but enduring C sinks (Chapin et al., 2006;

Wu & Roulet, 2014).



1.2 Important controls on the peatland carbon cycle

The main controls on peatland C cycling are temperature, vegetation community composition,
water table height, nutrient availability, and sunlight (Blodau, 2002). ER is mostly governed by
factors like temperature, moisture, and the availability of oxygen, but the availability and quality
of organic material also play a role (Li ef al., 2021b). Alternatively, GPP is primarily controlled by
light availability, temperature, and water availability. Vegetation community composition
influences organic matter quality for ER but also impacts GPP due to phenological differences
(Corbett et al., 2013; Piechl et al., 2018). Plant functional types control C inputs, notably in the
case of Sphagnum, where they contribute to high rates of peat accumulation through their
inhibition of decomposition via the production of phenolic compounds and organic acids (Aerts et
al., 1999; Laine et al., 2022; Palozzi and Lindo, 2017; Zeh et al., 2019). Generally, under higher
temperatures both ER and GPP increase (Dorrepaal ef al., 2009; Flanagan and Syed, 2011; Li et
al.,2021a). Water availability limits the extent to which increasing temperatures can increase both
components of NEE (Ratcliffe ef al., 2019; Thayamkottu et al., 2025). The height of the water
table limits microbial degradation by limiting the amount of oxygen available to microorganisms.
This helps preserve organic material and generally with a higher water table there is lower ER

(Zhong et al., 2020).

1.3 Climate change in peatlands

As a result of the temperature and water availability sensitivities of C cycling processes in
peatlands there is some concern over peatlands’ future CO; sink capabilities (Limpens et al., 2008;

Liu et al., 2019; Rafat et al., 2022; Ward et al., 2019). While there is a wealth of literature



examining the impacts of temperature-based effects on CO, fluxes in northern peatlands, the
outcomes have been highly variable across a range of peatland types. In some cases, greater
precipitation and a longer GS may increase GPP, resulting in greater annual net CO» uptake in
northern peatlands (Coffer & Hestir, 2019; Gallego-Sala et al., 2018; Liu et al., 2019; Lunt et al.,
2019). However, rising temperatures may also accelerate soil organic matter decomposition,
thereby increasing C losses by respiration, resulting in reduced annual net CO; uptake or net
release of CO; (Coffer & Hestir, 2019; Lunt et al., 2019). GPP and ER are also interdependent on
nutrient availability, as faster SOC decomposition makes soil nutrients more available and most of
the vegetation nutrient supply comes from recycling plant detritus, fostering GPP (Hobbie & Kling,
2014). It is generally accepted that both GPP and ER will increase with climate change, but their
relative changes and, in turn, the change in the balance between them will ultimately impact how

peatlands’ annual NEE fluxes respond to climate warming (Gallego-Sala et al., 2018).

1.4 The eddy covariance technique

One of the primary methods used to measure C fluxes (COz and CH4) at the ecosystem scale is via
the eddy covariance (EC) technique. The theory of the EC technique dates to 1895 (Reynolds,
1895), but advances in this field were limited until equipment and technologies were refined
(Baldocchi et al., 2003). Today, this micrometeorological technique relies on calculating the
covariance of fluctuations of vertical wind velocity and fluctuations of CO2 concentration
(Baldocchi et al., 2003). The equipment uses a sampling frequency of 10 Hz, or collects 10 samples
per second, then averages these fluxes over 30-minute periods (Baldocchi ef al., 2003). The setup
includes a 3D sonic anemometer that measures wind speed and direction, as well as an infrared
gas analyser (IRGA) that measures the concentrations of gases of interest, in this case CO>

(Baldocchi et al., 2003). Sonic anemometers measure wind speed by sending a sound pulse back
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and forth from transmitter to receiver, whereas IRGA functions by determining the absorption of
an emitted infrared light source through a gas sample. The EC setup could consist of either an
open-path or closed-path IRGA (Haslwanter et al., 2009). Open-path analysers are typically
located in the same location as the sonic anemometer, measuring gas concentrations at that
location, whereas, closed-path analysers are typically located inside a weather-proof enclosure,
measuring gas concentrations that come down from an intake near the location of the sonic
anemometer (Haslwanter et al., 2009). Open-path analysers, while requiring less power and
maintenance, are exposed to the elements influencing measurement accuracy and resulting in more
data gaps when the sensor is dirty or wet (Haslwanter et al., 2009). One study that evaluated the
differences between open and closed-path analysers at a mountain grassland site in Austria found
that after post-processing open-path and closed-path sensors had very good 1:1 agreement for CO»
flux measurements (Haslwanter ef al., 2009). There are some limitations to the EC method as it
has the highest accuracy over flat terrain, under steady environmental conditions, and in a
relatively homogenous vegetation landscape both within and outside of the flux tower’s footprint
(Baldocchi et al., 2003). Across uneven terrain and a heterogenous landscape, due to the variability
in the flux tower’s footprint, the fluxes could be mostly dominated by contributions outside of the

vegetation community or ecosystem of interest (Hernandez Rodriguez ef al., 2023).

1.5 Remote sensing and gridded climate data

Broadly, remote sensing detects the radiation reflected or emitted from the Earth’s surface and
translates this into surface characteristics. The majority of the remote sensing data products used
throughout this thesis come from the Moderate Resolution Imaging Spectroradiometer (MODIS)

instrument on the Terra (launch date: December 18, 1999) and Aqua (launch date: May 4, 2002)



satellites (Salomonson et al., 1989). These instruments collect data from 36 spectral bands ranging
in wavelengths of 0.4 um to 14.4 um and cover the entire planet every 1-2 days (Salomonson et
al., 1989). The spatial resolution for different bands (and therefore different data products) ranges
from 250 m, 500 m, to 1000 m (Salomonson et al., 1989). Gridded climate data products use
observations from existing weather stations to inform efforts of scaling these variables to the
respective geographic domain. For the Daymet products, they use observations from
meteorological stations to interpolate at a 1 km spatial resolution across North America using a
spatial regression with corrections for elevation (Thornton et al., 2022). TerraClimate downscales
existing observations and reanalysis data to the 4 km resolution across the entire globe (Abatzoglou
et al.,2018). The NASA’s Soil Moisture Active Passive Level 4 Carbon Net Ecosystem Exchange
(SMAP-NEE) data product used in Chapter 2 of this thesis provides daily estimates of NEE, GPP,
and heterotrophic respiration (HR) derived from a terrestrial process-based C flux model informed

by satellite data at a 9 km spatial resolution (Kimball ez al., 2022).

1.6 Current modeling approaches for NEE

A growing body of work demonstrates the power of combining EC observations with satellite-
derived products to model CO> fluxes across landscapes (Papale & Valentini, 2003; Wylie et al.,
2007; Xiao et al., 2008; Yamaji ef al., 2008). Additionally, site-scale, data-driven methods have
proven effective at simulating NEE across a variety of ecosystems (Cai et al., 2020; Dou & Yang,
2018; He et al., 2006; Melesse & Hanley, 2005). In peatlands specifically, several modeling
paradigms have been applied at individual tower sites: process-based models (Wu et al., 2011; Wu
& Roulet, 2014), purely data-driven approaches (Rafat er al.,, 2021), and semi-empirical

formulations (Balogun ef al., 2023; Balogun et al., 2024). Meanwhile, in other biomes, site-level



EC observations have been expanded to regional analyses using machine learning and regression
techniques (Beer et al., 2010; Bodesheim et al., 2018; Jung et al., 2011; Tramontana et al., 2016;
Virkkala et al., 2021; Xiao et al., 2008), with similar upscaling efforts in wetlands (McNicol et al.,
2023; Peltola et al., 2019). By contrast, few studies have attempted to apply these strategies to
peatland NEE, either across the Northern Hemisphere (Qiu et al., 2020) or within Canada (Webster

et al. 2018).

1.7 Thesis objectives

The main objective of this thesis is to assess the capabilities of remotely sensed and gridded climate
data products to model the NEE of CO; across Canadian peatlands in both the growing and non-
growing season for potential upscaling efforts. Specific objectives designed to meet this

overarching objective were to:

e Compare the performance of a globally-produced NEE data product to the measured in-
situ data at Canadian peatland sites

e Train, validate, and test four machine learning algorithms in their efficacy in modeling
peatland NEE

e Execute a comprehensive feature importance and selection workflow to determine key
environmental drivers in modeling peatland NEE

e Apply the top-performing model to independent validation sites to quantify predictive

accuracy and assess regional transferability



1.8 Thesis outline

This thesis is comprised of four chapters, including the current Chapter 1. Chapter 2 is a manuscript
on which I am the first author and is currently under review for publication in Journal of
Geophysical Research: Biogeosciences. The chapter describes the performance of the remotely
sensed and modeled Soil Moisture Active Passive Level 4 Global Daily EASE-Grid Carbon NEE
data product at five Canadian peatland sites in both the growing and non-growing seasons. Chapter
3 is also a manuscript that presents performance metrics for four different machine learning
algorithms across fifteen Canadian peatland sites. Chapter 4 summarizes research findings from
this thesis and proposes recommendations for future research. Appendices I and II contain

supplementary materials for Chapters 2 and 3, respectively.
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2 Non-growing season contributions to the annual net carbon dioxide
budget in Canadian peatlands

2.1 Introduction

Peatlands are wetlands that have accumulated a layer of organic soil, or peat, of 40 cm or deeper
by Canadian definition (NWWG, 1988). Despite occupying only 3% of global terrestrial land area,
they are critical stores of organic carbon (C), storing 15-30% of the terrestrial soil organic C pool
(Gorham, 1991; Post et al., 1982; UNEP, 2022). Specifically, northern (boreal and subarctic)
peatlands, representing 57% of the global distribution of peatlands (UNEP, 2022), are estimated
to store up to 88% of the total peatland C stock (Yu et al., 2010), with yearly C sequestration
capacity in this region as high as 96 Tg C yr'! (Gallego-Sala et al., 2018). Organic C accumulation
in peatland ecosystems occurs because carbon dioxide (CO.) fixation from the atmosphere by
vegetation via gross primary production (GPP) exceeds CO- loss via ecosystem respiration (ER),
which is the sum of plant (autotrophic) respiration and respiration by heterotrophic
microorganisms (Baldocchi et al., 2018; Chapin et al., 2006; Lees et al., 2018). The difference
between ER and GPP is the net ecosystem exchange (NEE), (NEE=ER-GPP) (Baldocchi et al.,
2018; Chapin et al., 2006; Lees et al., 2018). NEE varies seasonally, typically switching from
negative (net CO; uptake) during the growing season (GS) (Coffer & Hestir, 2019; Lund et al.,
2010) to positive (net CO» release) during the non-growing season (NGS; i.e., fall, winter, and
spring) (Lafleur et al., 2003; Natali et al., 2019; Rafat et al., 2021; Rafat et al., 2022). However,
due to variability in C cycling processes, both uptake and release of CO» could occur in either the
GS or NGS (Lafleur et al., 2003; Lund et al., 2010). An understanding of C dynamics in both the
GS and NGS, as well as their interaction, is crucial in predicting how peatland CO; emissions will

respond to a changing climate.



With climate change, the rate of increase in air temperature in the Northern hemisphere is greater
than the global average (Hu et al., 2021; Jeong et al., 2012). As a result, there is concern about
northern peatlands’ future CO> sink strength due to the strong temperature sensitivity of C cycling
processes (Limpens et al., 2008; Liu et al., 2019; Rafat et al., 2022; Ward et al., 2019). Recent
climate projections for boreal peatlands indicate higher air temperatures of about 2.5-7.5 °C by
the year 2100 (Jensen et al., 2019). These rising temperatures and the associated response of
peatland ecosystems could result in substantial releases of CO» (Limpens et al., 2008; Lunt et al.,
2019). At these high latitudes, warming is more pronounced during the NGS, while, at the same
time, the duration of the NGS is decreasing (Barnard ef al., 2018; Liu et al., 2018; Rafat et al.,
2022). While there is a wealth of literature examining the impacts of temperature-based effects on
CO; fluxes in northern peatlands, the outcomes have been highly variable across a range of
peatland types. In some cases, increased precipitation and a longer GS may increase GPP, resulting
in greater annual net CO- uptake in northern peatlands (Coffer & Hestir, 2019; Gallego-Sala et al.,
2018; Liu et al., 2019; Lunt et al., 2019). However, rising temperatures may also accelerate soil
organic C (SOC) decomposition, thereby increasing C losses by respiration, resulting in reduced
annual net CO» uptake or net release of CO, (Coffer & Hestir, 2019; Lunt et al., 2019). GPP and
ER are also interdependent on nutrient availability, as faster SOC decomposition makes soil
nutrients more available and most of the vegetation nutrient supply comes from recycling plant
detritus, fostering GPP (Hobbie & Kling, 2014). It is generally accepted that both GPP and ER will
increase with climate change, but their relative changes and, in turn, the change in the balance
between them will ultimately impact how peatlands’ annual NEE fluxes respond to climate

warming (Gallego-Sala et al., 2018).
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One way to determine NEE in-situ is through the eddy covariance (EC) technique. EC is a
micrometeorological technique that provides a means to derive nearly continuous net CO>
exchange (i.e., NEE) by calculating the covariance between the fluctuations of vertical wind
velocity and the CO; mixing ratio (Baldocchi et al., 2018). There are inherent limitations to data
acquisition using the EC method, however, especially in northern peatland sites, which are
typically remote where collecting EC data may be both expensive and logistically challenging,
notably during harsh winter conditions (Coffer & Hestir, 2019; Limpens et al., 2008; Lunt ef al.,
2019). Additionally, direct measurements of NGS NEE are still relatively rare due to the

challenges of using open-path EC equipment in the winter (Dutch et al., 2024).

To combat these challenges, in this study, I tested NASA’s Soil Moisture Active Passive Level 4
Carbon Net Ecosystem Exchange (SMAP-NEE) data product (Kimball ef al., 2022). This data
product provides daily estimates of NEE, GPP, and heterotrophic respiration (HR) from a satellite
data-driven terrestrial C flux model at a 9 km spatial resolution (Kimball et al., 2022). The
following satellite-measured variables are input into the algorithm to produce the derived C data
product: daily surface meteorology (NASA Goddard Earth Observing System, Version 5),
Moderate Resolution Imaging Spectroradiometer (MODIS) MODI12Q1 land cover, and
MOD16A2 eight-day composite observations of fraction of photosynthetically active radiation
(Jones et al., 2017; Kimball et al., 2022). The model was calibrated using a global network of in-
situ EC CO; flux measurements (2000-2008) from the FLUXNET La Thuile Collection (Endsley
et al., 2023; Kimball et al., 2022). The targeted accuracy for the SMAP-NEE data product is a
mean unbiased root-mean-square error (MURMSE) of 1.6 ¢ C m™ day’, or 30 g C m™ year,

which they report as similar to the accuracy of EC observations (Endsley et al., 2023). The SMAP-
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NEE data product has been used to estimate NEE in northern regions where in-situ measurements
are relatively sparse, particularly in western Siberia where there is extensive peatland coverage
(Karlsson et al., 2021; Zolkos et al., 2022). They used the SMAP-NEE data product to estimate
NEE in this region and found that monthly mean NEE ranged from -1.88 to 0.64 g C m™ day™! in
the western Siberian lowlands, demonstrating its promise for the applicability of the data product
to peatland sites (Karlsson et al., 2021). Similarly, Zolkos et al. (2022), used the SMAP-NEE data
product to estimate NEE in the Mackenzie Lowlands and Travaillant Uplands, in the Northwest
Territories in Canada, where peatlands are also widespread. They found these modeled estimates
to range from -0.60 to -0.82 g C m? day! for the period of June through August of 2016 (Zolkos
et al.,2022). They highlight however, that SMAP-NEE has higher applicability at multi-kilometer
spatial scales, evidenced by their comparison of mean summertime SMAP-NEE to EC flux tower
observations (Zolkos et al., 2022). Moreover, the SMAP-NEE data product has been evaluated
against EC towers in the United States, and Australia, and recently the Arctic Boreal Zone
encompassing some peatland sites (Jones et al., 2017; Madelon et al., 2025); however, the

assessment in peatlands broadly remains limited.

In this study, I analyzed observations of net CO- fluxes from five Canadian peatland sites, spanning
four ecoclimate zones, to determine: (1) the difference between daily SMAP-NEE estimates and
daily eddy covariance NEE (EC-NEE) measurements, (2) the proportion of the net GS CO» uptake
offset by net NGS emissions, (3) interseasonal and intersite differences in NEE trends, and (4) the
effect of seasonal duration on seasonal and annual NEE fluxes. The quantification of NGS and GS
COg: fluxes will improve our understanding of annual NEE dynamics in peatland ecosystems and

how resilient their CO; sink status may be to changes in climatic conditions.
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2.2 Materials and Methods

2.2.1 Site descriptions

I searched the AmeriFlux and Fluxnet databases for peatland sites across Canada with available
EC-NEE data for any period aligning with the SMAP-NEE data product’s collection period (2015-
2023) for both the GS and NGS. An additional consideration in the site selection process was a
diversity of ecoregions and biomes within Canada. I selected four sites within the boreal biome,
representing the traditional range of northern peatlands, and one site from the temperate biome
(Delta Burns Bog (CA-DBB)) to incorporate diversity. Further, as climate change progresses, the
range of ecoregions and biomes are predicted to shift northwards (Dobrowski et al., 2021).
Peatlands located in the boreal biome have high transition potential and may experience climatic
conditions more characteristic of the temperate biome in the future. All peatland sites were part of
the AmeriFlux Network and include Kinoje Lake Peatland (CA-KLP) in Ontario, Robinsons
Peatland Pasture (CA-RPp) in Newfoundland, Robinsons Natural Bog (CA-RPn) in
Newfoundland, CA-DBB in British Columbia, and Scotty Creek Bog (CA-SCB) in the Northwest
Territories (Figure 2-1, Table 2-1). Although 98% of peatlands in Canada exist in a relatively
disturbance-free state, there are large uncertainties in this number, and natural resource extraction
and land use change represent threats to natural peatlands (UNEP, 2022). To represent sites with a
history of disturbance, I elected to include two sites with a history of anthropogenic disturbance,
that have had efforts of restoration. The CA-RPp site was previously an undisturbed bog but was
drained in the 1970s (Wang et al, 2018). Around 1985, pasture forage grasses (Phalaris
arundinacea) were introduced, and the site was fertilized and used to graze cattle (Wang et al.,
2018). After 10 years of active pasture and fertilization, the site was abandoned for over 20 years
and left to regenerate naturally. The current state of the site is unmanaged to the best of our

knowledge. Agriculture is the main activity leading to the degradation of peatlands in Canada,
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with around 15% of degraded peatlands having been drained for conversion to pastureland (UNEP,
2022). The CA-DBB site is part of a larger peatland complex within the Burns Bog Ecological
Conservancy Area (Christen et al., 2016; Christen & Knox, 2021; Lee et al., 2017). The site was
subject to peat extraction from 1957-1963, but the site was restored and rewetted in 2007 via ditch
blocking (Christen et al., 2016; Christen & Knox, 2021; D’Acunha et al., 2019; Lee et al., 2017).
In Canada, up to 2% of degraded peatlands have been impacted by the horticultural peat industry
(UNEP, 2022). The other sites (CA-KLP, CA-SCB, and CA-RPn) are generally disturbance-free

to the best of our knowledge (Helbig et al., 2017; Humphreys et al., 2014; Wang et al., 2018).

I Provincial Boundary
Q site
@ Climate Station
USA EPA Level II Ecoregions of North America
Water
== Taiga Plain
Hudson Plain
Softwood Shield
Marine West Coast Forest

500 1,000Kilometers

Figure 2-1: Map of five peatland sites located in Canada and associated climate stations within
Ecoregions of Canada. The five peatland sites include: Delta Burns Bog (CA-DBB), Kinoje Lake
Peatland (CA-KLP), Robinsons Natural Bog (CA-RPn), Robinsons Peatland Pasture (CA-RPp),
Scotty Creek Bog (CA-SCB).
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Table 2-1: Site descriptions including climate types and historical meteorological variables
(Christen & Knox, 2021; Environment and Climate Change Canada, 2023; Environmental

Protection Agency, 2024; Humphreys et al., 2014; Sonnentag & Quinton, 2021; Wang et al.,
2018).

Site Full Site Coordinates  Ecoregion** Koppen climate Nearest weather
Name Shortform classification station
(km from site)
Delta CA-DBB 49.1293°N, MWCF Csb Vancouver Int’l A
Burns Bog 122.9849°W *(16)
Kinoje CA-KLP 51.5902°N, HP Dfb Moosonee
Lake 81.7684°W (85)
Peatland
Robinsons CA-RPn 48.2604°N, SS Dfb Stephenville A *
Natural 58.6632°W (€2))
Bog
Robinsons  CA-RPp 48.2632°N, SS Dfb Stephenville A *
Peatland 58.6670°W 31
Pasture
Scotty CA-SCB 61.3089°N, TP Dfc Fort Simpson A *
Creek Bog 121.2984°W (50)

*Indicates a station that meets the United Nations World Meteorological Organization standards

**Shortforms for the ecoregions are as follows: Taiga Plain (TP), Hudson Plain (HP), Softwood Shield (SS), and
Marine West Coast Forest MWCF) (EPA, 2024).
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Table 2-1 Continued: Site descriptions including historical meteorological variables, dominant
vegetation, peatland classification, and peat depth (Christen & Knox, 2021; Environment and
Climate Change Canada, 2023; Environmental Protection Agency, 2024; Humphreys et al., 2014;
Sonnentag & Quinton, 2021; Wang et al., 2018).

Site  Mean daily Mean Mean Dominant Peatland Peat Citations
air annual annual vegetation classification depth
temperature rainfall snowfall (m)
O (mm)  (mm)
CA- 10.4 1153 38 White beakrush, Disturbed 5.83- Christen et
DBB Sphagnum mosses  and rewetted ~ 5.9; al., (2016);
bog 4-7, Leeetal.,
1-9 (2016);
D’Acunha et
al., (2019)
CA- -0.5 503 227 Sphagnum mosses,  Low shrub 1.4-  Humphreys et
KLP lichen, sedges, bog 2.7 al., (2014)
shrubs
CA- 5.0 995 393 Sphagnum mosses,  Natural Bog 1.8- Wang et
RPn ericaceous shrubs, 2.4 al., (2018)
sedges
CA- 5.0 995 393 Reed canary grass, Disturbed 1.7- Wang et
RPp sedges, Ranunculus bog 2.2 al., (2018)
spp., Hieracium
spp.
CA- -2.8 239 187 Sphagnum mosses, Collapse-scar >3 Helbig et al.,
SCB shrubs, isolated bog (2017)
black spruce and
tamarack

2.2.2 Data acquisition and preprocessing

The eddy covariance (EC) CO- flux data were acquired directly from site principal investigators

and the Ameriflux network. The EC instrumentation utilized at each site as well as the data

processing procedure differed between sites (see Table 2-2). Processing of the EC data for CA-

SCB and CA-DBB was performed according to the method outlined in Wang ef al. (2018), as this

was also how the data for CA-RPp and CA-RPn were treated prior to use for this study. This

method was adopted to standardize the quality control, gap-filling, and flux partitioning procedure.

The gap-filled datasets were used to calculate daily average fluxes for each site, using only days
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where 70% or more of the half-hourly fluxes were present. In the case of CA-KLP, the dataset was
acquired as daily average fluxes pre-processed according to Humphreys et al. (2014), and as such
were only post-processed by removing days with <70% of the half-hourly fluxes present. Notable
data gaps, as well as the timespans used in further calculations, are presented in Table 2-2. The
SMAP-NEE data (2015-2023) were acquired from the Oak Ridge National Laboratory Distributed
Active Archive Center using NASA's Fixed Sites Subset Tools and their satellite remote sensing
and modelled data products (Kimball ez al., 2022; ORNL DAAC, n.d.). For each site, the SMAP
pixel NEE value was assigned according to the location of the EC tower. As a result of the data
product’s spatial scale, ecosystem types other than peatlands could be represented in the pixel. To
account for these spatial differences, I identified the land cover class (Government of Canada,
2024) of the EC tower and determined the fractional area of this land cover class within the
respective SMAP pixel (Table 2-3). Then I multiplied the NEE value for the SMAP pixel by the

fractional area resulting in the final SMAP-NEE variable.

Table 2-2: Eddy covariance setup characteristics and data processing information.

Site  Source of Time Source of  Instrumentation Open Height of
data frame information Vs. instrumentation
on pre- closed (m)
processing path
methodology
CA- Ameriflux Half- D’Acunhaer IRGA:LI-7200, Closed- 1.8
DBB hourly al. (2019) IRGA: LI-7700 path,
open-
path
CA- Site PI Daily Humphreys et IRGA: LI-7200 Closed- 3
KLP al. (2014) path
CA- Site PI Half- Wang et al. IRGA: LI-7200  Closed- 3.21
RPn hourly (2018) path
CA- Site PI Half- Wang et al. IRGA: LI-7200  Closed- 3.54
RPp hourly (2018) path
CA- Site PI Half-  Helbig et al., IRGA: EC150 Open- 1.9
SCB hourly (2017) path
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Table 2-2 Continued: Eddy covariance setup characteristics and data processing information.

Site Post-processing Large data gaps (>25 days) Years Time
after post-processing without span used
large in testing
data exercise
gaps
CA-DBB  Filling meteorological data 2015/12/01-2016/02/20 2016, 06/2015-
(RH and Ta) with nearby 2017, 12/2020
climate station data, 2018,
REddyProc (u* filtering, 2019
gap-filling, partitioning),
Computation of daily fluxes,
Removal of daily fluxes with
<70% observations
CA-KLP Removal of daily fluxes with 2015/08/22-2015/12/31, N/A 05/2015-
<70% observations 2016/01/10-2016/02/23, 12/2019
2016/10/17-2017/04/14,
2017/11/20-2018/02/21,
2018/02/24-2018/03/21,
2018/09/28-2018/10/23,
2018/10/27-2019/03/21,
2019/03/24-2019/06/11,
201910/02—-2019/11/09
CA-RPn  Computation of daily fluxes, N/A 2015 05/2015—
Removal of daily fluxes with 04/2016
<70% observations
CA-RPp  Computation of daily fluxes, N/A 2015 05/2015-
Removal of daily fluxes with 04/2016
<70% observations
CA-SCB  Filling meteorological data 2016/12/11-2017/03/27, 2015 06/2015-
(rH and Ta) with nearby 2017/11/06-2018/03/30, 09/2022

climate station data,
REddyProc (u* filtering,
gap-filling, partitioning),
Computation of daily fluxes,
Removal of daily fluxes with
<70% observations

2018/11/01-2019/03/27,
2019/06/22-2021/04/13,
2021/04/21-2021/07/09,
2021/09/18-2022/04/08
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Table 2-3: The percentage of the SMAP pixel represented by the land use land cover of the EC
tower (Government of Canada, 2024).

Site % of SMAP pixel represented by the
LULC of the EC tower
CA-DBB 19%
CA-KLP 67%
CA-RPn 21%
CA-RPp 25%
CA-SCB 35%

The NGS was initially defined using a method based on Rafat et al. (2022), where the start of the
NGS was defined as the first day of three consecutive days when the daytime air temperature fell
below 1°C, and the end of the NGS was defined as the first day of three consecutive days where
the temperature rose above 1°C. Using this method, I found that the temperate site (CA-DBB) did
not have a NGS for each year of study. Since there were periods with lower temperatures and solar
radiation aligning with periods of CO; release occurring during the winter, I adapted our definition

as follows.

I used SMAP-NEE to determine the GS start and end dates, based on when NEE transitions from
positive to negative (Barnard et al., 2018). The period inside these dates represents the GS, whereas
the period outside these dates represents the NGS. To determine these dates, I used three different
methods and then took the mean (Barnard et al., 2018; Grolemund & Wickham, 2011; Wickham
et al., 2023a; Wickham et al., 2023b; Zeileis & Grothendieck, 2005). The first method was the
variable length regression (VLR) method which calculates linear regressions on subsets of daily
SMAP-NEE from three to seven days in length during Spring (March 1 to June 21) and Fall
(September 1 to December 1). The day with the steepest positive slope (SMAP-NEE to the day of
year (DOY)) marks the start of the GS, whereas the day with the shallowest negative slope (SMAP-

NEE to DOY) marks the end of the GS. The second method is the low smooth threshold method
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(LST), which marks the start of the GS as the day when an interval averaged NEE crosses and
remains below a threshold (zero) across five days, whereas the end of the GS is marked when the
interval averaged NEE remains above the threshold (zero) for five days, after the last possible GS
start of the year. The third method is the high smooth threshold method (HST), which is
functionally identical to the LST method, but for ten days. The nine-year time series (2015-2023)
was separated into years from the first GS start to the GS start of the following year, including

only one GS and one NGS per year.

2.2.3 Data analysis
All data analyses were performed in R (R Core Team, 2023). After splitting the data into the NGS

and GS, based on SMAP-NEE, the dataset was split into training and testing subsets using a
stratified random sampling approach stratified by site and season, using only the dates where EC-
NEE was available (no gaps) (Kuhn, 2008). The training data represented 75% of the EC-NEE
data without gaps, whereas the testing subset represented 25%. The training data was used to run
a linear regression to identify the relationship between SMAP-NEE and EC-NEE on a site-by-site
basis separated seasonally. The resulting equations were applied to the original SMAP-NEE
dataset resulting in the Corrected-SMAP-NEE dataset. The testing data was used to determine how
well the SMAP-NEE/Corrected-SMAP-NEE data product estimates EC-NEE, by first calculating
the difference between daily SMAP-NEE/Corrected-SMAP-NEE and daily EC-NEE for all
available days and then taking the average. As an additional validation metric, the root mean
squared error (RMSE) was calculated, given the large sample size, to compare with the target mean

unbiased RMSE (MURMSE) for the SMAP-NEE/Corrected-SMAP-NEE data product using:
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RSME = \/%Z?=1(yi —9:)? 2.1

where 7 is the number of data points, y; is the estimated value (SMAP-NEE and Corrected-SMAP-
NEE) for the i data point, and y; is the measured value (EC-NEE) for the i data point.
Additionally, the Kruskal Wallis and Wilcoxon comparisons were used to determine the differences

between different measures of daily NEE, partitioned by site, and year.

The resulting Corrected-SMAP-NEE dataset was used for the remainder of the analyses where the
cumulative fluxes of the NGS to the GS were compared by calculating the percentage of net GS
NEE to net NGS NEE ((net NGS NEE/net GS NEE) % 100%). The Kruskal Wallis and Wilcoxon
tests were also used to determine if there were differences in annual and seasonal estimates of
Corrected-SMAP-NEE between sites and to determine if there were differences in Corrected-
SMAP-NEE between seasons. Statistical significance was assessed at p<0.05. Finally, both NGS
and GS duration were plotted against annual NEE, and NEE from the respective seasons were also
plotted against one another to determine the relationship between these variables. To evaluate the
variability of respective measures of NEE, I calculated coefficients of variability (CV), which are
defined as the standard deviation divided by the mean and reported as a percentage. I then used
the Kruskal-Wallis and pairwise Wilcoxon tests to determine if there were differences between

these measures.
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2.3 Results

2.3.1 Direct comparison of daily SMAP-NEE and EC-NEE
Comparing the daily GS SMAP-NEE to the daily GS EC-NEE (Figure 2-2a-¢), with all sites

considered, on average SMAP-NEE values were greater than EC-NEE values by 0.37 g C m™ day
1(95% confidence interval (CI)=(-0.10,0.84)) (Table 2-4). Greater SMAP-NEE values relative to
the EC-NEE values were also found at each of the five sites (Table 2-4). When comparing the daily
NGS SMAP-NEE to the daily NGS EC-NEE (Figure 2-2f-j), with all sites considered, on average
SMAP-NEE values were smaller than EC-NEE values by 0.20 ¢ C m? day" (95% CI= (-
0.41,0.02)) (Table 2-4). All sites during the NGS, except CA-KLP, share this finding of SMAP-
NEE values being smaller than EC-NEE values, whereas at CA-KLP, SMAP-NEE values were
greater on average than EC-NEE values by 0.02 g C m™ day™! (95% CI=(-0.08,0.12)) (Table 2-4).
With all sites considered the RMSE for the daily fluxes for SMAP-NEE during the GS was 1.06 g
C m? day’!, whereas during the NGS 0.62 g C m™ day™'. Both RMSE values are within SMAP’s

target mean unbiased RMSE indicating that the model performs within their target.
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Figure 2-2: Scatterplots of Eddy Covariance NEE (g C m? day') vs Corrected-SMAP-NEE (g C
m day!) by site with their linear regression relationships and associated R’ and p-values. The top
row represents the GS, whereas the bottom row represents the NGS. The dashed black line
represents the 1:1 line. Sites are represented by colour and shape.
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Table 2-4: Direct comparison of average SMAP-NEE and EC-NEE (g C m? day™") from five study
sites. Negative values indicate underestimation, whereas positive values indicate overestimation.
The p-value represents the comparison between SMAP-NEE and EC-NEE for each site within that
season.

Site Sample size SMAP-NEE compared to EC-NEE, mean (95% CI)
(n) (g C m? day™)
GS NGS GS p-value NGS p-value
All Sites 5 5 0.37 0.065 -0.20 0.065
(-0.10,0.84) (-0.41,0.02)
CA-DBB 268 232 0.38 <0.001 -0.19 <0.001
(0.22,0.54) (-0.30,-0.08)
CA-KLP 155 51 0.28 <0.001 0.02 0.012
(0.18,0.37) (-0.08,0.12)
CA-RPn 36 47 0.11 0.085 -0.39 <0.001
(-0.11,0.32) (-0.47,-0.30)
CA-RPp 36 46 1.01 0.002 -0.34 <0.001
(0.42,1.60) (-0.44,-0.25)
CA-SCB 179 149 0.07 0.078 -0.09 <0.001
(0.01,0.13) (-0.12,-0.06)

Table 2-4 Continued: Direct comparison of average Corrected-SMAP-NEE and EC-NEE (g C m’
2 day™!) from five study sites. Negative values indicate underestimation, whereas positive values
indicate overestimation. The p-value represents the comparison between Corrected-SMAP-NEE
and EC-NEE for each site within that season.

Site Sample size Corrected-SMAP-NEE compared to EC-NEE, mean (95% CI)
(n) (g C m* day™)
GS NGS GS p-value NGS p-value
All Sites 5 5 -0.01 0.062 -0.002 0.062
(-0.05,0.03) (-0.08,0.07)
CA-DBB 268 232 -0.04 0.9 -0.01 <0.001
(-0.19,0.12) (-0.12,0.10)
CA-KLP 155 51 -0.01 0.46 -0.02 0.85
(-0.08,0.06) (-0.09,0.05)
CA-RPn 36 47 0.03 0.40 -0.08 0.09
(-0.19,0.24) (-0.16,0.01)
CA-RPp 36 46 -0.05 0.59 0.09 0.005
(-0.57,0.47) (-0.01,0.19)
CA-SCB 179 149 0.01 0.82 0.01 0.96
(-0.05,0.07) (-0.02,0.04)
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The correction (Corrected-SMAP-NEE) performed on a site-by-site basis greatly reduced the
variability of the SMAP-NEE fluxes, particularly during the NGS. After the correction, with all
sites considered for the GS, on average Corrected-SMAP-NEE were smaller than EC-NEE values
by 0.01 g C m? day™ (95% CI= (-0.05,0.03)) (Table 2-4). CA-KLP, CA-RPp, and CA-DBB also
share this tendency, whereas at CA-RPn and CA-SCB Corrected-SMAP-NEE values were greater
than EC-NEE values by 0.03 (95% CI=(-0.19,0.24)), and 0.01 (95% CI=(-0.05,0.07)) g C m™ day"
! respectively (Table 2-4). After the correction, with all sites considered for the NGS, on average
Corrected-SMAP-NEE were smaller than EC-NEE values by 0.002 g C m™ day™ (95% CI= (-
0.08,0.07)). CA-KLP, CA-RPn, and CA-DBB share this tendency, whereas at CA-RPp, and CA-
SCB Corrected-SMAP-NEE values were greater than EC-NEE values by on average 0.09 (95%
CI=(-0.01,0.19)), and 0.01 (95% CI=(-0.02,0.04)) g C m™ day", respectively (Table 2-4).
Additionally, the RMSE with all sites considered for the daily fluxes for the Corrected-SMAP-
NEE during the GS was 0.94 g C m? day’!, whereas during the NGS 0.57 g C m™ day'. These
RMSE values are lower than those for the SMAP-NEE dataset, representing a more accurate model
estimation of measured fluxes. For the coefficients of variation, I found that SMAP-NEE after
correcting for LULC within the pixel had the highest CV followed by unprocessed SMAP-NEE
(Table AI-1). The variability of the SMAP-NEE dataset was greatly reduced when I implemented

the site-by-site correction, but it better reflected the variability of the EC-NEE dataset (Table Al-

1.
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The target mean unbiased RMSE for SMAP-NEE is less than or equal to 1.6 g C m day™!, which
they report as similar to the accuracy of EC observations (Endsley et al., 2023). The unprocessed
SMAP-NEE dataset meets this target where the RMSE for the GS is 1.06 g C m™ day™!, but for the
NGS is 0.62 g C m™ day!. However, given the lower productivity of peatlands, reaching these
targets could still lead to erroneous source or sink attributions at these sites. I found that based on
mean daily NEE, SMAP-NEE generally captured the interannual variability in shifting from sink
to source (Figure Al-1). Based on annual NEE SMAP-NEE, these differences in measures of NEE
have a cumulative effect in which SMAP-NEE does not capture the sink or source trend of that
site in that year (Figure AI-2). The correction (Corrected-SMAP-NEE) reduced the RMSE in the
GS t0 0.94 ¢ C m™ day! and to 0.57 g C m™ day™' for the NGS. Overall, the correction reduced
the difference between the SMAP-NEE and EC-NEE fluxes, resulting in seasonal and annual

budgets that better reflect the in-situ environment (Table 2-5).
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Table 2-5: Derived daily and cumulative non-growing season (NGS), growing season (GS) and
annual Corrected-SMAP-NEE fluxes of CO; for the five peatland sites (2015-2023) (Kimball et
al., 2022; ORNL DAAC 2018a-e; Satriawan et al., 2023). Different superscript letters indicate

statistical significance between sites within that period.

Site Mean season duration Mean daily NEE (95% CI) Mean cumulative NEE
(95% CI) (g C m? day™) 95% CI)
(days) (g C m? period™)
GS NGS GS NGS Annual GS NGS  Annua
1

All 146 218 -0.61 0.33 -0.05 -90.5 70.7 -19.8
Sites  (121,171) (192,244) (-1.07,-0.15) (0.07,0  (-0.23,0.12)  (-163.1,- (16.6,1 (-82.5,
.59) 17.9) 24.8) 42.5)

CA- 1772 188¢ -0.63¢ 0.27¢ -0.17¢ -111.4¢ 50.7¢  -60.7°
DBB (164,189) (175,202) (-0.70,-0.57) (0.27,0  (-0.19,-0.15)  (-117.5,- (47.2,5 (-66.8,
27) 105.3) 4.2) -54.7)

CA- 132%¢ 2342 -0.55¢ 0.10¢ -0.144 -73.7° 23.0¢  -50.7°
KLP (118,147) (219,248) (-0.57,-0.53) (0.10,0 (-0.17,-0.11)  (-85.0,-6 (20.5,2 (-62.0,
.10) 4.3) 54) -39.5)

CA- 149° 214° -0.26* 0.45° 0.16* -38.8* 97.2° 58.4°
RPn (141,156) (207,220) (-0.29,-0.23) (0.44,0 (0.14,0.18) (-43.8,-3 (91.5,1 (52.2,6

A7) 3.9) 02.8) 4.6)

CA- 150° 212° -1.21¢ 0.62% -0.14¢ -181.99 13228 -49.7¢
RPp (143,157) (205,220) (-1.35,-1.07) (0.62,0 (-0.2,-0.07) (-206.7,- (127.2, (-74.0,
.62) 157.1)  137.3) -25.3)

CA- 123¢ 2412 -0.38° 0.214 0.01° -46.6* 50.2¢ 3.6°
SCB (116,130) (233,250) (-0.42,-0.34) (0.20,0  (-0.01,0.03) (-52.7,- (46.5,5 (35,1

22) 40.6) 3.9 0.6)
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Table 2-5 Continued: Literature reported cumulative growing season (GS), non-growing season
(NGS), and annual NEE fluxes of CO; for the five peatland sites.

Site Literature reported Method and
cumulative NEE citation
(g C m? period™)

GS NGS  Annual

All -98.4 473 -51.4 95% CI
Sites  (-174.7,- (15.1, (-105.5,
22.1)*  79.4)*  2.8)*
CA- -623+ 500+ -123+ 95% CI(2016-2021)
DBB 17.3 29.1 20.4 (Satriawan et al., 20

23)
CA- -59+3 9+3*  51+1 95% CI(2011,2012)
KLP 5 (Humphreys et al., 2
014)
CA- -105+6 59+6 -46+3 Mean + standard
RPn 0 9 6 deviation (2014-
2016)

(Wang et al., 2018)
CA- -203+7 79+£8 -124+ Mean + standard
RPp 8 9 56 deviation (2014-
2016)
(Wang et al., 2018)
CA-  -62.8% 39.3 -23.5  95% CI (2015-2016)
SCB (-19.6,  (Helbig et al., 2017)
-35.1)

*Indicates a calculated value

2.3.2 NGS emissions compared to GS uptake for Corrected-SMAP-NEE

The cumulative NEE for the entire study period, as well as the mean cumulative and daily Corrected-
SMAP-NEE fluxes of CO- for the five peatland sites are presented in Table 2-5. These fluxes are
further divided into NGS, GS, and annual fluxes. The GS overall consistently represented a period
of CO» uptake, whereas the NGS overall consistently represented a period of CO> output, despite
there being some variability at the daily scale (Table 2-5). At CA-KLP, net NGS emissions
accounted for on average 33.0% (95% CI=(22.5,43.7)) of net GS uptake resulting in the site

functioning as an annual CO; sink for all years studied. At the CA-RPn site, net NGS emissions
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accounted for on average 255.9% (95% CI=(223.4,288.4)) of net GS uptake, resulting in the site
functioning as an annual CO> source for all years studied. Moreover, at the CA-RPp site, net NGS
emissions accounted for on average 74.5% (95% CI=(65.2,83.8)) of net GS uptake, resulting in the
site functioning as an annual CO> sink for all years studied. At CA-SCB, net NGS emissions
accounted for on average 110.7% (95% CI=(93.5,127.9)) of net GS uptake, and the site functioned
as an annual CO» sink from 2015-2018, then functioned as an annual CO; sink from 2018-2023.
Finally, at CA-DBB, net NGS emissions accounted for on average 45.6% (95% CI=(42.2,49.0)) of

net GS uptake, resulting in the site functioning as an annual CO; sink for all years studied.

2.3.3 Inter-seasonal and site differences for Corrected-SMAP-NEE

The boxplots for Corrected-SMAP-NEE separated by period (GS, NGS, and annual fluxes) for the
five peatland sites are presented in Figure 2-3. Some notable patterns were that Corrected-SMAP-
NEE during the GS was always negative, whereas Corrected-SMAP-NEE during the NGS was
always positive. However, annual Corrected-SMAP-NEE fluctuated between being positive or
negative (Figure 2-3). Notably, with all sites considered, the Corrected-SMAP-NEE fluxes were
always positive during the NGS (70.7 g C m™ period™! (95% CI=(58.7,82.6))), compared to the
negative values during the GS (-90.5 g C m™ period™ (95% CI=(-107.1,-73.9))) (Wilcoxon rank
sum, p<0.001, W=0). There were significant differences in Corrected-SMAP-NEE between sites
during both the GS and NGS, as well as annually (Kruskal-Wallis and Pairwise Wilcox Test:
p<0.0001, F=39.7; p<0.0001, F=40.2; and p<0.0001, F=35.0, respectively). The differences

between Corrected-SMAP-NEE fluxes by site are presented in Table 2-5.
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Figure 2-3: Boxplots of Corrected-SMAP-NEE (g C m™ period™') throughout the study period
(2015-2023). The fluxes are divided into the growing season (GS) (green), non-growing season
(NGS) (blue), and annual (purple). The white points represent the mean, whereas the black points
represent outliers. The red line across 0 represents the COz sink or source line.

2.3.4 Effect of season duration on annual Corrected-SMAP-NEE

Both the mean GS duration and NGS duration varied substantially among sites with all years
considered (ANOVA: p<0.001, F=20.89, and p<0.001, F=20.53). The differences between GS
and NGS duration by site are presented in Table 2-5. From the Pearson’s correlation analysis, with
all sites considered, there was a significant negative relationship between GS duration and annual
NEE (p<0.04). Additionally, there was a slight positive relationship between GS duration and

subsequent NGS NEE (p=0.29) and a significant positive relationship between NGS duration and
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subsequent GS NEE (p<0.014). Scatterplots demonstrating these relationships are presented in

Figure 2-4.
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Figure 2-4: Scatterplots of cumulative NEE vs seasonal durations. These include annual
cumulative Corrected-SMAP-NEE (g C m™ year) vs GS duration (number of days) (a), NGS
cumulative Corrected-SMAP-NEE (g C m™ period!) vs GS duration (number of days) (b), and GS
cumulative Corrected-SMAP-NEE (g C m™ period™) vs NGS duration (number of days) (c) with
their regression lines and associated R’ and p-values. Sites are represented by colour and shape.

2.4 Discussion

2.4.1 Correcting SMAP-NEE is valuable permitting data availability
While the correction of the SMAP data improved the accuracy of the SMAP dataset, it is likely

that several years of in-sitfu data per site would be needed to have the correction be meaningful. If
there were several years of EC-NEE data, as well as additional meteorological information
resulting from the EC method, a better route for long-term assessment of C cycling trends would
be to generate models on a site-by-site basis, permitting data availability. An area for future
extension would be, upon the inclusion of additional peatland sites, using the relationship between

EC-NEE and SMAP-NEE at all sites to correct SMAP-NEE (Appendix I, Table Al-2, and Figure
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Al-3), and extrapolating this correction relationship to additional peatland sites. The relative
similarity of the linear regression parameters between the EC-NEE and SMAP-NEE used for the
SMAP data correction across the 5 sites suggests that such a general correction relationship for
peatland sites may be possible. However, the agreement between the Corrected-SMAP-NEE and
EC-NEE was better on a site-by-site basis. Additionally, I recommend implementing machine
learning methods to evaluate the relationship between SMAP-NEE and EC-NEE, as the linear
relationships after the correction had relatively low explanatory power, albeit being higher than

the unprocessed dataset.

Looking more broadly at the SMAP-NEE data products’ performance in other ecosystems, a study
conducted in watersheds in the Canadian arctic examined SMAP-NEE summertime (June-August
2016) fluxes at nine AmeriFlux sites with eddy covariance stations with available data and
ecosystems similar to the ecosystems studied here (boreal forest and tundra) (Zolkos et al., 2022).
Their analysis shows that EC-NEE had a wider variation compared to SMAP-NEE, but also that
SMAP-NEE tended to overestimate NEE reporting more positive values than their EC-NEE
counterparts (Zolkos et al., 2022). This finding is consistent with our finding that SMAP-NEE
tends to be higher than EC-NEE during the GS at the five peatland sites. In another study looking
at how land use impacts carbon fluxes in Texas, they evaluated the performance of SMAP-NEE
compared to EC-NEE at an open-developed site, where they found reasonable agreement between
the two datasets (Ray et al., 2019). They found the correlation coefficient between SMAP-NEE
and EC-NEE to be 0.42, which demonstrates better agreement compared to our average of all sites
during the GS of 0.27 and during the NGS 0.16 (Figure AI-3) (Ray et al., 2019). However, their

calculated RMSE of 2.42 g C m? day™! (Ray et al., 2019) was higher than the target accuracy of
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SMAP-NEE, and higher than the value of 1.06 g C m? day™! and 0.62 g C m™? day’!, in the GS and
NGS, respectively that I found for the five peatland sites. They also found SMAP-NEE tended to
report a greater CO, source during the winter, as well as a greater CO» sink during the summer
compared to its EC-NEE counterpart (Ray et al., 2019). This finding is somewhat consistent with
our results, as I found SMAP-NEE tended to report a greater CO; sink during the GS, but may
report a weaker NGS CO» source compared to EC-NEE. Additionally, the SMAP-NEE data
product was assessed against CO> flux measurements at 26 core validation sites from the period
of March 31, 2015, to December 31, 2015 (Jones et al., 2017). Seven global MODIS plant
functional type vegetation classes were represented by these core validation sites (Jones et al.,
2017). They found that the overall RMSE was 1.04 g C m™ day!, which met their targeted accuracy
(Jones et al., 2017), and our calculation for the peatland sites of a RMSE of 1.06 g C m? day’!
during the GS and 0.62 during the NGS is consistent with their targeted accuracy as well. They
found that SMAP GPP demonstrated the highest correlation with tower observations, which is
consistent with our findings (Figure Al-4), followed by ER, then NEE showed the lowest

correlation relative to tower observations (Jones et al., 2017).

2.4.2 NGS CO; emissions account for a variable proportion of GS CO; uptake
The data analyses in this study showed that net NGS COx: release represented between 33% and

256% of the net GS CO; uptake. This range was higher than that reported by Zhao et al. (2016),
who found that NGS COz emissions accounted for 16—-80% of GS CO; uptake in boreal peatlands,
based on a review of four studies. Specifically, at CA-KLP, CA-RPp, and CA-DBB GS CO; uptake
offset by NGS CO; emissions fell within the range reported by Zhao ef al. (2016), whereas CA-

SCB was slightly higher than their reported range (110.7%), and CA-RPn was over three times
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higher than the maximum range value. The two Newfoundland Sites (CA-RPp and CA-RPn) had
the highest daily NGS emissions (0.62, and 0.45 g C m™ day!, respectively) despite having the
shortest NGS period, I hypothesize this result comes from climatic differences as the two
Newfoundland sites had substantially higher mean annual snowfall (Table 2-1). Snow can be
insulating resulting in higher soil temperatures that facilitate higher microbial activity, and thereby
CO» emissions (Gouttevin et al., 2012; Zhao et al., 2022). CA-RPp offset these high NGS
emissions with large GS CO, uptake due to fast growing vegetation, resulting in a proportion that
falls within the expected range; however, CA-RPn had typical bog vegetation and therefore
resulted in the high emissions as they were not offset during the GS (-1.21, and -0.26 g C m™ day"

!, respectively) (Wang et al., 2018).

Our estimated annual mean cumulative NEE ranged from -60.7 to 58.4 g C m? yr'! across the 5
sites (Table 2-5), which are in line with measurements determined using EC towers in the range of
-90 to 100 g C m? yr! reported by Limpens ef al. (2008). Our estimates are also in line with the
mean annual NEE of -48 g C m2 yr! (95% CI=-171,75) calculated from EC measurements in high
latitude peatlands (>45°N) (Strack et al., 2023). Additionally, our analyses showed that the five
peatlands differed in their annual CO»> sink capacity throughout the study periods (Table 2-5 and
Figure 2-3). This finding contrasts with a study by Lund et a/. (2010) that synthesized EC data for
12 arctic wetland sites, maintaining that all sites acted as annual sinks for CO». In the present study,
land use may be a factor influencing the sink or source status of these peatlands, as in the case of
CA-DBB, CA-RPn, and CA-RPp, there have been various degrees of disturbance and restoration.
Further, given the rate of climate change progression in the arctic, it is also possible that these sites

may have shifted from sinks at the time of publication (2010) to potential sources. Our estimates
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based on Corrected-SMAP-NEE were compared with estimates from the literature on a site-by-
site basis are presented in Table 2-5. Generally, after correction, the derived values better reflect
the in-situ environment, although the lower performance of the NGS Corrected-SMAP-NEE fluxes
indicates that additional model validation exercises are likely needed for SMAP-derived NGS CO»

exchange fluxes in peatland environments.

2.4.3 Longer GS results in greater CO> uptake as annual NEE

Our analysis showed a significant negative relationship between GS duration and annual NEE
(Figure 2-4a), that is, the net CO; sink strength across our peatland sites and study years was
greatest when the GS was longer and the NGS shorter. Our findings are consistent with most other
studies in northern peatlands, which have shown that NEE has a negative relationship with GS
duration and that GS duration is one of the key variables explaining interannual and inter-site
variability in CO; flux parameters including NEE (Baldocchi et al., 2018; Humphreys et al., 2014;
Lund et al., 2010; Lunt ef al., 2019). In contrast, other studies have found that NEE had a positive,
although sometimes non-significant correlation with GS duration (Lund ez al., 2010; Rafat et al.,
2022). In these cases, it’s likely that the stimulating effect of an increased GS duration on GPP is
offset by a concurrent increase in respiration (Lund et al., 2010). Our observation that the GS
duration had a positive, although not significant (p=0.29), correlation with the subsequent NGS
cumulative NEE (Figure 2-4c) has also been observed by others (Zhao et al., 2016). This
correlation is likely the result of the cross-seasonal link in NEE dynamics, whereby NGS CO»
dynamics are influenced by the amount and decomposability of the C substrates produced by GPP
during the GS (Zhao et al., 2016). Based on our data analysis, the lengthening of the growing

season expected under climate change, may lead to increased CO> uptake, but understanding how
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meteorological conditions may change alongside the lengthening of the growing season is a

priority for future analysis.

2.4.4 Limitations of the SMAP-NEE data product
The SMAP data product is advantageous because it (1) enables the estimation of peatland C fluxes

throughout both the GS and NGS, with no limitations due to equipment failure during the harsh
conditions of the NGS in cold regions, and (2) allows for inexpensive data collection throughout
the NGS and GS and across years in hard-to-access high latitude peatlands. However, our findings

show that the C fluxes derived by the SMAP data product have their limitations.

Our findings highlight the discrepancy between in-situ C fluxes measured in northern peatlands
and those estimated by the SMAP data product, suggesting that there are limitations to the
application of the SMAP data product to northern peatlands. There are a number of uncertainties
that could contribute to errors in the SMAP data product, including errors stemming from inputs
and uncertainties associated with model parameterization, initialization, and calibration (Kimball
et al., 2022). The SMAP derived C fluxes have been derived by calibrating the SMAP carbon
cycling model outputs via comparison against EC tower measurements from global FLUXNET
sites representing major plant functional type classes (Kimball et al., 2022). Version 7 of the
validation assessment report for the SMAP data product (Endsley ef al., 2023) detailed that they
specifically validated the data product in peatlands by comparing the derived fluxes to peatland
FLUXNET tower sites. As a result, the newest version of the SMAP data generally reproduces the
patterns of peatland sites, whereby peatlands have lower seasonal NEE amplitudes compared to
non-peatland sites. Our finding that the SMAP-NEE values were higher than EC-NEE values

during the GS and lower during the NGS demonstrates that using the uncorrected SMAP-NEE
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dataset would result in peatlands being estimated to be stronger GS CO» sources and weaker NGS
CO:z sinks. I propose that further validation exercises of the SMAP-NEE data product leverage the
wealth of publicly available globally distributed peatland EC-NEE data and make these

comparisons available to end users.

On a global basis, derived SMAP-GPP is generally consistent with findings in the literature
(Endsley et al., 2023). In the peatland sites I studied, SMAP-GPP values during the GS and NGS
had generally good agreement with the values of EC-GPP (Figure Al-4). There are several reasons
why SMAP-NEE may not be performing as well as SMAP-GPP at the selected peatland sites in
this study. Other land cover types may be represented within the 9 by 9 km pixel modelled by
SMAP, and neither wetlands or peatlands are explicitly represented in the MODIS plant functional
type classification that were used to calibrate SMAP (Jones ef al., 2017). It is also notable that
wetlands and peatlands were not well represented in the SMAP-NEE calibration dataset (Jones et
al.,2017). These factors may contribute to larger differences in SMAP-NEE compared to EC-NEE
that, when aggregated, lead to erroneous sink or source attributions (Figure AI-2). Additionally, it
has been reported that SMAP data product has increased the peatland soil porosity compared to
previous versions of this data product, which resulted in potentially stronger modeled water
limitations relative to other ecosystems (Endsley et al., 2023). The SMAP data products have also
highlighted that they have modeled peatlands to be equal or greater summertime CO3 sinks relative
to non-peatlands, which may not necessarily be the case, especially in low productivity bogs
(Endsley et al., 2023). While this may be the case, nutrient poor peatlands will still have limitations
on respiration fluxes, especially during the winter. Despite these limitations, the application of the

SMAP data products to estimate CO> flux data in these remote cold regions is valuable. Further
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validation for peatland sites of the SMAP algorithms for calculating NEE will be necessary to

increase our confidence in the SMAP-derived values for monitoring future change.

2.5 Conclusions
I used the remotely sensed and modeled SMAP-NEE data product to explore NEE for five

Canadian peatland sites corrected based on a subset of eddy covariance data. This study is the first
study to evaluate the performance of SMAP-NEE across a variety of peatland types within Canada.
I found the NGS to represent a period of net CO; emission, whereas the GS represented a period
of net CO» uptake. The proportion of NGS emissions compared to GS uptake varied substantially
on a site-by-site basis ranging from 33% to 256%. Our focus on seasonality and identifying
different correction factors for either season represents a novel approach, and our findings
highlight the importance of considering the NGS when evaluating annual peatland carbon budgets.
Furthermore, while peatlands are likely sinks in the long term, their annual sink status is dynamic,
and multi-year measurements are crucial for reducing the uncertainty in the estimates of a site’s
source/sink status. I also found that longer growing seasons were consistent with greater annual
net CO2 uptake at these five peatland sites from 2015-2023. This finding highlights the potential
for increased CO; uptake with a longer GS expected under climate change scenarios. However, |
recommend that future studies consider other gaseous carbon emissions, such as methane (CHa),
as well as fluvial export, as these processes can be significant in peatlands and are crucial in

determining the overall C sink status of these environments.
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3 Prediction of the net ecosystem exchange of carbon dioxide in
Canadian peatlands by integrating remote sensing and gridded
climate data products

3.1 Introduction

Peatlands are globally significant organic carbon (C) reservoirs, storing up to one third of the
terrestrial soil organic C pool despite covering just 3% of Earth’s land surface (Gorham, 1991;
Post, 1982; Yu et al., 2010). This extraordinary accumulation reflects greatly reduced
decomposition under the anoxic, water-saturated conditions characteristic of peat soils (Gorham,
1991; Wu & Roulet, 2014). In these ecosystems, gross primary productivity (GPP), the uptake of
CO; by vegetation, generally exceeds ecosystem respiration (ER), the release of CO; by plants and
microbes, yielding a negative net ecosystem exchange (NEE) and a net CO; sink (Chapin et al.,
2006; Wu & Roulet, 2014). Furthermore, peatland CO> uptake typically outweighs emissions of
methane (CH4) and dissolved or particulate organic C, reinforcing their role as small but enduring
C sinks (Chapin ef al., 2006; Wu & Roulet, 2014). Northern peatlands in Canada alone sequester

an estimated 20-60 g C m 2 yr ! (Strack et al., 2023; Wu & Roulet, 2014).

Two primary in-situ approaches are used to measure NEE of COz: chamber-based methods and the
eddy covariance (EC) technique. In chamber measurements, a sealed chamber is placed over a
small patch of vegetation and/or soil, therefore the measurements are highly influenced by
vegetation type and local water table position and the rate of CO; concentration change inside the
chamber is logged over minutes to hours, yielding high-precision and plot-scale fluxes that may
not capture the full diversity of plant and soil conditions (Wang et al., 2013; Webster et al., 2018).

In contrast, EC, a micrometeorological technique, uses fast-response sensors mounted above the
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canopy to record rapid fluctuations in vertical wind speed and CO> concentration; by correlating
these fluctuations, EC derives continuous, ecosystem-scale flux estimates over a larger region
(Baldocchi, 2003). EC systems, comprising fast-response anemometers and CO» analyzers
mounted on towers above the vegetation canopy, measure NEE continuously across a footprint
that typically spans square kilometers (Baldocchi, 2003). Although EC systems require more
elaborate setup and quality control processing compared to chamber-based techniques, and can
have occasional data gaps under very stable atmospheric conditions (particularly in the non-
growing season), their ability to integrate across whole ecosystems outweighs these considerations
when upscaling measurements to larger domains (Dutch et al., 2024; Limpens et al., 2008; Wang

etal.,2013).

To estimate nation-wide CO, budgets and assess climate change impacts over broad regions, in-
situ CO2 flux measurements from multiple EC towers must be integrated across wider geographic
regions. A growing body of previous studies demonstrates the power of combining EC
observations with satellite-derived products to interpolate CO, fluxes across landscapes, for
example: in deciduous broadleaf forests of Japan (Yamayji et al., 2008), grasslands of the northern
Great Plains (Wylie ef al., 2007), forests in Europe (Papale & Valentini, 2003), and diverse biomes
throughout the continental United States (Xiao et al., 2008). In these studies, a suite of remote-
sensing-derived predictors such as surface reflectance, enhanced vegetation index (EVI), daytime
and nighttime land surface temperature (LST), normalized difference water index (NDWI),
fraction of absorbed photosynthetically active radiation (fPAR), and leaf area index (LAI) has

proven highly effective for modeling NEE under varying climatic conditions (Xiao ef al., 2008).
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Site-scale and data-driven methods have proven effective at simulating NEE across a variety of
ecosystems, ranging from forests and grasslands to agricultural systems (Cai et al., 2020; Dou &
Yang, 2018; He et al., 2006; Melesse & Hanley, 2005). In peatlands specifically, several modeling
paradigms have been applied at individual tower sites, for example: process-based models (Wu et
al., 2011; Wu & Roulet, 2014), purely data-driven approaches (Rafat et al., 2021), and semi-
empirical formulations (Balogun ef al., 2023; Balogun et al., 2024). Meanwhile, in other biomes,
site-level EC observations have been expanded to regional analyses using machine learning and
regression techniques, for example: across North American forests (Xiao et al., 2008), global
FLUXNET sites (Jung et al., 2011; Tramontana et al., 2016), and European carbon budgets (Beer
et al., 2010; Bodesheim et al., 2018; Virkkala et al., 2021), with similar upscaling efforts in
wetlands (McNicol et al., 2023; Peltola ef al., 2019). By contrast, few studies have attempted to
apply these regional-scale data-driven strategies to peatland NEE, either across the Northern

Hemisphere (Qiu et al., 2020) or within Canada (Webster ef al. 2018).

In this study, I integrated year-round EC-derived NEE of CO2 measurements from 15 Canadian
peatland sites spanning six ecoregions with 34 candidate predictors from remote sensing and
gridded climate datasets. The main objectives were to: (i) train, validate, and test four machine
learning algorithms: ElasticNet Regression (EN), Light Gradient-Boosting Machine (LGBM),
Random Forest Regression (RFR), and Support Vector Regression (SVR) with their predictive
performance being evaluated via R?, Root Mean Square Error (RMSE), Mean Square Error (MSE),
Mean Absolute Error (MAE), and Mean Absolute Percent Error (MAPE) (See 3.2.3.2); (i1) execute
a comprehensive feature importance and selection workflow including hierarchical clustering, Gini

importance, and mRMR analysis to narrow inputs to the eight most influential drivers of NEE in
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Canadian peatlands ; and (iii) apply the top-performing model to six independent validation
peatland sites to quantify predictive accuracy and assess regional transferability. By achieving
these objectives, this study provides a generalizable framework for upscaling NEE estimates across
Canada’s under-studied peatlands by leveraging a model trained on diverse ecoregions based on
key satellite-derived and climate predictors. By pinpointing the eight most influential variables,
this study shows how remote sensing and climate products can effectively complement limited,

and costly, in-situ measurements, enabling seamless application to Canadian peatlands.

3.2 Materials and Methods

3.2.1 Data collection and preprocessing

The study proceeded in four stages: i) data collection and preprocessing of eddy covariance (EC)
fluxes and gridded predictors (see 3.2.7), ii) training and evaluation of four machine learning
models: ElasticNet Regression (EN), Light Gradient-Boosting Machine (LGBM), Random Forest
Regression (RFR), Support Vector Regression (SVR) (see 3.2.2), iii)) SHAP (SHapley Additive
exPlanations) based assessment of predictor importance (see 3.2.3), and iv) external validation and
application across independent peatland sites (see 3.2.4). A schematic of methodological flowchart

is shown in Figure 3-1.
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Figure 3-1: Workflow schematic illustrating the four key stages of this study: (i) data collection
and preprocessing of eddy covariance (EC) fluxes and gridded predictors, (ii) training and
evaluation of four machine learning models: ElasticNet Regression (EN), Light Gradient-Boosting
Machine (LGBM), Random Forest Regression (RFR), Support Vector Regression (SVR), (iii)
SHAP (SHapley Additive exPlanations)-based assessment of predictor importance, and (iv)
external validation and application across independent peatland sites. The peatland pictured is CA-
DBB (Photo Credit: Metro Vancouver).

3.2.1.1 Site selection
Half-hourly NEE flux data of 15 Canadian peatland sites (Figure 3-2 and Table 3-1) with

continuous EC-derived CO; records was collected from AmeriFlux network (AmeriFlux, 2025).
From a hydrological perspective, the selected peatland sites include eight bogs (ombrotrophic
systems receiving water and nutrients solely from precipitation and dry deposition) and seven fens
(receiving additional water and nutrient inputs from connections with the ground and surface-
water) (National Wetlands Working Group, 1988), capturing the contrasting carbon-storage and
CO»-flux dynamics of each peatland type (Bridgham et al., 2008). From a disturbance-gradient
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perspective, two sites (CA-DBB and CA-DB2) within Burns Bog Ecological Conservancy Area
were subject to peat extraction in 1957-1963 and land use change in the surrounding urban area
and have undergone phased restoration since 2001 (Christen et al., 2016; Christen & Knox, 2021;
D’Acunha et al., 2019; Lee et al., 2017), while the remaining thirteen are undisturbed to the best
of our knowledge. Collectively, these fifteen sites encompass a variety of different peatland type,
and have some representations of pristine, disturbed, and restored sites, providing a robust
foundation for training and evaluating our predictive models. EC system configurations for each

site are detailed in Table 3-2.
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Table 3-1: Characteristics of the selected 15 peatland study sites: site identifier, geographic
coordinates, EPA Level II ecoregion, Koppen—Geiger climate classification, mean annual
temperature and precipitation, peatland hydrological type, and primary data citation (ECCC, 2025;

AmeriFlux, 2025).
Coordinates (°) Mean Annual Mean Annual
AmeriFlux Koppen Climate Peatland
Ecoregion Temperature Precipitation Reference
Site ID Latitude  Longitude Classification* Classification
(Y9 (mm)
) Helbig et al.,
CA-ARB 52.6950 —83.9452 Hudson Plain Dfb -1.30 700.00 Bog 2019
Helbig et al.,
CA-ARF 52.7008 —83.9550 Hudson Plain Dfb -1.30 700.00 Fen 2019
Primeau &
Softwood
CA-BOU 50.5244 —63.2064 Cwce 1.50 1011.00 Bog Garneau,
Shield
2021
Hanis et al.,
CA-CF1 58.6658 —93.8300 Hudson Plain Dfc —6.50 452.00 Fen 2015
Hanis et al.,
CA-CF2 58.6658 —93.8300 Hudson Plain Dfc —6.50 452.00 Fen S015
Arndt &
CA-CF3 58.6658 —93.8304 Hudson Plain Dfc —6.50 452.00 Fen
Natali, 2025
Marine West D’Acunha et
CA-DB2 49.1190 —122.9951 Csb 10.00 1128.00 Bog
Coast Forest al., (2019)
Marine West Christen et
CA-DBB 49.1293 —122.9849 Csb 10.00 1128.00 Bog
Coast Forest al., 2016
Mixed Wood Lafleur et al.,
CA-Mer 45.4094 —75.5186 Dfb 6.00 943.00 Bog
Plains 2001
Softwood Wang et al.,
CA-RPn 48.2604 —58.6632 Dfb 5.00 1340.40 Bog
Sheild 2018
. . Helbig et al.,
CA-SCB 61.3089  —121.2984 Taiga Plain Dfc —2.80 388.00 Bog
(2017)
Chartrand et
CA-SMC 63.1534  —123.2522 Taiga Plain Dfc -2.80 388.00 Bog
al., 2023
Coursolle et
CA-WP1 54.9538 —112.4670 Boreal Plain Dfc 1.10 461.07 Fen
al., 2006
Glenn et al.,
CA-WP2 55.5375 —112.3343 Boreal Plain Dfc 1.20 428.30 Fen 2006
Glenn et al.,
CA-WP3 54.4700  —113.3200 Boreal Plain Dfc 2.30 478.70 Fen 2006

*Dfb = a continental climate with no dry season and warm summers; Cwc = a temperate climate with dry winters and cool summers; Dfc = a continental climate with

no dry season and cool summers; Csb = a temperate climate with dry and warm summers.
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Figure 3-2: Geographic distribution of the 15 selected peatland sites across Canada, overlaid on
the U.S. EPA Level II Ecoregions of North America (Environmental Protection Agency, 2024).
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Table 3-2: Eddy covariance setup and data characteristics. Different superscript letters indicate
statistical significance between 15 selected sites (Kruskal-Wallis, p<0.05) (NEE = Net Ecosystem

Exchange).
Monthly
Half-
u* mean NEE
Data Height Hourly Number of
Site Instrumentation Path Type Period  Threshold (gCm? Reference
Source (m) Observations
(ms™) day; 95%
(%)
CI)
—0.19% .
CA- 2011- Helbig et al., 2019;
Ameriflux IRGA: LI-7200 Closed-path 7.5 0.28 33% (=0.30, 57
ARB 2015 Humphreys et al. (2014)
—0.08)
CA- ) 2011- —0.13%® .
Ameriflux IRGA: LI-7200 Closed-path 7.5 0.19 30% 54 Helbig et al., 2019
ARF 2015 (—0.30, 0.04)
—0.13*
CA- . 2018— Primeau & Garneau, 2021;
Ameriflux IRGA: LI-7200 Closed-path 22 0.07 47% (—0.25, 17 .
BOU 2020 Taillardat et al., 2022
—0.03)
CA- ) 2007- 0.10% Hanis et al., 2013; Hanis et al.,
Ameriflux IRGA: LI-7500 Open-path 3.9 0.08 72% 7
CF1 2008 (—0.18, 0.40) 2015
CA- . 2008— 0.07% .
Ameriflux IRGA: LI-7500 Open-path 43 0.20 77% 18 Hanis et al., 2015
CF2 2011 (—0.23,0.37)
CA- IRGA: LI-7500; Open-path; 2022— —0.21%%
Ameriflux 2.5 0.07 45% 6 Arndt & Natali, 2025
CF3 IRGA: LI-7200 Closed-path 2023 (=0.79, 0.37)
—0.492b° Christen et al., (2016); Lee et
CA- 2019-
Ameriflux IRGA: LI-7200 Closed-path 2.5 0.05 15% (—0.97, 12 al., (2017); D’Acunha et al.,
DB2 2020
0.001) (2019)
—0.26°° Christen et al., (2016); Lee et
CA- 2014—
Ameriflux IRGA: LI-7200 Closed-path 1.8 0.05 37% (—0.45, 71 al., (2017); D’Acunha et al.,
DBB 2020
—0.07) (2019)
—0.274%¢
CA- 1998
Ameriflux IRGA: LI-7000 Closed-path 3.0 0.09 37% (—0.36, 215 Humphreys et al. (2014)
Mer 2020
—0.18)
CA- ) 2014 -0.10%
Site PI IRGA: LI-7200 Closed-path 3.21 -* -* 22 Wang et al. (2018)
RPn 2016 (—0.37,0.17)
CA- 2014- 0.02%
Ameriflux IRGA: EC150 Open-path 1.9 0.05 44% 31 Helbig et al., (2017)
SCB 2019 (—0.09, 0.12)
CA- 0.30° Kuhn et al., 2024; Schulze et
Ameriflux IRGA: LI-7200 Closed-path 14.9 2018 0.10 50% 5
SMC (0.04, 0.57) al., 2023
—0.28%®
CA- . 2003—
Ameriflux IRGA: LI-7000 Closed-path 9.0 0.16 43% (-0.51, 72 Syed et al., 2006
WP1 2009
—0.06)
—0.63¢
CA- . 2004
Ameriflux IRGA: LI-7500 Open-path 3.0 0.05 48% (=0.90, 16 Glenn et al., 2006
WpP2 2006
—0.36)
—0.43
CA- 2004—
Ameriflux IRGA: LI-7500 Open-path 3.0 0.15 56% (—0.86, 14 Glenn et al., 2006
WP3 2006 0.02)

*Datasets were preprocessed (quality filtered and gap-filled) by site principal investigators.
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3.2.1.2 Observation-based NEE fluxes
Half-hourly NEE flux data of 15 selected peatland sites were also obtained from the AmeriFlux

BASE archive and processed in REddyProcWeb (Wutzler et al., 2018) to apply friction-velocity
(u*) filtering, gap-filling, and partitioning of NEE into GPP and ecosystem respiration (ER). Low-
turbulence periods, when the EC method underestimates fluxes (Papale et al., 2006), were
identified and removed using seasonally calculated u* thresholds, after which gaps were filled via
meteorologically stratified lookup tables and temporal interpolation following Falge et al. (2001)
and Reichstein et al. (2005). Processed data were then aggregated to daily and monthly averages
under completeness criteria (>70% half-hourly data per day; >10 days per month). This workflow
adheres to established protocols (Papale et al, 2006; Wutzler et al, 2018), with full

methodological details provided in Appendix II.

Using the accepted daily and monthly averages, I assessed whether smoothing the high-frequency
variability would alter these results, I also applied a fast Fourier transform (FFT) via numpy.fft.fft
(Harris et al., 2020) to the raw half-hourly time series, decomposing the signal into sine and cosine
components, zeroing frequencies above the 24-hour threshold (low-pass filtering), and
reconstructing the smoothed series with an inverse FFT, before aggregating those values to
monthly averages. Comparison of the two approaches showed that our completeness-based
aggregation already effectively removed high-frequency noise: unfiltered and FFT-smoothed
monthly NEE agreed within MAE 0.00-0.01 g C m 2 day !, RMSE 0.00-0.02 g C m 2 day !, and

MAPE 1-6% (Figure AII-1), rendering the additional FFT step unnecessary.
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Figure 3-3: Ridgeline distributions of daily eddy covariance net ecosystem exchange (EC-NEE;
g C m 2 day ') at each peatland site (x-axis labels), with negative values (net CO2 uptake) in blue
and positive values (net CO; release) in red. Horizontal dashed line at zero distinguishes uptake
versus release.

3.2.1.3 Gridded predictor products
Thirty-four predictor variables were selected based on their relevance to modeling NEE of CO; in

peatlands (see Table 3-3). To capture the high temporal variability of peatland CO, fluxes, static
predictors or those with coarser-than-monthly resolution were excluded from collection. All
predictor variables are accessible via Google Earth Engine (GEE) and Table 3-3 summarizes each
predictor’s temporal cadence, spatial resolution, unit, and source. Given that EC flux tower
footprints can span <1-3 km? (Baldocchi, ef al., 1997; Running et al., 2004), predictor data were
extracted by averaging values within a 1 km buffer around the tower coordinates. For coarser
resolution datasets (>5 km), the pixel value containing the flux tower was used directly. Data
extraction followed each variable’s native cadence. The algorithm matched each daily averaged

NEE observation to the closest available predictor value within a +4-day window, selecting the
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date with the smallest offset when multiple candidates existed. Additionally, pre-processing steps
(unit conversions and merging dual-platform products, e.g., MODIS Terra and Aqua) were applied
to ensure consistency across datasets before model development. Once all daily predictor matchups
were compiled and harmonized, they were aggregated to monthly averages, yielding a final dataset
of monthly-mean environmental predictors paired with monthly-mean NEE as the target variable.
Data were aggregated to monthly-mean to make use of the wealth of variables in the TerraClimate
dataset (monthly resolution), but also to dampen extreme daily values. Moreover, Kruskal Wallis
and Wilcoxon comparisons were used to determine the differences between different measures of

daily NEE and the gridded-predictor variables, partitioned by peatland type and ecoregion.
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Table 3-3: Summary of 32 candidate predictor variables extracted from Google Earth Engine
(GEE). The remaining two (in total 34) are the peatland and ecoregion classifications presented in
Table 3-1. GEE datasets were accessed via https://developers.google.com/earth-

engine/datasets/catalog/ concatenated with the respective Image Collection ID.

Spatial -
ime
Predictor Variable Shortform  Unit  Cadence Resolution GEE Image Collection ID S
an
(km) ’
Fraction of Photosynthetically Active Radiation
) fPAR 2002—
(fPAR) absorbed by vegetation - 4 Days 0.5 MODIS_061_MCDI5A3H 5025
Leaf Area Index (LAI) LAI
. MODIS_061_MOD21C1
Average Daytime Land Surface Temperature (LST) DLST
MODIS_061_MYD21Cl1 2000—
°C 1 Day 1
MODIS_061_MOD21C1 2025
Average Nighttime Land Surface Temperature (LST) NLST
MODIS_061_MYD21C1
Total Evapotranspiration (ET) ET_M mm <D 0. MODIS_061_MOD16A2 2001-
ays .
Total Evapotranspiration (ET) gap-filled* ET_M day! Y MODIS_061_MODI16A2GF 2024
C
£ 2001-
Gross Primary Product (GPP) GPP m? 8 Days 0.5 CAS_IGSNRR_PML_V2 v018 2024
day!
Normalized Difference Water Index (NDWT) NDWI MODIS_MCD43A4_006_NDWI
Normalized Difference Snow Index (NDSI)* NDSI MODIS_MCD43A4_006_NDSI 2000
Normalized Difference Vegetation Index (NDVI) NDVI - 1 Day ~0.5 MODIS_MCD43A4 006_NDVI 2023
Enhanced Vegetation Index (EVI) EVI MODIS_MCD43A4_006_EVI
Burn Area Index (BAI)* BAI MODIS_MCD43A4_006_BAI
Duration of the daylight period Dayl hr
Daily total precipitation prcp_DM mm
w
Incident shortwave radiation flux density* Srad_DM ,
m
1980-
) kg 1 Day 1 NASA_ORNL_DAYMET V4
Snow water equivalent* swe_DM > 2024
m
Daily maximum 2-meter air temperature Tmax_DM °C
Daily minimum 2-meter air temperature Tmin_DM °C
Daily average partial pressure of water vapor vp_DM kPa
Actual evapotranspiration aet mm
Climate water deficit* cwd mm
Palmer Drought Severity Index (PDSI) PDSI -
Potential evapotranspiration pet mm
Precipitation accumulation prep_TC mm
Runoff ro mm
Soil moisture* sm mm 1958
W Monthly ~5 IDAHO_EPSCOR_TERRACLIMATE
Downward surface shortwave radiation srad_TC > 2024
m
Snow water equivalent swe_TC mm
Maximum temperature Tmax_TC °C
Minimum temperature Tmin_TC °C
Vapor pressure vp_TC kPa
Vapor pressure deficit vpd kPa
Wind-speed at 10m* ws ms!

* Indicates selected feature.
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3.2.2 Applied machine learning models

3.2.2.1 ElasticNet (EN) regression
ElasticNet (EN) is a highly interpretable multiple linear regression model that brings together two

regularization methods: the Least absolute shrinkage and selection operator (Lasso) (L1) and
Ridge (L2) penalties (Zou & Hastie, 2005). Its strength lies in its simplicity while retaining the
flexibility of more complex approaches (Kujawska et al., 2025). This model has been used in a
variety of studies, such as Harrison ef al. (2021) for selecting predictors in models of CO; and CHa4
exchange from reservoir systems and Kujawska et al. (2025) for evaluating and predicting CO»

flux from agricultural soils under various treatments. The EN model is defined by:

Y=XB+e 3.1)

where Y represents the target variable (NEE), X is the matrix of input variables (Table 3-3), {3 is

the vector of coefficients, and ¢ represents the error term (Kujawska et al., 2025).

The first regularization component, Lasso, imposes an L1 penalty on coefficient magnitudes,
constraining the sum of absolute values and forcing some coefficients exactly to zero, thereby
performing variable selection in addition to reducing multicollinearity (Tibshirani, 1996). The
second regularization component in EN is the ridge (L2) penalty, originally devised to mitigate
multicollinearity in ordinary least-squares regression by Hoerl and Kennard (1970). When
predictor variables are highly correlated, coefficient estimates can become unstable, degrading
model performance; ridge regression addresses this by adding a small bias term, denoted k, to the
sum of squared coefficients, effectively shrinking them toward zero and reducing their variance,
thereby enhancing predictive accuracy (Hoerl & Kennard, 1970). In implementation for this study,

the optimal ridge parameter k was selected via scikit-learn’s ElasticNetCV, which evaluates
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multiple values through cross-validation and chooses the one that minimizes prediction error
(Pedregosa et al., 2011). In the EN framework, this ridge parameter is incorporated into the term
a(1 — I1_ratio)||w||3. Importantly, ridge regularization retains all variables in the model. By
combining these two penalties, EN balances coefficient shrinkage and variable selection to
improve predictive accuracy. Formally, EN minimizes the following objective (Zou & Hastie,

2005):
min— |y — Xwl3 + a®llwll; + (1 - 0)lIwll} (3.2)
w zn 2

where n is the number of samples, y is the vector of observed values, X is the matrix of input
: . . 2. .
variables (Table 3-3), w is the coefficient vector, ||y — Xw|| S is the residual sum of squares, ||w||;

and ||w||3 are the L1 and L2 norms of the coefficients, « is the overall regularization strength, and
0 is the mixing parameter that controls the relative weight of L1 versus L2 penalties (Pedregosa et

al., 2011; Zou & Hastie, 2005).

3.2.2.2 Light Gradient-Boosting Machine (LGBM)
Light Gradient-Boosting Machine (LGBM) is an optimized implementation of gradient-boosting

decision trees (GBDT) designed for high efficiency and scalability (Ke et al., 2017). Like
conventional GBDT, it builds decision trees sequentially, with each tree correcting the errors of its
predecessors to achieve high predictive accuracy (Ke et al., 2017). However, traditional GBDT
approaches can be computationally expensive, so LGBM incorporates two key techniques:
gradient-based one-side sampling (GOSS) and exclusive feature bundling (EFB) to reduce both
the number of data instances and features used during training (Ke et al., 2017). GOSS leverages

gradient magnitudes, where larger gradients indicate data points with higher error contribution to
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preferentially retain those informative instances and randomly down-sample lower-gradient
instances, thereby shrinking the training set without sacrificing key information (Ke et al., 2017).
EFB, in turn, bundles mutually exclusive features, those never simultaneously non-zero, into single
composite features with further reducing dimensionality (Ke et al., 2017). Moreover, LGBM
adopts a leaf-wise growth strategy, prioritizing the growth of leaf nodes minimizing loss at each
step rather than growing trees level-by-level, which accelerates convergence relative to traditional
tree-based methods (Wu et al., 2024). LGBM has been demonstrated to achieve comparable
accuracy with other tree-based machine learning methods while lowering computational costs (Ke
et al., 2017). This method along with random forest regression has been used to model oceanic

CO; fluxes (Zeng et al., 2022) and CO; fluxes from underground coal fires (Wang et al., 2025).

3.2.2.3 Random Forest Regression (RFR)
Random forest regression (RFR) is an ensemble learning method that constructs a multitude of

decision trees using bootstrap samples of the training data and random subsets of predictor
variables at each split (Breiman, 2001). By injecting randomness in both the sampling of
observations and the selection of features, individual trees become decorrelated, dramatically
reducing overfitting compared to single-tree models (Breiman, 2001). During prediction, the
forest’s output is obtained by averaging the predictions of all constituent trees, thereby stabilizing
variance and improving generalization. Beyond its use in conjunction with LGBM (see 3.2.2.2),
random forest algorithms have been successfully applied to model greenhouse gas (GHG) fluxes
in wetland environments, including CH4 emissions in boreal and temperate peatlands (McNicol et
al.,2023; Peltola et al., 2019), as well as other C exchange studies across diverse ecosystem types

(Cai et al., 2020; Virkkala et al., 2021).
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3.2.2.4 Support Vector Regression (SVR)
Support Vector Regression (SVR) is a powerful extension of the Support Vector Machine (SVM)

framework, repurposed for regression rather than classification. In SVR, input vectors x € R" are
first mapped into a high-dimensional feature space via a nonlinear function ¢(x), enabling the
model to capture complex, nonlinear relationships in the data. The prediction function is then

defined as:

fO) =w(x)+b (3.3)

where w is the weight vector that determines the orientation of the regression hyperplane in feature
space, and b is the bias term that shifts this hyperplane to best fit the data. Together, w and b form
the parameters of the regression function, balancing the model’s capacity to follow the data’s

underlying pattern against its complexity (Cortes & Vapnik, 1995).

The training of an SVR model involves solving a convex optimization problem that simultaneously
minimizes model complexity and penalizes deviations beyond a user-specified tolerance €. This is

formulated as:
min > llwll” + € T2y Le(f (x) =~ %) 34

where ||w||? measures the squared Euclidean norm of the weight vector (thus controlling model
smoothness), m is the number of training samples, and C > 0 is the regularization parameter that
governs the trade-off between the flatness of the regression function and the penalty for errors. The
function L.(e) = max{0, |e|] — €} is the e-insensitive loss, meaning deviations |f(x;) — v;|
smaller than € incur no penalty, while larger deviations are penalized linearly. Slack variables
embedded in L, quantify the extent to which points lie outside the e-tube, and C determines how

heavily these slack variables are weighted in the overall risk minimization (Drucker et al., 1996).
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This dual objective ensures robust generalization even with limited data and enables SVR to adapt

to both linear and highly nonlinear trends through the choice of kernel in ¢ (x).

3.2.3 Modeling workflow

3.2.3.1 Feature selection
Hierarchical clustering-based Exploratory Data Analysis (EDA) revealed substantial redundancy

among predictors, underscoring the need for dimensionality reduction. In this study, it began by
computing Spearman’s pairwise correlations and flagging feature pairs with p > 0.85 (Figure 3-
4). A random forest regressor was then trained to assess Gini importance for each feature (Cai et
al., 2020); within each highly correlated pair, the feature with lower importance was discarded.
This procedure reduced the predictor set from 34 to 13 variables. Next, the minimum redundancy
maximum relevance (mRMR) algorithm was applied to the remaining 13 features using
mrmr_selection library. Originally developed for gene-selection tasks (Ding & Peng, 2003; Peng
et al., 2005), mRMR selects the feature with highest relevance (to the target variable in this study;
NEE) first, then incrementally adds variables that maximize relevance while minimizing
redundancy, producing a ranked list by mRMR score. mRMR has been adapted to environmental
modeling (Bouzgou & Gueymard, 2017; Cushman et al., 2024; Reshadi et al., 2025; Wu et al.,
2023). Categorical predictors (Ecoregion and Peatland Type) were one-hot encoded and treated
numerically; for continuous predictors, relevance to NEE was evaluated via F-statistics (Analysis
of Variance; ANOVA), and for binary variables via t-tests. Redundancy among all variable pairs
was quantified by (i) absolute Pearson correlation, (ii) Euclidean distance, and (iii) inverse distance

(Ding & Peng, 2003).
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Figure 3-4: Pairwise correlations among monthly-mean predictor variables and net ecosystem
exchange (NEE). The upper triangle displays Pearson’s r, the lower triangle Spearman’s p. Cell
colors range from blue (—1 for strong negative) to red (+1 for strong positive). Asterisks indicate
significance levels: * p < 0.05, ** p <0.01, *** p <0.001. Variable shortforms are expressed in
Table 3-3.

To identify the optimal feature count, a sensitivity analysis was performed using ordinary least
squares regression on subsets ranging from 2 to 13 features. Model performance improved sharply
up to eight predictors, beyond which performance metrics plateaued. Consequently, the top eight

mRMR-ranked features: evapotranspiration, shortwave radiation, burn area index (BAI),
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normalized difference snow index (NDSI), snow water equivalent (SWE), climate water deficit
(CWD), wind speed, and soil moisture, were selected for subsequent model development (see 3.3.4

for detailed results).

3.2.3.2 Model development and evaluation
The modeling workflow used in this study was built on Reshadi ef al. (2025) with two main

adaptations: EN was included alongside LGBM, RFR, and SVR, and interpretation was expanded
with a more comprehensive SHAP (SHapley Additive exPlanations)-based interpretation. For each
model, the data were split into a training set (75%) and a hold-out internal test set (25%), stratified
by site. Hyperparameters were tuned using five-fold cross-validation on the training data, which
was further split into five folds, each fold serving once as a validation set while the remaining four
folds were used for fitting, and the best combination was chosen by averaging performance across
folds. Model performance on the unseen internal test data was assessed using five statistical
metrics (MAE = Mean Absolute Error, MSE = Mean Squared Error, RMSE = Root Mean Squared

Error, MAPE = Median Absolute Percentage Error, R? = Coefficient of Determination):

MAE = 10n2/108)~log ()| 3.5)
MSE = 30 = 9)? (3.6)
RMSE (g Cm~ day™) = 250 - 51 (3.7)
MAPE (%) = Med ('yy%”) x 100 (3.8)
RZ=1-— % (3.9)
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where y; and y, denote the measured and predicted NEE of the i-th data point, respectively. The ),
represents summation from i = 1 to n, where n is the total number of data points, and Med

represents the median.

To quantify uncertainty and guard against overfitting, the Jackknife+ resampling technique was
applied (Barber et al., 2021), which iteratively leaves out one observation, fits the model on the
remaining n — 1 samples, and predicts the held-out point; these n predictions form a distribution

from which a prediction interval is constructed.

3.2.3.3 Model interpretation
To elucidate each predictor’s influence on NEE of CO» estimates, Shapley additive explanation

(SHAP) analysis was applied (Lundberg & Lee, 2017), which assigns contribution values that
capture both local (individual prediction) and global (overall model) feature importance (Wu et
al.,2024). In addition, a leave-one-ecoregion-out sensitivity analysis was conducted by iteratively
omitting each ecoregion from the training data, retraining the model, and evaluating performance

changes to assess the model’s reliance on specific regional data.

3.2.4 External validation and model application

The Web of Science database was searched for additional peatland sites with publicly accessible
or Principal Investigator (PI)-provided NEE data for external validation. From this search, datasets
for six external validation sites were acquired (see Table 3-4). For each site, the same eight
predictor variables were collected from GEE following the procedure described in 3.2./.3. Half-
hourly flux data for Bois-des-Bel (CA-BDB) and Sandhill Fen (CA-SHF) sites were processed
using the workflow described in 3.2.1.2. Data for the Burned Peatland (CA-BP) and Unburned
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Peatland (CA-UBP) sites were supplied by the site PIs and processed according to Morison et al.
(2020). The Fish Island Peatland (CA-FI) site dataset, as described by Skeeter et al. (2022), was

likewise subjected to the same post-processing protocol outlined in 3.2.1.2.

Table 3-4: Summary of external validation site descriptions: site identifier, geographic coordinates
(latitude and longitude), EPA Level II ecoregion, Koppen—Geiger climate classification, mean
annual temperature and precipitation, peatland classification, and primary data citation (ECCC,
2025).

Site Coordinates (°) Koppen Climate Mean Annual Mean Annual Peatland

Ecoregion Reference
ID Latitude  Longitude Classification* Temperature (°C) Precipitation (mm) Classification
CA- Atlantic He et al., 2025;
47.9672 —69.4287 Dfb 3.5 963.5 Bog
BDB Highlands Nugent et al., 2018
CA- Boreal
56.1070 —-115.5610 Dfc 1.7 462.1 Fen Morison et al., 2020
BP Plain
CA- Southern
69.3723 —134.8810 ET —-10.1 160.7 Bog Skeeter et al., 2022
FI Arctic
CA- Boreal
55.8000 —115.1000 Dfc 1.7 462.1 Fen Morison et al., 2020
UBP Plain
CA- Hudson Humphreys et al.,
51.5902 —81.7684 Dfb -0.5 703.6 Bog
KLP Plain 2014
Boreal Helgason et al.,
53.8021 —104.6180 Dfb 0.9 427.3 Fen
Plain 2024

*Dfb = a continental climate with no dry season and warm summers; Dfc = a continental climate with no dry season and cool summers; ET = polar, tundra.

3.3 Results
3.3.1 Distribution of NEE

At the daily timescale, average NEE fluxes varied widely across sites (Figure 3-3), ranging from
—8.371t0 6.94 g C m 2 day ! (mean =—-0.22 g C m 2 day !). Aggregating to monthly averages both
dampened extreme values and preserved the overall mean, yielding a range of —2.74 to 2.09 g C
m 2 day ! (mean = —0.22 g C m 2 day!). These monthly averages closely matched those derived
from FFT-smoothed data (MAE: 0.00-0.01 g C m2 day '; RMSE: 0.00-0.02 g C m 2 day !;
MAPE: 1-6%; see Figure AII-1). Although some site-level means differed significantly (Table 3-
2), there were no significant differences between bogs (mean = —0.22 g C m 2 day '; 95% CI:

—0.28 to —0.16; n = 430) and fens (mean =—0.22 ¢ C m 2 day '; 95% CI: —0.34 to —0.12; n = 187;
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Wilcoxon W = 37992, p = 0.27), nor among ecoregions (Kruskal-Wallis F' = 9.96, p = 0.07;
pairwise Wilcoxon). NEE displayed pronounced seasonality: strong CO» uptake (negative NEE)
occurred from May through October, while net emission (positive NEE) prevailed during the

remainder of the year (January—April and October—December) (Figure 3-5).
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Figure 3-5: Seasonal cycles of monthly-mean net ecosystem exchange (NEE) and the eight key
predictor variables: evapotranspiration (ET M), shortwave radiation (srad DM), burn area index
(BAI), normalized difference snow index (NDSI), snow water equivalent (swe_DM), climate
water deficit (cwd), wind speed (ws), and soil moisture (sm), with 95% confidence intervals (CI).
Lines show the average of all site-level monthly means; shaded ribbons denote the 2.5th-97.5th
percentiles across sites. Monthly means were computed from daily averages (requiring >70% half-
hourly coverage per day and >10 days per month).

3.3.2 Distribution of predictors

Of the 34 candidate features initially assembled (Table 3-3), our feature selection workflow
indicated that model performance stabilized once eight predictors were retained:
evapotranspiration, CWD, shortwave radiation, NDSI, wind speed, SWE, soil moisture, and BAI
Seasonally, evapotranspiration, shortwave radiation, and CWD all peaked during summer months,

while soil moisture reached its minimum at that time (Figure 3-5). BAI and wind speed exhibited
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early-season peaks around April-May, declined through summer, then rose again to maxima in
October—November (Figure 3-5). Both NDSI and SWE were highest in January—March before
tapering off until November (Figure 3-5). Substantial differences among all eight variables were

evident at both the site and ecoregion levels (Table AII-1).

3.3.3 Model performance
Performance was broadly comparable across RFR, LGBM, and SVR, with EN lagging (Figure 3-

6 and Figure AII-2). RFR achieved the best internal test-set performance (R’ = 0.76 and RMSE =
0.31 g C m 2 day!) followed by LGBM, SVR, and EN (Table 3-5 and Figure 3-6). All models
exhibited a slight bias: they tended to overestimate (i.e., predict less negative NEE) when true EC-
NEE values were strongly negative, and underestimate (i.e., predict less positive NEE) when true
values were strongly positive, with this bias increasing modestly from training to testing data. To
quantify uncertainty, prediction intervals were computed at multiple confidence levels and
evaluated coverage (the fraction of test observations whose true values fell within the interval) and
mean interval width. At the 95% confidence level (o = 0.05), RFR achieved a coverage of 0.97,
meaning 97% of true values lay within its intervals, with an average interval width of 1.56 g C m ™

day ! (Figure AII-3).
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Table 3-5: Performance metrics on internal testing (and training in parentheses) data for each
machine learning model. Bold values indicate the optimal performance for each metric among all
models. The top-performing model, considering all metrics, is RF (EN = ElasticNet Regression,;
LGBM = Light Gradient-Boosting Machine; RFR = Random Forest Regression; SVR = Support
Vector Regression).

EN LGBM RFR SVR
025 023 021 023
0.28)  (0.05) (0.11) (0.17)
0.13 010 010 0.11
(0.18)  (0.01) (0.03) (0.08)
036 032 031 034
(0.42)  (0.08) (0.17) (0.28)
136 140 130  1.60

MAE (g C m 2 day 1)
MSE (g® C? m 2 day ?)

RMSE (g C m % day )

MAPE (%)
(1.55)  (0.34) (0.50) (0.86)
0.68 0.75 0.76 0.71
R2
0.63) (0.98) (0.93) (0.83)
2.0 2.0
R2=0.94 R2=0.76
151 MAE=0.11 151 MAE=0.21
MSE=0.03 MSE=0.10
104 RMSE=0.17 101 RMSE=0.31
MAPE=0.50 o MAPE=1.30

054 n=462 0.5

0.0

=0.5

-1.0 A

-1.54 =15 1

RF-NEE (g C m?2 day™")

|
B
o

-2.0

--- Lilline g ~== Lilline

—— Trend: y=0.88x+{-0.03) b o) —— Trend: y=0.85x%+(-0.05)
T T T T T T T T -2.5 T T T T T T T T

-2.5 -2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 15 2.0 =25 -2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 15 2.0

EC-NEE (g C m?2 day™")

Figure 3-6: Random Forest (RF) predictions versus eddy covariance (EC) observations of daily
CO2 net ecosystem exchange (NEE) for (a) the training set (n = 462) and (b) the internal test set
(n = 155). Colored points show site-level monthly averages, the dashed gray line is the 1:1
reference, and the solid black line is the fitted regression. Key performance metrics (R, MAE,
MSE, RMSE, MAPE) are listed in the inset for each panel.
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3.3.4 Model interpretation
SHAP analysis identified the top four drivers of NEE as evapotranspiration (SHAP value=0.29;

normalized relative contribution=40%), shortwave radiation (0.14; 19%), BAI (0.08; 11%), and
NDSI (0.07; 10%). The remaining four predictors (SWE, CWD, wind speed, and soil moisture)
each contributed less than 7% collectively (cumulative SHAP value=0.14) (Figure All-4). The
SHAP analysis also showed the contributions of variables on the prediction (Figure 3-7).
Generally, high values of evapotranspiration, shortwave radiation, CWD, and soil moisture had a
positive contribution on the prediction, while low values had a negative contribution. Conversely,
low values of BAI, NDSI, SWE, and wind speed had a negative contribution on the prediction,
and high values had a positive contribution. In the SHAP heatmap (Figure AII-5), it is shown that

all features have strongly non-linear effects on the prediction.
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Figure 3-7: Beeswarm summary of SHAP-based local explanations for the selected eight features:
evapotranspiration (ET_M), shortwave radiation (srad_DM), burn area index (BAI), normalized
difference snow index (NDSI), snow water equivalent (swe DM), climate water deficit (cwd),
wind speed (ws), and soil moisture (sm), ranked by descending influence on NEE. Point colors
(blue to red) show feature magnitude (low to high, respectively), the x-axis shows SHAP values
(positive = higher predicted NEE), and each point is an individual monthly average record
illustrating feature impacts on model predictions.
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Partial dependence plots (Figure AII-6) showed that higher evapotranspiration, shortwave
radiation, and CWD corresponded to more negative (greater CO> uptake) NEE, whereas elevated
BAI, NDSI, and SWE drove predictions toward more positive NEE. Wind speed and soil moisture
exhibited strongly non-linear effects: wind speed produced a threshold response with predicted
NEE increasing sharply above ~3.5 m s™!, and soil moisture first enhanced uptake before, past a
certain point, reducing it. SHAP interaction networks (Figure AII-7) further revealed that feature
interconnections were strongest in samples with the most negative NEE, suggesting these

predictors collectively capture growing-season dynamics most effectively.

Our leave-one-ecoregion-out sensitivity analysis quantified generalizability by omitting each
ecoregion in turn and retraining the RFR model. The lowest RMSE occurred when Taiga Plains (n
= 27) was excluded (RMSE = 0.22 g C m 2 day !), followed by Mixed Wood Plains (n = 161;
RMSE =0.29 g C m 2 day !) and Hudson Plain (n = 106; RMSE = 0.37 g C m 2 day ). Excluding
Marine West Coast Forest (n = 62; RMSE = 0.61 g C m 2 day '), Softwood Shield (n = 29; RMSE
=0.51 g C m2day "), or Boreal Plain (n = 77; RMSE = 0.67 g C m 2 day ') all increased error

above the overall mean RMSE (0.46 g C m 2 day ') (Table AII-2).

3.3.5 Model application

An external validation was conducted on six independent peatland sites outside our training
dataset: CA-UBP, CA-BP, and CA-SHF (all in the Boreal Plains ecoregion where transferability
was weakest), CA-KLP (Hudson Plains), and CA-FI and CA-BDB (ecoregions not represented
during training). Unlike the development phase, here LGBM appeared as the top performer (R’ =
0.53; RMSE =0.56 g C m 2 day ), while RFR ranked as a close second (R’ =0.51; RMSE = 0.57
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g C m 2 day!; Figure 3-8 and Figure AII-8). Across these external sites, the characteristic bias,
overestimating (less negative) fluxes under strong CO; uptake and underestimating (less positive)
fluxes under net emission, was amplified relative to the internal test set. Performance peaked at
CA-KLP site, followed by CA-SHF and CA-BDB. However, at the other three sites with limited
observations (CA-FI, CA-UBP, CA-BP), the model failed to fully capture EC-NEE variability,
likely reflecting their very small sample sizes (3—9 flux observations). These results affirm the
model’s strong transferability to both represented and novel ecoregions for external validation,
while highlighting that sites with sparse data may require caution or targeted data collection.
Furthermore, the model performance metrics on these external validation sites were heavily
influenced by CA-SHF, the site with the highest sample size. Our model tended to overestimate
the extreme summer uptake values observed at this site, further skewing overall performance, and

caution should be used when applying the model to sites with extreme values.
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Figure 3-8: Random Forest (RF) predictions versus eddy covariance (EC) observations of daily
CO> net ecosystem exchange (NEE) at six external validation sites (n = 293). Colored points
indicate site-level data, the dashed gray line is the 1:1 reference, and the solid black line is the
fitted regression. Key performance metrics (R’, MAE, MSE, RMSE, MAPE) are listed in the inset.
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3.4 Discussion

3.4.1 Model performance and applicability
The RFR model outperformed all other methods tested in predicting NEE of CO; at our peatland

sites (see 3.3.3). RFR has also demonstrated strong predictive skill in various previous studies for
peatland applications: microplastic concentration (Tran et al., 2023); water table depth (Toca et
al., 2023); GPP (Zhou et al., 2023); fire-hotspot (Kurniawan et al., 2025); EC-measured CH4 flux
(Li et al., 2024); and water quality (Saravani et al., 2024) prediction. These studies benchmarked
RFR against alternatives such as Least-Squares Support Vector Machines, simple and multiple
linear regressions, various neural networks, gradient boosting, and decision-tree-based models and
consistently found RFR to be among the top performers. Its capacity to capture complex nonlinear
relationships via averaging across decorrelated decision trees likely explains its superior
performance for peatland NEE. In our external validation (see 3.3.5), RFR also demonstrated
strong predictive accuracy (ranking second), narrowly behind LGBM. Cai ef al. (2020) evaluated
the performance of GBM and RF for predicting NEE and highlighted that the best performance
was obtained using an ensemble approach, suggesting that integrating these models into a
combined ensemble could leverage the strengths of both methods, an area worth investigating in

future work.

The leave-one-ecoregion-out sensitivity analysis revealed that omitting individual ecoregions from
the training set led to only modest increases in prediction error, underscoring the model’s resilience
to regional gaps (see 3.3.4). However, it is crucial to highlight that there were different sample
sizes represented in each ecoregion, and it is possible that sample size effects and site-specific

influences may be impacting the results of the sensitivity analysis. Moreover, when the external

67



validation was performed on six independent sites, including sites in ecoregions that were not
among those represented in the training dataset, the model continued to deliver reliable NEE of
CO» estimates (see 3.3.5). Together, these results affirm the potential for this workflow to be
applied to under- or un-represented peatland regions that share similar environmental

characteristics with the original training sites.

The RF model used in this study exhibited a modest bias: it tended to underpredict the magnitude
of strong CO> uptake (i.e., predicting less negative NEE than observed) and to underpredict
emissions when EC-NEE was strongly positive (Figure 3-6). A similar pattern of bias has been
reported in other studies for the SMAP-NEE data product (Soil Moisture Active Passive Level 4
Global Daily EASE-Grid Carbon NEE) which showed attenuated extremes at peatland sites
(Chapter 2: Hettinga et al., in review; Kimball et al., 2022). Crucially, however, the RF model
outperforms SMAP-NEE: on the internal test dataset it achieves R’ = 0.76 and RMSE = 0.31 g C
m 2 day !, compared to R’ < 0.60 and RMSE > 0.57 g C m 2 day ' for the Corrected-SMAP-NEE
product reported by Hettinga et al. (in review). Moreover, Peng et al. (2015) evaluated nine
terrestrial ecosystem models and found that all tended to overestimate NEE (i.e., predict less CO»
uptake) during peak growing-season uptake and, to a lesser extent, overestimate emissions in
winter. In this study, RF model displays a similar, but much reduced, seasonal bias: slight
underestimation of uptake in summer and minimal overestimation of emissions in winter. These
small discrepancies likely reflect remaining process omissions or underrepresented extreme
conditions in the training data, but overall, the RF model delivers more accurate and tightly

bounded NEE estimates than existing global products. These discrepancies for more extreme
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values could be mitigated by the inclusion of additional sites with high CO» uptake or output in

the model’s training data.

3.4.2 Contributions of variables

The seasonal cyclicity of the final eight predictors mirrors that of peatland CO exchange, and five
of these: evapotranspiration, CWD, SWE, NDSI, and soil moisture, directly relate to water
availability. Because the water cycle tightly couples to C cycling, water stress can strongly limit
both photosynthesis and ecosystem respiration (Gentine ef al., 2019) and it is unsurprising that the
SHAP analysis identified evapotranspiration and CWD as the two most important drivers in
predicting NEE. The partial dependence analysis showed that higher evapotranspiration
corresponds to more negative (stronger uptake) NEE (Figure AII-6), consistent with greater latent-
heat losses under well-watered conditions enhancing plant productivity (reduced GPP). Likewise,
increasing CWD (the difference between potential and actual evapotranspiration, which gives a
better measure of water stress) indicates soil moisture deficit and generally corresponds to reduced

CO; uptake (Helbig ef al., 2020) (Figure AII-6).

Two complementary snow metrics including NDSI (which detects snow cover) and SWE (which
quantifies liquid water in the snowpack) were also incorporated to capture winter and shoulder-
season dynamics that are often underrepresented in year-round models, leaving them susceptible
to underestimating fluxes without sufficient climatic information during the non-growing season
(NGS) (Natali et al., 2019; Rafat et al., 2021). Both variables help explain fluxes during periods

of snow cover when other predictors may lack sensitivity. Soil moisture completed the suite of
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water-related features, providing a direct measure of peat water content and further improving

model fidelity to hydrologic controls on NEE.

Shortwave radiation was the second-most influential predictor, with higher radiation driving
greater GPP and thus more negative NEE (Figure AIl-6), a well-known relationship in C-flux
modeling resulting from its inherent relationship with GPP (Cai et al., 2020; Dou & Yang, 2018;
He et al., 2006; Melesse & Hanley, 2005; Rafat ef al., 2021; Tramontana et al., 2016; Virkkala et
al., 2021; Xiao et al., 2008). This aligns with Cai et al. (2020), who found latent-heat flux
(evapotranspiration multiplied with latent heat of vaporization (constant)) and radiation among the
top four predictors of NEE in forest ecosystems, with addition of soil temperature and

photosynthetically active radiation (PAR) also identified as important features.

Finally, BAI ranked third overall in importance which reflects its sensitivity to surface-burn
signatures captured in the red and near-infrared bands, analogous to NDVI’s detection of
vegetation browning resulting from its use of these bands in common with vegetation indices
(Myers-Smith et al., 2020; Tucker, 1979; Virkkala et al., 2021). Additionally, since BAI was
designed to evaluate the post-burn charcoal signatures, it’s also possible that it may mislabel spaces
with low reflectance, i.e., water bodies or the presence of water as burned area (Chuvieco et al.,
2002). This finding aligns much more closely with the seasonal cycle we observed for BAI, which
shares similarities with a peatland’s annual hydrograph. Several training sites (e.g., CA-DBB, CA-
DB2), lying in fire-susceptible landscapes (Khosravi et al., 2025), had experienced wildfires in the

past; and an external validation site (CA-BP) experienced wildfire disturbance 2—3 years prior to
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measurement. Although the model under-predicted NEE at CA-BP likely due to small sample size
effects, BAI still emerged as a key driver with a distinctly positive partial dependence relationship
in predicting NEE (Figure AII-6), highlighting the value of fire-history indicators in peatland C
modeling. To our knowledge, BAI has not been included as a feature for predicting NEE in

peatlands in previous studies.

3.4.3 Uncertainties and limitations

Data collected via the EC method are derived from high-frequency measurements of turbulence
and CO; concentrations and require extensive post-processing rather than representing direct flux
readings (Lees et al., 2018). Although EC provides near-continuous half-hourly flux estimates,
instrumentation constraints and quality-control procedures resulted in gaps amounting to 15-77%
of the data at 15 selected sites (Table 3-2). To fill these gaps, empirical gap-filling was applied
using in-situ measurements including shortwave radiation, air temperature, and vapor pressure
deficit, following established protocols. After feature selection, only radiation remained among
these as an important driver of NEE, while air temperature and vapor pressure deficit were
excluded due to high collinearity with other variables. Tramontana et al. (2016) implemented
identical quality-control and gap-filling workflows and reported lower bias when only a small
fraction of data were gap-filled; Moffat e al. (2007) similarly reported negligible bias from filling
short gaps in forest ecosystems. In this study, potential bias was further minimized by confining
gap-filling to short intervals and by aggregating the resulting half-hourly fluxes first to daily, then

to monthly, averages.
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Furthermore, EC footprint size and position shift dynamically with turbulence and wind direction
(Baldocchi et al., 1997; Lees et al., 2018). The predictor layers in this study, spanned spatial
resolutions from 0.5 to 5 km, and the values were extracted within a 1 km radius around each tower
location in GEE. Xiao ef al. (2008) and Tramontana et al. (2016) instead averaged over a central
3 km window within 7 km MODIS scenes to capture larger footprint extents. However, expanding
the buffer radius introduces a trade-off: while a larger buffer can better encompass footprint
heterogeneity, it also increases geolocation uncertainty and mixed-pixel effects that reduce spatial
precision. By using a 1 km bufter for finer-resolution datasets, the representativeness was balanced

of the EC footprint against the risk of including non-peatland pixels.

Moreover, each data product carries its own uncertainties and constraints. Remotely sensed
datasets in particular are prone to noise, biases, and data gaps, and their retrievals can be severely
impacted by clouds and snow cover (Tramontana et al., 2016). In high-latitude peatlands,
persistent cloudiness poses a major obstacle to continuous observation; however, sensors with high
revisit frequency, such as MODIS, provide enough repeat observations to effectively gap-fill

cloud-obscured intervals (Lees et al., 2018).

3.5 Conclusion

In this study, I demonstrated that machine learning models, trained on year-round EC CO:> fluxes
from 15 Canadian peatland sites and 34 remote sensing and gridded climate predictors, can
accurately reproduce NEE of CO; across diverse ecoregions. Among the four algorithms tested
(ElasticNet (EN), Light Gradient Boosted Machine (LGBM), Random Forest Regression (RFR),
and Support Vector Regression (SVR)), RFR emerged as the top performer (R’ = 0.76; RMSE =
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0.31 g C m 2 day ') using just eight key features: evapotranspiration, shortwave radiation, burn
area index (BAI), normalized difference snow index (NDSI), snow water equivalent (SWE),
climate water deficit (CWD), wind speed, and soil moisture. Crucially, this eight-feature RF model
maintained comparable skill when applied to six external validation sites, both within and beyond
the ecoregions represented in the training data, highlighting its robustness and transferability. By
pinpointing the most influential predictors, our approach not only reduces reliance on costly in-
situ measurements but also provides a clear framework for scaling peatland CO>-NEE estimates
to the national level. These results offer a practical pathway to enhance Canada’s national GHG
inventories but can also deliver spatially explicit insights to inform policy and management

decisions for peatland conservation and climate change mitigation across Canada.
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4 Conclusion

4.1 Summary of key findings

The main objective of this thesis was to assess the capabilities of remotely sensed and gridded
climate products to model the net ecosystem exchange (NEE) of carbon dioxide (CO>) across
Canadian peatlands for potential upscaling efforts. In Chapter 2, a previously existing remotely
sensed and modeled data product was assessed, whereas in Chapter 3 a random forest regressor

algorithm was developed to model NEE across a variety of peatland sites.

In Chapter 2, the performance of the globally produced remotely sensed and modeled Soil
Moisture Active Passive Level 4 Global Daily EASE-Grid Carbon NEE (SMAP-NEE) data
product was assessed at five Canadian peatland sites. These sites represented a variety of peatland
types and were geographically widespread. Year-round eddy covariance data was used to validate
the performance of this modeled data product. SMAP-NEE tended to model peatlands as stronger
CO; sinks during the growing season (GS) and weaker CO» sources during the non-growing season
(NGS). As a result, a Corrected-SMAP-NEE dataset was produced for these peatland sites to
provide an estimate of seasonal and annual CO> budgets. While the Corrected-SMAP-NEE dataset
better matched the EC-NEE fluxes, this correction conducted on a site-by-site basis was
questionable for applicability to potential upscaling efforts and still maintained the strong bias of
the original SMAP-NEE data product. However, some meaningful conclusions were found about
the seasonality of the modeled data. Primarily, the NGS CO; emissions represented a highly
variable proportion of GS uptake, resulting in annual CO; sink strengths that were reduced
accordingly when the NGS emissions were included in the annual calculations. This finding
underscores the importance of having NGS measurements and not drawing conclusions about the
peatlands CO» sink strength or even status from solely GS measurements. Moreover, the agreement

between SMAP-NEE and EC-NEE was better during the GS, highlighting that the model more
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effectively captures GS dynamics, compared to NGS dynamics. This finding further highlights the
necessity of collecting data during the NGS, to better understand the processes occurring during
this season, and thereby better represent these processes in the satellite informed process-based
model like SMAP-NEE. Moreover, the longer GS were consistent with higher annual CO; uptake
at the five peatland sites evaluated in Chapter 2. This finding highlights that as the GS length
increases, a higher annual CO» uptake might be observed, but it is important to consider the
variables that may limit these increases under different climate change scenarios. While the
SMAP-NEE data product overall was highly interpretable and user friendly it’s notably mismatch
with the EC-NEE data at these five northern peatland sites demonstrate its limitations for the

application of this data product in national upscaling efforts.

In Chapter 3, pre-existing publicly available peatland CO> NEE data collected via the eddy
covariance (EC) method was used to train, validate, and test four machine learning algorithms
(ElasticNet Regression, Light Gradient-Boosting Machine (LGBM), Random Forest Regression
(RFR), and Support Vector Regression (SVR) in their efficacy in modeling peatland NEE based
on remotely sensed and gridded climate predictor variables. After a comprehensive feature
importance and selection workflow, model performance increased up to the inclusion of eight
features. These eight features included evapotranspiration, shortwave radiation, burn area index,
normalized difference snow index, snow water equivalent, climate water deficit, wind speed, and
soil moisture were required to produce accurate estimates of NEE after a comprehensive feature
importance and selection workflow. The remote sensing derived indices burn area index and
normalized difference snow index must be interpreted with caution as they may be more
representative of the spectral bands they measure, rather than the indices they are meant to

represent. After training and testing the four machine learning algorithms, the best performing
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model was the RFR. Interestingly, the model exhibited a modest bias underpredicting the
magnitude of strong CO» uptake and emissions, similar to SMAP-NEE. However, the RFR model
outperformed SMAP-NEE in all performance metrics. This bias was amplified moving from
training to testing to the external validation datasets. The training data was clustered around
NEE~0, meaning that the model did not have many instances of extreme uptake or release to learn,
potentially resulting in these biases. Similar to the SMAP-NEE data product, the RFR model
captured GS dynamics with a higher accuracy than NGS dynamics, based on our supplemental
SHAP analyses. The potential for the model to be applied in upscaling efforts was evaluated by
conducting a leave-one-ecoregion-out sensitivity analysis and applying the RFR model to external
validation sites. The results of these analyses demonstrated moderate generalizability with the
model performance metrics having lower than average error in ecoregions with high
generalizability (Taiga Plains, Hudson Plains, and Mixed Wood Plains), while having slightly
larger than average error for ecoregions with low generalizability (Marine West Coast Forest,
Softwood Shield, and Boreal Plain). The model achieved comparable performance for ecoregions
not represented in the training data to those with low generalizability. These results affirm the
model’s strong transferability, while highlighting that areas with low generalizability may require

caution or targeted data collection.

The results from both Chapters 2 and 3 highlight challenges and strengths in modeling NEE in
peatlands. Proper representation of input features contributing to the highly dynamic daily NEE
fluxes is crucial and despite the best efforts to ensure representation of features governing the
dynamics in both the growing and non-growing seasons it is likely that not all effects were
captured. Importantly, additional monitoring in the NGS is recommended to make data available

for validation during that season as well. Additionally, while remotely sensed and gridded climate
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products are simplistic and highly generalizable to broad geographic domains required for
upscaling, each product comes with its own sets of biases and uncertainties and may not necessarily
be representative of the conditions of the site. Moreover, indices developed for a specific purpose
may be representative of the characteristic they aim to estimate, but caution in over-interpreting
these spectral indices is advised as they may mask other important characteristics or the models
used to derive remotely sensed data products may integrate several different sources of
information. Importantly data driven models informed by machine learning rely heavily on
statistical relationships, where correlation may not always equate to causation and fundamental
processes may not be captured, and again the caution should be made for over-interpretation of the
input features. Despite these limitations and uncertainties, efforts to upscale peatland processes to
the national level are crucial in constraining GHG budgets and evaluating peatlands potential to

contribute to nature-based solutions to climate change.

4.2 Recommendations for future research

In Chapter 2 of this thesis, I experimented with a peatland correction factor for SMAP-NEE data
product but found that the results were substantially more accurate on a site-by-site basis. Future
work, upon the availability of more data could experiment further with generating a peatland
correction factor for the model. Additionally, peatlands are not explicitly represented within the
plant functional types in the SMAP-NEE model; future work should aim to include peatland sites

in model training and validation steps, as well as refine peatland C cycling processes.

In Chapter 3 of this thesis, four machine learning algorithms were trained and tested on their
accuracy in predicting NEE across Canadian peatland sites. Future research should use this model
framework to upscale estimates of NEE based on the eight selected features. This research should

prioritize the spatial component, while also maintaining a functional scale of less than 5 km
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(highest resolution of data). The outcome would be the first production of a spatially explicit
national peatland NEE dataset at high resolution. This work would directly support Can-Peat
objectives by reducing uncertainty in GHG emissions estimates, and future projects aimed at
determining GHG emission changes in response to climate change or disturbance regimes. By
incorporating the spatial component, it also allows for more localized communities and
government agencies to use this information to guide their decisions. Moreover, given that
peatlands C sink status is not only determined by the CO> flux (NEE), additional C fluxes (CHa,
POC, DOC) should also be considered. The measurement of these fluxes should be prioritized and
future work could apply a similar modeling framework to attempt to integrate these fluxes into an

overarching peatland C flux model.
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Appendices

Appendix I: Supplementary Materials for Chapter 2

Introduction. This section contains Supplementary Materials including: Supplementary Results
(Peatland-Corrected-SMAP-NEE Results); Table Al-1 (Coefficients of variation (%) for each
measure of net ecosystem exchange); Table AI-2 (Direct comparison of Peatland-Corrected-
SMAP-NEE and EC-NEE (g C m™ day™')); Figure Al-1 (Boxplots of measures of daily NEE (g C
m day!); Figure AI-2 (Measures of annual NEE (g C m™ year-!); Figure AI-3 (Scatterplots of
Eddy Covariance NEE (g C m? day™') vs SMAP-NEE (g C m™ day!); Figure AI-4 (Scatterplots
of EC-GPP (g C m? day!) vs SMAP-GPP (g C m™ day™'") with their regression line and associated

R? and p-value.

Supplementary Results: Peatland-Corrected-SMAP-NEE Results

The correction incorporating data from all sites (Peatland-Corrected-SMAP-NEE) greatly reduced
the variability of the SMAP-NEE fluxes. After the correction, with all sites considered for the GS,
on average Corrected-SMAP-NEE were greater than EC-NEE values by 0.06 g C m? day™! (95%
Cl= (-0.36,0.47)) (Table AI-1). After the correction, with all sites considered for the NGS, on
average Corrected-SMAP-NEE were smaller than EC-NEE values by 0.04 g C m? day™! (95% CI=
(-0.25,0.18)) (Table AI-1). Additionally, the RMSE with all sites considered for the daily fluxes
for the Peatland-Corrected-SMAP-NEE during the GS was 1.02 g C m day™!, whereas during the
NGS 0.59 g C m? day’!. These RSME values are lower than those for the SMAP-NEE dataset, but

higher than those for the correction done on a site-by-site basis.
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Table AI-1: Coefficients of variation (%) for each measure of net ecosystem exchange.

Site Unprocessed SMAP-NEE Corrected- EC-NEE
SMAP-NEE corrected by SMAP-NEE
LULC

All Sites 32.3745 50.64 12.541 4.9036
CA-DBB 4.400102 4.400806 3.321648 5.624485
CA-KLP 30.1431 30.14768 2.364711 1.290648
CA-RPn 25.47214 25.47605 2.581086 3.485249
CA-RPp 12.57595 12.57789 9.1532 6.195177
CA-SCB 8.826266 8.827629 31.81852 3.998044

Table AI-2: Direct comparison of Peatland-Corrected-SMAP-NEE and EC-NEE (g C m™ day™).
Negative values indicate underestimation, whereas positive values indicate overestimation.

Sample Size, Peatland-Corrected-SMAP-NEE compared to EC-NEE,

n mean (95% CI)
(g C m? day™!)
GS NGS GS p-value NGS p-value
All Sites 5 5 0.06 0.06 -0.04 0.06
(-0.36,0.47) (-0.25,0.18)
CA-KLP 159 55 -0.01 0.18 0.16 <0.001
(-0.09,0.06) (0.09,0.23)
CA-RPp 40 50 0.62 0.06 -0.21 <0.001
(0.07,1.17) (0.30,-0.120
CA-RPn 40 51 -0.19 1.08 -0.21 <0.001
(-0.40,0.005) (-0.29,-0.13)
CA-SCB 183 153 -0.19 <0.001 0.08 <0.001
(-0.25,-0.13) (0.05,0.11)
CA-DBB 272 236 0.06 0.25 -0.001 <0.001
(-0.10,0.22) (-0.11,0.10)
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Table 2-2.
501 (a)
=
é ® ) ® L]
g’\ -50 - .. . ®
. —-100{ ®
8 150 hd
U B ({o] M~ [s0] (o)]
20 ) o o o
LI-] (aY] A Al Al
m 50 (@)
Z e
5 M
g -50
Z 100
-150
wn
o
(o]

50! (b) o o
0 [}
50
~100
~150
n
o
(4]

(c)

Lo
o
o

]

2015

© Corrected-SMAP-NEE

® EC-NEE
© SMAP-NEE

Figure AI-2: Measures of annual NEE (g C m™ year™) at a) CA-DBB, b) CA-RPn, c) CA-RPp,
and d) CA-SCB. Only years without large EC-NEE data gaps (Table 2-2) are represented.
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Figure AI-3: Scatterplots of Eddy Covariance NEE (EC-NEE; g C m? day™') vs SMAP-NEE (g
C m? day™) in the GS (left) and NGS (right) with their regression line and associated R’ and p-
value. The dashed black line represents the 1:1 line.
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Figure Al-4: Scatterplots of EC-GPP (g C m? day™') vs SMAP-GPP (g C m? day™!) with their
regression line and associated R’ and p-value at a) CA-DBB in the GS, b) CA-RPn in the GS, c)
CA-RPp in the GS, d) CA-SCB in the GS, ) CA-DBB in the NGS, f) CA-RPn in the NGS, g) CA-
RPp in the NGS, h) CA-SCB in the NGS. The dashed black line represents the 1:1 line.
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Appendix II: Supplementary Materials for Chapter 3
Observation-Based NEE Fluxes (Further Details)

Half-hourly net ecosystem exchange (NEE) data for each peatland site were downloaded from the
AmeriFlux BASE repository (AmeriFlux, 2025) and imported into the REddyProcWeb online
platform (Wutzler et al., 2018) to perform three key steps: friction-velocity (u*) filtering, gap-
filling, and partitioning of NEE into gross primary productivity (GPP) and ecosystem respiration
(ER). In the eddy covariance (EC) approach, fast-response instruments record turbulent
fluctuations in vertical wind speed and CO: concentration at 10-20 Hz, which are block-averaged
to half-hourly fluxes under the assumption of fully developed turbulence (Papale et al., 2006).
However, this assumption breaks down during low-turbulence conditions, most prevalent at night,
leading to underestimation of NEE. To correct for this bias, REddyProcWeb implements a u*-
filtering algorithm: the year is divided into four overlapping three-month windows (Mar—May,
Jun—Aug, Sep—Nov, and Dec—Feb, with the December window extending into the following
calendar year to capture continuous winter conditions) (Wutzler et al., 2018). Within each window,
observations are first binned into six temperature quantiles and then each quantile’s data are
subdivided into twenty u* classes (Papale ef al., 2006). Any u* class containing fewer than three
nighttime observations is excluded to ensure statistical robustness (Wutzler et al., 2018). For each
temperature quantile, the u* threshold is defined as the lowest u* class whose mean nocturnal NEE
reaches >99% of the mean flux observed in all higher-u* classes (Reichstein et al., 2005; Papale
et al., 2006). To prevent spurious thresholds, an auxiliary check identifies if two consecutive u*
classes exhibit mean flux >0.95 x the average of the next ten higher-u* classes; if so, the lower of
the two classes is selected as the threshold (Wutzler et al., 2018). Candidate thresholds are then
accepted only if the correlation coefficient between u* and air temperature is weak (|7 < 0.4), as

recommended by Papale et al. (2006); if no suitable threshold emerges, the 90™ percentile of the
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u* distribution is applied. The final site- and season-specific u* threshold is taken as the median

of the six quantile-based values (Papale et al., 2006).

After removing all fluxes measured below the u* threshold, gaps in the resulting half-hourly NEE
time series are filled using a three-condition hierarchical lookup-table method adapted from Falge
et al. (2001) and Reichstein et al. (2005). Condition 1 applies when only NEE is missing but global
shortwave radiation (Rg), air temperature (Tair), and vapor pressure deficit (VPD) are available,
in which case missing fluxes are estimated from the average of similar meteorological conditions
within a £14-day window. Under Condition 2, when NEE and either Tair or VPD are missing but
Rg is available, the same lookup approach is used within a +£7-day window. Under Condition 3,
when all meteorological inputs are missing, flux gaps are linearly interpolated from adjacent hours.
If a gap cannot be filled under one condition, the window is expanded until the gap is filled or until
a 60-day limit is reached, beyond which gaps remain unfilled (this procedure does not fill pre-

existing gaps that are 60 days or longer) (Wutzler et al., 2018).

Following gap-filling, REddyProcWeb partitions NEE into GPP and ER using its standard
algorithms and then computes daily averages when >70% of half-hourly observations are present,
and monthly averages when >10 daily values exist. To quantify uncertainty in u* thresholds, 200
seasonal pseudoreplicate datasets are generated per three-month window, and thresholds are re-
estimated for each; the 5™, 50, and 95™ percentiles of these estimates define the uncertainty range
(Wutzler et al., 2018). This end-to-end processing ensures that our half-hourly EC fluxes are

rigorously quality-controlled, gap-filled, and partitioned in accordance with best practices.
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Table AII-1: Monthly means (= 95% CI) of daily-averaged predictor variables and net ecosystem
exchange (NEE), stratified by US EPA Level II ecoregion. Values bearing different superscript
letters within each column differ significantly (p < 0.05, Kruskal-Wallis). Predictor variables are
defined as follows: ET_M = total evapotranspiration, cwd = climate water deficit, srad DM =
incident shortwave radiation flux density, NDSI = normalized difference snow index, ws = wind
speed at 10 m height, swe DM = snow water equivalent, sm = soil moisture, and BAI = burn area
index.

NEE

ET_ M cwd srad_DM ws swe_DM sm
Ecoregion Number of Observations (gCm? NDSI BAIL
(mm)  (mm) (Wm™) (ms™)  (kgm?)  (mm)
day™)

-0.36* 1.30% 20.1* 253.8° -0.21* 3.18° 14.6* 22.8" 40.6%
Boreal Plain 102 (—0.53, (1.11, (15.0, (233.3, (-0.29, (3.11, (9.57, (20.0, (36.3,
—=0.19) 1.50) 25.3) 274.4) —-0.13) 3.25) 19.6) 25.7) 44.9)
—-0.12* 1.14° 9.06° 252.5° -0.07% 3.35% 34.3¢ 26.7° 38.3¢
Hudson Plain 142 (-0.21, (0.99, (5.59, (233.0, (-=0.16, (3.18, (26.3, (25.0, (33.3,
—0.03) 1.28) 12.5) 271.9) 0.02) 3.52) 42.4) 28.3) 43.3)
-0.29* 1.47% 20.8° 253.5° -0.51¢ 3.01* 0.31¢ 80.7¢ 75.8¢

Marine West
83 (—0.46, (1.28, (13.4, (229.7, (=0.55, (291, (=0.13, (72.1, (68.5,

Coast Forest
—=0.11) 1.65) 28.2) 277.3) —0.48) 3.11) 0.74) 89.3) 83.0)
-0.27* 1.63% 6.56° 288.0° -0.17¢ 2.79¢ 32.1¢ 71.6° 28.2°

Mixed Wood
Plai 215 (=0.36, (1.45, (4.68, (275.1, (=0.24, (2.72, (25.3, (68.7, (24.9,

ains
—-0.18) 1.81) 8.43) 301.0) —-0.10) 2.85) 38.8) 74.5) 31.4)
—-0.12* 1.81° 433" 324.5° -0.25% 4.20¢ 82.1bc¢ 34.3° 22.1°
Softwood
Shield 39 (=0.27, (1.48, (1.01, (288.1, (=0.40, (3.83, (46.6, (30.8, (18.4,
ie

0.03) 2.14) 7.65) 360.8) —0.10) 4.56) 117.8) 37.8) 25.8)
0.06* 0.86" 11.0® 214.9* —-0.08* 2.36° 29.6%0c¢ 17.8* 49.9*
Taiga Plain 36 (=0.04, (0.70, (4.29, (177.7, (=0.26, (2.22, (15.9, (13.9, (39.6,
0.16) 1.02) 17.7) 252.1) 0.09) 2.50) 43.4) 21.8) 60.1)

Table AII-2: Performance metrics for the leave-one-ecoregion-out sensitivity analysis.

. Number of MAE (g C MSE (g C RMSE (2C  MAPE
Ecoregion R
Observations m 2 day ) m 2 day ') m 2 day ') (%)
Boreal Plain 77 0.41 0.45 0.67 1.29 041
Hudson Plain 106 0.25 0.13 0.37 1.89 0.53
Marine West
62 043 0.37 0.61 2.40 0.49
Coast Forest
Mixed Wood
161 0.21 0.08 0.29 0.58 0.80
Plains
Softwood Shield 29 0.41 0.26 0.51 5.41 -0.07
Taiga Plain 27 0.16 0.05 0.22 0.68 0.52
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Figure AII-1: Time series of half-hourly eddy covariance (EC) net ecosystem exchange (NEE)
(grey dots), FFT (fast Fourier transform)-smoothed fluxes (green line), and their corresponding
monthly averages (red = raw; blue = smoothed) for each peatland site. The congruence of red and
blue monthly lines (appearing purple) demonstrates that FFT filtering does not alter the aggregated
monthly NEE estimates.
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Figure AII-2: Light Gradient-Boosting Machine (LGBM, top row), Support Vector Regression
(SVR, middle row), and ElasticNet Regression (EN, bottom row) predictions versus eddy
covariance observations of daily CO> net ecosystem exchange (NEE) for (a) the training set (n =
462) and (b) the internal test set (n = 155). Colored points show site-level monthly averages; the
gray dashed line is the 1:1 reference; and the solid black line is the fitted regression. Key
performance metrics (R, MAE, MSE, RMSE, MAPE) are listed in each inset.
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Figure AII-3: Random Forest (RF) predictive performance for daily CO2 net ecosystem exchange
(NEE). Observed EC-NEE (blue) and RF predictions (green) are plotted across validation
instances, with the 95% prediction interval shown in orange (mean width = 1.56 g C m™2 day™).
Pink stars mark monthly averages falling outside the interval.
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Figure AIl-4: Bar chart of relative SHAP feature importance for eight predictors:
evapotranspiration (ET_M), shortwave radiation (srad_DM), burn area index (BAI), normalized
difference snow index (NDSI), snow water equivalent (swe_DM), climate water deficit (cwd),
wind speed (ws), and soil moisture (sm).
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Figure AII-5: SHAP (SHapley Additive exPlanations) summary heatmap displaying the impact
of eight predictors: evapotranspiration (ET M), shortwave radiation (srad DM), burn area index
(BAI), normalized difference snow index (NDSI), snow water equivalent (swe_DM), climate
water deficit (cwd), wind speed (ws), and soil moisture (sm), on predicted eddy covariance net
ecosystem exchange (NC-NEE) of CO:2 (f(x)). Observations (bottom axis) are ordered by
decreasing predicted NC-NEE; cell colors denote SHAP values (red = positive, blue = negative),
the right-hand bar chart ranks features by mean absolute SHAP importance, and the top line plot
traces f(x) for each instance relative to its average.
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Figure AII-6: Partial dependence plots from the Random Forest model illustrating how each of
the eight key predictors: evapotranspiration (ET M), shortwave radiation (srad_DM), burn area
index (BAI), normalized difference snow index (NDSI), snow water equivalent (swe DM),
climate water deficit (cwd), wind speed (ws), and soil moisture (sm), influences daily CO; net
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Figure AII-7: SHAP (SHapley Additive exPlanations) interaction networks from the Random
Forest regression model for (a) the most negative (blue) and (b) the most positive (red) predicted
net ecosystem exchange (NEE) samples. Each feature: evapotranspiration (ET_M), shortwave
radiation (srad DM), burn area index (BAI), normalized difference snow index (NDSI), snow
water equivalent (swe_DM), climate water deficit (cwd), wind speed (ws), and soil moisture (sm),
is shown as a node, its size proportional to its SHAP contribution to NEE, and edges connect
features with line width scaled by their SHAP interaction strength.
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Figure AII-8: Light Gradient-Boosting Machine (LGBM, top row), Support Vector Regression
(SVR, middle row), and ElasticNet Regression (EN, bottom row) predictions versus eddy
covariance observations of daily CO; net ecosystem exchange (NEE) at the external validation
sites (n =293). Colored points denote site-level monthly averages; the gray dashed line is the 1:1
reference; and the solid black line is the fitted regression. Key performance metrics (R°, MAE,
MSE, RMSE, MAPE) are listed in each inset.
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