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Abstract

Climate change and extreme weather events have impacted global forest
ecosystemsdé ability to sequester at mospher
temporal and spatial dynamics sbil CO, efflux or soil respiration (Rs) was

measured in a temperate denous (TP74) ana deciduous forest (TP@vera

six-year period (2014 to 20194nalysis of Rs trends showed a strong positive

correlation withsoil temperatureTs) and soil moisture (SM)talrPD and TP74

causing larggulsesof Rs. The averagannual temperature sensitivity {§dwas

found to be 2.06 for TPD and 1.87 for TP74. Coherence analysis for both sites from

2017 to 2019 showed that i n exwaslesme weat he
stable than that of TPD. Dynamics of Rs at bothdbsites was further analyzed

using thirteendifferent Rs modelse(g. Ts only, SM only, Ts and SM models,

neural networkto evaluate their performance in simulating observed patterns of

soil CO effluxes. As compared to other model$iet Gaussiaii Gammamodel

consistently reprodudeobserved dynamics of Rs where on average 70% of

variability in Rs was explained.

This study showedhat Ts and SM are key determinants of Rs in both forests
Models that incorporate the influence of SM on Rs and were abégtey simulate

Rs dynamics as compared to Ts only models. Results also suggest that coherence
analysis can be utilized to understand temporal variations in Rs. The knowledge of
environmental drivers of Rs can be used to determine the impact of climatgech

and extreme weather events on Rs and assist in developing ecosystem models.
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Chapter 1. Introduction

1.1Forests and the Carbon Cycle

About half the global terrestrial carb@@) sink is located within forests with the
majority (60%) of forest carbon residing within soils (Gor@azerrero and Doane,

2018; Canadelkt al, 2007; Kindermanret al, 2008). The forest carbon pool
consists of 691 pentagrams (Pg) in plant biomass with 868d°g in soilsywhich

is twice aslarge than that of the atmospherarbon pooli.e.817 Pg) (Lorenz and

Lal 2010). Carbon is important for all biological cycles and contributes towards
many of Earthdos physi cal)p iptakercfeos she s . Carbo
atmosphere by photosynthesis and is sequestered into plant structures. Energy
production and biomass storage by plants locks up some carbon while the rest is
respired and returned to the atmospherecason Through litterfall and
decompogion, plant carbon enters the soil. Litterfall carbon is utilized by microbes
through cellular respiration and G released to the atmosphere (Brady and Weil,
2017; Lorenz and Lal, 2010). Forests play a crucial role to regulate carbon fluxes
because ofheir ability to store carbon for extended periofi§me within woody
biomass and organic matt@pps and Price, 1996; Yanai et aD03 Ontl et al.

2020).

The natural carbon cycle has become unbalanced due to fndumed
greenhouse gasmissions primarily from transportation, electricity production,
and burning of fossil fuels (IPCC, 2019). Deforestation due to logging and

agriculture has also limited terrestrial carbon sequestratidthese ecosystems
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Reduced forest cover can infleenthe carbon budget within soils by causing
increassin soil temperatureand soil water content and affectimgcrobial activity
(MacDougall and Beltrami, 2017). Sequestered carbon within soils can also be
released for several decades after deforestdtam disturbancgPetrenkoand

Friedland, 20%).

To mitigate the effects of increasiagmosphericCO, concentrations on climate,

there have been efforts to restore forest ecosystems and to introduce management
strategies such as thinning, afforestatieamd natural disturbance control (Bastn

al, 2019; Gonzalet Beneckeet al,2010; Jandét al,2007). Thinning can increase
radial growth in remaining trees and decrease litterfall which reduces forest floor
accumulation (Assmann, 1961; Sobachk&ind, 2005). Afforestation of former
agricultural sites can increase aboveground biomass and total carbon storage (18%)
over multiple years (Guo and Gifford, 2002). Natural disturbances primarily fires
release stored carbon into the atmosphere and decreaserdst carbon pool.
Largescale wildfire suppression through prescribed burns can decrease the
frequency and intensitpf fires. These management techniques promote forest

ecosystem growtlgarbon storagend soil carbon pool stabilization (IPCC 2014).

1.2 Soil Respiration

Soil respiration (Rs) is the production @0, by microorganisms within the soil.
Historically, respiration has been used for the development and testing of fertilizers
by measuring the biological activity of organisms (Russell and Appleyard, 1915;

Lieth and Ouellette, 1962pevelopment of thenffrared Gas Analyzer (IGRAaNd

12



its use in chambeltsgave allowed scientists to meassod CO; emissions, conduct
experimental studies, and develop empiricalationshig between Rs and
temperature (Wiant, 1967; Kucera and Kirkham, 19Vvibnteith et al, 1964;

Medina and Zelwer, 197Z0nzalezZUbierna and Lai, 2019; Yan et al, 2019

Rs occurs via two major processes: autotrophic respiration and heterotrophic
respiration. Autotrophic respirationis the release of carbon from symbiotic
mycorrhizal fungi within fants and other microorganisms in the rhizosphere
heterotrophic respiratiors the production of carbon through decomposition of
organic matter by fungi, animals, and bacteflauo and Zhou, 2006). Direct
methods of measuring Rs include open and closgdisambers. Open chambers
involve periodic sampling of C&roncentrationand efflux is computed from the
increase of C@concentrationsvithin the chamber. Closed chambers involve the
circulation of air from the chamber to a gas analyzer to measurat¢hef change

in COz concentrations an@0; efflux (Normanet al,1997).

1.3 Contributing Factors of Soil Respiration

There are two primgrsources that affect Rs within forests: abiotic sources and
biotic. Abiotic sources are neasrganicenvironmental controlthat affect Rs such

as temperatureoil moisture, forest typdprest managemenpH, and soitexture
Biotic factors result fromorganic processes such as soil and root microorganism

activity.
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1.3.1 Environmentdfactors

Rs is driven by soil temperatusnd soil moistureHigh soil moisture content
facilitates the transport of nutrients within the soil (Orchard and Cb983).
Microorganisms utilize water within the soil along with organic material to extract
nutrients using aerobic respiration. Drought can also influencBl&tple studies
show a decrease in soil respiration in response to lowered precipitation (Bbrken
al, 2005; Schindlbacheet al, 2012; Knorret al, 2008; Nikolovaet al, 2009).
Drought can influence the diffusion &0, cellular enzyme activities, and
facilitation of nutrient transport (Selsted al,2012; Wanget al,2014; Suret al,

2019).

Thesoil temperature of a forest stand can affect Rs by increasing the rate at which
microorganisms decompose organic matter. However, at temperatures greater than
35°C, microbial enzymes that facilitate respiration are denatured, which causes
increased vulmability to changes in climate of traditionally low respiring forest

standssuch as boreal and alpine foredt8tzow et al,2009).

The type of soil can influence the amount of respiration depending on the
distribution of pore spaces between soil parsicla forests dominated by sandy
soils, Rs returns to values before a wet/dry event twice as fast compared to those
composed of silt or clay (Bouma and Bryla, 2000). Soils composed of sand cannot
maintain water stability compared to soils that are -blased (Balashov and

Bazzoffi, 2003). Other factors such as compaction and root infiltration can also

14



influence soilpore space by decreasing the amount of nutrients available to

microorganisms

Rs is affected by changing seasons throughout the year. Warming temperatures
within the early spring combined with increases in soil moisture from melting snow
can cause a dramatic increase in respiration (Makital, 2018). Increases in
rainfall and groind infiltration causes CQwithin soil air spaces to be forced out of

the soil. During dryrewetting phases in the summer, increases in soil temperature
may promote respiration due increased root development and decomposition
(Ruesset al,1996; Hogbay et al,2001). Changes in temperature, wind gusts, and
plant water uptakaffect soil volume storagewhich result in C@forcing from

differences in pressure potentials (Luo and Zhou, 2006).

Respiration variewith stand age in temperate forests. Asoee$t ecosystem
matures, Rs increases because of succession sequences of plant community
replacement, which promotes greater productivity (Johnston, 2017). Forest
management practices such as clear cutting or thinning transfers sizeable amounts
of organicmatter to the soil causing a sharp rise in respiration from decompaosition.

In mid-successional forests, respiration slows because crown closure shades the soil
surface, which causes decreased soil temperatures and water avajlapi@y6).

In old-growth forests, soil respiration increases due to high primary productivity
and litter production which contributes to the soil carbon pool (Striegl and

Wickland, 2001).

15



Forestcompositions also a determining factor in RShomogenous coniferous or
deciduos forest can have different litter decomposition rates and lignin and
nutrient compositioncompared to coniferous fores{rofymow et al, 2002).

Lignin is an organic polymer present in leaves with a rigid carbon structure that is
difficult for soil microaganisms to decompos@oerschmann et al, 2005
Coniferous needles have a greater amount of lignin, which results in slower
decomposition and buildup between years (Sahin and Yalcin, 2017;eBeaig
1984). Deciduous leaves contain more nutrients in loose bound carbon structures
formed mostly from déulose which allows greater rates of decomposition and

resultant Rs (Dickinson and Pugh, 1974).

1.32 Soil Organic Carbon

Soil organic carbon (SOC) is the amount of measurable organic matter within the
soil and can assist in forest productivity throumgineralization and decomposition
(Schnitzer and Khan, 1978). Globally, SOC contains approximately 1,500
pentagrams of carbon within the top meter of soil which exceeds carbon stored
within the atmosphere~800 pentagrams) and terrestrial vegetatio®®00Q

pentagrams) (FAO and ITPS, 2015).

The amount of SOC within the soil is dependent on decomposition and respiration
rates, the erosion and deposition of new soil, and environmental factors such as
temperature, and water content. GGtabilizes the soil horan by increasing
nutrient retention within the soil and regulates soil water capacitg.iS@ivided

into two pools with different turnover rates: active pools, which have a turnover

16



rate from a few months to years, and passive pools that have turnoter up
thousands of years (Lefeveeal,2017). Anaerobic (without oxygen) conditions or

soil aggregates can affect turnover times.

Multiple physical and chemical mechanisms can stabilize carbon that enters the soil
(Six et al,2002; Jastrovet al,2007; M&usa, 2015). Physical stabilization involve
isolationwith micro- and macreaggregatesausing nutrients to baaccessibléo
microorganisms. Chemical stabilization include absorption into clays from
formation of chemical bonds. Biogeochemical changes osase carbon re

formation into chemically inert and complex structures unable to be decomposed.

Although climate change can cause an increase in temperature which can influence
increased plant production and litterfall, it also results in increased gestron

of SOC (Keestreat al,2016). The frequency of extreme events can be exacerbated
with climate changelncreased precipitationan interfere with soil formation by
causing compaction by rainfall, changes in soil temperature, vegetation and the

avalability of micro- and macreorganisms (FAO and ITPS, 2015)

1.33 Climate Change and Human Activity

Since the industrial revolution in the &entury, global atmospheric GMas
steadily increased In response to this increase, ecosystems lexperienced
increased respiration rateBor example,an analysis of 54 sites in multiple
ecosystems and locatiotd an average of 120.6% respiration increase in

response to higher atmospheric Z&ing et al,2004). Temperature increases in
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parts of he world by climate change can affect all biogeochemical process within
an ecosystem. Warming temperatures can extend growing season length
(Oberbaueet al,1992; Norbyet al,2003), stimulate plant growth (Wamal,2005),

and increase soil nitrogen direducing soil water content (Rustetcal,2001).

Climate change can also increase wildfire frequency in an ecosystem. Wildfires

reduces Rs by decreasing soil metastur e,

2002). Parreet al,(2019) showed thidollowing a forest fire, average respiration in
burned forest areas is half of that compared to unburnt plots. In colder climates such
as the Arctic where soil contain sizeable amounts of organic carbon, wildfire causes
permafrost to thaw. This procesauses trapped organic material to release,

enhancing decomposition and increasing Rs (Shetvad;2001).

Thinning or clear cutting can change
passive water movement. When dominant trees are removed, theeciease in

water movement from deeper layers to shallow layers of Beitfil et al2010.

This movement within soil pores is important for the transference of nutrients and
organic matter (Hartge and Stewart, 1995). Thinning can also cause increases in
water evaporation and soil temperature sensitivity by exposing previously shaded

areas (Campbedt al,1977).

1.4 Soil Respiration Measurement Methods
Automaticsoil chambergvolving one or multiple chamber systeoen be utilized

to measure soil respiratiobingle systems use an automatic chamber installed

18
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permanently at the soil surface. The chamber closes when measurregffiG©O

but remains open to allow precipitation. A mudliamber system utilizes an IGRA

to measure Cg@efflux. The chamber system can be custom made to suit research
interests and has reference gas canisters for calibration and to close the chamber
during measurement. Automatic measuring methods are expensive but has low

variability due to multiple chambers.

Errors in chamber soil sampling is primarily caused by wind gusts creating air
turbulence. This process creates an impossibility to mimic the sélcsubefore
installation. Davidson et a(2000)showed that chamber measurement is usually
15% or less compared to surrounding@&@lux. However, increased amount of

measurements and curve fitting can decrease data variability.

Indirect methods use® estimate respiration can be derived fromrtighti time

net ecosysterexchanggNEE). An eddy covariance system can measure the net
COz exchangebetween the atmosphere and the car{Bpyba, 2013 The system

can be utilized to measure RE during winteabsence of chamber measurements.
The Bowen ratieenergy balance method (BREB) can also be used to determine the

heat, CQ, and water vapor flux in an ecosystem (Duefaal,1997).

1.5 Respiration Modeling and Variable Selection
Models are commonlysged to estimate soil respiration in ecosystems. Early models
correlated SM to the rate of nitrogen mineralization as a linear function (Stanford

and Epstein). Other commonly used models such as the Ratk¢i&8&) model
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incorporates a minimuntemperature for microbial growth. However, later
common models such as Rs Q10 (modified vVve
equation; Davidson et al. 2008uste et al. 201)) the Lloyd and Taylof1994)

model, and Arrhenius equation (Rs TI889 explain Rsas an exponential growth

with Ts. Later studies such as Tuomi et al. (2008) suggested improvements to the
Arrhenius model by including an additive parameter as a simple solution. These
models fail to account for the biological activity of microorganismiigh Ts

values where Rs declines due to enzyme denaturing by heat stress (Atkin et al. 2000;
Davidson et al. 2006). This presents the need for a model that is dependent on other
environmental variables to explain spatial and temporal variability. Modetsas

the Bunnel(1997)model, the GaussidnGammaKhomik et al, 2017jnodel, and

Rs Ts SM(Khomik et al, 2010)model addressed the drought effects on Rs by
incorporating SM. Other models such as the Rs Ts SM @&kl (Huang et al,
2014)suggested idading the effects of plant carbon loss through photorespiration

by including the ecosystem GEP from the growing season. Neural networks have
also been utilized to estimate soil respiration based orimesar environmental
relationships and the estimatiohcomplex ecosystems (Song et al. 2014; Zhou et

al. 2013; Melesse and Hanley, 2005).

Multiple environmental factors can exert influences on Ts and SM. For example,
net radiation is the difference between the amount of radiation absorbed by the
e a r sulfatesand the energy reflected to space. When radiation enters the earth,

it is partitioned into different fluxes such as sensible and latent heat fluxes. Sensible
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heat can be absorbed by the soil surface causing an increase in Ts and latent heat
flux can affect SM by causing evaporation. Both of these fluxes are dependent on
albedo and vegetation cover (Melesse and Hanley, 2005). Additionally, in earlier
studies Ts are shown to closely correlated with air temperature and follows the same
trends throughduthe seasons (Parkin and Kaspar, 2003; Zheng et al. 1993). Higher
air temperature is often accompanied by an increase in precipitation due to
increased evaporation. This can also influence SM especially during a drought
where the amount and distributiohprecipitation can exert control over the upper

soil horizon where the majority of biological activity occurs (Yuste et al. 2003).
Furthermore, temperate ecosystems are most sensitive to precipitation distribution
during drought due to consistent preagion received through the year (Borken et

al. 1999; Longdoz et al. 2000; Lee et al. 2002).

1.6 Study Significance

An understanding of Rs is of acute interest to climate change science due to
considerable uncertainty in how Rs will respond to extremgironmental
conditionsfrom climate change (Warner et al, 201@Xtreme weather patterns can
cause shifts in both temperature and precipitation, which affects forest productivity
and carbon loss. With improper management, forests can become carbon sources
instead of carbon sinks. Modeling and prediction using empirical soil carbon flux
data is difficult because of high variability, general inaccessiliiityoil carbon
measurements in the winteaand lack of long term data (BonidLambertyet al,

2010).
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Analysis and understanding of Rs is traditionally performed by empirically derived
models and correlation with soil temperature (Ts). However, there are many studies
that show multiple other factors such as soil moisture (SM) can have an influence
on Rs (Bunell et al,1977; Stanford and Epstein 1974; Khoreikal,2009; Jiaet

al, 2013). To improve model prediction, there is a need to understand how

environmental variables affect Rs at various temporal scales.

1.7 Study Objectives

The objective of this study is tmeasure the dynamia¥ Rs within managed
conifer and deciduous forests Bouthern Ontario, Canada addtermine the
effects of key environmental variables such as Ts and SM as welttesne
weather impacton Rs Other objectives include the comparison tfirteen
different Rs models with varying complexity to determine the bestdel fit to
observed patterns of Rs and associated uncertaiiiet® variations in Rs between
chambers and measuremerfsrest sites inclle a white pine Pinus strobuk
coniferous stand planted in 1974 (TP74) and naturally regeneratiedge®0 i
yeari old white oak Quercusalba)dominateddeciduous stand (TPD). The soil in
both sites are classified as Brunisolic Gray Brown Luvisol abingimore tharof

90% sand.

In this study,thirteen different models of Rs were used to simulate observed
patterns of Rs at both sites.n&ural network was constructed and compared with
multiple models to determine fit and estimation in TPD from 2014 t8.20&ural

networks are algorithms designed to recognize patterns using neurons and back
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propagation Automated neural etworks have beeused to model fluxes within
forests angotentiallyutilize eddy covariance data simulatea spatialpatternof
carbon flueswithin an ecosystem (Van Wijk and Bouten, 1999; Van Wijlal,
2002; Papale and Valentini, 2003; Melesse and Hanley, 200ig al, 2014;

Ebrahimiet al,2019).

In addition, wavelet coherence was applied for TP74 and fiéi 2017 to 2019
which includeda year of extreme weather, to analyze for environmental variable
effects. Continuous wavelet transform (CWT) is a mathemlatmethod of
analyzing stationary and natationary time series (Mallat, 2009). Wavelet
coherence is based on CTW and plots two time seridseeatameime scale to
determine cross correlations and can be utilized within forests to determine the
sensitvity of Rs to environmental influences (Grinstetdlal, 2004; Woodet al,

2013; Varga®t al,2011; Jieet al,2018).

Specific objectives of this study atiee

1) Measure soil C® efflux over the extended growing season (April
October) in a coniferous (TRY and deciduous (TPD) forest ecosystem
using automatic chamber system

2) Determine the impacts of environmental variables and extreme weather
events on Rs in both forests.

3) Examine the validity of different Rs models in simulating observed dynamic

of Rs at both sites and its uncertainty.
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With respect to the organization ofghihesis, introduction and background is given

in Chapter 1, study results are presented in Chapters 2 anth& form of two
journal articlesand conclusions are summarized in chapter 4. References are self
T contained within each chapter because thssertation is composed of two
manuscripts where there is overlap in the introduction, site details, and

methodology.
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Chapter 2.

Evaluating environmental controls on soil respiration in a
deciduous forest in the Great Lakes region using various
modeling approaches

2.1 Abstract

Soil Respiration (Rs) is a maj@omponent of the carbon cyclehere carbon
dioxide (CQ) isreleased into the atmosphere though heterotrophic and autotrophic
processedependent on soil type, depth, and time of productimderstanding of
these soil C@emission processes and the development apgropriate Rs model
canhelpin the assessmenf environmental controlandclimate changémpacts

on forest ecosystem#n this study, hathourly CO, datawas measured in a 90

year deciduous forest in the Great Lakes region using an automateefflio
chamber system and a closieghath eddy covariance system from July 2014 to
December 2018Vlean Rs varied from a maximwalueof 7.50 umol C it stin

July to a minimunvalueof 1.11 umol C it st in December and demonstrdte

clear seasonaldénd thatwasdriven by soil temperature aravailability of water
content.These data were used to evaluate the performance of défexent Rs
modelsin predicting thesoil CO, emission from the forest. The models included
are 1) Gaussiafi Gamma modelderived from a Gaussian function with Rs and
temperature combined with a Gamma function combining Rs and soil water content
using an exponential and power functighRsQ1o, which accounts for increase in

Rs per 18C increase in temperatui®, RsTs SM, which is theQio response of Rs
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is constrained using logistic soil water content functipd) Rs Ts, which isa
general exponential regression modasl Rs, 5) Bunnell Mode] which is a
generalizedRsmodelaccount for temperature and soil water contdfects 6) Rs

Ts SM GEP, which isa model that simulates Rs during the growing seasah
accounts for photosynthesis activity or gross ecosystem productivity (GEF), and
NARX, which is a nonlinear autoregressive neural network function with
exogenos inputs Comparison of tree sevendifferent models showed that the
Gaussian Gamma modeperformed the best lyaptuing the seasonal variations
of Rs quite well and havingnaannual model testingverage coefficient of
determinatior(R?) of 0.71. Perfamance othe Bunnell model and NARX was also
adequate with an annual average testiAgfR0.70 and 0.69respectively.This
study highlights the challenges and significance of environmental controls such as

temperature and soil water content on the simulation of Rs in forest ecosystems.

2.2 Introduction

The earthés surface ar ea c domnctoseranosnd3 . 7
31% of its land surface. Forests provide vital services suetoad production,

clean water and aignd play a major role irbiogeochemical cyclingf carbon

dioxide (CQ) (Apps and Price, 2013; Matsumoebal,2008).

Knowledge ofatmasphericCO, movemenir exchangess imperative for greater
understanding of carbon sources and sinks. Net carbon within a forest stand is
characterized by uptake from photosynthesis and release by respiratipms CO

absorbed from the atmosphere and through photosynthesis, reacts with water to
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produce oxygen and carbohydrates which is st@enhe carbon is released asxCO
through respiratiorof living plant components (autotrophic respiratiand is
returned to te atmosphere. The remaining carbsrallocated to different plant

pools such as leaves, stem, and roots which is eventually decomposed to release
CO; back into the atmosphere (heterotrophic respiraijBrady and Weil, 2008;
Lorenz and La, 2010 herefae, forests are considered climate regulathrs to

their ability to sequestestmospheriacarbon holding it in large pools for long

periods of time and then releasing it b&8kps and Price, 2013).

Soil respiration (Rs) is the release of £@rough both heterotrophic and
autotrophic activity and accounts for BB0% of net CQrelease within forests
(Davidsonet al,2006; Luo and Zhou, 2006). Within the carbon cycle, 10% of the
atmospheric C®is passed through the soil each year primarily througaroc
matter decay (Raich and Potter, 1995). Variability of Rs is influenced by diurnal
processes such as photosynthetic actigitpade from trees, and proximity to tree
trunks (Khomik, 2004)When compared to the atmosphere and biotic sinks the soil
carlon sink is 3.2 and 4 times larger, respectively (Loetral,2010). Therefore,

due to improper management technigsiesh as clear cuttirand extreme weather
events from climate change causing shifts in temperature and precipiiatio)l
release irkRs can result in a large release of20@o the atmospher@eng et al,

2008)

Rs is comprised of heterotrophic respiration; the microbial decomposition of

organic matter and autotrophic respiration; the growth and maintenance of plant
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rootsand associated mycorrhizaRs is primarily affected by abiotic and biotic
sources. Biotic sources include soil and root microorganism activity and deposit of
organic material from litterfall. Abiotic sources such as energy heat flux,
temperature (soil ahair), precipitation, and soil moisture can influence Rs by
affecting the facilitation of nutrient transport and microorganism activity. By
mapping, modeling, and monitoring flux movement, forest management techniques
such as thinningan be utilized to ecrease the amount of €@leased into the
atmospher¢Reichstein and Beer, 2008; Peng et al, 2008anges in Rs rates can
indicate activities thatay havecause disturbancedo the ecosysterfSchlesinger

and Andrews, 2000). Multiple studies have oaded that autotrophic and
heterotrophic respiration show similaeasonaltrends though heterotrophic
respiration increases slightly earlier in the growing season (Hoghexig2001;

Hanson et al, 2000

The introduction of eddy covariance techniques determine flux exchange
throughout an entire ecosystem by calculating vertical fluxes from wind that
contains rotating eddies of different sizes (Running et al, 1999; Gaide2001).

Total CQ uptake and releasean be calculated from the technigaied can be
integratednto soil CQ emissions or Rs to estimate the effects of respiration under
changing climate condition®urba, 2013)In empiricalmodels, Rs is a function

of temperature and scales with secondary environmental factors such as soil

moisture. Previous studies have utilized models to fit measured respiration data in
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individual sites (Janssens and Pilegaard, 2003; Del Gedsd2005; Richardson

and Hollinger, 2005).

Rs models can be classified into two types: empirical and mecleamlistpirical
models typically use regression analysis of Rs with temperatursadindoisture
which is derived from observed data. Mechanistic modelpraieesses based and
created using environmental and biological factors that contribute to Rs. These
models can be categorized into two parts: the: @@duction model; which
consider factors that produce &@nd the C@productiontransport models; which

considers C@production along with its transport to the soil surface.

Early Rs models utilized the elationship between enzyme activity of

mi croorgani sms and temperature as an expon
However, the equation underestimates Rs at low temperatures and overestimates it
a high temperature (Lloyd and Taylor, 1994). Moreoves, itlnpossible for Rs to
continuously increase exponentially as temperature increases. Eventually, Rs starts
declining when the temperature reaches beyond the optimum temperature due to
microorganism death. Lloyd and Taylor crehtanother Rs equation that
represergd Rs within a wide range of ecosystems and across different temperature
ranges (Thierron and Laudelout, 1996; Savage and Davidson, 2001; Hollinger and
Richardson, 2005). Davidsaat al,(2006) discovered that Rs is highly correlated

with temperatire and radiation during the growing season along with multiple
abiotic and biotic interactions and factors. Skagtpal, (1990) conducted a

laboratory experiment that showed Rs increases with soil water content up to 0.7
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then declines. They showed tha¢ ttesponse of Rs is caused from an increase in
diffusion facilitating the transport of nutrients at lower soil moisture. However, at
higher soil moisture levels Rs starts to decrease due to the limitation of oxygen

diffusion.

Neural networks are composed of artificial neurons that stimulate a biological
neural system (Hebb, 1949). Automated neural networks (ANN) utilize machine
learning for recognition, prediction, and classifying patterns. Weights are assigned
to input valueso i t r thé metvork into recognizing similar values (Rosenblatt,
1958). Some ANN utilize hidden layers that consists of one output layer sending
its input to many hidden layers. The hidden layers then pass their tugmather
hidden layer or an outyp layer. Hidden layers are described as such because only
their output is seen and allows the network to find features within the data. These
layers allow following layers to operate with these features and splits individual
tasks within different layekVithin machine learning techniques, data is commonly
split using feature extraction where a different useful feature is extracted to

facilitate learning.

ANN techniques may use supervised or unsupervised methods for recognition of
parameters and hence @iaions (Russell et al, 2010).The Nonlinear
autoregressive model with exogenous inputs (NARX) is a variant of a recurrent
network that has been utilized in time series prediction problems{lah1996;

Gao and Meng, 2009)euralnetworks have the befit of providing an alternative

to conventional models that are limited by linearity, variable dependencies, etc
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ANN can allow users to model complex relationships and phenomena quickly and

easily that may be otherwise impossible to pred@at (n a n260Q4). u

The specific objectives of this study are to (1) obtain an understanding of spatial
and temporal dynamics of Rs, (2) determine how Rs responds to its main
controlling variables (i.e. soil temperature and soil moisture), (3) assess the impact
of exteme weather events on Rs, (4) to compare several different models with
varying complexity using a wide range of parameters, and (5) to determine which
model produces the best fit and Rs estimatamtording to coefficient of

determination (B, slope, ang-intercept

2.3 Materials and Methods

2.3.1 Site Description

This study is conducted in a 90/eari old mature deciduous forest northwest of
Long Point Provincial Park in Southern Ontario established in the 1930s (TPD;
42.64N, 80.56W). Thenaturallyi regenerated forest resides on sandy (Brusonic
Gray Brown Luvisol) soilParts of forested land were previously agricultural fields
that were converted to foreftredominant tree species include white dakercus

alba), sugar and red maplader saccharumA. rubarumn), American beechHacus
grandifolia), red oak Q. veluntia Q. rubrg, and white ashRraxinus Americanpa

The understory species include young deciduous trees as well as Canadian
mayflower Maianthemum canadenseputty root Aplectrum hymale yellow
mandarin Disporum lanuginosuin red trillium (Trillium erectun), and horsetail

(Equistrun). Average tree height is 25.7 cm with a stand density of 504 + 18 trees
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per hectare. Average tree diameter at breast height is 22Sémirainage is rapid
to well i drained and haslaulk density of 1.15 g m. Further details are provided

in Beamesderfer et al, (2020).

The climate in the region is humid continental with warm summers and cool winters.
The 301 year (1981 to 2010nean annual air temperature and total precipitation
measured at a weather station in Delhi, Ontario (~25 km north of the sitejds 8.0
and 997 mm, respectively. Precipitation is dyefistributed over the year, with

13% falling as snow (Environment andir@ate Change Canada)

2.3.2 Soil and Ecosystem Flux Measurements

Continuous half hourly Rs measurements were recorded using an automated CO
flux measurement system on top of permanent collars from July 2014 to November
2018 for the snow free growirggason. Measurement equipmisntomprised of

three main components: the gas analyzeii (BLOOA), longi term measurement
chambers (LI 8100 104), a multiplexer for multiple chamber measurement$ (LI
8150). Each chamber is located 15 m from the meammeequipment and is
equipped with a soil temperature and soil moisture probe 81507 203 and GS

T 1, respectively}hat wereinstalledoutside the collaat a depth of 5 cmTwo
measurement chambers were deployed from July to December 20t#eatter

tree since April2015 (five total). The soil collars are comprised of PVC with a
diameter of 20 cm, a thickness of 1 cm, and height of 11.5 cm. The collars are

inserted 7 8 cm within the soil surface with 3 cm remaining above. Throughout
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the gowing season, any vegetation growth is removed from inside the collar to

eliminate photosynthesis effecBurther details are provided in Daly (2016).

Ecosystem Cé&Xluxesweremeasured using a close@ath eddy covariance system
(CPEC) which consistof a sonic anemometer (CSAT3, Campbell Scieniifec
(CSI)), an infrared gas analyzerl(liL 7200, L T COR Inc.), and an automatic
weather station (CSI). Instrumentgreinstalled above the canopy at 36 m on top

of a scaffolding tower. A mi@l canopy nfrared gas analyzer (IGRA; L1820, L

T CORInc.) wasused to measure midcanopy CQat 16 m above groundialf i

hourly eddy covariance flux measurements were recorded at 20 Hz. Metrological
data was sampled every 5 seconds and averaged alirly using a data logger
(CR3000, CSI). Air temperature and relative humidity (HMP155A, Campbell
Scientific Inc. (CSI)) and net radiation using four dome net radiometers (CNRA4,
Kipp and Zonen) is also measured. Soil heat flux is obtained suing four soil heat
flux plates (HFT3, Campbell Scientific Inc. (CSI)) buried 3 cm below the soil

surface at two different locations.

Soil temperature and saihoisture is measured yelaround attwo locations ag,

5, 10, 20, 50, 100 caepthsnear theeddy covariance flux tower and @€hamber
locations GEP calculations are derived from modeled ecosystem respiration (RE)
and net ecosystem exchange (NEE). The NEE is calculated as the sumfloxCO

and the rate of C&xstorage change. RE is estimatsaiti Ts at 5 cm with SM from
measurements made at 5, 10, 20, and 50 cm. GEP gaps are filled using predicted

values derived from Ts, SM, photosynthetically active radiation (PAR), vapor
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pressure deficit (VPD), photosynthetic flux per quanta, and light saturate of
CO2 fixation.Further details of flux, meteorological, and soil data measurements

are provided in Beamesderfer et al, (2020).

2.33 Data Analysis

Soil CO» emissions dtawasprocessed using Soil Flux Psoftware(4.0.1; Li 1
CORInc.). Therate of increase in C&oncentration during chamber closure was
analyzed. An exponential curve was fitted andréseilting plotwasfit with a non
T linear regression equation that salvfer Cp, 1o, and (isthb startiag C
measured C@concentrabn. The CQ flux based on the slope of the regression

equatiorwasreported as the exponential flux.
00 O 0 0 Q

Measurements that reped a high exponential iteration (>1@)ere processed
further by changing the start time until theperential iteration is less than 10.
Measurements from one chamber were excluded from 2014 to 2017 due to a hidden

wasp nest in the nearby ground that resulted in unusually increaseahX3ions.

2.3.4 RsModels

Linear and nori linear analysiswvas performed on dailymeasured Rs. Seven
modelswerederived to determine the correlation between Rs and its environmental
controls. The firstnodelwasa simple, exponential regression between Rs and Ts
(Rs Ts; ,¥884).dHhe sedamd i the Q10 model (Rs Q10; Yaisie2005),

the third is a modified Q10 model that incorporates soil moisture (Khetrail,
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2009), the fourth is a model fotemperateleciduous forest that accounts for plant
photosynthesis (Rs T3BGEP), the fifth is the Bunnell model (Bunnetlal,1977),

the sixth is a Gaussiain Gamma model thatvas basel on Ts and a gaussian
function whose dependence swil moisture wasepresented by a gamma function
(Khomik et al, 2010), the seventhvas a NARX neural network model that
incorporaté latent heat flux (LE), sensible heat flux (H), net radiation (Rn), air
temperature above the canopy (8836 m Ts and SM at 5 crdepths andlaily
precipitation (PPTand was derived frorvlelesse and Hanlei2g005. This model

was trainedusing a scaled conjugate gradient algorithm.

The modelsavereevaluated using 70% of observed measurements for training and
30% for testingpased on studies performed by Gholamy et al (20018 NARX
neural networkwas createl with the neural network time series toolbox from
Matlab (2018a)which uses 70% of data for training, 15% for validation, and 15%
for testing. Two hidden layemnsere used within the network witheight hidden
neurons and an input and output delay of 2tHeurmodel analysiwasperformed
using the coefficient of determination R sum of squares (SSE), standard
deviation (STD), relative error (RE), slope intercept relating to normal linear model
(Y = x), and yearly fit to observedhily Rs. Model equatiaare shown in Table

2.1.
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2.4Results

2.4.1 MeteorologicalMeasurements

Annual and monthly values of meteorological and soil variables are shown in
Figure2.1. Monthly average temperature (Ta; Fig@rka) ranged from4.37 and
0.21°C in thewinter seasons to 19.36 and 223 the summer. Mean annual Ta
values were 7.93, 9.04, 10.64, 9.93, and @22Zom 2014 to 2018respectively

Ta increased abové® in April, peaked in August, and declined for the remainder
of the year. Photosynthetity active radiation (PARFigure 21a) and soll
temperature (Tskigure 21b) followed closely to Tarendwith the exception of

late winter (January to March) where Ts remained consistently P@aMonthly

average valuesf Tsranged from0.03 to 20.64C for all years.

Maximum values for incoming PARF{gure 21a), Ta, and Ts occurred in the
summer. PAR values reached maximum levels in June for 2014, 2016, and 2017,

July for 2015, anthte May for 2018.

Total annual PPTHigure 21c) was 1429, 810, 777, 1153, and 1644 mm from 2014
to 2018 respectively. SM (Figuge2) peaked in early spring with a maximum value

of 0.23 (April 2014), 0.22 (January 2015), 0.20 (March 2016 and May 2017), and
0.24 m? m* (February 2018). SM in s&isequent years had high values in the
beginning of the year (January to April) before decreasing in July for 2016 and
2017 and June in 2018. SM in the summer months reached a minimum value of
0.031 (July 2014), 0.026 (September 2015), 0.021 (August 2846Y).022 him’

3(July 2018). There was a second SM peak (0.141) in late 2014 October and
47



in November from 2015 to 2018 (0.17, 0.13, 0.18, 0.20mi respectively).

Average SM values are 0.12, 0.10, 0.09, 0.11, and 0*Hirhfrom 2014 to 2018.

2.4.2 Annual and Seasonal Trends in Rs

Daily Rs measurementsiade during this study are shown iRigure 23. Rs
seasonality followed closely with Ta and Ts, peaking in the summer and declining
throughout the rest of the year. The maximum mean dailyad®43.15 pmol CQ

m?2 s! on August 5, 2014, 10.02 umol G&2 s on June 15, 2015, 8.68 umol
CO: m?ston August 17, 2016, 10.96 pmol G@2 s on October 10, 2017, and
11.86 pmol C@m? st on September 5, 2018. Minimum mean daily Rs was 0.86
umol CO: m? st on November 28, 2014, 1.27 pmol €@2 s* on November 20,
2015, 0.95 umol Com2s!on May 7 2016, 1.74 umol COm?2s! on May 8 2017,

and 1.01 pmol COm? st on April 29, 2018.

Increases in Rs correspondedall precipitation eventsvhich caused an increase

in SM. For example, on October 9, 2017 there was a 11.7 mm precipitation pulse
whereSM increasd from 0.1 to 0.39 Mim™3, causing &#8% increase in Rs (5.97

vs 10.63 pmol C@m2s?). Prei precipitation Rs levels were not reached until 20
days after the raievent Figure 24). Additionally, large fluctuations in Rs was
occued after long periods without precipitation. Figured Zhows that after
September 2017 (a period of 19 days; figure 2d), a precipitation event caused a
spike in Rs greater than thosers@eearly to mid summer.Total Rs coverage at

the siteis 36.71%, 55.07%, 55.07%, 50.68%, and 55.62% from 2014 to 2018.
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A strong exponential relationship was displapetiveen Rs ands during 5 years

of study Figure 25). Analysis showed that themperature sensitivity (@ from

2014 to 2018vas2.06, 1.76, 1.70, 1.67, and 2.3te basal rate of respiration at
10°C (Ruwo) was found to be 4.73, 3.14, 2.84, 4.36, and 3.51 from 2014 to P04 8.
differencein Rio and Qo valuesbetween 2014 and 20Xwuld be related to the

high percentage (46%) of missing data in 2014 resulting in a loss of early growing
season data. The removal of one chamber due to high reportaduCCause low
sample size (one chamber used instead of two) which alsoeaftbetoverall Rs.

The increase in temperature sensitivity in 2018 could be caused by the addition of
another chamber (four to fivelhe Coefficient of Variation (CV) was found to be

45%, 43%, 42%, 32%, and 43% from 2014 to 2018

2.4.3Comparison of RModels

Seven models were utilized to fit Rs data from 2014 to 2018. A comparison of
observed and modeled daily mean Rs is shoviAigare 26. Modeled vs observed
regression analysis with the coefficient of determinatici igRshown in Table.2.
Modelrelative error is shown iRigure 27. Model statistical analysis is outlined in

Table2 5.

In 2014, the model that best fit the data was found to be the GausSiamma
model producing the highest correlation with measured valués R76) and
produced the lowest SSE (111Thble 2.4. Comparison of testing linear equations
using observed and predicted fk®w that the GaussidarGamma model produde

a slope closest to 1 and a low intercept (T&®8@). The Rs Ts SM model and the
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Bunnell model produaka similar testing equation to the Gaussigamma model

and a lower intercept with a lower STD (2.63 and 2.62 respectively) with a similar
SSE (111.2 and 112.0able 2.4. The NARX Neural Network was the worst fitting
model with a low coefficient of determination (0.37), low testsigpe and
intercept (Table2.3a) with high SSE (134.2). However, STD values (1.46) are
lower than the three models mentioned previously &gkst with the STD values

of the observed data (1.84, TaBld).

In 2015, where more complete measured Rs data was available, the model that
produced the best fivasthe Rs Ts SM model with a high correlatior? €R0.83)

and low SSE (54.52) and STD§3B). The Bunnell model produced a similar testing
eqguation (Tabl®.3a) with the same correlation and STD and a lower SSE (53.69).
The NARX Neural network testing equation (TaBl84d produced a very close
slope to 1 and a low intercept with a correlatamilar to the previously discussed
models. However, the model had a higher SSE (138.7) and STD (2.12). The Rs Ts
SM GEP model produced the worst fit with extremely low coefficient of
determination (R= 0.056) and slope and intercept (TaBl8a). Howeve, the
equation produced the lowest SSE and STD (15.19 and 0.25 respectively). The
model that produced the closest STD to observed data (1.41) was the &&lQ

Rs Ts models (~1.29able 2.3.

In 2016, where temperatures are higher and low overall SMP&Tdthroughout
the year (Figur@.2c), the model that produced the beswiitsthe NARX Neural

Network. The network produces a low SSE (75.38), high coefficient of

50



determination (R= 0.79), low STD (1.47), with low intercept on the testing
equation. Howver, the slope of the testing equation is not as close to 1 as the
Gaussiari Gamma model which produces similar STD (1.44) and slightly higher
SSE (77.83). The Rs Ts SM GEP model produced the worst fit similar to that of
2015 with an extremely low coralon (R = 0.016), a negative slope within the
testing function, and a high SSE (174.8)e Rs Ts SM model produced a STD

(1.24) closest to observed STD (1.3able 2.3.

In 2017 temperatures stabilized with one high precipitation elFeqnire 22d).The

model that produced the bestliisthe Gaussian Gamma model with a relatively

high coefficient of determination R 0.55) and testing slope matching 1 with low
intercept (Tabl&.3b). However, the SSE and SMzerehigher when compared to
other models (92.62 and 2.14 respectively). The NARX neural netwaslalso a
viable model with a higher correlation{R 0.63) and closer testing slope to 1 with

a low intercept. However, the model produces the highest SSE (248.0) and STD
(2.83) from the est of the models. The Rgdand Rs Ts models both produce the
worst results with the lowest correlatior?(®0.41) along with similar low testing
slope and high intercept (Tab®3b) . The model sé6 SSE and
similar as well (~57.08~ antl.56). The Rs @ model produced the closest STD

(1.55) to the observed STD (1;4kable 2.3.

In 2018, with the additional chamber added, the model that produced the best fit
wasthe NARX Neural Network with a correlation of 0.83, high slope and low

intercept. The network creata relatively low SSE (167.6) and STD (2.44). When
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compared to the GaussidinGamma model, the model credta slightly lower
correlation (0.82) and slightly lower testing slope with slightly higher intercept
(Table 2.3b). The moeal produces slightly higher SSE and STD (181.80, 2.66
respectively). The Rs Qand Rs Ts models both produced the worst result with a
low testing model and intercept and correlatiofh£R.72).Both models produced
similar SSE (~233.5) and the same STI68).The closest STD to the observed

STD (1.89) is the Rs Ts SM GEP model (1.5able 2.3.

Overall, the Gaussian Gamma model had the best fit explaining an average of
56.50%, 81.50%, 70.50%, 59.00%, and 82.50% of the Rs variability from 2014 to
2018.The Gaussiai Gamma model obtained ar? Bf 0.76 while the NARX
neural network obtained arf Bf 0.37 in 2014. This is probably due to insufficient
data coverage for network training. In 2015 (with an additional 3 chambers) and in
2018 (with 1 chamber fimcorporated) the Rof both models were similar with a
difference of 0.01. In 2016 and 2017, a year with multiple droughts and high
precipitation, the neural network {R 0.79 and 0.63) was able to surpass the
Gaussiari Gamma model (R= 0.62 and 0.55) indicating factorach as latent

heat, relative humidity, net radiation has an impact on Rs.

Model relative error is shown in figure 2Models for all years showed positive
relative error in the summer (June, July, and August) representing Rs
underestimation. In April/Maynd at the end of August, a negative relative error
was produced indicating overestimation. Large relative error at the end of 2014,

beginning of 2015, and at 2016 and 2018 could be the result of instrumentation
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problems causing a loss of data produciagggthat inhibit accurate Rs prediction.
Of the seven models, the GaussiaBamma and neural network have the lowest

relative error.

Daily relative error as a function of temperature is showrrigure 29. The
Gaussian Gamma model showed a uniformatVe error across all Ts ranges (0

to 23’C). From 2014 to 2016 and 2018, the Rs TS SM GEP model showed largely
positive relative error at low Ts and positive error at higher Ts. The 6 other models
produced negative relative errors at low Ts which slondygased to positive error

at high Ts.

Seasonal and growing season Rs emissions were analyzed with each model which
are summarized in Tab®6. Across all years, spring 2016 had the lowest carbon
emissions (113 to 232 pmol G@? s1) and summer 2018 hake highest (634 to

680 umol CQ m?s?). All models estimated abovi00 pmol C@m? st with the
exception of 2015 and 201@he lowest carbon emissions estimated by the

Gaussiani Gamma and neural network was in 2015 (~1084 pmal iG&s?).

2.5Discussion

2.5.1Temporal Rs Patterns

Seasonal Rs variation e site showed increases in the spring that coincided with
PAR, Rn, Ta, and Ts. Declines in Rs in the autumn closely followed that of Ts

similar to that measured in othesmperatdorestssuch as infaylor et al (2015
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andShabagat al(2015 which suggests influenad temperaturen Rs production

(Davidsonet al,2006)

Rs can be quantified using the soil basal respiration rate °@ (@R and
temperature sensitivity () from the Qo model. Ro is the emission of carbon
dioxide caused by microorganism activity within the s@o is the temperature
sensitivity of Rs, which is the increase infRsa 10C increase in temperature (Jia
et al,2003). Qo obtained athesite ranged from 1.70 to 2.36 anghRanged from
2.84 to 4.73 (Tabl@.2b). These values followed seasonal treadd are within
ranges reported ititerature (Tanget al,2014; Greco and Baldocchi, 1996; Goulden

et al,1996; Xu and Baldocchi, 2004).

Ri1o values increased with Ts values whileo@ecreased similar to previous
temperatdorest studies (Yustet al,2004; Gaumont Guayet al,2006; Jiaet al,
2013). A greater sensitivity to temperaturad)Qt lower Ts can be explained by
the increased sensitivity of biological activity (microbiota and roots) from
temperature fluctuations (Jet al, 2013). Photosythesis is the main driver of
autotrophic respiratigrbut sensitivity to environmental factors such as light and
temperature can cause change in root bionmlsgencing autotrophic respiration
(Hogberget al,2001; Moet al,2005; Weiet al,2010). Additionally, Q.o varied
between the years probably due to fluctuating seasonal changes, processes, and
plant activity (Yuste et al. 2004). It is possible that variations in SM can affect the
Q1o values due to dry and wet yealgn@ce 2019). In years with mtiple drought

periods Qo values are shown to be low and higher in years with multiple wet
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periods (Craine et al. 2010). Furthermore, the amount of accumulated biomass can
also affect @ by influencing the amount of water available in the sigh#éce

2019). The Roand Qo value for the site is 3.27 and 2.41 respectively for all years.
The Ry value is similar to the yearly average and theV@lue is a closer to that

of 2018 which indicates a greater influence of SM on temperature sensitivity at the

site.

Seasonal differences were observed between meand s Qo. For example,
May and October 2015 had similaeanTs (12C) but Roand Qo were lower in
May. Studies in literature show that highpoRalues are reported in the autumn
regardless of Ts due to summer warming of deeper soil layers and accumulation of
fresh litter causing increased microbial activity (Staal,2013; Moet al, 2005).
Seasonal variations in Rs can be accounted by Ts, but other inconsistanbias
increase in Rs following decreases inchs be explained by other environmental
factors such as soil moisture (Davidsral,1998; Xu and Qi, 2001; Pumpanein

al, 2008; Van der Moleret al,2011). An example is from Rs increase following
large rainfall events (Figur24) which is consistenwith other reports (Leet al,
2004; Gaumont Guayet al,2006; Yanet al,2014). Following a rain event, GO
within soil poes are replaced with rainwatesiusing displacement of soil gasses
such as C@ Lingering rainwater afterwards facilitates the transport of nutrients
and causes an increase in microbial population and act@gomposition of

carbon compounds within therganic soil horizon utilizes aerobic respiration
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consuming oxygen and producing a surge i €@ux (Yanet al,2014; Orchard

and Cook, 1983).

Few studies have quantified the effects of Rs pulses following PPT eventt Lee
al, (2002) reported a 1621% increase in Rs following rain events itemperate
deciduous forest in JapaBorken et al, 2005 found that excluding a throughfall of
168 and344 mm in a mixed deciduous forest caused a significant decreasé of 10
30% in mean annual R&urthermore, dry periods caused by drought can also
influence Rs. Liwet al,(2016) reported an increase in both soil and heterotrophic
respiration in responge precipitation events following a spring drought. The study

concluded that longer drought periods resulted in larger increases in Rs.

Thesite experienced a significant increase in Rs after PPT events compared to those

reported for temperate decidudosests in literatur¢~60 mm vs 168 and 344 mm
inBorkenetal,2006fyhi ch coul d be the result of the ¢
and climatic conditionsIPD alsoreceives half the amount of PPT compared to the

study performed by Leet al,(2002)suggesting that aombination of low SM (0.23

m® m?) and good drainage can result in a Rs pulse following a PPT event greater

than those typically seen in areas susceptible to frequent drying and rewetéing.

drought, a portion of soil microorganisms died are decomposed during rewetting

from precipitation Yan Gestel et al, 1990eong et al, 2038 Additionally, the
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availability of trapped organic matter can also contribute to increased Rs (Borken
et al, 1999). In temperate forests where precipitaiturs consistently throughout

the year, low SM values may contribute to labile organic matter accumulation.
When precipitation occurs, this can cause dissolved organic matter to percolate

rapidly into the soil in well drained plots leading to large apid Rs pulses.

The variability of Rsn response to change in S8Mdiscussed withifiterature Ku

et al,2004 Khomik et al,2006; Raichet al,2002; Ohashi and Gyokusen, 2007
Thorne et al, 2020Analysis indicates that SM accounts for 20% of Rs variability
and could be a control in the early growing season during normal climatic periods.
This suggests that Ts accounts for approximately Bl of variability while SM

is a secondary control. Howayeuring periods of long drought or high PPT, other
factors such asnergy balance (e.Bn,LH, andH) and Ta may explain further 13%

of variability.

2.5.2 Spatial Variability

There are advantages and disadvantages with automated chamber use wigen dealin
with Rs variability. Automated chambers provide temporal measurements but
capture less spatial variability compared to manual chambers. For ecosystiam
scaling from automated chambers, spatial variations must be consideredgiVang
al, 2006). Therean differences in measured values from a couple of meters apart
even within a homogenous area due to differences in shasaigbiomass
accumulation, and other factdiBavidsonet al,2002). One indicator of the spatial

variability within chambers is the coefficient of variation (CV). The CV was found

57



to be comparable to other studies. For example, Shi and Jin (2016) reported a CV
of 207 52% in temperate northeastern forast€Chinaand Ngaoet al, (2012)
reported a CV of 9 62% in a European temperate beech forest. Spatial variation
of Rsandits driving factors is under researcheddue tofinancial difficulties
(multiple chamber requirements) anmgtthodology and variability in &ors such

as soil organic matter content, pH, root distribution, and soil moisture (Bostden

al, 2004; Luaret al,2014; Shin and Jin, 2016). However, high CV values obtained

in this study as well as in literature indicate that spatial variability shoaildf

concern.

2.6 Modeled Rs

2.6.1 Comparison of ModdResults

The models that produced the best fit are the Gaussizamma and the NARX
neural network, providing better performance than the dtreemodels (Rs Ts, Rs

Q10, Rs Ts SM, Rs Ts SM, GEP, Bunnell Model).

In 2014 models produced a poor yearly fit and fficeent of determination mainly
because ofhreefactors: the lack of data coverage from measurementilatbe
season, the removal of one chamber due to high CO2 measurement from a wasp
nest, and themallernumber of chambers (3 in 2014 compared o Z015). This
caused a decrease in the amount of data available for training and testing producing
a worse fitwith observed dataMlore complex models (Bunnell Model, Gaussian
Gamma, NARX neural network, Rs Ts SKbjlowed two spikes in Rs during

Octobe 17" and the 2% whereas models such as Rs Ts and Rs Q10 produced a
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constant increase and decrease throughout the year. This is likely due to seasonal
bias such as sharp increases in precipitation and tempereaustngmodelsto
underestimate indicatg that in years with no extreme events or anomalies, a

simpler model is suitable for estimation.

In 2015 models on average produced a higher coefficient of determination with the
exception of Rs Ts SM GERodelwith the addition of more chambers. The Rs Ts
SM GEP model produced a worse yearlydiie to uncertainties related to GEP.
Similar to 2014, the NARXeural network produced a noisy Rs before and after
the growing season whereas the Gaussi®@amma model producezbnsistent
values The fluctuations in estimated Rs from the neural network may be due to an
assumption of plant growth and respiration dgrperiods where there is little to
none.In areas where there is a gap in Rs following a decline, the NARX neural
network creates a more pronounced decline than the rest of the models (with the
exception of Rs Ts SM GEP). This is probably due to the siauof other factors

such as Ta and PPT creating an influence on Rs which is reflected due to a decline
in Ta and a period of drought because of the positive correlation between the
variables (Raich et al, 1992). Afterwards, a sharp increase in Rs igneadich

all of the models predict. However, the Rs Q10 and Rs Ts model produced a much
lower increase indicating that the Q10 model may not show true temperature
sensitivity since other seasonal factors such as precipitation, root size, litterfall, and
photosynthesis can interfere (Yuste et al, 2004; Gaum@oay et al, 2006). When

incorporating SM, the models produced a better yearly fit. SM is an important factor
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that can influence Rs and ecosystem growth. Lower Rs can be influednedd
decreasedemperature sensitivity and lower SM (Xu and Qi, 2001; Davidson &
Janssens, 2006; Van der Molen et al, 2011). A higher SM can impact soil oxygen

diffusion for heterotrophic respiration (Pumparetral,2008).

In 2016 models producedn averagea low fit because of low precipitatioand
subsequently low SM. Additionallyidgher yearly temperatures credtelatively

low Rs compared to previous years causing modelshdepeeon soil temperature

and moisture to underestimate. The Rs Ts SM GEP moael larg
underestimation of Rs throughout the year when combined with low soil
temperature and moisture. The NARX neural network and Gauss@amma
models both performed well in this year with the neural network following the
trends of increasing and decreasiRg during the summer and the Gaussian
Gamma model underestimating (especially during fall). This is probably due to a
series of precipitation events including a period of high precipitation followed by a
drought and another, slightly lower precipitatiewent. The neural network
accounts for the spike in Rs after the event, causing a closer yearly fit (6.61 umol
CO, m2s1 modeled vs 6.59 umol G@n%s? observed) while the rest of the models
produce a significantly lower Rs (~4.50 umol £®2s). This could be due to the
inclusion of multiple variables that may influence Rs while other models

incorporated Ts and SM.

In 2017, models produced a slighthetter fit compared to 2016, however because

of an extremely high precipitation event, the overall fit is comparably less than 2014
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and 2015. All models have a close relationship with Ts and follows the Ts curve
accordingly each year. However, becaustetigh amount of Ts early within the
season due to a high precipitation event (57.39 mm), the models based on only Ts
overestimated Rs early within the growing season (Rs Ts, Rs Q10). This event was
closely followed with another, slightly lower precigitan event (39.70 mm) which
caused Rs to rapidly increase and models to underestimate (except Rs Ts SM GEP
and NARX neural network). In October 9th, there was an extreme precipitation
event of 81.44 mm causing Rs to spike to 11.86 pmel@&*. However because

the soil moisture did not increase as high due to excess saturation of the ground and
runoff, models dependent on both soil temperature and soil moisture
underestimated Rs (Rs Ts SM, Bunnell model, Gau$sizamma model). The Rs

Ts SM GEP modeliff the initial precipitation event well, however the model
underestimated Rs during the October rainfall event. This is probably due to GEP
or photosynthesibeing affectedby precipitation. An increase in precipitation
causes a decrease in PAR resultimgower photosynthesis occurring within the
forest stand. With the addition of PPT within the model, the NARX neural network

is able to accurately follow measured Rs during the early growing season and
during the October precipitation event, however thelehstill underestimates Rs
(10.96 86 pmol C® m?s?! observed vs. 6.15 86 umol G@ns* modeled).
However, the inclusion may account for large and intense PPT events because the
model reflects a larger increase in Rs for the OctoBepr@cipitation eent

compared to other models.
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In 2018 models were able to produce a better yearly fit because of a one
measurement chamber beingmgoduced increasing the amount of training data.
The year showed relatively similar soil temperature and moisture to 2014 and 2015
with no extreme precipitation events. érb were two spikes in Rs in July and
September corresponding to two precipitation events the first of which (July)
caused underestimation in models using only Ts and SM (with the exception of
Gaussiari Gamma model). The second spike in Rs (Septembergiblasto be
accurately predicted by all models involving soil moisture. The Rs Ts SM GEP
model was able to accurately predict Rs for 81% of the observed data. However,
like in 2017 the first precipitation event caused the model to underestimate likely
dueto the same factors. There was-ddy gap in observed Rs data from (August

81 13) which was filled by all models. The models that incorporate SM produced
an increase in Rs while the NARX neural network produced decline. The increase
in Rs is more plausib when considering soil moisture and precipitation (rainfall

of 28.76 mmon August 8). The decline produced by the NARX neural network is
probably related to a declirmm August 11th of Ta (22.28 to 204%), LH (87.16

to 56.41 W rif), or PPT (28.76 to 27 mm).

Overall, the NARX neural network produced a noisier dataset during periods of
non-measurement while the GaussiaGamma model produced a consistent Rs.
This indicates that neural network prediction outside of the measurement period is
inaccurate de to low consistent respiration occurring in the winter (Thorne et al,

2020).The Rs Ts SM GEP model has limitations restricting Rs estimation to the
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growing season because of the model 6s
to verify this conclusin on the role of model prediction using Rs measurements

obtained before and after the growing season.

2.6.2 Comparison of Rs witkEcosystem Respiration

In order to estimate the growing season@@issions, a yearly model had to be
implemented to accoufdr gaps in measured data particulain the winterwhere
measurements are commonly not perforn@alculated Rs values using 7 models
were compared against ecosystem respiration (RE) measured using an eddy
covariance systersince RE is measured yeaund. Additionally, during the
winter where photosynthesis does not occur, primary respiration is assumed to be
from the soil.Previous studies have reported valuesf 800 to 1400 g C fain
temperatdorests (Raich and Schlesinger, 1992; Kishinidto et al,2015; Keidel

et al,2015; Liuet al,2016).Our alculated Rs values from 2014 to 2048re

within this range with an average Rs of 183y C m?. Most studies do not include
winter measurementsecause of difficulty in chamber maintenance from snowfall
and low contribution compared to total annual Rs. éfial, (2016) found winter

Rs in a temperate coniferous forest to be 5% of annual emissions but other studies
have reported 10 50% with aromd 601 90% of total Rs contributing to RE
(Davidsonet al,2002; Yusteet al,2005; Khomiket al,2006; Schindlbachest al,

2007; Weiet al,2010). Our chamber measurements yielded more missing data in
the early spring (average 69.35%) than in the sumri#.37%) and autumn

(18.90%) (Table.6).
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In thisstudy, the GaussidnGamma model yielded an average of 90.8% of growing
season RE and the neural network provided 65.1% (T2B)e All models
displayed a seasonal bias with overestimation in the surmngeunderestimation

in the winter Figure 27). Errors resulting in overestimation can be caused by
methodology such as disturbance of soil pressure gradient caused by chamber
closure (Davidsomt al,1998; Koskineret al,2014). The absence of data foet

first half of 2014 growing season combined with a removanafchamber from

2014 to 2017 could have led to estimation errors.

This study has provided an important insight ithte Rsmodelingusing different
modelsandthe temporal dynamics of Rs. The addition of environmental factors
such as SM have shown to increase the accuracy of traditional models such as Rs
Ts and the Q10 model. Many climate change models have predicted a shift in
weather patternsausing shifts in teperature and precipitatigtPCC, 2014). An
understanding of Rs in response to this shift can assist in the developmenreof
accurate global carbon cycle masldtuture work can include the development of

a more robusimodel by incorporatingmultiple crambers measuring the spatial
variability andcontributionfrom additional environmental variablstotal annual

Rs in temperate deciduous forests.

2.7 Conclusion
The assessment of Rs in a temperate deciduous forest was performed using an
automated chandp system over a fivgear period (2014 to 2018). Our analysis

indicatal that factors other than Ts such as SM can exert significant control on Rs.
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A pulse of Rs during major rainfall eventss observedyhich increased Rs by

78% in 2017. The averageifQvalue was 1.91 and R increased while @
decreased in response to increasing Ts. Models such as Rs Ts and Q10 were found
to improve by incorporating soil moisture. The Gaus$idsamma provided the
highest accuracy when estimating Rs with average yeatlyaRies of 0.60
compared to the Rs Ts@Rs Q10 models @R= 0.55 for both). Application of both
models indicated that Rs accounted foii 88% of ecosystem respiration for the

growing seasoas measured by the eddy covariance system

This study provided understandingtbé temporal dynamiasf Rs in a temperate
deciduous forest as well as the functioning of the various Rs models in simulating
Rs dynamicsFindingshighlight the importance of multiple environmental factors
such as precipitation, temperature, soil moisture onRserved ananodeled
results suggest that extreme weather events could have major implications on Rs in

the future.
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Table 21. Soil respiration (Rs) models used for modeling and analysis

Model Formula Reference
Rs Ts Yi Q Vanét Hoff
Lloyd and Taylor
(1994)
Rs J— Yuste et al. (2004
Qo Yi oY D (2004)
Rs Ts SM e a— p Peichlet al. (2@0)
Yi YU zZ —
p Q
Rs Ts SM GEP Yi 60 0O 4 000 & Huang et al. (2014)
"YO W -
Bunnell Model Vi 0 ® e Bunnell et al. (1977)
W YU W YU
Gaussiafn Gamma Model | 3 0 Khomik et al. (209)

NARX Neural Network

w6 Qwo phwd ¢ 8wd Oh
w6 phoo ¢ 8wo O

Melesse et al. (2005)
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Table 22. Training results and coefficient of determinatior)(fRr theRs models
from 2014 to 2018.

(a) Rs Ts Model

Year A B R?

2014 2.29 0.072 0.71
2015 1.79 0.056 0.54
2016 1.67 0.053 0.44
2017 2.61 0.052 0.48
2018 1.49 0.085 0.74
All 2.25 0.054 0.38

(b) Rs Quo Model

Year R1o Q1o R?

2014 4.73 2.06 0.71
2015 3.14 1.76 0.54
2016 2.84 1.70 0.44
2017 4.36 1.67 0.48
2018 3.51 2.36 0.75
All 3.87 1.72 0.38

(c) Rs Ts SM Model

Year Rio Q10 A B R?

2014 6.07 251 1.17 -17.67 0.82
2015 3.87 2.32 0.89 -17.55 0.76
2016 2.77 2.03 1.46 -87.91 0.54
2017 4.30 1.89 0.90 -63.23 0.64
2018 3.97 2.76 0.029 -18.65 0.85
All 4.12 2.14 0.49 -26.90 0.52

(d) Rs TsSM GEP
Year Bo B: B> Be Ba Bs R2

2014 -11.05 -0.041 0.42 -27.26 0.46 795 0.83
2015 -2.44*10* 34.68 34.67 -228.38 0.12 4.36 0.055
2016  -3.34*10* 0.33 2.26 233.43 0.047 467 0.24

2017 -3.59 -0.051 31.99 -1264.79 0.42 3.51 0.59
2018 1.33 0.077 5.67 -10.20 0.16 -1.90 0.87
All -8.76 -0.026 8.73 20.83 0.43 594 0.59
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(e) Bunnell Model

Year A B C D R?

2014 0.146 2.07*10 1.55 2.50 0.81
2015 -0.695 0.039 -10.58 2.33 0.77
2016 0.132 0.038 7.71 1.79 0.55
2017 0.044 0.240 2.48 1.89 0.64
2018 -0.891 0.011 -37.8 2.67 0.86
All -1.984 0.026 -72.29 2.14 0.52

() Gaussiani Gamma Model

Year To R} I 12 [ 21 [ 22 R?

2014 1.80 0.154 2.15*10° -1.52 0.69 0.82
2015 3.34 0.087 1.56*10* -6.73 1.07 0.74
2016 5.93 0.036 -4.34*10* -21.39 1.35 0.62
2017 3.24 0.126 1.94*10° -9.43 0.83 0.65
2018 3.00 0.088 -1.88*10° -7.51 0.77 0.83
All 3.00 0.135 2.02*10% -7.67 0.88 0.53
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Table 23. Testingslope and intercepesults and coefficient of determination (R2) for seven models: Rs Ts, Rs Q10, Rs Ts SM,
Rs Ts SM GEP, Bunnell Model, GaussiaGamma model, and NARX Neural Network from

(a) 2014 to 2016.

Year 2014 2015 2016

Model TestingEquation R?  Testing Equation R?2  Testing Equation R?
Rs Ts Y=0.68x+259 063 Y=049x+2.09 0.62 Y =0.37x + 2.68 0.40
Rs Qo Y=0.68x+259 063 Y=049x+2.09 0.62 Y =0.37x + 2.67 0.40
Rs Ts SM Y=077x+1.73 0.74 Y =0.86x+0.62 0.83 Y =0.53x +2.13 0.48
Rs Ts SM GEP Y=0.67x+3.13 057 Y=0.065x+4.46 0.056 Y =-0.068x +4.54 0.016
Bunnell Model Y=0.78x+169 075 Y=087x+061 083 Y=047x+237 0.52

Gaussian Gamma Y=077x+181 0.76 Y=0.84x+0.68 081 Y=0.86x+1.83 0.62
NARX Neural Network Y =0.25x+2.62 0.37 Y =0.94x+0.13 082 Y=0.65x+140 0.79

(b) 2017 to 2018.

Year 2017 2018

Model Testing Equation R?2  Testing Equation R2
Rs Ts Y =0.43x + 3.66 041 Y =0.64x+1.90 0.72
Rs Qo Y =0.47x + 3.66 041 Y =0.64x+1.90 0.72
Rs Ts SM Y =0.56x + 2.67 0.53 Y=0.73x+1.27 0.85
Rs Ts SM GEP Y = 0.56x + 2.85 054 Y =0.74x+1.27 0.81
Bunnell Model Y =0.57x + 2.63 053 Y=071x+1.41 0.86
Gaussian Gamma Y =0.63x +2.14 055 Y=0.71x+1.38 0.82
NARX Neural Network Y=0.73x +1.74 0.63 Y=0.79x+1.18 0.83
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Table 24. Statistics for applied Rs models. Error sum of squares (SSE) and

standard deviation (STD).

Model 2014 2015 2016 2017 2018
SSE STD SSE STD SSE STD SSE STD SSE STD
Rs Ts 86.86 2.49 7215 1.26 41.32 1.10 57.18 1.56 233.6 2.63
Rs Q10 86.91 250 72.23 125 41.35 1.10 57.08 1.55 2334 2.63
Rs Ts SM 111.2 2.63 5452 1.63 42.16 1.24 56.83 1.68 152.7 2.73
Rs Ts SM GEP 138.4 1.33 15.19 0.25 174.8 0.71 1885 1.17 133.2 1.51
Bunnell Model 112.0 2.62 53.69 1.63 31.46 1.21 58.27 1.69 138.7 2.68
Gaussian Gamma 111.1 2.93 69.69 1.66 77.83 1.44 92.62 2.14 181.8 2.66
NARX Neural 134.2 146 138.7 2.12 75.38 1.47 248.0 2.83 167.6 2.44
Network
ObservedRks STD 1.84 1.41 1.33 1.46 1.89
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Table 25. Estimated seasonal and total(@< m? year') over the growing season

using seven Rs models

Year 2014
Model | Gaussian| Rs Ts SM| Bunnell Rs Q10 Rs Ts Rs Ts SM GEP| NARX
Gamma Neural
Network
Winter | 42+0.26 | 103+0.33 | 103+0.33 | 135+0.22 | 135+0.22 30+£0.52 315:0.41
Spring | 17741.99 | 2191.64 | 221+1.66 | 222+1.25 | 222+1.25 172¢2.01 252+0.86
Summer| 632+1.41 | 613t1.47 | 614+1.43 | 585:0.83 | 585-0.83 635+1.44 544+1.30
Autumn | 376+2.47 | 393t2.18 | 393t2.17 | 362+1.66 | 362+1.66 3792.32 321+0.53
Total | 1225:2.97 | 1328t2.60 | 133G:2.60| 1304t2.16| 1303t2.15 1216+3.01 1432+1.47
Year 2015
Model | Gaussian| Rs Ts SM| Bunnell Rs Q10 Rs Ts Rs Ts SM GEP| NARX
Gamma Neural
Network
Winter | 55+0.63 | 101+0.71 | 100+0.70 | 149+0.48 | 149+0.48 32+1.03 107+0.60
Spring | 187+2.01| 226+1.67 | 226+1.65| 236+1.36| 236+1.36 184+2.09 167+1.20
Summer| 687+1.22 | 670+1.30 | 671+1.28| 592+1.00 | 591+1.00 684+1.21 556+0.98
Autumn | 363+1.64 | 374+1.39 | 373+1.41| 405+1.69 | 404+1.69 353+1.50 255+1.18
Total | 1292+2.94| 1370+2.62| 1371+2.62| 1382+2.20| 1381+2.20 1254+3.02 | 1084+2.13
Year 2016
Model | Gaussian| Rs Ts SM| Bunnell Rs Q10 RsTs Rs Ts SM GEP| NARX
Gamma Neural
Network
Winter | 42+0.32 | 95+0.31 | 94+0.30 | 146+0.25| 146+0.25 45+0.41 230+1.05
Spring | 204+1.44 | 249+1.13 | 249+1.12| 255+1.04 | 255+1.04 218+1.37 207+0.83
Summer| 526+1.53 | 533+1.79 | 533+1.86 | 652+1.43 | 651+1.43 541+1.60 439+1.19
Autumn | 371+1.90| 380+1.65 | 382+1.68| 422+1.80| 422+1.79 360+1.77 350+1.21
Total | 1143+2.38| 1257+2.13| 1258+2.16| 1475+2.43| 1475+2.43 1164+2.37 1226+1.47
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Year 2017
Model | Gaussian| Rs Ts SM| Bunnell Rs Q10 Rs Ts Rs Ts SM GEP| NARX
Gamma Neural
Network
Winter | 54+0.30 | 120+0.31 | 118+0.31| 146+0.25| 146+0.25 56+0.43 132+0.59
Spring | 222+1.68 | 261+1.35 | 260+1.35| 259+1.07 | 259+1.07 231+1.67 214+2.00
Summer| 591+1.21| 578+1.25 | 577+1.27 | 604+0.88 | 604+0.88 599+1.18 698+1.09
Autumn | 362+1.85| 369+1.50 | 367+1.51| 402+1.58 | 402+1.58 355+1.68 391+2.16
Total | 1228+2.55| 1329+2.17| 1323+2.17| 1411+2.13| 1410+2.13] 1241+2.53 | 1435+2.84
Year 2018
Model | Gaussian| Rs Ts SM| Bunnell Rs Q10 Rs Ts Rs Ts SM GEP| NARX
Gamma Neural
Network
Winter | 48+0.22 | 114+0.26 | 114+0.27 | 139+0.19| 139+0.19 47+0.39 194+0.25
Spring | 187+1.99 | 232+1.60 | 232+1.60| 236+1.36| 236+1.36 195+1.94 273+1.50
Summer| 595+1.67 | 598+1.90 | 597+1.93 | 647+1.14 | 647+1.14 599+1.69 634+1.66
Autumn | 407+2.95| 434+2.84 | 434+2.82| 409+2.25| 409+2.25 404+2.79 448+2.40
Total | 1236+3.00] 1377+2.76| 1377+2.76| 1431+2.54| 1430+2.53] 1244+2.96 | 1549+2.45
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Table 26. Mean ®asonal and growing seasonal of ecosystem respiration (RE) and

measured soil respiration (Rslues, in umol C@m 2 s?, total observed data, and
the percentage of missing Rs measuremieoins REduring the study period.

Year 2014
Season RE Rs Measured Missing Data
(umol C: m?s1) | (umol CO, m?s?) from RE
(%)
Spring 1.81+1.24 NaN 100%
Summer 5.56x1.20 9.48+£1.74 41.30%
Autumn 3.42+1.80 5.02+2.21 14.29%
Total Measured Data)] 1070.62+2.17 906.19+3.04 63.29%
Year 2015
Season RE Rs Measured Missing Data
(umol C: m?s?t) | (umol CO m?s?) from RE
(%)
Spring 2.14+1.59 2.64+1.27 69.57%
Summer 6.69+1.21 6.08+1.30 4.35%
Autumn 3.71+£1.62 3.36%1.12 6.59%
Total Measured Datg  1237.87+2.51 894.61+1.90 44.93%
Year 2016
Season RE Rs Measured Missing Data
(umol C: m?s1) | (umol CO m?s?) from RE
(%)
Spring 2.10+1.11 2.11+0.74 51.09%
Summer 5.94+1.80 4.96x1.4 0.00%
Autumn 4.18+1.89 4.68+1.29 29.67%
Total Measured Datg 1214.86+2.37 850.55+1.79 44.93%
Year 2017
Season RE Rs Measured Missing Data
(umol C: m?s?) | (umol CO m?s?) from RE
(%)
Spring 2.31+1.37 4.21+1.82 68.48%
Summer 6.65+1.34 7.57+1.33 0.00%
Autumn 3.94+1.80 5.39+1.74 29.67%
Total Measured Daté  1270.04+2.49 1162.87+£2.05 49.32%
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Year 2018

Season RE Rs Measured Missing Data

(umol C m?s?t) | (umol CO m?s?) from RE

(%)

Spring 1.85+1.28 3.99+1.89 58.70%

Summer 5.57+1.51 7.35£184 6.52%

Autumn 3.71+2.36 5.38+£2.63 13.19%

Total Measured Dat§ 1103.59+2.36 1208.94+2.53 44.38%

Table 2.7. Estimated ecosystem respiration (RE) by@aissian Gamma model
and NARX Neural Network.

Year 2014 2015 2016 2017 2018
Gaussian Gamma 91.17 87.49 85.77 9246 97.14

NARX neural network 32.77 63.98 6556 80.49 82.85
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Figure 2.6. Annual observed Rs values compared with predicted values using seven models (Rs Ts, Rs Q10, Rs Ts SM, Rs Ts
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Chapter 3:

Comparing temporal variability of soil CO2 flux within a
temperate coniferous and deciduous forest ecosystem

3.1 Abstract

The forest soil carbon pool accounts for 80% of the carbon within terrestrial
ecosystems and contains three times as madbon compared to the atmosphere
(Davidsonet al,2006; Luo and Zhou, 2006A small change in soil respiration (i.e.

soil CQO efflux) may either mitigate or increase carbon fluxes into the atmosphere
from this soil poolln this study, temporal dynamics soil respiration (Rs) and its

key environmental controls such as soil temperature (Ts) and soil moisture (SM)
was examined in two different species of temperate forests in the Great Lakes
region in southern Canadautdmated soil chambevgere utilizedto continuosly
monitor soil respiration fluxedRs)in a 45yearold temperate conifdorest (TP74),

and a 9¢yearold deciduougorest(TPD) in southern Ontario, Canada from 2017

to 2019 Coherence analystdf observed fluxeshowed thaprolonged periods of
droughtin the summer had rededRs.Large precipitation events and the resulting
increase in soil moisture increased Rs. Periods of lag in coherence analysis was
observed in the fall season which wasnarily caused by soil moisture increases
dueto largeprecipitation eventahich are common in this regiofheperformance

of multiple empiricalRs models €.g.Rs Ts, Rs Ts SM, Rs Q10, Null Model,
Ratkowsky, Stanford and Epstein, Myers, Bunnell, Lloyd and Taylor, Tuomi, and

Gaussian Gamma)showal that theGaussian Gamma modegbroduced the best
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results with the lowest corrected Akaike Information Criterion (AICc) values and
fit with an R of 0.83 and 0.76 for TP74 and TR@restsrespectivelyRs was in
higher coherence with temperature in theniterous forest compared to the
deciduous foreskindings indicate that thiduxes ofplantation forests may be less

resilient to increasing temperatures.

3.2 Introduction

Soil respiration (Rs) is a major component of the carbon cycle, with climatgechan
there are uncertainties that can be caused with extreme climate events. About half
the terrestrial carbon sink is located within forests wigstcarbon residing within

forest soils (Canadeéit al,2007; Kindermaret al,2008). The forest soil carbon

pool consists of 691 pentagrams (Pg) in plant biomass and up to 968 Pg in soils
which is about 3 times larger than that of the atmosphere (817 Pg) (Lorenz and Lal
2010). Understanding how Rs respondglimate change andxtreme weather
events is particularly important in southern Canadian forests beoansteof
forests in the regioare afforested on plantati@tands Shifts in temperature and

soil moisture caused by climate change can negatively affect these plantatam st
causing release of R®Vith improper managemerduch as clear cuttinghese

forests can become carbon sources instead of carbon sinks.

Forestspeciescanopy coveand structureage, and soil characteristican affect
Rs. Many temperate coniferouforests in particular white pinespecialize in
growing in nutrient limited soils and can retain their needles for multiple years

(BurgessConforti et al,2019). Studies have also shown that higher soil pH from
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the needles contributed to overall low Rdb@an 1982; Binkley and Valentine
1991). Temperate deciduous forests typically drop their leaves in the fall
(senescence) and regrow them in the spring. Leaf composition of these broad leaves
contain more nutrients than coniferdabageleading to overdhigher Rs (Hanson

and Wullschleger, 2003). Canopy cover also affects Rs by affecting the amount of
sunlight able to reach the soil and shaded plots have significantly reduced Rs rates
in response to decreased Ts (Hardewl,2007 Saizet al,2006). It is important to
understand the differences in Rs dynamics and its controls in different species and
characteristic temperate forests in order to explore their responses aiiddomg

survival in the face of climate change.

The mainobjectives of this studyare to: (1) compare temporal dynamics of Rs in a
temperate conifer and deciduous forest growing in similar environmental
conditions in the Great Lakes region from 2017 to 2019 (2) determine main
controlling factors on Rs and how they might differtiese two stands and (3)
examine how Rs models may help in simulating Rs and quantify the contribution
of major controls and associated uncertainties. This study will help improve our
understanding of Rs processes in different temperate forests in Ebistein

America.

3.3 Methods

3.3.1 Study Site

The two sites used in this studgreaunevenly aged (70110 years oldpaturally

grown but managed deciduous for¥®D,4 2 A386 7. 1866 N, 80A33627.
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46-yearold coniferous forestafforested in 1974 (TP744 2 A420624. 520606 N,
8 0 A2 0 6 5 3Theéx8forésigjtes are part of the Global Water Future (GWF)
Programdéds Turkey Point Observatory and has
global Fluxnet initiatives, where they are also knownAsI®D (Arain, 2012) and

CA-TP74 (Arain, 2002).

TPD is dominated by White Oak (Quercus Alba) with scattered native Carolinian
species such as Sugar Maple (Acer Saccharum), Red Maple (Acer Rubrum),
American Beech (Fagus Grandifolia), Black and Red Oak @seWelutina,
Quercus Rubra), and White Ash (Fraxinus Americana). Eastern White Pine (Pinus
Strobus) and Red Pine (Pinus Resinosa) compose 5% of the cAnemge tree
height is 25.7 cm with a stand density of 504 + 18 trees per hectare. Average tree
diameter at breast height is 22.3 cm. The understory species include young
deciduous trees as well @anadian mayflower (Maianthemum canadense), putty
root (Aplectrum hymale), yellow mandarin (Disporum lanuginosum), red trillium
(Trillium erectum), and horsail (Equistum) Part of this land wasn abandoned
agricultural land that was previously used &griculture (Richart and Hewitt,
2008).Previous management practices occurred in 1984 and 1986 that included the
removal of 440 and 39.97%of wood respedtely. Harvesting of various pine and
dead oak occurred from 1989 to 1994 (Long Point Region Conservation Authority
records; Beamesderfer et al, 2020). No management activity has occurred after

1994 .Soil layers of consistof over 90% sand and is well dnad with low moisture
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holding capacity (0.10 cm/chhwith less than 2% organic matt&urther details

are given in Beamesderfer et al, (2020).

TP74 is a closed canopy forest which vwdanted ina previously cleared oak
savannaltandto stabilize locaboils. Thedominant species Bastern White Pine
(Pinus Strobuswith occasionallack Pine Rinus Banksianaand Oak Quercus
Veluting trees Average tree height is 13.5 m with a stand density of 1633 + 166
trees per hectare. Average tree diameter at breast height is 18.3 cm. Due to high
shading in this site, the understory is limited to a few bryophytes and giasses.

are 98% sand, 1% silind <1% clayand well drainedPeichlet al,2010).

The climatan the region is humid continental with wasmmmers and cool winters.
The 30year (1981 to 2010) mean annual air temperature and total precipitation
measured a weather statiomt Delhi,Ontario(~25 km north of site) is 8.0°C and
997 mm, respectivelyPrecipitation is evenly distributegverthe year, with 13%

falling as snow (Environment and Climate Change Canada).

3.3.2S0il RespirationFlux Measurements

Continuous hathourly soil respration (Rs)measurements were recorded using
long term LFCOR LI-8100A chambesystem Two measurement chambers were
deployed at TPD from July to December 2014 and extended to five in April 2015.
TP74 measurements started on May 2017 with four chambseais.damber at the
sites extened approximately 15 m from the central analyzer control unit and

multiplexer andwereequipped with a 1-B150203 soil temperature probe and-GS
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1 soil moisture probe. The probegere buried approximately 5 cm outside
permanent collars installed in the ground. The collars are comprised of PVC pipe
with an internal diameter of 20 cm, a height of 11.5 cm, and a thickness of 1 cm.
Each collar is inserted approximatelyi 78 cm into the sib surface with 3 cm
remaining above. During the growing season, the measurement chamber
placed directly above the collars remaining open while not actively taking
measurements. Any vegetation growtlas removed from inside the collars to
eliminate any interference from abovground autotrophic respiration. The
chamberswvere removed during the winter and stored for use the next growing

season.

3.3.3 Data Analysis and Processing

Soil CG; emissions dtawereprocessed using Soil Flux Pro (4.2.1) fromQOR
Biosciences, Inc. by analyzing the exponential flux and iteration obtained every 3
to 4 min within the measurement perida exponential curvavas fitted and the
resulting plot was fit with aon-linear regression equation that saver Cp, to,
andawhere G is the starting measured g€bncentration. The COlux based on

the slope of the regression equatieesreported as the exponential flux.

60 O 6 0 Q 1)

Measurements that repged a higher exponential iteration (>1@jere processed

further by changing the start time affecting the overall t value until the exponential
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iteration is less than 1®8easurements from one chamber was removed &4

to 2017 due to a wasp nest causamg unusualncreasen CO, emissionsn TPD.

Wavelet coherencanalysiscan be used for redéilme analysis by providing
multiple resolutions to analyze complex data (€hal, 2019). A wavelet is a
mathematical function used to divide continuous datadifterent scales (Grinsted

et al,2004). Inthisanalysis, a singleraveletis created, dilated or compressed, then
shifted along a time scale axis to create multiple smaller wavelets. The small
wavelets are expressed with two parameters: scale (s) aadotsition (n). A
larger scale allows more detail to be captured with a wavelet and larger sections of
the time series can be analyzed for4{waquency events. A smaller scale captures
lower detai and can detect low period (higlequency) events. Whea signal
waveletis multiplied by these smaller wavelets, a coefficient is obtained for that
frequency. A larger coefficient means that the signal is similar to the wavelet and
vice versa. Thiswas repeated for all the smaller wavelets to obtain a set of

coefficients or a wavelet transform (Jevrej@tal,2003).

Wavelet transforms are separated into continuous or discrete groups €ates
2006). A discrete wavelet transform restricts the number of dilations and
translations so that the number ofigtorms is the same as the number of samples
within the input time series. A continuous wavelet transform allows overlapping of
one small wavelet with another so that the similarity between signals can be
analyzed (Yate®t al, 2006). The equation for theontinuous or cross wavelet

transform WX(s) is
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e : )

where s is the scale on a discrete time serigsafdength N with uniform steps 0

and the scaled and translated wavelet fun¢tiofGrinstedet al,2004).

The models wused in this study arie the
(Yusteet al, 2005), Rs Ts SM (Khomilet al, 2009), Null, Ratkowsky (1982),
Stanford and Epstein (19)74Myers (1982), Bunnell (1977), Lloyd and Taylor
(1994), Tuomi (2008), and the Gaussiaamma (Khomiket al,2010). Model

eguations are shown Tal8el

For small sample sizes, the Akaike Information Criterion is corrected so that a
penalty is assigne the number of predicted variables in a model such that there
is not a bias towards more complex models (Hurvich and Tsai, 198%t ldl)
2018). Here AlCowas usedas a method of comparing the differences between
TP74 and TPD from model predictionshd Akaike Information Corrected
Criterion (AlCc) equation is defined:as

N < ¢Q 3)

© oo, [%3 T’TQ ‘,Q‘ i i _
0 00 g ca Qe T Qo

where k is the number of parameters within an equation, n is the sample size, o is

the observed values, and p is predicted values.
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3.34 Dry and Wet Periods

Throughout the world there is no universally accepted definition of drought or
excessive precigtion because of differing sites and climate conditi@ased on
historical site analysis, precipitation in both sites are evenly distributed throughout
the year (Beamesderfer et al, 2020; Barr et al. R@rBught periods are related to
deficits in preitation which impose plant stress due to decreased SM (Wolf et al.
2013). To assess dry and wet periods throughout the year, the relative extractable
water (REW) was utilized (Black, 1979; Breda et al. 1995). REW is the amount of
SM available for plant se, it relates to the pores within the soils and suction that
plants utilize to extract water from the soil. As water is depleted from larger pores,
more suction force is required. When REW drops below 0.4, large pores are
considered empty and water is pmontained in micropores which require more
suction force causing both gross primary productivity and transpiration to decrease
in response to stomatic closure (Ciais et al. 2005; Grainer et al. 1999; Reichstein et
al. 2003). REW values above 0.72 werdegarized as wet periods. REW is

calculated as:

YOw

Where U is the actual soili2vatogsthebnt ent f
soil water content at field capacity and is estimated from periods when soil water
content vas at its maximum daily mean value after the remove of freely drained

wa t eqis thelboil water content at wilting point and is estimated from the

103



minimum value observed during a natural drought (McKay et al. 2012). The wilting
point and field capacityalues were estimated from a lohgerm soil moisture

study performed by Peichl et al. (2010) and are 0.0D4 and 0.16 respectively.

The lower end of the wilting point is utilized since in this study, wedrained

sandy soils the wilting point caaach soil hydrophobic values (McKay et al. 2012).

For the purpose of this study, Ts and SM was utilized from a nearby pit buried 5
cm below the surface near the chambers. Pit data was selected since it has
undergone validation, acclimation to the site omarltiple years, is measured

throughout the year, and is shown to be similar to chamber data.

3.4 Results

3.4.1 Observed Rs Fluxes

Observeddaily values of RsTs, and SMfrom 2017 to 2019 for both TP74 and
TPD are shown in Figure 3ahd Figure 3.2Rs was found to follow closely to that
of Ts in TPD and displayed similar patterns iriIFSM was also found to increase
after precipitation events in both sites. TPD dispthygreater fluctuations
compared to TP74 during the spring and sumrbetta coverage for TP74 is
44.38%, 53.15%, and 56.71% from 2017 to 2019. Coverage for TPD is 50.68%,

55.62%, and 62.47% from 2017 to 2019.

In 2017, TP74ndTPDshowed differences in dry and wet periddsing thespring
with a total of18 wet days at TP74 as compared to a totélofvet days at TPD

(Figure 3.1a and 3.1bBoth sites experienced four extended dry periods in the
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summer and fall comprising a totaf 82 and 74 days for TP74 and TPD
respectively. TPD received additional wet periods (20 days) in the summer and fall.
Observed daily SM and PPT values are shown in Figure 3.2a an@8ethll,SM
valuesat 5 cm depth akP74showed much lower amplitudes compared to TPD.
Accordingly, Rs at TP74 also did not show a large increase in response to rainfall
events such as an 81.44 mm event on Octdbat Both sites. Seasonal dynamics
between both sites showed that TPD had more wet periods (40 vs }8hdays
TP74. Observations for TPD showed sporadic wet periods occurring throughout the

year with a 13day wet period occurring in the fall.

In 2018, there weré&2 wet (high SM)days in thespringat TP74and31 days at
TPD. Observed SM and PPT values 2608 showeda 60 mm event on August
17" that caused SMt TP74 to increase by 0.03°m over three days and 0.05
m>m3atTPD at the same time period. A later precipitation eveddofim caused
an increase of 0.025m3in TP74 and 0.08 &dm= at TPD over three days as well.
The first PPT event caused an increase of 2.45 umelr@®s?! and 2.08 pmol
CO:m2stin Rs afTP74 and TPRifter this eventDry events at both sites occurred
in the summer (24 and 72 days fd?74 and TPD respectively; Figure 3.1c and
3.1d).Ts at TP74 remained relatively similar at 24°80) but TPD experienced a
decline from 20.0%C to 18.88C. The second PPT event caused similar results. Rs
increased by 1.32 umol G@n?statTP74 andL.08 pmol CQm? st atTPD after
this event Ts at both sites increased similarly by 0@gFigure 3.2c and 3.2d).

Seasonal dynamics for both sites experienced long wet periods in tHS3fald
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43 days) TPD receivedong dry periods 3 days) in thesummerwhile TP74

received sparse (24 days) dry peri¢figure 3.3c and 3.3d).

In 2019,there weres4 wet days in thespringandsummerfor TP74 andl03 days

at TPD. Dry periods occurred in the summe §2d 24 days) and fall4 and 3
days) for TP74 and TPDespectivelyFigure 3.1e and 3.1fA 45 mm PPT event
occurredon October 2% at both sites that caused SMnarease by 0.02 fm3in
TP74 and 0.06 Am=in TPDwithin aday. Rs decreased TP74 from 2.86 umol
CO;m?s1t02.69 umol CQm?s?, while TPD experienced an increase from 3.07
umol CQ: m? st to 4.52 umol CO@m? st. Ts at both sites increased C2and
0.78C at TP74 and TPDrespectively(Figure 3.2e and 3.2fDverall, Rsin all
yearsat TP74 is shown tde less than that of TPD. Similarly, Rs closely followed
Ts for all yearsat both TP74 andPD. Seasonal dynamics showéaat TPD
received dong continuouswet periodin the springollowed with two dry periods

in the fall. TP74 received a continuous wet period in the spring but sparse dry

periods in the summer and f@Higure 3.3e and 3.3f).

Coherence between Rs arsffbm 2017 to 2019 for TP74 and TPD sites are shown
in Figure3.3. Arrows withincoherence figure panalsdicate the phase and lag of
both time series. Arrows pointing to the right indicate Rs and Ts are in phase with
no lags. Left pointing arrows indicate aptiase when Rs is increasing and Ts
decreases. Arrows paing up or down represents a lead of 90 degrees for Rs or Ts
respectively. Slanted arrows indicate lag where arrows point left to up or right to

down show Rs is leading and arrows point left to down or right to up show Ts is
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leading. Areas with high cenence are shown in yellow shading, while areas with
low coherence are shown in blugoherence measurements outside the cone of

influence where results are distorted is not considered.

Overall, n 2017, TP74 displayed high coherence between Rs andriigheo2 to
8-day scale (micAugust to September; Figure3d). Arrows within the high
coherence area primarily point to the bottom right indicating that Rs is leading in
front of Ts. From the O to-day scale, arrows are shown pointing down in June
indicaing a lead of 90 degrees for Ts. Arrows from fAidgust to October are
shown to shift from pointing downward to slanted to the bottom right then back
pointing downwardndicating that the temperature sensitivity of Rs is affected in
these monthsIPD disphyed high coherence from the 0 tod#y scale from mid
June to October (Figure3h). Arrows in the coherence area point right from-mid
June to midluly and in September at the 4 td®y scale. From the 0 tedhy scale
arrows primarily point right andchéft to the bottom right in the beginning and end

of August before shifting to pointing to the upper right.

In 2018, gnificant coherence between Rs and was obsernvadTP74from the 1
to 32day scale (September to November; FigB2g). Arrows within the high
coherence area point to the bottom right in the beginning of August and October
for ~8 days which show that Rs is leading in front of Ts. This occurs in the period
betveen July and August as well. High coherence hotspots in TPD are shown from
the end of May and the beginning of June for ~14 days. Downward arrows are

shown in October for ~8 days and arrows that point right to up are shown as well
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for ~20 daysFrom the Oto 4-day scale arrows primarily point right but shift to
bottom right pointing in September, October, and November in TP74. TPD
displayed arrows that point to the bottom right in June and arrows that point left in

August (antiphase).

In 2019, high cohe&nce between Rs and Ts was observed from the O-tiay16
scale from May to June in TP74 (Figur8&). Arrows within the coherence area
primarily point to the right with a shift to the upper right in JuBeherence
hotspots occur at the end of June anduly for ~5 and ~16 days. From the O to 4
day scale, arrows are shown pointing to the right before shifting to the upper right
and back. TPD showed a significant coherence from the O-tayl&cale and at

the 32day scale (Figure 3f). Arrows primarily point right with slanted arrows
(upper right) occurring in September at thedby scale anoh June and September

at the 32day scale. At the 0 to-day scale, arrows point right at the end of May,

June, September, and October.

Coherence between Rs and 8om 2017 to 2019 is shown in Figure 3.4. In 2017,
there was little to no coherence between Rs and SM in TP74 while hotspots from
the 4 to 8 days occurred in the spring and at théalGscale in the fall (Figure 3.4a

and 3.4b). In 2018n-phasecoheree occurred at the 32ay scale from June to
August for TP74 and for the entire year in TPD (Figure 3.4c and 3.4d). Numerous
coherence hotspots occurred in the summer for TPD compared to TP74. In 2019,

there was little coherence at TP74 except from the ®day scale from May to
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July (Figure 3.4e)Coherence in TPD was similar with a hotspot occurring at the

16-day scale from July to Septemli§ergure 3.4f).

Ts and SM coherence from 2017 to 2019 is shown in Figure 3.5. In a6t7,
phase coherence ococedrfrom the 16 to 6day scale for the entire year. Smaller,
anti-phase hotspots occurred from the 4 tedd§ scale from August to October for
TP74 (Figure 3.2a). TPD had one actherence hotspot from June to July at the
~25-day scale and a hotspot frdhe 4 to 8day scale in July (Figure 3.5b). In 2018,
antiphase occurred from August to Septendiehe 64day scale in TP74. A minor
hotspot occurring from the O tedhy scale occurs in latiuly with arrows pointing

left to up (Rs leading; Figure 3)paVlinor hotspots occur similarly for TPD such

as from June to July at the-tidy scale showing arphase (Figure 3.5d) and in
August. In 2019, TP74 had multiple minor hotspots scattered throughout the
summer with an anphase hotspot occurring at the-@dy scale in July and a
hotspot with slanted arrows pointing to the bottom right (Rs leading) from August
to September (Figure 3.5e). Minor and scattered hotspots occurred from July to
October for TPD with primarily bottofright slanted arrows (Rs leading

throughout the year (Figure 3.5f).

Vol umetric water content or SM i s shown
SM is shown to be higher than TP74 in the spring and fall. TPD had higher SM in
the summerin 2014, 2015, and 2019. Both sites recorded similar SM in 2016, 2017,

and 2018A comparison of SM between tower and chamber SM is shown for TPD
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in 2018 (Figure 3.8). Linear regression shows that the slope and intercept closely

match that of a 1:1 line.

3.4.2 Model IntetfComparison

Eleven different Rs models were usedimulate soil CQemissions at both sites
and their ranking in terms AAICc values isshown in Tables 3.2 to 3.4. The
Gaussiani Gamma model was the best predictor for TP74 and WRD the
exception of 201.7The Bunnell model performed well for TPD arabply for TP74

in all years. The Rs Ts SModelranked highly for both sites in 2018ut ranked
poorly in 2017 and for TPD in 201%he Rs Q10 model ranked poorly for all years
except for TP74 in 2019. The Rs Ts model ranked highly for TP74 in 2017, but
poorly for all other yearsTheLloyd and Taylor model ranked highly for both sites

in 2017 and 2018, but poorly for TP74 in 2019. The Stanford and Epstein model
ranked poorly for 2018 and for TPD in 2019. The Ratkowsky model was rated in
the middle and reained in similar rankings for all years. The Myers model ranked
low and remained poorly for all years. The Tuomi model ranked low, but performed
well at TP74 for 2017. The Null model performed poorly in 2018 and for TPD in
2019, but remained in the middt 2017 and TP74 in 2015 summaryGaussian

I Gamma modelvas quite robust in simulating Rs dynamics at both sites.

Linear regressioranalysisof simulated Rsvith observed Rsvasalsoperformed

from 2017 to 2019or TP74 and TPDBsites(Figure 3.7). Model results sheda
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coefficient of determination @R of 0.54 for 2017, 0.77 for 2018, and 0.59 for 2019.

Model equations are displayed on the figimeeachyear.

3.5 Discussion

3.5.10bservedFluxes

Environmental factoraffecting the soil carbon pool such as air temperature (Ta),
Ts, precipitation(PPT) and SMexhibited strong seasonebntrolswithin both
conifer and deciduous forests bot h f orestsdé Ts increased
season, peaked during the summed decreased during the fall into the winter
which is typical for forests located the temperate regia(Wanget al, 2010;
Davidsonet al, 1998). The relationship between Rs and Ts is exhibited multiple
times in literature (Davidson and Janssens, 2D@yd & Taylor, 1994; Tayloet

al, 2015; Shabagat al, 2015). Sensitivity to temperature change in response to
global climate change is one of the uncertaintiesmpiricalRs models(Joneset

al, 2003). The @ value of a site indicates the temperateasitivity of Rswhere

a lower value represents low sensitivity while higher values indicate more (Meyer

et al,2003).

AnnualQ1l10values for TP74 and TPD asbown in Table 3.5Values for TPD are
comparable to literatur 2017 and 2018yut all values for TP74 are quite low
compared to other studies with similar ecosyst@Resch and Schlesinger, 1992;
Quan et al, 2004; Meyer et al. 201B)ultiple factors that may influence this such
as substrate disturbance, site specificity, and climate (Daveist2006). Within

literature, Rs is reported to be less sensitive to temperature with lower SM with
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sensitivity increasing to a threshold with higher SM and decreasing afterwards
(Yusteet al,2007; Craine and Gelderman, 2011; lllezisal, 2004; Jassatt al,

2008). However, analysis with wavelet coherence shows a high coherence
occurring from August 212018to the end of the growing season. This is probably
due to the effects of the three drought events causing the anpaaldo decrase
overall (Qooutside coherence =2.02). As SM increased due to precipitation events,
a higher threshold was reached causing a higheraue (Qo = 2.29) that is more
comparable with literature (TabB6c). This is reflected within the coherence itha

with Ta as well, during the 3 drought peridtiere was no observambherence
whereas afterwards following a high PPT event (60.13 mm), there was coherence
until the rest of the growing season (FigBi4). The Qo value in 2019 for TPD is
higher compad to literature indicating a greater sensitivity to Ts. This is probably
the result of dry periods occurring in the summer (July, August, September).
Analysis with the coherence chart reinforces this where both Rs and Ts are in phase
Temperature sensiily is also represented by the O taldy scale on coherence
graphs. In 2018, temperature sensitivity from the O-ttayt scale is abnormal for
TP74 compared to TPIDry/wet period analysis shows a high coherence occurring
from September to the Novembedicating temperature sensitivity not that does
not coincide with dry periods. Analysis of Rs showed a similar trend early within
the growing season. However, as the year progressed, there were more fluctuations
from Rs throughout the summer that were rwtsistent with observed Ts values

notably in TPD. This can be accounted by other environmental controls such as SM
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and in many studies in literature (Davidson et al, 1998; Xu and Qi, 2001; Pumpanen
et al, 2008; Van der Molen et al, 2011). High SM contantlenit the diffusion of
oxygen into the soil reducing Rs (Alexander, 1977). As soils dry due to higher
temperatures, Rs decreases from microbial death. Following rewetting events there
is an increase in Rs (Orchard and Cook, 1983). This process isifyiexaibited

within between July and August for both sites. During the second dry period, Rs
decreased to 1.93 and 4.98 pmol G0’ s?, following a PPT event of 7.54 mm,

Rs rapidly increased to 5.94 and 9.80 pmob@ s within 3 days for TP74 and

TPD respectively. Afterwards, there was a sharp decline back to previous Rs levels
in 4 days. A second, much greater PPT event occurred (38.02 mm) at the end of the
second dry period causing Rs increase back to levels fronrsh®PT event for

TPD. There was a second increase following a PPT event of 22.2 mm at TP74.

Temperature sensitivity in 208 TP74 in the O to 4lay scale functions similarly

to that of 2018, where Rs is shown to be sensitive to temperature in arigdt pe

instead of a dry period. This could be the result of environmental factors from the
previous year influencing Rs and its sensi:t
in the O to 4day scale is shown to occur in May, September, and October.

Sensitvity in September and October coincides with dry periods but May does not.

This could be the result of understory vegetation development causing an increase

in heterotrophic respiration coinciding with increases in Ts. In TP74, because of

the presence of elosed canopy and lack of nutrition, the understory consists of

' ichen and small s h rrighbusderstaaywcansistsgmhahyo w - R s . TF
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deciduousvoody species which facilitate Rs increase as the year progiidssss
impacts would be indirect thugh more root biomass in the soil because any
vegetation growing inside the chamber colors was remoMeese findings are
similar a study produced by Yuste et al (2014) which suggests thiatiqfluenced

by seasonal plant growth in both a coniferous @eciduous forest.

SM comparison for both sites showed that TPD consistently measured higher SM
in the spring and winter. This is probably due to canopy and understory differences
bet ween both sites. During the lopedmmer , bot
and are show similar coverage affecting the amount of precipitation that percolates
within the soil. During the spring and winter, the deciduous understory and canopy
in TPD are greatly reduced during senescence in the fall. This causes TPD to
becomean open canopy instead of a closed canopy which allows more precipitation

to permeate the soil.

3.5.2 Chamber Uncertainty

Automatic soil chambers can have both uncertainty and variability associated with
Rs measurements. One of the downsides of autoncatadbers is poor spatial
resolution causing higher variability (Khomik, 2014; Wi et al. 2015). In a
comprehensive study performed by Khomik, 2014, 50 collars were utilized in a
square grid design and were installed along a 2 m transect atyeaédld
coniferous stand located 20 km away from both sites. It was determined that
chambers located near tree trunks (~50 cm) consistently produced higher Rs

compared to the rest of the chambers. Furthermore, measurements performed ~2.5
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m from tree trunks repted increased Rs which was most likely caused due to
increased density of fine roots. Several other factors have also been identified to
contribute to variability in the study such as tree root density, litter thickness, and
availability of soil nutrientsUncertainty for automatic chambers can be caused by
microclimates, differences in gas pressures inside and outside the bell, site carbon
capacity and specificity (Livingston and Hutchinson, 1995; Welles et al. 2001; Hou

et al. 2013)

The standard deviatin f or bot h sitesdé mean chamber Rs
and TP74respectively. Differences between both sites can be caused by understory,
shade, and chamber | ocations. TPDG6s under s
while TP74 has little understogxcept for moss and lichen. Chambers within TP74

are located close to plantation tree trunks that receive occasional lighting while

TPD chambers are located at the bottom of a slope surrounded by shrubs inhibiting

the amount of sunlight received daily.

3.5.3 Wavelet Coherence

Wavelet coherence performed on accumulated-teng Rs measurements can
provide opportunities to analyze time lags and the effects of Ts and SM spatially
and temporally (Vargast al, 2010; Ohet al, 2019). There are few wavelet
coherence studies done between Rs, Ts, and SM. Vargas et al (2010) examined a
mixed coniferoak forest and reported high correlation for Rs and SM between 2
and 32 days with high correlation between summer rainfalls. For BHAdkars

showed norsimilarresults to Vargas et al (2010) mainly because the soil structure
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within bothsites are formedrom Glaciolacustrine sand deposits (Brunisolic Gray
Brown Luvisol) Savage et al (2009) reported a significant coherence between Rs

and Ts within a 7§earold deciduous forest at thdiel frequency.

Coherence in 2017 between Rs and Ts occurred primarily during fall for TP74 and
summer to fall in TPD from the O todhy period. This shows that Rs in TPD is
sensitive to Ts in the summer and tRatinboth sites a sensitive to Ts in the fall
during this periodHowever, further analysis of SM at a depth of 5 cm shows that
SM did notincrease significantly due to largeecipitationevents at TP74 sit&his

is probably the result of the soil type causing PPT &ndrapidly such that the
moisture probe could not maintain contact or the result of litterfall obstructing the
sensor. Deeper SM measurements (20 cm) gtigherresponsdo PPT.In both

plots at the 14lay period, coherence is shown to lag which indg&td influence

on Rs.In 2018, there were three abnormally long dry periods throughout the
growing seasarCoherence for Rs and SM in TPD showed a high phase for 32 days
for the whole measurement period. TP74 displayed similar results between June
and Augwst, but disappeared during the same period for Rs and Ts coherence. This
is probably due to the differences in canopy between both sites affecting the amount

of PPT that the soil receives.

Coherence within TPD in 2019 showed a similar result from th&awhge et al
(2009)at the diel frequency in sprifgut deviatedto the 5 to 1éday scale in the
summerThis is probably due to the differences in precipitation causing dry periods

to occur which caused a close relationship between Rs ahdiger impats of

116



Ts on Rs is also reflected within longer periods of coherence suobmashe 32

scale for the entire yeavhich could be caused by diminished PPT. Coherence
analysis for Ts and SM across all years for both sites showed little to no correlation
between Ts and SM except for 2017 in TP74 where a highphase coherence
was observedThis is to be expected since higher temperatures result in greater

evapotranspiration and thus diminished SM.

3.54 RsModeling Analysis

To further analyze the relationship between Rs, Ts, and SM various empirical
modelswere comparednd the AlCccalculatedln 2017, models that utilized Ts
produced a higher fit than those SM models for TP74 (Table 3.2). In TPD the
Bunnell model producedé highest fit and the GaussiartGamma model had a
worse fit. The differences between these years can be explained by the reaction of
the SM sensor within both sites. During the year, the SM at 5 cm digspmind

to highPPTevents affTP74 compared toHAD. This phenomenon throughout the
year caused models that primarily utilized Ts to predict Rs to become more accurate
at Rs prediction compared to models that wut
higher than the rest of the models is primarily becahseSM exerted more
influence on Rs while Ts was not a dominate factor. This is explained by the large
differences between Bunnell model, a model that favors SM but incorporates Ts,

and other models that rely heavily on Ts or SM.

In 2018, nodels that utized primarily Ts were able to produce a higher fit than
those that utilized only SM which further emphasizes the importance of Ts on Rs
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at TP74(Table 3.3) Similarly, models that incorporated primarily SM produced a
higher fit than those that used TsTIRD. Models that had both Ts and SM were
higher than those that utilized only a single variable in TPD suggesting that
throughout the year multiple influences of these variables. As expected, TP74
models produced similar results for Rs Ts SM and the Ganissbamma model
similarly to previous studies (Vargas and Allen, 2008; Khoeti&l,2009; Lelleii
Kovacset al,2011). However, the Bunnell model produced a significant difference
(184.81 vs 23.21 for TP74 and TPD respectively). This is probably cumatahe

Bunnell model is structured leaning heavily on the influence of SM on Rs.

In 2019, much like the previous year, models that utilized primarily Ts displayed a
lower difference and AlICc compared to models that utilized SM in TP74. Models
for TPD increased dramatically to models utilizing SM (Table 3.4). This change is
also refleatd within the coherence plot for this year where Ts is shown to have a
greater impact on Rs from July to October. Coherence changes can be explained by
the dry periods present within the year which coincide with increases in Ts and
consequently Rg-or allyears, the GaussidnGamma model is shown to closely

model Rs for both sites following dry/wet years.

Linear regression of Rs between TP74 and TPD for all three years showed
consistentelationshigoetween TP74 and TPD in 2017. This shows thali§tdays

a similar pattern for both sites which is expectedesiAtCc model ranking are
similar showing comparable reactions to changes in environmental varigbles.

2018, equation analysis shows that at lowef<Bgumol CQ m3s?), TP74 is more
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affeded and at higher Rs, TPD is more affectédis canbe explainedby Rs
responseto extreme weather events during this year. In dry periods in the summer,
Rs lowers dramatically causing fluctuations due to increases in PPT arid M.
study performed byCarlyle and Bathan (1988) where Rs is shdwrbe more
sensitive at higher Ts (1020°C) and SM Throughout the year, there are consistent
PPT events which caused SM to periodically increase. Since TP74 has a higher Ts
than TPD (mean of 16.88 vs 14.69C), and Rs values for TP74 does not increase
beyond 8 umol C@m™ s?, This can explain why TP74 is seen to have more
extreme fluctuations and more sensitivity to changes in Ts. TPD also had more
fluctuations in Rs at higher measurements due to differancstand type and
increases in SM in the summer which can explain WR is more affected by Rs

at higher levels (>8 pumol COmM?3 s2). In 2019, equation analysis shows
opposite from that of 2018, where at lower Rs (~3.2 umal @®s?) TPD is more
affected and at higher Rs, TP74 is affeciédds can be explained by differences in

Rs, TPD has consistently high Rs due to accelerated rates of decomposition and
greater fluctuations of SM in the summer where Rs is the largest. Rs variation
TP74 are consistent in the spring and until July for TP74 due to differences in

canopy and consistent Ts.

With extreme weather patterrmich as in 2018 T P 3o# éabon pool is
influenced more by temperature than with SM and that a'BDil carban pool
seemanmore resilient. Carbon fluxes from soils are closely related to plant growth

(Raich and Schlesinger, 1992). With addition of organic carbon from litterfall, the
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rate of Rs increases with largest increases observed underground (Hogberg and
Ekblad, 1996; Rogerst al,1994). Additionally, about 3D 50% of Rs is derived
from root respiration and the remainder from microorganisms (Boeidal1 993;
Andrewset al,1999). Based on a study in North Carolina in ay&&rold loblolly

pine forest stad there was an increase in pore space and Rs of ~30% following
elevated CQfor threeyears (Schlesinger and Andrews, 2000). Plant growth at
higher CQ and temperature levels can add additional carbon to the soil mioste

of it canreturn to the atmosphere. A comparison for both sites from 202019
shows that TP74 isorewet in 2018 compared to TPD (Figuse?). If additional
moisture along withricreased temperature changes were to occur at TP74 with
climate changetherecanbe apotentially large increase in Rs because of stand

instability.

3.6 Conclusion

This study demonstrates the influence of Ts on Rs within two forest dtanas

2017 to ®19. Extreme weather events were observed in.ZBi8y results shosd

that byapplying spectral analysis to measured Rs fdataultiple yearsvariations

in Rsin 2018 were shown to béosely linked to Ts at diel timescalesTP74 and

in at both site in 2019.SM fluctuated with increases in PPT in both sites and
corresponded with wet periods in the spring and fall. Increases in SM in the summer
caused Rs oscillationBurthermore, by comparing multiple models with their AICc,
the Gaussiaih Gamma mod| was able to rank consistently high for all years (with

the exception of TPD in 2017) which reinforces thmportance of Tsand SM
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within both conifer and deciduous foresBndings indicate that the soil GO
emissions in plantatiorconifer forests may be less resilient to increasing
temperaturesn extreme weather event$uture studies should examine the

relationship between Ts, SM, and Rs during extreme weather ipearanaged

forest ecosystems.
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Table 31. Soil respiration (Rs) prediction models used for AICc analysis where lower alphabetical variables (a, b, etc.) are
estimated values, Ts is soil temperature, and SM is soil moisture.

Model Estimated Formula Reference
Parameters
Rs Ts 2 Yi aQ Vandét Hoff (18¢€
Rs Q10 2 YVi 025 Yuste et al (2005)
Rs Ts SM 4 Vi oG , ! p : Khomik et al (2009)
p Q

Null 0 Yi aQaYi None
Ratkowsky 1 Yi oz Yi | ETYi Ratkowsky (1982)
Stanford andEpstein 2 Yi o 0zYD ® Stanford and Epstein (1974)
Myers 3 i YO © Myers et al (1982)

YO w

YO A

Bunnell 5 Vi 00 sy Bunnell et al (1977)

W YU w YU
Lloyd and Taylor 3 Vi Gro— Lloyd and Taylor (1994)
Tuomi 3 Yi 0zQ° Tuomi et al (2008)
Gaussian Gamma 5 Yi Q * °¢ 2 2 Khomik et al (2010)
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Table 32. Samplei corrected Akaike Information Criterion (AlICc) for TP74 and TPD in 2017
with ranking.

2017
TP74 TPD
Model AICc Difference  Model AICc Difference
Gaussian Gamma 70.28 0 Bunnell -14.68 0
Lloyd and Taylor 96.82 26.54  Lloyd and Taylor 98.76 113.45
Rs Ts 99.2 2891 Rs Q10 112.69 127.38
Tuomi 99.57 29.29 RsTs 112.69 127.38
Stanford and Epstein 115.14 44.86  Stanford and Epstein 263.76 278.44
NULL 123.07 52.78 NULL 266.66 281.34
Ratkowsky 218.11 147.82  Ratkowsky 321.58 336.26
Bunnell 250.97 180.69 Rs Ts SM 608.97 623.66
Rs Q10 462.97 392.69 Gaussian Gamma 705.43 720.12
Myers 479.17 408.89 Myers 709.68 724.36
Rs Ts SM 479.38 409.09  Tuomi 1837.03  1851.72

Table 33. Samplei corrected Akaike Information Criterion (AlCc) for TP74 and TPD in&01
with ranking.

2018
TP74 TPD
Model AICc Difference  Model AICc  Difference
Gaussian Gamma  -78.39 0  Gaussian Gamma 92.77 0
Rs Ts SM -72.47 592 RsTsSM 113.38 20.61
Lloyd and Taylor 77.45 155.84 Bunnell 115.98 23.21
Tuomi 78.59 156.98 Lloyd and Taylor 169.63 76.86
Rs Ts 85.57 164.26  Tuomi 170.63 77.86
Rs Q10 85.57 164.26 Rs Q10 174.17 81.4
Bunnell 106.42 184.81 RsTs 174.17 81.4
Ratkowsky 180.36 258.75 Ratkowsky 300.89 208.12
Stanford and Epstein 211.84 290.23  Stanford and Epstein 355.95 263.18
Myers 217.14 295.53 NULL 378.99 286.22
NULL 237.73 316.12 Myers 386.02 293.25
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Table 34. Samplei corrected Akaike Information Criterion (AICc) for TP74 and TP2019
with ranking.

2019
TP74 TPD
Model AICc Difference  Model AICc Difference
Gaussian Gamma  -131.16 0 Gaussian Gamma -134.69 0
Rs Ts SM -128.39 2.76  Bunnell -96.33 38.35
Rs Q10 -118.5 12.65 Lloyd and Taylor 14.74 149.43
Rs Ts -118.5 12.65 Rs Q10 15.12 149.81
Stanford and Epsteil -28.11 103.04 RsTs 15.12 149.81
Ratkowsky 105.82 236.98 RsTsSM 19.24 153.93
NULL 121.12 252.28 Ratkowsky 71.03 205.72
Lloyd and Taylor 124.71 255.87  Tuomi 415.21 549.9
Tuomi 352.86 484.02  Stanford and Epsteir 418.72 553.41
Myers 565.32 696.48 NULL 453.03 587.72
Bunnell 866.61 997.77 Myers 815.55 950.24

Table 35. Q10 values at TP74 and TPD forest site from 2017 to 2019.

Year TP74 Q10 Value TPD Q10 Value
2017 1.87 2.40
2018 1.88 2.12
2019 1.86 2.88
Mean 1.87 2.47
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Figure 3.1. Observedaily soil respiration (Rs) and soil temperature values with dry (orange) and wet (blue) periods for TP74 (left) and
TPD (right) from 2017 to 201Pry periods were calculated from the standard deviation beloméaa soil moisture (SM) and wet
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Figure 3.2. Observed soil moisture (SM) at 5 cm along with precipitation for TP74 (left) and TPD (right) from 2017 tdD2919
periods are highlighted in orange, while wet periods are highlighted inItygeriods were calculated from the standard deviation
below the mean soil moisture (SM) and wet periods were calculated from the standard deviation above the mean SM
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wavelet coherence between soil respirafi@s) and soil temperatur@s) for TP74(left) andTPD (right) in from

2017 to 209. Areas of yellow indicate high coherence while areas in blue indicateheyence. Arrows indicate the phase and lag

Figure 33. Crossi
between the time series.
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Figure 34. Crossi wavelet coherence between soil respirati@e) and soil moistur¢SM) for TP74(left) and TPD(right) from 2017
to 2019
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Figure 3.5. Crossi wavelet coherence between deinperaturéTs) and soil moisturéSM) for TP74(left) and TPD(right) from 2017

to 2019.
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Figure 3.6. Volumetricsoil water contenor soil moisture (SMat 5 cmdepthin m® m for TPD and TP74 from 2014 to 20109.
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Figure 3.7. Linear regression betweelaily mean values of soil respiration (Rs)l&74 and TPDorest sitefrom 2017 (blue), 2018
(red), 2019 (greenpnd Y = x (black).
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Chapter 4: Conclusions

4.1 Major Findings

This dissertation evaluated the response of soil respiration to environmental
controls such as soil temperature (Ts) and soil moisture (SM)tamaerate
coniferous and deciduous forest southern Ontario, Canada usimgasurements,
modeling and spectral analysis. Study results revealed that Ts waaittdriving
factor for soil respiration. Variations in Ts in June, July, and August weré foun

be a significant controlling factor féhe annual carbon budget sl respiration.
Empirical model testing using the corrected Akaike Information Criterion (AlCc)
showed that the Gaussi@nGamma model which incorporated badtk and SM
displayed tle lowest value with the highest coefficient of determination. This study
found that theconifer plantation fores{TP74) was much more sensitive to
temperature compared to the deciduous stand (TiR[Particular during years that
experienced extreme weathevents such as 2018 This implies that with
increasing temperatures from climate chatigatconiferplantation foresmay be

less resilienin this region The reason for this is likely due to soil structuanopy
composition andsensitivity of conifer species to warmer temperatures as compared
to mixed deciduous stands both forest stands, the soil structure consists of over
90% sand causing precipitation to rapidly percol&tewever, differences in
canopy compositioand wate use by coniferous and deciduous species impacted

SM.
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Study resultat TPD from 2014 to 2018 usingightdifferent models showettat
the Gaussian Gamma model produced the best coefficient of determinatiope
and yintercept.Overall, nodels that mncorporated SM predicted a better fit to
observed dataompared to T®nly modelssuggesting thadpart from TsSM and
possibly other environmental variabigasa major driving factor of soil respiration
in theseforest stand The studyshowedthatannial soil respiratioraccounted for
65717 90% of observed eddy covariance ecosystem respirétiothe growing
season in the deciduous foreBlxamining multiple Rs models can assist in
understanding uncertainties associated with environmental variablés pirade

ecosystem models.

4.2 Future Considerations

In this study, multiple models were utilized to predict soil respiradiuh evaluate
their performanceThese models are utilized to gap fill missing data, in particular
during winter periods whemeasurements are spawgenot measuredHowever,
other studies report a wide variation (1050%) of winter soil respiration
contribution towardsannual ecosystem respiration (Schindlbactetral, 2017
Brooks et al, 2011; Contosta et al, 2016; Khomil)40More futurewinter soil
respirationmeasurementwithin the conifer anddeciduous forest staadould be

performedo determine winter contributions

It is difficult to determine the source and depth of where soil respiration occurs in
a soil columnFang and Moncrieff, 2005; Kellman et al, 20IH)erdore, it is not

possibleto differentiate recalcitrant and labile carbon production because of
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different depths of litter decomposition and time of @avement to the surface
(Ryan and Law, 2005 hamber measurements can be combined with soil organic
matter content analysis and isotopic tracing to determine the source of carbon

production in both site@PettRidge and Firestone, 2017).
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