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ABSTRACT

ROCHA, Adolpho Emanuel Quintela da, D.Sc., Universidade Federal de Vicosa,
February, 2022. Partitioning evapotranspiration and carbon flux in a tallgrass
prairie: effects of rainfall variability and grazing. Adviser: Eduardo Alvarez Santos.

Partitioning evapotranspiration (ET) and carbon flux is key to understanding ecosystem
responses to rainfall variability and management practices. In this study, we evaluated
the effects of rainfall variability and grazing on carbon and water vapor fluxes in
tallgrass prairies. In addition, a footprint model was used to assess the spatial
representativeness of eddy covariance (EC) measurement and the influence of surface
heterogeneity on energy balance closure (EBC). The research was conducted in two
tallgrass prairie sites located in Kansas, U.S. The effects of rainfall variability on fluxes
were evaluated during the 2017, 2018 and 2019 growing seasons. The impacts of
grazing on fluxes were assessed during the 2003, 2004 and 2005 growing seasons.
Carbon and water vapor fluxes were measured using the ECtechnique. Net ecosystem
CO2z exchange (NEE) partitioning into gross primary productivity (GPP) and ecosystem
respiration (Reco) Was performed using the relationship between the air temperature
and nighttime NEE data. ET partitioning into transpiration ( T) and evaporation (E) was
obtained using the concept of underlying water use efficiency (UWUE). To evaluate the
uWUE approach, we compared daily E estimates obtained from the uWUE with E
observations provided by microlysimeters (ML) during the 2018 growing season. EBC
was poor during nighttime and stable atmospheric conditions, but was not affected by
surface heterogeneity. The correlations between vertical wind velocity and scalars
indicated that low-frequency processes affected EBC. The contribution of T to ET
(T/ET) was lowest during the dry growing season (0.50) and higher during wet growing
seasons (0.63 and 0.65). The relationship between uWUE approach and ML E
measurements showed a Pearson correlation coefficient (r) of 0.42 and a root mean
square error (RMSE) of 0.58 mm d'. Air temperature was the main environmental
driver of T/ET during the wet growing seasons, while the subsurface soil moisture (0.45
m) was the main driver of T/ET during the dry growing season. Grazing did not affect
GPP, but increased Reco (9.4%) and reduced NEE (11.9%). T/ET was reduced by
grazing (7.0%), while ET increased by 3.3% due to the increase in E (26.6%). Our
findings demonstrate that the precipitation variability not only has a direct impact on



the ET components but also modulates the response of those components to other
environmental drivers. In turn, grazing regime adopted in this tallgrass prairie impacts
the carbon cycle more strongly than the water cycle.

Keywords: Eddy covariance. Grasslands. Transpiration. Evaporation. Underlying
water use efficiency.



RESUMO

ROCHA, Adolpho Emanuel Quintela da, D.Sc., Universidade Federal de Vigosa,
fevereiro de 2022. Particionamento da evapotranspiracao e fluxo de carbono em
uma pradaria de grama alta: efeitos da variabilidade da chuva e pastejo.
Orientador: Eduardo Alvarez Santos.

A particao da evapotranspiracéo e fluxo de carbono é fundamental para entender as
respostas dos ecossistemas a variabilidade da precipitacdo e praticas de manejo.
Neste estudo, foram avaliados os efeitos da variabilidade da chuva e do pastejo sobre
0s componentes do fluxo de carbono e 4gua em pradarias. Além disso, um modelo de
footprint foi utilizado para avaliar a representatividade espacial das medidas de
covariancia de vértices turbulentos (EC) e o efeito da heterogeneidade da superficie
sobre o fechamento do balanco de energia (EBC). A pesquisa foi conduzida em duas
pradarias de grama alta localizadas no Kansas, EUA. Os efeitos da variabilidade da
precipitagao sobre os fluxos foram avaliados durantes as estagcdes de crescimento de
2017, 2018 e 2019. Os impactos do pastejo sobre os fluxos foram avaliados durante
as estacoes de crescimento de 2003, 2004 e 2005. Fluxos de carbono e agua foram
medidos utilizada a técnica EC. O particionamento da troca liquida de CO:2 do
ecossistema (NEE) entre produtividade primaria bruta (GPP) e respiragdo do
ecossistema (Reco) foi realizada usando a relagdo entre os dados noturnos de
temperatura do ar e NEE. A particdo da ET entre evaporacao (E) e transpiracao (7)
foi obtida usando o conceito de eficiéncia no uso da agua subjacente (UWUE). Para
avaliar a abordagem uWUE, foram comparadas as estimativas diarias de E obtidas
através de uWUE com observacoes de E fornecidas por microlisimetros (ML). EBC foi
menor durante a noite e condi¢gdes atmosféricas estaveis, mas nao foi afetado pela
heterogeneidade da superficie. As correlacdes entre a velocidade vertical do vento e
0os escalares indicou que processos de baixa frequéncia afetaram o EBC. A
contribuicdo de T para ET (T/ET) foi menor durante a estacédo de crescimento seca
(0.50) e maior durante estacdes de crescimento iumidas (0.63 e 0.65). A relacao entre
a abordagem uWUE e E obtida por ML mostrou um coeficiente de correlacdo de
Pearson (r) de 0.42 e raiz do erro quadratico médio (RMSE) de 0.58 mm d'. A
temperatura do ar foi a principal variavel ambiental governando a dindmica de T/ET

durante as estacbes de crescimento Umidas, enquanto a umidade do solo na



subsuperficie (0.45 m) foi a principal variavel ambiental governando T/ET durante a
estacdo de crescimento seca. O pastejo ndo afetou o GPP, mas aumentou Reco
(9.4%) e reduziu NEE (11.9%). T/ET foi reduzida pelo pastejo (7.0%), enquanto a ET
aumentou em 3.3% devido ao acréscimo de E (26.6%). Os resultados deste estudo
demonstram que a variabilidade da precipitagcdo n&o apenas tem um impacto direto
nos componentes de ET, mas também modula as respostas destes componentes aos
outros impulsionadores ambientais. Por sua vez, o regime de pastejo adotado nesta
pradaria impacta mais fortemente o ciclo do carbono do que o ciclo da agua.

Palavras-chave: Covaridncia de vortices turbulentos. Pastagens naturais.
Transpiragdo. Evaporacao. Eficiéncia no uso da agua subjacente.
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1 GENERAL INTRODUCTION

Grasslands play an important role in the water and carbon cycles (Rajan et al.,
2015; Song et al., 2018). In the U.S. Great Plains region, carbon and water vapor fluxes
in tallgrass prairie are affected by high rainfall variability, cattle grazing and prescribed
burning (Fischer et al., 2012; Owensby et al., 2006). Quantifying water vapor and
carbon fluxes can provide insights into how tallgrass prairie will respond to increased
rainfall variability helping to improve fire and grazing management.

The U.S. Great Plains climate is characterized by extremely variable weather
conditions. According to Rosenberg (1986), this high variability of weather conditions
is a consequence of the distance from the main water bodies and the alternation of air
masses with different characteristics in the region. As a result, the region experiences
high interannual precipitation variability with occurrence of drought and flood years
(Dong et al., 2011; Hoerling et al., 2012). For instance, the year 2006 was
characterized by an extreme drought, associated with the movement of dry air from
Canada northward into the central United States, which prevented the transport of
moist air from the Gulf of Mexico (Dong et al., 2011). On the other hand, 2007 was
marked by an extreme flood, linked to rising motion that favored the development of
thunderstorms (Dong et al., 2011). Furthermore, droughts have been recurrent in
recent years, with the 2012 drought being the most severe in the last 117 years
(Gerken et al., 2018; Hoerling et al., 2012).

The rainfall variability in the U.S. Great Plains can affect the functioning and
structure of the tallgrass prairies, impacting the carbon dioxide (CO2) uptake,
evapotranspiration (ET), aboveground biomass productivity and plant species richness
(Fischer et al., 2012; Fay et al., 2003; Jones et al., 2016). The tallgrass prairie growing
season occurs between April and September (Fig. 1.1), when about 72% of the total
annual rainfall occurs. The dormant season between October and March is
characterized by low air temperatures and snow events (Brunsell et al., 2014). Since
that about 98% of the CO2 assimilation by vegetation occurs during the growing season
(Petrie et al., 2016), the distribution of precipitation in this period has a strong influence
on carbon sequestration in this ecosystem.
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Figure 1.1 — Monthly precipitation (P), minimum (Tmin), maximum (7Tmax) and average
air temperature (Tave) from 1981 — 2010 climate normals in the U. S. Great Plains,

Manhattan, Kansas, U.S. (Adapted from www.noaa.gov/).

In addition to precipitation variability, prescribed burning and grazing also impact
structure and functioning of tallgrass prairies. Prescribed burning is a common
management practice adopted in tallgrass prairies, aiming to reduce woody plant
encroachment and improve forage quality (Brunsell et al., 2017; Veach et al., 2014;
Towne and Craine, 2014). Burned tallgrass prairie have shown greater CO:2
assimilation, green leaf area index (LA/), green aboveground biomass and increase in
the grass cover (Fischer et al., 2012; Bremer and Han, 2010; Gibson and Hulbert,
1987). On the other hand, fire exclusion leads to an increase in forbs and woody plant
species (Gibson and Hulbert, 1987). In addition, litter accumulation and standing dead
on unburned tallgrass prairies decreases available energy and increase shading,
affecting the emergence of new shoots and photosynthetic rates and reducing
grassland productivity (Knapp, 1984; Knapp and Seastedt, 1986; Fischer et al, 2012).

Grazing, often combined with prescribed burning, is a common management
practice used in tallgrass prairies (Briggs et al., 2016). The preference of animals for
recently burned patch has been demonstrated in previous studies and linked to forage
quality (Allred et al., 2011; Vermeire et al., 2014; Coppedge and Shaw, 1998). The
reduction in grass cover by grazing contributes to the maintenance of grassland
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heterogeneity, increasing species richness and diversity (Elson and Hartnett, 2017;
Collins and Calabrese, 2012). These alterations promoted by fire and grazing,
combined with rainfall variability, can lead to changes in carbon and water cycles in
tallgrass prairies (O’ Keefe and Nippert, 2016; Fischer et al., 2012).

Eddy covariance (EC) technique has been widely used for continuously
monitoring of carbon and water vapor fluxes in several ecosystems (Baldocchi et al.,
2020; Runkle et al., 2017). However, one of main limitation of EC is that it only
providing net ecosystem CO2 exchange (NEE) and total evapotranspiration (ET)
(Palatella et al., 2014). Partitioning NEE into gross primary productivity (GPP) and
ecosystem respiration (Reco) and ET into evaporation (E) and transpiration (7) is key
to understand how biotic and abiotic processes affect carbon and water cycles (Unger
et al., 2009, Scott et al., 2021) and how grasslands will be impacted by climate change
(Han et al., 2018).

The separation of NEE into its primary components is commonly based on the
relationship between nighttime NEE and air temperature data (Wutzler et al., 2018;
Reichstein et al., 2005). On the other hand, ET partitioning obtained from EC data
remains challenging and had led to the development of various approaches (Kool et
al., 2014). ET partitioning approaches based on the relationship between GPP and ET
have grown in recent years (Zhou et al., 2016; Berkelhammer et al., 2016; Scott and
Biederman, 2017; Skaggs et al., 2018). The approach developed by Zhou et al. (2016),
based on the concept of underlying water use efficiency (UWUE), has been widely used
in recent studies due to its simplicity and because it allows separating E and T at
different time scales (Zhou et al., 2016).

1.1 Outline and objectives

Ecosystem scale ET and NEE patrtitioning studies are still scarce. In this study,
we used data obtained from eddy covariance flux towers to investigate how the rainfall
variability and cattle grazing affect ET, NEE and their components in tallgrass prairies.
In addition, due to the different management practices around the measuring tower, a
footprint model was used to assess the spatial representativeness of EC measurement
and the influence of surface heterogeneity on energy balance closure (EBC).

This thesis is divided into three studies. In the first one, we used a footprint
model to investigate the spatial representativeness of eddy covariance measurements
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and the reasons that lead to the lack of the energy balance closure in a tallgrass prairie.
In the second manuscript, the response of T/ET to environmental variables was
evaluated in a tallgrass prairie under contrasting rainfall regimes. In the third
manuscript, we used ET and NEE flux partitioning approaches to evaluate the effect

of cattle grazing on tallgrass prairie CO2 and H20 exchanges.
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2 ENERGY BALANCE CLOSURE AND SPATIAL REPRESENTATIVENESS OF
EDDY COVARIANCE MEASUREMENTS IN TALLGRASS PRAIRIE

Abstract

Eddy covariance (EC) approach is a micrometeorological technique widely used to
study the exchanges of energy, water and carbon between ecosystems and the
atmosphere. However, the lack of the energy balance closure (EBC) remains
unsolved. In this study, we used a flux footprint model to assess the spatial
representativeness of eddy covariance measurements and to investigate whether the
heterogeneity of the surface affects EBC in a tallgrass prairie. In addition, we evaluated
the EBC as a function of atmospheric conditions, turbulence and phase differences
between vertical wind velocity and scalars. The research was conducted at the
National Ecological Observatory Network (NEON) KONZ site in Kansas, U.S, during
three growing seasons (2017 — 2019). EBC was evaluated using three approaches:
bulk method or energy balance ratio (EBR), regression slope and residual (Res). The
footprint analysis revealed that 84.9% of the flux originated from the watershed of
interest, but the contribution from other watersheds did not affect the EBC. The
regression slopes and EBR indicated a lack of EBC of 31% and 23%, respectively, and
the inclusion of soil heat storage (Sg) enhanced the slopes (5.1%) more than EBR
(1.2%). Stable atmospheric conditions reduced the EBC, while neutral and unstable
conditions increased. On the other hand, Res was higher during unstable conditions.
The correlation between vertical wind velocity and scalars indicated that low-frequency
processes affect the EBC at KONZ site.

Keywords: Energy balance; Footprint model; Soil heat storage; Heterogeneity

2.1 Introduction

Eddy covariance (EC) approach is a micrometeorological technique widely used
to study the exchanges of energy, water and carbon between ecosystems and the
atmosphere. The use of the EC technique has improved the understanding of
ecosystem responses to climate change (Baldocchi, 2020), management practices
and the rational use of water in croplands (Gong et al., 2017; Guo et al., 2020).
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However, although the EC approach is a well-established and to provide standard
measurements to validate evapotranspiration (ET) estimates from remote sensing and
models (Li et al., 2018; Li et al., 2016), some problems remain unsolved, such as lack
of the energy balance closure (EBC) (Mauder et al., 2020).

The non-closure of the energy balance occurs when there is a discrepancy
between the sum of latent (LE) and sensible heat fluxes (H) obtained by the EC
technique and the available surface energy, represented by the difference between the
net radiation (Rn) and soil heat flux (G) and measured using independent sensors
(Foken, 2008). Previous research carried out in different ecosystems have usually
reported that (Rn-G) exceeds (LE+H) (Stoy et al., 2013; Xu et al., 2017; Zhou and Li,
2019; Eshonkulov et al., 2019).

The reasons for the lack of EBC include the occurrence of large eddies,
atmospheric conditions, neglect of storage terms, surface heterogeneity, among others
(Leuning et al., 2012; Kim et al., 2014; McGloin et al., 2018; Eshonkulov et al., 2019;
Campos et al., 2019). Large eddies affect EBC by increasing the phase differences
between the vertical wind velocity and scalars, which results in EC flux underestimation
(Gao et al., 2017). Poor EBC values have also been associated with low turbulence,
observed during neutral atmospheric stability conditions, low friction velocity (u*) and
turbulent kinetic energy (TKE) (McGiloin et al., 2018, Zhou and Li, 2019; Campos et al.,
2019). The inclusion of storage terms in flux calculations has improved EBC between
3% and 10% (Wang and Zhang, 2011; Kutikoff et al, 2019; Meyers and Hollinger,
2004). However, in short canopies, the soil heat storage (Sy) has been generally the
only storage term used in EBC calculations, since other storage components are small
(Liu et al., 2017; Xin et al., 2018). Nevertheless, Sg estimates, as well as Rn and G
measurements, have a much smaller spatial representativeness compared to EC and
may contribute to the lack of EBC, especially in heterogeneous sites (Shao et al.,
2014).

The reduction of EBC in heterogeneous ecosystems has been associated with
the differences between the footprint of Rn measurements and turbulent fluxes derived
from EC (Kim et al., 2014; Zhou and Li, 2019). While 100% of the cumulative footprint
of the net radiometer is reached a few meters from the tower (Marcola and Cescatti,
2018), the EC flux source area extends for several meters and varies according to the
sensor height, wind direction and speed and atmospheric stability conditions (Chen et
al., 2009). Previous studies have reported spatial variation of Rn in heterogeneous
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ecosystems (Shao et al., 2014; Anthoni et al., 2000). However, the use of multiples net
radiometer sensors to capture the heterogeneity of the underlying surface contributing
to the EC fluxes is cost prohibitive. Thus, the use of footprint models in sites
surrounded by different surfaces or management practices is an alternative to
investigate the effect of landscape heterogeneity on EBC and the spatial
representativeness of EC measurements (Masseroni et al., 2014; Zhao et al., 2014;
Chu et al., 2021).

In this study, we used a flux footprint model to assess the spatial
representativeness of EC measurements and to investigate whether the heterogeneity
of the surface, resulting from the grazing and prescribed burning around the
measurement site, affects the EBC in a tallgrass prairie. In addition, we evaluated the
EBC as a function of atmospheric conditions, turbulence and phase differences

between vertical velocity and scalars.

2.2 Material and methods

2.2.1 Site description

The study was conducted during the 2017-2019 growing seasons (May to
October) at the National Ecological Observatory Network (NEON) KONZ site (Fig. 2.1)
within the Konza Prairie Biological Station (KPBS). The KPBS is a C4-dominated native
tallgrass prairie, situated in Kansas, U.S. (39°05’55”N, 96°34°02”W, elevation 415 m
a.s.l.). The region has a mid-continental climate with an average air temperature of
13°C and average annual precipitation of 806.9 mm (1982-2017), with 73%
concentrated between April and September during the growing season (O’Connor et
al., 2020).

The KPBS is divided into 55 watersheds managed with different treatments of
fire frequency combined with grazed and ungrazed regimes (Briggs et al., 2016). The
KONZ site is located on K2A, an ungrazed watershed that experiences prescribed
burning every 2 years. Table 2.1 shows the watersheds surrounding the measurement
tower on K2A (66.1 ha).
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Figure 2.1 —Tallgrass prairie at the KONZ site (NEON, 2020).

Table 2.1. Watersheds and management practices on the Konza Prairie Biological
Station (Blair and O’neal, 2021).

Fire Prescribed burning
Watershed Grazing Frequency (Date)
regime (years) 2017 2018 2019
K1B Ungrazed 1 04/11 03/21 03/22
K2A Ungrazed 2 - 03/21 -
K20A Ungrazed 20 03/16 - -
C3SA Grazed 3 - 03/18

C3SB Grazed 3 03/10 - -
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2.2.2 Eddy covariance and complementary measurements

Fluxes of CO2 and energy were measured using the EC technique. The EC
system at the KONZ site is installed at a height of 7.9 m and consists of a 3D sonic
anemometer (CSAT3, Campbell Scientific, Inc., Logan, UT, USA) to measure the sonic
temperature and wind velocity orthogonal components fluctuations, combined with an
enclosed-path CO2/H20 infrared gas analyzer (LI-7200, LI-COR, USA) to measure
carbon dioxide and water vapor mixing ratios. All EC sensors were scanned at 20 Hz.
Latent (LE) and sensible heat fluxes (H) were calculated at 30 min intervals using the
EddyPro software (Version 6.2.1, LI-COR). Data processing included the following
steps: high-frequency data spike removal (Vickers and Mahrt, 1997), double
coordination rotation (Kaimal and Finnigan, 1994), block average detrending, time lag
compensation using covariance maximization (Fan et al., 1990) and spectral
corrections for high (Moncrieff et al., 1997) and low frequency losses (Moncrieff et al.,
2004). Post-processing included the removal of low-quality fluxes based on the steady
state test (Mauden and Foken, 2004).

2.2.2 Flux footprint analysis

The contribution of each watershed surrounding the KONZ site to the measured
EC fluxes was evaluated using a two-dimensional flux footprint parameterization (Kljun
et al., 2015). The input micrometeorological variables used in footprint model included:
measurement height (zm), zero-plane displacement (d), friction velocity (u*), Monin-
Obukhov length (L), standard deviation of lateral velocity fluctuations (cv), wind
direction (wd), mean wind velocity at measurement height (&) and planetary boundary
layer height (h). All other input micrometeorological variables were calculated using
the EddyPro software (Version 6.2.1, LI-COR). To quantify the contribution of each
watershed to the 30-min EC fluxes, polygons representing each watershed were
overlaid with the estimated 30-min flux footprints (Neftel et al., 2008; Prajapati and
Santos, 2018).
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2.2.3 Complementary measurements

Net radiation (Rn) was measured by a four-component net radiometer (NRO1,
Hukseflux, Netherlands) installed at 8.4 m above the ground. Soil temperature was
measured by three probes thermocouples (RTD100, Thermometrics, USA) at depths
of 0.01 and 0.05 m. Volumetric soil water content (6) was measured at depth of 0.05
m using five capacitance probes (EnviroSCAN TriSCAN, Sentek Technologies,
Australia). Soil heat flux (G) was measured using three heat flux plates (HFP01SC,
Hukseflux) at a depth of 0.08 m. The soil heat storage (Sg) above the heat plates was
estimated as follows (Oliphant et al., 2004; Moderow et al., 2009):

ATson (1 )
A
At

Sy = Cs

where: Cs is the volumetric heat capacity of the soil (J m= K'), AT is the change in
soil temperature (K) above the heat flux plate, Atis the time averaging interval (1800
s) and Az is the height above the soil heat flux plate (0.08 m). Cs depends on soil

moisture and was determined as follows (Oliphant et al., 2004; Moderow et al., 2009):

Cs = ppCq + 6py,Cy, (2)

where py is the soil bulk density (682.6 kg m-3), 0 is the volumetric soil moisture (m3 m-
3), pw is the density of water (1000 kg m-3), Cw is the heat capacity of water (4190 J kg-
1 K1) and Cyis the heat capacity of dry soil, adopted equal to 840 J kg™' K' (Hanks
and Ashcroft, 1980). Half-hourly meteorological and soil variables were obtained from
the NEON portal (NEON, 2020).

2.2.4 Energy balance closure

The surface energy balance can be written by the following equation (Cui and
Chui, 2019):

Rn—G-S=LE+H (3)
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where Rn is the net radiation, G is the soil heat flux, H is the sensible heat flux, LE is
the latent heat flux, and S represents the storage term related to photosynthesis, air,
biomass and soil (Eshonkulov et al., 2019). In this study, except for Sy, which was
estimated when Tsoi and 6 data were available, the other S components were not
considered (Cui and Chui, 2019). EBC was evaluated considering three approaches:
in the first one, the bulk method or energy balance ratio (EBR), EBC is calculated using
the ratio between the cumulative values of turbulent fluxes (LE+H) and available
energy (Rn-G) over the growing season. In this approach, EBC is reached when EBR
is one (Stoy et al., 2013):

Y(LE + H) (4)
(Rn —G—-35)

EBR =

In the second approach, EBC was derived using a linear regression analysis
between available energy (Rn-G) and turbulent fluxes (LE+H). In this approach, the
EBC is achieved when the slope is one and the intercept is zero. In the third approach,
EBC was evaluated by the residual (Res) of the energy balance equation, with the EBC
occurring when Res is zero (Nelli et al., 2020):

Res = Rn-G-LE-H-S (5)

The evaluation of EBC, based on the previous three approaches, was
performed as a function of atmospheric conditions, turbulence and during daytime
(morning and afternoon) and nighttime when the four main half-hourly components
(Rn, G, LE and H) were available. Incoming solar radiation above to 20 W m= was
adopted to define the daytime period. Due to the lower availability of Tsos and 6 data
compared to the other energy balance components, Sy was used only to evaluate its
influence on EBC.

The atmospheric conditions were characterized by the stability parameter,
which can be expressed as (Franssen et al., 2010):
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where Zz is the measurement height (m), d is the zero-plane displacement (m),
calculated as 0.67hc, in which h¢ is the canopy height, and L is the Monin-Obukhov
length (m). We adopted the following classification for atmospheric conditions:
unstable (£ £-0.1), neutral (-0.1 < £ < 0.1) and stable ({ =2 0.1) (Franssen et al., 2010).
The effect of turbulence on EBC was evaluated using the friction velocity (u*) and
turbulent kinetic energy (TKE), calculated as follows (Zhou and Li, 2019):

w = (@w? + vw2)"* 7
TKE = 0.5(u'2 + v'2 + w'?) (8)

where u', v' and w' are fluctuations of horizontal, lateral and vertical wind velocities (m

s™), respectively.

2.2.5 Correlation coefficients for water vapor and temperature

The influence of large eddies on phase differences between vertical velocity and
scalars on EBC was evaluated by the correlation coefficients for vertical wind velocity

and water vapor (Rwq) and sonic temperature (Rw:) (Kaimal and Finningan, 1994):

. W )
Y1 o0,

w'T’ (10)
Ry =

OwOT

where w'(m s™), q'(mmol mol™) and T’ (K) are the turbulent components of vertical
wind velocity, water vapor mixing ratio and sonic temperature; o,,, o, and o are the
standard deviations of vertical wind velocity (m s'), water vapor mixing ratio (mmol
mol') and sonic temperature (K). Ruq and Ru: calculations were restricted to unstable
atmospheric conditions and above u* thresholds, since the atmospheric stability
conditions and u* affect the correlation coefficients and EBC (McGiloin et al., 2008).
The ReddyProc tool was used for estimating the u*thresholds in each growing season
(Wutzler et al., 2018), which were 0.21, 0.24 and 0.24 m s™' for the 2017, 2018 and
2019 growing seasons, respectively. The relationships between the Rwq and Rw:and
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EBR were evaluated by separating the correlation coefficients in ten percentiles
(McGiloin et al., 2008).

2.3 Results and discussion

2.3.1 Wind direction (WD), horizontal wind speed (WS) and flux footprint

During the three growing seasons, most of the WD values were observed
between SW and SE sectors, which concentrated 49.2% (2017), 48.8% (2018) and
58.0% (2019) of the records (Fig. 2.2). In contrast, winds were less frequent between
W and N, with 7.4 (2017), 7.5 (2018) and 11.2% (2019) of the values.

The highest WS values were observed in the sectors where winds were more
frequent (Fig. 2.2). Most of the WS values were between 4.0 and 8.0 m s™! (average of
44.2 %), but 84.2 (2017), 84.0% (2018) and 82.0% (2019) occurred from 0.0 to 8.0 m
s (Fig. 2.2). The highest WS was observed during 2017 (19.3 m s™'), while the

maximum WS values in 2017 and 2019 were 15.0 and 15.2 m s, respectively.
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Figure 2.2 - Distribution of wind direction and wind speed for the 2017, 2018 and 2019

growing seasons.

The aggregated flux footprints at the site for the 2017, 2018 and 2019 growing
seasons is shown in the Fig. 2.3. The aggregated flux footprint was similar during the

three growing seasons, with 90% of the contributions to the measured fluxes
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originating from 800 m from the flux tower in the prevailing south WD and
approximately 350 and 500 m in W and E directions, respectively.

The average contribution of K2A to the measured fluxes was 84.9%, followed
by C3SA (11.8%) and K20A (2.3%), while the contribution from other watersheds was
below 1% (Table 2.2). According to the criteria established by Chu et al. (2021), the
EC measurements at KONZ has a high representativeness, since more than 80% of
the measured flux originating from the K2A watershed. However, the contribution from
the different watersheds to the measured fluxes was dependent on WD and
atmospheric stability conditions (Fig. 2.4).
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Figure 2.3 - Footprint climatology estimated for the 2017, 2018 and 2019 growing
seasons and overlaid on the watershed map (C3SA, C3SB, K1B, K2A and K20A). The
contour lines are the cumulative footprint every 10%. The red asterisk represents the

measurement tower.
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Table 2.2 - Relative contribution from watersheds to the measured eddy covariance
fluxes during the 2017, 2018 and 2019 growing seasons.

Year of growing season

Watershed 2017 2018 2019 Average
2017 - 2019
Contribution to the measured flux (%)
K1B 0.3 0.0 0.3 0.2
K2A 85.6 83.6 85.5 84.9
K20A 2.6 1.7 2.6 2.3
C3SA 10.7 13.7 10.9 11.8
C3SB 0.8 0.8 0.7 0.8
Others 0.0 0.2 0.0 0.0

'Calculations were based on the source area contributing to 80% of the measured flux.

Under unstable and neutral atmospheric stability conditions, the contributions
from K2A were 82.5% and 89.9%, respectively (Fig. 2.4a-f). On the other hand, under
stable conditions, the contribution from K2A was reduced to 72.8%, while that from
C3SA increased to 19.2% (Fig. 2.4g-i). The contribution from K1B was lower than 0.1%
under unstable and neutral conditions, but increased to 1.2% under stable conditions
(Fig. 2.4g-i).

The higher contribution from K2A under neutral and unstable conditions is
associated to the higher restriction of the flux source area during these conditions (Nelli
et al., 2020). Under unstable conditions, the higher restriction of the flux source is
favored by intensification of the convection and turbulent diffusion (Arriga et al., 2017).
Conversely, the decrease in contribution from K2A in stable conditions occur because
the flux source area becomes less restricted (Griebel et al., 2017), increasing the
contribution from watersheds located further away from the measurement point. The
flux source from the south decreased more under unstable than in neutral conditions,

which explains the higher contribution from K2A under neutral conditions.
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Figure 2.4 - Relationship between the wind direction and the watersheds flux
contribution during unstable, neutral and stable atmospheric conditions for the 2017
(a, d and g), 2018 (b, e and h) and 2019 (c, f and i) growing seasons.

2.3.2 Energy balance closure

The EBR ranged from 0.69 (2018) to 0.82 (2017), resulting in Res averages of
48.50 and 26.89 W m2, respectively (Fig. 2.5). The slopes were lower than EBR, but
followed the same pattern among the years, ranging from 0.64 (2018) to 0.73 (2017).
The intercepts values were all positives, being lower in 2018 (9.25 W m?) and higher
in 2019 (15.02 W m). The coefficients of determination (R2) were highest in the years
with higher EBR and slopes, ranging from 0.84 (2018) to 0.91 (2017 and 2019).
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Figure 2.5 - Relationship between the available energy (Rn-G) and turbulent fluxes
(LE+H) and energy balance ratio (EBR) for the 2017, 2018 and 2019 growing seasons.

The EBR values found in our study are within the range found for 62 grasslands
(0.86 £ 0.20) at FLUXNET sites (Stoy et al., 2013). The differences between EBR and
slopes found in our study ranged from 5.0% (2018) and 9.0% (2017 and 2019).
Sanchez et al. (2010) found that EBR overcame the slopes between 9.0% and 12.0%
in a boreal forest in Finland. Highest differences with EBR overcoming the slopes from
5.0 to 25.0% were reported for several ecosystems at ChinaFlux sites (Li et al., 2005).
The highest EBC reached using EBR instead the slopes occur because large
differences between (Rn-G) and (LE+H) and the contribution of storage terms are
smoothed by accumulating fluxes throughout the day (Blanken et al., 1998).

The reduction in the contribution of storage terms and large fluctuations when
using EBR was evidenced by separating the fluxes in the morning, afternoon and
nighttime (Table 2.3). The largest slope values and EBR were observed in daytime,
while nighttime was characterized by poor EBC, likely due to the weak turbulence
mixing (Soltani et al., 2018). However, while similar slope values were observed in the
morning and afternoon, the EBR in the afternoon increased from 14.0% (2017) to

19.0% (2018) compared to those in the morning.
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Table 2.3 - Linear regression parameters, energy balance ratio (EBR), average
residual of the energy balance closure (Res) and number of observations (N) during

the nighttime, morning and afternoon for the 2017, 2018 and 2019 growing seasons.

Year of growing season

Time Parameters 2017 2018 2019

Slope 0.53 0.39 0.36

Intercept (W m2) 7.94 -0.41 0.12

R? 0.25 0.23 0.24

Nighttime EBR 0.38 0.40 0.36
Residual (W m2) -33.26 -26.85 -32.44

N 2009 1907 1734

Slope 0.75 0.63 0.71
Intercept (W m2) -20.83 -22.46 -20.42

R? 0.85 0.71 0.88

Morning EBR 0.68 0.55 0.64
Residual (W m2) 92.05 129.90 109.04

N 1070 1119 1001

Slope 0.75 0.64 0.71

Intercept (W m) 20.42 28.41 32.07

R? 0.82 0.73 0.84

Afternoon EBR 0.82 0.74 0.81
Residual (W m2) 59.32 81.13 60.99

N 1577 1613 1418

Highest EBR in the afternoon has been reported in several studies and related

to storage terms, which are higher during the morning (Wilson et al., 2002; Xu et al.,
2017; Soltani et al., 2018; Kutikoff et al., 2019). On the other hand, the heat stored in
soil, biomass and air in the morning can be lost throughout the afternoon, decreasing
the discrepancy between (Rn-G) and (LE-H) (Leuning et al., 2012; Grachev et al.,
2020). Furthermore, the hysteresis between Rn and the others energy balance
components, especially in the morning, has been related to the lack of surface energy
balance (Liu et al., 2017).
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The inclusion of Sq enhanced the slopes from 4.6% (2017) to 5.4% (2018) and
EBR between 1.0% (2017) and 1.3% (2018), while the Res was reduced between 6.0
(2018) and 7.4% (2017 and 2019) (Table 2.4). The lower increase in EBR even after
the inclusion of Sy also suggests that the contribution of storage terms is reduced by
accumulating fluxes throughout the day. The contributions of Sgfound in our study are
consistent with those reported for other grassland ecosystems. For instance, Zuo et al.
(2011) evaluated the EBC in a semi-arid grassland in the Loess Plateau, China, and
observed that Sy improved the slopes between 6.0% and 7.0%. For a subalpine
meadow grassland in Northwest China, Wang and Zang (2011) found that Sy was the
main storage component, being equivalent to 1.6% of the available energy. In a study
conducted on the Mongolian Plateau in a desert steppe grassland, the contribution of
Sg ranged between 1.8 and 2.7% of the available energy (Shao et al., 2017).

Table 2.4 - Changes (%) in the slopes, energy balance ratio (EBR) and average
residual of the energy balance closure (Res) by accounting for soil heat storage (Sq)
for the 2017, 2018 and 2019 growing seasons.

Year of growing season

Parameters 2017 2018 2019
Change after adding of Sq
Slope 4.6 5.4 5.2
EBR 1.0 1.3 1.2
Residual -7.4 -6.0 -7.4

The values of EBR considering only 30-min data in which 100% of the measured
fluxes originated from the K2A were similar to those considering all data, 0.80 (2017),
0.68 (2018) and 0.77 (2019). The slopes were slightly improved during 2017 (0.74) and
2018 (0.65), but not changed in 2019. These results show that the surface
heterogeneity resulting from the different management practices has a low influence
on EBC at KONZ site, since most of the fluxes originate from the K2A watershed.
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2.3.3 Effect turbulence, atmospheric conditions (£) and correlation coefficients (Rwq
and Rwt) on EBC

The daily courses of the average (, u*and TKE for the three growing seasons
are shown in Fig. 2.6. The daytime period was characterized by unstable conditions,
while stable conditions were more frequent in nighttime (Fig. 2.6a). Times close to
sunrise and sunset were characterized by neutral conditions, although these conditions
were also frequent throughout the daytime. The u*and TKE increased since sunrise,
as the atmosphere become unstable, reaching their peak around noon, and decreased
in the afternoon and nighttime, as the atmosphere became more stable (Fig. 2.6b and
2.6¢).
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Figure 2.6 - Average daily courses of a) stability parameter (¢), b) friction velocity (u”®)

and c) turbulent kinetic energy (TKE) for the 2017, 2018 and 2019 growing seasons.

Most fluxes measurements were conducted in neutral atmospheric stability
conditions during the 2017 (51.4%), 2018 (56.5%) and 2019 (60.8%) growing seasons
(Table 2.5). Unstable atmospheric conditions were more frequent in 2017 (29.4%) and
2018 (24.4%) and less frequent in 2019 (20.4%). Fluxes measurements under stable
conditions were less frequent in all growing seasons, occurring in 19.2% (2017), 19.1%
(2018) and 18.8% (2019) of the measured intervals.
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Table 2.5 - Linear regression parameters, energy balance ratio (EBR), average
residual of the energy balance closure (Res) and number of observations (N) during
the unstable, neutral and stable atmospheric stability conditions for the 2017, 2018 and
2019 growing seasons.

Year of growing season

Atmospheric Parameters 2017 2018 2019
conditions

Slope 0.77 0.64 0.72

Intercept (W m) 3.87 7.00 8.98

R? 0.78 0.64 0.78

Unstable EBR 0.78 0.65 0.74
Residual (W m) 84.67 134.69 110.29

N 1366 1133 848

Slope 0.71 0.65 0.71

Intercept 11.15 6.38 11.19

R? 0.90 0.84 0.90

Neutral EBR 0.82 0.70 0.79
Residual (W m) 17.37 38.55 29.76

N 2393 2622 2526

Slope 0.40 0.29 0.47

Intercept (W m) 6.14 -1.33 13.19

R? 0.28 0.13 0.47

Stable EBR 0.27 0.32 0.19
Residual (W m) -35.69 -32.23 -37.64

N 895 884 779

The slopes and EBR were improved during unstable and neutral atmospheric
conditions, while poor slopes and EBR were observed under stable conditions (Table
2.5). The available energy explained between 64% and 90% of the variability of
turbulent fluxes under neutral and unstable conditions, while in stable conditions the
(Rn-G) explained between 13% of 47% of (LE+H) (Table 2.5). The slopes were higher
in unstable conditions (ranging from 0.64 to 0.77), while the higher EBR values were
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observed in neutral conditions (ranging from 0.70 to 0.82) (Table 2.5). It is important
to note that despite the lower slopes and EBR under stable conditions, the higher
absolute Res were observed in unstable conditions, related to the greater magnitude
of Rn (Table 2.5). Therefore, despite the increase in EBR and slopes during unstable
conditions, the higher absolute Res indicate that the lack of EBC has a higher impact
during daytime, affecting, for example, evapotranspiration studies (Franssen et al.,
2010).

The EBR was improved as ( decreased, while positive values of C resulted in
EBR values generally less than one (Fig. 2.7). Interestingly, a large fluctuation in EBR,
with values ranging from about minus five to plus five, was observed in the transition
between neutral and stable conditions, especially at sunrise and sunset, when the
magnitudes of the fluxes are small. Similar fluctuations in EBR under neutral and stable
atmospheric conditions were also reported by Eshonkulov et al. (2019) and Cui and
Chui (2019).

Large fluctuations in EBR were observed under low values of u*and TKE (Fig.
2.7). EBR became closer to one as TKE increased, while a scattered relationship
between high values of u* and EBR was still observed, indicating that u* should be
used with caution to filter EC fluxes. According to Acevedo et al. (2009), u* can be
influenced by mesoscale flux, and depending on the time scale considered, non-
turbulent periods may have high u* values and vice versa. Furthermore, while u*
indicates only the mechanical/shear production, TKE includes the effects of
mechanical/shear production, buoyant production/destruction, turbulent transport and
dissipation (Zhou and Li, 2019). For this reason, TKE and other parameters such as
vertical velocity fluctuations (ow), have been proposed instead of u*to filter EC fluxes
(Acevedo et al., 2009; del Castillo et al., 2018; Zhou and Li, 2019).

The increase of EBR as a function of TKE and under neutral and unstable
atmospheric conditions has been reported in previous studies (Campos et al. 2019;
Eshonkulov et al. 2019; Zhou and Li, 2019). The poor EBR and slopes observed under
low TKE are associated with low turbulence intensity, which results in an
underestimation of turbulent fluxes, especially in nighttime (Sanchez et al., 2010).
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Figure 2.7 - Relationship between stability parameter (), friction velocity (u*) and
turbulent kinetic energy (TKE) and EBR for the 2017, 2018 and 2019 growing seasons.

Smaller values of Rwg and Rw:are associated with low-frequency processes (i.e.,
large eddies), which in turn cause phase differences between w and T and w and q,
decreasing the magnitude of turbulent fluxes and increasing the lack of surface energy
balance (Gao et al., 2017; von Randow et al., 2006). In this study, the EBR was clearly
improved with increasing of Rwg and Rw: (Fig. 2.8). The average of EBR increased from
0.49 to 0.88 as a function of Rwg, but @ maximum EBR of 0.90 was reached in 2017
and 2019 (Fig. 2.8a). Considering Rw:, average EBR increased from 0.54 to 0.88
reaching a peak of 0.91 in 2017 (Fig. 2.8b). The increase of EBR as a function of Ruq
and Ruw: was observed in several studies, although EBR has not been influenced by
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these correlation coefficients in some ecosystems (McGloin et al., 2018; Zhou and Li;

Campos et al., 2019).
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Figure 2.8 - Relationship between the correlation coefficients for (a) vertical wind
velocity and water vapor vertical (Rwg) and (b) wind velocity and sonic temperature
(Rwt) and energy balance ratio (EBR) for 2017, 2018 and 2019 growing seasons.

2.4 Conclusions

The contribution from the different watersheds to the measured fluxes was
dependent on wind direction and atmospheric stability conditions. Stable atmospheric
conditions resulted in lower flux source area from the area of interest. However,
although the flux tower is surrounded by watersheds under different management
practices, most of the fluxes originated from a single watershed (K2A), so the EBC was
not affected by surface heterogeneity. The slopes of linear regression and EBR
indicated a lack of EBC of 31% and 23%, respectively. The inclusion of Syin the EBC
calculations enhanced EBR and regression slopes by 1.2% and 5.1%, respectively.
Stable atmospheric conditions resulted in poor EBC, but unstable conditions revealed
higher energy residual. EBR improved with the increase of TKE, while the increase in
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u* did not result in an improvement in EBR. The relationship between the correlation
coefficients (Rwg and Rw:) and EBR indicated that low-frequency processes affect the
EBC at KONZ site.

Our findings reveal that the use of EBR in the EBC studies decreases the
effects of neglecting storage components. Further studies are still needed to
investigate the influence of other storage terms on EBC in tallgrass prairie. In addition,
the use of TKE for EC data filtering could be useful in future studies.
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3 PARTITIONING EVAPOTRANSPIRATION IN A TALLGRASS PRAIRIE USING
MICROMETEOROLOGICAL AND WATER USE EFFICIENCY APPROACHES
UNDER CONTRASNTING RAINFALL REGIMES

Abstract

Partitioning evapotranspiration (ET) into evaporation (E) and plant transpiration (7) is
key to understanding ecosystem responses to rainfall variability resulting from climate
change. The goal of this study was to quantify T and E using eddy covariance (EC)
flux measurements in a tallgrass prairie in consecutive growing seasons with
contrasting rainfall regimes. The field measurements were conducted at the National
Ecological Observatory Network (NEON) KONZ site, in Kansas, U.S., during the
growing seasons of 2017, 2018 and 2019. The ET partitioning was performed using
an approach based on the concept of the underlying water use efficiency (UWUE). To
evaluate the uWUE approach, we compared daily E estimates obtained from the
uWUE with E observations provided by microlysimeters (ML). Green chromatic
coordinate (GCC) was used to monitor the vegetation dynamics. In the 2017 growing
season, the total rainfall was 23.1% below the site’s long-term average cumulative
precipitation. On the other hand, in 2018 and 2019 the accumulated growing season
precipitations were 7.2% and 40.2%, respectively, above the long-term precipitation
average. The relationship between uWUE approach and ML E measurements showed
a Pearson correlation coefficient (r) of 0.42 and a root mean square error (RMSE) of
0.58 mm d'. The lowest T/ET average value (0.50) was observed in the 2017 growing
season, while the largest T/ET average (0.65) was observed in 2018. The correlations
GCC and T/ET were reduced during the growing seasons that experienced drought
periods. Air temperature was the main environmental driver of T/ET during the wet
growing seasons (r = 0.49 and 0.72). The subsurface soil moisture (0.45 m) was the
main environmental driver of T/ET during a dry growing season (r = 0.41). These
results demonstrate that the precipitation variability not only has a direct impact on the
ET components but also modulates the response of those components to other
environmental drivers. Since ET partitioning studies at the ecosystem scale are still
scarce, our results can improve T/ET and water use efficiency estimates in long-term

modelling studies. This will help to better understand how ET in ecosystems will
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respond to global warming and increased CO2 concentration during wet and dry

growing seasons.

Keywords: Evapotranspiration partitioning; Rainfall variability; Underlying water use

efficiency; Eddy covariance; Grasslands

3.1 Introduction

The grasslands in the U.S. Great Plains are subject to highly variable
precipitation (Jones et al., 2016; O’Connor et al., 2020). Recent studies report an
increase in the frequency of large rainfall events (> 25.4 mm) for the period of 1979-
2009 over the Central U.S. (Groisman et al., 2012) and forecast an increase in
frequency and intensity of extreme precipitation events due to climate change
(Kirchmeier-Young and Zhang, 2020). Since rainfall variability has been identified as
the main environmental driver of water and carbon fluxes in grasslands (Chen et al.,
2019; Zhang et al., 2019), predicted changes in the rainfall regime will likely lead to
significant changes in grassland structure and function, especially during dry years
(Felton et al., 2020).

Evapotranspiration (ET) is a key variable linking the carbon, water and energy
cycles in ecosystems (Fisher et al., 2017), as well as a leading indicator of ecosystem
responses to rainfall variability and flash droughts (Rajan et al., 2015; Yue et al., 2019;
Anderson et al., 2013). However, the magnitude of ET primary components, abiotic
evaporation (E) and leaf transpiration (7), has distinct responses to biophysical
variables (Berg and Sheffield, 2019). For instance, E is inversely proportional to
canopy cover, which reduces surface wind speed and attenuates the incoming solar
radiation reaching the soil surface (Song et al., 2018). Conversely, the contribution of
T to ET (T/ET) tends to increase with canopy cover and is also governed by plant
phenology (Wang et al., 2014; Rigden et al., 2018; Scott et al., 2021). Furthermore,
the responses of the ET components to rainfall are dependent on the frequency and
magnitude of rain events. For example, small and frequent rain events that increase
soil surface moisture favors E losses, while large rainfall events usually increase T/ET
(Sun et al., 2020; Zou et al., 2015; Cavanaugh et al., 2011).

In the long term, climate change is expected to affect the contributions of E and
T to the total ET differently (Niu et al., 2019). Model simulations performed by Zhang
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et al. (2016) indicate that the global ET trended upwards in the period from 1981 to
2012. The researchers also reported a positive trend in T and a negative trend in E,
which they attribute to an increase of vegetation leaf area index (LA/) credited to the
effect of COz fertilization in their simulations. In addition, CMIP5 model simulations for
the 2071 to 2100 period predict an increase in T/ET in middle and high latitudes due
to the increase in air temperature, and reduction in T/ET in humid tropical regions due
to plant responses to higher CO2 atmospheric levels (Berg and Sheffield, 2019).
Despite the importance, long-term global scale ET predictions still contain major
uncertainties (Lian et al., 2018). Field-scale ET partitioning studies are needed to
improve global scale ET modeling and to provide insights into the effect of climate
change on global water and carbon cycles.

Ecosystem-level ET partitioning remains challenging given the limitations
inherent to the various methods (Kool et al., 2014). For example, the sap flow method
has been commonly used to measure T at the plant level (Nelson et al., 2020), but this
method is impractical in ecosystems with large plant diversity and herbaceous plants
(Williams et al., 2004). Microlysimeters (ML) have been used as a standard approach
to validate E estimates from other methods or models (Moran et al., 2009; Florentin
and Agam, 2017). This method has the advantage of directly measuring changes in
soil mass due to evaporation, but ML measurements represent a small area (< 1 m?)
and are labor-intensive, limiting their use in ecosystem studies. Partitioning ET using
micrometeorological measurements has the advantage of allowing continuous flux
monitoring at scales relevant for ecosystem studies.

Micrometeorological approaches based on the coupling between carbon and
water fluxes have been used as an alternative for partitioning ET (Sun et al., 2019;
Stoy et al., 2019). These methods are often based on the water use efficiency (WUE
= GPP/ET), often determined as the ratio of gross primary productivity (GPP) to ET.
Scott and Biederman (2017) proposed a statistical approach to partition monthly ET
using multi-year CO2 and water fluxes derived from eddy covariance (EC)
measurements. Likewise, Skaggs et al. (2018) developed the Fluxpart model to
partition ET and carbon fluxes simultaneously using high-frequency EC data. However,
the Fluxpart model requires a priori knowledge of WUE at the leaf scale, which is
challenging to obtain in ecosystems with mixed Cs and Cas vegetation such as
grasslands.
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Zhou et al. (2016) developed an ET partitioning approach using EC data based
on the concept of underlying WUE (uWUE). The uWUE concept emerged as a
modification of the inherent WUE approach, which considers the non-linear effect of
vapor pressure deficit (VPD) on ET for the daily WUE calculation (Beer et al., 2009).
Although the correlation between GPP and ET is improved by introducing VPD in daily
WUE calculations, Zhou et al. (2014) still observed a time lag between ET and GPP,
especially at sub-daily time scales. To correct this time lag, Zhou et al. (2014)
developed the uWUE model (UWUE = GPP-VPD%5/ET), in which VPD is corrected by
an exponent. From the concept of UWUE, Zhou et al. (2016) distinguished an apparent
uWUE (UWUE,) and a potential uUWUE (uWUEy), which differ by the presence and
absence of E, respectively. Hence, T/ET can be estimated by the uWUE/ uWUE ratio.
This relatively simple approach has the advantage of allowing the ET partitioning at
different temporal scales (half-hourly to annual) and has shown satisfactory results
when compared to microlysimeters, stable isotopes and sap flow (Zhou et al., 2018;
Bai et al., 2019; Nelson et al., 2020; Xu et al., 2021).

In this study, we use a unique flux dataset in three consecutive growing seasons
with distinct precipitation totals and distributions to investigate the response of T/ET to
environmental drivers in a tallgrass prairie. We hypothesize that grassland T/ET
responses to environmental drivers will vary during wet and dry years. To test this
hypothesis, EC fluxes and the uWUE approach were used for partitioning ET into E
and T. The performance of the uWUE approach was evaluated by comparing its E
estimates with the ones provided by ML.

3.2 Material and methods

3.2.1 Site description

The field measurements were conducted at the National Ecological Observatory
Network (NEON) KONZ site (Loescher et al.,, 2014) located at the Konza Prairie
Biological Station (KPBS) during the growing seasons (May to October) of years 2017,
2018 and 2019. The KPBS is a 3,487-ha native tallgrass prairie located in the Flint Hills
region in Kansas, U.S. (39°05’55”N, 96°34°02”"W, elevation 415 m a.s.l.). The region
is characterized by a mid-continental climate (O’Connor et al., 2020), with mean annual

air temperature of 13°C and monthly average air temperature ranging from -3°C in
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January to 27°C in July. The mean annual rainfall is 845 mm, with about 73% of total
annual precipitation occurring between April and September during the growing
season (Towne and Craine, 2014). The predominant vegetation across the KPBS
consists of warm-season Cs4 grasses such as Andropogon gerardii, Sorghastrum
nutans and Schizachyrium scoparium. However, forbs represent more than 75% of the
species richness (Towne, 2002). The soil at the KONZ site is classified as fine,
smectitic, mesic Pachic Udertic Argiustolls, consisting of 39.0% clay and 4.4% sand
and a bulk density of 1.0 g cm™ at the 0 to 66 cm depth (NEON, 2020).

The KPBS is divided into 55 plots or watersheds that include different fire and
grazing regimes (Briggs et al., 2016) (Fig. 3.1). Table 3.1 shows the management
practices in the watersheds surrounding the measurement tower on K2A (66.1 ha).

Figure 3.1 - Aerial image showing the watersheds C3SA, C3SB, K1B, K2A and K20A,
surrounding the measurement tower at the KONZ site. The red asterisk represents the

measurement tower.
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Table 3.1 - Watersheds and management practices on the Konza Prairie Biological
Station (Blair and O’neal, 2021).

Fire Prescribed burning
Watershed Grazing Frequency (Date)

regime (years) 2017 2018 2019
K1B Ungrazed 1 04/11 03/21 03/22

K2A Ungrazed 2 - 03/21 -

K20A Ungrazed 20 03/16 - -
C3SA Grazed 3 - 03/18

C3SB Grazed 3 03/10 - -

3.2.2 Flux measurements

Fluxes of CO2 and energy were measured using the EC technique. The EC
system was mounted on a tower at 7.9 m above the ground. Wind velocity orthogonal
components and sonic temperature fluctuations were measured using a 3D sonic
anemometer (CSAT3, Campbell Scientific, Inc., Logan, UT, USA). An enclosed-path
CO2/H20 infrared gas analyzer (LI-7200, LI-COR, USA) was used to measure carbon
dioxide and water vapor mixing ratios. All EC system variables were acquired at a rate
of 20 Hz. Half-hourly net ecosystem CO:2 exchange (NEE), latent (LE) and sensible
heat fluxes (H) were calculated using the EddyPro software (Version 6.2.1, LI-COR).
The data processing steps included high-frequency data spike removal (Vickers and
Mahrt, 1997), double coordination rotation (Kaimal and Finnigan, 1994), block average
detrending, time lag compensation using covariance maximization (Fan et al., 1990)
and spectral corrections for high (Moncrieff et al., 1997) and low (Moncrieff et al., 2004)
frequency losses.

The flux data were screened using quality flags based on the steady state test
proposed by Mauder and Foken (2004) with flag values of 0, 1, and 2 corresponding
to high, moderate, and low-quality data, respectively. In this study, flux data associated
with flag values equal to 2 were discarded. In addition, friction velocity (u*) thresholds
were calculated for each growing season to identity and remove carbon flux measured
under low turbulence conditions (Papale et al., 2006). The values of u*thresholds were
0.21 ms™ for 2017 and 0.24 m s™! for 2018 and 2019. The quality of the EC data was
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also assessed by the energy budget closure (EBC), determined using a linear
regression analysis between available energy and turbulent energy fluxes (LE + H).
The slopes of the EBC linear regression ranged between 0.64 (2018) and 0.73 (2017)
(Fig. 3.2).
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Figure 3.2 - Relationship between the available energy (Rn-G) and turbulent fluxes
(LE+H) for the 2017, 2018 and 2019 growing seasons.

The flux gap filling and NEE partitioning into gross primary productivity (GPP)
and ecosystem respiration (Reco) Were performed using the ReddyProc tool, developed
by the Max Planck Institute for Biogeochemistry (Wutzler et al., 2018). Nighttime NEE
and air temperature measurements were used to parameterize an exponential
regression model and extrapolate the Reco values to daytime air temperature
(Reichstein et al., 2005), so that GPP was calculated by subtracting Reco from NEE.

3.2.3 Flux footprint calculations

At the KONZ site, surrounding watersheds under different fire and grazing
management practices likely contribute to the observed fluxes. Fire frequency and
grazing can lead to differences in Cs and C4 plant composition in the tallgrass prairie
(Collins and Calabrese, 2012), and consequently on ecosystem uWUE. To investigate
the influence of each watershed surrounding the tower on the measured fluxes, a two-
dimensional flux footprint parameterization (Kljun et al., 2015) was used to compute
the contribution of different watersheds to the measured EC fluxes. Then, the relative
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contribution of each watershed to the 30-min EC fluxes was estimated by overlaying
half-hourly flux footprints with polygons representing each watershed (Neftel et al.,
2008; Prajapati and Santos, 2018).

3.2.4 Complementary measurements

Complementary measurements included: incoming solar radiation (Rg) and net
radiation (Rn), which were measured by a four-component net radiometer (NRO1,
Hukseflux, Netherlands) at 8.4 m above the ground; air temperature (Tai) and relative
humidity (RH), measured by a thermo-hygrometer (HMP155, Vaisala, Finland) at 7.9
m above the ground; soil heat flux (G), obtained by three heat flux plates (HFP01SC,
Hukseflux) at a depth of 0.08 m; volumetric soil water content (0), determined by five
capacitance probes (EnviroSCAN TriSCAN, Sentek Technologies, Australia) with
sensors at depths of 0.15 (615) and 0.45 m (045). Soil instruments were distributed on
the K2A watershed considering the dominant soil type and spatial variation of soil
temperature and moisture (Loescher et al., 2014). Half-hourly meteorological variables
were obtained from the NEON portal (NEON, 2020). Detailed information on the
instrumentation at NEON sites is given by Metzger et al. (2019). Daily precipitation (P)
data were obtained from the Ashland Bottoms station of the Kansas Mesonet
(Patrignani et al., 2020).

3.2.5 Evapotranspiration partitioning
ET was partitioned using the approach developed by Zhou et al. (2016) which

is based on the uWUE concept. Based on this approach, the potential uWUE (UWUE)
and the apparent uWUE (UWUE.,) were calculated as follows (Zhou et al. (2016):

GPP VPD%5 (1)
UWUE, = ————
WUE. = GPP VPD%5 (2)
W8 ==pp

where VPD is the vapor pressure deficit, ET is the evapotranspiration and T is the
transpiration. In an ecosystem with uniform vegetation, uUWUE, is identical to the uUWUE
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at the leaf scale and assumed to be almost constant under steady state conditions
(Zhou et al., 2016). On the other hand, uWUE represents the uWUE affected by E.
Thus, when E is negligible, T approximates ET (T/ET = 1), and uWUE; is equal to
uWUEy,. Under field conditions, values of T/ET are close to unity when the ecosystem
vegetation has a high LA/ and the soil water content in the upper soil layer is low (Zhou
et al., 2016; Zhou et al., 2018). Based on the uWUE, and uWUE, concepts, T/ET and
T at the ecosystem level were determined as follows (Zhou et al., 2016):

T _uWUE, (3)
ET  uWUE,

uWUE, (4)
T = ET

(uWUEp>

Following Zhou et al. (2016), the long-term average uWUE, was estimated by
the 95" quantile regression between half-hourly ET and GPP-VPDY5 data collected
during this study. In addition, individual uWUE, values were estimated for each growing
season to test the assumption that uWUE, is relatively constant over the years.

Values of uWUE; at different timescales (daily, monthly and seasonal) were
determined by the linear regression analysis slope between ET and GPP-VPD?5, To
ensure that GPP is equal to zero when the stomata are closed, all regression analysis
were performed forcing the regression line through origin.

In this study, values of uWUE,; and uWUE, were determined under daytime
conditions (incoming solar radiation >20 W m2). To identify the main environmental
elements that drive T/ET, a partial correlation analysis was used to remove the
interactions between variables. The significance of the partial correlation coefficients
was verified by a Student’s t-test at a significance level of 5% (Li et al., 2016).

3.2.6 Soil evaporation measurements

To evaluate the uWUE method, daily E was measured using ML during the 2018
growing season. The ML were built from polyvinyl chloride (PVC) pipe with an internal
diameter of 10.2 cm and cut at 20 cm in length. The bottom edge of the ML was beveled
to facilitate insertion into the soil profile. A total of 21 ML were inserted in advance
between grassland plants to the south of the tower (prevailing wind direction) with the
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aid of a rubber mallet. To minimize the impact of minor soil disturbances generated
during the installation process of the ML in our E measurements, the ML were left
inserted in the soil for about two weeks that included couple rainfall events. Rainfall
events help restoring the soil surface conditions that may have been disturbed as a
consequence of vibrations during the installation process. Rainfall also helps sealing
small gaps between the wall of the ML and the surrounding soil. Three measurement
campaigns were carried out on days without rainfall during August, September, and
October of 2018. At the beginning of each sampling campaign, a total of seven ML
were carefully excavated using a shovel to minimize disturbances to the soil column
inside the ML. The ML bottoms were sealed with a plastic film to eliminate drainage
losses and to retain the soil column inside the ML for daily weighting. Seven ML were
monitored during each campaign for a period no longer than five days per campaign
to maintain soil moisture conditions within the ML similar to its surroundings (Evett et
al., 1995). The August 2018 campaign was shortened due the occurrence of rainfall
during the seven-day sampling period. The ML were weighed daily using a digital scale
with resolution of +1 g (V11P6, Ohau, USA), which translates to an E resolution of 0.13
mm d'. Soil evaporation (E, mm d') was calculated as follows (Wang and Wang,
2017):

where AW (g) is the change in mass of the ML between two measurements, p is the
density of water (1.0 g cm™3), and D is the diameter of the ML (cm). The relationship
between E measured by ML and derived from the uWUE approach was evaluated
using the root mean square error (RMSE) and Pearson’s correlation coefficient (7).

3.2.7 Vegetation dynamics

The vegetation dynamics was monitored using the green chromatic coordinate
(GCC) obtained from the Phenocam Dataset 2.0 (Seyednasrollah et al., 2019). The
vegetation images were acquired every 15 min using a digital camera (CAM-SEC5IR,
StarDot, USA) and converted to a three-layer RGB array, corresponding to red (R),
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green (G) and blue (B) channels. During the image processing, a digital number (DN)
associated to each color channel was extracted from a region of interest (ROI), that
excludes portions of road and sky (Richardson, 2019). The GCC values for each image

was determined from the following equation (Richardson et al., 2007):

Gpn (6)

GCC =
Rpy + Gpy + Bpy

where Rpn, Gpon and Bpw are the average red, green and blue DN extracted from ROL.
To minimize noise due to the effects of clouds, aerosols and fog in scene illumination,
only 90t percentile values of GCC were used to calculate a 3-day moving average in
this study, with the daily GCC value attributed to the center of the 3-day moving window
(Sonnentag et al., 2012).

3.3 Results

3.3.1 Weather conditions

Over the growing seasons evaluated, the highest average T.ir was observed in
2018 (22.1°C), followed by 2017 (21.7 °C) and 2019 (20.8 °C) (Fig. 3.3a-c). The mean
VPD values were higher in 2017 (10.7 hPa) and 2018 (10.2 hPa) compared to the
average VPD (8.4 hPa) for 2019 (Fig. 3.3a-c).

The long-term (1994-2013) average accumulated precipitation at KPBS during
the growing season (May to October) is 612 mm (Nippert, 2020). In 2017, the total
rainfall (470.4 mm) was 23.1% below the long-term average precipitation and four dry
periods with length ranging from 11 to 21 days were recorded (Fig. 3.3d). The dry
conditions during the 2017 growing season maintained 615 and 645 close to 0.10 and
0.20 m3 m3 (Fig. 3.3d), respectively, despite the occurrence of two rainfall events
above 50 mm d' at end of June (Day of year 180) and early August (Day of year 217).
During 2018, the accumulated growing season precipitation (656.3 mm) was 7.2%
above the long-term average rainfall and the 2018 longest dry period (11 days)
occurred at the end of growing season (Fig. 3.3e). The 2018 growing season was
marked by smaller rainfall events from May to mid-August, resulting in 615 and 645 close
to 0.10 m3® m3 during this period (Fig. 3.3e). From mid-August 2018 (Day of year 231),
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large rainfall events higher than 70 mm raised 015 and 045 to about 0.40 m3 m=3. In
contrast, the accumulated growing season precipitation in 2019 (858.3 mm) was 40.2%
above the long-term average and the frequent large rainfall events (>25.4 mm) resulted
in 015 and 045 above or close to 0.40 m3 m throughout the entire growing season (Fig.
3.3f).
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Figure 3.3 - Daily averages of a, b and c) air temperature (Tar) and vapor pressure
deficit (VPD); d, e and f) precipitation (P) and volumetric soil water content at 0.15
(615) and 0.45 m (045) depths during the 2017, 2018 and 2019 growing seasons.

3.3.2 Flux footprint and potential (UWUEp) and apparent (UWUE3) underlying water
use efficiencies

The footprint climatology or aggregated flux footprint, estimated for the three
growing seasons, was overlaid on the watershed map (Fig. 3.4). Most of the measured
30-min fluxes (82.7%) originated from the K2A watershed, followed by the C3SA
(12.5%), K20A (2.8%) and C3SB (1.1%) and K1B (0.5%), with a total contribution of
99.6% to the EC fluxes (Table 3.2).
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Figure 3.4 - Footprint climatology estimated for the three growing seasons (2017-
2019) and overlaid on the watershed map (C3SA, C3SB, K1B, K2A and K20A). The
contour lines are the cumulative footprint every 10%. The red asterisk represents the

measurement tower.
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Table 3.2 - Relative contribution from watersheds to the measured EC fluxes during
the 2017, 2018 and 2019 growing seasons.

Contribution to the measured fluxes

Watershed (%)
2017 2018 2019 2017-2019
Average
K1B 0.6 0.4 0.6 0.5
K2A 83.4 82.7 82.1 82.7
K20A 3.0 2.4 3.0 2.8
C3SA 11.4 13.4 12.7 12.5
C3SB 1.1 0.9 1.3 1.1
Others plots 0.5 0.2 0.3 0.4

'Calculations were based on the source area contributing to 80% of the measured flux.

The overall uWUE, throughout all growing seasons was 14.31 g C hPa®%®% kg
H20"". Considering individual growing seasons, the largest uWUE, was observed in
2018 (16.30 g C hPa%> kg H20") followed by 2019 (13.81 g C hPa®%> kg H20"), and
the lowest uWUE, was recorded in 2017 (11.36 g C hPa®® kg H20"). The mean uWUE;
showed a similar pattern as uWUE, with yearly values of 7.10 (2017), 9.33 (2018) and
8.86 g C hPa%5 kg H2O' (2019). To investigate the effect of the surround watersheds
to the estimated uWUE, the mean uWUE, and yearly uWUE, were estimated using
only 30-min data in which 100% of the measured fluxes originated from the K2A
watershed. The mean uWUE, was 14.57 g C hPa%° kg H20' and uWUE_; values were
7.56, 9.55 and 9.37 g C hPa%% kg H2O"! for 2017, 2018 and 2019, respectively. The
uUWUE estimates using only K2A data were similar to the ones obtained using the full
EC flux dataset, indicating that differences in source area had minor impact on uWUE,
and uWUE.. Therefore, in this study the ET partitioning was performed using the entire
flux dataset.

The seasonal dynamics of uWUE, was distinct among the growing seasons
evaluated (Fig. 3.5). In 2018, uWUE, decreased from the beginning of the growing
season until the month of August. On the other hand, in 2017 and 2019 an opposite
trend was observed with an increase of monthly uWUE, values from May to July. The
uWUE; for the month of August was similar for all years. The end of growing season
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(September and October) uWUE, values were higher for 2018 in comparison to 2017

and 2019 values.
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Figure 3.5 - Monthly apparent underlying water use efficiency (UuWUE,) for the 2017,
2018 and 2019 growing seasons.

3.3.3 Comparison between uWUE and microlysimeter soil evaporation estimates

The comparison of daily E values derived from the uWUE method and
measured by ML is shown in Fig. 3.6. The overall average E (+ standard deviation)
estimated by uWUE was 0.73 + 0.18 mm d!, while measured E using ML resulted in
1.21 £ 0.36 mm d'. The relationship between uWUE and ML estimates showed a
Pearson correlation coefficient of 0.42 and RMSE of 0.58 mm d-'. In general, the uWUE

method underestimated E rate compared to ML estimates.
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Figure 3.6 - Daily values of soil evaporation derived from the underlying water use
efficiency method (UWUE) and measured by microlysimeters during the 2018 growing

season. Error bars represent the standard deviation of microlysimeters.
3.3.4 Seasonal variations of carbon and water fluxes and T/ET

The seasonal variation of carbon and water vapor fluxes was driven by the
vegetation phenology and soil moisture conditions. At the beginning of the 2017
growing season, T and GPP varied widely and reached values close to zero (Fig. 3.7a
and 3.7d). Due to the low rainfall amounts during the 2017 early growing season, the
grassland alternated from being a carbon source (NEE > 0) and a carbon sink (NEE <
0). At the end of June 2017, days after two large consecutives rainfall events totaling
62.7 mm, T, GPP and Rec peaked at 3.28 mm d', -10.61gCm2?d'and7.38gC m-
2d", respectively.

In 2018, T, GPP and Reco Were very low during the early growing season, but
increased rapidly by the end of May (Fig. 3.7b and 3.7¢), reaching the maximum values
of 440 mm d', -13.80 g C m2d' and 9.02 g C m?2 d, respectively. The ecosystem
was a carbon sink until the end of June. After that, T, GPP and Reco decreased, and
the ecosystem alternated from being a carbon sink and a carbon source due to the dry
conditions. In mid-August, the ecosystem became a carbon sink after large rainfall
events.
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In contrast to 2017 and 2018 growing seasons, water and carbon fluxes were
closely coupled with the vegetation phenology in 2019. T, GPP and Reco increased
from May to mid-July, showing maximum values of 4.74 mm d', -17.01 and 13.18 g C
m2 d', respectively (Fig. 3.7c and 3.7f), and decreased from mid-July until the end of
the growing season. During 2019, the grassland was mostly a carbon sink from early

May until the first half of September.
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Figure 3.7 - a-c) Daily evapotranspiration (ET) and transpiration (7); and d-f) gross
primary productivity (GPP), ecosystem respiration (Reco) and net ecosystem exchange
(NEE) over the 2017, 2018 and 2019 growing seasons.

The cumulative water vapor and carbon fluxes increased as a function of total
rainfall during growing seasons (Table 3.3). The grassland acted as a carbon sink
during the three years evaluated, despite the 2017 growing season drought. The
lowest and highest cumulative GPP, Reco, NEE, ET and T occurred during 2017 and
2019, respectively, while the lowest E was recorded during 2018.
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Table 3.3 - Cumulative rainfall (P), gross primary productivity (GPP), ecosystem
respiration (Reco), net ecosystem exchange (NEE), evapotranspiration (ET),
transpiration (T) and evaporation (E) over the 2017, 2018 and 2019 growing seasons
(May — October).

Year of Growing Season

Variables 2017 2018 2019
P (mm) 470.4 656.3 858.3
GPP (g C m?) -669.42 -931.07 -1309.04
Reco (g C M) 577.68 827.14 1096.12
NEE (g C m?) -91.74 -103.92 -212.92
ET (mm) 333.82 361.26 532.92
T (mm) 168.68 237.72 326.34
E (mm) 165.14 123.54 206.57
T/ET 0.50 0.65 0.62

The seasonal variation of T/ET followed the GCC dynamics, increasing from
early to mid-growing seasons and decreasing at the end of growing seasons, despite
oscillations due to rainfall variability (Fig. 3.8a-c). In the 2017 growing season, the GCC
showed the lower values (Fig. 3.8a), ranging from 0.33 to 0.39, which resulted in the
lowest T/ET average (0.50) among the years evaluated (Fig. 3.8a and Table 3.3). The
highest T/ET average (0.65) among the years evaluated occurred in 2018 (Fig. 3.8b),
which exhibited GCC values (Fig. 3.8b) between 0.33 and 0.44. The GCC values
during 2019 (Fig. 3.8c) were similar to the ones observed in 2018, ranging from 0.32
to 0.44, however, the 2019 T/ET average (0.62) was slightly lower than that observed
in 2018. The T/ET peaks were recorded in May 2017 (0.95), July 2018 (0.97) and July
2019 (0.95), while the GCC peaks were observed in May for the three growing seasons
(Figure 3.8a-c).
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Figure 3.8 - a-c) Time series of daily transpiration/evapotranspiration fraction (7/ET)
and green chromatic coordinate (GCC); and d-f) linear relationship between 3-day
GCC and T/ET during the 2017, 2018 and 2019 growing seasons.

The linear regressions analysis between 3-day moving averages of GCC and
T/ET indicated that GCC explained between 34.0% (2017) and 58.0% (2019) of the
T/ET variability (Fig. 3.8d-f). The partial correlation coefficients between T/ET and
several environmental variables are shown in Fig. 3.9. In general, T/ET showed higher
positive correlations with T, Correlation coefficients between T/ET and T were all
statistically significant (P < 0.01) and equal to 0.35 (2017), 0.49 (2018) and 0.72 (2019).
T/ET was negatively correlated with 615 during the 2017 (-0.32) and 2018 (-0.20)
growing seasons, and positively correlated with 045, with statistically significant
(P<0.01) correlation coefficients of 0.41 (2017) and 0.25 (2018). On the other hand,

there were no significant correlations between T/ET and 615 and 645 during the 2019
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growing season. Rn and VPD did not show significant correlation with T/ET during the

growing seasons evaluated.
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Figure 3.9 - Partial correlation coefficients between transpiration/evapotranspiration
fraction (T/ET) and volumetric soil water content at 0.15 (615) and 0.45 m (0 45) depths,
net radiation (Rn), air temperature (Tair) and vapor pressure deficit (VPD) during the
2017, 2018 and 2019 growing seasons. **Significant; and " not significant by the
Student’s t-test (P < 0.01).

3.4 Discussion

3.4.1 Annual uWUE, and uWUE; variation

The long-term average uWUE, value and inter-annual uWUE, variations found
in our study were within the range of values reported for other grassland ecosystems
(Han et al., 2018; Hu et al., 2018; Zhou et al., 2016). Han et al. (2018) observed a 10-
year uWUE, of 14.70 g C hPa%% kg H20"", with an inter-annual maximum difference of
10.1% in relation to mean uWUE; for a grassland in Inner Mongolia, China. Hu et al.
(2018) evaluated uWUE, during three years in a grassland in Northern China. They
found an average uWUE;, equal to 12.34 g C hPa%% kg H20" and an inter-annual
maximum difference with respect to the mean of 13.5%. Zhou et al. (2016) estimated
uWUE, for five grassland types using flux datasets ranging from two and six years in
different regions of USA. They observed that the long-term average uWUE, ranged
between 11.57 and 14.28 g C hPa®% kg H2O! with an inter-annual maximum difference
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close to 20.0%. In our study, the relative differences between the annual uWUE;, and
the three-year uWUE, ranged between 3.5% (2019) and 20.6% (2017), indicating that
except for 2017, which was a dry year, uWUE, was relatively constant. In addition, the
long-term average uWUE, estimated excluding the 2017 data (15.10 g C hPa®%®% kg
H20"") was slightly higher than that estimated using the entire dataset (14.31 C hPa®?3
kg H20"), showing that the 2017 data had a small influence on long-term average
uWUE,.

Previous studies in grasslands showed that uWUE; increases during wetter
years (Han et al.,, 2018) and decreases under severe drought (Hu et al., 2018).
However, a direct relationship between uWUE,; and drought is not observed for all
grassland ecosystems. For instance, Yang et al. (2016) showed that in arid
ecosystems where WUE is controlled by E, WUE generally increases under drought
conditions. Conversely, in semiarid/sub-humid ecosystems, WUE increases as
function of water availability due to its greater sensitivity of GPP. In our study, the
accumulated GPP during the 2018 and 2019 growing seasons were respectively
39.1% and 95.5% higher than the accumulated GPP observed in 2017. On the other
hand, the accumulated ET values during 2018 and 2019 were 8.2% and 59.6% higher
than the one recorded in 2017, respectively. These results show that WUE at the KONZ
site is mainly controlled by GPP.

However, despite GPP in 2019 being the largest among the years evaluated,
uWUE, was higher in 2018. Two peculiarities of the 2018 growing season should be
considered when interpreting these results: the uneven rainfall distribution and spring
prescribed burn (03/21/2018). In 2018, lower rainfall values were observed from May
to mid-August and larger precipitation was recorded after the second half of August
(Fig. 3.3e). This distribution of rainfall resulted in a slight increase in GCC (Fig. 3.8b),
T (Fig. 3.7b), GPP (Fig. 3.7e) and uWUE; (Fig. 3.5) close to the end of growing season.
Conversely, GCC, T, GPP and uWUE, had already declined in 2017 and 2019 at that
point of the growing season. These results show that not only the rainfall amount but
also the timing of the rainfall is important to explain inter-annual variability of uWUEa
in grasslands.

In addition, previous research conducted at KPBS (Bremer and Ham, 2010;
Knapp, 1985; Johnson and Matchett, 2001) and other grasslands (Feldman et al.,
2004; Fischer et al., 2012; Wagle et al., 2019) showed that fire increases the green
LAI, green biomass accumulation and photosynthesis rates. These changes are more
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apparent at the beginning of the growing season. In this study, uWUE,, GPP, and GCC
at the beginning of 2018 (Fig. 3.5, 2.7e, and 2.8b, prescribed burning year) were higher
than the ones observed in 2019 (Fig. 3.5, 3.7f and 3.8c), even though the soil water
content was much higher in 2019 (Fig. 3.3f) than in the spring of 2018 (Fig. 3.3e). This
occurs due to the reduction in shading and the greater solar radiation reaching the soil
surface, favoring a fast emergence of new shoots (Knapp and Seastedt, 1986).
Moreover, prescribed fires result in an increase in the C4 grasses abundance (Collins
and Calabrese, 2012), which in turn have higher photosynthetic rates and WUE
(Nippert et al., 2007).

3.4.2 Comparison between uWUE and microlysimeter soil evaporation estimates

Previous comparisons between E estimates obtained using the uWUE approach
and ML conducted in Northwest China showed that both methods are capable of
capturing E seasonal variability in croplands (Zhou et al., 2018; Bai et al., 2019; Tong
et al., 2019). However, better agreement between these two methods was observed
at the peak of the growing season, while large differences at the beginning and end of
the growing season were observed (Zhou et al., 2018; Bai et al., 2019; Tong et al.,
2019). According to Hirschi et al. (2017), there are large differences between daily ET
estimated using ML and EC measurements, yet these methods tend to show greater
agreement at the annual scale. The RMSE of 0.58 mm d-! for the relationship between
E using ML and uWUE found in our study is similar to that reported by Nelson et al.
(2020), who estimated T using the uWUE approach for several forest ecosystems and
obtained RMSE ranging from 0.28 to 0.67 mm d' for the relationship between uWUE
estimates and sap flow measurements.

Our results show that the E values measured by ML were usually higher than
the uWUE approach E estimates (Fig. 3.6). One explanation for these discrepancies
was the fact that we did not consider the plant basal area in our ML E estimates. The
adjustment for the basal area would reduce the ML daily E values since the effective
area undergoing evaporation would be lower than the cross-section area of the ML.
However, we estimated the plant basal to be approximately 1% because the plant
stems measure around 0.5 to 1 mm in diameter at the site. Furthermore, the ML have

a small diameter (10.2 cm) and were installed between plants, minimizing the number
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of steams inside the ML. Therefore, using plant basal area to scale ML E estimates
would not lead to a significant change in our results.

Another explanation for the discrepancies between the two methods is the
spatial variability of E in this ecosystem. Differences between E estimates from the two
methods are expected due to discrepancies in spatial scales of ML and the EC
approach (Kool et al., 2014). Furthermore, variations in the flux footprint size and
location over the day may also contribute to differences between E estimated by the
two methods (Evett et al., 2012; Moorhead et al., 2017). The spatial variability of E in
complex ecosystem such as the KPBS is difficult to capture using ML. Nevertheless,
we believe to be important to report the discrepancies between the two methods since
validation studies of ET partitioning methods are scarce.

The E values estimated from the uWUE approach can also be influenced by the
uncertainty in GPP estimates (Wohlfahrt and Galvano, 2017). Previous study
conducted with stable isotopes measurements showed that daytime Reco and GPP
extrapolated from nighttime measurements are overestimated by 10% and 13%,
respectively (Oikawa et al., 2017). These overestimations occur because daytime Reco
is lower than nighttime Reco at the same temperature, since light inhibits the foliar
mitochondrial respiration (Kok effect) (Heskel et al., 2013). Values of uWUE, and
uWUE, are both proportional to GPP (Egs. 1 and 2) so they are both affected by biases
in GPP. Therefore, T/ET (Eq. 3) is not expected to be very sensitive to biases in GPP.

3.4.3 Effect of the rainfall and fire on fluxes and T/ET

Despite the dry conditions in 2017 and part of the 2018 growing season, the
tallgrass prairie was still a carbon sink during these years (Table 3.3). According to Fay
et al. (2000), the reduction in aboveground net primary productivity at KPBS is not
associated with a reduction in rainfall amounts, but with the increase in the interval
between rainfall events. In addition, during dry years the ecosystem functioning can be
affected by the increase in rainfall variability and the occurrence of large rainfall events,
reducing the rain use efficiency (RUE), while during wetter years these impacts are
reduced (Felton et al., 2020).

The RUE, expressed as the ratio of monthly accumulated GPP and rainfall, was
2.31 g Cm2mm™in2017. On the other hand, the average RUE values were 1.87 and
2.26 g C m2 mm' for the 2018 and 2019 growing seasons, respectively. The small
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rainfall events recorded during 2017 in comparison to the 2018 and 2019 growing
seasons may have contributed to the larger RUE for that year and to net COz2 uptake
by the ecosystem (Table 3.3). Conversely, the occurrence of large rainfall events from
mid-August 2018 and throughout 2019 likely increased water losses to deep soil layers
(Knapp et al., 2008) reducing RUE.

Our T/ET values (ranging from 0.50 to 0.65) are within the range of values (0.57
+0.19) reported by Schlesinger and Jasechko (2014) for various temperate grasslands
worldwide. The highest T/ET observed during 2018 is related to the higher uWUE,
resulting likely from the rainfall distribution and prescribed burning (Section 3.4.1). The
removal of vegetation biomass and litter can increase E, especially at the beginning of
the growing season (Fig. 3.8b). However, prescribed burning also reduces the rainfall
interception by litter and biomass, which may enable greater soil water storage. At
KPBS, it was demonstrated that the average rainfall interception by canopy is 19.0%
and 38.0% for burned and unburned plots, respectively (Gilliam et al., 1987). Likewise,
rainfall interception ranging between 20.0% and 60.0% over the growing season was
reported for an unburned tallgrass prairie in Oklahoma (Zou et al., 2015).

Conversely, during growing seasons without prescribed burning, the higher litter
accumulated can result in higher soil water availability (Craine and Nippert, 2014). Yet,
the water from small rainfall events is more likely to be intercepted by canopy and dead
biomass preventing it from reaching the soil surface (Wang et al., 2016; Zou et al.,
2015). Thus, the predominance of small rainfall events in 2017 and greater above
ground biomass may have contributed to increase water losses from E, reducing
uWUEzand T/ET. In addition to the increase in E of intercepted water from canopy and
litter, the reduction in T/ET during 2019 compared to 2018 was probably related to the
high near surface soil moisture over 2019 (Fig. 3.3f), which can increase E and reduce
T/ET (Wagle et al., 2020; Wei et al., 2018).

3.4.4 Effect of vegetation growth and environment variables on T/ET

Previous studies show that the weekly variation in T/ET derived from uWUE
approach is strongly correlated with vegetation indexes, such as the Normalized
Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI/) (Zhou et al.,
2016; Hu et al., 2018). In our study, the relationship between GCC and T/ET evaluated
using 3-day time moving averages increased as a function of water availability (Fig.
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3.8d-f). Our results show that the T/ET temporal dynamics is better explained by GCC
when the physiological variables GPP and T are mainly driven by phenology
(Migliavacca et al., 2011). On the other hand, T/ET variability is not completely
captured by GCC for short time intervals under drought conditions. This decoupling
between GCC and T/ET can be explained by the lag between variations in soil moisture
and vegetation responses to soil water deficits. Moreover, ET and GPP variability is
larger in response to environment conditions compared to GCC (Yan et al., 2019).
Positive correlations between vegetation indexes and T/ET in grasslands are expected
due the strong influence of LAl on T/ET (Scott et al., 2021; Xu et al., 2021).

Previous studies show that T (Tong et al., 2019) and 6 (Cui et al., 2020) are
important drivers of T/ET. At the seasonal time scale, the highest partial correlation
between T and T/ET can be explained by T.ir influence on LAl and photosynthesis
(Wagle et al., 2014; Sun et al., 2020). On the other hand, the negative correlations
between T/ET and 015 observed in 2017 and 2018 might be related to the higher E
contribution from soil upper layers, especially right after rainfalls (Sun et al., 2020;
Wagle et al., 2020). In 2017 and 2018, the positive correlations between T/ET and 645
is related to the water uptake by plant roots from subsurface soil layers, especially
during drought conditions (Nippert et al., 2012; Maxwell and Condon, 2016; Sun et al.,
2021). In 2019, the lack of correlation between 6 and T/ET can be explained by the
high 6 values during all growing season compared to previous years. Our results agree
with those observed by Scott et al. (2021) for a grassland in Arizona, U.S., in which
T/ET was positively correlated with the subsurface soil moisture and Tair. Likewise,
negative correlation between T/ET and upper layer soil moisture was observed by Xu

et al. (2021) for an Alpine Meadow in northwest China.

3.4.5 Impact of precipitation variability on ET components and research needs

Previous studies have reported trends of wet regions becoming wetter and dry
regions becoming drier in response to global warming (Chou et al., 2013; Liu and Allan,
2013). These changes in precipitation patterns will intensity with the increase in
extreme precipitation events (Donat et al., 2016). Our dataset provides a unique
opportunity to demonstrate that precipitation variability has a strong influence on the
seasonality of ET components in a grassland ecosystem. The response of T/ET to
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other environmental drivers was modulated by the growing season precipitation
patterns. For example, in a rainy year (2019), T/ET and Tar showed higher correlation,
while in a dry year (2017) the variation of T/ET is mostly explained by 845 (Fig. 3.9). In
addition, in wet year T/ET showed higher correlation to GCC than in dry year.
Therefore, future ET partitioning studies should consider not only the total precipitation,
but also the timing, size, and frequency of rain events, especially during dry years.
Further comparative studies using techniques with spatial and temporal
representativeness similar to the EC technique are still needed. In addition to the
UWUE, several ET partitioning approaches based on EC measurements have been
developed (Scott and Biederman, 2017; Nelson et al., 2018; Perez-Priego et al., 2018)
and can be used to confirm our findings about the effect of rainfall variability on ET
components in grasslands. Even so, considering that T/ET derived from the uWUE
approach was able to capture the effects of rainfall variability and fire, our results
indicate that this simple approach could be an invaluable tool to better understand
ecosystem responses to climate variability and change and management practices.
Given the various combinations of fire and grazing regimes and the variability of
precipitation at KPBS, T/ET derived from the uWUE approach could be useful to
quantify the effects of the interactions between these management practices and water
availability. The long-term quantification of T/ET using the uWUE approach may be
used to monitor the woody and shrub plant encroachment in grasslands, since T/ET
has been shown to be more sensitive than ET to capture changes in the canopy

structure (Wang et al., 2018).

3.5 Conclusions

In this study, we used the EC technique and uWUE approach for partitioning ET
in a tallgrass prairie under growing seasons with contrasting rainfall regimes. The
lowest T/ET average value (0.50) was observed in the dry growing season, while the
largest T/ET averages (0.62 and 0.65) were observed in the wet growing seasons. A
stronger relationship between GCC and T/ET occurred during wet growing seasons,
but this relationship was weakened for growing seasons with drought periods. Air
temperature was the main environmental driver of T/ET during the wet growing
seasons. On the other hand, the soil water content at 0.45 m was the main

environmental driver of T/ET during a dry growing season.
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These results demonstrate that the precipitation variability not only has a direct
impact on the ET components but also modulates the response of those components
to other environmental drivers. Since ET partitioning studies at the ecosystem scale
are still scarce, our results can improve T/ET and water use efficiency estimates in
long-term modelling studies. This will help to better understand how ET in ecosystems
will respond to global warming and increased COz concentration during wet and dry
growing seasons. Furthermore, our results revealed that the use of GCC as a predictor
of T/ET should be used with caution during growing seasons that experience drought

periods.
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4 LEAF REGROWTH LEADS TO LARGER CHANGES IN CO2 ASSIMILATION
THAN WATER USE IN A GRAZED TALLGRASS PRAIRIE

Abstract

The effect of cattle grazing on water and carbon cycling in grasslands is not fully
understood. The goal of this study was to evaluate how grazing and leaf regrowth affect
carbon and water cycles in a tallgrass prairie. Eddy covariance measurements were
carried out from 2003 to 2005 growing seasons (from May to September) in Manhattan,
Kansas, U.S., in grazed (GR) and ungrazed (UG) tallgrass prairie paddocks. Net
ecosystem CO2 exchange (NEE) was partitioned into gross primary productivity (GPP)
and ecosystem respiration (Reco) Using the relationship between the air temperature
and nighttime NEE data. Evapotranspiration (ET) was partitioned into transpiration (7)
and evaporation (E) using an approach based on the concept of underlying water use
efficiency. Our results revealed that grazing reduced green leaf area index (GLA/) and
aboveground biomass (AGB). Grazing also reduced GPP, NEE and T in the middle of
the growing seasons but enhanced these flux components at the end of the growing
seasons compared to the UG paddock. Grazing reduced NEE by 11.9% and enhanced
ETby 3.3% compared to the UG paddock. The reduction in NEE at UG was associated
with an increase in Reco (9.4%). In turn, changes in ET in response to grazing were
driven more by the increase in E (26.6%) than by the decrease in T (5.9%). Despite
the reduction in AGB and GLAI caused by grazing, similar cumulative GPP values at
both paddocks suggest that there are compensatory mechanisms maintained similar
CO2z assimilation at UG and GR. Our findings suggest that the grazing regime adopted
in this tallgrass prairie impacts the carbon cycle more strongly than the water cycle,
given the higher reduction in NEE compared to the slight increase in ET on GR
compared to UG. These results can be useful to outline strategies to improve
management practices aimed at improving the efficiency of rangelands.

Keywords: Grasslands; grazing; gross primary productivity; ecosystem respiration;
evapotranspiration partitioning.
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4.1 Introduction

Rangelands are highly dynamic agroecosystems that cover a substantial proportion
of the Earth surface and provide a myriad of goods and services to a considerable
proportion of the world population. For example, rangelands maintain soil health by
cycling nutrients and preventing soil erosion, provide habitat for wild species of plants
and animals, are large reservoirs of carbon and produce forage for livestock (White et
al., 2000). In the North America Great Plains, cattle grazing in native tallgrass prairie
is a vital component of beef cattle production. The tallgrass prairie of the Flint Hills in
Kansas is one of the remaining native grasslands in the United States (Grudzinski and
Daniels, 2018). The productivity of this agroecosystem is highly dependent on water
variability and grazing (da Rocha et al., 2022; Owensby et al., 2020).

Previous studies have shown that grazing impacts net ecosystem CO:2
exchange (NEE) and evapotranspiration (ET) in the tallgrass prairie (Owensby et al.,
2006; Owensby and Auen, 2020; Bremer et al., 2001; Brunsell et al., 2008). Grazing
affects NEE and ET by changing canopy structure, soil properties and microclimate
conditions (Han et al., 2016; Wang et al., 2015a; Lai and Kumar, 2020; Vaieretti et al.,
20180). Reductions in the leaf area index (LA/) and aboveground biomass (AGB) due
to grazing result in reduction of leaf photosynthetic area and ground cover, and in an
increase of soil temperature (Chen et al., 2015; Li et al., 2015; Han et al., 2016).
However, the responses of carbon and water fluxes in rangelands to grazing are
complex and vary with the grazing intensity and climatic conditions (Chimner and
Welker, 2011; Wang et al., 2016; Yan et al., 2017). For instance, it has been reported
that heavy grazing causes a larger reduction in gross primary productivity (GPP) than
in ecosystem respiration (Reco), leading to an overall lower CO2 uptake by grazing
systems (Wang et al., 2017; Rong et al., 2017). Conversely, previous studies have
shown that light or moderate grazing enhances GPP, increasing the grazed system
carbon sequestration compared to ungrazed grasslands (Chimner and Welker, 2011;
Zhang et al., 2015; Zhu et al., 2015; Rong et al., 2017). Nevertheless, ecosystem
carbon flux responses are climate dependent and vary under drought conditions
(Chimner and Welker, 2011; Ingrisch et al., 2018).

Despite of the fact that grazing is expected to have different impacts on plant
and soil processes, very few studies have investigated the effects of grazing on NEE
and ET primary components (Li et al., 2015; Wang et al., 2015b; Zhang et al., 2019).
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Water and carbon cycles are coupled through transpiration (T) and GPP (Gentine et
al., 2019). Hence, understanding the relationship between plant water and carbon
fluxes in grazing systems is crucial to improve Earth-system models, and to predict
how water and carbon cycles in rangelands will respond to global warming and
increased CO2 concentrations (Li et al., 2015; Niu et al., 2020; Quan et al., 2018).

Previous studies have shown that the contribution of Tto ET (T/ET) is strongly
affected by LAl in grasslands (Wei et al., 2017; Cui et al., 2020; Scott et al., 2021).
However, the LAl reduction resulting from grazing has been shown to have variable
effects on T/ET and ET depending on the ecosystem and water availability (Wang et
al., 2016; Li et al., 2016; Zhang et al., 2019; Frank et al., 2003). Owensby et al. (2006)
found that despite the lower LA/, a grazed tallgrass prairie had higher NEE magnitude
compared to an ungrazed tallgrass prairie during the end of the growing season.

We hypothesize that although grazing reduces the overall LA/ in the tallgrass
prairie, grazed areas have more active leaf regrowth than the ungrazed prairie, which
will enhance photosynthetic activity and plant water use. We also expect that the
reduction in LA/ and AGB in rangelands will also result in an increase of Reco and soil
evaporation. To test these hypotheses, we used eddy covariance (EC) CO2 and H20
flux data collected at grazed and ungrazed tallgrass prairie paddocks. The EC flux data
was combined with existing flux partitioning approaches to infer soil and canopy
primary components of NEE and ET. Additionally, the effect of cattle grazing on
vegetation was quantified by collecting green LAl and AGB over the course of three

growing seasons.

4.2 Material and methods

4.2.1 Site description

The field measurements were conducted from 2003 to 2005 growing seasons
(May — September) in a tallgrass prairie on the Rannells Flint Hills Prairie Preserve in
Manhattan, Kansas, U.S. (39°08°28” N, 96°31’31”W, elevation 324 m). The vegetation
at the site is a mixture of Cz and C4 species which includes grasses and forbs, with the
following warm-season Cas grasses predominating: Andropogon gerardi, Sorghastrum
nutans and Andropogon scoparius (Owensby et al., 2006). The climate of the region is

mid-continental with an average annual air temperature of 13 °C and monthly mean
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ranging from -3 °C (January) to 13 °C (July) (O’Connor et al., 2020; Towne and Craine,
2014). The long-term annual average precipitation (1981 —2010) in the region is 906.8
mm, with 64% recorded between May and September (Owensby and Auen, 2020).
The soil at the site is comprised of fine, mixed, mesic, Udic Argiustoolls with an average
bulk density of 1.1 g cm in the upper 10 cm (Owensby et al., 2006).

4.2.2 Experimental settings and vegetation sampling

Fluxes were measured in ungrazed (UG, 28 ha) and grazed (GR, 31 ha)
paddocks. Steers were introduced into GR in early May, with an average weight of
~250 kg steer' and removed from the paddock in late July with a mean weight of ~340
kg steer'. The stocking rate at GR was 0.81 ha steer *'. Biomass samples were
collected every two weeks following burning (April) until mid-July, and every four weeks
until early October from four 0.25m2 subplots within the flux source area. The samples
were dried for 72 h at 55 °C in an oven. Green leaf area was measured using an area
meter (LI-3100, Li-Cor). Green LA/ (GLAI) was calculated by the ratio between the total
green leaf area and the subplot area (0.25 m) where the leaves were collected. More
details about the experimental site are given by Owensby et al. (2006).

4 2.3 Flux measurements

Two eddy covariance (EC) systems installed 3.0 m above the ground were used
to measure ET and CO:z2 fluxes at GR and UG systems. Sonic temperature and wind
velocity components were obtained using a 3D sonic anemometer (CSAT3, Campbell
Scientific, Inc., Logan, UT, USA). Carbon dioxide and water vapor concentrations were
acquired using an infrared gas analyzer (LI-7500, Li-Cor, Lincoln, NE). Wind and
concentration data were recorded at 20 Hz. Half-hourly latent heat flux (LE) and NEE
were calculated using the EdiRe software (Clement, 1999). The flux data processing
included coordination rotation and air density corrections (Webb et al., 1980). The
ReddyProc tool was used for friction velocity (u*) screening, gap filing and NEE
partitioning into GPP and Reco (Wutzler et al., 2018). The daytime Reco Was estimated
using the relationship between air temperature and nighttime NEE, and GPP was
obtained by subtracting Reco from NEE (Reichstein et al., 2005). In addition, incoming
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solar radiation, air temperature, relative humidity and precipitation were collected by
an automatic meteorological station located on the site.

4.2.4 Evapotranspiration partitioning
The ET was partitioned into T and evaporation (E) using a statistical approach,
based on the concept of underlying water use efficiency (uUWUE), in which T/ET ratio

is given by (Zhou et al., 2014; Zhou et al., 2016):

T _uWUE, (1)
ET ~ uWUE,

where uWUE; and uWUE, are the apparent and potential uWUE, respectively. uWUE,
is assumed constant during the growing season and represents conditions in which T
approaches ET (i.e., T/ET = 1). Growing season uWUE; values for GR and UG were
estimated using the 95" percentile regression between normalized GPP (GPP-VPD%)
and ET (Zhou et al., 2016), where VPD is the vapor pressure deficit.

Conversely, values of uWUE; are dependent on the contribution of Eto ET and
were estimated as the linear regression slope between GPP-VPD%% and ET on a
weekly time scale (Zhou et al., 2016). Both regression analyses were performed
forcing the regression line through the origin and using daytime (incoming solar
radiation > 20 W m2) flux data. T was calculated by multiplying ET by T/ET, while E
was obtained by the difference between ET and T. The weekly cumulative water vapor

and carbon fluxes at GR and UG were compared using the Student’s t-test (p < 0.05).

4.3 Results and discussion

4.3.1 Precipitation, air temperature and vegetation temporal dynamics

Average air temperature values were similar throughout the 2003 (22.5 °C),
2004 (21.9 °C) and 2005 (23.3 °C) growing seasons, showing the typical seasonal
variation for the region (Fig. 4.1). The precipitation totals in the 2003, 2004 and 2005
growing seasons were 476.5, 704.7 and 622.9 mm, respectively. The long-term total
(1981 - 2010) precipitation for the same period (May to September) in the region is
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579.1 mm (Owensby and Auen, 2020). The 2003 and 2005 growing seasons showed
similar seasonal rainfall distribution with a drought period in the middle of the growing
seasons (Fig. 4.1a and 4.1c). Conversely, rain events were more frequent throughout
the 2004 growing season (Fig. 4.1b).
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Figure 4.1 - Total precipitation (P, blue bars) and daily average of air temperature ( Tar,
red lines) in the 2003, 2004 and 2005 growing seasons.

The AGB and GLAI values are shown in Fig. 4.2. On average, the maximum
AGB at GR (351.3 g m) was 23% lower than the one at UG (453.3 g m2). Similarly,
the maximum average GLAl at GR (2.7) was 25% lower than that at UG (3.6) (Fig.
4.2d-f).
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Figure 4.2 - Aboveground biomass (AGB) and green leaf area index (GLA) in the
2003, 2004 and 2005 growing seasons at the ungrazed (UG) and grazed (GR)
paddocks.

4 3.2 Seasonal carbon and water fluxes

Carbon fluxes showed similar temporal dynamics at UG and GR over the
growing seasons (Fig. 4.3). The GPP values were often similar at UG and GR (Fig.
4.3a-c). Reco Was generally higher at GR than at UG in the 2003 and 2005 growing
seasons (Fig. 4.3d-f). The seasonal patterns of GPP and Reco resulted in an overall
larger NEE at UG over the growing seasons, except at the end of the growing seasons
(Fig. 4.3g-i). The carbon fluxes, AGB and GLAI maximum values were observed
around the same time in the middle of the 2004 and 2005 growing seasons (Fig. 4.2
and Fig. 4.3). However, drought conditions in the middle of the 2003 growing season
(Fig. 4.1c) reduced GPP and NEE during the AGB and GLAI peaks (Fig. 4.3a and
4.39).
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Figure 4.3 - Weekly cumulative values of a-c) gross primary productivity (GPP), d-f)
ecosystem respiration (Reco) and g-h) net ecosystem exchange (NEE) for the 2003,
2004 and 2005 growing seasons at the ungrazed (UG) and grazed (GR) paddocks.

The similar GPP at both paddocks show that the decrease in NEE magnitude
at GR cannot be attributed to the reduction in GPP, but to the increase in Reco. The
effect of grazing on Reco has been ecosystem dependent and variable with water
availability. For example, Chimner and Welker (2011) found that while light and heavy
grazing reduced Reco in @ wet growing season, Reco Was not affected by grazing in a
dry growing season in a mixed-grass prairie in Wyoming, U.S. Conversely, Zhao et al.
(2016) reported that grazing reduced Reco in alpine steppe and alpine meadow
grasslands, while Reco increased due to grazing in swamp meadow on the central
Tibetan Plateau, China.
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The higher Reco in grazed grasslands has been attributed to the increase in soll
temperature and animal waste decomposition (Zhu et al., 2015; Zhang et al., 2015).
However, in some grasslands, the decrease in Reco has been attributed to the reduction
in AGB and soil water content (Zhu et al., 2015; Wang et al., 2015a). Previous studies
also showed that plant and soil respirations are affected differently by grazing in
different grassland ecosystems (Hou et al., 2016). Future research should evaluate
soil and plant respiration components separately to improve the current understanding
of grazing effects on Reco in rangelands.

The seasonal variation of ET and T/ET at UG and GR is shown in Fig. 4.4. The
weekly cumulative ET peaks were recorded between late June (DOY 173) and mid-
July (DOY 194) at both paddocks (Fig. 4.4a-c). In turn, T/ET peaked between early
August (DOY 222) and mid-September (DOY 257) at GR and UG, reaching values
close to and equal to 1.0 (Fig. 4.4d-f). The differences between T/ET at UG and GR
were more evident than that observed for ET, especially in the middle of the growing
seasons (Fig. 4.4d-f).

Interestingly, large rainfall events (Fig. 4.1) increased ET but reduced T/ET (Fig.
4.4), due to the increase in E in response to high soil moisture near the surface (Wang
et al., 2016; Wagle et al., 2020). Sun et al. (2021) observed for a tallgrass prairie in
Oklahoma, U.S., that the top 10-cm soil layer is the dominant source of E, but as the
surface dries, T increases due to water uptake by plant roots from deeper soil layers.
These T/ETresponses to wetting-drying periods were observed in our study, especially
during the middle of the 2004 and 2005 growing seasons (Fig. 4.4e-f), which were
characterized by large rainfall events (Fig. 4.1b-c).
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Figure 4.4 - Seasonal variation of weekly cumulative values of a-c) evapotranspiration
(ET) and d-f) the ratio between transpiration to evapotranspiration (7/ET) in the 2003,
2004 and 2005 growing seasons at the ungrazed (UG) and grazed (GR) paddocks.

4 3.3 Cumulative carbon and water fluxes

Both GR and UG paddocks were a carbon sink during the three growing
seasons (Table 1). On average, the growing season cumulative GPP at GR was
slightly higher (1.1%) than that at UG, while the cumulative Reco at GR surpassed that
for UG by 9.4%. This resulted in an 11.9% reduction in NEE at GR compared to UG
(Table 1). According to a t-test (p < 0.05), NEE and Reco differed statistically between
GR and UG, but the GPP was not significantly different at the two paddocks.
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Table 4.1 - Cumulative gross primary productivity (GPP), ecosystem respiration ( Reco),
net ecosystem exchange (NEE), evapotranspiration (ET), transpiration (7) and
evaporation (E) over the 2003, 2004 and 2005 growing seasons at the ungrazed and

grazed paddocks.

Ungrazed

Year of Growing Season

Variables 2003 2004 2005 Average
GPP (g C m?) -1166.7 -1527.5 -1300.1 -1331.4
Reco (g C M) 738.9 961.0 750.0 816.6
NEE (g C m?) -427.8 -566.5 -550.1 -514.8

ET (mm) 334.2 387.6 367.3 363.0

T (mm) 231.0 300.6 250.7 260.8
E (mm) 103.2 87.0 116.7 102.3
T/ET 0.70 0.77 0.67 0.71
Grazed

Year of Growing Season

Variables 2003 2004 2005 Average
GPP (g C m?) -1189.5 -1411.7 -1437.8 -1346.3
Reco (g C M) 806.1 968.3 904.8 893.1
NEE (g C m?) -383.4 -443.5 -533.0 -453.3

ET (mm) 337.0 402.3 385.9 375.1

T (mm) 208.4 288.1 240.1 245.5

E (mm) 128.6 114.2 145.8 129.5
T/ET 0.62 0.71 0.60 0.64

On average, the cumulative ET for GR increased by 3.3% compared to the
values at UG, while the T/ET for UG was 7.0% higher than the one recorded for GR
(Table 1). Compared with UG, the cumulative T for GR was reduced by 5.9%, while E
was enhanced by 26.6% (Table 1). These results indicate that the increase in ET and
reduction in T/ET observed for GR were driven more by an increase in E. The t-test (p
< 0.05) indicated that ET, T, E and T/ET at GR and UG were statistically different. Our
results agree with those reported for alpine meadows in Tibetan Plateau, in which
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larger E in a grazed system drove an increase in ET by 12% (Zhang et al., 2019).
Similarly, grazing did not affect total T in a temperate grassland in Japan, with major
changes in ET being a result of an increase in E (Li et al., 2015).

Conversely, Frank et al. (2003) reported that grazing reduced the 3-year
average ET by 7% in a semiarid prairie in North Dakota, U.S., and attributed these
results to the low soil moisture that limited regrowth in the grazed site. Wang et al.
(2012) observed that grazing reduced the 2-year average ET by 32% in a semiarid
grassland in Inner Mongolia, China. They credited the reduction in ET to a reduction in
soil moisture and in surface available energy in the grazed grassland. Bremmer et al.
(2001) observed higher ET values coinciding with large rainfall events in a grazed
tallgrass in Kansas, U.S. Hence, the occurrence of large rainfall events, especially
during 2004 and 2005, contributed to the increase in E and could explain the slightly
higher ET at GR in our study.

Nevertheless, while grazing decreased the average T/ET during the three
growing seasons in our study, previous studies have shown that T/ET in grazed
grasslands is modulated by the water availability and variable among grasslands
(Wang et al., 2016; Li et al., 2015). For instance, Wang et al. (2016) demonstrated that
the reduction in LAl by heavy grazing reduced T/ET by 17% during a normal
precipitation year in a semiarid typical steppe in Inner Mongolia, China. Conversely,
during a dry year, Wang et al. (2016) found that grazing enhanced T/ET by 4% due to
a decrease in rainfall interception by the canopy. In contrast, Li et al. (2015) did not
observe statistically significant differences in ET and T/ET between grazed and
ungrazed temperate grasslands in Japan. Yet, they pointed out that the higher LA/ in
ungrazed grasslands than in grazing systems increase shading, which can reduce the
T contribution from adjacent leaves. In a tallgrass prairie, rainfall canopy interception
is a key component of E (Gilliam et al., 1987), which can lead to a reduction in T/ET in

ungrazed paddocks after the occurrence of light rains.

4.3.4 Leaf regrowth, above ground biomass and canopy fluxes

Despite the reduction in AGB and GLAI caused by grazing (Fig. 4.2), similar
cumulative GPP values at both paddocks suggest that there are compensatory
mechanisms maintained similar COz assimilation at UG and GR. The regrowth of new
leaves, which have greater stomatal conductance and photosynthetic capacity,
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associated with the higher penetration of solar radiation inside the canopy are the
probable reasons for the higher carbon assimilation efficiency in grazed systems
(Owensby et al., 2006; Zhang et al., 2021; Wang et al., 2011; Otieno et al., 2011). In
addition, leaf regrowth contributed to maintaining T/ET at GR similar levels than the
ones at UG in the end of the growing season (Fig. 4.4d-f). Comparable results were
reported for a temperate grassland in Japan (Wagle et al., 2020) and alfalfa in
Oklahoma, U.S. (Wang et al., 2015b), in which leaf regrowth after cuts enhanced T/ET.

This compensatory effect of leaf regrowth on carbon assimilation and plant
water is noticeable by analyzing the hourly GPP and T at different growth stages (Fig.
4.5). From the beginning to the middle of the growing season, the GPP and T at GR
decreased compared to UG (Fig. 4.5a and 4.5d), but the opposite occurred in the end
of the growing season (Fig. 4.5¢c and 4.5f). The lower GPP and similar T at UG
compared to GR in the end of growing season could be explained by the presence of
older leaves, while the plant regrowth at GR in response to grazing increases leaf

photosynthetic capacity even at the end of growing season (Owensby et al., 2006).
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Figure 4.5 - Ensemble average of a-c) gross primary productivity (GPP) and d-f)
transpiration (T) for 2003, 2004 and 2005 in the beginning (Day of year - DOY 121-
171), middle (DOY 172-221) and end of growing seasons (DOY 222-271) at the
ungrazed (UG) and grazed (GR) paddocks.

The differences between the UG and GR systems are more evident when fluxes
are normalized by GLAI (Fig. 4.6) and AGB (Fig. 4.7). The normalized fluxes revealed
that the carbon assimilation and water vapor losses per unit of GLA/ were similar
between GR and UG from the beginning to the middle of the growing seasons (Fig.
4.6). After this period, the normalized fluxes per unit of GLA/ became much larger at
GR as compared to UG (Fig. 4.6). Similar seasonal patterns were observed when
fluxes were normalized by the AGB; however, carbon and water vapor fluxes per unit
of AGB were more variable in the beginning of the growing seasons (Fig. 4.7).
According to t-test (p < 0.05), ET, T and GPP per unit of GLAI and AGB differed
statistically between GR and UG.

The rapid increase in carbon assimilation and plant water use at GR compared
to UG from the middle of the growing season coincided with the removal of cattle in
late July. This effect can be attributed to the delayed senescence at GR compared to

UG, as well the regrowth after the animals were removed (Bremmer et al., 2001).
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Parsons et al. (1988) evaluated the effect of rotational and continuous grazing in
ryegrass. The authors observed that rotational grazing resulted in higher gross
photosynthesis during the regrowth period, i.e., when the animals were removed from

the paddock. These results show unequivocally the impact of new leaves on

photosynthetic efficiency and plant water use. This effect should be considered when

evaluating and modeling the impact of grazing on grasslands.
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Figure 4.6 - Cumulative gross primary productivity (GPP), evapotranspiration (ET) and
transpiration (T) normalized by the green leaf area index (GLAI) during three growing
seasons (2003, 2004 and 2005) at the ungrazed (UG) and grazed (GR) paddocks.
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Figure 4.7 - Cumulative gross primary productivity (GPP), evapotranspiration (ET) and
transpiration (7) normalized by aboveground biomass (AGB) during three growing
seasons (2003, 2004 and 2005) at the ungrazed (UG) and grazed (GR) paddocks.

4.4 Conclusions

Grazing reduced NEE by 11.9% and enhanced ET by 3.3% in comparison with
an ungrazed paddock. The reduction in NEE on the grazed paddock was associated
with an increase in Reco (9.4%). In turn, changes in ET in response to grazing were
driven more by the increase in E (26.6%) than by the decrease in T (5.9%). Despite
the reduction in AGB and GLAI caused by grazing, similar cumulative GPP values at
both paddocks suggest that there are compensatory mechanisms maintained similar
CO2z assimilation at UG and GR. Our findings indicate that the grazing regime adopted
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in this tallgrass prairie impacts the carbon cycle more strongly than the water cycle,
given the higher reduction in NEE compared to the slight increase in ET on grazed
paddock compared to ungrazed paddock. These results can be useful to outline
strategies to improve management practices aimed at improving the efficiency of
rangelands. Considering the high rainfall variability in the region, further long-term
studies are needed to investigate how the tallgrass prairie responds to different grazing
regimes during dry and wet growing seasons. In addition, considering the contrasting
responses of Reco t0 grazing reported in the literature, partitioning this component into
soil and plant components is critical to improving models and predicting the responses

of tallgrass prairies to climate change.
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5 GENERAL CONCLUSIONS

In this work, we evaluated how rainfall variability and grazing affects the

evapotranspiration (ET), net ecosystem exchange (NEE) and their components in a

tallgrass prairie. In addition, it was investigated the spatial representativeness of eddy

covariance measurements using a flux footprint model and the main causes that

contribute to the lack of energy balance closure (EBC). Our findings demonstrate that:

The spatial representativeness of eddy covariance measurements at the KONZ
site were influenced by stability atmospheric conditions and wind direction.
However, the flux footprint model revealed that most of the fluxes (84.9%)
originated from a single watershed, so the EBC was not affect by surface

heterogeneity.

Stable atmospheric conditions resulted in poor EBC over the growing seasons.
The inclusion of soil heat storage improved the regressions slopes more than
energy balance ratio (EBR). EBR improved with the increase of TKE, but the
increase in u”* did not result in an improvement in EBR. The correlation
coefficients between wind velocity and scalars indicated that EBR at KONZ site

is influenced by low-frequency processes.

The lowest relative contribution of transpiration (7) to ET (T/ET) was observed
during a dry growing season, while highest T/ET occurred in wet growing
seasons. During wet growing seasons, T/ET was mainly controlled by air
temperature, while subsurface soil water content was the main driver of T/ET
during a dry growing season. Our results demonstrate that the precipitation
variability not only has a direct impact on the ET components but also modulates
the response of those components to other environmental drivers.

The relationships between the green chromatic coordinate (GCC) and T/ET
were strongest during wet growing seasons. During growing seasons that
experienced drought periods, the relationships between GCC and T/ET were
reduced. These results suggest that the use of GCC as a predictor of T/ET
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should be used with caution during growing seasons that experience drought

periods.

Gross primary productivity (GPP) was not affected by cattle grazing, but the
increase in ecosystem respiration (Reco) reduced net ecosystem exchange
(NEE) at a grazed plot. On the other hand, despite the reduction in Tand T/ET,
grazing slightly enhanced ET due to increased evaporation (E). These results
show that the grazing regime adopted in this tallgrass prairie impacts the carbon

cycle more strongly than the water cycle.

Our findings can be used to improve T/ET and water use efficiency estimates in
long-term modeling studies and optimize management practices aimed at
reducing greenhouse gas emissions and improving water use efficiency.
Furthermore, our results will help to better understand how ET and NEE in
tallgrass prairie will respond to global warming and increased CO2 concentration
during wet and dry growing seasons.

Futures studies should focus on validating ET partitioning estimated by the
underlying water use efficiency approach. In addition, the responses of ET and
NEE components to rainfall variability need to be evaluated considering different
combinations of fire frequency and grazing intensity. Soil and plant respiration
measurements could help better understand the mechanisms that lead to

increased Reco in grazed grasslands.



