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Eddy covariance data reveal that a small freshwater reservoir emits a substantial
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Key Points:

e We measured high CO; (600 g C m? yr?) and CH4 (1.0 g C m yrt) annual fluxes, some
of the first annual data from a small reservoir

e Carbon dioxide and methane fluxes exhibited statistically significant sub-daily, daily,
weekly, and monthly timescales of variability

e Surface water temperature, dissolved oxygen, and fluorescent dissolved organic matter
constrained reservoir fluxes on multiple timescales
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Abstract

Small freshwater reservoirs are ubiquitous and likely play an important role in global greenhouse
gas (GHG) budgets relative to their limited water surface area. However, constraining annual
GHG fluxes in small freshwater reservoirs is challenging given their footprint area and spatially
and temporally variable emissions. To quantify the GHG budget of a small reservoir, we
deployed an eddy covariance system in a small (0.1 km?) reservoir located in southwestern
Virginia, USA for a full year to measure carbon dioxide (CO) and methane (CHs) fluxes near-
continuously. Fluxes were coupled with in situ sensors measuring multiple environmental
parameters. Throughout the year, we found the reservoir to be a substantial source of CO2 (~600
g CO2-C m?2 yr1) and CH4 (~1.0 g CH4-C m yrl) to the atmosphere, with significant sub-daily,
daily, weekly, and approximately monthly timescales of variability. Importantly, we found
annual GHG emissions estimated using eddy covariance were over an order of magnitude greater
than diffusive GHG fluxes measured weekly to biweekly. During the winter, we found GHG
fluxes during partial ice-on and open-water conditions were not statistically different, suggesting
reservoirs may play an important role in freshwater GHG budgets throughout the year, not just
during the open-water period. Finally, we identified several key environmental variables that
may be driving GHG fluxes, specifically, surface water temperature and dissolved oxygen
concentrations. Overall, our novel year-round eddy covariance data from a small reservoir
indicate that these freshwater ecosystems likely contribute a substantial amount of CO2 and CH4
to global GHG budgets.

Plain Language Summary

Freshwater ecosystems have been shown to release substantial amounts of greenhouse gases,
especially carbon dioxide and methane, to the atmosphere. Small waterbodies, such as lakes and
reservoirs, are common in the landscape and may release particularly high levels of greenhouse
gases, though their overall contribution remains unknown. The most common methods to date
for estimating greenhouse gas emissions from freshwaters typically involve only measuring
concentrations during the daytime on a handful of days throughout the year. Thus, there is a clear

need for near-continuous measurements of carbon dioxide and methane from small waterbodies
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throughout the year on multiple timescales (hours to months). To do this, we measured near-
continuous fluxes of carbon dioxide and methane from a small reservoir using eddy covariance.
We found this small reservoir to be a large source of both carbon dioxide and methane to the
atmosphere over a full year and found high variability in fluxes measured at short (sub-daily) to
long (seasonal) timescales. Overall, this study demonstrates the importance of small reservoirs as
greenhouse gas sources to the atmosphere and emphasizes the need for additional measurements

to estimate their contribution to global greenhouse gas budgets.

1 Introduction

Freshwater ecosystems play a disproportionately large role in global greenhouse gas
(GHG) budgets relative to their total water surface area, often emitting more GHGs than are
taken up by terrestrial ecosystems (Bastviken et al. 2011; Cole et al. 2007; DelSontro et al. 2018;
Tranvik et al. 2009). Despite their importance, however, the contribution of inland waters
remains under-represented within global carbon (C) and GHG budgets (Butman et al. 2018;
Deemer and Holgerson, 2021; Deemer et al. 2016; DelSontro et al. 2018). To date, most studies
measuring GHG emissions from freshwater lakes and reservoirs are based on snapshot
measurements from short-term floating chamber deployments or grab samples of dissolved
GHGs, which are extrapolated to broad spatial and temporal scales to estimate annual whole-
ecosystem fluxes (Bastviken et al. 2015; Klaus et al. 2019; Wik et al. 2016). While these
approaches have provided useful insights into general patterns of GHG cycling in freshwater
ecosystems, they are inherently limited in capturing the high spatial and temporal variability in
freshwater GHG fluxes (Baldocchi et al. 2021; Butman et al. 2018; Klaus et al. 2019; Rosentreter
et al. 2021; Wik et al. 2016).

Among freshwater ecosystems, small (<1 km?) reservoirs may be particularly under-
represented in GHG budgets (Deemer and Holgerson, 2021; DelSontro et al. 2018; Rosentreter
al. 2021). It is estimated that there are ~5.8 million lakes and reservoirs in the contiguous U.S.
alone (Winslow et al. 2014), of which approximately half (~2.6 million) are human-made
reservoirs (Smith et al. 2002). Small reservoirs (<1 km?) compose >71% of reservoirs in the

United States (National Inventory of Dams, USACE 2021), indicating that these ecosystems are
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extremely common, with at least ~1.8 million small reservoirs in the conterminous U.S.
However, constraining annual GHG estimates in small freshwater reservoirs is challenging given
their small footprint area and heterogeneous GHG emissions (Loken et al. 2019; McClure et al.
2020; Podgrajsek et al. 2015). Short-term measurements indicate the potential for these
ecosystems to exhibit high, but patchy fluxes (Deemer and Holgerson, 2021; DelSontro et al.
2018; McClure et al. 2018, 2020; Rosentreter et al. 2021), but to the best of our knowledge their

annual emissions remain largely unknown.

Eddy covariance (EC) systems are increasingly being deployed on lakes and reservoirs to
constrain sub-daily GHG fluxes on large spatial footprints, enabling the quantification of whole-
ecosystem GHG fluxes at multiple temporal scales (e.g., Baldocchi et al. 2020; Golub et al.
2021; Eugster et al. 2011; Vesala et al. 2011; Waldo et al. 2021). EC systems are used to
determine the net exchange of carbon dioxide (CO.), methane (CHa), and/or other gases at sub-
hourly time scales via micrometeorology and in situ atmospheric trace gas concentrations
measured using infrared gas analyzers (Baldocchi et al. 2020; Golub et al. 2021; Vesala et al.
2011). By collecting near-continuous data on the sub-hourly scale (typically measured at 20 Hz
and reported as 30-minute means), EC systems allow GHG fluxes to be estimated at the sub-
daily to annual timescales, improving our understanding of GHG flux temporal variability
beyond traditional discrete measurements (Golub et al. 2021; Reed et al. 2018; Vesala et al.
2011). Additionally, EC systems often capture a larger spatial footprint compared to traditional
discrete measurements, as measured fluxes represent the average flux from the atmospherically-
mixed area upwind of the deployed EC system (Golub et al. 2021, Waldo et al. 2021). Thus, EC
systems can greatly increase the temporal and spatial resolution of measured fluxes in lakes and
reservoirs, with the caveat that important considerations and data filtering are needed for EC
systems in small waterbodies. Specifically, a waterbody's small surface area decreases its EC
footprint, both by increasing the likelihood of surrounding terrestrial vegetation impacting EC
measurements of aquatic fluxes and decreasing the area available for a well-mixed, turbulent
footprint (Esters et al. 2020; Vesala et al. 2011).

While the majority of reported freshwater EC studies have been conducted on short
timescales (days to months; e.g., Erkkilia et al. 2018; Gorsky et al. 2021; Jammet et al. 2015;
Podgrajsek et al. 2014, 2015; Vesala et al. 2006, 2011), longer-term studies measuring COz or

CHjs fluxes in lakes and reservoirs on annual timescales are now becoming more common (e.g.,



110
111
112
113
114
115
116
117
118
119
120
121
122

123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138

139
140

Baldocchi et al. 2020; Golub et al. 2021; Jammet et al. 2017; Liu et al. 2016; Reed et al. 2018;
Shao et al. 2015; Waldo et al. 2021). An annual study conducted in Lake Erie, USA found this
highly-eutrophic system was a small sink of CO> during the summer productive season yet
ultimately a CO> source on annual timescales (Shao et al. 2015). Other studies have highlighted
the importance of short (hourly to daily), episodic events on annual CO2 budgets, including the
disproportionate effect of storms on annual CO2 emissions from a large subtropical reservoir
(Liu et al. 2016), fall mixing in a large (40 km?) temperate lake (Reed et al. 2018), and pulses of
CHa following ice-off in a north temperate lake (Gorsky et al. 2021). Seasonally, studies
conducted during the winter found low and relatively consistent CO> fluxes during the ice-
covered period (Baldocchi et al. 2020; Reed et al. 2018). In addition to noted diel, seasonal, and
episodic variability in CO. fluxes, two annual studies recently found the sub-monthly timescale
to be an important timescale of variability, though the mechanism for this variability remains
unknown (Baldocchi et al. 2020; Golub et al. 2021).

Despite the increase in studies using EC systems to measure CO2 and CHj fluxes from
freshwaters, few studies to date have captured both CO2 and CHa fluxes on the annual scale,
especially during winter. Measuring annual-scale CO2 and CHjs fluxes is particularly important
as GHG fluxes are rapidly changing due to altered climate (Bartosiewicz et al. 2019; Beaulieu et
al. 2019). For example, increasing surface temperatures and changes in precipitation and nutrient
loading are changing phytoplankton productivity and allochthonous C inputs to lakes and
reservoirs (Fowler et al. 2020; Hanson et al. 2015; Tranvik et al. 2009). Changes in freshwater
primary production and nutrient inputs to freshwater systems have been directly linked to
changes in COz (DelSontro et al. 2018), as well as CH4 emissions (Deemer and Holgerson, 2021,
DelSontro et al. 2018; McClure et al. 2020). Finally, increasing air temperatures are leading to
warmer winters and more intermittent and partial ice cover (Imrit and Sharma, 2021; Sharma et
al. 2021; Woolway et al. 2020), highlighting the need to understand the role of ice in
constraining GHG fluxes. All these examples emphasize the importance of measuring near-
continuous GHG fluxes on the annual scale with key environmental variables, such as
precipitation and freshwater inflows, air and water temperature, chlorophyll-a, dissolved organic

matter, and ice-on/ice-off as potential GHG drivers.

Altogether, there is a clear need to measure annual-scale CH4 and CO; fluxes from small

freshwater ecosystems, especially small reservoirs. To the best of our knowledge, only one
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freshwater study has measured both CH4 and CO> fluxes on an annual timescale (Jammet et al.
2017), while Waldo et al. (2021) measured only CHa fluxes at the annual scale. Waldo et al.
(2021) used EC to measure annual CH4 fluxes from a large (2.4 km?), highly-eutrophic temperate
reservoir, measuring emissions up to 71.4 g CHs m2 yr, which is in the top quarter of those
reported to date from lakes and reservoirs. In an Arctic lake, Jammet et al. (2017) used EC to
measure low GHG fluxes during ice cover, followed by large CH4 and CO> fluxes during spring-
thaw, and increasing ebullitive CH4 fluxes during the ice-free season concurrent with high rates
of CO- uptake due to photosynthesis. Aggregated across the full year, this Arctic lake was a net
source of both CH4 and CO3 to the atmosphere (Jammet et al. 2017). Across the literature, most
EC studies have focused on naturally-formed lakes, and all EC reservoir studies of which we are
aware (Eugster et al. 2011; Golub et al. 2021; Liu et al., 2016; Waldo et al. 2021) were
conducted in large (>2.4 km?) reservoirs.

To better understand the GHG budgets of small reservoirs, we deployed an EC system in
a small (0.1 km?) freshwater reservoir located in southwestern Virginia, USA for a full year to
measure CO, and CHs fluxes near-continuously. Flux measurements were coupled with in situ
sensors measuring multiple environmental parameters, including surface water temperature,
dissolved oxygen, chlorophyli-a, and fluorescent dissolved organic matter. We used the
measured and gap-filled (i.e., modeled) GHG fluxes to answer the following three questions: 1)
What is the annual phenology of CO> and CHj4 fluxes in a small, eutrophic reservoir, including
during the critical winter period?; 2) What are the significant timescales of variability for CO>
and CHg4 fluxes from hourly to seasonal timescales?; and 3) What environmental variables best

explain CO; and CHys variability at hourly to monthly timescales?

2 Materials and Methods
2.1 Site description

Falling Creek Reservoir (FCR) is a small, eutrophic reservoir located in Vinton, Virginia,
USA (Fig. 1; 37.30°N, 79.84°W; Howard et al. 2021). The reservoir and surrounding forested
watershed are owned and operated by the Western Virginia Water Authority (WVWA) as a
primary drinking water source (Gerling et al. 2016). FCR has a surface area of 0.119 km? and



170
171
172

173

174
175
176
177

178

179
180
181
182
183

184

185
186
187

maximum depth of 9.3 m (McClure et al. 2018). The reservoir is dimictic and thermally stratified
from April to October (McClure et al. 2018). During the study period, water was not extracted
for drinking water treatment and remained at a constant full-pond level.
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Figure 1. A. Map of Falling Creek Reservoir located in Vinton, Virginia, USA (map inset)
showing location of the eddy covariance system, the weir located on the primary freshwater
inflow, and the meteorological station located on the dam. B. Wind rose showing the dominant
wind direction and wind speed (m s) of greenhouse gas fluxes retained for analysis.

2.2 Data collection and overview

We used an EC system to measure CO2 and CHa fluxes between the water surface and the
atmosphere from 5 April 2020 to 6 April 2021 (details below; Carey et al. 2022a). To
complement the EC measured fluxes, we also calculated CO, and CHj4 diffusive gas fluxes using
dissolved CO; and CHg discrete grab samples collected during daylight hours (from 0800 to
1300) monthly to bimonthly from the water's surface at the deepest site of the reservoir (details
below; Carey et al. 2022b).

In addition to the EC and diffusive fluxes, we also collected meteorological and
environmental data. Briefly, a Campbell Scientific (Logan, Utah, USA) research-grade

meteorological station measured air temperature; relative humidity; air pressure; wind speed and
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direction; upwelling and downwelling shortwave and longwave radiation; total rainfall;
photosynthetically-active radiation (PAR); and albedo every minute at the reservoir dam (sensor
information provided by Carey et al. 2022c). At the reservoir’s deepest site, we collected 10-
minute water temperature measurements every 1 m from the surface (0.1 m) to just above the
sediments (9 m) using a thermistor string. Thermistor data were used to calculate the difference
in temperature between 0.1 m and 9.0 m (Diff. Temp) and daily buoyancy frequency (N?), two
metrics of thermal stratification, and thermocline depth throughout the study period (April 2020
to April 2021) using the LakeAnalyzer package in R (Winslow et al. 2016a). Fall turnover was
defined as the first day in autumn when the temperature at 1 m was <1°C of the temperature
measured at 8 m (1 November 2021; McClure et al. 2018).

Water column temperature data complemented 10-minute measurements of dissolved
oxygen (DO) percent saturation, chlorophyll-a (Chl-a, pg L), and fluorescent dissolved organic
matter (fDOM, relative fluorescent units, RFU) measured using an EXO2 sonde (YSI, Yellow
Springs, Ohio, USA) deployed at 1.6 m (Carey et al. 2022d). The EXO2 sonde was removed
from the reservoir on 2 December 2020 for annual sensor maintenance and re-deployed on 27
December 2020. Finally, we measured stream inflow every 15 minutes on the primary inflowing
stream to the reservoir via a gaged v-notch weir fitted with a Campbell Scientific CS451 pressure
transducer (Campbell Scientific, Logan, Utah, USA), which was used to calculate the 15-minute
flow rate following Carey et al. 2022e). The weir was breached on 20 July 2020 and repaired on
24 August 2020, resulting in no flow data during this interval.

2.3 Eddy covariance flux measurements

An EC system was deployed above the water surface over the deepest portion of the
reservoir from 5 April 2020 to 6 April 2021. The EC instrumentation was installed on a
permanent metal platform that extends ~45 m from the dam and 2.9 m over the reservoir's
surface. As noted above, the reservoir was maintained at full pond, resulting in a consistent
height of the EC system over the water’s surface during the study period. The EC system
included an ultrasonic anemometer to measure 3D wind speed and direction (CSAT3, Campbell
Scientific), an open-path infrared gas analyzer for measuring CH4 concentration (LI-7700, LiCor

Biosciences, Lincoln, Nebraska, USA), and an enclosed-path infrared gas analyzer for measuring
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CO- and water vapor concentrations (LI-7200, LiCor Biosciences), all recorded at 10 Hz by a
data logger (L1-7550, LiCor Biosciences). On 10 August 2020, the data logger was removed for
maintenance and re-deployed on 2 September 2020. Additionally, a thermocouple on the CO-
sensor (LI-7500) was inoperable starting on 5 April 2021, terminating the EC time series.

The raw 10-Hz data were processed into 30-minute fluxes using the EddyPro v.7.0.6
software (LiCor Biosciences 2019). We conducted additional data processing following standard
best practices, including: 1) removing wind directions which originated outside of the reservoir
(80-250°; Fig. 1); 2) removing extreme flux values (CO2 fluxes > [100| pmol C m? st; CHa
fluxes > [0.25| pmol C m s%); 3) removing CH4 fluxes when the signal strength <20%; 4)
removing CO> and CH4 fluxes when they did not pass the test for stationarity or developed
turbulent conditions (QC, quality control level 2 per Foken et al. 2004), in addition to when the
latent heat flux (LE) or sensible heat (H) had QC level <2; 4) removing open-path CH4 fluxes
during periods of rainfall, which was determined based on the rain gage at the dam; 5) correcting
for high-pass and low-pass filtering effects (Moncrieff et al. 2004); 6) removing additional
periods of low turbulence friction velocity (u), as described below; and 7) removing data that
corresponded to flux footprints that extended significantly beyond the reservoir.

We used REddyProc (Wutzler et al. 2021) to determine the u= threshold for sufficiently
turbulent conditions and removed any fluxes where u~ was < 0.081 m s*. To account for the
uncertainty of estimating the u~ threshold, we used bootstrapping to estimate the distribution of
u~ thresholds, and obtained the 5™, 50" and 95" percentiles of this distribution (Wutzler et al.,

2018). All the subsequent post-processing steps were repeated for each u= scenario.

Flux footprints were modeled for each half-hour using a simple, two-dimensional
parameterization developed by Kljun et al. (2015). This model builds on the Lagrangian
stochastic particle dispersion model (Kljun et al. 2002), and provides information on the extent,
width, and shape of the footprint. All the variables needed for the model were obtained directly
from the dataset described above or calculated following Kljun et al. (2015). Fluxes were
excluded when the along-wind distance providing the highest contribution (peak) to turbulent

fluxes was outside the reservoir. All post-processing analyses were conducted using R statistical
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software (v.4.0.3). Code for post-processing and all EC data can be found in the Environmental

Data Initiative (EDI) repository (Carey et al. 2022a).
2.4 Eddy covariance gap-filling

Following the post-processing described above, we used the R package REddyProc
(Wutzler et al. 2021) to conduct gap-filling to model missing flux data. First, we used the
meteorological data measured at the dam to gap-fill any missing wind speed, direction,
temperature, and relative humidity in the EC dataset (Table S1). Overlapping data show that all
meteorological variables were tightly correlated between the EC system and the adjacent
meteorological station (Pearson’s th0=0.81-0.98; Table S1). Second, we calculated the vapor
pressure deficit from measured air temperature and relative humidity and calculated net radiation
balance from upwelling and downwelling shortwave and longwave radiation. Using REddyProc,
we gap-filled all the remaining gaps in the data using the marginal distribution sampling (MDS)
method, following Wutzler et al. (2018). Gap-filling was performed for each of the u~ scenarios,
providing information about the uncertainty that might be introduced to the data by choosing a u=

threshold (step 6 above).

We note that power interruptions or instrument malfunction resulted in 79% and 60% raw
data coverage for CO. and CHg, respectively (Table S2). Ultimately, all data processing (filtering
steps 1-7 described above) resulted in a total of 28% data coverage for CO2 and 21% for CH4
fluxes prior to gap-filling (Table S2), which is similar to previously-reported deployments of EC
systems at lakes and reservoirs (e.g., Golub et al. 2021; Reed et al. 2018; Waldo et al. 2021).

Comparisons of measured and gap-filled (modeled) EC data are in Fig. S1 and discussed below.
2.5 Diffusive flux measurements

We estimated discrete diffusive fluxes from FCR using dissolved CO, and CH4 samples
(Carey et al. 2022b) collected at the surface of the reservoir to compare with EC fluxes. Surface
water samples were collected at 0.1 m depth using a 4-L VVan Dorn sampler (Wildlife Supply
Co., Yulee, Florida, USA) adjacent to the EC sensors (Fig. 1). Replicate (n=2) water samples
were collected via a Van Dorn sampler into 20-mL serum vials without headspace, immediately

capped, and then stored on ice until analysis within 24 hours. Samples were analyzed following

10
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McClure et al. (2018) and Carey et al. (2022b) on a Shimadzu Nexis GC-2030 Gas
Chromatograph (Kyoto, Japan) with a Flame lonization Detector (GC-FID) and Thermal
Conductivity Detector (TCD).

The measured surface samples were used to calculate CO, and CHa diffusive fluxes from

the surface of FCR into the atmosphere on each day of sample collection following the equation:
Flux = Kggo * (Csurr — Cair) Eq.1

where Keoo is the gas transfer velocity (m d) corrected for temperature and gas concentration
(CO2 or CHa, respectively), Csurf is the concentration of CO2 or CHj4 at the reservoir surface (0.1
m), and Cair is the atmospheric concentration of CO2 or CHs measured by the EC system (Cole
and Caraco, 1998). The keoo Value was calculated every half-hour using multiple methods
included in the LakeMetabolizer package in R (Cole and Caraco, 1998; Crusius and Wannikof
2003; Heiskanen et al. 2014; Maclintyre et al. 2010; Read et al. 2012; Soloviev et al. 2007;
Vachon and Prairie, 2013; Winslow et al. 2016b, 2016). Mean half-hourly meteorological data
used in Keoo calculations were measured on FCR’s dam (Carey et al. 2022c). Mean half-hourly
surface water temperature was measured at the 0.1 m-deep thermistor deployed under the EC
(Carey et al. 2022d). Both surface GHG replicates (n=2) were used to calculate fluxes; the
resultant mean and standard deviation are reported.

2.6 Statistical analyses

To assess the phenology of fluxes (CO2 and CH4), we analyzed the mean and standard
deviation (£1 S.D.) of EC fluxes at hourly, daily, weekly, and monthly time scales through the
study period, which included both measured and gap-filled half-hourly fluxes. For both EC and
discrete diffusive fluxes, negative fluxes correspond to fluxes into the reservoir (i.e., uptake)

while positive fluxes are out of the reservoir (i.e., release to the atmosphere).

To assess diel variation in GHG fluxes, we compared median measured EC fluxes (i.e.,
not gap-filled) during the day (1100 to 1300) and night (2300 to 0100) throughout the year. As
data were not normally distributed, we used paired Wilcoxon signed-rank tests to assess
statistical significance of paired day-night fluxes. Additionally, we compared dawn (0500 to

11
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0700) and dusk (1700 to 1900) median EC measured fluxes using the same methods. All time

periods (i.e., day and night; dawn and dusk) were held constant throughout the year.

Ice coverage at FCR is episodic and ephemeral, encompassing longer ice-covered periods
as well as shorter-duration ice-covered periods when ice may be present during portions of
sequential days or with partial coverage of the reservoir’s surface, which we refer to as
intermittent ice-on periods. To explore the role of winter intermittent ice cover on CO2 and CH4
fluxes, we plotted mean hourly fluxes (1 S.D.) from 24 December 2020 to 11 February 2021,
which encompassed two periods of partial ice-on and two periods of complete ice-off (following
Carey 2021; Table S3). We removed the final intermittent ice-on period during late February
2021 due to lack of measured EC data. We used Mann-Whitney-Wilcoxon tests to determine
statistically-significant differences (a. = 0.05) between median half-hourly fluxes measured
during intermittent ice-on and complete ice-off (i.e., open-water) periods.

Finally, we calculated the net annual flux balance for CO2 and CH4 estimated using both
the half-hourly EC data (measured and gap-filled) and measured discrete diffusive fluxes. Fluxes
from both methods were summed across the entire yearlong study period (5 April 2020 to 6 April
2021). For the discrete diffusive fluxes, we used the mean of all keoo methods (Cole and Caraco,
1998; Crusius and Wannikof 2003; Heiskanen et al. 2014; Maclntyre et al. 2010; Read et al.
2012; Soloviev et al. 2007; Vachon and Prairie, 2013; Winslow et al. 2016). The standard
deviation (£1 S.D.) was calculated for the measured and gap-filled data and for the diffusive flux
data using the two grab sample replicates and all keoo methods.

2.7 Time series analysis

To determine dominant time scales of variability in the EC flux data (measured and gap-
filled), we conducted Morlet continuous wavelet transforms (CWTs; Carey et al. 2016; Howard
et al. 2021; Torrence and Compo, 1998). CWTs identify the relative importance of different time
frequencies throughout the time series using a scaled oscillating function and outputs different
power function values for each time scale and sampling interval (Carey et al. 2016; Howard et al.
2021; Torrence and Compo, 1998). Following the Nyquist theorem, we determined the
importance of different time scales ranging from one hour to six months, representing twice the

timescale of our sampling interval (half-hourly) to half the timescale of our full time series (1

12
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year; Nyquist, 1928; Shannon, 1949). We conducted separate Morlet CWTs on normalized (z-
score) gap-filled CO2 and CHj4 fluxes (Torrence and Compo, 1998), focusing on the
interpretation of results outside the cone of influence (COIl), which shows where edge effects
may distort results, especially at longer time scales (Carey et al. 2016; Howard et al. 2021;
Torrence and Compo, 1998). We used a 95% confidence interval to compare the coefficients
from the power spectra to coefficients from a red-noise spectrum to determine the significance of
each time scale (Carey et al. 2016). Finally, we calculated the global power spectrum for the time
series by averaging the power function values for each time scale across the study period, which
was used to determine the dominant time scale of variability (following Carey et al. 2016). CWT

analysis was conducted using the dpIR R package (Bunn et al. 2020).

To identify key environmental predictors of the observed mean hourly, daily, weekly, and
monthly CO, and CHs fluxes (measured and gap-filled), we developed separate autoregressive
integrated moving average (ARIMA) models for each time scale. ARIMA models are used to
identify key environmental predictors while accounting for temporal autocorrelation (Hyndman
and Athanasopoulos, 2018). We selected several potential environmental predictors, including:
surface water temperature (Temp, 0.1 m, °C); Diff. Temp; buoyancy frequency (N?); thermocline
depth (TD); DO percent saturation (DO sat); Chl-a; fDOM; and discharge (Inflow) measured at
the primary inflow to FCR (Fig. S2). Prior to ARIMA modeling, we conducted pairwise
Spearman correlations on all predictor variables (aggregated to each scale) and removed
collinear variables (Pearson’s rh0>0.7) that were the least correlated with fluxes. N? and Diff.
Temp were removed for all time scales due to their strong correlation with surface temperature
(Table S4). At the monthly timescale, Inflow and fDOM were removed (Table S4). Response
and predictor variables were checked for skewness, transformed if appropriate, and normalized

(z-scores) prior to model fitting (Hounshell et al. 2022).

We used a model selection algorithm (Lofton et al. 2021) to identify the importance of
environmental predictor variables. The algorithm was based on the auto.arima function in the
forecast package in R (Hyndman and Khandakar, 2008; Hyndman et al. 2021) which compared
fitted models to a global model (all possible predictors) and a null persistence model with just
one autoregressive term (AR(1)). We selected the environmental model with the lowest corrected
Akaike information criterion (AlCc), as well as models within 2 AICc units (Burnham and
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359  Anderson, 2002). Models were limited to include one autoregressive term (Hounshell et al.
360  2022).

361
362 3 Results
363 3.1 Phenology of CO2 and CHa fluxes

364 High-frequency EC time series (measured and gap-filled) data show that FCR was

365  generally a net source of both CO2 and CHjs to the atmosphere throughout the year-long study
366  period, with substantial variability at the hourly, daily, weekly, monthly, and seasonal scales

367  (Figs. 2, S3, S4; Tables S5, S6). At the hourly scale, mean CO; fluxes ranged from -29.14 to

368 39.19 pmol m?2 s with a mean hourly flux of 1.66 + 4.25 pmol m-? s (1 S.D.) as aggregated
369  over the year. Mean hourly CHs fluxes ranged from -0.0479 to 0.0750 pmol m s with a mean
370 hourly CHs flux of 0.0027 + 0.0071 pmol m? s (Fig. S3; Table S6). At the daily scale, mean
371 CO; fluxes ranged from -4.16 to 11.80 pmol m st with a mean flux of 1.66 + 2.07 umol m2 s,
372 and -0.0078 to 0.0188 pmol C m2 s for CH4 with a mean flux of 0.0027 + 0.0043 pmol m?2 st
373 (Fig. 2; Tables S5, S6).

374 Diel comparisons between measured (i.e., not gap-filled) EC fluxes reveal significantly
375  higher measured CO; fluxes during the day (1100 to 1300) as compared to night (2300 to 0100;
376  p=0.02; Fig. 3; Table S7), but no statistically significant difference between measured day and
377 night CH4 fluxes (p=0.43; Fig. 3; Table S7). The difference between median day-night CO>

378 fluxes was 0.38 umol m2 s and ranged up to 2.19 pmol m2 s in summer. Importantly, wind
379  speed was also significantly greater (0.20 m s) during the day as compared to night (p<0.001;
380  Fig. 3; Table S7), which likely explains higher daytime fluxes (following Cole and Caraco,

381  1998). We also observed significantly higher median CO> fluxes measured at dawn (0500 to
382 0700; 1.31 umol m? s?) as compared to dusk (1700 to 1900; 0.11 umol m2 s%; p<0.001; Fig 3;
383  Table S7) and higher median dawn wind speeds (p<0.001). For CHa, there was no statistical
384  difference between dawn and dusk fluxes.
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Figure 2. A. Daily mean carbon dioxide fluxes (CO2, umol m? s) and B. daily mean methane

386
387

fluxes (CHa, umol m2 s) measured from April 2020 to April 2021 using eddy covariance (EC,
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red) and calculated discrete diffusive fluxes (Diff, blue) using the mean and standard deviation of
multiple gas transfer coefficient models (Ksoo; Winslow et al. 2016b). Grey dots represent
measured half-hourly fluxes from the EC. The dark red line represents daily mean fluxes,
including gap-filled time points. The shaded red area represents +1 standard deviation of the
daily 30-minute fluxes using both measured and gap-filled EC fluxes. The vertical dotted line
indicates reservoir fall turnover. C. Mean monthly CO; fluxes (umol m2s?) and D. Mean
monthly CHa fluxes (umol m st) aggregated from measured and gap-filled EC data. The error
bars correspond to £1 S.D. of aggregated fluxes for both measured and gap-filled EC values. The
horizontal dashed line indicates zero fluxes.

Hourly CO: diffusive fluxes calculated from grab surface samples were an order of
magnitude lower than EC fluxes and ranged from -1.65 to 35.96 pmol m=2 s, with a mean flux
of 0.38 + 0.92 pumol m? s (Figs. 2, S5; Table S5, mean diffusive fluxes). The magnitude of
diffusive fluxes was highly sensitive to the gas transfer coefficient method (keoo) used in flux
calculations (Eqg. 1). Varying the gas transfer coefficient method led to a range of mean hourly
CO; fluxes from 0.18 pmol m2 s (Crusius method; Crusius and Wannikof, 2003) to 0.95 pmol
m2 st (Maclntyre method; Maclintyre et al. 2010; Table S5; Fig. S5). Hourly CH4 diffusive
fluxes were more comparable to measured EC fluxes, with a range of -0.0059 to 0.0928 pumol m-
2 sl and a mean of 0.0048 + 0.0074 umol m2 st (Figs. 2, S5; Table S6, mean diffusive fluxes).
For CHa, different gas transfer coefficients led to a range of 0.0018 umol m=2 s (Crusius
method; Crusius and Wannikof, 2003) to 0.0121 pmol m2 s (MacIntyre method; Maclntyre et
al. 2010; Figs. S6, S7 Table S6). For both CO2 and CHa4, diffusive fluxes were within the range
of measured and gap-filled EC fluxes (Fig. 2; Table S6).

At the seasonal scale, both CO2 and CHs fluxes were greater in magnitude and more
variable during the summer than winter (Fig. 2). During the summer months (June — August),
FCR was an overall source of CO2 and CHjs to the atmosphere (Fig. 2). There were particularly
high CO- fluxes from FCR during July 2020 and high CH4 fluxes in late summer (July — August;
Fig. 2). FCR was a small CO- sink immediately following reservoir turnover (i.e., mixing due to
surface cooling) in October 2020, while CH4 fluxes declined but remained positive immediately
following turnover. From September to April, FCR was a small CO. source, but emitted less CO-
than during the summer. For CH4, FCR was almost net neutral from late fall to early spring
(November to April), especially compared to larger CH4 emissions during the summer. We note
that comparisons between measured and gap-filled (modeled) EC fluxes suggest that the gap-
filled method used in this study likely underestimated total CO2 and CHg4 fluxes (Fig. S1). Thus,
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the EC fluxes presented in this study are likely a conservative estimate of FCR's total

contribution of GHGs to the atmosphere.
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Figure 3. Diel (day versus night) comparisons of A. carbon dioxide (CO2, pmol m?s™), B.
methane (CH4, pmol m2s?), and C. wind speed (m s) measured using the eddy covariance
(EC) system deployed at Falling Creek Reservoir. Points represent the median flux calculated for
each day (1100 to 1300) and night (2300 to 0100) when measured EC data were available. Dawn
(0500 to 0700) versus dusk (1700 to 1900) comparisons of D. CO3, E. CH4, and F. wind speed.
Wilcoxon sign-ranked tests were used to determine statistical significance between paired (day to
night; dawn to dusk) measurements. Statistical significance was defined a priori as p<0.05;
asterisks indicate statistically significant differences. n indicates the number of paired
measurements (Table S7). For CO2 (A. and B.) some outliers were omitted for data presentation
but retained for analysis.
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3.2 Influence of intermittent, partial ice cover on CO2 and CHj fluxes

Throughout the winter period, CO2 and CH4 mean fluxes were much lower than in the
summer, with small to no differences in fluxes between the intermittent ice-on or ice-off winter
periods (Fig. 2). When aggregating measured half-hourly fluxes across each ice-on and ice-off
period, there was no statistically-significant difference between median CO2 and CHj fluxes
measured during complete ice-off vs. intermittent ice-on for either the first or second ice-on/ice-
off periods (Kruskal-Wallis p>0.05; Fig. 4; Table S8).
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Figure 4. Mean daily fluxes during the winter for A. Carbon dioxide fluxes (COz, pmol m? s™)
and C. Methane fluxes (CH4 pmol m s) during sequential partial ice-on (“On”) and complete
ice-off (“Off”) periods at Falling Creek Reservoir. Grey dots represent measured half-hourly
fluxes while the solid red line indicates mean daily fluxes. The shaded red area corresponds to
the standard deviation (£1 S.D.) of the daily mean fluxes. The blue vertical dashed lines
correspond to partial ice-on while the red vertical dashed lines correspond to complete ice-off.
Boxplots of measured B. CO2 and D. CHa fluxes during each ice-on and ice-off period. For each
box plot, the median is represented as the bold line while the 25" and 75™ percentiles are
represented as the bottom and top of the box, respectively. The whiskers represent minimum and
maximum values (1.5x interquartile range). Points represent all half hourly fluxes measured
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separated by each ice-on and ice-off period. The dashed horizontal line corresponds to zero
fluxes.

3.3 Dominant timescales of variability

CWT analysis identified several important timescales of variability for both CO2 and CH4
fluxes, including: sub-daily (12 hour), daily (1 day), weekly (7 days), and approximately
monthly (hereafter, monthly) (Figs. 5, S8). Overall, the monthly timescale was the most
dominant timescale of variability for both CO, and CHj4 fluxes, as determined by the global
power spectrum aggregated across the entire time series (Fig. 5), and most likely to be a
statistically-significant timescale during the summer, fall, and winter. The weekly timescale was
also a significant timescale of variability for both GHGs during the summer and fall. In
comparison, the daily and subdaily timescales were less consistently important for both fluxes.
Over the year-long study, 76 days exhibited significant variability at the daily timescale for CO;
and 82 days for CHs, both mainly in the summer, while the sub-daily scale was important for
CO2 on 34 days and CH4 on 34 days during the summer (Fig. S9).

3.4 Environmental predictors of CO2 and CH4 fluxes

Overall, surface water temperature was found to be the most important environmental
predictor for both CO. and CHg fluxes over all timescales (hourly, daily, weekly, monthly),
followed by DO sat (Table 1). Chl-a, fDOM, and inflow were only intermittently important for
CO- and CHa fluxes at various timescales (Tables 1, S9). Both temperature and DO sat were
negatively correlated with CO> at the hourly timescale, but positively correlated at the daily,
weekly, and monthly timescales. CO. fluxes were negatively associated with Chl-a at the daily
timescale while CO2 was positively correlated with fDOM at the hourly, daily, and weekly
timescales. Inflow was positively correlated with CO; fluxes, but only at the daily timescale.
Across all timescales, the best-fitting ARIMA model for CO2 was identified at the monthly
timescale (RMSE=0.33 pmol m s1), with descending RMSE for the daily, weekly, and hourly
models ranging from 0.47-0.74 umol m?2 s (Tables 1; S8).

Similar to CO2, CHg fluxes were correlated with surface water temperature at all
timescales followed by DO sat, with negative correlations with temperature at the hourly

timescale and positive correlations with temperature at the daily, weekly, and monthly
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timescales. At the hourly and monthly timescales, CH4 was negatively correlated with DO sat,
and negatively correlated with inflow at the weekly timescale. Contrary to CO,, CH4 fluxes were
positively correlated with Chl-a at the daily timescale and fDOM was not identified as an
important environmental predictor at any timescale. Overall, the best-fitting ARIMA model was
identified at the daily timescale (RMSE=0.45 pmol m s!) with descending RMSE for the
monthly, weekly, and hourly models ranging from 0.51-0.73 umol m? s (Tables 1, S9). Full
ARIMA results are reported in Table S9.
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Figure 5. Mean global power spectra showing dominant time scales of variability for the entire
time series of A. carbon dioxide fluxes (CO2, pmol m2 s*) and C. methane fluxes (CHa, pmol m-
2 s, as identified in continuous wavelet transforms (CWTs) and truncated to 60 days. The
purple box in A. and C. indicates the half-hour to two-day timescale expanded in panel B. for
CO2 and D. for CHj4 fluxes. Vertical dashed lines indicate significant time scales (30 days, 14
days, 7 days, 1 day, and 12 hours) throughout the 60-day time period. The CWTs are shown in
Figure S8.
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Table 1. Best-fit results from Autoregressive Integrated Moving Average (ARIMA) analysis

GHG | Timescale Model Surface DO Sat. Chl-a fDOM Inflow Thermo. RMSE
Order Temp (°C) (%) (ug L) (RFU) (m3s?) Depth (m)  (umol m? s1)
CO; Hourly  (0,1,4) -0.72 -0.09 - 0.07 - - 0.74
Daily  (0,0,4) 0.30 0.17 -0.16 0.14 0.21 - 0.47
Weekly  (0,0,0) 0.21 0.59 - 0.30 - - 0.55
Monthly ~ (0,0,0) 0.40 0.68 - X X - 0.33
CHa Hourly (1,1,3) -0.29 -0.04 - - - - 0.73
Daily (1,0,3) 0.48 - 0.14 - 0.00 - 0.45
Weekly  (0,0,1) 0.56 - - -0.34 - 0.56
Monthly  (0,0,0) 0.97 -0.54 - X X - 0.51

Note: Table includes only the top selected model (lowest corrected Akaike Information Criterion, AICc) which included at least one
environmental predictor. Models are separated by greenhouse gas (GHG) flux as carbon dioxide (CO2) and methane (CH4) as well as

by timescale (hourly, daily, weekly, monthly). Environmental predictors included: Surface temperature (Surface Temp, °C), dissolved

oxygen saturation (DO Sat, %), Chlorophyll-a (Chl-a, pug L), fluorescent dissolved organic matter (fDOM, RFU), inflow discharge

(Inflow, m* s1), and thermocline depth (Thermo. Depth, m). Model order is specified as (p,d,q) where p is the order of the AR term, d
is the order of the integration term, and q is the order of the MA term. For brevity, the autoregressive (AR) and moving average (MA)

terms have been removed but can be found in the supplemental information. Results for all models with 2 AICc of the best fitting

model, can be found in the supplemental information (Table S9). Dashed lines indicate environmental parameters that were not

identified as statistically significant. X’s indicate environmental variables which were removed prior to modeling due to collinearity
(Pearson’s rh0>|0.70|). The root mean square error (RMSE) is reported for each model. Standard errors for each parameter value are

given in Table S9.

21



508

509
510
511
512
513
514
515
516
517
518
519
520

521

522
523
524
525

3.5 Net CO; and CHj4 balance for a small, eutrophic reservoir

CO2 and CHg fluxes summed across the entire year indicate that FCR is an overall source
of CO, and CHa to the atmosphere. According to EC fluxes, FCR released 630 g CO.-C m and
1.02 g CH4-C m for the entire year. This annual GHG balance was driven by large fluxes of
CO2 and CHg4 during the summer, as CO2 and CH4 fluxes were 3x and 23x greater, respectively,
during the summer stratified period (April — October) as compared to the winter and early spring
(November — March; Fig. 6). Net emissions during the warmest months (June — September, 376
g CO2-C m) represented 61% of the total annual net CO2 flux as compared to the coldest
months (December — March) when only 60 g CO,-C m was emitted (9.3% of the total annual
COy). Similarly, for CH4, 72% of the total annual net CH4 flux was released during the warmest
months (June — September) and only 2.5% during the coldest months (December — March; 0.73
and 0.02 g CH4-C m). Cumulatively, the amount of CO-C released from FCR was three orders

of magnitude greater than the mass of CH4-C released.
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Figure 6. Annual cumulative fluxes for A. carbon dioxide (CO2, g C m?) and B. methane (CHa,
g C m) using gap-filled eddy covariance fluxes from Falling Creek Reservoir. Shaded areas
correspond to the aggregated standard deviation (1 S.D.) of measurements. The horizontal
dashed line corresponds to zero and the vertical dotted line indicates reservoir fall turnover.
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4 Discussion

This study provides the first annual-scale estimates of CH4 and CO; fluxes using an EC
system from a small reservoir and indicates that GHG emissions from small freshwater
waterbodies may be substantially underestimated compared to past studies. Importantly, FCR
had an order of magnitude lower net annual CHs fluxes but 6x higher net annual CO- fluxes per
area than the mean of previous estimates of CH4 and CO> fluxes from reservoirs around the
world (mean 43.8 g CHa-C m? yr; 120.5 g CO,-C m2 yr'*; Deemer et al. 2016). Even compared
to more recent EC studies, FCR was a smaller source of CHa (30 - 64 g CH4-C m™2 yr!; Waldo et
al. 2021), yet a much larger source of CO2 (-53.6 — 164.7 g CO,-C m2 yr!; Baldocchi et al.
2020; Golub et al. 2021) to the atmosphere. Altogether, our work reveals substantial variability
in both CH4 and CO: fluxes over sub-daily to seasonal scales and underscores the need for more
accurately quantifying the GHG contributions of small reservoirs on multiple timescales.

4.1 Substantial variability in sub-daily fluxes, with higher day than night CO; fluxes

A key advantage of an EC system is the ability to capture variability in sub-daily GHG
fluxes throughout the year. Our continuous wavelet transform (CWT) analysis identified the sub-
daily (12-hour) timescale as an important timescale of variability for both CO, and CHj4 fluxes,
especially in the summer (Figs. S8, S9). Our work complements previous studies of freshwater
systems using EC measurements that observed high sub-daily variability in both summer CO>
(Liu et al. 2016; Golub et al. 2021; Shao et al. 2015) and CH4 fluxes (Eugster et al. 2011;
Podgrajsek et al. 2014; Waldo et al. 2021).

We observed significantly higher CO fluxes during the day as compared to night (Fig.
3A), but no diel differences in CH4 fluxes using measured EC fluxes aggregated over the full
year (Fig. 3B). Previous studies have also observed diel patterns in GHG fluxes: e.g., some lake
and reservoir studies have shown higher CH4 fluxes observed during the night (Eugster et al.
2011; Podgrasjek et al. 2014; Waldo et al. 2021) and higher CO> fluxes at night in streams
(Attenmeyer et al. 2021; Gomez-Gener et al. 2021). Other studies, however, have found a
positive relationship between CHs fluxes and surface water temperature at the half-hourly
timescale, which results in higher CH4 fluxes during the day as compared to night (Erkkilia et al.
2018; Jammet et al. 2017; Podgrasjek et al. 2016). We hypothesize that statistically higher wind
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speeds during the day at FCR (Fig. 3C) likely resulted in higher observed CO; fluxes measured
by the EC due to higher piston velocities, leading to more effective daytime gas transfer (Erkkilia
et al. 2018) - despite potentially lower CO2 concentrations in the water column due to daytime
photosynthetic uptake. For CHa, our analyses reveal little difference in day vs. night CHs fluxes
at FCR.

The discrepancy between the hourly ARIMA results, which identified a strong negative
relationship between surface water temperature and hourly GHG fluxes, and the greater daytime
EC fluxes of CO2 may be due to the timing of our day vs. night sampling periods. The hourly
ARIMA results imply that cooler temperatures at night are associated with higher CO fluxes,
despite overall higher CO> fluxes observed in warmer daytime periods. This may be because the
mean maximum and minimum surface water temperatures in FCR occurred at 1800 and 0600,
respectively, outside of the time periods used to calculate median day (1100 to 1300) and median
night (2300 to 0100) fluxes in the diel analysis (Figs. 3, S10). Studies conducted in other lakes
found CO> flux minima during the late afternoon (~1800) and CO; flux maxima during the early
morning (~0600; Liu et al. 2016; Shao et al. 2015). Indeed, we found statistically higher CO>
fluxes measured during dawn (0500 to 0700) as compared to dusk (1700 to 1900), suggesting a
close relationship between temperature and CO> fluxes, even when outside of the traditional day

(noon) versus night (midnight) time periods (Figs. 3, S10).

In addition to water temperature, we also found DO saturation (sat) to be an important
predictor for both CO2 and CH4 fluxes with negative correlations at the hourly scale. DO sat is an
indicator of primary production, with high DO sat associated with high primary production. We
hypothesize the negative relationship between DO sat and CO: fluxes reflect a weak, but
potentially important, role of primary production in constraining fluxes via CO2 uptake. Previous
studies have identified a weak negative relationship between primary production and CO> fluxes
on the sub-daily timescale in other eutrophic, freshwater lakes and reservoirs; with stronger
relationships at longer timescales (Liu et al. 2016; Shao et al. 2015). Other studies have
measured high rates of CH4 oxidation in the surface waters of lakes and reservoirs (Schubert et
al. 2012), with positive correlations between DO and CH4 oxidation rates (Glinthel et al. 2019).
Thus, unlike for CO, where the negative relationship with DO sat is likely an indicator of
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elevated phytoplankton production, we hypothesize the negative relationship between CH4 and

DO sat on the hourly scale is due to CH4 oxidation.

Our results provide additional evidence that the time of sample collection has important
implications for upscaling freshwater GHG fluxes to longer timescales (Attenmeyer et al. 2021,
Gomez-Gener et al. 2021). A previous study conducted in FCR which estimated CO, and CH4
diffusive fluxes using discrete GHG measurements collected at ~noon, concluded FCR was often
a small COz sink during the summer stratified period in 2015-2016 (McClure et al. 2018),
whereas our near-continuous EC data indicate that FCR was an overall CO> source throughout
the summer in 2020. While the flux magnitudes measured by McClure et al. (2018) were similar
to the present study, the overall conclusions are different due to the temporal resolution of
sample collection. A similar comparison can be found between EC and diffusive fluxes measured
during this study, in which higher CO fluxes were observed using the EC system than diffusive
fluxes computed from discrete samples for GHG measurements collected only during the day
(~noon; Fig. 2). While the discrepancy between day vs. night and dawn vs. dusk fluxes is most
evident for COg, results from this study suggest we might be missing a key component of CH4

fluxes with only daytime measurements.
4.2 Important role of chlorophyll-a in constraining daily CO, and CHa fluxes

CWT analysis also identified the daily timescale as an important timescale of variability
(Fig. 5). Unlike at the hourly timescale, CO2 was positively correlated with DO sat and
negatively correlated with Chl-a at the daily timescale (Table 1). While this result seems
counterinitiative, we hypothesize that the magnitude of CO. fluxes was greatest on days with
high daytime Chl-a but low nighttime DO sat due to high respiration. Chl-a concentrations were
highest in the late-summer and early-fall before and after fall turnover, which corresponded to
lower and more variable DO sat (Fig. S2). Conversely, CH4 fluxes were not correlated with DO
sat at the daily scale but were positively associated with Chl-a, suggesting higher CH4 fluxes
with higher Chl-a. Chl-a has been shown to be positively correlated with CH4 fluxes measured
on weekly to twice-weekly timescales, including in FCR (Deemer and Holgerson 2021;

DelSontro et al. 2018; McClure et al. 2020). Results here confirm these previous studies but also
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suggest potentially different controls on CH4 fluxes on shorter, sub-daily timescales, as discussed

above.
4.3 Temperature, DO, and fDOM drive weekly to monthly fluxes

While several studies have found the sub-daily and daily timescales to be important,
comparably fewer studies have investigated longer timescales of variability (weekly to monthly),
although these timescales convey important information related to weather patterns and
seasonality (Liu et al. 2016; Reed et al. 2018). We found the weekly timescale to be an important
timescale of variability for both GHG fluxes (Fig. 5), exclusively during the summer stratified
period for CH4 and in the late spring and summer period for CO; (Figs. S8, S9), which may be
related to meteorological and limnological (e.g., inflow, primary production) dynamics operating
on weekly timescales. At longer timescales, CO2 and CH4 flux variability started to diverge, in
which the sub-monthly (~20 days) timescale was found to be important for CO. while the 6-
week timescale (~45 days) was found to be important for CHa4 (Fig. 4). For CO., recent studies
using EC systems to measure CO- fluxes in freshwater systems also found the weekly and
monthly timescale to be important, though the mechanisms were not identified (Baldocchi et al.
2020; Golub et al. 2021).

On weekly to monthly timescales, water temperature was positively associated with both
GHG fluxes, as evidenced by higher fluxes in the summer than winter (Fig. 2). Strong
correlations between GHG fluxes and temperature have been observed in freshwater ecosystems
on longer timescales (monthly to seasonally; Eugster et al. 2011; Reed et al. 2018), largely due to
higher rates of primary productivity and microbial respiration under elevated temperature. At the
monthly timescale, results suggest that CO> fluxes were greatest during months with high
primary productivity, as has been observed previously (Liu et al. 2016; Shao et al. 2015). Similar
to the daily scale, we hypothesize the negative relationship between DO sat and CH4 fluxes at the
monthly timescale is due to high oxidation rates of CH4 under high DO sat (Giinthel et al. 2019;
Schubert et al. 2012).

Importantly, fDOM was identified as a key positive environmental predictor for CO>
fluxes at multiple timescales. A similar positive relationship between terrestrially-derived DOM

and dissolved CO> was identified in 48 Canadian streams (D’ Amario and Xenopoulos, 2015). As
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fDOM sensors are thought to mainly capture allochthonous DOM (Howard et al. 2021; Watras et
al. 2015), this finding suggests that allochthonous DOM from the reservoir’s primary inflow
steam or diffuse overland flow may result in elevated CO, emissions from freshwater
ecosystems. This follows previous research which has identified allochthonous carbon inputs and
associated DOC concentrations as important predictors of CO; fluxes in lakes (Sobek et al.
2005). Unlike for CO,, fDOM was not identified as an important environmental predictor for
CHa fluxes at any timescale, suggesting that autochthonous DOM (i.e., derived from primary
production) and CHg oxidation are likely more important determinants of CH4 fluxes (Deemer
and Holgerson 2021; DelSontro et al. 2018; McClure et al. 2020; Schubert et al. 2012).

4.4 Minimal role of fall turnover and ice cover in affecting GHG dynamics

Contrary to previous studies conducted in both FCR and other thermally-stratified
waterbodies (e.g., Erkkilia et al. 2018; McClure et al. 2018; 2020), we observed low CO and
CHjs fluxes during the days surrounding fall turnover (1 November 2020), when EC data indicate
that FCR was a small CO2 source followed by a small CO; sink in the days following turnover
(Fig. 2). Studies conducted in eutrophic Lake Mendota, USA found similar instances of CO>
uptake following fall turnover (Baldocchi et al. 2020; Reed et al. 2018); however, unlike FCR,
Lake Mendota was a large CO- sink throughout the summer stratified period. Discrete diffusive
fluxes measured on the day of turnover also suggest FCR was a small CO- source (Figs. 2, S4).
Similar to CO2, we found the magnitude of CH4 fluxes decreased following turnover but
remained a small source (Fig. 2). McClure et al. (2018) observed episodic release of CHs from
FCR on the weeks prior to turnover as high concentrations of CH4 that had accumulated in the
middle of the water column were emitted during storms. In the weeks prior to turnover in this
study, we did observe a peak in CH4 emissions (Figs. 2, S11), supporting this observed
mechanism (McClure et al. 2018), and decreasing the importance of fall turnover as a single

pulse of emissions.

This study provides some of the first near-continuous flux measurements of both CO> and
CHa during winter (Fig. 4). We found no statistically significant difference between CO2 or CHa4
fluxes measured during complete ice-off versus partial ice-on, with low fluxes observed during

both periods (Fig. 4; Table S8). This lack of difference may be due to emissions occurring from
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spatially-heterogeneous sites across the reservoir that exhibited brief ice thaw during the day and
refroze at night. Of the few studies that report GHG fluxes during ice-on, all report low fluxes
with low variability (Baldocchi et al. 2020; Jammet et al. 2015, 2017; Reed et al. 2018), similar
to FCR, although these studies do note high fluxes immediately following ice-off for both CO;
and CHas (Anderson et al. 1999; Baldocchi et al. 2020; Gorsky et al. 2021; Jammet et al. 2015,
2017; Podgrajsek et al. 2015), which was not observed at FCR. Further work on the effect of ice
cover on GHG fluxes is needed, but our study suggests that the increasing intermittent and partial
ice-cover being experienced in many lakes worldwide (Imrit and Sharma, 2021; Sharma et al.

2021; Woolway et al. 2020) may increase annual GHG fluxes.
4.5 Much higher annual CO2 emissions from FCR than other studied reservoirs

FCR was a much smaller annual CH4 source, yet a larger CO- source, than other
reservoirs reported in the literature to date (Baldocchi et al. 2020; Deemer et al. 2016; Golub et
al. 2021). As compared to other reservoirs with GHG flux data, FCR is old (>100 years old)
which may lead to lower GHG emissions, particularly CH4 (Barros et al. 2011; McClure et al.
2020; Prairie et al. 2018). Despite its age, however, FCR is a much larger CO2 source as
compared to other lakes and reservoirs, suggesting emissions may still be high due to

mechanisms unexplored in this study.
4.6 Challenges of using EC systems in small, freshwater lakes and reservoirs

While the study described here greatly expands the temporal frequency of measured CO-
and CHg4 fluxes from a small, eutrophic reservoir, several caveats must be taken into
consideration. First, while EC systems greatly expand the temporal resolution of GHG fluxes
from freshwater ecosystems, data must be carefully interpreted. EC systems are notoriously
difficult to use in freshwater ecosystems due to footprint considerations (Vesala et al. 2006),
frequent occurrences of low u= values, particularly at night (Vesala et al. 2006), as well as
general considerations resulting in high percentages of data removed due to these and other
issues (yielding data coverage of 10 — 40% prior to gap filling; e.g., Baldocchi et al. 2020;
Erkkilia et al. 2018; Houtari et al. 2011; Ouyang et al. 2017; Shao et al. 2015; Waldo et al. 2021,
Table S2). These factors can result in relatively sparse data coverage which require gap filling

techniques to develop a continuous time-series, as described above, and can increase the
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uncertainty of fluxes estimated with the EC system (Baldocchi et al. 2020; Golub et al. 2021,
Shao et al. 2015) which were unaccounted for in the current study. Indeed, comparisons between
EC measured fluxes and gap-filled fluxes in this study suggest we may be underestimating GHG
fluxes from FCR (Fig. S1). In addition, we are unable to rule out potential non-local processes
(e.g., land-lake interactions) which occur outside the footprint and are entrained or advected into
the EC footprint area (Esters et al. 2020; Vesala et al. 2006, 2011). While these are important
considerations, the timeseries of data collected by the EC system is still far more comprehensive
than what is possible from discrete measurements (Anderson et al. 1999; Eugster 2003; Houtari
et al. 2011; Jonsson et al. 2008) and is needed to increase our understanding of GHG fluxes from

small reservoirs on multiple temporal scales.

5 Conclusions

Overall, we observed FCR to be a source of CO2 and CHj4 to the atmosphere on annual
timescales (~600 g CO-C m?2 yrt; ~1.0 g CH4-C m2 yrt). Importantly, by measuring fluxes
near-continuously for a full year, we found winter fluxes of both CO. and CHa to be
comparatively smaller (9.3 and 2.5% of total annual fluxes, respectively) than the summer
stratified period yet still important for annual GHG fluxes. Intermittent periods of partial ice-on
and ice-off had little effect on either CO2 and CHj4 fluxes, suggesting that winter fluxes can
contribute to annual GHG fluxes from lakes and reservoirs regardless of ice cover. Finally, we
identified the importance of both surface water temperature and several other limnological
variables (DO sat, Chl-a, fDOM), on both CO> and CHj4 fluxes on multiple timescales.
Altogether, our results suggest that CO2 and CH4 are highly dynamic on multiple temporal scales

and highlight the role of small reservoirs as important GHG sources in global budgets.
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The eddy covariance dataset and associated QA/QC code for this study can be found in the
Environmental Data Initiative repository via
https://doi.org/10.6073/pasta/al1324bcf3e1415268996ba867c636489 (EDI; Carey et al.2022a).
Additionally, code used for the timeseries, Morlet wavelet, and ARIMA analyses are archived at
https://doi.org/10.5281/zen0d0.6093946 (Zenodo; Hounshell et al. 2022). Additional datasets
including the meteorological data set (https://portal-

s.edirepository.org/nis/mapbrowse?scope=edi&identifier=143&revision=14, Carey et al. 2022c),
limnological dataset (https://doi.org/10.6073/pasta/81c6c76f4fe22434a20aa8c00f2d4ad1, Carey
et al. 2022d), inflow discharge
(https://doi.org/10.6073/pasta/c65755d4c0102dde6e3140c1c91b77d6, Carey et al. 2022¢), ice-
cover (https://doi.org/10.6073/pasta/a23233527aa90638b2cd3075627¢c91e6, Carey 2021), and
dissolved discrete grab greenhouse gas concentrations
(https://doi.org/10.6073/pasta/2fbh836492aace4c13b7962f2718be8e5, Carey et al. 2022b) are also

archived in the EDI. All published data sets and code are available under the Creative Commons

License - Attribution.
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