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Abstract

The transport of methane from sediments to the atmosphere by rising gas bubbles (ebulli-
tion) can be the dominant, yet highly variable emission pathway from shallow aquatic eco-
systems. Ebullition fluxes have been reported to vary in space and time, as methane
production, accumulation, and bubble release from the sediment matrix is affected by sev-
eral physical and bio-geochemical processes acting at different timescales. Time-series
analysis and empirical models have been used for investigating the temporal dynamics of
ebullition and its controls. In this study, we analyzed the factors governing the temporal
dynamics of ebullition and evaluated the application of empirical models to reproduce these
dynamics across different timescales and across different aquatic systems. The analysis is
based on continuous high frequency measurements of ebullition fluxes and environmental
variables in a mesotrophic subtropical and polymictic freshwater reservoir. The synchroniza-
tion of ebullition events across different monitoring sites, and the extent to which ebullition
was correlated to environmental variables varied throughout the three years of observations
and were affected by thermal stratification in the reservoir. Empirical models developed for
other aquatic systems could reproduce a limited fraction of the variability in observed ebulli-
tion fluxes (R? < 0.3), however the predictions could be improved by considering additional
environmental variables. The model performance depended on the timescale. For daily and
weekly time intervals, a generalized additive model could reproduce 70 and 96% of ebullition
variability but could not resolve hourly flux variations (R = 0.19). Lastly, we discuss the
potential application of empirical models for filling gaps in ebullition measurements and for
reproducing the main temporal dynamics of the fluxes. The results provide crucial informa-
tion for emission estimates, and for the development and implementation of strategies tar-
geting at a reduction of methane emissions from inland waters.
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Introduction

Freshwater reservoirs play a vital role in the global carbon cycle [1] and emit large amounts of
greenhouse gases, including methane, to the atmosphere [2]. Bubble mediated transport of
methane, i.e. methane ebullition, is an important pathway of methane emissions in shallow len-
tic ecosystems [3]. At the same time, ebullition is an episodic and highly variable process [4, 5].

Spatially, ebullition is reported to vary across different water bodies as well as within individ-
ual systems. Sediment deposition, quality and quantity of organic matter content, nutrients, and
sediment temperature have been reported to affect methane production in bottom sediments
[6-8]. The accumulation of methane, the formation of gas voids, and the release of gas bubbles
from the sediment matrix is controlled by the complex interplay of physical aspects, including
grain size, total pressure and pressure changes at the sediment-water interface [9, 10] and bio-
chemical conditions, such as methane oxidation [11], or zooplankton migration [12].

In time, ebullition is highly variable at timescales ranging from minutes to seasons [13], as
it is influenced by the dynamics of multiple environmental variables. Atmospheric conditions
of low pressure and rapid decrease of hydrostatic pressure are known to promote bubble
release from the sediment, as with reduced pressure the bubbles expand and gain buoyancy
[14-16]. Other environmental variables, such as strong wind and high current velocities [5,
17], and warmer temperatures [18] are also reported to enhance ebullition fluxes.

The overlapping and sometimes delayed (asynchronous) effects of the environmental vari-
ables on ebullition, make it challenging to predict the fluxes. Past studies proposed mechanistic
approaches and empirical relationships to predict ebullition fluxes from aquatic systems. In
mechanistic approaches, ebullition is simulated by resolving the methane transport-reaction
equations with ebullition occurring above a threshold, commonly based on pressure, dissolved
gas concentration, or volume of free gas [19-21]. The process-based models have been devel-
oped in different ways, however, they commonly require information on methane production
and loss (others than ebullition) from the sediment [22, 23], while more complex models
require additional information on sediment properties, such as porosity and effective stress
[20, 24]. The required input data (e.g., boundary conditions), and the availability of measure-
ments for calibration make the application of mechanistic models for the simulation of ebulli-
tion challenging.

Statistical and data-driven models are less demanding in terms of input variables, however
the quality and quantity of input data directly affect the model performance. These empirical
models have been applied in previous studies for both testing the dependency of ebullition on
diverse environmental variables and for estimating the ebullition flux, and considered temper-
ature [18, 25], chlorophyll-a [26], littoral area and radiance [27], sediment organic matter con-
tent [28], wind speed [29], pressure, and pressure changes [29-31]. Nevertheless, the
applicability of these statistical and data-driven models across diverse systems and timescales
for reproducing ebullition dynamics has rarely been addressed. Ebullition drivers were shown
to change from one location to another of the same reservoir [29], while iterative forecasting
models with continuous update of model coefficients can potentially improve the prediction of
ebullition dynamics at weekly time scales [32]. Additionally, a recent study [33] highlighted
that advances are needed for the application of empirical models for the estimation of green-
house gas emissions from inland waters.

The analysis of ebullition time-series provide important and useful insights into ebullition
dynamics [13], while the use of ebullition time series in combination with time-series of envi-
ronmental variables allows for the identification of main environmental drivers [29, 30]. At
the same time, empirical models are powerful tools to fill measurement gaps, to support esti-
mates of emissions from systems where mechanistic approaches are no available, and to
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potentially reproduce the short-term temporal dynamics of ebullition. The ability of predicting
short-term temporal dynamics of ebullition, in contrast to mean fluxes, is important to identify
patterns and trends that may have been missed by considering mean fluxes. Moreover, as ebul-
lition is a highly dynamic process that can vary greatly at short timescales [13, 16], predicting
mean fluxes alone may not accurately capture this variability. Lastly, the identification of hot
moments in ebullition fluxes can guide practical applications targeting a reduction of methane
emissions from freshwater reservoirs [34, 35].

In the present study, we aim to improve the understanding of the temporal dynamics of
ebullition and its main controls. We revisited and complemented high frequency ebullition
measurements in a polymictic mesotrophic subtropical freshwater reservoir with an integrated
measurement approach. We analysed ebullition time-series in combination with an extensive
high temporal resolution dataset of environmental variables with the objectives (1) to evaluate
the dependency of ebullition on different drivers over time; (2) to test to what extent empirical
models can be applied across different systems to reproduce ebullition temporal dynamics;
and (3) to verify the capabilities of empirical models to reproduce ebullition temporal dynam-
ics at different timescales.

Material and methods
Study site

We analyzed measurements from a subtropical drinking-water reservoir (Passaina Reservoir),
located in the southern part of Brazil (25.53°S and 49.39°W, Fig 1). The reservoir was created
in 1989 by a dam constructed in the Passatna River. It has a surface area of 8.5 km? an average
water depth of 8.3 m, and maximum depth of ~18 m near the dam. The main water inflow to
the Reservoir is the Passatina River (average of 1.7 m?s ™! [36]) and the main water outflows
are the withdrawal at the water treatment plant (average of 1.8 m?®s 1), a bottom outlet near
the dam (with continuous discharge of 0.5 m?®s 1), and a free overflow at the spillway [37].

Several environmental parameters were monitored in the reservoir from February 2017 to
February 2020 and were reported in previous studies. The field monitoring was conducted in
cooperation with the reservoir operator Sanepar (Sanitation Company of Parana State), which
granted access to the study site and provided relevant data. In years without severe droughts,
the water level in the Reservoir fluctuates only slightly (for instance, during the monitoring
period, the maximum variation was 1.4 m over 3 months from July to September 2018). Pas-
sauna is a polymictic mesotrophic reservoir, the maximum observed water temperature near
the sediment was of 23.2°C (in February 2019), whereas the coldest temperature of 16°C
occurred in June 2018 and July 2019 [39]. During warmer periods, when the reservoir was
thermally stratified, the bottom water layer can become anoxic with dissolved oxygen concen-
trations less than 1 mg L™". High-frequency internal waves with periods ranging from 2.1 to
17.1 minutes were also detected in the reservoir, in which short periods (< 6.2 minutes) inter-
nal waves were reported during stratified conditions, whereas internal waves with longer peri-
ods were detected during mixed conditions [39].

The bottom sediment is characterized by unconsolidated fine-grained material with an
average Loss on Ignition (LOI at 550°C as an indicator for organic matter content) of 17% and
a highest fraction (up to 50%) found on the deepest regions [38]. Within the reservoir, two
main locations are preferred for sediment accumulation, upstream near to the main river
inflow and in the deepest region in front of the dam [38]. The top 10 cm of organic-rich sedi-
ment can produce and store methane. The average potential methane production for this top
layer obtained from incubated sediments was 2.2 mg CH, L™" d”!, while the mean gas content
stored in the sediment matrix was acoustically estimated as 4.6 L m~2in 2019 [40].
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Fig 1. Bathymetric map of Pasauna Reservoir with the location of sampling sites. The inset map shows the location
of the reservoir in Brazil and South America. The location of sensors in the reservoir is marked by different symbols
(see legend) and the colour scale shows the reservoir bathymetry. Reservoir’s bathymetric data and boundaries are
republished from [38] under a CC BY license, with permission from ELSEVIER, original copyright 2021.The
measurement period of each sensor is provided in S2 Fig. Ebullition was monitored at 4 sites using automated bubble
traps (ABT). The shallowest (~8 m depth) upstream site was labelled as P1 (also referred as Park, as there is a natural
park at the left-hand reservoir bank), site P2 (Intake) at ~12 m depth was placed in front of the water intake facility, site
P3 (Dam) is at the deepest (~14 m) region of the reservoir, and site P4 (Arm) was placed in a side-arm of the reservoir
which has ~10 m depth.

https://doi.org/10.1371/journal.pone.0298186.g001

Measurements and data

Here we analyzed time series of ebullition fluxes in combination with additional data from pre-
vious studies, including dissolved oxygen concentration, water temperature, water level, flow
velocity, acoustic backscatter in the water column, chlorophyll-a, and meteorological variables
(solar radiation, wind velocity and direction, atmospheric pressure, air temperature, and
humidity). All measurements and data are briefly described below and a summary of data
availability throughout the analysis period is shown in supporting information S1 Fig (sensor
locations are shown in Fig 1). Data gaps in the time series were caused by different issues,
including sensor failure, battery shortage, and maintenance requirements. Monthly field cam-
paigns were performed for data acquisition, sensor cleaning and maintenance.

Ebullition flux and potential methane production. Monitoring of ebullition fluxes in
the reservoir started in February 2017 and the results from the first year of measurements were
presented in [41]. Here we continued the gas flux monitoring with measurements until Febru-
ary 2020 at four locations (P1 to P4, see Fig 1) with automated bubble traps (ABT, Senect
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GmBH, Germany). The bubble traps were fixed to buoys and submerged in the water column.
Anchors weights attached to secondary buoys were used to keep the ABT position at 1.7-2.7 m
bellow the water surface (6 to 11 m above the bed). The ABT collected rising bubbles with an
inverse canvas funnel of 1 m diameter (0.78 m* opening area) attached to an aluminum frame.
The gas was channeled into an acrylic tube where the volume was measured by a calibrated dif-
ferential pressure sensor. The ABT recorded gas fill height, temperature, and pressure at 30 s
time intervals in an internal data logger. The accumulated gas was flushed by a valve when the
maximum fill height was reached, or every 12 hours.

The gas flux (in mL m 2 d™) was calculated for defined time intervals (5 min, 10 min, 1 hr,
and 1 d) as the total gas volume at standard pressure (1 atm) and temperature (20°C), as
described in [41]. To obtain the methane ebullition flux (in mgCH, m2d™"), the gas volume
was converted to methane mass using the ideal gas law with in-situ temperature and pressure,
and a mean constant methane fraction within the bubbles of 68.9% [40]. During the monitoring
period, we recorded valid data for 605 d at location P1, 680 d at P2, 549 d at P3, and 274 d at P4.

Time series at 5 min, 10 min, 1 hr, and 1 d time intervals of the potential methane flux at
the sediment water interface (PSWI) as a function of in-situ temperature were obtained from
[40]. The potential fluxes were estimated from depth-integrated production rates measured in
laboratory incubations of sediment cores sampled near the ABT’s locations, and corrected for
water temperature at the respective sampling sites.

Velocity field and acoustic backscatter. Vertical profiles of flow velocity were adopted
from [39]. The measurements were conducted using an upward-looking Acoustic Doppler Cur-
rent Profiler (ADCP Signature 1000, Nortek AS, Norway), which was deployed from February
2018 to February 2019 at the reservoir bottom next to ABT P2 (Fig 1). Vertical profiles of the
three components of the mean flow velocity were measured with 0.5 m vertical resolution over
the entire water column and with a temporal resolution of 5 min. In addition, the ADCP
recorded high resolution profiles (0.04 m vertical resolution and sampling frequency of 1 - 4
Hz) of the vertical velocity component (HR-Burst mode), and acoustic backscatter strength (full
water column profile). The temporal variations in acoustic backscatter measured in Passauna
was previously used as an indicator of zooplankton migration in the water column [39]. The
ADCEP also recorded the pressure, which was used to calculate time series of water depth.

Here we used the velocity time series to calculate the variance and the magnitude of root-
mean square fluctuations of the vector-averaged mean flow speed at the lowest sampling depth
(1.2 m above the sediment) and of the high-frequency fluctuations in the vertical velocity
(HR-Burst measurements for the water layer between 1 m to 3 m above the bed), respectively.
The statistical properties were estimated for defined time intervals (mean horizontal current
speed at 1 hr and 1 d and vertical velocity at 5 min, 10 min, 1 hr, and 1 d). The dissipation rate
of turbulent kinetic energy near the bottom (0.64-0.68 m from the bottom) at 10 min time
intervals was available from a previous study [39].

Dissolved oxygen concentration, water temperature, chlorophyll-a, and inflow dis-
charge. Dissolved oxygen concentration (~1 m below the water surface and 2 m above the
bed) and water temperature near the sediment were obtained from [39]. Dissolved oxygen was
measured at 5 min time interval by optical sensors (miniDOT, Precision Measurement Engi-
neering, Inc.) and the water temperature was measured by temperature loggers (Minilog-II-T,
Vemco, Bedford, NS, Canada) at 1 min time intervals [39]. The difference in water tempera-
ture between the surface and the bottom were used to calculate the relative water column sta-
bility (RWCS), which represents the relative thermal resistance to mixing [42]:

Prottom — psurfuce (1)
Pic = Psc

RWCS =
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Prottom AN Pyyrface are the water densities at the bottom and at the surface, respectively, ps-¢
and ps-c are the water densities at temperatures of 4°C and 5°C. The water density as a func-
tion of temperature was calculated using the UNESCO equation [43]. For RWCS > 56.5, the
reservoir is considered as thermally stratified, RWCS < 16.3 indicates a mixed water column,
and 16.3 < RWCS < 56.5 indicates partial stratification [44, 45]. In addition, the Schmidt sta-
bility (St) was also used as an indicator for mixed or stratified conditions [39]. Here we
assumed that the sediment temperature was in equilibrium with the overlaying water, and
therefore we adopted the bottom water temperature as the sediment surface temperature.

Time series of daily averaged chlorophyll-a concentration near the water surface were
adopted from [37] and were estimated from continuous measurements with a fluorometer
(FluoroProbe III, bbe moldaenke GmbH, Germany) deployed at 1.4 m water depth at the
monitoring site P2. The daily time-series of the Passauna river inflow discharge was obtained
from [46].

Meteorological data. Wind velocity and direction, solar radiation, air temperature, rela-
tive humidity, and atmospheric pressure were recorded by two weather stations located near
and at the reservoir, respectively (see Fig 1 for locations). A station at the reservoir dam was
installed in May 2018 (by the reservoir operator Sanepar) and recorded data at 10 min time
intervals. A second station was located at the Technology Institute of Parana (TECPAR) ~4
km away from the reservoir and recorded data at 1 min time intervals. Both data sets had fre-
quent gaps exceeding 10 days. Therefore, we combined the measured variables from both
weather stations (except for wind direction) to obtain a single continuous data set, in which
the data of the Sanepar station was complemented with the TECPAR measurements using lin-
ear fits between data from both stations. For our analysis, the meteorological data were aver-
aged over time intervals of 5 min, 10 min, 1 hr,and 1 d.

Data processing and analysis

Time series preparation. Several quality checks were applied to all time-series to remove
spurious data (e.g. identify and exclude sensor failure and sensors readings during mainte-
nance/deployment periods). The different environmental parameters were recorded at various
discrete time intervals (e.g. 30 s, 1 min, or 10 min) with different starting and ending times.
Therefore, after the data check and cleaning, time-series with regular and fixed time intervals
(5 min, 10 min, 1 hr, 1 d) were created for each variable in which the time refers to the end of
the considered intervals. Initially, high-resolution timetables (5 min and 10 min time steps)
were created, and linear interpolation was used when necessary to calculate the values at the
desired pre-defined timesteps (for instance, for adjusting the time-step from measured at
13:13 to pre-defined time at 13:15). In a second step, the 10 min time series were used to calcu-
late hourly and daily timetables by averaging.

Some variables were originally monitored/calculated only at longer time-intervals (such as
the velocity variance of horizontal currents, which were only available for time intervals > 1
hr, and Chlorophyll-a measurements were at daily time steps only). In these cases, we opted
for not downscaling the values to shorter time intervals, as this could introduce artificial tem-
poral dynamics and affect the subsequent analysis of the data. In total, daily time series of 30
environmental varijables were obtained (excluding ebullition fluxes, all the variables are listed
in S4 Fig). The final time series are available in the Zenodo repository [47].

Statistical analysis of ebullition time series. After data preparation, the temporal dynam-
ics of environmental variables and ebullition fluxes were evaluated by basic statistics
(averages * standard deviations, median values, and boxplots). The normality of the time-
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series was checked using Kolmogorov-Smirnov tests. The coherence of ebullition fluxes at dif-
ferent monitoring sites and timescales was tested using Spearman rank correlations (rs, for sig-
nificance level of 0.05) and the Kuramoto order parameter (r). As described by [48], the
Kuramoto order parameter indicates synchrony among different oscillators, in which r ranges
between 0 and 1, with r = 1 indicating perfect synchrony (oscillations in phase) and r = 0 per-
fect asynchrony (oscillations with opposing phase). Because the calculation of the Kuramoto
order parameter requires continuous time series, we used daily ebullition time-series simulta-
neously recorded at study sites P1, P2, and P3 for two periods: December 13™ 2018 —April 24™
2019 and June 05™ 2019 ~October 16" 2019. Location P4 was not included due to gaps in the
measurements. For the Kuramoto order parameter, we first filled missing values by linear
interpolation (for gaps up to 8 data points), removed linear trends in the time-series, normal-
ized them using z-scores, and finally calculated r for each time step based on the instantaneous
phase of each oscillator in a complex plane [48, 49]. Therefore, the calculated r represents the
synchrony of daily ebullition among the monitoring sites P1, P2, and P3.

The frequency distribution of variance in the ebullition time-series (linearly detrended 5
min time-series) was analyzed using power spectra. The spectra were estimated using the
Welch’s method with a Hamming window and 50% overlap. Wavelet analysis was used to
identify the variability of any existing periodicity over time. For this, the analytic Morse wave-
let was used to obtain continuous wavelet transforms. Additionally, coherence between ebulli-
tion and its main drivers in time-frequency domain was analysed using wavelet coherence
analysis. This analysis was conducted using the analytical Morlet wavelet in MatLab (Math-
Works R2023a). Alongside the magnitude-squared wavelet coherence, the phase lag of ebulli-
tion with respect to the driver was also obtained. The phase lag was graphically represented by
arrows, with the arrow direction corresponding to the phase lag on the unit circle.

Ebullition triggers and prediction. The relationship between methane ebullition flux and
possible environmental drivers (or controls) was initially explored using Spearman rank corre-
lations (for significance level of 5%) and Principal Component Analysis (PCA) with the main
variables with significant correlation and grouped by reservoir mixing conditions (based on
RWCS described above). The interrelation between methane ebullition and main (single) driv-
ers was further evaluated with wavelet coherence analysis, which allows to evaluate when and at
what frequencies the two time-series were correlated. The method is based on continuous wave-
let transforms to calculate the wavelet cross-spectrum and to obtain the magnitude-squared
coherence between two time-series. Values of magnitude-squared coherence range between 0
and 1, in which values equal to one indicate high coherence and values equal to 0 no coherence.

We tested eight empirical relationships (here also referred to as models or statistical mod-
els) proposed in previous studies in the last 10 years for calculating (methane) ebullition fluxes
(or in some models log-transformed fluxes) as a function of environmental variables (such as
temperature, pressure, and others). Our aim was to explore if the ebullition variability at Pas-
sauna reservoir can be described by the same set of variables as in other systems and to analyze
to what extent these models can be applied across different systems to reproduce the temporal
dynamics of ebullition. In this step we tested the models in two ways: with the same coeffi-
cients from the original studies and by recalculating the models’ coefficients based on our data-
set for Passatina reservoir. After that, we tested if the inclusion of additional environmental
variables in different model set-ups can improve the models’ capability to reproduce the tem-
poral dynamics of ebullition. Finally, we selected the model with the best performance in
reproducing daily ebullition fluxes to test at which timescales the model could resolve ebulli-
tion variability.

For applying the empirical models proposed in the literature, we used the time series at the
same time interval as reported in each respective study. The time intervals of estimated
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ebullition fluxes ranged between daily to biweekly. The models were tested to predict the accu-
mulated fluxes (as a representation for mean/seasonal ebullition) and to reproduce ebullition
temporal dynamics. The model’s capability to estimate the total accumulated methane flux was
evaluated by calculating the relative error (Rel.,,,,) between measured and simulated values, in
which a negative Rel.,,,, indicates an overestimation by the model and a positive Rel.,o, an
underestimation of accumulated fluxes. As continuous data are required for calculating accu-
mulated fluxes, we restricted the calculation of Rel,,,,, to two periods of continuous measure-
ments: June 26™ 2018 ~October 2™ 2018 and December 14" 2018 ~February 05™ 2019. The
model’s performance in reproducing ebullition temporal dynamics was evaluated through
three metrics: coefficient of determination (R?), root-mean-square error (RMSE), and Nash-
Sutcliffe efficiency (NSE) of measured and estimated non-log transformed fluxes. MatLab
codes of the empirical models tested and models’ performance calculations are available in the
Zenodo repository [47].

Results
Temporal dynamics of time-series

The measured variables were characterized by temporal variations of different magnitudes and
at different frequencies (Fig 2). Pronounced sub-daily variability was observed in velocity vari-
ance, DO at the bottom, and in RWCS, whereas variations in total pressure occurred mostly
over days. Seasonal and other longer-term trends were present in total pressure, DO and
RWCS. Inter-dependencies between parameters were also observed, for instance the concen-
tration of DO near the bottom was negatively correlated to RWCS (Spearman rank correlation
rs = —0.76 with p-val < 0.05). In periods when the reservoir was mixed, the DO near the bot-
tom tended to be higher, whereas the bottom water layer became anoxic during strong stratifi-
cation (see Fig 2B after end of November 2018).

The ebullition fluxes at Passaina reservoir were episodic and zero inflated. The fluxes were
not normally distributed (Kolmogorov-Smirnov test), which can also be observed in the box-
plots (see Fig 2E and S2 Fig), and thus, non-parametric methods were used for correlation
analysis. The average + standard deviation fluxes over the entire monitoring period at the
monitoring locations were 24.2 + 47.0 mgCH, m ~>d ~ ' (n = 605, median 0, range 0 - 264.1
mgCH, m ~ 2d 1) atsite P1, 33.8 + 49.3 mgCH, m "~ 2d ! (n = 680, median 3.8 mgCH, m ~ 2
d-1, range 0 - 238.7 mgCH, m ~ 2d Y atsite P2, 18.9 + 43.4 mgCH, m "~ 2d 1 (n =549,
median 0, range 0 - 587.1 mgCH, m ~>d ~ ') at the deepest site P3, and 19.1 + 39.8 mgCH, m
“?d ™" (n =274, median 0, range 0 - 175.1 mgCH, m ~ >d " ') at site P4. Generally, ebullition
was more frequent during summer and at the beginning of autumn (Dec-Apr), whereas dur-
ing winter (Jun-Aug) the events of bubble release became less frequent, often resulting in daily
median fluxes of zero during these months (see S2 Fig).

Spectral analysis was applied to time-series of methane ebullition at site P1, for which the
longest continuous record (of almost one year from December 13" 2018 to November 24"
2019) was obtained. Most of the variance of the time-series was associated with high frequen-
cies (> 10~ * Hz, S3 Fig), i.e. at time scales shorter than 3 h. A minor peak of spectral variance
was observed at frequencies corresponding to a 12 h period, however, from the wavelet trans-
form we observed that the periodicity was not evenly distributed throughout the year, instead
it was present mostly in the summer months from December to February, which were the
months with more frequent ebullition fluxes.

The correlation of ebullition among locations was weak at the shortest time intervals (5
min, Spearman correlation rs < 0.3 and p < 0.05). Nevertheless, for increasing averaging inter-
vals (1 hr and 1 d), the correlation between fluxes increased (Fig 3). The maximum correlation
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Fig 2. Box plots of daily variations in observed hourly time-series. (a) Total pressure (hydrostatic + atmospheric
pressure). (b) Dissolved oxygen concentration measured near the bottom. (c) Relative Water Column Stability (RWCS,
Eq 1). The shaded area represents values when the reservoir was partially stratified whereas higher values indicate
stratified conditions. (d) Velocity variance near the bottom. (e) Methane ebullition flux at location P2. In all time series
the blank spaces represent data gaps. The upper and lower limits of the boxes represent the 75" and 25 percentiles,
respectively. The whiskers show the maximum and minimum values, the red line represents the median, and the blue
crosses are outliers.

https://doi.org/10.1371/journal.pone.0298186.9002

(rs = 0.65 p-val < 0.05) was observed between sites P1 and P4. For the periods with continuous
and simultaneous measurements at locations P1, P2, and P3, the daily fluxes were highly syn-
chronized with an average synchronization parameter r (Kuramoto order parameter) of

0.76 + 0.23. The synchronization was highest from February to April 2019, whereas the lowest
synchronization (mean r = 0.60) was in December 2018 (see Fig 3D).

The high degree of synchronization of the fluxes among locations suggests that ebullition
was triggered by forcings acting over large spatial scales, which implies that the temporal
dynamics of ebullition for time scales > 1 d is similar among the monitoring locations. There-
fore, for the statistical analysis of daily ebullition time-series in combination with environmen-
tal parameters described in the following sections, we only used the ebullition recorded at
location P2, for which we had most valid data and for which most of the additional variables
were measured in close vicinity (e.g., flow velocity, chl-a, water temperature, and DO).

Ebullition drivers

Methane ebullition flux was significant positively correlated (Spearman correlation rs) with
bottom temperature (rs = 0.35), as well as to RWCS (rs = 0.45) and to Schmidt stability

(rs = 0.41). In addition, we found positive correlations between ebullition and velocity variance
near the bottom (rs = 0.37) and with the mean current speed (rs = 0.29). Significant negative
correlations of ebullition were observed with air pressure (rs = —0.49), water depth (rs =
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Fig 3. Correlation of ebullition fluxes among monitoring sites for different timescales and synchronization of fluxes. Correlation matrix of methane
ebullition fluxes observed at the four monitoring sites (P1 —P4) at time intervals of 5 min (a), 1 hr (b), and 1 d (c) respectively. The colour indicates the

Spearman rank correlation coefficient for a significance level of 5%. (d) Kuramoto order parameter (r, left-hand side axis) indicating the synchronization of
daily ebullition fluxes at locations P1, P2, and P3 (grey dots) and weekly averaged r values (solid black line). Values of r = 1 indicate perfect synchrony whereas
r = 0 indicates asynchrony of the fluxes. The green line shows the relative water column stability (RWCS, right-hand side axis).

https://doi.org/10.1371/journal.pone.0298186.9003

—0.24), dissolved oxygen concentration at the bottom (rs = —0.35), chlorophyll-a (rs = —0.29),
and backscatter intensity in the bottom layer (rs = —0.23) (see S4 Fig for correlation matrix). In
the principal component analysis (PCA) of ebullition with eleven variables (see S4 Fig) we
observed two main groupings of the data points based on mixing conditions of the reservoir:
mixed/partially stratified and stratified. Therefore, based on the PCA findings, the correlation
analysis was additionally applied to subsets of the data, according to the prevailing stratifica-
tion conditions (54 Fig).

When the reservoir was partially stratified, the dissipation rate of turbulent kinetic energy
near the bottom was positively correlated with ebullition (rs = 0.31), whereas the bottom cur-
rent velocity was positively correlated with ebullition when the reservoir was partially stratified
(rs = 0.35) and stratified (rs = 0.30). Nevertheless, during the longest stratified period (Decem-
ber 2018 -February 2019), the wavelet coherence between time-series of methane ebullition
and individual variables, such as total pressure and bottom current speed, varied with time
and with the period, see in Fig 4. For the total pressure, there was high coherence with ebulli-
tion throughout the analysed time series for periods of approximately 8.5 d and 2.5 d, with the
latter being more intensified between the end of December to the first week of January. Con-
sidering the bottom current, high coherence with ebullition was observed during short periods
of less than 2.5 d. For both total pressure and bottom current the interrelation with ebullition
occurred with a delay in respect to the variable (indicated by the left-up and right-down point-
ing arrows in Fig 4). For instance, considering the total pressure a delay ranging from 22.5 hrs
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Fig 4. Time series of methane ebullition, total pressure, bottom current speed and results of the wavelet coherence analysis. (a) Total pressure (hydrostatic
+ atmospheric, left hand axis) at the sediment surface at location P2 and methane ebullition rates measured at location P2 (right-hand axis). (b) Near-bottom
current speed (left-hand axis) and methane ebullition rates measured at location P2. (c) and (d) show the squared wavelet coherence magnitude of total
pressure and ebullition, and bottom current speed and ebullition, respectively. In both panels, the dashed white lines mark the cones of influence, in which the
areas above the lines represent unresolved timescales. The yellow colour represents regions of high coherence, while blue colour represents lower dependence
between the time-series; the horizontal arrows pointing to the right and left directions (corresponding to 0 and m or 0 and ¥ cycle) indicate that the variables
(e.g. ebullition and driver) are in phase or in anti-phase respectively. Arrows pointing right-down or left-up indicate that ebullition occurs within a delay in
relation to the driver (3/8 and 7/8 lag cycle, respectively). Whereas right-up (1/8 cycle) and left-down (5/8 cycle) indicates that ebullition is ahead of the driver.
In all panels the time series are at 5 min time intervals.

https://doi.org/10.1371/journal.pone.0298186.g004

to 76 hrs was observed (see Fig 4C, arrows indicating to approximate 3/8 to 1/2 cycle delay
between ebullition and total pressure at the period of 60 to 204 hours). In summary, the
strength to which ebullition correlated with these environmental controls depended on the
considered timescale and on time of the year.

Empirical models for ebullition prediction

Temperature (in the sediment or in water) and pressure (hydrostatic and atmospheric) were
the most common ebullition predictors considered in empirical models presented in former
studies (Table 1, and S1 Table). In general, the empirical models from previous studies had a
poor performance in reproducing ebullition fluxes at Passatina (R* < 0.5 and Nash-Sutcliffe
efficiency (NSE) < 0.3 between measured and simulated ebullition, Table 1). The best perfor-
mance was achieved with the model that predicts mean ebullition fluxes solely as a function of
binned sediment temperature (proposed by [25], which could explain 47% of mean methane
ebullition variability). Nevertheless, the temporal dynamics of ebullition was not captured by
the model, as sediment temperature was changing only slowly and averaging of fluxes based
on binned temperature smoothes ebullition variability (Fig 5). An autoregressive model pro-
posed by [29] for the simulation of reservoir-wide ebullition (average from different monitor-
ing sites), which in addition to sediment temperature also considered wind speed, changes in
atmospheric pressure, and ebullition from the previous time-step, could not well reproduce
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Table 1. Results of empirical models from the literature and the generalized additive models (GAM) implemented
in this study for the prediction of ebullition fluxes at Passatiina Reservoir for different timescales. The timescales
and predictor variables are provided. The model performance in reproducing the temporal dynamics of ebullition was
evaluated using R%, RMSE, and NSE. The model performance for estimating the accumulated flux was evaluated using
the Rele,ror. Extended tables are provided in the supporting material (S1 and S2 Tables) showing the equations of all
models with additional information.

Reference Timescale and variables Performance for
Passaiuna
[25] Temperature-binned daily ebullition R* =047
Predictors: binned sediment temperature NSE =0.23
Relyrror = —24.3%
[30] Daily methane ebullition time series R%*=10.03
Predictors: change in total static pressure, total static pressure, and bottom NSE = -6.06
temperature Releror = 289.5%
[50] Biweekly gas ebullition time-series R?=0.20
NSE = 0.09
Predictors: sediment temperature Relerror = 39.4%
[50] Biweekly methane ebullition time-series R?>=0.19
NSE =0.16
Predictors: total phosphorous and sediment temperature Relerror = 30.1%
[18] Temperature-binned daily ebullition R*=0.39
Predictors: methane ebullition at 20°C, site-specific temperature coefficient, NSE = 0.01
and binned sediment temperature Rel,ppor = ~17.5%
[29] Weekly methane ebullition time series R*=0.25
Predictors: methane ebullition from the previous time step, sediment NSE =-0.11
temperature, wind speed, and change in atmospheric pressure Rel,yrop = 62.5%
[28] Daily methane ebullition time-series R%=10.07
Predictors: sediment temperature, sediment porosity, and organic matter NSE = 0.06
content Rel,;or = 44.4%
[31] Daily methane ebullition time series R*>=0.12
Predictors: proportionality constant, pressure threshold, and total pressure NSE = -0.005
Relerror = 9.8%
This 10-min methane ebullition time-series R =0.05
Study Predictors: bottom current, dissipation rate near the bottom, sediment NSE = 0.048
temperature, DO near bottom, atmospheric pressure, wind speed, RWCS,and | o)  _ {704
€error -
total pressure.
This Hourly methane ebullition time-series R*=0.19
Study Predictors: bottom current, velocity variance near the bottom, dissipation rate | NSE = 0.19
near the bottom, sediment temperature, DO near bottom, atmospheric 149
: Relrror = —1.4%
pressure, wind speed, RWCS, and total pressure
This Daily methane ebullition time-series R*=0.70
Study NSE = 0.69
Predictors: bottom current, velocity variance near the bottom, dissipation rate | Releyror = —0.28%
near the bottom, sediment temperature, DO near bottom, atmospheric
pressure, wind speed, RWCS, and total pressure
This Weekly methane ebullition time-series R*=0.96
Study Predictors: bottom current, velocity variance near the bottom, dissipation rate | NSE = 0.96

near the bottom, sediment temperature, DO near bottom, atmospheric
pressure, wind speed, RWCS, and total pressure

https://doi.org/10.1371/journal.pone.0298186.t001

Relerror = 0.01%

the flux variability of weekly-averaged fluxes (R* = 0.25, Fig 5B). The same combination of var-
iables with recalculated model coefficients did not improve the model capability to explain the
variability of ebullition fluxes (R* = 0.24, see S2 Table), indicating that more variables, or
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Fig 5. Empirical models from the literature tested for the prediction of ebullition. (a) Application of an empirical model (dashed
green line) for predicting mean ebullition flux as a function of binned (by 1°C) sediment temperature (from [25]). The blue circles are
the mean methane ebullition fluxes for each temperature bin and the error bars are the 10 and 90 percentiles; the solid black line is a
polynomial fit to the data and the 95% confidence interval (CI) of the fit is shown by the grey shaded area. (b) Weekly-averaged time-
series of methane ebullition flux (blue vertical bars) and simulated ebullition predicted by the empirical equations from [25] (dashed
green line), from [29] (orange dot-dash line), and from a multiple regression with the same input variables as [29] (dotted blue line).
The blank space between October and beginning of December 2018 is due to gaps in the measurements. The equations of all models are
shown in S1 and S2 Tables.

https://doi.org/10.1371/journal.pone.0298186.9005

different models are required for describing ebullition variability in Passatiina Reservoir. All
the other literature models tested had worse performance in predicting the temporal dynamics
of ebullition. Considering the models with recalculated coefficients (see first part of S2 Table),
the best performance (R* = 0.32 and NSE = 0.31) was obtained for an Artificial Neural Net-
work (ANN) model, in which daily time series of ebullition was explained as a function of the
change in total pressure, total pressure and bottom temperature.

The performance of new empirical models for the prediction of daily time-series of ebulli-
tion tested with various combinations of input variables, varied from a R* of 0.10 to 0.70 (see
S2 Table for all the new models implemented). The best result was obtained from a generalized
additive model (GAM, see Fig 6 and Table 1), in which methane ebullition was explained
using a sum of univariate shape functions of predictors. The input predictors were bottom cur-
rent, velocity variance at the bottom, energy dissipation rate near the bottom, sediment tem-
perature, DO at the bottom, atmospheric pressure, wind speed, relative water column stability
(RWCS) and total pressure. The same set of variables in a similar model could explain 96%
(and NSE = 0.96) of the variability of weekly ebullition time series. Nevertheless, as we
increased the temporal resolution of the time series (time steps of 1 hr and 10 min), the models
could not reproduce most of the variability (R* = 0.19 NSE = 0.19 and R* = 0.05 NSE = 0.048
respectively). The predicted R-squared values were additionally calculated for the GAM mod-
els as an indicator of model overfitting. The values obtained for the predicted R-squared were
below zero, which can be interpreted as equal to zero, indicating potential overfitting of the
models (see S2 Table).

Considering the models for estimating the total accumulated methane flux (S1 and S2
Tables), the models tested from the literature could be improved by recalculating the model
coefficients for data from Passatina Reservoir. For instance the polynomial fit proposed by
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https://doi.org/10.1371/journal.pone.0298186.9006

[25] had a Rele;ro; Of — 24.3% in reproducing accumulated ebullition, whereas with the recalcu-
lated polynomial fit we obtained a Relero, 0f 2.06x10 ~ 139 (see Fig 5A). Similarly, the artificial
neural network originally trained in [30] resulted in an overestimation of 289.5% (Rele,yor) of
accumulated fluxes at our study site, however, with a retrained neural network using the same
input variables the relative error was reduced to 4.4%. Rel.,,, could be further reduced in the
new models developed for the Passatina dataset, with the lowest error obtained also from the
generalized additive model (Rel.,.o, = —0.28%, for daily time-series). For shorter time scales,
the Rele,ro, of the generalized additive model increased to —1.4% and —1.2% for the hourly and
10 min resolution (Table 1).

Discussion
Ebullition temporal patterns and drivers

Ebullition flux in freshwater reservoirs is considered as being stochastic in nature [4, 51, 52],
which turns both measurements and prediction of emissions challenging. At Passatina Reser-
voir, ebullition fluxes were highly variable at different time-scales (minutes to months) with
most of the temporal variance occurring at sub-daily timescales, as similarly reported for a
river impoundment in Germany [16]. As a result of the episodic occurrence of ebullition, the
time series were zero-inflated leading to frequent zero median fluxes throughout the monitor-
ing period (from February 2017 to February 2020). On the one hand, median values are pre-
ferred over mean values for non-normally distributed data, such as ebullition [2]. On the other
hand, median values lead to zero emissions estimates when using high temporal resolution
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measurements (time-scale < 1 d). These results confirm that the use of cumulative fluxes is
more appropriate for representing ebullition [53], and therefore, the importance of continuous
measurements.

Considering seasonal variations, the extended time series of ebullition fluxes analyzed in
the present study, confirm previous results [41], showing that ebullition at Passatna is intensi-
fied during periods when the reservoir is stratified (also confirmed by the PCA analysis, S4
Fig). This can be explained by a combination of higher sediment temperature (up to 23°C),
reduced methane loss from the sediment due to diffusive transport [54], and reduced methane
oxidation as the water overlaying the sediment has lower dissolved oxygen concentrations
(< 2 mg L") during stratification; all aspects favouring methane production and accumula-
tion in the sediment.

The stochastic nature of ebullition fluxes is caused by the multitude of processes affecting the
temporal and spatial dynamics of gas production, accumulation, and release from the sediment.
In addition to stratification, other variables that have been reported for other water bodies were
significant drivers of ebullition at Passatina Reservoir, such as bottom water temperature [18,
50], atmospheric and hydrostatic pressure [14-16], and potential methane production [55].
Nevertheless, we would like to highlight interesting aspects found at Passatina reservoir.

Surprisingly, ebullition was negatively correlated with chlorophyll-a concentrations (rs =
—0.29). The presence of chlorophyll-a indicates fresh labile organic matter, which can enhance
methanogenesis and sediment methane production [56], when deposited on the sediment.
Other studies have found a positive relationship between ebullition and chlorophyll-a concen-
trations across different aquatic systems [3, 50]. At Passatina reservoir, chlorophyll-a concentra-
tions were reported to be higher after periods of mixing during autumn and winter [37], when
sediment temperature was lower and the bottom water was oxic (see S5 Fig). These conditions
might lead to reduced methane production and enhanced methane oxidation. In addition, the
diffusive transport of methane across the sediment water interface is enhanced during mixing
conditions, resulting in lower ebullition fluxes [22]. In this way, the positive effect of higher
chlorophyll-a could have been off-set by the combination of variables leading to a flux reduc-
tion. Two additional aspects are also important to be noted. First, correlations were calculated
considering daily time-series, however the effects might be observed only for longer time inter-
vals (months or seasons). Secondly, the chlorophyll measurements were done at 1.5 m below
the water surface at site P2, and most of the chlorophyll deposition on the bed is expected to
occur in the region around location P3 [37], nevertheless we also obtained significant negative
correlation (rs = —0.15) between chlorophyll-a and ebullition flux measured at site P3.

Our extended set of variables facilitated analyses of ebullition fluxes in relation to the
hydrodynamic conditions in the reservoir. Although stronger stratification (higher St and
RWCS) occurred during the warmer summer months, the mixing periods at Passatina reser-
voir were not restricted to one specific season, as the reservoir is classified as warm-polymictic
[39]. Furthermore, according to [39], higher flow velocities associated with wind-driven cur-
rents were more frequent during stratified periods, whereas dissipation rates near the bottom
were higher during mixed conditions. Consequently, we found that the effect of bottom cur-
rents and dissipation rates on ebullition were linked to the stratification conditions. During
periods when the reservoir was stratified and partially stratified, the bottom currents were pos-
itively correlated to ebullition flux (rs = 0.36 and p < 0.05, S4 Fig), in which ebullition events
were occurring shortly after increased bottom currents (Fig 4B and 4D). A previous study
showed that bottom currents can trigger bubble release, if the gas reservoir in the sediment is
not depleted [17]. When the amount of gas accumulated in the sediment was reduced, such as
during mixing, bottom currents cannot trigger ebullition. We used the energy dissipation rates
near the bottom as an indicator for the intensity of turbulence near the sediment [57], and we
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expect a trade-off between two contrasting effects of turbulence on ebullition. On one hand,
mechanical disturbances at the sediment surface can cause bubble release, whereas on the
other hand, the increase in diffusive transport by near-bed turbulence can cause an increased
loss of methane from the sediment by diffusive fluxes [22]. In fact, significant correlation

(rs = 0.31) between ebullition and dissipation rates was only detected when the reservoir was
partially stratified, mainly between July-August of 2018 (see details in S6 Fig). During this
period, the higher dissipation rates triggered ebullition, whereas during stratification, when
the dissipation rates were generally lower, the negative sign of correlation suggests a dampen-
ing effect on ebullition.

Lastly, we found that the strength and direction of the effects of environmental variables on
ebullition changed over time. Former studies proposed that the temporal dynamics of ebulli-
tion in different systems could be classified as controlled by forcing (ebullition triggers), or
controlled by methane production in the sediment [16]. In systems with continuously high
methane production and high-frequency forcing, ebullition fluxes are continuously high. In
systems with lower production and low frequency forcing, in contrast, ebullition dynamics is
mainly controlled by the dynamics of the forcing. We argue that Passatna Reservoir is switch-
ing between both states depending on stratification conditions. As the variation of sediment
temperature at Passauna was relatively small (16-23°C), temperature might not be the main
control on methane production, but as discussed above, the loss of methane from the sediment
(e.g. increased oxidation and diffusion) are expected to be the largest during the moments of
reduced ebullition. Thus, during the periods with reduced methane accumulation in the sedi-
ment (e.g. during mixed conditions), ebullition dynamics is governed by the forcing, in which
the high synchrony of ebullition among locations during this period suggests that large-scale
forcings are dominant. However, during conditions favouring methane production and accu-
mulation (e.g. with reduced losses other than ebullition), the site-specific characteristics (such
as water depth and sediment properties) become also relevant in modulating ebullition
dynamics, and thus reducing the synchrony of ebullition events among locations (see Fig 2, we
obtained significant negative correlation rs = —0.37 between weekly values of RWCS and the
Kuramoto order parameter characterizing the spatial synchrony of ebullition fluxes).

Empirical models for representing mean fluxes

The seasonal variations of mean ebullition fluxes could be well predicted by a simple empirical
model considering binned sediment temperature proposed by [25] (R* = 0.47 and Releyo; =
—24.3% for the original polynomial fit and R* = 0.62 and Releyor = 2.06x10 ~ 2% for the refitted
model). The good fit of the model to our dataset from a subtropical man-made reservoir was
surprising, as the model was originally obtained for data from subarctic postglacial lakes with
contrasting characteristics. The model’s capability of predicting ebullition across different sys-
tems, would point to the possibility of a universal model. Nevertheless, [18] showed that a sin-
gle model for predicting the varying magnitudes of ebullition across different systems as a
function of temperature is not possible. However, the exponential dependence of ebullition on
temperature is shared among the different systems [18], which was also observed at Passatina
Reservoir. The mean fluxes for binned sediment temperature were minimum for temperatures
lower than 18°C (Fig 5A). Using the modified Arrhenius equation as proposed by [18], we
could explain 39% of mean ebullition as a function of binned temperature, however with an
overestimation of accumulated fluxes by - 17.5% (Table 1).

The difficulty in transferring models across systems was also observed for the prediction of
accumulated fluxes. On overall, the models from previous studies failed in predicting the accu-
mulated fluxes (Rele;ror from —346.9% to 289.5%, S1 Table). The model proposed by [31] based
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on total pressure could estimate the accumulated fluxes with an underestimation of 10%, how-
ever the model parameters were site specific (to Passauna), which explain the improved model
performance (Table 1). Nonetheless, the range of relative errors obtained from the prediction
of accumulated fluxes were lower (from —2.8% to 48.1%) for the new models implemented,
which can result from the combination of the addition of new ebullition predictors, the mod-
el’s capability of capturing the short-term temporal dynamics of ebullition (and thus, reducing
accumulated errors), and the tuning of model parameters to our data.

Empirical models for representing the temporal dynamics of ebullition

The characteristics of ebullition time-series of episodic/pulse events and being zero-inflated, in
combination with the complex connection to various drivers, pose difficulties in reproducing
the temporal dynamics of ebullition fluxes and its magnitude using empirical approaches. Nev-
ertheless, previous studies could successfully reproduce the temporal dynamics of ebullition by
considering only atmospheric pressure (R* = 0.87) [31, 58], or a combination of more vari-
ables. For instance, [29] reproduced ebullition time series with an autoregressive model using
sediment temperature, wind speed, change in atmospheric pressure with good agreement (R
=0.86). Eight models, proposed for other aquatic systems including lakes and reservoirs, were
directly applied to Passatina reservoir. The objective was to assess the extent to which these
models can be employed across different systems to simulate ebullition fluxes, and to deter-
mine if they share similar controls on the fluxes. When applied to Passatina reservoir, the
empirical models from other systems resulted in a poor representation of ebullition variability,
with the best results for reproducing ebullition temporal dynamics obtained by the equation
proposed by [29] (R*=0.25 and NSE = —0.03 in Table 1 and S1 Table).

Although the simulated fluxes were still within the range of the measured values (Fig 4B),
the results indicated a weak transferability of empirical models from one system to another. In
addition, other factors that may influence ebullition fluxes, such as mixing regimes, watershed
area and characteristics, or the number of sampled sites, are commonly not considered in the
different models. In a second step, the models proposed from the literature were refitted to our
dataset. However, by readjusting the models’ coefficients to the observations at Passatina, the
combination of the same variables could represent only a fraction of daily methane ebullition
variability (R* < 0.35, see S2 Table). Therefore, other factors are playing an important role in
controlling ebullition dynamics in Passauna Reservoir.

In a third step, new empirical models were implemented and tested for prediction of ebulli-
tion by including additional variables. A combination of nine input variables (including tem-
perature, pressure, DO, velocity, and turbulence) in a generalized additive model could well
capture the main temporal dynamics in daily ebullition time-series (R* = 0.70 and NSE = 0.69)
and in weekly time-series (R* = 0.96 and NSE = 0.96), however, with poor performance for
reproducing hourly time-series (R* = 0.19 and NSE = 0.19, Fig 6). The difficulty in reproduc-
ing ebullition with high temporal resolution is in part caused by the fact that with short time
intervals the episodic behaviour of the time series is mostly pronounced, and also, because
time mismatches when synchronizing several time-series measured by various devices are
more likely to affect the results [13].

According to [32], the transferability of empirical model for prediction of ebullition dynam-
ics is likely to be weak even in the same system, whereas a continuous update of model con-
stants by the inclusion of new measurements can improve the model performance in
predicting ebullition. In this direction, we showed that ebullition was correlated with several
parameters, however the strength of the correlation with each parameter was changing over
time and was controlled by stratification conditions. For some variables, such as for the
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dissipation rate of turbulent kinetic energy, even the direction of the correlation was time
dependent. Therefore, linear models will most likely fail in reproducing ebullition temporal
patterns with a good performance, which can also result in a poor estimation of the accumu-
lated fluxes and mean ebullition rates.

Broader Implications, limitations, and further studies

Statistical analysis is a key approach for addressing highly variable processes, such as ebullition.
Similar to rainfall, ebullition is characterized by episodic events of varying intensity, duration,
and frequency of occurrence [13, 41]. However, there is still no established and standard
approach to measure and describe ebullition statistics in terms of long term and continuous
measurements, timescales of analysis, and representation of fluxes. Time series analysis can
provide insights into the underlying processes and controls on methane ebullition in freshwa-
ter reservoirs and therewith improve the understanding of its temporal dynamics. Further
analysis can bring additional insights into ebullition timescales, for instance by exploring the
fractal dimensions in ebullition time series, similarly to analyses of rainfall data [59]. When
applied to time series, fractal dimensions allow to connect information and to identify repeat-
ing complexities and patterns across different timescales [60], which in turn, might be useful
for identifying the relevant time scales of ebullition across different systems.

Here we evaluated the temporal dynamics of ebullition mostly based on measurements
from a single monitoring site (P2). We argued that it is representative for the other three moni-
toring sites in the Reservoir, as we found high synchronization of ebullition fluxes across the
sites at daily timescales. However, it is important to mention that at shorter timescales (< 1 d),
the degree of synchronization and the correlation of fluxes among the monitoring sites
decreased. In addition, as found by [29] for a shallow reservoir (maximum depth of 9.3 m), the
relevance of ebullition predictors differed between different regions of the reservoir, mainly
longitudinally. Therefore, we speculate that for shorter timescales (< 1 d), shallow regions of
the reservoir (upstream of site P1), and during periods when the fluxes among locations were
asynchronous, the temporal variability of ebullition varied among locations, which could not
be resolved in the available data.

The combination of different conditions (e.g., elevated methane production, higher temper-
ature, reduction in water pressure) can culminate to hot moments and hot spots of methane
emissions [3, 4]. Being able to predict the timing of such events is a basic initial step towards
the development and implementation of methods for handling methane in water bodies. For
instance, as summarized in [35], several of methane mitigation strategies rely on capturing
and treating the methane, or are applicable only when methane gas fraction exceeds 1% (this
methane fraction is easily found in rising bubbles). Empirical relationships can be fitted to cap-
ture and reproduce the temporal dynamics of ebullition as a function of a set of known vari-
ables and be applied to identify the hot moments of methane venting from aquatic systems.
The advantages of data-driven models in comparison to mechanistic approaches, are that
data-driven models generally require less computational power and are more flexible in terms
of required input parameters, whereas process-based models might resolve complex physical
and biogeochemical processes of methane formation and bubbles dynamics to simulate ebulli-
tion, which requires specific measurements for model calibration and validation [20, 24, 61].
In addition, statistical approaches and data-driven models are widely applied for filling mea-
surement gaps in different fields, which can also be used for the case of ebullition for comple-
menting existing measurements that are sparse in time.

We found that existing empirical models cannot be transferred across different systems.
Similar to mechanistic approaches, model parameters need to be tuned to each system. The
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capability of empirical models for reproducing ebullition temporal dynamics was linked to the
timescale under consideration. The models tested in this study had increasing difficulty in
reproducing high temporal (< 1 d) variabilities of ebullition, since the randomness of the pro-
cesses and uncertainties in the measurements increase with increasing temporal resolution.
This is an important limitation because most of the ebullition variance was found at sub-daily
timescales. In this regard, a mechanistic approach coupled with empirical models can poten-
tially improve the predictions, which would have to be tested in future studies. Lastly, while a
model based only on sediment temperature could estimated the total accumulated ebullition
with a small relative error (< 1%), a more complex model was necessary to capture the tempo-
ral dynamics of ebullition. Considering that ebullition does not respond linearly to its forcing,
models that are capable of handling non-linearities among variables are better candidates to
capture and to reproduce ebullition flux dynamics. Nonetheless, it is important to note that in
the case of the tested generalized additive models (GAM, see S2 Table), the results indicated
potential overfitting of the models to the data. Model overfitting is an important aspect, as it
affects model’s ability to generalize, consequently impacting its transferability. Therefore,
model overfitting should be further investigated. For the case of GAM models, a penalty func-
tion can be used to the likelihood estimation to avoid overfitting [62].

Furthermore, we identified that the strength of ebullition drivers was modulated by stratifi-
cation conditions in the reservoir. Therefore, the implementation of different empirical mod-
els depending on the mixing conditions can potentially improve the prediction of ebullition
fluxes, which can be investigated in futures studies.

Lastly, the wavelet coherence analysis between ebullition and total pressure, as well as bot-
tom current (Fig 4), revealed an existing delay of ebullition events relative to the drivers. Given
the irregularities in these delays over time and their varying durations (as illustrated in Fig 4),
they were not accounted for in the empirical models tested in this study. Therefore, its poten-
tial inclusion in empirical models remains an open issue to be further investigated, which may
provide valuable insights into refining and enhancing the predictive capabilities of the models.

Conclusion

We analysed high frequency ebullition measurements over three years of monitoring to under-
stand the influence of various controls on its temporal dynamics and to evaluate the applica-
tion of empirical models for reproducing the dynamics of ebullition fluxes across different
aquatic systems and timescales. Vertical thermal stratification was an important modulator of
the temporal dynamics of ebullition, impacting the strength and in some cases also the direc-
tion of the correlation between forcing and fluxes. The capability of reproducing and predict-
ing ebullition fluxes from water bodies is relevant both in terms of estimating greenhouse gas
budgets and for implementing mitigation strategies. Although empirical models are useful in
understanding the drivers governing ebullition in aquatic system, to fill measurements gaps,
and as a supporting tool for reservoirs management, they had a weak transferability from one
system to another, which is caused by the complex interactions between ebullition and its con-
trols. Weekly to daily temporal variability of ebullition could be well explained (R* = 0.96 and
R =0.70) by a site-specific, generalized additive model considering nine input variables (bot-
tom current, velocity variance at the bottom, dissipation rate near the bottom, sediment tem-
perature, DO concentrations near the bottom, atmospheric pressure, wind speed, relative
water column stability (RWCS) and total pressure). On longer time scales, the total accumu-
lated ebullition flux could be well estimated by the generalized additive model (Rele;,o, =
—0.28%). The relative error is further reduced (Rel,,ro, = 2.06x10 ~ %) for a model based on
sediment temperature only, however at the expense of not resolving temporal variability. Our
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results demonstrate that there is certainly no unique solution for predicting methane ebullition
dynamics in aquatic systems, however, we suggest further studies to explore simplified
approaches for reproducing ebullition temporal dynamics (such as exploring the fractal
dimensions of ebullition), and to combine empirical models with mechanistic-based
approaches.

Supporting information

S1 Fig. Overview of measurements conducted at Passauna reservoir during three years of
monitoring. The Acoustic Doppler Current Profiler (ADCP) recorded velocity profiles, acous-
tic backscatter, and water depth; the dissolved oxygen loggers (near reservoir bed and near sur-
face) recorded dissolved oxygen concentrations and water temperature; a chain of thermistors
recorded the vertical distribution of water temperature; chlorophyll-a concentrations were
recorded by a Fluorometer; the weather stations recorded wind velocity and direction, solar
radiation, air temperature, atmospheric pressure, and humidity; and the Automated Bubble
Traps (ABTs) recorded gas ebullition. The sensor locations are shown in Fig 1. The breaks
within the horizontal lines indicate data gaps.

(TIF)

S2 Fig. Boxplots of monthly methane ebullition fluxes obtained from daily estimates at the
four sampling locations between January 2017 and March 2020. (a) site P1 (Park); (b) site
P2 (Intake); (c) site P3 (Dam); (d) site P4 (side arm). In all time series the blank spaces are data
gaps. The upper and lower limits of the boxes represent the 75" and 25™ percentiles, respec-
tively. The whiskers show the maximum and minimum values, the red line represents the
median, and the blue crosses are outliers.

(TIF)

S3 Fig. Variance-preserving power spectra and wavelet transform of methane ebullition
time-series at site P1. (a) Variance-preserving power spectra of methane ebullition flux at site
P1 with a sampling period of 5 min. (b) Wavelet transform of methane ebullition time-series at
site P1. The colour represents the absolute value of the continuous wavelet transform in which
the yellow colour indicates regions of periodic components and blue regions of low periodic
components. The dashed white line shows the cone of influence, in which the areas below the
line represent unresolved time scales. For both graphs the period of data used is from Decem-
ber 13™ 0f 2018 to November 24™ 0f 2019.

(TIF)

S4 Fig. Correlation matrix and principal component analysis of ebullition and environ-
mental variables time-series at location P2. (a) Correlation matrix (Spearman rank correla-
tion) of daily methane ebullition fluxes at location P2 and daily averages of measured
environmental parameters. The colour scales with the magnitude of the correlation coefficient
(see legend) for a significance level of 0.05 (white boxes refer to no significance correlations
with p > 0.05). The first column is the correlation with the complete data set whereas for the 3
other columns the data set was divided according to the prevailing stratification conditions.
PSWI refers to the potential methane flux at sediment water interface; RMSV is the Root Mean
Square Velocity; W temperature (bottom or surface) is water temperature (near reservoir bed
or below the water surface); and Chla is Chlorophyll-a concentration. Total pressure is the
sum of hydrostatic and atmospheric pressure. (b) Results of a Principal Component Analysis
(PCA) of selected variables with the first two principal components. The dots are data points
(daily values) which were grouped based on the stratification conditions by different colours
(see legend). Components 1 and 2 explained 47.8% and 15.5% respectively of the data set
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variability.
(TIF)

S5 Fig. Scatter plots of ebullition, sediment temperature, and chlorophyll-a concentration.
(a) Scatter plot of chlorophyll-a and bottom temperature with the colour scale representing the
difference of dissolved oxygen concentrations measured near the surface and near the bottom
of the reservoir (see legend). (b) Scatter plot of chlorophyll-a and bottom temperature with the
colour scale representing the methane ebullition flux (see legend). (c) Mean methane ebullition
flux versus binned chlorophyll-a (by 1 pg L™"). The blue circles show the mean flux for each
Chla bin and the error bars are the 10" and 90™ percentiles; the solid black line is an exponen-
tial fit (y = 145.7 e ****) to the data and the 95% confidence interval (CI) of the fit is shown by
the grey shaded area. All plots are based on daily mean values at monitoring site P2.

(TIF)

S6 Fig. Scatter plot and wavelet coherence analysis between total dissipation rates and
ebullition. (a) Scatter plot between daily methane ebullition and energy dissipation rates at
location P2 grouped by the stratification classification (see colours and legend). Spearman cor-
relation coefficients and significance levels between ebullition and log;o-transformed dissipa-
tion rates are also shown in the legend. (b) and (c) shows the wavelet coherence analysis
between total dissipation rates and ebullition for two intervals of measurements: mixed/par-
tially stratified in (b) and stratified in (c). In both figures, the dashed white lines are the cones
of influence, in which the areas above the lines represent time and scales with no dependence
in the series. The yellow colour represents regions with high coherence, while blue colour rep-
resents lower dependence between the time-series. For both panels the time series are at 10
min time intervals (as the highest time resolution available of dissipation rates are at 10 min
time steps).

(TIF)

S1 Table. Summary of empirical models from other studies tested for the prediction of
ebullition fluxes (y in mL m~>d" or methane flux in mg CH, m™d") at Passatina reservoir.
The timescale of each model is provided in the column ‘Variables’. Additional information
about the application of the models is provided as footnotes below the table. The model perfor-
mance on predicting ebullition was evaluated considering the coefficient of determination

(R?) of a linear fit between measured and simulated ebullition, the root-mean-square error
(RMSE), and the Nash-Sutcliffe efficiency (NSE). The relative error (Rele;.o, in blue color) was
calculated between measured and simulated total accumulated flux, in which negative values
indicate an overestimation by the model and positive values an underestimation.

(PDF)

$2 Table. Empirical models tested for the prediction of ebullition flux (y in mL m2d™ or
methane flux in mg CH, m~>d") based on data from Passatina reservoir. The timescale of
each model is provided in the column ‘Variables’. Additional information about the applica-
tion of the models are provided as footnotes below the table. The model performance in pre-
dicting ebullition was evaluated considering the coefficient of determination (R®) of a linear fit
between measured and simulated ebullition, the root-mean-square error (RMSE), and the
Nash-Sutcliffe efficiency (NSE). The relative error (Rel.,,o,) was calculated between measured
and simulated total accumulated flux, in which negative values indicate an overestimation by
the model and positive values an underestimation.

(PDF)

PLOS ONE | https://doi.org/10.1371/journal.pone.0298186 March 27, 2024 21/25


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0298186.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0298186.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0298186.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0298186.s008
https://doi.org/10.1371/journal.pone.0298186

PLOS ONE

Exploring the temporal dynamics of methane ebullition in a subtropical freshwater reservoir

Acknowledgments

We are very thankful to the reservoir operator SANEPAR (Water and waste management
company of Parana) for allowing the study to be conducted at Passatina Reservoir and for pro-
viding relevant data; to the Parana Institute of Technology (Tecpar) for making meteorological
data available; to the researchers of PPGERHA (Post-graduate Program on Water Resources
and Environmental Engineering) at the Universidade Federal do Parana and from the Envi-
ronmental Physics group at University of Kaiserslautern-Landau (specially Christoph Bors)
for the support during field measurements and for providing the data that was essential to this
study.

Author Contributions

Conceptualization: Lediane Marcon, Tobias Bleninger, Michael Mannich, Mayra Ishikawa,
Andreas Lorke.

Data curation: Lediane Marcon, Mayra Ishikawa.
Formal analysis: Lediane Marcon.
Funding acquisition: Tobias Bleninger, Michael Ménnich, Stephan Hilgert, Andreas Lorke.

Investigation: Lediane Marcon, Tobias Bleninger, Michael Ménnich, Mayra Ishikawa, Ste-
phan Hilgert, Andreas Lorke.

Methodology: Lediane Marcon, Michael Mannich, Stephan Hilgert.

Project administration: Tobias Bleninger, Michael Ménnich, Stephan Hilgert, Andreas Lorke.
Resources: Tobias Bleninger, Michael Mannich, Stephan Hilgert, Andreas Lorke.
Supervision: Tobias Bleninger, Michael Mdnnich, Andreas Lorke.

Validation: Lediane Marcon.

Visualization: Lediane Marcon.

Writing - original draft: Lediane Marcon.

Writing - review & editing: Lediane Marcon, Tobias Bleninger, Michael Ménnich, Mayra
Ishikawa, Stephan Hilgert, Andreas Lorke.

References

1. Tranvik LJ, Downing JA, Cotner JB, Loiselle SA, Striegl RG, Ballatore TJ, et al. Lakes and reservoirs as
regulators of carbon cycling and climate. Limnol Oceanogr. 2009; 54: 2298-2314. https://doi.org/10.
4319/10.2009.54.6_part_2.2298

2. Rosentreter JA, Borges AV, Deemer BR, Holgerson MA, Liu S, Song C, et al. Half of global methane
emissions come from highly variable aquatic ecosystem sources. Nat Geosci. 2021;14. Available:
http://dx.doi.org/10.1038/s41561-021-00715-2.

3. DeemerBR, Harrison JA, Li S, Beaulieu JJ, Delsontro T, Barros N, et al. Greenhouse Gas Emissions
from Reservoir Water Surfaces: A New Global Synthesis Manuscript. Bioscience. 2016; 66: 949—964.
https://doi.org/10.1093/biosci/biw117 PMID: 32801383

4. DelSontro TS, McGinnis DF, Wehrli B, Ostrovsky . Size does matter: Importance of large bubbles and
small-scale hot spots for methane transport. Environ Sci Technol. 2015; 49: 1268—1276. https://doi.org/
10.1021/es5054286 PMID: 25551318

5. Keller M, Stallard RF. Methane emission by bubbling from Gatun Lake, Panama. J Geophys Res. 1994;
99: 8307-8319. https://doi.org/10.1029/92JD02170

6. Grinham A, Dunbabin M, Albert S. Importance of sediment organic matter to methane ebullition in a
sub-tropical freshwater reservoir. Sci Total Environ. 2018; 621: 1199-1207. https://doi.org/10.1016/j.
scitotenv.2017.10.108 PMID: 29054653

PLOS ONE | https://doi.org/10.1371/journal.pone.0298186 March 27, 2024 22/25


https://doi.org/10.4319/lo.2009.54.6%5Fpart%5F2.2298
https://doi.org/10.4319/lo.2009.54.6%5Fpart%5F2.2298
http://dx.doi.org/10.1038/s41561-021-00715-2
https://doi.org/10.1093/biosci/biw117
http://www.ncbi.nlm.nih.gov/pubmed/32801383
https://doi.org/10.1021/es5054286
https://doi.org/10.1021/es5054286
http://www.ncbi.nlm.nih.gov/pubmed/25551318
https://doi.org/10.1029/92JD02170
https://doi.org/10.1016/j.scitotenv.2017.10.108
https://doi.org/10.1016/j.scitotenv.2017.10.108
http://www.ncbi.nlm.nih.gov/pubmed/29054653
https://doi.org/10.1371/journal.pone.0298186

PLOS ONE

Exploring the temporal dynamics of methane ebullition in a subtropical freshwater reservoir

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21,

22,

23.

24,

25.

26.

27.

Grasset C, Mendonga R, Villamor Saucedo G, Bastviken D, Roland F, Sobek S. Large but variable
methane production in anoxic freshwater sediment upon addition of allochthonous and autochthonous
organic matter. Limnol Oceanogr. 2018. https://doi.org/10.1002/Ino.10786 PMID: 30166689

Isidorova A, Grasset C, Mendonca R, Sobek S. Methane formation in tropical reservoirs predicted from
sediment age and nitrogen. Sci Rep. 2019; 9: 1-9. https://doi.org/10.1038/s41598-019-47346-7 PMID:
31358820

Liu L, Wilkinson J, Koca K, Buchmann C, Lorke A. The role of sediment structure in gas bubble storage
and release. J Geophys Res Biogeosciences Res. 2016; 1-14. https://doi.org/10.1002/2016JG003456

Beaulieu JJ, Balz DA, Birchfield MK, Harrison JA, Nietch CT, Platz MC, et al. Effects of an Experimental
Water-level Drawdown on Methane Emissions from a Eutrophic Reservoir. Ecosystems. 2018; 21:
657-674. https://doi.org/10.1007/s10021-017-0176-2 PMID: 31007569

Sawakuchi HO, Bastviken D, Sawakuchi AO, Ward ND, Borges CD, Tsai SM, et al. Oxidative mitigation
of aquatic methane emissions in large Amazonian rivers. Glob Chang Biol. 2016; 22: 1075—1085.
https://doi.org/10.1111/gcb.13169 PMID: 26872424

McGinnis DF, Flury S, Tang KW, Grossart HP. Porewater methane transport within the gas vesicles of
diurnally migrating Chaoborus spp.: An energetic advantage. Sci Rep. 2017; 7: 1-7. https://doi.org/10.
1038/srep44478 PMID: 28290556

Varadharajan C, Hemond HF. Time-series analysis of high-resolution ebullition fluxes from a stratified,
freshwater lake. J Geophys Res Biogeosciences. 2012; 117: n/a-n/a. https://doi.org/10.1029/
2011JG001866

Casper P, Maberly SC, Hall GH, Finlay BJ. Fluxes of methane and carbon dioxide from a small produc-
tive lake to the atmosphere. Biogeochemistry. 2000; 49: 1-19. https://doi.org/10.1023/
A:1006269900174

Natchimuthu S, Sundgren |, Galfalk M, Klemedtsson L, Crill P, Danielsson A, et al. Spatio-temporal vari-
ability of lake CH4 fluxes and its influence on annual whole lake emission estimates. Limnol Oceanogr.
2016; 61: S13-S26. https://doi.org/10.1002/Ino.10222

Maeck A, Hofmann H, Lorke A. Pumping methane out of aquatic sediments—ebullition forcing mecha-
nisms in an impounded river. Biogeosciences. 2014; 11: 2925-2938. https://doi.org/10.5194/bg-11-
2925-2014

Joyce J, Jewell PW. Physical controls on methane ebullition from reservoirs and lakes. Environ Eng
Geosci. 2003. https://doi.org/10.2113/9.2.167

Aben RCH, Barros N, Van Donk E, Frenken T, Hilt S, Kazanjian G, et al. Cross continental increase in
methane ebullition under climate change. Nat Commun. 2017; 8: 1-8. https://doi.org/10.1038/s41467-
017-01535-y PMID: 29167452

Bazhin N. Theory of methane emission from wetlands. Energy Environ Sci. 2010; 3: 1057. https://doi.
0rg/10.1039/b923456j

Scandella BP, Varadharajan C, Hemond HF, Ruppel C, Juanes R. A conduit dilation model of methane
venting from lake sediments. Geophys Res Lett. 2011; 38: 1-6. https://doi.org/10.1029/2011GL046768

Peltola O, Raivonen M, Li X, Vesala T. Technical note: Comparison of methane ebullition modelling
approaches used in terrestrial wetland models. Biogeosciences. 2018; 15: 937-951. https://doi.org/10.
5194/bg-15-937-2018

Langenegger T, Vachon D, Donis D, McGinnis DF. What the bubble knows: lake methane dynamics
revealed by sediment gas bubble composition. Limnol Oceanogr. 2019. https://doi.org/10.1002/Ino.
11133

Schmid M, Ostrovsky |, McGinnis DF. Role of gas ebullition in the methane budget of a deep subtropical
lake: What can we learn from process-based modeling? Limnol Oceanogr. 2017; 62: 2674—2698.
https://doi.org/10.1002/Ino.10598

Katsman R, Ostrovsky |, Makovsky Y. Methane bubble growth in fine-grained muddy aquatic sediment:
Insight from modeling. Earth Planet Sci Lett. 2013;377-378: 336—346. https://doi.org/10.1016/j.epsl.
2013.07.011

Wik M, Thornton BF, Bastviken D, MaclIntyre S, Varner RK, Crill PM. Energy input is primary controller
of methane bubbling in subarctic lakes. Geophys Res Lett. 2014; 41: 555-560. https://doi.org/10.1002/
2013GL058510

DelSontro T, Beaulieu JJ, Downing JA. Greenhouse gas emissions from lakes and impoundments:
Upscaling in the face of global change. Limnol Oceanogr Lett. 2018; 3: 64—75. https://doi.org/10.1002/
|012.10073 PMID: 32076654

Prairie YT, Mercier-Blais S, Harrison JA, Soued C, Giorgio P del, Harby A, et al. A new modelling frame-
work to assess biogenic GHG emissions from reservoirs: The G-res tool. Environ Model Softw. 2021;
143: 105117. https://doi.org/10.1016/j.envsoft.2021.105117

PLOS ONE | https://doi.org/10.1371/journal.pone.0298186 March 27, 2024 23/25


https://doi.org/10.1002/lno.10786
http://www.ncbi.nlm.nih.gov/pubmed/30166689
https://doi.org/10.1038/s41598-019-47346-7
http://www.ncbi.nlm.nih.gov/pubmed/31358820
https://doi.org/10.1002/2016JG003456
https://doi.org/10.1007/s10021-017-0176-2
http://www.ncbi.nlm.nih.gov/pubmed/31007569
https://doi.org/10.1111/gcb.13169
http://www.ncbi.nlm.nih.gov/pubmed/26872424
https://doi.org/10.1038/srep44478
https://doi.org/10.1038/srep44478
http://www.ncbi.nlm.nih.gov/pubmed/28290556
https://doi.org/10.1029/2011JG001866
https://doi.org/10.1029/2011JG001866
https://doi.org/10.1023/A%3A1006269900174
https://doi.org/10.1023/A%3A1006269900174
https://doi.org/10.1002/lno.10222
https://doi.org/10.5194/bg-11-2925-2014
https://doi.org/10.5194/bg-11-2925-2014
https://doi.org/10.2113/9.2.167
https://doi.org/10.1038/s41467-017-01535-y
https://doi.org/10.1038/s41467-017-01535-y
http://www.ncbi.nlm.nih.gov/pubmed/29167452
https://doi.org/10.1039/b923456j
https://doi.org/10.1039/b923456j
https://doi.org/10.1029/2011GL046768
https://doi.org/10.5194/bg-15-937-2018
https://doi.org/10.5194/bg-15-937-2018
https://doi.org/10.1002/lno.11133
https://doi.org/10.1002/lno.11133
https://doi.org/10.1002/lno.10598
https://doi.org/10.1016/j.epsl.2013.07.011
https://doi.org/10.1016/j.epsl.2013.07.011
https://doi.org/10.1002/2013GL058510
https://doi.org/10.1002/2013GL058510
https://doi.org/10.1002/lol2.10073
https://doi.org/10.1002/lol2.10073
http://www.ncbi.nlm.nih.gov/pubmed/32076654
https://doi.org/10.1016/j.envsoft.2021.105117
https://doi.org/10.1371/journal.pone.0298186

PLOS ONE

Exploring the temporal dynamics of methane ebullition in a subtropical freshwater reservoir

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

Praetzel LSE, Schmiedeskamp M, Knorr K. Temperature and sediment properties drive spatiotemporal
variability of methane ebullition in a small and shallow temperate lake. Limnol Oceanogr. 2021; 66:
2598-2610. https://doi.org/10.1002/In0.11775

McClure RP, Lofton ME, Chen S, Krueger KM, Little JC, Carey CC. The Magnitude and Drivers of Meth-
ane Ebullition and Diffusion Vary on a Longitudinal Gradient in a Small Freshwater Reservoir. J Geo-
phys Res Biogeosciences. 2020; 125: 0—18. https://doi.org/10.1029/2019JG005205

Deshmukh C, Serca D, Delon C, Tardif R, Demarty M, Jarnot C, et al. Physical controls on CH4 emis-
sions from a newly flooded subtropical freshwater hydroelectric reservoir: Nam Theun 2. Biogeos-
ciences. 2014; 11: 4251-42609. https://doi.org/10.5194/bg-11-4251-2014

Zhao K, Tedford EW, Lawrence GA. Ebullition Regulated by Pressure Variations in a Boreal Pit Lake.
Front Earth Sci. 2022; 10: 1-7. hitps://doi.org/10.3389/feart.2022.850652

McClure RP, Thomas RQ, Lofton ME, Woelmer WM, Carey CC. Iterative Forecasting Improves Near-
Term Predictions of Methane Ebullition Rates. Front Environ Sci. 2021; 9: 1-16. https://doi.org/10.
3389/fenvs.2021.756603

Lauerwald R, Allen GH, Deemer BR, Liu S, Maavara T, Raymond P, et al. Inland Water Greenhouse
Gas Budgets for RECCAP2: 1. State-of- the-Art of Global Scale Assessments. Global Biogeochem
Cycles. 2023. https://doi.org/10.1029/2022GB007657

Bartosiewicz M, Rzepka P, Lehmann MF. Tapping Freshwaters for Methane and Energy. Environ Sci
Technol. 2021; 06210: acs.est.0c06210. https://doi.org/10.1021/acs.est.0c06210 PMID: 33666422

Stolaroff JK, Bhattacharyya S, Smith CA, Bourcier WL, Cameron-Smith PJ, Aines RD. Review of Meth-
ane Mitigation Technologies with Application to Rapid Release of Methane from the Arctic. Environ Sci
Technol. 2012; 46: 6455—-6469. https://doi.org/10.1021/es204686w PMID: 22594483

Rauen WB, Castro CO De, Silva MG Da. Caracterizagéo hidrossedimentolégica do Rio Passauna, PR,
Brasil, a partir de dados histéricos. XX Simpoésio Bras Recur Hidricos. 2017; 8.

Ishikawa M, Gurski L, Bleninger T, Rohr H, Wolf N, Lorke A. Hydrodynamic Drivers of Nutrient and Phy-
toplankton Dynamics in a Subtropical Reservoir. Water (Switzerland). 2022;14. https://doi.org/10.3390/
w14101544

Sotiri K, Hilgert S, Mannich M, Bleninger T, Fuchs S. Implementation of comparative detection
approaches for the accurate assessment of sediment thickness and sediment volume in the Passauna
Reservoir. J Environ Manage. 2021; 287: 112298. https://doi.org/10.1016/j.jenvman.2021.112298
PMID: 33730673

Ishikawa M, Bleninger T, Lorke A. Hydrodynamics and mixing mechanisms in a subtropical reservoir.
Inl Waters. 2021; 11: 286-301. https://doi.org/10.1080/20442041.2021.1932391

Marcon L, Sotiri K, Bleninger T, Lorke A, Méannich M, Hilgert S. Acoustic Mapping of Gas Stored in Sedi-
ments of Shallow Aquatic Systems Linked to Methane Production and Ebullition Patterns. Front Environ
Sci. 2022; 10: 1-17. https://doi.org/10.3389/fenvs.2022.876540

Marcon L, Bleninger T, Mannich M, Hilgert S. High-frequency measurements of gas ebullition in a Bra-
zilian subtropical reservoir—identification of relevant triggers and seasonal patterns. Environ Monit
Assess. 2019; 191: 357. https://doi.org/10.1007/s10661-019-7498-9 PMID: 31073645

Welch EB, Naczk F. Ecological Effects of Waste Water. 2nd ed. CRC Press; 1992. https://doi.org/10.
4324/9780203038499

Fischer HB, List EJ, Koh RCY, Imberger J, Brooks NH. Mixing in inland and coastal waters. Nova York:
Academic Press Inc; 1979.

Branco CWC, Kozlowsky-Suzuki B, Sousa-Filho IF, Guarino AWS, Rocha RJ. Impact of climate on the
vertical water column structure of Lajes Reservoir (Brazil): A tropical reservoir case. Lakes Reserv Res
Manag. 2009; 14: 175—191. https://doi.org/10.1111/j.1440-1770.2009.00403.x

Gerardo-Nieto O, Astorga-Espafna MS, Mansilla A, Thalasso F. Initial report on methane and carbon
dioxide emission dynamics from sub-Antarctic freshwater ecosystems: A seasonal study of a lake and a
reservoir. Sci Total Environ. 2017;593-594: 144—154. https://doi.org/10.1016/j.scitotenv.2017.02.144
PMID: 28342415

Ishikawa M, Gonzalez W, Golyjeswski O, Sales G, Rigotti JA, Bleninger T, et al. Effects of dimensional-
ity on the performance of hydrodynamic models for stratified lakes and reservoirs. Geosci Model Dev.
2022; 15: 2197-2220. https://doi.org/10.5194/gmd-15-2197-2022

Marcon L, Bleninger T, Mannich M, Ishikawa M, Hilgert S, Lorke A. Date set for the manuscript: Explor-
ing the temporal dynamics of methane ebullition in a subtropical freshwater reservoir. Repository
Zenodo; 2023. https://doi.org/10.5281/zenodo.8246360

Diamond JS, Pinay G, Bernal S, Cohen MJ, Lewis D, Lupon A, et al. Light and hydrologic connectivity
drive dissolved oxygen synchrony in stream networks. Limnol Oceanogr. 2022; 322—335. https://doi.
org/10.1002/Ino.12271

PLOS ONE | https://doi.org/10.1371/journal.pone.0298186 March 27, 2024 24/25


https://doi.org/10.1002/lno.11775
https://doi.org/10.1029/2019JG005205
https://doi.org/10.5194/bg-11-4251-2014
https://doi.org/10.3389/feart.2022.850652
https://doi.org/10.3389/fenvs.2021.756603
https://doi.org/10.3389/fenvs.2021.756603
https://doi.org/10.1029/2022GB007657
https://doi.org/10.1021/acs.est.0c06210
http://www.ncbi.nlm.nih.gov/pubmed/33666422
https://doi.org/10.1021/es204686w
http://www.ncbi.nlm.nih.gov/pubmed/22594483
https://doi.org/10.3390/w14101544
https://doi.org/10.3390/w14101544
https://doi.org/10.1016/j.jenvman.2021.112298
http://www.ncbi.nlm.nih.gov/pubmed/33730673
https://doi.org/10.1080/20442041.2021.1932391
https://doi.org/10.3389/fenvs.2022.876540
https://doi.org/10.1007/s10661-019-7498-9
http://www.ncbi.nlm.nih.gov/pubmed/31073645
https://doi.org/10.4324/9780203038499
https://doi.org/10.4324/9780203038499
https://doi.org/10.1111/j.1440-1770.2009.00403.x
https://doi.org/10.1016/j.scitotenv.2017.02.144
http://www.ncbi.nlm.nih.gov/pubmed/28342415
https://doi.org/10.5194/gmd-15-2197-2022
https://doi.org/10.5281/zenodo.8246360
https://doi.org/10.1002/lno.12271
https://doi.org/10.1002/lno.12271
https://doi.org/10.1371/journal.pone.0298186

PLOS ONE

Exploring the temporal dynamics of methane ebullition in a subtropical freshwater reservoir

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Kuramoto Y. Self-entrainment of a population of coupled non-linear oscillators. International Sympo-
sium on Mathematical Problems in Theoretical Physics Lecture Notes in Physics, vol 39. Berlin/Heidel-
berg: Springer-Verlag; 1975. pp. 420—422. https://doi.org/10.1007/BFb0013365

DelSontro TS, Boutet L, St-Pierre A, del Giorgio PA, Prairie YT. Methane ebullition and diffusion from
northern ponds and lakes regulated by the interaction between temperature and system productivity.
Limnol Oceanogr. 2016; 61: S62—S77. https://doi.org/10.1002/Ino.10335

Linkhorst A, Hiller C, DelSontro T.M. Azevedo G, Barros N, Mendonca R, et al. Comparing methane
ebullition variability across space and time in a Brazilian reservoir. Limnol Oceanogr. 2020; 1623—1634.
https://doi.org/10.1002/Ino.11410

Tuser M, Picek T, Sajdlova Z, Jliza T, Muska M, Frouzova J. Seasonal and Spatial Dynamics of Gas
Ebullition in a Temperate Water-Storage Reservoir. Water Resour Res. 2017; 53: 8266—8276. https:/
doi.org/10.1002/2017WR020694

Wik M, Crill PM, Varner RK, Bastviken D. Multiyear measurements of ebullitive methane flux from three
subarctic lakes. J Geophys Res Biogeosciences. 2013;118. https://doi.org/10.1002/jgrg.20103

Vachon D, Langenegger T, Donis D, McGinnis DF. Influence of water column stratification and mixing
patterns on the fate of methane produced in deep sediments of a small eutrophic lake. Limnol Ocea-
nogr. 2019; 1-15. https://doi.org/10.1002/Ino.11172

Wilkinson J, Maeck A, Alshboul Z, Lorke A. Continuous Seasonal River Ebullition Measurements Linked
to Sediment Methane Formation. Environ Sci Technol. 2015; 49: 13121-13129. https://doi.org/10.
1021/acs.est.5b01525 PMID: 26477785

Grasset C, Moras S, Isidorova A, Couture R, Linkhorst A, Sobek S. An empirical model to predict meth-
ane production in inland water sediment from particular organic matter supply and reactivity. Limnol
Oceanogr. 2021; 1-13. https://doi.org/10.1002/In0.11905

Lorke A, Umlauf L, Jonas T, Wiest A. Dynamics of turbulence in low-speed oscillating bottom-boundary
layers of stratified basins. Environ Fluid Mech. 2002; 2: 291-313. https://doi.org/10.1023/
A:1020450729821

Zhao K, Tedford EW, Zare M, Lawrence GA. Impact of atmospheric pressure variations on methane
ebullition and lake turbidity during ice-cover. Limnol Oceanogr Lett. 2021; 6: 253—261. https://doi.org/
10.1002/1012.10201

Breslin MC, Belward JA. Fractal dimensions for rainfall time series. Math Comput Simul. 1999; 48: 437—
446. https://doi.org/10.1016/s0378-4754(99)00023-3

Pilgrim | P. Taylor RFractal Analysis of Time-Series Data Sets: Methods and Challenges. Fractal Analy-
sis. IntechOpen; 2019. https://doi.org/10.5772/intechopen.81958

Boudreau BP, Algar C, Johnson BD, Croudace |, Reed A, Furukawa Y, et al. Bubble growth and rise in
soft sediments. Geology. 2005; 33: 517-520. https://doi.org/10.1130/G21259.1

Wood SN. Stable and efficient multiple smoothing parameter estimation for generalized additive mod-
els. J Am Stat Assoc. 2004; 99: 673-686. https://doi.org/10.1198/016214504000000980

PLOS ONE | https://doi.org/10.1371/journal.pone.0298186 March 27, 2024 25/25


https://doi.org/10.1007/BFb0013365
https://doi.org/10.1002/lno.10335
https://doi.org/10.1002/lno.11410
https://doi.org/10.1002/2017WR020694
https://doi.org/10.1002/2017WR020694
https://doi.org/10.1002/jgrg.20103
https://doi.org/10.1002/lno.11172
https://doi.org/10.1021/acs.est.5b01525
https://doi.org/10.1021/acs.est.5b01525
http://www.ncbi.nlm.nih.gov/pubmed/26477785
https://doi.org/10.1002/lno.11905
https://doi.org/10.1023/A%3A1020450729821
https://doi.org/10.1023/A%3A1020450729821
https://doi.org/10.1002/lol2.10201
https://doi.org/10.1002/lol2.10201
https://doi.org/10.1016/s0378-4754%2899%2900023-3
https://doi.org/10.5772/intechopen.81958
https://doi.org/10.1130/G21259.1
https://doi.org/10.1198/016214504000000980
https://doi.org/10.1371/journal.pone.0298186

