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Key Points:

e Variable inundation extent in forested wetlands has large implications for calculating
methane emissions.

e Surface water maps based on 30m imagery likely exclude wetlands that contribute a
majority of methane emissions from forested landscapes.

e High resolution optical imagery underestimates surface water extent in forested wetland
landscapes during periods of high canopy cover.
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Abstract

A major source of uncertainty in the global methane budget arises from quantifying the area of
wetlands and other inland waters. This study addresses how the dynamics of surface water extent
in forested wetlands affect the calculation of methane emissions. We used fine resolution satellite
imagery acquired at sub-weekly intervals together with a semi-empirical methane emissions
model to estimate daily surface water extent and diffusive methane fluxes for a low-relief
wetland-rich watershed. Comparisons of surface water model predictions to field measurements
showed agreement with the magnitude of changes in water extent, including for wetlands with
surface area less than 1,000 m2. Results of methane emission models showed that wetlands
smaller than 1 hectare (10,000 m?) were responsible for a majority of emissions, and that
considering dynamic inundation of forested wetlands resulted in 49-62% lower emission totals
compared to models using a single estimate for each wetland’s size.

Plain Language Summary

Wetlands and small ponds are hotspots for greenhouse gas emissions, especially methane.
Quantifying how much, though, depends on accurately mapping each of those water bodies.
Whereas most medium and large lakes are visible to satellites, smaller bodies are generally
missing from the best maps and flooded areas in forests are overlooked. Additionally, many of
these systems change in size depending on the current season and rainfall patterns. We use
several hundred high resolution satellite images collected over the same forested region over the
course of one year to estimate how much water bodies changed in size, and the subsequent effect
that has on methane emissions from this area. We found that wetlands only visible in high
resolution imagery were responsible for most of the total methane emissions, and that accounting
for changing wetland size throughout the year halved the estimated emissions.

1 Introduction

Global change is affecting the quantity, quality, and timing of material fluxes through
ecosystems with consequences for the fate and transformation of carbon. Inland waters are now
recognized as fundamental to understanding the global carbon (C) cycle (Cole et al., 2007;
Raymond et al., 2013; Tranvik et al., 2009) yet our ability to characterize C fluxes and their
drivers at landscape and regional scales remains limited by available data on surface water extent
(SWE) and dynamics—particularly for forested wetlands, very small water bodies (e.g. ponds),
and areas with temporally varying inundation. Collectively, these limitations represent a major
shortcoming in our ability to account for methane emission sources, and at least one third of all
uncertainty in the global methane budget (Melton et al., 2013; Saunois et al., 2020).

Methane emissions for lakes, ponds, reservoirs, streams, and rivers have been calculated
by upscaling the best available data on flux rates and the areal extent of those waters by category
(Saunois et al., 2020). However, for wetlands, a combination of land cover maps, remote sensing
data, and simulated hydrologic fluxes are used to calculate temporally varying methane
producing areas as inputs to process-based biogeochemical models (Poulter et al., 2017; Wania
et al., 2012). Both approaches suffer from uncertainties associated with spatial and temporal
variation in inundation extent which is highly relevant for resolving sources and sinks of
methane at global scales. This wetland extent problem contributes substantial uncertainty in
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methane budgets and limits our ability to identify drivers of recent increases in atmospheric
concentrations (Thornton et al., 2016).

Upscaling empirical data on gas flux rates to quantify freshwater methane emissions is
fraught with biases, including inadequate representation of underlying drivers (DelSontro et al.,
2018; Seekell et al., 2014) and lack of consideration of seasonal events such as ice-out or non-
growing season emissions (Treat et al., 2018). Despite advances in remote sensing of aquatic
systems, identifying small water bodies remains a challenge because they are often optically
complex, obscured by vegetation, or below the resolvable size of satellite sensors (Allen &
Pavelsky, 2018; Kuhn et al., 2019). The resulting omission of forested wetlands, small water
bodies, and inundation dynamics in land cover and surface water data sets is broadly recognized
(DeVries et al., 2017; Lang et al., 2020), but its implications for methane emissions accounting is
unresolved (Poulter et al., 2017; Thornton et al., 2016). This is despite recognition that
headwaters and small water bodies play disproportionate roles in ecosystem processes (Hanson
et al., 2007; Holgerson & Raymond, 2016; Lowe & Likens, 2005) and may comprise the largest
proportion of freshwater area (Bishop et al., 2008; Downing et al., 2006).

The ability to monitor and detect surface water at higher spatial and temporal resolution
is advancing through new technologies including sub-pixel methods (DeVries et al., 2017),
fusion with hydrologic models (Evenson, Golden, et al., 2018), satellite constellations (Claverie
et al., 2018; Cooley et al., 2019), and applications of machine learning (Jia et al., 2018; Lang et
al., 2020; Lee et al., 2019). However, most remote sensing applications for freshwater bodies
remain focused on relatively large or unvegetated systems (Griffin et al., 2018; Kuhn et al.,
2019; Pekel et al., 2016) by excluding pixels influenced by fractional coverage of soil and
vegetation (Ji et al., 2009). Using such methods is warranted to avoid classification errors
associated with spectral unmixing (Halabisky et al., 2016), but it can also result in large
uncertainties for C fluxes at regional or global scales (Melton et al., 2013; Thornton et al., 2016;
Treat et al., 2018) due to substantial underrepresentation of SWE (DeVries et al., 2017). Previous
studies have explored inter-annual variability in wetland extent (Huang et al., 2014; Lang et al.,
2020; Yeo et al., 2019) but investigation of intra-annual dynamics has generally been limited by
availability of cloud-free leaf-off imagery. Further, most investigations have not characterized
inundation patterns for individual wetlands (VVanderhoof et al., 2018) or used sub-pixel
estimation techniques (DeVries et al., 2017; Yeo et al., 2019) to account for the preponderance
of small water bodies that result in mixed spectral signatures for pixels in 30 m resolution
imagery.

Discrepancies between top-down and bottom-up emissions tend to be largest from
forested areas (Melton et al., 2013). Recent investigations into these discrepencies have
uncovered new sources and emission pathways from trees (Pangala et al., 2017). Further, in
tropical regions, wetland emission models underestimate emissions compared to observations
with the largest discrepancy in years with significant wetland flooding (Parker et al., 2018).
Because surface water maps exclude most under-canopy inundation, evasion from these
inundated regions may also play an important role in explaining emissions from seasonally
dynamic temperate forested areas that are not reproduced in existing wetland models.

This study was designed to fill gaps in our understanding of how forested wetland size
and temporal variation in inundation influence watershed-scale estimates of methane emissions.
We combine elements from both the wetland and inland water calculation approaches described
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above to estimate one year of diffusive methane emissions from forested wetlands across a 347
km? mid-Atlantic Coastal Plain watershed. We use fine resolution frequent-repeat remote sensing
imagery to estimate daily SWE at the wetland scale as input to field-validated semi-empirical
models for calcuating methane emissions. As in other studies, we assume SWE is a proxy for
methane producing area. Results demonstrate that i) excluding inundation variability increased
modeled methane emission totals by 66-105%, but ii) excluding small water bodies (< 1,000 m?)
reduced inundation estimates and subsequent emissions by 30% and 38-51%.

2 Methodology
2.1 Study area

Our study site, the 347 km? Greensboro watershed, is on the Delmarva Peninsula
(Maryland, USA), a low-gradient coastal plain landscape defined by poorly drained soils and the
persistence of small depressional forested wetlands surrounded by extensive ditch-drained
agricultural land (Figure 1; Jones et al., 2018). Known as Delmarva Bays, these wetlands range
in size from small closed canopy wetlands (<0.5 ha; similar to vernal pools in the northeast) to
large open canopy wetlands (>5 ha; similar to Carolina Bays) (Phillips & Shedlock, 1993).
Typically they dry seasonally, having maximum inundation during the winter and decreasing
water levels through the spring and summer due to evapotranspiration and agricultural
groundwater withdrawal (Lee et al., 2020).

b oEEa

34N

&'W 8w 78'W 76"

Figure 1. Study area showing location of the Greensboro watershed and forested wetlands.
Wetland boundaries, monitoring locations, and surface water classification model predictions for
2 images are shown over corresponding color-corrected PlanetScope Visual Ortho Scenes
(Planet, 2018).

Draining to the Chesapeake Bay via the Choptank River, this watershed has been the
focal point for extensive research (e.g., Ator & Denver, 2012). Land cover is mainly cultivated
crops (50.5%), woody wetlands (31.5%), and deciduous forest 7.7% (Jin et al., 2019). We define
wetlands using a previously developed dataset of topographic depressions (Vanderhoof & Lang,
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2017) that were derived using the Stochastic Depression Analysis Tool (Lindsay, 2016; Wu et
al., 2014) and filtered using a minimum size of 50 m? and SWE classified from April 2015
Worldview 3 imagery (Vanderhoof et al., 2018). Polygons generally co-occur with features in
the National Wetlands Inventory (NWI) but they are more numerous, cover less total area, and
are more spatially aligned with SWE. We subset this dataset to only those within woody
wetlands land cover using the 2016 National Land Cover Database (NLCD; Jin et al., 2019).
This approach resulted in 5,118 forested wetland depressions (46% of those in the watershed),
which we refer to as focal wetlands.

2.2 Remote sensing for surface water classification

a) For each image ] ¢) Methane flux

2. Train CH, Model A CH, Model B CH, Model C
image- Flux,,; ~ f(size,) Flux,; ~ f(size,, koo, tempy)
specific / A ‘A\ _
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1. Calculate model 3. Aool del t AN AN =
o
additional bands . ppy mo e‘ © — 1 Bl
predict inundation CH4 [CH4 og(Aredl

6. Sample daily wetland-specific areal
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l““. //——\

b) For each wetland |

Emissions = }. } (SWE,,; )X(Flux,)

g 10.000
. g
5 S0
2
a

Image Date

4, Sum water area within
polygen for each image

5. Calculate daily water
area using moving average

K’

7. Sum annual watershed emissions using
daily surface water extent and flux rate
time series for each wetland

Figure 2. Image classification and emissions model workflow. a) Image-specific supervised
classification models developed using original 4 bands (R, G, B, NIR) and derived indices
NDVI, NDWI, saturation, chroma, and luminesce; b) Daily surface water time series derived for
each focal wetland from predicted surface water area within each polygon boundary across all
images; ¢) Methane emissions for each wetland (n) on day (i) derived using semi-empirical
models to produce annual estimates of basin-wide emissions.

Daily time series of SWE for each focal wetland were calculated using 3 m resolution
PlanetScope imagery (Figure 2; Text S1; Planet, 2018). We downloaded 421 PlanetScope 4-band
images that overlapped the study watershed and had less than 1% cloud cover. These were taken
across 98 days in the 2018 water year, during which wetland surface water levels were monitored
in the field. All images were Surface Reflectance products, which were atmospherically
corrected using the 6SV2.1 radiative transfer model (Planet, 2018; Vermote et al., 1997). Images
were masked to exclude low quality pixels indicated by the unusable data mask provided with
each image. Then, we calculated a suite of spectral indices from the four bands in each image,
including NDWI (McFeeters, 1996), NDVI (Tucker, 1979), saturation, luminescence, and
chroma (Zeileis et al., 2019), resulting in 9 variables for each pixel.

Training data for surface water and non-water classes were based on the NWI, the 2016
NLCD, and the wetland depressions dataset developed by (Vanderhoof & Lang, 2017). We
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defined surface water as Freshwater Pond (n = 655) and Lake (n = 1) classes in NWI, which are
classified in NWI as permanently (99%) or semi-permanently (1%) flooded. We defined non-
water areas using NLCD forest and forested wetland classes minus pixels falling within 10m of
any NWI polygons or topographic depressions. For each image, pixel values for the 9 bands in
the training regions were extracted and a sample was used to train a random forest model that
was then applied to the image.

For each classified image, we extracted pixel values within a 10m buffer around each
focal wetland to calculate the predicted inundation area (Figure 2b). We used the buffer to
account for the 10m geolocation uncertainty in the optical data (Planet, 2018), as well as
potential expansion of inundation beyond topographic spill points, as is common in this
landscape (Jones et al., 2018). Average time between usable images of each focal wetland was 6
days, resulting in a time series with 50-102 predictions across the year for each focal wetland.
Average maximum time between consecutive usable images was 32 days but ranged up to 74
days. We converted the irregularly spaced predictions into a daily time series for each focal
wetland using a 50-day rolling median. Time series with gaps longer than 50 days (1%) were
excluded from total inundated surface area.

2.3 Field measurements

For comparison to areal extent of surface water estimated from remote sensing imagery,
SWE was measured in the field at 6 wetlands in the study region (Figure 1). Water level was
monitored in surface water wells at each wetland center using pressure transducers (Onset
HOBO U20L level loggers) recording every 15 minutes. We calculated a daily time series of
inundation extent for each wetland using binary classification of a Im LiDAR-based digital
elevation model (Lang et al., 2012) using mean daily water level with a raster-based approach
similar to Jones et al., (2018). Estimates were validated using monthly observations of water
extent along a fixed transect at each wetland as well as surveys around the perimeter of
maximum observed inundation extent in mid-March 2018.

2.4 Methane emissions model

Daily diffusive methane emissions were calculated using wetland-specific flux rates and
predicted daily SWE time series from the random forest classification models (Figure 2c). We
developed three models (hereafter referred to as models A, B and C) using variations of a semi-
empirical flux rate equation based on the synthesized global dataset of methane concentrations
described by Holgerson and Raymond (2016) and validated with field measurements at 6
wetlands in the study area (Text S2). Model A predicted daily flux rates by sampling the
lognormal distribution of the appropriate logarithmic size class for each wetland. For models B
and C, daily flux rates for each wetland [n] were determined using Equation 1 with daily air
temperature and atmospheric pressure from a nearby weather station to calculate gas exchange
rates and equilibration concentrations of 1.85 ppm atmospheric methane for each day [i]
(Winslow et al., 2016). Caqqn) is a time-invariant methane concentration for each wetland [n]



198
199

200

201
202
203
204
205
206
207
208
209

210

211
212
213
214

215
216

217
218
219
220
221
222

223

224
225
226
227
228
229
230
231
232

manuscript submitted to Geophysical Research Letters

based on its size. Gas exchange rates were calculated using daily temperature values and the
size-class specific keoo values described in Holgerson and Raymond (2016).

Equation 1: Fluxn’l- = kn,i X (Caq[n] — Ceq[i])

For model B, Cag[n] was randomly sampled from a lognormal distribution based on the
size class of each focal wetland’s original area, and for model C, Cag[n] was predicted from the
area-concentration regression model. Because forested wetlands are a high outlier for methane
on the relationship between water body size and methane concentration reported by Holgerson
and Raymond (2016), our calculated emissions are likely a conservative estimate. We estimated
flux rate uncertainty using Monte Carlo resampling to generate a distribution of emission
estimates for each wetland by running each model 1,000 times. Cumulative annual emissions
across all wetlands were calculated using Equation 2, where SWE[n,i] is the SWE of depression
[n] on day [i] calculated from the classification model time series.

Equation 2: Total Emissions = ) Y, Flux, ; x SWE,;

We evaluated the effects of different model assumptions by calculating total annual
methane emissions under each model with and without changes in SWE, based on the original
area of each focal wetland. Models accounting for changes in SWE we call dynamic area
models; models not accounting for these we call static area models.

3 Results
3.1 Magnitude and variability of predicted SWE

Total predicted SWE within focal forested wetlands across the watershed ranged from a
low of 1.3 km? in late July to 6.2 km? in early April, with an average of 3.75 km?. This area was
an order of magnitude higher than maximum extent reported for the watershed in the global
surface water area database (0.70 km?; (Pekel et al., 2016)) and represents 2.5-5.7% of the entire
watershed area, 50-113% of the area of topographic depressions, and 10-23% of the total area of
NWI palustrine wetlands (U. S. Fish and Wildlife Service, 2019).

3.2 Classification model performance

Classification models were sufficiently able to discriminate between water and non-water
areas. Comparisons between field-based and satellite-based inundation time series show that our
modeling approach was able to quantify the magnitude of seasonal changes in SWE for
individual wetlands, even for those smaller than 1,000 m?. For the field-monitored wetlands, the
maximum predicted extent and range from classification models were significantly related to
observed values (p = 0.91, p = 0.83, respectively; o = 0.05). However, the models consistently
underpredicted May and June 2018 SWEs and overestimated November 2017 SWE (Figure 3).
Monthly averaged residuals between field and satellite-based wetland areas were largest during
these two periods (Figure 3b), but only in autumn 2017 was model accuracy also low (Figure
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3a). The Nash-Sutcliffe (NSC) criteria to evaluate model efficiency indicated poor fit (NSE <0.5)
between the daily simulated and observed water extents.
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Figure 3. Comparison between inundation time series developed from field monitoring and
satellite data. a) Inundation time series from two wetlands comparing field data and predictions
from image-based classification models, along with estimates from individual images (points)
shaded by model error rate. b) Average monthly residuals (£ sd) between model predictions of
SWE from image classification and field data for all observations across the 6 wetlands with
field water level data.

3.3 Methane emission totals under different model assumptions

Calculating watershed methane emissions using a time series approach to quantify
variation in surface water coverage resulted in total estimated annual emissions 49-62% lower
than when static wetland sizes were used (Figure 4a). Using the concentration-area regression
flux model (C) resulted in higher emission totals than either the size category flux (A) or size
category concentration (B) models, but in all three cases the difference between the dynamic and
static models was substantially greater than variability associated with methane flux rate
uncertainty. We also observed that small wetlands (< 1 ha) were responsible for a considerable
proportion of modeled emissions. Although the static area models overestimated emissions for
any given minimum wetland size threshold, they are only overestimates compared to the best
estimate of total emissions if wetlands smaller than 1,000 m? are included. Excluding these
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resulted in an underestimate of total emissions by at least 10% and excluding wetlands smaller
than 0.01 km? underestimated emissions by at least 75% (Figure 4b).

a) b)
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Figure 4. Total annual diffusive methane emissions for focal wetlands calculated using different
model assumptions. a) Total emissions for time-varying (blue) vs. static (orange) estimates of
SWE using the 3 semi-empirical diffusive flux models described in Section 2.4. Error bars
represent 5% and 95% quantiles from 1,000 model iterations. b) Total emissions for time-
varying vs. static SWE with different minimum wetland size thresholds.

4 Discussion

We demonstrate that accounting for inundation and variable SWE in forested wetlands
significantly influences calculations of diffusive methane emissions from a low-relief wetland-
rich watershed. Specifically, we show that: i) previous limitations in quantifying SWE at the
global scale will typically result in underestimates of methane emissions from forested wetlands;
i) as spatial resolution of wetland map products improve, accurate estimates of emissions will
require improved quantification of intra-annual surface water dynamics; and iii) while fine-
resolution frequent-revisit satellite imagery can help address these gaps, our ability to detect and
monitor sub-canopy inundation during the late growing season is still limited. Below we discuss
modeling inundation dynamics in forested wetlands and implications for the global methane
budget in more detail.

4.1 Modeling inundation dynamics of forested wetlands using high resolution satellite
data

This study shows that it is possible to quantify intra-annual surface water dynamics in
small forested wetlands (< 1,000 m?) using optical satellite data that has both fine spatial and
high temporal resolution. Although classification models were able to produce inundation time
series with similar patterns to the field-based time series (Figure 3), they also had consistent
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inaccuracies, demonstrating that optical imagery alone does not accurately represent the timing
of surface water dynamics in forested wetlands, especially after leaf-out.

In fall 2017, satellite-derived SWE was overestimated compared to our field
measurements. We hypothesize this is attributable to unreliable classification of “permanent”
water features in the NWI, i.e. many of these water bodies are actually seasonal. Few alternatives
exist for accurate training data at spatial resolutions necessary to identify the smallest water
bodies, and quantitative information on hydrologic regimes is even less common. Even though
the NWI is very detailed and thematically rich, it has known inaccuracies in the Delmarva region
(Fenstermacher et al., 2014). Whereas variability in radiometry between Planet images required
using image-specific models in this study, data from a more consistent sensor constellation (e.qg.,
Claverie et al., 2018) could potentially be used with a more universal classification model based
only on training data from time points and locations where inundation status is known with more
certainty. However, seasonal and event-driven patterns of suspended sediment, chlorophyll a,
and dissolved carbon (Hosen et al., 2018) could affect the optical properties of these water
bodies in ways that would impact model reliability .

In 2018, underestimates of surface water area in May and June coincided with the timing
of canopy leaf-out. We hypothesize that underestimates are attributable to the lag between
structural change in the forest canopy and the subsequent regional contraction of SWE (Figure
3a; Fisher et al., 2010; Lee et al., 2019). Canopy cover developing above areas that remain
flooded, such as on the periphery of wetland depressions, obscures surface water in optical
imagery. Improved methods for inundation detection under forest canopies may be possible
using synthetic aperture radar (SAR; Lang et al., 2008; Lang & Kasischke, 2008), combinations
of optical and lidar intensity data (Lang et al 2020), or improved integration with field
monitoring and hydrologic models that account for upland topographic depressions (Evenson et
al., 2018). While long-wavelength SAR sensors have been shown to be sensitive to under-canopy
inundation in forested wetlands (Arnesen et al., 2013; Xaypraseuth et al., 2015), these data are
not yet publicly available. Future satellite missions like the NASA-ISRO SAR (NISAR) mission,
planned for launch in 2022, will provide repeat long-wavelength SAR imagery and thus play an
important role in improving estimates of surface water dynamics in forested wetlands.

4.2 Implications for upscaling methane emissions

As field studies continue to document high concentrations of methane in aquatic
ecosystems previously overlooked as sources of emissions (Bastviken et al., 2011; Stanley et al.,
2015), inventory-based emission estimates of global freshwater methane fluxes have become
larger, more uncertain, and more at odds with top-down estimates in the global methane budget
(Saunois et al., 2020). Our results show that for a given set of water bodies, inventory-based
emission estimates can be too high in areas where inundation extent fluctuates on a seasonal
basis. However, non-permanent water bodies are also likely to be underrepresented in surface
water products or mis-classified in existing landcover products due to their small size and/or
obscuration by forest cover. Because the highest resolution global surface water dataset is based
on non-mixed 30 m pixels (Pekel et al., 2016), water bodies < ~1,000 m? will be absent. At this
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threshold, the opposing effects of inundation dynamics and missing hidden/cryptic water bodies
were of similar magnitude and resulted in a 10% underestimate of annual totals.

Understanding the source of methane is important for mitigation strategies and policies
aimed at reducing carbon emissions from local to global scales. Traditional upscaling approaches
for greenhouse gas emissions from freshwaters can be misleading for determining the dominant
factors driving emissions (DelSontro et al., 2018). Our results suggest that for the Greensboro
watershed, the water level drawdown in natural forested wetlands considerably reduces methane
producing areas. Where forested wetlands are lost and replaced with wetlands without a similar
hydroperiod, such as many wetland mitigation projects (e.g., created ponds) that result in a net
increase in total surface area (Dahl, 2011), methane emissions are likely to be higher. Farm
ponds and other small artificial water bodies have also been shown to have higher methane
emissions on a per-area basis (Grinham et al., 2018; Ollivier et al., 2019), and a relatively
constant water level only exacerbates this difference because natural wetlands have reduced
SWE during the warmest months when methane production rates could be the highest. The
ability to detect and monitor under-canopy inundation should improve with new space-borne
longer wavelength synthetic aperture radar (Arnesen et al., 2013; Xaypraseuth et al., 2015); as
these capabilities improve accurately quantifying ecosystem functions of forested wetlands will
also require information at high temporal resolution. Future studies may leverage these improved
technologies to better understand the role forested wetlands are playing in regional and global
methane cycles by more accurately quantifying the hydrologic processes underyling methane
flux to the atmosphere from inland waters.
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