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Methane is associated with
anaerobic, water-saturated soil
conditions

* We detect methane even in
soil that is partially wet

Anaerobic * Small pockets of organic
mlcr05|tes matter cause microbes to
deplete oxygen at a very
local level causing methane
Organic Matter to be emitted

21% of global CH, production is ¢ This methane can be
attributed to anoxic microsites! detected escaping the soil

surface as a gas flux




[ Research Motivation: Soil Methane Flux Response to Moisture ]
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 We observed a strong relationship between methane and soil moisture in the field
* Moisture gradients partially control the extent of microsite activity
* Research goal: how can we predict soil moisture gradients across an entire watershed?



Research Hypothesis — Vegetation as a Sensor for Soil Moisture

Satellite Imagery can detect stress in vegetation by measuring plants greenness

Critical Zone Framing
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[ Remote Sensing Assets — NDVI Images from Sentinel-2 Satellite ]

NDVI (Normalized Difference Vegetation Index)

* The satellite measures light reflected from
vegetation on Earth's surface

* From these spectral indices, we can quantify
how green plants are

e @Greenness is a measure of plant productivity,
and soil moisture is one of the key drivers of
vegetative productivity

332000 332500
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Not Just One Image at a Single Date

Image 1 2 3 4 5 6 7 8 9 10
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Predicting a Site's Soil Moisture with Topography and a Spectral Metric

Predicting Soil Moisture from Peak NDVI and Topographic Wetness - East River, CO
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Data: 17 sites across the
watershed, 437 individual
soil moisture point
measurements collected by
other researchers

Baseline Model:
Topography derived
moisture

Proposed Model:
Combine a spectral metric
and topography to model
moisture



Site-by-Site Improvements in Moisture Prediction With the Addition of
Spectral Metrics

. How Do the Two Predictors Complement Each Other?
The red line shows how much
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Site-by-Site Improvements in Moisture Prediction With the Addition of
Spectral Metrics
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[ Combining All Sites to Fit One Large Model for the Entire Watershed ]

Soil Moisture ~ Topographical Moisture + + Vegetation Community

Fitting a Model across All Sites

* To make a watershed-scale soil moisture
map, we need one big model that works
across all sites and uses the best single
spectral metric

* Soil moisture measurements pooled from
12 sites (N=335)

 Peak NDVI was the best spectral metric for
predicting soil moisture across all sites
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[ One Pooled Mixed Model Results

Inside Site: R* = 0.416,p = 0.6,p < 0.001
R* =0.34,p = 0.53,p < 0.001

Observed vs LOSO-predicted VWC, 2018 (Peak Value)
Site-level community mixed model; marginal predictions for held-out sites

/ * A transferable moisture map needs to be good not just at
e gt explaining the fitted data (Inside Site) but outside of our

VWC ~ wetness + community + Peak Value + (1|site)
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 The peak NDVI spectral metric is the most important
variable that allows the model to predict soil moisture in
locations it's never “seen”

% % * The model appears to struggle at predicting moisture
Predicted VWC (LOSO marginal)
above ~24% VWC

Community Alpine/Barren Dry Meadow @ Forest @® Riparian Shrub Wet Meadow




[ Where on the Landscape Does Peak NDVI Add the Most Value? ]

Model A model with just topographic moisture
= TAND + Community (nall, 2018) " o oo mean) and community as variables
underestimates soil moisture on
20 hillslopes

=
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* Adding Peak NDVI helps predict soil
moisture on hillslopes

10

 These areas of moisture can be
substantial contributors to increased
o 20 microsite activity and thus methane
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[ Major Findings and Impact ]

Results

* The peak NDVI spectral metric is a significant predictor of soil moisture

Building on the Work of Others

* This research supports the findings of a similar study conducted by Dafflon et al. (2024

Implications for environmental management
* Free public inputs (Sentinel-2 + LiDAR) = reproducible anywhere

e Continuous VWC raster - helps researchers map landscape heterogeneity for placing instrumentation
and predicting methane flux

* Multiyear mapping - flags which vegetation communities are most sensitive to environmental change
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Imaging Anoxic Microsites

Photo Credit: V. Noel, E. Paulus
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It's possible to take images of these
anoxic microsites

Multi-energy synchrotron p-X-ray
can be used to identify iron and its
redox state in soil cores

Reduced iron acts as a visual proxy
for a microsite

With this data we can begin to
correlate microsites to soil methane
flux

bl ‘ h NATIONAL

ACCELERATOR

th-\v LABORATORY

U.S. DEPARTMENT OF Ofﬂce o)

" EN ERGY Science



PRE-MELT: Snowpack Water Storage POST-MELT: Snowmelt Infiltration & Floodplain Wetting
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Research Timeline

June 2025

After snowmelt, when
everything is wet, we
take methane flux
measurements and
collect soil cores

Dec 2025

While preparing my
thesis for the

AGU conference,

| was exploring ways to
use remote sensing to
predict methane

Sept 2025

We return in September,
when conditions have #
dried, and repeat the
same sampling
campaign

April 2026

Took the soil cores we
collected in the field
and set up a lab
incubation to measure
methane in a

controlled setting
19

Next Steps 2026

Imaged the soil cores
using SLAC's particle
accelerator; mapped
microsites and
correlated them to
methane levels from
the incubation

____.|.-

Redox Fe mapping
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  NDVI  = ([0.35, 0.50, 0.62, 0.68, 0.65, 0.61, 0.58, 0.50, 0.42, 0.35])


   𝑹 𝟐 = 𝟎 . 𝟒 𝟏 𝟔 ,   𝜌 = 0 . 6 ,   p < 0 . 001


   𝑹 𝟐 = 𝟎 . 𝟑 𝟒 ,   𝜌 = 0 . 53 ,   p < 0 . 001

