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Introduction Experimental Design

Single Site Evaluations
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Research Question: _
Can Sentinel-2 phenology complement T
topographic wetness to map soil-moisture o
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soil moisture in sites that are on
hillslopes, rather than valley
floors.

All Sites Pooled: Global Model (Eq. 1):_
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Question: What spectral metric is best at mapping
moisture gradients globally (i.e., across sites)?
Data: All 335 in-situ VWC (Volumetric Water
Content) point measurements pooled across sites
for fitting a model over the entire watershed.
Model. We fitted a mixed-effects regression (Eq.1)
on all the soil moisture measurements across all
sites using 3 predictors: vegetation community,
Peak NDVI, and Topographical Moisture (Fig.8).
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Background & Methods

Vegetation acts as a sensor of subsurface conditions, particularly soil
moisture. Spectral sighatures coming from the vegetation are read by satellite.
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Hydrological conditions and Results Discussion/Conclusions
subsurface properties

" chnopY influence how vegetation Peak NDVI is the best spectral complement to Topographical Moisture and Vegetation Community. Where peak NDVI adds value: Across elevation, slope, and
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Model performance
_ ‘ sep_mean = 0.46 +  The model's final fit is strong across ecosystems for Our findings are consistent with and extending prior work from
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Broader implication. Peak NDVI is a remote, repeatable proxy for
Predictors (per pixel). Peak NDVI from Sentinel-2 harmonic fit; topographic wetness Peak value's role changes inside vs. outside a site. moisture where terrain alone fails. The model runs on free, public
derived using HAND from a 1 m DEM; vegetation community from NEON classification. | |* Whenthetestsiteis inthe training set, peak value is the inputs: Sentinel-2 imagery and lidar-derived DEMs. The resulting
Response . In-situ volumetric water content at 17 sites (n = 335, 2018). least important predictor (~16% of model R°). S - maps can guide where field researchers place sampling plots and flux
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Output. A continuous VWC raster of the Crested Butte watershed (2018-2025 mean),
produced by applying the fitted model to every pixel.
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