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The global carbon cycle Inland Wetland Carbon
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Wetland Intrinsic Potential (WIP) Tool
Wetland to Upland Probability
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Fieldwork for Cryptic Carbon
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Upland and Wetland Soils
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Mesic soils
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Fieldwork for Cryptic Carbon
Sampling
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WA DNR Geologic Age

Wetland and Land Type Differentiates Wetland Types
Groups Soil Carbon Stocks
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Continuous Landscape Prediction of
Soil Carbon Stocks
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R Package: Rayshader

y Cryptic Carbon
e Mapping Results

Total WIP
Landscape WIP Wetlands NWI Wetlands Included With
P NWI Wetlands

Surface Area (ha) 68,135 6,114 (9%) 5,401 (8%) 9,803 (+181%)

Total Soil Carbon

0 o 0,
(T4C) 9.6 1.8 (19.2%) 1.0 (9.8%) 2.3 (+246%)

Soil Carbon MgC ha-'
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Soil Carbon Modeling
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Fixed Effects: Fixed Effects Fixed Effects
*  Wetland Probability * sqrt(Depth to Water) * Slope/Gradient
Random Effect: sqrt(Specific Catchment Area) Wetland Probability
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Future Analysis:
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Climate Vulnerability
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Disturbance Vulnerability

Remote Sensing Land Cover Change
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Disturbance Vulnerability
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Future Plans: Upscaling with open data
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Future Plans: Soil Carbon Quality

Heen Latinee Experimental Forest
Juneau, AK Density Fractionation

Heavy Mineral-Associated Light Free Particulate
(Stable) (Vulnerable)




Conclusions

Remote sensing approaches help identify wetland areas
Screening areas to add to current inventories (NWI)

Wetland probability can help address hidden wetland extent
and underestimates of wetland soil carbon stock

Future efforts benefits from additional field validation data for
remote sensing products
Disturbance detection
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Further Questions

How much landscape is misclassified as not-wetland at greater
extents and larger scales?

Are these cryptic wetlands and carbon more vulnerable to land use
change and other disturbance?

Across the upland to wetland gradient how stable is the soil carbon
stock? Are mesic areas more stable but hold less soil carbon?



Soil Carbon Estimates at the
Management Scale

SoilGrids 250m™30cm depth yang) et al., 2017
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