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FREEDOM TO RESEARCH

Climate change causes permafrost thaw, altering the physicochemical
conditions of Arctic soils, potentially emitting greenhouse gases

= How do hydrological and topographical variations resulting from permafrost
thaw impact the physico-chemical conditions of the soil and what are the
implications at the site scale ?
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Study case of an Arctic peatland with a natural permafrost thawing
gradient in Eight Mile Lake in late summer of 2023 (Alaska (USA))
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Combining geochemical and very-high resolution remote sensing techniques to better understand the impact of permafrost thaw and
resulting thaw depth increase at the profile scale and at the site scale

Site scale: prediction of the thaw depth across the site
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1 Crop Water Stress Index (CSWI)

Red, Green, Blue, Red Edge, NIR,
NDRE, NDVI, BWRDVI, Cl, CVI, EVI2,
GARI, GCC, GLI, GNDVI, LCI, OSAVI,

RCC, RVI, SIPI, TVI
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\.Topographic Position Index (TPI)

Statistical Models

M

Thermal : CSWI

ultispectral : Blue, RedEdge, CVI, NDRE,
SIPI

LiDAR : SLOPE, CHM, Curvature, TPI, TWI,

CSWiI

Machine
learning
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Profile scale: impact of the thaw depth increase on the geochemistry of soil pore water
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Train and Test R? scores for Random Forest by Buffer Distances Feature of importances for buffer size = 300 cm
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Take home messages and perspectives

Permafrost thaw leads to a significant pH increase (over 2.5 units) and enhances soil pore water
conductivity due to calcium and magnesium release

Topographic and multispectral indices explain most of the variability in thaw depth

Including random effects in the dataset using a mixed multilinear model improves the prediction quality of
thaw-related variables

Machine learning algorithms such as Random Forest better capture the complexity of thaw depth models,
although it suffers from overfitting. Topographic and multispectral indices remain the most explanatory
features
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