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* The EJP Soil ProbeField project (A novel protocol for robust in-
field monitoring of carbon stock and soil fertility based on
proximal sensors and existing soil spectral libraries) proposes
innovative techniques for determining SOC stocks and other
relevant properties to the health of EU soils.

e This study aims to predict soil properties (calcium carbonate,
sand, silt, clay, available-P, and available-K contents) using
partial least squares regression (PLS) models and identify
significant spectral bands for predicting soil physicochemical

properties. &‘7 ﬁ 2"“
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Pretreatment of spectral data: mean
centering and MSC (Multiplicative

Scattering Correction)

* Partial least square regression (PLS) with
spectral points as independent variables and
soil properties values as dependent ones.

* Root mean square error (RMSE) and Akaike
information criterion (AIC) to select the
model with the minimum number of latent
variables (LVs), avoiding overfitted spurious
models

28 ProbeField spectra'23 (no C outliers)
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