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 The LUCAS 2015 spectral database was
convolved to Sentinel-2 reflectance and the
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* Various Sentinel-2 bare solil reflectances
extracted using different thresholds and
aggregation methods were tested over

selected LUCAS 2018 [1] bare ground truth
points and compared to their laboratory soll

spectra acquired in 2015.
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Predicting soil organic carbon (SOC) content based on remotely-sensed bare
soil reflectance is gaining popularity, but predictions remain challenging over
large scales. This could be due to choices in pixel-level filtering and multi-
temporal aggregation accounting for residual vegetation and soil moisture.

I. investigated how different band ratio indices thresholds and bare soil
compositing techniques affect the similarity of satellite bare soil reflectance
to laboratory soil spectra and;

ii. identified an optimal bare solil satellite reflectance extraction technique to

use for European-scale SOC content prediction.
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RESULTS

 NBR2 of European dry soil varies based on soil type

» Bare soll satellite reflectance filtered using the dynamic NBR2 threshold
proposed here and aggregated by the 90" highest quantile resulted in a
closer match to laboratory soil spectra.
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* Improved SOC content prediction over agricultural points at the
European scale (R? =0.42 + 0.03, RMSE = 5.67 £ 0.29 g kg™!, MAPE =
30.39 £ 1.23 %).

* The use of principal components as opposed to the full sentinel-2
reflectance resulted in smaller data size and a 30% modelling time
decrease with no loss of accuracy.

 Total annual precipitation, the slope between visible satellite bands, and
latitude were found to be the most important covariates for SOC content
prediction at the European scale, followed by satellite brightness indices
and soll textural information.
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CONCLUSIONS

» Soil satellite reflectance thresholded using a strict, dynamic NBR2 threshold
that accounted for differences in solil type resulted in a closer match to
laboratory soil spectra.

* The optimal bare soil extraction method identified here was used to predict
SOC content at the European scale, returning results comparable to other
European-scale studies, despite adopting a more restrictive approach and
using open-source data only.

* The use of reflectance principal components and some band ratios resulted
In quicker modelling times with no loss of accuracy. Future studies (especially
those using hyperspectral data) should also consider doing this.

 Future studies should also consider spectral (e.g. VIS slope) and non-
spectral covariates in addition to bare soil reflectance or its derived
information.
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