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STUDY AIM: assessing the ability of Sentinel-2 (52) indices to capture variability in RFC and their
potential to derive RFC from S2 spectral models.
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Conclusion

NSSI times series analysis enabled RFC clusters identification. NSSI showed a linear relationship with mean RFC, especially with NDVI < 0.4. Future
research could integrate multi- and hyperspectral data with geophysical approaches to improve RFC prediction.
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