Estimating biophysical vegetation parameters in a dehesa ecosystem using non-
parametric statistical analysis: a multi-scale approach
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R/emote sensing (RS) allows monitoring vegetation biophysical properties (VBP) at synoptic temporal and spatial scales. Some of these variables are being systematically monitored at co@

spatial resolution by global remote sensing programs. However, these products, which offer information at pixel sizes ranging between 250 to 3000 m, have demonstrated lack of accuracy and
consistency in complex ecosystems such as the savannas. In these tree-grass ecosystems (TGE), structural heterogeneity causes within-pixel spectral mixture and presence of shadows and
roughness that can cause considerable errors in the estimation of vegetation status at ecosystem level. Proximal sensing can be used to quantify the impact of these effects on the estimation of
biophysical vegetation parameters and enhance our remote sensing and modeling abilities in these complex ecosystems. In this study we used hyperspectral field spectroscopy measurements to
calibrate predictive models of Live Fuel Moisture Content (LFMC), Canopy Water Content (CWC), Plant Area Index (PAI) and Specific Leaf Area (SLA) in the grass layer of a dehesa, a
Mediterranean tree-grass ecosystem. Models based on Landsat 5 TM spectral vegetation indices (SVIs) assessed the performance of two non-parametric statistical techniques: partial least
squares regression (PLRS) and random forest regression (RFR) using field spectroscopy measurements. These models were up-scaled to Landsat 5TM images to assess the impact of ecosystem
and atmospheric correction uncertainties on their predictions. Results showed that RFR slightly outperformed PLSR. CWC was the VBP best predicted by both methods (R?~0.7 and

@\/ISEMLZ%). As a result of models up-scaling to Landsat 5 TM imagery, prediction and accuracy of the estimations decreased in about 20% except for LFMC (R%~0.81 and RRMSE~47.63%)./
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Biophysical variables of the grass canopy of a TGE were retrieved from SVI derived from hyperspectral field data and field sampling campaign. Two statistical methods were tested, PLSR and RFR.
CWC was the variable better predicted and RFR slightly outperformed PLSR. Those models were applied to Landsat 5 TM images in an up-scale exercise. Modest performance of both methods in the
estimation of the VBP can be related with the ecosystem characteristics and the field sampling protocol as the areas sampled for the estimation of the VBP and the calculation of VIs do not completely
match. This is specially important in grazed ecosystem, as the one under investigation, as this causes a large heterogeneity at the sub-plot scale (25x25m) that can be spectrally characterized using
transects but not by destructive sampling of a limited number of sub-plots (25x25cm). Further investigation is required to explore this issue in order to define field protocols better adapted to grazed

\_TGEs. o
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