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Data-assimilation methods play a crucial role for exploiting remote sensing in dynamic physical models for the prediction of hydrological-process evolution. Here, a
novel method is proposed to assimilate land-surface temperature estimates, derived by applying support-vector regression to infrared satellite data, into a variational
technique for mass and energy exchange estimation at the soil surface. Recent techniques to fully automate support vector regression and to estimate the pixelwise

DESCRIPTION

statistics of the regression error are incorporated in the proposed method.
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kernel-based nonparametric method;
very good generalization properties;
improved test-set accuracy, compared to classical LST estimators;
no need for prior estimates of surface or atmospheric properties;
need for in-situ temperature measurements (for training);
regularization and kernel parameters automatically optimized by minimizing a generalization error
bound (span bound on the leave-one-out error) by Powell’s algorithm (nondifferentiable
functional) (3)

API dynamics (mass balance constraint):
— thermal inertia Pis affected by soil water;

— given the intensity of precipitation 7/, a general and
simplified way to estimate the degree of moisture in
the ground is given by API (5):
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EXPERIMENTAL RESULTS
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Figure 4. Daily mean RMSE, computed for a single

Figure 2. RMSE between DA-based and satellite LST
estimates, computed over the considered time period

Figure 3. Hourly mean and standard deviation of MAE,
computed between DA-based and satellite LST

pixel in the Padana Plain between the DA-based and
satellite LST estimates

and over all pixels where assimilation was significant (= estimates over the considered time period and over all MAE RMSE
300 hours of clear sky during the period) pixels where assimilation was significant
LST SAF|0,1/33|0,20/73
CONCLUSIONS AND REMARKS LST SVM|0,1578 | 0,1926
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