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Rapid, cost-effective and reliable methods are in need to assess the soil carbon (SC) pools 1 Descriptive statistics of observed SC properties
and carbon sequestration potential at landscape scales. Visible/near-infrared diffuse _ 050 — Statistic Observed Property (mg/kg) Error statistics of the best VNIRS models
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chemical fractions using VNIRS comparing five multivariate parametric and non-parametric Minimum 2570 3 1150 ) 22l 18 TC LOG-PLSR | 0.93 | 0.86 | 0.082 1 0078 | 2.71
rearession methods 7 Maximum 201,988 | 29,399 | 181,738 | 8,995 | 1,036 HC SAV-PLSR | 0.49 | 0.40 | 0.218 | 0.285 | 1.29
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Field Sampling R R Skewness 6.35 4.58 6.64 7.57 5.39
Study area: Santa Fe River watershed, Florida 359 659 959 1250 1559 1859 2159 2459 _ _
Stratified random based on soil type and land use g Graphs of estimated versus observed TC and SC fractions of the best VNIRS models
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Laboratory Analyses? VNIRS Scanning 200 ; . ; | ; S 273 5 175
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All SC properties we‘re Log,, transformed. o (LReflectance) (LOG) Partial Least Squares Regression gave the most accurate estimations of SC properties at 0-30 cm. Some
Standard Normal Variate (SNV) B advantages of PLSR are: rapidness, ease of use, and flexibility to deal with correlated and missing data.
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Non-parametric methods (RT and CT) are more flexible to deal with non-linearity; however RT estimated
discontinuous values, thus was less suited for VNIRS modeling.

The type of multivariate method had a higher influence in the quality of model than the type of pre-
processing transformation.

All the best VNIRS models of TC and SC fractions were sensitive to the regions of absorption features of
C-H, O-H, N-H and H,O (~900; 1,100-1,400; 1,600-1,800; and 2,000-2,500 nm).
Conclusions

Except for HC, VNIRS produced reliable models of TC and SC fractions.
Partial Least Squares Regression was the best method amongst all the multivariate methods tested.
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Multivariate Modeling - Methods

Stepwise Multiple Linear Regression (SMLR) s = Standard deviation

Principal Components Regression (PCR)

Partial Least Squares Regression (PLSR)
Regression Tree (RT)

Committee Trees (Bagging) (CT)

Model Quality Measurements

|| Coefficient of Determination (R?)
Root Mean Square Error (RMSE)
Relative Predictive Determination (RPD)
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