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1. Data mining

2. Machine learning

3. Genetic Algorithm

4. Binary logistic regression
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Predictive mapping of soil Great groups distribution in a semi-arid area using boosted decision tree
algorithm
M. Zandi Baghcheh-Maryam and P. Shekaari,
MSc student and assistant professor of department of soil science, college of agriculture, Razi University,
Kermanshah.
Abstract
Soil spatial variability is of prime concern in environmental management. This study conducted to verify how
boosted decision tree algorithm (BDTA) is capable in predicting distribution pattern of Soil Taxonomy's Great
groups in Miandarband area of Kermanshah province. According to a simple systematic sampling design, 115
pedons studied and 6 Great groups identified. 28 environmental covariates calculated from 30-meter resolution
DEM and OLI image of Landsat 8. Training step of the BDTA followed by prediction and mapping stages to
construct a predictive map of Great groups. Calculation of Overall accuracy (OA) and Kappa index of
agreement (K) led to 0.80 and 0.74 prediction accuracies, respectively. Generally, topographic covariates were
recognized most effective ones, while parent material showed a minor effect on differentiation of Great groups
in the study area. Based on the results, BDTA showed a considerable performance. This conclusion is not just
based on OA and K values but because of nearly flat topography in a large extent of the area which made any
inference too difficult. Furthermore, it did not affected by overfitting. Considering all the points, BDTA showed
good predictability potential that make it a powerful alternative for future works.

Key Words: Digital Soil Mapping, Decision Tree, Miandarband Plain, Environmental covariates.



