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Abstract

Soil maps have considerable significance as basic maps in many environmental and natural resources
studies. Digital soil maps are based on the relationship between environmental variables and soil
properties. The main purpose of this research was to analyze error and uncertainty of digital soil
classes predicted at different taxonomic levels of Soil Taxonomy system using an artificial neural
network. One hundred and twenty soil profiles were described and sampled based on a regular grid
scheme in Shahrekord plain. Two groups of soil properties (qualitative and quantitative) and auxiliary
parameters (including geologic map, landform map, landform-phase map, traditional soil map,
normalized difference vegetation index, and some derivatives of digital elevation model) were used to
estimate soil classes. After preparing the soil properties maps and checking their accuracy, these maps
were used along with auxiliary parameters for estimating soil classes using an artificial neural network
model in the R software. Finally, the accuracy and uncertainty of the model were evaluated by overall
accuracy and confusion index, respectively. Results showed that the entry of more details in the soils
classification at the lower levels of the Soil Taxonomy system, while increasing the number of classes,
leads to decreasing the overall accuracy and increasing uncertainty. It is noticeable that the artificial
neural network model has a good accuracy up to the great group level through the acceptable level of
overall accuracy (i.e., 75 %), hence it has a high degree of uncertainty. Therefore, the accuracy of the
model could not be effective in its selection trough the modeling process; however, paying attention to
its uncertainty is also very important along with the model error. Accordingly, we suggest using the
other methods of soft computing for modeling in plain areas or in low relief regions.
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® Deep neural network

* Popular random forest

% Hyperspectral image classification
8 Convolutional neural network
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! Normalized difference vegetation index
2 Longitudinl curvature

% Cross sectional curvature

4 Aspect

% Elevation

® Slope

7 Analytical hill shading

& Convergence index

® Closed depressions

10 catchment area

1 Topographic wetness index

12| 5 factor

13 Channel network base level

1% Vertical distance to channel network
15 valley depth

16 Relative slope position
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