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Automated (predictive) global soil mapping

We aims at implementing (all) knowledge of soil 
science through robust algorithms (BUP), and 

putting the system in operational use… 

so that you do not need any soil mappers any 
more :)



PLOS One paper



SoilGrids paper





Global Soil Information Facilities



SoilGrids inputs

➔ "World's largest" compilation of soil profile / soil 
sample data sets (national and international datasets 
from over 45 countries) → these contain both soil 
classification data + soil analytical/laboratory data.

➔ A 40TB repository of MODIS land products, climatic 
images, DEM derivatives, geological and 
geomorphological data (all at 250 m resolution)

➔ ISRIC's international network that can cross-check 
and validate spatial prediction patterns / values.



ca 150,000 points shown on this map

>850,000 measurements of soil 
organic carbon



Machine learning





Some common misconceptions

➔ MLA is a black box — it is not!
➔ Most of new implementations of random forest and 

similar will penalize for overfitting.
➔ MLA is non-statistical / there are no probabilities and 

the output (prediction) uncertainty is unknown — it is 
not true. "MLA is a marriage between stats and 
knowledge representation".



randomForestSRC



Watch out from overfitting



Typical effect on accuracy

Based on Lopez (2015)



Based on Lopez (2015)



Based on Lopez (2015)



MLAs of interest to global 
soil mapping



Some logical choices

➔ Soils vary locally (there is a strong local component) 
— tree-based models probably more suited.

➔ Soils are shaped as a result of complex processes 
running over large periods of time… but there are also 
sudden disturbances (soil slides, erosion)... in short: 
soil genesis is complex.

➔ Remote sensing (VISNIR) can not be used to directly 
map soils, BUT it can be used to represent soil 
forming factors.



Proposed solution:

➔ An extensive stack of carefully selected 
covariates (158)

➔ Random forest + Gradient boosting
➔ Put more effort to optimize the system 

so that it can be updated relatively fast



ranger

>850,000 measurements of soil 
organic carbon



ranger



xgboost

>850,000 measurements of soil 
organic carbon
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Results



They would have been interested in this… 
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Correlations



Variable importance soil types
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Conclusions



Conclusions
➔ Traditional soil surveyors got it right! — distribution 

of soil classes is mainly controlled by DEM 
morphometry (especially hydrological parameters).

➔ Soil classification and polygon models of soils seem 
to make sense — in many parts of the world we see 
"soil groupings i.e. soil bodies"... but there are also 
transition zones and small individual patches… so it is 
really a hybrid that we need.

➔ In the machine learning framework, much more time 
needs to be spent on preparing data





GlobalSoilMap



Global data sets


