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A bit of history



Why SoilGrids?



Why SoilGrids?



GlobalSoilMap



Why SoilGrids? To fill in the gap.



Rome, FAO (Gerda Verburg twitter)

5 December 2013

SoilGrids were 
officially 
launched on 
4th of Dec 
2013 at FAO, 
Rome

https://twitter.com/GerdaVerburg/status/408566672040013824


PLOS One paper



SoilGrids1km vs HWSD

 

SoilGrids1km HWSD



Global Soil Information Facilities



SoilGrids1km: criticism

● Artifacts (mainly propagating from HWSD)
● Some soil properties are smoothed-out (regression 

only) over-prediction of low values (Organic carbon) /  
under-prediction of high values (see e.g. doi: 10.1016
/j.geoderma.2015.08.035)

● Only linear soil property-depth relationships
● No predictions for deserts (are deserts soil bodies?)

http://crossmark.crossref.org/dialog/?doi=10.1016/j.geoderma.2015.08.035&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.geoderma.2015.08.035&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.geoderma.2015.08.035&domain=pdf


GlobalSoilMap



PLOS One paper



Predictions soil org. carbon (1km vs 250m)

1 km (left) vs 250 m (right). Location: Arusha, Tanzania



SoilGrids → SoilInfo App



Soil Wiki

GBIF's vision: "A world in which 
biodiversity information is freely and 

universally available for science, 
society and a sustainable future."

GSIF's vision: "... soil information ..."



SoilGrids250m



Aspect SoilGrids1km SoilGrids250m

Spatial resolution 1000 250 (16 x bigger)

Input point data ca 100,000 points ca 130,000 with points also in 
Russian Federation, 

Artic/Antartic

Covariates ca 70 unique ca 150 (2 x more)

Prediction domain (soil mask) excludes deserts, permanent 
ice

excludes only permanent ice

Spatial prediction methods linear regression (no kriging) machine learning (random 
forests, neural networks etc) / 

ensemble predictions

Artifacts and country borders, artifacts and 
noise from MODIS products, 

artifacts in the geological map 
and HWSD 

*reduced to minimum

Systematic bias (over-smoothing) over-
prediction of low value

*to be tested



This is probably one of the biggest 
(statistical) soil mapping projects ever!
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ca 150,000 points shown on this map

>850,000 measurements of soil 
organic carbon



ca 45,000 points shown on this map

"Sapric.Histosols", "Hemic.
Histosols", "Fibric.Histosols", 
"Cryic.Histosols", "Histic.
Albeluvisols

FAO World Reference Base



ca 52,000 points shown on this map

"Saprists", 
"Hemists", 
"Folists", "Fibrists"

USDA Soil Taxonomy



Clean-up table



General spatial prediction workflow (data-driven)

Regression matrix 
= 154 covariate 
layers x 150,000 
sites (soil profiles 
/ samples)

Model fitting = 
Random Forest, 
neural nets / Deep 
learning

https://docs.google.com/spreadsheets/d/1edb4H8oRgd3Qepyhd5fXxijHxxn-7f432no8Uf9vy1s/edit#gid=1705814887
https://docs.google.com/spreadsheets/d/1edb4H8oRgd3Qepyhd5fXxijHxxn-7f432no8Uf9vy1s/edit#gid=1705814887


h2o software



Results 



Model testing

● FAO / USDA Soil taxonomy classes:
○ Estimated Cohen Kappa (weighted): 29–40%
○ Map purity: 30–40%

● R-square for soil organic carbon, pH, soil textures, 
coarse fragments, bulk density (Random Forest 
models): 63–82%



Fibrists



Fibrists



Fibrists



Soil organic carbon



Soil pH (5–15 cm)



✓ 16 times higher level of detail
✓ 30-50% higher accuracy (lower RMSE)
✓ less and less artifacts than v1km



Conclusions 



1. (Non-linear) machine learning 
algorithms show predictive 
potential for automated soil 

mapping



2. There is a potential in soil 
mapping automation and in 

using global soil data models 
(to fill-in the data gaps / 

transfer knowledge)



3. SoilGrids could be used to 
generate even hundreds of soil 

properties (automation is 
possible)!



Get ready for the 
Soil Data Revolution!



SoilGrids250m



SoilGrids

maps.bodemdata.nl



Interview L. Montanarella



We know more about soils of Mars...



"... than we know about the soils of 
Earth" → we need to change this!


