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‘Towards a modular, multi-ecosystem Monitoring, Reporting and Verification (MRV) approach 
for soil organic carbon stock change assessment’ 

 

Supplementary information (S1) – Uncertainty assessment 

1. Uncertainty assessment 

 
1 https://www.theguardian.com/environment/2023/jan/18/revealed-forest-carbon-offsets-biggest-provider-worthless-verra-aoe 
2 https://www.science.org/content/article/farmers-paid-millions-trap-carbon-soils-will-it-actually-help-planet 

https://www.theguardian.com/environment/2023/jan/18/revealed-forest-carbon-offsets-biggest-provider-worthless-verra-aoe
https://www.science.org/content/article/farmers-paid-millions-trap-carbon-soils-will-it-actually-help-planet
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2. Statistical modelling of uncertainty 

 

3. Sources of uncertainty 

1. Uncertainty in the model inputs 

2. Uncertainty in the model parameters 

3. Uncertainty in the model structure 
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4 Uncertainty propagation 
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5. Upscaling uncertainties 

Most variables of interest of MRVs, such as GHG emission and SOC, vary in space and time. Often, the 

interest is not in the value of these variables at points but in the average or total for an area (e.g., a field, 

region, entire country or the globe) and/or time period (e.g., a day, month, year or decade). Upscaling 

the predictions of these variables is easy if predictions are available for the whole area or time period, 

but quantifying the associated uncertainties is much more difficult. It can only be done if the spatial and 

temporal correlations of the prediction errors are known and accounted for, using autocorrelation 

functions and/or semi-variograms [34]. In spite of its importance, this problem seems largely ignored 

by the scientific community [e.g.,35,36]. 

Spatial and temporal aggregation lead to a decrease of uncertainty. The uncertainty decrease is largest 

if errors have a low spatial or temporal correlation. Time series modelling  [37] and geostatistics [14] 

provide methodologies to quantify the spatio-temporal correlations of prediction errors. Szatmári et al. 

[38] used a geostatistical approach (block kriging) to derive the uncertainty of the soil organic carbon 

stock change over time for Hungary at multiple spatial scales. The study confirmed that uncertainty 

decreases as the area over which is aggregated increases. At point scale, none of the estimated soil 

organic carbon changes between 1992 and 2010 were statistically significant, while at the county and 

country scale they were. 

Upscaling to large spatial areas, such as the entire study area, can also be done using a design-based 

statistical approach [39]. This has the advantage that no model assumptions are needed, but a 

requirement is that the measurement locations are a probability sample from the area of interest, and 

that the sample size is sufficiently large for each upscaling area. Some relevant applications of this 

approach are Singh et al. [40]  and Karunaratne et al.[41]. See also Section 6 below, where design-based 

statistical inference is discussed in some more detail from a statistical validation perspective.  

 

6. Statistical validation 
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