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“Carbon”: What do we mean and why does it matter?

Carbon is embodied in the biomass of plants (above and below ground) and in soil organic matter.

Relevance to biofuels: changes to carbon stocks incited either directly or indirectly by biofuel production are
attributable to the greenhouse gas balance of those fuels.

To estimate these effects and properly evaluate the GHG balance of biofuels, we must know where carbon stocks
are located and in what quantities.

The data sources we use to assess carbon changes depend on the scale and scope of our analysis.



Finest scales: [in]direct measurements

At the finest scales we can directly measure carbon stocks: harvest and analyze.

But field data are often actually indirect measurements...

S0C kg m< Pred. |

> Inferred from more easily acquired, non-destructive measurements. =" . | B
(e.g., Allometry based on tree height or diameter, root-to-shoot ratios; etc.) sm kg‘:; - / o :
Carbon stocks vary tremendously, even in close proximity i 4 |
> Asingle measurement is not likely representative of its surroundings. - ' — _
- Many samples are needed to generate confident averages . .

(Conant & Paustian, 2002; Vanguelova et al., 2016) (Li ét al,, 2018)

Field averages are the data used to both make and assess the accuracy/uncertainty of our maps and models.



Measures of [un]certainty

CONFIDENCE ACCURACY
“How much do measurements/estimates vary “How well do predictions match independent,
when repeated?” [in]direct measurements?”

e.g., Expressed as the standard deviation of a mean e.g., Expressed as Root Mean Square Error (RMSE).
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Scaling up: class averages

Field measurements can be aggregated by category, and their average used to infer stocks elsewhere.

Examples:
= |PCC Tier 1 method - “default values”
= In biofuel LCA modelling: Example: IPCC biomass defaults for young
= “AEZ” emissions factors secondary forests in North America (pcc, 2019)
" Woods Hole” emissions factors 'Eco-zone | Stock (t/ha) | Confidence (CV)
. Winrock” emissions factors
, Mountain 58 136%
Pitfalls: _ .
= Often based on very small samples — Coniinentd 10 216%
= Assumes uniformity of stocks within a class Oceanic 214 106%
= Highly uncertain (whether explicit or not) Desert 26 137%
= Often biased by sampling scheme
> (Powersletal.,2011,Lar}gneretal.,ZFO)J) g Steppe 43 178%



Mapping: “paint by number’

Class averages can be mapped if we know the locations of classes for which we have averages.

Landcover Map:

Pitfalls:
All those associated with averages, plus: = Artificial edge effects from mapped class boundaries

No variation within classes

Biome Averages: Carbon Map (tC/ha):
Biome C Stock 5 5

“ooss | some | . | ¢

= \oids where data isn’t available

Limited by the quality of the landcover map =  Temporal and thematic inconsistencies
Uncertainty rarely noted

= Etc.




Mapping: “paint by number” (biomass)

Class averages can be mapped if we know the locations of classes for which we have averages

Global Above- and Below-ground Living
Biomass Carbon Density

Basis for the IPCC Tier-1 Global Biomass Carbon
Map for the Year 2000 (Ruesch and Gibbs, 2007).




Mapping: “paint by number” (soil)

“Paint by number” has also long been used for soil mapping.
> In soil applications, its often more data-intensive and better resolved.

> Uncertainty is still rarely reported. Soil Type Map: SSURGO (s ury i 2016
r - ; N . ; oil Survey Staff,

Soil Carbon Map: l

Example Datasets:

(order: finest to coarsest resolution) 0 1 2 4 Miles

* SSURGO or NATSGO (USA) es. soisuney s T
« STATSGO (USA) wes. ot —— fevin
* Harmonized World Soils Database (GLOBAL) 0,2 e




Mapping: Statistical Approaches

Statistical relationships between field measurements and mapped variables are identified and then
used to predict stocks throughout space.




Mapping: Statistical Approaches

_ Machine Learning: Paint by Number:
Promises: ‘ Y74

o Spatially consistent

o Spatially continuous

Far more spatially resolved

[Often] based on direct observations
Easily updateable

Uncertainty is more readily quantified

o o o
s UBBYUigagEBFRNE ;T

o

(from: Goetz e al., 00) )
Pitfalls:
> Only as good as the data its given

> Computationally and data intensive
o Can't explicitly account for unseen factors like land use history (soil)



Mapping: Statistical Approaches (biomass)

Machine learning a /a ‘remote sensing’ has been the ‘state of the art’ of forest biomass mapping for decades.

Various types of remotely sensed imagery used:

Imagery Type: M Record Length | Systematic Issues

Optical Reflectance Reflectance/Color Long Saturates in areas of dense biomass
Synthetic Aperture Radar (SAR) Surface Texture Long Sensitivity varies with biomass density
LIDAR Plant Height/Structure  Short Previously sparse coverage.

Accuracy of biomass maps has improved as combined use of different imagery types has become more common.
Burgeoning LiDAR records are expected to further improved accuracy.

(Goetz et al., 2009, Xiao et al., 2019)



Mapping: Statistical Approaches (biomass)

Santoro et al., 2021

Wide range of scope and resolution; all include accuracy stats (many also with maps of pixel confidence)
Also: Annual 30m resolution global forest biomass maps (e.q., Baccini et al,, 2017)—Direct obs. of carbon changes.

...BUT:
* Remotely sensed biomass maps only represent aboveground biomass (i.e., they exclude root biomass).
» Typically, only report the biomass of a single type of vegetation (usually trees)




Mapping: Statistical Approaches (biomass)

Biomass (tC/ha) Confidence (%)

Solution? Harmonize and
combine maps of above and
below ground biomass and
their confidence across a range
of vegetation types; all
representing conditions in the
same year.

Aboveground

Belowground
(Roots)

(Spawn et al., 2020)




Mapping: Statistical Approaches (soil)

Recently, machine learning methods have also infiltrated soil carbon mapping
The challenge: Unlike aboveground biomass, soil can't typically be directly observed from space.

The answer: Use similar algorithms but with much more and diverse data.

> More field measurements

> Use imagery + maps of relevant variables:
> Climate
> Physiography
> Soil properties
> Land use
- Ete. £-

Locations of 150,000 field measurements used by Hengl et al., 2017

A recent global soil mapping effort used more than 240,000 field measurements and 400 global maps/images roggioetal, 2021).
(for comparison: global biomass efforts typically use <10,000 field measurements and 10s of global images)



Mapping: Statistical Approaches (soil)

Harmonized World Soils Database (paint by number): Open Land Map (machine learning):

Wieaer et al., . Hengl et al.,

* Machine learning results in more finely resolved predictions, revealing patterns not seen in courser maps.
* Finer scale predictions can more meaningfully be compared to field measurements to assess accuracy.



Mapping: Statistical Approaches (soil)

There are many soil carbon maps that have been produced via machine learning (non exhaustive sample):

Global Coverage:

Name ___| Release | Reference NGIEN T

SoilGrids1km 2014 Hengl et al., 2014 [superseded]
SoilGrids250m 2017 Hengl etal., 2017 superseded] ~ USA Coverage:

SoilGridsUSA (Ramcharan et al., 2018)
OpenLandMap 2018 Hengl and Wheeler, 2018

SoilGrids2.0 2021 Poggio et al. 2021

Earlier versions of SoilGrids [highly] (e.g., Hengl et al., 20xx) overestimated carbon stocks in peat and permafrost

SoilGrids2.0 (i.e., Poggio et al., 2021) appears to have resolved these issues.



Mapping: Statistical Approaches (soil)

SoilGrids2.0 is the first to be accompanied
by pixel level confidence estimates.

There remains substantial disagreement between
SoilGrids2.0 and Open Land Map in some areas:
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Model Simulations (soil)

Rather than using existing carbon data, biophysical models often generate (i.e., “spin-up”) their own stock
predictions by simulating soil development under a prescribed land use history.

Advantage: Can simulate less-visible factors like legacy management that observational approaches may miss.

Challenges:
- Computational burdens often necessitate coarser thematic and spatial resolution.

> The confidence and accuracy of model predictions are often not assessed due to computational burdens.

> Model predictions often go unverified and can falsely-imply high degrees of certainty.

> Predicted carbon stocks [and fluxes], can be very sensitive to the quality of input data and assumptions.

Note: Studies using simulation models to estimate land use change emissions rarely report the initial stocks they spin
up, making it difficult resolve disagreement among studies.



Take Homes:

There is___f_r_;]..g;{_f’berfect carbon data— what’s best depends on an application’s scale and scope.

All carbon data sources are uncertain to varying degrees—whether noted or not.
o Biofuél LCAs have typically used very rudimentary carbon data that lag the accuracy and certainty of newer data sources.
- Newer data sources are typically more accurate, better resolved, and more transparent about their uncertainties.
> Simulation models can address the invisible, but their computational demands require tradeoffs and often precludes uncertainty estimation.

My recommendations:
° Evaluate, track, and report data/model uncertainty and favor sources and methods that enable transparency.
> Consider using ensemble approaches that employ multiple data sources to represent the same stocks.
> Look to examples being set elsewhere in the relevant sciences:

> Innovative data and methods (e.g., Baccini et al. 2017, Harris et al. 2021, Hong et al. 2021, etc.).

> Honest and productive treatment of data/model uncertainty/disagreement (e.g., Grassi et al. 2008, Ogle et al., 2010, Wallach et al. 2018, etc.).
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