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Abstract 

 

After decades of decline, croplands are once again expanding across the United States. A recent 

spatially explicit analysis, for example, mapped nearly three million hectares of US cropland 

expansion between 2008-12. Quantifying carbon emitted from this land use change (LUC) is 

critically important for assessing the greenhouse gas intensity of crop production and 

identifying avenues by which emissions can be reduced. I developed a data-driven model that 

combines relatively high-resolution maps of cropland expansion with published maps of 

biomass and soil organic carbon stocks (SOC) to spatially assess and quantify C emissions 

from observed LUC. Unlike similar approaches used to examine emissions from tropical LUC, 

my model specifically emphasizes non-forest biomass C stocks and the spatial variation of 

SOC’s response to LUC. Non-forest sources represent major emission pathways in the US, 

where new croplands primarily replace grasslands. I found that observed expansion caused, on 

average, a release of 55.0 MgC ha-1 (SDspatial = 39.9 MgC ha-1), which resulted in total 

emissions of 38.7 TgC yr-1 (95% CI = 22.5 – 57.7 TgC yr-1). I also found wide geographic 

variation in both the size and sensitivity of affected C stocks. Grassland conversion was the 

primary source of emissions, with more than 90% of these emissions originating from SOC 

stocks. My findings are notably higher than comparable estimates made by the National 

Greenhouse Gas Inventory and thus highlight the importance of inter-model comparisons and 

observational constraint. The magnitude of estimated emissions also emphasizes the 

importance of avoiding LUC emissions and conserving natural C stocks. Using a priori 

knowledge of likely land sources and land use change drivers, I conclude by suggesting 

possible policy avenues by which ecosystem C stocks can be conserved. 



iv 
 

Acknowledgements 

 

There are many people who helped make this work possible. First, I’d like to thank Dr. 

Tyler Lark for tilling up new fields of knowledge and pioneering land use change mapping in 

the United States. Tyler has been an invaluable mentor and friend and without his 

groundbreaking work, I’d likely be peeling potatoes in Idaho. Equal thanks to my advisor Dr. 

Holly Gibbs for welcoming me into her fold and providing and entrusting me with generous 

opportunities and independence to explore new ideas and methods. I’m grateful too for the 

insights and support of my committee members Dr. Erika Marin-Spiotta and Dr. Chris 

Kucharik who’s early feedback greatly improved the trajectory and (hopefully) outcome of this 

effort. Both have also been exceptional teachers and have challenged me to think in new ways 

about the earth system and our place in it as humans. 

This work combined data and perspectives from several disparate corners of the earth 

science world. I’m grateful to Dr. Susan Prichard, Dr. Amanda Ramcharan, Dr. Skye Wills, 

Dr. Karl Mokany, and Dr. Peter Reich for taking time to answer my questions and for clarifying 

my understanding of their work so that I could accurately apply it in my own. Thank you to 

Dr. Annemarie Schneider for her helpful feedback on my remote sensing methods and to 

George Allez for his helpful perspectives and edits. I’m also forever indebted to Greg Fiske at 

the Woods Hole Research Center for his patience as I learned to wrangle Google Earth Engine. 

As steadfast as the postal service, Greg always had answers to my incessant questions no matter 

the time of day or night. He also has great taste in music and a well stacked woodpile.  

This work was completed as part of larger project examining the impact of the US 

Renewable Fuel Standard on national land and water resources funded by the David and Lucile 



v 
 

Packard Foundation and the National Wildlife Federation. I’m grateful for all my fellow team 

members and for their insights and feedback. Special thanks to David Degennaro for helping 

to maximize the policy relevance of this work, holding me to a tight time-line, and giving me 

meaningful opportunities to share my work with the public.  

Finally, a word of thanks to my family. To my parents Terry and Carol and my brother 

Cory: Thanks for spawning me (not relevant to Cory), challenging me to promote better living 

through [science], and for your ceaseless love and support (relevant to Cory). And to the newest 

members of my family – Rachel and Joey: thank you for your endless love and patience as I 

burned the midnight oil and ran up the energy bill. You both keep me forever grounded, 

nourished, and well exercised for which I can’t thank you enough. There isn’t a time of day or 

night that I wouldn’t stop to smell the roses with you. 

  



vi 
 

Table of Contents 

  
Abstract ................................................................................................................................................ iii 
Acknowledgements .............................................................................................................................. iv 
Table of Contents ................................................................................................................................. vi 
1. Introduction ...................................................................................................................................... 1 
2. Methods ............................................................................................................................................. 4 

2.1 Recent land use change (2008-12) ............................................................................................... 4 
2.2 Committed carbon emissions estimation ...................................................................................... 5 
2.3 Aboveground biomass carbon stock mapping .............................................................................. 7 

2.3.1 Forest aboveground biomass carbon stocks ......................................................................... 7 
2.3.2 Grassland aboveground biomass carbon stocks ................................................................... 8 
2.3.3 Shrubland aboveground biomass carbon stocks ................................................................... 9 
2.3.4 Pre-conversion aboveground carbon stock attribution ....................................................... 10 

2.4 Belowground biomass carbon stock mapping ............................................................................ 13 
2.4.1 Forest belowground biomass carbon stocks ....................................................................... 13 
2.4.2 grassland belowground biomass carbon stocks .................................................................. 14 
2.4.3. Shrubland belowground biomass carbon stocks ................................................................ 14 

2.5 Soil organic carbon stocks and emissions .................................................................................. 15 
2.5.1 Soil organic carbon stocks .................................................................................................. 15 
2.5.2 Clay content ......................................................................................................................... 17 
2.5.3 Soil organic carbon emissions ............................................................................................. 17 
2.5.4 Wetland soil organic carbon emissions ............................................................................... 19 

2.6 Validation of modeled emissions ................................................................................................ 21 
3. Results.............................................................................................................................................. 21 

3.1 Total emissions ........................................................................................................................... 21 
3.2 Emissions by land source ........................................................................................................... 22 
3.3 Emissions associated with expansion of major crops ................................................................ 24 
3.4 Prediction validation and uncertainty ........................................................................................ 25 

4. Discussion ........................................................................................................................................ 27 
4.1 Sources and significance of US LUC emissions ......................................................................... 27 
4.2 Model limitations ........................................................................................................................ 30 
4.3 Policy implications ..................................................................................................................... 34 

5. Conclusion ....................................................................................................................................... 36 
Tables ................................................................................................................................................... 38 
Figures ................................................................................................................................................. 51 
References ........................................................................................................................................... 58 
Appendix I – Supplemental figures ................................................................................................... 70 
Appendix II – National Greenhouse Gas Inventory comparison methods ................................... 78 
Appendix III – Supplemental results and discussion ...................................................................... 80 
 



vii 
 

  



1 
 

1. Introduction 

After decades of declining area, croplands have recently shown renewed rates of 

expansion throughout the United States (Lark et al., 2015; USDA, 2015; Yu and Lu, 2018). 

Lark et al. (2015), for one, mapped nearly three million hectares of cropland expansion 

occurring between 2008-12, an increase that was only partially offset by concurrent cropland 

abandonment. These high rates of expansion followed the establishment of new agricultural 

markets (Carter et al., 2017) and changing federal policies, including reductions to the size of 

the Conservation Reserve Program (CRP) (Hendricks and Er, 2018; Morefield et al., 2016) — 

an initiative used to retire environmentally sensitive croplands from production. Natural lands, 

including those retired by the CRP, store significant quantities of carbon (C) that they have 

removed from the atmosphere over time via photosynthesis (Houghton and Nassikas, 2017; 

Scurlock and Hall, 1998). When these lands are cleared or disturbed to accommodate new 

crops, C embodied in affected biomass and soils is ultimately emitted to the atmosphere via 

combustion or decay (Houghton et al., 1983). Natural C stocks are thus highly sensitive to the 

changing policy and economic conditions that drive land use and land management decisions 

(Lambin et al., 2001).   

Worldwide, land use change (LUC) is one of the leading causes of anthropogenic C 

emissions and their associated impacts on climate change (Foley et al., 2005; Houghton et al., 

1983; Le Quéré et al., 2018). Since the industrial revolution, LUC has been the agent of nearly 

one-third of cumulative net emissions globally (Houghton and Nassikas, 2017) and currently 

accounts for roughly 10% of all annual emissions (Le Quéré et al., 2018). Many of these 

emissions result from tropical deforestation, which displaces large quantities of C stored 

primarily in plant biomass (Gibbs et al., 2010; Houghton and Nassikas, 2017; Le Quéré et al., 
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2018). In the United States, where biomass densities are comparatively small, LUC is often 

thought to be a relatively minor component of emissions nationwide (US-EPA, 2018). The 

annual US National Greenhouse Gas Inventory (NGGI) estimates that LUC emissions 

contribute less than 2% of total gross emissions, and that the land sector in whole may offset 

as much as 10% of gross emissions, primarily through sequestration in US forests (Houghton 

et al., 1999; US-EPA, 2018). 

Emissions from LUC, however, are notoriously difficult to estimate and represent one 

of the most uncertain components of the global C budget (Houghton et al., 2012; Ogle et al., 

2010; Ramankutty et al., 2007). National emissions have most often been inferred from 

aggregated, nonspatial LUC statistics and C stock inventories, an approach that has been 

endorsed by the IPCC for national Tier-1 and Tier-2 greenhouse gas emission reporting (IPCC, 

2006). More recently, spatially explicit satellite observations of LUC and C stocks have been 

used to generate more accurate estimates (Baccini et al., 2012; Noojipady et al., 2017) — 

primarily in tropical forests where LUC is readily observed from space. These methods more 

closely reflect the ground truth spatial variation in C stocks that otherwise precluded 

aggregated analyses. As the spatial resolution of satellite-based analyses has increased over 

time, corresponding estimates of gross C fluxes have also increased in magnitude (e.g., 

(Baccini et al., 2012) vs (Baccini et al., 2017)), which implies that coarse-resolution estimates 

may downplay the true magnitude LUC emissions. 

As satellite-based biomass mapping continues to improve, emissions from soil organic 

carbon stocks (SOC) are emerging as the leading source of emission uncertainty (Scharlemann 

et al., 2014). This uncertainty may be particularly problematic in areas like the US where LUC 

disproportionately affects ecosystems like grasslands and shrublands (Lark et al., 2015) that 
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have relatively small vegetation biomass C stocks but extensive amounts of SOC. Worldwide, 

SOC represents the largest pool of biospheric C (Jobbágy and Jackson, 2000; Scharlemann et 

al., 2014), a pool that can be highly sensitive to LUC (Guo and Gifford, 2002; Sanderman et 

al., 2017). SOC emissions are often inferred by assuming that a prescribed fraction of the initial 

SOC stock is emitted following LUC (IPCC, 2006), though recent analyses have questioned 

the integrity of these simplified assumptions and argued that SOC sensitivity to LUC varies 

geographically (Poeplau et al., 2011; Powers et al., 2011). Carbon response functions (CRFs) 

— simple statistical models that transparently predict SOC emissions by accounting for the 

empirical effects of environmental covariates — have been proposed as a way to overcome 

these spatial discrepancies (Poeplau et al., 2011; West et al., 2004) but their use in inventories 

has been limited to date by the lack of essential spatial data.  

Even with recent advances in LUC emission quantification, estimates in the US remain 

surprisingly limited and uncertain (Houghton et al., 1999; Sleeter et al., 2018; US-EPA, 2017; 

Yu et al., 2018). Subnational estimates not based on IPCC methods – which are frequently 

invoked to inform environmental policy and regulation – are often generated using process-

based models that rely on complex simulations to predict the size of biomass and SOC stocks 

and their sensitivity to LUC. Often lacking an observational constraint, though, these 

predictions can differ markedly from field observations (Del Grosso et al., 2016; Grant et al., 

2016; Nyawira et al., 2016), which can thereby directly affect subsequent emission estimation 

(Houghton et al., 2012). Empirical models have been proposed as a more transparent 

alternative that more closely rely upon on-the-ground observations and require less intensive 

computation  than process-based models (IPCC, 2006; West et al., 2004). In this way, empirical 

methods can act as an accessible check on other estimation methods (Nyawira et al., 2016). 
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The accuracy of empirical methods though, has historically been constrained by the coarse 

spatial resolution of available data (Houghton and Nassikas, 2017; US-EPA, 2017). Given the 

relatively recent availability of much higher resolution, satellite-based C stock and LUC maps, 

an improved methodological framework that combines pool-specific empirical methods may 

better capture the full effects of LUC on C emissions and can serve as a check on methods 

currently used to estimate emissions. 

I developed a novel empirical modeling framework to estimate emissions from LUC in 

the conterminous US. This data-driven approach combines the highest resolution, published 

maps of LUC, biomass C stocks, SOC stocks and relevant covariate layers that inform 

transparent assumptions and statistical models used to generate pixel level emission estimates 

from US cropland expansion observed between 2008-12.  I implemented my framework in 

Google Earth Engine — a cloud computing environment for planetary scale geospatial 

analyses (Gorelick et al., 2017) — and used Monte Carlo simulations to provide a first-order 

approximation of accountable prediction uncertainty at the pixel level.  

 

2. Methods 

2.1 Recent land use change (2008-12) 

I used a relatively high resolution map (56m) of gross cropland expansion in the 

conterminous US between 2008-12 that was derived from the annually produced USDA 

Cropland Data Layer (CDL) (Lark et al., 2015). The CDL is produced annually for the 

conterminous US and reports the spatial distribution of more than 100 crop classes and 25 non-

crop classes (Boryan et al., 2011). Lark et al. (2015) stacked annual, binary (crop/non-crop) 

CDL layers for 2008-12 to detect pixels that underwent change during this  period following 
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best practice guidelines (Lark et al., 2017). They identify 21 unique CDL non-crop classes that 

were converted to 104 unique crop classes affecting nearly three million hectares of non-

cultivated land throughout the conterminous US. 

When estimating C stocks and emissions, I assumed that the pre-conversion land cover 

of a converted pixel was that reported by the CDL in the year prior to conversion and I omitted 

pixels where the pre-conversion land cover was identified as surface water, ice/snow, 

development or barren due to the ambiguity of their pre-conversion C stock (Table 1). To 

attribute emissions to crop-specific expansion, I defined the “breakout” crop as the first crop 

present in a newly converted pixel (Lark et al., 2015), but I omitted pixels in which woody 

perennials were identified as the breakout crop (Table 2) due to ambiguous effects of their 

expansion on C emissions (Whitaker et al., 2018).  In total, omitted pixels represented 1608 

km2 or 5% of all conversion observed during the four-year study period (Lark et al., 2015). 

Remaining pixels were then thematically aggregated into four broad land-cover classes: 

forests, grasslands, shrublands and wetlands for modeling and analysis (Table 3). 

 

2.2 Committed carbon emissions estimation 

I estimated committed C emissions for each converted pixel using the “stock 

difference” method (Fearnside, 1997; IPCC, 2006; Noojipady et al., 2017). This method 

calculates emissions as the difference between the pre- and post-conversion C stock by 

assuming C displaced from all carbon pools – aboveground biomass (AGB) and belowground 

biomass (BGB) and soil organic carbon (SOC) – is emitted to the atmosphere over an 

unspecified duration from either combustion or decay. The timing of committed emissions is 

ambiguous, in part, since the fate of cleared biomass is not immediately clear. Emissions may 
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occur immediately, if cleared biomass is burned. However, if biomass is instead used as 

building material or some other, more permanent use, emissions from subsequent decay could 

be delayed for decades. Regardless of the timing, it is justifiably assumed that cleared C must 

enter the atmosphere before re-accumulating in natural C stocks. Total committed emissions 

(𝑓𝑡𝑜𝑡𝑎𝑙) are therefore calculated as the sum of emissions from each C pool within a converted 

pixel (equation 1). 

 

Eq. 1  𝑓𝑡𝑜𝑡𝑎𝑙 =  ∑(𝑓𝑎𝑔𝑏 , 𝑓𝑏𝑔𝑏 , 𝑓𝑠𝑜𝑐) 

 

When estimating emissions from biomass C stocks I assumed that the post-conversion 

biomass C stock was zero since my analysis exclusively considered expansion of herbaceous 

crops that are harvested annually and therefore do not represent a permanent C stock. Pixel 

level emissions from biomass cleared by cropland expansion (𝑓𝑎𝑔𝑏 , 𝑓𝑏𝑔𝑏) were assumed to 

equal the pixel’s pre-conversion biomass C stocks. Emissions from SOC (𝑓𝑠𝑜𝑐) were calculated 

by spatially deriving emissions factors describing the expected change (%) in size of a pixel’s 

SOC stock and applying them to the estimated pre-conversion SOC stock of that pixel level. 

Pool-specific estimation methods are described in detail below. 

As a first order approximation of model uncertainty associated with emissions 

estimation, Monte Carlo simulations were used to propagate the error associated with each 

layer and most assumptions used in emission calculations. Lacking producer-provided 

uncertainty layers for all input layers, I assumed that the root mean square error (RMSE) 

reported by a layer’s producer represented the uniformly distributed standard deviation of all 
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pixel values as is frequently done when estimating the uncertainty of digital elevation models 

and their derivatives (Wechsler and Kroll, 2006). The RMSE was thus used to generate a 

probability distribution (n = 1000) for each input layer by assuming that error was normally 

distributed unless otherwise noted. In addition, uncertainty associated with LUC extent was 

derived from the user’s accuracy of the LUC map (Wright et al., 2017) following the methods 

of Avitabile et al. (2016). Emissions from each C pool were calculated by resampling without 

replacement the distributions of all input layers. This resulted in a probability distribution of 

emissions from which I calculated the mean, standard deviation (SDpixel) and 95% confidence 

interval (95% CI). When reporting C fluxes per unit area (e.g. MgC ha-1), SDspatial represents 

the spatial variation of mean pixel level estimates. When reporting total C emissions (e.g. TgC 

yr-1), the 95% CI represents the sum of the respective percentile estimates for all pixels. 

 

2.3 Aboveground biomass carbon stock mapping 

Published, spatially explicit maps of US biomass and SOC stocks were used to 

determine the initial C stocks of converted pixels. Satellite based AGB maps were available 

for US forests and global grasslands. I also derived a novel map of US shrubland AGB. All 

data layers are described in detail below. 

 

2.3.1 Forest aboveground biomass carbon stocks 

 I used the National Biomass and Carbon Dataset (NBCD) to assess the pre-conversion 

AGB C stock of converted forest pixels (Kellndorfer et al., 2013). The NBCD is a 30m 

resolution baseline map of aboveground live biomass C in the year 2000. It was created by 

combining US Forest Service Forest Inventory Analysis data with satellite acquired radar and 
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optical imagery. The map has been masked to forested areas of the National Land Cover 

Database (NLCD) in the year 2001, which corresponds with pre-conversion (i.e. pre-2008) 

conditions. I assumed that the pre-conversion AGB stock of a converted forest pixel was equal 

to that pixel's AGB in the year 2000 and that forest biomass was comprised of 47% C by mass 

(IPCC 2006; Figure A1).     

 

2.3.2 Grassland aboveground biomass carbon stocks 

 I used a global map of grassland AGB C densities (hereafter "Xia map"; Xia et al 2014) 

to determine the pre-conversion  AGB C density of converted grassland pixels. The Xia map 

was created by combining field measured AGB C samples collected between 1982 and 2006 

with annual maximum value NDVI composites derived from AVHRR satellite imagery for the 

corresponding sampling years. The resulting map has a spatial resolution of 8km. Pixel values 

represent the multiyear mean (1982-2006) of annual biomass estimates and thereby 

corresponds with pre-conversion conditions. To my knowledge this is the only spatially 

explicit map of grassland biomass covering the conterminous US. The map has also been 

masked to grassland areas according to the MODIS IGBP landcover map for the year 2006 

(Friedl et al., 2002). Due to the relatively course pixel size of the MODIS mask (500m) 

compared to that of my conversion layer (56m), I further masked the Xia map to pixels 

containing less than 15% tree cover according to the MODIS continuous vegetation fields for 

the year 2006 (DiMiceli et al., 2010) to avoid potential signal contamination by adjacent 

forested areas (Figure A2). 
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2.3.3 Shrubland aboveground biomass carbon stocks 

Unlike forests and grasslands, a national map of shrubland AGB C stocks was not 

available. Since Lark et al. (2015) identified shrublands as a significant source of new 

croplands (8%), it was necessary to generate a novel, spatially explicit map of C stocks 

embodied in shrubland AGB. To do so, I combined 30m resolution, national maps of shrub 

height (EVH) and percent cover (EVC) representing shrub cover in the year 2001. These maps 

were  produced by the USGS LANDFIRE project (Wildland Fire Science, 2016a, 2016b). I 

combined them with an empirically derived, allometric model (Eq 2, metric equivalent [Mg 

ha–1] of model #27, Table 5 of Prichard et al 2013) to generate spatially explicit estimates of 

shrub AGB throughout the conterminous US. In the absence of information on the species 

distribution of shrubs throughout the United States, I treated all shrubs as broadleaf deciduous 

types which may result in underestimation of broadleaf evergreen and pocosin shrub biomass 

(Prichard et al., 2013). 

 

Eq. 2 𝑎𝑔𝑏𝑠ℎ𝑟𝑢𝑏 = 7.355 × 𝑐𝑜𝑣𝑒𝑟𝑓𝑟𝑎𝑐 × ℎ𝑒𝑖𝑔ℎ𝑡𝑚𝑒𝑡𝑒𝑟𝑠  

 

Both the shrub height and percent cover maps used in this analysis presented their 

respective variable in binned categories. I used the median value of each bin when 

implementing the allometric model and further assumed that the range of each bin represented 

its 95% CI (Tables 4 and 5). The EVH bin describing the tallest shrub height (EVH bin 107) 

was defined as shrubs with a height greater than 3m. In this case I assumed the maximum shrub 

height was 5m in accordance with the NLCD definition of minimum forest height. As with 
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forests, to convert biomass values to C stocks I assumed that woody shrub biomass was 47% 

C  (IPCC, 2006). Monte Carlo simulations were used to propagate the assumed error 

distributions associated with the EVH and EVC layers through derivation of pixel level 

shrubland biomass stocks. For the purposes of later biomass extrapolation and uncertainty 

analyses, the RMSE of the resulting shrub map was calculated as the average standard 

deviation (SD) of all pixels. The final shrub AGB C map had a spatial resolution of 30m and 

wall to wall coverage of the conterminous US shrubland extent (Figure A3). 

 

2.3.4 Pre-conversion aboveground carbon stock attribution  

 To identify the pre-conversion AGB C stocks of each converted pixel, I assigned the 

AGB values associated with the type of landcover converted according to the LUC map by 

overlaying the AGB maps described above. Due to spatial disagreements between the CDL 

and the disparate landcover maps used to mask each of the biomass maps considered in my 

analysis, appropriate biomass values were occasionally not available from the respective 

biomass map. In these cases I used random forest (RF) regression models (Breiman, 2001) to 

extrapolate biomass values from the corresponding missing biomass map. Random forest 

prediction determines statistical relationships between a response variable and ancillary 

covariates and uses them to spatially predict the response variable. As a data-driven technique, 

it is generally a more accurate and robust interpolation/extrapolation method than more 

traditional methods like kriging or distance weighted techniques (Hengl et al., 2018). For my 

application, landcover specific RF models were trained from their respective biomass map at 

roughly 10,000 randomly distributed training sites. Independent, landcover specific sets of 

roughly 2,500 randomly distributed sites were also sampled and used to validate each model.  
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 A standard set of 13 covariate layers was considered by each RF model (Table 6). These 

covariates were chosen based on the recommendations of other published RF biomass mapping 

efforts (Baccini et al., 2012; Xia et al., 2018). I created 5-year maximum value composites of 

the normalized difference vegetation index (NDVI; eq. 3), the enhanced vegetation index (EVI; 

eq. 4) and the normalized difference infrared index (NDII, eq. 5) from Landsat 5 TM and 

Landsat 7 ETM+ Tier 1 surface reflectance collection imagery collected between January 1, 

2002 and December 31, 2007, a period corresponding to pre-conversion conditions.  

 

Eq. 3 𝑁𝐷𝑉𝐼 =  
𝜌𝑛𝑖𝑟− 𝜌𝑟𝑒𝑑

𝜌𝑛𝑖𝑟+ 𝜌𝑟𝑒𝑑
 

 

Eq. 4 𝐸𝑉𝐼 =  2.5 ×
𝜌𝑛𝑖𝑟− 𝜌𝑟𝑒𝑑

𝜌𝑛𝑖𝑟+ 6×𝜌𝑟𝑒𝑑−7.5×𝜌𝑏𝑙𝑢𝑒+1
 

 

Eq. 5 𝑁𝐷𝐼𝐼 =  
𝜌𝑠𝑤𝑖𝑟1− 𝜌𝑛𝑖𝑟

𝜌𝑠𝑤𝑖𝑟1+ 𝜌𝑛𝑖𝑟
 

 

Cloud contaminated pixels were identified and removed from each image using 

CFMASK (Foga et al., 2017) prior to calculations and compositing. A 5-year composite was 

chosen to minimize striping that often plagues Landsat composites and to ensure sufficient 

high quality pixels were present for compositing (Robinson et al., 2017). Other covariates 

(Table 6) included elevation, slope and aspect derived from the USGS 10m resolution national 

digital elevation model (USGS, 2017), and 800m resolution PRISM 30-year climate normals 

(1981-2010; “norm81m”) for mean monthly total precipitation; minimum, maximum, and 

mean monthly temperature; mean monthly dewpoint temperature; and minimum and 
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maximum monthly vapor pressure deficit (Daly et al., 2008). In addition, CDL-reported forest 

type of pre-conversion pixels was included in the forest biomass RF model to capture the 

potential effects of different forest phenotypes on biomass C stocks (Reich et al., 2014). 

 Models were implemented in Google Earth Engine - a cloud based platform for 

planetary scale geospatial computing (Gorelick et al., 2017) - but parameter refinement was 

first performed in R (R Core Team, 2017) using the randomForest package (Cutler and Wiener, 

2018). Each model was run with 250 trees which was consistently shown to minimize out-of-

the-bag prediction error. The number of variables considered at each split was determined 

independently for each model by iteratively testing all possible values and choosing the number 

that minimized validation error (Table 7). The minimum population size of terminal nodes was 

set to five and the bag fraction was set to 0.5 for all models.  

 The accuracy of each model was assessed by comparing its predictions to biomass 

values observed on the map from which it was trained at an independent set of roughly 2,500 

test sites. Initial prediction accuracy was reported as RMSERFinit. To account for and propagate 

the error associated with the original maps used to train each predictive RF model, the final 

error of each RF predicted map (RMSERF) was determined additively by combining the error 

of the original map (RMSEorig) with RMSERFinit using equation 6. 

 

Eq. 6   𝑅𝑀𝑆𝐸𝑅𝐹 = √𝑅𝑀𝑆𝐸𝑜𝑟𝑖𝑔
2 + 𝑅𝑀𝑆𝐸𝑅𝐹𝑖𝑛𝑖𝑡

2
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2.4 Belowground biomass carbon stock mapping 

Belowground biomass carbon stocks (BGB) were modeled and mapped for all 

converted pixels using AGB C estimates described above and published, landcover-specific, 

empirical relationships described below.  

 

2.4.1 Forest belowground biomass carbon stocks 

A multiple regression-based model was used to predict forest BGB C stocks from the 

forest AGB C estimates described above and ancillary geospatial layers (Reich et al., 2014; 

Russell et al., 2015). Originally developed to assess biogeographic variation in biomass 

partitioning as predicted by optimal partitioning theory (Enquist and Niklas, 2002), I found 

that this model could be applied spatially to predict BGB using published maps of the 

considered covariates. In addition to AGB, the model (detailed in Russell et. al. 2015) 

considers mean annual temperature, the phylogeny of the forested pixel (deciduous, evergreen, 

or mixed) and whether the forest is of natural or managed origins. To implement the model 

spatially, I used the mean annual temperature layer from the PRISM norm81m dataset (Daly 

et al., 2008), assumed that all pixels of forest conversion were of planted origin given their 

close proximity to other managed landscapes, and also that the phylogeny of converted forest 

was that predicted by the pre-conversion CDL class of the converted forest pixel. In the case 

of woody wetlands, I assumed the phylogeny to be mixed. The original model (Reich et al., 

2014) treats phylogeny as a binary dummy variable (i.e., deciduous or coniferous). Therefore, 

I calculated mixed forest classes as the average of deciduous or evergreen predictions, all else 

being equal. 
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 To propagate the error associated with each of the input layers used in this model, I 

again used Monte Carlo simulations in Google Earth Engine. The final forest BGB C estimate 

was calculated as the mean of the resulting Monte Carlo distribution; the SD and 95% CI were 

also reported. 

 

2.4.2 Grassland belowground biomass carbon stocks 

 In the absence of a spatially continuous method like that used for forests, I resorted to 

more rudimentary root-to-shoot ratios to determine grassland BGB C stocks from AGB C 

estimates (Table 8). Root-to-shoot ratios represent the proportional allocation of BGB given a 

known AGB quantity. I used root-to shoot ratios reported by Mokany et al. (2006) and stratified 

by their respective Köppen-Geiger climate region (Kottek et al., 2006). Monte Carlo 

simulations were used to propagate the error associated with both the AGB C estimates and 

the root-to-shoot ratios applied. The error distribution of each root-to-shoot ratio was assumed 

to be normally distributed.  

 

2.4.3. Shrubland belowground biomass carbon stocks 

 Shrubland BGB C was also determined from AGB C estimates using root-to-shoot 

ratios. I used the IPCC Tier 1 default root-to-shoot ratio for temperate shrubs (2.8; IPCC, 2006) 

for all shrublands. Error was propagated using Monte Carlo simulations (n = 1000) as described 

above from either pixel level error distributions resulting from shrub map creation (see section 

2.2.3) or the RMSERF of RF prediction, depending on data availability. The IPCC reports a 

95% CI for the shrubland root-to-shoot ratio of ± 144% which I used to generate a normal error 

distribution (IPCC, 2006). 
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2.5 Soil organic carbon stocks and emissions 

Pre-conversion SOC stocks were derived from SoilGridsUSA maps of organic C 

concentration, bulk density of fine soil (Ramcharan et al., 2018) and SoilGrids250v2 maps of 

coarse fragment volume (Hengl et al., 2017) following recommended methods to avoid 

overestimation (Poeplau et al., 2017). I derived SOC stocks for individual pedons to a depth 

of 1m (0-5cm, 5-15cm, 15-30cm, 30-60cm and 60-100cm) to facilitate depth dependent SOC 

emission calculations (Poeplau et al., 2011). 

 

2.5.1 Soil organic carbon stocks 

Pedon-specific soil organic C (SOC) stocks to a depth of 1m were calculated and 

mapped from depth specific maps of soil properties taken from two separate SoilGrids 

databases. SoilGrids maps are created using machine learning algorithms that are trained from 

hundreds of thousands of field collected samples and hundreds of geospatial covariate layers 

to spatially predict soil properties at standard depth intervals (Hengl et al., 2014). 

SoilGrids250v2 is a global version of the database produced at 250m spatial resolution (Hengl 

et al., 2017). More recently a higher, 100m resolution version was produced for the 

conterminous USA (“SoilGridsUSA”; Ramcharan et al., 2018). The seamless nature of 

SoilGridsUSA represents an improvement over other national soil carbon maps like 

gSSURGO (Soil Survey Staff, 2016) that contains large areas where data are absent. These 

data voids are most prevalent in the western great plains – an area in which significant LUC 

was observed (Lark et al., 2015). 
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I used soil bulk density and organic C content maps from the SoilGridsUSA database. 

Since SoilGridsUSA does not include layers describing the volume of course fragments – an 

important consideration when calculating SOC stocks (Poeplau et al., 2017) – I also used 

coarser maps that reported the volumetric percentage of course fragments from 

SoilGrids250v2. Maps were available to describe soil properties at depths of 0, 5, 15, 30, 60, 

and 100cm. I therefore calculated stocks for pedons with depth intervals of 0-5cm, 5-15cm, 

15-30cm, 30-60cm and 60-100cm as the mean of the layers that described respective soil 

properties at the minimum and maximum depth of each pedon. SOC stocks were calculated 

for each pixel of each pedon using equation 7: 

 

Eq. 7 𝑆𝑂𝐶𝑖 = 𝑂𝑅𝐶̅̅ ̅̅ ̅̅
𝑖 × 𝐵𝐷̅̅ ̅̅

𝑖 × 𝑑𝑒𝑝𝑡ℎ𝑖 × (1 −  
𝐶𝑅𝐹𝑖̅̅ ̅̅ ̅̅ ̅

100
) 

 

where 𝑆𝑂𝐶𝑖 is the SOC stock within a given pedon, 𝑖 indicates the pedon, 𝑂𝑅𝐶̅̅ ̅̅ ̅̅  is the mean 

organic carbon concentration of the fine soil (particle size <  2mm) within a given pedon (gC 

kg-1), 𝐵𝐷̅̅ ̅̅  is the mean bulk density of fine soil within the same pedon (kg m-3), 𝑑𝑒𝑝𝑡ℎ describes 

the thickness of the pedon (m), and 𝐶𝑅𝐹̅̅ ̅̅ ̅̅  is the volumetric quantity of course fragments (in 

percentage) within a pedon. Pedon specific SOC stocks were then used as described below to 

calculate SOC emission contributions from each pedon to account for depth dependent 

sensitivity to LUC. Pedon specific SOC stocks were also summed to a depth of 1m to assess 

the pre-conversion SOC stock. 

 It should be noted that land cover is included as a covariate predictor in the algorithms 

used to generate both SoilGridsUSA and SoilGrids250v2. Since neither uses the CDL as their 
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landcover scheme, it is possible that soil properties for a pixel defined by the CDL as a non-

crop class could have been treated by SoilGrids as though it were already under cultivation as 

a crop class. In theory, this could lead to underestimation of SOC emissions resulting from 

conversion due to a pre-depleted SOC stock. However, landcover was not identified by the 

SoilGrids authors as a significant predictor of any of the layers used to generate SOC stocks 

(Hengl et al., 2017, Ramcharan et al., 2018, Ramcharan pers. comm.). Therefore, I assume that 

the SoilGrids-derived SOC map is well suited for relatively high resolution SOC emission 

modeling. 

 

2.5.2 Clay content 

 The clay content of soil (%) is a significant predictor in the statistical models I used to 

estimate emissions from SOC (Poeplau et al., 2011). Since I estimated emissions from SOC 

for pedons to a depth of 1m, it was therefore also necessary to determine the mean clay content 

for each pedon of each pixel to the same depth. SoilGridsUSA reports the percentage of clay 

content for each of the standard depths described above. The average clay content of each 

pedon was therefore calculated as the mean of the clay content reported at the minimum and 

maximum depth of each pedon. The RMSE of SoilGridsUSA clay layers was reported to be 

12% (Ramcharan et al., 2018) and error was assumed to be distributed normally. 

 

2.5.3 Soil organic carbon emissions 

 LUC emissions originating from SOC stocks were determined for forest and grassland 

conversion using carbon response functions (CRFs) derived empirically from data collected at 

sites that had undergone conversion to croplands in the temperate zone, globally (Poeplau et 
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al., 2011). Because CRFs were not available for shrubland conversion to cropland, shrublands 

were treated as grasslands when determining emissions from SOC. The CRFs for both forest 

and grassland conversion considered the clay content and mean annual temperature of each 

pixel, both of which have been documented as predictors of SOC stability and sensitivity to 

LUC (Burke et al., 1989; Guo and Gifford, 2002; Poeplau et al., 2011). Clay content maps are 

described above and 30-year mean annual temperature data (1981-2010) were taken from the 

PRISM norm81 database (Daly et al., 2008). The CRF for grassland conversion was also depth 

sensitive so emission contributions from each pedon were determined for pixels undergoing 

grassland conversion. While LUC effects are expected at soil depths greater than 1m 

(Sanderman et al., 2017), I limited my estimates to emissions from the upper 1m since CRFs 

were derived from samples taken no deeper than this depth (Poeplau et al., 2011). 

 Emissions contributed by SOC following LUC were calculated using equation 8: 

 

Eq. 8  𝑓𝑆𝑂𝐶 = ∑ (𝐶�̅��̅�𝑖 (1 −  
𝐹𝑖

100
) (

𝑑𝑖− 𝑑𝑖−1

100
) × 0.01)  (

(𝑐1+𝑐2�̅�𝑖+𝑐3𝑑𝑖+ 𝑐4𝑇)(1− 𝑒
(

−𝑡
𝑎 )

)

100
)𝑛

𝑖=1  

 

where 𝑓𝑆𝑂𝐶 is the total flux from SOC for a given pixel of conversion, 𝑖 represents the pedon 

from which emissions were sourced and 𝑛 represents the total number of pedons considered. 

The first parenthetical represents the pedon specific SOC stock calculation described above 

(equation 7). This parenthetical has units MgC ha-1. The second parenthetical represents the 

CRF or sensitivity of each pedon’s SOC stock to LUC with final units representing the fraction 

of the initial SOC stock emitted due to LUC. In this statement, 𝑐1, 𝑐2, 𝑐3, 𝑐4 and 𝑎 are 
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empirically derived, conversion specific coefficients (Poeplau et al., 2011). 𝐿 represents the 

pedon specific clay content (%) previously described, and 𝑇 represents the PRISM mean 

annual temperature layer (°C). This CRF also includes a temporal term 𝑡 that represents the 

number of years over which to account for emissions. For my analysis I considered committed 

emissions that would occur in 100 years following conversion so 𝑡 was set to 100, though it is 

reported that nearly all emissions from the conversions considered happen within 30 years of 

LUC (Poeplau et al., 2011). As with estimates from other C stocks, uncertainty associated with 

each input layer was propagated using Monte Carlo simulations. Uncertainty associated with 

CRF coefficients, however, was not reported in the literature and was therefore not accounted 

for in this uncertainty analysis. 

 

2.5.4 Wetland soil organic carbon emissions 

Emissions resulting from wetland conversion were determined using alternate methods 

depending on whether they occupied organic-rich, Histosols. The location of Histosols was 

determined using the “most probable soil type” layer from the SoilGridsUSA database (Figure 

A4; Ramcharan et al., 2018). If Histosol was the most probable soil order of a converted 

wetland pixel, emissions were determined using methods described in the 2013 Wetlands 

Supplement to the IPCC Guidelines for National Greenhouse Gas  Inventories (IPCC, 2014). 

In this case I assumed that wetlands were drained but not burned upon conversion. The IPCC 

guidelines present emission factors for three climate regions (tropical/subtropical, temperate, 

and boreal) that are broadly defined. I created a map of these regions using the PRISM 30-year 

climate normal (1981-2010) of mean monthly temperature and minimum monthly temperature 
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(Daly et al., 2008) and the IPCC definitions of each zone (Figure 3A.5.2 in IPCC, 2006). All 

three regions were found within the conterminous US, with the temperate zone occupying the 

greatest area (Figure A5).  

For each climate zone, I used Tier-1 default values to calculate emissions of three 

gasses from five emission pathways (Table 10). I excluded emissions from wetland biomass 

removal and burning, which I accounted for separately as described above.  Pathways 

considered include on site CO2 emissions from organic matter oxidation, off site CO2 

emissions from respiration of dissolved and particulate matter leached during draining, on site 

CH4 emissions from anaerobic metabolism of organic matter, off site emissions of dissolved 

CH4 during draining from lateral transport in drainage ditches, and on-site emissions of N2O 

resulting from denitrification. I used Monte Carlo simulations (n = 1000) to sum these default 

values and their associated uncertainty for each climate zone. I then applied them to converted 

wetland pixels assuming sustained emissions over a 100-year period following conversion 

(Mitra et al., 2005). To avoid overestimation, I further constrained organic wetland emission 

estimates to a C loss no greater than 72% of the initial SOC stock in the upper 1m of soil. This 

cap represents the maximum difference between the 95% CI of mean observed SOC stocks in 

the least and most disturbed US wetlands by the 2011 National Wetland Condition Assessment 

(Nahlik and Fennessy, 2016). 

If converted wetlands did not occupy Histosols, emissions were determined using CRFs 

as previously described, with woody wetlands treated as forests and all other wetlands treated 

as grasslands.  

 



21 
 

2.6 Validation of modeled emissions 

 An independent database of field measured SOC emissions observed throughout the 

conterminous US (Sanderman, 2017) was used to compare and geographically validate CRF 

predictions of grassland and forest SOC emissions for converted pixels within a 10km radius 

of each field observation. I assessed model fit using linear mixed effects models in R (R Core 

Team, 2017), treating all pedon-specific estimates from a given site as independent 

observations, while also controlling for repeated measures at a given site using the LME4 

package (Bates et al., 2015). Since observations were made of systems under various 

management regimes, I also treated tillage type as a fixed effect to assess whether management 

should be considered when interpreting my model results. Since AGB emissions estimates are 

based on published and validated maps against which emissions estimates would ordinarily be 

compared (e.g. Baccini et al 2012), and due to a paucity of data on US BGB distributions, I 

limited my validation exercise to emissions from SOC. 

 

3. Results 

3.1 Total emissions 

I estimate that, on average, recent expansion of US croplands resulted in C fluxes of 

55.0 MgC ha-1 (SDspatial = 39.9 MgC ha-1). While the magnitude of this flux varied significantly 

according to the type of land converted, broad geographic patterns were also evident (Figure 

1). The greatest fluxes were observed along the eastern seaboard and throughout the Great 

Lakes states where LUC affected larger pre-conversion C stocks in both biomass (Figure 2) 

and SOC (Figure A6). An east to west gradient was also evident in the magnitude of C fluxes, 

with the highest fluxes generally in the east and smaller fluxes observed in the west. Again, 
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this gradient matches a similar gradient in the size of pre-conversion SOC stocks (Figure A6) 

as well as a general gradient of declining biomass productivity (Figures A1-A3) generally 

associated with precipitation patterns (Garbulsky et al., 2010).   

By factoring in rates of expansion (Lark et al., 2015), I estimate annual national LUC 

emissions of 38.7 TgC yr-1 (95% CI = 22.5 – 57.7 TgC yr-1). Since rates of expansion varied 

geographically (Lark et al., 2015), emission hotspots were evident throughout the US (Figure 

3). The greatest emission hotspots were observed throughout the upper Great Plains and along 

the margins of the corn belt, where high rates of conversion were associated with moderate C 

fluxes. Smaller isolated hotspots were also observed in other regions, including western New 

York, Kentucky, northern Florida, central Michigan, central Texas, and the Ogallala region of 

the southern Great Plains.  

 

3.2 Emissions by land source 

Nationwide, grasslands were the primary source of new croplands; they accounted for 

more than 87% of conversion and 82% of annual emissions (Figure 4). The mean C flux from 

grassland conversion was 51.9 MgC ha-1 with over 90% of this flux originating from SOC. 

BGB accounted for more than 80% of the remaining biomass component flux. Grassland fluxes 

varied moderately in space (SDspatial = 22.7 MgC ha-1) due largely to variation in the size of 

affected SOC stocks (Table 11). I estimate that conversion reduced SOC stocks by 30.4% on 

average (SDspatial = 5.2%). The greatest proportional SOC losses were predicted in the warmer 

climates of the southeastern US, while smaller losses were predicted from the clay rich soils 

of the north central US (Figures 5, A7). In total, grassland conversion resulted in annual 

emissions of 31.9 TgC yr-1 (95% CI = 19.5 –45.0 TgC yr-1). 
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Shrublands accounted for an additional 8% of new croplands and 7.5% of annual 

emissions (Figure 4). Fluxes from shrubland conversion were comparable in magnitude (49.3 

MgC ha-1) to grasslands though a greater proportion of emissions (22%) originated from 

biomass C stocks. Shrublands stored nearly twice as much C in biomass (mean = 11.0; SDspatial 

= 5.0 MgC ha-1) compared to grasslands — primarily BGB, which accounted for nearly 75% 

of total shrub biomass.  Converted shrublands had relatively low SOC stocks (mean = 122.4; 

SDspatial = 69.6 MgC ha-1), though they were slightly more sensitive to LUC, which reduced 

SOC stocks by 31.9 (SDspatial = 5.9%; Figure 5). In total, annual emissions of 2.9 TgC yr-1 were 

estimated for shrubland conversion (95% CI = 1.2 – 6.6 TgC yr-1). 

Only 2% of new croplands were sourced from forests, though they accounted for more 

than 4% of total emissions (Figure 4). Fluxes from forest conversion (mean = 133.1 MgC ha-

1) were more than twice those from grasslands or shrublands and far more variable (SDspatial = 

97.6 MgC ha-1). Biomass contributed to more than 30% of the total flux, with the majority of 

biomass (76%) allocated to AGB stocks. Emissions from SOC were the primary driver of flux 

variability due to extreme heterogeneity in both the size and sensitivity of initial SOC stocks; 

affected initial stocks ranged from 11.9 – 3494.9 MgC ha-1 and LUC effects ranged from nearly 

100% loss to 20% gains (sequestration). The greatest SOC losses were observed in the 

southeast, while modest sequestration was predicted in isolated patches of forest conversion 

on cool, clay-rich soils in the north central US (Figure 6). In total, forest conversion accounted 

for annual emissions of 2.2 TgC yr-1 (95% CI = 0.9 – 3.8 TgC yr-1) 

Wetland conversion resulted in fluxes similar in magnitude to those estimated for forest 

conversion but was even less prevalent in extent, as it accounted for less than 2% of all 

conversion (Figure 4). Only 5% of converted wetlands occupied organic-rich Histosols, though 
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SOC remained the dominant source of emitted C from all wetlands. Estimated fluxes from 

wetland conversion on mineral soils averaged 96.5 MgC ha-1 (SDspatial = 82.7 MgC ha-1) while 

fluxes from organic wetland conversion averaged 834.1 MgCO2-Ceq ha-1 (SDspatial = 225.6 

MgCO2-Ceq ha-1). Emission estimates from organic soils were also highly sensitive to the 

duration over which emissions were assumed to persist. While my default assumption was 100 

years, 49% of organic wetlands had reached my imposed emissions cap of 72% loss before 

100 years. Biomass contributions varied significantly by wetland type, with proportionately 

more emissions expectedly originating from biomass in woody wetlands (Table 11). In total, I 

estimate that wetland conversion resulted in 1.7 TgC yr-1 (95% CI: 1.1 – 2.4 TgC yr-1). 

 

3.3 Emissions associated with expansion of major crops    

Corn, soybeans and wheat were the most common breakout crops observed on new 

croplands; together they accounted for more than 70% of expansion in 2008-12 (Figure 4). 

Corn and soy expansion resulted in nearly identical C fluxes (60.1 and 61.3 MgC ha-1, 

respectively), despite divergent geographic expansion patterns: soy expansion was largely 

limited to the eastern half of the US, while corn expansion was more ubiquitous (Lark et al., 

2015). Wheat expansion — the most common crop throughout the Great Plains — resulted in 

notably smaller C fluxes (42.1 MgC ha-1) due primarily to smaller initial SOC stocks. Together 

these three crops accounted for annual emissions of 28.1 TgC yr-1 or 73% of total emissions 

from conversion. 

Of the remaining significant breakout crops, expansion of sorghum, sunflower, and 

barley stand out as notably less C intensive (45.0, 46.4, and 45.6 MgC ha-1 respectively; Figure 

4) than either corn or soy expansion.  This is because expansion of these two crops primarily 
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occurred on lands in the upper Great Plains with smaller initial SOC stocks. Peanuts — which 

disproportionately displaced plantation forests in the southeastern US — stand out as a 

particularly C intensive crop (98.5 MgC ha-1) due to greater emissions both from biomass and 

from relatively C rich soils. Despite representing less than 1% of cropland expansion, 

expansion of peanut farming accounts for nearly 2% of total LUC emissions. 

 

3.4 Prediction validation and uncertainty 

My emission estimates are in general spatial agreement with independent field 

observations reported in the literature (Sanderman, 2017) (Figure 7). Estimates most closely 

matched independent observations from converted grasslands managed with conventional 

tillage (RMSE = 15.9 MgC ha-1), although my model tends to overpredict low emissions and 

underpredict high emissions (slope = 0.47; bias = 1.6). Predictions for grassland conversion 

agreed less with observations from no-till systems (RMSE = 35.2 MgC ha-1) and the validation 

slope was significantly less than that describing conventional tillage systems (slope = –0.09; 

bias = –28.5; pancova < 0.01). Predicted emissions from forest conversion also agreed less than 

those from grassland conversion (RMSE = 37.2 MgC ha-1), although there was no significant 

difference (p = 0.94) between the validation slope from conventional and no-till management 

systems (slope = 0.20 versus 0.29; bias = –19.2 versus –16.4, respectively). Disagreement 

between predicted and field-observed emissions may reflect the fact that field observations 

may not have been taken under equilibrium conditions (median time since conversion = 15 

years compared to an average 23 years for CRFs according to Poeplau et al., 2011). However, 

the range of my estimates was comparable to the range of field observed emissions (–45.9 

[sequestration] to +156.8 MgC ha-1; median = +51.9 MgC ha-1).  
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In addition, estimated SOC emissions from wetland conversion were highly sensitive 

to my definition of wetlands. My definition that considered only those CDL-identified 

wetlands that occupied Histosols likely yielded a conservative emission estimate. An 

additional 46.5 km2 of forest, grassland, and shrubland conversion occurred on Histosols, 

according to SoilGridsUSA — an area that accounted for less than 0.2% of all conversion. If 

organic wetlands were instead defined as any conversion that occupied Histosols though, my 

estimate of wetland emissions would increase by 147% to 4.2 TgC yr-1, which would increase 

total emissions by 6.5% to 41.2 TgC yr-1 (95% CI = 24.1 – 61.4 TgC yr-1).  

Pixel level uncertainty estimates from my Monte Carlo analysis were unexpectedly low 

and likely underestimated since I was unable to account for uncertainty of CRF coefficients. 

For this reason, uncertainty should be viewed as a suggestive first-order approximation that 

largely reflects the certainty regarding size of the affected stocks. The true uncertainty of SOC 

emissions should be inferred from the field validation described above. Even so, when 

considering accountable uncertainty, the mean pixel level uncertainty (coefficient of variation) 

from my Monte Carlo analysis was 10%, although uncertainty varied by land source: the 

greatest uncertainty in predictions of forest conversion emissions showed a mean of 17.3%, 

while the least uncertainty in predicted emissions from grassland and shrubland conversion 

had a mean of 8.1%. Biomass was consistently the most uncertain stock at the pixel level, 

although again, uncertainty varied by land source, with the greatest uncertainty associated with 

shrub biomass and the least with grassland biomass. Pixel level uncertainty of SOC emissions 

was the lowest of the stocks considered (8.5%), however, as previously mentioned, this should 

be viewed with extreme caution. Future CRF studies should explicitly quantify and report 
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coefficient uncertainty so that it can be readily accounted for when applying CRFs to estimate 

emissions. 

 

4. Discussion 

Using a novel, spatially explicit modeling framework I was able to greatly improve the 

resolution and thematic specificity of C emission estimates from US cropland expansion. 

Unlike analyses based on aggregated LUC and C stock statistics, my approach accounts for 

the spatial heterogeneity of natural C stocks and their sensitivity to LUC, and thereby enables 

inference of the spatial trends and biases associated with LUC. My explicit consideration of 

biomass C stocks in often overlooked, non-forest landcovers and my spatial accounting of both 

the size and sensitivity of SOC stocks makes my approach particularly well suited for analysis 

of US LUC and transferable to other regions where LUC primarily affects non-forest C stocks. 

Results reveal that US LUC emissions are of global importance and point to policy means and 

conservation practices by which they could be reduced. 

 

4.1 Sources and significance of US LUC emissions 

My results clarify the significant contribution of grassland conversion to US LUC 

emissions and generally agree with other published estimates. Grasslands have relatively low 

biomass stocks, but contain significant quantities of SOC due, in part, to their high rates of 

belowground productivity (Scurlock and Hall, 1998). While often receiving less attention than 

deforestation, grassland conversion can result in sizable C emissions. Previous first-order and 

field-based analyses have estimated emissions of 36.5 MgC ha-1 (Fargione et al., 2008) and 

44.2 MgC ha-1 (Gelfand et al., 2011) from conversion of US grasslands when managed with 
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conventional tillage. My estimate (51.9 MgC ha-1), which accounts for spatial variation in both 

the size and sensitivity of pool-specific C stocks, as well as the geography of conversion, is 

greater, though similar to those estimates and may reflect a tendency toward recent conversion 

of relatively C rich or sensitive grasslands since crop productivity is generally expected to be 

greater on organic rich soils (Reeves, 1997).  While less C intensive than forest or wetland 

conversion, the widespread extent of grassland conversion in the US — the  rate of which rivals 

that of some tropical deforestation (Gibbs et al., 2010) — makes it a larger emission source 

than conversion of the Brazilian Cerrado (Noojipady et al., 2017) and a source of global 

importance. 

Emissions also varied according to the type of crops undergoing expansion, which 

reflects both the geography of crop-specific expansion and the characteristics of converted 

land. For example, lower emissions from some small grains and sorghum reflect their 

prevalence on the less C rich soils of the western Great Plains, where soils also tend to be 

relatively rich in clay and are therefore more resistant to the effects of LUC (Poeplau et al., 

2011) (Figure 5, A7). As many of these fungible crops can be used interchangeably with more 

C intensive crops like corn and soybeans as feed or fuel feedstocks, future work could examine 

the C-to-yield tradeoffs of further expansion (Johnson et al., 2014; West et al., 2010). A recent 

analysis, for example, suggests that high rates of cropland expansion in the western corn belt 

has shifted grain production in this region from carbon neutral to a net carbon source (Lu et 

al., 2018). Likewise, high C fluxes associated with peanut expansion in Georgia and Florida 

reflect the tendency to replace the biomass- and SOC-rich forests of this region. Demand for 

peanuts — primarily peanut butter — has been growing rapidly, and growth is expected to 

continue (McCarty et al., 2016), which suggests that further peanut expansion in this region 
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may continue to represent an emerging emission source.  These results emphasize that the 

divergent biophysical geographies of crops require careful C accounting when assessing the C 

footprint of agricultural products. 

For all types of LUC, SOC was the primary C pool from which emissions originated 

and the nature of this source may challenge future mitigation efforts. Unlike biomass, which 

accumulates over years to decades, SOC accumulates slowly over decades to centuries (He et 

al., 2016). For this reason, the disproportionate contribution of SOC may challenge future 

efforts to recover C emitted from US LUC. Even with adoption of best management practices, 

it is widely believed that only a fraction of emitted C can be recovered and sequestered in 

human-relevant timescales (Fargione et al., 2018; He et al., 2016; Sanderman et al., 2017) and 

this capacity may be further attenuated by the effects of climate change (Crowther et al., 2016). 

Consequently, conversion of ecosystems in which SOC comprises the majority of vulnerable 

C may represent a C flux and climate forcing that is effectively irreversible.     

Despite agreement with other studies, my estimates are notably higher than comparable 

estimates made by the US NGGI (US-EPA, 2017). While it can be difficult to directly compare 

committed fluxes like mine to annual balance calculations like those of the NGGI (Ramankutty 

et al., 2007), a comparison of fluxes derived from NGGI reported annual emissions and LUC 

extent (Appendix II) reveals that my estimates are 4-14 times higher than corresponding NGGI 

figures (Table 12). While some of this divergence can be explained by NGGI omission of 

biomass C stocks from all but forest conversion estimates, the greatest disagreement stems 

from SOC emission estimates. The NGGI uses the process-based DayCent model (Parton et 

al., 1998) to first simulate the size of SOC stocks and then estimate their response to LUC. 

Recent studies suggest that process-based models, including DayCent, may underestimate 
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SOC response to LUC (Del Grosso et al., 2016; Grant et al., 2016). My estimates and their 

relative agreement with field measurements suggest that these process-based modelling 

discrepancies warrant further review. By substituting my LUC flux estimates for those of the 

NGGI I estimate the size of the US terrestrial C sink to be 5.6% smaller than currently reported. 

 

4.2 Model limitations 

It is important to note that my analysis exclusively considers C emissions for gross 

cropland expansion and thereby overlooks potential sequestration that may result from 

concurrent cropland abandonment (Fargione et al., 2018; Poeplau et al., 2011). During my 

study period 1.8 million hectares of active croplands were abandoned or retired (Lark et al., 

2015). Most of this land is likely to have re-entered the CRP where it would be managed as 

grassland (Lark et al., 2015). A recent analysis of US grassland restoration via the CRP 

estimates a sequestration potential of 1.19 MgC ha-1 yr-1 over a 20-year period (Fargione et al., 

2018). If all abandoned croplands were deliberately restored and sustained as naturally 

functioning grasslands, emissions from expansion could therefore be offset by 4.3 TgC yr-1 or 

roughly 10 percent. This offset has the potential to be larger if a portion of abandoned croplands 

was instead reforested or afforested (Nave et al., 2018). However, since most CRP contracts 

are for 10-15 year periods (Hellerstein, 2017; Hendricks and Er, 2018), it should be noted that 

contract renewal would likely be necessary to realize these outcomes. 

Uncertainty of my emissions estimates also remains high at the pixel level. I therefore 

caution against drawing conclusions from fine-scale variation. Instead, the model’s strength 

lies in its ability to capture broad spatial variation in C stocks and their response to LUC. Future 

improvements could reduce local uncertainty and facilitate more fine-scaled interpretation.  
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Legacies of past land use, for one, affect the size of ecosystem C stocks – particularly 

SOC – and their response to LUC (Houghton et al., 2012; Yu et al., 2018). While these legacy 

affects are likely reflected, at least in part, in the observation-based C stock maps considered 

by my model, they are not explicitly considered when determining the sensitivity of SOC 

stocks. When training the CRFs used in this analysis, Poeplau et al. (2011) were careful to only 

consider data from sites where the natural landcover had not been previously disturbed by 

human activity. By applying these CRFs to soils that may have been previously cultivated, my 

approach may over-estimate the sensitivity of some soils to conversion. While future CRFs 

could be derived that account for various LUC trajectories, the observational nature of my 

approach may still limit their application in the near term. Given that spatially explicit LUC 

maps almost exclusively depend on the satellite record which only extends back to the 1970s, 

adequate data may not yet be available to determine LUC trajectories over meaningful time-

scales (Houghton et al., 2012). These shortcomings highlight a benefit of process-based models 

which at least attempt to reconstruct probable LUC trajectories when estimating emissions. 

In tropical regions, where LUC C emissions are assumed to be primarily sourced from 

aboveground forest biomass stocks, emissions accounting is beginning to move away from 

overlay analyses like mine in favor of analyses based on the net changes of annual biomass 

maps. Being based on static maps reporting C stocks one to nearly 12 years prior to conversion, 

my method and others like it are incapable of accounting for prior or concurrent natural 

fluctuations in biomass C stocks (Pan et al., 2011; Xia et al., 2014). Until recently, there was 

no-alternative for such data-driven analyses. However, a recent groundbreaking study used 

consistent, annual biomass maps to calculate both gross and net emissions from pan-tropical 

change (Baccini et al., 2017). They found that in these regions, nature C accumulation in forests 



32 
 

offset roughly half of gross emissions that resulted from forest disturbances like LUC and fire. 

While forest loss represents a relatively minor fraction of total cropland expansion in the US, 

such methods could greatly improve estimated emissions associated with conversion to or from 

perennial crops – that were omitted from the present analyses – and sequestration associated 

with cropland abandonment. Similar methods, when developed may also improve estimates 

from non-forest systems like grasslands and shrublands though the expected improvement is 

likely small due to the relatively minor contribution of biomass to LUC emissions from these 

systems. 

While my method for estimating emissions from SOC – the primary source of most US 

LUC emissions – is one of the first data-driven attempts to account for spatial variation in the 

sensitivity of these stocks to LUC, a recent literature synthesis suggests that there remains 

room for improvement. The CRFs I used to estimate emissions factors are based on empirical 

relationships between SOC stability, soil clay content and local mean annual temperature. New 

research, though, is revealing that more nuanced factors including soil moisture, pH, calcium, 

iron, and aluminum-oxyhydride content appear to be better predictors of SOC stability 

(Rasmussen et al., 2018). Many of these properties have been mapped (Hengl et al., 2017; 

Ramcharan et al., 2018; Soil Survey Staff, 2016) and could therefore be used to better estimate 

SOC emissions pending the development of CRFs that consider them. Improved CRFs of this 

sort – with reported coefficient uncertainties – could replace those currently used in my 

framework and potentially more accurately predict SOC emissions. 

Unlike my methods for estimating SOC emissions from grassland or forest conversion, 

the IPCC Tier-1 methods I used to estimate wetland SOC emissions remain relatively 

rudimentary, nonspatial, and sensitive to assumptions (IPCC, 2014). Further study is needed 
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to refine empirical models of wetland SOC emissions. For example, the IPCC gives no 

guidance as to the duration of emissions following LUC. I assumed a default duration of 100 

years following the suggestion of Mitra et al. (2005) but decided to further constrain estimates 

as a function of their SOC stock after determining that nearly half of organic wetlands would 

have emitted their entire SOC stock before a century had elapsed. Furthermore, like SOC 

emissions from dryland conversion, the sensitivity of wetland soils likely varies along 

environmental gradients (Petrescu et al., 2015). Wetland CRFs could be derived to account for 

this variation if sufficient field data became available and this could greatly improve wetland 

C accounting (IPCC, 2014). My modeling framework could also be updated to include any or 

all these data as they become available.    

Finally, my estimates may be confounded by the effects of subsequent agricultural 

management following conversion. Cover cropping on new croplands, for example, may 

reduce emissions by increasing net primary productivity and reducing C losses from soil 

erosion.  A global meta-analysis found that cover crop adoption could sequester C at an average 

rate of 0.23 MgC ha-1 yr-1 over 54 years (Poeplau and Don, 2015), an effect that could offset 

about one-third of estimated LUC emissions. Some have also argued that no-till management 

can reduce C emissions from croplands (Paustian et al., 2016). These reductions though, may 

be realized only under permanent no-till management since even intermittent tillage can offset 

the C gained during intervening periods of no tillage (Conant et al., 2007; Powlson et al., 2014). 

Since factors like crop rotations and soil and weed management often preclude long-term 

adherence (Horowitz, 2006), permanent no-till management is relatively rare (Powlson et al., 

2014; Wade et al., 2015). Finally, emissions from subsequent nitrogen (N) fertilizer 

applications on new croplands could add to estimated emissions. A recent analysis found that 
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emissions from (N) applications in the US averaged 0.10 MgCO2-Ceq ha-1 yr-1 (Carlson et al., 

2017), which suggests that new cropland could source an additional 70 GgCO2-Ceq yr-1, 

indefinitely. 

 

4.3 Policy implications  

 Anthropogenic C emissions, including those from LUC, have far-reaching 

consequences. It has been estimated that the committed social and economic damages of 

anthropogenic C emissions (i.e. the “social cost of carbon”), total $114 per MgC (Nordhaus, 

2017). This implies that, at current rates, emissions from US cropland expansion could cost 

society more than $4.4 billion per year. Paradoxically, the agricultural sector may directly feel 

over $1.2 billion per year of these damages in the form of declining productivity and increased 

crop failures (Moore et al., 2017). Alternatively, minimizing rates of LUC may be a cost-

effective way to reduce national emissions.  Recent studies suggest that avoiding LUC change 

often costs less and achieves far greater emission offsets than restoration of previously 

converted land (Fargione et al., 2018; Griscom et al., 2017). The high societal costs of LUC 

and the non-commensurate nature of ecosystem restoration thus emphasize the need for 

policies that promote protection of natural C stocks. 

Federal conservation programs could be reoriented and expanded to prioritize C 

protection and sequestration. The CRP, for example, could be used to explicitly preserve 

natural C stocks. Since CRP’s enrollment peak at 14.9 Mha in 2007, enrolled acreage had 

declined 2.9 Mha by 2012 and by almost 5.4 Mha by 2017 (Hellerstein, 2017). It is estimated 

that 30-41% of cropland expansion considered in my analysis may represent land leaving the 

CRP (Lark et al., 2015; Morefield et al., 2016). Simply raising the CRP enrollment cap could 
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therefore help reduce conversion and associated emissions. Furthermore, the Environmental 

Benefits Index used to evaluate candidate lands for CRP enrollment could be adjusted to 

consider both the size and sensitivity of the land’s C stock (Baker and Galik, 2009). Similar 

adjustments could also be made to conservation programs like the Agricultural Conservation 

Easement Program to further protect natural C stocks. 

Given the large emissions associated with US cropland expansion, my results also 

demonstrate a need to prioritize enhanced management of existing croplands and more 

appropriately weigh the costs of cropland expansion in meeting agricultural demand. The 

USDA, for example, could remove structural barriers to cover crop adoption to increase 

productivity while reducing emissions from croplands (Roesch-McNally et al., 2018). More 

broadly, studies suggest that both current and projected world demand could be met through 

production on existing cropland by closing global “yield gaps,” reducing waste, modifying 

diets, and revising biofuel policy (Erb et al., 2016; Mauser et al., 2015; Mueller et al., 2012; 

Smith et al., 2013). These strategies would reduce the need for expansion and could thereby 

significantly reduce LUC emissions.   

Sound environmental policy and regulation is predicated on proper C accounting. My 

results suggest that previous accounting (US-EPA, 2018) may have downplayed the 

environmental effects of cropland expansion by underestimating both its extent and the 

resulting C flux. These findings are particularly pertinent to biofuel policies whose efficacy is 

highly sensitive to the magnitude of associated LUC emissions (Fargione et al., 2008; Gibbs 

et al., 2008). The crop-specific attributional nature of my estimates, more so than previous 

estimates, makes them particularly compatible with crop-specific supply chain models and 

analyses that can inform less C intensive provisioning. Given that recently observed cropland 
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expansion is likely to have been driven, at least in part, by market responses to U.S. biofuel 

policy (Lark et al., 2015; Wright et al., 2017), these data can be used to improve accounting of 

LUC emissions when estimating the C balance of current or proposed biofuel policy (Dunn et 

al., 2013). Similarly, as expansion is likely also driven, in part, by changing consumer 

preferences, these data can also be incorporated into supply chain models that link local grain 

production to global corporations and their customers (Smith et al., 2017). Improved C 

accounting can thereby highlight opportunities to reduce emissions through a mix of supply 

chain  interventions and informed public policy (Lambin et al., 2018). My estimates thus 

represent an important check on earlier analyses and demonstrate a relatively simple, 

transparent and flexible method of improved C accounting that can be used to inform future 

policy, production and regulatory decisions.  

 

5. Conclusion 

This work demonstrates the significant contributions of grasslands and other natural 

ecosystems to national C emissions when converted to cultivated cropland. By combining 

disparate spatial layers in a novel data-driven modeling framework, I was able to attribute 

estimated emissions to both the type of converted natural land and the specific crops to which 

that land was converted. Doing so revealed emerging trends in emissions sources. Unlike 

comparable models, my framework places special emphasis on non-forest C stocks that are 

often overlooked in traditional C accounting but account for the majority of C effected by US 

LUC. This approach can also be applied in similar regions where LUC primarily affects non-

forest landcover and compatible spatial data are available. In these systems I found that SOC 

was the primary sources of emitted C which has significant and underappreciated implications 
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for our ability to fully mitigate these emissions in the future. Discrepancies between my 

estimates and those of biophysical models highlight areas in which both approaches could be 

refined and improved. From a technical perspective these results highlight the importance of 

observational constraint in emissions modeling and the emergent value of inter-model 

comparisons. More broadly, my findings underscore the importance of conserving natural C 

stocks and add to the growing consensus that avoiding LUC is essential if national C emissions 

are to be reduced.  
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Tables 

 

Table 1. Non-crop CDL classes omitted from analysis. Extent represents the total area of 

each class converted between 2008-12 and % of expansion represents the relative 

contribution of each class to total expansion. 

CDL Class Land Cover Name Extent (km2) % of Expansion 

92 Aquaculture 17.85 0.06 

111 Open Water 228.79 0.77 

112 Perennial Ice/Snow 0.12 >0.01 

121 Developed/Open Space 375.27 1.26 

122 Developed/Low Intensity 31.46 0.11 

123 Developed/Med Intensity 3.97 0.01 

124 Developed/High Intensity 0.61 >0.01 

131 Barren 68.02 0.23 

 Total: 726.08 2.44 
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Table 2. Woody perennial CDL crop classes omitted from analysis. Extent represents the 

total area of each class converted between 2008-12 and % of expansion represents the 

relative contribution of each class to total expansion. 

CDL Class Crop Name Extent (km2) % of Expansion 

66 Cherries 31.55 0.11 

67 Peaches 14.15 0.05 

68 Apples 227.31 0.76 

69 Grapes 214.31 0.72 

70 Christmas Trees 9.14 0.03 

71 Other Tree Crops 188.30 0.63 

72 Citrus 6.36 0.02 

74 Pecans 66.02 0.22 

75 Almonds 55.35 0.19 

76 Walnuts 8.87 0.03 

77 Pears 9.61 0.03 

204 Pistachios 23.47 0.08 

210 Prunes 0.46 <0.01 

211 Olives 8.58 0.03 

212 Oranges 56.95 0.19 

217 Pomegranates 1.62 0.01 

218 Nectarines 0.27 <0.01 

220 Plums 0.66 <0.01 

223 Apricots 0.25 <0.01 

242 Blueberries 6.75 0.02 

 Total: 929.66 3.13 
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Table 3. Aggregation schemes of non-crop classes used to estimate emissions from biomass 

and SOC classes. 

CDL Class Land Cover Name Biomass Class Soil Class % of Expansion 

37 Other Hay/Non-Alfalfa Grassland Grassland 9.63 

61 Fallow/Idle Cropland Grassland Grassland 7.86 

62 Pasture Hay Grassland Grassland 11.32 

63 Forest Forest Forest 0.02 

87 Wetlands Grassland Grassland 0.01 

141 Deciduous Forest Forest Forest 2.11 

142 Evergreen Forest Forest Forest 0.50 

143 Mixed Forest Forest Forest 0.06 

152 Shrubland Shrubland Grassland 8.08 

171 Grassland Herbaceous Grassland Grassland 27.47 

181 Pasture/Hay Grassland Grassland 28.64 

190 Woody Wetlands Forest Wetland 0.57 

195 Herbaceous Wetlands Grassland Wetland 1.27 

   Total: 97.56 
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Table 4. Shrub heights used for shrub biomass mapping. EVH class corresponds to shrub 

classes of the LANDFIRE existing vegetation height (EVH) map for the year 2001. Heights 

are reported in meters. 

EVH Class Description Height (m) SD (m) 95% Quantile (m) 

104 Shrub Height 0 to 0.5 meters 0.25 0.179 0 – 0.5 

105 Shrub Height 0.5 to 1.0 meters 0.75 0.179 0.5 – 1.0 

106 Shrub Height 1.0 to 3.0 meters 2.0 0.716 1.0 – 3.0 

107 Shrub Height > 3.0 meters 4.0 0.716 3.0 – 5.0 
 

  



42 
 

Table 5. Shrub percent cover categories used for shrub biomass mapping. EVC class 

corresponds to shrub classes of the LANDFIRE existing vegetation cover (EVH) map for the 

year 2001. Values are reported as percentages. 

EVC Class Description Cover (%) SD (%) 95% Quantile (%) 

111 Shrub Cover ≥ 10 & < 20 % 15 3.59 10 – 20 

112 Shrub Cover ≥ 20 & < 30 % 25 3.59 20 – 30 

113 Shrub Cover ≥ 30 & < 40 % 35 3.59 30 – 40 

114 Shrub Cover ≥ 40 & < 50 % 45 3.59 40 – 50 

115 Shrub Cover ≥ 50 & < 60 % 55 3.59 50 – 60 

116 Shrub Cover ≥ 60 & < 70 % 65 3.59 60 – 70 

117 Shrub Cover ≥ 70 & < 80 % 75 3.59 70 – 80 

118 Shrub Cover ≥ 80 & < 90 % 85 3.59 80 – 90 

119 Shrub Cover ≥ 90 & ≤ 100 % 95 3.59 90 – 100 
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Table 6. Covariate layers used for random forest regression biomass extrapolation 

Code Description Reference 

ndvi Maximum value composite image of normalized 

difference vegetation index derived from five years of 

pre-conversion Landsat imagery (2002-07) 

 

See text 

evi Maximum value composite image of enhanced 

vegetation index derived from five years of pre-

conversion Landsat imagery (2002-07) 

 

See text 

ndii Maximum value composite image of normalized 

difference infrared index derived from five years of 

pre-conversion Landsat imagery (2002-07) 

 

See text 

elevation DEM derived pixel elevation 

 

(USGS, 2017) 

slope DEM derived pixel slope 

 

(USGS, 2017) 

aspect DEM derived pixel aspect 

 

(USGS, 2017) 

ppt 30-year average of monthly total precipitation 

(including rain and melted snow) 

 

(Daly et al., 2008) 

tmean 30-year average of monthly mean temperature 

(calculated as (tmin+tmax)/2) 

 

(Daly et al., 2008) 

tmin 30-year average of monthly minimum temperature 

 

(Daly et al., 2008) 

tmax 30-year average of monthly maximum temperature 

 

(Daly et al., 2008) 

tdmean 30-year average of monthly mean dew point 

temperature 

 

(Daly et al., 2008) 

vpdmin 30-year average of monthly minimum vapor pressure 

deficit 

 

(Daly et al., 2008) 

vpdmax 30-year average of monthly maximum vapor pressure 

deficit 

 

(Daly et al., 2008) 

landcover CDL reported forest type (used for forest RF only) (USDA NASS, 

2013) 
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Table 7. Random forest regression model parameters used for biomass estimation. 

RF Model Trees Var. Per Split Min. Node Pop. 

Forest 250 5 5 

Grassland 250 3 5 

Shrubland 250 4 5 
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Table 8. Grassland root-to-shoot ratios used to estimate BGB C stocks. Climate zones 

correspond with Köppen-Geiger climate zones (Kottek et al 2006). 

Climate Zone R:S SD Distribution 

Tropical 1.887 0.304 Normal 

Temperate 4.224 0.518 Normal 

Cool Temperate 4.504 1.337 Normal 

Tundra 4.804 1.188 Normal 
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Table 9. Conversion specific CRF coefficients from Poeplau et al. 2011 used for estimating 

SOC emissions from forest and grassland conversion to cropland. 

Coefficient Forest Conversion Grassland Conversion 

𝑐1 -11.53 -40.98 

𝑐2 0.80 0.13 

𝑐3 0.00 0.39 

𝑐4 -4.66 -1.05 

𝑎 5.22 3.35 
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Table 10. IPCC Tier-1 mean annual weland emissions factors (IPCC 2014). “Total” 

represents the collective annual emission factor that accounts for all sources. The total range 

is derived from Monte Carlo simulations accounting for the uncertainty of all flux 

components. 

Pathway Boreal Temperate Tropical/Subtropical Units 

On-Site CO2 7.9 

(6.5 – 9.4) 

7.9 

(6.5 – 9.4) 

14.0 

(6.6 – 26.0) 

 

Mg CO2-C ha-1 yr-1 

Off-Site CO2 0.12 

(0.07 – 

0.19) 

0.31 

(0.19 – 

0.46) 

0.82 

(0.56 – 1.14) 

 

Mg CO2-C ha-1 yr-1 

On-Site CH4 0.0 

(-2.8 – 2.8) 

0.0 

(-2.8 – 2.8) 

7 

(-0.3 – 13.7) 

 

kg CH4 ha-1 yr-1 

Ditch CH4 1165 

(335 – 

1995) 

1165 

(335 – 

1995) 

2259 

(559 – 3919) 

 

kg CH4 ha-1 yr-1 

On-Site N2O 13 

(8.2 – 18) 

13 

(8.2 – 18) 

5 

(2.3 – 7.7) 

 

kg N2O ha-1 yr-1 

Ditch Fraction 5 5 2 % 

 

Total: 9.4 

(7.8 – 11.0) 

9.6 

(8.0 – 11.1) 

15.5 

(5.9 – 25.4) 

Mg CO2-C ha-1 yr-1 
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Table 11. Landcover specific C stocks and emission statistics. Extent represents the annual 

rate of expansion of cropland onto the respective landcover. AGB and BGB represent the 

mean emissions (SDspatial) from conversion of the respective landcover. Initial Stock 

represents the mean (SDspatial) SOC stock of the land cover prior to conversion. Δ represents 

the mean (SDspatial) modeled emissions factor (% change) resulting from conversion of the 

respective landcover to cropland. Emit represents that mean SOC emissions resulting from 

conversion of the respective landcover. Total emissions are reported on both an aerial bases 

(mean and SDspatial) and total basis in which case the reported value represents the sum of all 

emissions from conversion of that landcover and the parenthetical represents the 95% 

confidence interval derived from Monte Carlo simulations. 

  Biomass Soil Organic Carbon Total 

   

Extent 

(km2 yr-1) 

AGB 

(MgC ha-

1) 

BGB 

(MgC ha-

1) 

Init. Stock 

(MgC ha-

1) 

Δ 

(%) 

Emit. 

(MgC ha-

1) 

(MgC ha-

1) TgC yr-1 

Forests 162.5 31.9 

(15.0) 

10.0 

(3.1) 

223.0 

(258.1) 

48.8 

(21.9) 

91.5  

(93.7) 

133.1 

(97.6) 

2.2 

(0.9-3.8) 

 

Grasslands 6151.7 1.0 
(0.2) 

4.6 
(0.9) 

156.2 
(98.6) 

30.4 
(5.2) 

46.3  
(22.2) 

51.9 
(22.7) 

31.9 
(19.3-

45.0) 

 

Shrublands 584.0 2.8 

(1.7) 

8.2 

(4.7) 

122.4 

(69.6) 

31.9 

(5.7) 

38.3  

(20.1) 

49.3 

(22.3) 

2.9 

(1.2-6.6) 

 

Wetlands 128.2 7.9 

(13.5) 

5.8 

(2.5) 

340.4 

(377.2) 

 32.6 

(17.5) 

 

117.0 

(179.5) 

130.6 

(181.3) 

1.7 

(1.1-2.4) 

     

Herbaceous 

92.0 1.0 

(0.2) 

4.7 

(0.8) 

362.6 

(380.1) 

28.8 

(12.3) 

114.6 

(177.5) 

120.3 

(177.6) 

1.1  

(0.8-1.4) 

 
     Woody 36.1 26.8 

(13.9) 

8.8 

(3.1) 

279.9 

(362.5) 

43.3 

(24.3) 

123.5 

(184.8) 

158.8 

(188.1) 

0.6  

(0.3-1) 

 

Total 7026.3 2.0 

(5.5) 

5.0 

(2.1) 

158.6 

(118.2) 

31.9 

(10.0) 

48.1 

(37.7) 

55.0 

(39.9) 

38.7 

(22.5-

57.7) 
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Table 12. Comparison of flux estimates from the US National Greenhouse Gas Inventory 

(US-EPA, 2017) and our study. 

Land Source 

NGGI1 

(MgC ha-1) 

This Study 

(MgC ha-1) 

Grasslands 7.9 51.9 

Forests 9.1 133.1 

Settlements 12.9 --- 

Shrublands --- 49.3 

Wetlands 29.4 130.6 

Other 5.2 --- 

1See Supplementary Materials for derivation 
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Table 13. Random forest validation statistics. 

Landcover % Cover RMSE MAE Units 

Forest 23 16.9 11.6 MgC ha-1 

Grass 63 0.106 0.695 gC m-2 

Shrub 39 0.724 0.332 MgC ha-1 
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Figures 

 

 

Figure 1. Mean carbon flux resulting from cropland expansion (2008-12). The 56m pixels 

have been aggregated to a spatial resolution of 5km for visualization. 
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Figure 2. Map of pre-conversion above- and belowground biomass C stocks (logarithmic 

scale). Converted pixels have been aggregated to 5km resolution for visualization by 

calculating the mean of all biomass emissions within each 5km grid cell.  
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Figure 3. Total gross emissions from cropland expansion (2008-12) within 5km by 5km 

resolution pixels.  Total gross emissions are a function of the per area carbon flux from all 

carbon pools and the rate of land clearing of all landcover types within each pixel 
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Figure 4. Annual rates of US cropland expansion, mean carbon fluxes, and total emissions by 

land source (top panel) and breakout crop (bottom panel). Carbon flux and emission estimates 

report the relative contribution of aboveground and belowground biomass and soil organic 

carbon stocks. Error bars in flux plots represent the standard deviation of mean pixel estimates 

(SDspatial) while error bars in emission plots represent the 95% CI of total emissions. 
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Figure 5. Map of SOC emission factors of grassland and shrubland conversion to cropland. 

Emission factors represent the percent changes to the size of the initial SOC stock that results 

from conversion of grasslands or shrublands into row crop agriculture. Areas of the 

southeastern US had the greatest percentage loss of SOC upon conversion, whereas the North 

Central US exhibited a relatively lower loss. 
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Figure 6. Map of SOC emission factors of forest conversion to cropland. Emission factors 

represent the proportional changes to the size of the initial SOC stock that results from 

conversion of forests into row crop agriculture. 
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Figure 7. Validation of SOC emission estimates from forest (green) and grassland (blue) 

conversion estimates. Color shade denotes the type of tillage regime of field observations (T = 

conventional tillage, N = no-till, U = unspecified tillage). Point shape denotes the soil depth at 

which observations and model predictions were made. 
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Appendix I – Supplemental figures 

 

Figure A1. Map of aboveground forest biomass C stocks from Kellndorfer et al. (2013). 
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Figure A2. Map of aboveground grassland biomass C stocks from Xia et al. (2014). Map has 

been limited to the conterminous US and masked to include only grid cells with less than 

15% tree cover. 
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Figure A3. Map of aboveground shrubland biomass C stocks. Map derived using an 

allometric model (Prichard et al., 2013) and maps of shrub height and shrub percentage cover 

(Wildland Fire Science, 2016b, 2016a). 
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Figure A4. Map of Histosols. Derived from the most probable soil classes reported by 

SoilGridsUSA (Ramcharan et al. 2018). 
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Figure A5. IPCC Climate zones used for stratifying wetland emission factors. 
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Figure A6. Map of pre-conversion SOC stocks to a depth of 1m. 
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Figure A7. Map of mean soil clay content to a depth of 1m.

 

Figure A8. Random forest model validation and variable importance plots. Validation was 

conducted by comparing biomass predictions to observed AGB C stocks at approximately 

2,500 independently sampled validation sites. Variable importance represents the mean 

decrease in accuracy achieved when the respective covariate was used for prediction. 
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Appendix II – National Greenhouse Gas Inventory comparison methods 

 

I compared my estimates to those of the US-EPA NGGI. The NGGI reports the annual 

GHG balance from all sectors in the US — Including landcover specific LUC — each year. 

The most recent NGGI report was published in 2018 and covers the period 1990-2016 (US-

EPA, 2018). Methods used by the NGGI to estimate emissions from LUC were updated in the 

2017 report, reducing earlier emissions estimates slightly from some LUC categories while 

increasing them for others (compare Table 6-1 in US-EPA, 2017 vs. US-EPA, 2016).  While 

earlier reports present LUC emissions from my entire study period, only the 2017 and 2018 

reports contain estimates based on the newest methodology. The tables in the 2017 report had 

greater overlap with my study period, with tables that reported comparably relevant emissions 

for 2011 and 2012, while tables in the 2018 report reported only comparable data for 2012.    

 Unlike my “committed flux” methodology, the NGGI calculates emissions using 

“annual balance” methods, which make it difficult to directly compare one to another 

(Ramankutty et al., 2007). The annual balance methodology assumes that when stable land is 

initially converted, it experiences the effects of this change evenly over the course of the 

subsequent 20 years. In the inventory this land is changed from a “stable” category (e.g. “forest 

remaining forest”) to a “change” category (e.g. “forest converted to cropland”), where it 

remains for the sake of inventory for the next 20 years before being considered stable cropland 

(“cropland remaining cropland”). Since land is entering and leaving the “change” categories 

simultaneously each year, it is effectively impossible to directly compare emissions or the 

extent of land use change without having access to the raw data. However, given the known 

duration over which LUC emissions are assumed to occur (20 years) and both the reported area 
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of land in change categories and total annual emissions from those categories, the average total 

committed fluxes (MgC ha-1) can be calculated for each category using equation 8: 

 

Eq. 8   𝑓𝑖 =
𝑒𝑖

𝑎𝑖
× 20 

 

where subscript 𝑖 denotes the specific LUC category of interest, 𝑓 represents the total 

“committed” flux from that category (MgC ha-1), 𝑒 is the total annual emissions from that 

category reported by the NGGI (MgC yr-1), 𝑎 is the total area of land in that category reported 

by the NGGI (ha), and 20 is the number of years during which land remains in that category.  

 The NGGI reports total emissions (𝑒) from each LUC category in Table 6-31 (US-

EPA, 2017). The land area contained in each LUC category is reported in the NGGI annex 

table A-193 (US-EPA, 2017). I used these data to derive LUC specific mean fluxes for land 

conversion in 2011 and 2012 — years in which all necessary data were available. I then 

compared the two-year mean of these fluxes to fluxes derived from my methodology. 

 To assess the implications of my emission estimates on the total US greenhouse gas 

balance, I calculated NGGI-comparable emissions using my flux estimates (𝑓) by solving 

equation 8 for 𝑒. For NGGI LUC categories not included in my estimates (e.g. “settlements 

converted to croplands”) I deferred to the NGGI value. By doing so I was able to generate an 

alternative total LUC flux which I used to reassess the size of the US terrestrial C sink, given 

the NGGI-reported extent of LUC and NGGI-reported greenhouse gas emissions from all other 

sectors. 
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Appendix III – Supplemental results and discussion 

 

1. Shrubland Biomass Mapping 

Aboveground biomass C stocks embodied in US shrublands averaged 1.0 MgC ha-1 

(SDspatial = 1.3 MgC ha-1) and ranged from less than 0.5 MgC ha-1 to more than 8 MgC ha-1. 

Biomass stocks varied geographically (Figure 2) with the highest stocks observed along the 

southwestern coast of California, along the southeastern seaboard and throughout New York 

and New England. Smaller stocks were characteristic of the Great Basin and the upper 

northwestern Great Plains. Moderate stocks were observed in the desert southwest, the western 

Great Lakes states and throughout the gulf states. The mean shrubland biomass value, while 

sensitive to the mask used to define shrubland areas, is similar to, though smaller than 

published field observations from highland regions of Mexico (Mendoza-Ponce and Galicia, 

2010) and the US Great Basin (Bradley et al., 2006). However, estimates from these areas were 

nearly identical to the AGB stocks of converted shrubland pixels (Table 11), which most often 

occurred in the southwestern US. This agreement suggests that modeled shrub biomass stocks 

may accurately represent stocks in relevant converted areas. My national average shrubland 

AGB estimate is also nearly identical to that reported for understory forest shrubs (Johnson et 

al., 2017), which suggests that my map may also accurately capture biomass stocks of 

shrubland conversion that occur in close proximity to forests, a commonly observed pattern 

throughout the eastern half of the US.  

 

2. Random Forest Predictions 
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2.1 Forest Biomass 

Random forest regression was used to fill 23% of converted forest grid cells (Table 13). 

The forest RF model was refined to include 250 trees and to consider five variables at each 

split, which reduced MSE to 606 MgC ha-1 (Table 7). The resulting model had moderate 

accuracy with an RMSERFinit of 16.9 MgC ha-1 which was less than RMSEorig (52.0 MgC ha-

1). RMSERF was 54.7 MgC ha-1. The model tended to overestimate low biomass and 

underpredict high biomass as demonstrated by its negative divergence from the 1:1 relationship 

(Figure A8; slope = 0.64, R2 = 0.68). NDVI, mean annual precipitation and NDII were the 

most important variables for prediction. 

 

2.2 Grassland Biomass 

 Random forest regression was used to fill 63% of converted grassland grid cells (Table 

13), particularly those in the eastern half of the US. Like the forest RF model, 250 trees were 

used in the final grassland RF model (Table 7). Considering three variables at each split was 

shown to minimize both validation and out-of-bag error. The predictive model had high 

accuracy and closely matched a 1:1 prediction (Figure A8; slope = 0.81, R2 = 0.85). RMSERFinit 

was 10.6 gC m-2 which was better than the published map (RMSEorig = 30.3 gC m-2). 

Combined, the final RMSERF of the grassland model was 32.1 gC m-2. Climate variables, 

minimum annual temperature, mean annual precipitation and minimum and maximum vapor 

pressure deficit were found to be the most important variables in grassland biomass prediction. 

NDII was the most important vegetation index.  

 

2.3 Shrubland Biomass 



82 
 

 Random forest regression was used to fill 39% of converted shrubland grid cells (Table 

13). The shrubland RF model also used 250 trees, which was shown to minimize out-of-bag 

MSE and considered four variables per split minimized validation error (Table 7). This model 

had moderate accuracy (RMSERFinit = 0.72 MgC ha-1), which was greater than the published 

map from which it was trained (RMSEorig = 0.59 MgC ha-1). RMSERF was 0.93 MgC ha-1. The 

model consistently underpredicted biomass (Figure A8; slope = 0.70, R2 = 0.80). Mean annual 

precipitation, mean annual temperature and NDVI were the most important variables for 

prediction. 

 


