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ADADEMIC ABSTRACT 

Crop management practices , such as soil tillage and crop residue management, are land 
management activities with potentially large impacts on carbon (C) cycling and climate at 
the global scale . Improvements in crop management practices, such as conservation 
tillage or 'no-till' (NT), have been proposed as climate change mitigation measures 
because such practices may alter C cycles through increased sequestration of soil C in 
agricultural soils. Despite their potential importance, regional to global scale data are 
lacking for many crop management practices, and few studies have evaluated the 
potential impact of the full range of crop management practices on C cycling and climate 
at the global scale. However, monitoring of crop management practices is crucial for 
assessing spatial variations in management intensity and informing policy decisions . 
Inclusion of crop management practices in Earth system models used for assessing global 
climate is a key requirement for evaluating the overall effects of different crop 
management practices on C cycling and their potential to mitigate climate change. 
Studies in this dissertation seek to address these issues by : (1) evaluating the efficacy of 
remote sensing methods for monitoring differences in soil tillage and crop residue 
management practices in Iowa; (2) incorporating soil tillage practices into an Earth 
system model and assessing the potential for soil C sequestration and climate change 
mitigation through adoption of NT practices; (3) assessing the historical impact of 
including the full range of crop management practices (residue harvest , grain harvest, soil 
tillage, irrigation , and fertilization) on changes in C cycling associated with land use and 
land cover change (LULCC) to crops in an Earth system model. The remote sensing 
study found that performance of the minimum Normalized Difference Tillage Index 
(minNDTI) method for assessing differences in tillage and residue management was 
below average compared to previous studies, even when using imagery from both 
Landsat 8 and Sentinel-2A sensors . Accurate assessment of these practices using 
minNDTI was hindered by issues with image quality and inability to obtain sufficient 
cloud-free, time series imagery during the critical planting window. Remote sensing 
research aimed at obtaining regional to global scale data on tillage and residue 
management practices is likely to continue to face these issues in the future, but further 
research should incorporate additional sensors and assess the efficacy of the minNDTI 
method for multiple locations and years . Adoption of NT practices in the Community 
Land Model, which is the land component of the Community Earth System Model, 
resulted in a cumulative soil C sequestration of 6.6- 14.4 Pg C from 2015 -2100 under a 
future climate change scenario (Representative Concentration Pathway 8.5), and 
cumulative soil C sequestration was equal to approximately one year of present-day fossil 
fuel emissions . Adjusting for areas where NT is already practiced had minor impacts on 
cumulative soil C storage , reducing gains in soil C from NT adoption by 0.4- 0.9 Pg C 
globally. These results indicate that soil C sequestration and potential for climate change 



mitigation through NT may be more limited than has been anticipated elsewhere. Soil C 
sequestration via NT adoption was highest in temperate regions of developed countries 
with high initial soil C contents, indicating these areas should be targeted for NT 
adoption. Simulating the full range of crop management practices in the Community 
Land Model resulted in an increase in C emissions due to LULCC of 29 - 38 Pg C 
compared to scenarios with generic crops and model defaults. Individual crop 
management practices with the largest impact on LULCC emissions were crop residue 
harvest (18 Pg C), followed by grain harvest (9 Pg C) and soil tillage (5 Pg C). Although 
implementation of crop residue harvest and soil tillage was extreme in this study, these 
results imply that Earth system models may underestimate emissions from LULCC by 
excluding the full range of crop management practices. Studies in this dissertation 
corroborate the importance of crop management practices for C cycling and climate, but 
further research on these management practices is needed in terms of data collection, 
improving process-level understanding, and inclusion of these practices in Earth system 
models. 
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GENERAL AUDIENCE ABSTRACT 

Agriculture is an important use ofland by humans, and cropped areas account for 12% of 
Earth's ice-free land area. Management practices on cropped areas, such as soil tillage 
and crop harvest, can affect global climate and contribute to climate change by releasing 
greenhouse gases such as CO2 to the atmosphere. Crop management can also diminish 
climate change by storing carbon (C) in soils and vegetation, thus reducing the amount of 
CO2 in the atmosphere. Certain crop management practices, such as conservation tillage 
or 'no-till" (NT), have been widely promoted as means of mitigating climate change by 
storing more C in agricultural soils. However, there is limited information available on 
how various crop management practices differ between locations at the global scale. 
Additionally, some important crop management practices are not included in many Earth 
system models, which are used to assess global climate and form the basis of reports on 
climate change by the Inter-governmental Panel on Climate Change. Studies in this 
dissertation attempt to remedy these deficiencies by: (1) evaluating the effectiveness of 
satellite imagery for monitoring differences in soil tillage and crop residue management 
practices in Iowa; (2) incorporating soil tillage practices into an Earth system model and 
assessing the potential for soil C storage and climate change mitigation through adoption 
of NT practices; (3) assessing the impact of including the full range of major crop 
management practices (residue harvest, grain harvest, soil tillage, irrigation, and 
fertilization) on changes in C cycling and emissions in an Earth system model. The study 
monitoring tillage practices in Iowa used an index based on satellite imagery to assess 
differences in tillage and residue management, but found that performance of this index 
was below average compared to previous studies using similar methods. Accurate 
assessment of tillage and residue management practices using satellite imagery was 
hindered by issues with image quality and inability to obtain sufficient cloud-free, 
sequential imagery during the critical planting window. Efforts aimed at using satellite 
imagery to monitor tillage and residue management practices at the regional to global 
scale are likely to continue to face these issues in the future, but further research should 
include imagery from additional satellites, as well as assess the efficacy of the methods 
employed here for other time periods and locations. Adoption of NT practices in the 
Community Land Model resulted in soil C storage of 6.6- 14.4 Pg C from 2015 - 2100, 
but these values were low relative to soil C gains from NT that have been anticipated by 
some studies and policy-makers. Cumulative soil C storage was equal to approximately 
one year of present-day fossil fuel emissions, which was well below objectives for soil C 
sequestration on agricultural land set out by international policy initiatives, such as the '4 
per 1000' program. Simulating the full range of major crop management practices in the 
Community Land Model resulted in an increase in C emissions of29- 38 Pg C. 
Individual crop management practices with the largest impact on emissions were crop 
residue harvest (18 Pg C), followed by grain harvest (9 Pg C) and soil tillage (5 Pg C). 



Although implementation of crop residue harvest and soil tillage was extreme in this 
study, these results imply that Earth system models may underestimate emissions from 
agriculture by excluding important crop management practices. Studies in this 
dissertation corroborate the importance of crop management practices for C cycling and 
climate, but further research on these management practices is needed in terms of data 
collection, improving basic understanding of these processes, and inclusion of these 
practices in Earth system models. 
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"For in the end we will conserve only what we love, 
We will love only what we understand, 
And we will understand only what we [have learned} " 

Baba Dioum, Senegalese conservationist 
From "The Nature and Property of Soils" (Weil and Brady, 2016) 
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CHAPER 1. INTRODUCTION 

Anthropogenic climate change represents a critical threat to the sustainability of 
agriculture and human societies over next century. Broad-scale conversion of natural 
ecosystems to agriculture has been an important driver of historical anthropogenic CO2 
emissions, and emissions from land use and land cover change (LULCC) account for 
approximately one-third of all historical anthropogenic CO2 emissions (Ciais et al., 2013; 
Houghton and Nassikas, 2017). Human impacts on ecosystems and climate have 
increased substantially over the last several centuries, and three-quarters of Earth's ice-
free land area is now in some form of human management aimed at meeting growing 
demands for food, fuel, and fiber (Luyssaert et al., 2014). Of this land area, 12% is 
managed as croplands and additional 35% as grasslands and pasture (Monfreda et al., 
2008). 

Agricultural management activities, and crop management specifically, play a key role in 
global C cycling and can potentially exacerbate climate change by releasing CO2 and 
other greenhouse gases to the atmosphere. Alternatively, cropland ecosystems have the 
capacity to store C in vegetation and soils, and improvements in crop management 
practices, as such as conservation tillage or 'no-till', have been widely promoted as tools 
for climate change mitigation and land radiative management (Bai et al., 2019; 
Seneviratne et al., 2018). Monitoring of crop management practices is therefore critical 
for informing policy decisions on land management, but there is limited data available on 
how different crop management practices vary between locations at the global scale. 
Additionally, fundamental process understanding regarding the climatic effects of many 
crop management practices is lacking, making it difficult to assess the aggregate impacts 
of these practices at the global scale and potentially creating uncertainty in the global 
carbon budget (Erb et al., 2017; Le Quere et al., 2018). 

Inclusion of crop management practices in Earth system models (ES Ms) used for 
assessing global climate is a key requirement for evaluating the aggregate effects of 
different crop management practices on C cycling and their impacts on climate. But, the 
addition of crop management practices to ESMs has been hindered by the foregoing 
issues with data availability and process understanding, and several critical crop 
management practices are present in less than half of current generation ESMs submitted 
to Coupled Model Intercomparison Project 6 (CMIP6) in advance of the forthcoming 
round oflnter-governmental Panel on Climate Change (IPCC) reports (Pongratz et al., 
2018). Some research has shown that exclusion of crop management practices in ESMs 
may lead to underestimation of emissions from LULCC and contribute to uncertainty in 
the global carbon budget, potentially leading to inappropriate actions and policies with 
respect to management practices on croplands based on CMIP6 ESM simulations (Pugh 
et al., 2015; Arneth et al., 2017) 

Crop management activities and other components of the biosphere have historically 
been included in ESMs mainly to advance scientific understanding of the physical basis 
of climate change, with a focus on increasing model agreement with historical 
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observations and improving model predictions of future climate change . As the pace of 
Earth system model development accelerates and more agricultural processes are 
included in ESMs, the traditional separation of climate change science into three broad 
categories - namely, establishing the physical basis of climate change, assessing of 
vulnerability, impacts, and adaptation (VIA), and evaluating mitigation activities - has 
become blurred (Bonan and Doney, 2018) . Biosphere processes that have been 
previously been included in ESMs to establish the physical basis for climate change, 
particularly land management activities , often overlap with activities proposed for 
mitigation (Smith et al., 2014) . Bonan and Doney (2018) suggest that a broad Earth 
system framework, which emphasizes the paramount role ofESMs , may be useful in 
integrating historical effects of management activities on climate processes with 
assessments of the potential for these activities to mitigate climate change. 

Studies in this dissertation employ an overarching Earth system framework to address the 
foregoing issues, with particular focus on soil tillage and crop residue management 
practices. Soil tillage is a ubiquitous management activity on croplands globally and is 
thought to impact climate by accelerating decomposition of soil organic carbon (SOC) on 
cropped soils. Conservation tillage practices, such as 'no-till' (NT), which minimize soil 
disturbance and leave more crop residue on the soil surface , have been shown to increase 
SOC sequestration in many circumstances and have been promoted as a potential climate 
change mitigation measure (Minasny et al., 2017) . However , global scale data on 
variations in tillage practices are largely unavailable , and there is considerable 
uncertainty regarding the magnitude of increases in SOC due to adoption NT practices 
(Powlson et al., 2014; Prestele et al., 2018). Few global studies have assessed the climate 
change mitigation potential of NT practices at the global scale, and soil tillage has not 
been included as a standard management activity in any major ESM (Levis et al., 2014) . 
Further, there has been minimal research examining how tillage and other crop 
management practices , such as crop residue and grain harvest, affect emissions from 
LULCC, and no studies have evaluated the effects of including the full range of crop 
management practices on C cycling in ESMs . This dissertation attempts to address these 
issues through the following objectives: 

(1) Evaluate the efficacy of remote sensing methods for monitoring differences in soil 
tillage and crop residue management practices in central Iowa. 

(2) Incorporate soil tillage practices into an Earth system model and assess the 
potential for soil C sequestration and climate change mitigation through adoption 
of NT practices. 

(3) Determine the historical impact of including the full range of crop management 
practices (residue harvest, grain harvest, soil tillage, irrigation, and fertilization) 
on changes in C cycling associated with land use and land cover change (LULCC) 
to crops in an ESM. 
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CHAPTER 2. REMOTE SENSING OF 
TILLAGE INTENSITY IN IOWA USING 
MINNDTI METHOD AND HARMONIZED 
LANDSAT 8 SENTINEL-2 DATA 

Graham, MW, C.S.T, Daughtry, J.B. Campbell, B. Zheng, M.E. O'Rourke, R.Q. Thomas 

Abstract 
Conservation tillage practices retain more crop residue cover (CRC) on the soil surface 
and improve many cropland ecosystem services compared to intensive tillage. 
Information on tillage practices at broad scales - a requirement for assessing 
environmental impacts - is largely unavailable . Remote sensing approaches, such as the 
minimum Normalized Difference Tillage Index (minNDTI) method, have been developed 
for this purpose, but have been hindered by a lack of timely cloud-free imagery. This 
research aims to assess: (1) the relationship between NDTI and CRC using Harmonized 
Landsat 8 Sentinel-2 project (HLS) data for Landsat 8 and Sentinel-2A individually; and 
(2) the relationship between NDTI and CRC using combined HLS data for Landsat 8 and 
Sentinel-2A. We measured field-level CRC for >40 fields in a watershed in central Iowa 
in the United States for 2016 and 2017, then developed simple linear regression models 
of time-series data for NDTI, as well as applying a repeated k-fold cross validation 
procedure . In 2016, overall model accuracy for Landsat 8 alone was 50% (R2=0.74), 
while Sentinel-2A alone had an overall accuracy of 43% (R2=0.66). Combining Landsat 8 
and Sentinel-2 data in 2016 did not improve overall accuracy (50%) (R2=0.72) . Overall 
accuracy in 2017 improved for Landsat 8 and combined data to 73% (R2=0.79), and for 
Sentinel-2A to 59% (R2=0.79). Repeated K-fold cross validation found an increased 
overall model accuracy, particularly for LS8/OLI (81 % in 2016; 83% in 2017) and 
combined datasets (7 5% in 2016; 81 % in 2017), potentially indicating that underlying 
data quality may be high. Poor performance was likely due to the small number of 
"clean" field points for model calibration and validation and to issues with image quality. 
Models for LS8/OLI and combined datasets performed better than S2A/MSI in both years 
due to a larger number of cloud-free images during the time period when tillage 
operations were performed. We found that it is still challenging to obtain a good number 
of observations in a time series using combined LS8/OLI and S2A/MSI data for mapping 
tillage practices over broad areas. Future research should investigate incorporating 
Landsat 7 and Sentinel-2B/MSI into the existing harmonized Landsat 8 and Sentinel-2A 
data to detect CRC and map tillage practices over broader areas. 
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Introduction 
Conservation tillage is an alternative method of soil tillage that reduces soil disturbance 
and retains more crop residue on the soil surface compared to conventional, intensive 
tillage practices (USDA-NRCS, 2006a). Conservation tillage practices, such as 'no-till', 
generally reduce soil erosion and some studies have shown potential for climate change 
mitigation via increasing soil C sequestration compared to intensive, conventional tillage 
practices (Lal, 1998; Stockmann et al., 2013) . As a result, conservation tillage practices 
have been widely promoted on croplands globally to reduce soil erosion and improve 
other ecosystem services (Powlson et al., 2010; Palm et al., 2014). 

Although conservation tillage has been adopted in many regions, there is a paucity of 
geographical data on the extent of conservation tillage practices (Erb et al., 2017). 
Accurate monitoring of tillage practices is essential for providing inputs to environmental 
and Earth system modeling tools, such as the Soil and Water Assessment Tool (SWAT) 
and the Community Earth Systems Model (CESM), which are used to assess the broad-
scale environmental impacts of management practices and inform policy decisions 
(Gassman et al., 2007; Oleson et al., 2013). 

Tillage intensity and residue management practices can be assessed at the field scale by 
estimating the percent of crop residue cover (CRC) in fields shortly after planting 
(USDA-NRCS, 2006a). The Conservation Technology Information Center (CTIC) has 
evaluated tillage intensity in the past for selected counties using roadside surveys, but 
such surveys are costly and subjective (Thoma et al., 2004). Satellite remote sensing 
methods have the potential to accurately detect differences in CRC and provide 
information on tillage practices on a field by field basis over broad geographic areas and 
in a timely manner. 

A number of remote sensing indices have been developed to detect differences in CRC 
levels and tillage intensity, and these indices typically on spectral differences between 
soils and crop residues, particularly the cellulose absorption feature at 2100 nm found in 
crop residues (Nagler et al., 2000; Serbin et al., 2009). However, most previous remote 
sensing work has relied on a single image to detect these differences at the field scale. 
Detection of CRC and tillage intensity from a single image has proven difficult because 
multiple field conditions can exist in the same image for dates early in the growing 
season, when tillage operations are performed (Zheng et al., 2012). Moreover, since not 
all fields are planted and tilled simultaneously, fields that have yet to be tilled when an 
image is captured provide an inaccurate assessment with respect to the ultimate CRC and 
tillage intensity of a given field (Zheng et al., 2014). 

Time-series images collected early in the growing season, when crops are planted, have 
shown success in detecting differences in tillage intensity and CRC using Landsat. In this 
regard, the minimum Normalized Difference Tillage Index (minNDTI) method has 
emerged as an approach for accurately detecting CRC and tillage intensity at broad-scales 
(Zheng et al., 2012; Zheng et al., 2013a; Zheng et al., 2013b). The Normalized Difference 
Tillage Index (NDTI) is computed using two short-wave infrared (SWIR) bands at 
approximately 1610 nm and 2200 nm, for which there are analogous bands on several 
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multi-spectral satellites, including Landsat (https://landsat.gsfc.nasa.gov/landsat-8/) and 
Sentinel-2 (https://sentinel.esa.int/web/sentinel/missions/sentinel-2) (van Deventer et al., 
1997). The minNDTI approach uses multi-temporal imagery acquired around the time of 
planting to extract a minimum value for NDTI, which then serves as a proxy for CRC 
level and tillage intensity for a given pixel. Models developed from minNDTI time-series 
data can then be used to estimate CRC and tillage intensity over broader geographic areas 
(Zheng et al., 2013b ). However, widespread use of the minNDTI method has been 
restricted due to several obstacles . 

Firstly, obtaining a sufficient number of cloud-free images during the critical planting 
window, when tillage operations are performed, has frequently proven difficult (Zheng et 
al., 2014). The planting window in many locations is fairly narrow (one to two months), 
and high cloud cover and precipitation are often common during this time period . 
Detection of CRC is also affected by in-field weathering of crop residues over time, and 
presence of green vegetation due to crop growth following planting and tillage operations 
can obscure the spectral signature from CRC (Daughtry et al., 2005). High levels of soil 
moisture can also substantially reduce the reflectance of both soils and crop residues, 
undermining assessments of CRC in time-series imagery (Quemada and Daughtry, 2016). 
Relatively low revisit frequency and data quality issues for multispectral sensors, such as 
data gaps in Landsat 7 ETM+ imagery, compound these issues because only a limited 
number of high quality images can be acquired during this restricted planting window . 
Finally, the potential for regional-scale mapping of tillage practices using minNDTI has 
not been realized for logistical reasons: models developed using minNDTI for a given 
location and year have not been successful in estimating CRC at other locations, or even 
at the same location in different years, thus necessitating extensive in situ field data 
collection on CRC annually for a given location in order to validate minNDTl-based 
estimates of CRC (Zheng et al., 2013a). 

The Harmonized Landsat 8 Sentinel-2 (HLS) project 
The recent launch of moderate resolution Landsat 8 and Sentinel-2 sensors portends the 
possibility of improving capacity to obtain high-quality, multi-temporal imagery for 
assessing CRC and tillage intensity using the minNDTI method (Zheng et al., 2014). The 
Harmonized Landsat 8 Sentinel-2 (HLS) project is a NASA initiative aimed at creating 
harmonized, pre-processed surface reflectance data by combining data from Landsat 8 
Operational Land Imager (LS8/OLI) and Sentinel-2A and Sentinel-2B MultiSpectral 
Instrument (S2/MSI). Characteristics ofLS8/OLI and S2/MSI systems are similar, with 
analogous bands in the SWIR region and comparable spectral, spatial, and temporal 
resolution (Table 1-1 ). The temporal gap between which imagery is collected for 
combined LS8/OLI and S2/MSI sensors is low, but will vary between 0-10 days until 
imagery from Sentinel-2B becomes available (Mandanici and Bitelli, 2016) . Combining 
LS8/OLI and S2/MSI data from the HLS project may increase opportunities to acquire 
the sequential cloud-free imagery required for monitoring tillage practices using the 
minNDTI method. 
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To our knowledge, no studies have evaluated the minNDTI method using Landsat 8 or 
Sentinel-2 data, either independently or in combination . Therefore, we propose the 
following research questions: 

(1) What is the relationship between minNDTI derived from separately collected 
HLS Landsat 8 OLI and Sentinel-2 MSI imagery and field-measured CRC? 

(2) What is the relationship between minNDTI derived from combined HLS Landsat 
8 OLI and Sentinel-2 MSI imagery and field-measured CRC, and does combining 
imagery from both sensors improve this relationship? 

Table 1-1 Comparison of sensor characteristics for Landsat 8 Operational Land Imager (OLI) and 
Sentinel-2A and Sentinel-2B MultiSpectral Instrument (MSI). Note that the revisit frequency for 
Sentinel-2A and Sentinel-2B together is five days. 

Sensor Launch 

Landsat 8/OLI 2013 

Sentinel-2A/MSI 2015 

Sentinel-2B/MSI 2017 

Materials and Methods 
Study area 

Swath width 

180km 

290km 

Resolution 
Spatial Temporal 

30m 16 d 

10 m/20 m/60 10 d m 

The South Fork watershed of the Iowa River is a long-term research watershed of the 
U.S. Dept. of Agriculture -Agricultural Research Service (USDA-ARS) located in Iowa 
in the U.S. Com Belt region (42°25'N, 93°55'W) (Figure 1-1). The majority (>85%) of 
the watershed is under intensive row crop production of com (Zea mays L.) and soybean 
(Glycine max (L.) Merr .). Tillage operations typically occur in both the fall and spring , 
while the planting window for com and soybean is generally between mid-April and late 
May (USDA-NASS , 2016; USDA-NASS , 2017) . 

Soils in the watershed consist of moderately well-drained to poorly drained Mollisols 
(NRCS, 2006b ). The watershed falls within the prairie pothole region and is characterized 
by regular occurrence of very poorly drained depressions (potholes or kettles) formed by 
uneven distribution of post-glacial meltwater (NRCS, 2006b ). Due to poor drainage, the 
majority of soils in the watershed are artificially drained via subsurface tiles (Tomer and 
James, 2004) . 

Soil erosion and water quality associated with intensive row crop production are major 
concerns in the watershed, and conservation tillage and residue management are widely 
practiced . Historical data on cropping and tillage practices extend for more than 10 years, 
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with 43% of the cropped area in some form of conservation tillage as of 2011 (Tomer et 
al., 2008; Beeson et al., 2016). 

Figure 1-1 Location of the South Fork watershed of the Iowa River in central Iowa within U.S. 
Com Belt region. Inset shows watershed with three land use classes and location of field data 
points measured in 2017. Land use classes are derived from USDA National Agricultural 
Statistics Service (NASS) CropScape - Cropland Data Layer for 2017 
(https://nassgeodata.gmu.edu/CropScape/) . 
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Field data poinl · 
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Crop residue cover was measured using the line-point transect method for multiple fields 
throughout the watershed in 2016 and 2017 (Morrison et al., 1993). In 2016, a total of 42 
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fields (99 points) were sampled, while in 2017 there were 49 fields (106 points) . At least 
two random locations within each field were selected that were > 100 m from the field 
boundary and > 100 m apart. At each location, 2 to 4 line-point transects using 15 .2 m 
long strings with 100 evenly spaced markers were stretched diagonally across the rows, 
and presence or absence of crop residue at each marker was noted to obtain CRC 
percentage . The center position of each transect pair was recorded with a GPS receiver 
with wide area augmentation. Current crop and the previous year's crop (com or 
soybean) were recorded, along with crop growth stage at time of sampling. Dates for field 
surveys are shown in Figure 1-2 and were conducted following completion of most 
tillage and planting operations in the watershed (USDA-NASS, 2016; USDA-NASS, 
2017) . 

Figure 1-2 Area planted(%) in com and soybean in central Iowa over the mid -April to late June 
in 2016 (a) and 2017 (b). Precipitation (cm) over time is included on the secondary axis. Dates for 
imagery and field surveys are shown as dashed and shaded vertical lines, respectively, in 2016 (a) 
and 2017 (b ). Area planted based on USDA NASS Crop Progress Reports for 2016 and 2017. 
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Remote sensing data acquisition 
Multispectral remote sensing data was obtained from NASA Harmonized Landsat and 
Sentinel-2 (HLS) project (https://hls.gsfc.nasa.gov/) for LS8/OLI and S2A/MSI imagery. 
HLS provides harmonized Level-2A surface reflectance products for both LS8/OLI 
S2/MSI with considerable pre-processing , thus facilitating ease of comparison between 
systems . Pre-processing operations performed by HLS algorithms include atmospheric 
correction, geometric resampling, bidirectional reflectance distribution function (BRDF) 
normalization, band pass adjustment, and temporal compositing (Claverie et al., 2018) . 
HLS algorithms resolve reported issues with co-registration between LS8/OLI an S2/MSI 
imagery in the pre-processing phase (Storey et al., 2016). Initial comparisons ofHLS 
products indicate that there is good agreement amongst sensors at 30m spatial resolution 
and that cloud-masking algorithms for S2/MSI imagery represents the main issue with 
HLS data (Claverie et al., 2018) . HLS products are gridded based on the S2A/MSI tiling 
system using UTM/WGS84 projection and tile size of 109.8 x 109.8 km. 

Figure 1-3 Sentinel-2A false color composite imagery of SWIR 2 (Band 12), SWIR 1 (Band 11), 
and narrow NIR (Band 8A) bands at 30m resolution . Imagery was collected for two separate , 
overlapping HLS tiles- 15TVG and 15TVH - overlaying the South Fork watershed for two dates 
in 2016. Panel A shows imagery obtained on Day 153 (June 1) in 2016 and demonstrates 
S2A/MSI imagery unaffected by data gaps . Panel B demonstrates data gaps present in both tiles 
for S2A/MSI imagery for Day 126 (May 5) in 2016. Dots represent field data points . The 
expected areal coverage of the imagery is demarcated by the border and the large whitespace in 
the image demonstrates the data gap for imagery obtained on this date, as well as imagery 
acquired on Day 106 (April 15) in 2016. 

a) b) 
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Image processing 
Three separate indices were calculated for single pixels directly underlying each field 
data point in a given image to create time-series imagery. NDTI was computed separately 
for LS8/OLI and S2A/MSI per equations in Table 1-2. Based on equations in Table 1-2, 
the Normalized Difference Vegetation Index (NOVI) was calculated to detect the 
presence of green vegetation, and simple water index (WI) was computed based on SWIR 
bands to discern the potential effects of soil moisture on NDTI. 

Layers for NDTI, NOVI, and WI for dates with imagery were split by sensor and year, 
then stacked to form a time-series dataset. Combined NDTI and other index datasets were 
created by merging LS8/OLI and S2A/MSI imagery into a single stack for each year. 
Index calculations and other operations were performed using R, ENVI (Harris 
Geospatial), and ArcMap 10.5 (ESRI) software packages . Individual sensor and 
combined sensor datasets were processed to remove clouds, cloud shadows, and data 
gaps by combining HLS Quality Assessment (QA) bands for each date within the stack 
into a single QA layer. This created a single QA layer shared by both sensors in each 
year, which was then applied to all time-series datasets. 

To ensure valid comparisons between sensors, only "clean" field sampling points that 
were shared between LS8/OLI and S2A/MSI were used in subsequent analysis (i.e. field 
data points not affected by clouds, shadows, or data gaps on any image date for either 
sensor). Minimum values were extracted from each NDTI dataset to obtain minimum 
NDTI (minNDTI) values. The single pixel directly underlying each "clean" field point 
was used in extracting minNDTI values. If pixel NOVI values were >0.3 for an image 
date on which minNDTI occurred, the point was removed from the dataset to reduce 
confounding effects of green vegetation on NDTI (Zheng et al., 2013a). This resulted in a 
total of 28 "clean" field data points in 2016 and 45 "clean" points in 2017. 

Simple linear regression (SLR) and repeated K-fold cross validation (RKCV) 
analyses 
A manual data split method was used to develop simple linear regression (SLR) models 
of field-measured CRC versus minNDTI values for each year, sensor, and combination 
thereof. Points were sorted by field-measured CRC and every other point was selected to 
manually split points into separate datasets for calibration and validation. CRC values for 
points used in calibration data were used to develop SLR models. The SLR equations 
were applied to remaining (validation) points to estimate CRC using minNDTI values . To 
assess SLR model performance, accuracy assessments were conducted by dividing field-
measured CRC into three categories based on CTIC conventions: CRC <30% (non-
conservation tillage), 30%<CRC<70% (conservation tillage), and CRC >70% 
(conservation tillage- no-till) (CTIC, 2019). 

Due to small number of "clean" points in both years, a cross validation approach using a 
machine learning model was also applied to evaluate the accuracy of minNDTI as a 
predictor of CRC. A repeated K-fold cross validation (RKCV) procedure was followed 
using a Na'ive Bayesian model, with k=lO and repeated three times . The RKCV 
procedure operates by dividing data into k groups, with data from one group used as test 
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data and the remaining groups as training data . A k= 10 is commonly used and the 
procedure in general is considered less biased in estimating model accuracy than other 
methods (Kuhn and Johnson, 2013). 
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Table 1-2 Table of various remote sensing indices used in this study. 

Sensor Index Bands Wavelength, Equation Reference nm 

B6 1560-1660 Van 
Landsat 8/OLI Normalized Difference (B6 - B7) I (B6 +B7) Deventer et 

Tillage Index (NDTI) B7 2100-2300 al., 1997 

Bll 1613.7 Van 
Sentinel-2A/MSI (Bll - B12) / (Bll +B12) Deventer et 

B12 2202.4 al., 1997 
B4 0.630-0.680 

Landsat 8/OLI Normalized Difference (B5 - B4) I (B5 + B4) 
B5 0.845-0.885 

Vegetation Index (NDVI) 
B4 664.6 

Sentinel-2A/MSI (B8A-B4) I (BSA+ B4) 
BSA 864.7 

B6 1560-1660 Quemada 

Landsat 8/OLI (B6 I B7) and 
B7 2100-2300 Daughtry, 

Water Index (WI) 2016 
Bll 1613.7 Quemada 

Sentinel-2A/MSI (Bll / B12) and 
B12 2202.4 Daughtry, 

2016 
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Results 
Time-series NDTI, NOVI, and WI 
Combined time-series profiles ofNDTI, NDVI, and WI displayed variability within and 
between years (Figure 1-4). Planting of com and soybeans (Figure 1-2) occurred one 
week earlier on average in 2016 relative to 2017, which may have affected the relative 
timing of increases in NDVI and NDTI between years. NDTI tended to be lower for the 
first few images collected from mid-April to mid-May, likely due to tillage operations. 
NDTI generally increased over time, presumably in association with increases in green 
vegetation, as evidenced by increases in NDVI . Changes in WI also indicate that 
increases in soil moisture due to precipitation events around the time of image acquisition 
inflated NDTI values for several image dates in both years 
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Figure 1-4 Example time-series values for individual field data points for Landsat 8/0LI (a,b), 
Sentinel-2A/MSI (c,d), and combined datasets (e,f) for three remote sensing indices -Normalized 
Difference Tillage Index (NDTI) , Normalized Difference Vegetation Index (NDVI), and simple 
Water Index (WI). Individual field points and indices are shown for both 2016 ( a,c,e) and 2017 
(b,d,f) . Markers indicate dates on which images were acquired . Dark-filled markers indicate 
Landsat 8/0LI imagery, while light-filled markers are for Sentinel-2A/MSI images . 
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Time-series NDTI values for fields with high and low CRC for separate and combined 
sensors in both 2016 and 2017 are shown in Figure 1-5. Values for NDTI in 2016 
increased following congruent changes in NDVI and WI, likely due to presence of green 
vegetation and soil moisture , respectively (Figure 1-5 a,c,e). Relatively few images were 
available for LS8/OLI early in the planting window in 2016 (Figure 1-5a), and almost all 
minimum NDTI values were associated with the first image available for LS8/OLI. 
S2A/MSI had better temporal coverage (Figure 1-5c), but NDTI values for images 
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acquired later in the planting window were likely inflated by increases in green 
vegetation and soil moisture . As a result, minimum NDTI values for S2A/MSI in 2016 
occurred primarily on imagery for dates that were quite early (Day 105 - April 15; Day 
125 -May 5) relative to the crop area planted at the time. Combined LS8/OLI and 
S2A/MSI data resulted in more a complete NDTI time-series than either sensor alone 
(Figure I-Se), and minNDTI values tended to fall on dates between the first and last 
image acquired for combined data. 

Values for NDTI (Figure 1-5 b,d,f) in 2017 followed a similar pattern to 2016. Dates for 
LS8/OLI image acquisition were spread more evenly throughout the planting window 
compared to 2016 (Figure 1-Sb). The LS8/OLI time-series was more complete for 2017, 
although precipitation events prior to image acquisition on Day 142 (May 22) (Figure 1-
2b) likely caused an increase in soil moisture and inflated NDTI values . Virtually no 
cloud-free imagery for S2A/MSI was available in 2017 for dates later in the planting 
window , despite the higher revisit frequency of S2A/MSI compared to the LS8/OLI 
sensor (Figure 1-Sd). Combined LS8/OLI and S2A/MSI data resulted in more a complete 
NDTI time-series than either sensor (Figure 1-Sf), but was dominated by the large 
number of available dates with imagery from LS8/OLI. 
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Figure 1-5 Time-series NDTI values of individual field sampling location with low CRC ( <30%) 
and high CRC (>70%) . NDTI time-series values for Landsat 8/0LI (a,b), Sentinel-2A/MSI (c,d), 
and combined Landsat 8/0LI & Sentinel-2A/MSI (e,f), are displayed from top to bottom for 2016 
( a,c,e) and 2017 (b,d,f). Filled markers indicate the date and image on which the minimum NDTI 
value occurred for each field location. 
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The relationship between minNDTI and crop residue cover (CRC) was in weak in 2016, 
as indicated in Table 1-3 and in measured versus predicted CRC plots (Figure 1-6). 
Overall correlation between CRC and minNDTI using manual data split simple linear 
regression (SLR) models was lowest for S2A/MSI data, with coefficient of determination 
(R2) of 0.63 (Table 1-3). CRC and minNDTI were more strongly correlated for LS8/OLI 
and combined models with R2=0.66 and R2=0.72, respectively . Overall classification 
accuracy for LS8/OLI was 50% in 2016 with a Kappa coefficient (K-hat) of20% . 
S2A/MSI had lower overall accuracy (43%) and K-hat (13%) in 2016, while overall 
accuracy (50%) and K-hat (23%) were slightly higher for combined LS8/OLI and 
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S2A/MSI datasets. Repeated K-fold cross validation (RKCV) substantially improved 
classification accuracy and demonstrated a greater capacity of underlying minNDTI data 
to accurately classify CRC for all three datasets, particularly for LS8/OLI and combined 
data. 

There was a stronger relationship between CRC and minNDTI for all datasets in 2017 
(Table 1-3, Figure 1-6). LS8/OLI and combined SLR models were virtually identical for 
201 7 because almost all minNDTI values in the combined dataset were derived from 
LS8/OLI imagery. Combined and LS8/OLI overall models had an overall R2=0.71, while 
the correlation for the S2A/MSI overall model was somewhat lower (R2=0.65). Plots of 
measured CRC versus predicted CRC in 2016 are displayed in Figure 1-6. Overall 
classification accuracy of the models also improved from 2016 to 2017. Overall accuracy 
for combined and LS8/OLI models was 73% with K-hat= 50%. Accuracy for the 
S2A/MSI model was lower at 59%, with a corresponding K-hat=33%. The RKCV 
procedure improved classification accuracy for all three datasets , as the overall accuracy 
and Kappa coefficients for combined (81 %, K-hat=66%) and LS8/OLI (83%, K-
hat=68%) was similar between 2017 and 2016 . The magnitude of improvement in 
accuracy metrics was slightly lower for S2A/MSI data (66%, K-hat=42%) . 
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Table 1-3 Analysis of 2016 and 2017 data for simple linear regression models (SLR) of minNDTI and crop residue cover (CRC), overall 
classification accuracy of SLR models, and repeated K-fold cross validation procedure . Classification and accuracy were determined using three 
categories of tillage intensity /CRC levels (Low <30% CRC; Medium 30-70% CRC; High >70% CRC) . 

Landsat 8, Landsat 8, 
Landsat 8 Sentinel-2 Sentinel-2 Landsat 8 Sentinel-2 Sentinel-2 

combined combined 
Variable 2016 2017 
Overall model R2 0.66 0.63 0.72 0.71 0.65 0.71 
Manual data split 
calibration 
R2 0.74 0.66 0.73 0.79 0.79 0.79 
RMSE 9.50 10.70 11.96 10.12 IO.IO 10.12 
SamEles 14 14 14 23 23 23 
Manual data split 
validation 
R2 0.62 0.64 0.78 0.63 0.53 0.63 
RMSE 11.94 11.7 9.22 12.69 14.42 12.74 
Overall Accuracy 0.50 0.43 0.50 0.73 0.59 0.73 
Kappa 0.20 0.13 0.23 0.50 0.33 0.50 
SamEles 14 14 14 22 22 22 
Repeated k-fold cross 
validation 
Overall Accuracy 0.81 0.58 0.75 0.83 0.66 0.81 
Kappa 0.65 0.20 0.56 0.68 0.42 0.66 
SamEles 28 28 28 45 45 45 
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Figure 1-6 Measured versus predicted plots of crop residue cover (CRC) for 2016 (a,c,e) and 
2017 (b,d,f). Showing plots for Landsat 8/0LI (a,b), Sentinel-2A/MSI (c,d), and combined 
datasets ( e,f) . 

(a) 100 (b) 100 

80 80 g -
u u c:: 60 c:: 60 u u 
"C "C 
Ill Ill ... ... 
:, 40 :, 40 "' "' 111 111 
Ill Ill 
::;E ::;E 

20 20 
0 

0 0 
0 20 40 60 80 100 0 20 40 60 80 100 

(c) 100 (dhoo 

80 80 

l l 
u u c:: 60 c:: 60 u u 
"C "C 
Ill Ill ... ... 
:, 40 :, 40 "' "' 111 111 
Ill Ill 
::;E ::;E 

20 20 

0 0 
0 20 40 60 80 100 0 20 40 60 80 100 

(e) 100 (f) 100 

80 80 g 
u u c:: 60 c:: 60 u u 
"C "C 
Ill Ill ... ... 
:, 40 :, 40 "' "' (ti 111 
Ill Ill 
::;E ::;E 

20 20 
0 

0 0 
0 20 40 60 80 100 0 20 40 60 80 100 

Predicted CRC (%) Predicted CRC (%) 

-1:1 line - - · Linear (Regression line) 

19 



Discussion 
Combined HLS data provided similar temporal coverage in the planting window 
compared to previous work using minNDTI method . Results of combined time-series 
data were on par with those obtained by Zheng et al. (2013a) using the minNDTI method 
and Landsat 5 TM and Landsat 7 ETM+ imagery, which reported four to seven cloud-
free images per year for multiple locations in the U.S. Com Belt region. However , 
frequency of image acquisition and quality were less consistent in the present study 
because the combined revisit frequency of LS8/OLI and S2A/MSI varies between O to 10 
days . Results obtained using HLS data from individual sensors (i.e. LS8/OLI and 
S2A/MSI) tended to yield relatively few images and were less reliable in terms of 
providing a complete time-series ofNDTI compared to the previous research for similar 
reasons (Zheng et al., 2012; Zheng et al., 2013a ; Zheng et al., 2013b) . The exception to 
this was for LS8/OLI data in 2017, for which there were five relatively cloud-free images 
spread evenly throughout the planting window . There was a paucity of imagery in the 
critical later portion of the planting window for S2A/MSI in both 2016 and 2017, likely 
leading to reduced performance of associated models . 

Models showed weak relationships between field-measured CRC and minNDTI 
compared to the literature, particularly for 2016. Most studies examining the minNDTI 
method have obtained overall accuracy of at least 70% and Kappa coefficients 
demonstrating moderate agreement (i.e. K-hat = 40-80%) (Zheng et al., 2012; Zheng et 
al., 2013a) . Studies based on NDTI from single Landsat images acquired at the end of the 
planting window for two classes of CRC have found overall accuracies >70% and K-hat 
>40% , which exceeded those reported here for 2016 (Beeson et al., 2016) . Only the 
LS8/OLI and combined datasets in 2017 had classifications with agreement in this range 
(overall accuracy=73%, K-hat=50%) . The repeated K-fold cross validation procedure 
dramatically strengthened the relationship between CRC and minNDTI, and outputs were 
more in line with those from previous research . The exception to this was S2A/MSI data 
in 2016, which still had fairly low overall classification accuracy ( <60%) and Kappa 
coefficient ( <40% ). 

The relatively weak relationship between minNDTI and field-measured CRC found in 
this study is likely due to a combination of study design and lack of high quality , cloud-
free time-series imagery . This study restricted analysis to only shared, "clean" data 
points to ensure valid comparison between sensors, which dramatically reduced the 
sample size in both 2016 (n=28) and 2017 (n=45) for developing SLR models using the 
traditional data split method . Small sample size likely contributed to weak relationships 
between measured CRC and predicted CRC values (Figure 1-6), particularly in 2016, 
where major data gaps in S2A/MSI imagery eliminated nearly half the field sampling 
points from consideration in the subsequent analysis (Figure 1-3). Eliminating this 
restriction would likely improve the relationship between minNDTI and CRC, as 
evidenced by the repeated K-fold cross validation procedure, which had model 
performance metrics comparable to those in the literature for classification of CRC using 
minNDTI for LS8/OLI and combined data. This indicates that underlying data quality 
may be high despite low number of available points for these sensors and years . 
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Weak relationships between minNDTI and CRC are also likely attributable to image 
availability and quality, particularly the timing of image acquisition relative to 
completion of tillage and planting operations. In both years, nearly all minimum NDTI 
values for S2A/MSI were associated with imagery acquired early in the growing season 
(before mid-May), at which point less than 60% of crops had been planted (Figure 1-2). 
In 2016, another S2A/MSI image was available at the end of the planting window, but the 
quality of this image was poor due to the confounding effects of soil moisture and green 
vegetation (Figure 1-3a) (Daughtry et al., 2005). Time-series imagery for S2A/MSI in 
both years therefore likely captured changes in NDTI and CRC for fields that were 
planted relatively early, while missing a large proportion of fields planted between mid-
and late-May. S2A/MSI data also suffered from known issues with both data gaps and the 
HLS-generated cloud mask, for which there were major issues in least one image in 2017 
(Claverie et al., 2018). By contrast, LS8/OLI time-series images were spread more evenly 
throughout the planting window and, critically, had high quality images available shortly 
after completion of most tillage and planting operations in 2016 (Day 140 - May 19) and 
2017 (Day 151 - May 31 ). The minimum NDTI values associated with these dates 
provided most of the inputs to models for LS8/OLI and combined datasets in both years, 
resulting in higher agreement between measured and predicted CRC (Figure 1-6). 

Domination of the combined datasets by outputs from LS8/OLI is likely responsible for 
the lack of improvements in predicting CRC using combined imagery. In the combined 
datasets, relationships between minNDTI and CRC may have been weaker compared to 
previous research because the revisit frequency of combined LS8/OLI and S2A/MSI 
sensors varies between 0 - 10 days, rendering it more difficult to obtain high quality 
time-series imagery compared to other sensor combinations (e.g., LS5 and LS7; S2A and 
S2B). However, the preponderance of imagery from LS8/OLI in the combined data is 
likely due to chance, and combining data still ought to provide the 'best bet' for obtaining 
cloud-free imagery staggered throughout the planting window in the future despite issues 
with revisit frequency for combined sensors (Mandanici and Bitelli, 2016). 

Conclusions & Recommendations 
Relationships between crop residue cover and NDTI with Harmonized Landsat 8 
Sentinel-2 data were relatively weak using the minNDTI method. The Sentinel-2A/MSI 
data was less reliable than Landsat 8/OLI and combined data, and combining LS8/OLI 
and S2A/MSI data did not increase the performance of the minNDTI method compared 
LS8/OLI alone due to large number of shared points. Despite fairly high temporal 
resolution using both LS8/OLI and S2A/MSI sensors, the capacity of the minNDTI and 
associated regression models to predict CRC was also poor compared to previous studies 
using the minNDTI methods, though results of the repeated K-fold cross validation 
procedure were more in line with those found in the literature. Poor performance of the 
minNDTI method in this study is likely attributable, in part, to study design and the 
resulting very small sample size for field points available in subsequent analysis. 
Performance was also negatively affected by lack of high quality, cloud-free imagery, 
particularly for S2A/MSI, and clouds remain a major issue when using the minNDTI 
method. 
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However, the study design employed here was restrictive, and results of repeated K-fold 
cross validation procedure indicate that the underlying quality of data may be reasonably 
high. Future studies could improve the relationship between CRC and minNDTI with 
HLS data by using less restrictive study designs which, consequently, may obtain more 
"clean" field data points for analysis. Combining LS8/OLI and S2A/MSI also resulted in 
a fairly thorough time-series NDTI throughout the planting window, so combining 
sensors may still represent the "best bet" for acquiring sequential cloud-free imagery. 

Although these results could be improved upon in the future research, this study ought to 
serve as a cautionary tale for using the minNDTI method and combined Harmonized 
Landsat 8 Sentinel-2 imagery, as well as future efforts aimed at broad-scale mapping of 
tillage intensity and CRC more generally. Firstly, cloud cover will likely continue to be 
an issue for the minNDTI method and other time-sensitive remote sensing applications, 
particularly for agriculture - where planting and tillage operations often coincide with 
increased precipitation and cloud cover, even with combined time-series HLS data 
(Zheng et al., 2014). Similarly, the deleterious effects of soil moisture and green 
vegetation during this time period can reduce image quality to the point where NDTI is 
no longer a useful proxy for CRC and tillage intensity (Daughtry, 2001). The variable 
revisit frequency (0- 10 days) of combined HLS data for LS8/OLI and S2/MSI is likely 
to cause irregularities and make obtaining sufficient time-series imagery more 
challenging (Li and Roy, 2017). 

Additionally, HLS data, particularly for Sentinel-2, has technical and post-processing 
problems. Data gaps for Sentinel-2 imagery can result in large portions of scenes and 
sampling locations being unusable for analysis (Cai, 2019). HLS Sentinel-2 imagery has 
well-documented problems with the cloud mask algorithm, which results in both false 
positives and false negatives for cloud cover and renders analysis of Sentinel-2 imagery 
difficult (Claverie et al., 2018). 

Finally, previous work has shown that equations relating minNDTI to CRC for one 
location and year do not perform well for different locations and at the same location for 
different years, limiting the applicability of the minNDTI approach for broad-scale 
mapping of tillage practices. Use of the minNDTI method with HLS data to assess tillage 
and CRC still needs to be validated through extensive field campaigns over multiple 
years and locations in order to verify its utility for mapping tillage practices over larger 
areas and time periods (Zheng et al., 2013b ). 

Therefore, while future work using the minNDTI method in tandem with HLS data could 
be promising, much work remains to be done in order to corroborate the efficacy of the 
minNDTI approach for monitoring tillage practices over broader areas and for time 
periods longer than a year. Future work with the minNDTI method should focus on 
validation of combined HLS data across multiple locations and years, with a particular 
emphasis on developing regional-scale models for detecting differences in CRC and 
tillage intensity (Zheng et al. 2013b ). If successful, regional-scale mapping of tillage 
practices could eventually be used to replace inventory data on tillage practices as inputs 
to environmental and Earth systems models (Prestele et al., 2018). 
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Operationalization of the Sentinel-2B/MSI sensor ought to provide additional 
opportunities for cloud-free image acquisition in the future, but issues with data gaps for 
Sentinel-2A/MSI imagery are likely to persist. Timing of image acquisition appears to be 
critical and it is highly recommend that any future efforts using the minNDTI method 
obtain at least one cloud-free image immediately after completion of tillage and planting 
operations for best results. Future work with the minNDTI method could also benefit 
from recent work on developing remote sensing indices that adjust for soil water content 
to minimize effects of precipitation events and soil moisture on NDTI to ameliorate 
issues with image quality (Quemada et al., 2018). 
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CHAPTER 3. MODELING SHOWS MODEST 
CAPACITY OF 'NO-TILL' AGRICULTURE TO 
OFFSET EMISSIONS 

Graham, MW, R.Q. Thomas, D.L. Lombardozzi, ME. O'Rourke 

Abstract 
Conservation tillage practices, such as 'no-till' (NT), have been widely promoted as a 
means of soil organic carbon (SOC) sequestration with the potential to mitigate climate 
change. However, the magnitude of increases in SOC using NT practices is uncertain and 
few global studies have attempted to estimate the potential of NT to offset emissions. 
Here we use a land surface model to simulate historical losses of SOC due to intensive 
tillage, followed by future scenarios (2015 - 2100) assessing the SOC sequestration 
potential of adopting NT globally. Cumulative SOC sequestration in future NT scenarios 
was equivalent to approximately one year of current fossil fuel emissions, and ranged 
between 6.6 - 14.4 Gt C (0.08 - 0.17 Gt C yr-1 ). Potential SOC sequestration under NT 
was concentrated in temperate regions, and overlapped with some areas where NT is 
already practiced. Adjusting for lower SOC gains in areas currently in NT reduced 
cumulative SOC sequestration slightly, by 0.4- 0.9 Gt C globally. Our results imply that 
the global potential for SOC sequestration from broad-scale adoption of NT is more 
limited than anticipated by some studies and policy-makers. Policies aimed at mitigating 
climate change through NT should target adoption in developed countries, where 
potential SOC storage appears to be highest. 

Introduction 
Agricultural practices that increase SOC storage have been widely researched as a means 
of offsetting emissions and mitigating climate change while also improving soil health 
and food security (Lipper et al., 2018). Mitigating climate change through SOC 
sequestration on agricultural land underpins major international initiatives, such as '4 per 
1000' program introduced at the United Nations Framework Convention on Climate 
Change Conference of the Parties (COP22) in 2015, and represents a key component of 
many countries' National Determined Contributions to reducing emissions under the 
Paris Agreement (Minasny et al., 2017; Soussana et al., 2017). 

Conservation tillage practices, such as 'no-till' (NT), have been shown to effectively 
increase SOC in many circumstances, but estimating the total global SOC sequestration 
potential of NT adoption has been hindered by uncertainty in the magnitude of gains 
under NT (Powlson et al., 2014). Methods for estimating changes in SOC at the global 
scale based on activity data typically rely on linear scaling methods, which are not 
capable of capturing non-linear changes in SOC over time (Ogle et al., 2019). Process-
based models, such as DayCent, can simulate non-linear changes in SOC over time in a 
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spatially explicit manner, but their application has been limited by their geographical 
scope and inability to represent land use change (LUC) (Jain et al., 2005; Lugato et al., 
2014; Lugato et al., 2018). 

Global land surface models (LSMs), the land component of Earth system models, are 
process-based models that can comprehensively simulate non-linear biogeochemical and 
biogeophysical processes in a spatially explicit manner for Earth's entire land surface 
(Bonan and Doney, 2018). Recent advances in LSMs allow for changes in LUC and 
explicit simulation of agricultural management practices over time at global scales, as 
well as atmospheric forcing associated with changes in climate and concentrations of 
greenhouse gases (McDermid et al., 2017; Pongratz et al., 2018). 

Methods 
Here we address the effects of historical, intensive tillage practices on cumulative 
changes in SOC on croplands, then assess the potential for SOC sequestration and climate 
change mitigation via adoption of NT practices on all croplands globally by running the 
first global-scale scenarios of these practices in an uncoupled, land surface model. We 
use the Community Land Model, version 5 (CLM5), which is the land component of the 
Community Earth System Model (CESM), to run scenarios simulating both historical, 
intensive tillage (IT) and NT practices . CLM5 includes time-varying global distributions 
of explicit crop types and management practices, such as fertilization and irrigation 
(Levis et al., 2012). CLM5's soil biogeochemistry is based on DayCent and we build on 
previous work (Levis et al., 2014) using DayCent-based decomposition multipliers for 
SOC to run idealized scenarios simulating the impact of IT on SOC stocks on all 
cropland over the historical time period (1850- 2014) prior to implementing NT 
practices. To account for variability in intensity of tillage practices historically, we ran 
two scenarios simulating IT as an increase in decomposition rates of SOC at two levels of 
intensity (high, moderate) (Supplementary Table 2-1 ). Historical scenarios with IT were 
run on all cropland globally beginning in 1850, with prescribed historical LUC and 20th 
century climate and CO2 forcing. For NT scenarios we assumed that adoption of NT 
practices in the model begins in 2015. Following completion of the historical scenarios 
with IT, we simulated NT in an idealized manner by 'turning off' the enhanced 
decomposition of SOC associated with IT for 2015 - 2100, and continued to run 
scenarios for IT at two levels over the same interval for comparison (Supplementary 
Table 2-2). To account for the reduced potential for SOC sequestration in cropped areas 
where NT practices have already been adopted, we applied a post-hoc mask that reduced 
gains in SOC based on the present-day fractional area in NT using a globally gridded data 
product (Prestele et al., 2018). All future scenarios were run with land use fixed at 2015 
distributions and driven by a Representative Concentration Pathway 8.5 (RCP 8.5) 
climate change scenario. A control scenario without tillage practices (i.e., default CLM5) 
was run for the entire 1850 - 2100 interval. 

Model description 
The Community Land Model (CLM) is the land surface component of the Community 
Earth System Model (CESM). In this study, we used CLM version 5.0 (CLM5) coupled 
to the Community Atmosphere Model (CAM) (version 5.0) in Community Earth System 
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Model version 2.0 (CESM 2.0) (Lawrence et al., 2019). CESM 2.0 is a state-of-the-art 
coupled climate model with capacity to simulate the entire Earth and climate system 
(https://escomp.github.io/cesm/release-cesm2/index.html), and is the primary Earth 
system model (ESM) contributed by the United States to Coupled Model Intercomparison 
Projects for the Inter-Governmental Panel on Climate Change. CESM 2.0 includes 
multiple component capable of comprehensively representing the Earth system and 
consists of sub-models for atmosphere (i.e., Community Atmosphere Model), land, 
ocean, land-ice, sea-ice, and river run-off. CESM 2.0 can be run fully coupled with 
interactive components to simulate feedbacks between model components, or uncoupled 
with a focus on a specific sub-model. Uncoupled or offline runs with specific sub-
model( s) can be performed using slab components for unused sub-models and typically 
rely on prescribed forcing data ( e.g., prescribed forcing data for climate and radiative 
gases in uncoupled/offline simulations). 

CLM5 is capable of representing land surface biogeochemistry and biogeophysics for 
many land surface processes, with components for simulating land use change (LUC), 
dynamic vegetation and phenology, hydrology, human management activities, and 
ecosystem dynamics (Lawrence et al., 2019). CLM5 also allows for changes in LUC over 
time, with multiple land use time-series datasets available depending on the simulation of 
interest. CLM5 biogeochemistry is based on the DayCent/CENTUR Y model (Parton et 
al., 1996), with multiple distinct litter and soil pools for representation of soil organic 
carbon, as well as vertically resolved soil data columns to a depth of 47 m. As in 
DayCent, decomposition and accumulation within various SOC pools in CLM5 is 
calculated on a daily time-step, and is a function of temperature, moisture, depth, and 
aeration within the soil. 

The CLM5 crop sub-model (CLM5-CROP) is derived from the AgroIBIS land surface 
model and is among the most well-developed crop sub-models within major ESMs 
(Pongratz et al., 2018) . CLM5-CROP dynamically simulates crop growth and phenology 
as four phenological growth stages based on growing degree-days, corresponding to 
planting, leaf emergence, grain-fill, and grain harvest. The crop sub-model simulates 
several important management practices, including crop-specific plant functional types 
(CFTs) for individual crop species, grain harvest, crop product pools, fertilization, and 
irrigation . Within CLM5-CROP, CFTs have crop-specific growth and phenology based 
on individual crop-specific models for major crops . Each CFT is allocated a separate soil 
column for irrigated and rain-fed CFTs, both of which are separate from the natural 
vegetation column; this precludes crop management practices from spilling over and 
indirectly impacting natural vegetation. More comprehensive descriptions of the CLM-
CROP model and associated processes can found in Levis et al. (2012) and in the 
CLM5 .0 User ' s Guide (https://escomp.github.io/ctsm-docs/doc/build/html/users guideQ. 

Tillage implementation 
We simulated different tillage practices as a proportional change in decomposition rates 
to existing SOC litter and soil organic matter C pools within CLM5. Since CLM5 
biogeochemistry and SOC pool structure is based on DayCent (Parton et al., 1996; Del 
Grosso et al., 2006), we simulated tillage by applying decomposition multipliers for 
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tillage that had been calibrated and validated in previous DayCent studies on the impacts 
of tillage on SOC pools in the top 20 cm of the soil profile (Hartman et al., 2011; Parton 
et al., 2015). More specifically, implementation of multipliers in CLM5 model code was 
based on previous work by Levis et al. (2014). To represent uncertainty in the model 
representation of the tillage, we applied two levels of DayCent-based decomposition 
multipliers for several SOC pools in CLM5, with different multipliers for individual SOC 
pools, as shown in Supplementary Table 1. Although tillage practices are variable in 
space and time, with more recent and industrialized cropping systems tending to maintain 
more intensive tillage practices (i.e. increased decomposition rates) compared to 
historical and subsistence tillage practices, we applied uniform multipliers at the two 
levels of intensity (moderate, high) over the entire historical time period (1850-2015). 
In order to capture uncertainty and variability in tillage practices spatially and over the 
historical time period, values for decomposition multipliers were obtained from a 
thorough perusal of the literature on DayCent decomposition multipliers for tillage to 
represent a range of tillage intensities across time and space. 

Decomposition multiplier values for the 'high' intensity tillage scenarios were based on 
DayCent version 4.5 simulations conducted for the U.S. Great Plains region and are 
intended to represent high intensity tillage systems in more recent, industrialized 
cropping systems (Hartman et al., 2011). The decomposition multipliers for "moderate" 
intensity simulations are derived from default multipliers for DayCent version 4.0, and 
are intended to represent the comparatively lower tillage intensity in historical, 
subsistence, and non-mechanized cropping systems (Metherell et al., 1993; Metherell et 
al. 1996; Manies et al., 2000; Leite et al., 2004; Chang et al., 2013). In all cases, we 
represented soil disturbance from tillage in the CLM as three discrete, sequential events, 
with each event corresponding to individual tillage management practices that are 
common across many cropping systems. In both the 'high' and 'moderate' scenarios, 
these three events were intended to simulate 'primary tillage', 'cultivation', and 'planting 
and weeding'. Here 'primary tillage' refers to major disturbance of the soil and 
incorporation of crop residue conducted prior to planting in order to prepare the soil; 
'cultivation' corresponds to lower intensity soil disturbances following 'primary tillage' 
with the goal of removing weedy vegetation and creating a uniform seedbed; 'planting 
and weeding' consists of a final event wherein crops are planted and additional, low-
intensity clearing of weedy vegetation is performed. 

Each of the three main tillage events occurs in sequence annually for each crop (i.e., 
CFT) in CLM5. Following crop planting in the model, the increase in decomposition 
rates for cropped soils in CLM5 is implemented for period of 75 days, an interval which 
largely agrees with the literature on the time period over which enhanced decomposition 
from tillage is effective (Abdalla et al., 2013; Abdalla et al., 2016). Planting in CLM5 
occurs based on growing degree-day (GDD) thresholds, and we chose to implement 
tillage practices after planting rather than using an earlier, lower GDD threshold because 
future changes to the CLM5-CROP model may alter planting dates to depend on both 
GDD and moisture. Therefore, while our simulation is less realistic than might be 
optimal, since tillage events generally occur before planting in most cropping systems, 
the implementation of intensive tillage in the CLM5 code is more robust to future 
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changes in model structure related planting date thresholds for CLM5-CROP. 
Additionally, since the "plow layer" is generally considered to be between 25 - 30 cm in 
most cropping systems, we limited enhanced decomposition due to tillage to the top 26 
cm of each crop-specific soil column in the model. 

We performed multiple sensitivity tests to verify model behavior and assess the effects of 
different methods for implementation of enhanced decomposition due to tillage in CLM5. 
For example, we examined the impact of uniform versus differential decomposition rates 
for different SOC pools, prescribed versus planting date-based tillage event timing, LUC 
on versus LUC off. Although tillage is implemented in a simple manner in this study, we 
found that results of sensitivity tests were as expected in terms of model behavior and 
relatively robust to changes in specific details of implementation. 

Implementation of 'no-till' practices was performed in a similarly simple manner in 
CLM5 based on DayCent, which simply turns tillage multipliers 'off by setting values 
equal to one. We also ran future scenarios ofNT adoption with LUC turned off and 
constant crop area at 2015 levels. We therefore assumed that NT adoption would occur 
exclusively on existing cropland, and that any new cropland converted due to LUC after 
2015 would be under intensive tillage. This assumption seems justified given the rarity 
with which NT practices are implemented on newly cleared croplands and the associated 
difficulty in implementing these practices on recently cleared crop areas (Schob, 1973; 
Lal et al., 2007; Fujisaki et al., 2016; Fujisaki et al., 2018). Further, issues with 
monitoring LUC to crops for NT implementation, as well as uncertainty with respect to 
where future LUC to crops might occur, would add further complexity to model 
assumptions (Prestele et al., 2016). We did not include the impacts of conversion to NT 
on SOC losses in historical simulations using the mask of present-day NT practices from 
Prestele et al. (2018), since almost all conversion to NT is comparatively recent and 
future NT adoption will occur on the much larger fraction of cropland currently under 
intensive tillage. 

Changes in SOC due to differences in tillage practices between scenarios were calculated 
by subtracting simulated quantities of SOC in treatment scenarios from the corresponding 
quantity in the 'control' scenario. CO2 equivalents for changes in SOC were calculated by 
multiplying the quantity of carbon by 3.67 as per (Smith et al., 2014). 

Data and experimental design 
Scenario simulations were performed using coupled Community Land Model 5.0 and 
Community Atmosphere Model 5.0 (CAMS; Neale et al., 2012) sub-components of 
CESM 2.0, as discussed in the "Model description" section. CLM and CAM simulations 
were conducted in offline mode, with slab (i.e., uncoupled) ocean and ice sub-models at 
1.9° x 2.5° resolution. All simulations used CLM5 component sets with active carbon and 
nitrogen biogeochemistry and prognostic crops (CLM5.0-BGC-CROP). 

Since the CLM was not fully coupled, all historical scenarios for the 1850 - 2015 interval 
were simulated using prescribed atmospheric forcing for radiative gases and climate was 
simulated using repeated 20th century climate data from the Global Soil Wetness Project 
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(GSWP; Dirmeyer et al., 1999). Forcings for CO2 and other radiative gases for future 
simulations used Representative Concentration Pathway 8.5 (RCP 8.5), which represents 
the most extreme RCP scenario for both climate change and atmospheric concentrations 
CO2 and other gases, providing an interesting scenario for testing the impacts of 
differences in tillage practices. Future climate forcings were based on monthly climate 
anomalies acquired from several years of historical climate data at the end of the 20th 
century (1996 - 2005) for temperature, precipitation, atmospheric pressure, short- and 
long-wave radiation, relative humidity, and wind speed (Lombardozzi et al., 2018). 
Monthly anomalies were obtained by subtracting present-day anomalies from those 
simulated in RCP8.5 for Coupled Model Intercomparison Project 5 (CMIP5) using the 
Community Climate System Model, version 4 (CCSM4), then adding this difference to 
historical climate data produced by the Global Soil Wetness Project (GSWP) for the 1996 
- 2005 interval (Dirmeyer et al., 1999; Meehl et al., 2012). 

Land use change in CLM5 for historical scenarios was prescribed based on Land Use 
Harmonized version 2 data (LUH2; http://luh.umd.edu/data.shtml), and was held constant 
at 2015 distributions for all future scenarios. CLM5 default settings maintain both crop 
fertilization and irrigation. Fertilization (N only) was applied by adding N directly to the 
soil mineral N pool and is prescribed in a spatially explicit fashion according to transient 
LUH2 data for fertilizer use globally (Lawerence et al., 2016). Irrigation was prescribed 
using spatially explicit, transient data for locations with requisite equipment for irrigation 
based on Portmann et al. (2010). 

We ran three scenarios over the historical time period (1850 - 2015), with treatments 
consisting of: a control scenario without tillage practices (CLM5 default settings) and 
intensive tillage (IT) practices at two levels of intensity ('high' and 'moderate') 
(Supplementary Table 2), as described in the preceding section on implementation of 
tillage practices in CLM5. Scenarios with IT treatments were initiated following model 
spinup to 1850 land use distribution and equilibrium SOC conditions, with decomposition 
multipliers for tillage going into effect beginning in 1850. After running scenarios with 
IT for the historical time period, we ran two sets of future scenarios for each historical IT 
scenario for the 2015 - 2100 time period. Future simulations were branched from 
scenarios with continued IT at 'high' and 'moderate' intensities to two 'no-till' scenarios 
where tillage decomposition multipliers from historical IT scenarios were "turned off' 
(i.e., set equal to one). The CLM5 default 'control' scenario without tillage practices was 
run for the 2015 - 2100 for comparison. 

Results & Discussion 
Implementation of IT scenarios over the historical time period resulted in a cumulative 
'carbon debt' between 6.8 and 16.8 Gt C (25.0- 61.3 Gt CO2e), and SOC losses strongly 
depended on the level of tillage intensity (Fig. 2-1 ). SOC stocks begin declining shortly 
after implementation of tillage practices in 1850 and drop continuously through the 20th 
century in association with increasing LUC to crops during this time period 
(Supplementary Fig. S-1; Supplementary Fig. S-2). 
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Cumulative losses of SOC per hectare were unevenly distributed geographically (Fig. 2-
2a; Fig. 2-2b ), and the highest SOC losses were concentrated in temperate regions . The 
geographic distribution and magnitude of SOC losses are within the range of those 
reported in a spatially explicit analysis of SOC losses due to historical agricultural 
practices (Sanderman et al., 2017), corroborating that broad patterns observed here are 
realistic . Areas with high per hectare losses accounted for a disproportionate share of the 
'carbon debt' accrued on a percentile basis: the top quintile of cropped areas accounted 
for >76% of the total cumulative SOC losses due to IT globally , regardless of tillage 
scenario (Fig. 2-2c .). The geographical pattern of historical SOC losses appears to be 
driven primarily by initial SOC stocks and climate - locations with large losses were 
generally in mid-latitude regions with high initial SOC in CLM5 (Supplementary Fig . S-
3.), indicating that areas with high initial SOC may have more SOC to lose. However, the 
distribution of losses as a percentage of initial SOC stocks was inconsistent with the 
pattern of absolute losses per hectare (Supplementary Fig. S-4.). 
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Figure 2-1 Time-series of global changes in soil organic carbon stocks in Gt C subtracted from 
the control scenario for 1850 to 2100 . Dark red lines denote intensive tillage (IT) scenarios with 
'high' decomposition rates for the historical (1850-2014) and future (2015-2100) time periods. 
Dark blue lines denote IT scenarios with 'moderate' decomposition rates for the historical (1850-
2014) and future (2015-2100) time periods . Light red lines denote changes in soil carbon stocks 
for 'no -till' (NT) scenarios following the 'high' historical IT scenarios. Light blue lines denote 
changes in soil carbon stocks for NT scenarios following the 'moderate' historical IT scenarios. 
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Figure 2-2 Maps showing the distribution of losses in soil organic carbon (Mg C ha-1) per hectare of cropland subtracted from the control scenario 
for each individual grid cell in the 'moderate (A) and 'high' (B) intensive tillage (IT) scenarios over the 1850 - 2014 time period . Areas with less 
than 15% crops are masked out. Bar plots in (C) show the proportion of total global losses in SOC accounted for by each quintile of cropped area 
in the Community Land Model. Cropped areas with high per hectare losses in (a) and (b) accounted for a large proportion of the cumulative global 
change in SOC by quintile, shown in (c), over the historical time period (1850 - 2014) . 
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Conversion from intensive tillage practices to NT resulted in an accumulation of 6.6 -
14.4 Gt C (24.2-52 .8 Gt CO2e) between 2015 and 2100 under RCP 8.5, with the 
magnitude of SOC recovery depending heavily on the pre-existing 'carbon debt' from the 
corresponding historical IT scenarios (Fig. 2-1 ). SOC accumulation in NT scenarios 
increases asymptotically throughout the 21st century but never recovers to initial 
equilibrium levels of SOC prior to historical IT, though this may be partially attributable 
to the shorter time interval for recovery in future scenarios compared to historical 
scenarios (85 versus 165 years , respectively) . The cumulative gains in SOC from NT for 
2015 - 2100, even with the optimistic assumption that all cropland is converted to NT, 
are equivalent to approximately one year of current fossil fuel emissions (8.9 Gt C yr-1; 

32.6 Gt CO2e) (Minasny et al., 2017) . 

SOC storage with NT increased at global rates of 0.08 and 0.17 Gt yr-1 (0.28 and 0.62 Gt 
CO2e yr-1) for the 'moderate and 'high' scenarios, respectively , and the annual quantity of 
C stored via NT was 0.8 - 1.0% of annual emissions from fossil fuels (Le Quere et al., 
2019). The highest global SOC sequestration rate simulated here (0.17 Gt C yr-1) is an 
order of magnitude lower than the target of 8.9 Gt C yr-1 set by the '4 per 1000' initiative, 
implying that offsetting current fossil fuel emissions through SOC increases is unlikely to 
be achieved through NT practices alone, and will require major investments in additional 
management practices (Baveye et al., 2018) . Annual global increases in SOC from NT 
were on the low end of values in the literature, but agree well with a comprehensive 
review on the global potential for SOC sequestration using NT (Powlson et al., 2014), 
which estimated global SOC storage rates of 0.11 - 0.17 Gt C yr-1 (0.4-0 .6 Gt CO2e yr-1) . 

Global average rates of SOC sequestration per hectare under NT in our simulations 
ranged from 0.04 Mg ha-1 yr-1 to 0.11 Mg ha-1 yr-1 for 'moderate' and 'high' scenarios, 
respectively (Supplementary Fig. S-5). Reported rates of SOC storage from NT 
practices vary widely (Angers and Eriksen-Hamel , 2007; Luo et al., 2010; Corbeels et al., 
2019), but literature reviews suggest an operational rate of 0.04- 0.19 Mg C ha-1 yr-1 

(Smith et al., 2008), a range which comports well with per hectare rates found here . 

Cumulative SOC sequestration per hectare exhibited considerable variability in its 
geographical distribution and roughly mirrored losses under historical IT practices, since 
the highest absolute gains were concentrated in temperate regions of North America and 
Eurasia (Fig. 2-3). Cumulative SOC gains from these regions as a proportion of the 
global total closely paralleled those for the historical 'carbon debt ' (Fig. 2-2c; 
Supplementary Fig. S-6). The largest simulated gains with NT were in locations with 
high initial levels of SOC prior to historical IT, suggesting that soils with more SOC to 
lose may also have the greatest capacity to regain lost SOC through improved 
management (Stewart et al., 2008; Castellano et al., 2015) . 

Cumulative SOC increases per hectare were largely on par with those achieved in field 
and modeling studies of NT for most locations . DayCent simulations of NT practices in 
Europe for the 21st century simulated an average cumulative gain of 2.9 Mg C ha-1 (10.8 
Mg CO2e ha-1), which closely approximates gains in the 'moderate' NT scenario for 
locations in Europe (Fig. 2-3a) . Cumulative gains for locations with extreme SOC 

33 



increases in the 'high' scenario (Fig. 2-3b), particularly in North America, surpass the 
most optimistic observations of attainable increases in SOC stocks using NT practices in 
this region (i.e., 0-10 Mg ha-1) (Lal et al., 2015; Syswerda et al., 2011; Hollinger et al., 
2005) . Although SOC sequestration rates per hectare are reasonable for this region on an 
annual basis (Supplementary Fig. S-5), cumulative SOC increases constantly at these 
rates over the 21st century and never approaches equilibrium (Supplementary Fig. S-7). 
Possibly unrealistic cumulative SOC gains for North America indicate that, though we 
simulate tillage in an idealized manner, the magnitude of historical losses and the 
associated increase in decomposition rates for the 'high' IT scenario may be unrealistic, 
and that subsequent cumulative gains in SOC from NT adoption may also be optimistic. 

Figure 2-3 Maps showing the distribution of increases in soil organic carbon (SOC) for 'no-till' 
(NT) relative to intensive tillage (IT) scenarios over the 2015-2100 time period. Maps displays 
average absolute differences in SOC (Mg C ha-1) per hectare of cropland between 'high (A) and 
'moderate' (B) NT scenarios and the corresponding IT scenarios . Areas with less than 15% crops 
are masked out. Increases in the annual rate of SOC storage on a per hectare basis are shown in 
Supplementary Fig . S-5. 
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The geographical distribution of large absolute increases in SOC stocks coincides with 
some areas where NT is already widely practiced (Supplementary Fig. S-8), suggesting 
that NT might have a lower impact on SOC than our idealized scenarios estimate. We 
applied a post-hoc mask based on the proportion of cropland currently under NT at a 
given location using a globally gridded data product to account for the possibility of 
diminished SOC storage potential in areas where NT has been already adopted (Prestele 
et al., 2018). Adjustments for extant NT practices were performed by reducing SOC 
gains as a proportion of the fractional area in NT at each location as of 2012. The 
proportion of croplands in NT globally as of2012 was 6.3%. After adjusting for present-
day NT practices, locations with the largest reductions in SOC sequestration per hectare 
tended to be areas with both a high fraction of cropland currently in NT and relatively 
large simulated increases in SOC under NT (Fig. 2-4). Globally, masking areas currently 
in NT reduced cumulative SOC storage by 6.1 % from 6.6 to 6.2 Gt C in the 'moderate' 
scenario, and by 6.3% from 14.4 to 13.5 Gt C in the 'high' scenario. The small reductions 
in SOC storage are proportional to the limited area currently in NT , portending that there 
is still potential to realize SOC gains through NT adoption in many areas based on our 
idealized estimates . 
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Figure 2-4 Maps showing the geographic distribution of reductions in soil organic carbon (SOC) 
sequestration after accounting for areas where 'no-till' (NT) is already practiced as of 2012. 
Reductions in SOC sequestration are displayed on a per hectare of cropland basis (Mg C ha-1) for 
the 'moderate' NT (A) and 'high' NT (B) scenarios over the entire 2015 -2100 time period. 
Areas with less than 15% crops are masked out. A map showing the mask as a proportion of the 
total cropped area in 'no-till' practices as of 2012 for each location can be found in 
Supplementary Fig. 8. Global changes in SOC storage due the mask can be found in 
Supplementary Fig . S-9. 
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Overall, these results demonstrate that the capacity of NT practices to offset current 
emissions through SOC sequestration is more limited than has been previously 
anticipated (Lal, 2004; Elzen et al., 2013; Smith et al., 2014; Minasny et al., 2017), and 
that NT is unlikely to represent a "silver bullet" policy tool for increasing SOC on 
agricultural land. Annual rates of SOC sequestration, which we consider to be optimistic 
for the 'high' scenario due to unrealistic gains in North America, are an order of 
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magnitude lower than '4 per 1000' program objectives, implying that major investments 
in additional management practices will be required. Croplands with high initial SOC 
contents in mid-latitude regions had the highest simulated potential to lose SOC through 
intensive tillage, but also greater capacity for SOC sequestration following NT adoption . 
Making our idealized scenarios more realistic by adjusting for reduced SOC sequestration 
potential in regions where NT systems are already in place had a minor impact on SOC 
storage potential, due to the relatively small proportion of cropland on which NT has 
been adopted globally. 

We used an idealized approach to modeling tillage practices by considering only changes 
in decomposition rates, whereas other work has emphasized that the dynamics of SOC 
storage with NT are more complex (Angers and Eriksen-Hamel, 2008; Virto et al., 2012; 
Stockmann et al., 2013; Powlson et al., 2014) . Future work aimed at improving 
understanding and implementation of additional NT processes into LSMs, such as the 
effect of crop residue cover on albedo and soil moisture, should further refine these 
results (Davin et al., 2014; Bagley et al., 2015; Erb et al., 2017). Our idealized scenarios 
also assumed that NT was implemented on all croplands globally and did not account for 
practical and economic constraints to NT adoption, so our estimates may be higher than 
the actual economic potential for SOC gains from NT (Derpsch et al., 2010; Corbeels et 
al., 2014). Nonetheless, our results agree with observational estimates for many locations 
and provide the first global estimate of how tillage practices may contribute to climate 
mitigation efforts in an Earth system model. 

From a policy perspective, the 'carbon debt' and potential for offsetting emissions via 
SOC sequestration from NT appears to be concentrated in temperate regions of developed 
countries and other major emitters under the United Nations Framework Convention on 
Climate Change. NT is already practiced in some of these regions, but adjusting for 
reduced potential SOC storage in these areas had minor impacts. This broadly suggests 
that any international policies aimed at meeting National Determined Contributions under 
the Paris Agreement can most efficiently offset emissions through NT by targeting 
adoption in the foregoing regions . By contrast, returns to SOC from NT adoption in the 
tropics are low and unlikely to represent an efficient means of offsetting fossil fuel 
em1ss10ns. 
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Supplementary Information 

Supplementary Table S-1. Decomposition rate multipliers for various soil carbon pools based on DayCent tillage implements for 'high' and 
'low' intensive tillage treatments. DAP= Days after planting; Litter2 = CLM Litter Pool 2; Litter3 = CLM Litter Pool 3; SOMI = CLM Soil 
Organic Matter Pool I; SOM2= CLM Soil Organic Matter Pool 2; SOM3= CLM Soil Organic Matter Pool 3 

DAP Descri~tion Litter2 Litter3 SOMl SOM2 SOM3 
High intensity scenario 

0-15 Point Chisel Tandem Disk multipliers 1.8 1.8 1.2 4.8 4.8 
15-45 Field and Row Cultivator multipliers 1.5 1.5 1 3.5 3.5 
45-75 Rod Weed Row Planter multipliers 1.1 1.1 1 2.5 2.5 

Moderate intensity scenario 
0-15 Point Chisel Tandem Disk multipliers 1.5 1.5 1 3 3 
15-45 Field and Row Cultivator multipliers 1.5 1.5 1 1.6 1.6 
45-75 Rod Weed Row Planter multi:Qliers 1.1 1.1 1 1.3 1.3 

Supplementary Table S-2. List of simulations run for various tillage scenarios, plus associated treatments and time intervals. 

Number Scenario name Treatment Time interval 

1 Control CLM 5.0 default settings 1850 - 2100 
2 'High' intensive tillage 'High' soil decomposition mutlipliers 1850 - 2100 

(IT) (Supplementary Table S-1) 
3 'Moderate' intensive 'Moderate' soil decomposition mutlipliers 1850 - 2100 

tillage (IT) (Supplementary Table S-1) 
4 'High' no-till (NT) 'High' soil decomposition mutlipliers = 1 2015 -2100 
5 'Moderate' no-till (NT) 'Moderate' soil decomposition mutlipliers = 1 2015 -2100 
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Supplementary Figure S-1. Time-series plot showing changes in irrigated, rain-fed, and total 
area in crops in millions of hectares (million ha) globally in the Community Land Model for the 
1850-2015 historical time period . Land use change is based on Land Use Harmonized, version 2 
(LUH2) data (http://luh.umd.edu/data.shtml ) 
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Supplementary Figure S-2. Map showing the total area in crops as a proportion of each 
individual grid cell in the Community Land Model. Proportional crop area is averaged for the 
1990 to 2010 time period. Land use distribution is based on Land Use Harmonized, version 2 
(LUH2) data (http://luh.umd.edu/data.shtml ) 
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Supplementary Figure S-3. Map showing the initial distribution of average soil organic carbon 
stocks in 1850 (i.e. prior to implementation of intensive tillage practices) for each individual grid 
cell in the Community Land Model. 
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Supplementary Figure S-4. Maps showing the distribution of losses in soil organic carbon 
(SOC) as a percentage of initial SOC stocks for each individual grid cell in the 'high' intensive 
tillage scenario over the 1850 -2014 time period. 
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Supplementary Figure S-5. Maps showing the distribution of the annual rate of increase in soil 
organic carbon (SOC) for 'no-till' (NT) relative to intensive tillage (IT) scenarios over the 2015-
2100 time period. Maps displays differences in the annual rate of SOC accumulation per hectare 
of cropland per year (Mg Cha·' yr·') for 'high (A) and 'moderate (B) scenarios compared to 
corresponding IT scenarios. Areas with less than 15% crops are masked out. 
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Supplementary Figure S-6. Bar plots showing the proportion of absolute change in SOC 
accounted for by each quintile of cropped area in the Community Land Model for 'no-till' 
simulations over the 2015-2100 time period. Cropped areas with high per hectare gains in Figure 
2 (a) and (b) accounted for a large proportion of the cumulative global change in SOC by quintile 
over the RCP 8.5 time period (2015 -2100). 
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Supplementary Figure S-7. Time-series of changes in soil organic carbon stocks subtracted 
from the control scenario for two grid cells with high proportional crop area over the entire 1850 -
2100 time frame. Dark red lines denote intensive tillage (IT) scenarios with 'high' decomposition 
rates for the historical (1850-2014) and future (2015-2100) time periods. Dark blue lines denote 
intensive tillage (IT) scenarios with 'low' decomposition rates for the historical (1850-2014) and 
future (2015-2100) time periods. Light red lines denote changes in soil carbon stocks for 'no-till' 
(NT) scenarios following the 'high' historical IT scenarios. Light blue lines denote changes in 
soil carbon stocks for NT scenarios following the 'low' historical IT scenarios. The two locations 
in central United States (A) and northern Nigeria (B) demonstrate contrasting behavior with 
respect to equilibria of soil carbon stocks following for implementation of 'no-till' practices after 
2015. Soil carbon stocks in the 'high' scenario for location A continuously increase over the 2015 
- 2100 and do not reach equilibrium, whereas soil carbon at location B approaches equilibrium in 
both scenarios. 
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Supplementary Figure S-8. Global map showing the mask for 'no-till' practices as a proportion 
of total cropped area for each grid cell in CLM5 as of 2012. The mask and areal extent of 'no-till' 
practices are based a globally gridded data product of 'no-till' practices from Prestele et al. 
(2018). 
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Supplementary Figure S-9. Plot showing the cumulative soil carbon gains over the 2015- 2100 
time period for the low (blue lines) and high (red lines) scenarios . Dotted lines show reductions in 
SOC due to the tillage mask for each scenario . 
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CHAPTER 4. ADDING FULL RANGE OF CROP 
MANAGEMENT PRACTICES INCREASES 
LAND USE CHANGE EMISSIONS AND 
REDUCES SOIL CARBON IN THE 
COMMUNITY LAND MODEL 

Graham, MW, R.Q. Thomas, D.L. Lombardozzi, ME. O'Rourke 

Abstract 
Emissions from land use and land cover change (LULCC) represent a major source of 
uncertainty in the global carbon budget. Earth System models used in climate projections 
may underestimate LULCC emissions and associated declines in soil organic carbon 
(SOC) by excluding the full range of global management activities on croplands. Here, 
we used the Community Land Model (CLM) to assess 1) the impact of the full range of 
crop management practices (residue harvest, grain harvest, soil tillage, irrigation, 
fertilization) on the cumulative LULCC emissions and SOC stocks over the historical 
time period (1850-2015), and 2) the impact of individual crop management practices on 
the historical LULCC emissions and SOC stocks over the historical time period. 
Including the full range of crop management practices increased the cumulative historical 
Net LULCC emissions by 29.2- 38.3 Pg C. Crop residue harvest was the most important 
crop management practice (17.6 Pg C), followed by grain harvest (9.4 Pg C), and soil 
tillage (5.3 Pg). Including the full range of management practices reduced SOC stocks by 
33.4- 38.8 Pg C, and adding more crop management practices to the CLM resulted in net 
cumulative decreases in SOC for virtually all locations globally. Continued exclusion of 
critical crop management practices may result in underestimation of changes in LULCC 
emissions and SOC stocks for ESMs in CMIP6, with implications for climate change 
mitigation and adaptation on croplands. 

Introduction 
Anthropogenic impacts on ecosystems have increased substantially over last several 
centuries, with three-quarters of Earth's ice-free land surface now in some form of 
management dedicated to meeting human needs for food, fuel, and fiber (Luyssaert et al., 
2014). Broad-scale conversion of natural ecosystems to agricultural and other 
management activities has been an important driver of historical anthropogenic CO2 
emissions, and emissions from land use and land cover change (LULCC) account for 
approximately one-third of all historical anthropogenic CO2 emissions (Ciais et al., 2013; 
Houghton and Nassikas, 2017). Historical emissions from LULCC also represent a major 
source of uncertainty in the global carbon budget - based on multiple climate models, the 
mean estimate for cumulative historical CO2 emissions due to LULCC is 195 Pg C over 
the 1850 - 2014 time period, but there is considerable variability in estimates of the 
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historical LULCC flux among models (±75 Pg C; ±0.7 Pg C/yr) (Le Quere et al., 2018). 
Uncertainty in estimates ofLULCC between models likely arises from a combination of 
differences in representation and inclusion of land management activities (Erb et al., 
2017), disparities in methodologies and terminology, and uncertainty with respect to 
extant and historical soil and vegetation C stocks (Le Quere et al., 2018). Moreover, it 
has been suggested that LULCC emissions and the corresponding size of the residual 
land sink of carbon may be underestimated due to the exclusion of many prominent land 
management activities in the current generation ofESMs (Ameth et al., 2017). 

Management practices on croplands are one set of land management activities that have 
not been comprehensively represented in many ESMs, and process-level understanding 
of the impacts of crop management on the historical and future LULCC flux is poor (Erb 
et al., 2017). The majority ofESMs that will form the basis of Coupled Model 
Intercomparison Project 6 (CMIP6) and future Inter-Governmental Panel on Climate 
Change reports do not include many important crop management practices. Several of the 
highest priority crop management practices - replacing generic crop parameterizations 
with crop-specific plant functional types (CFTs), harvesting and removing grain, 
harvesting residue, transferring harvested crops to crop product pools, fertilizing, 
irrigating- are present in less than half of the ESMs submitted to CMIP6 (Pongratz et al., 
2018). 

However, since permanent cropped area accounts for 12 percent of Earth's ice-free land 
surface, the management of these ecosystems on the LULCC flux could be substantial 
(Luyssaert et al., 2014). The exclusion and uneven representation of crop management 
practices in ESMs could therefore partially explain variability in estimates of historical 
LULCC emissions between models. This could also potentially lead to underestimation 
of LULCC historical emissions because agricultural practices typically reduce the 
quantity of C entering crop ecosystems due to biomass removal by harvest, as well as 
accelerating decomposition of SOC via intensive tillage practices (Pugh et al., 2015). 
Cropland management activities are a key pillar of many strategies aimed at climate 
change mitigation and adaptation, so inadequate representation of crop management in 
ESMs could have major policy implications for future assessments of carbon cycling and 
land management decisions (Soussana et al., 2017; Baveye et al., 2018). Although most 
important crop management practices are implicitly included in bookkeeping models of 
carbon accounting, which calculate LULCC emissions based on empirically derived 
estimates of changes in carbon density following LULCC, assessments of crop 
management in ESMs used for climate change projections have been limited (Hansis et 
al., 2015; Houghton and Nassikas, 2017). Yet, inclusion of crop management practices in 
ESMs is a key requirement for evaluating the overall effects of different crop 
management practices on C cycling and their potential interactions with climate. While 
some studies have reviewed how different crop management activities might influence 
the LULCC flux (Pongratz et al., 2018), no studies have examined the aggregate effects 
of the full range of high priority crop management practices (i.e., residue harvest, grain 
harvest, soil tillage, irrigation, fertilizer) on LULCC emissions in an ESM. 
The uncertainty and potential underestimation of the cumulative historical LULCC flux 
among ESMs could be partially attributable to the absence of a soil 'legacy flux', which 
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refers to alterations in emissions and sink capacity due to crop management practices on 
existing cropland following LULCC transitions (Pongratz et al., 2014 ; Pugh et al., 2015) . 
The legacy flux on croplands in general is likely to result in increased emissions and 
reductions in sink capacity due to practices such as soil tillage and crop harvest, which 
accelerate decomposition and losses of soil organic carbon (SOC) to the atmosphere 
while also reducing the potential productivity of crop vegetation over time (Levis et al., 
2014). The absence of many critical crop management practices in the current generation 
of CMIP6 models may therefore underestimate the soil legacy flux. 

The soil legacy flux typically manifests itself as decline in SOC on cropland, and field 
studies indicate that conversion of natural vegetation to crops typically results in a 
decrease in SOC of 20-40 Mg/ha (10- 50%) depending on environmental and edaphic 
factors (Guo and Gifford , 2002 ; Don et al., 2011 ; Poeplau et al., 2011) . Yet, the current 
generation of ES Ms that comprise CMIP6 show unrealistic increases in SOC rather than 
losses following LULCC to crops globally (Lombardozzi et al., 2019) . Further , most field 
studies that evaluate declines in SOC over time following conversion of natural 
vegetation to crops examine the impact of all changes in crop management in aggregate, 
and do not differentiate between individual management practices. Crop management 
practices are likely to vary not only in magnitude , but whose impact on SOC is likely 
differ in direction as either positive ( e.g., fertilization, irrigation) or negative ( e.g., grain 
harvest, tillage) depending on the specific practice (Fujisaki et al., 2018) . Identifying the 
contribution of individual land management practices is crucial to understanding 
historical changes in SOC and which management practices are likely to have the greatest 
potential impact for climate change mitigation and adaptation, and is thus relevant to 
identifying policy options within the CMIP6 framework (Bonan and Doney, 2018) . 
Adding or refining crop management practices in current generation ESMs may not only 
provide more realistic estimates of changes in SOC stocks and the historical LULCC 
flux, but should also be useful in assessing model sensitivity to specific crop management 
practices and evaluating the relative importance of these practices to changes in SOC and 
the LULCC flux . 

Here we investigate the combined, historical effects on LULCC emissions and SOC 
stocks of including the full range of practices prioritized by Pongratz et al. (2018) in an 
Earth System model - the Community Land Model (CLM) within the Community Earth 
System Model. In addition, we partition the effects on historical LULCC emissions and 
changes in SOC stocks attributable to individual crop management practices in the CLM. 
We also examine whether adding crop management practices to the CLM results in more 
realistic model outputs in terms of the magnitude and spatial distribution of changes in 
SOC. 

We focus on the CLM because it is relatively well-developed with respect to crop 
management and includes crop-specific plant functional types (CFTs) , grain harvest, crop 
product pools, irrigation, and fertilization (Levis et al., 2012) . Somewhat surprisingly, the 
difference in cumulative historical LULCC flux between CLM simulations with active 
crops, in which the preceding management practices are implemented, and generic crops 
(i.e. no crop-specific PFTs or management practices) is relatively small (Lawrence et al., 
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2019). Both active and generic crop simulations in the CLM display an overall increase 
in global SOC stocks over the historical time period , despite large simulated increases in 
crop area due to LULCC, and cropped areas in several mid-latitude regions show 
increases in SOC with active crops (Lombardozzi et al., 2019) . Although preliminary 
analysis of aggregate changes in SOC due to management in the CLM has been 
conducted, the effects of existing , individual crop management practices present in the 
CLM have not been investigated in terms of the historical LULCC flux and SOC stocks 
over the historical time period, and we add soil tillage and crop residue harvest to the 
foregoing list of practices in order to obtain the full range of management practices in the 
CLM. 

Materials & Methods 

Model Description 
All simulations were run with Community Earth System Model (version 2.0) land and 
atmosphere components using coupled Community Land Model (CLM, version 5.0; 
Oleson et al., 2013; Lawrence et al., 2019) and Community Atmosphere Model (CAM, 
version 5; Neale et al., 2012). CLM5.0 simulations were performed with active carbon 
and nitrogen biogeochemistry and prognostic crops (CLM5.0-BGC-CROP) at 1.9° x 2.5° 
resolution . Simulations were run with 1850 initial conditions and uncoupled from ocean 
and ice model components using prescribed atmospheric forcings for radiative gases and 
repeated 20th century climate from Global Soil Wetness Project data (GSWP ; Dirmeyer 
et al., 1999) for the 1850 to 2014 historical time period , in agreement with the Land Use 
Model Intercomparison Project (LUMIP) and CMIP6 (Lawrence et al., 2016) . Historical 
changes in LULCC in CLM5.0 were prescribed using Land Use Harmonized version 2 
data (LUH2 ; Hurtt et al., 2011; http://luh .umd.edu/data.shtml) in accordance with LUMIP 
protocols . 

The CLM5.0 crop sub-model (CLM5.0-CROP) has crop species and phenology based on 
the Agro-IBIS land surface model. CLM5 .0-CROP maintains crop with four distinct 
phenological growth phases (planting, leaf emergence, grain fill, and harvest) that are 
individualized for each species, as described by Levis et al. (2012) . CLM5 .0-CROP has 
numerous crop species, which are represented as CFTs. Each CFT is assigned a separate, 
individual soil column from that for natural vegetation , which prevents crop management 
practices from affecting natural vegetation . 

For existing CLM management practices, crop yields and grain entering product pools in 
CLM are determined dynamically, while irrigation and fertilization are prescribed using 
external data. Crop yields and quantity of grain harvested depend on dynamically 
modelled annual crop productivity ; grain enters the one-year crop product pool following 
harvest annually. Nitrogen fertilization is prescribed by CFT and by region in a 
geographically explicit manner based on transient LUH2 data on fertilizer use. Transient 
fertilizer is prescribed for CFTs according to crop N needs, with N being added directly 
to the soil mineral N pool (Lawerence et al., 2016). For irrigation, CFTs are divided 
between an irrigated and non-irrigated column in each grid cell to ensure irrigation is 
applied only to irrigated crops . The proportion of irrigated versus non-irrigated columns 
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for a CFT is prescribed based on a geographically explicit, transient dataset of areas 
equipped for irrigation (Portmann et al., 2010). 

Along with existing CLM management practices, soil tillage and residue harvest were 
added in a simplified manner in this study to obtain a full range of crop management 
practices. CLM biogeochemistry is based on the DayCent/CENTUR Y model, and 
intensive soil tillage was added to the model by increasing the rate of SOC decomposition 
for multiple SOC pools based on previously tested rates derived from DayCent 
decomposition multipliers for tillage (Chapter 2, this document). DayCent decomposition 
multipliers were obtained from the high end of values found in the literature. Increased 
SOC decomposition rates were restricted to crop columns and prescribed based on crop 
phenology to occur over 75 days after planting for each CFT annually (Levis et al., 
2014). Crop residue harvest was modelled in a simple manner by harvesting 100% of the 
aboveground crop biomass (i.e., stems and leaves) remaining in all crop columns at the 
time of grain harvest, with harvested leaves and stems subsequently entering the crop 
product pool, as per grain harvest. Although the intensity of management for soil tillage 
and crop residue harvest is extreme, this approach is useful for assessing model 
sensitivity to changes in these practices and their underlying biophysical processes. 

Experimental Design 
Each treatment run consists of paired simulations with transient LULCC on (LU) and an 
analogous simulation with no LULCC (NOLU). These simulations are in accordance 
with Pongratz et al. (2014) to reduce terminological uncertainty and ensure valid 
comparisons of changes in the historical LULCC flux and SOC across models. Treatment 
runs consisted of three main simulations: generic crops, CLM 5.0 default, and all 
management practices (Table 1 ). In the generic crops (GC) simulation, active crops are 
turned off and there are no crop-specific CFTs; crops are treated as generic grasses with 
no management. Generic crops were used to simulate crops in previous versions of the 
CLM and many of the ES Ms contributing to CMIP6 continue to simulate crops in this 
manner. GC simulations are therefore included to represent the range of complexity in 
simulating crops across ESMs in CMIP6, and to assess the potential effects of excluding 
crop management practices on the LULCC flux and SOC stocks in CMIP6. 

52 



Table 4-1. List of all simulations in this study with number, name, and description. Simulations are divided into three 'main' and five 'individual 
crop management' simulations . 

Main simulations 
Number Simulation name 

1 Generic crops (GC) 

2 CLM 5.0 default (CLM5) 

3 All mana ement AM 

Descri tion 
All crops modelled as generic C3 grasses, with active crops turned off and no 
management practices applied 
Active crops with existing crop management practices in CLM, version 5.0 applied 
(i.e., grain harvest, irrigation, fertilization) 
Active crops with existing CLM 5.0 and novel management practices applied (i.e., 

rain harvest, irri ation, fertilization, soil tilla e, residue harvest 

Individual crop management simulations 
Number Simulation name Description 

4 AM - Residue Harvest 

5 AM - Grain Harvest 

6 AM-Tillage 

7 AM - Irrigation 

8 AM - Fertilizer 

Active crops and all crop management practices applied, with the exception of residue 
harvest 
Active crops and all crop management practices applied, with the exception of grain 
harvest 
Active crops and all crop management practices applied, with the exception of soil 
tillage 
Active crops and all crop management practices applied, with the exception of 
irrigation 
Active crops and all crop management practices applied, with the exception of 
fertilizer 
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In the CLM 5.0 default simulation (CLM5), crops were simulated with CLM 5.0 default 
settings using active crops and standard management practices, which included grain 
harvest, crop product pools, irrigation, and fertilization. CLM5 serves as a baseline to 
compare indirectly the current state of the CLM-CROP model with less developed ESMs 
in CMIP6, as represented by the GC simulations, and to determine the impact of 
additional management practices. 

In the all management (AM) simulation, crops were simulated using active crops and 
existing management practices as per the CLM5 simulations, but also included soil tillage 
and residue harvest as additional management practices. AM simulations were conducted 
in order to determine the aggregate impact of the full range of high priority crop 
management practices in the CLM. 

In addition to the three main sets of paired simulations (GC, CLM5, AM), scenarios were 
run to isolate the effects of individual crop management practices on the historical 
LULCC flux and SOC stocks globally. This was accomplished through five simulations, 
corresponding to each management practice, and running simulations with all 
management practices in place, but with the management practice of interest removed 
from the full set. 

Framework for Partitioning and Analysis of LULCC Flux 
In order to determine which processes contribute to changes in LULCC flux for 
simulations with varying levels of crop management implementation, the following 
framework for partitioning the LULCC flux is adopted from previous work by Lawrence 
et al. (2018) on historical and future LULCC fluxes in CLM (version 4.0), and adheres to 
definitions set out by Pongratz et al. (2014). The framework presented here is modified 
from Lawrence et al. (2018) to include fluxes associated with the creation of crop product 
pools and losses thereof in CLM 5.0. The framework partitions the LULCC Flux into 
Net, Direct, and Indirect Fluxes. Prior and Feedback Fluxes that are defined in Pongratz 
et al. (2014) are excluded from this analysis due to limitations of the experimental design 
in this study. Prior Fluxes were excluded because a suitable LULCC dataset of potential 
natural vegetation, which is required for calculating the Prior Flux, was not available for 
the CLM. Calculating the Feedback Flux was not possible because this would require 
running fully coupled simulations with ocean and ice components activated, and this was 
deemed to be too computationally intensive for the purposes of this study. 

It should be noted that all simulations in this study involved only changes to management 
practices for crops . Non-crop management practices, such as wood harvest from forests, 
are included in all simulations, but are identical and constant across all simulations since 
no changes have been made with respect to these non-crop management practices. All 
differences in LULCC fluxes and SOC stocks between simulations are therefore 
attributable to alterations in crop management practices alone. 

The Direct LULCC flux (LULCCDirect) refers to the losses in C associated with direct 
actions from land cover change and harvest of wood products, and is analogous to the 
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"instantaneous flux" from Pongratz et al. (2014). The Direct Flux is computed in CLM5.0 
as: 

LULCCDirect = ConversionATM + ConversionPROD + Wood Harvest (Equation 1) 

The Direct Flux consists of C released to the atmosphere through fires and accelerated 
turnover during land cover change (ConversionA TM), along with wood harvested during 
conversion that subsequently enters the wood product pool (ConversionPROD). Wood 
Harvest refers to harvest of wood products from natural ecosystems without a 
concomitant change in land cover. The Direct Flux has been extensively treated by 
Lawrence et al. (2018) and is identical across all simulations in this study, since all 
treatment simulations involve only changes to crop management following land cover 
transitions. 

Differences in LULCC flux between simulations in this study therefore occur primarily 
due to changes in the Indirect Flux, which is effectively the "legacy flux" (the L variable 
in equation 3 from Pongratz et al., 2014). The Indirect Flux accounts for changes in sink 
capacity due to both management practices on existing cropland and due to changes in 
land cover back to natural vegetation (i.e., afforestation of previously cropped areas), as 
well as recovery from disturbance in natural vegetation. The Indirect Flux is modified 
from Lawrence et al. (2018) to account for losses from crop product pools as follows: 

LULCCindirect = CropProdLossw-NoLU + ~HR LU-N0LU + ~Fire LU-N0LU - ~NPP LU-N0LU 
(Equation 2) 

Since calculating changes in carbon uptake by ecosystems requires comparing 
simulations with full transient LULCC (LU) and no LULCC (NOLU), the Indirect Flux is 
computed based on the difference between variables in Equation 2. Losses from the one-
year crop product pool are accounted for by the CropProdLoss variable and represent 
losses to the atmosphere of harvested C from cropland ecosystems. HR refers to 
Heterotrophic Respiration and NPP is the net primary production of ecosystems. Fire is 
the loss in C due to the presence of wildfires in CLM. 

From the Direct and Indirect Fluxes, the overall Net Flux due to LULCC (LULCCNet) 
can then be calculated to ways, as follows: 

LULCCNet = LULCCDirect + ~CropProdLoss LU-N0LU + ~HR LU-N0LU + ~Fire LU-NOLU -
~NPP LU-Now- GrowthProdC (Equation 3) 

LULCCNet = LULCCDirect + LULCCindirect - GrowthProdC (Equation 4) 

The CLM diverges from equations in Pongratz et al. (2014) again by adding a slowly 
decaying wood product pool that contains C from harvest of wood products in Equation 4 
and 5. GrowthProdC refers to the growth in product pool Cover time and is computed as 
follows: 
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GrowthProdC = ConversionProd + Wood Harvest + DecayProd (Equation 5) 

The DecayProdC variable in Equation 5 refers to the slow loss of C from the overall 
wood product pool over time. The GrowthProdC is constant across all simulations and 
has been treated extensively in the CLM by Lawrence et al. (2018). 

Results 
Analysis of Net LULCC Flux for Three Main Simulations 
Adding the full range of crop management practices to the CLM increased the Net 
LULCC Flux compared to simulations with generic crops and CLM 5.0 default settings . 
The cumulative historical Net LULCC Flux for the AM simulation was 225.0 Pg Cover 
the 1850 to 2014 time period compared to 187.0 Pg C and 196.0 Pg C for the GC and 
CLM5 simulations , respectively (Figure 4-la). This represents a cumulative increase in 
historical Net LULCC Flux for AM relative to GC of 38.3 Pg C (20.4%) and 29.2 Pg C 
(14.9%) for the CLM5 simulation. Changes in annual Net LULCC Flux over time 
followed roughly similar patterns for all three simulations, but at higher annual rates for 
AM (1.36 Pg C/yr) versus both GC (1.13 Pg C/yr) and CLM5 (1.18 Pg C/yr) (Figure 4-
1 b ). Geographically, the Net LULCC Flux tended to be greatest in areas where a large 
fraction of natural vegetation has been cleared for crops via LULCC, with larger Net 
Fluxes in these areas in the AM simulations (Supplementary Figure S-10). 

Attributing Changes in Net LULCC Flux to Individual Crop Management Practices 
Impacts of individual management practices were assessed by removing each individual 
practice from the full suite of practices in the AM simulation , as described in the Section 
2.2. Decreases in Net LULCC Flux relative to AM when individual practices are 
removed therefore represent a positive impact on the cumulative Net LULCC Flux for 
AM, and vice-versa. 

The results of individual management simulations indicate that practices that remove 
crop products via harvest were the most important management practices in terms of 
changes in the Net LULCC Flux (Figure 4-2) . Subtracting crop residue harvest from AM 
(AM - Residue) reduced the historical LULCC flux by 17 .6 Pg C (-7 .8% ), followed by 
grain harvest (AM - Grain) at 9 .4 Pg C (-4.1 % ) (Figure 4-2a). 

Soil tillage was the third largest contributor to changes in the Net LULCC Flux, as its 
subtraction from the full suite of management practices (AM-Tillage) resulted in a 
cumulative decrease of 5.3 Pg C (-2.4%) in the historical Net Flux. Eliminating crop 
irrigation and fertilization from the full AM simulation had comparatively minor impacts 
on the historical LULCC flux. Removing irrigation (AM - Irrigation) resulted in minimal 
changes , as irrigation appears to cause a slight decrease in the cumulative Net LULCC 
Flux of 0.18 Pg C (<0.01 %). The impact of crop fertilization (AM-Fertilizer) was also 
small, but its subtraction from the AM simulation increased the Net LULCC Flux by 2.6 
Pg C (-1.1%) . 
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Figure 4-1. Plot (A) showing cumulative change in Net LULCC Flux between the three main simulations over the historical time period (1850-
2014). Plot (B) shows the annual change in Net LULCC Flux for the three main simulations over the historical time period, as well as the mean 
estimate and range of uncertainty for Net LULCC Flux from Global Carbon Project data (Le Quere et al., 2018). 
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Figure 4-2. Plot (A) showing cumulative change in Net LULCC Flux for the five subtractive simulations of individual crop management 
practices relative to the full AM simulation over the historical time period (1850-2014). Plot (B) showing annual change in Net LULCC Flux for 
the full AM and five subtractive simulations of individual crop management practices over the historical time period . 
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Partitioning of Net LULCC Flux into Component Fluxes 
The Net LULCC Flux can effectively be broken into components as the sum of Direct 
Flux and Indirect Flux minus growth in wood product C pools (GrowthProdC), as per 
Equation 4. The Direct LULCC Flux represents loss of carbon from ecosystems due to 
direct or instantaneous emissions during LULCC-induced deforestation, degradation, and 
harvest of wood products. 

The quantity for the Direct Flux was constant across all simulations, and accounted for a 
cumulative total of 138.9 Pg C (0.84 Pg C/yr) of the total Net LULCC Flux (Figure 4-3). 
The proportion of the historical Net LULCC Flux attributable to the cumulative Direct 
LULCC Flux varied between simulations, and accounted for 74.3%, 70.9%, and 61.7% of 
the cumulative Net LULCC Flux for the GC, CLM5, and AM runs, respectively. 
Similarly, growth in the wood product pool (GrowthProdC) was constant across all 
simulations and represented a cumulative decrease in the Net LULCC Flux of 5.9 Pg C 
over the historical time period. Increases in the GrowthProdC are considered a decrease 
in emissions due to the fact that harvested wood products tend to decay relatively slowly 
over time and thus do not necessarily result in an instantaneous loss of C to the 
atmosphere. Geographically, the magnitude of the Direct Flux was highest in regions 
with high historical rates of land cover conversion from natural ecosystems, especially 
forests, to crops and pasture (Supplementary Figure S-11 ). 

Differences in Net LULCC Flux between simulations were exclusively attributable and 
identical to changes in the Indirect LULCC Flux or "legacy flux" (i.e., changes in 
biospheric capacity to uptake carbon) among simulations, as demonstrated in Figure 4-3. 
The Indirect Flux was highest in the AM simulation, corresponding to a cumulative loss 
of C from ecosystems of 92.6 Pg C (41.1 % of the Net LULCC Flux in the AM 
simulation) over the historical time period. Indirect LULCC Flux was lower and 
accounted for a smaller proportion of the Net LULCC Flux in each of the other primary 
simulations, which recorded losses of 53.0 Pg C (28.3% of Net LULCC Flux) for GC and 
63.0 Pg C (32.1 %) for CLM5. The geographic distribution of the Indirect Flux was 
similar to the Direct Flux, but the magnitude of localized differences between the three 
main simulations was more pronounced (Supplementary Figure S-12). In particular, the 
magnitude and areal extent of positive fluxes was higher in regions with larger 
proportional crop area for AM relative to the corresponding GC and CLM simulations. 
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Figure 4-3. Time-seri es plots of cumulative change in Net LULCC Flux and components fluxes (Direct , Indirect , GrowthProdC) over the 
historical time period (1850-2015) for the three main simulations: generic crops (GC) (A), CLM 5.0 default (CLM5) (B), and all management 
practices (AM) (C). 
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Figure 4-4. Bar plots showing the cumulative difference over the historical time period (1850- 2015) for components of the Indirect Flux (~NPP, 
~HR, ~Fire, ~CropProdC) between LULCC on (LU) and LUC off (NOLU) runs of the three main simulations: generic crops (GC) (a), CLM 5.0 
default (CLM5) (b), and all management practices (AM) (c). 
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Further partitioning of the Indirect Flux into its constituent parts (Equation 3) 
demonstrates that the net positive direction of the Indirect Flux in the two simulations 
with active crops (i.e., CLM 5 and AM) was mainly due to the removal of C from 
cropland ecosystems via harvest of grain and crop residues (Figure 4-4), which 
corroborates the importance of these individual management practices, as discussed in 
Section 3.2. The change in harvest losses (~CropProdLoss LU-Now) was 113.5 Pg C and 
336 Pg C for the CLM5 and AM runs, respectively . By contrast, in the GC simulations 
the positive flux to the atmosphere was caused by differences in NPP (79.6 Pg C) 
between LU and NOLU runs (~NPP LU-Now). 

Across all three main simulations , large positive fluxes to the atmosphere were partially 
counteracted by decreases in HR between LU and NOLU simulations (~HR LU-Now), 
though the magnitude of the ~HR LU-Now term varied substantially between GC (-83. 7 
Pg C), CLM5 ( -88.2 Pg C), and AM (-280.9) simulations. Negative values for ~HRw-
NOLU in the AM simulations occurred despite increases in HR through accelerated 
decomposition of SOC due to intensive soil tillage . Comparison of AM with the AM-
Tillage simulation shows that the magnitude of the negative cumulative flux for ~HR LU-
N0LU would be larger by 3.4 Pg C if tillage were removed from the simulation 
(Supplementary Figure S-13), which was slightly less than the 5.3 Pg C reduction in the 
historical Net LULCC Flux obtained by subtracting tillage from the full AM simulation 
in Section 2.2. The additional difference between AM and AM-Tillage with respect to the 
Net LULCC Flux was due to reductions in NPP and in AM-Tillage simulation . 

Analysis and Attribution of Changes in Soil Carbon Stocks 
Cumulative losses in SOC were substantially higher for the AM simulation at -51.5 Pg C 
compared to losses of -12.7 and -18.2 Pg C for GC and CLM5 simulations, respectively 
(Figure 4-5) . Losses in SOC stocks in all three simulations accelerated over time, but AM 
simulations had a much sharper decrease than the other simulations beginning in the 20th 
century . 

The difference in SOC losses between simulations closely approximated changes in the 
Net LULCC Flux and Indirect Flux-declines in AM simulations were 38.8 Pg C higher 
than in GC, and 33.4 Pg C higher than CLM5. This was roughly equivalent to analogous 
disparities in Net Flux and Indirect Flux of 38.3 and 29.2 Pg C for the GC and CLM5 
simulations, respectively . 

Adding the full range of crop management practices altered the geographical distribution 
and local magnitude of SOC losses relative to simulations with CLM 5.0 defaults and 
generic crops (Figure 4-6) . Previous work in CLM 5.0 has shown that some mid-latitude 
regions display net gains in SOC following LULCC to crops under CLM 5.0 defaults 
compared to GC simulations (Supplementary Figure S-14) (Lombardozzi et al., 2019) . 
However, the implementation of crop management practices in the AM simulation 
largely eliminated this phenomenon, since virtually all cropped areas demonstrate losses 
in SOC following LULCC in the AM relative to CLM5 and GC simulations . Further, the 
difference in the magnitude of losses by location was higher in AM relative to both GC 
and CLM5 simulations , with some major crop production regions experiencing declines 
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of >75 Pg C per hectare, though the spatial distribution of this difference varied between 
GC and CLM5 simulations . 

The impact of individual crop management practices on SOC stocks was similar to those 
on Net LULCC and Indirect Fluxes (Figure 4-7). Removing crop residue harvest from the 
AM simulation (AM - Residue) had the largest impact of changes in SOC stocks, 
reducing cumulative losses by 21.3 Pg C from -51.5 Pg C in AM to -30.2 Pg C in the AM 
-Residue simulation . This was followed by grain harvest (AM- Grain), which saw 
cumulative declines in SOC of -41.3 Pg C -10.2 Pg C less than the full AM simulation. 
Soil tillage moderated the SOC decrease by 4.8 Pg C (AM-Tillage= 46.7 Pg C), 
whereas the SOC changes attributable irrigation (AM- Irrigation) and fertilization (AM 
- Fertilizer) differed little from the full AM total of -51.5 Pg C at -51 .4 and 53.3 Pg C, 
respectively . As with the three main simulations , variation in the magnitude of SOC 
losses for the subtractive simulations closely paralleled the corresponding changes in Net 
and Indirect LULCC Fluxes discussed in Section 3.2. 

The geographical distribution of SOC decreases followed similar patterns for most 
individual management practices - the distribution of gains and losses associated with 
grain and residue harvest, tillage, and fertilizer was similar (Figure 4-8a-c,t), whereas 
irrigation demonstrated gains and losses depending on location (Figure 4-8d). The 
magnitude of localized declines in SOC largely followed the patterns described in the 
preceding paragraph, with more impactful practices showing higher losses at a given 
location . 
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Figure 4-5. Bar plot (A) showing cumulative change in soil organic carbon (SOC) between LULCC on (LU) and LUC off (NOLU) runs of the 
three main simulations over the historical time period (1850-2014). Line plot (B) shows the annual change in cumulative global SOC stocks 
between LU and NOLU runs of the three main simulations over the historical time period. 
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Figure 4-6. Geographical distribution of the cumulative difference in soil organic carbon (SOC) 
per hectare of cropland (Mg C/ha) over the historical time period (1850-2015) for all 
management minus generic crops (AM-GC) (A) and all management minus CLM 5.0 default 
(AM - CLM5) (B) simulations. 

a 

·-, 

b 

·-, 

-75 -50 -25 -10 -5 -2,5 -1 2,5 5 10 25 50 75 

Total SOM Carbon per hectare of cropland (Mg C ha·1) 

65 



Figure 4-7. Plot (A) shows cumulative change in soil organic carbon SOC) between LULCC on (LU) and LUC off (NOLU) runs of the AM 
simulation and five subtractive simulations over the historical time period (1850-2014) . Plot (B) shows the associated annual change in 
cumulative global SOC stocks between LU and NOLU runs over the historical time period . 
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Figure 4-8. Geographical distribution of the cumulative difference in soil organic carbon (SOC) per hectare of cropland (Mg C/ha) over the 
historical time period (1850-2015) for all management (AM) simulations minus AM-Residue (A), AM- Grain Harvest (B), AM-Tillage (C), 
AM - Irrigation (D), and AM - Fertilizer (E). Note the different scale for AM - Irrigation and AM - Fertilizer plots . 
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Discussion 
Analysis of Net LULCC Flux for Three Main Simulations 
The magnitude of the cumulative historical Net LULCC Flux for simulations with the full 
range of crop management practices was higher by 29 - 38 Pg C (14 - 20%) compared to 
both simulations with generic crops and current CLM 5.0 default crop management 
practices (Figure 4-la). Cumulative historical Net LULCC Flux for GC and CLM 5 
simulations closely approximates the multi-model mean of 196 Pg C for 1850-2014 
reported by Le Quere et al. (2018), whereas the Net Flux for the AM simulations is 
higher but within the stated bounds of uncertainty for Net LULCC emissions (±75 Pg C; 
±0.7 Pg C/yr) (Figure 4-lb) . Although we simulate crop residue harvest and soil tillage in 
an idealized manner in this study, these results imply that the current version of CLM 5.0, 
as well as other ESMs in CMIP6 with limited crop management implementation, may be 
underestimating the cumulative historical Net LULCC Flux. Consequently, outputs of 
the forthcoming CMIP6 simulations and the associated Inter-governmental Panel on 
Climate Change reports on climate change may discount the role of land management 
activities and crop management in particular with respect to contributions to current 
emissions and options for climate change mitigation and adaptation. From a policy 
perspective, this could lead to inappropriate actions on climate change mitigation on 
agricultural land, as well as possibly underestimating the size of the residual land sink 
(Pugh et al., 2015; Ameth et al., 2017). 

Cumulative Net LULCC Flux in this study was higher in all simulations compared to 
results from an earlier version of the CLM (CLM 4-CN; CESMl.0), which found a Net 
Flux of 127 Pg Cover the 1850-2005 period for simulations analogous to the GC 
simulations found here (Lawrence et al., 2018) . The cumulative Net LULCC Flux was 
174.7 Pg C (1.12 Pg C/yr) when computed over the same interval for the GC simulation 
in this study. Differences between results may be due in part to changes in model 
structure between CLM4-CN (CESM 1.0) and CLM5.0 (CESM 2.0), but may also be due 
to differences in climate forcing data, as recent work has shown that uncertainty among 
fluxes due to differences in forcing datasets may be substantial (Bonan et al.,2019). 

The cumulative Net LULCC Flux in AM simulations matches closely with previous work 
using a similar analytical approach for crop and grazing management practices in the 
LPJ-GUESS ESM (Pugh et al., 2015). The foregoing research found a cumulative 
LULCC flux of 225 Pg C over the historical time period for simulations with multiple 
crop and grazing management practices activated over the 1850 - 2012 time period. 
Given the difference in models between CLM and LPJ-GUESS, the result of the LPJ-
GUESS study is surprisingly close to the cumulative flux of 225.2 Pg C for the AM 
simulation reported in the present study. These results should be compared with caution, 
however, since the LPJ-GUESS study included grazing harvest, in addition to all crop 
management practices included in AM simulations for this study with the exception of 
fertilizer. 

On an annual basis the Net LULCC Flux for all simulations stayed within the range of 
uncertainty reported by Le Quere et al (2018), with the exception of the 2010-2015 
interval at the end of the CLM5 simulation, when LULCC emissions exceeded the 
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bounds of uncertainty due to large increases in Net LULCC Flux in 2010 and 2013 
(Figure lb) . Increases in Net LULCC Flux in all three main simulation appear to be 
driven in part by increases the Direct Flux (Supplementary Figure S-15) due to broad-
scale deforestation in multiple regions (primarily in Southeast Asia, and Amazon and 
Congo Basins). Concomitant increases in wildfires and reductions in these regions 
(Supplementary Figure S-16) contributed to increases in the Indirect Flux and further 
increases in Net LULCC Flux for these years. Surprisingly, wildfires had a larger impact 
in the CLM5 simulation and also caused a reduction in NPP on croplands in the CLM5 
(Supplementary Figure S-17), presumably because unharvested crop residue left in fields 
and previously higher crop productivity compared to AM simulations provided more fuel. 
An additional sharp increase in Net LULCC Flux at beginning of the simulation was 
likely due to the absence of crops being planted in the first year of the simulation ( 1850) 
due to model spinup conditions , and because not all crops complete their life cycle in the 
first year (1851) in which crops are planted in CLM. Two other major increases in Net 
LULCC Flux over the historical time period are attributable to widespread deforestation 
in India and Russia in mid-20th century, and in China during the 1980s (Lawrence et al., 
2018) . 

Attributing Changes in Net LULCC Flux to Individual Crop Management Practices 
Results of this study suggest that practices which remove biomass C from cropland 
ecosystems via harvest are the most important crop management practices in terms of 
driving changes in the historical LULCC flux. These results are largely in agreement with 
global studies regarding the effects of management activities on carbon cycling across 
multiple ecosystems, which attribute the majority of losses in carbon on croplands to 
harvest of crop products , as well as replacement of natural vegetation with lower 
productivity crop species (Haberl et al., 2007). 

Although harvesting all aboveground biomass from crops globally, as implemented in the 
AM simulations, is extreme in intensity , multiple lines of evidence indicate that the 
amount of aboveground biomass removed from cropped areas in CLM 5.0 using default 
practices (i.e., CLM5 in this study) may be low relative to other estimates. Firstly , grain 
yields in the CLM tend to be low relative to those reported elsewhere, suggesting that the 
corresponding removal of grain C may also be underestimated (Lombardozzi et al., 
2019). Implementing the full range of crop management practices in this study reduced 
grain yields by 17% compared to the CLM 5.0 default simulations, with wheat and rice 
experiencing the largest yield decreases (Supplementary Figure S-18), but this effect was 
more than compensated for by residue harvest in the AM simulations . Presumably , grain 
yield reductions obtained in this study are attributable to decreases in N mineralization 
and availability associated with removal of litter and cumulative declines in SOC. 
Secondly, the implied harvest index (HI), which measures the proportion of grain product 
as a proportion of total aboveground crop biomass , is 28% according to calculations from 
the AM simulations . This value is low compared to HI values found in the literature for 
major crops, which typically fall in the 40-60% range (Wirsenius, 2000; Peng et al., 
2018), and is well-below the HI of>70% implied by Haberl et al. (2007) . Finally, CLM 
5.0 default practices do not include any residue harvest which, though extreme in the AM 
simulations, is widely practiced in some regions, and is particularly intensive in 

69 



smallholder cropping systems in developing countries (Tittonell et al., 2015). Intensive 
residue harvest is also likely to be more prevalent in biofuel crop systems, and the 
importance of residue harvest highlighted here implies that future climate change 
mitigation efforts based on broad-scale LULCC conversion to crops for biofuel 
production need to be carefully assessed for their impacts on LULCC fluxes over long 
time frames (Creutzig et al., 2015; Harris et al., 2015; Qin et al., 2016) . 

The AM simulations with intensive tillage applied a relatively high multiplier to 
decomposition rates for SOC pools based on previous work in the DayCent crop model, 
so the changes attributable to tillage here are driven primarily by relatively large 
increases in HR due to accelerated decomposition of SOC and associated release of CO2 
on cropped areas. Increases in the Net LULCC Flux of 5.3 Pg C attributable to tillage 
found in the present study were lower than those found in the literature , despite 
simulating tillage as an increase in decomposition rates based on the high end of values 
found in the literature (Hartman et al., 2011) . Levis et al. (2014) reported declines in 
SOC of 12 Pg Cover 30 years and with constant crop area in CLM 4.5-BGC, while Pugh 
et al. (2015) found that tillage contributed to18 Pg C of the cumulative historical Net 
LULCC Flux for the 1850-2012 time period. Computed over equivalent time intervals, 
changes in the LULCC flux due to tillage in this study are lower compared to the 
foregoing studies, indicating that the impact of tillage on LULCC flux may be 
overestimated elsewhere (Chapter 2, this document) . 

In contrast to the simplified, uniform representation of tillage and harvest practices in the 
AM simulations, crop irrigation and fertilization were simulated in detail using spatially 
explicit , transient data, and this research is among the first to assess the impacts of crop 
irrigation and fertilization on historical LULCC fluxes. Although these practices are an 
important driver of increases in crop grain yields over the historical time period 
(Lombardozzi et al., 2019), their impact on carbon cycling appears to be minimal, with 
irrigation in particular having close to net zero impact on historical fluxes . The relatively 
minor contribution of both irrigation and fertilization to changes in the LULCC flux is 
likely because these practices mainly influence crop productivity and biomass C, and all 
aboveground biomass from crops is harvested in the AM simulations . The negligible 
impact of irrigation may be due to variations in soil properties and changes in soil 
decomposition due to increased moisture, whereas the somewhat larger impact for 
fertilization may be related to unharvested gains in belowground crop productivity 
associated with fertilizer application . 

Taken together these results imply that the true impact of crop management in terms of 
historical LULCC fluxes is likely to lie between the current state of the CLM, represented 
by the CLM5 simulation here, and the AM simulation, which is relatively extreme in 
terms of management intensity for multiple practices . This highlights the need for 
development of globally gridded datasets of multiple management practices , particularly 
residue management and tillage practices, which can be integrated into ESMs to more 
accurately capture spatial variability in residue management practices and their relative 
impact on historical LULCC fluxes and SOC stocks (Pongratz et al., 2018) . Some 
progress has been made in this regard with respect to tillage intensity (Prestele et al., 
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2018), but implementation of residue harvest in ESMs is likely to be hindered by lack of 
primary data from official statistics (Wirsenius et al., 2003; Pittelkow et al., 2015; 
FAOSTAT , 2015). Still, it may be possible to obtain national to regional scale estimates 
based on crude harvest factors (Erb et al., 2017) . 

Partitioning of Net LULCC Flux into Component Fluxes 
Differences in the Net LULCC Flux between simulations were exclusively attributable to 
changes in the Indirect Flux or "legacy flux", since the Direct Flux and growth in wood 
product pools were constant across simulations and did not contribute to differences 
reported here . Changes in the Indirect Flux were largely driven by losses from grain and 
residue harvest (8CropProdC LU-Now) that were somewhat compensated by reductions in 
8HRw -Now, presumably due to replacement of high litterfall forests with crop systems 
where 100% of aboveground litter was removed via harvest. This outcome is somewhat 
expected given that 100% of aboveground biomass from crops is harvested in the AM 
simulation , leading to substantial reductions in the quantity of litter C entering cropland 
ecosystems, as well as a corresponding release of CO2 to the atmosphere from harvested 
product pools. The importance of changes in litter inputs is supported by differences in 
8HRw-Now between simulations, since 8HRw-Now was lowest for GC (-83.7 Pg C), 
where no harvest of grain or residue occurs . Removal of grain resulted in a further 
reduction of inputs to the litter pool in the CLM5 simulation (8HRw-Now = 88.2 Pg C), 
while the removal of all potential aboveground inputs to the litter pool through residue 
harvest in the AM simulation resulted in a 8HRw-Now of -280.9 Pg C. 

The large decrease in 8HR w-Now due to changes in litter inputs in the AM simulation 
occurred despite a simulated increase in HR due intensive tillage practices in the AM 
simulation, indicating that reductions in litter entering the soil pool are more important in 
terms of the aggregate impacts of components fluxes. However , simulations with 
intensive tillage removed from the full AM simulation (AM - Tillage) demonstrate that 
the decrease in 8HR LU-NO LU for AM simulations is slightly attenuated by increased HR 
on cropped areas due to intensive tillage, and that the magnitude of decreases in 8HR w-
Now would be larger in the absence of tillage practices (Supplementary Figure S-13). 

A number of recent studies within the LULCC research community have emphasized the 
importance of the legacy flux (i.e., Indirect Flux) for estimating the LULCC flux and the 
global carbon budget , but few studies have explicitly examined the impact of the legacy 
flux within ESMs (Wesemael et al., 2010; Houghton et al., 2012; Pongratz and Caldeira, 
2012; Pongratz et al., 2014) . Although management practices implemented here are 
extreme for residue harvest and soil tillage, these findings are among the first to 
corroborate the importance oflegacy fluxes in ESMs and their impact on the Net LULCC 
Flux, particularly on cropland, and portend that the legacy flux on cropped areas may 
substantial (14-20% of cumulative LULCC flux, as discussed above) . 

Analysis and Attribution of Changes in Soil Carbon Stocks 
Adding the full range of crop management practices in AM simulations increased 
cumulative SOC losses over the historical time period by 33.3 - 38.8 Pg C (Figure 4-5), 
and the magnitude of cumulative changes in SOC stocks between the three main 

71 



simulations emphasizes the importance of crop management practices to global SOC 
stocks, particularly given that SOC differences among simulations occur exclusively 
within cropped areas within the CLM. There was also a close connection between the 
legacy flux (i.e., Indirect Flux) and losses of SOC stocks, indicating that the legacy flux 
and losses of SOC in cropped areas may be an important and potentially underestimated 
term in the global carbon budget. Cumulative losses in the AM simulation over time 
showed a sharp decrease beginning at the end of the 19th century, presumably due to 
major increases in LULCC from natural vegetation to crops and concomitant changes in 
the quantity of carbon entering and leaving the SOC pools via crop management 
practices. 

Implementation of the full range of crop management practices in AM simulations altered 
the geographical distribution and the magnitude of changes for specific locations relative 
to both the GC and CLM5 scenarios, and this effect depended on the scenario to which 
AM was compared. Including more crop management practices in AM also largely 
eliminated the uneven geographical distribution reported for previous work in CLM 
(Lombardozzi et al., 2019; Supplementary Figure S-14), since virtually all cropped areas 
showed declines in SOC per hectare compared to both GC and CLM5 simulations. 
Moreover, when examining LU simulations only over the historical time period, GC and 
CLM5 simulations showed a small decline in cumulative SOC stocks globally until 
approximately 1960 and then increased, resulting in a net accumulation of SOC for these 
simulations (Supplementary Figure S-19). By contrast, the AM scenario showed a steep 
decline in cumulative SOC stocks until the end of 20th century, then stabilized at a lower 
level for the remainder of the historical time period. This pattern suggests that SOC 
dynamics in the AM simulation may more closely match patterns of declines in 
cumulative SOC following LULCC to crops based on the literature (Guo and Gifford, 
2002; Poeplau et al., 2011; Poeplau and Don, 2011 ), despite the extreme treatment of 
crop residue and tillage practices in AM simulation. 

With some exceptions, the magnitude and distribution of associated changes in SOC per 
hectare agree reasonably well with a recent global analysis of SOC declines due to 
agricultural activity (Sanderman et al., 2017). However, Sanderman et al. (2017) did not 
distinguish between losses attributable to crop activities and those due to grazing, 
rendering direct comparisons with results from the current study difficult. The difference 
between the AM and GC simulation, however, was larger than the highest magnitude 
losses due to agricultural activities (>75 Mg/ha) in the preceding study for much of South 
Asia, as well portions of East Asia and the central Asian steppe region. The difference in 
SOC per hectare between AM and CLM5 simulations also exceeded these levels for 
some regions, but the overall distribution was more in line with those reported in the 
aforementioned study. 

The geographical distribution of gains and losses in SOC was similar across multiple 
management practices, indicating that soils with high initial SOC contents tend lose more 
SOC (Supplementary Figure S-20), but may also have greater capacity to recoup these 
losses through changes in management (Stewart et al., 2008; Castellano et al., 2015). 
Indeed, gains and losses of SOC for subtractive simulations, where individual 
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management practices were removed from AM , follow nearly identical distributions for 
all management practices , with the exception of irrigation (Figure 4-8) . Changes in SOC 
due to irrigation were concentrated in areas where the proportion of irrigated crops is 
relatively high , such as along the Nile River and parts of South and East Asia , but the 
direction of changes was mixed and appears to depend heavily on the specific location . 
This may result from differences in crop type, or variations in soil texture that affect 
decomposition rates through alterations in soil moisture . The mixed and geographically 
distinct distribution of irrigation may help explain why subtracting irrigation from the full 
AM simulation had minimal impact on cumulative fluxes and SOC stocks , since SOC 
increases in some irrigated areas are offset by decreases elsewhere. 

As with the results for LULCC fluxes and cumulative global changes in SOC stocks, the 
magnitude of losses reported for many individual locations is likely to be at the extreme 
end of possible changes in SOC per hectare because of the simplistic and high intensity 
manner in which residue harvest and tillage were simulated . The true geographical 
distribution and associated magnitude of changes in SOC per hectare is likely to fall 
somewhere between those simulated in AM and CLM5 scenarios . 

Conclusions 
Continued exclusion of the full range of crop management practices from ES Ms in 
CMIP6 is likely to lead to underestimation of the soil "legacy flux" and net LULCC flux, 
with broader consequences in relation to management activities on croplands for climate 
change mitigation and adaptation purposes . Grain and residue harvest were the individual 
management practices with the largest effect on LULCC fluxes and SOC stocks , while 
soil tillage also had a major impact, though neither tillage nor crop residue harvest are 
included as part of the Land Use Model Intercomparison Project. Inclusion of the full 
range of crop management resulted in a more realistic geographical distribution of SOC 
changes per hectare, and cumulative changes in SOC stocks over the historical time 
period. Crop residue harvest and soil tillage were simulated in a simplistic and high-
intensity manner, so changes simulated here likely represent an extreme in terms of 
effects on LULCC fluxes and SOC stocks. The true extant of alterations in the global 
carbon budget due to crop management likely lies between those simulated with all crop 
management practices activated and those obtained from simulations using current CLM 
5.0 defaults for crop management in this study . Inclusion and standardization of crop 
management practices across ES Ms ought to lead to more accurate estimates of the 
overall Net LULCC Flux and reduce uncertainty in estimates thereof . Future work should 
focus on improving process-level understanding and inclusion of additional crop 
management practices into the land surface components of major ESMs to better capture 
the effects of crop management on global carbon cycles . To more accurately simulate the 
effects of crop residue harvest , future work should aim to develop globally gridded 
datasets for crop residue harvest, even if these are created at the national to regional scale 
using crude harvest factors (i.e., "simple implementation ", as described by Pongratz et 
al., 2018) . Crop sub-models ofESMs should continue to focus on accurate simulation of 
grain yields as proportion of total biomass , not only from the perspective of crop 
production and global food security, but because harvested grain likely constitutes the 
largest removal of C from many cropland ecosystems. Soil tillage should be included in 
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more ESMs, but future work ought to refine the simplistic representation of intensive 
tillage in this study, since the effects of tillage practices on SOC are more complex than 
mere changes in decomposition rates . Additionally, we did not assess the impact of 
replacing potential natural vegetation with crops, but productivity differences between 
natural vegetation and crop species may be another important source ofLULCC-driven 
changes to LULCC fluxes and SOC. 
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Supplementary Information 

Supplementary Figure S-10. Spatial distribution of annual mean Net LULCC Flux (g C/m2/yr) 
averaged over the historical time period (1850- 2014) for the three main simulations: generic 
crops (GC) (A); CLM 5.0 default (CLM5) (B); all management practices (AM) (C). 
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Supplementary Figure S-11. Spatial distribution of annual mean Direct LULCC Flux (g 
C/m2/yr) averaged over the historical time period (1850- 2014). The distribution and magnitude 
of the Direct Flux is identical across all simulations in this study. 
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Supplementary Figure S-12. Geographical distribution of annual mean Indirect LULCC Flux (g 
C/m2/yr) averaged over the historical time period (1850- 2014) for the three main simulations : 
generic crops (GC) (A); CLM 5.0 default (CLM5) (B); all management practices (AM) (C). 
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Supplementary Figure S-13. Bar plots showing the cumulative difference over the historical time period (1850- 2015) for components of the 
Indirect Flux (~NPP, ~HR, ~Fire, ~CropProdC) between LULCC on (LU) and LUC off (NOLU) runs of two simulations: all management 
practices (AM) (A) and all management without tillage (AM-Tillage) (B). 
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Supplementary Figure S-14. Geographical distribution of the cumulative difference in soil organic carbon (SOC) per hectare of cropland (Mg 
C/ha) over the historical time period (1850-2015) for CLM 5.0 default minus generic crops (CLM5 - GC) simulations. 
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Supplementary Figure S-15. Plot showing the annual change in Net LULCC Flux, Direct Flux, and Indirect Flux for the all management (AM) 
simulation over the historical time period (1850- 2015) . 
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Supplementary Figure S-16. Geographical distribution of annual mean flux due to wildfire (~Firew -Now) (g C/m2/yr) averaged over the 2010-
2015 time interval for the all management simulation . 
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Supplementary Figure S-17. Plot showing the annual change in ~HRw-NoLU, ~Firew-NoLU, 
~NPPw-NoLU, and ~CropProdCw-NoLU for the all management (AM) simulation over the 
historical time period (1850 - 2015) . 
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Figure S-18. Geographical distribution of the average difference in grain yields (tonnes/ha) for major cereal crops between the full management 
(AM) and CLM 5.0 default (CLM5) simulations for the 2000-2015 time interval. Grain yields for the 2000-2015 interval were used to capture 
the cumulative legacy effects of all crop management practices historically . 
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Supplementary Figure S-19. Plot showing the annual change in absolute cumulative global SOC 
stocks for LULCC on (LU) simulations only over the historical time period (1850-2015) for the 
three main simulations. 
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Supplementary Figure S-20. Map showing the initial distribution of average soil organic carbon 
stocks (Mg C/ha) in 1850 (i.e. prior to implementation of intensive tillage practices) for each 
individual grid cell in the Community Land Model. 
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CHAPTER 5. CONCLUSIONS AND 
RECOMMENDATIONS 

Remote sensing of tillage and crop residue management practices 
In the remote sensing study in this dissertation , the performance of the minimum 
Normalized Difference Tillage Index (minNDTI) method was below average compared 
to previous studies, despite using next generation sensors (Landsat 8 OLI and Sentinel-
2A MSI) and standardized data procured from the NASA Harmonized Landsat 8 
Sentinel-2 Project (HLS). Relatively poor performance of the minNDTI method was at 
least partially attributable to self-imposed methodological restrictions, but we found that 
it is still difficult to obtain good time-series cloud-free imagery at the beginning of the 
planting window, when tillage operations are performed . Combining Landsat 8 and 
Sentinel-2 raises new issues related to revisit frequency, which varies between 0-10 days, 
and makes obtaining a consistent a time-series more difficult (Li and Roy, 2017). These 
issues could be ameliorated once imagery from the Sentinel-2B sensor becomes available 
to provide a consistent 5-day revisit frequency for Sentinel-2, but the availability of 
Sentinel-2B will not resolve Sentinel-2A issues with data gaps and cloud masks for 
multiple scenes (Claverie et al., 2018) . 

Future work on mapping tillage and crop residue practices at broader scales using these 
sensors should be expanded to other locations and years (we focused on only a single 
location in this study) . However, methods that can accurately map tillage without 
intensive field data collection and which can be extrapolated to different locations, as 
well as for different years at the same location , have not yet been developed (Zheng et al., 
2014). Mapping tillage practices at scales useful as inputs for environmental and Earth 
system models, such as SW AT and CLM, will therefore require considerably more effort 
in terms of ground-trothing and coordination across multiple locations and years to obtain 
regional to national scale data on these practices . At present, the best option for inputs to 
environmental and Earth system models appears to be globally gridded data based on 
relatively crude national-level inventories of tillage practices (Prestele et al., 2018), the 
basis of which has been shown elsewhere to be unreliable in terms of accurately 
estimating crop residue cover and tillage intensity (Zheng et al., 2013a). 

Soil carbon sequestration and climate change mitigation potential of 'no-till' 
adoption based on Earth system modeling 

This study was among the first to assess the impacts of intensive tillage (IT) practices at 
the global scale using the land component of an Earth system model, and the first to 
examine adoption of NT practices globally within an ESM framework. We found that 
increases in SOC sequestration due to NT adoption for RCP 8.5 over the 2015 -2100 
interval ranged between 6.6 - 14.4 Pg C, and that accumulation of SOC following NT 
adoption depended heavily on magnitude of losses in the corresponding IT scenario over 
the historical time period (1850-2015). The gain in SOC under NT was equivalent to 
approximately one year of current emissions from fossil fuels, which is an order of 

86 



magnitude lower than targets set out by UNFCC initiatives, such as '4 per 1000'. 
Adjusting for areas where NT has already been adopted had minimal impact on these 
numbers, presumably because NT is practiced on a very small fraction of cropland 
globally ( <7% ). The highest gains in SOC with NT adoption were heavily concentrated in 
temperate regions of developed countries, indicating any policy initiatives aimed at 
increasing SOC and mitigation should target these areas. 

These results were largely in line with more recent field-research and analyses of NT 
impacts on SOC (Angers and Eriksen-Hamel, 2008; Powlson et al., 2014), which indicate 
that the capacity of NT to store additional SOC relative to intensive tillage is more 
limited than early studies indicated and optimistic policies might expect (Lal, 2004; 
Minasny et al., 2017; Baveye et al., 2018). Additionally, for the two scenarios in which 
NT was simulated, the gains in SOC from NT adoption were heavily concentrated in 
temperate latitudes, and in North America specifically. Simulated SOC sequestration due 
to NT on a per hectare basis in the 'high' scenario for this region was much larger than 
even the most optimistic reports from field studies of NT adoption in this region (Lal et 
al., 2015; Syswerda et al., 2011; Hollinger et al., 2005), indicating that the climate change 
mitigation potential of NT is likely to be closer to that of the "low" NT scenario. Since 
SOC gains in the NT scenarios were proportional to losses in the historical IT scenario, 
this could indicate that the historical losses attributable to IT and associated 
decomposition multipliers for the 'high' intensity scenario may also be umealistic. 

Given that there are multiple reasons to think results obtained in the study in Chapter 2 
are optimistic, it seems unlikely that NT will represent a panacea for climate change 
mitigation purposes. Research should focus on additional management strategies with 
proven or more promising returns to SOC on agricultural land, such as cover crops or 
simply setting aside less profitable land (Brandes et al., 2015; Liebman and Schulte, 
2015; Poeplau and Don, 2015). 

Although this study points to a relatively small effect for both intensive and conservation 
tillage practices on SOC, tillage in this study was simulated in an idealized manner as 
merely a change in decomposition rates, whereas other studies have emphasized the 
complexity of processes governing SOC storage under different tillage practices. 
Accounting for these processes, such as NT and residue management impacts on albedo 
and soil water-holding capacity, is likely to lead to divergent changes in SOC depending 
on climate and other edaphic factors (Virto et al., 2012; Pittelkow et al., 2015). Future 
work should therefore seek to improve process-understanding of tillage and residue 
management practices and work toward implementation of these processes in existing 
ESMs to more accurately capture the true impact of tillage (Erb et al., 2017). However, 
simple or idealized implementation of tillage practices should be possible for most 
current generations ESMs (Pongratz et al., 2018), and should be included as a standard 
practice in future model intercomparison projects, such as the Land Use Model 
Intercomparison Project (LUMIP) (Lawrence et al., 2016). Minimally, it is hoped that 
this research will set the foundation for permanent inclusion of tillage as a standard 
management practice in future versions of the CLM. 
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Effects of including full range of crop management practices on LULCC emissions 
and SOC in the an Earth system model 

The study in Chapter 3 was the first to implement the full range of crop management 
practices and examine their impacts on LULCC emissions and SOC in an ESM. We 
found that including the full range of management practices led to an increase in LULCC 
emissions of 29.2- 38.3 Pg Cover the historical time period (1850- 2014), which 
represented an increase of 15-20% compared to simulations with generic crops and 
current CLM 5.0 defaults, respectively. This implies that ESMs that exclude important 
crop management practices from ESMs, including many of those contributing to Coupled 
Model Intercomparison Project 6 (CMIP6), may underestimate LULCC emissions, 
leading to underestimation of the corresponding residual land sink and inappropriate 
actions with respect to climate change mitigation and adaptation on croplands . 

We found that crop residue harvest had the largest impact on LULCC emissions (18 Pg 
C), followed by grain harvest (9 Pg C), and soil tillage (5 Pg C). By contrast, the effects 
of irrigation and fertilization on the LULCC flux were minimal despite their importance 
to crop yields , presumably because all aboveground crop biomass was harvested in these 
simulations . All changes in cumulative LULCC Flux were attributable to the Indirect or 
"legacy" flux on cropped soils, and this research also contributes to a small but growing 
body evidence regarding the importance of the Indirect Flux or "legacy flux" due to crop 
and other land management activities on LULCC emissions (Wesemael et al., 2010; 
Houghton et al., 2012; Pongratz and Caldeira , 2012; Pongratz et al., 2014) 

Although we simulated both crop residue harvest and tillage practices in an extreme and 
simplistic manner in this study, multiple lines of evidence indicate that the CLM, which 
currently only includes grain harvest, may be underestimating the importance of biomass 
C removals via crop harvest (Haberl et al., 2007; Lombardozzi et al., 2019). The true 
impact of crop management practices on emissions from LULCC is therefore likely 
between those simulated in simulations with all management practices activated and 
those simulated using CLM 5.0 default management practices . However, this work 
highlights the need to more accurately simulate the effects of crop residue and grain 
harvest by developing globally gridded datasets for crop residue harvest and improving 
grain yield simulations , even if gridded data for residue harvest rates are created at the 
national to regional scale using crude harvest factors (i.e., "simple implementation", as 
described by Pongratz et al., 2018). 

Changes in SOC due to implementation of the full range of crop management practices 
followed a similar pattern to those for LULCC emissions, as their inclusion reduced SOC 
stocks on croplands by 33 - 39 Pg C globally . Adding more crop management practices 
to the CLM resulted in net cumulative decreases in SOC for virtually all locations 
globally, whereas previous work has shown unexpected increases for some locations 
(Lombardozzi et al., 2019) . Changes in SOC due to additional crop management 
practices were similar in magnitude to those found in a recent analysis on the historical 
impacts of agricultural globally for most locations, though the magnitude of losses 
exceeded those reported elsewhere for some locations . The temporal pattern of SOC 
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change over the historical time period for simulations with the full range of crop 
management practices also showed a more realistic pattern , as SOC stocks declined 
precipitously for much of the 20th century before stabilizing at a new, lower level (Guo 
and Gifford, 2002; Poeplau et al., 2011 ). By contrast , simulations with generic crops and 
CLM 5.0 default management practices showed an unexpected net accumulation in SOC 
over the same time period . 

The effects of individual management practices on SOC were similar in magnitude to 
those reported for the LULCC Flux above, with crop product harvest and tillage having 
the largest impact on SOC stocks. The geographical distribution of gains and losses due 
to individual management practices was nearly identical for most management practices, 
as areas with high initial SOC contents tended to both lose and gain more SOC depending 
on the management practice . This phenomenon was also found in Chapter 2 with respect 
to adoption of NT practices, and implies that soils with high initial SOC prior to 
historical , intensive cropping practices may also have greater potential to gain SOC 
through changes in management (Stewart et al., 2008, Castellano et al., 2015). 

Future work should focus on improving process-level understanding and seek to include 
the full range of crop management practices in major ESMs to better capture the effects 
of crop management on emissions from LULCC and management-induced changes in 
SOC. Crop modeling in ESMs should continue to focus on accurately simulating of grain 
yield , particularly since harvested grain is likely to represent the largest removal of C 
from many cropland ecosystems . Soil tillage is probably a small but still important 
contributor to changes in SOC and LULCC fluxes, and more research ought to refine its 
implementation in ESMs, as discussed in the preceding section . We did not assess the 
impact of replacing potential natural vegetation with crops, but productivity differences 
between natural vegetation and crop could be a major driver of changes in LULCC flux 
and SOC following land cover change (Haberl et al., 2007) . 
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