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Abstract. Crop residues represent an important biomass resource that supports soil organic carbon maintenance, livestock 10 

production, and emerging bioeconomy sectors. In the United States, crop residue production is concentrated in a few 

dominant cropping systems, whereas residue demand for livestock and other off-field uses is often geographically 

separated from production regions. However, spatially explicit datasets that jointly quantify crop residue production, 

allocation pathways, and spatial imbalances between production and consumption remain limited. Here, we developed a 

1 km × 1 km gridded dataset of crop residue production and usage pathways across the conterminous United States for 15 

2001–2021, covering nine major crops. A mass-balance framework was applied to reconcile residue production and 

consumption, allocating residues into four pathways: left on field, animal-use, off-field use, and burnt. An implied 

domestic transfer layer was also derived as an indicator of spatial mismatches between residue production and 

consumption. Results indicate that total U.S. residue production averaged 4.91×1011 kg/yr, with corn residue consistently 

contributing over 60% of the total biomass. Residues left on field dominated nationally, accounting for 86.4% of total 20 

residue production. Livestock use and off-field uses represented smaller but spatially heterogeneous pathways (13.4% 

combined), while burnt residue accounted for less than 0.2%. Residue production was concentrated in the Midwest, 

whereas higher consumption demand occurred in the Southeast, West Coast, and the Southern Great Plains. The national 

production-consumption mismatch ratio increased from 7.6% to 8.4% over the study period, highlighting a growing 

spatial imbalance between residue availability and consumption demand. By providing 1-km gridded, mass-balanced 25 

estimates of residue production, allocation pathways, and regional production-consumption mismatches, this dataset 

offers a spatially explicit foundation for quantifying crop residue flows across U.S. agricultural landscapes and supports 

improved representation of residue management in terrestrial biosphere models, soil carbon dynamics assessments, and 

sustainable residue biomass utilization strategies. The dataset is available at https://doi.org/10.5281/zenodo.18453064 

(Zhang et al., 2026). 30 
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1 Introduction 

Crop residues, the non-harvested fraction of crop aboveground biomass, play a critical role in regulating agroecosystem 

functioning and sustainability (Baloch et al., 2025). When retained on the field, residues provide organic matter inputs 

that support soil organic carbon (SOC) accumulation, sustain microbial activity, and improve soil physical conditions 

such as water retention, thermal buffering, and erosion resistance (Baloch et al., 2025; Fu et al., 2021; Ranaivoson et al., 35 

2017). Through these processes, residue retention influences both short-term crop performance and long-term soil 

function (Lal, 1995; Smil, 1999). At the same time, crop residues are an economically valuable biomass resource widely 

used for livestock feed and bioenergy production (Krishna and Mkondiwa, 2023), contributing to spatially heterogeneous 

residue usage patterns and potentially introducing competing demands between soil conservation and off-field uses (van 

Selm et al., 2025; Tittonell et al., 2015). However, spatially explicit data on crop residue pathways remain limited across 40 

agricultural landscapes (Schmer et al., 2017; Smerald et al., 2023). In the absence of such data, terrestrial biosphere 

models typically rely on simplified assumptions such as fixed residue removal fractions, which introduce substantial 

uncertainty in simulated SOC dynamics and land-atmosphere carbon exchange (Anand et al., 2022; Pongratz et al., 2018). 

Addressing these data limitations is essential for advancing our understanding of how residue management influences 

soil function, crop productivity, and biogeochemical cycling. 45 

A growing body of research has quantified crop residue production at regional to global scales using statistical data and 

modeling approaches (Daioglou et al., 2016; Jiang et al., 2012; Scarlat et al., 2010), providing important estimates of 

residue availability but offering limited insight into subsequent usage pathways such as residue retention, removal, or 

alternative uses. More recent studies have expanded toward residue management using surveys, modeling approaches, or 

data synthesis (Schmer et al., 2017; Zhang et al., 2025). However, many remain limited to localized regions or rely on 50 

aggregated statistics at county to state scales, which obscure fine-scale management variability. Additionally, most 

existing work does not explicitly integrate estimates of residue production and consumption within a spatially explicit, 

mass-balanced framework, resulting in inconsistencies between residue supply and demand and limiting the ability to 

trace residue flows across fields and downstream users. A recent global dataset partitioned residue production into 

multiple usage pathways, including livestock feed, burning, and other off-field uses (Smerald et al., 2023). This dataset 55 

provides an important basis for large-scale assessments, but its relatively coarse spatial resolution (0.5°) and regionally 

aggregated allocation parameters may limit the representation of sub-grid variability and local landscape characteristics. 

As a result, fine-scale variability in residue usage pathways remains poorly resolved in existing datasets. 

In the United States (U.S.), annual crop residue production is nearly 5 × 1011 kg, accounting for about 13% of the global 

total (Lal, 1995; Smerald et al., 2023). Residue production is dominated by a small number of major cropping systems, 60 

particularly corn, soybean, and wheat, resulting in strong regional concentration of biomass supply (Ye et al., 2024). In 

contrast, livestock-intensive regions in the U.S. are often geographically separated from major crop production areas, 

creating structural imbalances between residue availability and off-field demand for feed and other uses (Schmer et al., 

2017; Sulc and Tracy, 2007). This geographic separation implies substantial interregional redistribution of residues, yet 
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the magnitude and spatial pattern of such production-consumption mismatches remain poorly quantified. Residue 65 

allocation is further shaped by regionally specific management practices and policy contexts, including conservation 

programs, tillage systems, and burning regulations (de Camargo Santos et al., 2025; McCarty et al., 2009; Muth et al., 

2013). There is a need for a spatially explicit dataset that simultaneously links residue production, multiple utilization 

pathways, and implied transfer in the U.S., which can be used to quantify regional residue flows and identify opportunities 

for sustainable residue management. 70 

Here we present a 1 km × 1 km gridded dataset of crop residue production and usage pathways across the conterminous 

U.S. from 2001 to 2021. The dataset covers nine major crops, including barley, corn, cotton, rice, sorghum, soybean, 

durum wheat, spring wheat, and winter wheat, and allocates residues into four pathway categories: burnt, animal-use, off-

field use, and left on field. By linking residue production with spatially explicit pathway allocation under a mass-balanced 

framework, the dataset provides a consistent representation of residue usage and flows across U.S. croplands. We also 75 

release an implied domestic transfer layer that identifies locations where spatial redistribution is required to reconcile 

residue production and consumption, providing additional insights into regions with potential supply-demand mismatch. 

This dataset provides a national-scale benchmark for quantifying residue flows and improving representation of residue 

dynamics in SOC modeling, as well as supporting more effective and sustainable management of crop residues. 

2 Methodology 80 

2.1 Datasets 

Multiple raster and inventory datasets were compiled to quantify crop residue production and usage pathways across the 

conterminous U.S. (Table 1): 

(1) Residue production: County-level crop yield and harvested area data for nine major crops were obtained from the 

USDA-National Agricultural Statistics Service (USDA-NASS) to estimate crop production and associated residue 85 

production. The CropAT-US dataset, providing 1-km crop-specific distribution fractions across the conterminous U.S. 

(Ye et al., 2024), was used to derive grid-level residue production.  

(2) Burnt residue: Burned-area observations were obtained from the MODIS/VIIRS MCD64A1 product at 500 m spatial 

resolution. Crop-specific planting and harvesting calendars from the USDA were collected to extract fire events 

specifically within crop-specific harvest windows, thereby excluding non-agricultural biomass burning.  90 

(3) Animal-use residue: Livestock distribution data was obtained from a 5 km gridded livestock density dataset (Du et 

al., 2025), together with county-level livestock statistics from the USDA Census of Agriculture, to estimate livestock-

associated residue use.  

(4) Off-field residue: International trade records of cereal straw and husks were obtained from the World Integrated Trade 

Solution (WITS) database to describe national-level biomass transfers associated with off-field residue use. A global 5 95 
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arc-minute gross domestic product (GDP) raster (Kummu et al., 2025) was included as a socioeconomic proxy for local 

industrial activity linked to other domestic off-field uses. 
Table 1. Summary of primary spatial and statistical data sources 

Category Data content Data type/resolution Data source 

Residue 

production 

CropAT-US dataset Raster, 1 km https://doi.org/10.5194/essd-16-3453-2024 

USDA-NASS crop yield 

and harvest area data  

Inventory https://quickstats.nass.usda.gov/ 

Burnt 

residue 

MODIS/VIIRS burned-area 

products (MCD64A1) 

Raster, 500 m https://ladsweb.modaps.eosdis.nasa.gov/missions-and-

measurements/products/MCD64A1/ 

USDA Usual Planting and 

Harvesting Dates for U.S. 

Field Crops 

Inventory https://esmis.nal.usda.gov/sites/default/release-files 

/vm40xr56k/dv13zw65p/w9505297d/planting-10-29-

2010.pdf  

Animal-use 

residue 

Gridded livestock data Raster, 5 km https://doi.org/10.5194/essd-17-5543-2025 

USDA-NASS county-level 

livestock census data 

Inventory https://quickstats.nass.usda.gov/ 

USDA-NASS national beef 

production data 

Inventory https://quickstats.nass.usda.gov/ 

Off-field 

residue 

International trade statistics 

(WITS) 

Inventory https://wits.worldbank.org/trade/comtrade/en/country/ALL/

year/2024/tradeflow/Exports/partner/WLD/product/121300 

GDP raster dataset Raster, 5 arcmin https://doi.org/10.1038/s41597-025-04487-x 

Note: Unless otherwise stated, all datasets were compiled for 2001–2021. USDA livestock census data (1997–2022) were used to 

support interpolation in non-census years. All raster datasets were resampled to 1-km resolution. 100 

2.2 Methodology framework 

2.2.1 Logical framework and workflow 

Our dataset was developed based on a mass-balance framework that divides total residue production (𝑃𝑃) into four 

pathways: burnt (𝐵𝐵), local animal use (𝐴𝐴), off-field use (𝑂𝑂) (including outflow to other areas), and residue left in the field 

(𝐿𝐿) (Figure 1). Total residue production was first estimated at grid-level for nine major crops to quantify residue 105 

availability (Step 1). Consumption-based residue demand, including burnt residue, animal-use demand, and off-field use, 

was then quantified to represent major residue removal processes (Step 2). Because residue demand within individual 

grid cells may exceed locally generated residue production, residues were redistributed across grids under a mass-balance 

constraint to conserve total quantities, generating an implied domestic transfer layer that represents spatial redistribution 

between residue surplus and deficit regions (Step 3). The redistributed residue quantities were subsequently allocated into 110 

four pathways, including burnt, animal-use, off-field, and residue left on the field (Step 4). 
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Figure 1. Workflow of the crop residue production and usage pathway framework. The consumption-based burnt residue is directly 

retained as the burnt pathway. 𝑃𝑃avail denotes the maximum available residue at the grid level and is set to 90% of the total residue 

following Smerald et al. (2023). DWheat, SWheat, and WWheat refer to durum wheat, spring wheat, and winter wheat, respectively. 115 
We define implied domestic transfers as the mass-balance redistribution required to reconcile spatial mismatches between residue 

production and consumption; inflow and outflow represent inferred domestic deficit and surplus redistribution during reconciliation 

and are distinct from international export, which is quantified independently from statistics. 

2.2.2 Total residue production calculation 

Total residue production was quantified for nine major crops: barley, corn, cotton, rice, sorghum, soybean, durum wheat, 120 

spring wheat, and winter wheat. County-level grain yield statistics from 2001 to 2021 were obtained from the USDA-

NASS. Crop-specific distribution fractions from the CropAT-US dataset (Ye et al., 2024) were used to downscale county-

level crop yields to 1 km2 grid cells by representing each crop’s within-county spatial distribution. Grid-level grain yield 

was then calculated as the crop-area-weighted mean of crop-specific yields, normalized by the summed crop fraction 

within each grid cell. Missing values in the USDA-NASS yield inventory were filled using county-specific yield 125 

regressions developed from available historical data. The resulting grid-level grain yields were converted to residue 

biomass production using crop-specific, time-dependent harvest indices (𝐻𝐻𝐻𝐻, Table 2), which account for temporal 

changes in crop genetic improvement and agricultural management practices. The relationship between residue 

production (𝑃𝑃), grain yield (𝑌𝑌), and 𝐻𝐻𝐻𝐻 is expressed as: 
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𝑃𝑃 =  𝑌𝑌 × �
1
𝐻𝐻𝐻𝐻

− 1�  (1) 130 

Note: HI denotes harvest index (dimensionless) as a function of calendar year (Year). 

Table 2. Harvest index of each crop in the U.S. 

Crop Type Equation References 

Wheat (durum, 

spring, winter) 
𝟎𝟎.𝟑𝟑𝟑𝟑 +

𝟎𝟎.𝟐𝟐𝟐𝟐
𝟏𝟏 + 𝐞𝐞𝐞𝐞𝐞𝐞 (−𝟎𝟎.𝟎𝟎𝟎𝟎 × (𝐘𝐘𝐘𝐘𝐘𝐘𝐘𝐘 − 𝟏𝟏𝟏𝟏𝟏𝟏𝟏𝟏)) Lu et al. (2018); Haberl et al. (2001); Allmaras et al. 

(2000) 

Sorghum 𝟎𝟎.𝟑𝟑𝟑𝟑 +
𝟎𝟎.𝟐𝟐𝟐𝟐

𝟏𝟏 + 𝐞𝐞𝐞𝐞𝐞𝐞 (−𝟎𝟎.𝟏𝟏𝟏𝟏 × (𝐘𝐘𝐘𝐘𝐘𝐘𝐘𝐘 − 𝟏𝟏𝟏𝟏𝟏𝟏𝟏𝟏)) Lu et al. (2018); Haberl et al. (2001); Allmaras et al. 

(2000) 

Barley 𝟎𝟎.𝟐𝟐𝟐𝟐 +
𝟎𝟎.𝟏𝟏𝟏𝟏

𝟏𝟏 + 𝐞𝐞𝐞𝐞𝐞𝐞 (−𝟎𝟎.𝟏𝟏𝟏𝟏 × (𝐘𝐘𝐘𝐘𝐘𝐘𝐘𝐘 − 𝟏𝟏𝟏𝟏𝟏𝟏𝟏𝟏)) Lu et al. (2018); Haberl et al. (2001); Allmaras et al. 

(2000) 

Corn, soybean, rice 
𝟎𝟎.𝟒𝟒𝟒𝟒 ×

𝟏𝟏 + 𝟎𝟎.𝟔𝟔𝟔𝟔 × (𝐭𝐭𝐭𝐭𝐭𝐭𝐭𝐭(𝐘𝐘𝐘𝐘𝐘𝐘𝐘𝐘 − 𝟐𝟐𝟐𝟐𝟐𝟐𝟐𝟐))
𝟕𝟕𝟕𝟕  

Lu et al. (2018); Zeng et al. (2014) 

Cotton 0.47 Wanjura et al. (2012) 

2.2.3 Residue usage pathways synthesis 

2.2.3.1 Burnt residue 

Burnt residue refers to crop biomass removed through open-field burning after harvest. Burned area observations were 135 

obtained from the 500 m MODIS/VIIRS burned-area product (MCD64A1) and combined with CropAT-US crop 

distribution maps and USDA Usual Planting and Harvesting Dates to identify burning events occurring within croplands 

during crop-specific harvest windows (Table 1). Because residue burning may occur after harvest and the USDA harvest 

dates represent broad state-level windows, burned-area detections within these windows were attributed to post-harvest 

residue burning. Burnt residue was estimated following Wiedinmyer et al. (2023): 140 

𝐵𝐵𝑖𝑖(𝑥𝑥, 𝑡𝑡)  =  𝐵𝐵𝐵𝐵𝑖𝑖(𝑥𝑥, 𝑡𝑡)  × 𝐵𝐵𝐵𝐵𝑖𝑖(𝑥𝑥, 𝑡𝑡)  × 𝐹𝐹𝐹𝐹𝑖𝑖  (2) 

where 𝐵𝐵𝑖𝑖(𝑥𝑥, 𝑡𝑡) is the burnt residue for crop type i at location x and time t, 𝐵𝐵𝐵𝐵𝑖𝑖(𝑥𝑥, 𝑡𝑡) is the burned area, 𝐵𝐵𝐵𝐵𝑖𝑖(𝑥𝑥, 𝑡𝑡) is the 

residue biomass production, and 𝐹𝐹𝐹𝐹𝑖𝑖  is the crop-specific fraction of biomass burned. 𝐹𝐹𝐹𝐹𝑖𝑖  was set to 0.9 for corn and 

wheat (durum, spring, and winter wheat) and 0.8 for other crop types (Eggleston et al., 2006). Annual grid-level 𝐹𝐹𝐹𝐹 

values were capped at 0.9 to avoid double counting from multiple fire detections at the same location. 145 

2.2.3.2 Animal-use residue 

The animal-use pathway represents crop residues utilized locally for livestock feeding and bedding, excluding any implied 

domestic inflow required to satisfy local deficits. Five animal types, including cattle, horses, sheep, goats, and pigs, were 

considered as the primary residue-consuming animals in the U.S. (Hristov et al., 2014; Smerald et al., 2023).  

Animal-use residue demand (𝐴𝐴𝐴𝐴) was estimated as the consumption-based residue required by livestock populations 150 

regardless of local residue supply (Figure 1). This demand was estimated by integrating spatialized livestock densities 
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with species-specific parameters. Specifically, livestock densities were derived by downscaling gridded livestock data 

(Du et al., 2025) and calibrating against USDA-NASS county-level livestock statistics. Linear interpolation was employed 

in inter-censal years in USDA-NASS statistics to maintain temporal continuity. The resulting livestock distributions were 

then converted to residue demand using species-specific bedding and feeding parameters (Table 3). For beef cattle, residue 155 

demand was modeled under four scenarios (S0, SL, SM, and SH) in feed conversion ratios (FCR) and crop residue feed 

fractions (CRFF) to account for management uncertainties.  

To account for spatial mismatches between livestock demand and residue production, we applied a mass-balance 

reconciliation (Section 2.2.4) to partition the initial 𝐴𝐴𝐴𝐴 into a locally satisfied portion (𝐴𝐴) and a deficit requiring domestic 

inflow (𝐷𝐷). The reconciled animal-use pathway is therefore expressed as: 160 

𝐴𝐴(𝑥𝑥, 𝑡𝑡) = 𝐴𝐴𝐴𝐴(𝑥𝑥, 𝑡𝑡) − 𝐷𝐷(𝑥𝑥, 𝑡𝑡) (3) 

where 𝐴𝐴(𝑥𝑥, 𝑡𝑡) is reconciled animal-use pathway at location x and time t, 𝐴𝐴𝐴𝐴 is consumption-based livestock residue 

demand, and 𝐷𝐷 is the implied domestic inflow (deficit) at the grid level. The derivation of 𝐷𝐷 based on mass-balance 

reconciliation is detailed in Section 2.2.4. 
Table 3. Key parameters for estimating animal residue demand for feeding and bedding 165 

Animal Scenarios 
Feeding demand Bedding demand 

(kg/head/year) 
References 

FCR CRFF 

Cattle 

Beef 
cattle 

Zero feeding (S0) N/A 0 

136.9 

Herrero et al. (2013) 

Low feeding (SL) 6 0.12 
USDA Economic Research Service 
(2026), Herrero et al. (2013) 

Medium feeding (SM) 14.3 0.23 Peters et al. (2014), Herrero et al. (2013) 

High feeding (SH) 25 0.35 
Mekonnen and Hoekstra (2012), 
Herrero et al. (2013) 

Dairy 
cattle 

All scenarios 0 136.9  Smerald et al. (2023) 

Horse All scenarios 420 kg/head/year 547.5 Smerald et al. (2023) 
Sheep All scenarios 0 36.5 Smerald et al. (2023) 
Goat All scenarios 0 36.5 Smerald et al. (2023) 
Pig All scenarios 0 22.8 Smerald et al. (2023) 

2.2.3.3 Off-field residue 

The off-field pathway represents residues removed from the production site for purposes other than local animal 

husbandry. This pathway was quantified by integrating consumption-based off-field demand (𝑂𝑂𝑂𝑂) with regional outflows 

from surplus grid cells (Figure 1).  

The 𝑂𝑂𝑂𝑂 term was further divided into international net exports and other domestic uses (Table 1). International net export 170 

volumes were derived from the WITS database and calibrated against the U.S. cereal straw and husks exports and imports 

records. Other domestic uses encompass activities such as traditional fuel consumption and mushroom cultivation, for 

which spatially explicit statistics are limited. We therefore assumed a national baseline of approximately 1% of total 
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residue for these uses, consistent with the ranges reported in the literature (Krishna and Mkondiwa, 2023; Smerald et al., 

2023). To reflect regional socioeconomic variations, this fraction was differentiated using per capita GDP as a proxy. 175 

Specifically, low-income regions were assigned a higher utilization intensity (up to 5%) due to their continued dependence 

on traditional biomass for household energy, while high-income regions were assumed to have transitioned to modern 

residential energy systems, leading to near-zero localized use (Smerald et al., 2023). 

In addition to 𝑂𝑂𝑂𝑂, the off-field pathway includes domestic outflow from surplus grid cells identified through mass-

balance reconciliation (Section 2.2.4). Therefore, the reconciled off-field pathway is calculated as: 180 

𝑂𝑂(𝑥𝑥, 𝑡𝑡) = 𝑂𝑂𝑂𝑂(𝑥𝑥, 𝑡𝑡) + 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜(𝑥𝑥, 𝑡𝑡) (4) 

where 𝑂𝑂(𝑥𝑥, 𝑡𝑡) is reconciled off-field residue pathway, 𝑂𝑂𝑂𝑂 is consumption-based off-field demand, including international 

net exports and other domestic off-field uses, and 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜  is the implied domestic outflow from surplus grid cells. The 

derivation of 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜 based on mass-balance reconciliation is detailed in Section 2.2.4. 

2.2.3.4 Residue left on field 185 

Residue left on field represents crop residues retained on the production site to support soil functions and erosion control. 

In this study, residue left on field was calculated as the residual biomass after subtracting the burnt, animal-use, and off-

field pathways from the total aboveground residue production (Figure 1): 

𝐿𝐿(𝑥𝑥, 𝑡𝑡) = 𝑃𝑃(𝑥𝑥, 𝑡𝑡) − (𝐵𝐵(𝑥𝑥, 𝑡𝑡) + 𝐴𝐴(𝑥𝑥, 𝑡𝑡) + 𝑂𝑂(𝑥𝑥, 𝑡𝑡)) (5) 

where 𝐿𝐿, 𝑃𝑃, 𝐵𝐵, 𝐴𝐴, and 𝑂𝑂 are residue left on field, total residue production, burnt residue, animal-use residue, and off-field 190 

residue, respectively. 

2.2.4 Mass-balance residue redistribution 

A mass-balance residue redistribution was applied to reconcile spatial discrepancies between residue production and 

consumption at the grid level. Following a commonly used retention assumption, the maximum available production 

𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎  was capped at 90% of total residue production (𝑃𝑃) (Smerald et al., 2023). 195 

𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑥𝑥, 𝑡𝑡) = 0.9 × 𝑃𝑃(𝑥𝑥, 𝑡𝑡) (6) 

Grid cells where the sum of consumption-based demand (i.e., burnt residue, animal-use residue demand, and off-field 

residue demand) exceeded 𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎  were categorized as “domestic inflow” areas (D, deficit), while grids with demand 

below 𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 were identified as “domestic outflow potential” areas (S, surplus). 

𝐷𝐷(𝑥𝑥, 𝑡𝑡) = max�0,𝐵𝐵(𝑥𝑥, 𝑡𝑡) + 𝐴𝐴𝐴𝐴(𝑥𝑥, 𝑡𝑡) + 𝑂𝑂𝑂𝑂(𝑥𝑥, 𝑡𝑡) − 𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑥𝑥, 𝑡𝑡)� (7) 200 

𝑆𝑆(𝑥𝑥, 𝑡𝑡) = max �0,𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑥𝑥, 𝑡𝑡)  − �𝐵𝐵(𝑥𝑥, 𝑡𝑡) + 𝐴𝐴𝐴𝐴(𝑥𝑥, 𝑡𝑡) + 𝑂𝑂𝑂𝑂(𝑥𝑥, 𝑡𝑡)��  (8) 

where 𝑃𝑃𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎  is the maximum available production, 𝐵𝐵 is burnt residue, 𝐴𝐴𝐴𝐴 is animal-use demand, 𝑂𝑂𝑂𝑂 is off-field demand, 

and 𝐷𝐷 and 𝑆𝑆 mean deficit or surplus (kg per grid cell per year), respectively. 
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To ensure mass balance, the total required inflow was proportionally allocated across surplus grids. Specifically, an 

outflow ratio (𝑟𝑟) was calculated by dividing the total domestic inflow (𝐷𝐷) by the total outflow potential (𝑆𝑆), which was 205 

then applied to determine the actual outflow (𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜) from each surplus grid. 

𝑟𝑟(𝑡𝑡) =
∑ 𝐷𝐷(𝑥𝑥, 𝑡𝑡)𝑥𝑥

∑ 𝑆𝑆(𝑥𝑥, 𝑡𝑡)𝑥𝑥
(9) 

where 𝑟𝑟(𝑡𝑡) is the outflow ratio at time t. 

𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜(𝑥𝑥, 𝑡𝑡) = 𝑟𝑟(𝑡𝑡) ∙ 𝑆𝑆(𝑥𝑥, 𝑡𝑡) (10) 

where 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜(𝑥𝑥, 𝑡𝑡) is the actual outflow at location x and time t. The national sum of 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜 equals to the sum of 𝐷𝐷, ensuring 210 

mass balance at year 𝑡𝑡. This proportional redistribution does not reflect actual transportation flows but instead represents 

a conceptual reallocation required to maintain mass balance. 

2.3 Evaluation and consistency validation 

The generated dataset was assessed across three aspects: (1) National-level comparison: national-level aggregated residue 

production was compared with official statistics and published literature. (2) Pathway-specific evaluation: usage-specific 215 

pathways were evaluated by comparing calculated residue management ratios with values reported in previous studies 

and available survey-based evidence. (3) Spatial consistency: spatial patterns were qualitatively compared with an 

existing global crop residue dataset. 

3 Results 

3.1 Total crop residue production dynamics 220 

From 2001 to 2021, total crop residue production in the U.S. remained relatively stable, with annual production ranging 

from 4.41×1011 kg to 5.37×1011 kg (Figure 2a). Corn residue consistently dominated the national residue supply, 

accounting for over 60% of total residue, followed by soybean and winter wheat (Figure 2a). The geospatial distribution 

of residue production exhibited a consistent pattern over the past two decades (Figure 2b-d). High-production areas were 

concentrated in the Midwest (the Corn Belt) and the Mississippi River Basin, where residue production exceeded 7500 225 

kg/ha in many locations. Conversely, low-production areas concentrated in the Pacific coast and the northeast U.S. 

Although the overall national distribution remained stable, residue production density in parts of Kansas and Texas 

slightly increased, while the density in California’s Central Valley slightly decreased (Figure 2b, d). 
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Figure 2. Spatiotemporal patterns of total crop residue production in the U.S. (a) Temporal trends in annual residue production by crop 230 
(unit: billion kg), where DWheat, SWheat, and WWheat denote durum wheat, spring wheat, and winter wheat, respectively; (b-d) 

Spatial patterns of total residue production across the U.S. in 2001, 2011, and 2021, respectively (unit: kg/ha). The crop-specific residue 

production distribution is provided in Figures S1.  

3.2 Crop residue usage pathways dynamics 

Crop residue usage pathways exhibited relatively stable yet uneven patterns from 2001 to 2021 (Figure 3). Residue 235 

retention (left on field) dominated the residue pathway, accounting for 86.4% on average of total residue production. 

Among the remaining pathways, off-field use represented the largest secondary share, ranging between 8% and 10% of 

residue production. The animal-use pathway remained relatively stable, fluctuating between 4% and 5%, whereas burnt 

residue constituted only a minimal fraction, contributing less than 0.2% of total national residue production. 
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 240 
Figure 3. Temporal variation in residue pathway proportions. The animal-use pathway only includes local use (i.e., domestic inflow 

excluded), and the off-field pathway includes international net export, domestic outflow, and other domestic off-field uses. Unless 

otherwise stated, all values shown represent the arithmetic mean across the four scenarios (S0–SH).  

 

The spatial distribution of crop residue usage pathways showed strong heterogeneity across the U.S. (Figure 4). Burnt 245 

residue was spatially scattered, with hotspots concentrated in the Mississippi River Delta region (Figure 4a-c). The 

animal-use pathway was more prevalent in the southern states and the Great Plains, where grazing and animal husbandry 

are common (Figure 4d-f, S9). The off-field pathway accounted for a relatively small proportion nationally but showed a 

clear geographic expansion, particularly across the Midwest and the Mississippi River basin; however, grid-level 

proportions generally remained below 10% (Figure 4g-i). Most crop residues were retained on the field, with higher 250 

retention in the Midwest, aligning with major high-yield production areas (Figure 4j-l). 
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Figure 4. Spatial patterns of crop residue pathway proportions in 2001, 2011, and 2021. (a–c) Burnt residue proportion, (d–f) animal-

use residue proportion (local allocation), (g–i) off-field residue proportion (including international net export, domestic outflow, and 

other domestic off-field uses), and (j–l) residue left on field proportion. All proportions are relative to total residue production in each 255 
grid cell. Unless otherwise stated, all values shown represent the arithmetic mean across the four scenarios (S0–SH). The scenario-

specific residue demand and usage pathways distribution are provided in Figures S2-S4, S6-S8. 
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3.3 Residue production-consumption mismatch 

The national mismatch between residue production and consumption intensified from 2001 to 2021 (Figure 5). The 

mismatch amount (defined as the sum of absolute implied inflow or outflow) increased from 3.60×1010 kg to 4.14×1010 260 

kg over two decades, with its relative share of total residue production rising from 7.6% to 8.4% (Figure 5a). The spatial 

distribution of residue transfers exhibited a distinct geographic structure in terms of sources versus sinks. The Midwest 

served as the major outflow region (green areas), where available residue production consistently exceeded local demand. 

In contrast, the Southeast, the West Coast, and the Southern Great Plains emerged as major inflow regions (purple areas), 

where demand exceeded locally available residue production (Figure 5b-d). Notably, the redistribution intensity within 265 

these core regions also increased over time. By 2021, the spatial footprint of high-intensity transfers (absolute values >100 

kg/ha) had expanded significantly compared to 2001, indicating a greater spatial separation between residue production 

and consumption and an increasing residue transfer across regions (Figure 5d). 

 
Figure 5. Spatiotemporal patterns of residue production-consumption mismatch and redistribution. (a) Annual mismatch amount 270 
(billion kg; defined as the sum of absolute inflow or outflow) and mismatch fraction (fraction of total residue production) during 2001–

2021; (b-d) Spatial patterns of residue redistribution across the U.S. in 2001, 2011, and 2021 (unit: kg/ha). Unless otherwise stated, all 

values shown represent the arithmetic mean across the four scenarios (S0–SH). The scenario-specific residue production-consumption 

mismatch is provided in Figure S5. 
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Note: Redistribution is inferred from grid-level mass-balance reconciliation and represents domestic reallocation required to align 275 
consumption with production. Negative values indicate inflow (local consumption exceeds available production, 𝑃𝑃avail=0.9𝑃𝑃), positive 

values indicate outflow (local available production exceeds local consumption).  

4 Discussion 

4.1 Dataset validation 

The estimated national crop residue production of 4.91×1011 kg/yr (4.41 - 5.37×1011 kg/yr) falls within the range reported 280 

in previous U.S. national studies, which varied from 4.88×1011 kg/yr to 6.52×1011 kg/yr (Table 4). While our estimation 

aligns well with localized U.S. studies (Chatterjee, 2013; Lal, 2005), our inventory covers a broader scope than recent 

global cereal-focused products. By incorporating key non-cereal crops such as soybean and cotton, our estimate is 

therefore higher than the North American cereal residue production reported by Smerald et al. (2023) (4.60×1011 kg/yr). 

Conversely, the higher estimate from Sileshi et al. (2025) (6.52×1011 kg/yr) may be partly attributable to their use of the 285 

FAOSTAT dataset, which may overestimate cropland area (Yu and Lu, 2018). Our study is anchored to the high-

resolution CropAT-US distribution data, which helps to reduce this bias (Ye et al., 2024). Moreover, integrating time-

dependent HI refines the representation of residue production dynamics, providing a more accurate estimation of residue 

availability than the static coefficients commonly used in coarse-resolution global studies. 

Our dataset of crop residue usage pathways also aligns with the established U.S. hierarchy, in which residue left on field 290 

represents the dominant pathway, followed by animal-use and off-field pathways, with burning representing a much 

smaller loss pathway (Figure 3, Table 4). Although the overall hierarchy is consistent with national trends, the specific 

proportions differ from global estimates. For instance, in this study, the residue left on field rate had a mean of 86.4%, 

which is higher than the reported average (~76.2%) (Table 4). While global models typically cap North American return 

rates at 80% (Smerald et al., 2023), U.S.-specific surveys indicate that residue removal is not a widespread practice. Corn 295 

provides a representative example due to its high biomass utilization potential in the U.S.; however, ground surveys reveal 

that only about 14-16% of corn acres undergo residue-removing practices such as harvest or grazing, implying that the 

majority of U.S. croplands maintain high residue retention levels (Claassen et al., 2018; Schmer et al., 2017). Our 

estimated burning rate (<0.2%) is lower than previous estimates (which ranged from 1-2%) (Table 4), partly due to the 

finer spatial resolution in our study. Previous studies often relied on coarse-resolution fire datasets (e.g., 0.5° and 0.25°) 300 

(Smerald et al., 2023), whereas our approach uses 1-km resolution data and restricts fire events to crop-specific harvest 

windows, which reduces the likelihood of including non-agricultural biomass burning in cropland pixels. 
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Table 4. Comparision of of U.S. crop residue production and usage pathways with existing literature 

Source Scope Total production 

(1011 kg/yr) 

Residue left on 

field (%) 

Burnt residue 

(%) 

This Study U.S. (Multi-crop, 1 km) 4.91 86.4% 0.1% 

Smerald et al. (2023) North America (Cereals) 4.60 ~76.2% ~1.8%  

Sileshi et al. (2025) U.S. (Multi-crop) 6.52 N/A N/A 

Chatterjee (2013) U.S. National 5.18 N/A N/A 

Lal (2005) U.S. National 4.88 N/A N/A 

Claassen et al (2018) U.S. (Corn stover) N/A ~84% (area) N/A 

Schmer et al (2017) 19 States of U.S. (Corn 

stover) 

N/A ~86% (area) N/A 

McCarty et al. (2009) U.S. (Multi-crop) N/A N/A ~1% (area) 

Note: Values marked as “area” are reported as area fractions (i.e., the percentage of cropland area where residues are managed under 

a given pathway), whereas other values represent mass fractions (i.e., the percentage of total residue mass allocated to that pathway). 305 
Area- and mass-based fractions are not directly comparable because residue production per unit area varies spatially. The limited 

availability of studies reporting comparable metrics highlights the need for consistent, spatially explicit pathway datasets. 

 

The spatial distribution of our dataset also demonstrates high geospatial consistency with established global patterns, with 

only minor discrepancies (Figure 3, Figure 6). For instance, one notable difference appears in Florida, where the burnt 310 

proportion is lower in our dataset (Figure 6a1, 6a2). This contrast mainly results from differences in crop coverage. While 

Smerald et al. (2023) aggregated sugarcane, which accounts for the majority of burning activities in Florida, this crop is 

not included in our dataset. Additionally, due to resolution difference, our dataset exhibits a more heterogeneous spatial 

footprint than the global product (Figure 6). The 0.5° resolution of global products often fails to resolve sub-pixel land 

cover variations; consequently, fire events in these coarse pixels may be insufficiently distinguished from crop residue 315 

burning even when only a fraction of the area is cropland. In contrast, our 1-km dataset captures cropland pixels more 

explicitly. Consequently, our dataset provides a more targeted representation of residue pathway, reducing the influence 

of non-agricultural land within coarse-grid cells. 
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 320 
Figure 6. Spatial comparison of multi-year average crop residue pathway proportions in the U.S. (2001–2021). Panels a1, b1, c1, d1 

show the proportions (burnt, animal-use, off-field, and left on field, respectively) derived from this study at a 1-km resolution. Panels 

a2, b2, c2, d2 show the corresponding proportions from a global dataset with a 0.5° resolution (Smerald et al., 2023). Panels within 

each row share the same color scale. Unless otherwise stated, all values shown represent the arithmetic mean across the four scenarios 

(S0–SH). 325 

4.2 Dataset applications  

High-resolution quantification of residue inputs into soils is essential for improving the accuracy of terrestrial carbon 

budget estimations. Conventional SOC or terrestrial biosphere models often rely on generalized assumptions, such as 

uniform or fixed residue left-on-field ratios; however, these assumptions mask significant spatial heterogeneity in residue 

retention driven by regional resource availability, livestock demand, and market incentives (Karstens et al., 2022; 330 

Lehmann et al., 2020; Tian et al., 2015). Furthermore, SOC sequestration is determined not only by the quantity of residue 

inputs but also by conversion efficiency, which is highly sensitive to microbial activity, soil properties, and local climate 

conditions that vary at fine spatial scales (Gutierrez et al., 2023; Natalio et al., 2024). Aggregating residue inputs into 

coarse averages therefore creates a spatial mismatch with these localized environmental and management drivers, leading 

to biased estimates of carbon sink potential (Keel et al., 2017). By providing residue pathways at 1-km resolution, our 335 

dataset enables the precise alignment between residue management practices and environmental conditions, supporting 

more spatially explicit assessments of SOC dynamics and residue retention benefits. 

Beyond SOC maintenance, crop residues connect multiple components of the U.S. bioeconomy by facilitating biomass 

and nutrient flows across sectors. In parts of the Great Plains and the western Corn Belt, especially in mixed crop-livestock 

systems, crop residues are used as feed or bedding for livestock, and nutrients contained in these residues are partially 340 
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returned to cropland through manure application, enhancing agroecosystem resilience (Farias et al., 2025; Russelle et al., 

2007; Wang et al., 2024). However, this integration is uneven across the U.S. By mapping the spatial intensity of crop 

residues allocated to livestock use at 1-km resolution, our dataset identifies regions where these crop-livestock interactions 

are most concentrated. Such spatially explicit information provides an empirical basis for assessing the degree of regional 

crop-livestock integration and for modeling the associated economic and environmental trade-offs (Delandmeter et al., 345 

2025; Taifouris and Martín, 2022; Xing et al., 2022). Furthermore, our estimations of off-field residue use provide a 

baseline for assessing the theoretical potential of residue mobilization beyond current livestock and soil return demands. 

This allows more realistic assessments of where residues could support other industries (e.g., bioenergy) without 

compromising soil health or livestock systems (Krishna and Mkondiwa, 2023; Röder et al., 2022). 

Another key insight from this dataset is the significant spatial mismatch between residue production and consumption, 350 

which underscores a geographical decoupling of residue supply and demand centers that had remained obscured in 

previous studies. While this decoupling remains modest at the national level between 2001 and 2021, the total spatial 

decoupling reaches 8.5×1010 kg under the SH scenario, highlighting significant subnational redistribution demands (Figure 

5, Figure S5, Table S2). By quantifying this supply-demand mismatch, our dataset offers a baseline for subsequent 

economic modeling and logistics optimization (Garvie et al., 2024; Krishna and Mkondiwa, 2023; Smerald et al., 2023). 355 

Bridging these imbalances would necessitate long-distance transportation, which escalates both economic costs and the 

associated carbon footprint, partially offsetting the environmental benefits of residue utilization (Holmatov et al., 2021; 

Umakanth et al., 2022). More critically, severe local mismatches may incentivize over-extraction of residues in deficit 

regions, potentially encroaching upon the fraction of residue left on field required for SOC maintenance (Brassard et al., 

2021; Holmatov et al., 2022). By pinpointing these mismatch hotspots at 1-km resolution, our dataset provides spatially 360 

explicit information that can support regional coordination strategies aimed at safeguarding both agroecosystem stability 

and economic viability. 

4.3 Dataset limitations and uncertainty 

Although this 1-km dataset provides a mass-balanced representation of residue usage pathways, several sources of 

uncertainty remain. The primary source of uncertainty stems from assumptions related to livestock feed demand. Current 365 

literature exhibits significant variability in these parameters, particularly in dietary intake coefficients for beef cattle 

(Herrero et al., 2013; Mekonnen and Hoekstra, 2012; Peters et al., 2014; USDA Economic Research Service, 2026). To 

account for this variability, our study employed scenario analysis to capture the potential range of livestock demands. 

Across the simulations from S0 to SH, the fraction of residues allocated to non-burning pathways (animal and off-field) 

fluctuated between 5.8% and 27.0%, while the proportion of residues left on field varied from 94.1% to 72.9% (Table 370 

S1). This range underscores the sensitivity of residue pathway to livestock management assumptions and highlights the 

need for more standardized regional feeding parameters. In addition, livestock-associated residue demand was inferred 

https://doi.org/10.5194/essd-2026-237
Preprint. Discussion started: 29 April 2026
c© Author(s) 2026. CC BY 4.0 License.



18 
 

rather than directly observed, and alternative forage resources such as perennial forages were not explicitly represented, 

which may influence the magnitude and spatial pattern of inferred residue deficit regions. 

Another source of uncertainty involves the estimation of off-field residue uses through socio-economic proxies. While 375 

international net export data were derived from public records, the estimation of domestic transfers and other off-field 

uses relies on assumptions. Due to the scarcity of localized empirical data, we utilized a GDP-based proxy to estimate 

other off-field purposes, calibrated with available U.S.-specific studies (Smerald et al., 2023; Yadav, 2025). Although 

this approach aligns with previous studies, it remains a simplified representation of real-world complexities. In practice, 

residue allocation is driven by socio-economic factors such as market price fluctuations, regional policy incentives, and 380 

long-term industrial contracts (Downing et al., 2022; Krishna and Mkondiwa, 2023). Our method captures the 

fundamental spatial patterns of these flows but does not integrate the dynamic socio-economic drivers required to simulate 

market-driven shifts. Future refinements could incorporate survey-based data to better constrain these parameters against 

actual market behaviors. 

Additional uncertainty arises from the representation of residue burning pathways. In this study, a maximum burning 385 

fraction of 0.9 was assumed for each grid cell based on published literature (Smerald et al., 2023), and the burning window 

was defined as the latter portion of the state-level harvest period derived from USDA data (Table 1). While this approach 

captures the primary post-harvest burning period, some residue burning may occur prior to planting of the subsequent 

crop, which is not explicitly represented due to data limitations. 

Finally, uncertainty also remains in the estimation of residue production due to parameter assumptions. Although crop-390 

specific and time-dependent HI were applied, these parameters were assumed to be uniform at the national scale. 

However, HI can vary across regions due to differences in cultivar choice, management practices, and environmental 

conditions (Gardner et al., 2021; Pagani et al., 2019). Future work could incorporate region-specific HI parameterization 

to reduce this uncertainty. 

5 Data availability 395 

The Crop Residue Usage Pathway Dataset (2001–2021) is publicly available from Zenodo at DOI: 

https://doi.org/10.5281/zenodo.18453064 (Zhang et al., 2026). The archive provides annual 1-km gridded GeoTIFF layers 

for the conterminous U.S. for 2001–2021. The dataset contains two components: 

(1) Main products: including annual scenario-mean (arithmetic mean across four scenarios: S0, SL, SM, SH) residue 

pathway layers (burnt, animal-use, off-field, and left on field), total crop residue production, and arithmetic mean of the 400 

mismatched residue. 

(2) Scenario-based products: intermediate inputs and scenario-specific final outputs. Intermediate input layers include 

scenario-specific animal-use demand, off-field demand, and mismatch. Scenario-specific final outputs include scenario-

specific animal-use, off-field, and residue left on field layers. 
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6 Conclusions 405 

This study developed a 1-km gridded dataset linking crop residue production and usage pathways across the conterminous 

U.S. for 2001-2021. By integrating demand-driven constraints within a mass-balance framework, our dataset provides 

annual maps of four primary residue pathways, alongside a domestic transfer layer that identifies supply-demand 

mismatches. The results indicate that residues left on field dominate at the national scale, while animal-use and off-field 

pathways remain smaller share but spatially heterogeneous. Compared with existing coarse-resolution global products, 410 

the 1-km dataset improves geographical fidelity by anchoring estimates to crop pixels and reducing mixed-pixel effects. 

The mismatch layer further highlights hotspots in the Southeast, West Coast, and the Southern Great Plains, where residue 

production and demand are spatially separated. Overall, this spatially explicit dataset provides a foundation for evaluating 

residue production, allocation pathways, and regional supply-demand mismatches, supporting more informed residue 

management decisions and modeling applications. 415 
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