
https://doi.org/10.1007/978-3-031-68054-0_6

Chapter 6 
Benchmark Data: Integrating Biophysical 
and Economic Information in a Consistent 
Geospatial Dataset 

Iman Haqiqi and Uris Lantz C. Baldos 

Existing environmental databases often suffer from fragmentation, inconsistencies, 
and limited spatial representation. In addition, economic representation at the 
geospatial level is often limited. However, the SIMPLE-G dataset aims to overcome 
these limitations by providing a unified platform for exploring the interactions 
between land, water, and the environment. Each data point within the dataset is 
geographically referenced with details about economic values and biophysical vari-
ables, enabling researchers to conduct spatial analyses and uncover crucial insights 
into localized resource use, economic patterns, and sustainability challenges. Fur-
thermore, the dataset’s comprehensive scope, which encompasses both production 
and consumption aspects of the agri-food system, fosters a holistic understanding of 
resource flows and economic dependencies. This data resource empowers 
researchers to tackle complex environmental questions and propose data-driven 
solutions for promoting sustainable land and water management practices. While 
the chapter concentrates on the SIMPLE-G-US dataset (Baldos et al. 2020; Haqiqi 
et al. 2023), a similar approach is taken for other global and regional models (Liu 
et al. 2017; Haqiqi et al. 2022). 

The SIMPLE-G model uses two types of information: benchmark data and 
behavioral parameters. Benchmark data include information describing the equilib-
rium conditions of input use, agricultural production, trade, and food consumption in 
the reference year. The values of the variables are expected to change and are 
updated to reflect the new economic conditions following a SIMPLE-G simulation. 
The benchmark data are collected from various sources, including international 
databases, satellite imagery, climate and hydrological data, and national censuses. 
These data must be processed and made consistent to produce gridded data that can 
be used in the model. 
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Behavioral parameters refer to information that describes how the model 
responds to changes in various factors (e.g., prices and income). These parameters 
are based on independent estimates of consumer and producer behavior. They 
govern consumers’ and producers’ responses to changes in the economic, climatic, 
and environmental conditions of agricultural production. By definition, these param-
eters are fixed over the course of the simulation. 

Before describing the gridded data, we explain how the regional (non-gridded) 
SIMPLE database is constructed. 

1 Non-gridded Data 

The non-gridded SIMPLE database includes information on macroeconomic vari-
ables, commodity consumption, regional trade for crops, and regional production of 
crops, livestock, and processed food. Additional data on input and output carbon 
emissions for each commodity (Aguiar et al. 2019), land-use change emissions 
(West et al. 2010), and food security metrics (FAO 2020) are also available for 
model versions with environmental and food security modules. A publicly available 
version of the non-gridded database and compatible model version has detailed 
information for 150+ countries for the year 2017 (Baldos 2023). 

1.1 Regional Production and Trade 

The regional crop production database in SIMPLE-G is constructed using country-
level economic and agricultural data taken from several sources. Crop production, 
producer crop price, and cropland area data are sourced from the United Nations 
Food and Agricultural Organization’s FAOSTAT database (FAO 2020). Global 
prices are computed for each crop and are used to convert quantity of crop produc-
tion into corn-equivalent production using the ratio of each crop’s global price and 
the global price of corn. The value of crop production is also calculated using these 
data. Since we assume that the benchmark dataset represents a long-run equilibrium, 
we impose zero profit conditions in the crop sector. Therefore, the annual flow of 
land and nonland input costs in each region can be calculated using the value of crop 
production and the input cost shares from the GTAP database (Aguiar et al. 2019). 
The crop sale shares across the domestic and international markets are taken from the 
GTAP database (Aguiar et al. 2019). 

1.2 Regional Consumption 

On the demand side, the benchmark data include the value and quantity of crops used 
in direct food consumption, for feed in the livestock sectors, as raw inputs in the



processed food industries, and as feedstocks in the biofuel sector. The amount of 
crop feedstock used by the biofuel sector in each region is calculated using the sales 
shares of the crop sector in the bioenergy sectors from the GTAP-BIO V.9 database 
(Taheripour et al. 2017). Remaining crop quantities are allocated to food, feed, and 
processed food input use using crop purchase shares in the local and global markets 
using share data from the GTAP database (Aguiar et al. 2019). 
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Consumer demand data in the model are mainly driven by population and per 
capita income. Population and real gross domestic product (GDP) data are taken 
from FAOSTAT (FAO 2020), and these are used to calculate the per capita income 
in each region. The food security module in SIMPLE includes food security metrics 
based on average food consumption in each region (Baldos and Hertel 2014). 
Following Neiken (2003), each region has a unique distribution of average caloric 
consumption and a minimum daily dietary energy intake which delineates the 
fraction of the distribution below this minimum threshold. The nutrition data include 
the prevalence of caloric undernutrition and the undernutrition headcount for each 
region. This distribution shifts depending on changes in average dietary energy 
consumed. The module also captures shifts in the caloric composition of food by 
linking food caloric content to per capita income levels (Baldos and Hertel 2013). 
Food security data from FAOSTAT (FAO 2020) are used to initialize the nutritional 
information for each region. 

1.3 Food Processing and Livestock Production 

The value of consumption for livestock and processed food commodities is equal to 
the total value of output for these sectors, given the assumption that total revenue is 
equal to total consumption expenditure for each commodity. Under zero-profit 
conditions, the total value of output is equal to the total production costs. The total 
cost of crop inputs in the livestock and processed food sectors is calculated using the 
crop prices and crop use quantities. The values of non-crop inputs are then computed 
from the total cost of crop inputs and input cost shares. The input cost shares for 
livestock and processed food commodities are taken from the GTAP database 
(Aguiar et al. 2019). 

1.4 Agricultural Greenhouse Gas Emissions 

Some model versions (e.g., Chap. 10) report changes in agricultural greenhouse gas 
(GHG) emissions, specifically emissions from crop, livestock, and processed food 
production as well as land-use change emissions due to cropland expansion. Data on 
GHG emissions from agricultural production are based on the GTAP database 
(Aguiar et al. 2019), which reports CO2 emissions from fossil fuel combustion 
using detailed energy volume data from the International Energy Agency and
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combustion factors from the Revised 1996 IPCC Guidelines for National Green-
house Gas Inventories (IPCC/OECD/IEA 1997). GHG emissions from methane, 
nitrous oxide and fluorinated, gases are based on the non-CO2 GTAP database 
(Chepeliev 2023), which uses FAOSTAT data (FAO 2020) for agricultural emis-
sions. Land-use change emissions from converting natural land into cropland rely on 
the global carbon stocks calculated by West et al. (2010). These carbon stocks are 
constructed using spatially explicit datasets on potential vegetation and soil carbon. 
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2 Benchmark Gridded Data: US Example 

SIMPLE-G requires benchmark gridded data for key economic and biophysical 
variables describing the initial equilibrium of the crop economy. The preferred 
gridded data sources vary by region. Table 6.1 lists the variables and underlying 
data sources for the United States. Comparable data sources have been compiled for 
several other regions (see the applications in Part IV). Each model includes a gridded 
dataset that includes cropland use, crop production, nitrate leaching, and water use. 

Given the centrality of the gridded database to the use and credibility of 
SIMPLE-G, this section provides a brief overview of how to construct a SIMPLE-
G dataset. Figure 6.1 describes the workflow for constructing the benchmark data 
and behavioral parameters for a US-focused version of SIMPLE-G, utilizing gridded

Table 6.1 Gridded data for SIMPLE-G-US 

Data Source Description of process 

Cropland 
area 

USDA CDL, USGS 
MIrAD 

The share of cropland area in each grid cell is cal-
culated from 30 m resolution. The share of irrigated 
area from cropland is calculated from 25 m 
resolution 

Value of 
land 

USDA Census of 
Agriculture 

Land area is multiplied by rent in USD per ha 
assuming uniform rent within a county 

Value of 
crops 
produced 

USDA Census of Agri-
culture, GCWM by crop 

The value of crops sold by county is distributed to 
grid cells within a county based on gridded pattern 
from GCWM and irrigated yield gap 

Quantity 
index of 
crops 

Estimated The quantity index follows the value of crops sold 
divided by reference crop price to create a price 
adjusted corn-equivalent index 

Value of 
irrigation 

USGS and USDA Irrigation cost shares are estimated based on county-
specific data on share of sprinkler, drip irrigation, 
surface water, and groundwater 

Volume of 
water 

USGS Water volume follows land multiplied by water 
intensity in m3 /ha 

Quantity of 
N fertilizer 

Cao et al. (2018), Agro-
IBIS 

Total fertilizer application follows land multiplied by 
kg/ha 

Value of N 
fertilizer 

Estimated Value of fertilizer follows quantities multiplied by 
price USD per kg
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Fig. 6.1 Overview of main data and parameter processing method for SIMPLE-G-US. “GEN” 
represents a computation that does not involve statistical regressions; “EST” is a process that 
includes statistical estimation. Other versions, (gridded World, gridded China, and gridded Brazil) 
follow similar flows but employ rich global and national data sources.



data for the United States and employing regional information for other parts of the 
world. Other versions (e.g., SIMPLE-G-China, SIMPLE-G-Brazil) follow similar 
flows but employ the best available national data sources from those countries. In 
addition to the primary source data, there are two types of methodologies for 
generating the gridded data: “GEN” represents a computation that does not involve 
statistical regressions, and “EST” is a process that includes statistical estimation.
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Although resolution is not a constraint for SIMPLE-G (see computational section 
for examples with millions of grid cells), current versions work with crop production 
at the level of georeferenced grid-cell units at 5 arcmin resolution (squares with sides 
of 9.26 km at the equator). Most of our collaborators in the biophysical sciences use 
this resolution. We have added gridded information for US crop production covering 
both irrigated and nonirrigated practices and including the value and quantity of crop 
output, land use, N fertilizer input, water, and other aggregated inputs. 

2.1 Cropland Area: Rainfed and Irrigated 

Cropland area data were obtained from the USDA Cropland Data Layer (Han et al. 
2012) at a resolution of 30 meters and aggregated to 5 arcmin. Irrigated cropland data 
were obtained from the Moderate Resolution Imaging Spectroradiometer (MODIS) 
Irrigated Agriculture Dataset for the United States (MIrAD-US) provided by the US 
Geologic Survey (USGS) at a resolution of 250 m (Brown and Pervez 2014), 
aggregated to 5 arcmin. These data determine the distribution of irrigated and 
nonirrigated cropland in the United States. 

2.2 Crop Production: Price-Adjusted Quantity Index 

Aggregated output for each grid cell is recorded as the corn-equivalent total crop 
output, calculated as the sum of the value the crops sold divided by the price of corn 
in the base year, yielding “corn-equivalent tons of output.” We take the value of 
crops sold per acre from USDA National Agricultural Statistics Service by county 
(USDA-NASS 2019) and use simulated yields from the Global Crop Water Model 
(GCWM) (Siebert and Döll 2010) to generate gridded yield for the grid cells in each 
county. The GCWM data are aggregated over all crops using USDA/FAO actual 
prices to calculate the corn-equivalent crop output for each grid cell. 

We split the base data into irrigated and rainfed crop production using various 
satellite datasets and county-level information from the USDA and USGS, as well as 
the simulated yield of irrigated and nonirrigated crops. For yield estimation, we 
assume that grid cell aggregated yield per hectare is equal to the county average in 
which the grid cell is located. We split the gridded total production into irrigated and 
nonirrigated components using total, irrigated, and nonirrigated land as obtained 
from MIrAD-US and the cropland data layer (CDL) and the ratio of rainfed to



irrigated yields in a given grid cell as estimated by Siebert and Döll (2010) for 
29 crop categories and aggregated to all crops according to production value 
weights. Total cropland area from the CDL is matched with USDA county-level 
cropland to ensure consistency of yield and area at the county level. 
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2.3 Nitrogen Fertilizer Applications 

Nitrogen (N) fertilizer application rates per hectare per year for each grid cell were 
obtained from Cao et al. (2018) for all crops at 5 km and from Agro-IBIS (the 
agricultural version of the Integrated Biosphere Simulator) for rainfed and irrigated 
production of major crops (Lark et al. 2022). This product provided high-resolution 
(8 arcsecond) land cover and nutrient application maps across the continental United 
States for the period of 1750 to 2017, accounting for the nutrient legacies of 
historical land use/cover. The Agro-IBIS land cover categories are based on vege-
tation type simulations. This product is also consistent with our landcover data, 
which is based on several gridded land cover datasets and historical county-level 
USDA Census of Agriculture data. Irrigation maps from Agro-IBIS were created 
using the MIrAD-US and historical data from the USDA Census of Agriculture. 
With its rich set of information on gridded economic activity, the agroecological 
Agro-IBIS model helped us estimate irrigated versus nonirrigated fertilizer applica-
tion rates. 

2.4 Volume of Water Withdrawals 

Irrigation water withdrawal rates are estimated using county-level USGS water use 
data (Maupin et al. 2014). We calculate total water withdrawal per irrigated hectare 
and allocate it to groundwater and surface water using county-level USGS water use 
data by source. For some version of SIMPLE-G a quantity index is introduced for 
water which requires conversion to m3 to show the level of variables. 

2.5 Value of Crop Production 

Calculating the value of crops produced at the grid-cell level requires several steps. 
First, satellite data with sufficient resolution are acquired to identify cropland within 
each grid cell. These data are combined with gridded maps of irrigated areas to 
separate irrigated and rainfed areas in each grid cell. To avoid the computational 
issues that arise when extremely small pieces of cropland are modeled, we assign a 
minimum area to each grid cell in the model if it is cultivated. Next, utilizing the 
agronomic GCWM data, crop yields and areas are estimated by crop at the grid-cell



level. Agronomic models incorporate factors such as weather, soil conditions, and 
crop management practices to simulate crop growth and predict yields by irrigation 
technology. The combination of land area and yield provides information on pro-
duction by crop. Next, information on the average prices of crops at the national 
level is collected from FAOSTAT. For each grid cell, crop-specific values are 
calculated from the agronomic model by multiplying production by the 
corresponding crop price, considering the crop area data layer derived from the 
satellite data. This will provide an estimate of the total value of crops produced 
within that grid cell by irrigation technology. Since our goal is to match the USDA 
census data by county, we apply the gridded patterns of production value to the 
USDA county-level data on the value of crops produced in each county to obtain 
census-consistent, gridded estimates of the value of crop production. 
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This approach provides a comprehensive and spatially explicit assessment of crop 
production values, providing granular insights into agricultural productivity and 
economic contributions. 

2.6 Value of Land 

The annual payment to land, also known as land rent, is a crucial component of the 
economic model. It represents the compensation that landowners receive for the use 
of their land in agricultural production. We assume that these same landowners 
consider alternative uses, where feasible; therefore, each grid cell has an upward-
sloping land supply curve, reflecting the opportunity cost of crop land. We consider 
explicit payments from rental lands to landowners as well as implicit self-payment of 
landowner farmers. The value of water is calculated based on irrigated and rainfed 
cash rents by county in the United States. 

In SIMPLE-G, total annual payments to land play a key role in constructing the 
database. At the grid-cell level, the calculation of land rent typically involves two 
key factors: land area and rental rates by irrigation type. While land area information 
can be obtained from various sources (e.g., satellite imagery), information about land 
rent requires surveys or census data. Land rents represent the per unit payment, 
typically expressed in terms of dollars per hectare (or per acre) per year, and vary 
depending on several factors, including soil quality, proximity to markets, access to 
irrigation, crop mix, and overall demand for land in the county. Understanding these 
factors and their influence on land rents is crucial for understanding spatial hetero-
geneity in cost structures across a region. 

To calculate the total payment to land in a grid cell, the gridded land area is 
multiplied by the average county-level rental rate, as reported by the USDA. This 
calculation provides an estimate of the overall compensation that landowners 
receive, implicitly and explicitly, for the use of their land for agricultural purposes. 
It is important to note that this calculation represents an average and may not 
accurately reflect the specific rental payments in a given grid cell.
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2.7 Value of Irrigation 

The central challenge with regard to valuing water is that there is usually no market 
for water. Only a small portion of irrigation water is traded in markets. Even where 
they exist, market prices for water rarely reflect the true value added of irrigation 
water in agriculture. Thus, we developed an alternative approach to estimate the 
value of water. We start from the land rent. The cost share (θ) for cropland (L) for 
each grid-cell (g) is defined as 

θL g,l =QLg,lPLg,l=QYg,lPYg,l ð6:1Þ 

where QY and QL are production level and land area, and PY and PL are price index 
and land rents, respectively. As noted, much of the cropland is owned by the 
enterprise or individual farming the land. Thus, the true value added of land is not 
observed. Therefore, we infer rental rates from average cash rents reported by other 
farms in the neighborhood. In combination of CDL cropland data, we then calculate 
the total rental costs land. We have constructed an empirical model to estimate the 
cost shares of water inputs for groundwater, surface water, and irrigation input. We 
assume that the distribution of cost shares is driven by the volume share of water 
extracted from groundwater (XGW) and surface water (XSW), extent of area 
irrigated by each source (LGW and LSW, respectively), and shares of area equipped 
with higher efficiency irrigation technology such as microdrip irrigation (XMIC) and 
sprinklers (XSPR). The cost shares for groundwater, surface water, and irrigation 
equipment inputs are estimated using the following equations from Haqiqi (2023): 

θGW 
l,g = αG 0 þ αG 1 XGWl,g þ αG 1 LGWl,g 

θSW 
l,g = αS 0 þ αS 1XSWl,g þ αS 1LSWl,g 

θKW 
l,g = αK 0 þ αK 1 XMICg þ αK 2 XSPRg 

ð6:2Þ 

Equation (6.2) considers the associated costs of irrigation, including the labor, 
fuel, and other inputs required for water withdrawal, transport, and application. 
Therefore, we can empirically estimate the irrigation costs using the observed vari-
ables at the county level. In a statistical framework, we partially attribute the spatial 
differences in fuel, labor, and other nonland material to irrigation. Specifically, 
county-level nonland costs are estimated as a function of irrigated areas in acres, 
surface water withdrawals in gallons per acre, groundwater withdrawals in gallons 
per acre, share of area with sprinkler irrigation, and share of area with microdrip 
irrigation. We differentiate the marginal costs of groundwater and surface water 
irrigation. County-level expense data are obtained from USDA Census of Agricul-
ture for total costs and input costs, including fuel, labor, fertilizer, seeds, chemicals, 
and other inputs for 2002, 2007, 2012, and 2017. Information on physical area and 
volume of water (IR-WGWFr, IR-WSWFr, IR-IrSpr, and IR-IrMic) is obtained from 
USGS Estimated Use of Water in the United States County-Level Data for 2005, 
2010, and 2015.



The findings and conclusions presented in this chapter are those of the authors and should not be
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3 Summary 

The SIMPLE-G benchmark data include a consistent geospatial dataset that provides 
information on both economic values and biophysical variables for a reference year. 
At the regional level, this dataset includes exports, imports, income, and consumer 
expenditures on different food and non-food categories. At the grid-cell level, this 
includes the value of crop sales and production costs such as land, water, and labor 
expenses. The biophysical information includes cropland area, volume of water 
withdrawals, fertilizer applications, crop yields, and different land uses. These rich 
data enable researchers to conduct in-depth geospatial economic and sustainability 
analyses related to agriculture, land, water, and environment. 
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