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Motivation
Where does agricultural expansion happen?

Agricultural land is not distributed uniformly; expansion concentrates along infrastructure corridors and at
forest frontiers, not evenly across countries.
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Motivation
Land rent declines with distance from market

Von Thünen ( ): land use is determined by rent gradient intersections. Market access is our
empirical proxy for land rent; the mechanism linking prices to land conversion ( ;

).

Sinclair 1967
Chomitz and Gray 1996

Villoria and Liu 2018
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Motivation
Land supply responds to rental rates

 where  is the realized elasticity at the current operating point.L = A − B/PC E = C ⋅ (A/L − 1)
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Motivation
The problem: uniform national elasticities

The standard approach

Data-constrained CGE models (GTAP, MAGNET, GTAP-InVEST)
apply a single land supply elasticity  per country, uniformly
across all land and land uses (

; ).

Sparse empirical data makes estimation difficult at
subnational scale

To ease model solving,  can be used as a working
default ( )

Single expansion parameter for all land uses

Prior work

Villoria and Liu ( ) estimated pixel-level elasticities for
the Americas at 5 arc-minute (~10 km) — the
methodological foundation for this study

Meijl et al. ( ) calibrated regional supply curves from
biophysical data, showing EU  of 0.01–0.20 vs. Africa
0.5–3.0

Dixon et al. ( ) demonstrated that policy shocks to the
land supply asymptote (e.g. forest protection) interact
critically with the local elasticity slope, motivating spatially
explicit 

E

Tabeau, Helming, and
Philippidis 2017 Meijl et al. 2006

C = 1
Woltjer et al. 2014

2018

2006
E

2016

E
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Contributions
Spatial Coverage

Dimension This study

Coverage Global

Resolution 10 arc-sec (~300 m)

Aggregation Flexible (AEZ, country, watershed)

Land uses cropland, cultivated grassland, managed forest

Estimation block fractional logit
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Data
Three economically relevant land uses

Cropland Cultivated grassland Managed forest

Source GLC_FCS30d (
)

Global Pasture Watch
( )

Global Forest Management
( )

Resolution 30 m → 300 m fraction 30 m → 300 m fraction 100m → 300 m fraction

Definition • rainfed cropland
• herbaceous cover cropland
• tree or shrub cover
(orchard) cropland
• irrigated cropland

• cultivated grassland • planted forests
• plantation forests
• oil palm plantations
• agroforestry

Each variable is a continuous fraction [0, 1] of the 300 m pixel, enabling fractional logit estimation of mixed
land-use pixels.

Zhang et al.
2023 Parente et al. 2024 Lesiv et al. 2022
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Data
Cropland coverage
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Data
Cultivated grassland coverage
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Data
Managed forest coverage
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Data
Market access as a proxy for land rent

We assume spatial variation in land rents is driven by transportation costs1. At fine scales within a
region, market access dominates land rent differences; biophysical controls absorb remaining variation
( ; ).

Market access index:

where  is travel time (minutes) to the nearest city with 50,000+ inhabitants ( ) and
 minutes. Log-scaling spreads variation across the populated range (0–240 min)

rather than compressing it near 1.0.

Sinclair 1967 Chomitz and Gray 1996

A ​ =i 1 − ​

ln(1 + t ​)max

ln(1 + t ​)i

t ​i Weiss et al. 2018
t ​ =max 50,000
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Data
Market access index
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Data
Biophysical and institutional controls

Biophysical (log-transformed)

Temperature, precipitation (
)

Elevation, aspect (
)

Soils: sand, silt, clay, bulk density, CEC, organic
carbon, pH ( )

Above-ground biomass ( )

Wetlands presence ( )

Irrigation area ( )

Built-up surface area ( )

Institutional (entered linearly)

Strict protected area status ( )

Population density ( )

Fick and Hijmans
2017

GEBCO Bathymetric
Compilation Group 2023

Hengl et al. 2017

Johnson 2019

Gumbricht et al. 2017

Siebert et al. 2010

Pesaresi and Politis 2023

Leberger et al. 2020

Lamarche et al. 2017
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Methods
Block regression and elasticity formula

Fractional logit per tile: (
)

~8.4 billion pixels, estimated in 1024×1024
pixel tiles (~300 km). Coefficients vary by tile,
capturing regional heterogeneity.

Elasticity per pixel (after algebraic
simplification):

: tile responsiveness to market access

: pixel market access [0,1]

: saturation, already-converted land
cannot expand further

Only positive pixels used for supply
parameterization;  assigned to zero-
LULC land

Papke and Wooldridge
1996

E(Z ) =i Λ α + α ​A ​ + ​ α ​ logS ​[ 0
b

1
b

i ∑k k
b

ki] ε ​ =i ​ ⋅α̂1 A ​ ⋅i (1 − ​)Ẑi

​α̂1

A ​i

(1 − ​)Ẑi

ε = 0

14GTAP 2026 | Kyoto



Methods
Interpreting the elasticity values
Range Interpretation Typical context

Highly elastic Uncultivated frontier with recent
road access

Moderately elastic Active agricultural frontier — where
conversion concentrates

Near-inelastic Saturated farmland, biophysical
constraints, or protected areas

Inelastic Zero current LULC fraction, no
supply response at extensive margin

ε > 1

0.1 < ε ≤ 1

0 < ε ≤ 0.1

ε = 0
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Cropland Elasticity Results
Global Distribution
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Cropland Elasticity Results
Brazilian Cerrado frontier (~16-18S, 52-55W)
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Cultivated Grassland Elasticity Results
Global distribution
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Cultivated Grassland Elasticity Results
Miombo woodland frontier (~10-12S, 28-31E)
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Managed Forest Elasticity Results
Global distribution
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Managed Forest Elasticity Results
Kalimantan palm frontier (~0-2N, 113-116E)
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Discussion
From pixel elasticities to model parameters

Step 1. Estimate

Fractional logit per tile yields pixel-level

Positive pixels: frontier expansion
potential

Negative pixels: urban
displacement, excluded from
supply parameterization

Separate estimates for cropland,
grassland, and managed forest

Step 2. Calibrate to FAO

Following Villoria and Liu ( ), scale
pixel means to observed national land
changes (FAOSTAT 2000–2015):

 from FAO-derived or JRC (2017)
realized elasticity (

);  = arithmetic mean of
positive pixels in country . Scale factors
capped at 3× in all displayed results (maps
and comparison chart) to prevent a handful
of data-sparse countries from distorting
the scale; uncapped pixel-level spatial
patterns are unaffected.

Step 3. Aggregate

Two paths into CGE models:

A. Exogenous land supply shift: use pixel
elasticities to pre-compute land entering
the agricultural pool between periods.
Compatible with any dynamic CGE
without model modification.

B. Aggregate supply curve: Sort pixels by
 to reconstruct a nonlinear aggregate

supply curve at any spatial scale
(country, AEZ, watershed), or collapse to
a single area-weighted mean for direct
LANDPOW/C parameterization in
MAGNET and GTAP-InVEST (

).

​ =ε̂i ​ ⋅α̂1 A ​ ⋅i (1 − ​)Ẑi

2018

scale ​ =r ​

​ε̄r

ε ​r
∗

ε ​r
∗

Tabeau, Helming, and
Philippidis 2017 ​ε̄r

r

ε̂

Woltjer et
al. 2014
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Cropland Results
Aggregated elasticities (FAO-calibrated)

Scaled using FAOS’s cropland area and value of agricultural production per area, rent proxy.
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Cultivated Grassland Results
Aggregated elasticities (FAO-calibrated)

Scaled using FAO’s permanent meadows & pastures and the same rent proxy.
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Managed Forest Results
Aggregated elasticities (FAO-calibrated)

Scaled using FAO’s forest land area and the same rent proxy.
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Discussion
Elasticities comparison
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Conclusion
Contributions and next steps

Contributions

First globally consistent pixel-level land supply elasticity
database at 300 m: cropland, cultivated grassland, and
managed forest separately

Standard elasticity definition directly parameterizes curve
(MAGNET, GTAP-InVEST, DEMETRA, SIMPLE-G), two
integration paths into CGE models
Calibrated to FAO observed land use changes; consistent
with Villoria and Liu ( )

Core contribution: spatial heterogeneity at 300 m that
national parameters cannot capture

Potential extensions

Panel estimation (2000–2022) for
cropland and grassland

Formal validation against historical
price shocks

MAGNET/GTAP-InVEST/DEMETRA
parameterization workflows

Tile boundary smoothing refinements
2018
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Appendix
Tile-level market access coefficient

Frontier % = share of tiles with positive . Forest shows highest frontier share; cropland and grassland
show more displacement near urban centres.

​α̂1
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