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Abstract

Understanding how economic systems and ecosystems interact across space is cru-
cial to ensure societal needs are met without compromising environmental quality.
Spatially explicit economic models usually describe human activities and ensuing land-
use dynamics at a resolution that this is too coarse (typically 10–1000 regions) to
understand how these affect many biophysical processes, including ecosystem service
supply (which requires billions of 300m or finer grid-cells). Several land-use change
models exist that allocate coarse land-use changes at finer spatial scales, but there
is no general, global, computationally tractable tool for downscaling to the spatial
scale appropriate for understanding landscape and ecosystem change across different
land-system scenarios. Here, we present a new model, the Spatial Economic Alloca-
tion Landscape Simulator (SEALS), which generates global, high resolution land-use,
land-cover maps from coarse projections of land-use change. SEALS advances land-use
change modeling research in several ways: it uses a novel machine-learning algorithm
to empirically calibrate its parameters; it is a generalized approach that can be applied
to very different types of projections within earth-economy models; and it is compu-
tationally efficient, generating global results at 300m resolution in approximately 1
hour on a laptop computer. We develop SEALS, and apply it to downscale 6 global
scenarios of land-use change from the Shared Socioeconomic Pathways (SSPs) to 300m
resolution, which we make publicly available, allowing researchers to project global,
fine-scale changes in ecosystem services. For carbon storage and sequestration, we find
that, from 2021 to 2100, the SSPs considered result in reductions in carbon storage
and sequestration by 3–21%, and baseline results are 9.17% lower than conventional
estimates using low-resolution inputs. Consistent with prior estimates, we find that
SSPs 3 and 4, which lead to large amounts of tropical deforestation, result in the largest
carbon losses, further exacerbating the climate impacts.
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1 Introduction

Economic activity is a major driver of global changes in land-use and land-cover (here-

after, simply “land-use”), including deforestation, agricultural production, and environmen-

tal pollution [1]. Understanding where those environmental changes happen at fine spatial

scales—typically 30- to 300m grid-cells [2]—is key to understanding their full environmen-

tal effects [3] [4]. Emerging research creates linked earth-economy models [5] [6] [7] that

compute how the economy impacts nature, and vice versa, to assess the performance of

different sustainability policies. However, application of such models is challenging because

it requires assessing human behavior at many different spatial scales while describing very

different types of phenomena, such as international trade or reliance on ecosystem services.

High resolution land-use maps derived from satellite data, such as those from the European

Space Agency’s Climate Change Initiative (ESA-CCI) [8], can be used to estimate current or

historic provision of ecosystem services [9]. However, present-day land-use maps do not let us

analyze counterfactuals, policy scenarios or future projections. Although models increasingly

link economic activities to changes across space, most notably the integrated assessment

models (IAMs) used to define the Shared Socioeconomic Pathways (SSP) scenarios [10] and

their representation of land-use change [11], they typically only do so at spatial resolutions

that are too coarse to understand many biophysical processes and the provision of ecosystem

services [12].

Several land-use change downscaling models have been developed that can estimate high res-

olution land-use changes from coarser estimates such as those from IAMs. Such downscaling

models use high resolution spatial correlates and equations that govern the conversion be-

tween different types of land. However, there is no general, global, empirically-calibrated

tool for downscaling land use changes to this scale that is computationally tractable. The

closest peer-reviewed option for this type of downscaling is CLUMondo [13] [14], but this

model is limited to 4,000 × 4,000 pixels, which is significantly less than the 129,600 × 64,800

pixels in LULC maps from ESA-CCI. Another option, the land-use change downscaling algo-

rithm within the GLOBIO 4 model [15], is able to produce global LULC maps at the desired

resolution, but it uses heuristic suitability relationships that are not calibrated against ob-

served changes. Other approaches in the literature provide methods for downscaling LULC

data based on multinomial logistic regression (e.g., [16]) or more recent extensions using

generalized additive model identified for each land-use class [17]. The approach in Hoskins

et al. [17] provides 1km resolution results, though prior to downscaling, it aggregates Land

Use Harmonization (LUH2) data into 61 bioregions. This means that the amount of land-

2



use change in coarse grid-cells in the LUH2 data do not necessarily match the total of the

downscaled result.

In this paper, we present the first global, high resolution, empirically-calibrated downscaling

model, the Spatial Economic Allocation Landscape Simulator (SEALS). SEALS is an open-

source land-use change prediction model that is very general in its construction, allowing the

user to easily incorporate, for example, their own sets of spatial correlates. For users without

their own data, SEALS provides a high-quality, curated set of the best global, publicly

available base-data for land-use change prediction. SEALS can predict global changes in

land-use at the 300m level, and can do so on a laptop computer within approximately 1

hour. Furthermore, it is empirically calibrated on observed historical changes in land-use,

so that it can downscale potential land-use changes in line with past observations.

Simplified versions of the SEALS methodology have recently been used to generate specific

scenarios for a single land-use type, maize expansion [18], and for particular conservation

policy goals [5] [19]. Here, we advance the SEALS methodology and present a full, general,

and flexible land-use change model that can downscale changes in all land-use types simulta-

neously, and can be used for any land-use change or projection, with empirically calibrated

parameters. We train SEALS parameters on observed time-series data on land-use changes

from 2000–2015.

We use the model to downscale global changes in land use for each RCP-SSP scenario to 300m

resolution. By contrast, a recent, notable study [20] only estimated changes in land use for

RCP-SSP scenarios at 0.05° (∼5km) resolution, which is inadequate for estimating changes

in many ecosystem services. By downscaling to such a high spatial resolution worldwide, we

are able to estimate the changes in carbon sequestration associated with global changes in

projected land use. Previous studies have only estimated these changes for regions such as

the United States ([21], the United Kingdom [22], or Europe [23], or have estimated global

changes in carbon sequestration based on coarse land use projections [24] that are inadequate

because changes in carbon sequestration depend on where land-use change happens at small

spatial scales. Only by examining high resolution, land-use driven changes in ecosystem

services can we properly account for the full range of benefits and costs of our socio-economic

and climate projections.
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2 Methods

Here, we advance the development of the SEALS model, previously described in [5], [18];

and [19]. SEALS identifies how a coarse projection of land-use change can be downscaled to

higher resolutions in a way that best matches historical patterns of change. SEALS does so

by estimating the probability of land-use transitions, which is modeled using 3 components:

land constraints, land suitability, and adjacency effects (see 2.1, 2.2, 2.3; Supplementary

Information 7.1), 7.2, 7.3. SEALS uses the overall probability of land use transitions to

estimate, for any proposed coarse projection of land-use change, where that land-use change

is most likely to occur (see 2.4; Supplementary Information 7.5). Although SEALS is a very

general and flexible model, we describe an implementation of the model that is useful for

estimating ecosystem services in Section 2.5 (also see Supplementary Information 7.9). For

any particular implementation of SEALS, the parameters can be calibrated against historical

land-use data (see 2.6; Supplementary Information 7.6). Finally, we describe how we estimate

changes in carbon storage and sequestration in Section 2.7.

2.1 Land constraints

Land constraints describe the eligibility for any region to transition from its initial land-use

class to any other land-use class (e.g., the middle of a lake is not eligible to transition into a

city). Land constraints not hard-coded into the model and are specified by the user as input

parameters to the model. For example, it is possible to relax land constraints by allowing

water to transition to urban land. It is also possible to specify weights (values between 0

and 1) rather than constraints. Unlike other model parameters, land constraints are not

empirically calibrated.

2.2 Land suitability

Land suitability describes how the probability of any region to transition to any land-use class

depends on colocated spatial input variables. Input variables may include the initial land-use

classification, meteorological and soil variables, or results from land-use specific models, such

as process-based crop models, along with any other variables that the user specifies (which

may or may not contribute to the land suitability, and may or may not be correlated with

each other). In general, SEALS allows for the relationship between the spatial variables and

the probability of land-use transitions to vary across space. For example, we want to capture
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the fact that forest land may be more likely to transition to cropland in South America than

in Africa, even if all other specified variables are constant across the regions.

2.3 Adjacency effects

Adjacency effects refer to how the probability of any region to transition to any land-use

class depends on the land-use classes of surrounding areas. In general, land-use types are not

randomly distributed in space but are rather subject to strong spatial patterns related to

the fact that neighboring land-use types affect the probability of each other’s transition. For

example, an agricultural field in a rural area surrounded by other agricultural fields is unlikely

to become urban land, whereas an agricultural field near a city is likely to become urban

land (see Fig. S1). These “adjacency effects” are empirically estimated in SEALS using

layered spatial convolutions that can model any distance relationship (see Supplementary

Information 7; Fig. S1), which is a novel and flexible approach for handling adjacency.

2.4 Allocating changes in land use

After estimating the probability of each region to transition to each land-use class, SEALS

allocates (coarse) projected changes in land use to these regions sequentially in rank order

(i.e., from most probable to least probable), until there is no more area to convert. In

general, the result can depend on which land-use type is allocated first. Following Johnson

et al. [25], SEALS allocates very small amounts, repeating until all the land is allocated.

The choice of amount of land to allocate at each step can be made to decrease as the amount

of projected land remaining in each land-use type decreases. For small enough amounts of

land, the ordering of the land-use types makes very little difference to the result [25].

2.5 Implementation

We implement the model for use in spatially downscaling coarse, global land-use change

predictions given by [11], for the following choices of Representative Concentration Pathways

(RCP) and Shared Socioeconomic Pathways (SSP) (hereafter, referred to as “RCP-SSP

scenarios”): RCP 2.6, SSP 1; RCP 3.4, SSP 4; RCP 4.5, SSP 2; RCP 6.0, SSP 4; RCP 7.0,

SSP 3; and RCP 8.5, SSP 5. The RCP-SSP scenarios are standardized pathways exploring

how socioeconomic, environmental, and technological change might occur in the coming

decades; a more complete description of the RCP-SSP scenarios is given by [11].
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The outputs generated by this implementation are those needed for models that analyze the

environmental impacts of land-use changes on ecosystem services, such as with the InVEST

(Integrated Valuation of Ecosystem Services and Tradeoffs) suite of ecosystem service models

[26].

In this implementation, there are 7 discrete land-use classes, corresponding to land-use classes

given by the European Space Agency Climate Change Initiative (ESA-CCI). These are: ur-

ban, cropland, grassland, forest, non-forest natural, water, and barren land. There are 1.036

million source regions i, corresponding to each 0.25°(∼30km) grid-cell in the coarse, global

land use predictions for each RCP-SSP scenario. A unique set of parameters is identified for

each region corresponding to each 1.0°(∼110km grid-cell) tile on earth using the calibration

algorithm described above.

For calibration, the initial land-use map is the ESA land-use map from years 2000 until 2015.

Once the set of optimized parameters are found, the projections from RCP-SSP scenarios,

calculated as changes from 2015, are applied to the 2015 ESA land-use map for the years

2021, 2030, 2050, 2070 and 2100. Other than the land-use maps, the spatial predictors in

the model are: sand content (%), silt content (%), soil bulk density, soil cation exchange

capacity, soil organic content, strict protected area, air temperature (°C), travel time to

market (min), presence of wetlands, altitude (meters), above ground carbon (Mg ha-1), clay

content (%), soil pH, population, and precipitation (mm) (see Table S1 for all data sources

and citations).

The adjacency effects have the potential to vary differently at different spatial scales. In

this implementation, we chose to focus on two scales (See Supplementary Information for

more details). We trained the coefficients defined in Table 1 uniquely for each 1°tile on

Earth, removing any tile where there was no projected change in the LUH2 data (which

drops, for instance, oceanic tiles). The total number of solved parameters is large: 43 input

layers multiplied by 5 changing land-use classes identified for 17,368 valid tiles generates 3.73

million total coefficients to estimate. These trained parameters are publicly available in the

provided data repository, and can be used in other projects.

2.6 Parameter estimation

The SEALS model has several parameters whose values are to be determined empirically

(see Supplementary Information 7 for more details). Although sensible parameters may be

chosen based on expert opinion [18], the SEALS model allows for more empirically guided

and quantitative approaches to parameter estimation, that are easier to validate and easily
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allow for the parameters to vary spatially. For this implementation of SEALS, a machine

learning approach is used to estimate the parameters, where a step-wise search algorithm

chooses parameters until a loss function is locally minimized. We employ a loss function that

represents the normalized absolute difference between Gaussian convolutions of the predicted

land use (based on some choice of parameters) and the empirically observed land use (see

Supplementary Information 7 for more details).

2.7 Ecosystem service estimation

To show how SEALS can be used to estimate global ecosystem service provision, we run

the Carbon Storage and Sequestration model from InVEST [26] to calculate global carbon

storage estimates for each year and RCP-SSP scenario, using the Intergovernmental Panel

on Climate Change (IPCC) tier-1 carbon sequestration calculation method [27].

3 Results

The global SEALS simulations described in Section 2.5 for estimating land-use changes at

300m resolution required 62 minutes (system: 10th generation Intel i7 processor). Unlike

other land-use change models, SEALS is fully parallelized and is not limited by available

computer memory, allowing for fast, tractable computation of high resolution, global land-

use maps.

We use SEALS to estimate high resolution (300m) changes in land-use for each RCP-SSP

scenario for years 2021, 2030, 2050, 2070 and 2100 (see Figure 1 for global maps, and Figure

2 for a sample illustration). A dataset of our results is publicly available (see 5), providing

the first comprehensive set of land-use change estimates based on the RCP-SSP scenarios

that are of suitable resolution to be used in ecosystem service models such as InVEST.

Figure 3 shows that, in all RCP-SSP scenarios considered here, global above-ground carbon

storage is reduced in 2100 relative to 2021. This is especially true for scenarios in which

there is a large amount of deforestation, such as RCP 3.4 SSP 4.

We also compared our carbon storage results to a method that calculates carbon storage

based only on the coarse input data on land-use change. For the coarse resolution estimate,

we first calculated a coarse map of carbon storage by upscaling our carbon estimate from

the baseline year (2015), thereby washing-out the fine-grain detail of our improved LULC

map (See Figure 4 for illustration). Next, we calculated carbon loss by following a method
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commonly used in coarse-scale carbon accounting approaches (e.g., [28]), in which we assume

that that every hectare of agricultural expansion lowers carbon storage by the ratio of carbon

present in forest LULC classes divided by the carbon present in agricultural LULC classes

(specifically, 92.7%, based on the values in this region using the IPCC method). We found

that total carbon storage in the region would be 59.5 Mt, which would be an overestimate

by 9.17%. Although these carbon calculations are highly simplified, the large range of

estimates shows that using high resolution estimates are very important for calculating one

important ecosystem service. Future research could be done to compare our results to carbon

sequestration results from a dynamic global vegetation model [29], or to show more fully the

degree to which different ecosystem services are affected by high resolution heterogeneity.

4 Discussion

In this paper, we described the SEALS model, a new, computationally tractable, global, open

source, replicable, and empirically calibrated land-use change model. SEALS is a general

and flexible model, allowing the user to specify, for example, which land-use classification

system to use (including whether it is discrete or continuous); the number and type of spatial

predictors to use to determine the suitability of land to transition; the output spatial resolu-

tion; and the spatial scales of adjacency effects. Further, the parameters used in describing

the relationships between the input variables and the probability of land transitions are not

hard-coded into SEALS; rather, they can either be either specified by the user or empirically

calibrated, depending on the user’s needs.

As well as presenting a new model, here we use the model to derive the first set of land-

use change estimates based on the RCP-SSP scenarios that are of suitable resolution to be

used in ecosystem service models. Obtaining high resolution land-use results such as these

are critical for understanding interactions between people and nature, which is evidenced by

multiple publications that would not have been possible without such downscaling techniques

(e.g., [3] [5] [9] [18]). The results from these studies depended greatly on the exact location

where land-use change was projected.

Our estimates of high resolution land-use change from the RCP-SSP scenarios rely on directly

downscaling coarse (15-arcminute, or∼30km), gridded land-use change estimates [11] derived

from multiple IAMs. Because many of the underlying IAMs are computed on a much smaller

number of regions (e.g., 26 regions for IMAGE), there were unavoidable artefacts across

coarse grid cells, where changes tend to cluster on the border of each source region. This

happens when the projected change has not been observed in the historical data, and might
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Figure 1: High resolution changes in land-use from 2030–2100 relative to the 2015 baseline
(top right) as predicted by SEALS (right column) from input coarse projections of each
land-use type (left column shows input coarse projections of cropland as an illustration).
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Figure 2: High resolution changes in land-use from 2030–2100 for RCP8.5 SSP5 relative to
the 2015 baseline (top right) for a sample region, as predicted by SEALS (rightmost column)
from input coarse projections of each land-use type (leftmost column and middle column
show input coarse projections of forest/natural land and cropland as an illustration).
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Figure 3: Global, above-ground carbon storage by each RCP-SSP scenario for 2021–2100.

represent an extremely large or improbable change. Where the training data contains enough

observed changes, the artefacts are largely removed. Our approach, that runs SEALS directly

on the coarse, gridded land-use change estimates, maintains consistency across the different

IAMs and has increased spatial realism. Future work may combine the coarse downscaling

approach described in [11] with the fine-scale downscaling approach using SEALS, to alleviate

some of the issues.

SEALS can be run with a wide variety of inputs, including either the coarse-gridded or

regional-polygon representations of land-use change in the IAMs. This flexibility has been

critical in recent applications of SEALS in earth-economy modeling [5] [6], which downscaled

land-use change predicted by the GTAP-AEZ model [28] [30] based on 341 regions and agro-

ecological zones (rather than coarse-gridded projections). By maintaining input flexibility,

SEALS is able to downscale land-use change across the wide range of methods used within

global sustainability models. For example, future work will link SEALS into the MAgPIE

IAM model [31].

SEALS currently only provides the projected land-use change as output, but it could be

augmented to provide the standard error, uncertainty bounds, or a distribution of potential

land use changes. Additionally, as discussed above, SEALS currently takes its coarse land use
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Figure 4: Estimated changes in above-ground carbon in 2050 (bottom row) under scenario
RCP8.5 SSP5, using different assumptions for downscaling the coarse changes (top right) to a
finer spatial scale (middle row) using SEALS. The “Baseline” SEALS result uses empirically
calibrated parameters derived from past changes in land-use; “Ag Into Forest” uses param-
eters that preferentially convert forest into agriculture, as is commonly assumed in land-use
models; “Random Parameters” uses a randomly assigned set of SEALS parameters. We also
estimate above-ground carbon without downscaling (bottom right).
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change inputs as given, but, in practice, they are likely to have errors. Further research could

modify SEALS to assume that the coarse land use inputs are observed with some error (such

as by using a Bayesian hierarchical framework), allowing the algorithm to modify the coarse

projections to result in fewer artefacts. A further area for improvement is to greatly extend

the range of convolutional relationships considered. Specifically, methods within machine

learning that utilize convolutional neural networks are performing computationally similar

tasks (though they are applied to a very different domain). Advances from this field, or

related methods that use generative adversarial networks to simulate satellite photography,

could be used to further expand the predictive power of SEALS.

SEALS has many potential uses. Its ability to cross spatial resolutions from (typically coarse)

economic land use projections to (typically fine-scale) requirements for environmental models

is one major application. Here, we provide the first empirically-calibrated land use change

estimates suitable for calculating ecosystem service models globally. We provide a database

of the projections for 6 RCP-SSP scenarios out to 2100, ready for use in models such as

InVEST to estimate changes in ecosystem services that will result from each scenario. Many

other models, such as those described in a recent ecosystem service intercomparison project

[3], were limited by the need to have high resolution land-use inputs. This includes air quality

models such as such as InMAP, which has grid cells as small as 4 km globally [32]. Because air

quality health impacts are felt strongly at a local scale, understanding how land-use change

impacts air quality worldwide may benefit from using SEALS [33]. For these applications,

global land use projections from integrated assessment models estimated at 30km resolution

or coarser may have large inaccuracies. Overall, to understand interconnections between

people and nature that exhibit complex spatial heterogeneity, it is necessary to increase the

resolution of our models.

5 Data Access & Code Availability

All data inputs and outputs, along with all code used, is open-source and readily available.

Data may be accessed at https://doi.org/10.5281/zenodo.14506512.

Code is available at https://github.com/jandrewjohnson/seals.
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Supplementary Information for

Projecting global changes in land use and ecosystem services using SEALS

(Spatial Economic Allocation Landscape Simulator)

7 Mathematical description of SEALS

Our overall goal is to find Ŷijk, the land-use change allocated to “target” (i.e., high resolution)

regions i within “source” (i.e., coarse resolution) regions j, with land-use class k, for all

i, j, k, subject to the constraint that:
∑

i

(
Ŷijk × wij

)
= Zjk,

where Zjk are the areal land-use changes in the source regions and wij are the areas of each

target region. This says that overall land-use change for each jth source region is equal to

the summation of all ith changes in the source region.

The land-use classification k can be discrete (e.g., a region can either be “forest” or “crop-

land”) or continuous (e.g., a region can be 65% forest and 35% cropland). For discrete

classifications, we have the constraint that:

∀ij ∃k′
s.t. Ŷijk =

{
1 for k = k′

0 otherwise

i.e., Ŷijk takes only the values 0 and 1, and each target region has exactly one land-use

type k′ (for which Ŷijk′ = 1). For continuous land-use classifications, this constraint simply

becomes
∑

k Ŷijk = 1. Although the SEALS model allows for both discrete and continuous

land-use classifications, for simplicity we describe the SEALS model here only with reference

to discrete land-use classification, which will produce outputs similar to typical land-use

maps such as from the ESA-CCI.

Ŷijk is found by first training Pijk, the overall probability of each target zone i in each source

zone j to transition to each land-use class k, on a set of observed land-use changes. Once

found, Pijk is then used to project future fine-scale land-use change from coarse predictions.

SEALS models the overall suitability Pijk for each target zone to transition to the land-use

class k, based on three main components: land constraints, land suitability, and adjacency

effects. Land constraints describe the eligibility for any region to transition from its initial

land-use class kij0 to any other land-use class (e.g., the middle of a lake is not eligible to

transition into a city). Land suitability depends on spatial input variables, such as the initial

land-use classification, meteorological and soil variables, or results from land-use specific
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models, such as process-based crop models, along with any other variables that the user

specifies. Finally, we consider adjacency effects on land-use transition probabilities in a

novel and flexible way. We assume land-use types are not randomly distributed in space but

are rather subject to strong spatial patterns related to the fact that neighboring land-use

types affect the probability of each other’s transition (e.g., an agricultural field in a rural

area surrounded by other agricultural fields is unlikely to become urban land, whereas an

agricultural field within a city is likely to become urban land). These “adjacency effects”

are empirically estimated in SEALS using layered spatial convolutions that can model any

distance relationship. The following subsections describe each of these SEALS three main

components.

7.1 Land constraints

Land constraints are modelled by an operator C : 〈k, kij0〉 → Mijk, that creates a matrix of

1s, except for certain pairs of 〈k, kij0〉 where it is assigned 0, and generates a new assignment

for the overall probability. For example,

Pijk′ = 0 if (kij0 = water & k
′
= urban)

Land constraints not hard-coded into the model and are specified by the user as input

parameters to the model. For example, it is possible to relax land constraints by allowing

water to transition to urban land. It is also possible to specify weights (values between 0

and 1) rather than constraints. Unlike other model parameters, land constraints are not

empirically calibrated (a process we describe in Section 7.6). Because Pijk is not strictly a

probability, there is no need to renormalize it each time C is applied.

7.2 Land suitability

We want to find the contribution of land suitability to Pijk, the overall suitability for land

in target region i in source region j to transition to land-use k. We define a vector (with a

preferred basis) of spatial variables, V n, each element of which may or may not contribute

to the land suitability. For simplicity, the variables i and j are omitted, but each element of

V n in general varies across source and target regions.

SEALS models the contribution of each of the spatial variables in V n using a vector of

parameters, β̂n ∈ (−∞, +∞), such that the contribution of land suitability to Pijk is
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β̂nT · V n

The user can provide arbitrary spatial variables as inputs to SEALS, such as meteorological

variables, soil variables, and economic variables, regardless of whether they are correlated

with each other, or whether they are expected to affect the suitability for land to transition.

In particular, we are concerned with the current land-use, Lijkt0 , which is classically assumed

to affect the probability of land-use transitions (e.g., [34]). In other words, by reordering

variables, we can decompose V n into

(
Lijkt0

Uij

)
, and β̂n into

(
β̂1

β̂2

)
.

In general, SEALS allows for the relationship between the spatial variables and the prob-

ability of land-use transitions to vary across space. e.g., we want to capture the fact that

forest land may be more likely to transition to cropland in South America than in Africa,

even if all other specified variables are constant across the regions. To this end, we define

regions q (e.g., continents, or agro-ecological zones) larger than the source regions j such

that β̂ijk = β̂i′j′k = β̂qk for all i, j, i
′
, j

′
in q.

We describe the process for empirically calibrating the parameters β̂n
qk in Section 7.6.

7.3 Adjacency effects

For all i, j we can assign a distance metric D(i, j, i
′
, j′) between the target zone i in source

zone j and any target zone i′ in any source zone j′. We choose D to be the Euclidean distance

between the centroids of i in j and i′ in j′.

Then, we define our discretized Gaussian function as:

Gi,j

(
σ, i

′
, j

′
)

=
1

2πσ2
e−

D2(i,j,i
′
,j
′
)

2σ2

For some choice of σ (described below). We can apply a Gaussian convolution [35] to the

current land-use, i.e.,

L′i′j′kt0 = Gij

(
σ, i

′
, j′
)
∗ Lijkt0 =

∑
ij

Gij

(
σ, i

′
, j′
)
Lijkt0

After convolving the map, by applying the Gaussian convolution, every target zone will carry

some information about the adjacent land. In the unconvoluted land-use map, by contrast,

21



the values in each target zone tell us only what the land-use type is within that target zone.

Adjacency effects can happen at multiple spatial scales, governed by the σ parameter in the

Gaussian distribution. SEALS allows for multiple scales of adjacency effects by allowing the

user to choose a set of parameters, σm = σ1, σ2, . . .

The adjacency effect is then given by

∑
m,l,k

α̂qlkGij

(
σm, i

′
, j′
)
∗ Lijkt0

Here, α̂qlk ∈ (−∞, +∞) is a set of parameters to be empirically calibrated. Like β̂qk above,

these parameters can vary over regions q.

Note that the Gaussian convolution extends over source regions j which are not in general

treated as boundaries. The global boundary of the domain is handled by a zero-padding

boundary extension [35]. Figure S1 illustrates how the adjacency effect from cropland and

urban land on cropland expansion is calculated for Minnesota, United States of America

(USA).

7.4 Overall suitability of land-use transitions

We combine the equations from the above components to arrive at an equation for the overall

suitability of land-use transitions:

Pijk = C (〈k, kij0〉)

(∑
m,l,k

α̂qlkGij

(
σm, i

′
, j′
)
∗ Lijkt0 +

∑
q,k

β̂nT

qk · V n

)

This equation includes the values of C, α̂qlk, and β̂n
qk, which are to be empirically calibrated,

as described in Section 7.6.

7.5 Allocating changes in land use

Once we know Pijk for some set of parameters, we can use it to allocate changes in land-

use Zjk specified at the coarse scale (e.g., from our economic model or other global land-use

change models) to fine scale changes in our high resolution target zones i. To do this, SEALS

first generates a rank ordering of all Pijk in each region j, for each land-use type k. SEALS
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Figure S1: Explanation of adjacency effects. (a) An illustration of the adjacency effect
from one grid cell of cropland (left) or urban land (right), on the probability of land-use
transitions to cropland in neighboring grid cells. The images illustrate the adjacency effects
in 2 dimensions, where the grid cell of crop or urban land is in the center of the circles. As
the adjacency effect is isotropic, the effect can be illustrated in 1 dimension, as shown by
the line graphs. (b) An illustration of the adjacency effect from current cropland (left) and
urban land (right), and their sum (bottom), in Minnesota, USA.
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then sequentially allocates the total land-use change Zjk for each source region to the target

regions, from most probable to least probable, until there is no more area to convert.

In general, the result can depend on which land-use type k is allocated first. Following [25],

SEALS sorts the land-use types k = k1, k2, . . . into alphabetic order, and then allocates

very small amounts δZjk1 of land-use type k1, followed by very small amounts δZjk2 of land-

use type k2 etc., repeating until all the land is allocated. The choice of amount of land to

allocate at each step, δZjk, can be made to decrease as the amount of Zjk remaining in each

land-use type decreases. For small enough δZjk2 , the alphabetical ordering of the land-use

types makes very little difference to the result [25].

7.6 Parameter estimation

The SEALS model, as described above, is parameterized by the variables C, α̂qlk, and β̂n
qk,

whose values are to be determined. Although sensible parameters may be chosen based on

expert opinion [18], the SEALS model allows for more empirically guided and quantitative

approaches to parameter estimation, that are easier to validate and easily allow for the

parameters to vary spatially.

Here, we describe an approach to estimate parameters in SEALS that is achieved by, (a)

defining a loss function (see Section 7.7) that acts as a metric for how similar two land-use

maps are, and (b) estimating the parameters using a step-wise, “greedy” search algorithm

that minimizes the loss function (see Section 7.8).

7.7 Loss function

We first define a similarity metric DG between two land-use maps, Ŷijk and Yijk:

DG(Ŷijk, Yijk) =
1

2N

∑
k

∣∣∣Gij

(
σ, i

′
, j′
)
∗ Ŷijk −Gij

(
σ, i

′
, j

′
)
∗ Y ijk

∣∣∣
where Gij

(
σ, i

′
, j′
)
∗ represents the Gaussian convolution as described in Section 7.3, and N

is the number of grid cells. The similarity metric represents the sum of the region-by-region

differences between the two land-use maps, except for the fact that both land-use maps have

been blurred by the convolution. This accounts for the fact that images can be similar when

nearby regions have the same land-use classes, even if they do not exactly overlap. DG ranges
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Figure S2: Explanation of the similarity metric for use in model calibration or evaluation,
visualized for the Krasnodar region of Russia. The baseline land-use (top) and observed
future land-use (middle right) are taken from the ESA for a sample region; the projected
future land-use (middle left) is found using SEALS from the baseline land-use, given coarse
changes in future land-use. The difference between the (convolved) projected future land-use
and the (convolved) observed future land-use for all land-use types is also shown (bottom);
the sum of these differences gives rise to the similarity metric, as can be used for model
calibration or evaluation.

from 0–1: for two identical land-use maps, DG = 0; for two land-use maps that are exactly

orthogonal (e.g., one that is all forest and another that is all cropland), DG = 1.

DG can be used to find the similarity between predicted and observed land-use maps, so as to

score the predictions according to how close they match observations. For a set of land-use

predictions generated by a choice of parameters, DG can be used as a loss function, and a

choice of parameters can be found that minimizes DG and thus best predict the observed

land-use change. Figures S2 and S3 illustrate how the similarity metric is found for a sample

region.
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Figure S3: An illustration of comparisons between observed and projected land-use types
for a region surrounding Rwanda (left column), alongside the input coarse land-use inputs,
and the resulting similarity between projected and observed changes, for each land-use type
(right column).
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7.8 Calibration

To calibrate the model, we use a gradient-descent search algorithm that does the following:

(a) sets the parameters at an initial starting value (for example, those in Table 1);

(b) runs the SEALS model on an initial land-use map, Lijkt0 , and a coarse-grained change

in land-use (i.e., Zjk) calculated from an observed land-use map from a later year;

(c) uses the loss function to find how similar the predictions are to the observed land-use

map, and

(d) iteratively updates the parameters based on the value of the loss function, until no

further improvements can be found.

Once we have found the correctly calibrated parameter set, we can use these parameters in

the equation for Pijk given in Section 7.4. Then, for any change in land-use Zjk, we can

arrive at our desired high resolution land-use map Yijk by again allocating the changes in

land-use using the method described in Section 7.5.

7.9 Implementation

As we have described it, SEALS is a very general model, allowing for arbitrary spatial input

variables. Here, we describe an implementation of the model for use in spatially down-

scaling coarse, global land-use change predictions given by [11], for the following choices of

Representative Concentration Pathways (RCP) and Shared Socioeconomic Pathways (SSP)

(hereafter, referred to as “RCP-SSP scenarios”): RCP 2.6, SSP 1; RCP 3.4, SSP 4; RCP

4.5, SSP 2; RCP 6.0, SSP 4; RCP 7.0, SSP 3; and RCP 8.5, SSP 5. The RCP-SSP scenarios

are standardized pathways exploring how socioeconomic, environmental, and technological

change might occur in the coming decades; a more complete description of the RCP-SSP

scenarios is given by [11].

The outputs generated by this implementation are those needed for models that analyze the

environmental impacts of the land-use change on ecosystem services, such as with the In-

VEST (Integrated Valuation of Ecosystem Services and Tradeoffs) suite of ecosystem service

models [26].

In this implementation, there are 7 discrete land-use classes k, corresponding to land-use

classes given by the European Space Agency Climate Change Initiative (ESA-CCI). These

are: urban, cropland, grassland, forest, non-forest natural, water, and barren land. There
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are 1.036 million source regions i, corresponding to each 0.25°(∼30km) grid-cell in the coarse,

global land use predictions for each RCP-SSP scenario. A unique set of parameters is iden-

tified for each region q, corresponding to each 1.0°(∼110km grid-cell) tile on earth using the

calibration algorithm described above.

For calibration, the initial land-use map Lijkt0 is the ESA land-use map from the year 2000.

Once the set of optimized parameters are found, the projections from RCP-SSP scenarios,

calculated as changes from 2015, are applied to the 2015 ESA land-use map for the years

2021, 2030, 2050, 2070 and 2100. Other than the land-use maps, the spatial predictors Uij

in the model are: sand content (%), silt content (%), soil bulk density, soil cation exchange

capacity, soil organic content, strict protected area, air temperature (°C), travel time to

market (min), presence of wetlands, altitude (meters), above ground carbon (Mg ha-1), clay

content (%), soil pH, population, and precipitation (mm) (see Table 1 for all data sources

and citations).

The adjacency effects have the potential to vary differently at different spatial scales. In this

implementation, we chose to focus on two scales, summarized by, σm = 1 or 5. 1 corresponds

to a short-range adjacency effect, and 5 corresponds to a long-range effect. Table 1 gives the

full list of parameters used in this implementation of SEALS, and the initial values used in

the empirical calibration.

We trained the coefficients defined in Table 1 uniquely for each 1°tile on Earth, removing

any tile where there was no projected change in the LUH2 data (which drops, for instance,

oceanic tiles). Data sources are noted in superscripts as follows: 1. (Lamarche et al., 2017)

[8]; 2. (Hengl et al., 2017) [36]; 3. (Leberger et al., 2020) [37]; 4. (Fick & Hijmans, 2017)

[38]; 5. (Weiss et al., 2018) [39]; 6. (Gumbricht et al., 2017) [40]; 7. (J. A. Johnson, 2019)

[41]; 8. (CIESIN, 2016) [42].
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Parameter name Parameter Type Urban Crop-
land

Grass-
land

Forest Non-
forest

natural

Urban constraint1

Constraint (C)

1 1 1 1 1

Cropland constraint1 1 0 1 1 1

Grassland constraint1 1 1 0 1 1

Forest constraint1 1 1 1 0 1

Non-forest Natural constraint1 1 1 1 1 0

Water constraint1 0 0 0 0 0

Barren & other constraint1 0 0 0 0 0

Urban suitability1

Land-use presence (β̂1)

0 0 0 0 0

Cropland suitability1 0 0 0 0 0

Grassland suitability1 0 0 0 0 0

Forest suitability1 0 0 0 0 0

Non-forest suitability1 0 0 0 0 0

Water suitability1 0 0 0 0 0

Barren & other suitability1 0 0 0 0 0

Sand percent2

Spatial covariates (β̂2)

1 1 1 1 1

Silt percent2 1 1 1 1 1

Soil bulk density2 1 1 1 1 1

Soil cation-exchange capacity2 1 1 1 1 1

Soil organic content2 1 1 1 1 1

Strict protected area3 1 1 1 1 1

Temperature4 1 1 1 1 1

Travel-time to market5 1 1 1 1 1

Wetlands presence6 1 1 1 1 1

Altitude4 1 1 1 1 1

Carbon above-ground content7 1 1 1 1 1

Clay %2 1 1 1 1 1

pH2 1 1 1 1 1

Population8 1 1 1 1 1

Precipitation2 1 1 1 1 1

Urban adjacency; near1
Adjacency variables (α̂k)

10 5 1 1 1

Cropland adjacency; near1 1 10 1 1 1

Grassland adjacency; near1 1 1 10 1 1

Forest adjacency; near1 1 1 1 10 1

Non-forest natural adjacency; near1 1 1 1 1 10

Water adjacency; near1 1 1 1 1 1

Barren adjacency; near1 1 1 1 1 1

Urban adjacency; far1 2 0.4 0.2 0.2 0.2

Cropland adjacency; far1 0.2 2 0.2 0.2 0.2

Grassland adjacency; far1 0.2 0.2 2 0.2 0.2

Forest adjacency; far1 0.2 0.2 0.2 2 0.2

Non-forest natural adjacency; far1 0.2 0.2 0.2 0.2 2

Water adjacency; far1 0.2 0.2 0.2 0.2 0.2

Barren adjacency; far1 0.2 0.2 0.2 0.2 0.2

Table 1: The parameters used in this implementation of the SEALS model. The param-
eter type column describes how the variable is used in the SEALS model. The rightmost
columns give the initial values for different land-use types. These values are updated for
some parameters as the model is empirically calibrated.
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