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patapescriptor | Of global land use and land cover

from 2020 to 2100 ata 1 km
resolution
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. Afine global future land use/land cover (LULC) is critical for demonstrating the geographic

. heterogeneity of earth system dynamics and human-earth interaction. In this study, we produced a
1km global future LULC dataset that takes into account future climate and socio-economic changes
as well as the impact of simulated results of the former year on temporally adjacent periods. By
incorporating the variations in climatic and socio-economic factors, we differentiated LULC suitability
probabilities for historical and future periods across representative SSP-RCP scenarios. Then, by using

 animproved cellular automata model-PLUS to simulate the patch-level changes of various land classes,

. we iteratively downscaled water-basin-level LULC demands in various future scenarios to a spatial

© resolution of 1km. Our dataset achieves a high degree of simulation accuracy (Kappa=0.94, OA=0.97,

: FoM=0.10) and precisely captures the spatial-temporal heterogeneity of global LULC changes under

. the combined effects of climate change and socio-economic development. This robust and fine-scale

© LULC dataset provides valuable spatially-explicit information essential for earth system modeling and
intricate dynamics between anthropogenic activities and the environment.

Background & Summary
. Land use and land cover (LULC) change reflects the intricate interaction between climate change and intensive
: human activities' and is closely correlated to various terrestrial processes such as biodiversity, earth surface
energy balance, atmospheric circulation, and carbon cycle?. From 1982 to 2016, 60% of land transformation was
due to anthropogenic activities such as the invasion of cropland and built-up area®. This trend may continue to
intensify in the foreseeable future with the ongoing population growth and economic development. Predicting
global-scale land use dynamics under future socio-economic and climate scenarios is essential for implementing
. effective land utilization decisions towards sustainable development goals. Furthermore, global LULC at a suita-
. ble geospatial resolution serves as a key input of the earth system model, which represents a crucial component
© for simulating the geographic heterogeneity of earth system dynamics as well as anthropogenic environmental
impacts.

Early LULC projections mostly forecast global land use demands at subregional levels, which are generally
obtained from integrated assessment models (IAMs) such as AIM (Asia-Pacific integrated model), modular
applied general equilibrium tool (MAGNET), Integrated Model to Assess the Global Environment (IMAGE),

. and Global Change Assessment Model (GCAM). For instance, AIM simulates future regional land use dynamics
. by categorizing the world into 17 geopolitical regions®, as compared to a classification of 26 world regions in the
: MAGNET model’. Therefore, IAM-based LULC projections suffer from a lack of geospatial details or a coarse
: resolution®~”. To improve the spatial resolution, the Land Use Harmonization project as part of the CMIP6 pro-
* duced future-scenario-based global LULC on a 0.5° grid for Land Use Harmonization Version 1 (LUH1)® and
. later boosted the spatial resolution to 0.25° for LUH2’. Chen et al.'® further refined the spatial information of
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global LULC from 2015 to 2100 under an enriched package of SSP-RCP scenarios by developing the Demeter
tool, and downscaled future land use demands obtained from GCAM to a 0.05° resolution. Yet, the spatial res-
olution in these studies, ranging in a wide spectrum from five arc minutes to 0.5° 8-14 is not sufficient to capture
the geographic heterogeneity of land use dynamics. As clarified by Li et al.'®, some widely-adopted land cover
products even at a grid scale of 10km may yield substantial deviations when depicting the geospatial changes of
land cover patterns, which may in particular cause severe distortions to global urban land patterns'®. Moreover,
the deviations in LULC projections may cause a spread of uncertainty in earth system models (ESMs), thus jeop-
ardizing the accuracy of ESM output data as well as the applicability of land use products'>'”.

Cellular automata (CA) have proved to be efficient in allocating land use to more spatially-explicit details,
which are capable of defining the rules of cell-to-cell transformation as well as their adaptive behaviors and
thus simulating the complex geospatial patterns. By integrating with land use demands generated from IAMs,
CA models are capable of simulating scenario-based gridded LULC datasets with a finer resolution (normally
1km). For instance, Li et al.!® generated a future land use dataset (2010-2100) by applying the FLUS model
to downscale the land-use demands of 17 global regions in the IMAGE model on a 1km grid. A recent effort
by Chen et al.'® has moved a further step to integrate land use demand data from LUH2 into 31 geopolitical
regions and then used the FLUS model to downscale the regional land-use data to a 1 km resolution under typ-
ical SSP-RCP scenarios. Yet, recent works'>!? highlighted that using the land use demand of highly-integrated
geopolitical regions generated from IAMs (such as the 17-region classification in IMAGE and 31-region classi-
fication adopted in the abovementioned study) for spatial downscaling may fail to preserve the geographically
heterogeneous characteristics of global land patterns, given that land use patterns may differ substantially across
subregions that are geopolitically integrated but with totally different climate and soil conditions.

Moreover, existing practices of future land use allocation generally utilize historical baseline to simulate land
use dynamics under representative SSP-RCP scenarios, overlooking the effects of the simulated results of the
former year on subsequent ones'®'°. Additionally, previous studies generally rely on the empirical relationship
between historical driving factors and land use, neglecting that the correlation is subject to variations in climatic
and socio-economic factors. According to the recent work by Chen et al.?°, existing research utilizing CA models
for LULC simulation often lacks the ability to reflect the potential future variations in the relationship between
driving forces and land use owing to climate change. In the foreseeable future with intensified climate change,
the climate zones encompassing almost half of the world’s land surfaces may undergo drastic changes®*2. Hence,
the accuracy of future land use dynamics, especially those natural land classes like vegetations that are par-
ticularly susceptible to climate change effects®, may be largely jeopardized if we persist on adopting historical
suitability probability for allocating future land use demand to a higher spatial resolution.

This study aims to produce a gridded dataset of global LULC at 1km X 1km resolution under typical
SSP-RCP scenarios from 2020 to 2100 by combining the Patch-generating Land Use Simulation (PLUS) model
and GCAM. Firstly, we use GCAM to simulate global land use demand at the water-basin level and calibrate
urban land use generated from GCAM by means of a multivariate regression method. Compared to other IAM
models such as IMAGE and AIM, GCAM has its advantages in simulating the spatial heterogeneity of global
LULC with a classification of 235 regions at the water-basin level, by taking into account the discrepant land
cover patterns in different agro-ecological zones and diversified socio-economic levels of different geopolitical
regions. Secondly, by using the PLUS model to simulate the patch-level changes of various land classes driven by
future suitability probabilities, we allocate the regional land use demand in various future scenarios to a spatial
resolution of 1km x 1km. Finally, we compare the gridded dataset for future LULC with existing land use prod-
ucts to validate the accuracy of the results. This new dataset guarantees consistency across different SSP-RCP
scenarios at explicit spatial details. Moreover, compared to other LULC products for future periods, this gridded
dataset fully incorporates the impact of simulated results on temporally adjacent simulations and enhances the
fidelity by using future suitability probabilities for land use projection. The outcome of this study can greatly help
improve the accuracy of simulating earth system dynamics and modeling human-earth interaction.

Methods

Overall framework. Figure 1 shows the overall framework for simulating future global LULC. First of all,
the global development pathway (SSP-RCP) parameters in the context of climate change were input into the
GCAM model to predict the total area (called “demand”) of each LULC type at the water-basin scale under future
scenarios. This was followed by allocating land use demands within each basin to spatially-explicit details using
the PLUS-LEAS model. Regarding accuracy verification for historical periods, both historical land use data and
associated driving factor data (see Table 1), which have been resampled to 1 km resolution and transformed into
the Mercator projection, were fed into the PLUS-LEAS model to generate the historical suitability probability. By
taking the quantity of actual land use as demands and giving full account to the competition between different
land classes as well as LULC growth constraints under the demand-driven principle, we adopted PLUS-CARS
as a CA-based model to downscale the historical land use demand on a 1km x 1km grid. The simulated results
were then cross-verified for accuracy with actual data. Regarding accuracy verification for future periods, future
suitability probability maps were generated using historical and future driving factors. These are incorporated
into the PLUS-CARS model in conjunction with land use data from the preceding phase of the simulation period,
predicted future LULC demand, and restriction zone data, which allows for the spatial-temporal dynamic simu-
lation of future global land use/cover pattern changes.

Projection of LULC demand. GCAM is an open-source, multi-sector coordinated IAM developed by the
Pacific Northwest National Laboratory (PNNL), which gains wide applications in modeling agriculture and land
use!®!®, water supply and demand®, and greenhouse gas emissions®*?*. GCAM harmonizes and simulates the
behavior and interaction between five systems: the energy system, water, agriculture and land use, economy and
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Fig. 1 Overall framework of LULC simulation under various SSP-RCP scenarios.
Category Data Year Resolution/Scale Source
Land Land use/Land cover 2000, 2020 300m ESA-CCI*®
Population density 2020 1km GPW v4.11%
Gross domestic product 2019 1km Chen et al.®®
Future population under SSPs | 2020-2100 0.5° Jiang et al.?>¢
Socio-economic data Fut F] " duct
uture gross domestic product | 5020-2100 10km Murakami ef al. %%
under SSPs
. - A0l Natural Earth (http://www.
Roads, railways and cities vector (1:10million) naturalearthdata.com)
Annual precipitation 2019 0.25° NOAA GPCC*!
NCAS CRU TS (https://crudata.
Annual mean temperature 2020 0.5° uea.ac.uk/cru/data/hrg/cru_ts_4.06/
Climate change cruts.2205201912.v4.06/tmp)

Annual precipitation and NEX-GDDP-CMIP6 (https://registry.

gée;_r}l{ glr;:perature under 2020-2100 0.25 opendata.aws/nex-gddp-cmip6)
HWSD (https://www.fao.org/soils-
. portal/soil-survey/soil-maps-and-
Soil type 2013 vector databases/harmonized-world-soil-
database-v12)
Physical data Lakes and rivers vector (1:1million) CAS (https://www.resdc.cn/)
NOAA GLOBE Topography (https://
DEM 2008 1km www.ngdc.noaa.gov/mgg/topo/
DATATILES/elev)
Protected areas Protected area boundary 2022 vector rigpA (https:// ‘protectedplanet.

Table 1. Data sources and descriptions.

climate. Initially, GCAM reads external scenario assumptions of key drivers (such as population, economic activ-
ity, technology and policies) and then assesses the impact of these assumptions on key decision-making-related
outcomes (e.g., commodity prices, energy use, land use, water use, and emission concentrations)?**’. GCAM
operates within a time frame from 1990 to 2100 with 5-year time intervals?”-%. Spatially, GCAM divides the world
into 32 geopolitical regions and 235 water basins, as seen in Figure S1. Land use simulation on the water-basin
level can fully reflect the interactions between the earth system and anthropogenic activities. Compared with
the grouping system of previous LULC simulations (a classification of 32 integrated geopolitical regions'® or a
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17-region classification'®), dividing the world into 235 water basins provides a refined representation of how
spatial heterogeneity at the macro scale affects the LULC simulation.

We put the global development path assumptions of typical SSP-RCP scenarios (SSP1-2.6, SSP2-4.5, SSP3-
7.0, SSP4-3.4, SSP5-8.5) into the GCAM model to obtain future quantity demand for various types of land use/
cover in 235 water basins. In terms of SSP-RCP scenarios, SSP1 indicates a path of sustainable development;
SSP2 represents an intermediate development trajectory close to historical trends; SSP3 reflects a rugged path
influenced by regional competition; SSP4 characterizes a development path of pronounced inequality and strat-
ification; and SSP5 signifies a rapid development path steered by intensive fossil fuel consumption. The corre-
sponding RCPs depict the representative concentration paths that may occur in each SSP scenario. Moreover,
since the urban area in the GCAM model remains static, we use future GDP and population output produced
by the GCAM model under various SSP-RCP scenarios to calibrate the projected demand of future urban areas,
based on the multiple regression method put forward by Dong et al.*. We take the historical (2000 and 2020)
ESA-CCI LULC data® as the simulation baseline and establish a mapping relationship between ESA-CCI data®
and the corresponding demand output from GCAM (refer to Table S1). As a result, we are able to match and cal-
ibrate the predicted LULC demand by GCAM with ESA-CCI data® in terms of both land use types and quantity.

Downscaling of LULC demand on a water-basin scale.  Spatially explicit LULC simulation models
provide a means to convey changes from macro to local scales?”. We used the CA model PLUS?! to downscale the
calibrated LULC quantity demand, validate the accuracy of the projections, and simulate the spatially-explicit
distribution of future LULC. The PLUS model, introduced by Liang et al.>! in 2021, is a CA model that simulates
LULC changes with a patch-generating simulation strategy. Compared to CA models like CLUE-S, CA-Markov,
and FLUS, the PLUS model demonstrates improvement in the following aspects. Firstly, it incorporates the novel
Land Expansion Analysis Strategy (LEAS). The transformation rules obtained from LEAS have temporal charac-
teristics that can describe the land cover change characteristics during specific periods, facilitating a more com-
prehensive exploration of the driving factors behind changes in various LULC types. On this basis, PLUS employs
the Random Forest algorithm to establish relationships between various land use expansions and their driving
forces. This not only enables the acquisition of suitability probabilities for each LULC type but also facilitates a
quantitative exploration of the roles that driving factors play in the expansion of LULC. Secondly, the PLUS model
includes a CA model based on multi-type Random patch Seeds (CARS). CARS represents an enhancement of
traditional CA models within the PLUS framework, incorporating a patch generation mechanism that utilizes
multiple types of random seeds based on threshold decline. This mechanism exhibits spatial-temporal dynamics
that enable the spontaneous and unrestricted growth of new LULC patches under the constraints of combined
suitability probabilities. CARS has its strength in simulating the change in multi-class LULC at the patch level,
including forests, grasslands and other natural LULC types. With the aforementioned improvements, PLUS can
autonomously generate land patches within spatiotemporal dynamics, thereby ensuring consistency with the
principles of landscape evolution®'. In our paper, the downscaling process conducted using the PLUS model can
be divided into historical accuracy verification and future simulation stages.

1) Accuracy validation for historical periods: For accuracy validation, we firstly employed the LEAS of the
PLUS model to extract the expansion grids of each LULC type from historical LULC data for the years
2000 and 2020. Then we used the random forest model to generate the historical suitability probability of
each LULC type and analyzed the contribution rate of various driving factors to the expansion of specif-
ic land cover types. Subsequently, based on the land cover demands obtained from historical ESA-CCI
LULC data® and the generated historical suitability probability, the CARS module of the PLUS model was
employed to simulate LULC changes in 2020 using historical LULC data from 2000 as the baseline. The
competition of LULC types is influenced by adaptive coefficients, promoting the LULC quantity to meet
the future demand in the simulation process. To achieve the optimal performance of the PLUS model, we
employed the method of controlling variables to set parameters related to random forest modeling and
patch morphological regulation (see Text S1 for details). In addition, we incorporated spatial distribution
data of water bodies (lakes and rivers) and protected areas as restriction zones for LULC growth.

Upon obtaining the simulated LULC distribution for 2020, we calculated the Overall Accuracy (OA),
Kappa coefficient, and Figure of Merit (FoM) of LULC simulation in each water basin to complete the
accuracy validation and proceed to the simulation stage for future periods. Whereas OA is the ratio of
correctly classified land cells to the total number of cells; the Kappa coeficient is a metric derived from OA
and is used to further assess the consistency between the simulation result of the downscaling model and
the actual land use pattern; FoM signifies the proportion of accurately predicted LULC changes relative to
the combined sum of observed and predicted changes, which is generally utilized as a supplement to Kappa
coefficient in evaluating the accuracy of LULC change simulations®*~** (see Text S2 for details).

2) Simulation for future periods: For each water basin, we first replaced the historical data of temperature,
precipitation, population density and GDP with corresponding data for future periods. The updated data
were then inputted into the random forest model to generate the future suitability probability of each
LULC type from 2030 to 2100. Using the historical LULC data in 2020 as the simulation baseline, we simu-
lated the spatially-explicit LULC in 2030 based on the generated probability map and the quantity demand
for each LULC type, by taking into account restriction zone data. Subsequently, using the simulated LULC
in 2030 as the baseline, we iteratively employed the generated future suitability probability and LULC
quantity demand for the subsequent simulation period, while adhering to the restriction zone limitations.
This iterative process continued until the completion of the LULC simulation for 2100.
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Fig. 2 Box diagram of FoM, Kappa coefficient and OA in global water-basin-level regions.

The baseline LULC data, driving factor data, and restriction zone data used in the simulations are described
as shown in Table 1. Specifically, the future gridded population datasets under SSPs come from Jiang et al.**,
which are generated using the Population-Development-Environment (PDE), a methodology that gives
full consideration to fertility, mortality, and migration by educational levels, while accounting for age and
gender-related transitions®-?. The data representing global gridded GDP distributions* in accordance with
the five SSPs are generated by Murakami et al.’, through a methodology that integrates spatial econometrics,
urban growth patterns modeling, and auxiliary geographic data*’. The global temperature and precipitation
data under future SSP-RCP scenarios were derived from the bias-corrected NASA global daily downscaling
prediction (NEX-GDDP-CMIP6) dataset (https://registry.opendata.aws/nex-gddp-cmip6) with a daily tempo-
ral resolution and a spatial resolution of 0.25° (approximately 25km)*!. In accordance with the criteria of a
comprehensive coverage of climatic elements and a fine spatial resolution (<100km), we selected 11 global
climate models (GCMs) from 35 GCMs covered by the dataset, including BCC-CSM2-MR, CMCC-ESM2,
EC-Earth3, EC-Earth3-Veg-LR, GFDL-ESM4, INM-CM4-8, INM-CM5-0, MPI-ESM1-2-HR, MRI-ESM2-0,
NorESM2-MM, TaiESM1. By averaging the models and daily data, we obtained the multi-model ensemble aver-
age data for future annual mean temperature and total precipitation.

Data Records

The dataset generated in this study is on a global scale with a resolution of 1 km and encompasses a timespan
from 2020 to 2100, which is publicly available on https://doi.org/10.6084/m9.figshare.23542860*2. These data are
projected in the world-Mercator projection coordinate system and are provided in single-band GeoTIFF format,
which can be easily utilized by various mainstream GIS and RS platforms such as ArcGIS, QGIS, ENVI, as well
as programming languages such as Python and MATLAB. The simulated data files follow a standardized naming
convention “sspx_pp_yyyy.tif, where x represents the simulated SSP scenario (1 to 5), pp represents the sim-
ulated RCP scenario; and yyyy represents the simulated year. For example, the data file named “ssp1_26_2030.
tif” corresponds to the LULC simulation data for the year 2030 under the SSP1-2.6 scenario. Each GeoTIFF data
file includes integer raster attribute values ranging from 1 to 6, which represent the following land use types:
cropland, forest, grassland, urban, barren, and water. In addition, the dataset also covers the simulated LULC in
2020 according to the overall simulation framework of this study. Figure S2 illustrates the spatial distribution of
simulated LULC data by taking 2030, 2050, 2070 and 2100 as reference years.

Technical Validation

Accuracy for land use simulation.  The accuracy validation for historical simulation results shows that the
average FoM, Kappa coeflicient and OA across different water basins are 0.10, 0.94, and 0.97 (see Table S2),
respectively. Compared with the simulation accuracy (FoM = 0.10, Kappa coeflicient =0.87, OA =0.93) of the
1km x 1km LULC dataset under SSP-RCP scenarios at a global scale—Global LULC dataset'®*, this study
demonstrates a comparable FoM value, but a higher value of Kappa coefficient and OA. From the spatial distribu-
tion of FoM values in global water basins simulated in this study (see Figure 2, Figure S3, and Table S2), the FoM
of each water basin is within the normal range (1-59%)*. To further illustrate our findings, we use China as a
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LULC type Pearson’s correlation coefficient
All 0.969
Cropland 0.961
Forest 0.946
Grassland 0.889
Urban 0.685
Barren 0.969
Water 0.974

Table 2. Correlation coeflicients between the simulation results of the dataset produced in this study and the
actual historical data from ESA-CCI* in 2020.

Fraction (%)
|
0

Fig. 3 Area difference between the simulated LULC and historical data for the year 2020. Values indicate the
proportional change in LULC within each 10km x 10km grid.

specific case study. In this work, the FoM values in China (refer to Figure S3 and Table S2) range between 0.06 and
0.22, with an average of 0.12. This aligns closely with the accuracy of an existing LULC simulation of China
(FoM € [0.10, 0.17], FOM = 0.13)'%*, Besides, the optimal ratio between FoM and the percentage of changed
LULC pixels is ideally above 1.5:1%. In this study, the percentage of changed LULC pixels during 2000-2020 is
2.2%, with the ratio of FoM to the percentage of pixel change reaching 4.5:1. These validation results clearly
demonstrate that our dataset’s simulation accuracy for LULC is within an acceptable range, which underscores
the reliability of our approach.

We also calculated Pearson correlation coefficients to further assess the spatial conformity between the simu-
lated results and historical LULC data in 2020, considering both overall and subtype-specific LULC distributions
(refer to Table 2). The correlation coefficient for the overall LULC across the two datasets reaches 0.97 when not
distinguishing LULC types. When focusing on natural LULC categories such as cropland, forest, and grassland,
the correlation coefficients range between 0.89 and 0.97. This indicates that our simulation results align well with
the historical data for both overall LULC and natural LULC types.

Moreover, Figure 3 illustrates the gap in the area within each 10km x 10km grid between the simulation
results of this study and the historical LULC in 2020. The discrepancy for each LULC type ranges from 0 to 20%,
which is within the normal range when compared with the existing research (0-50%)*. To sum up, the LULC
simulation framework in this study demonstrates its capacity to accurately capture the global spatial distribution
of LULC.

Suitability probability generated by driving factors for future periods. In the simulation stage
for future periods, we found that the LULC simulation derived from future suitability probability can effectively
capture the influence of driving factors on LULC change. Using the forest in Southern Africa as a case, Figure 4
compares the historical suitability probability (see Figure 4f) to the future suitability probability (see Figure 4g,h),
and illustrates the forest area change from 2020 to 2100, which were generated using both the historical suit-
ability probability (see Figure 4b,d) and the future suitability probability (see Figure 4c,e). According to the
basin-specific maps of dominant driving factors for LULC changes that are produced using the random forest
model (see Text S3 and Figure S8), we found that GDP and temperature emerge as the principal socio-economic
and climate factors driving the forest expansion in southern Africa. Figure 4 incorporates the historical
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Fig. 4 Forest expansion simulation using historical and future suitability probabilities. (a) shows the
distribution of observed LULC in the case region in 2020; (b—e) show the change in forest area from 2020
to 2100; (f-h) show the historical and future suitability probability for forests under historical and future
scenarios; (i-n) show the spatial distribution of driving factors under historical and future scenarios.

(see Figure 4i,]) and projected future (see Figure 4j,k,m,n) distributions of the two drivers, which shows how these
factors shape the generation of future suitability probability.

Our analysis revealed that the future suitability probability has evolved from its historical counterpart due
to the influence of future driving factors. Regions with lower suitability probabilities in the historical proba-
bility landscape (shown in blue in Figure 4f) are expected to see a general increase in the future period (see
Figure 4g,h). As a result, most forest areas that are simulated to decrease using the historical suitability prob-
ability (see Figure 4b,d) are predicted to increase under the influence of future suitability probability (see
Figure 4c,e). Different from the apparent forest expansion in the SSP1-2.6 scenario (see Figure 4c), the majority
of the forest area under the SSP5-8.5 scenario is expected to remain unchanged (blank in Figure 4e). This can be
ascribed to the overall lower suitability probability under the SSP5-8.5 scenario (see Figure 4h) as compared to
that under the SSP1-2.6 scenario (see Figure 4g).

We further examined the distribution of the driving factors that lead to the difference between historical
and future suitability probability. Historically, the GDP level displayed noticeable national differences. Given
Angola’s higher historical economic level in comparison to Zambia (see Figure 4i), the traditional discord
between economic benefits and forestry protection*® has resulted in a diminished suitability probability for
forest expansion relative to Zambia?’. However, in the SSP1-2.6 scenario (see Figure 4j), the economic level of
eastern Zambia is projected to advance by 2100, which precipitates a decrease in forest suitability probability
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Fig. 5 The spatial distribution of changes in forest area from 2020 to 2100 in Southeast Asia under future
scenarios. (a) shows the spatial distribution of LULC in Southeast Asia in 2020; (b—f) show the forest area
changes from 2020 to 2100 under each SSP-RCP scenario.
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in this region (see Figure 4g). In contrast, the lower GDP level of western Zambia yields a higher suitability
probability than its eastern counterpart. In the SSP5-8.5 scenario, Zambian is projected to see further growth in
GDP level (see Figure 4k). In that case, the forest suitability probability will dwindle compared with that in the
SSP1-2.6 scenario (see Figure 4h).

However, the low forest suitability probability observed in the northeastern part of the case region (within
Zambia, as depicted in Figure 4f) indicates that the socio-economic factor can only partially explain the suita-
bility probability. The effect of climatic factors, such as temperature, on forest suitability probability should also
be taken into account. Existing research underscores a positive correlation between forest growth and the rise
in temperature/carbon dioxide fertilization in Africa®®*. This indicates that the historically low forest suitability
probability in the northeastern part of the case region (see Figure 4f) can be partly attributed to the relatively
low temperature (see Figure 41). By the end of the 21st century, the temperature within the case region (see
Figure 4m,n) is predicted to exceed historical levels (see Figure 41), resulting in a general increase in the forest
suitability probability (see Figure 4g,h) compared with its historical counterpart (see Figure 4f). Nonetheless, the
future suitability probability in the middle of the case region is projected to decline, which is mainly attributed
to the economic enhancement (GDP) in the future (see Figure 4j,k). This demonstrates that the future climate
and socio-economic factors have an overall and substantial impact on LULC change. Therefore, in LULC sim-
ulations, it is pivotal to take into account the change in suitability probability based on the evolution of driving
factors. Relying solely on the spatial distribution of historical driving factors to generate suitability probability
will inevitably overlook the impacts of future climatic and socio-economic changes on LULC.

Variations in global LULC changes across different SSP-RCP scenarios. The discrepancy in LULC
under various SSP-RCP scenarios is well reflected in the dataset produced in this study. By taking Southeast Asia
as an example, Figure 5 shows changes in forest area across various SSP-RCP scenarios during 2020-2100 in
Southeast Asia (where red indicates forest increase, and blue corresponds to forest decrease). In the SSP1-2.6 sce-
nario (see Figure 5b), the sustainable development pathway will have an obvious effect on Southeast Asia, thereby
mitigating deforestation and facilitating forest protection and expansion. This scenario represents the most evi-
dent forest expansion, primarily attributed to improvements in agricultural efficiency and policies encouraging
the transformation of farmland to forest>°. In contrast, in the SSP3-7.0 scenario (see Figure 5d), Southeast Asia
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Fig. 6 The spatial distribution of changes in cropland area from 2020 to 2100 in South America under future
scenarios. (a) shows the spatial distribution of LULC in South America in 2020; (b-f) show the cropland area
changes from 2020 to 2100 under each SSP-RCP scenario.

experiences the most pronounced forest area loss transiting to cropland (see Figure S15), when compared to
other scenarios. This transition is predominantly affected by regional competition, national land tenure policies
to ensure domestic food supply®!, and the lack of environmental protection awareness®. When compared with
the SSP3-7.0 scenario, the decline in forest area within Southeast Asia under the SSP2-4.5 scenario (see Figure 5¢)
and SSP4-3.4 scenario (see Figure 5e) is mitigated by afforestation initiatives targeting emission reduction and
investments towards a low-carbon economy, respectively®®2.

We take the grain-producing region of Brazil in South America as a case region to analyze the cropland
change under various future scenarios (refer to Figure 6). Under the SSP1-2.6 (see Figure 6b) and SSP2-4.5
(see Figure 6¢) scenarios, an evident expansion of cropland is observed in northwestern Brazil and southern
Amazon as well as the Cerrado, primarily accompanied by an invasion of forest and grassland areas. This region,
known as the “arc of deforestation’”, is the transition zone between forest and cropland. Under these two scenar-
ios, the rapid global economic development, coupled with intensive demands for food imports (such as soy-
beans) from other countries, boosts the deforestation trend>>->°. At the same time, the sustainable development
path will increase the demand for biomass energy crops such as sugar cane*. Thus, the expansion of cropland
within the arc of deforestation is largely driven by economic development and national policies (see Figure S9).
Nevertheless, Brazil’s grain-producing areas tend to shrink slightly in future scenarios, especially in the SSP3-7.0
scenario (see Figure 6d). This may be attributed to hampered international trades that weaken demand for food
exports. Moreover, national goals aiming to ensure national food security may further stimulate agricultural
intensification™.

To illustrate the variations in grassland areas across different future scenarios, we concentrate our focus on
the Tibetan Plateau, a representative steppe region (see Figure 7). Under the SSP1-2.6 (see Figure 7b), SSP2-4.5
(see Figure 7¢), and SSP4-3.4 (see Figure 7e) scenarios, a substantial decline in grassland areas is witnessed. In
the sustainable development pathway as depicted in the SSP1-2.6 scenario, reduced consumption of animal
products and lower demand for pastures precipitate a considerable transformation of grasslands into forests
(refer to Figure S17b). These forest expansions are mostly prominent in the eastern Tibetan Plateau, where the
hydrothermal conditions are particularly conducive to such transformations. The SSP2-4.5 scenario forecasts
an increase in suitable cultivation areas for wheat and other food crops on the Tibetan Plateau®, particularly
within the Yarlung Zangbo river basin (refer to Figure S17¢). Under the SSP5-8.5 scenario (see Figure 7f), severe
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Fig.7 The spatial distribution of changes in grassland area from 2020 to 2100 in the Tibetan Plateau in future
scenarios. (a) shows the spatial distribution of LULC in the Tibetan Plateau in 2020; (b-f) show the grassland
area changes from 2020 to 2100 under each SSP-RCP scenario.

Pearson’s correlation coefficient
2030 | 2050 |2070 | 2100
SSP1-2.6 | 0.887 | 0.882 |0.879 |0.876
SSP2-4.5 | 0.887 | 0.884 |0.881 |0.878
SSP-RCP Scenarios | SSP3-7.0 | 0.886 | 0.883 |0.880 |0.877
SSP4-3.4 | 0.886 |0.881 |0.876 |0.869
SSP5-8.5 | 0.887 | 0.884 |0.881 |0.878

Table 3. Global average Pearson correlation coeflicients between the dataset of this study and the Global LULC
dataset'®* at typical temporal junctures under future scenarios.

climate warming on the Tibetan Plateau may result in a rise in the desertification area in its northwest region®.
Along with this environmental shift, intensive animal husbandry is forecasted to persist in this region, which is
characterized by a growing population with an unabated demand for animal products and feed. This interplay of
socio-economic and environmental factors contributes to relative stability in grassland area extent, forestalling
any drastic reductions.

Comparison with other LULC datasets. We compared the gridded dataset generated in this study to
LUH?2’ (openly available at https://luh.umd.edu/data.shtml) and Global LULC dataset'®*, which serve two repre-
sentative LULC datasets that were produced across different SSP-RCP scenarios (for the classification and map-
ping relationships among these datasets, refer to Table S1). We first analyzed the correlation between our dataset
and the Global LULC dataset'®* at representative temporal junctures under future scenarios, with the correlation
coefficients shown in Table 3. The results show that the correlation coefficients of the two datasets range from
0.87 to 0.89 for each scenario and typical year, which demonstrates the capability of the dataset of this study in
simulating the future spatial distribution of LULC.
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Fig. 8 Comparison of LULC for the year 2020 in typical case regions of China, Africa and the United States
between ESA-CCI data®, the dataset produced in this study, and the Global LULC dataset'®*3. Since the year
2020 is taken as the future simulation period in the Global LULC dataset'®** and is modeled under different SSP-
RCP scenarios, here we take the simulated LULC result for 2020 under the SSP2-4.5 scenario from the Global
LULC dataset'®* for comparison, because this scenario follows the historical development path and is close to
the actual historical development.

Selecting regions with comprehensive LULC types in China (FoM =0.12), Africa (FoM =0.08), and the
United States (FoM =0.11) as examples, we validated the simulation accuracy by comparing our simulation
results (see Figure 8b,e,h), the Global LULC dataset'®** (see Figure 8c,f,i), and the observed LULC data from
ESA-CCI* (see Figure 8a,d,g) in 2020. Figure 8 shows a high degree of consistency between the distribution
pattern and simulation precision of our dataset and the historical data. This is because the CA model used in this
study (PLUS-CARS) can accurately simulate the patch growth of natural LULC types on a fine scale. However,
the CA model used in preparing the Global LULC dataset'®* (FLUS) may be comparatively less robust in the
patch-level simulation, leading to the disappearance of small patches of some LULC types (as evidenced in the
purple boxes of Figure 8) and in turn reducing the accuracy of simulating intricate details.

Figure 9 presents a comparison between the dataset of this study and the projection of the Global LULC
dataset'®*® for the year 2100 under various future scenarios. The results underscore the capacity of our dataset to
provide explicit spatial detail in simulating LULC distributions across a range of future scenarios in 2100. This
could be attributed to two aspects. First, in contrast to the Global LULC dataset'®**, which divided the globe
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Fig. 9 Comparison of the simulated LULC result of a typical case region (within South Africa) in 2100 under
different SSP-RCP scenarios between the dataset produced in this study and the Global LULC dataset'®*.

into 32 regions for the downscaling process, we divided the world into 235 regions at the water-basin level. This
approach provides a better representation of the spatial heterogeneity in LULC simulations, and facilitates more
precise control over the allocation of LULC demand within each water basin. Secondly, we adopted an iterative
simulation technique starting with the historical data from 2020 as the basis for modeling the LULC of the sub-
sequent future period, which was then used as the foundation for the simulation of the next period. This iterative
approach considers the spatial impact of previous LULC results on the simulation of subsequent periods. By lim-
iting the spatial and temporal scope of the simulation, we were able to control the number of pixels undergoing
changes within each water basin. These abovementioned strategies help prevent the uncontrollable expansion
of changing pixels within larger regions over extended simulation periods, and thus avoid the aggregation of
changing pixels in areas with high suitability probability (refer to Figure 9 and Figure S18).

Figure 10 compared the LULC map produced in this study to the gridded fraction map from LUH2’ for the
year 2100 under the SSP4-3.4 scenario. We selected this scenario as both datasets, ours and LUH2?, are under-
pinned by land use demand data derived from GCAM?>, thereby ensuring the consistency of IAM. It can be
seen from Figure 10 that a high degree of spatial consistency between the two datasets across all LULC types is
revealed for the case area of North America, indicating that the dataset produced in this study effectively cap-
tures the spatial distribution of LULC provided by LUH2°. Moreover, the LULC dataset produced in this study
demonstrates advantages in terms of geospatial details, which has a spatial resolution of 1 km as compared to
the 0.25° resolution in the LUH2 dataset’. This allows for a finer and more accurate representation of the LULC
landscape under various future scenarios.

Usage Notes

This study produced a global-scale LULC dataset that includes 6 LULC types with a 1 km resolution from 2020
to 2100 under different SSP-RCP scenarios. The dataset displays robust simulation accuracy across world regions
at the water-basin level (FoM = 0.10, Kappa coefficient =0.94, OA = 0.97), which can efficiently capture the dif-
ferential impacts exerted by each SSP-RCP scenario on the future expansion of LULC. This LULC dataset is fully
supportive for mapping the geospatial heterogeneity of future land use and can provide spatially-explicit data for
simulating earth system dynamics and anthropogenic impacts on the environment.

Compared with existing global LULC datasets for future periods, our dataset gave full account to the vari-
ation in future suitability probability relative to its historical counterpart, and employed future driving factors
to derive updated suitability probability for LULC expansion across different SSP-RCP scenarios. Moreover, we
used the PLUS model, a CA model that is capable of modeling the expansion of multiple types of natural LULC
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Fig. 10 Comparison of the simulated LULC result of a typical case region (within North America) in 2100
under the SSP4-3.4 scenario between the dataset produced in this study and LUH2°.

patches, to iteratively simulate the LULC change across different water-basin regions at regular intervals. This
iterative approach fully considers the dynamic influence of the prior period’s LULC on the spatial distribution in
subsequent periods. By controlling the number of changed pixels, we aimed to ensure that the LULC expansion
is more reflective of the actual conditions. This may well demonstrate the empirical dynamics of natural land
patch transformations and enable simulations on a fine scale. In addition, the LULC demand for each region at
the water-basin level across different SSP-RCP scenarios is generated from the GCAM model, which ensures the
comparability of the LULC simulation results under all future scenarios.

Yet, this dataset still has some limitations. Compared with the natural LULC types, the correlation coefficient
between the simulation results and the observed data for urban areas is relatively lower (see Table 2, approxi-
mately 70%). This can be attributed to the complexities involved in simulating the impact of policy implemen-
tations on urban development. In addition, the resolution of the ESA-CCI historical LULC data®® can reach a
spatial detail of 300 m. However, limited by the spatial resolution of driving factor data (see Table 1), the LULC
dataset was developed at a 1 km resolution. For future works, given the improvement in the spatially-explicit
details of driving factors, we aim to employ high-resolution, multi-type driving factors to enhance the resolution
and accuracy of LULC simulations for future scenarios. Meanwhile, in future works we endeavor to update the
versions of the dataset by including a broader range of LULC types and SSP-RCP scenarios so as to provide solid
data support for modeling earth system dynamics and human-earth interaction.

Code availability

The computing codes of the GCAM model along with parameter settings are available at https://github.com/
JGCRI/gcam-core. The interface software of the PLUS model can be obtained from https://github.com/HPSCIL/
Patch-generating_Land_Use_Simulation_Model.

Received: 12 July 2023; Accepted: 12 October 2023;
Published online: 28 October 2023

References
1. Ning, J. et al. Spatiotemporal patterns and characteristics of land-use change in China during 2010-2015. J. Geogr. Sci. 28, 547-562
(2018).
2. Wang, Y., Dai, E,, Yin, L. & Ma, L. Land use/land cover change and the effects on ecosystem services in the Hengduan Mountain
region, China. Ecosystem Services 34, 55-67 (2018).
3. Song, X.-P. et al. Global land change from 1982 to 2016. Nature 560, 639-643 (2018).

SCIENTIFIC DATA|

(2023) 10:748 | https://doi.org/10.1038/s41597-023-02637-7 13


https://doi.org/10.1038/s41597-023-02637-7
https://github.com/JGCRI/gcam-core
https://github.com/JGCRI/gcam-core
https://github.com/HPSCIL/Patch-generating_Land_Use_Simulation_Model
https://github.com/HPSCIL/Patch-generating_Land_Use_Simulation_Model

www.nature.com/scientificdata/

1521

10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22,
23.
24.
25.
. Graham, N. T. et al. Humans drive future water scarcity changes across all Shared Socioeconomic Pathways. Environ. Res. Lett. 15,
27.
28.
29.
30.
31.
32
33.
34.
35.
36.
37.
38.
39.

40.

41

43.
44,
45.

46.
. Rudel, T. K. The national determinants of deforestation in sub-Saharan Africa. Philosophical Transactions of the Royal Society B:

. Fujimori, S. et al. Measuring the sustainable development implications of climate change mitigation. Environ. Res. Lett. 15, 085004

(2020).

. Woltjer, G. B. et al. The MAGNET model: Module description. (2014).
. Sleeter, B. M. et al. Scenarios of land use and land cover change in the conterminous United States: Utilizing the special report on

emission scenarios at ecoregional scales. Global Environmental Change 22, 896-914 (2012).

. Fujimori, S., Hasegawa, T., Masui, T. & Takahashi, K. Land use representation in a global CGE model for long-term simulation: CET

vs. logit functions. Food Sec. 6, 685-699 (2014).

. Hurtt, G. C. et al. Harmonization of land-use scenarios for the period 1500-2100: 600 years of global gridded annual land-use

transitions, wood harvest, and resulting secondary lands. Climatic Change 109, 117-161 (2011).

. Hurtt, G. C. et al. Harmonization of global land use change and management for the period 850-2100 (LUH2) for CMIP6.

Geoscientific Model Development 13, 5425-5464 (2020).

Chen, M. et al. Global land use for 2015-2100 at 0.05° resolution under diverse socioeconomic and climate scenarios. Sci Data 7, 320
(2020).

Le Page, Y., West, T. O., Link, R. & Patel, P. Downscaling land use and land cover from the Global Change Assessment Model for
coupling with Earth system models. Geoscientific Model Development 9, 3055-3069 (2016).

Doelman, J. C. et al. Exploring SSP land-use dynamics using the IMAGE model: Regional and gridded scenarios of land-use change
and land-based climate change mitigation. Global Environmental Change 48, 119-135 (2018).

Fujimori, S., Hasegawa, T, Ito, A., Takahashi, K. & Masui, T. Gridded emissions and land-use data for 2005-2100 under diverse
socioeconomic and climate mitigation scenarios. Sci Data 5, 180210 (2018).

Hasegawa, T., Fujimori, S., Ito, A., Takahashi, K. & Masui, T. Global land-use allocation model linked to an integrated assessment
model. Science of The Total Environment 580, 787-796 (2017).

Li, X. et al. A New Global Land-Use and Land-Cover Change Product at a 1-km Resolution for 2010 to 2100 Based on
Human-Environment Interactions. Annals of the American Association of Geographers 107, 1040-1059 (2017).

Chen, G. et al. Global projections of future urban land expansion under shared socioeconomic pathways. Nat Commun 11, 537
(2020).

Hou, H. et al. Future Land Use/Land Cover Change Has Nontrivial and Potentially Dominant Impact on Global Gross Primary
Productivity. Earths Future 10, e2021EF002628 (2022).

Chen, G., Li, X. & Liu, X. Global land projection based on plant functional types with a 1-km resolution under socio-climatic
scenarios. Sci Data 9, 125 (2022).

Cao, M. et al. Spatial Sequential Modeling and Predication of Global Land Use and Land Cover Changes by Integrating a Global
Change Assessment Model and Cellular Automata. Earth’s Future 7, 1102-1116 (2019).

Chen, G., Zhuang, H. & Liu, X. Cell-level coupling of a mechanistic model to cellular automata for improving land simulation.
GIScience & Remote Sensing 60, 2166443 (2023).

Bayar, A. S., Yilmaz, M. T., Yiicel, I. & Dirmeyer, P. CMIP6 Earth System Models Project Greater Acceleration of Climate Zone
Change Due To Stronger Warming Rates. Earth’s Future 11, €2022EF002972 (2023).

Beck, H. E. et al. Present and future Kdppen-Geiger climate classification maps at 1-km resolution. Sci Data 5, 180214 (2018).
Dolan, E et al. Evaluating the economic impact of water scarcity in a changing world. Nat Commun 12, 1915 (2021).

Edmonds, J. & Reilly, J. Global Energy and CO, to the Year 2050. The Energy Journal 4, 21-47 (1983).

Ou, Y. et al. Can updated climate pledges limit warming well below 2 °C? Science 374, 693-695 (2021).

014007 (2020).

Huang, Z. et al. Global agricultural green and blue water consumption under future climate and land use changes. Journal of
Hydrology 574, 242-256 (2019).

Feijoo, E et al. Climate and carbon budget implications of linked future changes in CO , and non-CO , forcing. Environ. Res. Lett.
14, 044007 (2019).

Dong, N, You, L., Cai, W, Li, G. & Lin, H. Land use projections in China under global socioeconomic and emission scenarios:
Utilizing a scenario-based land-use change assessment framework. Global Environmental Change 50, 164-177 (2018).

Land cover classification gridded maps from 1992 to present derived from satellite observation. Copernicus Climate Change Service
(C3S) Climate Data Store (CDS) https://doi.org/10.24381/cds.006f2c9a (2019).

Liang, X. et al. Understanding the drivers of sustainable land expansion using a patch-generating land use simulation (PLUS) model:
A case study in Wuhan, China. Computers, Environment and Urban Systems 85, 101569 (2021).

Liu, X. et al. A future land use simulation model (FLUS) for simulating multiple land use scenarios by coupling human and natural
effects. Landscape and Urban Planning 168, 94-116 (2017).

Pontius, R. G. et al. Comparing the input, output, and validation maps for several models of land change. Ann. Reg. Sci. 42, 11-37
(2008).

Pontius, R. G. & Millones, M. Death to Kappa: birth of quantity disagreement and allocation disagreement for accuracy assessment.
International Journal of Remote Sensing 32, 4407-4429 (2011).

Jiang, T. et al. Gridded datasets for population and economy under Shared Socioeconomic Pathways. Science Data Bank https://doi.
org/10.57760/sciencedb.01683 (2022).

Jiang, T. et al. Gridded datasets for population and economy under Shared Socioeconomic Pathways for 2020-2100. Advances in
Climate Change Research 18, 381 (2022).

Huang, J. et al. Effect of Fertility Policy Changes on the Population Structure and Economy of China: From the Perspective of the
Shared Socioeconomic Pathways. Earth’s Future 7, 250-265 (2019).

Jing, C. et al. Population, urbanization and economic scenarios over the Belt and Road region under the Shared Socioeconomic
Pathways. J. Geogr. Sci. 30, 68-84 (2020).

Murakami, D., Yoshida, T. & Yamagata, Y. Gridded GDP projections compatible with the five SSPs (Shared Socioeconomic
Pathways). figshare https://doi.org/10.6084/m9.figshare.12016506.v1 (2020).

Murakami, D., Yoshida, T. & Yamagata, Y. Gridded GDP Projections Compatible With the Five SSPs (Shared Socioeconomic
Pathways). Frontiers in Built Environment 7 (2021).

. Thrasher, B. et al. NASA Global Daily Downscaled Projections, CMIP6. Sci Data 9, 262 (2022).
42.

Zhang, T., Cheng, C. & Wu, X. Global LULC projection dataset from 2020 to 2100 at a 1km resolution. figshare https://doi.
org/10.6084/m9.figshare.23542860 (2023).

Chen, G., Li, X. & Liu, X. Future global land datasets with a 1-km resolution based on the SSP-RCP scenarios. Zenodo https://
zenodo.org/record/4584775 (2021).

Luo, M. et al. 1 km land use/land cover change of China under comprehensive socioeconomic and climate scenarios for 2020-2100.
Sci Data 9, 110 (2022).

Luo, M. Simulation and analysis of 1km land use and land cover change in China under full SSP-RCP scenarios based on GCAM-
FLUS models. https://doi.org/10.27149/d.cnki.ghdsu.2021.000654 (East China Normal University, 2021).

Kan, S. et al. Risk of intact forest landscape loss goes beyond global agricultural supply chains. One Earth 6, 55-65 (2023).

Biological Sciences 368, 20120405 (2013).

SCIENTIFIC DATA | (2023) 10:748 | https://doi.org/10.1038/s41597-023-02637-7 14


https://doi.org/10.1038/s41597-023-02637-7
https://doi.org/10.24381/cds.006f2c9a
https://doi.org/10.57760/sciencedb.01683
https://doi.org/10.57760/sciencedb.01683
https://doi.org/10.6084/m9.figshare.12016506.v1
https://doi.org/10.6084/m9.figshare.23542860
https://doi.org/10.6084/m9.figshare.23542860
https://zenodo.org/record/4584775
https://zenodo.org/record/4584775
https://doi.org/10.27149/d.cnki.ghdsu.2021.000654

www.nature.com/scientificdata/

48. Scheiter, S. & Higgins, S. I. Impacts of climate change on the vegetation of Africa: an adaptive dynamic vegetation modelling
approach. Global Change Biology 15, 2224-2246 (2009).

49. Zhu, Z. et al. Greening of the Earth and its drivers. Nature Clim Change 6,791-795 (2016).

50. Estoque, R. C. et al. The future of Southeast Asia’s forests. Nat Commun 10, 1829 (2019).

51. Zeng, Z. et al. Highland cropland expansion and forest loss in Southeast Asia in the twenty-first century. Nature Geosci 11, 556-562
(2018).

52. Calvin, K. et al. The SSP4: A world of deepening inequality. Global Environmental Change 42, 284-296 (2017).

53. Bai, Z. et al. China’s livestock transition: Driving forces, impacts, and consequences. Scienice Advances 4, eaar8534 (2018).

54. Molotoks, A. et al. Global projections of future cropland expansion to 2050 and direct impacts on biodiversity and carbon storage.
Global Change Biology 24, 5895-5908 (2018).

55. Salazar, A., Baldi, G., Hirota, M., Syktus, J. & McAlpine, C. Land use and land cover change impacts on the regional climate of non-
Amazonian South America: A review. Global and Planetary Change 128, 103-119 (2015).

56. Dias, L. C. P, Pimenta, E M., Santos, A. B., Costa, M. H. & Ladle, R. J. Patterns of land use, extensification, and intensification of
Brazilian agriculture. Global Change Biology 22, 2887-2903 (2016).

57. Xian, Y., Liu, G. & Yao, H. Predicting the current and future distributions of major food crop designated geographical indications
(GIs) in China under climate change. Geocarto International 37, 8148-8171 (2022).

58. Li, Z., Chen, Y, Li, W,, Deng, H. & Fang, G. Potential impacts of climate change on vegetation dynamics in Central Asia. Journal of
Geophysical Research: Atmospheres 120, 12345-12356 (2015).

59. Gridded Population of the World, Version 4 (GPWv4): Population Density Adjusted to Match 2015 Revision UN WPP Country
Totals, Revision 11. NASA Socioeconomic Data and Applications Center (SEDAC) https://doi.org/10.7927/H4F47M65 (2018).

60. Chen, J. & Gao, M. Global 1km x 1 km gridded revised real gross domestic product and electricity consumption during 1992-2019
based on calibrated nighttime light data. figshare https://doi.org/10.6084/m9.figshare.17004523.v1 (2021).

61. Schneider, U., Hansel, S., Finger, P., Rustemeier, E. & Ziese, M. GPCC Full Data Monthly Product Version 2022 at 0.25°: Monthly
Land-Surface Precipitation from Rain-Gauges built on GTS-based and Historical Data. Global Precipitation Climatology Centre
https://doi.org/10.5676/DWD_GPCC/FD_M_V2022_025 (2022).

62. Harris, I, Osborn, T. J., Jones, P. & Lister, D. Version 4 of the CRU TS monthly high-resolution gridded multivariate climate dataset.
Sci Data 7, 109 (2020).

Acknowledgements

This study was supported by the National Natural Science Foundation of China (Grant No. 42041007 and
71904003), the Research Fellowship provided by Alexander von Humboldt Foundation (Recipient: Xudong Wu),
the Strategic Priority Research Program of the Chinese Academy of Sciences (Grant No. XDA23100303),
and the Young Talent Promotion Project of China Association for Science and Technology (Grant No. 2020-
2022QNRC002).

Author contributions

Tianyuan Zhang: Data Curation and Analysis, Methodology, Software, Writing-Original Draft Preparation,
Visualization. Changxiu Cheng: Conceptualization, Writing-Reviewing and Editing, Funding Acquisition,
Project Administration. Xudong Wu: Conceptualization, Supervision, Writing-Original Draft Preparation,
Writing-Reviewing and Editing, Project Administration.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary material available at https://doi.org/
10.1038/541597-023-02637-7.

Correspondence and requests for materials should be addressed to C.C. or X.W.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

SCIENTIFIC DATA | (2023) 10:748 | https://doi.org/10.1038/s41597-023-02637-7 15


https://doi.org/10.1038/s41597-023-02637-7
https://doi.org/10.7927/H4F47M65
https://doi.org/10.6084/m9.figshare.17004523.v1
https://doi.org/10.5676/DWD_GPCC/FD_M_V2022_025
https://doi.org/10.1038/s41597-023-02637-7
https://doi.org/10.1038/s41597-023-02637-7
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Mapping the spatial heterogeneity of global land use and land cover from 2020 to 2100 at a 1 km resolution

	Background & Summary

	Methods

	Overall framework. 
	Projection of LULC demand. 
	Downscaling of LULC demand on a water-basin scale. 

	Data Records

	Technical Validation

	Accuracy for land use simulation. 
	Suitability probability generated by driving factors for future periods. 
	Variations in global LULC changes across different SSP-RCP scenarios. 
	Comparison with other LULC datasets. 

	Usage Notes

	Acknowledgements

	Fig. 1 Overall framework of LULC simulation under various SSP-RCP scenarios.
	Fig. 2 Box diagram of FoM, Kappa coefficient and OA in global water-basin-level regions.
	Fig. 3 Area difference between the simulated LULC and historical data for the year 2020.
	Fig. 4 Forest expansion simulation using historical and future suitability probabilities.
	Fig. 5 The spatial distribution of changes in forest area from 2020 to 2100 in Southeast Asia under future scenarios.
	Fig. 6 The spatial distribution of changes in cropland area from 2020 to 2100 in South America under future scenarios.
	Fig. 7 The spatial distribution of changes in grassland area from 2020 to 2100 in the Tibetan Plateau in future scenarios.
	Fig. 8 Comparison of LULC for the year 2020 in typical case regions of China, Africa and the United States between ESA-CCI data30, the dataset produced in this study, and the Global LULC dataset18,43.
	Fig. 9 Comparison of the simulated LULC result of a typical case region (within South Africa) in 2100 under different SSP-RCP scenarios between the dataset produced in this study and the Global LULC dataset18,43.
	Fig. 10 Comparison of the simulated LULC result of a typical case region (within North America) in 2100 under the SSP4-3.
	Table 1 Data sources and descriptions.
	Table 2 Correlation coefficients between the simulation results of the dataset produced in this study and the actual historical data from ESA-CCI30 in 2020.
	Table 3 Global average Pearson correlation coefficients between the dataset of this study and the Global LULC dataset18,43 at typical temporal junctures under future scenarios.




