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Summary
Global-scale land use and land cover (LULC) datasets are essential for addressing sustainability challenges, including climate change and biodiversity loss. Existing harmonised LULC products (without discontinuities between past and present) have coarse temporal and spatial resolutions and do not consider landscape patterns, which are important for environmental processes such as species movement. We present a downscaled global LULC dataset for five future scenarios with 1 km spatial and yearly temporal resolution that is harmonised with historic LULC to span the period 1960 to 2100. Future projections indicate significant landscape change and emphasise the importance of incorporating local-scale processes in global LULC projections. Our harmonised LULC dataset will be advantageous for studying the impacts of LULC change because it was validated to ensure that future LULC projections have realistic landscape patterns, and it has high spatial and temporal resolutions that better match the scale of environmental processes compared to existing products.
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Introduction
Anthropogenic land use and land cover (LULC) change poses a major risk to the Earth System, including the processes that maintain the integrity of climate1, biodiversity2,3, and hydrological systems4,5. Approximately 75% of the Earth’s surface is already affected by anthropogenic actions6,7, and LULC change is predicted to continue in the future to meet demands for food and energy from a growing human population8,9. LULC change also causes the fragmentation of natural ecosystems into smaller patches10,11, which can have further negative effects on the Earth System such as through additional carbon emissions from forest edges12. An understanding of both historic and future LULC is necessary to investigate and predict the impacts of anthropogenic activities on the environment and to solve key challenges that are facing our societies, such as climate change and food security8,13.
The spatial arrangement of LULC classes within a landscape is important for environmental and ecological processes, such as the occurrence and spread of fire14,15, hydrological dynamics16, and species movement17, but future global-scale LULC projections do not explicitly account for the spatial pattern of LULC change. Patterns of landscape change are generated by complex interactions between many factors, including human LULC change, landscape history, topography, and climate, which vary through time and space18. Therefore, we would expect that patterns of LULC change will also show spatiotemporal variation19. Even within what are considered relatively homogeneous regions, such as Amazonia, there is considerable variation in the spatial pattern of forest fragmentation, driven by factors including land ownership and road access20,21. While there are multiple examples of global-scale high resolution future LULC projections22–30, which are produced by downscaling coarse resolution maps to finer resolutions31, none have been validated to ensure accuracy in reproducing the spatial patterns of LULC change across scales. Thus, the lack of global-scale future LULC projections that directly account for variation in the spatial pattern of LULC change represents a major gap with substantial implications for modelling environmental and ecological futures.
A further limitation of existing global-scale downscaled LULC projections is their coarse temporal resolution; the finest resolution of current downscaled LULC projections is five years23–25, while some only provide a single year of data28. Coarse temporal resolution may prevent integration of downscaled LULC projections with process-based environmental models that use a finer resolution timestep, such as the biodiversity model RangeShifter32.
Global-scale LULC datasets that span both historic and future periods are indispensable for quantifying the environmental impacts of LULC change, but existing products lack the high spatial and temporal resolutions ideally required for modelling environmental and ecological processes33,34. Potential discontinuities between historic LULC datasets and future projections, for example caused by different spatial resolutions or LULC definitions, give rise to the need for harmonisation to ensure a continuous transition from historic LULC to future projections35,36. Discontinuities between historic and future periods can generate large amounts of LULC change in model outputs, which may then cause difficulties in understanding the effects of LULC change within ecosystem service models such as LPJ-GUESS36. One widely used product, the Land-Use Harmonization 2 (LUH2) dataset, provides global LULC data from 850 to 2100 that is harmonised across historical and future periods35. While LUH2 has facilitated substantial advances in predicting the impacts of LULC change on environmental and ecological processes37–39, it has notable limitations. For example, the coarse spatial resolution of LUH2 (approximately 28 by 28 km at the equator) overlooks the fine-scale spatial patterns critical for modelling ecological and biophysical processes33,34, such as species dispersal40 and carbon emissions41. Additionally, LUH2 relies on only a few sources of observational land cover data to determine historic change and uses different land use models to make future LULC projections for each scenario35, despite previous observations that model differences can cause more variation than scenarios42. Overall, there is an opportunity for a new global-scale harmonised LULC product with high spatial and temporal resolutions that considers future landscape patterns and uses a consistent modelling framework to make projections.
[bookmark: _Hlk204766088]Here, we present a set of global-scale future LULC projections with high temporal (yearly) and spatial (0.01°; approximately 1 km at the equator and 0.1 km at 85° latitude) resolutions from 2021 to 2100 that are harmonised with a historic LULC product encompassing the period from 1960 to 202043. The high resolution future LULC projections were generated by downscaling future LULC projections from the Land System Modular Model (LandSyMM; https://landsymm.earth/)36 with the spatial downscaling algorithm LandScaleR44. LandScaleR uses neighbourhood rules and a stochasticity parameter that regulates the probability of each grid cell undergoing LULC change to guide the location of change on a high-resolution reference map, and has been shown to generate realistic spatial patterns44.
Overall, this work addresses crucial gaps in existing global harmonised LULC products. Firstly, we provide a fully consistent harmonised dataset of LULC maps from 1960 to 2100 with a higher spatial resolution than existing products (e.g. 1 by 1 km versus 28 by 28 km in LUH235) that better matches the scale at which environmental and ecological processes operate. Secondly, to our knowledge this is the first study to account for regional variation in spatial patterns of LULC change through calibration with historic LULC data at both global and country scales, which reflects the influence of factors such as land use and management practices, topography, and environmental conditions18. Our explicit consideration of spatial patterns during downscaling enables a more realistic representation of landscape structure in future LULC projections, which will be important for modelling the impacts of LULC change on environmental processes. Thirdly, the same modelling framework was used to generate the future LULC projections, thereby removing variation caused by the use of different land use models42. Finally, our future LULC projections have improved temporal resolution compared to current global-scale downscaled future projections, which at best produce maps at five yearly intervals23–25. We anticipate that our dataset will facilitate the integration of LULC change with a wide range of environmental and ecological models, such as climate, biodiversity, fire, and hydrology. Therefore, our harmonised product provides a strong foundation for understanding how anthropogenic LULC change impacts the natural environment, offering a transformative tool for developing solutions to sustainability challenges such as biodiversity loss and climate change.
[bookmark: _gjdgxs]Results
Method summary
[bookmark: _Hlk204757445]We downscaled future LULC change projections using the LandScaleR algorithm44, which converts coarse resolution LULC change projections into high resolution ones using a fine resolution reference map, neighbourhood rules, and a stochasticity parameter (-value) that controls the likelihood that each grid cell will be converted to a new LULC class. The -value introduces stochasticity into the placement of new LULC on the reference map and allows for the appearance of new LULC patches in a landscape, so it is important for generating realistic landscape patterns44. Lower values of  lead to fewer LULC patches that are more highly aggregated, while higher values generate more, less aggregated LULC patches.
LandScaleR was calibrated for downscaling future LULC projections using historic data from the HILDA+ LULC reconstruction43 between 2010 and 2020 (Figure 1) to select the -values that best recreated historic LULC change in terms of both grid cell-level change and landscape patterns. Landscape patterns are driven by multiple interacting natural and anthropogenic variables18, so we expected that historic LULC change may have generated different landscape patterns across countries. We therefore calibrated LandScaleR to find the optimum -values for downscaling future LULC projections at both country-scale, where one optimum -value was identified per country group, and at global-scale, where a single optimum -value was chosen based on the global average downscaling error. To select the optimum -values for downscaling, we used a combined error metric that accounted for accuracy at both grid cell- and landscape-level, based on the Figure of Merit index45,46 and landscape metrics47, respectively.
[bookmark: _Hlk204765682]The optimal -values identified during the calibration process were used to downscale future LULC projections from the Land System Modular Model (LandSyMM)36 from 0.5° to 0.01° (approximately 55 by 55 km to 1 by 1 km at the equator) for the years 2021 to 2100. LandSyMM is a state-of-the-art global-scale land system model that couples the Parsimonious Land Use Model48 (PLUM) to the Lund-Potsdam-Jena General Ecosystem Simulator (LPJ-GUESS) vegetation model36,49. PLUM is a global-scale land use model that uses scenarios of socioeconomic development and detailed crop yield projections from LPJ-GUESS to project future LULC48. LandSyMM is a unique land system model because it uses highly detailed representations of crop yields and agricultural inputs, and does not assume that markets are in equilibrium every year. Moreover, the optimisation of land use occurs at much higher resolution in LandSyMM compared to similar models36. Outputs from LandSyMM have a spatial resolution of 0.5° compared to regional outputs from models such as GCAM and MAGNET48, which should help to reduce uncertainty during downscaling. A detailed description of the calibration and downscaling procedures is given in the Methods section.
Resource description
We provide a set of global-scale downscaled future LULC projections with yearly temporal and 0.01° spatial resolution covering the time period 2021 to 2100. The LandSyMM model can generate future LULC projections under a variety of climatic and socioeconomic development scenarios36. We chose to downscale LULC projections for the five SSP scenarios, which are narratives of possible future socioeconomic changes and a likely RCP, which details expected atmospheric concentrations and climate outcomes, for each scenario50–53. The five scenarios were: SSP1-RCP2.6, which assumes that sustainable development limits climate change; SSP2-RCP4.5, the ‘middle-of-road’ scenario where development continues as it has historically; SSP3-RCP7.0, the ‘regional rivalry’ scenario where increased nationalism and attention on regional concerns lead to difficulties with mitigations and adaptations to climate change; SSP4-RCP6.0, which assumes increasing inequality within and between countries, and SSP5-RCP8.5 with rapid development fuelled by dependence on fossil fuels, which drives climate change50–52. We provide two alternative global downscaled maps for each scenario: one that uses the country-scale optimum -values from the calibration process and a second that applies the global-scale optimum -value.
LULC from HILDA+ version 2b43 in 2020 was used as the reference map for downscaling to ensure that the downscaled future LULC projections were harmonised with a historic LULC dataset. Combining HILDA+ and the future downscaled LULC projections produces a harmonised LULC product spanning the period from 1960 to 2100 with consistent spatial and temporal resolution. The harmonised LULC product has nine LULC classes: ocean, urban, cropland, pasture/rangeland, managed forest, unmanaged forest, unmanaged grass/shrubland, sparse/no vegetation, and water. 
Technical validation
Variation in the spatial pattern of recent land use and land cover change
The calibration process highlighted substantial differences in the spatial pattern of LULC change between countries over the past decade. Our global map of -values (Figure 2) demonstrates how spatially variable patterns of LULC change were over the last decade, with the optimum -value ranging from 0.50 to 3.00. As well as calculating optimum -values for each country, we calculated the globally optimal -value which was 1.75 (Figure S1); only 40 out of 164 countries shared the global optimum value. For those countries that deviated considerably from the globally optimum -value, using the country-specific value would more accurately reproduce the number and size of patches generated by past LULC change. For example, for Brazil an -value of 1.75 generated 14% more error than the optimum -value of 2.50. Using a very low -value of 0.50 generated 45% more error than that of the optimum -value, resulting in highly aggregated landscape spatial patterns compared to those observed historically (Figure 2C). There were no clear spatial patterns in the optimum -value for each country or distinct relationships between the optimum -value and country area, area of LULC change per year, or area of each LULC class in 2010 (Figure S2). There was some evidence of temporal changes in the spatial pattern of LULC from 2010 to 2020 at the country-scale (for example in Albania and South Korea; Figure S3), but we found no major evidence for temporal changes in average landscape patterns at global-scale over this decade (Figure S1).
[bookmark: _30j0zll]Accounting for spatial patterns in downscaling land use futures
The change in LULC areas at global-scale, which was driven by the LULC change data from LandSyMM36, differed across the five downscaled scenarios (Figure S4-S6). For example, cropland increased most under SSP3-RCP7.0 (+372 Mha between 2021 to 2100) followed by SSP5-RCP8.5 (+235 Mha), but decreased by -25 Mha in SSP1-RCP2.6. Unmanaged forest cover decreased the most by 2100 under SSP3-RCP7.0, with much of this decrease occurring in tropical regions (Figure 3). Large areas of unmanaged forest cover are also predicted to be lost from tropical regions by 2100 under SSP4-RCP6.0, whereas the majority of unmanaged forest cover in tropical regions is expected to remain stable between 2020 and 2100 under scenario SSP1-RCP2.6. Small gains in unmanaged forest cover are projected in boreal regions in SSP1-RCP2.6, SSP3-RCP7.0, and SSP4-RCP6.0, particularly in Canada and Finland. Overall, the amount of LULC change in our downscaled maps matched the projected change from LandSyMM, although there was a very small amount of projected LULC change from LandSyMM (order of magnitude of 0.01% of the total area included in the downscaling simulation; Figure S7) that LandScaleR was unable to allocate to a reference map during the downscaling process due to differences in the distribution of LULC between LandSyMM and HILDA+ in 2020.
Our downscaled maps of LULC futures account for the spatial pattern of LULC change and have a much higher spatial resolution compared to outputs from the LandSyMM model36 (Figure 4). LandSyMM outputs are fractional and provide the area of each LULC class per 0.5° grid cell, whereas our downscaled maps are categorical and contain a single LULC class for each 0.01° (approximately 1 by 1 km at the equator) grid cell. The high resolution LULC maps for future scenarios provide ideal inputs for environmental and ecological models.
The choice (country- or global-scale) of -value used for downscaling with LandScaleR can make a considerable and visible difference to the landscape patterns of downscaled maps (Figure 5). For example, using the optimum country-scale -value for Papua New Guinea ( = 2.50) generated much less aggregated spatial patterns of LULC compared to using the global-scale optimum -value of 1.75. The mean area of LULC patches in Papua New Guinea was lower, and the number of patches higher, when using the country- versus global-scale optimum -value to downscale future LULC change under scenarios SSP1-RCP2.6 and SSP4-RCP6.0. Figure 5C demonstrates the impact of the choice of -value on a region of Papua New Guinea; unmanaged forest cover is much more fragmented in this region when using the country-scale optimum -value rather than the global-scale optimum, which will have implications for modelling environmental and ecological processes that are affected by the spatial pattern of LULC within a landscape. While the choice of -value can have a sizeable impact on the future patterns of LULC within a country, at the global scale there is very little difference in average landscape patterns when downscaling is performed using country-scale compared to global-scale parameterisation (Figure S8).
Limitations
The harmonised LULC product described here will be advantageous for investigating the effects of future LULC change because it has high spatial and temporal resolutions, and the calibration process ensured that the future LULC projections have realistic landscape patterns. While the spatial patterns in our downscaled future LULC projections are dependent on the -value, which is context-, location- and time-specific, our data offers both country- and global-scale parameterisations, allowing users to select the one that is most appropriate for their location and timescale of interest. In locations where the country- and global-scale optimum -values differ, our alternative parameterisations will enable comparisons of the effect of different spatial patterns of future LULC change on environmental and ecological processes. The downscaled LULC projections that used country-scale -values will likely be more accurate for studying the effects of LULC over the next few decades. It is currently unclear how the drivers of spatial patterns of LULC change, and therefore the optimum -value, will change over longer time periods (Figure S3), so we expect that the downscaled LULC projections generated with a global-scale -value may be more applicable for investigating the impacts of LULC change over longer timescales. Future research into the drivers of spatial patterns of LULC change could allow for the -value to vary through time and space according to the underlying drivers of change. The downscaled future LULC projections include changes in six LULC classes (cropland, pasture/rangeland, managed forest, unmanaged forest, unmanaged grass/shrubland, and sparse/no vegetation), and are advantageous compared to existing products that do not distinguish between managed and unmanaged grasslands and forests23–25,27–30. Urban LULC is static in our downscaled future projections as LandSyMM does not currently model changes in urban extent, although only 0.76% of the global land area was urban in 2020. To address this, our future LULC projections could be combined with existing projections of urban LULC54, or urban LULC could be modelled in LandSyMM.
Discussion
This study presents a new harmonised global land use and land cover (LULC) product that spans the period from 1960 to 2100 at approximately 1 by 1 km spatial resolution for five scenarios of socioeconomic development and climate change. Our product addresses key limitations of existing downscaled future LULC projections and harmonised products such as LUH235. Compared to LUH2, our harmonised product has a much higher spatial resolution (approximately 1 by 1 km versus 28 by 28 km35) and thus better matches the scale on which land use affects environmental processes such as the spatial dynamics of biodiversity loss33,34 and carbon emissions41. The future scenarios in our harmonised LULC product were all generated using the same land system and downscaling models, which reduces model uncertainty compared to LUH2, where a different land use model is used for each socioeconomic scenario35. In contrast to existing high-resolution future LULC projections22–24,26–30, our product is harmonised with a temporally extensive historic LULC reconstruction43 from 1960 to 2020, has higher temporal resolution (yearly versus five yearly at best23–25), and was calibrated to generate more realistic landscape patterns.
Regional variation in the spatial pattern of land use and land cover change
[bookmark: _Hlk204768322]Our analysis highlights spatiotemporal differences in the spatial patterns of LULC change, which suggests that patterns of LULC change are driven by regionally or locally specific factors, such as climate, topography, and landscape history18, that may vary through time. We found no evidence that the spatial pattern of LULC change (as measured by the -value in LandScaleR44) was driven by the overall area of a country, the amount of LULC change which occurred per year, or the area of LULC classes at the start of the calibration period (Figure S2). Landscape patterns are caused by a wide range of natural and anthropogenic factors18,20, including the presence of specific LULC classes55, so further research should investigate how the spatial pattern of fine-scale LULC change is related to socioeconomic and environmental variables such as climate, topography, land use, and gross domestic product (GDP). Population density and the Human Development Index (HDI) have previously been found to be weakly associated with fragmentation of landscape patches within countries56, indicating that there may be socioeconomic factors underlying spatial patterns of LULC change and therefore the optimum -value for downscaling with LandScaleR. An increased understanding of the factors driving country- and local-scale patterns of LULC change would enable algorithms for projecting fine-scale LULC change to account for the spatiotemporal environmental and socioeconomic characteristics of a region, rather than assuming that spatial processes are constant through space and time.
Global versus local approaches to land use and land cover modelling
At global-scale there was little difference in the average spatial pattern of landscapes when future scenarios were downscaled using country- versus global-scale -values (Figure S8); for example, the largest difference in landscape patterns was for SSP5-RCP8.5, where the use of country-scale -values increased mean patch area by 1.64% compared to using global-scale -values. However, more locally, for example at country-scale, there can be differences in landscape patterns where the country-scale optimum -value differs from the global-scale optimal value that could be material to ecosystem functioning. For example, across Papua New Guinea there were fewer, smaller patches of LULC when future LULC change scenarios were downscaled with the country-scale optimum -value of 2.50 compared to the global-scale optimum -value, and these differences were visible across multiple future scenarios (Figure 5). The spatial pattern of LULC change has implications for projecting the future impacts of LULC change on environmental and ecological processes. For instance, more fragmented landscapes tend to have smaller patches of natural habitat which support fewer species17,57, while increased isolation of habitat patches can lead to reduced movement of individuals between patches10,58. Thus, using future LULC projections that were downscaled with the country-scale optimum -value for Papua New Guinea, which demonstrated increased fragmentation of LULC patches, might suggest that intra-species connectivity and species richness will be lower in future compared to using LULC projections that were generated with the global-scale -value.
Given that spatial patterns are increasingly recognised as important for the accurate modelling of environmental and ecological processes, it is key that we consider carefully how landscape patterns are incorporated into future LULC projections. Our harmonised LULC product will allow future users to select downscaled LULC projections that use country- or global-scale parameterisations. The contrasting spatial patterns between future LULC maps that were downscaled using country- versus global-scale -values highlight the importance of integrating local-scale variation in LULC dynamics into global-scale models of LULC change and its impacts.
Relevance for environmental and ecological modelling
The mismatch between the resolution of global-scale land use models and the scale of environmental processes has historically presented a challenge for integrating global LULC projections with environmental and ecological models33,34, and in particular process-based models. Our new harmonised dataset aims to overcome this limitation by providing global LULC projections at 1 km resolution with a yearly timestep, which will enable better integration with process-based models. For example, our harmonised dataset could be integrated with the hydrological Soil and Water Assessment Tool (SWAT) and SWAT+ models59,60 to enable the development of hydrological models over large spatial extents61 and future scenarios. LULC change and landscape patterns are also key for the likelihood of fire occurrence and intensity14,62,63, hence the harmonised dataset developed here will have applications for predicting the future risk of fire ignition, intensity and spread using well-established models such as FARSITE and Burn-P364,65. Our harmonised LULC dataset will also be applicable for use in ecosystem service models such as InVEST that require spatially explicit LULC data66,67. Similarly, process-based ecological models that forecast biodiversity futures under alternative climate, LULC and management scenarios32,68,69 will benefit substantially from the availability of our harmonised dataset as key ecological processes, including dispersal, operate at fine-scales that match the resolution of this LULC dataset.
Implications for policymaking and governance
The harmonised, high resolution LULC product developed in this study has significant implications for investigating the impacts of LULC change on the natural environment, offering important insights for policy makers. By spanning both historic and future periods with consistently high spatial and temporal resolution, our dataset will enable more accurate assessments of the effects of LULC change on environmental and ecological processes and therefore facilitate the development of solutions to challenges such as biodiversity conservation, climate change, and food security8,13. Furthermore, our harmonised LULC dataset offers insights into the spatiotemporal heterogeneity of LULC change and could be used to inform spatial planning and adaptive policy design at different scales. Our results indicate that there will be substantial variation in the patterns of future LULC change at local to regional scales, emphasising the importance of incorporating local-scale processes within global-scale models of LULC change. The variation in historic and future patterns of LULC change observed here highlights that policy interventions will need to be tailored to local conditions rather than relying on global ‘one-size-fits-all’ strategies.
Methods
Global maps of historic land use and land cover change
We obtained global-scale maps of yearly LULC change from HILDA+ version 2b, which is a reconstruction of global yearly LULC states and transitions at 0.01° spatial resolution43,70,71. HILDA+ version 2b was produced using multiple sources of LULC data, in addition to Food and Agriculture Organisation (FAO) statistics, to reconstruct net and gross LULC change on a yearly basis from 1960 to 2020. HILDA+ version 2b has eight LULC classes: ocean, urban, cropland, pasture/rangeland, forest, unmanaged grass/shrubland, sparse/no vegetation, and water. A global classification of the forest LULC class into managed and unmanaged areas is also provided as a separate file in HILDA+ version 2b. We incorporated the global forest management classification into HILDA+ LULC maps to create a set of maps from 1960 to 2020 with the ‘forest’ LULC class replaced by either ‘managed forest’ or ‘unmanaged forest’. A subset of these maps from 2010 to 2020 was then aggregated to 0.5° (approximately 55 by 55 km at the equator) to generate the fraction of each LULC class per grid cell. Yearly LULC change was calculated by subtracting LULC fractions in each year from those in the previous year, creating a set of global-scale yearly maps of LULC change at the same resolution as future LULC projections from the LandSyMM model36 (0.5°). The ‘ocean’ LULC class was removed from the resulting LULC change maps, which were then used to calibrate LandScaleR. All maps were processed in R versions 4.0.0 or 4.1.372 using the ‘terra’ R package version 1.7-2373.
Calibration of LandScaleR using historic land use and land cover data
[bookmark: _Hlk204759679]The LandScaleR downscaling algorithm has two parameters that can be tuned by the user to control the level of spatial aggregation in the output maps: the -value and the kernel density radius. Increasing the -value up to an optimum value facilitates the creation of new LULC patches during downscaling and has been shown to generate realistic landscape patterns44. We calibrated the -value using historic LULC data from HILDA+ between 2010 and 2020 at both global- and country-scales. The kernel density radius sets the number of neighbouring grid cells that are used to calculate the kernel density value for each LULC class and focal grid cell; higher kernel density values indicate that a cell is near to existing LULC of the same class, and therefore more likely to be allocated new LULC. A kernel density radius of 1 specifies that nine first-neighbour grid cells will be used in the calculation of the kernel density value for each focal grid cell. Previous testing showed that setting the kernel density radius to values higher than 1 generated extremely aggregated landscape patterns with fewer, larger patches than observed in HILDA+ data for Colombia44, so we set kernel density radius to 1 for all downscaling simulations.
The downscaling process was performed separately for 164 country groupings when calibrating LandScaleR due to computational limitations, and the country-scale downscaled maps were merged to create global downscaled products. The groupings were defined using country group definitions from the PLUM sub-model of LandSyMM36,48, which models global food demand, trade, and land use change. Some small countries are combined in PLUM to reduce computational requirements during the modelling process. We only calibrated LandScaleR for countries which are included in the PLUM land use optimisation process and can therefore undergo LULC change in the future projections. Also, note that we divided the ‘France’ country grouping into three: ‘France’, ‘French Guiana’, and ‘Réunion’. Three countries that cross the International Date Line (New Zealand, United States of America, and Russia) were each divided into their separate territories either side of the International Date Line to reduce computational requirements. A map of countries from the Database of Global Administrative Boundaries (GADM) dataset version 3.674, downloaded via the ‘geodata’ R package version 0.5-975 on 27th February 2024, was used to ensure that 0.5° resolution HILDA+ grid cells were matched to the relevant country group from PLUM.
Yearly 0.5° resolution maps of LULC change derived from HILDA+ between 2010 and 2020 were downscaled to 0.01° spatial resolution multiple times with different -values to calibrate LandScaleR. Previous work found that the optimum -value for downscaling historic LULC change in Colombia was 2.044, so we ran an initial round of calibration for each country group using five -values from 1.0 to 5.0 with an interval of 1.0 to narrow down the possible parameter space. Given that LandScaleR is stochastic, ten repeats were run for each -value during calibration and the average accuracy across these repeats was used to determine the optimum -value. The output discrete country-scale downscaled maps were merged to generate global downscaled maps at 0.01° resolution from 2010 to 2020, and the accuracy of downscaled maps compared to actual HILDA+ maps was calculated. The initial round of calibration demonstrated that the optimum -value for each country varied between 1.0 and 3.0, so a second round of calibration was run with ten further values of  (0.5, 0.75, 1.25, 1.5, 1.75, 2.25, 2.5, 2.75, 3.25, and 3.5). HILDA+ LULC in 2010 was used as the reference map for downscaling, and each LULC class in the reference map was matched to itself in the LULC change maps. Note that the optimum -value appeared to vary through time for some countries, but temporal variation in the optimum -value was not considered during calibration as we aimed to select the -value which minimised error over time. All downscaling simulations were run using ‘LandScaleR’ version 1.1.044 on a high performance computer with R version 4.1.372 and ‘terra’ version 1.7-2373.
Validation of LandScaleR and selection of optimum -value
To validate the accuracy of LandScaleR and choose the optimum -value for downscaling future LULC projections, we calculated five landscape metrics and the Figure of Merit index. Landscape metrics were used to test whether LandScaleR generated realistic landscape patterns compared to observed patterns in HILDA+. Five metrics were chosen which have previously been used to validate LandScaleR: class area (CA), which is the total area of each LULC class in the landscape; mean patch area (AREA_MN; ha); number of patches (NP); Aggregation Index (AI), which is a measure of LULC aggregation, and edge density (ED; m ha-1), which is the total length of edges in a landscape standardised by landscape area44. The Aggregation Index is calculated by summing the number of edges shared by grid cells of the same LULC class, then dividing by the hypothetical number of edges that would be shared between the same cells if the landscape was aggregated as much as possible47. The ‘landscapemetrics’ R package version 2.1.147 was used to calculate landscape metrics.
We generated landscape metrics for each year in the calibration period for both the reference HILDA+ and downscaled maps for each country. Note that each country map was reprojected to the Eckert IV projection prior to calculating country-level landscape metrics44. Landscape metrics were not calculated at a global scale as there was potential for distortion to occur when reprojecting global maps from WGS84 to Eckert IV, which could alter the landscape patterns. After calculating landscape metrics, relative error (RE) was used to compare the reference and downscaled landscape metrics and assess how well LandScaleR was able to recreate the observed landscape patterns in HILDA+. RE was calculated for each year and landscape metric as in76:

( 1 )
Where  indicates landscape metrics from downscaled maps and  indicates observed metrics from HILDA+.
The Figure of Merit index was used to measure the overlap between change predicted by LandScaleR during downscaling and the change observed in HILDA+45,46, and was chosen as a grid cell-level index of downscaling accuracy. Figure of Merit was calculated as previously for Colombia44: 

( 2 )
Where  is the number of grid cells which were observed to change LULC class in HILDA+ but were not predicted to change by LandScaleR;  is the number of grid cells which changed in both HILDA+ and the downscaled maps, and the LULC class was correctly predicted by LandScaleR;  is the number of grid cells which changed in both the HILDA+ and downscaled maps but were incorrectly predicted by LandScaleR, and  is the number of grid cells which were predicted to change by LandScaleR but were not observed to change in HILDA+. The values for Figure of Merit range from 0 to 100%, with 0% meaning no change was allocated correctly and 100% meaning all change was correctly placed. The Figure of Merit index was calculated on a yearly basis as well as across the entire calibration period (from 2010 to 2020) at both country- and global-scales.
A single metric of downscaling error was computed for each year in every downscaling replicate to assess the performance of LandScaleR when using different -values. Downscaling error was calculated by combining the yearly Figure of Merit index and RE of landscape metrics into a ‘fitness function’ similar to those used by past studies to calibrate cellular automata land use models77,78. The downscaling error metric (DE) was calculated using the equation below:
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Where  is the Figure of Merit index,  is the relative error for one landscape metric,  is the relative weight of the Figure of Merit index, and  is the weight for landscape metrics. Only four landscape metrics (AREA_MN, NP, AI, and ED) were used in the calculation of error; class area was excluded because the -value does not affect the area of each LULC class in LandScaleR, and the differences in class area between the downscaled and HILDA+ maps was expected to be very small. LandScaleR aims to generate realistic landscape patterns instead of high cell-based accuracy44, so we weighted landscape metrics more highly in the calculation of downscaling error. The weight for Figure of Merit, , was set to 0.2 while  was set to 0.8, meaning each pattern metric was given equal weight with Figure of Merit. The combined DE metric was averaged across the ten repeats for each year to generate yearly mean DE for all -values tested during calibration. Total downscaling error (DET) was also calculated by summing DE across all years in the study period for each replicate, and then taking an average across replicates to get country-scale total downscaling error. Note that we use DE to refer to downscaling error in a single year, and DET to refer to the total downscaling error between 2010 and 2020. The optimum -value for each country was the one with the lowest DET value. The maximum possible DE in a single year was 100, and maximum possible DET across the ten-year calibration period was 1000. The optimum -value for the globe was selected by averaging yearly DE across all country groups and choosing the value which minimised the sum of yearly DE over time.
Downscaling future land use and land cover projections from LandSyMM
Future LULC projections from LandSyMM36 were downscaled between 2021 and 2100 using the calibrated LandScaleR model to generate yearly LULC maps with a 0.01° spatial resolution (approximately 1 by 1 km at the equator). Future projections of LULC change from LandSyMM were downscaled for five SSP scenarios, which are narratives of possible future socioeconomic changes50–52. Each SSP was paired with a Representative Concentration Pathway (RCP) climate scenario that describes an associated climate change under a given trajectory of socioeconomic development53. The five scenarios were: SSP1-RCP2.6, the ‘sustainability’ scenario; SSP2-RCP4.5, the ‘middle-of-the-road’ scenario; SSP3-RCP7.0, the ‘regional rivalry’ scenario with high climate change; SSP4-RCP6.0, the ‘inequality’ scenario, and SSP5-RCP8.5, the ‘fossil-fueled development’ scenario51. For each scenario, a range of parameters can be used in LandSyMM to represent more or less extreme outcomes. The median parameter set for each scenario was selected for downscaling to give a representative projection. Downscaling was performed twice for each scenario: once where each country was downscaled with its optimum -value, and second with a single, global-scale -value.
HILDA+ LULC in 202043 was used as the reference map for downscaling future LULC projections from LandSyMM to ensure that the future projections were harmonised as far as possible with the historic LULC data. Downscaling was performed as for the LandScaleR calibration, with each country downscaled separately before merging all downscaled country-scale maps to generate global downscaled projections. A few countries, such as Greenland, are not modelled in LandSyMM but do have LULC data in HILDA+. Therefore, the downscaled maps were overlaid with the HILDA+ LULC data in 2020 for countries which do not undergo LULC change in LandSyMM, so that the high resolution future LULC projections include the same countries as the historic HILDA+ maps. The kernel density radius parameter in LandScaleR was set to 1.
LandScaleR matches the LULC classes in the coarse resolution input maps to those in the fine resolution reference map44, so we matched the LandSyMM LULC classes to those in HILDA+ as in Table 1. All LandSyMM LULC classes were matched to a single HILDA+ class except for ‘other natural’ land, which was matched to both ‘unmanaged grass/shrubland’ and ‘sparse/no vegetation’ in HILDA+. The proportion of unmanaged grass/shrubland versus sparse/no vegetation cover can vary greatly between countries and within 0.5° resolution grid cells in HILDA+. Therefore, the proportion of other natural land cover change from LandSyMM assigned to the unmanaged grass/shrubland and sparse/no vegetation classes was determined dynamically within the algorithm for each 0.5° resolution grid cell based on the proportions of the two LULC classes within that cell in the reference map for that timestep:
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Where  is the proportion of other natural land cover from LandSyMM assigned to the unmanaged grass/shrubland HILDA+ class,  is the proportion of other natural land cover assigned to the sparse/no vegetation class,  is the area of unmanaged grass/shrubland within a 0.5° grid cell from LandSyMM that has been overlaid on the reference map, and  is the area of sparse/no vegetation in the reference map within a 0.5° resolution grid cell from LandSyMM.
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Figure 1. Overview of the downscaling process used to generate high resolution future land use and land cover (LULC) projections. Historic LULC maps from HILDA+ between 2010 and 2020 were used to identify the optimum parameters for downscaling with the LandScaleR algorithm44. The optimum parameter values were used to downscale global-scale future LULC change projections from the LandSyMM modelling framework36 for a range of socioeconomic and climate scenarios50–53. Downscaled future LULC projections with 0.01° spatial resolution (approximately 1 by 1 km at the equator) and yearly temporal resolution from 2021 to 2100 were generated. These downscaled LULC projections can be combined with HILDA+, which spans the period from 1960 to 2020, to give harmonised LULC maps from 1960 to 2100 with consistent spatial and temporal resolutions.
Figure 2. Country-scale variation in spatial patterns of land use and land cover change between 2010 and 2020. A) Optimum -value over time for downscaling each country between 2010 and 2020; B) total downscaling error from 2010-2020, and C) comparison of observed spatial patterns in 2020 (HILDA+) and patterns generated by downscaling with  = 0.5 versus  = 2.5 for a region of Brazil. The -value with the lowest total downscaling error for a country or the globe was selected as optimum. Total downscaling error was the sum of a combined error metric across all years from 2010-2020. Minimum possible total downscaling error was 0 and maximum was 1000, with lower values indicating higher accuracy. The global-scale optimum -value was 1.75, indicated by an arrow in A). Boxplots in B) summarise global-scale total downscaling error from 2010-2020 and points are the mean total downscaling error for individual countries across ten replicates. Black points indicate mean total downscaling error for Brazil, which had an optimum -value of 2.5.
Figure 3. Future projections of global land use and land cover (LULC). Future LULC projections for 2100 with 0.01° resolution (approximately 1 km at the equator) are shown on the left for three scenarios: SSP1-RCP2.6, SSP3-RCP7.0, and SSP4-RCP6.0. Change in unmanaged forest cover from 2020 to 2100 for each of the three scenarios is shown on the right as an example of expected future LULC change. Each of the unmanaged forest change maps shows the area of unmanaged forest cover that was stable (green), lost (light blue), or gained (pink) in 2100 compared to 2020. Grey shading in the plots of LULC in 2100 indicates Svalbard, which is classified as ‘no data’ in HILDA+ and the future LULC projections. Future LULC maps were generated by downscaling 0.5° resolution LULC projections from LandSyMM36 to 0.01°. To improve plot readability only 1,001,300 out of 540,000,000 grid cells were plotted for each global map. Larger versions of global LULC maps in 2100 are provided in Figure S5-S6.
Figure 4. Case study of downscaled land use and land cover (LULC) projections for Colombia. A) LULC in South America in 2020 from HILDA+ with black box to show the expanded region in B), C), and D). B) HILDA+ LULC map in 2020 for the expanded region of Colombia, C) LULC projections from LandSyMM36 and the corresponding downscaled map in 2100 for SSP1-RCP2.6, and D) downscaled LULC for the region in 2100 for SSP1-RCP2.6, SSP3-RCP7.0, SSP4-RCP6.0, and SSP5-RCP8.5. Only three example LULC classes from LandSyMM are shown in C). The ‘other natural’ LULC class in LandSyMM corresponds to the ‘unmanaged grass/shrubland’ and ‘sparse/no vegetation’ classes in the downscaled maps. LandSyMM was not constrained to match the total area of LULC classes in HILDA+ in 2020, so there may be differences in the total area of each LULC class between the LandSyMM and downscaled projections in C).
Figure 5. Future landscape patterns vary when downscaling is parameterised at country- versus global-scale. A) Mean patch area (hectares) across Papua New Guinea between 2021 and 2100; B) total number of patches across Papua New Guinea from 2021 to 2100, and C) downscaled future land use and land cover (LULC) in 2100 for a region of Papua New Guinea under two future scenarios generated using country-scale versus global-scale parameterisation. Blue lines in A) indicate scenario SSP1-RCP2.6 and orange lines indicate scenario SSP4-RCP6.0. Solid lines in A) represent downscaling with the country-scale optimum -value for Papua New Guinea ( = 2.50), and dashed lines represent downscaling with the global-scale optimum -value ( = 1.75).
Tables
	
	HILDA+ LULC classes

	
	Urban
	Cropland
	Pasture/
rangeland
	Managed forest
	Unmanaged forest
	Unmanaged grass/
shrubland
	Sparse/no vegetation
	Water

	LandSyMM LULC classes
	Urban
	1
	0
	0
	0
	0
	0
	0
	0

	
	Cropland
	0
	1
	0
	0
	0
	0
	0
	0

	
	Pasture
	0
	0
	1
	0
	0
	0
	0
	0

	
	Timber forest
	0
	0
	0
	1
	0
	0
	0
	0

	
	Unmanaged forest
	0
	0
	0
	0
	1
	0
	0
	0

	
	Other natural 
	0
	0
	0
	0
	0
	
	
	0

	
	Barren
	0
	0
	0
	0
	0
	0
	0
	1


Table 1. Relationship of LandSyMM land use and land cover (LULC) classes to HILDA+ classes. These relationships were used in LandScaleR to map LULC change from LandSyMM36 onto HILDA+ LULC classes43.  is the coarse resolution grid cell-specific proportion of other natural land cover from LandSyMM matched to the unmanaged grass/shrubland HILDA+ class.  is the grid cell-specific proportion of other natural land cover matched to the sparse/no vegetation class.  and  are dynamically determined for each coarse resolution 0.5° resolution grid cell from LandSyMM during each timestep of the downscaling process.
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