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Hotspots of uncertainty in land use and land cover change 1 

projections: a global scale model comparison 2 

 3 

Abstract 4 

Model-based global projections of future land use and land cover (LULC) change are frequently 5 

used in environmental assessments to study the impact of LULC change on environmental 6 

services and to provide decision support for policy. These projections are characterized by a high 7 

uncertainty in terms of quantity and allocation of projected changes, which can severely impact 8 

the results of environmental assessments. In this study, we identify hotspots of uncertainty, based 9 

on 43 simulations from 11 global-scale LULC change models representing a wide range of 10 

assumptions of future biophysical and socio-economic conditions. We attribute components of 11 

uncertainty to input data, model structure, scenario storyline and a residual term, based on a 12 

regression analysis and analysis of variance. From this diverse set of models and scenarios we 13 

find that the uncertainty varies, depending on the region and the LULC type under consideration. 14 

Hotspots of uncertainty appear mainly at the edges of globally important biomes (e.g. boreal and 15 

tropical forests). Our results indicate that an important source of uncertainty in forest and pasture 16 

areas originates from different input data applied in the models. Cropland, in contrast, is more 17 

consistent among the starting conditions, while variation in the projections gradually increases 18 

over time due to diverse scenario assumptions and different modeling approaches. Comparisons 19 

at the grid cell level indicate that disagreement is mainly related to LULC type definitions and 20 

the individual model allocation schemes. We conclude that improving the quality and 21 
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consistency of observational data utilized in the modeling process as well as improving the 22 

allocation mechanisms of LULC change models remain important challenges. Current LULC 23 

representation in environmental assessments might miss the uncertainty arising from the 24 

diversity of LULC change modeling approaches and many studies ignore the uncertainty in 25 

LULC projections in assessments of LULC change impacts on climate, water resources or 26 

biodiversity. 27 
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Introduction  28 

Land use and land cover (LULC) change has been identified as a major driver of global and 29 

regional environmental change and is increasingly recognized in today’s assessment of 30 

anthropogenic impacts on the environment on a global scale (Brovkin et al., 2013, Foley et al., 31 

2005, Verburg et al., 2015). While natural forces dominated the appearance of the land’s surface 32 

for billions of years, humans are now recognized as the main driver shaping the environment in 33 

the modern world (Ellis, 2011). Agricultural activity, forest management, and the demand for 34 

energy have increasing impacts on the functioning of the Earth system.  35 

Human induced LULC changes are estimated to contribute substantially to anthropogenic 36 

emissions of CO2 (Houghton et al., 2012, Le Quere et al., 2015) and non-CO2 greenhouse gases 37 

(GHG) to the atmosphere (Smith et al., 2014, Tubiello et al., 2015). GHG emissions related to 38 

LULC change, however, represent the biggest source of uncertainty in the global carbon budget 39 

(Ballantyne et al., 2015). Beyond biogeochemical impacts on the carbon and nitrogen cycle, 40 

LULC change and land management have been identified to alter biophysical characteristics of 41 

the earth’s surface (e.g. albedo, soil moisture and surface roughness) especially in regions of 42 

intense past LULC change (de Noblet-Ducoudre et al., 2012, Pitman et al., 2009). This in turn 43 

will have feedbacks to the climate system (Luyssaert et al., 2014, Mahmood et al., 2014, 44 

Rounsevell et al., 2014).  45 

To assess the direction and strength of anthropogenic LULC change effects on ecosystems and 46 

the climate, environmental assessments heavily rely on the provision of historical reconstructions 47 

and future projections of LULC change trajectories generated by models. Thus, the estimates are 48 

also affected by uncertainties originating in the underlying model data on anthropogenic LULC 49 
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change for historical and future times (Klein Goldewijk &  Verburg, 2013, Meiyappan &  Jain, 50 

2012). Future LULC change information is usually provided by either integrated assessment 51 

models (IAM) or specialized land use models (LUM) to downstream models such as earth 52 

system models (ESM), global vegetation models (DGVM) or other ecosystem model 53 

applications. While the uncertainty in the reconstruction of historic LULC changes has been 54 

assigned to different approaches in the reconstruction method and the limited data availability for 55 

historic times (Ellis et al., 2013, Klein Goldewijk &  Verburg, 2013), future model projections 56 

suffer from the lack of a validation option and are dependent on the underlying scenario 57 

storylines. Large efforts have been made to develop and improve simulations of future LULC on 58 

a global scale by different disciplines and modelling approaches (Michetti &  Zampieri, 2014, 59 

NRC, 2014). However, uncertainties remain and originate from different sources in the LULC 60 

change modeling process (Verburg et al., 2013). 61 

Global scale LULC change models (both IAMs and LUMs) are difficult to evaluate against 62 

observational data for historical and recent times due to the lack of suitable global observations 63 

and independent datasets, which are not used in model calibration (Verburg et al., 2011). Instead 64 

of evaluation exercises model inter-comparisons have been conducted to obtain insight in the 65 

differences in models. While there have been some comparison exercises at regional scale 66 

(Busch, 2006, Mas et al., 2014, Pontius et al., 2008), global scale comparisons have been 67 

constrained to the larger integrated assessment and macro-economic models, such as in the 68 

Agricultural Model Intercomparison and Improvement Project (AgMIP) (Nelson et al., 2014a, 69 

Nelson et al., 2014b, Schmitz et al., 2014),  the Inter-Sectoral Impact Model Intercomparison 70 

Project (ISI-MIP) (Nelson et al., 2014a, Warszawski et al., 2014) or the EMF27 inter-71 

comparison exercise on land use (Popp et al., 2014b). These comparisons address several model 72 
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outcomes, but not the simulated spatial LULC change patterns. Recently, a broader set of 73 

modeled LULC change scenarios was compared (Alexander et al., in review). However, this 74 

comparison also focused on the simulated global quantity of LULC change, without 75 

differentiating uncertainties to different regions, specific LULC conversions, or grid cell 76 

locations. Understanding of spatial patterns of LULC changes is essential, because these spatial 77 

patterns affect important biogeochemical, biophysical and ecological variables such as soil 78 

fertility, local climate, and biodiversity. For example, the climate impact of converting forest into 79 

agricultural land might be different from the conversion of grazing land into agricultural land 80 

(Don et al., 2011, Guo &  Gifford, 2002, Mahmood et al., 2014). Moreover, the spatial patterns 81 

of LULC change identify those locations and people that will face large changes in their 82 

environment. Thus, spatially explicit assessment of uncertainties is required to identify not only 83 

the amount but also the geographic extent and location of uncertainty.  84 

The main objective of this paper is to compare a wide range of existing global scale LULC 85 

projections in terms of spatial variability and land conversion processes. To reach this objective 86 

the outputs of a set of 11 global-scale LULC change models (providing LULC projections based 87 

on 43 scenarios) are compared on both a regional level as well as spatially gridded level. These 88 

43 scenarios represent a diverse range of biophysical and socio-economic assumptions about the 89 

future and capture a broad range of regional and gridded level uncertainties typical in current 90 

models, therefore allowing to investigate in which regions LULC change projections are least 91 

and most uncertain and at which grid cell locations models agree and disagree about future 92 

LULC developments. 93 

 94 
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Materials and methods 95 

Models and scenarios 96 

Our comparison included 11 models covering a total of 43 scenarios (Table 1), which represent a 97 

subset of the database collected for the analysis of global and European quantities of LULC 98 

change in Alexander et al. (in review). Models which provide only output aggregated at the 99 

global level or only cover the European continent were not considered, since they were not 100 

suitable for the comparison of regional and gridded spatial patterns of LULC changes in this 101 

study. Thus, our comparison is comprised of 5 models that provide results at world region level 102 

and 6 spatially explicit LULC change models (Figure 1). To ensure wide participation of models 103 

in the inter-comparison, modeling teams were invited to submit existing simulations rather than 104 

run new simulations with constrained scenario inputs. Most of the scenarios are based on the 105 

shared socio-economic pathways (SSP) and representative concentration pathways (RCP) 106 

framework (O’Neill et al., 2015, van Vuuren et al., 2011) or on the previous IPCC special report 107 

on emissions scenarios (SRES) framework (Nakicenovic &  Swart, 2000). However, a few 108 

models provided scenarios based on other storylines (Table 1). The LandSHIFT scenarios are 109 

based on several biofuel pathways for Germany applying different intensity assumptions for the 110 

type of usage (fuel or electricity and heat) and sustainability politics (business as usual versus 111 

strict environmental regulations). The CLUMondo scenarios on the other hand are driven by 112 

demands for crop production, livestock and urban area based on FAO projections (Alexandratos 113 

&  Bruinsma, 2012). Additional demands for carbon storage and protected areas were used to 114 

explore the consequences of different mitigation policies (reduction of GHG emissions and 115 

prevention of biodiversity loss) on land change trajectories (Eitelberg et al., in review).  116 
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Despite these similarities in the underlying scenario framework, models have been applied for a 117 

diverse range of biophysical and socio-economic scenario inputs. For example, some scenarios 118 

originate from studies comparing climate mitigation options to business-as-usual conditions 119 

within the same general storyline (e.g. IMAGE and MAgPIE), while others represent the 120 

different SSP storylines considering different historic LULC change or future climate change 121 

trajectories (e.g. FARM, CAPS). Further, some of the scenarios include climate impacts on the 122 

land sector, while others assume constant climate conditions, or use the climatic outcomes in the 123 

scenarios as emissions mitigation targets. While often uncertainty in LULC projections is 124 

represented by differences between scenarios, the different ways of implementing the same 125 

scenario may also lead to different outcomes. Rather than forcing all models to simulate the same 126 

scenario, as is done in earlier model comparisons (Schmitz et al., 2014), our approach allows us 127 

to address the wider range of uncertainties involved in LULC change projections and compare 128 

the variation in outcomes as result of different scenarios to the variation resulting from other 129 

sources of uncertainty. 130 

Data preprocessing  131 

Due to this wide range of model and scenario inputs, which were not harmonized prior to the 132 

simulations, the model outputs used in our comparison required several steps of preprocessing to 133 

allow a meaningful comparison. 134 

For the regional level comparison, 12 common world regions were defined by aggregating areas 135 

for cropland, pasture and forest (Table S1, Figure S1). Most of the spatial aggregation, which 136 

was necessary due to the variety of regional sub-divisions (Table 1), could be achieved by simply 137 

adding the areas of two or more regions. In cases, where this was not possible, we rescaled the 138 
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modeled areas based on the areas reported by FAO country level statistics in 2010 (FAOSTAT, 139 

2015) (Table S2). Gridded model results were also included in the regional level comparison by 140 

simple aggregation of the pixel-based results to the world regions. Since only a small number of 141 

the models provided additional land use and land management categories (e.g. urban or managed 142 

forest), these categories were excluded from the regional part of the analysis. The models start 143 

their simulations in different years (Table 1) and report high variation of initial areas for 144 

individual LULC types due to differences in category definitions and uncertainty in land 145 

statistics (Verburg et al., 2011). To adjust for this discrepancy, the modeled absolute area of each 146 

LULC type in year 2010 was used as a reference and changes were calculated for the remaining 147 

years as proportion of the areas in 2010.  148 

For the gridded level comparison, the maps were harmonized to fractions of the grid cell area at a 149 

0.5 x 0.5 degree grid (un-projected WGS84 coordinate system). This ensured the lowest impact 150 

on original model outputs and could be achieved by spatial aggregation for CLUMondo, 151 

GLOBIOM and LandSHIFT. CAPS, IMAGE and MAgPIE output maps were already provided 152 

at the target resolution. The thematic resolution varied widely between the gridded models. For 153 

example, the CAPS model only reports cropland and pasture, while the LandSHIFT legend is 154 

based on the GlobCover classification, comprising of 30 different LULC types (Bontemps et al., 155 

2011). To resolve this thematic diversity, we aggregated all legends to a common legend of 156 

cropland, pasture, forest, urban and other natural, since these classes were reported by a majority 157 

of the models. When classes were missing they were assumed to be merged with the other 158 

natural category. Details how individual model outputs have been preprocessed prior to the 159 

analysis are reported in the SI.  160 

 161 
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Comparison metrics  162 

Different comparison metrics were applied to the regional and spatially explicit model results 163 

(Figure S2). First, coefficients of variation (standard deviation divided by mean, COV) were 164 

calculated for each of the 12 world regions based on all scenarios for both the LULC changes 165 

(relative to 2010 areas) and LULC areas (areas actually reported in a certain year) at every 166 

decadal end year (2010-2100). This allowed to depict variation across the model results with and 167 

without the effect of differences in the starting conditions. The coefficient of variation was 168 

chosen to provide a comparable measure to describe the spatial pattern of variability across 169 

regions. Additionally, median values of LULC changes were used to identify direction and 170 

amount of overall LULC change projected by the scenario set.  171 

To assess the sources of uncertainty across LULC types and regions, a regression analysis and 172 

analysis of variance (ANOVA) was conducted. We thereby followed Alexander et al. (in 173 

review), who ran linear multiple regressions for each LULC type and decadal end year to 174 

identify significant drivers of variation in the data. Every scenario in our database was 175 

parameterized according to 9 common variables that characterize the model, the scenario and the 176 

initial condition delta (Table 2, Table S5). This set of explanatory variables was derived by the 177 

authors and selected to sufficiently depict the most important differences across the diversity of 178 

models and scenarios in our analysis. Results from analysis of robustness tests conducted in 179 

Alexander et al. (in review) suggest that upon including alternative variables no substantially 180 

different results are obtained. The modeled LULC area in a certain year was hypothesized to be a 181 

function of these 9 variables. The full model (including all 9 variables for each LULC type and 182 

decadal end year) was reduced by stepwise backward selection using the Akaike information 183 

criterion (AIC) to avoid over-fitting and to balance performance and complexity of the 184 
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regression models (Burnham &  Anderson, 2004). Subsequently an ANOVA was conducted on 185 

the regression results to quantify the contribution of each variable to the total variation in the 186 

modeled LULC areas. The variation that could not be explained by these variables was 187 

summarized in a residual term. Since the initial variation was hypothesized as a major reason for 188 

uncertainty in the projections (Alexander et al., in review), regression analysis and ANOVA was 189 

applied to the LULC areas reported by the models, which include the differences in the starting 190 

conditions.  191 

To evaluate the uncertainty of LULC change allocation across the six gridded models and 192 

identify areas of disagreement among the models, we calculated gridded maps of total variation 193 

across all scenarios. Standard deviations of LULC changes at grid cell level were used as a 194 

measure of variation. Subsequently, we adapted a pairwise map comparison approach for the 195 

LULC areas at grid cell level. Pontius and  Cheuk (2006) propose a cross-tabulation approach to 196 

identify disagreement between any two maps at a particular resolution, while considering 197 

simultaneously the complete thematic detail of the legend (details provided in the SI). Each entry 198 

of the resulting cross-tabulation matrix can be interpreted as a fraction of the study area (Table 199 

S4), which allows quantifying the area of agreement and disagreement between the maps under 200 

consideration. Moreover, areas of disagreement can be attributed to particular LULC types (e.g. 201 

one model projects forest, while another projects cropland for the same geographic location and 202 

point in time). This disagreement will be referred to as ‘confusion’ between LULC types in the 203 

remaining paper.  204 

Applying this approach to any two maps (i.e. all unique model and scenario combinations) of the 205 

years 2010, 2030, 2050 and 2100 for the six gridded models at the 0.5 x 0.5 degree resolution 206 

and the coarsest possible resolution (i.e. the whole globe is taken as one grid cell), we 207 
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distinguished disagreement between the maps due to different global quantities per LULC type 208 

(quantity disagreement) and disagreement due to different allocation of LULC types on the map 209 

(allocation disagreement). These two disagreement components add up to the total disagreement 210 

at the original resolution (Pontius &  Millones, 2011). 211 

To identify grid cell locations of high confusion between LULC types across models and 212 

scenarios and visualize the comprehensive information of up to 253 possible pairwise 213 

comparisons at the grid cell level (depending on the year considered), mean values for all matrix 214 

entries were calculated and aggregated to confusion categories between the main LULC types in 215 

the models (cropland, pasture, forest, other natural and urban).  216 

 217 
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Results  218 

Regional level change trends and variation of LULC changes  219 

LULC change projections differ in the direction of change, amount of change, and amount of 220 

variation among LULC types and regions (Figure 2; Figure S3). Cropland areas tend to increase 221 

in all regions (except for Europe, Russia/Central Asia and Southeast Asia) until the end of the 222 

simulation period according to the diverse model and scenario set combined in our study (Table 223 

1). The analysis of median values shows higher rates of cropland expansion in Sub-Saharan 224 

Africa (up to 72%), Canada (up to 26%) and Middle East/North Africa (> 20%) at the end of the 225 

century. In contrast, lower change rates are projected for China (~4% increase) and India/South 226 

Asia (~6% increase). Coefficients of variation yielded rather high values in Australia/New 227 

Zealand and Brazil (COV > 0.4). In Europe and India/South Asia on the other hand, the models 228 

are more in agreement (COV < 0.3). The amount of variation is steadily increasing with time in 229 

most of the regions resulting in the highest uncertainty at the end of the simulation period.  230 

Compared with projections of cropland changes, pasture areas show smaller change rates (Figure 231 

2 b). Model median values range between a loss of 13% in Canada and a slight gain of 5% in 232 

Southeast Asia in 2100 while in a number of regions hardly any change is shown, e.g. in 233 

Australia/New Zealand and South/Middle America. The highest variations in pasture change 234 

rates are, except for Canada (COV = 0.51), still lower than the lowest COV found in any region 235 

for cropland change (COVs < 0.3). Australia/New Zealand, Russia/Central Asia and the USA are 236 

even below a threshold of 0.1. Except for Canada and Southeast Asia coefficient of variations 237 

show small increase over time. 238 
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The forest category shows the lowest overall change rates. However, regions vary for this class 239 

in terms of the direction of changes (Figure 2 c). Similar to pasture, some regions show almost 240 

no changes in forest areas (e.g. Australia/New Zealand, Brazil, Canada and Europe). Other 241 

regions indicate a decrease (Sub-Saharan Africa) or increase (China). In Southeast Asia and 242 

India/South Asia forests are projected to increase in the second half of the century, from a low at 243 

around 2050. The highest median values can be found at 10% loss in Sub-Saharan Africa and 244 

11% gain in China at 2100. The level of variation across the wide range of model types and 245 

scenarios is rather low for the forest category and smaller than in the pasture category in most 246 

regions. The highest COVs are between 0.15 and 0.28 in Middle East/North Africa, India/South 247 

Asia, China and Sub-Saharan Africa at the end of the century, while almost all other regions are 248 

below a COV of 0.1. 249 

Regional level variation of LULC areas and variance decomposition 250 

Figure 3 shows the COV for each region, calculated based on the areas per LULC type reported 251 

by each scenario in 2010, 2030, 2050 and 2100 and classified into lower quartile, interquartile 252 

range and upper quartile of the distribution across all LULC types and years. Initial variation in 253 

2010 ranges from a COV of 0.07 for cropland in India/South Asia up to a value of 0.66 for 254 

pasture areas in Canada. For cropland only, the highest COVs are in Australia/New Zealand 255 

(0.30), the USA (0.21) and Canada (0.20), while the Asian regions, South America, Africa and 256 

Europe are much lower (0.10-0.20). Pasture has high initial variation (0.21-0.65) in almost every 257 

region except for Brazil (0.09). Regional differences in the forest category are also much smaller, 258 

ranging from 0.08 in Middle/South America to 0.43 in Middle East/North Africa and 259 

Australia/New Zealand. Despite the regional differences, variation in 2010 areas are generally 260 

higher in pasture and forest than in cropland.  261 
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A temporal development of coefficients of variation can be seen in the cropland category: in 262 

2030 all regions except for Europe, China and India/South Asia exceed the lower quartile, in 263 

2050 all regions but India/South Asia exceed this threshold, and Australia/New Zealand, Brazil, 264 

and Russia even turn into the category representing the upper quartile. Cropland projections 265 

therefore become more uncertain over time, while hardly any change in variation with time can 266 

be detected for pasture and forest. 267 

Although a considerable amount of variation is present already in the 2010 areas for all LULC 268 

types, this initial variation is generally larger for forest and pasture than for cropland. Forest and 269 

pasture also seem to be more sensitive to changes in our scenario database, as after 2050 (when 270 

some of the models end their projections) the amount of variation actually decreases in several 271 

regions (e.g. Russia and South America for pasture and Russia and Southeast Asia for forest, 272 

respectively). 273 

The dominance of initial uncertainties and the general differences between the LULC types is 274 

supported by the variance decomposition (Figure S5-7). As an example, we show results for 275 

selected regions and LULC types in Figure 4. The contribution of initial conditions in explaining 276 

the variation in the scenario results is larger for pasture and forest than for cropland over the 277 

whole simulation period and for all regions (except for South/Middle America). Initial conditions 278 

explain, for example, almost the total variation in the LULC projections in some regions 279 

(India/South Asia and Canada for pasture, Figure 4). If the initial conditions are not dominating, 280 

which is primarily the case for cropland projections, the relative contributions of the remaining 281 

explanatory variables are very unevenly distributed across regions. While, for example, in the 282 

second half of the simulation period, Australia/New Zealand and Brazil show a high contribution 283 

of model parameters for cropland in explaining the variance, scenario parameters contribute 284 
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almost as much as model parameters in China and Middle East/North Africa for cropland. In 285 

Figure 4, regions are characterized along two gradients: amount of change (i.e. the median value 286 

of LULC changes calculated based on all scenarios) and amount of variation (i.e. COV of LULC 287 

changes calculated based on all scenarios). The partitioning of variance components shows some 288 

general patterns. Generally, the higher the total variation in results, the higher the fraction of 289 

variance that can be explained by the initial conditions, which highlights the importance of the 290 

base-year input data in influencing future projections. Although the exact variance fractions are 291 

very different across regions, we could not find notable influence of higher overall change rates 292 

to the distribution of variance components.  293 

Gridded level variation of LULC changes  294 

Consistent with the regional level results, there is a higher absolute amount of variation in the 295 

cropland category than there is in the forest and pasture categories (indicated by the more intense 296 

colors in the cropland maps in Figure 5).  297 

Hotspots of variation in cropland changes are located in the central United States and north 298 

Mexico, the eastern part of Brazil, the boundaries of the Sahara and large parts of western Russia 299 

in 2030. Further small areas with high variations appear in the southern part of Africa 300 

(Zimbabwe and Madagascar), some parts of India/Pakistan and the Middle East, northern China, 301 

and the east coast of Australia and New Zealand. The overall spatial distribution of the grid cells 302 

with a high variation hardly changes over time, but the maximum variation as well as the 303 

geographic extent of the uncertain areas increase after 2030 (e.g. into the west of the USA and 304 

further north in western Russia). In 2100 this development reverses, most probably due to the 305 

more limited number of models reporting values for that time step.  306 
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Areas of uncertainty of forest dynamics can be found in all major forest areas globally, including 307 

boreal, temperate, and tropical forests. Hotspots of variation are mainly located at the edges 308 

between forested and non-forested areas, rather than in the center of large forested areas (e.g. in 309 

the high latitudes of Siberia). While this pattern emerges already in 2030, it becomes more 310 

obvious in 2050 and 2100.  311 

For pasture, recognizable variations are present in almost every grid cell containing pastures, 312 

although the amount of variation is low compared to cropland and forest. Hotspots can be hardly 313 

detected in 2030, while in 2050 central Brazil, central India and western Australia emerge as the 314 

regions with the highest variation. In 2100 further parts of North and South America, the Sahara 315 

surrounding area and large parts of East Asia are increasingly uncertain, although still below the 316 

uncertainty found in cropland change projections.  317 

Quantity and allocation disagreement in pairwise map comparisons  318 

The total disagreement is generally low between different scenarios of the same model at the 319 

0.5 x 0.5 degree resolution in 2030, while differences between models are higher (Figure 6 a). 320 

We found maximum values of 6% and 7% within model disagreement for the CLUMondo 321 

mitigation scenarios compared to the reference scenario, and up to 9% for several scenarios of 322 

the CAPS model, respectively. Consistently, all within model disagreements are lower than the 323 

smallest disagreement between scenarios from any two different models (minimum value of 16% 324 

between IMAGE SSP2 reference and CAPS Sim6 scenarios).  325 

Maximum disagreements between models can be found between IMAGE and LandSHIFT 326 

results, where on 48% of the total land area (excluding Antarctica and Greenland) there is no 327 

agreement about the LULC categories. LandSHIFT corresponds least with any of the other 328 
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models, which is mostly due to different quantities of the various LULC types (~70% of the total 329 

disagreement, Figure 6 a and b), likely a result of the different scenarios considered by this 330 

model. Comparisons between maps of any model with the CAPS model resulted in the smallest 331 

disagreements, which can most probably be ascribed to the limited amount of categories 332 

compared in these cases (cropland, pasture and other natural, Table 1). CLUMondo scenarios 333 

yield between 33% and 38% total disagreement when compared to scenarios of GLOBIOM, 334 

IMAGE and MAgPIE, where comparison with GLOBIOM gained the highest similarity and with 335 

IMAGE the lowest. The allocation component of the total disagreement is thereby larger than the 336 

quantity disagreement throughout. Maps of the GLOBIOM, IMAGE and MAgPIE models show 337 

similar amounts of total disagreement, ranging from 35% (MAgPIE and GLOBIOM or IMAGE, 338 

respectively) to 42% (IMAGE and GLOBIOM). However, while IMAGE and MAgPIE are 339 

almost consistent in terms of global quantities (quantity disagreement between 5% and 6%), their 340 

disagreement with GLOBIOM is both due to quantity and allocation.  341 

Confusion of LULC types across scenarios 342 

Figure 7 displays the average confusion (i.e. maps show different LULC types in the same grid 343 

cell at the same time) of LULC types in the maps of all possible pairwise comparisons, which we 344 

show as an illustration for the year 2030. Values represent the proportion of a particular 345 

confusion type (e.g. cropland in one map and forest in another, Figure 7 top left) on the total 346 

disagreement in a grid cell. We removed confusions with urban (very small amount of grid cells 347 

and portions) and grid cells with a total average disagreement lower than 10 % for reasons of 348 

clarity.  349 



18 

 

Most of the disagreement between models can be assigned to the ambiguity between pasture and 350 

other natural land in large parts of the world, with hotspots in Australia, Central Asia, large parts 351 

of the African continent outside of tropical forests, the southern part of South America and also 352 

the central and western part of North America. In the high latitudes, the disagreement between 353 

forest and other natural land is the dominating confusion type. This pattern, however, only 354 

appears in grid cells with smaller amounts of total disagreement (< 25 %, Figure S8). Compared 355 

with that, all other confusion types are low, although other confusions of LULC types also 356 

contribute substantially to the total disagreement.  357 
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Discussion  358 

Hot spots of uncertainty  359 

The comparison of model results in this paper has been made both for LULC changes and for the 360 

actual LULC areas. Differences between the actual areas and the simulated changes have 361 

different origins and different impacts on the assessment of uncertainty in spatially explicit 362 

LULC projections (Brown et al., 2013). Important components determining differences in 363 

assessment of changes versus the actual areas relate to the impact of input data on the projections 364 

and the spatial allocation of global or regional LULC change at regular grid level. Both issues 365 

are, however, related since the models usually allocate changes in relation to the LULC 366 

representation at a former time step (e.g. agricultural land expands at the edges of already 367 

cultivated land), which makes the influence of input data even more important. Input data have 368 

been indicated as a major uncertainty source in future LULC change trajectories before (Fritz et 369 

al., 2011, Popp et al., 2014b, Smith et al., 2010, Verburg et al., 2011), which is confirmed by our 370 

results. Especially for pasture and forest, initial variation dominates the uncertainty in the 371 

scenarios under consideration, but also cropland shows substantial deviations in the start values 372 

of the models. This can be attributed to different sources of input data used to initialize the 373 

models, which rely on variant definitions and data acquisition approaches. Moreover, while 374 

models simulating aggregate change at global or regional levels are often based on statistical data 375 

the initial areas of spatial land change models are often derived from available land cover maps 376 

based on remote sensing data or harmonized products. What is actually defined as a forest is 377 

highly dependent on the origin and framework observational data originates in. Sexton et al. 378 

(2015) recently reported large differences (up to 13% of the Earth’s land area) between global 379 

satellite based forest data products concluding that the main reason for this discrepancy 380 
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originates in definition issues rather than the technological limitation of earth observation sensors 381 

and the algorithms applied to derive land cover and land use categories (although this also still 382 

remains an uncertainty factor, e.g. Friedl et al. (2010)). These kinds of data in turn are 383 

implemented to different extents in the models of our comparison either directly (e.g. Bontemps 384 

et al. (2011) in LandSHIFT; Hansen et al. (2003) in CLUMondo) or indirectly by compiled 385 

products of census and remote sensing data or potential natural vegetation maps from DGVMs 386 

(e.g. Erb et al. (2007) in MAgPIE). 387 

Sexton et al. (2015) further identified high disagreements in the considered forest data products 388 

at the transition zones of boreal forest to tundra and (sub)tropical forest to savannah biomes; 389 

areas which we could also detect as highly variable in our model and scenario data set. 390 

Therefore, it seems highly likely that these discrepancies in observational data propagate into 391 

model outputs and this is further confirmed by the dominance of initial conditions in the variance 392 

decomposition. Although the importance of these initial aspects strongly decreases when only 393 

considering LULC changes (i.e. removing the differences in the initial conditions), the 394 

geographic pattern remains very similar, which may be, to some extent, attributed to the impact 395 

of different input data. Nevertheless, the transitions between different biomes are also areas 396 

where many of the LULC models allocate change as result of the gradient of environmental 397 

conditions or through the implementation of climate change in the allocation mechanisms that 398 

would affect the suitability of these zones for different LULC types. It is therefore these zones 399 

that gather multiple uncertainties in the LULC modelling process that call for more attention for 400 

studying these areas to help reduce the uncertainty in projections for these areas.  401 

To reduce uncertainty in initial LULC data recently a number of initiatives have been taken by 402 

data assimilation or crowdsourcing strategies (Fritz et al., 2012, Tuanmu &  Jetz, 2014). We 403 
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expect feeding models with consensus LULC products as initial data will certainly reduce the 404 

differences in model outcome and facilitate further model comparisons, concentrating on 405 

structural model uncertainty. However, such harmonization strategies will also obscure the 406 

uncertainty embedded in the current state of land use and land cover and would only be justified 407 

by an actual reduction of the uncertainty of the data. 408 

While the data input and definition issue mainly dominates the uncertainties in projections of 409 

forest and pasture, the analysis of LULC changes also shows wide variation across the models 410 

and scenarios in most of the regions for cropland projections. These results indicate that, even if 411 

a proper depiction of the current state of LULC existed, uncertainty in future LULC related to 412 

the model structure and scenario assumptions remain. Part of this variation can be explained by 413 

the scenarios used in our comparison, whose input assumptions were not harmonized. Different 414 

scenarios are expected to result in a variation in LULC outcomes, and are a common way of 415 

addressing uncertainties in major socio-economic developments, or evaluating the sensitivity of 416 

land use to policy alternatives. However, the partitioning of the variation clearly shows that only 417 

a part of the variation can be explained by the differences in scenarios and that, often, the results 418 

of different scenarios of the same model are more similar than the results of the same scenario by 419 

different models. 420 

Several hotspots of uncertainty in the gridded maps are located in areas characterized by rapid 421 

past LULC changes (Lepers et al., 2005). Thus several areas of special interest for future LULC 422 

change trajectories represent also areas of high uncertainties in current LULC modeling. 423 

Integration of assessments on local or regional scales may help to improve the representation of 424 

LULC changes in global scale applications.  425 
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Scaling issues in uncertainty assessment 426 

The analysis of land cover and land use changes further revealed a scale dependency in the 427 

uncertainty patterns. The results at the grid-level suggest that the actual hotspots of uncertainty 428 

follow the borders of globally important biomes rather than administrative borders of 429 

geographically or economically delimited world regions. Therefore, the uncertainty in certain 430 

regions depicted in regional-level uncertainty maps may only apply to specific parts of such a 431 

region and should be interpreted with care.  432 

All considered LULC types show this pattern to a certain extent, while it is most obvious in the 433 

forest category. Two of the uncertainty hotspots for cropland can be found for example at a north 434 

to south gradient in the center of the North American continent and in the southwest of Russia, 435 

both rendering the whole regions uncertain at the regional level in 2030 and 2050 (Figure 2, 436 

Figure 5). Another example is the earlier mentioned transition zone between boreal forest and 437 

tundra ecosystems. 438 

Uncertainty assessment at the scale of large world regions is not capable to reveal the actual 439 

hotspots of LULC uncertainty. First, the average uncertainty in a world region could be 440 

misleading as it removes the heterogeneity of uncertainty patterns within the regions. Second, 441 

actual hotspots located at the boundaries of two or more administrative units could dilute the 442 

importance of the hotspot by dividing the disagreement between the regions which individually 443 

are not being identified as a hotspot.  444 

Thus, the level of spatial detail in analyzing uncertainty matters and should be carefully 445 

considered, especially in applications utilizing LULC change models at different spatial 446 

resolutions. Ideally, uncertainty assessments should account for a variety of spatial scales and 447 
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alternative regional sub-divisions to narrow down the areas of substantial uncertainties as our 448 

study has demonstrated. This would allow to investigate the impact of different spatial 449 

resolutions on the uncertainty in LULC trajectories in more detail and may suggest alternative 450 

regional sub-division for future model development.  451 

Implications for environmental assessments   452 

The output of LULC change models is widely utilized in global and regional scale environmental 453 

assessments. Too often land use reconstructions or projections are regarded as observations 454 

without accounting for uncertainty while our results show that these projections contain serious 455 

sources of uncertainty. In the Climate Model Intercomparison Project (CMIP) simulations for the 456 

Intergovernmental Panel on Climate Change (IPCC) harmonized historical and future LULC 457 

change trajectories are used (Taylor et al., 2012). The future LULC change trajectories for the 458 

four RCPs are provided by four different IAMs and smoothly connected to the HYDE historical 459 

LULC reconstruction (Hurtt et al., 2011, Klein Goldewijk et al., 2011). Our results indicate that 460 

this strategy is likely to have consequences for downstream model input data for two reasons. 461 

First, although harmonization ensures common starting conditions for different models, it 462 

obscures the uncertainty about the current state of LULC that strongly propagates in model 463 

results. Second, in the current approach of simulating the RCPs the influence of model diversity 464 

on LULC change trajectories is not considered since each scenario is simulated by a different 465 

model. Both, initial data and model parameters have been shown to contribute substantially to 466 

the uncertainty in LULC projections, hampering a good comparison of the impact of scenario 467 

conditions on the final outcomes. Thus further sensitivity exercises addressing the uncertainty in 468 

LULC for the same scenario in climate impact models are required to test the sensitivity of the 469 

outputs and quantify the uncertainty. The strong spatial patterns in the uncertainty suggest that 470 
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also the downstream impacts of the uncertainties in impact assessment are spatially diverse. The 471 

correspondence of regions with high uncertainty to regions that may have important impacts on 472 

climate change suggests the importance of focusing on further uncovering the sources of 473 

uncertainty in these regions to avoid error propagation in environmental assessments.  474 

Limitations  475 

Unlike previous inter-comparison exercises (Popp et al., 2014b, Schmitz et al., 2014) we did not 476 

make any effort to either harmonize the participating simulations to common scenario constraints 477 

or to calibrate models to a common starting map. This was done to ensure a wider participation 478 

of models and integrate LULC change models from different domains that are normally not part 479 

of the inter-comparison exercises that are strongly related to the IPCC process. However, this 480 

approach makes comparison more challenging, in particular the interpretation of results. The 481 

diversity of scenario assumptions applied in the models and the scenario parameterization 482 

approach adds a certain extent of uncertainty to the model results in our data base which is 483 

independent of model structure and cannot be quantified adequately. We, thus, do not propose 484 

that uncertainty can be completely reduced by model improvement. As LULC is driven by 485 

individual human decisions, future LULC is uncertain by nature. However, the results of the 486 

variance decomposition at regional level and pairwise comparisons at gridded level indicate that 487 

model structure and allocation schemes are an important source of uncertainty and need further 488 

attention at various scales. The article also does not aim to evaluate or judge individual model 489 

performance as, inherent to the chosen approach of comparison in which initial data and 490 

scenarios are not harmonized, this is not possible. Rather, we have identified areas of high 491 

uncertainty and different sources of uncertainty related to this. Applying these models to gain 492 

further knowledge about the socio-economic and environmental challenges of the future requires 493 
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a good understanding of the range of modeling approaches available and awareness about 494 

uncertainty sources. With our approach, we were able to identify hotspots of uncertainty in 495 

regional and spatially explicit LULC change modeling, thereby suggesting locations where 496 

further research should focus on to improve global scale trajectories of LULC change.  497 

 498 
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Table 1 Overview of models and scenarios included in the comparison of regional and gridded land use and land cover projections. The scenarios based on SSPs are preliminary 

implementations of the SSP scenarios.  

Model 

name 

Spatial 

resolution LULC types 

Temporal 

resolution  

Model type 

(classification) 

Scenario descriptions (number of 

scenarios)  Key publication(s) 

AIM 17 regions Cropland, Pasture, Forest (managed, 

unmanaged), Urban, Other Natural 

2005, 2010, 

2030, 2050 and 

2100 

CGE Scenarios based on SSP1, SSP2, SSP3. (3) Fujimori et al. (2012), 

Hasegawa et al. 

(2014) 

FARM 13 regions Cropland, Pasture, Forest 2010 – 2050; 

decadal  

CGE Scenarios based on SSP1, SSP2 and SSP3, 

each under the current climate and climate 

scenario RCP 4.5, RCP 6.0 and 8.5*. (6) 

Nelson et al. (2014a); 

Sands et al. (2014)  

GCAM 32 regions Cropland (irrigated, non- irrigated, 

permanent), Pasture (intensive, 

extensive), Forest (managed, 

unmanaged), Urban, Other Natural 

(vegetated, non-vegetated) 

2010 – 2100; 

decadal 

PE Scenarios based on SSP1, SSP2, SSP3, 

SSP4 and SSP5. (5) 

Calvin et al. (2013) 

MAGNET 26 regions Cropland, Pasture 2007, 2010, 

2020, 2030, 

2050 and 2100 

CGE Scenarios based on SSP1, SSP2 and SSP3. 

(3) 

van Meijl et al. 

(2006), Woltjer et al. 

(2014) 

PLUM 157 

countries 

Cropland, Pasture, Forest 1990 – 2100; 

annual 

Rule-based SRES A1, A2, B1 and B2. (4)   

CAPS 0.5 x 0.5 

degree 

Cropland, Pasture 2005, 2030, 

2050 and 2100 

Hybrid* Scenarios based on SSP3, SSP5, RCP 4.5 

and RCP 8.5, each under estimated model 

parameters from historical data from 

Ramankutty et al. (2008) and HYDE 

(Klein Goldewijk et al., 2011). (8)  

Meiyappan et al. 

(2014) 

CLUMondo 9.25 x 9.25 

km grid 

Cropland, Pasture, Forest, Urban, 

Other Natural  

2000 – 2040; 

annual 

Hybrid* FAO 4Demand, Carbon, Potential 

Protected Area. (3) 

Van Asselen and  

Verburg (2013); 

Eitelberg et al. (in 

review) 

GLOBIOM 5 x 5 

arcminute 

grid 

Cropland, Pasture, Forest, Other 

Natural 

2010 – 2100; 

decadal 

PE Scenarios based on SSP1, SSP2, SSP3. (3) Havlik et al. (2014) 

IMAGE 0.5 x 0.5 

degree grid 

Cropland, Pasture, Forest, Urban, 

Other Natural 

1700 – 2100; 

annual 

Hybrid* Scenarios based on SSP2 reference and 

high bio-energy demand scenario under 

RCP 2.6. (2) 

Stehfest et al. (2014) 

LandSHIFT 5 x 5 

arcminute 

grid  

extended GlobCover legend  2005 –  2050; 

five year steps 

Rule-based Fuel and heat scenarios, with both BAU 

and regulation assumptions. (4)  

Schaldach et al. 

(2011) 

MAgPIE 0.5 x 0.5 

degree grid 

Cropland (irrigated, non-irrigated), 

Pasture, Forest, Urban, Other 

Natural  

1995 – 2100; 

five year steps 

PE Scenarios based on SSP2 BAU and 

bioenergy and CCS. (2)  

Lotze-Campen et al. 

(2008), Popp et al. 

(2014a) 

Notes:  
* Hybrid models use demand from CGE or PE and allocate to particular grid cells 



 

36 

 

Table 2 Overview of variables used to parameterize the scenarios of each model. Details are explained in the SI (Table S3, 727 
Table S5).  728 

Variable Data type Association 

Initial condition delta Continuous  

(deviation of model areas from 

FAO areas in 2010 (FAOSTAT, 

2015) 

Initial 

Model type Categorical (CGE, PE, Rule-

based, Hybrid) 

Model structure 

Number of model cells (log) Continuous Model structure 

CO2 concentration 2100 Continuous Climate scenario 

Population 2100 Continuous Socio-economic scenario 

GDP growth rate to 2100 Continuous Socio-economic scenario 

Inequality ratio 2100 Continuous Socio-economic scenario 

Technology change Discrete (0=None, 1=Slow, 

2=Medium, 3=Rapid) 

Socio-economic scenario 

International trade Discrete (1=Constrained, 

2=Moderate, 3=High) 

Socio-economic scenario 
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Figures 729 

 730 

Figure 1 Overview of the LUC4C model inter-comparison exercise; global and EU27 731 

quantities were analyzed in a separate study (Alexander et al., in review) while an adjusted 732 

data base was used for the regional and spatially gridded analysis in this study.  733 
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 735 

Figure 2 Land use and land cover change projections for (a) cropland, (b) pasture and (c) 736 

forest of 43 scenarios generated by 11 different models. Changes are shown relative to the 737 

areas reported in 2010 per category (for original areas projected by the models see Figure 738 

S4). The grey shading represents the 95 % interval of model results, while the vertical grey 739 

bar indicates a change in the amount of models and scenarios between 2040 and 2060. Note 740 

the different ranges of scales applied for cropland, pasture and forest categories.  741 



 

40 

 

 742 

Figure 3 Variation of land use areas for 43 scenarios of 11 models in cropland, forest and 743 

pasture category; variation expressed as coefficient of variation and classified into lower 744 

quartile, interquartile range and upper quartile of the distribution. Quartiles are calculated 745 

based on all years and land uses; n depicts the number of scenarios underlying the calculation 746 

of COV.  747 
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 748 

Figure 4 Visualization of variance decomposition for selected regions along the two 749 

gradients change rate (horizontal) and variation (vertical). The axes are qualitative based on 750 

the distribution of change rates and variation within each LULC type (e.g. Brazil is a 751 

representative of high change rates and variations within the cropland category). The order of 752 

LULC types within each quadrant is arbitrary. The individual panels show the relative 753 

importance of different variance components at each decadal end year. The vertical grey 754 

shading indicates a change in the underlying model set between 2040 and 2060. 755 
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 756 

Figure 5 Total variation of net changes (reference year 2010) for cropland, pasture and forest 757 

in 2030, 2050 and 2100. The variation is expressed as the standard deviation for each grid 758 

cell. 759 
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 760 

Figure 6 Decomposition of disagreement components for each pairwise comparison in 2030.  761 

(a) Total disagreement at 0.5 x 0.5 degree grid cell level, (b) Quantity disagreement 762 

component (= total disagreement when whole globe considered as one pixel) and (c) 763 

Allocation disagreement component (= difference of the former two components). The 764 

numbers represent the fraction of global land area. CLU = CLUMondo, GB = GLOBIOM, 765 

IM = IMAGE, LS = LandSHIFT, MP = MAgPIE, for scenario decoding see Table S5. 766 
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 767 

Figure 7 Land type confusion on grid cell level in 2030. The grid cell values represent the 768 

proportion of each confusion type on total disagreement per grid cell (urban not shown due to 769 

the low confusion rates). Only grid cells where total disagreement is greater than 10 % are 770 

considered.  771 

 772 


