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Abstract 124 

Light regulates ecological processes from organism performance to ecosystem functioning, yet its role 125 

in shaping plant diversity across spatial scales remains unresolved. Here, we combine >650,000 126 

vegetation plots, 14,835 species-specific light indicator values based on Ecological Indicator Values for 127 

Europe (EIVE), and Earth observation data to provide the first pan-European assessment of how light 128 

regimes near the ground shape plant diversity across scales. Incorporating light-regime metrics beyond 129 

macroclimatic and edaphic drivers improved predictions of plant diversity, with relative increases in 130 

explained variance of 3% and 27.4 - 34.5% at the local and landscape scale, respectively. Plant diversity 131 

peaked under intermediate-to-high light availability coupled with high spatial heterogeneity. Strikingly, 132 

at the landscape level, we identified a pronounced mismatch between the light regimes currently 133 

prevailing across Europe and those associated with high plant diversity. Together, these findings reveal 134 

light regime as a fundamental axis for plant biodiversity and suggest that widespread shifts towards 135 

very low light availability and reduced spatial heterogeneity may decrease plant diversity across Europe. 136 

Maintaining non-shaded or increasing spatial heterogeneity in light conditions near the ground could 137 

therefore help reduce this mismatch, expanding the extent of light regimes with high potential to support 138 

plant diversity. 139 

  140 
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Main 141 

Light regulates ecosystem function and plant growth, influencing primary productivity1, water cycling2, 142 

nutrient turnover3, and plant responses across ecosystems4. Yet its role in biodiversity research has often 143 

been reduced to a one-dimensional gradient of mean light availability. Real light regimes near the 144 

ground are more complex, varying not only in mean intensity but also in spatial heterogeneity. These 145 

two dimensions may shape plant diversity through distinct but complementary mechanisms: greater 146 

light availability can increase resource supply5,6 and population sizes7, whereas higher spatial 147 

heterogeneity can expand niche space and promote local coexistence among species with contrasting 148 

light requirements8. Together, light availability and spatial heterogeneity can define a light regime that 149 

organizes plant diversity across scales, but this hypothesis remains untested over large areas. 150 

Empirical evidence for light-diversity relationships remains inconsistent. Previous studies have reported 151 

positive9,10, neutral11, and negative12,13 associations between light availability and plant diversity, and 152 

evidence for spatial heterogeneity in light conditions near the ground is similarly mixed and restricted 153 

to forest understory4,9. These contrasting findings may partly arise because mean light availability and 154 

spatial heterogeneity are often analysed separately, despite their likely interactive effects. Such 155 

inconsistencies among previous findings may also reflect the restricted spatial grain and extent cover 156 

by most studies, where microclimate, vegetation structure, soil conditions, disturbance history and 157 

topography can strongly mediate plant species distribution and thus diversity patterns14. Local-scale 158 

observations may therefore fail to reveal broader ecological and biogeographic relationships between 159 

light regimes and plant diversity. We therefore ask whether consistent relationships between light 160 

regimes and plant diversity emerge across environmental gradients at a continental extent. 161 

Light-diversity relationships may be expected to reflect evolutionary context. For example, more than 162 

80% of European forest plant species are associated with relatively high light conditions15, suggesting 163 

that much of the contemporary forest flora retains affinities with semi-open habitats and heterogeneous 164 

light regimes. Paleo-ecological evidence further indicates that open vegetation and light woodlands 165 

were widespread across parts of Europe before intensive human land use and the late-Quaternary 166 

decline of large herbivores16. Since the early Holocene, changes in herbivore populations17,18 and the 167 

expansion of woody vegetation have altered canopy structure across Europe. More recently, plantation 168 

forestry19, land abandonment20 and shifts in disturbance and management regimes have further 169 

accelerated woody vegetation expansion and canopy closure across Europe. These changes are expected 170 

to reduce light availability and alter spatial heterogeneity, potentially reshaping the light regimes 171 

experienced by plant communities across Europe. This raises the question of whether long-term canopy 172 

closure and forest expansion have shifted contemporary European light regimes away from the 173 

conditions that support high plant diversity. 174 
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A major obstacle to understanding light–diversity relationships at broad spatial extents has been the 175 

difficulty of quantifying light regimes consistently across large regions and long time periods. Field-176 

based approaches, including hemispherical photography5 and radiation sensors21, provide accurate local 177 

estimates but are limited in spatial and temporal coverage. Remote sensing has expanded the capacity 178 

to characterize vegetation structure and infer canopy light conditions22,23, but available data often 179 

represent contemporary snapshots that may not capture the long-term light environments experienced 180 

by plant communities. However, the long-term environmental conditions at a site can be inferred from 181 

the composition of the plant communities24. Because local communities reflect long-term filtering, 182 

species-specific light preferences can be used to infer biologically meaningful light regimes integrated 183 

over ecological timescales. 184 

Here we integrate species-specific light preferences from Ecological Indicator Values for Europe (EIVE) 185 

24, for 14,835 vascular plant species across more than 650,000 vegetation plots from the European 186 

Vegetation Archive (EVA)25 combined with multi-source Earth observation data to assess light regimes 187 

across Europe. This allows us to quantify spatial variation in mean light availability and light 188 

heterogeneity, and to test how their individual and interactive effects structure plant diversity from local 189 

to landscape scales. We tested three predictions: first, light-regime predictors improve plant diversity 190 

models beyond macroclimatic and edaphic variables; second, mean light availability and spatial 191 

heterogeneity interact to shape plant diversity more strongly than either dimension alone. Finally, we 192 

asked whether a mismatch exists between contemporary European light regimes and the light-regime 193 

conditions associated with high plant diversity. 194 

195 
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Results 196 

Light availability model performance and feature importance 197 

To map the geographic variation of light availability, we trained random-forest models using 328 layers 198 

of spectral, SAR backscatter, and topography predictors (Extended Data Table 1). Models were applied 199 

to all natural and semi-natural areas, as defined by ESA WorldCover 10 m 2020 layer26, after excluding 200 

cropland (code 40), built-up areas (code 50), bare land (code 60), snow and ice (code 70), and permanent 201 

water bodies (code 80). The final model output represents mean EIVE for light availability. 202 

Model performance was consistent across the eight biogeographic regions of Europe, explaining 56–203 

73% of the observed variance in light availability and with a RMSE between 0.32 and 0.8 (Fig. 1a, b). 204 

Across Europe, an 80/20 train-test split gave a similar overall performance, with an R² of 0.69 (Fig. 1d). 205 

Tenfold cross-validation yielded a mean Pearson’s r of 0.80, an R² of 0.64, a RMSE of 0.60 and an 206 

MAE of 0.42 (Fig. 1e). Feature-importance analysis identified Sentinel-1 VH backscatter (10.7%), 207 

kernel Normalized Difference Vegetation Index (kNDVI; 10.5%) and ALOS PALSAR HV backscatter 208 

(7.5%) as the strongest predictors of light availability (Fig. 1c). 209 

210 

Fig.1 Validation and feature importance analysis of the continental light-availability model. 211 

a,b, Regional model performance measured by R² (a) and RMSE (b) across eight European biogeographic regions. 212 

c, Relative importance of predictor groups derived from multi-source Earth observation data and used to 213 

reconstruct biologically inferred light availability regimes across Europe. Values represent the summed 214 

contribution of all spatial and temporal metrics within each predictor group. d, Observed versus predicted light 215 
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availability for an independent 20% holdout dataset (R² = 0.69). e, Observed versus predicted light availability 216 

under tenfold cross-validation, demonstrating robust predictive performance across Europe. 217 

Geospatial patterns of light regimes across Europe 218 

Our map of light availability provides the first ever fine-grained (10 m) spatial distribution of near 219 

ground light regimes across Europe (Fig. 2). Light availability follows a clear latitudinal pattern, 220 

peaking in southern and northern Europe and reaching its lowest values in the European mid-latitudinal 221 

belt (~40 - 55°) (Fig. 2a–b). Substantial variation exists among regions, with mean light availability 222 

values declining from the Anatolian region (mean light availability = 7.7) to the Continental region 223 

(mean light availability = 6.16) (Extended Data Fig.2). 224 

At the local scale, light heterogeneity (Fig. 2c–d), quantified as the standard deviation of light 225 

availability within a 50-m moving window, exhibits an opposing latitudinal gradient relative to mean 226 

light availability, with lower values in southern and northern Europe. Across biogeographic regions, 227 

the Black Sea region shows the highest light heterogeneity (0.23), whereas the Anatolian (0.09) and 228 

Arctic (0.06) regions exhibit the lowest levels. 229 

Four example locations (I–IV in Fig. 2) highlight the ecological detail captured by the European map. 230 

Examples range from the mosaic landscapes of the Mols rewilding site in Denmark (I), characterized 231 

by relatively high light availability and heterogeneity, to forests heavily affected by bark beetle 232 

outbreaks in the Harz Mountains, Germany (II), where light availability is very high but its spatial 233 

heterogeneity remains low due to severe disturbance. In contrast, the near-primary forests of the 234 

Carpathian Mountains in western Ukraine (III) exhibit very low light availability and low spatial 235 

heterogeneity in light conditions, while intensively managed forest landscapes in France (IV) display a 236 

highly heterogeneous light environment with important local contrasts between low and high light 237 

availability. Together, these examples demonstrate that our light regime mapping approach effectively 238 

captures ecologically meaningful variation across contrasting vegetation types. 239 

At the landscape scale (10 km grid cells), the spatial distributions of mean light availability and light 240 

heterogeneity near the ground closely mirror local-scale patterns, indicating that large-scale patterns of 241 

European light regimes are similar at 10-m and 10-km resolutions (Extended Data Fig.1 a-b). When 242 

projected into climatic space, light availability is higher in warmer and drier climates, whereas the 243 

spatial heterogeneity of light conditions is more pronounced in cooler and wetter regions (Extended 244 

Data Fig.1 c-d). Across landscapes, light availability and its local spatial heterogeneity exhibit a 245 

pronounced nonlinear relationship (Extended Data Fig.1 e), with heterogeneity peaking at intermediate-246 

to-high levels. 247 



8 

 

 248 

Fig.2 European light-regime maps near the ground. 249 

a, Spatial distribution of light availability near the ground across natural and semi-natural areas in Europe. c, 250 

Local-scale light heterogeneity near the ground across natural and semi-natural areas, quantified using a 50 m 251 

moving window. Natural and semi-natural areas were defined based on the ESA WorldCover 10 m 2020 layer26, 252 

excluding cropland (code 40), built-up areas (code 50), bare land (code 60), snow and ice (code 70), and 253 

permanent water bodies (code 80). b, d, Corresponding latitudinal trends in the spatial distribution of mean light 254 

availability and spatial heterogeneity, aggregated within 0.1° latitude bands; shaded envelopes indicate ±1 SD 255 

around the mean. Maps are displayed at 100 m resolution for visualization, with insets I–IV showing native 10 m 256 

resolution subsets. Insets illustrate contrasting ecological contexts: I: the mosaic landscapes of the Mols 257 

rewilding site in Denmark; II: forests heavily disturbed by bark beetle outbreaks in the Harz Mountains, Germany; 258 

III: near-primary forests in the Carpathian Mountains, Ukraine; and IV: intensively managed plantation forests 259 

in France. The last two columns show high-resolution true-color imagery provided by Google Maps, along with 260 

corresponding landscape photographs. The full 10 m resolution map is available via an interactive online 261 

platform (https://ee wwanben1994.projects.earthengine.app/view/eulr10m-explorer). 262 

Habitat-specific distribution of light regimes 263 

To evaluate the ecological realism of the modeled light regime, we overlaid the light regime maps with 264 

EUNIS habitat types27 and quantified habitat-specific distributions of both mean light availability and 265 

light heterogeneity (Fig. 3). Clear and systematic differences emerged among habitat types. 266 
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Forest habitats (T1 - T4) were predominantly associated with lower mean light availability, with median 267 

values ranging from 5.88 to 6.71. The lowest light levels were observed in broadleaved deciduous 268 

forests (T1), with Alnus cordata forests (T1G) exhibiting the lowest light availability (EIVE-L = 5.44) 269 

(Extended Data Fig. 3), consistent with the closed-canopy conditions characteristic of mature stands. 270 

In contrast, the linear tree formations, small anthropogenic forests, recently felled areas, early 271 

successional stands, and coppice systems (T4), exhibited substantially higher light availability. The 272 

recently felled area (T43) exhibited the highest light availability (EIVE-L = 6.72). 273 

Grassland and tall forbs from open to semi-open habitats (R1 - R6) exhibited consistently higher light 274 

availability (EIVE-L = 6.23 - 6.80), reflecting more open vegetation states. While some overlap in light 275 

availability was observed among habitat types, clear shifts in both mean light availability and 276 

distribution density suggest that our mean light availability metric effectively captures broad structural 277 

differences across European ecosystems. 278 

In contrast, the spatial heterogeneity of light conditions near the ground varied over a narrower 279 

numerical range across habitat types but exhibited coherent directional patterns. Forest habitats, 280 

particularly (T1 - T3), tended to show lower light heterogeneity (median values ≈ 0.20 - 0.22), consistent 281 

with relatively uniform canopy structures. Higher light heterogeneity was more frequently observed in 282 

structurally complex or disturbance-associated habitats, including several riparian and semi-open types 283 

(R1 - R5; median values ≈ 0.23 - 0.27), reflecting greater spatial variation in canopy openness. 284 

285 

Fig.3 Distributions of modeled light regimes across EUNIS habitat types. 286 
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a, Light availability, and b, light heterogeneity (within-50m radius standard deviation), across forest (T1–T4) and 287 

grassland/tall forb (R1–R6) habitats. Half violin plots show kernel density distributions (frequency) of pixel-level 288 

values; embedded boxplots indicate medians (bold line), interquartile ranges (box), and full ranges (whiskers); 289 

white dots denote means. Sample sizes (number of 10 m pixels) are shown above each panel. Forest types 290 

generally exhibit lower light availability and heterogeneity, while grassland and structurally complex habitats 291 

show higher values for both metrics. Where T1: Broadleaved deciduous forests; T2: Broadleaved evergreen 292 

forests; T3: Coniferous forests; T4: Lines of trees, small anthropogenic forests, recently felled forest, early-stage 293 

forest and coppice. R1: Dry grasslands; R2: Mesic grasslands; R3: Seasonally wet and wet grasslands; R4: Alpine 294 

and subalpine grasslands; R5: Woodland fringes and clearings and tall forb stand; R6: Inland salt steppes. 295 

Extended Data Fig. 3 shows the light regime patterns across EUNIS level 3 forest (T) and grassland (R) habitat 296 

types. 297 

Light regime near the ground as a predictor of plant diversity 298 

To quantify the contribution of light regime to plant-diversity predictions, we fitted three hierarchical 299 

spatial and spatiotemporal GLMMs (Generalized Linear Mixed Effects Models) models using sdmTMB 300 

package28: (1) an environment-only model including macroclimate, soil properties and plot area; (2) a 301 

light-added model further incorporating mean light availability and its spatial heterogeneity; and (3) a 302 

light interaction model, including the interaction between both light variables. Model performance 303 

differed markedly between spatial scales (Table 1). At the local scale, models excluding and including 304 

light explained relatively little variation in diversity (R² = 0.134 - 0.138), whereas explanatory power 305 

was substantially higher at the landscape scale (R² = 0.307 - 0.483). Incorporating light-regime variables 306 

improved model performance at both scales, but the effect was considerably stronger at the landscape 307 

scale. Relative to the environment-only model, improvements at the local scale were minimal, with 308 

explained variance increasing by only 3% (ΔR² = 0.004). In contrast, at landscape scale, the model that 309 

included light variables increased explained variance by 27.4% for species richness (N₀; ΔR² = 0.104), 310 

33.2% for Shannon diversity (N₁; ΔR² = 0.107), and 34.5% for Simpson diversity (N₂; ΔR² = 0.106). 311 

Adding an interaction between mean light availability and light heterogeneity yielded only marginal 312 

further improvements, indicating that their effects on plant diversity were largely additive. Together, 313 

these results identify light regimes near the ground as a major determinant of broad-scale diversity 314 

patterns while suggesting a more limited role in explaining local-scale variation. Five-fold spatial cross-315 

validation further demonstrated strong agreement between observed and predicted diversity, 316 

particularly at the landscape scale (Extended Data Fig. 5). Moran’s I tests indicated little residual spatial 317 

autocorrelation in the final interaction models (Moran’s I < 0.05, P > 0.05; Extended Data Table 2), 318 

suggesting that the spatial random field adequately captured spatial dependence. 319 

Table 1 | Cross-validated predictive performance of alternative light-regime models across spatial scales. 320 

Values represent the mean ± standard error (s.e.) across five spatial cross-validation folds. The Environment-321 

only model included climatic, edaphic and plot-level covariates but excluded light-regime predictors; the light-322 

added model included additive effects of the two light regime predictors only; the ligt-interaction model included 323 
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additive effects of the two light predictors and their interactions. Model performance was evaluated using the 324 

coefficient of determination (R²) and root mean square error (RMSE). Bold values indicate the best-performing 325 

model for each diversity metric and spatial scale. 326 

Scale 
Response 

variable 
Model R² RMSE 

Landscape 

N
0
 

Environment-only model 0.379 ± 0.025 0.715 ± 0.013 

Light-added model 0.477 ± 0.018 0.656 ± 0.014 

Light interaction model 0.483 ± 0.017 0.653 ± 0.013 

N
1
 

Environment-only model 0.322 ± 0.023 0.623 ± 0.012 

Light-added model 0.427 ± 0.014 0.573 ± 0.010 

Light interaction model 0.429 ± 0.014 0.572 ± 0.009 

N
2
 

Environment-only model 0.307 ± 0.018 0.579 ± 0.007 

Light-added model 0.409 ± 0.014 0.535 ± 0.008 

Light interaction model 0.413 ± 0.014 0.534 ± 0.008 

Local N
0
 

Environment-only model 0.134 ± 0.007 0.600 ± 0.003 

Light-added model 0.137 ± 0.005 0.600 ± 0.004 

Light interaction model 0.138 ± 0.005 0.599 ± 0.004 

 327 

To assess the relative importance of individual predictors, we quantified the increase in prediction error 328 

following permutation of each predictor variable in the light-added models under blocked spatial cross-329 

validation (see methods). Predictor importance differed markedly between spatial scales (Fig. 4). At the 330 

local scale, plot area dominated model performance, accounting for 69.2% of total permutation 331 

importance (ΔRMSE = 0.54), followed by annual precipitation (17.1%; ΔRMSE = 0.13). Mean light 332 

availability and light heterogeneity contributed comparatively little, accounting for 2.7% (ΔRMSE = 333 

0.02) and 3.5% (ΔRMSE = 0.03) of total importance, respectively. In contrast, at the landscape scale, 334 

light heterogeneity emerged as the most influential predictor, accounting for 36.8% of total importance 335 

for species richness (N₀), 75.6% for Shannon diversity (N₁), and 74.3% for Simpson diversity (N₂). 336 

These results reveal a pronounced shift in the drivers of plant diversity across spatial scales, from local 337 

dominance of sampling area and climatic conditions to a strong influence of light heterogeneity at the 338 

landscape scale. 339 
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 340 

Fig. 4 Relative contributions of light-regime, climatic and edaphic predictors to plant diversity across spatial 341 

scales. 342 

Panels show results for species richness (N₀) at the local scale (a) and for species richness (N₀; b), Shannon 343 

diversity (N₁; c) and Simpson diversity (N₂; d) at the landscape scale (10 × 10 km). Light-regime predictors 344 

include mean light availability and light heterogeneity. Environmental predictors comprise mean annual 345 

temperature, annual precipitation, temperature seasonality, soil cation-exchange capacity (CEC), soil nitrogen, 346 

soil pH and sampling area (plot area). 347 

Plant diversity across the light regime space 348 

By modelling the joint effects (the light interaction models) of mean light availability and spatial 349 

heterogeneity, we identified a distinct light-regime space associated with elevated plant diversity across 350 

Europe (Fig. 5). Plant diversity exhibited a structured and nonlinear distribution across the joint 351 

gradients of light availability and heterogeneity, with the highest values consistently concentrated in 352 

relatively non-shaded and heterogeneous environments. However, the shape and extent of this high-353 

diversity space differed markedly between spatial scales. 354 

At the local scale, species richness showed only a weak dependence on the joint light regime (Fig. 5a). 355 

High-diversity plots occurred across a broad range of light conditions, indicating that local richness was 356 

not confined to a narrowly defined combination of light availability and local heterogeneity. 357 

Nevertheless, the highest richness values were generally associated with moderately high light 358 

availability and high spatial heterogeneity in light conditions. 359 
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In contrast, landscape-scale diversity displayed a much stronger and more clearly defined association 360 

with light regime (Fig. 5b - d). Across all diversity metrics, landscapes exceeding the 90th percentile 361 

of diversity were primarily concentrated at mean light-availability values of approximately 6.3 - 7.2 and 362 

at spatial heterogeneity values above 0.5. The most diverse landscapes (top 5%) occupied an even 363 

narrower region centered around light availability values of ~6.7 - 7.0 and spatial heterogeneity values 364 

of ~0.7 - 1.0, revealing a well-defined optimum light-regime space for landscape-scale plant diversity. 365 

The extent of this favorable light-regime space differed among diversity metrics. Species richness (N₀) 366 

occupied the broadest range of suitable light conditions, whereas Shannon diversity (N₁) and Simpson 367 

diversity (N₂) were more tightly clustered around the optimum light-regime window. Thus, spatial 368 

heterogeneous light environments supported species accumulation across a relatively wide range of 369 

conditions, whereas communities characterized by high evenness and low dominance occurred only 370 

under a more restricted combination of mean light availability and spatial heterogeneity. Conditional 371 

partial effects supported the interaction analyses (Figs. 5e - h). At the local scale, species richness 372 

showed a hump-shaped response to mean light availability, peaking at intermediate-to-high light levels, 373 

whereas responses to light heterogeneity were comparatively weak. At the landscape scale, all diversity 374 

metrics exhibited unimodal responses to light availability and strong positive responses to light’s spatial 375 

heterogeneity. Diversity increased rapidly with increasing spatial heterogeneity before approaching 376 

saturation, highlighting spatial light heterogeneity as a key determinant of landscape-scale plant 377 

diversity. 378 
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 379 

Fig. 5 | Predicted plant-diversity responses to light regimes near the ground. 380 

a–d, Conditional effects of mean light availability and spatial light heterogeneity on predicted plant diversity from 381 

sdmTMB models. Heat maps show local-scale species richness (N0; a), landscape-scale species richness (N0; b), 382 

exponential Shannon diversity (N1; c) and inverse Simpson diversity (N2; d). Light heterogeneity was quantified 383 

as the standard deviation of light availability within a 50-m-radius window at the local scale and within 10-km 384 
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grain size at the landscape scale. Greener colours indicate higher predicted diversity. Coloured dashed contours 385 

delineate the upper 5%, 10% and 25% of predicted diversity values. Black solid contours indicate realistic light-386 

regime space, defined by the 99% kernel-density boundary of observed combinations of mean light availability 387 

and heterogeneity. e-f, Conditional partial effects of local-scale mean light availability (e) and light heterogeneity 388 

(f) on plant diversity. g-h, Corresponding effects of landscape-scale mean light availability (g) and light 389 

heterogeneity (h). Partial-dependence relationships were estimated while holding all other environmental 390 

predictors, including climate, soil properties, plot area, spatial covariates and the remaining light-regime 391 

variable, at their median values. Shaded bands denote 95% confidence intervals, and grey points show observed 392 

data. Hill numbers N0, N1 and N2 represent species richness, exponential Shannon diversity and inverse Simpson 393 

diversity, respectively. 394 

Mismatch with high-diversity light regimes 395 

At the landscape scale, projecting the European light regime into a two-dimensional space defined by 396 

mean light availability and spatial heterogeneity in light conditions revealed a pronounced continent-397 

wide mismatch between realized light conditions and those associated with high plant diversity (Fig. 398 

6a). Across Europe, plant diversity was maximized under intermediate-to-high light availability 399 

combined with high spatial heterogeneity. The light-regime niches associated with the top 10% of plant 400 

diversity occupied only 8.3%, 6.3%, and 5.4% of European natural and semi-natural areas for species 401 

richness, Shannon diversity, and Simpson diversity, respectively. The progressively smaller niche 402 

occupancy from species richness to Simpson diversity suggests that the light environments supporting 403 

communities not dominated by a few abundant species are particularly restricted across Europe. Most 404 

European landscapes clustered in darker or more homogeneous regions of the light-regime space, 405 

consistent with structurally closed and weakly heterogeneous vegetation, indicating a systematic 406 

deviation from the light regimes that best support high and evenly distributed plant diversity. 407 

As an exploratory assessment of one potential contributor to this broader pattern, we examined how 408 

current management strategies were associated with fine-scale light regimes. Management categories 409 

occupied distinct regions of the light-regime space at the 10-m resolution (Fig. 6b). Unmanaged forests 410 

had the highest light availability, whereas forests under “close-to-nature” management occupied the 411 

darkest portion of the observed space, and thus exhibiting the lowest potential for high local plant 412 

species diversity. These contrasts illustrate that forest management can modify local light regimes and 413 

may therefore contribute to broader variation in habitat conditions. However, this forest-focused 414 

comparison represents only one possible component of the continent-wide mismatch observed across 415 

natural and semi-natural habitats. 416 
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417 

Fig. 6 Continental mismatch between realized and the high-plant-diversity light regimes and management-418 

specific differentiation of light-regime space. 419 

a, Continental mismatch between realized light regimes and high-diversity light-regime space. The realized space 420 

was derived from a 10-m map of biologically inferred light availability aggregated to a 10-km grid across Europe. 421 

Coloured hexagons indicate the total area (×10³ km²) associated with each combination of mean light availability 422 

and spatial heterogeneity. Contours delineate the light-regime space occupied by the top 10% of grid cells for 423 

species richness (N0), exponential Shannon diversity (N1) and inverse Simpson diversity (N2). Grey marginal 424 

density distributions show the continental distributions of mean light availability (top) and light heterogeneity 425 

(right). b, Light regimes under different forest-management types. Light availability was estimated at 10-m 426 

resolution, and local heterogeneity was calculated within a 50-m-radius moving window and assigned to 427 

individual 10-m pixels. Distributions show the light-regime configurations of individual management types and 428 

all types combined; points indicate their centroids. 429 

Discussion 430 

Light availability has long been recognized as a driver of plant growth, community assembly and 431 

vegetation succession29, yet it has rarely been treated as an integrative axis for explaining plant 432 

biodiversity patterns over large areas and across spatial scales. Here, we developed a continental-scale, 433 

10-m product of ecologically inferred light availability near the ground and used it to quantify how light 434 

regime structure plant diversity patterns from individual vegetation plots to entire landscapes. We show 435 

that high plant diversity was associated with a distinct light regime near the ground, characterized by 436 

intermediate-to-high light availability and high spatial heterogeneity. These relationships were weak at 437 

the local scale but much stronger at the landscape scale, where contemporary European light regimes 438 

diverged from those associated with the highest plant diversity. 439 

This pattern suggests that plant diversity was shaped by the joint effects of light availability near the 440 

ground and its spatial heterogeneity, rather than by either dimension alone (Fig. 5). Under more open 441 
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canopy conditions, diversity increased, consistent with the view that reduced light limitation expands 442 

the range of viable plant strategies and increases the populations that can be maintained9. However, 443 

diversity did not peak under the highest light availability, indicating that resource supply alone is 444 

unlikely to explain the observed optimum. Instead, the highest diversity occurred where relatively open 445 

conditions coincided with strong spatial heterogeneity in light conditions near the ground. Such 446 

heterogeneity implies a broader range of light niches, reduce the dominance of any single competitive 447 

strategy, and allow species with contrasting light requirements to coexist across landscapes30. This 448 

interpretation is consistent with resource-based theory31, which predicts that energy availability can 449 

constrain richness, but also with coexistence theory, which emphasizes that spatial variation is needed 450 

for resources to support multiple species rather than a few dominant competitors32. 451 

The evolutionary context of European vegetation also provides a complementary explanation for why 452 

high diversity was associated with relatively open and spatially heterogeneous light regimes. The 453 

majority of European plant species evolved under landscapes containing mosaics of open habitats, semi-454 

open woodlands and closed-canopy patches, maintained by herbivory and other disturbance16,33. If a 455 

large fraction of the regional flora is adapted to such conditions, contemporary diversity should be 456 

highest where light regimes still approximate these historically heterogeneous environments. Our 457 

results are therefore consistent with a combined ecological and historical mechanism: intermediate-to-458 

high light availability may relax local light limitation, whereas spatial heterogeneity and landscape 459 

history determine whether that resource space is partitioned among many species. 460 

The scale dependence of light-regime effects provides important insight into how light near the ground 461 

structures plant diversity. Light availability is clearly a microsite-scale driver of plant performance and 462 

community composition, but our results show that light regimes also regulate diversity as spatially 463 

integrated landscape properties. At the local scale, light availability and light heterogeneity contributed 464 

relatively little additional explanatory power beyond macroclimate, soil conditions and plot area. In 465 

contrast, at the landscape scale, spatial heterogeneity emerged as one of the strongest predictors of plant 466 

diversity. Heterogeneous landscapes may support more species simply because they contain a wider 467 

range of habitat types, successional stages and competitive environments. In addition, spatially 468 

structured variation in light conditions may promote species sorting, mass effects and spatial storage 469 

effects, thereby allowing species with different ecological strategies to persist within the same landscape. 470 

This interpretation links our findings to heterogeneity-diversity theory4,34 and metacommunity 471 

perspectives35. Finally, landscapes with heterogenous light regimes may harbor more species, because 472 

they better fit the requirements of the species pool by reflecting the prevailing conditions under which 473 

it evolved36,37, in line with the species pool hypothesis38. 474 

 475 
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Our analyses further suggest that contemporary European landscapes occupy only a limited portion of 476 

the light-regime space associated with high plant diversity (Fig. 6a). This mismatch may reflect a long-477 

term shift away from historically more open and structurally heterogeneous conditions, linked to woody 478 

densification39, land abandonment40, and the prior loss and persisting low levels large herbivores41. As 479 

vegetation becomes increasingly dense and homogeneous, landscapes may move further away from the 480 

light-regime conditions that can support a large proportion of regional species pool: combining 481 

intermediate levels of light availability with a spatially heterogeneous light distribution. Consequently, 482 

biodiversity-oriented management should consider not only forest extent or canopy cover, but also the 483 

spatial configuration of light conditions across landscapes. Processes that maintaining mosaics of open, 484 

semi-open and closed-canopy habitats may therefore be critical for sustaining plant diversity at broader 485 

spatial scales. 486 

These findings also caution against assuming that conservation-oriented management automatically 487 

maintains light regimes conducive to high biodiversity. In our analysis, “close-to-nature” forestry was 488 

associated with darker and more homogeneous light conditions (Fig. 6b), suggesting that management 489 

approaches emphasizing canopy continuity, retention forestry or low-intensity intervention do not 490 

necessarily generate the structural heterogeneity required to support diverse plant communities. 491 

Similarly, while land abandonment may present important opportunities for nature restoration, it 492 

promotes canopy closure and eventually landscape homogenization in the absence of natural 493 

disturbance processes from e.g. large herbivores. In such systems, active restoration measures, such as 494 

naturalistic grazing42, trophic rewilding43, coppicing44 or prescribed burning45, may be used to maintain 495 

or restore a mosaic of open and high spatial heterogeneity in light conditions associated with high plant 496 

diversity. 497 

More broadly, our results suggest that light regimes constitute a previously underappreciated axis of 498 

plant diversity organization. By integrating mean light availability and spatial heterogeneity, the light-499 

regime framework links vegetation structure, disturbance dynamics and biodiversity across spatial 500 

scales, while substantially improving predictions of plant diversity beyond traditional climate and soil 501 

predictors. This framework provides a more general basis for understanding and forecasting 502 

biodiversity responses to global change drivers. Although developed here using European plant 503 

communities, this framework is likely applicable to a wide range of ecosystems in which vegetation 504 

structure, land use and disturbance regulate access to light. Monitoring shifts in light regimes may 505 

therefore provide a useful way to assess whether landscapes are moving toward or away from 506 

environmental conditions that support high plant diversity under ongoing global change. 507 

Conclusion 508 

The integration of European vegetation-plot data with high-resolution Earth observation allowed us to 509 

quantify light availability as experienced by plant species near the ground and assess how light regimes 510 
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shape plant diversity across spatial scales. This integration produced the first continental-scale, 10-m 511 

resolution map of light availability, providing a new basis for linking vegetation structure, disturbance 512 

and plant biodiversity across Europe. Our analysis identifies the interaction between mean light 513 

availability and its spatial heterogeneity as a key regulator of plant diversity. Plant diversity was 514 

maximized under light regimes combining relatively intermediate-to-high light availability with 515 

pronounced spatial heterogeneity. This pattern is likely attributable to the joint effects of resource 516 

availability, niche differentiation and the historical adaptation of European floras to a mosaic of open 517 

habitats, semi-open woodlands and closed-canopy patches, rendering the distribution of light near the 518 

ground more heterogeneous. We also observed strong scale dependence, with light-regime effects being 519 

modest at the local scale but emerging as major predictors of diversity at the landscape scale. By 520 

projecting contemporary landscapes into light-regime space, we further show that many European 521 

landscapes are shifted toward darker and more homogeneous conditions than those associated with high 522 

plant diversity. Forest management strongly contributed to this variation, with “close-to-nature” 523 

forestry producing particularly dark light regimes, whereas more intensive strategies mainly increased 524 

light heterogeneity. Our findings establish the light regime as an underappreciated dimension of 525 

biodiversity regulation and highlight the need to manage landscapes not in terms of canopy cover 526 

continuity exclusively, but for the spatial configuration of heterogeneous light environments that sustain 527 

plant diversity. 528 

Methods 529 

The European Vegetation Archive (EVA) data 530 

The raw vegetation plot data were obtained from the European Vegetation Archive (EVA)25 and 531 

accessed in April 2025 (Project ID: 240). Each vegetation plot includes complete records of vascular 532 

plant species composition, geospatial coordinates, plot size, and the year of observation. The EVA 533 

dataset served two main purposes: (1) to provide training and validation plots for light-availability 534 

modeling, and (2) to explore the relationship between light availability and plant diversity. 535 

After filtering for observations collected between 2010 and 2024 and excluding plots with a location 536 

uncertainty greater than 50 m, a total of 652,028 plots encompassing 12,870 taxa were retained for 537 

analysis. These plots were then split into two subsets: (1) Model development. To enhance sample 538 

heterogeneity and reduce spatial autocorrelation, we applied a 1 km × 1 km grid filter, retaining only 539 

one plot (the most recent observation) per grid cell. When multiple surveys were available for the same 540 

plot, only the most recent survey was kept, resulting in an average survey year of 2016. The final 541 

modeling dataset comprised 59,733 plots representing 8,658 taxa, which were used to train a random 542 

forest (RF) model of light availability. (2) Plant diversity analysis. The remaining 592,295 plots, 543 

containing 12,566 taxa, were used to calculate plant diversity metrics and to assess the relationship 544 

between modeled light availability and plant diversity. Importantly, plant diversity responses were 545 
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quantified using plots that were entirely independent from those used to calibrate the light model, 546 

thereby preventing circularity and ensuring robust inference 547 

Ecological Indicator Values for Europe (EIVE) 548 

The database of Ecological Indicator Values for Europe (EIVE)24 is currently the most comprehensive 549 

ecological indicator value (EIV) system available for European vascular plants. The EIVE database 550 

includes harmonized ecological indicator values for 14,835 vascular plant taxa from Europe, covering 551 

31 indicator value systems related to five primary plant niche dimensions: soil moisture, soil nitrogen, 552 

soil reaction, light regime, and temperature. These EIVs have been standardized using taxonomic names 553 

from the Euro+Med PlantBase46,The EIVE light indicator reflects the amount of light reaching the near 554 

ground after transmission through the canopy, with values ranging from 0 (lowest light availability) to 555 

10 (highest light availability). In this study, we utilized EIVE light indicator values (available for 14,054 556 

taxa) to derive plot-level light regime metrics. 557 

Plot-level light availability values 558 

Plot-scale light regime values were derived from the EIVE database. Species-level aggregates were 559 

used when available; otherwise, unweighted means across species within plots were calculated, as 560 

cover-weighting has been shown to reduce the predictive performance of mean EIVs47. 561 

Sentinel-1 backscatter data 562 

Sentinel-1 Ground Range Detected scenes were used to estimate light regime. Sentinel-1 provides 10 563 

m spatial resolution imagery with a revisit period of 6–12 days. In this study, we utilized two 564 

polarization bands, the backscatter coefficient in VH (vertical-horizontal) and VV (vertical-vertical) 565 

polarization, derived from a dual-polarization C-band Synthetic Aperture Radar (SAR) instrument5. A 566 

total of 169,580 Sentinel-1 scenes from January 2019 to December 2021 were processed across Europe. 567 

All Sentinel-1 data were acquired and processed using Google Earth Engine (GEE)48. The distribution 568 

of total Sentinel-1 observations is shown in Extended Data Fig. 6a. 569 

Sentinel-2 spectral data 570 

Sentinel-2 is a wide-swath, multi-spectral (13 spectral channels), high spatial resolution (10 m for 571 

visible and near infrared, 20 m for other near infrared and short-wave infrared band), and high temporal 572 

resolution (revisit period 5 days) imaging mission supporting Copernicus Land Monitoring studies. A 573 

total of 597,956 Sentinel-2 Level-2A scenes on surface reflectance from January 2019 to December 574 

2021 were processed across Europe. To remove low-quality observations, we masked clouds and cirrus 575 

using the Sentinel-2 QA60 band and the Sentinel-2 Cloud Probability product, excluding pixels with an 576 

estimated cloud probability exceeding 25%. The distribution of total Sentinel-2 observations used in 577 

the final analysis is shown in Extended Data Fig. 6b. 578 
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In addition to Sentinel spectral bands, twelve other spectral indices were calculated and used as 579 

independent variables, including Normalized Difference Vegetation Index (NDVI)49, Enhanced 580 

Vegetation Index (EVI)50, kernel Normalized Difference Vegetation Index (kNDVI)51, Land Surface 581 

Water Index (LSWI)52, Modified Normalized Difference Water Index (MNDWI)53, Green Chlorophyll 582 

Vegetation Index (GCVI)54, Normalized Multi-band Drought Index (NMDI)55, Combinational Shadow 583 

Index (CSI)56, Brightness Index (BI), Bare Soil Index (BSI)57, and Soil-Adjusted Total Vegetation Index 584 

(SATVI)58. All Sentinel-2 data and associated processing were performed using GEE. 585 𝑁𝐷𝑉𝐼 = ఘಿ಺ೃ−ఘೝ೐೏ఘಿ಺ೃ+ఘೝ೐೏          (1) 586 

𝑉𝐼ܧ = 2.5(ఘಿ಺ೃ−ఘೝ೐೏)(ఘಿ಺ೃ+6ఘೝ೐೏−7.5ఘ್೗ೠ೐+1)    (2) 587 

݇𝑁𝐷𝑉𝐼 = ℎ((ఘಿ಺ೃ−ఘೝ೐೏2ఙ݊ܽݐ )2)           （3） 588 

𝐼ܹܵܮ = ఘಿ಺ೃ−ఘೞೢ೔ೝ1ఘಿ಺ೃ+ఘೞೢ೔ೝ1          (4) 589 

𝑁𝐷ܹ𝐼ܯ = ఘ೒ೝ೐೐೙−ఘೞೢ೔ೝ1ఘ೒ೝ೐೐೙+ఘೞೢ೔ೝ1         (5) 590 

𝑉𝐼ܥܩ = ( ఘಿ಺ೃఘ೒ೝ೐೐೙) − 1          (6) 591 

𝑁ܯ𝐷𝐼 = (ఘಿ಺ೃ−(ఘೞೢ೔ೝ1−ఘೞೢ೔ೝ2)ఘಿ಺ೃ+(ఘೞೢ೔ೝ1−ఘೞೢ೔ೝ2))        (7) 592 

𝐼ܵܥ = 𝐼ܧܵ} − ேூோߩ , ேூோߩ ݂݅ ≥ 𝑁𝐷ܹ𝐼ܵܧ𝐼 − 𝑁𝐷ܹ𝐼,  593 (8)          ݁ݏ݈݁

Where ܵܧ𝐼 = (ఘೌ೐ೝ೚ೞ೚೗ೞ+ఘೢೌ೟೐ೝ ೡೌ೛೚ೝ)−(ఘ೒ೝ೐೐೙+ఘಿ಺ೃ)(ఘೌ೐ೝ೚ೞ೚೗ೞ+ఘೢೌ೟೐ೝ ೡೌ೛೚ೝ)+(ఘ೒ೝ೐೐೙+ఘಿ಺ೃ) 594 

𝑁𝐷ܹ𝐼 = ఘ೒ೝ೐೐೙−ఘಿ಺ೃఘ೒ೝ೐೐೙+ఘಿ಺ೃ          (9) 595 

𝐼ܤ = √(ఘೝ೐೏2+ఘ೒ೝ೐೐೙2)/22௔          (10) 596 

𝐼ܵܤ = (ఘೞೢ೔ೝ2+ఘೝ೐೏)−(ఘಿ಺ೃ+ఘ್೗ೠ೐)(ఘೞೢ೔ೝ2+ఘೝ೐೏)+(ఘಿ಺ೃ+ఘ್೗ೠ೐)        (11) 597 

𝑉𝐼ܶܣܵ = ( ఘೞೢ೔ೝ1−ఘೝ೐೏ఘೞೢ೔ೝ1+ఘೝ೐೏+0.5)×1.5-
ఘೞೢ೔ೝ22        (12) 598 

where ߩ௥௘ௗ  ௪௔௧௘௥ ௩௔௣௢௥ are the surface reflectance of 599ߩ ,௔௘௥௢௦௢௟௦ߩ ,௦௪௜௥2ߩ ,௦௪௜௥1ߩ ,ேூோߩ ,௕௟௨௘ߩ ,௚௥௘௘௡ߩ ,

the red, green, blue, near infrared, shortwave infrared band1, shortwave infrared band2, aerosols and 600 

water vapor bands of the Sentinel-2 MSI sensor. 601 
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PALSAR data 602 

ALOS PALSAR is an active microwave sensor with a multi-polarization configuration. In this study, 603 

we used the global 25-m PALSAR/PALSAR-2 mosaic from 2019 to 202159, which includes Horizontal-604 

Horizontal (HH) and Horizontal-Vertical (HV) polarization backscattering coefficients, for light 605 

availability estimation. The dataset includes pre-applied slope correction and radiometric calibration. 606 

For further light regime modeling and mapping, we used the average HH and HV values from the three-607 

year mosaic data. To match the spatial resolution of the predictor variables, the HH and HV backscatter 608 

layers were resampled from 25 m to 10 m. 609 

Topographic predictors 610 

Topographic predictors were derived from the 30 m resolution GLO-30 digital elevation model60 to 611 

represent terrain controls on local light availability. Elevation data were used to compute slope and 612 

aspect using the Terrain algorithm in GEE. To quantify relative landform position and fine-scale 613 

variability in topography, we calculated multi-scale Topographic Position Indices (TPI)61 as the 614 

difference between the original elevation and its focal mean within circular neighborhoods of 150 m, 615 

300 m, and 1500 m radii. All topographic predictors were subsequently resampled to a 10-m spatial 616 

resolution using nearest-neighbor resampling to match the target resolution of the light-availability 617 

model, ensuring spatial consistency across datasets. 618 

EUNIS Habitat Maps 619 

We used the EUNIS habitat maps, which provides spatially explicit predictions of 260 terrestrial habitat 620 

types (Level 3) across Europe at 100 m resolution27. The dataset was produced using ensemble machine-621 

learning models trained on over 590,000 vegetation plots from the European Vegetation Archive and a 622 

suite of climatic, topographic, soil, and remote-sensing predictors. Model evaluation with spatial block 623 

cross-validation yielded an average F1-score of 0.78 for Level 1 formations and 0.80 for Level 3 habitat 624 

types. The dataset offers wall-to-wall maps with uncertainty layers and is publicly available via Zenodo 625 

(zenodo.org/records/11108226). 626 

Forest management strategies 627 

To characterize light regimes across various forest management regimes across Europe, we used the 628 

recently developed continental-scale forest management map62. This dataset integrates multi-source 629 

indicators of management intensity, including long-term harvesting disturbance frequency and extent, 630 

forest age structure, distributions of fast-growing tree species, and the European Primary Forest 631 

Database63. Using a rule-based decision tree, forest area was classified into five management classes 632 

with a spatial resolution of 1-km, unmanaged forest, “close-to-nature” forestry, combined-objective 633 

forestry, intensive forestry, and very intensive forestry. The class proportions were calibrated to match 634 

zenodo.org/records/11108226
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the estimates reported in FOREST EUROPE (2020)64 and showed broad agreement with official 635 

statistics across regions (within a 5–10% range). 636 

Preparations of prediction variables 637 

To enhance the temporal and spectral information content, we aggregated all Sentinel-1 and Sentinel-2 638 

observations from 2019 to 2021 following the principles of spectral–temporal variability analysis65. 639 

Specifically, from these time series, we derived summary metrics for each variable and its derivatives, 640 

including the maximum, minimum, and standard deviation. To further capture the influence of 641 

vegetation structural complexity, we extracted local statistics integrating spectral and radar signals, 642 

specifically the maximum, mean, and standard deviation, within circular windows of 50 m radius. For 643 

PALSAR bands, only the spatial aggregation approach was applied. All predictors with different spatial 644 

resolutions were resampled to a common 10-m spatial resolution using the nearest-neighbor method. 645 

Climate 646 

To account for climatic effects, we included climate variables derived from WorldClim v2.1, 647 

representing long-term average conditions during 1970–2000 at a spatial resolution of 1 km66. We 648 

selected four bioclimatic variables that capture major dimensions of climatic energy and water 649 

availability while minimizing collinearity among predictors: annual mean temperature (bio01), 650 

temperature seasonality (bio04), annual precipitation (bio12), and precipitation of the driest quarter 651 

(bio17). Climate values were extracted for each vegetation plot from the corresponding 1-km grid cell. 652 

For landscape-scale analyses, climatic conditions were represented by the mean climate values across 653 

all plots within each 10-km grid cell. 654 

Soil 655 

Soil properties were obtained from SoilGrids 2.0, a global soil information system providing spatially 656 

explicit predictions of soil characteristics at 250-m resolution67. To characterize edaphic conditions 657 

relevant to plant diversity and vegetation structure, we considered a suite of soil variables describing 658 

soil physical, chemical and nutrient properties, including cation exchange capacity (CEC), total nitrogen 659 

(Nitrogen), soil pH (PH), and soil organic carbon (SOC). For each variable, depth-specific estimates 660 

from five standard soil layers (0–5, 5–15, 15–30, 30–60 and 60–100 cm) were aggregated into a single 661 

profile-weighted value representing conditions within the upper 1 m of soil. Layer-specific values were 662 

weighed according to their depth intervals before averaging. 663 

At the local scale, soil variables were extracted from the raster cell corresponding to each vegetation 664 

plot. For landscape-scale analyses, soil conditions were represented by the mean values across all plot 665 

locations within each 10-km grid cell. To reduce multicollinearity among environmental predictors 666 

while retaining major gradients in soil fertility, texture and chemistry, a subset of soil variables was 667 

selected for the final analyses. 668 
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Plant diversity measures 669 

At the local scale, we used species richness (𝑁0) as the plant diversity response variable. At landscape 670 

scale, we used effective numbers of species, also known as Hill numbers68. Hill numbers are 671 

parameterized by the order q, which determines the sensitivity of the diversity measure to species 672 

relative abundances and provides a unified, continuous framework for quantifying biodiversity. 673 

Different values of q assign varying weights to species frequencies, thereby emphasizing the 674 

contributions of rare species (q = 0), common species (q = 1), and dominant species (q = 2) to 675 

community diversity69,70. In this study, species abundance was approximated using plot occupancy. 676 

Specifically, species occurrences were recorded as presence–absence data at the plot level, and the 677 

abundance of each species within a 10-km grid cell was represented by the number of plots in which 678 

the species occurred. Thus, species frequencies reflected landscape-scale occupancy rather than local 679 

abundance. Hill numbers 𝑁௤  provide a unified framework for measuring diversity and are defined as: 680 

𝑁௤ = (∑ ௜ ௤ௌ݌
௜=1 ) 11−௤ , 681 

where ݌௜is the relative abundance of species ݅, ܵ is the total number of species, and ݍ determines the 682 

sensitivity of the index to common versus rare species. 683 

For ݍ = 0, 𝑁0 = ܵ, corresponds to species richness. 684 

For ݍ = 1, the limit of 𝑁௤ as ݍ → 1 yields the exponential of Shannon entropy: 685 

𝑁1 = exp (− ∑ ௜ௌ݌
௜=1 ln  ௜) 686݌

which weights species in proportion to their abundance and reflects the diversity of common species. 687 

For ݍ = 2, Hill numbers reduce to the inverse Simpson index: 688 

𝑁2 = (∑ ௜ 2ௌ݌
௜=1 )−1

 689 

which emphasizes dominant species and is less sensitive to rare taxa. 690 

Hill numbers integrate species richness (N₀), abundance-weighted diversity (N₁) and diversity among 691 

dominant species (N₂), enabling consistent comparisons of plant diversity responses to mean light 692 

availability and spatial light heterogeneity across landscapes. 693 
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Modeling light availability 694 

We modeled the light regime as a function of the spectral, SAR backscatter, and topography factors, 695 

location, with a total of 328 predictors using the Random Forest (RF)71 machine learning algorithm. 696 

The final modeling dataset included 59,733 plots for model training and validation. The RF model was 697 

first trained using 80% of the plots and validated on the remaining 20% and was then re-trained using 698 

all 59,733 plots to produce the final model. 699 

To better achieve more robust and high-accuracy estimation, we systematically tested a range of 700 

hyperparameter combinations for 768 random forest models, including: number of trees (300, 500, 800, 701 

1200), number of variables considered at each split (mtry: default, 55, 164), minimum leaf population 702 

(5, 10, 20, 50), bag fraction (0.6, 0.7, 0.8, 0.9), and maximum number of terminal nodes (300, 500, 800, 703 

1200). The final model adopted the hyperparameter combination that minimized the Root Mean Square 704 

Error (RMSE). The optimized settings included 500 trees, 164 variables considered at each split, a 705 

minimum leaf population of 20, a bag fraction of 0.9, and a maximum of 1,200 terminal nodes. This 706 

optimized model was subsequently used to generate spatial predictions across the pan-European region. 707 

The relative importance of each variable was evaluated using the Mean Decrease in Gini (MDG) 708 

method71. We scaled the variable importance values per covariate to a 0 - 1 scale for comparison 709 

purposes. All calculations were implemented in GEE, a cloud-based platform for remote sensing data 710 

processing. 711 

To evaluate the model's performance, several commonly used metrics are employed, including the 712 

coefficient of determination (R²), RMSE, and Mean Absolute Error (MAE), which respectively quantify 713 

the explained variance, total prediction error, and average absolute deviation. Model evaluation was 714 

conducted in two ways. First, we used a randomly selected 20% subset of the data as an independent 715 

validation set. Second, we applied a five-fold spatial cross-validation approach, in which models were 716 

evaluated using spatially separated folds to account for potential spatial autocorrelation and to provide 717 

a more robust assessment of predictive performance. 718 

ܴ2 = 1 − ∑ ௜ܧ݈) − ݈ ௜ܱ)௡௜=1∑ ௜ܧ݈) − ݈ܱ)2௡௜=1  719 

ܧܵܯܴ = √∑ ௜ܧ݈) − ݈ ௜ܱ)2௡௜=1 ݊  720 

ܧܣܯ = ∑ ௜ܧ݈| − ݈ ௜ܱ|௡௜=1 ݊  721 

Quantifying light-diversity relationships 722 

Predictor selection and response variables 723 



26 

 

We selected predictors to represent climate, soil conditions and sampling effort, while mean light 724 

availability and light heterogeneity were retained as focal predictors throughout all analyses. Candidate 725 

climate predictors initially included the four bioclimatic variables, whereas candidate soil predictors 726 

included cation exchange capacity (CEC), soil nitrogen content, soil pH and soil organic carbon. To 727 

reduce redundancy among environmental predictors, variables were selected based on ecological 728 

relevance and screened for multicollinearity using pairwise correlation analysis and variance inflation 729 

factors (VIFs). All pairwise correlations were moderate (|r| < 0.6; Extended Data Fig. 4), and all VIF 730 

values were below 5, indicating low collinearity among predictors. The final predictor set comprised 731 

mean annual temperature (bio01), annual precipitation (bio12), temperature seasonality (bio04), cation 732 

exchange capacity, soil nitrogen, soil pH and cumulative plot area, together with mean light availability 733 

and light heterogeneity. 734 

Plant diversity was quantified using Hill numbers corresponding to species richness (N₀), the 735 

exponential of Shannon entropy (N₁) and the inverse Simpson index (N₂). Diversity responses were 736 

transformed as ln(Nq + 1) prior to modelling. For each cross-validation fold, predictor variables were 737 

standardized using the mean and standard deviation of the training data, and the same transformation 738 

was subsequently applied to the corresponding test data. 739 

Spatial modelling framework 740 

We evaluated the contribution of light regime to plant diversity using spatial generalized linear mixed 741 

models fitted with the R package sdmTMB28. Models assumed Gaussian errors and incorporated a 742 

spatial Gaussian random field represented through a stochastic partial differential equation (SPDE) 743 

mesh. Spatial meshes were constructed from projected coordinates using a cutoff distance of 5 km at 744 

local scale, and 50 km at landscape scale. 745 

To assess the contribution of light regime beyond environmental controls, we compared three 746 

hierarchical model formulations. The environment-only model included only climate, soil and 747 

sampling-effort covariates. The light-added model additionally incorporated separate smooth functions 748 

for mean light availability and light heterogeneity. The light interaction model replaced these 749 

independent smooths with a two-dimensional tensor-product smooth describing their joint effects on 750 

diversity. Smooth terms were fitted using penalized regression splines with basis dimension k = 5. 751 

Model performance was evaluated using five-fold spatial block cross-validation implemented with 752 

blockCV72. Spatial folds were generated using 100-km blocks to reduce spatial dependence between 753 

training and test observations. For each fold, models were fitted to four training subsets and evaluated 754 

on the withheld subset. Predictive performance was quantified using the coefficient of determination 755 

(R²) and root mean squared error (RMSE) on the log-transformed response scale. The contribution of 756 

light regime was quantified as the difference in predictive performance between the light-added model 757 
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and the environment-only model, whereas the additional contribution of light-regime interactions was 758 

quantified as the difference between the light interaction and light-added models. 759 

Permutation importance 760 

To assess the relative importance of individual predictors, we used the light-added model and 761 

implemented a permutation procedure within the spatial cross-validation framework. For each fold, 762 

baseline predictions were first generated for the withheld test data. Individual predictors were then 763 

randomly permuted while all remaining predictors were left unchanged, and predictions were 764 

recalculated using the fitted model. This procedure was repeated 20 times for each predictor and cross-765 

validation fold. 766 

Permutation importance was quantified as the increase in RMSE (ΔRMSE) and decrease in R² (ΔR²) 767 

relative to the unpermuted predictions. Larger ΔRMSE and ΔR² values indicate greater dependence of 768 

model performance on a given predictor. Predictor-level importance was summarized across all folds 769 

and permutations using mean values and associated variability statistics. 770 

Partial-response relationships 771 

To visualize marginal associations between diversity and the two light-regime components, partial-772 

response curves were estimated from the light-added model. For each focal predictor, a sequence of 200 773 

values spanning the observed range was generated while all remaining predictors were held constant at 774 

their median standardized values. 775 

Predictions were generated from the fixed-effects component of the model, excluding the spatial 776 

random field. Predicted values and associated standard errors were obtained on the log-transformed 777 

scale and converted to approximate 95% confidence intervals using ±1.96 standard errors. Predictions 778 

and confidence intervals were subsequently back-transformed to the original Hill-diversity scale using 779 

exp(x) − 1. The lower and upper 5% tails of the observed predictor distributions were indicated to 780 

identify regions with limited empirical support. 781 

Mapping light-regime space 782 

To characterize the joint effects of mean light availability and light heterogeneity, predictions from the 783 

interaction model were projected onto a regular two-dimensional light-regime grid spanning the 784 

observed ranges of both variables. Climate, soil and sampling-effort covariates were fixed at their 785 

median standardized values. Predictions were generated from fixed effects only and back-transformed 786 

to the original diversity scale. 787 

To avoid extrapolation into poorly represented combinations of light availability and heterogeneity, 788 

predictions were restricted to the realized European light-regime space. This space was estimated using 789 

two-dimensional kernel density estimation of observed grid-cell light-regime values. We retained the 790 
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region containing 96% of the estimated probability density and masked predictions outside this 791 

boundary. 792 

To identify regions of exceptionally high predicted diversity, we calculated the 75th, 90th and 95th 793 

percentiles of predicted diversity values within the realized light-regime space. These thresholds were 794 

visualized as contour lines representing the upper 25%, 10% and 5% of predicted diversity conditions, 795 

respectively. 796 

Model validation and residual spatial autocorrelation 797 

Model validation was based on the same five-fold spatial block cross-validation framework used for 798 

model comparison. For each diversity metric, cross-validated predictions from the final interaction 799 

model were pooled across folds and compared with withhold observations. Model performance was 800 

summarized using the squared Pearson correlation coefficient (R²), and RMSE on the original diversity 801 

scale. Observed-versus-predicted relationships were used to assess overall predictive agreement. 802 

Spatial autocorrelation was explicitly accounted for during model fitting through the spatial Gaussian 803 

random field implemented in sdmTMB. To evaluate remaining residual spatial structure, Pearson 804 

residuals were extracted from the final interaction model, and Moran’s I was calculated using an eight-805 

nearest-neighbor spatial network based on projected coordinates. A row-standardized spatial weights 806 

matrix was used to quantify residual autocorrelation and assess whether substantial spatial structure 807 

remained after accounting for environmental covariates, light-regime variables and the spatial random 808 

field. 809 

Data availability 810 

The pan-European light regime map for 2020 has been deposited in Zenodo and will be made publicly 811 

available upon acceptance of the manuscript. The map can be explored interactively in this brower 812 

application: https://ee wwanben1994.projects.earthengine.app/view/eulr10m-explorer. EVA plot data 813 

are available under restricted access, as they are owned by the contributors of each vegetation database. 814 

Data can be requested from the European Vegetation Archive (EVA) at: https://euroveg.org/eva-815 

database/. The Ecological Indicator Values for Europe (EIVE) 1.0 is freely available at 816 

https://www.doi.org/10.5281/zenodo.7534792. ESA WorldCover 10 m 2020 data is available at GEE 817 

(assets id: ESA/WorldCover/v100). 818 

Code availability 819 

The code used for data processing, model fitting, and figure generation is publicly available on 820 

GitHub at: https://github.com/WanbenWu/European-light-regime. 821 

https://euroveg.org/eva-database/
https://euroveg.org/eva-database/
https://www.doi.org/10.5281/zenodo.7534792
https://github.com/WanbenWu/European-light-regime
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Extended data 831 

Extended Data Fig. 1 | Spatial patterns and landscape-scale relationships of light regimes across Europe. a, 832 

Spatial distribution of mean light availability aggregated to 10 km grid cells. b, Spatial distribution of light 833 

heterogeneity, computed as the standard deviation of 10 m light availability within each 10 km grid cell. c–d, 834 

Mean light availability (c) and heterogeneity (d) across climatological gradients of annual mean temperature and 835 

precipitation. Relationship between mean light availability and light heterogeneity across European landscapes. 836 

Hexagonal binning shows the density of observations in the two-dimensional light-regime space, with darker 837 

colours indicating higher point density. The solid line represents the fitted Generalized Additive Model (GAM) 838 

describing the smooth relationship between mean light availability and light heterogeneity. Shaded ribbons 839 

indicate the 95% confidence interval of the GAM smooth, reflecting uncertainty in the estimated mean relationship. 840 

Model fit statistics (R² and p value) are shown in the upper-right corner of the panel. Both metrics were derived 841 

from the 10 m light-availability map after masking non-natural land-cover types using the ESA WorldCover 2020 842 

dataset26 (excluding cropland [40], built-up areas [50], bare/sparse vegetation [60], snow and ice [70], and 843 

permanent water bodies [80]). 844 

 845 



31 

 

846 

Extended Data Fig. 2 | Light regime patterns across European biogeographic regions. 847 

Distributions of light availability (green) and light heterogeneity (purple) across nine biogeographic regions, 848 

with vertical lines marking regional means. Light-regime metrics were derived from 10 m light-availability maps; 849 

heterogeneity represents the standard deviation within a 50 m radius moving window. The y-axis (Count) 850 

represents the number of 10 m pixels falling within each bin. Only natural and semi-natural areas were included. 851 

Sample sizes (n) denote the number of 10 m pixels randomly selected within each region based on the European 852 

biogeographic map73. 853 
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 854 

Extended Data Fig. 3 | Light regime patterns across forest (T) and grassland (R) habitat types (EUNIS level 3). 855 

Panels a–b show, respectively, light availability and light heterogeneity across forest habitat types, while c–d 856 

present the corresponding patterns for grassland habitats. White points indicate habitat-level averages. Light-857 

regime variables were derived from 10 m resolution light-availability maps; heterogeneity was quantified as the 858 

standard deviation within a 50 m radius moving window. Analyses were restricted to natural and semi-natural 859 

land-cover classes. Random samples were drawn within each habitat type using the European EUNIS habitat 860 

map. Forest habitats (T) include T1 – Broadleaved deciduous forests, comprising T11 – Temperate Salix and 861 

Populus riparian forest, T12 – Alnus glutinosa–Alnus incana forest on riparian and mineral soils, T13 – 862 

Temperate hardwood riparian forest, T14 – Mediterranean and Macaronesian riparian forest, T15 – Broadleaved 863 

swamp forest on non-acid peat, T16 – Broadleaved mire forest on acid peat, T17 – Fagus forest on non-acid soils, 864 

T18 – Fagus forest on acid soils, T19 – Temperate and submediterranean thermophilous deciduous forest, T1A – 865 

Mediterranean thermophilous deciduous forest, T1B – Acidophilous Quercus forest, T1C – Temperate and boreal 866 

mountain Betula and Populus tremula forest on mineral soils, T1D – Southern European mountain Betula and 867 

Populus tremula forest on mineral soils, T1E – Carpinus and Quercus mesic deciduous forest, T1F – Ravine forest, 868 
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T1G – Alnus cordata forest, and T1H – Broadleaved deciduous plantation of non site-native trees. Forest habitats 869 

further include T2 – Broadleaved evergreen forests, consisting of T21 – Mediterranean evergreen Quercus forest, 870 

T22 – Mainland laurophyllous forest, T24 – Olea europaea–Ceratonia siliqua forest, T27 – Ilex aquifolium forest, 871 

and T2A – Broadleaved evergreen plantation of site-native trees; T3 – Coniferous forests, including T31 – 872 

Temperate mountain Picea forest, T32 – Temperate mountain Abies forest, T33 – Mediterranean mountain Abies 873 

forest, T34 – Temperate subalpine Larix, Pinus cembra and Pinus uncinata forest, T35 – Temperate continental 874 

Pinus sylvestris forest, T36 – Temperate and submediterranean montane Pinus sylvestris–Pinus nigra forest, T37 875 

– Mediterranean montane Pinus sylvestris–Pinus nigra forest, T38 – Mediterranean montane Cedrus forest, T39 876 

– Mediterranean and Balkan subalpine Pinus heldreichii–Pinus peuce forest, T3A – Mediterranean lowland to 877 

submontane Pinus forest, T3C – Taxus baccata forest, T3D – Mediterranean Cupressaceae forest, T3F – Dark 878 

taiga, T3G – Pinus sylvestris light taiga, T3J – Pinus and Larix mire forest, and T3K – Picea mire forest; and T4 879 

– Lines of trees, small anthropogenic forests, recently felled forest, early-stage forest and coppice, including 880 

T41 – Early-stage natural and semi-natural forest and regrowth and T43 – Recently felled area. Grassland and 881 

open habitats (R) include R1 – Dry grasslands, comprising R11 – Pannonian and Pontic sandy steppe, R12 – 882 

Cryptogam- and annual-dominated vegetation on siliceous rock outcrops, R13 – Cryptogam- and annual-883 

dominated vegetation on calcareous and ultramafic rock outcrops, R14 – Perennial rocky grassland of the Italian 884 

Peninsula, R15 – Continental dry rocky steppic grassland and dwarf scrub on chalk outcrops, R16 – Perennial 885 

rocky grassland of Central and South-Eastern Europe, R18 – Perennial rocky calcareous grassland of 886 

subatlantic-submediterranean Europe, R19 – Dry steppic submediterranean pasture of the Amphi-Adriatic region, 887 

R1A – Semi-dry perennial calcareous grassland (meadow steppe), R1B – Continental dry grassland (true steppe), 888 

R1D – Mediterranean closely grazed dry grassland, R1E – Mediterranean tall perennial dry grassland, R1F – 889 

Mediterranean annual-rich dry grassland, R1G – Iberian oromediterranean siliceous dry grassland, R1H – 890 

Iberian oromediterranean basiphilous dry grassland, R1K – Balkan and Anatolian oromediterranean dry 891 

grassland, R1M – Lowland to montane, dry to mesic grassland usually dominated by Nardus stricta, R1P – 892 

Oceanic to subcontinental inland sand grassland on dry acid and neutral soils, R1Q – Inland sand drift and dune 893 

with siliceous grassland, and R1R – Mediterranean to Atlantic open, dry, acid and neutral grassland. Additional 894 

open habitats include R2 – Mesic grasslands, consisting of R21 – Mesic permanent pasture of lowlands and 895 

mountains, R22 – Low and medium altitude hay meadow, R23 – Mountain hay meadow, and R24 – Iberian summer 896 

pasture (vallicar); R3 – Seasonally wet and wet grasslands, including R31 – Mediterranean tall humid inland 897 

grassland, R33 – Mediterranean short moist grassland of mountains, R34 – Submediterranean moist meadow, 898 

R35 – Moist or wet mesotrophic to eutrophic hay meadow, R36 – Moist or wet mesotrophic to eutrophic pasture, 899 

and R37 – Temperate and boreal moist or wet oligotrophic grassland; R4 – Alpine and subalpine grasslands, 900 

including R42 – Boreal and Arctic acidophilous alpine grassland, R43 – Temperate acidophilous alpine grassland, 901 

R44 – Arctic-alpine calcareous grassland, and R45 – Alpine and subalpine calcareous grassland of the Balkans 902 

and Apennines; R5 – Woodland fringes and clearings and tall forb stands, including R51 – Thermophilous forest 903 

fringe of base-rich soils, R52 – Forest fringe of acidic nutrient-poor soils, R53 – Macaronesian thermophilous 904 

forest fringe, R54 – Pteridium aquilinum vegetation, R55 – Lowland moist or wet tall-herb and fern fringe, R56 905 

– Montane to subalpine moist or wet tall-herb and fern fringe, and R57 – Herbaceous forest clearing vegetation; 906 

and R6 – Inland salt steppes, including R61 – Mediterranean inland salt steppe, R62 – Continental inland salt 907 

steppe, and R65 – Continental subsaline alluvial pasture and meadow. 908 
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 909 

Extended Data Fig. 4 | Correlation matrix of predictor variables included in the plant diversity models. 910 

Pearson correlation coefficients among environmental predictors used in the final plant diversity models at the 911 

local scale (a) and landscape scale (b). Numbers within cells indicate pairwise correlation coefficients (r), with 912 

red and blue colours representing positive and negative correlations, respectively. Overall, correlations among 913 

predictors were moderate (|r| < 0.6), indicating low risk of severe multicollinearity. Variable abbreviations are 914 

as follows: bio01, annual mean temperature; bio04, temperature seasonality; bio12, annual precipitation; CEC, 915 

soil cation exchange capacity; nitrogen, soil nitrogen content; pH, soil pH; and Plot area, vegetation plot area. 916 
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 917 

Extended Data Fig. 5 | Cross-validated observed versus predicted plant diversity across spatial scales. 918 

Hexbin plots show the relationship between observed and predicted diversity values from five-fold spatial cross-919 

validation. Colours indicate the number of observations per hexagonal bin on a logarithmic scale. The blue 920 

dashed line represents the 1:1 relationship, and the red solid line shows the fitted linear regression. Panel a shows 921 

local-scale species richness (N₀), whereas panels b–d show landscape-scale diversity metrics, including species 922 

richness (N₀; b), the exponential of Shannon entropy (N₁; c), and the inverse Simpson index (N₂; d). Model 923 

performance statistics (sample size, coefficient of determination, and mean absolute error) are reported in each 924 

panel. 925 

 926 
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 927 

Extended Data Fig. 6 | Spatial coverage of satellite data used. a, Number of Sentinel-1 observations acquired 928 

between 2019 and 2021 and used as inputs in the light-availability modelling framework. b, Number of clear-sky 929 

Sentinel-2 observations from 2019 to 2021 contributing spectral information for light-availability estimation. 930 

  931 
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Extended Data Table 1 | Earth observation predictors used to reconstruct continental-scale light availability 932 

across Europe. 933 

Predictor variables included radar backscatter metrics from Sentinel-1 and PALSAR, spectral bands and 934 

vegetation indices derived from Sentinel-2 imagery, topographic variables, and geographic coordinates. Sentinel-935 

1 and Sentinel-2 metrics were derived from observations acquired between 2019 and 2021. Abbreviations: VV 936 

and VH, vertical transmit–vertical receive and vertical transmit–horizontal receive polarization; HH and HV, 937 

horizontal transmit–horizontal receive and horizontal transmit–vertical receive polarization; NDVI, Normalized 938 

Difference Vegetation Index; EVI, Enhanced Vegetation Index; kNDVI, kernel Normalized Difference Vegetation 939 

Index; LSWI, Land Surface Water Index; MNDWI, Modified Normalized Difference Water Index; GCVI, Green 940 

Chlorophyll Vegetation Index; NMDI, Normalized Multi-band Drought Index; CSI, Combinational Shadow Index; 941 

BI, Brightness Index; BSI, Bare Soil Index; SATVI, Soil-Adjusted Total Vegetation Index; TPI, Topographic 942 

Position Index. Resolution refers to the native spatial resolution of each dataset. 943 

Code Products Variables 
Acquisition 

time 
Resolution Data Source 

1-3 Sentinel-1 VV; VH; VVH 2019-2021 10 m 
COPERNICUS/S1_GR

D 

4-5 PALSAR HH; HV 2019-2021 25 m 
JAXA/ALOS/PALSA

R/YEARLY/SAR 

6-27 Sentinel-2 

Aerosols; Blue; 
Green; Red; NIR; 
Red Edge 1–4; 
SWIR 1; SWIR 2; 
NDVI; EVI; 
kNDVI; LSWI; 
MNDWI; GCVI; 
NMDI; CSI; BI; 
BSI; SATVI 

2019-2021 10/20/60 m 
COPERNICUS/S2_SR

_HARMONIZED 

28-33 Topography 
Elevation; Slope; 
Aspect; TPI150m; 
TPI300m; TPI1500m 

/ 30 m 
projects/sat-io/open-

datasets/GLO-30 

33-35 Location 
Latitude; 

Longitude 
/ 10 m / 

 944 
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Extended Data Table 2 | Moran’s I statistics for residual spatial autocorrelation in the final interaction 946 

models. 947 

Residual spatial autocorrelation was evaluated using Moran’s I calculated from Pearson residuals of the final 948 

interaction models for local-scale species richness (N₀) and landscape-scale diversity metrics (N₀, N₁ and N₂). 949 

Spatial neighbourhoods were defined using an 8-nearest-neighbour graph with row-standardized spatial weights. 950 

Moran’s I values close to zero indicate that most spatial dependence was accounted for by the fitted spatial 951 

random field. 952 

Scale Diversity metric Moran's I P-value 

Local N0 -0.04 1 

Landscape 

N0 0.009 0.052 

N1 0.0079 0.084 

N2 0.0095 0.0504 
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