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Abstract

Light is a key driver of plant performance and community assembly, yet whether contemporary
landscapes provide the light regimes associated with high diversity remains unclear. Here, we integrate
more than 650,000 vegetation plots, 14,835 species-specific light indicator values from Ecological
Indicator Values for Europe, and Earth observation data to assess relationships between near-ground
light regimes and plant diversity across Europe, using separate plot subsets for light modelling and
biodiversity analyses. Full models incorporating light regimes increase cross-validated R? by 27.4-34.5%
at the landscape scale, relative to models containing climatic, edaphic and sampling-effort covariates
alone. Our results reveal a pronounced landscape-scale mismatch between prevailing light regimes and
those associated with high predicted plant diversity in contemporary Europe. Across three Hill numbers,
light-regime conditions associated with the top 10% of predicted plant diversity occurred across only
5.4-8.3% of European natural and semi-natural areas, indicating that these high-diversity light
conditions are uncommon in contemporary landscape, whereas prevailing regimes were generally
darker and more homogeneous. These findings call for greater attention to light regimes in efforts to
restore plant diversity across Europe, with a focus on restoring relatively open vegetation and spatially

heterogeneous near-ground light environments.
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INTRODUCTION

Light regulates ecosystem function and plant growth, influencing primary productivity!, water cycling?,
nutrient turnover®, and plant responses across ecosystems®. Yet its role in biodiversity research has often
been reduced to a one-dimensional gradient of mean light availability. Real light regimes near the ground
are more complex, varying not only in mean intensity but also in spatial heterogeneity. These two dimensions
may shape plant diversity through distinct but complementary mechanisms: greater light availability can
increase resource supply>® and population sizes’, whereas higher spatial heterogeneity can expand niche
space and promote local coexistence among species with contrasting light requirements®. Together, light
availability and spatial heterogeneity can define a light regime that organizes plant diversity across scales,
but this hypothesis remains untested over large areas. Understanding these relationships also requires
determining how widely the light regimes associated with high diversity are represented in contemporary

landscapes.

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

9,10 12,13

positive”!°, neutral'!, and negative'>!"? associations between light availability and plant diversity. Evidence
for the effects of spatial heterogeneity in light availability on plant diversity is similarly mixed and largely
restricted to studies of forest understories*’. These contrasting findings may partly arise because mean light
availability and spatial heterogeneity are often analysed separately, despite their likely interactive effects.
Such inconsistencies among previous findings may also reflect the limited spatial grains and extents covered
by most studies, where microclimate, vegetation structure, soil conditions, disturbance history and
topography can strongly mediate plant species distribution and thus diversity patterns'®. Local-scale
observations may therefore fail to reveal broader ecological and biogeographic relationships between light
regimes and plant diversity. We therefore ask whether consistent relationships between light regimes and

plant diversity emerge across environmental gradients at a continental extent.

Light-diversity relationships may be expected to reflect evolutionary context. For example, more than 80%
of European forest plant species are associated with relatively high light conditions'®, suggesting that much
of the contemporary forest flora retains affinities with semi-open habitats and heterogeneous light regimes.
Paleo-ecological evidence further indicates that open vegetation and light woodlands were widespread
across parts of Europe before intensive human land use and the late-Quaternary decline of large herbivores'S.

Since the early Holocene, changes in herbivore populations'”!8

and the expansion of woody vegetation have
altered canopy structure across Europe. More recently, plantation forestry'®, land abandonment® and shifts
in disturbance and management regimes have further accelerated woody vegetation expansion and canopy
closure across Europe. These changes are expected to reduce light availability and alter spatial heterogeneity,
potentially reshaping the light regimes experienced by plant communities across Europe. Woody vegetation

expansion and canopy closure may reduce the prevalence of relatively open and spatially heterogeneous
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light conditions. If these conditions support high plant diversity, such changes could create a mismatch

between prevailing European light regimes and those associated with diverse plant communities.

A major obstacle to understanding light—diversity relationships at broad spatial extents has been the difficulty
of quantifying light regimes consistently across large regions and long time periods. Field-based approaches,
including hemispherical photography® and radiation sensors®!, provide accurate local estimates but are
limited in spatial and temporal coverage. Remote sensing has expanded the capacity to characterize
vegetation structure and infer canopy light conditions?>?3, but available data often represent contemporary
snapshots that may not capture the long-term light environments experienced by plant communities.
However, the long-term environmental conditions at a site can be inferred from the composition of the plant
communities**. Because local communities reflect long-term filtering, species-specific light preferences can

be used to infer biologically meaningful light regimes integrated over ecological timescales.

Here, we combine species-specific light indicator values from Ecological Indicator Values for Europe (EIVE)
2 with data from more than 650,000 vegetation plots in the European Vegetation Archive (EVA) * and
multi-source Earth observations to assess light regimes across Europe. This allows us to quantify spatial
variation in mean light availability and light heterogeneity, and to test how their individual and interactive
effects structure plant diversity from local to landscape scales. We tested three predictions: (1) light-regime
predictors improve plant diversity models beyond macroclimatic and edaphic variables; and (2) mean light
availability and spatial heterogeneity interact to shape plant diversity more strongly than either dimension
alone. (3) there is a mismatch between contemporary European light regimes and those associated with high

plant diversity.
RESULTS
Light availability model performance and feature importance

To map the geographic variation of light availability, we trained random-forest models using 328 layers of
spectral, SAR backscatter and topographic predictors (Supplementary Materials Table ST). Models were
applied to all natural and semi-natural areas, as defined by the ESA WorldCover 10 m 2020 layer?, after
excluding cropland (code 40), built-up areas (code 50), bare land (code 60), snow and ice (code 70), and

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

Across the eight European biogeographic regions, model R? ranged from 0.56 to 0.73, and RMSE ranged
from 0.32 to 0.80 (Fig.la, b). Across Europe, an 80/20 train-test split gave a similar overall performance,
with an R? of 0.69 (Fig.1d). Tenfold cross-validation yielded a mean Pearson’s r of 0.80, an R? of 0.64, an
RMSE of 0.60 and an MAE of 042 (Fig.le). Feature-importance analysis identified Sentinel-1 VH
backscatter (10.7%), kernel Normalized Difference Vegetation Index (kNDVI; 10.5%) and ALOS PALSAR
HV backscatter (7.5%) as the strongest predictors of light availability (Fig.c).
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Fig.1 Validation and feature importance analysis of the continental light-availability model.

a,b, Regional model performance measured by R? (a) and RMSE (b) across eight European biogeographic regions. c,
Relative importance of predictor groups derived from multi-source Earth observation data and used to reconstruct
biologically inferred light availability regimes across Europe. Values represent the summed contribution of all spatial
and temporal metrics within each predictor group. d, Observed versus predicted light availability for an independent

20% holdout dataset (R? = 0.69). e, Distributions of Pearson’s r, R?>, RMSE and MAE across cross-validation folds.

Geospatial patterns of light regimes across Europe

We produced a pan-European map of the first pan-European map of ecologically inferred light availability
near the ground at 10-m resolution (#ig.2). Light availability follows a clear latitudinal pattern, peaking in
southern and northern Europe and reaching its lowest values in the European mid-latitudinal belt (~40 - 55°)
(Fig.2a-D). Substantial variation exists among regions, with mean light availability values declining from

the Anatolian region (mean light availability = 7.7) to the Continental region (mean light availability = 6.16)
(Supplementary Materials Fig.S1).

At the local scale, light heterogeneity (Fig.2c—d), quantified as the standard deviation of light availability
within a 50-m moving window, exhibits an opposing latitudinal gradient relative to mean light availability,
with lower values in southern and northern Europe. Across biogeographic regions, the Black Sea region

shows the highest light heterogeneity (0.23), whereas the Anatolian (0.09) and Arctic (0.06) regions exhibit
the lowest levels.
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Four example locations (/I-/V in Fig.2) highlight the ecological detail captured by the European map.
Examples range from the mosaic landscapes of the Mols rewilding site in Denmark (/), characterized by
relatively high light availability and heterogeneity, to forests heavily affected by bark beetle outbreaks in the
Harz Mountains, Germany (//), where light availability is very high but its spatial heterogeneity remains low
due to severe disturbance. In contrast, the near-primary forests of the Carpathian Mountains in western
Ukraine (/1) exhibit very low light availability and low spatial heterogeneity in light conditions, while
intensively managed forest landscapes in France (/7)) display a highly heterogeneous light environment with
important local contrasts between low and high light availability. Together, these examples demonstrate that
our light regime mapping approach effectively captures ecologically meaningful variation across contrasting

vegetation types.

At the landscape scale (10 km grid cells), the spatial distributions of mean light availability and light
heterogeneity near the ground closely mirror local-scale patterns, indicating that large-scale patterns of
European light regimes are similar at 10-m and 10-km resolutions (Supplementary Materials Fig.S2a-b).
When projected into climatic space, light availability is higher in warmer and drier climates, whereas the
spatial heterogeneity of light conditions is more pronounced in cooler and wetter regions (Supplementary
Materials Fig.S2c-d). Across landscapes, light availability and its local spatial heterogeneity exhibit a
pronounced nonlinear relationship (Supplementary Materials Fig.S2e), with heterogeneity peaking at

intermediate-to-high levels.
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Fig.2 European light-regime maps near the ground.

a, Spatial distribution of light availability near the ground across natural and semi-natural areas in Europe. ¢, Local-
scale light heterogeneity near the ground across natural and semi-natural areas, quantified using a 50 m moving
window. Natural and semi-natural areas were defined based on the ESA WorldCover 10m 2020 layer®, excluding
cropland (code 40), built-up areas (code 50), bare land (code 60), snow and ice (code 70), and permanent water bodies
(code 80). b, d, Corresponding latitudinal trends in the spatial distribution of mean light availability and spatial
heterogeneity, aggregated within 0.1° latitude bands, shaded envelopes indicate +1 SD around the mean. Maps are
displayed at 100 m resolution for visualization, with insets I-IV showing native 10 m resolution subsets. Insets illustrate
contrasting ecological contexts: I: the mosaic landscapes of the Mols rewilding site in Denmark; II: forests heavily
disturbed by bark beetle outbreaks in the Harz Mountains, Germany; IIl: near-primary forests in the Carpathian
Mountains, Ukraine; and IV: intensively managed plantation forests in France. The last two columns show high-
resolution true-color imagery provided by Google Maps, along with corresponding landscape photographs. The full
10 m  resolution map is available via an  interactive  online  platform  (htips://ee-

wwanben 1994.projects.earthengine.app/view/eulr-10m-explorer).
Habitat-specific distribution of light regimes

To evaluate the ecological realism of the modeled light regime, we overlaid the light regime maps with
EUNIS habitat types*” and quantified habitat-specific distributions of both mean light availability and light
heterogeneity (£ig.3). Clear and systematic differences emerged among habitat types.

Forest habitats (71 - T4) were predominantly associated with lower mean light availability, with median
values ranging from 5.88 to 6.71. The lowest light levels were observed in broadleaved deciduous forests
(T1), with Alnus cordata forests (7/G) exhibiting the lowest light availability (EIVE-L = 5.44)
(Supplementary Materials Fig.S3), consistent with the closed-canopy conditions characteristic of mature
stands. In contrast, the linear tree formations, small anthropogenic forests, recently felled areas, early
successional stands, and coppice systems (74) exhibited substantially higher light availability. Recently
felled area (743) exhibited the highest light availability (EIVE-L = 6.72).

Grassland and tall forbs from open to semi-open habitats (R1 - R6) exhibited consistently higher light
availability (EIVE-L = 6.23 - 6.80), reflecting more open vegetation states. While some overlap in light
availability was observed among habitat types, clear shifts in both mean light availability and distribution
density suggest that our mean light availability metric effectively captures broad structural differences across

European ecosystems.

In contrast, the spatial heterogeneity of light conditions near the ground varied over a narrower numerical
range across habitat types but exhibited coherent directional patterns. Forest habitats, particularly types T1 -
T3, tended to show lower light heterogeneity (median values =~ 0.20 - 0.22), consistent with relatively

uniform canopy structures. Higher light heterogeneity was more frequently observed in structurally complex
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or disturbance-associated habitats, including several riparian and semi-open types (R1 - R5; median values

~0.23 - 0.27), reflecting greater spatial variation in canopy openness.
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Fig.3 Distributions of modeled light regimes across EUNIS habitat types.

a, Light availability, and b, light heterogeneity (standard deviation within a 50-m-radius window), across forest (T1—
T4) and grassland/tall forb (RI-R6) habitats. Half violin plots show kernel density distributions (frequency) of pixel-
level values,; embedded boxplots indicate medians (bold line), interquartile ranges (box), and full ranges (whiskers),
white dots denote means. Sample sizes (number of 10 m pixels) are shown above each panel. Forest types generally
exhibit lower light availability and heterogeneity, while grassland and structurally complex habitats show higher values
for both metrics. Habitat codes are as follows: T1, broadleaved deciduous forests, T2: Broadleaved evergreen forests;
T3: Coniferous forests, T4: Lines of trees, small anthropogenic forests, recently felled forest, early-stage forest and
coppice. R1: Dry grasslands; R2: Mesic grasslands; R3: Seasonally wet and wet grasslands,; R4: Alpine and subalpine
grasslands; R5: Woodland fringes and clearings and tall-forb stand; R6: Inland salt steppes. Supplementary Materials
Fig.S3 shows the light regime patterns across EUNIS level 3 forest (T) and grassland (R) habitat types.

Light regime as predictor of plant diversity

To quantify the contribution of light regime to plant-diversity predictions, we fitted three hierarchical spatial
and spatiotemporal generalized linear mixed models (GLMMs) using the package sdmTMB? in R (version
4.01): (1) an environment-only model including macroclimate, soil properties and plot area; (2) a light-added
model further incorporating mean light availability and its spatial heterogeneity; and (3) a light interaction
model, including the interaction between both light variables. Model performance differed markedly

between spatial scales (Table 1). At the local scale, models excluding and including light explained relatively
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little variation in diversity (R* = 0.134 - 0.138), whereas explanatory power was substantially higher at the
landscape scale (R? = 0.307 - 0.483). Incorporating light-regime variables improved model performance at
both scales, but the effect was considerably stronger at the landscape scale. Relative to the environment-only
model, improvements at the local scale were minimal, with explained variance increasing by only 3% (AR?
= 0.004). In contrast, relative to the environment-only model, the interaction model increased R* by 0.104
for No, 0.107 for N1 and 0.106 for N: at the landscape scale, corresponding to relative improvements of
27.4%, 33.2% and 34.5%, respectively. Most of these gains were already achieved by the additive light
model; the interaction formulation provided only small further improvements. Together, these results
identify light regimes near the ground as a major determinant of broad-scale diversity patterns while
suggesting a more limited role in explaining local-scale variation. Tenfold spatial cross-validation further
demonstrated strong agreement between observed and predicted diversity, particularly at the landscape scale
(Supplementary Materials Fig.S5). Moran’s I tests indicated little residual spatial autocorrelation in the final
interaction models (Moran’s I < 0.05, P > 0.05; Supplementary Materials Table S2), suggesting that the

spatial random field adequately captured spatial dependence.

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

Values represent the mean + standard error (s.e.) across five spatial cross-validation folds. The Environment-only
model included climatic, edaphic and plot-level covariates but excluded light-regime predictors, the light-added model
included additive effects of the two light regime predictors only; the light-interaction model included additive effects of
the two light predictors and their interactions. Model performance was evaluated using the coefficient of determination

(R and root mean square error (RMSE). Bold values indicate the best-performing model for each diversity metric and

spatial scale.
Response
Scale Model R? RMSE
variable
Environment-only model 0.379 £0.025 0.715+0.013
No Light-added model 0.477+0.018 0.656 +0.014
Light interaction model 0.483 £0.017 0.653 £ 0.013
Landscape
Environment-only model 0.322+£0.023 0.623 £0.012
N, Light-added model 0.427+0.014 0.573+0.010
Light interaction model 0.429 +0.014 0.572 £ 0.009
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Environment-only model 0.307£0.018 0.579 £0.007

N, Light-added model 0.409 +0.014 0.535+0.008

Light interaction model 0.413 +0.014 0.534 £ 0.008

Environment-only model 0.134 £0.007 0.600 £+ 0.003

Local N, Light-added model 0.137£0.005 0.600 =+ 0.004
Light interaction model 0.138 = 0.005 0.599 £ 0.004

To assess the relative importance of individual predictors, we quantified the increase in prediction error
following permutation of each predictor variable in the light-added models under blocked spatial cross-
validation (see methods). Predictor importance differed markedly between spatial scales (Fig.4). At the local
scale, plot area dominated model performance, accounting for 69.2% of total permutation importance
(ARMSE = 0.54), followed by annual precipitation (17.1%; ARMSE = 0.13). Mean light availability and
light heterogeneity contributed comparatively little, accounting for 2.7% (ARMSE = 0.02) and 3.5%
(ARMSE = 0.03) of total importance, respectively. In contrast, at the landscape scale, light heterogeneity
emerged as the most influential predictor, accounting for 36.8% of total importance for species richness (No),
75.6% for Shannon diversity (N:), and 74.3% for Simpson diversity (Nz). These results reveal a pronounced

shift in the drivers of plant diversity across spatial scales, from local dominance of sampling area and climatic

conditions to a strong influence of light heterogeneity at the landscape scale.
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Fig.4 Relative contributions of light-regime, climatic and edaphic predictors to plant diversity across spatial scales.

Panels show results for species richness (No) at the local scale (a) and for species richness (No; b), Shannon diversity
(N1; ¢) and Simpson diversity (N:; d) at the landscape scale (10 x 10 km). Light-regime predictors include mean light
availability and light heterogeneity. Environmental predictors comprise mean annual temperature, annual precipitation,

temperature seasonality, soil cation-exchange capacity (CEC), soil nitrogen, soil pH and sampling area (plot area).
Plant diversity across the light regime space

Using the interaction models, we identified combinations of mean light availability and spatial heterogeneity
associated with high predicted plant diversity across Europe (Fig.5). Plant diversity exhibited a structured
and nonlinear distribution across the joint gradients of light availability and heterogeneity, with the highest
values consistently concentrated in relatively non-shaded and heterogeneous environments. However, the

shape and extent of this high-diversity space differed markedly between spatial scales.

At the local scale, species richness showed only a weak dependence on the joint light regime (Fig.5a). High-
diversity plots occurred across a broad range of light conditions, indicating that local richness was not
confined to a narrowly defined combination of light availability and local heterogeneity. Nevertheless, the
highest richness values were generally associated with moderately high light availability and high spatial

heterogeneity in light conditions.

In contrast, landscape-scale diversity displayed a much stronger and more clearly defined association with
light regime (Fig.5b - d). Across all diversity metrics, landscapes exceeding the 90th percentile of diversity
were primarily concentrated at mean light-availability values of approximately 6.3 - 7.2 and at spatial
heterogeneity values above 0.5. The most diverse landscapes (top 5%) occupied an even narrower region
centered around light availability values of ~6.7 - 7.0 and spatial heterogeneity values of ~0.7 - 1.0, revealing

a well-defined optimum light-regime space for landscape-scale plant diversity.

The extent of this favorable light-regime space differed among diversity metrics. Species richness (No)
occupied the broadest range of suitable light conditions, whereas Shannon diversity (V:) and Simpson
diversity (N:) were more tightly clustered around the optimum light-regime window. Thus, spatially
heterogeneous light environments supported species accumulation across a relatively wide range of
conditions, whereas communities characterized by high evenness and low dominance occurred only under
amore restricted combination of mean light availability and spatial heterogeneity. Conditional partial effects
supported the interaction analyses (Figs. Se - h). At the local scale, species richness showed a hump-shaped
response to mean light availability, peaking at intermediate-to-high light levels, whereas responses to light
heterogeneity were comparatively weak. At the landscape scale, all diversity metrics exhibited unimodal
responses to light availability and strong positive responses to light’s spatial heterogeneity. Diversity
increased rapidly with increasing spatial heterogeneity before approaching saturation, highlighting spatial

light heterogeneity as a key determinant of landscape-scale plant diversity.
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Fig.5 | Predicted plant-diversity responses to light regimes near the ground.

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

sdmTMB models. Heat maps show local-scale species richness (Ny, a), landscape-scale species richness (No; b),

exponential Shannon diversity (N;; ¢) and inverse Simpson diversity (N, d). Light heterogeneity was quantified as the

standard deviation of light availability within a 50-m-radius window at the local scale and within 10-km grain size at
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the landscape scale. Greener colours indicate higher predicted diversity. Coloured dashed contours delineate the upper
5%, 10% and 25% of predicted diversity values. Black solid contours indicate realistic light-regime space, defined by
the 99% kernel-density boundary of observed combinations of mean light availability and heterogeneity. e-f,
Conditional partial effects of local-scale mean light availability (e) and light heterogeneity (f) on plant diversity. g-h,
Corresponding effects of landscape-scale mean light availability (g) and light heterogeneity (h). Partial-dependence
relationships were estimated while holding all other environmental predictors, including climate, soil properties, plot
area, spatial covariates and the remaining light-regime variable, at their median values. Shaded bands denote 95%
confidence intervals, and grey points show observed data. Hill numbers Ny, N; and N represent species richness,

exponential Shannon diversity and inverse Simpson diversity, respectively.
Mismatch with high-diversity light regimes

At the landscape scale, projecting the European light regime into a two-dimensional space defined by mean
light availability and spatial heterogeneity in light conditions revealed a pronounced continent-wide
mismatch between realized light conditions and those associated with high plant diversity (Fig.6a). Across
Europe, plant diversity was maximized under intermediate-to-high light availability combined with high
spatial heterogeneity. The light-regime niches associated with the top 10% of plant diversity occupied only
8.3%, 6.3%, and 5.4% of European natural and semi-natural areas for species richness, Shannon diversity,
and Simpson diversity, respectively. The progressively smaller niche occupancy from species richness to
Simpson diversity suggests that the light environments supporting communities not dominated by a few
abundant species are particularly restricted across Europe. Most European landscapes clustered in darker or
more homogeneous regions of the light-regime space, consistent with structurally closed and weakly
heterogeneous vegetation, indicating a systematic deviation from the light regimes that best support high and

evenly distributed plant diversity.

As an exploratory assessment of one potential contributor to this broader pattern, we examined how current
management strategies were associated with fine-scale light regimes. Management categories occupied
distinct regions of the light-regime space at the 10-m resolution (£ig.6b). Unmanaged forests had the highest
mean light availability, whereas forests under “close-to-nature” management had the lowest. These
differences may have implications for local plant diversity, although the contribution of light-regime
variables to local-scale predictions was modest. These contrasts illustrate that forest management can modify
local light regimes and may therefore contribute to broader variation in habitat conditions. However, this
forest-focused comparison represents only one possible component of the continent-wide mismatch

observed across natural and semi-natural habitats.
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Fig.6 Mismatch between contemporary light regimes and those associated with high plant diversity (a), and

differences among forest management types (b).

a, Continental mismatch between realized light regimes and high-diversity light-regime space. The realized space was
derived from a 10-m map of biologically inferred light availability aggregated to a 10-km grid across Europe. Coloured
hexagons indicate the total area (<10’ km?) associated with each combination of mean light availability and spatial
heterogeneity. Contours delineate the light-regime space occupied by the top 10% of grid cells for species richness (Ny),
exponential Shannon diversity (N;) and inverse Simpson diversity (N3). Grey marginal density distributions show the
continental distributions of mean light availability (top) and light heterogeneity (right). b, Light regimes under different
forest-management types. Light availability was estimated at 10-m resolution, and local heterogeneity was calculated
within a 50-m-radius moving window and assigned to individual 10-m pixels. Distributions show the light-regime

configurations of individual management types and all types combined, points indicate their centroids.
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DISCUSSION

At the landscape scale, we find a continent-wide mismatch between prevailing light regimes and those
associated with high predicted plant diversity. High predicted diversity was associated with
intermediate-to-high light availability and pronounced spatial heterogeneity, yet these combinations
were uncommon across contemporary Europe. We defined high-diversity light regimes as combinations
of mean light availability and spatial heterogeneity associated with the top 10% of predicted diversity
values on the modelled response surfaces. These regimes covered only 8.3%, 6.3% and 5.4% of
European natural and semi-natural areas for species richness, exponential Shannon diversity and inverse

Simpson diversity, respectively.

One possible explanation for the limited representation of these light regimes is a historical shift towards
woody densification?’, associated with land abandonment®, and the loss or reduced abundance of large
herbivores®!. Where woody densification reduces both near-ground light availability and its spatial
heterogeneity, landscapes may shift away from the light regimes associated with high predicted plant
diversity. Consequently, biodiversity-oriented management should consider not only forest extent or canopy

cover, but also the spatial configuration of light conditions across landscapes.

The shape of the diversity response surfaces suggests complementary roles for light availability and spatial
heterogeneity. Under more open canopy conditions, diversity increased, consistent with the view that
reduced light limitation expands the range of viable plant strategies and increases the populations that can
be maintained’. However, predicted diversity peaked where intermediate-to-high light availability coincided
with pronounced spatial heterogeneity, suggesting that mean light availability alone does not account for the
observed pattern. Such heterogeneity may broaden the range of light niches, reduce the dominance of any
single competitive strategy and allow species with contrasting light requirements to coexist across
landscapes®®. This interpretation is consistent with resource-based perspectives linking resource availability
to species richness™, and with coexistence theory identifying spatial resource variation as one mechanism

that can promote coexistence™.

The evolutionary context of European vegetation also provides a complementary explanation for why high
diversity was associated with relatively open and spatially heterogeneous light regimes. A possible historical
explanation is that the European species pool reflects, in part, adaptation to mosaics of open habitats, semi-
open woodlands and closed-canopy patches maintained by herbivory and other disturbances'®*. Such
historical influences could help explain why contemporary diversity is associated with relatively open and
heterogeneous light regimes. Our results are therefore compatible with contributions from both

contemporary environmental variation and historical influences on the regional species pool.

The scale dependence of the predictive contribution of light regimes highlights the importance of considering
near-ground light beyond individual microsites. At the local scale, adding light availability and spatial

heterogeneity provided relatively little improvement in predictions beyond macroclimate, soil conditions
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and plot area. At the landscape scale, however, including light regimes substantially improved cross-
validated predictions of plant diversity. Heterogeneous landscapes may support more species simply because
they contain a wider range of habitat types, successional stages and competitive environments. Variation in
light conditions among habitat patches may favour species with different light requirements, contributing to
compositional differences among communities and greater diversity across the landscape. This interpretation
are consistent with heterogeneity—diversity theory** and metacommunity perspectives®. Finally,
landscapes with heterogenous light regimes may harbor more species, because they better fit the
d39,40

requirements of the species pool by reflecting the prevailing conditions under which it evolve , in line

with the species pool hypothesis*!.

The exploratory comparison among forest-management categories is consistent with this interpretation but
should not be treated as a causal test. “Close-to-nature” forestry was associated with darker and more
homogeneous light conditions (Fig.6b), suggesting that this management classification alone does not
guarantee the heterogeneous light environments associated with high predicted plant diversity. Similarly,
while land abandonment may present important opportunities for nature restoration, it promotes canopy
closure and eventually landscape homogenization in the absence of natural disturbance processes from e.g.
large herbivores. Depending on local ecological conditions, naturalistic grazing®, trophic rewilding®,
coppicing* or prescribed burning®, may help maintain or restore a mosaic of open, semi-open and habitats

thereby sustaining heterogeneous light environments associated with high predicted plant diversity.

By integrating mean light availability and its spatial heterogeneity, the light-regime framework
substantially improves landscape-scale predictions of plant diversity beyond climate and soil predictors.
This framework provides a basis for investigating how changes in vegetation structure and disturbance
regimes may alter light environments relevant to plant diversity. Relating the diversity response surfaces
to the continental distribution of light regimes reveals the limited geographic representation of
conditions associated with high predicted plant diversity. Maintaining or restoring mosaics of open,
semi-open habitats would expand the availability of heterogeneous light environments favourable to

diverse plant communities.
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CONCLUSION

The integration of European vegetation-plot data with high-resolution Earth observation allowed us to
quantify light availability as experienced by plant species near the ground and assess how light regimes
shape plant diversity across spatial scales. This integration produced the first continental-scale, 10-m
resolution map of light availability, providing a new basis for linking vegetation structure, disturbance and
plant biodiversity across Europe. Our analysis identifies mean light availability and spatial heterogeneity
as complementary predictors of plant diversity. Plant diversity was maximized under light regimes
combining relatively intermediate-to-high light availability with pronounced spatial heterogeneity. This
pattern may reflect the combined effects of resource availability, niche differentiation, and historical
adaptation to heterogeneous landscapes. Importantly, mosaics of open habitats, semi-open woodlands
and closed-canopy patches provide a range of light conditions near the ground. We also observed strong
scale dependence, with light-regime variables contributed little additional predictive power at the local
scale but substantially improved predictions at the landscape scale. By projecting contemporary
landscapes into light-regime space, we further show that many European landscapes are shifted toward
darker and more homogeneous conditions than those associated with high plant diversity. Forest
management types differed in their associated light regimes. “Close-to-nature” forestry was associated
with particularly low mean light availability, whereas more intensive management types showed higher
light heterogeneity. Our findings establish the light regime as an underappreciated dimension of
biodiversity regulation, and highlight the need to manage semi-natural habitats to promote the
heterogeneous light environments that sustain plant diversity, rather than implement wide-scale dense

tree cover establishment.
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METHODS
The European Vegetation Archive (EVA) data

The raw vegetation plot data were obtained from the European Vegetation Archive (EVA)® and accessed
in April 2025 (Project ID: 240). Each vegetation plot includes complete records of vascular plant species
composition, geospatial coordinates, plot size, and the year of observation. The EVA dataset served two
main purposes: (1) to provide training and validation plots for light-availability modeling, and (2) to explore

the relationship between light availability and plant diversity.

After filtering for observations collected between 2010 and 2024 and excluding plots with a location
uncertainty greater than 50 m, a total of 652,028 plots encompassing 12,870 taxa were retained for analysis.
These plots were then split into two subsets: (1) Model development. To enhance sample heterogeneity and

reduce spatial autocorrelation, we applied a 1 km x 1 km grid filter, retaining only one plot (the most recent

observation) per grid cell. When multiple surveys were available for the same plot, only the most recent
survey was kept, resulting in an average survey year of 2016. The final modeling dataset comprised 59,733
plots representing 8,658 taxa, which were used to train a random forest (RF) model of light availability. (2)
Plant diversity analysis. The remaining 592,295 plots, containing 12,566 taxa, were used to calculate plant
diversity metrics and to assess the relationship between modeled light availability and plant diversity.
Importantly, plant diversity responses were quantified using plots that were entirely independent from those

used to calibrate the light model, thereby preventing circularity and ensuring robust inference
Ecological Indicator Values for Europe (EIVE)

The database of Ecological Indicator Values for Europe (EIVE)* is currently the most comprehensive
ecological indicator value (EIV) system available for European vascular plants. The EIVE database includes
harmonized ecological indicator values for 14,835 vascular plant taxa from Europe, covering 31 indicator
value systems related to five primary plant niche dimensions: soil moisture, soil nitrogen, soil reaction, light
regime, and temperature. These EIVs have been standardized using taxonomic names from the Euro+Med
PlantBase*. The EIVE light indicator reflects the amount of light availability near the ground after
transmission through the canopy, with values ranging from 0 (lowest light availability) to 10 (highest light
availability). In this study, we utilized EIVE light indicator values (available for 14,054 taxa) to derive plot-

level light regime metrics.
Plot-level light availability values

Plot-scale light regime values were derived from the EIVE database. Species-level aggregates were used
when available; otherwise, unweighted means across species within plots were calculated, as cover-

weighting has been shown to reduce the predictive performance of mean EIVs?.
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Sentinel-1 backscatter data

Sentinel-1 Ground Range Detected scenes were used to estimate light regime. Sentinel-1 provides 10 m
spatial resolution imagery with a revisit period of 6—12 days. In this study, we utilized two polarization bands,
the backscatter coefficient in VH (vertical-horizontal) and V'V (vertical-vertical) polarization, derived from
a dual-polarization C-band Synthetic Aperture Radar (SAR) instrument’. A total of 169,580 Sentinel-1
scenes from January 2019 to December 2021 were processed across Europe. All Sentinel-1 data were
acquired and processed using Google Earth Engine (GEE)*. The distribution of total Sentinel-1 observations
is shown in Supplementary Materials Fig.S6a.

Sentinel-2 spectral data

We used 597,956 Sentinel-2 Level-2A surface-reflectance scenes acquired across Europe between January
2019 and December 2021. Clouds and cirrus were masked using the QA60 band and the Sentinel-2 Cloud
Probability product. Pixels with cloud probabilities above 25% were excluded. The distribution of total

Sentinel-2 observations used in the final analysis is shown in Supplementary Materials Fig.S6b.

In addition to Sentinel spectral bands, twelve other spectral indices were calculated and used as independent
variables, including Normalized Difference Vegetation Index (NDVI)*, Enhanced Vegetation Index (EVI)™,
kernel Normalized Difference Vegetation Index (kNDVI)*!, Land Surface Water Index (LSWI)*2, Modified
Normalized Difference Water Index (MNDWI)*, Green Chlorophyll Vegetation Index (GCVI)*,
Normalized Multi-band Drought Index (NMDI)*, Combinational Shadow Index (CSI)*, Brightness Index
(BI), Bare Soil Index (BSI)*’, and Soil-Adjusted Total Vegetation Index (SATVI)*®. All Sentinel-2 data were

acquired and processed using GEE.

NDV[ = 2NIR—Pred (M
PNIRYPred

EVI — 2-5(pNIR_pred) (2)

(PNIRT6Pred—7-5Ppluet1)

kNDVI = tanh((%)z) (3)

LSW] = PNIRZPswir1 4)
PNIRTPswirt

MNDWI = Pgreen—Pswir1 (5)
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where preq, Pgreens Piues PNIR> Pswir1s Pswirz> Paerosolss Pwater vapor are the surface reflectance of the
red, green, blue, near infrared, shortwave infrared band1, shortwave infrared band2, aerosols and water

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

ALOS PALSAR is an active microwave sensor with a multi-polarization configuration. In this study, we
used the global 25-m PALSAR/PALSAR-2 mosaic from 2019 to 2021%°, which includes Horizontal-
Horizontal (HH) and Horizontal-Vertical (HV) polarization backscattering coefticients, for light availability
estimation. The dataset includes pre-applied slope correction and radiometric calibration. For further light
regime modeling and mapping, we used the average HH and HV values from the three-year mosaic data. To
match the spatial resolution of the predictor variables, the HH and HV backscatter layers were resampled

from 25 m to 10 m.
Topographic predictors

Topographic predictors were derived from the 30 m resolution GLO-30 digital elevation model® to represent
terrain controls on local light availability. Elevation data were used to compute slope and aspect using the
Terrain algorithm in GEE. To quantify relative landform position and fine-scale variability in topography,
we calculated multi-scale Topographic Position Indices (TPI)®' as the difference between the original
elevation and its focal mean within circular neighborhoods of 150 m, 300 m, and 1500 m radii. All
topographic predictors were subsequently resampled to a 10-m spatial resolution using nearest-neighbor
resampling to match the target resolution of the light-availability model, ensuring spatial consistency across

datasets.
EUNIS Habitat Maps

We used the EUNIS habitat maps, which provide spatially explicit predictions of 260 terrestrial habitat types
(Level 3) across Europe at 100 m resolution?’. The dataset was produced using ensemble machine-learning

models trained on over 590,000 vegetation plots from the European Vegetation Archive and a suite of
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climatic, topographic, soil, and remote-sensing predictors. Model evaluation with spatial block cross-

validation yielded an average F1-score of 0.78 for Level 1 formations and 0.80 for Level 3 habitat types.
Forest management strategies

To characterize light regimes across various forest management regimes across Europe, we used the recently
developed continental-scale forest management map®2. This dataset integrates multi-source indicators of
management intensity, including long-term harvesting disturbance frequency and extent, forest age structure,
distributions of fast-growing tree species, and the European Primary Forest Database®. Using a rule-based
decision tree, forest area was classified into five management classes with a spatial resolution of 1-km,
unmanaged forest, “close-to-nature” forestry, combined-objective forestry, intensive forestry, and very
intensive forestry. The class proportions were calibrated to match the estimates reported in FOREST
EUROPE (2020)* and showed broad agreement with official statistics across regions (within a 5-10%

range).
Preparation of prediction variables

To enhance the temporal and spectral information content, we aggregated all Sentinel-1 and Sentinel-2
observations from 2019 to 2021 following the principles of spectral-temporal variability analysis®.
Specifically, from these time series, we derived summary metrics for each variable and its derivatives,
including the maximum, minimum, and standard deviation. To further capture the influence of vegetation
structural complexity, we extracted local statistics integrating spectral and radar signals, specifically the
maximum, mean, and standard deviation, within circular windows of 50 m radius. For PALSAR bands, only
the spatial aggregation approach was applied. All predictors with different spatial resolutions were resampled

to a common 10-m spatial resolution using the nearest-neighbor method.
Climate

To account for climatic effects, we included climate variables derived from WorldClim v2.1, representing
long-term average conditions during 1970-2000 at a spatial resolution of 1 km®. We selected four
bioclimatic variables that capture major dimensions of climatic energy and water availability while
minimizing collinearity among predictors: annual mean temperature (bio0O1), temperature seasonality
(bio04), annual precipitation (biol2), and precipitation of the driest quarter (biol7). Climate values were
extracted for each vegetation plot from the corresponding 1-km grid cell. For landscape-scale analyses,

climatic conditions were represented by the mean climate values across all plots within each 10-km grid cell.
Soil

Soil properties were obtained from SoilGrids 2.0, a global soil information system providing spatially
explicit predictions of soil characteristics at 250-m resolution®’. To characterize edaphic conditions relevant

to plant diversity and vegetation structure, we considered a suite of soil variables describing soil physical,
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chemical and nutrient properties, including cation exchange capacity (CEC), total nitrogen (Nitrogen), soil
pH (PH), and soil organic carbon (SOC). For each variable, depth-specific estimates from five standard soil
layers (0-5, 515, 15-30, 30-60 and 60-100 cm) were aggregated into a single profile-weighted value
representing conditions within the upper 1 m of soil. Layer-specific values were weighted according to their

depth intervals before averaging.

At the local scale, soil variables were extracted from the raster cell corresponding to each vegetation plot.
For landscape-scale analyses, soil conditions were represented by the mean values across all plot locations
within each 10-km grid cell. To reduce multicollinearity among environmental predictors while retaining
major gradients in soil fertility, texture and chemistry, a subset of soil variables was selected for the final

analyses.
Plant diversity measures

At the local scale, we used species richness (N, ) as the plant diversity response variable. At landscape scale,
we used effective numbers of species, also known as Hill numbers®. Hill numbers are parameterized by the
order g, which determines the sensitivity of the diversity measure to species relative abundances and provides
a unified, continuous framework for quantifying biodiversity. Different values of q assign varying weights
to species frequencies, thereby emphasizing the contributions of rare species (g = 0), common species (¢ =
1), and dominant species (¢ = 2) to community diversity®*°. In this study, species abundance was
approximated using plot occupancy. Specifically, species occurrences were recorded as presence—absence
data at the plot level, and the abundance of each species within a 10-km grid cell was represented by the
number of plots in which the species occurred. Thus, species frequencies reflected landscape-scale

occupancy rather than local abundance. Hill numbers N, provide a unified framework for measuring

diversity and are defined as:

1
s g
Nq = (Z piq> )
i=1

where p; is the relative abundance of species i, S is the total number of species, and g determines the

sensitivity of the index to common versus rare species.

Forq = 0, Ny = S, equals species richness.

For q = 1, the limit of N, as ¢ — 1 yields the exponential of Shannon entropy:

S
N; = exp (—Z p;iIn pi>
i=1

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

For g = 2, Hill numbers reduce to the inverse Simpson index:
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i=1
which emphasizes dominant species and is less sensitive to rare taxa.

Hill numbers integrate species richness (MNo), abundance-weighted diversity (;) and diversity among
dominant species (N:), enabling consistent comparisons of plant diversity responses to mean light

availability and spatial light heterogeneity across landscapes.
Modeling light availability

We modeled the light regime as a function of the spectral, SAR backscatter, and topographic variables and
geographic coordinates, with a total of 328 predictors using the Random Forest (RF)”' machine learning
algorithm. The final modeling dataset included 59,733 plots for model training and validation. The RF model
was first trained using 80% of the plots and validated on the remaining 20% and was then re-trained using

all 59,733 plots to produce the final model.

To improve predictive accuracy and robustness, we evaluated 768 combinations of random-forest
hyperparameters. These including: number of trees (300, 500, 800, 1200), number of variables considered
at each split (mtry: default, 55, 164), minimum leaf population (5, 10, 20, 50), bag fraction (0.6, 0.7, 0.8,
0.9), and maximum number of terminal nodes (300, 500, 800, 1200). The final model adopted the
hyperparameter combination that minimized the Root Mean Square Error (RMSE). The optimized settings
included 500 trees, 164 variables considered at each split, a minimum leaf population of 20, a bag fraction
of 0.9, and a maximum of 1,200 terminal nodes. This optimized model was subsequently used to generate
spatial predictions across the pan-European region. The relative importance of each variable was evaluated
using the Mean Decrease in Gini (MDG) method”'. We scaled the variable importance values per covariate
to a 0 - 1 scale for comparison purposes. All calculations were implemented in GEE, a cloud-based platform

for remote sensing data processing.

We evaluated predictive performance using the coefficient of determination (R?), root mean square error
(RMSE) and mean absolute error (MAE). Model evaluation was conducted in two ways. First, we used a
randomly selected 20% subset of the data as an independent validation set. Second, we applied a tenfold
spatial cross-validation approach, in which models were evaluated using spatially separated folds to account

for potential spatial autocorrelation and to provide a more robust assessment of predictive performance.

_ILUE - 10)
I, (IE; — 10)?

— J 1,5~ 100

R?=1

n
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Quantifying light-diversity relationships
Predictor selection and response variables

We selected predictors to represent climate, soil conditions and sampling effort, while mean light availability
and light heterogeneity were retained as focal predictors throughout all analyses. Candidate climate
predictors initially included the four bioclimatic variables, whereas candidate soil predictors included cation
exchange capacity (CEC), soil nitrogen content, soil pH and soil organic carbon. To reduce redundancy
among environmental predictors, variables were selected based on ecological relevance and screened for
multicollinearity using pairwise correlation analysis and variance inflation factors (VIFs). All pairwise
correlations were moderate (|t < 0.6; Supplementary Materials Fig.54), and all VIF values were below 5,
indicating low collinearity among predictors. The final predictor set comprised mean annual temperature
(bio01), annual precipitation (biol2), temperature seasonality (bio04), cation exchange capacity, soil

nitrogen, soil pH and cumulative plot area, together with mean light availability and light heterogeneity.

Plant diversity was quantified using Hill numbers corresponding to species richness (o), the exponential of
Shannon entropy (NV:) and the inverse Simpson index (Nz). Diversity responses were transformed as In(Nq +
1) prior to modelling. For each cross-validation fold, predictor variables were standardized using the mean
and standard deviation of the training data, and the same transformation was subsequently applied to the

corresponding test data.
Spatial modelling framework

We evaluated the contribution of light regime to plant diversity using spatial generalized linear mixed models
fitted with the package sdmTMB? in R (version 4.01). Models assumed Gaussian errors and incorporated a
spatial Gaussian random field represented through a stochastic partial differential equation (SPDE) mesh.
Spatial meshes were constructed from projected coordinates using a cutoff distance of 5 km at local scale,

and 50 km at landscape scale.

To assess the contribution of light regime beyond environmental controls, we compared three hierarchical
model formulations. The environment-only model included only climate, soil and sampling-effort covariates.
The light-added model additionally incorporated separate smooth functions for mean light availability and
light heterogeneity. The light interaction model replaced these independent smooths with a two-dimensional
tensor-product smooth describing their joint effects on diversity. Smooth terms were fitted using penalized

regression splines with basis dimension k =5.

Model performance was evaluated using tenfold spatial block cross-validation implemented with blockCV72.
Spatial folds were generated using 100-km blocks to reduce spatial dependence between training and test

observations. For each fold, models were fitted to four training subsets and evaluated on the withheld subset.
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Predictive performance was quantified using the coefficient of determination (R?) and root mean squared
error (RMSE) on the log-transformed response scale. The contribution of light regime was quantified as the
difference in predictive performance between the light-added model and the environment-only model,
whereas the additional contribution of light-regime interactions was quantified as the difference between the

light interaction and light-added models.
Permutation importance

To assess the relative importance of individual predictors, we used the light-added model and implemented
a permutation procedure within the spatial cross-validation framework. For each fold, baseline predictions
were first generated for the withheld test data. Individual predictors were then randomly permuted while all
remaining predictors were left unchanged, and predictions were recalculated using the fitted model. This

procedure was repeated 20 times for each predictor and cross-validation fold.

Permutation importance was quantified as the increase in RMSE (ARMSE) and decrease in R? (AR?) relative
to the unpermuted predictions. Larger ARMSE and AR? values indicate greater dependence of model
performance on a given predictor. Predictor-level importance was summarized across all folds and

permutations using mean values and associated variability statistics.
Partial-response relationships

To visualize marginal associations between diversity and the two light-regime components, partial-response
curves were estimated from the light-added model. For each focal predictor, a sequence of 200 values
spanning the observed range was generated while all remaining predictors were held constant at their median

standardized values.

Predictions were generated from the fixed-effects component of the model, excluding the spatial random
field. Predicted values and associated standard errors were obtained on the log-transformed scale and
converted to approximate 95% confidence intervals using £1.96 standard errors. Predictions and confidence
intervals were subsequently back-transformed to the original Hill-diversity scale using exp(x) — 1. The lower
and upper 5% tails of the observed predictor distributions were indicated to identify regions with limited

empirical support.
Mapping light-regime space

To characterize the joint effects of mean light availability and light heterogeneity, predictions from the
interaction model were projected onto a regular two-dimensional light-regime grid spanning the observed
ranges of both variables. Climate, soil and sampling-effort covariates were fixed at their median standardized
values. Predictions were generated from fixed effects only and back-transformed to the original diversity

scale.
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To avoid extrapolation into poorly represented combinations of light availability and heterogeneity,
predictions were restricted to the realized European light-regime space. This space was estimated using two-
dimensional kernel density estimation of observed grid-cell light-regime values. We retained the region

containing 99% of the estimated probability density and masked predictions outside this boundary.

To identify regions of exceptionally high predicted diversity, we calculated the 75th, 90th and 95th
percentiles of predicted diversity values within the realized light-regime space. These thresholds were
visualized as contour lines representing the upper 25%, 10% and 5% of predicted diversity conditions,

respectively.
Model validation and residual spatial autocorrelation

Model validation was based on the same tenfold spatial block cross-validation framework used for model
comparison. For each diversity metric, cross-validated predictions from the final interaction model were
pooled across folds and compared with withheld observations. Model performance was summarized using
the squared Pearson correlation coefficient (R?), and RMSE on the original diversity scale. Observed-versus-

predicted relationships were used to assess overall predictive agreement.

Spatial autocorrelation was explicitly accounted for during model fitting through the spatial Gaussian
random field implemented in sdmTMB. To evaluate remaining residual spatial structure, Pearson residuals
were extracted from the final interaction model, and Moran’s I was calculated using an eight-nearest-
neighbor spatial network based on projected coordinates. A row-standardized spatial weights matrix was
used to quantify residual autocorrelation and assess whether substantial spatial structure remained after

accounting for environmental covariates, light-regime variables and the spatial random field.
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Data availability

The pan-European light regime map for 2020 has been deposited in Zenodo and will be made publicly
available upon acceptance of the manuscript. The map can be explored interactively in this browser
application: https://ee-wwanben1994.projects.earthengine.app/view/eulr-10m-explorer. The complete
vegetation plot data, including species records, used in this study are stored within the EVA database
repository at https://doi.org/10.58060/250x-we61, they can be accessed through a request to the EVA
Coordinating Board at https://euroveg.org/eva-database. The Ecological Indicator Values for Europe (EIVE)
1.0 is freely available at https://www.doi.org/10.5281/zenodo.7534792. Sentinel-1 data, Sentinel-2 Level-
2A surface-reflectance data and the Sentinel-2 Cloud Probability product are publicly available through the
GEE Data Catalog. The 25-m PALSAR/PALSAR-2 annual mosaics are available from JAXA, and the
Copernicus DEM GLO-30 elevation data are available through the GEE Data Catalog. EUNIS habitat maps
are available from https://zenodo.org/records/11108226. WorldClim v2.1 bioclimatic data are available at
https://www.worldclim.org/data/worldclim21.html. SoilGrids 2.0 soil-property data are available from
ISRIC at https://isric.org/explore/soilgrids. The European forest management map is provided through
https://doi.org/10.34894/HQIINS. ESA WorldCover 10 m 2020 data is available in GEE Data Catalog.

Code availability

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

https://github.com/WanbenWu/European-light-regime.
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