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Abstract:

Vegetation heterogeneity, is a key driver of biodiversity by providing niches and refuges and
facilitating coexistence and diversification. Because heterogeneity is scale-dependent,
quantifying how it varies across spatial scales is essential for understanding biodiversity
patterns and guiding ecosystem management. However, empirical evidence describing
how heterogeneity changes with scale remains limited. We systematically.analysed 60
relationships between vegetation heterogeneity and spatial scale across three common
landscape types, using six vegetation structural and one plant diversity measures and
three calculation methods. We identified dominant forms of heterogeneity—scale
relationships and assessed how vegetation measures, calculation methods, and
landscape types influenced model support, rate of change, and characteristic spatial
scales. Mostrelationships (88%)were nonlinear, and logarithmic models were the most
common best-supported form..Maximum rates of change occurred mainly at finer spatial
scales, whereas levelling-off points in logarithmic relationships were concentrated
primarily below:10.km. Both slope magnitude and levelling-off scale varied significantly
among vegetation heterogeneity measures, and levelling-off scale also differed among
landscape types, with urban landscapes tending to level off at finer scales than agricultural
and semi-natural landscapes. Overall, our results show that vegetation heterogeneity
usually changes nonlinearly across spatial scales and that the scale dependence of these
patterns varies among heterogeneity measures and landscape contexts. Our framework

provides a useful workflow for quantifying heterogeneity—scale relationships and guiding
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the selection of ecologically relevant metrics and spatial scales for biodiversity monitoring,

conservation planning, and ecosystem management.

Keywords: Environmental heterogeneity, heterogeneity measurement, vegetation

structure, vegetation height, vegetation richness, LiDAR data, scale-dependent, landscape
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Introduction

Biodiversity is crucial for human wellbeing, but is projected to globally decrease in the
coming decades due to human activities (Diaz et al. 2019; Mori 2020; Paul et al. 2020;
Jaureguiberry et al. 2022; Shin et al. 2022). A substantial number of species from various
taxonomic groups are now at risk of extinction (Worm et al. 2006; Leclereetal. 2020; Legge
et al. 2023). This situation calls for effective strategies to bend the curve of biodiversity loss

(Leclere etal. 2020).

Environmental heterogeneity is a key driver of biodiversity and refers to the complexity of
the environment (August 1983; Hortal et al..2009; Poggio, Chaneton & Ghersa 2010; Stein,
Gerstner & Kreft 2014; Loke & Chisholm2022; do Carmo Pbnzio et al. 2024). Environmental
heterogeneity contributes to biodiversity by providing diverse niches and shelters and by
increasing the probability of speciation events (Simpson 1949; MacArthur, MacArthur &
Preer 1962; Tews et al. 2004; Allouche et al. 2012; Stein, Gerstner & Kreft 2014; Stein 2015).
These effects are'expected to change across spatial scales, because environmental
heterogeneity is scale-dependent (Kumar, Stohlgren & Chong 2006; Stein, Gerstner & Kreft

2014; Loke & Chisholm 2022).

Spatial scale has multiple dimensions, but in this study we use the term specifically to
refer to spatial grain size, that is, the size of the analysis units, while keeping the spatial

extent of the study area constant (Stein, Gerstner & Kreft 2014; Stein & Kreft 2015). Higher
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levels of environmental heterogeneity have been documented at coarser spatial scales

because larger analysis units may encompass a greater degree of environmental variability

(Van Rensburg, Chown & Gaston 2002; Kallimanis et al. 2008; Stein, Gerstner & Kreft 2014).

Accordingly, environmental heterogeneity can show a positive relationship with.increasing
spatialgrain size (Fig. 1 1). In general, environmental heterogeneity might decrease towards
coarser scales (Fig. 1 ll), because as spatial grain size increases, smaller heterogeneous
patches are aggregated into larger units and fine-scale variabilityis.increasingly averaged
out. This smoothing effect reduces the detectable heterogeneity.within each sampling unit
(Wiens 1989; Siefert et al. 2012). The relationship between environmental heterogeneity
and spatial scale can be either linear or nonlinear (Shen et al. 2004; Sarr, Hibbs & Huston
2005; Siefert et al. 2012; Diaz-Varela, Roces=Diaz & Alvarez-Alvarez 201 6). For nonlinear
patterns, environmental heterogeneity may first increase and then decrease, or first
decrease and then increase;exhibiting hump-shaped and U-shaped polynomial patterns
(Fig. 1 Il & IV). When increasingspatial scale no longer introduces substantial additional
variation, environmental heterogeneity may level off (Diaz-Varela, Roces-Diaz & Alvarez-

Alvarez 20186). This results in a positive or negative logarithmic relationship (Fig. 1V & VI).

Environmental heterogeneity is quantified based on specific environmental measures and
methods. There are more than two hundred measures for quantifying environmental
heterogeneity, reflecting the broad scope of the concept (Stein & Kreft 2015). These
measures encompass five aspects of environmental heterogeneity: vegetation, land cover,

soil, climate, and topography (Tews et al. 2004; Stein, Gerstner & Kreft 2014; Stein 2015;
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Heidrich et al. 2020). Different measures reflect distinct ecological information, suggesting
that heterogeneity-scale relationships may vary among measures (Tews et al. 2004;
Lundholm 2009; Stein & Kreft 2015; Graham et al. 2019; Trevail et al. 2021). Besides the
numerous measures, at least eighteen methods exist for calculating environmental
heterogeneity (Stein & Kreft 2015). The methods most frequently used in recent years are
the standard deviation (SD), coefficient of variation (CV), and Shannon index (Stein & Kreft
2015). Different methods may also yield different heterogeneity—scale relationships (Stein
& Kreft 2015). Moreover, landscape type may also influence how.environmental
heterogeneity changes across scales because environmentalfeatures differ among
landscapes (Bell & Lechowicz 1991; Maestre etal. 2003; Lundholm 2009; Ranjard et al.
2013; Stein, Gerstner & Kreft 2014; Weisberg et al. 2014; Stein & Kreft 2015). Variability in
measures, methods, and landscapes can lead to different patterns in how environmental
heterogeneity changes across spatial scales. Despite limited research on this issue (Shen
et al. 2004; Siefert et al: 2012; Stein & Kreft 2015; Diaz-Varela, Roces-Diaz & Alvarez-Alvarez
2016), developing a comprehensive understanding will require further testing of the scale-
dependency of environmental heterogeneity with real-world data (Bradbury et al. 2005;

Bisigato et al. 2009; Davison et al. 2023; Heidrich et al. 2023).

In particular, such efforts should incorporate high-resolution vegetation structure, as
vegetation heterogeneity is a critical aspect of environmental heterogeneity (Tews et al.
2004; Lundholm 2009; Stein & Kreft 2015; Farwell et al. 2021). The varied arrangements of

vegetation, both horizontally and vertically, have a significant impact on the availability of
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resources and conditions for species (MacArthur 1964; Seidel 2018; Davison et al. 2023;
PetruZzelova et al. 2025). Emerging remote-sensing technologies such as airborne laser
altimetry (also referred to Light Detection and Ranging, LIDAR) can now accurately map
vegetation structure continuously over broad areas, enabling vegetation heterogeneity to
be examined across spatial scales rather than being limited to measurements at species

observation points (Davison et al. 2023; Moudry et al. 2023).

In this study, we examine how vegetation heterogeneity changes across spatial scales
while keeping the spatial extent of the study area constant. Using high-resolution LiDAR-
derived vegetation structure data together.with field-based plant richness data from the
Netherlands, we address two research questions: (1) how does vegetation heterogeneity
change from fine to coarse spatial grain sizes, and (2) at which spatial scales does
vegetation heterogeneity change most rapidly? To answer these questions, we characterize
the form of vegetation heterogeneity—scale relationships and evaluate how these
relationshipsvary among vegetation heterogeneity measures, calculation methods, and
landscape types.'We hypothesize that vegetation heterogeneity will be dominated by
nonlinear.relationships across spatial scales, with positive logarithmic relationships
expected to be most common. The steepest changes in vegetation heterogeneity will occur
at fine spatial scales. This is because at the finer scale, increasing spatial grain size initially
captures substantial new variation in vegetation measures, producing a rapid increase in

heterogeneity. At broader scales, however, most dominant features are already
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represented, so further increases in grain contribute progressively less new information,

while spatial averaging increasingly smooths variation.

Methods

Study area

This study investigated how vegetation heterogeneity changes across spatialscales in the
Netherlands (Fig. 2). The Netherlands contains semi-natural, agricultural, and urban
landscapes within a compact extent and relatively limited climatic and topographic
gradients. This relatively constrained environmental setting isadvantageous because it

allows scale-dependent heterogeneity patterns to be.assessed across contrasting

landscapes with reduced confounding from.strong climatic, soil, and topographic variation.

High-resolution land-cover data, LiDAR;and vascular plant observations enabled
quantification of horizontal andvertical vegetation heterogeneity across a wide range of

spatial scales.

Dataset

We used vegetation vertical and horizontal structure layers at 10 m spatial resolution
derived from a nationwide LiDAR data product (https://zenodo.org/record/6421381) for the
Netherlands (Kissling et al. 2022; Kissling et al. 2023). The LiDAR data used to produce
these layers were obtained from the Actueel Hoogtebestand Nederland version 3 (AHN3,

https://www.ahn.nl/), which was collected between 2014 and 2019 using airborne laser
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altimetry from aircraft (for details see Supplementary Fig. S1) (Kissling et al. 2022; Kissling
et al. 2023; Shi, Wang & Kissling 2025). AHN3 point clouds were normalized relative toa 1
m Digital Terrain Model, aggregated to a 10 m grid, and used to derive 25 rasterized LiDAR-
derived metrics characterizing vegetation structure using the Laserchicken feature-

extraction library (Kissling et al. 2023).

The published data product was evaluated using 100 randomly.selected 10 x 10 m plots
comprising 183,837 hand-labelled LiDAR points across the Netherlands. This evaluation
showed a low misclassification rate for vegetation points(0.05 = 0.19) and high accuracy of
the derived LiDAR metrics (mean accuracy 0.90+'0.04 across 25 metrics; range: 0.87-
1.00), supporting the reliability of the dataset (Kissling et al. 2023). The AHNS data, pre-
processed by Rijkswaterstaat (the Directorate-General for Public Works and Water
Management of the Netherlands, https://www.rijkswaterstaat.nl/), were provided with
ASPRS-style classes (e.g.class 1: unclassified; class 2: ground). Vegetation was primarily
represented by class 1 points, while class 2 points were used for metrics requiring both
vegetation and ground returns, such as pulse penetration ratio. The workflow also excluded
extreme outliers during normalization and feature extraction. The data product also
includes a mask layer derived from the Dutch TOP10NL cadaster dataset
(https://www.kadaster.nl/zakelijk/producten/geo-informatie/topnl) identifying water bodies
and human infrastructure (e.g. buildings and roads), which helps reduce potential bias

from non-vegetation structures (Kissling et al. 2023).
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From these 25 metrics, we selected six metrics representing key components of vegetation

structure (Moudry et al. 2023), including vertical structure (e.g., vegetation height
percentiles) and horizontal structure (e.g., canopy cover). Metrics that directly.quantify
variability (e.g., standard deviation or Shannon-based structural indices)were not
included, as heterogeneity was calculated separately in our study. In addition, highly
correlated metrics were excluded to reduce redundancy and multicollinearity. Pairwise
correlation analyses were conducted across spatial scales, and metrics with correlation
coefficients |r| > 0.7 were not retained. The final setof six metrics therefore captures

complementary aspects of vegetation structure while minimizing statistical redundancy.

We also included vascular plant richness from the Nationale Databank Flora en Fauna
(NDFF) database as oneaspect of vegetation heterogeneity. NDFF database
(https://www.ndff;nl/) comprises observational data on vascular plants, including

7,126,896 records from 2014 to 2019. Vascular plant inventory records differed in their

recorded observation area, so they were harmonized to a common spatial framework prior

to analysis. To improve comparability among observations and reduce potential spatial

overlap, we retained only records with an observation plot radius of < 50 m. This threshold

preserved approximately 99% of the observations used in the dataset while excluding

records from very large survey areas. The filtered records were then assignedtoa 10 x 10 m

grid matching the base raster of the LiDAR-derived vegetation layers. Each plot-level

10
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species inventory was assigned to the grid cell containing its centroid, and species
richness was then calculated at the grid-cell level rather than using the original plot extents
or raw occurrence counts. All subsequent scale analyses were conducted using these
gridded data, which reduced the influence of variation in original plot size on scale-
dependent analyses. To define different landscape types, we used the Landelijk
Grondgebruik Nederland (LGN) 2018 land use map (https://lgn.nl/over-lgn), which
classifies the Netherlands into 48 distinct land use categories with a spatial resolution of

5m.

Calculating vegetation heterogeneity

We calculated two aspects of vegetation heterogeneity: vegetation structure heterogeneity
and vegetation diversity. Six measures representing the vegetation structure and one
representing vegetationdiversity.are included (Fig. 3, Table 2). Vegetation structure
measures include'mean vegetation height (MEV) which represents the average height
across eachpixel. Vegetation absolute height (VAH) quantifies vegetation heightin 7 layers
corresponding to 7 categories: lessthan1m, 1to2m,2to3m,3to4m,4to5m, 5to 20 m,
higher than 20 m. Vegetation foliage layers (VF), depict four layers including grasses,
shrubs, trees, and tall trees based on the pre-defined height of each layer (Fig. 3).
Vegetation openness (VO) measures the ratio of ground points to the total number of points
within a cell, indicating the extent to which LiDAR points penetrate through the vegetation.

Canopy cover (CC) was defined as the number of normalized LiDAR returns above the

11
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mean normalized vegetation height within each grid cell. The maximum vegetation height
(MAV) represents the maximum height of the tree canopy. Vegetation diversity refers to a

measure of the number of vascular plant species (VS) within certain area.

We used a grid-based approach to calculate heterogeneity measures across multiple
spatial scales, ranging from 0.05 to 15 km. Here, spatial scale refers specifically to spatial
grain size, defined as the grid-cell size (analysis unit), which increased in 0.05 km steps
from 0.05t0 0.5 kmandin 0.5 km steps from 0.5 to 15 km. The overall spatial extent of the
study area and the base raster’s resolution were kept constant; only the grid-cell size
(spatial grain) was varied. At each spatial grain, we calculated vegetation heterogeneity
using three commonly used methods: Coefficient of Variation (CV), Standard Deviation

(SD), and Shannon's Diversity Index (H'). The detailed calculations are as follows:

cV = E x 100% (1)
where o is the standard deviation and p the mean value of the vegetation measures.

SD — Z(xi—ll)z (2)
\l N

whereXx;is the value of the lidar data of the vegetation measures at location i, u is the mean

value of these data points, and N is the number of data points.

H =-Y% (p; - Inp) (3)

12
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where R is the total number of categories for the vegetation measure, and p;is the

proportionrepresented by category .

To calculate vegetation heterogeneity using SD and CV, we first convert the categorical
measure, i.e., foliage layers, to a continuous variable (Schindler, Poirazidis & Wrbka 2008;
Culbert et al. 2013). The original foliage layers included grass, shrub, tree, and tall tree. For
each raster cell, presence/absence was recorded as binary.values (1 = present, 0 = absent).
A cell-level foliage richness score was calculated as the proportion of present layers
relative to the total possible layers. Cells with all four layers scored 1, three layers 0.75, two
layers 0.5, one layer 0.25, and no foliage 0.(Detailed description can be found in
Supplementary Fig. S2). SD and CV werethen calculated from these derived values. To
calculate the Shannon index, we required categorized measures. We thereby converted the
measures with continuous values to categorized ones using an entropy-based local
indicator of spatial.association in the R package elsa (Naimietal. 2019), and the detailed

information can be found in Supplementary Fig. S3.

To account for'landscape context, we reclassified the LGN 2018 land cover map into three
landscape types: semi-natural, urban, and agricultural landscape (Supplementary Table
S1; Supplementary Fig. S1). For each spatial scale, we determined the dominant landscape
type in every grid cell, defined as a landscape occupying > 90% of the cell. This scale-
specific dominant landscape layer was then used to extract vegetation heterogeneity

values (CV, SD, Shannon index) within each landscape type across scales. All analyses

13
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(otherwise specified) were carried outin R4.3.1 (R Core Team 2023) using R package raster

(Hijmans et al. 2015).

Statistical analyses

We characterized vegetation heterogeneity—scale relationships in terms of.overall shape,
rate of change, and key transition points. For each relationship, we fitted three candidate
models relating vegetation heterogeneity to spatial grain: a'linear model, a logarithmic
model, and a second-degree polynomial model, using the minpack.lm package (Elzhov et
al. 2016). Because the number of observations differed among grains, we controlled for
unequal sample sizes by randomly resampling 1000 values from grains with more than
1000 observations, while retaining all values for grains with fewer than 1000 observations.

This resampling procedure was repeated 99 times.

In each iteration, sampled observations were assigned to spatial blocks based on their x
andy coordinatesand split into training and testing subsets using a spatial block
procedurexCandidate models were fitted to the training data, and their relative support
was quantified using Akaike weights derived from AAIC values. Predictive performance was
separately assessed on held-out test data using MAE, MSE, RMSE, and MAPE. For each
heterogeneity-scale relationship, the primary model was ultimately defined as the model

with the highest mean Akaike weight across iterations.

14
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For logarithmic relationships, we quantified the rate of change using the first derivative and
defined a reference levelling-off scale as the scale at which the predicted changes reached
95% of the modelled maximum. For second-degree polynomial relationships,.turning
points were identified as the scales at which the first derivative equalled zero. For linear
relationships, the slope was treated as constant across scales. To characterize the scale of
most rapid change, we identified in each iteration the scale at which the absolute slope
was greatest for the iteration-specific primary model, and then summarized these values
across iterations. Mean observed values, fitted curves, and scale-related metrics were
summarized across the 99 iterations as means and:standard deviations. Model fit was
further inspected using Q-Q plots, residual-versus-fitted plots, and residual histograms
(Supplementary Fig. S4-S23). Residual spatial autocorrelation was assessed using Moran’s
I in the spdep package (Bivand 2022). Additional details of the resampling, model fitting,
scale-metric extraction; and diagnostic procedures are provided in Supplementary, section

“Methods: detailed statistical workflow”.

To investigate the effects of vegetation measures, heterogeneity calculation methods, and
landscape types on the change in heterogeneity across scales, we compared differences in
maximum slopes and levelling-off scales among these three groups separately. We first
tested the normality of data distributions using the Shapiro-Wilk test (Gonzalez-Estrada &

Cosmes 2019). As the data were not normally distributed, we subsequently applied the

15
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Kruskal-Wallis test followed by Dunn’s test for post hoc comparisons(Liu 2015). The
analyses were carried out using the FSA package in R (McKight & Najab 2010; Elliott &
Hynan 2011; Ogle & Ogle 2017). We then compared and the PMCMRplus package in R (Liu

2015; Pohlert & Pohlert 2018).

Results

The pattern of vegetation heterogeneity changes across spatial scales

Across spatial scales, most vegetation heterogeneity—scale relationships were strongly
supported by nonlinear models (53 of 60 observations, 88%), 65% displayed logarithmic
relationships and 23% displayed polynomial'nonlinear patterns, whereas only 7 of 60
observations (12%) were most strongly supported by linear models ( Fig. 4, Table 2,
Supplementary Fig. S25-31). Among the seven measures used to calculate changesin
heterogeneity across scales, four exhibit both linear and nonlinear patterns, while three
display only nonlinear patterns. Specifically, linear patterns are observed for vegetation
absolute height, vegetation foliage layer, vegetation openness, and vegetation species
heterogeneity/(Fig. 4, Table 2). When using the CV (21 observations) to quantify
heterogeneity across scales, 81% were most strongly supported by nonlinear models (57%
displayed logarithmic relationships and 24% displayed polynomial nonlinear patterns).
Using the SD (21 observations), 100% were most strongly supported by nonlinear models
(81% displayed logarithmic relationships and 19% displayed polynomial nonlinear

patterns), and using the Shannon index (18 observations), 83% were most strongly

16
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supported by nonlinear models (56% displayed logarithmic relationships and 27%
displayed polynomial nonlinear patterns). Overall, vegetation heterogeneity—scale
relationships were therefore predominantly supported by nonlinear functional forms (Fig.
4, Table 2). Nonlinear patterns consistently dominated across all landscape types (Fig. 4,
Table 2), with only slight differences in their proportions: 80% in urban landscapes (20
observations, 45% displayed logarithmic relationships and 35% displayed polynomial
nonlinear patterns, Fig. 4A, Table 2), 90% in agricultural landscapes (20 observations, 80%
displayed logarithmic relationships and 10% displayed polynemial‘nonlinear patterns, Fig.
4B, Table 2), and 95% in semi-natural landscapes (20 observations, 80% displayed
logarithmic relationships and 15% displayed polynomial nonlinear patterns, Fig. 4C, Table

2).

Maximum rate of change in vegetation heterogeneity across spatial scales

Among the 53 observations for which nonlinear models received the strongest support,
91% of the maximum rates of change in vegetation heterogeneity occurred at finer spatial
scales (< 5 kmj Fig. 4, Supplementary Table S2). The location of the steepest slope along
these nonlinear curves differed significantly among heterogeneity measures (P =0.033),
but not among calculation methods (P = 0.308) or landscape types (P = 0.692; Fig. 5).
Across measures, maximum vegetation height showed higher maximum slope values than

vegetation foliage layer, and this pairwise difference was significant (P < 0.05; Fig. 5A). In
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contrast, maximum rates of change did not differ significantly among heterogeneity

calculation methods or landscape types (Fig. 5B, C).

Turning points in vegetation heterogeneity change across spatial scales

Among the 39 datasets for which the logarithmic model received the strongest support,
levelling-off points of vegetation heterogeneity occurred across.a broad range of spatial
scales but were still concentrated mainly below 10 km (Supplementary Table S2). Of these
logarithmic relationships, 8% levelled off before 0.5 km, 36% between 0.5 and 5 km, 26%
between 5 and 10 km, and 31% between 10 and 15 km. The scales at which heterogeneity
levelled off varied significantly across the'measures analysed (P = 0.009; Fig. 6A).
Vegetation openness levelled off at coarser'scales than vegetation foliage layer and canopy
cover, whereas the remaining pairwise comparisons among measures were not significant
(Fig. 6A). The choice of heterogeneity calculation method did not affect the scales at which
levelling-off occurred (P =0.129; Fig. 6B). Levelling-off scales differed significantly among
landscape types(P =0.021; Fig. 6C). Urban landscapes exhibited finer levelling-off scales
than agricultural and semi-natural landscapes, whereas the latter two did not differ
significantly from each other. Among the 14 datasets for which the second-degree
polynomial model received the strongest support, most heterogeneity—scale relationships
exhibited turning points atrelatively fine spatial scales. Of the 13 datasets with identifiable

turning points within the observed scale range, 69% reached their turning points below 5
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km, 8% between 5and 10 km, and 23% between 10 and 15 km. One polynomial

relationship did not show a turning point within the observed scale range.

Discussion

This study investigates changes in vegetation heterogeneity across spatialscales by

comparing seven measures, three calculation methods, and three landscape types. Across

datasets, most vegetation heterogeneity—scale relationships were nonlinear, with only a

minority showing linear trends. Among the nonlinear forms; logarithmic patterns were

predominant. Relationship form, slope magnitude, and levelling-off scales differed among

heterogeneity measures, and also varied among landscape types. Overall, levelling-off

occurred mainly below 10 km.

Among datasets with'strongest support for logarithmic relationships, positive logarithmic
trends predominated. Positive logarithmic trends likely occur because enlarging the
analysis.unit initially incorporates additional vegetation variability, leading to a rapid
increase innmeasured heterogeneity at finer scales (Kallimanis et al. 2008; Stein, Gerstner
& Kreft 2014). At coarser scales, however, most distinct features are already captured
within the sampling units, so further increases in grain size add relatively little new
variation, producing a levelling-off pattern (Smith & Lundholm 2012; Graham et al. 2019).
contrast, a negative logarithmic relationship may occur when key vegetation features are

already present at finer scales. As the grid size increases, spatial averaging reduces

In
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between-grid variability, resulting in a decline in heterogeneity. Because most local
variation has been smoothed out, the heterogeneity trend plateaus, forming a negative

logarithmic relationship (Auestad, Rydgren & @kland 2008; Smith & Lundholm 2012).

Unlike logarithmic relationships, which retain the same overall direction while approaching
saturation, polynomial relationships are characterized by a turning point.atwhich the
direction of heterogeneity change reverses. Asmaller subset of these nonlinear
relationships followed hump-shaped patterns across.spatial scales. In these cases,
heterogeneity initially increased with scale as additional vegetation features were
incorporated, resembling the early phase of a logarithmic relationship (Smith & Lundholm
2012; Stein, Gerstner & Kreft 2014). However, after the turning point, vegetation
heterogeneity reaches its maximum, indicating the greatest variation among vegetation
features (Kumar, Stohlgren & Chong 2006). With further coarsening of scale, fine-scale
variation becomes.increasingly obscured due to a spatial averaging effect (Sarr, Hibbs &
Huston 2005;Dufour et al. 2006; Bisigato et al. 2009; Stein, Gerstner & Kreft 2014). This
process/ultimately leads to a decline in measured heterogeneity at coarser scales (Dufour
et al. 2006; Smith & Lundholm 2012; Graham et al. 2019). In contrast, U-shaped
polynomial relationships exhibit the opposite pattern. Here, heterogeneity is highest at
finer scales but decreases with increasing scale as local features become spatially
homogenized through averaging (Dufour et al. 2006). Beyond a certain threshold, however,
additionalincreases in scale incorporate new and distinct vegetation features, enhancing

spatial variability again and producing the upward turn of the U-shaped trend. Additionally,
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linear relationships may indicate that heterogeneity has not yet reached a point of
diminishing returns or, alternatively, that such a threshold occurs at a scale too fine to be
detected within the examined spatial range (Dufour et al. 2006; Smith & Lundholm 2012;

Loke & Chisholm 2022).

The scale at which heterogeneity changes most rapidly indicates the transition point in the
heterogeneity-scale relationship. Because each measure captures distinct aspects of
vegetation structure, composition, or diversity, their changes vary across spatial scales,
resulting in measure-specific characteristic spatialscales (Rescia et al. 1997; Kumar,
Stohlgren & Chong 2006; Pottier, Bedécarrats & Marrs 2009; Davison et al. 2023). Previous
studies similarly show that plant richness.and vegetation structural attributes exhibit
different characteristic spatialscales (Dufour et al. 2006; Kumar, Stohlgren & Chong 2006;
Davison et al. 2023). For bothlogarithmic and polynomial forms, these transition points
indicate where the heterogeneity-scale relationship begins to level off or reverse. These
transition points are measure-dependent and commonly occur at scales below 10 km
(Supplementary Table S2). Turning points tend to appear at finer spatial scales, likely
because many vegetation measures are most sensitive to variation at these scales. For
instance, canopy cover heterogeneity has been shown to vary most strongly between 0.05
and 0.5 km, resulting in transition points at relatively fine scales (Graham et al. 2019). In
contrast, vegetation richness, which is more influenced by regional and site-level factors,
typically exhibits broader sensitive scales, with transition points occurring at coarser

spatial scales (Smith & Lundholm 2012). Notably, most levelling-off points occur at finer
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scales in our study, but their positions differ among landscape types. In urban areas,
levelling-off occurs at finer spatial scales than in agricultural or semi-natural landscapes,
indicating that vegetation heterogeneity reaches saturation earlier in urban matrices. This
likely reflects the limited amount and compositional diversity of vegetation within‘urban
matrices: as spatial grain size increases, most small vegetation patches are quickly
absorbed into larger grid cells dominated by similar or impervious surfaces, so additional
increases in grain primarily average out the remaining within-cellvariation rather than
adding new vegetation features (Mitchell et al. 2016). Consequently, within-grain variability
in vegetation structure is reduced rapidly in urban landscapes, whereas the greater
compositional diversity of semi-natural landscapes allows within-grain heterogeneity to
continue increasing across larger grains before eventually reaching saturation (Seiferling,

Proulx & Wirth 2014).

Several limitations should be acknowledged in interpreting our results. First, the relatively
constrained environmental setting of the Netherlands is both a strength and a limitation of
this study: it reduces strong climatic, soil, and topographic confounding, allowing
vegetation heterogeneity-scale relationships to be identified more clearly, but it also
means that the quantitative scale values reported here should be interpreted as a useful
reference baseline for understanding how scale influences vegetation heterogeneity.
Importantly, the identified scales represent statistical transition points in vegetation
heterogeneity measured across spatial scales, rather than direct inference about

ecological processes. Therefore, any ecological interpretation linking these scales to
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species responses requires further empirical validation. Second, although high-resolution
LiDAR data, infrastructure masks, and validation procedures were used, LiDAR-derived
metrics may still underrepresent understory vegetation structure because fewer laser
returns are obtained below the canopy. Third, some residual uncertainty remains‘in the
vegetation species data because the original survey plots varied in size before being
standardized to a common raster framework. Future studies could build.on this reference
by testing the observed relationships across broader environmental settings, improving
below-canopy representation with higher point-density LiDAR, voxel-based analyses, and
higher-resolution ancillary data, strengthening field sampling'with more consistent plot

size and survey design.

In conclusion, vegetation heterogeneity across spatial scales is predominantly
characterized by logarithmic patterns, with the steepest changes occurring at finer spatial
scales. Vegetation heterogeneity is scale-dependent and the relationships are influenced
more by vegetation measures and landscape types than by the heterogeneity calculation
methods. Despitethe general nonlinear patterns, the variations in heterogeneity-scale
relationships identified here further highlight that spatial context fundamentally shapes
how vegetation heterogeneity emerges, reinforcing the importance of accounting for scale
dependence when comparing ecological patterns across contrasting landscapes. Our
results suggest that the choice of spatial scale can strongly influence measured vegetation
heterogeneity and may consequently affect inferred heterogeneity—diversity relationships.

For ecological monitoring and assessment, it is therefore essential to (i) select fine spatial
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scales that capture the sensitivity of vegetation heterogeneity measures and are
ecologically relevant to the target community, and (ii) match heterogeneity indicators to the
spatial scales at which organisms in the targeted community perceive and respond to their
environment. Incorporating such a scale-explicit framework into biodiversity assessments
will enhance the reliability of heterogeneity metrics as indicators of ecological condition

and support more effective, evidence-based conservation and land-use planning.
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1 Tables

2 Table 1: Characteristics of measures used for calculating vegetation heterogeneity

VH measures Unit Description Eataset :esolutlo Data type
. . Mean height of
Mean vegetation height m vegetation within AHNS 0.01 km LiDAR data
(MEV) product
the cell g 2
Height
Vegetation absolute categories: (1<, AHN3 .
height (VAH) M 42,23 34,45 product *01KM - LiDARdata
5-20, >20) ]
Functional
Vegetation foliage layer m vegetation layers AHN3 0.01 km LiDAR data
(VF) (talltrees, trees, product
shrubs, grass) \
Ratio of number
. of ground points
Vegetation openness % to total number AHNS 0.01 km LiDAR data
(VO) . i\ product
of points within a
cell
Returns above AHN3
Canopy cover (CC) - mean height per 0.01 km LiDAR data
product
LG seell
. . Maximum height
M tat AHN
aximum vegetation & "o ot the vegetation 3 0.01km  LiDARdata
height (MAV) product
RY surface
. : Number of .
Vegetation species i vascular plant NDEE 0.01 km Observation
number (VS) . data
species

3  NoterAHNS3 represents dataset: Actueel Hoogtebestand Nederland version 3. NDFF

4 _ represents the dataset: Nationale Databank Flora en Fauna. LiDAR datais the Light

5 'Detection and Ranging data.
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1

Table 2 Shape of vegetation heterogeneity change across spatial scales using seven

2  measures, three methods, and across three landscape types

Landscape type Urban Agricultural Simi-natural
Method cv SD H' cv SD H' Ccv SD H'
Mean vegetation height (MEV) NL-L NL-P NL-P NL-P NL-L NL-L /NL-L NL-L NL-L
Vegetation absolute height (VAH) NL-P NL-P L+ NL-L NL-L ~NL-L L+ NL-L  NL-L
Vegetation foliage layer (VF) NL-L NL-L NL-P L+ NL-L L+ NL-P  NL-L NL-L
Vegetation openness (VO) L+ NL-P L+ NL-L NL-L. Nk-L NL-L NL-L NL-P
Canopy cover (CC) NL-L NL-L NL-P NL-L«. NL-L /NL-L NL-L NL-L NL-L
Maximum vegetation height (MAV) NL-L NL-P NL-P NL-L NL-L NL-L NL-L NL-L NL-L
Vegetation species (VS) L+ NL-L NL-P. NL-L NL-P  NL-L

3  Note: Three methods have been used for vegetation-heterogeneity: Coefficient of variation

4  (CV), Standard deviation (SD), and Shannon's diversity index (H'). Landscape types has

5 been considered in the calculation: urban, agricultural, and simi-natural landscape. "L+"

6 represents positive linear relationships, and "L-" for negative linear relationships. "NL-L" for

7  logarithmic nonlinear trends, "NL-P"for polynomial nonlinear trends.
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Figure legends

Fig. 1 Hypothetical patterns of environmental heterogeneity across spatial scales. (l)
Positive linear; (Il) Negative linear; (lll) Hump-shaped polynomial; (IV) U-shaped

polynomial; (V) Positive logarithmic; (VI) Negative logarithmic.

Environmental heterogeneity

Spatial scale

Fig. 2 Agricultural, urban, and'semi-natural landscapes are derived from the Landelijk
Grondgebruik Nederland (LGN) 2018 (see Supplementary Table S1, for the classification

scheme).
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Fig. 3 Conceptualillustration of the vegetation heterogeneity measures used in this study.
Six measures were derived from LiDAR data: vegetation foliage layer, vegetation absolute
height, canopy cover, vegetation openness, mean vegetation height, and maximum
vegetation height. Vegetation species heterogeneity was derived from field observation
data. Vegetation foliage layer represents the vertical stratification of vegetation into grass,
shrubs, trees, and tall trees, whereas vegetation absolute height describes vegetation
structure using discrete height classes. Mean vegetation height'and. maximum vegetation
height represent the average and tallest vegetation height within a.sampling unit,
respectively. Canopy cover was calculated as the number of returns above mean height
within a cell, and vegetation openness as the ratio of ground points to total points within a
cell. Vegetation species heterogeneity represents variation in plant species composition

based on field observations.

Vegetation foliage Vegetation absolute /Cannopy cover
layer height n) ‘(Returns above mean height) Maximum vegetation

e Gar A i height (m)
Tall trees 4 V ( T
| 5 >20m ’ ; i
§

Vegetation openness
(Ground / total points)

e
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Fig. 4 Relationships between vegetation heterogeneity and spatial scale across urban (A),
agricultural (B), and semi-natural (C) landscapes. Rows represent vegetation heterogeneity
measures (MEV, VAH, VF, VO, CC, MAYV, and VS), and columns represent calculation
methods (CV, SD, and SI). Blue points show the mean observed heterogeneity value ateach
spatial grain across 99 resampling iterations. Colored lines show the best- supported
model for each dataset, selected as the model with the highest mean Akaike weight across
iterations: linear (red), logarithmic (blue), and second-degree polynomial (green). The
vertical black dashed line marks 0.5 km. X-axis values are shown.in kilometres.
Supplementary Fig. S31 presents the corresponding plots with standard deviations among

iterations, and Supplementary Fig. S 25-32 provides an enlarged view of the < 0.5 km range.
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Fig. 5 Differences in maximum slope among vegetation heterogeneity measures (A),
heterogeneity calculation methods (B), and landscape types (C). Boxplots are based on the
mean maximum absolute slope across 99 iterations for datasets in which a nonlinear
model (logarithmic or polynomial) received the strongest support, and the y-axis'shows
these values on the original (untransformed) scale. The maximum slope was defined as the
maximum absolute slope estimated from the best-supported model. Centre lines show
medians, boxes show interquartile ranges, and whiskers show.the range excluding outliers.
P-values are from Kruskal-Wallis tests, and different letters denote’significant differences
among groups based on Dunn’s post hoc comparisons. Abbreviations: MEV, mean
vegetation height; VAH, vegetation absolute height; VF, vegetation foliage layer; VO,
vegetation openness; CC, canopy cover; MAV, maximum vegetation height; VS, vegetation
species heterogeneity; CV, coefficient of variation; SD, standard deviation; SI, Shannon

index.
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Fig. 6 Differences in levelling-off scale among vegetation heterogeneity measures (A),
heterogeneity calculation methods (B), and landscape types (C). Boxplots are based on the
mean levelling-off scale across'99 iterations for datasets in which the logarithmic model
received the strongest support, and the y-axis shows these values on the original
(untransformed) scale. The levelling-off scale was defined as the spatial scale at which the
predicted.response reached 95% of its maximum. Centre lines show medians, boxes show
interquartile ranges, and whiskers show the range excluding outliers. P-values are from
Kruskal-Wallis tests, and different letters denote significant differences among groups
based on Dunn’s post hoc comparisons. Abbreviations: MEV, mean vegetation height; VAH,

vegetation absolute height; VF, vegetation foliage layer; VO, vegetation openness; CC,
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canopy cover; MAV, maximum vegetation height; VS, vegetation species heterogeneity; CV,

coefficient of variation; SD, standard deviation; Sl, Shannon index.
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