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ABSTRACT

Measuring biodiversity at the ecosystem level requires an integrated framework that captures taxonomic, functional, and
phylogenetic dimensions of diversity across spatial scales -- from alpha diversity within local communities to gamma
diversity at landscape and regional extents -- while remaining operationally feasible for national biodiversity monitoring
programmes. This study systematically evaluated 24 candidate ecosystem-level biodiversity metrics against four criteria:
ecological validity, sensitivity to anthropogenic change, scalability via remote sensing, and alignment with Essential
Biodiversity Variables (EBVs) and the Kunming-Montreal Global Biodiversity Framework (GBF) reporting targets. Field
validation was conducted across 312 ecosystem plots spanning six biome types in 14 countries over three years
(2020-2023), measuring ground-truth biodiversity against satellite-derived spectral diversity indices, UAV-derived canopy
structure metrics, and acoustic diversity indices from passive monitoring arrays. Spectral diversity (coefficient of variation
of NDVI, CV-NDVI; spectral heterogeneity index, SHI) showed the strongest correlation with ground-truth species
richness (r = 0.79, p < 0.001) and functional diversity (r = 0.74, p < 0.001) across terrestrial ecosystems. Acoustic
diversity index (ADI) correlated strongly with vertebrate community completeness (r = 0.71, p < 0.001). A composite
Ecosystem Biodiversity Score (EBS) integrating five complementary metrics explained 84.7% of variance in ground-truth
multi-taxon biodiversity across all biome types, substantially outperforming any single metric. The EBS framework is
proposed as a standardised monitoring tool for GBF Target 21 implementation, enabling scalable national biodiversity
reporting without requiring exhaustive species-level field surveys.
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1. Introduction

1.1 The Biodiversity Measurement Challenge

Biodiversity is a multi-dimensional construct
encompassing  the variety of genes, species
functional traits, ecological interactions, an
evolutionary lineages that together constitute the
living fabric of ‘ecosystems (Whittaker, 1972;
Me&qurran, 2004). Despite decades of conceptua
and methodological development in biodiversity
science, measuring biodiversity at the ecosystem
level in ways that are ecologically meaningful,
operationally feasible, and poliCy-relevant remains
a_fundamental challenge (Noss, 1990; Pereira et
al., 2013). Traditional species-level inventories --
the gold standard for taxonomic richness
assessment -- require intensive _field effort by
trained taxonomists across all relevant organism
groups, constraining their spatial and temporal
coverage to a fraction of the landscapes requirin
momtormg (Balmford et al.,, 2003).  Gloha
biodiversity policy frameworks -- including the
Kunming-Montreal GBF _and the EU Biodiversity
Strategy 2030 -- demand that governments report
on ecosystem biodiversity status and trend across
national territories by 2030, a commitment that is
practically unachievable through traditional field
survey approaches alone.

1.2 Essential Biodiversity Variables and
Remote Sensing

The Essential Biodiversity Variables SEBV
framework, proposed by Pereira et al. (2013) an

developed b EO BON, provides a structured
hierarchy of biodiversity = indicators spanning
enetic composition, species populations, species
raits, = community ~ composifion, ecosystem
function, and ecosystem structure. Remote sensin
technologies  -- "including multispectral an
hyperspectral satellite 1magerX synthetic aperture
radar %)SAR), LiDAR, and UAYV platforms -- can
directly or indirectly quantify many EBVs at scales
from ‘individual trees to~ continental extents
(Turner et al.,, 2003; Pettorelli et al., 2014). The
spectral variation _hYpothe51s (Palmer et al., 2002)
posits  that spatia heterogenelt%. in remotel%
sensed spectral signals reflects habitat structura
complexity and resource diversity, which in turn
redicts species diversity -- providing a theoretical
asis for satellite-based biodiversity proxy metrics.
Passive acoustic monitoring arrays - offer a
complementary approach for vertebrate diversity
assessment, with acoustic diversity indices proven
to correlate with species richness across taxa from
birds to bats to anurans (Sueur et al., 2008;
Villanueva-Rivera et al., 2011).

1.3 Study Objectives

This study addresses the critical gap between the
diversity of available biodiversity metrics and the
absence of rigorous _cross-biome comparative
validation that™ would enable selection of a
standardised ogera.tlonallly feasible metric suite
for national biodiversity reporting. = Specific
objectives were: (i) systematically evaluate 24
candidate metrics spann;n? reinote sensing,
acoustic monitoring, and field-based approaches
across six biome t%pes; (ii) validate each metric
against ground-truth multi-taxon species richness,
functiona] diversity, and phylogenetic diversity
measured in 312 ‘standardised ‘ecosystem plots;
%11) develop and validate a composite Ecosystem

iodiversity Score (EBS) integrating the "most
complementary metrics; and (1\12) assess EBS
alignment with GBF Target 1 monitoring
requirements and EBV reporting obligations. The
resulting framework is designed to be deployable
at national scale using globally available satellite
data products without "additional infrastructure
investment.

2. Literature Review

2.1 Spectral Diversity and the Spectral
Variation Hypothesis

The _spectral variation hypothesis (SVH)
formalised bgf Palmer et “al. (2002) an
subsequently fested across multiple biome types
and taxonomic groups, predicts that spectral
heterogeneity in~ remotely sensed imagery --

reflecting the diversity of surface reflectances
driven by vegetation composition, structure, and
phenological state -- is positively correlated with
species “diversity. Meta-analyses by Mello et al.
(2017) and .an% et al. (2018) confirmed
significant positive SVH relationships in 62-74% of
published studies, with effect strengths varying by
spatial resolution, sensor tyé)e and “biome.
yperspectral sensors (400-2,500 nm; > 100
bandsl) provide superior SVH performance relative
to multispectral sénsors (4-12 bands) because the
resolve plant biochemical traits -- chlorophy
content, "leaf nitrogen, water content -- "that
directly = reflect functional diversit within
communities (Asner and Martin, 2016; Homolova
et al, 2013). The recent availabilit of
hyperspectral satellite data_from PRISMA (talygé
DESIS (DLR), and the forthcoming ESA CHIM
mission has made operational spectral diversity
mapping at landscape scales a near-term reality.

2.2 Alpha, Beta, and Gamma Diversity:
Conceptual Framework

Whittaker's (1972) partitioning of diversity into
alpha (within-site),” beta (between-site),” and
gamma (regional) components provides _ the
conceptua backbone for _ ecosystem-level
biodiversity assessment. Alpha diversity captures
local community richness and evenness; beta
diversity measures compositional turnover across
sites, Treflecting habitat heterogeneit and
biogeographic processes; and gamma diversity
integrates both into a regional total that
determines conservation value at landscape scales
(Koleff et al., 2003; Tuomisto, 2010). For policy
monitoring, beta diversity is arguably the most
information-rich metric because™ it captures._the
distinctiveness of communities -- high beta
diversit landscapes support more = unique
assemblages and thus greater overall evolutionary
heritage -- but it is also the most challenging to
estimate remotely because it requires comparative
community composition data across sites rather
than local measurement (Anderson et al.,, 2011).
Recent spectral beta diversity approaches usin
pairwise_ ~ dissimilarity of hyperspectral pixe
vectors have shown promising correlations with
floristic beta diversity (r = 0.61-0.78) in tropical
and temperate foreSts (Rocchini et al., 2010;
Schmidtlein and Fassnacht, 2017).

2.3 Functional and Phylogenetic Diversity as
Ecosystem Metrics

Functional diversity -- the range and distribution of

species' = _ecological roles = as captured by
measurable traits = -- predicts = ecosystem
productivity, stability, and _resistance to
disturbance more irectly. than taxonomic

richness, making it a critical component of
ecosystem-level biodiversity assessment (Tilman et
al., "2014; Cadotte et al., . ). Trait-based
functional diversity metrics including functional
richness (FRic), functional evenness (FEve), and
community-weighted mean traits can be estimated
from airborne” or satellite hyperspectral data
through partial least squarés regression of
spectral values against ground-measured plant
traits -- an _approach termed 'spectral trait
mapEmg' that has achieved R2 values of 0.64-0.82
for® key functional traits including specific leaf
area, leaf nitrogen, and wood densﬁg (Serbin et
al., 2014; Ustin and Gamon, 2010). Phylogenetic
diversity metrics derived from remote seénsing are
less developed but can be approximated through
spectral species identification algorithms that
assign individual tree crowns or vegetation
patches to ]s)pemes or functional types and then
compute PD from the resulting  composition
estimates (Fricker et al., 2019).

Table 1. The 24 candidate ecosystem-level
biodiversity metrics evaluated in this study,
classified by data source, measurement
dimension, and EBV class
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EBV = Essential Biodiversity Variable class following
GEO BON framework. PAM = passive acoustic

monitoring; LiDAR = light detection and ranging; SAR =
synthetic aperture radar; CV = coefficient of variation;
NDVI = normalised difference vegetation index; SLA =
specific leaf area; eDNA = environmental DNA.

3. Materials and Methods

3.1 Study Design and Plot Network

A network of 312 one-hectare ecosystem plots was
established across six biome types’in 14 countries
over 2020-2023: ,troglcal moist forest (n =
glots; Congo Basin, Amazon, Borneo), temperate
roadleaf forest (n = 58; Central Europe, eastern
USA), Mediterranean shrubland (n =4 -.SPam,
Greece, Morocco), boreal forest (n = 48; Finland,
Canada, Russia), tI‘O%lC&l savanna (n = 54; East
Africa, Brazilian errado), and temperate
%ra.ssland n = 46; Hungary, Argentina, South
frica). ~ Within each " plot, = comprehensive
biodiversity inventories were conducted over three
survey  visits spanning wet and dry seasons,
recording all vascular plants, birds,” mammals,
reptiles, and selected invertebrate groups. Plot
coordinates were recorded with submetre GPS
accuracy, enabling precise pixel-level extraction of
satellite-derived metrics.

3.2 Ground-Truth Biodiversity Measurement

Species richness was recorded for all vascular
plants (full plot inventory), hirds (point counts, 10
minutes, 3 visits), mammals (camera traps, 30
trap-mg ts), and selected invertebrates (Malaise
trap, 7/-day _deployment). Functional diversity
(FRic, FDis, FEve) was computed from a six-trait
plant functional trait matrix (SLA, leaf dry matter
content, plant height, seed mass, root depth, leaf
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N content) and a four-trait vertebrate matrix (bod
mass, tI‘O%th level, moblht% reproductive rate),
using the FD package in R. Phylogenetic diversit
(PD,"NRI, NTI?was computed from time-calibrate
supertrees following Upham et al. (2019) for
mammals and Jetz ‘et al. (2012) for birds, and
Zanne et al. 4) for plants. A composite
round-truth  Multi-Taxon = Biodiversity Index

TBI) was constructed as the first "principal
component of standardised taxonomic, functional,
and " phylogenetic  djversity scores, explaining
68.4% of variance in the full'ground-truth dataset.

3.3 Remote Sensing and Acoustic Data
Acquisition

Satellite data were acquired for all 312 plots from
Sentinel-2 (10 m multispectral), PRISMA &30 m
hypersgectral 240 bands), Sentinel-1 SAR (10 m),
and MODIS (500 m EVI time series) archives for
the survey H?ermd' Spectral diversity indices
(CV-NDVI, 'SHI, SBD) were computed within a 100
m radius of each plot centre using Google Earth
Engine. UAV LiDAR surveys (DJI Matrice 300 +
Zenmuse L1; gomt density 100 pts/m2) were
conducted at 184 plots (all forest and shrubland
sites) to derive "canopy height models and
structural complexity indices. Passive acoustic
monitoring used udioMoth _v1.2 recorders
deployed at four corners of each plot for 7 days
continuous recording at 48 kHz ‘sampling rate.
Acoustic indices (ADI, ACI, BI) were computed
using the soundecology R package on recordings
from 0600-0900h local_ time to capture dawn
chorus biodiversity signal.

3.4 Metric Evaluation Framework and EBS
Construction

Each of the 24 candidate metrics was evaluated
against ground-truth MTBI, species richness, FDis,
and PD using Pearson and Spearman correfations
(to capture non-linear relationships),
biome-stratified partial correlations controlling for
mean annual temperature and precipitation, and
random  forest “variable importance scores,
Sensitivity to an_throgo enic change was assessed
as the correlation between each metric and a
land-use _ intensity index (LUI) derived from
ublished national _statistics and Copernicus
and-cover data. The composite Ecosystem
Biodiversity Score (EBS) was constructed by
selecting the five most complementary metrics
based on pairwise redundancy analysis (VIF < 5
retained) and weighting them by their relative
random forest variable importance scores. EBS
validation used 5-fold spatial block cross-validation
to 1prevent spatial autocorrelation bias, with blocks
defined at 500 km radius.

Table 2. Study plot network summary: biome
type, countries sampled, plot counts, and
mean ground-truth biodiversity statistics

Biome Countr n Mea Me Mea Mea
Type ies PI nSp an nPD nM
ot ecies FDi (My) TBI
s Rich S Scor
ness e
Tropical  DRC, 64 347 0.82 2,18 8.41
moist Brazil, I +-58  +- 4 +- | +-
forest ndonesi 0.09 287 1.14
a
Temper German 58 214 0.74 1,64 6.84
ate broa |y, +-34  +- 8 +- | +-
dleaf France, 0.08 214 0.98

forest USA
Mediter | Spain, 42 187 0.71 1,41 6.14

ranean | Greece, +-28  +- 24+ +-

shrubla | Morocc 0.09 187 1.04

nd 0

Boreal Finland, 48 142 0.64 1,18 5.41

forest Canada, +-22  +- 4 +-  +-
Russia 0.07 164 0.87

Biome Countr n Mea Me Mea Mea
Type ies PI nSp an nPD nM
ot ecies FDi (My) TBI
s Rich S Scor
ness e
Tropical  Kenya, 54 | 284 0.78 1,98 | 7.84
savanna Tanzani +-47  +- 4 +-  +-
a, Brazil 0.10 248 1.08
Temper Hungar 46 124 0.68 1,04 5.14
ate gras vy, Arge +-18 | +- 8 +- | +-
sland ntina, 0.08 148 0.84
S.Africa
ALLBI 14 coun 31 231 0.74 11,74 | 6.74
OMES tries 2 +-82 | +- 2 4+- | +-
(n=312) 0.10 412 1.34

MTBI = Multi-Taxon Biodiversity Index (first PCA axis of
standardised taxonomic + functional + phylogenetic
diversity scores; range 1-10). PD = summed phylogenetic
branch length (My). FDis = functional dispersion (0-1).
Species richness = combined vascular plants + birds +
mammals.

4. Results

4.1 Individual Metric Performance Against
Ground-Truth Biodiversity

Among the 24 candidate metrics, spectral
heterogeneity indices derived from Sentinel-2 and
PRISMA data. showed _the strongest overall
correlations. with ground-truth MTBI across all
biomes: CV-NDVI (r = 0.79, 95% CI: 0.74-0.83, p <
0.001) and SHI % = 0.76, p < 0.001). Acoustic
diversity index (ADI) from dawn chorus recordings
showed” the strongest correlation with vertebrate
community completeness (r = 0.71, It))'< 0.001) and
was particularly robust in forest biomes where
spectral diversity metrics were constrained by
closed canopy homogeneity. Spectral _trait
mapping of leaf nitrogen (STM-N) showed the
highest correlation with functional diversity (FDis:
r = 0.74, p_< 0.001) among all remote sensin
metrics, with performance strongest in tropica
forests where foliar chemical diversity is highest.
Canopy structural metrics from UAV LiDAR (CHM,
CSC) correlated sg;mflcantly with _phfylogenetlc
diversity (r = 0.64-0.68, p <'0.001) in forests but
showed weak relationships in open-habitat biomes.
eDNA metabarcoding richness showed the highest
correlation with Total species richness in
aquatic-influenced plots (r = 0.84) but was not
deployable at all terrestrial sites.

4.2 Biome-Stratified Correlation Patterns

Metric performance was sig}nifioantly
heterogeneous across biome tlsg)es (ANOVA for
biome-metric interaction: F = 12.84, p. < 0.001).

Spectral diversity metrics Berformed best in
tropical moist forests (CV-NDVI r = 0.84) and
savannas (r = 0.81) -- structurally complex
open-canopy environments where ~ horizonta
surface hetérogeneity is visible from satellite -- but
were significantly weaker in boreal forests (r =
0.54) where spruce monoculture creates spectrall
homogeneous. canopies despite substantia
understorey diversity. Acoustic diversity indices
showed the reverse biome pattern: strongest in
boreal forests (ADI r = 0.78) and temperate
broadleaf forests (r = 0.76) where dawn choruses
contain rich bird son% assemblages, but weaker in
open savannas (r = 0.58) where wind and insect
noise. reduce the signal-to-noise ratio for
vertebrate vocalisation detection. These
complementary biome-specific  performance
profiles motivate the multi-metric composite
ap 'roz%ch rather than reliance on any single
indicator.

4.3 Composite EBS Performance

Redundancy analysis identified five metrics as
jointly non-redundant (all VIF < 5) and maximally
informative: CV-NDVI, ADI, STM-N, CSC (canopy
structural complexity), and beta-Jac (Jaccard beta
dlve1"51t]5_§}3 The composite EcosKstem_Blodlversn
Score (EBS) constructed from these five weighte
metrics explained 84.7% of variance in
ground-truth- MTBI across all 312 plots and six
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biomes (random forest cross-validated R2 = 0.847,
RMSE = 0.68 MTBI units). This_ substantially
exceeded the variance explained by the best single
metric (CV-NDVI: R2 = 0.62)" and_the best
available single-sensor aF roach (full PRISMA
hyperspectral: R2 = 0.7.)1.) Biome-specific EBS
erformance was highest in tropical moist forests
R2 = 0.89) and lowest in temperate grasslands
R2 = 0.74), with all six biomes exceeding R2 =
.70 -- a threshold that has been proposed as the
minimum acceptable explanatory =~ power for
national  biodiversity mon1tqr1n% indicators
(Pereira et al., 2013). EBS sensitivity to land-use
intensity was strong and monotonic (' = -0.81, p <
0.001), confirming its responsiveness to
anthropogenic change.

4.4 Sensitivity to Anthropogenic Change and
GBF Alignment

EBS scores declined_significantly along land-use
intensity gradients in all six biomes (one-way
ANOVA: F'=84.72, p < 0.001), with primary forest
plots scoring 2.84 +- 0.47 MTBI units higher than
intensively managed plots within the same biome.
The . individual “mefric _contributions to :
sensitivity were: CV-NDVI %18.4% ﬁ)er LUI unit
increase), ADI (-12.8%), STM-N (-11.4%), CSC
(-9.7%), and beta-Jac (-8.1%). Trend _detection
simulations using simulated annual EBS time
series demonstrated that a_ 10% biodiversit
decline could be detected with 80% statistica
power within 8 years from a network of 50 plots
per biome -- a more cost-efficient design than
species-level monitoring programmes requiring
>200 plots for equivalent statistical power. The
EBS framework maps directly onto  four
monitoring targets (Targets 2, 3, 8, and 21) and
satisfies repor 1n(% requirements for three EBV
classes (Species traits, Community composition,
Ecosystem structure), making "it a stron
candidate for adoption as a standardised nationa
monitoring tool.

Table 3. Pearson correlation coefficients
between candidate metrics and ground-truth
biodiversity dimensions across all 312 plots
and stratified by biome type (top 10 metrics
ranked by MTBI correlation)

Met vs. vs.S vs. vs. Trop Bore Gra
ric M pecie FD PD ical al Fo ssla

TB s Ric is Fore rest nd
I hnes str r r
S

CV- 0.7 0.76* 0.7 0.6 0.84* 0.54* 0.72

I k * *

SHI 0.7 0.73* 0.6 0.6 0.81* | 0.52* | 0.69
*x * *x

ADI 0.7 1 0.74* 0.6 0.5 0.64* 0.78* 0.58
b3 *

STM 0.6 0.64* 0.7 0.6 0.78* 0.54* 0.58
*k *% * Hok

N gk Qkx | Dok
* * *

CSC 0.6 0.62* 0.6 0.6 0.74* 0.71*  0.38
Gk | Hx 4wk | Ghok |k *k *
* * *

SBD 0.6 0.68* 0.5 0.5 0.71* 0.48* 0.61
4*k | Kk gk | THx | ok * sokok
* * *

beta 0.6 0.66* 0.5 0.6 0.68* 0.57*| 0.64

Jac | 2%k ok R * *okk
* * *

eDN 0.6 0.71* 0.5 0.5 0.68* 0.57* 0.52
A-ric | 1%k | ®k *k * *x
h

ACI 05 0.61* 04 0.4 0.57* 0.68* 0.48
3k * 3k

Kk

Met vs. vs.S vs. vs. Trop Bore Gra
ric M pecie FD PD ical al Fo ssla
TB s Ric is Fore rest nd
I hnes str r r
S
CH 0.5 0.54* 0.5 0.6 0.68* 0.62*  0.24
M GXk | Kk THk | LRk | ok *k ns
* * *

¥t p < 0.001; * p < 0.01; * p < 0.05; ns = not
significant. Correlations are Pearson r. MTBI =
Multi-Taxon Biodiversity Index. FDis = functional
dispersion; PD = phylogenetic diversity. Biome-specific
correlations based on plots within each biome (n = 42-64
per biome). Top 10 metrics shown ranked by all-biome
MTBI correlation.

Table 4. Ecosystem Biodiversity Score (EBS)
composition, metric weights, and
cross-validated performance by biome type

EBS Co Me RF Data

Spectra | CV- 0.3

Biome CV Cost
mpone tri We Sourc BestP R2 per
nt c C igh e erfor (all bi plot (
od t mer omes) EUR)
e

Sentin | Tropic @ 0.62 <1

lhetero ND 1 el-2 al sava
geneity VI (free) nna
Acousti | ADI 0.2 PAM Boreal  0.51 8-14
c divers 4 arra forest
ity (low
Functio | ST ' 0.1 PRISM  Tropic | 0.55 <1
nal trait M- |9 A al
map N (free) moist
forest
Canopy CS 0.1 UAV Tempe 0.47 120-2
structur C 4 LiDAR | rate 40

e forest
Beta div | bet 0.1 | Field

Medite | 0.44 180-3

Pearson r (vs. MTBI)

ersity a-Ja 2 survey | rranea 60
c n shru
bland
COMPO All 1.0 | Multi-s Tropic 0.847 310-6
SITE five | O ource al 20
EBS moist
forest
RF Weight = random forest variable importance score
(sums to 1.00). CV R2 = 5-fold spatial block

cross-validated R2 against ground-truth MTBI. Cost per
plot = estimated annual data acquisition + processing
cost per 1 ha plot; satellite data costs assumed zero for
open-access products (Sentinel-2, PRISMA). PAM =
passive acoustic monitoring recorder deployment +
retrieval. UAV = unmanned aerial vehicle LiDAR survey.
Field survey component required only once per 3-5 years
at each plot for beta-Jac estimation.

~=- 1= 0.60 acceptability threshold

PN o St e P e = o
E

Figure 1. Pearson correlation coefficients between
the 10 highest-performing candidate metrics and the
Multi-Taxon Biodiversity Index (MTBI) across all 312
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Figure 2. Biome-stratified performance of the three
primary EBS component metrics (CV-NDVI, ADI,
STM-N) showing complementary biome-specific

strengths motivating the composite approach.
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Figure 3. Cross-validated EBS R2 (variance in
ground-truth MTBI explained) by biome type. All six
biomes exceed the R2 = 0.70 minimum acceptability

threshold for national monitoring indicators.
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Figure 4. EBS framework evaluation radar: four
criteria scores (1-10) for five candidate monitoring
approaches. EBS (blue) leads on all criteria except

cost over spectral-only approaches.

5. Discussion

5.1 Complementarity of Spectral and Acoustic
Diversity

The
{)rofﬂes of

diversity

contrasting biome-specific erformance
) spectral = heterogeneity = metrics
strongest in open tropical biomes) and acoustic

indices (strongest in forest biomes)

represent a fundamental complementarity that
drives the superior performance of the composite
EBS over any single metric. This complementarity
reflects, the” underlying ecological mechanisms:
spectral diversity ~captures Tplant community
heterogeneity visible from satellite, which is the
?nma driver of animal diversity in open habitats
hrough the habitat heterogeneity hypothesis
(Tews et al., 2004), but becomes "saturated in
closed-canopy forests where the spectral signal is
dominated Dy_ canopy leaf area rather than
understorey “diversity. Acoustic _ diversity, by
contrast, directly captures the vocalisation dactivity
of sound-producing vertebrates -- primarily birds --
which are most diverse and acoustically active in
structurally = complex forests where habitat
partitionin b_}g acoustic niche segregat;on 1s most
pronounce iloblajs et al., 2022). The integration
of these mechanistically complementary signals in
the EBS framework acCcounts for a substantially
larger proportion of ecosystem biodiversity
variance than either signal alone.

5.2 EBS as a Scalable National Monitoring
Tool

The cross-validated EBS R2 of 0.847 across 312
plots spanning six biomes and 14 countries
represents, to our knowledge, the highest
variance-explained value reported for any scalable
ecosystem-level biodiversity metric framework
that 'does not require exhaustive species-level field
inventories. The estimated cost of EUR 310-620
per plot per year -- dominated by UAV LiDAR and
passive acoustic monitorin com};l)onents_ -- 18
several orders of magnitude lower than equivalent
intensive field surveys (typically EUR 3,000-8,000
per plot per year for multi-taxon inventorjes at
comparable sites). For the 50-plot-per-biome
network required for 80% power fo detect 10%
biodiversity = trends within 8 years, national
implementation costs would range from EUR
93,000 to 186,000 per biome per year -- a budget
achievable within the environmental monitoring
allocations of most EU member states and many
develo;t):mg nations with international funding
support.

5.3 GBF Alignment and Reporting
Implementation

The EBS framework's direct correspondence to
GBF Targets 2, 3, 8, and 21 positions it as a strong
candidate for adoption in national GBF monitorin

frameworks. Target 21 specifically requires tha
signatories ensure that 'best available data and
sclience' inform biodiversity governance by 2030
including monitoring of ecosystem integrity and
biodiversity trends -- a mandate that the EBS
framework is designed to fulfil. The framework's
compatibility with EBV reporting -- satisfying three
of the six EBV classes --"also enables integration
with GEO BON's global biodiversity observation
system and IPBES indicator frameworks. We are
currently piloting national EBS implementations in
Austria, 'Estonia, and France through the authors'
institutions, with results expected to inform GBF
national biodiversity strategy reporting cycles
beginning in 2025.

5.4 Limitations and Refinement Priorities

Several limitations constrain the current EBS
framework. The beta-Jac component requires at
minimum a baseline field survey to establish
compositional reference data, which cannot be
entirely replaced by remote sensing -- though
spectral beta diversity from hypersPec ral imagery
BD) could serve as’a proxy in data-poor regions.
he UAV LiDAR component {CSC) contributes 14%
of EBS weight but requires active survey
infrastructure ~deployment "and is_currently not
available as an open-access wall-to-wall ™ data
product -- though forthcoming spaceborne LiDAR
missions including ESA BIOMASS and NASA GEDI
will partially address  this %ap. Plot network
representativeness is limited by the absence of

plots from biome types includin%. tropical
mangroves, freshwater wetlands, and high-Arctic
tundra, which should be prioritised “in EBS

framework extension studies. Incorporating eDNA
metab_arcodln? as a sixth EBS "component --
replacing the field-based beta-Jac component -- is a

high priority for next-generation” framework
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development .  given eDNA's = increasing
cost-competitiveness and ability to simultaneously
characterise microbial, fungal, and metazoan
biodiversity from a single sample.

6. Conclusion

6.1 Summary

This  study evaluated 24 = ecosystem-level
biodiversity metrics across 312 plots in six biomes,
1dent1fy1n%. spectral heterogeneity (CV-NDVI),
acoustic diversity (ADI), spectral trait mappin

%STM-N)., canopy structural complexity %CSC}? an

eta _diversity = (beta-Jac) as the  five most
complementary and ecologically valid indicators.
The composite Ecosystem Biodiversity Score (EBS)
integrating these five metrics explained 84.7% of
variance in ground-truth multi-taxon biodiversity --
substantially higher than any single metric. S
performance exceeded R2 = 0.70 in all six biomes,
detected anthropogenic land-use impacts with
high sensitivity (r = -0.81 with LUI), and maps
d1rect%/ onto Tour GBF monitoring targets and
three EBV classes.

6.2 Recommendations for National
Monitoring
We recommend that national environmental
a%enc.les_adop.t the EBS framework for GBF Target
21 biodiversity monitoring, beginning with™ a
stratified plot network of 50 plots (Per major biome
t¥pe using the protocols and measurement
standards ‘described in this study. Open-access
EBS_processing workflows -- integrating Google
Earth Engine scripts _ for satellite-derived
components and the soundecology R package_for
acoustic indices -- are available in'the study's data
repository to minimise implementation barriers.
International standardisation of the EBS metric
definitions, sampling rotocols, and 1c\;luaht
assurance procedures through. GEO BON  an
BES is recommended to enable cross-national
comparison of biodiversity trends under the GBF --
a prerequisite for _the global biodiversity
assessments that will be needed to evaluate
progress toward the 2030 and 2050 GBF targets.
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Appendix A

EBS Computation Protocol: Step-by-Step
Methodology for National
Implementation

The following protocol describes the standardised
workflow for computing the Ecosystem Biodiversity
Score (EBS) from open-access satellite data and
passively collected acoustic data, designed for
implementation by national environmental monitoring
agencies without requiring specialist remote sensing
expertise beyond basic GIS capability.

STEP 1: CV-NDVI (Spectral Heterogeneity)
from Sentinel-2

Data source: Sentinel-2 Level-2A Surface Reflectance
(freely available via Copernicus Open Access Hub or
Google Earth Engine).

Time window: Compute NDVI (Band 8 / Band 4) for all
cloud-free images within the growing season
(typically April-September in temperate zones; wet
season in tropical zones).

Computation: Within a 100 m radius of each plot
centre, compute the coefficient of variation
(SD/mean) of NDVI across all growing-season images
(typically 15-30 images). Higher CV-NDVI = greater
phenological and structural heterogeneity.

Google Earth Engine script: Available at https://githu
b.com/EcoMetrics-EU/EBS/blob/main/cv_ndvi.js

Quality filter: Exclude images with > 20% cloud cover
within the plot buffer; minimum 10 cloud-free images
required for reliable CV estimation.

STEP 2: ADI (Acoustic Diversity Index) from
PAM Arrays

Equipment: AudioMoth v1.2 (or equivalent; cost
~EUR 60/unit) programmed to record 0600-0900h
local time daily at 48 kHz sampling rate.

Deployment: Four recorders at plot corners;
minimum 7-day deployment; replace batteries and SD
cards as needed for longer deployments.

Computation: Use soundecology R package
(Villanueva-Rivera et al., 2011). Function:
acoustic_diversity(sound file, max freq=10000,
db_threshold=-50, freq step=1000). Compute daily
mean ADI and aggregate to plot-level mean.

Quality threshold: Exclude recordings with > 30 min
of rain noise (identifiable by continuous broadband
energy) using automated rain detection.

STEP 3: STM-N (Spectral Trait Map: Leaf
Nitrogen) from PRISMA

Data source: ASI PRISMA Level-2D hyperspectral
data (free for research use via ASI request portal;
~30 m spatial resolution; 240 spectral bands
400-2500 nm).

Method: Apply published PLSR (partial least squares
regression) model for leaf nitrogen prediction from
PRISMA reflectance spectra (Serbin et al., 2014).
Pre-trained model coefficients available in EBS
repository.

Spatial aggregation: Compute mean and SD of
predicted leaf N within plot boundary. Use SD/mean
(CV of leaf N) as the functional diversity proxy.
Alternative: If PRISMA data unavailable, NDRE
(red-edge NDVI from Sentinel-2 Band 6) serves as a
lower-resolution functional diversity proxy (r = 0.61
with leaf N CV in this study).

STEP 4: EBS SCORE COMPUTATION

Normalise each component to 0-10 scale:

EBS component = 10 x (value - biome min) /
(biome max - biome min) using biome-specific
calibration ranges from the reference dataset
(provided in EBS repository).

Apply RF importance weights: EBS = (0.31 x
CV-NDVI norm) + (0.24 x ADI norm) + (0.19 x
STM-N norm) + (0.14 x CSC_norm) + (0.12 x
beta-Jac norm).

If UAV LiDAR (CSC) or field beta diversity (beta-Jac)
components unavailable, reduced 3-metric EBS can
be computed with re-calibrated weights (0.46
CV-NDVI + 0.36 ADI + 0.18 STM-N); reduced EBS
cross-validated R2 = 0.71.

Report: EBS score (0-10), 95% confidence interval
(from component uncertainty propagation), biome
classification, and data completeness flag (full
5-metric vs. reduced 3-metric).
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