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so Abstract

60 Genetic diversity within and among populations is essential for species persistence,
61 yet challenging to measure at the scale of species and their ecosystems, or across
62 the territory of a country. Conservationists, ecosystem managers, and Parties to the
63 Convention on Biological Diversity (CBD) all require reliable and efficient
64 assessments of genetic diversity at scales relevant for policy- and decision-making,
65 While researchers require data on scales relevant for predicting and understanding
66 biodiversity change. We describe how space-based Earth observation (EO) can
67 make essential contributions to assessing and monitoring indicators of genetic
68 diversity at relevant scales. We introduce a stepwise workflow for integrating EO
69 accessibly into existing approaches. We show how this approach can empower
70 progress towards the aims of the Global Biodiversity Framework (GBF) and aligned
71 efforts. As an outlook, we discuss examples using EO data for research into the
72 genetic diversity of populations, for suitable species.

73 Keywords
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77 Introduction

78 Genetic diversity and biodiversity

79 Genetic diversity is a foundational level of biodiversity underlying species diversity: It
8o is an essential component of the variation within and between individuals. Genetic
g1 diversity thus underlies adaptive potential, which is material to the fitness of
82 individuals and allows populations of species to persist in the face of change (i.e.,
83 resilience and resistance). Therefore, genetic diversity needs to be monitored as part
g4 of biodiversity assessments, conservation and restoration actions, and for
85 safeguarding nature’s contributions to people and ecosystem services (Hoban et al.,
g6 2020, 2021; Stange et al., 2021).

87

88 Loss of genetic diversity leads to maladaptation, population decline, inbreeding and,
89 eventually, species extinction. Studies of multi-species genetic diversity trends
90 indicate a net loss over time as a result of human activities (Exposito-Alonso, 2025;
91 Exposito-Alonso et al., 2022; Leigh et al., 2019; Millette et al., 2020; Shaw et al.,
92 2025). These studies have only recently become possible due to a slowly
93 accumulated critical mass of DNA-based data, aggregating past information across
94 species and regions. However, conserving genetic diversity requires monitoring at
95 large scales (dozens to hundreds of species) to estimate ongoing, local trends in a
96 timely manner that supports mitigation of adverse impacts. This remains a grand and
97 unmet challenge, and is among the main objectives of the Kunming-Montreal Global
98 Biodiversity Framework (GBF; CBD/COP/DEC/15/4).

99

100 The GBF is implemented in National Biodiversity Strategy and Action Plans by 196
101 Parties to the Convention on Biological Diversity (CBD), with progress measured via
102 National Reports and global stocktaking. Indicators based on the persistence and
103 size of distinct local populations were adopted to monitor genetic diversity across
104 these scales (CBD/COP/DEC/15/5, Box 1). The indicators can be calculated with or
105 without DNA data (Joint Nature Conservation Committee, 2025; Mastretta-Yanes, Da
106 Silva et al., 2024; Mastretta-Yanes et al., 2024; Mouton et al., 2026), making them
107 measurable in regions with little molecular research infrastructure, or generally
108 Wherever genetic studies are too slow to capture change. A feasibility study showed
109 that these indicators, based on population persistence or size, could be quantified in
110 83% of species across nine countries and 919 taxa where more traditional
111 DNA-based metrics would often fail because many of these taxa lacked DNA data
112 (Mastretta-Yanes, da Silva et al., 2024).

113



Box 1: CBD genetic diversity indicators

The N_>500 indicator. This is a Headline Indicator (A.4) in the GBF monitoring framework, meaning
reporting is required. The N;SOD Headline Indicator is defined as the proportion of populations within
individual species that are assessed as having a genetic effective population size N_>500, and ranges
from zero (none) to one (all). In population genetics, N_ is a key parameter used to quantify the rate at
which genetic variation is expected to be lost (Crow & Kimura 2009). A widely accepted “rule of thumb”
is that populations require an N_>500 to avoid genetic erosion (Jamieson & Allendorf 2012). N_ can be
assessed using detailed genetic and/or demographic data. However, the population census size N_-
the number of reproductively mature individuals in a population — can be used to obtain a proxy for N_.
Scientific studies that have assessed both N, and N_ have shown that the N_:N_ratio is typically
around 0.1 (Frankham 1995, 2021). That is, to obtain an N_>500, a census size of N_>5000
reproductively mature individuals would be needed. Therefore, N_can be used to estimate N_ in the
absence of other N, assessments using a phyla-specific NN, ratio or the general ratio of 0.1 (Laikre
et al. 2020, Hoban et al. 2020, 2023, 2024, Mastretta-Yanes, da Silva et al. 2024).

The populations maintained (PM) indicator. This is Complementary Indicator A.CY.22 to Headline
Indicator A.4 in the GBF monitoring framework, meaning that reporting on the PM indicator is optional.
However, calculating the PM indicator can be done as part of calculating the N_>500 Headline
Indicator. The PM indicator measures the proportion of populations of a species that are maintained in
comparison to a baseline value, and ranges from zero (none) to one (all). PM is an indicator of genetic
diversity because species populations can become differentiated and even locally adapted to
environmental conditions as a result of genetic processes (selection, drift, migration, and mutation;
Meek et al. 2023). If a population is lost, the genetic diversity within this population is also lost, and
this can include unique genotypes that could be detected with DNA-based methods (Andersson et al.
2022). It is therefore important to track the number of species populations maintained over time, and
to prioritize the maintenance of distinct populations in order to preserve genetic diversity throughout a
species’ range (Hoban et al. 2020, 2023, 2024).

We note that the values of these indicators reported for a country will be an average of each
indicator’'s value per species for multiple monitored species.

114
115
116 The flexibility of the GBF genetic diversity indicator framework allows it to

117 accommodate the wide range of taxa, monitoring systems, and available data across
118 countries. Continued efforts toward standardisation and harmonisation across taxa,
119 regions, and countries will further improve consistency and comparability. However,
120 monitoring hundreds of taxa across large geographic regions, often spanning

121 national boundaries, requires coordination, shared expertise, and accessible data.
122 As expected for a global monitoring framework at this early stage, reporting capacity
123 and implementation vary greatly among countries. Earth observation-based

124 approaches, such as those proposed here, can complement these ongoing efforts by
125 supporting harmonised large-scale assessments while building on the important

126 progress already made toward global genetic diversity monitoring. Many countries
127 would benefit from a standardized, rapid, affordable approach that does not require
128 high technical expertise.

129 The contribution of satellite Earth observation (EO)

130 EO has become indispensable for understanding and monitoring global change and
131 is used for environmental assessments and disaster risk management; to assess




132 land and sea use and atmospheric and climate change; and to study changes in
133 biodiversity (Mairota et al., 2015). While other methods based on airborne and
134 field-mobile platforms are also used, here we focus on Space-based EO from
135 satellites such as the Copernicus Sentinels the USGS Landsat program and NASA
136 Earth Observing System (EOS), which provide global data every few days to weeks,
137 are publicly available and in many instances free of charge (Malenovsky et al.,
138 2012). See Appendix Table A.1 for a detailed list of several platforms supporting
139 access to public EO data, and Appendix Box A.1 for a list of general information
140 and applications of EO.

141

142 Biodiversity-relevant information from EO is obtained at the pixel level and often
143 interpreted at the ecosystem and landscape level. Examples are land use and land
144 cover (LULC) change which can be derived from optical as well as radar and LiDAR
145 remote sensing; vegetation biochemical properties, conditions, or traits (see
146 Glossary) that are assessed using indices such as the Normalized Difference
147 Vegetation Index (NDVI); structural information such as green leaf area index (LAl),
148 vegetation height and vertical structure; and land surface phenology. This
149 information can be used in models to infer species composition, functional diversity,
150 and other properties of ecosystems (Mayor et al., 2024, 2025; Pasetto et al., 2018).
151 Uniquely and importantly, EO provides non-intrusive, repeated, standardised and
152 systematic measurements of the same area on a time scale of days to weeks,
153 globally. In addition, a large archive of EO data exists dating back to the 1970s,
154 allowing us to examine biodiversity-relevant data retrospectively, with the caveat that
155 the technical capabilities of these early EO systems differ from modern systems.
156 Nevertheless, these observations can be used to fill gaps that may exist in long-term
157 records. More recently, the availability of foundation model embeddings, derived
158 from historical archives of multiple sensor modalities, provides a powerful
159 mechanism for data-driven prioritization and stratification of ecosystem changes over
160 time (Brown et al., 2025).

161

162 Genetic diversity has traditionally been considered beyond the scope of EO-based
163 biodiversity monitoring because molecular variation is perceived not to be directly
164 measurable from Space (Skidmore et al., 2021). The challenge lies in systematically
165 connecting properties accessible from Space to variation within species (e.g.,
166 detection of distinct populations). From Space, we can detect indications of
167 population-level variation and health, and relevant processes impacting the
168 conditions that allow populations to persist, or threaten their survival. For example,
169 when viewing a forest from Space, we may not be able to dissect the signal of the
170 understory from the signal from the canopy. However, if the canopy has been
171 cleared, we can assume suitable habitat for the understory occupants has been
172 removed or severely degraded. Indeed, some recent initiatives connect landscape
173 and other environmental features, or signatures of population activity, to the
174 detection or conditions of populations (Barber-Meyer et al., 2007; Cousins et al.,



175 2022; Fernandez, 2013; Fretwell & Trathan, 2009). Such information about the
176 condition of populations and their environment, if made easily accessible, can greatly
177 streamline genetic diversity assessment for biodiversity monitoring and conservation.
178 For example, this information could contribute to setting conservation or restoration
179 priorities on populations whose local habitat is under threat, in comparison to those
180 whose habitat appears stable, or — at the other extreme — has already been lost.

181

182 Here, we describe a workflow using EO to support the standardized and efficient
183 monitoring of genetic diversity across taxa and regions (Fig. 1). This workflow
184 combines changes to the Earth’s surface detectable with EO (e.g., changes in
185 habitat and vegetation) with other types of knowledge (e.g., local knowledge,
186 historical information, occurrence data, DNA data), and delivers estimates of
187 population size changes over time, which can be used to calculate the GBF genetic
188 diversity indicators. We then discuss how this workflow could evolve in the future
189 toward a more direct assessment of population sizes and genetic differentiations
190 from Space.
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193 Figure 1: Publicly available Earth Observation (EQ) data improve the establishment
194 of baselines, reqular monitoring complemented with periodic assessments from other
195 data sources (e.g., DNA observations), and targeted re-assessment and intervention
196 fo conserve the genetic diversity of natural populations. Examples are shown for
197 three imaginary populations of the same species, P1, P2, and P3. Their census sizes
198 (N,) are shown on the y-axis and these values are used to assess N, using the
199 common ratio N/N.~=0.1 P1 drifts below the threshold value (N, ~ 200) for the
200 genetically effective population size (N,), as defined within the N,>500 Global
201 Biodiversity Framework’s Headline Indicator A.4 for genetic diversity monitoring. P2
202 iS maintained to be above this threshold (N, ~ 1000) while P3 (not shown in the
203 second panel) drops close to the threshold (N, ~ 500). By the time of the second
204 periodic assessment, the N,>500 indicator value for this example would be 25 and,
205 without intervention, is likely to drop to »5. Frequent EO-based assessments could
206 Support timely intervention.



201 A proposed workflow using EO to support genetic diversity
208 Monitoring

209 We propose a workflow that combines EO data with ground-based observations,
210 historical information and expert knowledge to infer genetic diversity trends for

211 assessment and monitoring of biodiversity in support of the GBF (see definition of
212 indicators in Box 1).

213
214
215
216
217
218
219
220
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222
223
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230
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240
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Informing the N.>500 indicator by estimating habitat size: If the location of a
population is known, experts can evaluate whether the EO-measured habitat
size is sufficiently large to support a population with N.>500. This evaluation
can be based on previous knowledge on population density, or on
comparisons with other populations where N,>500 is known.

Informing the PM indicator: If estimated habitat size or quality descends below
a certain threshold, a population is assumed to be lost.

Supporting prioritization of in situ monitoring, conservation or restoration
actions, or an early alert system: This information can help to direct resources
to the regions where more change is occurring and ground-based
observations are most needed.

In practice, the workflow can be summarized in the following three steps:

1)

2)

3)

The first step is to define population boundaries based on occurrence points
(combined with a rule for aggregating points to populations); or species
distribution models on the level of populations, using methods including, for
instance, geographic features (e.g., different habitats harbor different
populations) or eco-biogeographic differences (e.g., different environmental
zones harbor different populations) (Hoban et al., 2023; Tobon-Niedfeldt et al.,
2022).

The second step is to assess whether populations’ habitats have been
maintained since their first observation. EO data can be used in such
situations to detect habitat change using either visual inspection of satellite
images or by analyzing satellite-derived time series of LULC change, such as
tree-cover loss or gain, which are publicly available free-of-charge from
repositories such as the Copernicus Browser or Global Forest Watch
(Appendix Table A.1). Here we consider loss of habitat quantity, but quality
could (and should) also be assessed.

The third step is to estimate genetic diversity indicators from habitat
information from steps 1 and 2. For the PM indicator (Box 1), the proposed
procedure is straightforward: Populations that have lost most or all of their
habitat over time are expected to be lost, and the fraction of populations with
remaining habitat above some minimal threshold may be taken to correspond
to the PM indicator. For the N.>500 indicator (Box 1), we must then estimate
the population's census size N, from habitat size and a species-appropriate
density per area of reproductively mature individuals, and calculate N, from a
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250
251
252
253

species-appropriate N.:N, ratio. Once N, is estimated for every population, we
can calculate what proportion of populations are estimated to remain above
the threshold value of N.>500. Habitat quality information could also be
integrated to tune estimates.

254 Our proposed workflow thus relies on the following assumptions:

255
256
257
258
259
260
261
262
263
264
265
266
267
268

That a suitable habitat supports a species population;

That habitat extent (and quality) is correlated to population size;

That habitat extent (and quality) can be assessed sufficiently well by EO;

That relevant threats to the focal populations are visible at the habitat scale
(e.g., land-use change, but not poaching);

That it is possible to distinguish populations by their biogeographical
distribution (e.g., spatial distribution of species observations; barriers to
dispersal and gene flow);

That sufficient supporting information is available (e.g. locations where
populations are known or expected to occur or where individuals have been
observed, knowledge of species-typical habitats, dispersal distances, and
population densities);

That detailed ground information at a given reference time point will improve
the interpretability of the additional information provided by EO.

269 Based on these assumptions, the proposed workflow is best suited for species
270 where habitat changes can be detected and quantified using EO, such as via LULC
271 change, or landscape modification and fragmentation.

272

273 Table 1. Proposed applications of EO data for monitoring genetic diversity.

Uses of EO data

Current limitations
of this use

Implementation for genetic
diversity monitoring

Population and habitat
mapping

Accuracy increases with prior
knowledge, supporting
observations, and in terrestrial
habitats

Inferred population locations can be
combined with other data (e.g.,
biogeographical, traditional
knowledge) to infer population

boundaries or support the design of

DNA studies for confirmation

Census size N, can be inferred
from dispersal distance data,
occupation density data, or
occasionally counts of dominant
individuals; supports assessment
of N.>500

Cannot independently
identify genetic relatedness
or genetically distinct
populations

Cannot directly measure
effective or census
population sizes (N, or N)

Detect habitat and ecosystem
change

Requires a baseline and
continued monitoring

Develop EO-based alert systems to

support genetic diversity protection

in real time and to monitor
inferred PM or N.>500 over time

Cannot detect threats to
individuals that do not cause
habitat change detectable
from Space (e.g., poaching).
Currently challenging in
marine systems




Map variation or change in Currently still a focus of research: Use to directly estimate
species visible from Space see Outlook genetic diversity is not
e.g., trait variation, settlements, established

migration, breeding activities,
species interactions

274

275 The proposed workflow requires co-development and validation based on local
276 knowledge — such as information on suitable habitat, population boundaries and
277 density, and appropriate ground data including direct observation of where
278 individuals or populations occur, and, where available, census counts (i.e., N.), or
279 DNA sequence information at relevant times. EO can then fill the gaps to enable
280 monitoring, especially for locations where information about change over time is
281 limiting, or for estimating regional- or country-scale population changes where
282 ground data are available for some, but not all target populations. Where
283 ground-based data are already sufficient, EO still offers complementary
284 measurements that are repeated in space and time. These may help to interpolate
285 in-between ground-based observations, and may be used for early warning signals
286 and for assessing risks of population decline. While the EO data considered here are
287 openly available to anyone on the internet, co-development with EO experts is
288 crucial to facilitate simple but correct generation and access to the required
289 information, with due consideration of advantages and limitations of the different
290 technologies and data sources.

291

292 Although some supporting information is required, the cost-effectiveness of an
293 approach based on public EO data — particularly if automated — is noteworthy, as
294 many biodiversity hotspots are located in economic resource-limited regions, and
295 public EO data allow upscaling to more timepoints, more species, and larger areas
296 Without incurring local costs for additional observations. Because public EO data are
297 regularly updated, the workflow can help managers prioritize interventions and target
298 them in space and time to areas where changes are taking place, hence mitigating
299 damage, maintaining or enhancing resilience, and protecting biodiversity
300 (Langhammer et al., 2024).

301

302 In summary, the proposed workflow will be most useful for cases in which
303 ground-based data are not yet sufficient to calculate the GBF genetic diversity
304 indicators, but information is available regarding the location of species populations,
305 habitat, approximate density, and dispersal distances (distance that individuals of a
306 species or their germinative cells, like seeds, are able to move from an existing
307 population). We furthermore expect that this approach can facilitate and accelerate
308 indicator calculation in cases where N, estimates are available, but not frequent, by
309 making regular remote observation and assessment possible. In a few cases, N,
310 estimates may even be possible directly from EO data (Outlook). Critically, we
311 expect this approach to enable more frequent change monitoring in all cases (Fig.



312 1). The major challenge is to ensure the usability and accessibility of EO data for
313 biodiversity monitoring, as it requires expert knowledge to extract the needed
314 information (Appendix Box A.1) (Pahlevan et al., 2021; Silva et al., 2008).

s1s ExXample: Monitoring habitat change to estimate genetic
s16 diversity indicators in wild relatives of domesticated crops

317
318 The wild relatives of modern-day crops (crop wild relatives) harbor an important
319 proportion of crops’ genetic diversity (Maxted et al., 2006). In Mexico, crop wild
320 relatives are threatened mainly by LULC change and several species (spp.) are
321 endangered, some critically (Goettsch et al., 2021). Wild avocados (Persea spp.)
322 and teosintes (Zea spp., related to maize) inhabit remote locations that are
323 challenging to visit.

324

325 The first example species is Persea (P.) cinerascens, a wild avocado growing among
326 the trees composing cloud forests, Mexico's most biodiverse terrestrial ecosystem
327 type per unit area (Conabio, 2023; Rojas-Soto et al., 2012). P. cinerascens occupies
328 less than 500 km? in a total of five populations separated by ca. 50-200 km in three
329 geographic locations’. The species' presence was confirmed during the last visit to
330 the known field localities in 2017, but no population size measurement was
331 conducted. The second example species is the teosinte Zea (Z.) perennis. This
332 species has only been recorded to be present in two locations in Western Mexico
333 (Gonzalez et al., 2018), although species distribution models suggest it may occur in
334 other localities within the region, where genetic differentiation is expected due to
335 environmental and historical differences (Tobdn-Niedfeldt et al., 2022). Based on
336 DNA data, the N, of both documented Z. perennis populations is below 500
337 (Rivera-Rodriguez et al., 2023)

338

339 Although populations of both species were observed in the field relatively recently
340 (2017 and 2008, respectively), their habitat is suspected to have decreased or
341 disappeared due to rapid land use change. EO data enable direct assessment of this
342 suspected habitat change and thereby support monitoring genetic diversity for these
343 two species. Direct inspection of true-color satellite images (from Google Earth and
344 Sentinel-2; Fig. 2A and 2C) allows a rapid assessment of vegetation and LULC
345 change by comparing images taken before the last ground sampling (2016 for P,
346 cinerascens and 2006 for Z. perennis) with more recent images. This method
347 showed that for P. cinerascens, a controlled forest fire likely occurred in 2020 to clear
348 land for agriculture, indicating a threat to the maintenance of this population.
349 Conversely, for Z. perennis, the boundary of the avocado farm adjacent to the
350 sampling location remained unchanged between 2007 and 2023. Although other

' https://www.iucnredlist.org/species/110067105/129767329
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351 threats may affect this population, this already allows key insights in the absence of
352 further ground data.

353
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355 Figure 2. Examples of habitat monitoring and estimation of genetic diversity
356 indicators using EO for A-B) a wild avocado (P. cinerascens) and C-D) a teosinte (Z.
357 perennis). A) Comparisons of imagery available from Google Earth Pro (better than 5
358 m spatial resolution) or Copernicus Sentinel-2 (10-20 m spatial resolution) showing
359 habitat change for a wild avocado population, and the evaluation of tree cover
360 change from Global Forest Watch. B) The combination of Global Forest Watch data
361 with ground observations from 2017 indicates that change took place between 2017
362 and 2020 (circles represent a potential habitat area of 10 km around the exact
363 location where the species was sampled). The PM indicator is estimated assuming
364 that habitat maintenance indicates population maintenance, and the N,>500
365 indicator is estimated assuming a low population density of N, = 100 individuals / km?
366 and NN, = 0.1. Data are shown for individual populations (colored circles) as well
367 as a mean trend (thick grey line). C) Data from Google Earth Pro and Sentinel-2
368 indicate there has been no change in forest cover in one of the teosinte’s known
369 populations, which was last observed on the ground in 2008. D) Analysis of

10



370 percentage tree cover change since 2001 and total tree cover are used as an
371 indicator for habitat change within the teosintes species distribution model. The
372 Species distribution was previously subdivided in six subregions where genetic
373 differentiation is expected based on ecological and biogeographic data (Tobon et al
374 2022). In this case, N, is not estimated due to the very low number of observations,
375 but it is possible to estimate the percentage of habitat loss within each region where
376 the species potentially occurs in differentiated populations, for conservation
377 purposes (PM indicator). Data are shown for individual populations (colored circles)
378 as well as a mean trend (thick grey line).

379

380 The proposed workflow could be used to standardize and extend genetic diversity
381 monitoring throughout the known range of these two species. In practice, the
382 definition of the population boundaries depends on the available data. For species
383 with few occurrences — such as P. cinerascens — buffer zones around specific areas
384 can be used to assess whether the surrounding habitats crucial for their survival are
385 adequately considered and protected. For more widely distributed species, such as
386 Z. perennis, species distribution models (SDMs) can be used to define species
387 distribution ranges as commonly employed in systematic conservation planning and
388 management (Villero et al., 2017). SDMs can be leveraged for genetic diversity
389 monitoring by subdividing them into areas where genetic differentiation is expected,
390 for instance, due to environmental differences or historical isolation (Tob6n-Niedfeldt
391 et al., 2022; Villero et al., 2017). Once buffer zones around occurrence records, or
392 SDMs, have been delimited and subdivided into populations, they can be regarded
393 as different populations for monitoring purposes.

394

395 To measure habitat change over time, we used the Global Forest Watch dataset,
396 which provides assessments of tree cover loss (defined as removal or mortality of
397 vegetation taller than 5 m) and tree cover gain derived through automated
398 interpretation of 30 x 30 m EO data from optical as well as LIDAR remote sensing
399 (Hansen et al., 2013; Potapov et al., 2021). In the case of P. cinerascens (Fig. 2B),
400 the habitat surrounding the “purple” population (see colored circle) had a high
401 percentage of tree-cover loss during the last two decades but remained large in
402 absolute terms. In contrast, the “green” population already had minimal remaining
403 natural vegetation, making subsequent losses more threatening to its survival.
404 Similarly, in the Z. perennis example (Fig. 2D), the “red” population exhibited the
405 most significant decline and is the second smallest, while the “yellow” population
406 appears not to have lost habitat. Note that the individual population trends differ from
407 the species mean (thick grey line), highlighting the importance of separately
408 evaluating populations within a given species.

409

410 In both species used for this example, despite the clear decline in habitat size
411 observed in some populations, no population experienced a complete loss of habitat.
412 Therefore, the PM indicator for both species is estimated to be 1. For P. cinerascens,
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413 assuming a population density of 100 mature trees per km? and a conservative N.:N,
s14 ratio of 0.1, all populations remain above the critical effective population size
415 threshold of 500. Therefore, the N.>500 is estimated to be 1. Note that the assumed
416 density is a critical parameter that can significantly affect the value of the indicator.
417 For example, the N.>500 indicator value would drop to zero if a density of 10
418 individuals per km? were assumed. In the Z. perennis example, habitat size is
419 derived from an SDM, which represents areas where the species is likely to occur
420 but does not necessarily reflect true occurrences. Estimating the densities and sizes
421 of individual populations is infeasible for this very rare species. However, it is notable
422 that habitat size declined by an average of 7%, with two populations (as defined in
423 the SDM) experiencing even steeper declines of up to 15%.

424

425 These examples show how leveraging EO for habitat monitoring can inform the
426 approximate assessment of GBF indicators and the prioritization of in situ
427 observations and interventions. Importantly, the example furthermore indicates that
428 EO-based assessments enable the identification, characterization, and ranking of
429 threats to populations prior to GBF indicator decline. We envision such a habitat
430 monitoring approach to be the most common case for using EO to support
431 population-level genetic diversity assessments, including for monitoring under the
432 GBF. We acknowledge that specific, appropriate parameters will need to be provided
433 for different species.

232 Outlook: beyond habitat monitoring

435 Cases in which populations can be counted from Space

436 In some cases, it is possible to directly observe populations from Space, for
437 example, estimates of forest cover change provided by Global Forest Watch.
438 Although these are provided as forest cover and not tree population change, it is the
439 observability of localized forest canopies from Space that enables them. We expect
440 such cases to include primarily canopy-forming plants such as trees, and some
441 sufficiently large and stationary animals occurring against strongly contrasting
442 backgrounds. We acknowledge that such species are highly specific, however many
443 are keystone species or ecosystem drivers, making them of sentinel importance for
444 monitoring.

445

446 Attempts to directly observe populations of such species from space often use
447 private data with higher spatial resolution to supplement public datastreams, e.g.
448 (Cubaynes et al.,, 2024; Kaplan et al.,, 2025; LaRue et al., 2024). Even so, the
449 geometry of square, two-dimensional pixels is different from the geometries of
450 individuals and groups: even if the spatial scale of a pixel is on the scale of an
451 individual, or a group of individuals, the pixel may encompass edges and gaps.
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452 These geometric considerations change when introducing three-dimensional
453 information about surfaces from radar technologies or from LiDAR.

454

455 As an example (see Table 1), we consider how EO data can support the
456 assessment of GBF genetic diversity indicators (Box 1) for a dominant forest-forming
457 tree: the European beech Fagus (F.) sylvatica. F. sylvatica has substantial ecological,
458 cultural, and economic importance across Europe, and is now threatened by
459 increasingly severe droughts across much of its natural range; the future of Europe’s
460 widespread beech forests is thus uncertain (e.g., Arend et al., 2022; Eisenring et al.,
461 2024; Gonzalez de Andrés et al., 2021; Martinez del Castillo et al., 2022, 2022;
462 Neycken et al., 2022; Pfenninger et al., 2021). Fagus species pollen is spread both
463 by insects and wind, and F. sylvatica has relatively low genetic differentiation among
464 different forest stands, so that divisions into populations are challenging (Milesi et al.,
465 2024) — which is common for widespread forest-forming trees. The moderate
466 isolation of F. sylvatica populations by distance (Lazic et al., 2024; Milesi et al., 2024)
467 reveals the species’ post-glacial migration history but also depends on management
468 and planting decisions in forestry. The baseline N.:N, ratio of 0.1 is appropriate for
469 this species: Genetic analysis of a stand in France having 167 individuals yielded N,
470 estimates ranging from 2 to 25 depending on the calculation method used,
471 corresponding to an Ng:N. ratio ranging from 0.01 to 0.15 (central value 0.08)
472 (Gargiulo et al., 2024).

473

474 It is possible to infer the number of dominant (canopy-forming) F. sylvatica trees and
475 to distinguish them from a limited number of co-occurring tree species in
476 high-resolution (<10 m) EO images (Kaplan et al., 2025; Yao et al., 2021), and this
477 could be used to estimate N.. Generally, binary classification of trees, e.g. as either
478 beech or not-beech, is more accurate than multiple classification of pixels to several
479 co-occurring species (Kaplan et al., 2025; van Moorsel et al., 2026). It remains a
480 challenge to scale such EO-based classification approaches to the spatial resolution
481 of public EO data (210 m, see Fig. 3). As an example, a recent study combined
482 active and passive EO data, from Sentinel-1 and Sentinel-2 annual time series, with
483 forest inventory data to obtain species mapping in forest stands across Switzerland
484 (Blickensdorfer et al., 2024). Forest cover and inventory data are generally helpful to
485 select specific regions, e.g. those with beech-dominated stands. Derived N,
486 estimates could then be used to approximate the N,>500 indicator. This approach
487 would likely yield an underestimation because N, from EO would count dominant
488 (canopy-forming) trees that are the easiest to detect from Space, while
489 reproductively mature but co-dominant, intermediate, and suppressed trees are
490 difficult to assess. Inventory or other in situ data could support the estimation of N,
491 via tree density and be used to upscale for an area of interest.
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192 EO-based functional diversity can support genetic diversity assessments

——— ozoz | | WS
— 1202

Loz o
. 6107 Ll

493 Figure 3. Mapping the diversity of forest canopy characteristics using EO. A) Impact
494 Of spatial resolution on the derived canopy traits, such as chlorophyll, estimated
495 using spectral indices from Sentinel-2 bands. Chlorophyll content, estimated using
496 the red-edge chlorophyll index Clre (green); carotenoid:chlorophyll ratio, estimated
497 using the chlorophyll carotenoid index CCI (red); and water content, estimated using
498 the normalized differential infrared index NDII (blue) (Helfenstein et al., 2022). These
499 were assessed using 2 m aerial imaging spectroscopy data (left), or 20 m EO data
s00 (right). B) 20 m Sentinel-2 pixels compared to the crown sizes at the Laegern forest
501 in Switzerland. For 20 m pixels, multiple individuals contribute to the signal per pixel.
502 C) EO data for monitoring: Canopy traits mapped for the area of interest for four
503 consecutive years using Sentinel-2 data.

504

505 Traits of directly observed individuals and groups (e.g., canopies, colonies) can also
506 be informative when assessing habitat. For example, the state of forest trees can be
507 used to differentiate intact from degraded, but still present, forest habitats. EO-based
508 techniques can be used to assess change in canopy vitality prior to tree loss, via
509 changes in trait values (Asner & Martin, 2016; Helfenstein et al., 2022). EO-derived
510 trait assessments could thus improve assessments of habitat by considering areas of
511 healthy vegetation compared with degraded areas. Such remotely observed canopy
512 traits and their local diversity, obtained from EO data at 20 m spatial resolution (Fig.
513 3), can be related to the forest canopies and their response to environmental
514 conditions such as drought (Helfenstein et al., 2022, 2024; Sturm et al., 2022). Such
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515 trait maps can also be used when assessing genetic variation of forests, especially in
516 cases Where relevant populations can be directly detected from Space.

517

518 The improved spectral and radiometric capabilities of new EO imaging spectroscopy
519 missions to be launched before the end of this decade by ESA (CHIME: Copernicus
520 Hyperspectral Imaging Mission?) and NASA (Eagle: Explorer for Artemis Geology
521 Lunar and Earth®) will enhance the information content of EO measurements by two
522 orders of magnitude compared with currently operating multispectral instruments,
523 such as those described so far in our examples. This opens up the possibility of
524 using spectral fingerprints of trees and forest canopies to better distinguish different
525 species and populations and estimate other components of their genetic variation
526 beyond indicators described so far, as demonstrated by some published studies
527 using imaging spectroscopy (Cavender-Bares et al., 2020; Czyz et al., 2023; Seeley,
528 Stacy, et al., 2023; Seeley, Vaughn, et al., 2023).

s20 SuMmary and conclusion

530 The incorporation of EO data into assessments of genetic diversity represents a
531 fundamental change in our ability to monitor, assess, and protect biodiversity at the
532 national, regional, and global scales, especially in areas with limited resources or
533 accessibility. Our proposed approach (Fig. 1) focuses on assessing habitat
534 availability for populations (Fig. 2) and is currently under development for its general
535 usability and independent evaluation. The workflow described here and its use is
536 enabled by GEO BON'’s “BON-in-a-Box” platform (Griffith et al., 2026) to make it
537 widely available and facilitate its use for biodiversity monitoring. BON in a Box
538 supports users to run open-source pipelines on its servers or on their own local
539 platform, and to input required data without having to share it — an important
540 consideration for sensitive observation data.

541

542 We furthermore provide an outlook on ways to integrate additional information on
543 population size and habitat conditions derived from EO, in cases where direct
544 observation of individuals or groups is feasible from Space (e.g. Fig. 3). We
545 acknowledge limitations that are illustrated and discussed in the presented examples
546 and summarized in Table 1 and in the Appendix Table A.2.

547

548 As EO data become increasingly available and accessible for non-experts, especially
549 for new applications such as described here, their use and interpretation still require
550 technical expertise (Appendix Box A.1). This need for greater technical expertise
551 becomes even more acute with the anticipated advances in EO such as the
552 upcoming hyperspectral imaging spectroscopy missions this decade (see Glossary;
553 e.g., CHIME, and EAGLE). In combination with the needs of practitioners and the

2 https://www.esa.int/ESA Multimedia/Images/2020/11/CHIME
3 https://science.nasa.qov/earth-science/decadal-surveys/decadal-sba/
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554 impetus provided by biodiversity monitoring mandates, this means that useful access
555 requires the development of portals equipped with tools and interfaces that make key
556 information provided by EO more directly accessible and implementable. The
557 situation is similar for new platforms making public genetic diversity data more
558 accessible, such as GenDivRange (Csilléry et al., 2025), that accompany rapid
559 advances in, and falling costs of generating genetic data in high throughput. These
560 exciting technical and data advances will require co-development to realize their
561 potential, incorporating the needs, workflows, and on-the-ground context of
562 practitioners to ensure that the tools and resulting information are fit for purpose,
563 thus building capacity for non-traditional users (Jacobi et al., 2022; Speaker et al.,
564 2022; Tabor & Holland, 2021).

565

566 Such an approach provides motivation and opportunity for EO developers to
567 understand the needs of practitioners and explore new methods and techniques for
568 evaluating and validating the efficacy of EO products for real-world needs. In return,
569 biodiversity practitioners and decision-makers can benefit from advances in EO,
570 especially for data limited regions of the world. We hope that such collaborative and
571 co-creative initiatives as ours will not only help democratize access to EO data, but
572 also enable shared use of detailed and well-documented information resulting from a
573 combination of EO with other types of data for new and innovative applications.
574 Together such efforts will enable effective and timely implementation of
575 Kunming-Montreal Global Biodiversity Framework (GBF).

s76 Glossary

577 Population genetics and related terms

578 e Dispersal distance is the distance that individuals of a species or their

579 germinative cells, like seeds, are able to move from an existing population.

580 e Genetic diversity (or genetic variation) comprises within-species differences
581 in heritable variation, usually measured by DNA sequence diversity, as well as
582 variation in the distribution of these differences within and among populations.
583 e Genetic drift refers to changes in allele frequencies within populations due to
584 stochastic processes, specifically because some individuals reproduce more
585 than others and some do not reproduce at all, leading to changes in genetic
586 composition in the next generation. In small populations, genetic drift can
587 decrease genetic diversity rapidly.

588 e Habitat is the geographical, environmental, and biotic space that a species
589 can inhabit.
s e N, (census size) is the number of reproductively mature individuals in a
591 population.
592 e N, (effective population size) is the size of an idealized population that has the
593 same rate of genetic drift as an actual, “real-life” population. Several
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demographic factors affect the size of N,, including number of reproducing
individuals and the sex ratio among them, variation in offspring number,
non-random mating, and overlapping generations. N, is typically much lower
than N, with the ratio of N.:N, around 0.1.

N.>500 Headline Indicator is the proportion of populations of a species that
are assessed as having a genetic effective population size N.>500. The value
of this indicator ranges from zero (none) to one (all).

PM Complementary Indicator measures the proportion of biogeographically
distinct populations of a species that are maintained in comparison to a
baseline value, and ranges from zero (none) to one (all).

Population, in genetics, is a group of spatially aggregated, interbreeding
individuals (Allendorf, 2017; Waples & Gaggiotti, 2006), genetically distinct
from other similar groups. Populations occupy a geographical space, i.e., a
subsection of the species distribution range.

Species range is the geographical area that encompasses all the remaining
extant (i.e., non-extinct) populations of a species.

Traits are observable, heritable differences among organisms. In other words,
these are differences that result from the interaction of genetic and
environmental factors and that can be observed.

Earth Observation and related terms

Earth Observation (EO) is the gathering of information about the physical,
chemical, and biological processes of the Earth without direct contact. In
Europe, EO is often used with focus on satellite-based observations, however,
EO often also includes airborne or in situ observations.

Remote Sensing (RS) is often used (e.g., in the US) to refer to satellite
observation; however, like EO, RS can be used for any measurement
techniques without direct contact to the object.

Hyperspectral is a term often used to describe sensors covering a range of
the electromagnetic spectrum in discrete, adjacent, narrow-wavelength bands
(e.g., 10 nm for CHIME), which is finer than current multispectral sensors
onboard the Copernicus Sentinel-2 satellites. The use of such sensors to
generate pixel-based images is also referred to as imaging spectroscopy.
Imaging spectroscopy is used to mean the imaging of light reflected from
the Earth surface with discrete, adjacent, narrow-wavelength spectral bands.
LULC refers to land use (i.e., how land is being used and for what purpose)
and land cover (i.e., what type of ecosystem covers the land surface), which is
a product derived from various EO instruments. A common variation is
LULCC, which refers to land use and land cover change.

Multispectral sensors use a defined number of bands (more than two) to
sample parts of the electromagnetic spectrum (band). Each band represents a
contiguous part of the spectrum, but the bands may not be adjacent along the
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635 spectrum, and may be differently sized (targeting more or fewer wavelengths
636 per band).

637 e Spatial resolution of an image is defined as the distance on the ground
638 represented by one side of one square pixel (ground sampling distance,
639 GSD). Copernicus Sentinel-2 imagery, for instance, provides four bands
640 available at 10 m, six bands at 20 m, and three bands at 60 m spatial
641 resolution.

642 e Spectral bands describe ranges of wavelengths within the electromagnetic
643 spectrum in which reflected light is measured for imaging and analysis of an
644 observed area in remote sensing.

645 e Time series are multitemporal datasets, acquired in a sequence of
646 observations obtained over a certain period of time. This can be several
647 images within a short time frame to observe fast processes (e.g., volcanic
648 eruption) or within a long time frame (e.g., one image per year to observe
649 glacier retreat). In addition to supporting change detection, time series are
650 used to study the type, speed, and duration of observed changes. In contrast,
651 multitemporal data consists of at least two images acquired at two different
652 times, typically used for change detection only.

ss3 Data and Code Availability

654 Code for this study are provided with the input data necessary to analyze the
655 examples:
656 https://qgitlab.issibern.ch/meredithchristine.schuman/eo4geneticdiversity-example
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1003 Appendix

1004

1005 Table A.1. Selection of EO platforms that lower or eliminate technical and financial
1006 barriers to application by EO non-experts. For more technical details, see a recent
1007 comprehensive overview (Ustin & Middleton, 2021).

1008

1009

EO Tool Access Brief description

Copernicus https://dataspace.coper |Easy visualization browser for Copernicus

browser nicus.eu/browser/ Sentinel data and products and download portal
for archived Sentinel data

Earth Data https://search.earthdata. |Discover and download NASA EO data; many

nasa.gov/search

different sensors available

Earth Explorer

https://earthexplorer.usg

Discover and download NASA (and Copernicus

custom scripts

ntinel-hub.com/

©
S
©
2 s.gov/ Sentinel) EO data; many different sensors
g available
g ESA third-party |https://earth.esa.int/eog |Information on satellite data from commercial and
e missions ateway/missions/third-p [other third-party sources shared with the public via
§ arty-missions ESA
@ Google Earth | https://www.google.com/ |Easy-to-use Earth software including (historical)
E Pro intl/en/earth/about/versi |high-resolution commercial images made freely
2 ons/#earth-pro available for visual inspection (RGB, irregularly)
g Google Earth |https://earthengine.goog Satellite EO data repository, cloud computing
© Engine le.com/ platform and API; free for academics & research
@©
o Microsoft https://planetarycomput |Global environmental data catalogue, cloud
Planetary er.microsoft.com/ computing platform, and API
Computer
Global Forest |https://www.globalforest (Browse metrics of forest and biodiversity change
© Watch watch.org/ from national and sub-national to global scales
3
2 Global https://www.globalmang |Remote sensing data and tools with near-real-time
o Mangrove Watch |rovewatch.org/ information for monitoring mangroves at global
@ scale
=)
% Sentinel Hub [https://custom-scripts.se |Scripts to calculate products from Sentinel data
@
[&]
o
o

Information repositories

Earth Observing

https://eodashboard.org/

Tri-agency dashboard by NASA, ESA and JAXA

Dashboard explore for browsing EO data and products, with
interactive features and simple analytics by
drawing an area of interest

Earth Online https://earth.esa.int/eog [Catalog of data from ESA's EO missions

ateway/catalog

Landsat Science

https://landsat.gsfc.nasa
.gov/data/data-access/

Overview of access to NASA data products from
Landsat and many other platforms

SentiWiki

https://sentinels.coperni
cus.eu/web/sentinel/mis
sions

Overview of the Copernicus Sentinel missions
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https://dataspace.copernicus.eu/browser/
https://dataspace.copernicus.eu/browser/
https://search.earthdata.nasa.gov/search
https://search.earthdata.nasa.gov/search
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://earth.esa.int/eogateway/missions/third-party-missions
https://earth.esa.int/eogateway/missions/third-party-missions
https://earth.esa.int/eogateway/missions/third-party-missions
https://www.google.com/intl/en/earth/about/versions/#earth-pro
https://www.google.com/intl/en/earth/about/versions/#earth-pro
https://www.google.com/intl/en/earth/about/versions/#earth-pro
https://earthengine.google.com/
https://earthengine.google.com/
https://planetarycomputer.microsoft.com/
https://planetarycomputer.microsoft.com/
https://www.globalforestwatch.org/
https://www.globalforestwatch.org/
https://www.globalmangrovewatch.org/
https://www.globalmangrovewatch.org/
https://custom-scripts.sentinel-hub.com/custom-scripts/sentinel-2/lai/
https://custom-scripts.sentinel-hub.com/custom-scripts/sentinel-2/lai/
https://eodashboard.org/explore
https://eodashboard.org/explore
https://earth.esa.int/eogateway/catalog
https://earth.esa.int/eogateway/catalog
https://landsat.gsfc.nasa.gov/data/data-access/
https://landsat.gsfc.nasa.gov/data/data-access/
https://sentinels.copernicus.eu/web/sentinel/missions
https://sentinels.copernicus.eu/web/sentinel/missions
https://sentinels.copernicus.eu/web/sentinel/missions

1010 Many EO platforms are available for change detection. For example, the Copernicus
1011 Sentinel-2 satellite monitors the entire globe in five days, with more frequent
1012 observations for some locations on Earth depending on the geographical latitude*®,
1013 but less frequent usable observations depending on cloud cover (Box A.1). The
1014 Sentinel family of satelltes have observed the Earth’s surface with different
1015 instruments continuously starting in 2014, detecting reflected radiation in the visible,
1016 infrared, and microwave regions of the spectrum, at up to 10 m spatial resolution
1017 depending on the sensor and satellite (Malenovsky et al., 2012). Sentinel-2 provides
1018 multispectral images that can be used to assess, for example, vegetation structural
1019 properties such as LAl (Sebastiani et al., 2023) or vegetation conditions such as
1020 water content (Helfenstein et al., 2025; Sims & Gamon, 2003; Sturm et al., 2022).
1021 The European Copernicus Sentinel satellites and observations are complemented by
1022 long-term records obtained by the NASA Landsat and Earth observing satellites
1023 since the 1970’s. All ESA and NASA data are available openly and freely to all users,
1024 and are ideal for biodiversity assessment and monitoring from local to global scales,
1025 and annual to multi-decadal time frames (see available tools in Table A.1).

1026

1027 For example, data from the Copernicus Sentinels can be browsed via the
1028 Copernicus Browser. This cloud-based platform is easy to navigate for reviewing and
1029 visualizing the results from, e.g., various combinations of different spectral bands of
1030 Sentinel-2 (see Glossary) and observation times without the time-consuming,
1031 inefficient, and sometimes infeasible process of downloading a very large amount of
1032 data to a local computer for analysis (Table A.1). Alternatives include Google Earth
1033 Engine’s web interface or Python API and Microsoft's Planetary Computer. This
1034 facilitates much-needed access to the resulting information, especially for areas with
1035 limited observations or that are difficult to access on the ground.

1036

4 https://sentiwiki.copernicus.eu/web/s2-applications
5 https://esamultimedia.esa.int/docs/S2-Data Sheet.pdf
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Box A.1: Key concepts and considerations when using EO data

1.

The smallest area observed by EO sensors — a pixel — always comprises a mixture of elements
(different species, underlying ground cover, efc.). Uncertainties will be greater at transitions
between different types of Earth surfaces (e.g., at the edges of ice floes or forests) due to pixel
mixing. There are certain techniques for “unmixing pixels", but usually pixel-level information is
used for analysis.

Water strongly absorbs many wavelengths of electromagnetic radiation (signals measured by
EOQ), and EQ capabilities for aquatic species are best developed for species active at or near
the water’s surface.

Data are continuously available but not continuously usable: Cloud cover can obstruct optical
images, posing challenges, especially for tropical regions. Active sensors like synthetic aperture
radar (SAR), e.g. on Sentinel-1, provide information even in the presence of cloud cover. There
are well-established procedures to correct for atmospheric effects of aerosols, water vapor, efc.
For public data, these corrections are normally documented and attached to each dataset.
Generally, public data providers (e.g., space agencies like ESA and NASA) publish their
algorithms so that the path from the acquisition of a signal to geophysical and biophysical
products is transparent and traceable.

Public data products improve over time with improving knowledge and technology, and thus
have a defined lifetime that is documented by different versions of products. Commercial EO
data, which usually have the advantage of higher spatial resolution and can be “tasked” to
acquire observations for a given time and target area, may not have such detailed traceability
and continuity as public EQ data.

Uncertainties are generally greater at the edges than at the centers of images — although
well-established georectification algorithms are used to account for edge, terrain, and other
possible distortions when mapping pixels to the Earth’s surface.

In situ calibration data are crucial for calibrating satellite data and essential for uncertainty and
quality assessment and interpreting the signal in terms of Earth surface (target) properties. In
situ data are also important for training classification algorithms using artificial intelligence (Al).
Assessment of uncertainty is more challenging for datasets leveraging Al or interpolation to
improve spatial resolution or image aesthetics.
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1039 Table A.2. A reflection on applications of EO to monitor and study genetic diversity
1040 based on published examples and examples mentioned in this article.

1041

Case Aims EO contributions Challenges Information for action
Emperor Infer PM Inference from Colonies are not 1. Temporal coverage
penguins and N, evidence of colony themselves genetically — know when
in the occurrence (guano) distinct populations, but shelves break off
Antarctic and patterns of ice can be assigned to (timing of major
cover populations habitat change)
(Fretwell et
al., 2012; Provides data for one | Estimation of colony 2. Spatial and
Fretwell & of the least accessible | change from Space- temporal coverage
Trathan, locations on Earth for | based images of guano — assessment of
2009) in situ assessment deposits instead of colony relocation
penguin counts when versus loss
using public EO data
Crop wild Infer PM Inference based on Habitat may persist 1. Rate, extent, and
relatives in | and habitat maintenance although populations timing of habitat
Mexico sometimes or change are lost change — timely
N, intervention (alert)
(Goettsch Provides data for How does habitat
et al., Establish a locations that are too | change relate to 2. Confluence of
2021; warning dangerous to visit in changes in N.? degree of habitat
Rivera-Rod | trend situ due e.g. to social change with total
riguez et conflicts or Density estimates are habitat available for
al., 2023; remoteness challenging for very low different ecotypes
Tobén-Nie N, — prioritization
dfeldt et
al., 2022)
European Infer PM Inference based on Weak geographic 1. Combine
beech and N, forest coverage and separation of information on
forests biochemical and genotypes stand-level vitality
Infer genetic | structural differences with genetic and
(Gargiulo composition | mapped across tree Only dominant trees trait variation across
etal, EBVs canopies for a are visible from above the species range
2024; dominant temperate — prioritize
Helfenstein forest tree Low accuracy for interventions
etal, distinguishing multiple
2025; species (high accuracy | 2. Information to
Kaplan et for binary categories) support decisions
al., 2025; about interventions,
Lazic et al., Statistical accounting such as assisted
2024) for environmental gene flow

effects
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