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Abstract 60 

Global efforts to mitigate anthropogenic pressures on biodiversity and ecosystems will often be 61 

realised through management at landscape-scales (i.e., in the range of 100s-1000s km2). In 62 

consequence, we need to measure biodiversity responses at landscape-scales to ensure mitigations are 63 

effectively protecting and restoring ecosystems. Yet many countries currently lack monitoring 64 

programmes that can generate indicators of biodiversity at these scales. Localised monitoring (e.g., 1 65 

km2) is often amalgamated into national-scale indicators, however, this leaves a substantial gap in the 66 

middle of this spatial gradient, limiting availability of information at decision-relevant scales. Here, 67 

using the United Kingdom as a case study, we explored the suitability of seven sources of biodiversity 68 

data which could be used to construct landscape-scale indicators. We surveyed 70, mostly UK-based, 69 

monitoring experts for their opinions on structured and unstructured in-person surveys, camera traps, 70 

eDNA, drones, passive acoustic recorders, and satellite remote sensing. We assessed data source 71 

utility to construct indicators reflecting Essential Biodiversity Variables, i.e., as holistic measures of 72 
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taxa or ecosystems rather than assessments of individual management interventions. All seven data 73 

sources were deemed suitable, and experts expected developments in technology and infrastructure to 74 

greatly increase this potential over the next decade. However, there are technical, analytical, logistical 75 

and financial barriers to establishing monitoring networks that could yield the requisite data for 76 

landscape-scale indicators. Resolving these issues requires substantial research, policy commitment 77 

and investment, but landscape-scale indicators will be essential for the UK to undertake adaptive 78 

management and monitor nature recovery. 79 

 80 

Keywords: Autonomous data collection, Biodiversity monitoring, Conservation technology, Remote 81 

sensing, Survey methods 82 

 83 

Introduction 84 

Biodiversity monitoring evidence is often gathered to reflect Essential Biodiversity Variables 85 

(EBVs; Pereira et al., 2013) such as taxonomic diversity or abundance. This evidence can be complex, 86 

potentially comprising diverse data types and spanning a wide range of spatiotemporal scales. 87 

Monitoring data therefore need synthesising into biodiversity indicators reflecting the state of taxa or 88 

ecosystems, to maximise utility for policymaking, land-use planning, and adaptive management (Dale 89 

& Beyeler, 2001; Dietze et al., 2018; Gregory et al., 2005; Stephenson, 2020). Monitoring - and the 90 

derived indicators - will ideally match the spatial scale of proposed management, intervention or 91 

policy (McVittie et al., 2023).  92 

There are a growing number of projects and initiatives, involving combinations of landowners, 93 

eNGOs, community stakeholders and statutory bodies, that are aligning their land management to 94 

meet shared goals (e.g., Gullett et al., 2023). So, although managers retain control over land use 95 

decisions on individual holdings, management is increasingly planned at landscape-scales, (i.e., over 96 

areas typically larger than individual land holdings but smaller than regional or national scales). 97 

Taking the UK as an example, ‘landscape-scale’ is in the range of 100s-1000s km2 (Table 1). 98 
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However, at least in the UK, biodiversity indicators are generally calculated at large, often 99 

national scales (e.g., the native breeding wild bird population indicator; (Defra, 2025). These are 100 

commonly underpinned by site-scale monitoring, such as the 1 km2 grid squares covering a stratified 101 

random sample of the country in the UK’s Breeding Bird Survey or National Plant Monitoring 102 

Scheme. Yet there is a gap between the two extremes of this spatial gradient. Often, regional- or 103 

national-scale indicators cannot be downscaled to landscape scales, as outputs typically have much 104 

greater uncertainty (Boyd, Bowler, et al., 2024). Hence – in common with many countries – the UK 105 

lacks landscape-scale indicators that would allow effective assessment of protection and restoration 106 

efforts. 107 

The absence of landscape-scale indicators in the UK is particularly pertinent given the 108 

government has committed to the Kunming-Montreal Global Biodiversity Framework (GBF). 109 

Signatories are required to reduce and halt biodiversity decline by the end of this decade, including 110 

meeting the ‘30 by 30’ target of protecting 30% of land and seas by 2030. Many governments have 111 

indicated they will achieve ‘30 by 30’ via a combination of protected sites, areas within designated 112 

landscapes, and Other Effective area-based Conservation Measures (OECMs; Table 1). Ensuring 113 

these areas are genuinely contributing to statutory targets will require an increase in monitoring 114 

efforts at landscape scales. 115 

In addition to reporting the state of nature in line with statutory requirements and obligations 116 

such as the GBF ‘30 by 30’, landscape-scale indicators could be used in at least four further contexts. 117 

First, acting as an early-warning system of landscape-scale biodiversity declines. Second, tracking 118 

progress of landscape-focussed agri-environment programmes. Third, providing wider context, so that 119 

individual landowners can compare biodiversity on their landholdings against that in their local 120 

landscape or some other benchmark. And fourth, by facilitating spatially-targeted conservation 121 

actions, allowing forward planning, informing design, implementation, efficacy assessment and 122 

adaptive management cycles (Conservation Measures Partnership, 2025). 123 

Yet increasing biodiversity monitoring to generate indicators at finer resolutions over wider areas 124 

than is currently done will require substantial financial and logistical support. Unfortunately, many 125 



6 

 

government agencies are under financial pressure (Perino et al., 2021), which has reduced capacity in 126 

both the UK and other countries to fulfil statutory obligations to monitor the existing designated sites 127 

network (OEP, 2025a; Stephenson et al., 2022). This has led to declines in sampling effort over time 128 

in many biodiversity monitoring schemes (Lengyel et al., 2018), and makes it unlikely that additional 129 

monitoring in areas such as OECMs can be established. To meet the need for increased monitoring at 130 

lower costs, governments, agencies and other stakeholders are interested in complementing 131 

standardised field-based methods with a range of alternative data sources such as unstructured records 132 

from citizen scientists (Fajgenblat et al., 2025; Fraisl et al., 2022) and autonomous technologies 133 

(Besson et al., 2022). Generating the requisite data for landscape-scale indicators could be via national 134 

schemes with dense sampling which produce datasets that could then be subset to the desired 135 

geographical area (i.e., top-down), or through bespoke monitoring networks established at the 136 

individual landscape level (i.e., bottom-up) (Affinito et al., 2024). 137 

Here we explore potential data sources available for constructing terrestrial landscape-scale 138 

biodiversity indicators. We used a questionnaire to survey mainly UK-based biodiversity monitoring 139 

experts who were familiar with a range of data sources, (i.e., data collected with a single method, such 140 

as eDNA or camera traps), that could provide the constituent data. In an ideal situation, a suite of 141 

biodiversity indicators would encompass variation at all levels from genes to ecosystems (Dale & 142 

Beyeler, 2001). However, in the interests of tractability, here we follow most existing monitoring 143 

schemes by focussing on species and habitats. We therefore asked experts to assess the suitability of 144 

one of four data types: species occurrence or abundance data, and habitat extent or condition. We 145 

sought to answer the following questions: (1) Which biodiversity monitoring data types are most 146 

readily yielded by widely available data sources? (2) How useful are the resulting data for 147 

constructing landscape-scale indicators? (3) In the next ten years, what are the likely developments - 148 

such as increased scale of collection or improvements in technology - and how will this affect data 149 

utility? The answers to these questions will guide integration of existing data sources and inform the 150 

establishment of new monitoring schemes to generate landscape-scale indicators. 151 

 152 
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Table 1. Areas in the UK where landscape-scale indicators could be used to monitor biodiversity and 153 

track progress towards national and international ecosystem recovery targets. 154 

Context Description Examples and UK size ranges 

Designated 

sites 

Protected by law, in most cases 

prioritising nature conservation. 

In the UK, these align with IUCN 

protected area Categories III and 

IV. 

• Ramsar (<1 to ≈1,435 km2) 

• Special Protection Area (SPA; <1 to 

≈1,460 km2) 

• Special Area of Conservation (SAC; <1 

to ≈1,875 km2) 

• SACs and SPAs are also Sites of Special 

Scientific Interest (SSSI) in England, 

Wales and Scotland or Areas of Special 

Scientific Interest (ASSI) in Northern 

Ireland. 

Designated 

landscapes 

Balancing nature conservation 

against other land-use demands. 

In the UK, these align with IUCN 

protected area Categories V and 

VI. 

• National Parks (≈300 to 4,500 km2) 

• National Landscapes (≈20 to 2,000 km2) 

• National Scenic Areas (≈8 to 1,400 km2) 

Non-

designated 

sites 

Other Effective area-based 

Conservation Measures (OECMs) 

are effectively managed for nature 

but specifically not designated as 

protected areas. 

• Candidate OECMs are currently being 

identified (UK wide, initial sites range 

from <1 to ≈25 km2). 

Mixed and 

non-

designated 

landscapes  

Landscapes with both designated 

and non-designated areas.  

• Local Nature Recovery Strategies 

(England-only, ≈350 to 8,300 km2) 

• Landscape Recovery Schemes (England-

only, ≈5 to 28 km2) 
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• HLF Landscape Partnership Schemes 

(UK wide, ≈20 to 200 km2). 

• Local government areas: Counties, Local 

Authority Districts (England) Unitary 

Authorities (England and Wales), Council 

Areas (Scotland) or District Council 

Areas (Northern Ireland) (≈16 to 26,000 

km2). 

• Conservation partnerships with multiple 

landowners (e.g., Cairngorms Connect 

600 km2; Cumbria Connect 420 km2). 

 155 

 156 

Methods 157 

2.1 Effective biodiversity data sources 158 

We identified seven data sources that are widely used to collect biodiversity data: structured 159 

and unstructured in-person surveys; camera traps; drones using either visual or thermal infrared 160 

cameras; eDNA; passive acoustics; and satellite remote sensing. These sources are all commonly used 161 

for biodiversity monitoring and could yield data for landscape-scale indicators (Besson et al., 2022; 162 

Kitzes et al., 2021). Although other data collection options are available – such as eNose and robot 163 

sensors – these are at a lower technology readiness level. Where technologies are suitable for 164 

gathering data in more than one format (e.g., drones can capture imagery and sound), we focused on 165 

specific examples (Table 3). Each data source could yield one or more data types (i.e., species 166 

occurrence or abundance, habitat extent or condition); examples of the data types gathered by each 167 

data source are provided in Table S1. 168 

To assess the seven data sources, we needed to define the criteria that would make them 169 

suitable for constructing landscape-scale biodiversity indicators. Essential Biodiversity Variables and 170 
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derived indicators ought to be insensitive to the contributing data sources. Yet, inevitably, indicators 171 

are dependent on monitoring approaches, sampling strategies, and analytical approach. Effective 172 

biodiversity indicators meet a range of criteria (Dale & Beyeler, 2001; Gregory et al., 2005), the 173 

majority of which stem from the underlying data (Table 2). Some of these criteria are essential while 174 

others are desirable, and there are inevitably compromises involved when assembling these metrics. 175 

Indicators should reflect changes to the composition, structures and functioning of an area’s 176 

ecosystem over time, but capturing this complexity needs to be balanced against sufficient simplicity 177 

to allow straightforward and routine monitoring and reporting (Dale & Beyeler, 2001). Critically, 178 

indicators should be sensitive to environmental stressors, responding in a predictable and consistent 179 

manner over time (Dale & Beyeler, 2001). 180 
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Table 2. Desirable and essential criteria of biodiversity indicators, adapted from Gregory et al (2005) and Dale & Beyeler (2001). Criteria in the ‘Input 181 

data’, ‘Numeric properties’ and ‘Temporal properties’ categories depend on the indicator’s constituent data. ‘Likely to change?’ reflects assessment by 182 

authors of this study as to whether criteria are sensitive to developments in data sources (e.g., increased spatiotemporal scale of data collection or 183 

improvements in technology), or whether they reflect inherent characteristics of the data type (e.g., occurrence rather than abundance data) or the indicator 184 

methodology. 185 

Category Criteria Essential or 

desirable? 

Details Likely to change? 

Input 

data 

Representative Essential Low bias in spatial, temporal, and taxonomic 

coverage (i.e. covering all species in a chosen 

taxon, or a representative sample). 

Yes – greater potential with the likely increases in 

spatial, temporal, and taxonomic coverage. 

Realistic Essential Quantitative data are available or can be readily 

collected, without requiring excessive or 

unrealistic financial resources.  

Yes – hardware improvements will reduce costs for 

many data sources. 

Numeric 

properties 

Quantifiable Essential Indicator is accurate, with an assessment of error. 

Genuine reflection of trends over time, with a 

measurable rate of change and changes in that rate. 

No - a function of data type and indicator 

methodology. 
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Robust Essential Consistently accurate and precise over time and 

across space (i.e., low bias) 

Yes – accuracy and precision are likely to increase 

with refinements in hardware. 

Stable Desirable Impervious to large, irregular, natural fluctuations. No – a function of indicator methodology rather than 

data collection per se. 

Dissectible Essential Data can be disaggregated to elucidate underlying 

patterns and shed light on potential drivers of 

trends. 

No - a function of data type and indicator 

methodology. 

Temporal 

properties 

Regular Essential Can be updated frequently, on at least an annual 

basis. 

Yes – reduced costs and greater storage capacity will 

allow more regular data collection. 

Responsive Essential Sensitive to stresses and environmental change in 

a predictable manner, over relatively short time-

scales. 

No - a function of data type that should remain 

consistent. 

Output Simple Desirable Transparent presentation of complex information, 

to communicate key messages and ensure impact. 

No – a feature of indicators rather than constituent data 

types. 

Intuitive Desirable Easily understood by non-experts, so that they can 

grasp the issues and take ownership of them. 

No – a feature of indicators rather than constituent data 

types. 
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Indicative Desirable Represents more general components of 

biodiversity than just the constituent species’ 

trends, and ideally reflects ecosystem health. And 

in an anticipatory manner – signifying impending 

ecological change. 

No – a feature of indicators rather than constituent data 

types. Although this may improve indirectly via 

increases in the Representative criterion. 

Relevant to 

policy and 

management 

Essential Developed in response to stakeholders’ needs. 

Able to inform policy makers in development and 

review of policy, and to predict changes that can 

be averted via management. 

No – wider uptake and acceptance of novel data 

sources and data types is likely, but only an indirect 

consequence of improvements. 

186 
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2.2 Expert assessment of data sources for landscape-scale biodiversity indicators 187 

Assessment of the seven data sources was via questionnaire implemented using a Google 188 

form (available in SI Appendix 1). We approached topic experts via our research networks and 189 

employed snowball sampling, where respondents recommended other experts who could be invited to 190 

complete the questionnaire. We invited a total of 100 topic experts to participate, specifically 191 

highlighting the landscape-scale context of this work. All experts had substantial experience deriving 192 

biodiversity data from at least one of the data sources, the majority in a UK context. Submissions 193 

were collected between November 2023 and February 2024, and experts who completed the 194 

questionnaire were given the opportunity to join the author team. 195 

Experts were asked to select a single data source with which they were most familiar, and we 196 

sought a balanced number of responses across the data sources. Experts assessed their chosen data 197 

source against the criteria listed in Table 2 for the data type they considered most likely to be 198 

gathered. Ratings used a nine-point ordinal scale ranging from ‘Terrible’ to ‘Ideal’; we selected nine 199 

levels to give an appropriate granularity of responses. Using a free text box, we asked for opinions on 200 

the major developments that could occur in the next 10 years which might alter the suitability of the 201 

chosen data source for constructing landscape-scale biodiversity indicators. Potential developments 202 

might include hardware, analytical techniques, infrastructure, and economic investment, amongst 203 

others. Themes in these free-text answers were grouped by the first author, to identify the 204 

development areas deemed most important for each data source. Experts gave their assessment of the 205 

likelihood of these developments occurring on a seven-point ordinal scale ranging from ‘Very 206 

unlikely’ to ‘Definite’. Finally, experts were asked to imagine it was 2035 (i.e., 10 years in the future), 207 

assume the developments they identified had taken place, and reassess the suitability of their chosen 208 

data source for landscape-scale biodiversity indicator construction. Although there was the possibility 209 

for experts to be biased in favour of their focal data source, their wealth of knowledge and experience 210 

meant that they were best placed to provide a genuine assessment of the strengths, weaknesses and 211 

potential.  212 

Not all indicator criteria will change with adjustments in data collection, so we focus on those 213 

criteria that would alter over time (Table 2). We termed these four key criteria the ‘4Rs’: Realistic, 214 
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Regular, Representative, Robust. Realistic reflects affordability of data collection; Regular indicates 215 

whether data can be collected at intervals sufficient to detect change; Representative refers to whether 216 

an indicator covers all species (or habitats) in a landscape or a representative sample thereof; and 217 

Robust denotes whether patterns are captured in the same way everywhere (i.e., both within and 218 

among landscapes). 219 

We used Bayesian ordinal regression to analyse patterns in questionnaire responses, implemented 220 

with the ‘brms’ package in R (Bürkner, 2017; R Core Team, 2024). We ran a separate model for each 221 

of the ‘4Rs’ criteria, assessing suitability among data types and over time, with rating as the response, 222 

and data type and year (i.e., 2025 vs 2035) as categorical predictors with a random intercept for 223 

expert. We ran a fifth model examining likelihood of developments in the next 10 years, with rating as 224 

the response, data source as the predictor and a random intercept for expert. For all models we ran 225 

four chains, each with 4000 iterations, 2000 iterations discarded during warm up, and a thinning rate 226 

of 10 to give 800 posterior samples per model. We checked traceplots, Rhat, and ESS values to 227 

confirm models converged successfully, and extracted predictions via the brms function ‘epreds’.  228 

 229 

Results 230 

3.1 Which biodiversity monitoring data types are most readily yielded by widely available data 231 

sources? 232 

We received 70 questionnaire responses (i.e., a 70% response rate). Experts were employed by a 233 

range of conservation non-governmental organisations (NGOs, n = 17), universities (17), research 234 

institutes (16), statutory agencies (12), and commercial companies (8). Experts were largely based in 235 

the UK (67 of 70 respondents). There were between 7 and 17 responses per data source (Figure 1). 236 

Irrespective of data source, most experts viewed species occurrence as the most readily acquired data 237 

type (50 of 70; Figure 1). This included all of the responses received for camera traps (11), eDNA 238 

(10), passive acoustics (10) and unstructured in-person surveys (17), but none from satellite remote 239 

sensing (7). 240 
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 241 

Figure 1. Numbers of questionnaire responses for each data source divided by data type. Surveyed 242 

experts selected a single data type they deemed to be the one most readily collected with their selected 243 

data source, although most sources can produce more than one data type (see examples in Table S1). 244 

 245 

3.2 How useful are the resulting data for constructing landscape-scale indicators?  246 

All data sources were considered to yield data suitable to construct landscape-scale indicators that 247 

met the criteria listed in Table 2 (Figures 2 and S1). We summarised which taxa or habitat metrics can 248 

be surveyed with each data source in Table 3, based on examples mentioned by experts in the free-249 

text responses in the questionnaire and our knowledge of the literature (Table S1). 250 

The ‘4Rs’ criteria (Realistic, Regular, Representative and Robust; Table 2) were already rated 251 

fairly highly in 2025 for all four biodiversity data types (Figure 2), a trend borne out by the model 252 

predictions. Modal scores (both raw counts and predicted medians from the models) were generally 253 

“Quite good” or above (7 or more out of 9). The same responses divided by data source instead of 254 

data type are in Figure S2 and show similarly positive assessments. A plot for the remaining eight 255 

criteria that are unlikely to change with future developments are in Figure S1 separated by data type. 256 

Almost all raw responses for these criteria were “Potentially suitable” or better (scored 5 or more).257 
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Table 3. Suitability of seven data sources for monitoring a range of taxa (either occurrence, abundance or both) and habitat extent and condition. Assessment 258 

of suitability based on questionnaire responses and published literature (examples in Table S1). Level of suitability indicated by ‘✓’ (ideal) or ‘(✓)’ 259 

(potentially suitable depending on species or context). 260 

Data source 

Micro-

organisms 

Fungi Invertebrates Amphibians Reptiles Birds Mammals Plants 

Habitat 

extent 

Habitat 

condition 

Structured or semi-structured 

surveys 

 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Unstructured surveys  ✓ ✓ ✓ ✓ ✓ ✓ ✓  (✓) 

Satellite remote sensing using 

hyperspectral, radar, or LiDAR. 

      (✓) (✓) ✓ ✓ 

Passive acoustic monitoring   (✓) ✓ ✓ ✓ ✓   (✓) 

eDNA ✓ ✓ ✓ ✓ ✓ (✓) (✓) (✓)  (✓) 
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Drones using visual or thermal 

infrared cameras. 

     (✓) (✓) ✓ ✓ ✓ 

Camera traps   ✓ ✓ ✓ ✓ ✓   (✓) 

 261 
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 262 

Figure 2. Experts’ assessment of suitability in the ‘4Rs’ criteria (Realistic, Regular, Representative 263 

and Robust) for the seven data sources to construct landscape-scale indicators based on four data 264 



19 

 

types. Assessments were on an ordinal scale: 1 = ‘Terrible’, 5 = ‘Potentially suitable, 9 = ‘Ideal’. 265 

Light bars are assessments for 2025, dark bars for 2035. Predicted median probabilities are outlined 266 

in black with 50% and 89% credible intervals indicated by the thick and thin vertical lines 267 

respectively. Counts of raw scores are outlined in grey; note y-axes differ among the raw count plots. 268 

Equivalent figure for the remaining eight criteria deemed unlikely to change because of technological 269 

and infrastructure developments is in Figure S1 with raw counts only. 270 

 271 

3.3 What are the likely developments - such as increased scale of collection or improvements in 272 

technology - in the next ten years, and how will this affect data suitability? 273 

All respondents agreed that changes in infrastructure, hardware or analyses could improve the 274 

data quality from all seven data sources. These changes would likely lead to improvements in 275 

landscape-scale indicators constructed from such data, according to our criteria (Table 2). 276 

All experts expected developments in their chosen data source to occur in the next 10 years, with 277 

modal raw and predicted scores of either “Quite possible” or “Almost certain” (ranked 5 or 6 out of 7; 278 

Figure 3). Every expert provided free-text responses outlining the developments, in most cases these 279 

answers included statements on more than one area where they expected progress. There were 185 280 

statements in total, which the first author categorised into five themes: data collection, data analysis, 281 

data management, hardware, and broader context (reflecting economic investment and skills 282 

development) (Table 4). Notable developments considered likely to occur in four or more of the seven 283 

data sources included: broader taxonomic coverage, improved temporal coverage, and greater 284 

opportunity to derive abundance data (data collection); data integration (data analysis); data archives, 285 

repositories, and metadata standards (data management); new sensors and hardware, and 286 

incorporation of artificial intelligence (hardware). A full list of the factors mentioned by experts are 287 

listed in Table S2. Experts anticipated that the developments would further improve the suitability of 288 

the ‘4Rs’ criteria. Nearly all 2035 predicted scores rose to “Good” (8 out of 9; Figure 2) for Realistic, 289 
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Representative and Robust. Regular had the highest rankings of the ‘4Rs’ in 2025, but these increased 290 

only slightly in 2035. 291 

 292 
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Figure 3. Experts’ assessment of the likelihood of technological and infrastructure developments over 293 

the next decade for a range of data sources that could be used in landscape-scale biodiversity 294 

indicators. Predicted median probabilities are shown in darker bars with 50% and 89% credible 295 

intervals indicated by the thick and thin vertical lines respectively; counts of raw ratings are in shown 296 

with paler bars outlined in grey. 297 
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Table 4. Major developments thought likely to occur in the next decade that might improve the suitability of data sources for landscape-scale biodiversity 298 

indicators. “ ‘4Rs’ criteria” identifies those which are affected by each development. A tick indicates that the development was identified by at least one 299 

expert; full lists of the factors mentioned are in Table S2. Absence of a tick implies experts viewed the development as either (a) irrelevant as the data source 300 

is already at a mature stage in that respect, (b) relatively less important, or (c) unlikely to be achievable. 301 

Area Development ‘4Rs’ criteria 

Structured 

surveys 

Unstructured 

surveys 

Satellite 

remote 

sensing 

Passive 

acoustics 

eDNA Drones 

Camera 

traps 

D
a

ta
 c

o
ll

ec
ti

o
n

 

Streamlined data collection 

methods 

Realistic, 

Regular 
✓ ✓      

Broader taxonomic coverage Representative 

✓ ✓  ✓   ✓ 

Broader geographic coverage Robust 

✓    ✓   
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Improved temporal coverage Representative 

 ✓ ✓ ✓ ✓   

Deriving abundance data (for 

more taxa) 

Representative 

✓   ✓ ✓  ✓ 

Standardised sampling and 

monitoring guidance 

Robust 

   ✓ ✓ ✓  

D
a
ta

 a
n

a
ly

si
s 

Improved modelling approaches Robust 

✓ ✓  ✓    

Data integration, integrate 

models 

Representative, 

Robust 
✓ ✓  ✓ ✓   

D
a

ta
 m

a
n

a
g

em
en

t Cloud computing and remote 

data transfer 

Realistic, 

Regular 
  ✓ ✓   ✓ 

Data archives, repositories and 

metadata standards 

Realistic 

 ✓ ✓ ✓ ✓   

H
a
rd

w
a

re
 

New sensors and improved 

hardware 

Representative, 

Realistic 
  ✓ ✓ ✓ ✓ ✓ 
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Lower hardware costs Realistic, 

Regular 
   ✓ ✓ ✓  

Artificial Intelligence 

approaches 

Realistic, 

Regular 
 ✓ ✓ ✓  ✓ ✓ 

B
ro

a
d

er
 c

o
n

te
x
t 

Economic investment Realistic 

✓ ✓ ✓     

Skills development, citizen 

scientist recruitment and 

retention  

Realistic 

✓  ✓     

 302 
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4 Discussion 303 

4.1 Questionnaire responses  304 

We asked monitoring experts to assess the potential of seven widely used data sources for 305 

constructing terrestrial, landscape-scale biodiversity indicators. Experts considered species occurrence 306 

data to be most readily collected at present, with fewer opportunities for gathering data on species 307 

abundance, habitat extent or condition. In part this reflects the development stage of data sources such 308 

as passive acoustics and eDNA, as these can only generate occurrence data for now. This limits the 309 

scope of the Essential Biodiversity Variables that can be measured with these data sources, precluding 310 

metrics such as species abundance, community abundance, and ecosystem structure. This restricts the 311 

contribution such data sources can make to abundance-based indicators required for statutory targets 312 

such as those specified in England’s Environment Act. Although it should be noted that for some 313 

taxonomic groups, such as fungi, abundance metrics may not be as ecologically meaningful for 314 

management. Experts highlighted that developments in those data sources should lead to increased 315 

opportunities for abundance data and so improve suitability in the longer term. In the meantime, new 316 

or expanded structured surveys could provide the necessary data for a wider suite of EBVs (Proença 317 

et al., 2017; Schmeller et al., 2015). 318 

All seven data sources were deemed suitable for generating data for use in landscape-scale 319 

indicators according to our predefined criteria. To some extent this reflects our a priori selection of 320 

mature data sources (i.e., for automated methods, those with high technological readiness levels), so 321 

that all are already suitable for gathering biodiversity data. However, there was a consensus amongst 322 

experts that these data sources can and will contribute to landscape-scale indicators.  323 

Experts believed suitability of all data sources would improve further over the next decade 324 

with developments in hardware, and collection, analysis, and management of data. Of the ‘4Rs’ 325 

indicator criteria, the potential for data collection to be ‘Regular’ was already given consistently high 326 

scores with only marginally increased ratings likely by 2035. Automated technologies such as passive 327 

acoustics and camera traps already offer high temporal resolution sampling, and experts predicted 328 
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greater temporal coverage in the future would improve suitability for unstructured surveys and 329 

satellite remote sensing. New sensors and hardware improvements were predicted to improve all 330 

automated technologies, while developments in data processing using AI were also important for all 331 

data sources except structured surveys and eDNA. Realising the potential of many of these data 332 

sources for landscape-scale indicators will require substantial analytical developments, policy support 333 

and financial investment in the years ahead. 334 

Despite our best efforts to achieve an equal sample across all data sources we did have some 335 

imbalance, with higher numbers of experts assessing unstructured surveys (n = 17), compared to 336 

satellite remote sensing and drones (both n = 7). This led to wider credible intervals for the latter in 337 

the data source improvement model, indicating greater uncertainty in the posterior. However, while 338 

we can expect that broader sampling coverage would lead to improved precision in these estimates, 339 

the overall assessment remains positive regardless. 340 

 341 

4.2 Maximising utility of diverse data sources 342 

Experts’ assessments were only for individual data sources and so reflect specific spheres of 343 

knowledge rather than comparisons between alternative approaches to gathering data. This prevented 344 

an assessment of data source complementarity. Yet combining multiple data sources could emphasise 345 

the strengths of different data sources; for example, integrating the spatial coverage of satellite remote 346 

sensing with the high temporal resolution of passive acoustic monitoring. This could give a much 347 

fuller picture of the state of biodiversity (Cavender-Bares et al., 2022; Hartig et al., 2024), which 348 

could lead to more informative landscape-scale indicators covering a broader range of taxa. 349 

Realising effective synthesis of multimodal data or multiple datasets to generate landscape-scale 350 

biodiversity indicators requires further development of integrated models. Experts expected 351 

improvements in integrated models would increase data source suitability, particularly for 352 

incorporating structured survey data with occurrence data from unstructured surveys, acoustics and 353 

eDNA. Integrated models can provide refined population estimates if the models are well-specified 354 
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(Isaac et al., 2020) but potentially poorer insights when they are not (Seaton et al., 2024). These 355 

models are under active development and there remain substantial challenges around model validation 356 

and amalgamation of data from different sources collected using different methods (Boyd, August, et 357 

al., 2023; Johnston et al., 2022). This is particularly acute when integrating data across multiple taxa, 358 

which often come from different data sources (Boyd, August, et al., 2023; Kissling et al., 2018). 359 

Resolving these issues would likely lead to greater adoption of additional data sources and so leverage 360 

their complementarity.  361 

Our questionnaire responses highlighted the widespread potential to gather species occurrence 362 

data. Occurrence records can permit exploration of temporal biodiversity patterns that would 363 

otherwise be impossible to study (Outhwaite et al., 2020; Outhwaite et al., 2019). Hence, it could be 364 

useful to further invest in occurrence-based biodiversity indicators (Boyd, August, et al., 2023), and 365 

there are currently distribution-based indicators for priority species, and for pollinators in the UK 366 

(JNCC, 2024). Occurrence-based indicators could be useful in a range of cases including: broadening 367 

taxonomic coverage; monitoring Invasive Non-Native Species, where distribution may be more 368 

important than abundance; or monitoring assemblages with many rare species (Enquist et al., 2019), 369 

which are often those at greatest risk of extirpation (Matthies et al., 2004).  370 

However, there are practical constraints to adopting more occurrence-based indicators – in terms 371 

of financial costs, processing demands, and analytical challenges – that could limit their potential, and 372 

these issues will become more acute with the expansion of occurrence data collection efforts. When 373 

different datasets begin at different times it can be complicated to compare new trends with historic 374 

ones (Freeman et al., 2020), and with unstructured survey protocols there are also substantial concerns 375 

around correcting for variation in sampling effort in both time and space (Boyd, Stewart, et al., 2024). 376 

Finally, while occurrence-based indicators offer potential, this may only be true at coarser spatial 377 

resolutions (Boyd, Bowler, et al., 2024), they may also be less responsive (Falaschi et al., 2025), be 378 

unsuitable for widely distributed species, and may even give counterintuitive signals should species 379 

ranges increase while abundances decline (Gregory, 1998; Nakagawa et al., 2025). These issues have 380 

implications for management and policy; will we still be able to reliably detect biodiversity change? 381 
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Species abundance data derived from structured surveys will likely remain important to provide early 382 

warning systems and corroborate occurrence trends for the foreseeable future. Experts predicted 383 

improvements in structured survey data would come from streamlined data collection methods and 384 

broader taxonomic coverage in particular. 385 

 386 

4.3 What would a monitoring network for landscape-scale indicators look like? 387 

Generating landscape-scale indicators typically requires large, representative sampling to gather 388 

sufficient biodiversity data (Lohr, 2021). Good survey design principles (i.e., sampling strategy and 389 

analyses), data storage, and processing infrastructure are all required to convert those data into 390 

indicators. Determining the most appropriate data sources, data types and spatiotemporal sampling 391 

resolution will depend on the chosen taxa or features, management aims and reporting requirements 392 

(Ockendon et al., 2026). Scoping studies and power analyses would provide clarity in specific 393 

situations. Co-locating sampling to gather data on multiple taxa from the same points should result in 394 

more useful and representative indicators. High accuracy is necessary if indicators are to provide 395 

early-warnings of landscape-scale biodiversity trends and allow land managers to use adaptive 396 

management (Ockendon et al., 2026; Watts et al., 2020). 397 

Monitoring networks could be established through bottom-up (i.e., landscape-level) or top-down 398 

(i.e., national) approaches (Affinito et al., 2024). In the short term, bespoke paradigms for individual 399 

landscapes are likely to be more achievable. One UK example of this uses citizen science approaches 400 

to gather co-located data on birds, butterflies and vascular plants (Chilterns Conservation Board, 401 

2025). A more ambitious alternative to monitoring individual landscapes would be a standardised, 402 

national-scale sampling network stratified across landscape units. This would be more flexible, 403 

providing consistent national trends which could be subset to generate biodiversity indicators at a 404 

range of spatial scales or locations as required using small area estimation techniques (Rao & Mollina, 405 

2015). In the UK, only satellite remote sensing currently provides the combination of geographical 406 

coverage with sufficiently dense sampling for generating landscape-scale habitat indicators in this 407 
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way (Marston et al., 2023). Many other national-scale biodiversity monitoring networks exist in the 408 

UK, such as structured surveys for specific taxa like the UK Breeding Bird Survey (Massimino et al., 409 

2025). However, these typically lack the requisite sampling density to permit landscape-scale sub-410 

setting without introducing substantial uncertainty. 411 

Regardless of the geographic scope, establishing a monitoring network requires substantial 412 

investments in data gathering, coordination capacity, data infrastructure, and analytical resources. 413 

Although innovations will likely reduce sensor and data costs in the future, installation and 414 

maintenance of automated devices often requires considerable amounts of time and money. There are 415 

few analyses exploring the relative time demands of using these technologies versus in-person 416 

sampling methods (e.g., Jarrett & Willis, 2024; Roberts, 2011), nor are there many studies comparing 417 

the temporal efficiencies of multiple technologies with one another (Bell & Malerba, 2025; Hoefer et 418 

al., 2025). A scoping study of relative time and equipment costs would be a valuable feasibility 419 

exercise, as financial and logistical issues currently represent fundamental barriers to widespread 420 

adoption of newer monitoring technologies at a level sufficient to realise landscape-scale biodiversity 421 

indicators. This would need to encompass the practicalities associated with automated data 422 

management and analysis pipelines, as most data sources generate enormous volumes of data which 423 

cannot easily be reviewed manually (Roe et al., 2021; Teixeira et al., 2024). 424 

Beyond the practical challenges of establishing landscape-scale monitoring, there are wider issues 425 

around acceptance and funding. Policy makers already recognise the potential that including a range 426 

of data sources could have in constructing landscape-scale biodiversity indicators. Yet governments 427 

and statutory agencies are often reluctant to adopt these approaches. In the UK, statutory agency 428 

budgets have been reduced such that they struggle to adequately cover existing statutory monitoring 429 

responsibilities (OEP, 2025a, 2025b), and budgets could be lowered further in future. Hence agencies 430 

often have fewer opportunities for testing alternatives, and there may be a reluctance to invest in new 431 

approaches and indicators that could be subject to future financial reductions.  432 

 433 
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4.4 Alternative options for landscape-scale biodiversity indicators 434 

Given the challenges associated with establishing and maintaining biodiversity monitoring 435 

networks, it could be desirable to adopt indicators that require fewer data to construct and would 436 

therefore be available sooner and at lower costs without establishing additional bespoke schemes. 437 

Here, we consider examples of potential data summary metrics that could be adopted for landscape-438 

scale biodiversity indicators based on current levels of monitoring. 439 

 440 

4.4.1 Simple measures 441 

Occurrence data extracted from in-person surveys, camera traps, acoustics, drones and eDNA 442 

can be readily converted to basic biodiversity metrics such as species richness. Counts of species are 443 

relatively simple to assemble and are readily interpretable by non-scientists, and species richness 444 

measures have been widely utilised in landscape-scale contexts (e.g., Yorkshire Wildlife Trust, 2024). 445 

However, general measures of species richness are widely criticised as an indicator of biodiversity; 446 

notably they do not reflect rarity and are impervious to turnover (Fletcher et al., 2025; Lamb et al., 447 

2009). A pristine assemblage of specialist or rare species could be completely replaced with common, 448 

generalist or invasive species, but richness would remain the same despite shifts in ecosystem 449 

functioning (Hillebrand et al., 2018). This makes it impossible to draw conclusions from comparisons 450 

across space or over time. Narrowing the metric to threatened or priority species can therefore be 451 

more meaningful (see below). Regardless, in many cases, richness estimates are subject to error from 452 

imperfect sampling, and unquantified biases from failing to account for imperfect detection (Boyd, 453 

Powney, et al., 2023; Fletcher et al., 2025), limiting their value as indicators.  454 

Equivalent simple measures for habitats are often based on habitat extent and configuration. 455 

For example, satellite remote sensing data provides estimates of broadscale changes in landcover 456 

(Hansen et al., 2013; Rowland et al., 2020) and habitat condition (Kacic et al., 2023). Using optical 457 

satellite data, metrics of habitat condition based on proxies such as the normalised difference 458 

vegetation index (NDVI) or enhanced vegetation index (EVI) are also possible (Manes et al., 2010). 459 
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Such measures can be tracked over time (Matas-Granados et al., 2022) and can be calibrated to 460 

biophysical variables such as net primary productivity using field data (Tebbs et al., 2017). Validation 461 

of such proxies generally relies on in-person surveys, which may be achievable in individual 462 

landscapes, but could be challenging for a national scheme. 463 

 464 

4.4.2 Exemplar species or habitat features 465 

Rather than attempting a complete inventory of all species, proxies may be used to reflect 466 

overall ecosystem health. Again, occurrence data from in-person surveys, camera traps, acoustics and 467 

eDNA could be exploited for this purpose. There is an extensive history of using individual species or 468 

taxa as proxies or ‘indicator species’ (Gregory & van Strien, 2010; Simberloff, 1998). Taxa have 469 

often been selected because long data series already exist, and while there are notable successes with 470 

this method (Brlik et al., 2021; van Swaay et al., 2008), there is also the potential for taxonomic bias. 471 

Selecting several complementary exemplar groups is therefore critical, as responses to land use and 472 

land use change often vary within-taxon and among-taxa (Bradfer-Lawrence, Dobson, et al., 2025; 473 

Mancini et al., 2023).  474 

Focussing on particular groups of threatened or range-restricted species circumvents some of 475 

the issues that weaken utility of overall species richness measures (Fletcher et al., 2025). Indicator 476 

taxa may therefore better reflect the importance of an area for biodiversity and can be substantially 477 

more tractable than attempting a comprehensive survey. Examples of this approach in the UK include 478 

a long-term landscape restoration project covering 600 km2 in the Scottish Highlands, which monitors 479 

birds, macro-moths and ericaceous shrubs (Cairngorms Connect, 2025; Gullett et al., 2023). 480 

There are numerous indicators designed to reflect habitat-specific condition. For example, 481 

Woodland Ecological Condition surveys (Ditchburn et al., 2020) combine 15 metrics of forest 482 

attributes likely to reflect biodiversity value, while the Forest Biodiversity Index (Bellamy et al., 483 

2024) incorporates structural measures from the surrounding landscape as well. Inputs are often a 484 

blend of remote sensing and in-person datasets. Alternatives such as the Habitat Condition Index 485 
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(Knight et al., 2021) rely exclusively on data gathered remotely, although validation would likely 486 

require in-person surveys (Cavender-Bares et al., 2022; Lawley et al., 2016). 487 

The Nature Index (Certain et al., 2011) takes the exemplars approach further, combining 488 

records from multiple data sources with expert opinion for individual species, species groups and 489 

habitat features. The status of each component feature is assessed against a pre-determined baseline, 490 

(not necessarily a hypothetical ‘natural’ or ‘pristine’ state). Each feature feeds into a series of spatially 491 

explicit indicators that can be further aggregated into a single metric. In the UK, this approach has 492 

been adopted by the Cairngorms National Park Authority who use around 200 species and habitat 493 

features over six major ecosystems to provide a summary metric for each major catchment in the 494 

National Park. Despite focussing on a subset of species and habitat features and using preexisting 495 

data, this approach can still be constrained given the amounts of dataset preparation and integration 496 

required. 497 

 498 

4.4.3 Modelled indicators 499 

The last group of potential indicators uses modelling to predict the status of component 500 

features even where no data have been collected (Bowler et al., 2024). Modelling approaches can, in 501 

theory, circumvent the issues with limited or biased sampling that hampers the other indicator options 502 

presented above, provided that site or species residuals are independent of the original sampling 503 

process (Boyd et al., 2025; Boyd, Stewart, et al., 2024). If enough underpinning data are available and 504 

models are sufficiently accurate, this could offer a route to landscape-scale indicators without 505 

requiring a landscape-scale monitoring network.  506 

 507 

4.5 Wider context and conclusions 508 

The indicator framework we adopted here, and particularly the ‘4Rs’ criteria that are likely to 509 

change with data source developments, are equally applicable in other countries. Our results are based 510 

on a UK context; a small, relatively resource-rich but biodiversity-poor country with a long history of 511 

monitoring and its attendant infrastructure. Assessments in other European nations might yield similar 512 
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patterns to those we report here. However, undertaking similar studies in other settings would very 513 

likely result in context-specific findings. 514 

For countries with large areas of relatively undisturbed habitat, or limited funding for monitoring, 515 

or both, using some of the data sources we assessed may be unrealistic. Larger high-income countries 516 

may be able to resource extensive monitoring networks but face additional logistical challenges from 517 

long distances, remote settings, and managing very large datasets (Brunk et al., 2025; Roe et al., 2021; 518 

Rooney, 2025). Moreover, even in relatively wealthy countries, funding for monitoring is frequently 519 

at risk, which can lead to efforts being scaled back (Lengyel et al., 2018).  520 

While suitability of data sources ought to be universal, the barriers to deployment and subsequent 521 

analysis and generation of landscape-scale indicators are likely to be more challenging for low- and 522 

middle-income countries. Inequities have led to spatiotemporal data gaps that limit indicators’ 523 

historical scope, while resources remain limited and contemporary monitoring is often sparse 524 

(Chapman et al., 2024; Dove et al., 2023; Stephenson, 2020). Thus, unstructured surveys and satellite 525 

remote sensing may remain the most feasible options for many low- and middle-income countries in 526 

the near-term. Making progress will require substantial in-country investment, otherwise encouraging 527 

shifts towards data sources that necessitate analytical facilities only available outside of a country 528 

merely cements environmental data injustices (Bradfer-Lawrence, Burivalova, et al., 2025; Chapman 529 

et al., 2024). Yet, if these barriers can be overcome with sufficient funding and capacity building, then 530 

developments may make an even greater difference to biodiversity monitoring in low- and middle-531 

income countries. 532 

Commitments to the GBF’s targets including ‘30 by 30’ has led to increased interest from 533 

governments and statutory agencies in how to measure progress towards recovering species and 534 

habitats. Questions remain around how this can be achieved over much larger areas at finer scales 535 

than covered by current monitoring schemes. While all seven data sources we assessed are suitable for 536 

gathering biodiversity data, translating this potential into landscape-scale indicators will require 537 

substantial investment in analytical developments, data infrastructure and coordination, and 538 

acceptance by policymakers. 539 
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