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1 Introduction

Agriculture covers around 44% of the world’s habitable land (Food and
Agriculture Organization of the United Nations, 2025). In recent decades, both
the intensification of agricultural land use (Geiger et al., 2010; Beckmann et al.,
2019; Le Provost et al., 2021) and landscape homogenization (Benton et al.,
2003; Gdmez-Virués et al., 2015; Estrada-Carmona et al., 2022) have become
significant drivers of global terrestrial biodiversity loss and habitat change
(Foley, 2005; IPBES, 2019), leading to the degradation of key ecosystem services
such as pollination and natural pest control (Dainese et al., 2019; Barnes et al.,
2020). The impacts of farming practices, however, can also extend beyond
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2 Monitoring farmland biodiversity using remote sensing

cultivated fields and influence the conservation value of adjacent natural and
semi-natural habitats (Carrié etal., 2017). More recently, farmland abandonment
has introduced additional complexity, presenting both opportunities for the
regeneration of natural habitats and threats to some species (Rey Benayas et al.,
2007), which are dependent on agricultural management and thus negatively
affected by succession dynamics (Queiroz et al., 2014; Daskalova and Kamp,
2023).

Accurate, timely, and globally coordinated biodiversity monitoring is key
to understanding and addressing the ongoing biodiversity crisis (Cardinale
et al., 2012; Tittensor et al., 2014). To support this goal, Essential Biodiversity
Variables (EBVs) have been proposed as a means to standardize and streamline
biodiversity monitoring, thereby enabling data to be globally comparable
(Pereira et al., 2013). EBVs are intended to serve as an intermediary layer
between raw observations and policy indicators, facilitating the translation of
heterogeneous data into actionable information and supporting reporting for
frameworks such as the Convention on Biological Diversity (UNEP, 1992) and
the Kunming—Montreal Global Biodiversity Framework (CBD, 2022). Many EBVs
are underpinned by remote sensing as a key method to facilitate consistent
and repeatable measurements. However, despite these efforts, financial
constraints and methodological challenges in biodiversity monitoring and
implementation continue to hinder the evaluation of policies (Moersberger
et al., 2024), and incentives that promote biodiversity-friendly agricultural
practices (Scheper et al., 2023; Balfour et al., 2025). Therefore, establishing
reliable farmland biodiversity monitoring systems is essential for guiding
conservation (Geijzendorffer et al., 2016; Oppermann et al., 2018), informing
on the effectiveness of agricultural management (Herzog et al., 2017), and
assessing agroecosystem functions (Sommerville et al., 2011).

Remote sensing has become pivotal in biodiversity and environmental
monitoring due to its scalability, low impact, and automation (Pettorelli et al.,
2016). Compared with conventional field surveys, remote sensing enables
systematic assessments across extensive, inaccessible, and sensitive habitats
without damaging vegetation or crops (Weiss et al., 2020; Schéttker et al.,
2023), making it indispensable for farmland biodiversity monitoring. A rapidly
expanding range of platforms, including satellites, crewed aircraft, uncrewed
aerial vehicles (UAVs), and camera traps, provides rich spatial, temporal, and
spectral data (Manfreda et al., 2018; Wearn et al., 2019; Alvarez-Vanhard et al.,
2021). These technological developments have been further enhanced by
recent advances in sensors and artificial intelligence (Al) that have significantly
augmented the viability, precision, and cost-effectiveness of remote sensing
applications for mapping and tracking farmland biodiversity (Libran-Embid
et al., 2020; Schottker et al., 2023; Shuai et al., 2024; Darvishi et al., 2025).
Deep learning models, particularly convolutional neural networks, have shown
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efficacy in automated feature extraction and classification of objects with
overlapping spectral signatures (Kattenborn et al., 2019a), thereby providing
new opportunities for farmland biodiversity monitoring. Beyond mapping
species and habitats, remote sensing is also a key source of information
for identifying biodiversity change drivers across diverse farming systems,
such as farmland abandonment (Prishchepov et al., 2025) and management
intensification (Griffiths et al., 2020).

This chapter summarizes state-of-the-art remote sensing technologies,
with a particular focus on sensors onboard satellites, crewed aircraft, and UAVs,
along with camera traps. The chapter summarizes their opportunities, current
limitations, as well as emerging research directions and technical solutions.
“Farmland” here includes arable land (both actively managed and abandoned),
permanent crops (e.g. orchards and vineyards), and permanent grassland
(meadows and pastures). The chapter is structured along five EBV classes,
excluding genetic composition. We focus on “associated agrobiodiversity”
(i.e. wild biodiversity co-occurring in agricultural landscapes; Jago et al.,
2024), particularly plants, animals (arthropods, birds, mammals), fungi, and
microorganisms and their habitats in productive and semi-natural areas.

2 Remote sensing of Essential Biodiversity Variables

2.1 Monitoring species populations: distributions and
abundances

Monitoring species populations, through measures of species distributions
and population sizes, provides important information on species decline or
recovery. Remote sensing of species populations, however, is constrained
to taxa with distinct spectral, textural, or phenological characteristics that are
discernible at sensor resolutions. Recent advancements in very high-resolution
imagery, especially that acquired through UAVs and camera traps, combined
with deep learning models, now enable the automated detection and species
identification for various taxonomic groups (Fig. 1), facilitating species
populations monitoring at multiple spatial scales.

A large number of studies have focused on mapping plant species in
farmlands. Conspicuous woody taxa, particularly those occurring in semi-
natural hedgerows, are commonly detected using very high-resolution imagery
acquired from crewed aircrafts (Barnsley et al., 2022). For herbaceous plants,
reliable detection with very high-resolution imagery acquired from satellite
sensors (e.g. Worldview-2 and Planet Scope) and crewed aircraftis only possible
for dominant species with distinct spectral and phenological signatures
(Barnsley et al., 2022; Lake et al., 2022). UAVs, being increasingly affordable
and having the capacity for operating at lower altitudes with versatile onboard
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4 Monitoring farmland biodiversity using remote sensing

Figure 1 Examples of taxa detected and monitored in farmlands. Mammals (A-B; Lepus
europaeus and Vulpes vulpes) and birds (C; Ardea cinerea) are detected using camera
traps. The monitoring of segetal flora species in winter barley arable fields is facilitated
by UAVs and an integrated Al model (D-E; Centaurea cyanus and Tripleurospermum
inodorum).

sensors, offer a more viable solution for effective mapping of herbaceous plant
species in cropland (Pantazi et al., 2017; Pflanz et al., 2018; Shirzadifar et al.,
2020; Barrasso, 2024; Mesias-Ruiz et al., 2024) and grassland (Petrich et al.,
2020; Gallmann et al., 2022; Gréschler et al., 2023; Basavegowda et al., 2025;
Chen et al., 2024; Xing et al., 2024; Guan et al., 2025; Luo et al., 2025).

Single-species distributions of herbaceous plants from UAV imagery can
be mapped with multispectral and red-green-blue (RGB) sensors (Pantazi et al.,
2017; Petrich et al., 2020). Multi-species mapping necessitates higher spatial
and/or spectral resolution and is contingent on factors such as species richness,
inter-species spectral similarity, plant height, phenological stage, vegetation
density, sensor type, ground sampling distance (GSD), and training data
availability (Gallmann et al., 2022; Barrasso et al., 2024; Basavegowda et al.,
2025; Chen et al., 2024; Mesias-Ruiz et al., 2024; Xing et al., 2024). Research
has shown that up to 12 herbaceous species in farmlands can be accurately
detected through GSDs of 0.5-5 mm (Lottes et al., 2017; Gallmann et al., 2022;
Barrasso et al., 2024; Basavegowda et al., 2025). Trained deep learning models
remain effective even when applied to UAV imagery with GSD up to five times
coarser than those used for training (Gallmann et al., 2022). As demonstrated
in the aforementioned literature, the efficacy of mapping plant species in
farmlands offers valuable opportunities for deriving additional information on
floral resources that support pollinators and other farmland wildlife (Baude
etal., 2016).

Published by Burleigh Dodds Science Publishing Limited, 2026.



Monitoring farmland biodiversity using remote sensing 5

The detection of wild animal taxa via satellites requires very high-resolution
optical imagery unobstructed by clouds and vegetation and is limited to large
species clearly distinguishable from the background habitat (LaRue et al., 2017;
Hollings et al., 2018; Delplanque et al., 2024). Particularly open land, such as
grasslands and recently plowed or harvested fields, is generally well-suited
for this type of monitoring. Migratory ungulates (wildebeest and zebra) in
African rangelands have been detected and counted with very high-resolution
GeoEye-1, WorldView-2, and WorldView-3 imagery (Wu et al., 2023; Duporge
et al., 2025). UAV-based imagery enables cost-effective population surveys of
wild animals, potentially reaching higher accuracy and precision than human
counts (Hodgson et al., 2018), particularly when equipped with thermal
cameras capable of detecting elusive and small-bodied species (Burke et al.,
2019). In farmland, UAV-based thermal imagery has been used to detect roe
deer(Capreolus capreolus) fawns in dense alfalfa fields to reduce their mortality
before harvest (Cukor et al., 2019), and wild rabbits (Oryctolagus cuniculus) in
agricultural and vineyard fields (Psiroukis et al., 2021). However, noise from UAV
motors can disturb wildlife, warranting careful consideration when evaluating
results (Duporge et al., 2021; Mo and Bonatakis, 2022).

Beyond satellite and airborne surveys, camera traps are widely used in
wildlife ecology for monitoring rare and elusive species in forest environments
(Burton et al., 2015; Delisle et al., 2021), but also hold promise for farmland
biodiversity monitoring (Roilo et al., 2025). Camera trap data inform on species
occurrence and visitation rates, while ecological models are continuously
improved to derive population density estimates from such in-situ sensors
(Palencia et al.,, 2021). In farmland, camera traps are mainly used to detect
mammals, with some studies also monitoring birds, reptiles, or arthropods
(Bjerge et al., 2024; Roilo et al., 2025). Special camera-trap setups enable the
monitoring of small mammal species (Fink and Jachowski, 2025), which can go
undetected in traditional study designs. Other applications in agroecosystems
include monitoring of wildlife-livestock interactions (Kukielka et al., 2013),
particularly relevant to disease transmission between wild and domestic
species (Payne et al., 2016; Bacigalupo et al., 2022), nest predators of farmland
birds (Kriiger et al., 2018), crop damage by vertebrate pests (Lamelas-Lopez
and Marco, 2021), and abundance of multiple arthropod species (Bjerge et al.,
2024). Direct monitoring of farmland birds, bats, and orthopteran species is
also achieved through passive acoustic monitoring, as discussed elsewhere in
this book.

Space and airborne sensors also support monitoring and modeling
of species whose presence can be inferred only indirectly through species
distribution modeling (SDM; Randin et al., 2020; Wang et al., 2025) or
environmental cues. Remote sensing variables derived from multispectral
and light detection and ranging (lidar) sensors have been increasingly used in
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agricultural landscapes to model the distributions of various mammal species
(Marston et al., 2023; Valerio et al., 2023; Van Der Putten et al., 2025), as well as
birds (Tattoni et al., 2012). Another example is the EU-funded BirdWatch project
(2024), which leverages remote sensing data to enhance habitat suitability
prediction of farmland birds in selected European countries (BirdWatch, 2024).
Population sizes of farmland burrowing species can be inferred from burrow
density visible in both satellite and UAV imagery, as shown for prairie dogs
(Cynomys mexicanus; Rodriguez Barrera, 2024), Bobak marmots (Marmota
bobak; Koshkina et al., 2020), voles (Microtus spp.; Ezzy et al., 2021), field
hamsters (Cricetus cricetus; Thirkow et al., 2025), and European moles
(Talpa europaea; topucki et al., 2022). Nests of ground-breeding farmland
birds (Scholten et al., 2019; Santangeli et al., 2020) and ground-nesting bees
(Mueller and Buckner, 2025) can be mapped using UAVs. The occurrence of
arthropod, fungal, and microbial pests can be inferred from their impacts on
plants, such as defoliation, wilting, and die-off, detected through satellites
and UAV monitoring (Vanegas et al., 2018; Zhu et al., 2024; Mpisane et al.,
2025). These approaches have been used to detect single species in farmland
(Calderodn et al., 2013; Chen et al., 2020; Amarasingam et al., 2025; Meng
et al., 2025), including even early, pre-symptomatic stages of Xylella fastidiosa
in olive orchards at landscape scale (Zarco-Tejada et al., 2018). Alternatively,
topographic, edaphic, and climatic factors, driving disease spread and partly
detectable via remote sensing, can help assess current and future risk areas
(Mothapo et al., 2022).

2.2 Detecting species traits: from morphological to
phenological and behavioral characteristics

Species traits are defined as morphological, physiological, phenological,
reproductive, or behavioral characteristics of a species that can be measured
at the individual level. Functional traits are essential for monitoring
agrobiodiversity and understanding the influence of biodiversity on ecosystem
functioning (Violle et al., 2007; Wood et al., 2015). Because plants interact with
incoming light through transmission, absorption, and reflection, their structural
and biochemical foliar traits leave distinct imprints in spectral reflectance
curves (Cavender-Bares et al., 2020). Thus, optical remote sensing sensors are
particularly well-suited for trait estimates due to their sensitivity to variation
in, for example, photosynthetic activity, leaf water content, and pigment
concentrations (Cheng et al., 2006; Ustin and Gamon, 2010; Homolova et al.,
2013). Trait measurements can then be aggregated to derive plant functional
types, as discussed in Section 2.3, characterizing plant resource use and
ecosystem functioning (Schweiger et al., 2017; Kattenborn et al., 2019b).
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In agricultural landscapes, remote sensing of plant functional traits has
largely focused on herbaceous species in grasslands (Roelofsen et al., 2014;
Hayes et al, 2025). At landscape, regional, and continental levels, remote
sensing of canopy foliar functional traits has been achieved through spaceborne
imagery. Using NASA AVIRIS hyperspectral data, Wang et al. (201%a) showed
highretrievalaccuracyforleaf mass perarea, soluble cell contents, hemicellulose,
and cellulose in a grassland experiment. Using EnMAP hyperspectral satellite
data, Cherif et al. (2023) demonstrated how advanced regression models can
retrieve plant functional traits such as chlorophyll content and specific leaf area.
Since the sensor's coverage is constrained to targeted acquisitions, scalability
across larger landscapes can be achieved by combining it with broader-
coverage satellite sensors such as Sentinel-2 (Chabrillat et al., 2022). Nutrient
concentrations, including nitrogen, phosphorus, and potassium, have been
estimated by integrating multispectral Sentinel-2 data with Tiangong-2 wide-
band imaging observations (Zhang et al., 2023). At local scales, UAV-based
imagery offering high-resolution hyperspectral data has been used in species-
rich grasslands to characterize canopy chlorophyll fluorescence (A¢ et al.,
2009), leaf dry matter content (Wayne Polley et al., 2020), carotenoid and starch
content, specific leaf area, and leaf thickness (Zhang et al., 2022). In addition,
high spatial and temporal resolution images, collected through the EU Land
Use/Cover Area Frame Survey (LUCAS) field survey, have proven successful in
extracting flower color and size in European grasslands (Elvekjaer et al., 2024).

Wild animal detection via satellite imagery is possible for sufficiently
large species, as discussed in Section 2.1. Nevertheless, direct species trait
estimation is limited by its comparatively coarse spatial resolution. However,
Begall et al. (2008) used Google Earth imagery to assess the body alignment of
domestic cattle and observed a predominant North-South orientation during
grazing and resting. While the study did not involve wild species, comparable
behavioral trait mapping could be expected in other large mammals. Higher-
resolution UAV imagery makes it possible to monitor morphometric traits,
such as animal body length and width (Yaney-Keller et al., 2025). This has been
demonstrated in pilot studies for farmland-swelling species, including red deer
(Cervus elaphus), hare (Lepus spp.), European badger (Meles meles), and stone
marten (Martes foina), as well as domestic cattle (Larsen et al., 2023). Imagery
acquired using UAVs can also be used to classify animals by age and sex and to
assess their body posture (Ito et al., 2022; Koger et al., 2023). UAV-based video
recordings facilitate the analysis of movement patterns (Koger et al., 2023) and
kinematic parameters of running individuals, such as gait and stride (Basu et al.,
2019). While these applications have been predominantly developed and
demonstrated in protected areas with typically high abundances of the target
species, their implementation in farmland is a plausible prospect.
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8 Monitoring farmland biodiversity using remote sensing

Algorithms are continuously being further developed to automatically
extract additional information from camera trap data. This information includes,
but is not limited to, animal behavior (e.g. resting, moving, feeding) and age
class (adult or young; Norouzzadeh et al., 2018), general health status (Smiley
et al., 2020), and surveillance of wildlife diseases such as sarcoptic mange
(Barroso and Palencia, 2024). Disease spread and interspecies interactions
are of particular importance in livestock farms, where interactions between
wild and domesticated animals can lead to disease transmission (Carrasco-
Garcia et al., 2016). Methods exist to accurately estimate morphometric
measurements such as shoulder height as well as leg, back, and total animal
length of photographed individuals from camera trap images and videos (Cui
et al., 2020; Leorna et al., 2022). Such data also allow identifying individuals
through their coat patterns or other distinctive markings (Choo et al., 2020),
such as facial masks of polecats (Mustela putorius; Hofmeester et al., 2024).
They also inform on coat coloration patterns (Gong et al., 2021) and anomalies
thereof (e.g. the presence of leucistic individuals; Hofmeester et al., 2021)
within the surveyed population. These patterns can also inform on changes in
phenology and related traits, such as molt timing in the mountain hare (Lepus
timidus; Stokes et al., 2023) or timing of antler growth and presence of offspring
in ungulates (Hofmeester et al., 2020). Long-term camera trapping datasets
can additionally reveal daily and seasonal patterns, such as perching activity
of raptors in agricultural landscapes (Beltramo and Goudet, 2025). Camera
traps have also proven effective for scalable and standardized monitoring
of arthropod-flower interactions. In farmland, Steen (2017) utilized motion-
triggered cameras to record diel activity, visitation frequency, and visit duration
by bumblebees and honeybees to focal flowers. Alison et al. (2022) monitored
moth pollination of red clover using time-lapse cameras. However, we are not
aware of any studies that have addressed the direct or indirect inference of
fungi and microorganisms’ functional traits using remote sensing techniques.

2.3 Community composition characterization: taxonomic,
functional and large-scale proxies

Remote sensing facilitates the characterization of community composition
at spatio-temporal scales that cannot be surveyed through field campaigns
alone. Using optical imagery, vegetation types and functional groups can
be distinguished, allowing to derive indicators of trait composition in cases
where species-level identification is not feasible (Cavender-Bares et al., 2020).
Functional diversity measured via trait variation is highly relevant for mapping
and monitoring ecosystem processes (Schneider et al., 2017). At local scale,
UAVs equipped with RGB, multispectral, and thermal sensors have been
used to assess herbaceous species mixtures in grasslands (Lu and He, 2017;
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Quattrini et al., 2025), to map weed communities in cropland (Pefa et al., 2013;
Pérez-Ortiz et al., 2015; Gasparovi¢ et al., 2020; Saad El Imanni et al., 2023;
Xu et al., 2023; Xu et al., 2025), to assess vineyard groundcover communities
(Ghiglieno et al., 2024), and to distinguish between invasive annual grasses
and key functional types of native vegetation in rangelands (Weisberg et al.,
2021). These datasets provide essential spectral information that is crucial for
upscaling to large-scale satellite imagery. At broader spatial extents, satellite
and aerial platforms have made it possible to differentiate among functional
groups (grasses, legumes, and broadleaved forbs) and vegetation types in
grasslands using hyperspectral sensors (Schweiger et al., 2017) and Sentinel-2
(Guevara-Torres et al., 2024).

Another approach that has gained attention for plant community
composition characterization is the use of spectral diversity, i.e. the spectral
pixel-to-pixel variability in remote sensing imagery, as a proxy for plant diversity
(Spectral Heterogeneity Hypothesis; Palmer et al., 2000; Perrone et al., 2023,;
Torresani et al., 2024a). Several studies have demonstrated correlations
between spectral heterogeneity and diversity metrics, such as species richness
and B-diversity (Rocchini et al., 2018; Schweiger et al., 2018). However, the
relationship is not universal and requires careful interpretation in the context
of agroecosystems (Rocchini et al., 2018; Ludwig et al., 2024; Rossi et al.,
2024; Wallis et al., 2025a) and should not be used as a stand-alone metric. For
example, the correlation between spectral heterogeneity and plant diversity
typically weakens in species-rich ecosystems or vertically complex areas
(Conti et al., 2021; Hayden et al., 2024; Montoya-Sénchez et al., 2025), due
to confounding effects such as trait convergence, occlusion, and phenological
effects (Ludwig et al., 2024; Perrone et al., 2024). Pixel size is also critical, with
millimeter-to-decimeter resolutions best suited for species-level monitoring
(Yang et al., 2025; see also Section 2.1), and with coarser resolutions capturing
environmental variation rather than species diversity (Hayden et al., 2024).
Thus, reliable interpretation of spectral diversity requires careful consideration
of factors including phenology and high-quality in-situ field calibration data
(Perrone et al., 2024; Ludwig et al., 2025).

Although very high-resolution satellite imagery, such as GeoEye-1(0.41-m
spatial resolution), enables counting large mammals in open landscapes (Yang
et al., 2014), satellite and airborne remote sensing data are still primarily used
for indirect assessments of animal community composition in agricultural areas
(Dalpasso et al., 2025). Single-species SDMs using remote sensing data as
environmental predictors (see Section 2.1) can be combined in stacked SDMs
(Schmitt et al., 2017), enabling the estimation of (relative) species richness
(Overmars et al., 2014). Alternatively, remote sensing data can directly serve as
input in models estimating species richness and community composition (lvits
et al., 2011; Abdi et al., 2021). Satellite- or airborne-derived distributions of
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floral resources and habitat structure (see Sections 2.4 and 2.5 for more details)
are widely employed to estimate diversity of animal taxa (Simonson et al.,
2014), with farmland examples including assessments of species richness of
small-bodied taxa such as butterflies (Kerr et al., 2001) and bees (Xavier et al.,
2018; Torresani et al., 2023; Torresani et al., 2024b; Chieffallo et al., 2025).

Camera traps are widely used to assess species richness, particularly of
medium- and large-bodied mammals (Kays et al., 2020; Tanwar et al., 2021), in
annual and permanent crop fields (Valente et al., 2018), in traditional vineyards
(Lamelas-Lopez et al., 2020), and in pastures and rangelands (Rottstock et al.,
2020; Suérez-Tangil and Rodriguez, 2021). Similar approaches have been
applied in avian studies, which have quantified a-diversity in woody bio-corridors
of agricultural landscapes (Dvorakova et al., 2023), assessed species richness in
flower strips and field margins (Wix and Reich, 2019), and tested perch-mounted
cameras to monitor raptor diversity in farmland (Hong et al., 2022). Camera
trapping has also demonstrated considerable potential for monitoring arthropod
diversity in farmland (Bjerge et al., 2024). Instead, applications of remote sensing
for estimating fungal and microbial community composition remain limited, with
studies restricted to indirect approaches. Nevertheless, spectral indices derived
from Sentinel-2 have been shown to capture aspects of soil bacterial diversity
(o and B-diversity; Bormpoudakis et al., 2024). These indices exhibit significant
associations with vegetation greenness, soil salinity, moisture, texture, and
chemical content, indicating that satellite-based metrics can serve as proxies
for belowground microbial diversity. Airborne-based lidar has also been used
to predict fungal richness and community composition across major terrestrial
habitat types, including extensive farmlands (Thers et al., 2017).

2.4 Mapping horizontal and vertical ecosystem structure

Ecosystem structure comprises both horizontal (e.g. composition, configuration,
connectivity of habitats) and vertical (e.g. vegetation canopy structure)
components. In contrast to Sections 2.1-2.3, which address the monitoring of
‘associated agrobiodiversity, this section (and the next) focus on both productive
(e.g. cropland) and semi-natural habitats (e.g. hedgerows, grassy field margins)
in farmland (Herzog et al., 2017). Distribution of agroecosystem types and
small woody features (SWF), such as tree belts or hedgerows, can be effectively
mapped from satellite observations using categorical, binary, or probabilistic
representation from which their extent can be derived (Kissling et al., 2024a).
This potential has already been demonstrated in several large-scale mapping
efforts. For example, Si-Moussi et al. (2025) produced a European wall-to-wall
map of the most probable EUNIS habitats at 100-m resolution using ensemble
machine learning models together with high-resolution satellite imagery and
climatic, topographic and edaphic variables. For crop types, d’Andrimont et al.
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(2021) produced a 10-m resolution map of 19 different crop types across the EU,
using random forest models in combination with Sentinel-1 data. Blickensdérfer
et al. (2022) combined Sentinel-1, Sentinel-2, Landsat 8, and several predictors
related to topography, temperature, and precipitation to map 24 crop types in
Germany at 10-m resolution. The spatio-temporal patterns of winter cover on
croplands (including winter crop, residue cover, bare soil, and green cover) in
Germany have been derived from Landsat and Sentinel-2 time series (Lobert
et al., 2025). More recently, the potential of remote sensing for crop mapping
was assessed by Zhang et al. (2025), reviewing over 60 crop mapping products.
Semi-natural habitats, including small woody and non-woody features,
such as grassy field margins and ponds, make important contributions to
biodiversity (Vallé et al., 2023) and climate regulation (Sydenham et al., 2025)
in agricultural landscapes. High-resolution imagery from aerial or satellite
platforms (e.g. PlanetScope) can detect hedgerows (Muro et al, 2024;
Wolstenholme et al,, 2025), farm ponds (Huang et al., 2012), stone walls
(Conserva et al., 2025), individual trees, and their changes outside forests (Liu
et al., 2023, Reiner et al., 2025) and can differentiate between low and high
nature value grasslands (Stenzel et al., 2017). At the European level, the EU's
Copernicus Earth Observation Programme has generated the Small Woody
Features (SWF) dataset derived using very high-resolution satellite data that
characterize such features (Fraucqueur et al., 2019). However, this dataset is
limited to features with a minimum length of 50 m and an area of 200 m?. From
the horizontal distribution of such ecosystem types, the structural complexity of
farmland can be quantified using metrics such as habitat richness and diversity,
or by analyzing patch size to assess ecosystem fragmentation and connectivity
across large spatial scales (Suraci et al., 2023; Sydenham et al., 2025).
Mapping ecosystem types at continental and global scales requires
a finer level of detail that includes the characterization of vegetation height
and structural complexity (Valbuena et al., 2020). While the majority of EBVs
monitoring necessitates in-situ observations, ecosystem structure variables
can be monitored through remote sensing using lidar, Synthetic Aperture
Radar (SAR), or aerial photogrammetry data acquired from various platforms
such as UAV, crewed aircraft, or satellites (e.g. Bergen et al., 2009; Lefsky et al.,
2002). However, in-situ data are still beneficial to train and validate modeling
pipelines (Lumbierres et al., 2025). Recently, Pirbasti et al. 2024 reviewed the
challenges and potential of using remote sensing for the automatic detection
of hedgerows in urban green spaces. For example, SAR data from Sentinel-1
can be used to track canopy loss of hedgerows in farmland, provided that
baseline canopy distributions are available (Luscombe et al., 2023). Satellite-
based SAR imagery also enables the retrieval of crop height by exploiting
backscattering and polarimetric interferometric SAR inversion models (Erten
et al., 2016). The canopy height of an agroforestry area in northern ltaly was
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estimated using Sentinel-1 and Sentinel-2 multispectral data as predictors of
the GEDI waveform metrics (D’Amico et al., 2025).

However, airborne laser scanning (ALS) data from national ALS campaigns
provide the most accurate means of mapping the distribution of hedgerows
and similar SWF at regional, national, and continental scales (Lucas et al., 2019;
Luscombe et al., 2023; Broughton et al., 2025). Nowak et al. (2022) showed
that ALS data are useful to estimate the vertical porosity of tree belts. Similarly,
Grondard et al. (2025) and Shi and Kissling (2024) highlighted the potential
of ALS data to monitor changes in vegetation structure of hedgerow and
forest patches in the Netherlands. However, the relatively high costs of ALS
often limit its use for repeated monitoring. Higher spatial resolution can be
achieved using sensors mounted on UAVs. For example, UAV multispectral
imagery has been used for detailed surveys of hedgerow structure (Smigaj and
Gaulton, 2021) and to determine overall farmland structural diversity (Reese
et al., 2024). Vegetation structure of croplands and grasslands can provide
valuable information for setting harvester parameters (Haydar et al., 2024).
While satellite imagery provides large-scale coverage, detailed and frequent
measures of vegetation height within the dense canopies of croplands and
grasslands are typically obtained using UAV- or ground-based sensors.
For the most accurate measurements, lidar is the preferred sensor, and its
applications in digital agriculture, including crop growth monitoring, yield
estimation, and development of autonomous harvesting systems, have been
recently reviewed by Rivera et al. (2023) and Farhan et al. (2024). Alternatively,
aerial photogrammetry from UAV-based RGB imagery allows high-resolution
mapping and monitoring of vegetation height in cropland (Ziliani et al., 2018;
Fujiwara et al., 2022). However, the major advantage of lidar, compared with
aerial photogrammetry and SAR, is its ability to penetrate gaps in vegetation
canopies, capturing the vertical layering of vegetation and the terrain beneath,
thereby enabling a detailed vertical structure assessment (Moudry et al., 2023).

2.5 Monitoring ecosystem functioning: from primary
productivity to agroecosystem functions

Ecosystem functioning encompasses all attributes related to the performance
of an ecosystem as a whole, resulting from one or more ecosystem processes
(Lovett et al., 2005). These processes are fundamental to understanding the
mechanisms through which biodiversity generates agroecosystem functions
and services, either directly or indirectly (Meyer et al., 2017; Liu et al., 2022).
Although there is still no universal consensus on which specific measures
best represent ecosystem functions (Garland et al., 2021), remote sensing
has advanced considerably in defining proxies for several key indicators, such
as primary productivity and temperature regulation (Pettorelli et al., 2018).
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However, these proxies still require integration with in-situ field measurements
to accurately quantify the targeted ecosystem functions and are increasingly
applied to improve our understanding of the biodiversity—ecosystem function
relationships across diverse ecosystems (Gomarasca et al., 2025).

Primary productivity is a key indicator of multiple ecosystem functions,
including provisioning functions such as food and habitat supply (Pettorelli
et al., 2018). In farmlands, primary productivity supports predictions of crop
yield (Burke and Lobell, 2017), forage availability (Malmstrom et al., 2009), and
above-ground biomass (Wang et al., 2019b; Guerini Filho et al., 2020). Primary
productivity can be estimated using several remote sensing approaches, most
commonly through empirical models based on vegetation indices (Vls). Among
the most widely used VIs derived from spaceborne sensors (e.g. PlanetScope,
Landsat, Sentinel-2, MODIS) is the Normalized Difference Vegetation Index
(NDVI) (Skakun et al., 2017; Sun et al., 2021), which has also been shown to
correlate strongly with UAV-derived RGB-based indices (Rossi et al., 2025).
Likewise, other VIs have demonstrated utility for crop yield estimation, including
the Modified Simple Ratio Index (Demirpolat and Leloglu, 2018), Enhanced
Vegetation Index, Normalized Difference Water Index (Bolton and Friedl, 2013;
Soriano-Gonzélez et al., 2022), and kernel NDVI (Amin et al., 2024). Primary
productivity can also be estimated using remote sensing Vls through process-
based models, such as vegetation photosynthesis models that simulate gross
primary productivity (Yan et al., 2009) or radiative transfer models that estimate
leaf area index (Doraiswamy et al., 2004; Sahoo et al., 2024). These approaches
help reduce discrepancies with ground-based measurements, although studies
have reported comparable results between empirical and process-based
methods (Schwieder et al., 2020).

However, Vis are susceptible to cloud contamination, and their reliability
may be further reduced by spectral saturation in dense canopies and soil
background influences in sparsely vegetated areas, leading to uncertainties
(Wangetal.,2019b). To address these limitations, primary productivity estimates
in farmland have been improved by additionally using spaceborne solar-
induced fluorescence (Guan et al., 2016; Joshi et al., 2023), and microwave
data from SMAP and Sentinel-1 (Chaparro et al., 2018; Wang et al., 2019c;
Kanmegne Tamga et al., 2022). While spaceborne sensors are well suited for
estimating primary productivity at relatively large field scales (e.g. >25 ha with
MODIS), capturing the fine-scale spatial variability within agricultural landscapes
requires higher-resolution data. In this context, the integration of spectral
and structural information derived from airborne imaging spectroscopy and
ALS data has shown significant potential for enhancing primary productivity
estimates in agricultural landscapes, such as in crop fields of coffee (Mendes
Dos Santos et al., 2020), barley (Bendig et al., 2015), wheat (Walter et al., 2018),
and rice (Wan et al., 2020; Li et al., 2025), as well as in grasslands (Bazzo et al.,
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2023; Vahidi et al., 2023; Wengert et al., 2025) and for woody vegetation
canopies on abandoned agricultural lands (Sackov et al., 2020).

Ecosystem quality and health, as supporting functions, can be estimated
using proxies like primary productivity, albedo, and soil moisture (Pettorelli
et al., 2018). In agricultural landscapes, surface albedo has been retrieved
from Landsat imagery (Fernandez et al., 2010; Baldassini et al., 2024), whereas
Yu et al. (2025) combined ground-based measurements, UAV observations,
and Sentinel-1 and Sentinel-2 data to estimate soil moisture content in winter
wheat fields. Forage quality depends on crude protein concentration, which
is closely related to plant nitrogen content. In grassland, forage nitrogen has
been estimated with UAV and Sentinel-2 imagery (Clevers and Gitelson, 2013;
Gao et al., 2025), while crude protein concentration has been derived with
UAV-based imagery (Wengert et al., 2025). Pollination, an important supporting
agroecosystem function, has been inferred from flower cover in farmland,
as pollinator activity depends on the availability of floral resources in both
productive and semi-natural habitats (Alignier et al., 2023). The remote sensing
of floral resources has become increasingly achievable (Feilhauer et al., 2013;
Gonzales et al., 2022), with flower cover monitored using UAV- and ground-
based imagery in hedgerows (Smigaj and Gaulton, 2021) and grasslands
(Andreatta et al., 2023; Torresani et al., 2023; Sookhan et al., 2024).

Among the regulating ecosystem functions, climate regulation can be
indirectly assessed through several remote sensing-derived proxies, including
temporal changes in soil organic carbon, land surface temperature, and
evapotranspiration (Pettorelli et al., 2018; Garland et al., 2021). In agricultural
systems, soil organic carbon mapping has been successfully achieved using data
fusion approaches that integrate Sentinel-1 SAR and Sentinel-2 multispectral
data (Yuzugullu et al., 2024; Beisekenov et al., 2025). Changes in land surface
temperature and evapotranspiration across agricultural landscapes have been
quantified using Landsat8imagery (Baldassinietal., 2024). Atfiner spatial scales,
airborne multi-angle thermal imaging has been utilized to estimate leaf-level,
sunlit, and shaded soil surface temperatures in maize fields (Bian et al., 2016).
UAV-derived multispectral and thermal data have been used to estimate daily
evapotranspiration in winter wheat (Liu et al., 2026), whereas ground-based
thermal cameras have been applied to monitor canopy temperature dynamics
in grassland communities (Guimardes-Steinicke et al., 2021). Disturbance
regulation functions to drought, for example, can be quantified using indices
such as water content in standing vegetation (Pettorelli et al., 2018), derived
from satellite-based multispectral data in agroecosystems (Chen et al., 2005).
Nutrient regulation in terrestrial ecosystems can be inferred from chlorophyll
contentin standing vegetation (Pettorelli et al., 2018). In farmland, this has been
estimated by integrating ground-based hyperspectral data with space- and
airborne datasets in rice (Inoue et al., 2012), sugarcane (Nugroho et al., 2025),
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and winter wheat (Delloye et al., 2018) fields. Chlorophyll content has also been
estimated through inverse retrieval from canopy reflectance models applied to
airborne and spaceborne imagery in corn fields (Houborg et al., 2009), as well
as from UAV-based multispectral imagery in sugar beet fields (Jay et al., 2019).

2.6 Synthesis of suitable remote sensing platforms across
Essential Biodiversity Variables

As demonstrated in the previous sections, farmland biodiversity is a complex
and multidimensional phenomenon that varies across spatial and temporal
scales, making it impossible to capture it with a single sensing system
approach. Nevertheless, remote sensing provides a suite of versatile tools for
its monitoring and for the assessment of the different EBVs (Fig. 2). Spaceborne
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Figure 2 Suitability of remote sensing platforms for monitoring each EBV class in
farmland. Ground-based platforms here include camera traps (for animals), as well as
field survey imagery and time-lapse cameras (for plants and habitats, see Sections 2.2 and
2.5). Airborne platforms encompass both crewed aircraft and UAVs, while spaceborne
platforms refer to satellite missions. Credits: vectors of taxa and habitats, sourced and
modified from: https://openmoiji.org/.
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and airborne sensors are particularly suitable for assessing agroecosystem
extent, connectivity, and functioning at landscape, regional, and continental
scales. These platforms also support the detection of some plant and large
animal species, as well as the estimation of their community composition and
functional traits. At local scales, high-resolution UAV imagery and camera traps
are especially effective for mapping small or cryptic multi-species assemblages.
Remote sensing further enables modeling orindirectapproaches, such as SDMs
and the use of spectral diversity as a proxy for community composition (Section
2.3). However, significant gaps remain, particularly in capturing species-level
traits of small taxa (Fig. 2). In these cases, ground-based automated methods,
including camera traps, passive acoustic monitoring, and telemetry (Caprio
and Rolando, 2017; Mirski et al., 2024), provide essential complementary
data. Integrating these platforms and automated analysis workflows offers
strong potential for scalable, more accurate, and representative monitoring of
farmland biodiversity and its associated agroecosystem functions in the future
(see Section 4).

3 Challenges

Satellites provide continuous, large-scale coverage and consistent data
processing for monitoring agroecosystem structure and functions (see Sections
2.4 and 2.5), yet the fine-scale heterogeneity of agricultural landscapes, often
structured as a mosaic of large patches (e.g. fields) interspersed with smaller
elements (e.g. tree lines or hedgerows), causes mixed pixels with adjacent land
cover affecting the spectral signal. Crewed aircraft offer higher spatial resolution
over broad areas but are constrained by high costs, infrastructure demands,
seasonal mismatches (revisits typically occurring during leaf-off periods;
Kissling et al., 2024b) and often suboptimal point densities for agroecosystem
monitoring (Kissling et al., 2024b). Expanding access to very high-resolution
commercial imagery and upcoming free optical missions could improve fine-
feature detection in farmland (Meier et al., 2020; Rufin et al., 2025).

UAVs offer millimeter- to centimeter-level detail, dense 3D information,
and flexible timing, yet cover limited areas and require careful calibration and
mission planning (Manfreda et al., 2018; Boucher et al., 2023; Pargieta, 2023).
Lower flight altitudes enhance plant species mapping (see Sections 2.1 and 2.3)
but reduce the swath (Tosin et al., 2025). Conventional multispectral sensors
struggle to distinguish spectrally similar species, while hyperspectral systems,
especially when combined with lidar or thermal data, capture key chemical and
structural traits for improved species discrimination (Sankey et al., 2018; Zhang
et al., 2020), though co-registration of multiple sensors remains technically
complex (Samadzadegan et al., 2025). UAVs can detect large mammals over
broader areas than camera traps if flown at altitudes minimizing disturbance
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(Duporge etal., 2021; Mo and Bonatakis, 2022). Despite their limited coverage,
camera traps remain effective for continuous monitoring of taxa and traits (see
Sections 2.1-2.3), but require integration with ecological models to obtain
unbiased population estimates (Palencia et al., 2021).

Weather strongly influences remote sensing data. Clouds, shadows,
aerosols, and water vapor degrade optical imagery and introduce radiometric
distortions.Wind and boundary layer stratification destabilize airborne platforms
and bias thermal measurements. Precipitation, dew, and soil moisture alter
surface reflectance and backscatter signals, while lidar performance declines
under clouds, fog, or precipitation. Satellite optical missions are particularly
weather-dependent; however, recent gap-filling methods help mitigate cloud-
induced data gaps (Zimmer et al., 2025). In contrast, SAR operates in all weather
and day-night conditions, but its backscatter is influenced by surface moisture,
rainfall, incidence angle, and terrain. Airborne operations must be scheduled
under favorable weather conditions, such as low wind speeds and midday
lighting to minimize long shadows.

Rapid phenological changes in agricultural landscapes, driven by crop
cycles and management practices such as tilling, mowing, and harvesting,
result in frequent fluctuations in vegetation signals (Abdi et al., 2021), and
lead to shifts in biodiversity within and between seasons (Andreatta et al.,
2025). Consequently, the timing of remote sensing observations is critical, as
the optimal periods for monitoring biodiversity indicators, such as flowering
plants or fauna, are often narrow and species-specific. Maintaining temporal
data continuity to generate consistent time-series is challenged by agronomic
activities, weather, infrequent high-resolution satellite and airborne revisits,
and irregular UAV campaigns. Reliable remote sensing satellite time-series
require standardized processing pipelines that include radiometric and
geometric corrections, cloud and shadow masking, and gap-filling approaches
that preserve phenological dynamics (Dinguirard and Slater, 1999). Similarly,
UAV-based time-series require standardized flight geometry, illumination, and
recorded weather conditions to reduce the bidirectional reflectance distribution
function effects and ensure temporal comparability (Herrero-Huerta et al.,
2014, Komarek, 2025; Maes, 2025). Accurate alignment across acquisitions
generally relies on ground-control points, which are labor-intensive particularly
in featureless farmlands (Maes, 2025), though direct georeferencing with real-
time kinematic positioning and advanced flight patterns can achieve similar
accuracy if residuals are quality assured (Elias et al., 2024). Camera trap time-
series require regular inspections and maintenance (Apps and McNutt, 2018),
as well as careful downstream data curation to prevent duplicate detections
(Choo et al., 2020; Haye et al., 2025).

Recent advances in monitoring farmland biodiversity through remote
sensing have largely been driven by progress in automated classification
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techniques that exploit very high-resolution data from multiple platforms
(Weiss et al., 2020; Schéttker et al.,, 2023). In particular, Al models provide
powerful tools for mapping species and agroecosystems, but they rely on
extensive, well-annotated datasets that must be balanced to minimize bias and
prevent the omission of, for example, rare species (Mesias-Ruiz et al., 2024).
However, their performance often declines when transferred across regions
due to domain shifts that limit their generalizability (Kattenborn et al., 2022;
Meyer and Pebesma, 2021). Additionally, all operations must comply with
local regulations. In the EU, UAVs are governed by Regulations (EU) 2019/945
and 2019/947, and they are restricted in sensitive areas and during the bird
breeding season. Deploying UAVs and camera traps requires farmer or
landowner permission, with the latter requiring meticulous placement in highly
structured farmlands (Kolowski and Forrester, 2017; Roilo et al., 2025). Camera
trapping faces additional operational challenges, such as limited mounting
options in farmland, vegetation obstructing the field of view, and difficulty in
maintaining focus across uneven plant heights, particularly when monitoring
arthropods (Bjerge et al., 2024).

4 Road ahead

This chapter has highlighted the considerable potential of remote sensing
technologies to support the establishment of farmland biodiversity monitoring
systems across the different EBVs. Nonetheless, mapping accuracy remains
one of the key limitations hindering their widespread application in agricultural
landscapes (Zavalloni et al.,, 2025). Future remote sensing efforts should
prioritize the following: improving the generalizability and refinement of Al
models; developing high-quality benchmark datasets for remote-sensing
product validation; fostering data synergies across automated monitoring
platforms; and advancing ecologically meaningful large-scale proxies and
methods capable of detecting cryptic and understory species. Enhancing
the robustness and transferability of Al models will require sustained data
collection efforts that provide extensive, high-quality labeled datasets across
diverse study sites. Within the context of agroecosystem monitoring, the Land
Parcel Identification System (LPIS) represents a valuable yet underutilized
and largely inaccessible data source. Providing annual farm- and parcel-
level information on crops and agro-environmental measures implemented
for CAP-related payments across the EU (Leonhardt et al., 2024), this dataset
could be instrumental in improving agroecosystem mapping. For species- and
trait-level monitoring, the development of semi-supervised learning models,
augmentation strategies, and transfer learning approaches that leverage data
from multiple source domains should be prioritized to mitigate data scarcity
and enhance model performance across regions (Basavegowda et al., 2025).
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To enable continuous evaluation and comparison of Al processing pipelines
and to ensure the reliability of remote sensing—derived indicators, benchmark
datasets, such as those developed by the Committee on Earth Observation
Satellites Land Product Validation (CEOS-LPV), should be openly available
and adhere to stringent quality standards. Such datasets should facilitate both
quantitative and qualitative validation in farmland environments (Weiss et al.,
2020). Species-specific reference datasets, in particular, should include expert
taxonomic verification and systematic auditing to ensure accuracy.

As demonstrated in this chapter, detection models often underperform
when remote sensing data lack the optimal spatial, temporal, or spectral
resolution required for specific mapping objectives. A coordinated approach
to data integration, where each sensing modality contributes complementary
information, can bridge observational gaps and enable multi-scale and holistic
biodiversity and ecosystem functioning monitoring (Serrano et al., 2018).
Although interoperability among sensors, platforms and in-situ data remains
limited (Alvarez-Vanhard et al., 2021; Lumbierres et al., 2025), fostering
automated data synergies offers a promising pathway forward (Steenweg et al.,
2017; Zeuss et al., 2024; Hoffmann et al., 2025). Such data integration can
better align observational scales with underlying ecological processes (Schulte
To Biihne and Pettorelli, 2018). However, realizing this potential is constrained
by inconsistencies, such as variations in sensor viewing geometries and the
lack of radiometric harmonization across datasets (Samadzadegan et al., 2025).
Consequently, advancing interoperability protocols and standards across
sensors, sensing platforms, and in-situ measurements is crucial (Manfreda
et al., 2018; Burchard-Levine et al., 2022). These efforts can be strengthened
through the establishment of agricultural reference sites that support repeated
multi-platform acquisitions (Hoffmann et al., 2025). The effective design of
such initiatives requires close collaboration among ecologists, agronomists,
technology developers, and data scientists (Koontz et al., 2022), coupled with
the continuous refinement of biodiversity indicators (Hillebrand et al., 2025).
Collectively, these actions will facilitate the identification of optimal sensors
and monitoring intervals for the effective deployment of remote sensing
technologies in farmland (see Section 3).

As highlighted in this chapter, large-scale remote sensing proxies
are central to biodiversity monitoring in agricultural landscapes, yet their
performance remains context-dependent and insufficiently tested in
agroecosystems (Rossi et al., 2024). For instance, as discussed in Section 2.3,
spectral heterogeneity derived from optical sensors does not universally
capture plant species richness. This relationship weakens under high-diversity
conditions or vertically complex areas (Conti et al., 2021; Hayden et al., 2024),
and it is further influenced by confounding factors such as trait convergence,
occlusion, and phenological effects (Ludwig et al., 2024; Perrone et al., 2024).
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Integrating multisource space- and airborne remote sensing with in-situ field
spectroscopy networks could help disentangle such confounding factors and
support the development of context-specific remote sensing approaches (Lyu
et al., 2024, Wallis et al., 2025b). Similarly, plant stress signals often conflate
multiple drivers, such as co-occurring diseases, drought, and nutrient status
(Zhu et al., 2024), which complicates efforts to remotely monitor fungi and
microorganisms’ diversity in agroecosystems (see Sections 2.1 and 2.3).
Advancing these large-scale proxies will require systematic evaluation across
study sites, supported by clearly defined conditions of validity, domains of
applicability, and quantified confidence intervals. To further advance mapping
accuracies, further research should focus on methods capable of detecting
cryptic and understory species. Miniaturized hyperspectral sensors, now
emerging as more affordable technologies (Saari et al., 2009), hold promise
for monitoring spectrally and morphologically similar species. Although crop/
grass canopy occlusion continues to limit understory detection, this constraint
can be mitigated through testing approaches such as optimized UAV flight
timing (Basavegowda et al., 2025), multi-view imaging and data fusion (Xu
et al., 2025), and adaptive flight strategies tailored to specific areas of interest
(Barrasso et al., 2024; Van Essen et al., 2025).

Despite technical and methodological advances, expanding taxonomic
and ecosystem coverage remains essential to address the substantial gaps that
persist in global biodiversity monitoring (Moersberger et al., 2024; Santana
et al., 2025). Particularly in agricultural landscapes, biodiversity monitoring
remains a major blind spot in global biodiversity data (Remelgado et al., 2025).
Strategicinvestments are therefore needed to expand monitoring efforts, going
beyond the conventionally studied groups, such as plants and arthropods
(Herzog and Franklin, 2016; Bonfanti et al., 2025). A plethora of other taxa, such
as mammals, reptiles, and fungi, remain understudied despite their crucial
contributions to ecosystem functioning (Tschumi et al., 2018; Williams et al.,
2018; Babalola et al., 2025). Understanding the impacts of farming practices
on biodiversity, and the ecosystem services it supports, requires enhanced
monitoring across specific EBV classes. While conventional species abundance
estimates remain valuable, they should be complemented by data on functional
traits and agroecosystem functioning, as these measures offer a more accurate
reflection of the ecosystem resilience provided by biodiversity in agricultural
landscapes (Bonfanti et al., 2025). Advancing our understanding of habitat
quality and ecological connectivity remains a key priority (Nicholson Thomas
et al., 2025), particularly regarding how farmland structure and seasonal
phenology influence animal movement and dispersal. Monitoring bio-corridors
and other linear landscape features is therefore essential, as these elements
facilitate dispersal and gene flow across increasingly fragmented agricultural
landscapes (Gastén et al., 2016; Doherty and Driscoll, 2018).
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Finally, upscaling farmland biodiversity monitoring to a global scale will
ultimately require access to privately owned land. This can be facilitated by
providing farmers with incentives for biodiversity monitoring (Remelgado et al.,
2025), developing technologies that integrate seamlessly with daily farming
operationsand promoting sustainable certification schemes. Policy mechanisms,
such as those of the Common Agricultural Policy, could be extended to link
farmer payments directly to biodiversity conservation outcomes, so-called
result-based payment schemes (Kaiser et al, 2019; Wuepper and Huber,
2022). Such incentives would promote biodiversity monitoring and the uptake
of these novel technologies in agricultural landscapes (Aliloo et al., 2024). For
instance, technological advances are already underway, including UAV onboard
processing, swarm coordination, and wireless recharging systems (Messaoudi
et al., 2024), which can support scalable and continuous monitoring efforts by
farmers or paying agencies. Many farmers already employ Digital Agriculture
technologies to optimize resource use (Aijaz et al., 2025). These systems could
be seamlessly adapted by the private sector to include biodiversity monitoring
functionalities, aligning sustainability goals with existing agricultural operations
(Lindblom et al., 2017; Avanidou et al., 2023; Gackstetter et al., 2023). To
ensure continuous operations, monitoring systems must be capable of offline
operation, particularly in regions with limited or unreliable internet connectivity
(Pringle et al., 2025). This can be achieved through SMS-based reporting
tools, offline-capable applications, and lightweight cloud interfaces for data
collection. Additionally, promoting sustainability certification schemes that
mandate biodiversity reporting as part of compliance could further incentivize
farmland biodiversity monitoring (Tayleur et al., 2017), and contribute to closing
the biodiversity data gap in agricultural landscapes.

5 Conclusion

Biodiversity is inherently complex, encompassing multiple taxa, functional
traits, and ecosystem processes that vary across spatial and temporal scales.
In farmland, no single monitoring approach can fully capture this complexity.
However, remote sensing provides an automated and versatile suite of tools
that can substantially enhance our understanding and management of farmland
biodiversity. Spaceborne and airborne sensors are particularly effective for
assessing agroecosystem structure and functioning, as well as detecting plants
and large mammals, while high-resolution UAV imagery and camera traps are
especially suitable for monitoring small or cryptic species. Despite their potential,
these technologies face substantial technical and methodological challenges
that must be addressed to improve mapping accuracy and support their wider
adoption for farmland biodiversity monitoring. A critical bottleneck is the scarcity
of high-quality training and benchmark datasets. Overcoming this limitation
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requires coordinated data collection across regions and the development of
openly shared, rigorously validated datasets with expert taxonomic verification.
Integrating observations across multiple sensors and platforms, supported by
interoperability protocols, is essential to align observational scales with the
ecological processes, enabling holistic multi-scale biodiversity monitoring
and tailored context-specific approaches. Looking ahead, expanding farmland
biodiversity monitoring must also address persistent gaps in taxonomic and
ecosystem coverage. Because regulatory and operational constraints ultimately
influence data accessibility, policy and certification incentives alongside farmer-
friendly, interoperable monitoring technologies will be critical for scaling
monitoring across privately managed lands. In conclusion, when combined
with ground-based methods and supported by robust data infrastructures,
remote sensing technologies offer unprecedented opportunities to monitor
farmland biodiversity. This integrated approach can provide the foundation for
evidence-based policymaking, enabling sustainable agricultural management
and contributing to global biodiversity conservation.
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7 Where to look for further information

A general overview on the practical use of remote sensing to support national
biodiversity monitoring is provided by Vihervaara et al. 2017. More specialized
reviews addressing the role of digital technologies in the design of sustainable
agricultural systems, and conservation and monitoring of farmland biodiversity
can be found in Basso and Antle 2020, Krachunova et al. 2025, and Remelgado
etal. 2026. Canelas et al. 2026 and Zawalinska et al. 2026 further summarize a
range of biodiversity indicators that are technologically feasible from a sensor
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perspective and relevant for monitoring farmland biodiversity within the
Common Agricultural Policy framework.

Specific overviews of farmland biodiversity monitoring using UAVs,
including multi-sensor integration approaches, methodological best practices,
and lessons learned, are provided by Libran-Embid et al. 2020, Chakhvashvili
et al. 2024, and Reese et al. 2024. Roilo et al. 2025 present a comprehensive
review of camera trap applications for farmland biodiversity monitoring and
discuss strategies to overcome current barriers to their implementation in
agricultural landscapes.

A comprehensive book dedicated to the space borne remote sensing
of plant diversity, covering topics from species distributions to foliar traits,
as well as the opportunities and limitations of remote sensing approaches,
is provided by Cavender-Bares et al. 2020. Relevant research in this field is
commonly published in journals such as Biological Conservation, Computers
and Electronics in Agriculture, Ecological Indicators, Ecological Informatics,
Methods in Ecology and Evolution, Remote Sensing in Ecology and
Conservation, and Remote Sensing of Environment. An important example of
a large-scale initiative using remote sensing data to map plant biodiversity is
GeoPl@ntNet (https://geo.plantnet.org/en).

Professional organizations that provide guidelines and best practices
for advancing biodiversity monitoring through remote sensing include the
International Union for Conservation of Nature (IUCN) (available online: https://
portals.iucn.org/library/sites/library/files/documents/PATRS-007-En.pdf) and
the World Wide Fund for Nature (WWF), which offer resources on topics such
as camera trapping (available online: https://www.wwf.org.uk/project/conserv
ationtechnology/camera-trap) and lidar-based (available online: https://www
wwf.org.uk/project/conservationtechnology/lidar) monitoring.

Additional guidance specifically addressing remote sensing applicationsfor
farmland biodiversity monitoring is provided by the Organisation for Economic
Co-operation and Development (OECD) (available online: https://www
.oecd.org/content/dam/oecd/en/publications/reports/2023/07/guidelines
-for-the-development-of-an-oecd-farmland-habitat-biodiversity-indicator
_e4e022e4/09d45d55-en.pd) and the Institute for European Environmental
Policy (IEEP) (available online: https://ieep.eu/wp-content/uploads/2024/06
/Advancing-biodiversity-monitoring-in-agricultural-landscapes-IEEP-2024
.pdf). Key organizations and networks active in this field include the European
Space Agency (ESA) through the Copernicus biodiversity Earth Observation
programme, the Group on Earth Observations Biodiversity Observation
Network (GEO BON), the European Associationof Remote Sensing Laboratories
(EARSel) through its Special Interest Groups on Agriculture (https://agriculture
.earsel.org/) and Biodiversity and Ecosystem Services (https://biodiversity
.earsel.org/), and the European Weed Research Society (EWRS) Working
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Group on Precision Weed Management (https://ewrs.org/en/Working-Groups
/Precision-Weed-Management/). Several ongoing research projects are also
advancing the remote sensing of farmland biodiversity, including MonViA
(https://www.agrarmonitoring-monvia.de/en/) and BioMonitordCAP (https://
www.biomonitordcap.eu/en).
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