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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; Gámez-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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cultivated fields and influence the conservation value of adjacent natural and 
semi-natural habitats (Carrié et al., 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; Schöttker 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 (AI) that have significantly 
augmented the viability, precision, and cost-effectiveness of remote sensing 
applications for mapping and tracking farmland biodiversity (Librán-Embid 
et  al., 2020; Schöttker 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 aircraft is 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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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; Mesías-Ruiz et  al., 2024) and grassland (Petrich et  al., 
2020; Gallmann et al., 2022; Gröschler 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; Mesías-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 
et al., 2016). 

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 AI model (D-E; Centaurea cyanus and Tripleurospermum 
inodorum). 
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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 (Krüger et al., 2018), crop damage by vertebrate pests (Lamelas-López 
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; Rodríguez Barrera, 2024), Bobak marmots (Marmota 
bobak; Koshkina et  al., 2020), voles (Microtus spp.; Ezzy et  al., 2021), field 
hamsters (Cricetus cricetus; Thürkow et  al., 2025), and European moles 
(Talpa europaea; Łopucki 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 
(Calderón 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; Homolová 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. (2019a) showed 
high retrieval accuracy for leaf mass per area, 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 (Ač 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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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 (Peña et al., 2013; 
Pérez-Ortiz et al., 2015; Gašparović 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 β‐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‐Sánchez 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 (Ivits 
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; Suárez-Tangil and Rodríguez, 2021). Similar approaches have been 
applied in avian studies, which have quantified α-diversity in woody bio-corridors 
of agricultural landscapes (Dvořáková 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 
(α and β‐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. Blickensdörfer 
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 m2 . 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 Italy 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 (Moudrý 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 (VIs). 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 Leloğlu, 2018), Enhanced 
Vegetation Index, Normalized Difference Water Index (Bolton and Friedl, 2013; 
Soriano-González et  al., 2022), and kernel NDVI (Amin et  al., 2024). Primary 
productivity can also be estimated using remote sensing VIs 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 
(Wang et al., 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 (Sačkov 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 (Fernández 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 Landsat 8 imagery (Baldassini et al., 2024). At finer 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 (Guimarães‐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 
content in 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 

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://openmoji .org/. 

https://openmoji .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 or indirect approaches, 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; Pargieła, 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 et al., 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; Komárek, 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; Høye et al., 2025). 

Recent advances in monitoring farmland biodiversity through remote 
sensing have largely been driven by progress in automated classification 



 Monitoring farmland biodiversity using remote sensing 18 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

techniques that exploit very high-resolution data from multiple platforms 
(Weiss et  al., 2020; Schöttker et  al., 2023). In particular, AI 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 (Mesías-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 AI 
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 AI 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). 



Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 19 

To enable continuous evaluation and comparison of AI 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 Bühne 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). 
Strategic investments 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 (Gastón et al., 2016; Doherty and Driscoll, 2018). 



Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 21 

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 
operations and 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 
et al. 2026. Canelas et al. 2026 and Zawalińska 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 Librán-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 /con serv  
atio ntec hnology /camera -trap) and lidar-based (available online: https://www  
.wwf .org .uk /project /con serv atio ntec hnology /lidar) monitoring. 

Additional guidance specifically addressing remote sensing applications for 
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 

https://geo .plantnet .org /en
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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
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
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
https://ieep.eu/wp-content/uploads/2024/06/Advancing-biodiversity-monitoring-in-agricultural-landscapes-IEEP-2024.pdf
https://ieep.eu/wp-content/uploads/2024/06/Advancing-biodiversity-monitoring-in-agricultural-landscapes-IEEP-2024.pdf
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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 BioMonitor4CAP (https:// 
www .biomonitor4cap .eu /en). 

8 References 
Abdi, A.M. et  al. (2021) “Biodiversity decline with increasing crop productivity in 

agricultural fields revealed by satellite remote sensing,” Ecological Indicators, 130, 
p. 108098. Available at: https://doi .org /10 .1016 /j .ecolind .2021 .108098. 

Ač, A. et  al. (2009) “Near-distance imaging spectroscopy investigating chlorophyll 
fluorescence and photosynthetic activity of grassland in the daily course,” Functional 
Plant Biology, 36(11), pp. 1006–1015. Available at: https://doi .org /10 .1071 /fp09154. 

Aijaz, N. et al. (2025) “Artificial intelligence in agriculture: advancing crop productivity and 
sustainability,” Journal of Agriculture and Food Research, 20, p. 101762. Available at: 
https://doi .org /10 .1016 /j .jafr .2025 .101762. 

Alignier, A. et  al. (2023) “Floral resource maps: a tool to explain flower-visiting insect 
abundance at multiple spatial scales,” Landscape Ecology, 38(6), pp. 1511–1525. 
Available at: https://doi .org /10 .1007 /s10980 -023 -01643–9. 

Aliloo, J. et  al. (2024) “Dos and don’ts of using drone technology in the crop fields,” 
Technology in Society, 76, p. 102456. Available at: https://doi .org /10 .1016 /j .techsoc  
.2024 .102456. 

Alison, J. et al. (2022) “Moths complement bumblebee pollination of red clover: a case 
for day-and-night insect surveillance,” Biology Letters, 18(7), p. 20220187. Available 
at: https://doi .org /10 .1098 /rsbl .2022 .0187. 

Alvarez-Vanhard, E. et  al. (2021) “UAV & satellite synergies for optical remote sensing 
applications: a literature review,” Science of Remote Sensing, 3, p. 100019. Available 
at: https://doi .org /10 .1016 /j .srs .2021 .100019. 

Amarasingam, N. et al. (2025) “Mapping of insect pest infestation for precision agriculture: 
a UAV-based multispectral imaging and deep learning techniques,” International 
Journal of Applied Earth Observation and Geoinformation, 137, p. 104413. Available 
at: https://doi .org /10 .1016 /j .jag .2025 .104413. 

Amin, E. et al. (2024) “In-season forecasting of within-field grain yield from Sentinel-2 time 
series data,” International Journal of Applied Earth Observation and Geoinformation, 
126, p. 103636. Available at: https://doi .org /10 .1016 /j .jag .2023 .103636. 

Andreatta, D. et  al. (2023) “Extracting flowering phenology from grassland species 
mixtures using time-lapse cameras,” Remote Sensing of Environment, 298, p. 
113835. Available at: https://doi .org /10 .1016 /j .rse .2023 .113835. 

Andreatta, D. et  al. (2025) “Remote sensing reveals scale‐specific effects of forage 
crop mowing and landscape structure on a declining farmland bird,” Journal 
of Applied Ecology, 62(3), pp. 502–515. Available at: https://doi .org /10 .1111  
/1365–2664.14865. 

Apps, P.J. and McNutt, J.W. (2018) “How camera traps work and how to work them,” 
African Journal of Ecology, 56(4), pp. 702–709. Available at: https://doi .org /10 .1111  
/aje .12563. 

https://ewrs.org/en/Working-Groups/Precision-Weed-Management/
https://ewrs.org/en/Working-Groups/Precision-Weed-Management/
https://www.biomonitor4cap.eu/en
https://www.biomonitor4cap.eu/en
https://doi.org/10.1016/j.ecolind.2021.108098
https://doi.org/10.1071/fp09154
https://doi.org/10.1016/j.jafr.2025.101762
https://doi.org/10.1007/s10980-023-01643-9
https://doi.org/10.1016/j.techsoc.2024.102456
https://doi.org/10.1016/j.techsoc.2024.102456
https://doi.org/10.1098/rsbl.2022.0187
https://doi.org/10.1016/j.rse.2021.100019
https://doi.org/10.1016/j.jag.2025.104413
https://doi.org/10.1016/j.jag.2024.103636
https://doi.org/10.1016/j.rse.2023.113835
https://doi.org/10.1111/1365-2664.16485
https://doi.org/10.1111/1365-2664.16485
https://doi.org/10.1111/aje.12563
https://doi.org/10.1111/aje.12563
https://www


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 25 

Avanidou, K. et  al. (2023) “Development of a multi scale interactive web-GIS system 
to monitor farming practices: a case study in Lemnos Island, Greece,” Smart 
Agricultural Technology, 5, p. 100313. Available at: https://doi .org /10 .1016 /j .atech 
.2023 .100313. 

Babalola, O.O. et al. (eds.) (2025) Ecofriendly Frontiers: Harnessing Microbial Applications 
for Food Security. Cham: Springer Nature Switzerland. Available at: https://doi .org  
/10 .1007 /978 -3 -031 -98700–7. 

Bacigalupo, S.A. et  al. (2022) “Wild boar visits to commercial pig farms in southwest 
England: implications for disease transmission,” European Journal of Wildlife 
Research, 68(6), p. 69. Available at: https://doi .org /10 .1007 /s10344 -022 -01618–2. 

Baldassini, P. et  al. (2024) “Mapping cropping systems and their effects on ecosystem 
functioning and services in the Argentine Pampas,” Agriculture, Ecosystems & 
Environment, 369, p. 109027. Available at: https://doi .org /10 .1016 /j .agee .2024  
.109027. 

Balfour, N.J. et al. (2025) “Trade-off between pollinator-wildflower diversity & grassland 
yields,” npj Biodiversity, 4(1), p. 1. Available at: https://doi .org /10 .1038 /s44185 -024  
-00070–6. 

Barnes, A.D. et al. (2020) “Biodiversity enhances the multitrophic control of arthropod 
herbivory,” Science Advances, 6(45), p. eabb6603. Available at: https://doi .org /10  
.1126 /sciadv .abb6603. 

Barnsley, S.L. et al. (2022) “Mapping nectar-rich pollinator floral resources using airborne 
multispectral imagery,” Journal of Environmental Management, 313, p. 114942. 
Available at: https://doi .org /10 .1016 /j .jenvman .2022 .114942. 

Barrasso, C. et  al. (2024) “Mapping indicator species of segetal flora for result-based 
payments in arable land using UAV imagery and deep learning,” Ecological 
Indicators, 169, p. 112780. Available at: https://doi .org /10 .1016 /j .ecolind .2024  
.112780. 

Barroso, P. and Palencia, P. (2024) “Camera traps reveal a high prevalence of sarcoptic 
mange in red foxes from northern Spain,” Research in Veterinary Science, 166, p. 
105098. Available at: https://doi .org /10 .1016 /j .rvsc .2023 .105098. 

Basavegowda, D.H. et  al. (2025) “UAV-assisted deep learning to support results-
based agri-environmental schemes: facilitating Eco-Scheme 5 implementation in 
Germany,” Biological Conservation, 309, p. 111323. Available at: https://doi .org /10  
.1016 /j .biocon .2025 .111323. 

Basso, B. and Antle, J. (2020) “Digital agriculture to design sustainable agricultural 
systems,” Nature Sustainability, 3(4), pp. 254–256. Available at: https://doi .org /10  
.1038 /s41893 -020 -0510 -0. 

Basu, C.K. et al. (2019) “The running kinematics of free-roaming giraffes, measured using 
a low cost unmanned aerial vehicle (UAV),” PeerJ, 7, p. e6312. Available at: https:// 
doi .org /10 .7717 /peerj .6312. 

Baude, M. et  al. (2016) “Historical nectar assessment reveals the fall and rise of floral 
resources in Britain,” Nature, 530(7588), pp. 85–88. Available at: https://doi .org /10  
.1038 /nature16532. 

Bazzo, C.O.G. et al. (2023) “A review of estimation methods for aboveground biomass in 
grasslands using UAV,” Remote Sensing, 15(3), p. 639. Available at: https://doi .org  
/10 .3390 /rs15030639. 

https://doi.org/10.1016/j.atech.2023.100313
https://doi.org/10.1016/j.atech.2023.100313
https://doi.org/10.1007/978-3-031-98700-7
https://doi.org/10.1007/978-3-031-98700-7
https://doi.org/10.1007/s10344-022-01618-2
https://doi.org/10.1016/j.agee.2024.109027
https://doi.org/10.1016/j.agee.2024.109027
https://doi.org/10.1038/s44185-024-00076-6
https://doi.org/10.1038/s44185-024-00076-6
https://doi.org/10.1126/sciadv.abb6603
https://doi.org/10.1126/sciadv.abb6603
https://doi.org/10.1016/j.jenvman.2022.114942
https://doi.org/10.1016/j.ecolind.2024.112780
https://doi.org/10.1016/j.ecolind.2024.112780
https://doi.org/10.1016/j.rvsc.2023.105098
https://doi.org/10.1016/j.biocon.2025.111323
https://doi.org/10.1016/j.biocon.2025.111323
https://doi.org/10.1038/s41893-020-0510-0
https://doi.org/10.1038/s41893-020-0510-0
https://doi.org/10.7717/peerj.6312
https://doi.org/10.7717/peerj.6312
https://doi.org/10.1038/nature16532
https://doi.org/10.1038/nature16532
https://doi.org/10.3390/rs15030639
https://doi.org/10.3390/rs15030639


 Monitoring farmland biodiversity using remote sensing 26 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Beckmann, M. et  al. (2019) “Conventional land‐use intensification reduces species 
richness and increases production: a global meta‐analysis,” Global Change Biology, 
25(6), pp. 1941–1956. Available at: https://doi .org /10 .1111 /gcb .14606. 

Begall, S. et  al. (2008) “Magnetic alignment in grazing and resting cattle and deer,” 
Proceedings of the National Academy of Sciences, 105(36), pp. 13451–13455. 
Available at: https://doi .org /10 .1073 /pnas .0803650105. 

Beltramo, M. and Goudet, G. (2025) “Seasonal and daily trends in raptors’ use of artificial 
perches in agricultural areas,” Journal of Raptor Research, 59(4), pp. 1–10. Available 
at: https://doi .org /10 .3356 /jrr2473. 

Beisekenov, N. et al. (2025) “Remote sensing-based soil organic carbon monitoring using 
advanced machine learning techniques under conservation agriculture systems,” 
Smart Agricultural Technology, 11, p. 101036. Available at: https://doi .org /10 .1016  
/j .atech .2025 .101036. 

Bendig, J. et al. (2015) “Combining UAV-based plant height from crop surface models, 
visible, and near infrared vegetation indices for biomass monitoring in barley,” 
International Journal of Applied Earth Observation and Geoinformation, 39, pp. 79– 
87. Available at: https://doi .org /10 .1016 /j .jag .2015 .02 .012. 

Benton, T.G. et  al. (2003) “Farmland biodiversity: is habitat heterogeneity the key?,” 
Trends in Ecology & Evolution, 18(4), pp. 182–188. Available at: https://doi .org /10 
.1016 /S0169 -5347(03)00011–9. 

Bergen, K.M. et al. (2009) “Remote sensing of vegetation 3‐D structure for biodiversity 
and habitat: review and implications for lidar and radar spaceborne missions,” 
Journal of Geophysical Research: Biogeosciences, 114(G2). Available at: https://doi  
.org /10 .1029 /2008JG000883. 

Bian, Z. et al. (2016) “Retrieval of leaf, sunlit soil, and shaded soil component temperatures 
using airborne thermal infrared multiangle observations,” IEEE Transactions on 
Geoscience and Remote Sensing, 54(8), pp. 4660–4671. Available at: https://doi .org  
/10 .1109 /TGRS .2016 .2547961. 

BirdWatch (2024) D4.2 Ensemble Species Distribution Models Estimated and Validated 
for First Study Region. Version 1.0. Deliverable for the Horizon Europe Project 
BirdWatch: https://birdwatch -europe .org/. 

Bjerge, K. et  al. (2024) “A deep learning pipeline for time-lapse camera monitoring 
of insects and their floral environments,” Ecological Informatics, 84, p. 102861. 
Available at: https://doi .org /10 .1016 /j .ecoinf .2024 .102861. 

Blickensdörfer, L. et  al. (2022) “Mapping of crop types and crop sequences with 
combined time series of Sentinel-1, Sentinel-2 and Landsat 8 data for Germany,” 
Remote Sensing of Environment, 269, p. 112831. Available at: https://doi .org /10  
.1016 /j .rse .2021 .112831. 

Bolton, D.K. and Friedl, M.A. (2013) “Forecasting crop yield using remotely sensed 
vegetation indices and crop phenology metrics,” Agricultural and Forest Meteorology, 
173, pp. 74–84. Available at: https://doi .org /10 .1016 /j .agrformet .2013 .01 .007. 

Bonfanti, J. et al. (2025) “Geographic, taxonomic and metric gaps in biodiversity research 
limit evidence‐based conservation in agricultural landscapes: an umbrella review,” 
Ecology Letters, 28(10), p. e70220. Available at: https://doi .org /10 .1111 /ele .70220. 

Bormpoudakis, D. et  al. (2024) “Exploring the links between bacterial diversity with 
vegetation and soil parameters using soil metabarcoding data and Sentinel-2 
Indices,” in IGARSS 2024 - 2024 IEEE International Geoscience and Remote Sensing 

https://doi.org/10.1111/gcb.14606
https://doi.org/10.1073/pnas.0803650105
https://doi.org/10.3356/jrr2473
https://doi.org/10.1016/j.atech.2025.101036
https://doi.org/10.1016/j.atech.2025.101036
https://doi.org/10.1016/j.jag.2015.02.012
https://doi.org/10.1016/S0169-5347(03)00011-9
https://doi.org/10.1016/S0169-5347(03)00011-9
https://doi.org/10.1029/JG000883
https://doi.org/10.1029/JG000883
https://doi.org/10.1109/TGRS.2016.2547961
https://doi.org/10.1109/TGRS.2016.2547961
https://birdwatch-europe.org/
https://doi.org/10.1016/j.ecoinf.2024.102861
https://doi.org/10.1016/j.rse.2021.112831
https://doi.org/10.1016/j.rse.2021.112831
https://doi.org/10.1016/j.agrformet.2013.01.007
https://doi.org/10.1111/ele.70220


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 27 

Symposium, Athens, Greece: IEEE, pp. 4261–4265. Available at: https://doi .org /10  
.1109 /IGARSS53475 .2024 .10642227. 

Boucher, P.B. et  al. (2023) “Flying high: sampling savanna vegetation with UAV‐lidar,” 
Methods in Ecology and Evolution, 14(7), pp. 1668–1686. Available at: https://doi  
.org /10 .1111 %2F2041 -210X .14081. 

Broughton, R.K. et  al. (2025) “A lidar based national model of hedgerows and other 
woody linear features in rural England,” Journal of Environmental Management, 392, 
p. 126705. Available at: https://doi .org /10 .1016 /j .jenvman .2025 .126705. 

Burchard-Levine, V. et  al. (2022) “A review of in-situ sampling protocols to support 
the remote sensing of vegetation,” GeoFocus Revista Internacional de Ciencia y 
Tecnología de la Información Geográfica, pp. 59–87. Available at: https://doi .org /10  
.21138 /GF .780. 

Burke, M. and Lobell, D.B. (2017) “Satellite-based assessment of yield variation and its 
determinants in smallholder African systems,” Proceedings of the National Academy 
of Sciences, 114(9), pp. 2189–2194. Available at: https://doi .org /10 .1073 /pnas  
.1616919114. 

Burke, C. et  al. (2019) “Optimizing observing strategies for monitoring animals using 
drone-mounted thermal infrared cameras,” International Journal of Remote Sensing, 
40(2), pp. 439–467. Available at: https://doi .org /10 .1080 /01431161 .2018 .1558372. 

Burton, A.C. et al. (2015) “Review: wildlife camera trapping: a review and recommendations 
for linking surveys to ecological processes,” Journal of Applied Ecology, 52(3), pp. 
675–685. Available at: https://doi .org /10 .1111 /1365–2664.12432. 

Calderón, R. et al. (2013) “High-resolution airborne hyperspectral and thermal imagery 
for early detection of Verticillium wilt of olive using fluorescence, temperature and 
narrow-band spectral indices,” Remote Sensing of Environment, 139, pp. 231–245. 
Available at: https://doi .org /10 .1016 /j .rse .2013 .07 .031. 

Canelas, J. et  al. (2026) “Monitoring Farmland Biodiversity: A Systematic Review of 
Indicators to inform CAP Implementation.” Available at SSRN: https://dx .doi .org /10 
.2139 /ssrn .6716780. 

Caprio, E. and Rolando, A. (2017) “Management systems may affect the feeding ecology of 
great tits Parus major nesting in vineyards,” Agriculture, Ecosystems & Environment, 
243, pp. 67–73. Available at: https://doi .org /10 .1016 /j .agee .2017 .03 .013. 

Cardinale, B.J. et  al. (2012) “Biodiversity loss and its impact on humanity,” Nature, 
486(7401), pp. 59–67. Available at: https://doi .org /10 .1038 /nature11148. 

Carrasco-Garcia, R. et al. (2016) “Wildlife and livestock use of extensive farm resources 
in South Central Spain: implications for disease transmission,” European Journal of 
Wildlife Research, 62(1), pp. 65–78. Available at: https://doi .org /10 .1007 /s10344 
-015 -0974–9. 

Carrié, R. et al. (2017) “Interactive effects of landscape-wide intensity of farming practices 
and landscape complexity on wild bee diversity,” Landscape Ecology, 32(8), pp. 
1631–1642. Available at: https://doi .org /10 .1007 /s10980 -017 -0530 -y. 

Cavender-Bares, J. et  al. (eds.) (2020) Remote Sensing of Plant Biodiversity. Cham: 
Springer International Publishing. Available at: https://doi .org /10 .1007 /978 -3 -030  
-33157–3. 

CBD (2022) Decision Adopted by the Conference of the Parties to the Convention on 
Biological Diversity: 15/5. Monitoring Framework for the Kunming-Montreal Global 
Biodiversity Framework (CBD/COP/DEC/15/5). 

https://doi.org/10.1109/IGARSS54725.2024.10642227
https://doi.org/10.1109/IGARSS54725.2024.10642227
https://doi.org/10.1111/2041-210X.14081
https://doi.org/10.1111/2041-210X.14081
https://doi.org/10.1016/j.jenvman.2025.126705
https://doi.org/10.21138/GF.780
https://doi.org/10.21138/GF.780
https://doi.org/10.1073/pnas.1616919114
https://doi.org/10.1073/pnas.1616919114
https://doi.org/10.1080/01431161.2018.1558372
https://doi.org/10.1111/1365-2664.12432
https://doi.org/10.1016/j.rse.2013.07.031
https://dx.doi.org/10.2139/ssrn.6716780
https://dx.doi.org/10.2139/ssrn.6716780
https://doi.org/10.1016/j.agee.2017.03.013
https://doi.org/10.1038/nature11148
https://doi.org/10.1007/s10344-015-0974-9
https://doi.org/10.1007/s10344-015-0974-9
https://doi.org/10.1007/s10980-017-0530-y
https://doi.org/10.1007/978-3-030-33157-3
https://doi.org/10.1007/978-3-030-33157-3


 Monitoring farmland biodiversity using remote sensing 28 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Chabrillat, S. et  al. (2022) “EnMAP science plan,” (EnMAP Technical Report), Potsdam: 
GFZ Data Services. Available at: https://doi .org /10 .48440 /enmap .2022 .001. 

Chakhvashvili, E. et  al. (2024) “Crop stress detection from UAVs: best practices and 
lessons learned for exploiting sensor synergies,” Precision Agriculture, 25(5), pp. 
2614–2642. Available at: https://doi .org /10 .1007 /s11119 -024 -10168 -3. 

Chaparro, D. et  al. (2018) “L-band vegetation optical depth seasonal metrics for crop 
yield assessment,” Remote Sensing of Environment, 212, pp. 249–259. Available at: 
https://doi .org /10 .1016 /j .rse .2018 .04 .049. 

Chen, D. et al. (2005) “Vegetation water content estimation for corn and soybeans using 
spectral indices derived from MODIS near- and short-wave infrared bands,” Remote 
Sensing of Environment, 98(2–3), pp. 225–236. Available at: https://doi .org /10 .1016  
/j .rse .2005 .07 .008. 

Chen, T. et al. (2020) “Early detection of bacterial wilt in peanut plants through leaf-level 
hyperspectral and unmanned aerial vehicle data,” Computers and Electronics in 
Agriculture, 177, p. 105708. Available at: https://doi .org /10 .1016 /j .compag .2020  
.105708. 

Chen, Z. et al. (2024) “Grassland plant identification based on unmanned aerial vehicle 
imagery and improved YOLOv8 network,” in M.A. Jabbar and P. Lorenz (eds.) Third 
International Conference on Electronic Information Engineering and Data Processing 
(EIEDP 2024). 3rd International Conference on Electronic Information Engineering 
and Data Processing (EIEDP 2024), Kuala Lumpur, Malaysia: SPIE, p. 12. Available at: 
https://doi .org /10 .1117 /12 .3032802. 

Cheng, Y.-B. et al. (2006) “Estimating vegetation water content with hyperspectral data 
for different canopy scenarios: relationships between AVIRIS and MODIS indexes,” 
Remote Sensing of Environment, 105(4), pp. 354–366. Available at: https://doi .org  
/10 .1016 /j .rse .2006 .07 .005. 

Cherif, E. et  al. (2023) “From spectra to plant functional traits: transferable multi-trait 
models from heterogeneous and sparse data,” Remote Sensing of Environment, 
292, p. 113580. Available at: https://doi .org /10 .1016 /j .rse .2023 .113580. 

Chieffallo, L. et al. (2025) “Machine learning for biodiversity: UAV-based flower detection 
as an indirect proxy for bee abundance,” Ecological Informatics, 91, p. 103346. 
Available at: https://doi .org /10 .1016 /j .ecoinf .2025 .103346. 

Choo, Y.R. et al. (2020) “Best practices for reporting individual identification using camera 
trap photographs,” Global Ecology and Conservation, 24, p. e01294. Available at: 
https://doi .org /10 .1016 /j .gecco .2020 .e01294. 

Clevers, J.G.P.W. and Gitelson, A.A. (2013) “Remote estimation of crop and grass 
chlorophyll and nitrogen content using red-edge bands on Sentinel-2 and -3,” 
International Journal of Applied Earth Observation and Geoinformation, 23, pp. 
344–351. Available at: https://doi .org /10 .1016 /j .jag .2012 .10 .008. 

Conserva, M. et  al. (2025) “Mapping farmed landscapes from remote sensing.” arXiv. 
Available at: https://doi .org /10 .48550 /arXiv .2506 .13993. 

Conti, L. et al. (2021) “The relationship between species and spectral diversity in grassland 
communities is mediated by their vertical complexity,” Applied Vegetation Science, 
24(3), p. avsc.12600. Available at: https://doi .org /10 .1111 /avsc .12600. 

Cui, S. et al. (2020) “A simple use of camera traps for photogrammetric estimation of wild 
animal traits,” Journal of Zoology, 312(1), pp. 12–20. Available at: https://doi .org /10  
.1111 /jzo .12788. 

https://doi.org/10.48440/enmap.2022.001
https://doi.org/10.1007/s11119-024-10168-3
https://doi.org/10.1016/j.rse.2018.04.049
https://doi.org/10.1016/j.rse.2005.07.008
https://doi.org/10.1016/j.rse.2005.07.008
https://doi.org/10.1016/j.compag.2020.105708
https://doi.org/10.1016/j.compag.2020.105708
https://doi.org/10.1117/12.3032802
https://doi.org/10.1016/j.rse.2005.07.005
https://doi.org/10.1016/j.rse.2005.07.005
https://doi.org/10.1016/j.rse.2023.113580
https://doi.org/10.1016/j.ecoinf.2025.103346
https://doi.org/10.1016/j.gecco.2020.e01294
https://doi.org/10.1016/j.jag.2012.10.008
https://doi.org/10.48550/arXiv.2506.13993
https://doi.org/10.1111/avsc.12600
https://doi.org/10.1111/izo.12788
https://doi.org/10.1111/izo.12788


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 29 

Cukor, J. et al. (2019) “Use of aerial thermography to reduce mortality of roe deer fawns 
before harvest,” PeerJ, 7, p. e6923. Available at: https://doi .org /10 .7717 /peerj .6923. 

Dainese, M. et al. (2019) “A global synthesis reveals biodiversity-mediated benefits for 
crop production,” SCIENCE ADVANCES, 5(10), p.eaax0121. Available at: https://doi  
.org /10 .1126 /sciadv .aax0121. 

Dalpasso, A. et al. (2025) “High nature value farmlands to identify crucial agroecosystems 
for multi-taxa conservation,” Biological Conservation, 305, p. 111094. Available at: 
https://doi .org /10 .1016 /j .biocon .2025 .111094. 

D’Amico, G. et al. (2025) “GEDI and Sentinel data integration for quantifying agroforestry 
tree height and stocks,” Journal of Environmental Management, 393, p. 127197. 
Available at: https://doi .org /10 .1016 /j .jenvman .2025 .127197. 

d’Andrimont, R. et al. (2021) “From parcel to continental scale – A first European crop 
type map based on Sentinel-1 and LUCAS Copernicus in-situ observations,” Remote 
Sensing of Environment, 266, p. 112708. Available at: https://doi .org /10 .1016 /j .rse  
.2021 .112708. 

Darvishi, A. et  al. (2025) “Application of unmanned aerial vehicles (UAVs) in farmland 
biodiversity monitoring: a systematic review protocol,” Methods in Ecology and 
Evolution, pp. 2041–210x.70172. Available at: https://doi .org /10 .1111 /2041 -210x  
.70172. 

Daskalova, G.N. and Kamp, J. (2023) “Abandoning land transforms biodiversity,” Science, 
380(6645), pp. 581–583. Available at: https://doi .org /10 .1126 /science .adf1099. 

Delisle, Z.J. et  al. (2021) “Next-generation camera trapping: systematic review of 
historic trends suggests keys to expanded research applications in ecology and 
conservation,” Frontiers in Ecology and Evolution, 9, p. 617996. Available at: https:// 
doi .org /10 .3389 /fevo .2021 .617996. 

Delloye, C. et  al. (2018) “Retrieval of the canopy chlorophyll content from Sentinel-2 
spectral bands to estimate nitrogen uptake in intensive winter wheat cropping 
systems,” Remote Sensing of Environment, 216, pp. 245–261. Available at: https:// 
doi .org /10 .1016 /j .rse .2018 .06 .037. 

Delplanque, A. et  al. (2024) “Wildlife detection, counting and survey using satellite 
imagery: are we there yet?,” GIScience & Remote Sensing, 61(1), p. 2348863. 
Available at: https://doi .org /10 .1080 /15481603 .2024 .2348863. 

Demirpolat, C. and Leloğlu, U.M. (2018) “Barley yield estimation with sentinel-2 vegetation 
indices,” in 2018 26th Signal Processing and Communications Applications 
Conference (SIU). 2018 26th Signal Processing and Communications Applications 
Conference (SIU), Izmir, Turkey: IEEE, pp. 1–4. Available at: https://doi .org /10 .1109  
/SIU .2018 .8404242. 

Dinguirard, M. and Slater, P.N. (1999) “Calibration of space-multispectral imaging sensors: 
a review,” Remote Sensing of Environment, 68(3), pp. 194–205. Available at: https:// 
doi .org /10 .1016 /S0034 -4257(98)00111–4. 

Doherty, T.S. and Driscoll, D.A. (2018) “Coupling movement and landscape ecology for 
animal conservation in production landscapes,” Proceedings of the Royal Society B: 
Biological Sciences, 285(1870), p. 20172272. Available at: https://doi .org /10 .1098 / 
rspb .2017 .2272. 

Doraiswamy, P. (2004) “Crop condition and yield simulations using Landsat and MODIS,” 
Remote Sensing of Environment, 92(4), pp. 548–559. Available at: https://doi .org /10  
.1016 /j .rse .2004 .05 .017. 

https://doi.org/10.7717/peerj.6923
https://doi.org/10.1126/sciadv.aax0121
https://doi.org/10.1126/sciadv.aax0121
https://doi.org/10.1016/j.biocon.2025.111094
https://doi.org/10.1016/j.jenvman.2025.127197
https://doi.org/10.1016/j.rse.2021.112708
https://doi.org/10.1016/j.rse.2021.112708
https://doi.org/10.1111/2041-210X.70172
https://doi.org/10.1111/2041-210X.70172
https://doi.org/10.1126/science.adf1099
https://doi.org/10.3389/fevo.2021.617996
https://doi.org/10.3389/fevo.2021.617996
https://doi.org/10.1016/j.rse.2018.06.037
https://doi.org/10.1016/j.rse.2018.06.037
https://doi.org/10.1080/15481603.2024.2348863
https://doi.org/10.1109/ISPA.2018.8422784
https://doi.org/10.1109/ISPA.2018.8422784
https://doi.org/10.1016/S0034-4257(98)00111-4
https://doi.org/10.1016/S0034-4257(98)00111-4
https://doi.org/10.1098/rspb.2017.2272
https://doi.org/10.1098/rspb.2017.2272
https://doi.org/10.1098/rspb.2017.2272
https://doi.org/10.1098/rspb.2017.2272


 Monitoring farmland biodiversity using remote sensing 30 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Duporge, I. (2025) “AI-based satellite survey offers independent assessment of migratory 
wildebeest numbers in the Serengeti,” PNAS Nexus, 4(9), p. pgaf264. Available at: 
https://doi .org /10 .1093 /pnasnexus /pgaf264. 

Duporge, I. et al. (2021) “Determination of optimal flight altitude to minimise acoustic 
drone disturbance to wildlife using species audiograms,” Methods in Ecology and 
Evolution, 12(11), pp. 2196–2207. Available at: https://doi .org /10 .1111 /2041 -210X  
.13691. 

Dvořáková, D. et  al. (2023) “Which parameters of woody biocorridors have a positive 
effect on bird diversity in cultural landscapes?” North-Western Journal of Zoology, 
19(1), 51-56. 

Elias, M. et  al. (2024) “UAS photogrammetry for precise digital elevation models of 
complex topography: a strategy guide,” ISPRS Annals of the Photogrammetry, 
Remote Sensing and Spatial Information Sciences, X-2–2024, pp. 57–64. Available 
at: https://doi .org /10 .5194 /isprs -annals -X -2 -2024 -57–2024. 

Elvekjaer, N. et al. (2024) “Detecting flowers on imagery with computer vision to improve 
continental scale grassland biodiversity surveying,” Ecological Solutions and 
Evidence, 5(2), p. e12324. Available at: https://doi .org /10 .1002 /2688–8319.12324. 

Erten, E. et al. (2016) “Retrieval of agricultural crop height from space: a comparison of 
SAR techniques,” Remote Sensing of Environment, 187, pp. 130–144. Available at: 
https://doi .org /10 .1016 /j .rse .2016 .10 .007. 

Estrada-Carmona, N. et al. (2022) “Complex agricultural landscapes host more biodiversity 
than simple ones: a global meta-analysis,” Proceedings of the National Academy 
of Sciences, 119(38), p. e2203385119. Available at: https://doi .org /10 .1073 /pnas  
.2203385119. 

EU 2019/945 – of 12 March 2019 - on unmanned aircraft systems and on third-country 
operators of unmanned aircraft systems. 

EU 2019/947 – of 24 May 2019 – on rules and procedures for the operation of unmanned 
aircraft. 

Ezzy, H. et  al. (2021) “How the small object detection via machine learning and UAS-
based remote-sensing imagery can support the achievement of SDG2: a case study 
of vole burrows,” Remote Sensing, 13(16), p. 3191. Available at: https://doi .org /10  
.3390 /rs13163191. 

Farhan, S.M. et  al. (2024) “A comprehensive review of LiDAR applications in crop 
management for precision agriculture,” Sensors, 24(16), p. 5409. Available at: 
https://doi .org /10 .3390 /s24165409. 

Feilhauer, H. et al. (2013) “Assessing floristic composition with multispectral sensors—A 
comparison based on monotemporal and multiseasonal field spectra,” International 
Journal of Applied Earth Observation and Geoinformation, 21, pp. 218–229. 
Available at: https://doi .org /10 .1016 /j .jag .2012 .09 .002. 

Fernández, N. et al. (2010) “Ecosystem functioning of protected and altered Mediterranean 
environments: a remote sensing classification in Doñana, Spain,” Remote Sensing of 
Environment, 114(1), pp. 211–220. Available at: https://doi .org /10 .1016 /j .rse .2009 
.09 .001. 

Fink, M. and Jachowski, D. (2025) “Comparison of three camera trap designs for sampling 
small mammals,” Mammal Research, 70(1), pp. 1–8. Available at: https://doi .org /10  
.1007 /s13364 -025 -00780–7. 

https://doi.org/10.1093/pnasnexus/pgaf264
https://doi.org/10.1111/2041-210X.13691
https://doi.org/10.1111/2041-210X.13691
https://doi.org/10.5194/isprs-annals-X-2-2024-57-2024
https://doi.org/10.1002/ecs2.12324
https://doi.org/10.1016/j.rse.2016.10.007
https://doi.org/10.1073/pnas.2203385119
https://doi.org/10.1073/pnas.2203385119
https://doi.org/10.3390/rs13163191
https://doi.org/10.3390/rs13163191
https://doi.org/10.3390/s24165409
https://doi.org/10.1016/j.jag.2012.09.002
https://doi.org/10.1016/j.rse.2009.09.001
https://doi.org/10.1016/j.rse.2009.09.001
https://doi.org/10.1007/s13364-025-00780-7
https://doi.org/10.1007/s13364-025-00780-7


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 31 

Foley, J.A. et al. (2005) “Global consequences of land use,” Science, 309(5734), pp. 570– 
574. Available at: https://doi .org /10 .1126 /science .1111772. 

Food and Agriculture Organization of the United Nations (2025) – with major processing 
by Our World in Data. “Agricultural land use – UN FAO” [dataset]. Food and 
Agriculture Organization of the United Nations, “Land, Inputs and Sustainability: 
Land Use” [original data]. Retrieved May 26, 2026 from https://ourworldindata .org / 
grapher /breakdown -habitable -land ?time =latest. 

Fraucqueur, L. et  al. (2019) “A new Copernicus high resolution layer at pan-European 
scale: small woody features,” in C.M. Neale and A. Maltese (eds.) Remote Sensing 
for Agriculture, Ecosystems, and Hydrology XXI. Remote Sensing for Agriculture, 
Ecosystems, and Hydrology XXI, Strasbourg, France: SPIE, p. 37. Available at: https:// 
doi .org /10 .1117 /12 .2532853. 

Fujiwara, R. et al. (2022) “Comparison of remote sensing methods for plant heights in 
agricultural fields using unmanned aerial vehicle-based structure from motion,” 
Frontiers in Plant Science, 13, p. 886804. Available at: https://doi .org /10 .3389 /fpls  
.2022 .886804. 

Gackstetter, D. et al. (2023) “Autonomous field management – An enabler of sustainable 
future in agriculture,” Agricultural Systems, 206, p. 103607. Available at: https://doi  
.org /10 .1016 /j .agsy .2023 .103607. 

Gallmann, J. et al. (2022) “Flower mapping in grasslands with drones and deep learning.” 
Available at: https://doi .org /10 .22541 /au .158740047 .73964506. 

Gámez-Virués, S. et al. (2015) “Landscape simplification filters species traits and drives 
biotic homogenization,” Nature Communications, 6(1), p. 8568. Available at: https:// 
doi .org /10 .1038 /ncomms9568. 

Gao, J. et  al. (2025) “Cross-scale estimating of forage nitrogen in alpine grassland 
integrating UAV imagery and Sentinel-2 data,” European Journal of Agronomy, 170, 
p. 127760. Available at: https://doi .org /10 .1016 /j .eja .2025 .127760. 

Garland, G. et al. (2021) “A closer look at the functions behind ecosystem multifunctionality: 
a review,” Journal of Ecology, 109(2), pp. 600–613. Available at: https://doi .org /10  
.1111 /1365–2745.13511. 

Gašparović, M. et  al. (2020) “An automatic method for weed mapping in oat fields 
based on UAV imagery,” Computers and Electronics in Agriculture, 173, p. 105385. 
Available at: https://doi .org /10 .1016 /j .compag .2020 .105385. 

Gastón, A. et  al. (2016) “Response to agriculture by a woodland species depends on 
cover type and behavioural state: insights from resident and dispersing Iberian 
lynx,” Journal of Applied Ecology, 53(3), pp. 814–824. Available at: https://doi .org  
/10 .1111 /1365–2664.12629. 

Geiger, F. et  al. (2010) “Persistent negative effects of pesticides on biodiversity and 
biological control potential on European farmland,” Basic and Applied Ecology, 
11(2), pp. 97–105. Available at: https://doi .org /10 .1016 /j .baae .2009 .12 .001. 

Geijzendorffer, I.R. et  al. (2016) “Editor’s choice: how much would it cost to monitor 
farmland biodiversity in Europe?,” Journal of Applied Ecology, 53(1), pp. 140–149. 
Available at: https://doi .org /10 .1111 /1365–2664.12552. 

Ghiglieno, I. et  al. (2024) “Vineyard groundcover biodiversity: using deep learning to 
differentiate cover crop communities from aerial RGB imagery.” Available at: https:// 
doi .org /10 .20944 /preprints202411 .0488 .v1. 

https://doi.org/10.1126/science.1111172
https://ourworldindata.org/grapher/breakdown-habitable-land?time=latest
https://ourworldindata.org/grapher/breakdown-habitable-land?time=latest
https://doi.org/10.1111/12.2532853
https://doi.org/10.1111/12.2532853
https://doi.org/10.3389/fpls.2022.886804
https://doi.org/10.3389/fpls.2022.886804
https://doi.org/10.1016/j.agsy.2023.103607
https://doi.org/10.1016/j.agsy.2023.103607
https://doi.org/10.22541/au.15874047.73964506
https://doi.org/10.1038/ncomms9568
https://doi.org/10.1038/ncomms9568
https://doi.org/10.1016/j.ja.2025.127760
https://doi.org/10.1111/1111/1365-2745.13511
https://doi.org/10.1111/1111/1365-2745.13511
https://doi.org/10.1016/j.compag.2020.105385
https://doi.org/10.1111/1365-2664.12629
https://doi.org/10.1111/1365-2664.12629
https://doi.org/10.1016/j.baae.2009.12.001
https://doi.org/10.1111/1365-2644.12552
https://doi.org/10.20944/preprints202411.0488.v1
https://doi.org/10.20944/preprints202411.0488.v1


 Monitoring farmland biodiversity using remote sensing 32 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Gomarasca, U. et al. (2025) “A remotely-sensed biodiversity proxy captures the global 
multifunctionality of ecosystem functioning.” Available at: https://doi .org /10 .21203  
/rs .3 .rs -6829244 /v1. 

Gong, Y. et al. (2021) “Prevalence of varied coat coloration in a yellow-throated marten 
(Martes flavigula) population,” Animals, 11(10), p. 2838. Available at: https://doi .org  
/10 .3390 /ani11102838. 

Gonzales, D. et  al. (2022) “Remote sensing of floral resources for pollinators – new 
horizons from satellites to drones,” Frontiers in Ecology and Evolution, 10, p. 869751. 
Available at: https://doi .org /10 .3389 /fevo .2022 .869751. 

Griffiths, P. et al. (2020) “Towards national-scale characterization of grassland use intensity 
from integrated Sentinel-2 and Landsat time series,” Remote Sensing of Environment, 
238, p. 111124. Available at: https://doi .org /10 .1016 /j .rse .2019 .03 .017. 

Grondard, N. et  al. (2025) “Monitoring woody landscape features in Dutch rural 
landscapes,” Ecological Indicators, 178, p. 113853. Available at: https://doi .org /10  
.1016 /j .ecolind .2025 .113853. 

Gröschler, K.-C. et al. (2023) “Monitoring the population development of indicator plants 
in high nature value grassland using machine learning and drone data,” Drones, 
7(10), p. 644. Available at: https://doi .org /10 .3390 /drones7100644. 

Guan, K. et al. (2016) “Improving the monitoring of crop productivity using spaceborne 
solar‐induced fluorescence,” Global Change Biology, 22(2), pp. 716–726. Available 
at: https://doi .org /10 .1111 /gcb .13136. 

Guan, L. et al. (2025) “Precise identification of noxious weeds in alpine meadows using 
UAV-based hyperspectral remote sensing with multi-feature integration and deep 
learning,” Computers and Electronics in Agriculture, 239, p. 111086. Available at: 
https://doi .org /10 .1016 /j .compag .2025 .111086. 

Guerini Filho, M. et al. (2020) “Estimating natural grassland biomass by vegetation indices 
using Sentinel 2 remote sensing data,” International Journal of Remote Sensing, 41(8), 
pp. 2861–2876. Available at: https://doi .org /10 .1080 /01431161 .2019 .1697004. 

Guevara-Torres, D.R. et  al. (2024) “Efficacy of multiseason Sentinel‐2 imagery for 
classifying and mapping grassland condition,” Journal of Sensors, 2024(1), p. 
6668228. Available at: https://doi .org /10 .1155 %2F2024 %2F6668228. 

Guimarães‐Steinicke, C. et  al. (2021) “Biodiversity facets affect community surface 
temperature via 3D canopy structure in grassland communities,” Journal of Ecology, 
109(5), pp. 1969–1985. Available at: https://doi .org /10 .1111 %2F1365 -2745 .13631. 

Haydar, Z. et  al. (2024) “Assessing UAV-based wild blueberry plant height mapping 
- A consideration for wild blueberry harvester automation,” Smart Agricultural 
Technology, 8, p. 100456. Available at: https://doi .org /10 .1016 /j .atech .2024  
.100456. 

Hayden, M.T. et al. (2024) “High‐resolution spectral data predict taxonomic diversity in low 
diversity grasslands,” Ecological Solutions and Evidence, 5(3), p. e12365. Available 
at: https://doi .org /10 .1002 %2F2688 -8319 .12365. 

Hayes, S. et  al. (2025) “Remote sensing of grassland plant biodiversity and functional 
traits,” Ecology and Evolution, 15(8), p. e71829. Available at: https://doi .org /10 .1002  
/ece3 .71829. 

Herrero-Huerta, M. et al. (2014) “Vicarious radiometric calibration of a multispectral sensor 
from an aerial trike applied to precision agriculture,” Computers and Electronics in 

https://doi.org/10.21203/rs.3.rs-6829244/v1
https://doi.org/10.21203/rs.3.rs-6829244/v1
https://doi.org/10.3390/ani11102838
https://doi.org/10.3390/ani11102838
https://doi.org/10.3389/fevo.2022.869751
https://doi.org/10.1016/j.rse.2019.03.017
https://doi.org/10.1016/j.ecolind.2025.113853
https://doi.org/10.1016/j.ecolind.2025.113853
https://doi.org/10.3390/drones7100644
https://doi.org/10.1111/gcb.13136
https://doi.org/10.1016/j.compag.2025.111086
https://doi.org/10.1080/01431161.2019.1697004
https://doi.org/10.1155/2024/6668228
https://doi.org/10.1111/1365-2745.13631
https://doi.org/10.1016/j.atech.2024.100456
https://doi.org/10.1016/j.atech.2024.100456
https://doi.org/10.1002/2688-8319.12365
https://doi.org/10.1002/ece3.71829
https://doi.org/10.1002/ece3.71829


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 33 

Agriculture, 108, pp. 28–38. Available at: https://doi .org /10 .1016 /j .compag .2014  
.07 .001. 

Herzog, F. and Franklin, J. (2016) “State-of-the-art practices in farmland biodiversity 
monitoring for North America and Europe,” Ambio, 45(8), pp. 857–871. Available at: 
https://doi .org /10 .1007 /s13280 -016 -0799–0. 

Herzog, F. et  al. (2017) “European farm scale habitat descriptors for the evaluation of 
biodiversity,” Ecological Indicators, 77, pp. 205–217. Available at: https://doi .org /10 
.1016 /j .ecolind .2017 .01 .010. 

Hillebrand, H. et  al. (2025) “Operational perspectives for biodiversity indicators,” 
Ecological Solutions and Evidence, 6(4), p. e70134. Available at: https://doi .org /10  
.1002 /2688–8319.70134. 

Hodgson, J.C. et  al. (2018) “Drones count wildlife more accurately and precisely than 
humans,” Methods in Ecology and Evolution, 9(5), pp. 1160–1167. Available at: 
https://doi .org /10 .1111 /2041 -210X .12974. 

Hoffmann, M. et  al. (2025) “Advancing sustainable agricultural transformation through 
the synergy of automated experimental platforms and living labs,” Nature 
Communications, 16(1), p. 8418. Available at: https://doi .org /10 .1038 /s41467 -025  
-64450–7. 

Hofmeester, T.R. et  al. (2020) “Using by‐catch data from wildlife surveys to quantify 
climatic parameters and timing of phenology for plants and animals using camera 
traps,” Remote Sensing in Ecology and Conservation, 6(2), pp. 129–140. Available at: 
https://doi .org /10 .1002 %2Frse2 .136. 

Hofmeester, T.R. et al. (2021) “Camera trap records of leucistic Eurasian badgers (Meles 
meles) in central Norway,” Ecology and Evolution, 11(19), pp. 12902–12907. 
Available at: https://doi .org /10 .1002 /ece3 .8052. 

Hofmeester, T.R. et  al. (2024) “Mustelid mugshots: photographing facial masks of 
European polecats (Mustela putorius) for individual recognition and density 
estimation using camera traps,” Mammal Research, 69(3), pp. 435–443. Available at: 
https://doi .org /10 .1007 /s13364 -024 -00751–4. 

Hollings, T. et al. (2018) “How do you find the green sheep? A critical review of the use 
of remotely sensed imagery to detect and count animals,” Methods in Ecology 
and Evolution, 9(4), pp. 881–892. Available at: https://doi .org /10 .1111 /2041 -210X 
.12973. 

Homolová, L. et  al. (2013) “Review of optical-based remote sensing for plant trait 
mapping,” Ecological Complexity, 15, pp. 1–16. Available at: https://doi .org /10  
.1016 /j .ecocom .2013 .06 .003. 

Hong, S.-Y. et  al. (2022) “Perch-mounted camera traps record predatory birds in 
farmland,” Journal of Raptor Research, 56(1). Available at: https://doi .org /10 .3356  
/JRR -21–00001. 

Houborg, R. et al. (2009) “Utility of an image-based canopy reflectance modeling tool 
for remote estimation of LAI and leaf chlorophyll content at the field scale,” Remote 
Sensing of Environment, 113(1), pp. 259–274. Available at: https://doi .org /10 .1016  
/j .rse .2008 .09 .014. 

Høye, T.T. et  al. (2025) “Emerging technologies for pollinator monitoring,” Current 
Opinion in Insect Science, 69, p. 101367. Available at: https://doi .org /10 .1016 /j .cois  
.2025 .101367. 

https://doi.org/10.1016/j.compag.2014.07.001
https://doi.org/10.1016/j.compag.2014.07.001
https://doi.org/10.1007/s13280-016-0799-0
https://doi.org/10.1016/j.ecolind.2017.01.010
https://doi.org/10.1016/j.ecolind.2017.01.010
https://doi.org/10.1002/2688-8319.70134
https://doi.org/10.1002/2688-8319.70134
https://doi.org/10.1111/2041-210X.12974
https://doi.org/10.1038/s41467-025-64450-7
https://doi.org/10.1038/s41467-025-64450-7
https://doi.org/10.1002/rse2.136
https://doi.org/10.1002/ece3.8052
https://doi.org/10.1007/s13364-024-00751-4
https://doi.org/10.1111/2041-210X.12973
https://doi.org/10.1111/2041-210X.12973
https://doi.org/10.1016/j.ecocom.2013.06.003
https://doi.org/10.1016/j.ecocom.2013.06.003
https://doi.org/10.3356/JRR-21-00001
https://doi.org/10.3356/JRR-21-00001
https://doi.org/10.1016/j.rse.2008.09.014
https://doi.org/10.1016/j.rse.2008.09.014
https://doi.org/10.1016/j.cois.2025.101367
https://doi.org/10.1016/j.cois.2025.101367


 Monitoring farmland biodiversity using remote sensing 34 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Huang, S.-L. et al. (2012) “Analysis of changes in farm pond network connectivity in the 
peri-urban landscape of the Taoyuan area, Taiwan,” Environmental Management, 
49(4), pp. 915–928. Available at: https://doi .org /10 .1007 /s00267 -012 -9824–7. 

Inoue, Y. et al. (2012) “Diagnostic mapping of canopy nitrogen content in rice based on 
hyperspectral measurements,” Remote Sensing of Environment, 126, pp. 210–221. 
Available at: https://doi .org /10 .1016 /j .rse .2012 .08 .026. 

IPBES, W. (2019) Intergovernmental Science-policy Platform on Biodiversity and 
Ecosystem Services. Summary for Policy Makers of the Global Assessment Report 
on Biodiversity and Ecosystem Services of the Intergovernmental Science-policy 
Platform on Biodiversity and Ecosystem Services. IPBES Secretariat, Bonn, Germany. 

Ito, T.Y. et  al. (2022) “Antler detection from the sky: deer sex ratio monitoring using 
drone‐mounted thermal infrared sensors,” Wildlife Biology, 2022(4), p. e01034. 
Available at: https://doi .org /10 .1002 %2Fwlb3 .01034. 

Ivits, E. et al. (2011) “European farmland bird distribution explained by remotely sensed 
phenological indices,” Environmental Modeling & Assessment, 16(4), pp. 385–399. 
Available at: https://doi .org /10 .1007 /s10666 -011 -9251–9. 

Jago, S. et al. (2024) “Adapting wild biodiversity conservation approaches to conserve 
agrobiodiversity,” Nature Sustainability, 7(11), pp. 1385–1394. Available at: https:// 
doi .org /10 .1038 /s41893 -024 -01427–2. 

Jay, S. et al. (2019) “Exploiting the centimeter resolution of UAV multispectral imagery to 
improve remote-sensing estimates of canopy structure and biochemistry in sugar 
beet crops,” Remote Sensing of Environment, 231, p. 110898. Available at: https:// 
doi .org /10 .1016 /j .rse .2018 .09 .011. 

Joshi, A. et al. (2023) “Winter wheat yield prediction in the conterminous United States 
using solar-induced chlorophyll fluorescence data and XGBoost and random forest 
algorithm,” Ecological Informatics, 77, p. 102194. Available at: https://doi .org /10  
.1016 /j .ecoinf .2023 .102194. 

Kaiser, T. et al. (2019) “How to improve the conservation of species-rich grasslands with 
result-oriented payment schemes?,” Journal for Nature Conservation, 52, p. 125752. 
Available at: https://doi .org /10 .1016 /j .jnc .2019 .125752. 

Kanmegne Tamga, D. et  al. (2022) “Estimation of aboveground biomass in agroforestry 
systems over three climatic regions in West Africa using Sentinel-1, Sentinel-2, ALOS, 
and GEDI data,” Sensors, 23(1), p. 349. Available at: https://doi .org /10 .3390 /s23010349. 

Kattenborn, T. et al. (2019a) “Convolutional Neural Networks enable efficient, accurate 
and fine-grained segmentation of plant species and communities from high-
resolution UAV imagery,” Scientific Reports, 9(1), p. 17656. Available at: https://doi  
.org /10 .1038 /s41598 -019 -53797–9. 

Kattenborn, T. et  al. (2019b) “Differentiating plant functional types using reflectance: 
which traits make the difference?,” Remote Sensing in Ecology and Conservation, 
5(1), pp. 5–19. Available at: https://doi .org /10 .1002 /rse2 .86. 

Kattenborn, T. et  al. (2022) “Spatially autocorrelated training and validation samples 
inflate performance assessment of convolutional neural networks,” ISPRS Open 
Journal of Photogrammetry and Remote Sensing, 5, p. 100018. Available at: https:// 
doi .org /10 .1016 /j .ophoto .2022 .100018. 

Kays, R. et al. (2020) “An empirical evaluation of camera trap study design: how many, how 
long and when?,” Methods in Ecology and Evolution, 11(6), pp. 700–713. Available 
at: https://doi .org /10 .1111 /2041 -210X .13370. 

https://doi.org/10.1007/s00267-012-9824-7
https://doi.org/10.1016/j.rse.2012.08.026
https://doi.org/10.1002/wlb3.01034
https://doi.org/10.1007/s10666-011-9251-9
https://doi.org/10.1038/s41893-024-01427-2
https://doi.org/10.1038/s41893-024-01427-2
https://doi.org/10.1016/j.rse.2018.09.011
https://doi.org/10.1016/j.rse.2018.09.011
https://doi.org/10.1016/j.ecoinf.2023.102194
https://doi.org/10.1016/j.ecoinf.2023.102194
https://doi.org/10.1016/j.jnc.2019.125752
https://doi.org/10.3390/s23010349
https://doi.org/10.1038/s41598-019-53797-9
https://doi.org/10.1038/s41598-019-53797-9
https://doi.org/10.1002/rse2.86
https://doi.org/10.1016/j.ophoto.2022.100018
https://doi.org/10.1016/j.ophoto.2022.100018
https://doi.org/10.1111/2041-210X.13370


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 35 

Kerr, J.T. et  al. (2001) “Remotely sensed habitat diversity predicts butterfly species 
richness and community similarity in Canada,” Proceedings of the National Academy 
of Sciences, 98, 20, pp. 11365–11370. Available at: https://doi .org /10 .1073 /pnas 
.201398398. 

Kissling, W.D. et  al. (2024a) “Towards a modern and efficient European biodiversity 
observation network fit for multiple policies.” Available at: https://doi .org /10 .32942  
/X2K34F. 

Kissling, W.D. et  al. (2024b) “Towards consistently measuring and monitoring habitat 
condition with airborne laser scanning and unmanned aerial vehicles,” Ecological 
Indicators, 169, p. 112970. Available at: https://doi .org /10 .1016 /j .ecolind .2024  
.112970. 

Koger, B. et al. (2023) “Quantifying the movement, behaviour and environmental context 
of group‐living animals using drones and computer vision,” Journal of Animal 
Ecology, 92(7), pp. 1357–-1371. Available at: https://doi .org /10 .1111 %2F1365  
-2656 .13904. 

Kolowski, J.M. and Forrester, T.D. (2017) “Camera trap placement and the potential for 
bias due to trails and other features,” PLOS ONE, 12(10), p. e0186679. Available at: 
https://doi .org /10 .1371 /journal .pone .0186679. 

Komárek, J. (2025) “When the wind blows: exposing the constraints of drone‐based 
environmental mapping,” Natural Sciences, 5(1–2), p. e70003. Available at: https:// 
doi .org /10 .1002 /ntls .70003. 

Koontz, M.J. et al. (2022) “Democratizing macroecology: integrating unoccupied aerial 
systems with the National Ecological Observatory Network,” Ecosphere, 13(8), p. 
e4206. Available at: https://doi .org /10 .1002 /ecs2 .4206. 

Koshkina, A. et al. (2020) “Marmots from space: assessing population size and habitat use 
of a burrowing mammal using publicly available satellite images,” Remote Sensing 
in Ecology and Conservation, 6(2), pp. 153–167. Available at: https://doi .org /10  
.1002 /rse2 .138. 

Krachunova, T. et al. (2025) “Digital technologies commercially available in Germany in the 
context of nature conservation and ecosystem service provisioning in agriculture,” 
Frontiers in Sustainable Food Systems, 9, p. 1464020. Available at: https://doi .org  
/10 .3389 /fsufs .2025 .1464020. 

Krüger, H. et  al. (2018) “The new faces of nest predation in agricultural landscapes—a 
wildlife camera survey with artificial nests,” European Journal of Wildlife Research, 
64(6), p. 76. Available at: https://doi .org /10 .1007 /s10344 -018 -1233–7. 

Kukielka, E. et al. (2013) “Spatial and temporal interactions between livestock and wildlife 
in South Central Spain assessed by camera traps,” Preventive Veterinary Medicine, 
112(3–4), pp. 213–221. Available at: https://doi .org /10 .1016 /j .prevetmed .2013 .08  
.008. 

Lake, T.A. et  al. (2022) “Deep learning detects invasive plant species across complex 
landscapes using Worldview‐2 and Planetscope satellite imagery,” Remote Sensing 
in Ecology and Conservation, 8(6), pp. 875–889. Available at: https://doi .org /10  
.1002 /rse2 .288. 

Lamelas-López, L. and Marco, F. (2021) “Using camera-trapping to assess grape 
consumption by vertebrate pests in a World Heritage vineyard region,” Journal of 
Pest Science, 94(2), pp. 585–590. Available at: https://doi .org /10 .1007 /s10340 -020 
-01267 -x. 

https://doi.org/10.1073/pnas.201398398
https://doi.org/10.1073/pnas.201398398
https://doi.org/10.32942/X2K34F
https://doi.org/10.32942/X2K34F
https://doi.org/10.1016/j.ecolind.2024.112970
https://doi.org/10.1016/j.ecolind.2024.112970
https://doi.org/10.1111/1365-2656.13904
https://doi.org/10.1111/1365-2656.13904
https://doi.org/10.1371/journal.pone.0186679
https://doi.org/10.1002/ntls.70003
https://doi.org/10.1002/ntls.70003
https://doi.org/10.1002/ecs2.4206
https://doi.org/10.1002/rse2.138
https://doi.org/10.1002/rse2.138
https://doi.org/10.3389/fsufs.2025.1464020
https://doi.org/10.3389/fsufs.2025.1464020
https://doi.org/10.1007/s10344-018-1233-7
https://doi.org/10.1016/j.prevetmed.2013.08.008
https://doi.org/10.1016/j.prevetmed.2013.08.008
https://doi.org/10.1002/rse2.288
https://doi.org/10.1002/rse2.288
https://doi.org/10.1007/s10340-020-01267-x
https://doi.org/10.1007/s10340-020-01267-x


 Monitoring farmland biodiversity using remote sensing 36 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Lamelas-Lopez, L. et al. (2020) “Wildlife inventory from camera-trapping surveys in the 
Azores (Pico and Terceira islands),” Biodiversity Data Journal, 8, p. e47865. Available 
at: https://doi .org /10 .3897 /BDJ .8 .e47865. 

Larsen, H.L. et al. (2023) “Drone with mounted thermal infrared cameras for monitoring 
terrestrial mammals,” Drones, 7(11), p. 680. Available at: https://doi .org /10 .3390 / 
drones7110680. 

LaRue, M.A. et al. (2017) “Feasibility of using high‐resolution satellite imagery to assess 
vertebrate wildlife populations,” Conservation Biology, 31(1), pp. 213–220. Available 
at: https://doi .org /10 .1111 /cobi .12809. 

Le Provost, G. et al. (2021) “Contrasting responses of above- and belowground diversity 
to multiple components of land-use intensity,” Nature Communications, 12(1), p. 
3918. Available at: https://doi .org /10 .1038 /s41467 -021 -23931–1. 

Lefsky, M.A. et al. (2002) “Lidar remote sensing for ecosystem studies,” BioScience, 52(1), 
p. 19. Available at: https://doi .org /10 .1641 /0006 -3568(2002)052[0019:LRSFES]2.0 
.CO;2. 

Leonhardt, H. et al. (2024) “Use cases and scientific potential of land use data from the 
EU’s Integrated Administration and Control System: a systematic mapping review,” 
Ecological Indicators, 167, p. 112709. Available at: https://doi .org /10 .1016 /j .ecolind  
.2024 .112709. 

Leorna, S. et  al. (2022) “Estimating animal size or distance in camera trap images: 
photogrammetry using the pinhole camera model,” Methods in Ecology and Evolution, 
13(8), pp. 1707–1718. Available at: https://doi .org /10 .1111 /2041 -210X .13880. 

Li, J. et  al. (2025) “Improved multi-stage rice above-ground biomass estimation using 
wavelet-texture-fused vegetation indices from UAV remote sensing,” Plants, 14(18), 
p. 2903. Available at: https://doi .org /10 .3390 /plants14182903. 

Librán-Embid, F. et  al. (2020) “Unmanned aerial vehicles for biodiversity-friendly 
agricultural landscapes - A systematic review,” Science of The Total Environment, 
732, p. 139204. Available at: https://doi .org /10 .1016 /j .scitotenv .2020 .139204. 

Lindblom, J. et al. (2017) “Promoting sustainable intensification in precision agriculture: 
review of decision support systems development and strategies,” Precision 
Agriculture, 18(3), pp. 309–331. Available at: https://doi .org /10 .1007 /s11119 -016 
-9491–4. 

Liu, Q. et al. (2022) “Agroecosystem services: a review of concepts, indicators, assessment 
methods and future research perspectives,” Ecological Indicators, 142, p. 109218. 
Available at: https://doi .org /10 .1016 /j .ecolind .2022 .109218. 

Liu, S. et al. (2023) “The overlooked contribution of trees outside forests to tree cover and 
woody biomass across Europe,” Science Advances, 9(37), p. eadh4097. Available at: 
https://doi .org /10 .1126 /sciadv .adh4097. 

Liu, N. et  al. (2026) “Upscaling instantaneous ET obtained using UAV multispectral 
and thermal data into daily ET with and without UAV flights,” European Journal of 
Agronomy, 172, p. 127865. Available at: https://doi .org /10 .1016 /j .eja .2025 .127865. 

Lobert, F. et al. (2025) “Characterizing spatio-temporal patterns of winter cropland cover 
in Germany based on Landsat and Sentinel-2 time series,” International Journal of 
Applied Earth Observation and Geoinformation, 142, p. 104728. Available at: https:// 
doi .org /10 .1016 /j .jag .2025 .104728. 

Łopucki, R. et  al. (2022) “Detection of spatial avoidance between sousliks and moles 
by combining field observations, remote sensing and deep learning techniques,” 

https://doi.org/10.3897/BDJ.8.e47865
https://doi.org/10.3390/drones7110680
https://doi.org/10.3390/drones7110680
https://doi.org/10.1111/cobi.12809
https://doi.org/10.1038/s41467-021-23931-1
https://doi.org/10.1641/0006-3568(2002)052[0019:LRSFES]2.0.CO;2
https://doi.org/10.1641/0006-3568(2002)052[0019:LRSFES]2.0.CO;2
https://doi.org/10.1016/j.ecolind.2024.112709
https://doi.org/10.1016/j.ecolind.2024.112709
https://doi.org/10.1111/2041-210X.13880
https://doi.org/10.3390/plants14182903
https://doi.org/10.1016/j.scitotenv.2020.139204
https://doi.org/10.1007/s11119-016-9491-4
https://doi.org/10.1007/s11119-016-9491-4
https://doi.org/10.1016/j.ecolind.2022.109218
https://doi.org/10.1126/sciadv.adh4097
https://doi.org/10.1016/j.eja.2025.127865
https://doi.org/10.1016/j.jag.2025.104728
https://doi.org/10.1016/j.jag.2025.104728


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 37 

Scientific Reports, 12(1), p. 8264. Available at: https://doi .org /10 .1038 /s41598 -022  
-12405 -z. 

Lottes, P. et  al. (2017) “UAV-based crop and weed classification for smart farming,” in 
2017 IEEE International Conference on Robotics and Automation (ICRA). 2017 IEEE 
International Conference on Robotics and Automation (ICRA), Singapore, Singapore: 
IEEE, pp. 3024–3031. Available at: https://doi .org /10 .1109 /ICRA .2017 .7989347. 

Lovett, G.M. et al. (eds.) (2005) Ecosystem Function in Heterogeneous Landscapes. New 
York, NY: Springer New York. Available at: https://doi .org /10 .1007 /b104357. 

Lu, B. and He, Y. (2017) “Species classification using Unmanned Aerial Vehicle (UAV)-
acquired high spatial resolution imagery in a heterogeneous grassland,” ISPRS 
Journal of Photogrammetry and Remote Sensing, 128, pp. 73–85. Available at: 
https://doi .org /10 .1016 /j .isprsjprs .2017 .03 .011. 

Lucas, C. et al. (2019) “Identification of linear vegetation elements in a rural landscape 
using LiDAR point clouds,” Remote Sensing, 11(3), p. 292. Available at: https://doi  
.org /10 .3390 /rs11030292. 

Ludwig, A. et al. (2024) “Is spectral pixel-to-pixel variation a reliable indicator of grassland 
biodiversity? A systematic assessment of the spectral variation hypothesis using 
spatial simulation experiments,” Remote Sensing of Environment, 302, p. 113988. 
Available at: https://doi .org /10 .1016 /j .rse .2023 .113988. 

Ludwig, A. et  al. (2025) “Exploring Sentinel‐2‐based spectral variability for enhancing 
grassland diversity assessments across Germany,” Applied Vegetation Science, 
28(3), p. e70030. Available at: https://doi .org /10 .1111 %2Favsc .70030. 

Lumbierres, M. et al. (2025) “Towards implementing workflows for essential biodiversity 
variables at a European scale,” Global Ecology and Conservation, 62, p. e03699. 
Available at: https://doi .org /10 .1016 /j .gecco .2025 .e03699. 

Luo, W. et  al. (2025) “Real-time identification and spatial distribution mapping of 
weeds through unmanned aerial vehicle (UAV) remote sensing,” European Journal 
of Agronomy, 169, p. 127699. Available at: https://doi .org /10 .1016 /j .eja .2025 
.127699. 

Luscombe, D.J. et  al. (2023) “Rapid, repeatable landscape‐scale mapping of tree, 
hedgerow, and woodland habitats (THaW), using airborne LiDAR and spaceborne 
SAR data,” Ecology and Evolution, 13(5), p.e10103. Available at: https://doi .org /10 
.1002 /ece3 .10103. 

Lyu, X. et  al. (2024) “Systematic review of remote sensing technology for grassland 
biodiversity monitoring: current status and challenges,” Global Ecology and 
Conservation, 54, p. e03196. Available at: https://doi .org /10 .1016 /j .gecco .2024  
.e03196. 

Maes, W.H. (2025) “Practical guidelines for performing UAV mapping flights with 
snapshot sensors,” Remote Sensing, 17(4), p. 606. Available at: https://doi .org /10  
.3390 /rs17040606. 

Malmstrom, C.M. et  al. (2009) “Using remote sensing to evaluate the influence of 
grassland restoration activities on ecosystem forage provisioning services,” 
Restoration Ecology, 17(4), pp. 526–538. Available at: https://doi .org /10 .1111 /j 
.1526 -100X .2008 .00411 .x. 

Manfreda, S. et  al. (2018) “On the use of unmanned aerial systems for environmental 
monitoring,” Remote Sensing, 10(4), p. 641. Available at: https://doi .org /10 .3390 / 
rs10040641. 

https://doi.org/10.1038/s41598-022-12405-z
https://doi.org/10.1038/s41598-022-12405-z
https://doi.org/10.1109/ICRA.2017.7989347
https://doi.org/10.1007/b104357
https://doi.org/10.1016/j.isprsjprs.2017.03.011
https://doi.org/10.3390/rs11030292
https://doi.org/10.3390/rs11030292
https://doi.org/10.1016/j.rse.2023.113988
https://doi.org/10.1111/avsc.70030
https://doi.org/10.1016/j.gecco.2025.e03699
https://doi.org/10.1016/j.eja.2025.127699
https://doi.org/10.1016/j.eja.2025.127699
https://doi.org/10.1002/ece3.10103
https://doi.org/10.1002/ece3.10103
https://doi.org/10.1016/j.gecco.2024.e03196
https://doi.org/10.1016/j.gecco.2024.e03196
https://doi.org/10.3390/rs17040606
https://doi.org/10.3390/rs17040606
https://doi.org/10.1111/j.1526-100X.2008.00411.x
https://doi.org/10.1111/j.1526-100X.2008.00411.x
https://doi.org/10.3390/rs10040641
https://doi.org/10.3390/rs10040641


 Monitoring farmland biodiversity using remote sensing 38 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Marston, C. et al. (2023) “Mapping small mammal optimal habitats using satellite-derived 
proxy variables and species distribution models,” PLOS ONE, 18(8), p. e0289209. 
Available at: https://doi .org /10 .1371 /journal .pone .0289209. 

Meier, J. et al. (2020) “Assessments on the impact of high-resolution-sensor pixel sizes 
for common agricultural policy and smart farming services in European regions,” 
Computers and Electronics in Agriculture, 169, p. 105205. Available at: https://doi  
.org /10 .1016 /j .compag .2019 .105205. 

Mendes Dos Santos, L. et al. (2020) “Determining the leaf area index and percentage 
of area covered by coffee crops using UAV RGB images,” IEEE Journal of Selected 
Topics in Applied Earth Observations and Remote Sensing, 13, pp. 6401–6409. 
Available at: https://doi .org /10 .1109 /JSTARS .2020 .3034193. 

Meng, W. et  al. (2025) “Monitoring of soybean bacterial blight disease using drone-
mounted multispectral imaging: a case study in Northeast China,” Agronomy, 15(4), 
p. 921. Available at: https://doi .org /10 .3390 /agronomy15040921. 

Mesías-Ruiz, G.A. et  al. (2024) “Weed species classification with UAV imagery and 
standard CNN models: assessing the frontiers of training and inference phases,” 
Crop Protection, 182, p. 106721. Available at: https://doi .org /10 .1016 /j .cropro .2024  
.106721. 

Messaoudi, K. et  al. (2024) “UGV charging stations for UAV-Assisted AoI-aware data 
collection,” IEEE Transactions on Cognitive Communications and Networking, 
10(6), pp. 2325–2343. Available at: https://doi .org /10 .1109 /TCCN .2024 .3394859. 

Meyer, H. and Pebesma, E. (2021) “Predicting into unknown space? Estimating the area 
of applicability of spatial prediction models,” Methods in Ecology and Evolution, 
12(9), pp. 1620–1633. Available at: https://doi .org /10 .1111 /2041 -210X .13650. 

Meyer, S.T. et al. (2017) “Biodiversity–multifunctionality relationships depend on identity 
and number of measured functions,” Nature Ecology & Evolution, 2(1), pp. 44–49. 
Available at: https://doi .org /10 .1038 /s41559 -017 -0391–4. 

Mirski, P. et al. (2024) “Movement of avian predators points to biodiversity hotspots in 
agricultural landscape,” Royal Society Open Science, 11(1), p. 231543. Available at: 
https://doi .org /10 .1098 /rsos .231543. 

Mo, M. and Bonatakis, K. (2022) “Approaching wildlife with drones: using scientific 
literature to identify factors to consider for minimising disturbance,” Australian 
Zoologist, 42(1), pp. 1–29. Available at: https://doi .org /10 .7882 /AZ .2021 .015. 

Moersberger, H. et al. (2024) “Biodiversity monitoring in Europe: user and policy needs,” 
Conservation Letters, 17(5), p. e13038. Available at: https://doi .org /10 .1111 /conl .13038. 

Montoya‐Sánchez, V. et  al. (2025) “Spectral characterization of plant diversity in a 
biodiversity‐enriched oil palm plantation,” Remote Sensing in Ecology and 
Conservation. Available at: https://doi .org /10 .1002 /rse2 .70034. 

Mothapo, M.C. et  al. (2022) “Progress in the use of geospatial and remote sensing 
technologies in the assessment and monitoring of tomato crop diseases,” Geocarto 
International, 37(16), pp. 4784–4804. Available at: https://doi .org /10 .1080  
/10106049 .2021 .1899303. 

Moudrý, V. et  al. (2023) “Vegetation structure derived from airborne laser scanning to 
assess species distribution and habitat suitability: the way forward,” Diversity and 
Distributions, 29(1), pp. 39–50. Available at: https://doi .org /10 .1111 /ddi .13644. 

Mpisane, K. et  al. (2025) “A systematic review of remote sensing technologies and 
techniques for agricultural insect pest monitoring: lessons for locustana pardalina 

https://doi.org/10.1371/journal.pone.0289209
https://doi.org/10.1016/j.compag.2019.105205
https://doi.org/10.1016/j.compag.2019.105205
https://doi.org/10.1109/JSTARS.2020.3034193
https://doi.org/10.3390/agronomy15040921
https://doi.org/10.1016/j.cropro.2024.106721
https://doi.org/10.1016/j.cropro.2024.106721
https://doi.org/10.1109/TCCN.2024.3394859
https://doi.org/10.1111/2041-210X.13650
https://doi.org/10.1038/s41559-017-0391-4
https://doi.org/10.1098/rsos.231543
https://doi.org/10.7882/AZ.2021.015
https://doi.org/10.1111/conl.13038
https://doi.org/10.1002/rse2.70034
https://doi.org/10.1080/10106049.2021.1899303
https://doi.org/10.1080/10106049.2021.1899303
https://doi.org/10.1111/ddi.13644


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 39 

(Brown Locust) control in South Africa,” Frontiers in Remote Sensing, 6, p. 1571149. 
Available at: https://doi .org /10 .3389 /frsen .2025 .1571149. 

Mueller, T.G. and Buckner, M.A. (2025) “UAV-based remote sensing of bee nesting 
aggregations with computer vision for object detection,” bioRxiv, pp. 2025–06. 
Available at: https://doi .org /10 .1101 /2025 .06 .16 .659683. 

Muro, J. et  al. (2024) “Hedgerow mapping with high resolution satellite imagery to 
support policy initiatives at national level.” Available at: https://doi .org /10 .2139 / 
ssrn .5011709. 

Nicholson Thomas, I. et  al. (2025) “Towards a standardised monitoring of ecosystem 
condition: a literature review on indicators and their data sources,” Ecological Indicators, 
178, p. 113952. Available at: https://doi .org /10 .1016 /j .ecolind .2025 .113952. 

Norouzzadeh, M.S. et  al. (2018) “Automatically identifying, counting, and describing 
wild animals in camera-trap images with deep learning,” Proceedings of the 
National Academy of Sciences, 115(25). Available at: https://doi .org /10 .1073 /pnas  
.1719367115. 

Nowak, M.M. et  al. (2022) “Hidden gaps under the canopy: LiDAR-based detection 
and quantification of porosity in tree belts,” Ecological Indicators, 142, p. 109243. 
Available at: https://doi .org /10 .1016 /j .ecolind .2022 .109243. 

Nugroho, G. et al. (2025) “Empirical models for estimating total chlorophyll content in 
sugarcane using hyperspectral reflectance and Sentinel-2 imagery,” Modeling Earth 
Systems and Environment, 11(6), p. 446. Available at: https://doi .org /10 .1007 / 
s40808 -025 -02598–3. 

Oppermann, R. et al. (2018) “Approaches towards a European monitoring of biodiversity 
in agricultural landscapes.” Available at: https://doi .org /10 .17011 /conference / 
eccb2018 /107319. 

Overmars, K.P. et al. (2014) “Developing a methodology for a species-based and spatially 
explicit indicator for biodiversity on agricultural land in the EU,” Ecological Indicators, 
37, pp. 186–198. Available at: https://doi .org /10 .1016 /j .ecolind .2012 .11 .006. 

Palencia, P. et  al. (2021) “Assessing the camera trap methodologies used to estimate 
density of unmarked populations,” Journal of Applied Ecology, 58(8), pp. 1583– 
1592. Available at: https://doi .org /10 .1111 /1365–2664.13913. 

Palmer, M.W. et al. (2000) “Opportunities for long-term ecological research at the Tallgrass 
Prairie Preserve, Oklahoma” Proceedings of the ILTER Regional Workshop: Cooperation 
in Long Term Ecological Research in Central and Eastern Europe, Budapest, Hungary 
(22). Available at: https://api .semanticscholar .org /CorpusID :198411980. 

Pantazi, X.E. et al. (2017) “Evaluation of hierarchical self-organising maps for weed mapping 
using UAS multispectral imagery,” Computers and Electronics in Agriculture, 139, 
pp. 224–230. Available at: https://doi .org /10 .1016 /j .compag .2017 .05 .026. 

Pargieła, K. (2023) “Optimising UAV data acquisition and processing for photogrammetry: 
a review,” Geomatics and Environmental Engineering, 17(3), pp. 29–59. Available at: 
https://doi .org /10 .7494 /geom .2023 .17 .3 .29. 

Payne, A. et al. (2016) “Wildlife visits to farm facilities assessed by camera traps in a bovine 
tuberculosis-infected area in France,” European Journal of Wildlife Research, 62(1), 
pp. 33–42. Available at: https://doi .org /10 .1007 /s10344 -015 -0970–0. 

Peña, J.M. et al. (2013) “Weed mapping in early-season maize fields using object-based 
analysis of Unmanned Aerial Vehicle (UAV) images,” PLoS ONE, 8(10), p. e77151. 
Available at: https://doi .org /10 .1371 /journal .pone .0077151. 

https://doi.org/10.3389/frsen.2025.1571149
https://doi.org/10.1101/2025.06.16.659683
https://doi.org/10.2139/ssrn.5011709
https://doi.org/10.2139/ssrn.5011709
https://doi.org/10.1016/j.ecolind.2025.113952
https://doi.org/10.1073/pnas.1719367115
https://doi.org/10.1073/pnas.1719367115
https://doi.org/10.1016/j.ecolind.2022.109243
https://doi.org/10.1007/s40808-025-02598-3
https://doi.org/10.1007/s40808-025-02598-3
https://doi.org/10.17011/conference/eccb2018/107319
https://doi.org/10.17011/conference/eccb2018/107319
https://doi.org/10.1016/j.ecolind.2012.11.006
https://doi.org/10.1111/1365-2664.13913
https://api.semanticscholar.org/CorpusID:198411980
https://doi.org/10.1016/j.compag.2017.05.026
https://doi.org/10.7494/geom.2023.17.3.29
https://doi.org/10.1007/s10344-015-0970-0
https://doi.org/10.1371/journal.pone.0077151


 Monitoring farmland biodiversity using remote sensing 40 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Pereira, H.M. et al. (2013) “Essential biodiversity variables,” Science, 339(6117), pp. 277– 
278. Available at: https://doi .org /10 .1126 /science .1229931. 

Pérez-Ortiz, M. et al. (2015) “A semi-supervised system for weed mapping in sunflower 
crops using unmanned aerial vehicles and a crop row detection method,” Applied 
Soft Computing, 37, pp. 533–544. Available at: https://doi .org /10 .1016 /j .asoc .2015  
.08 .027. 

Perrone, M. et  al. (2023) “The relationship between spectral and plant diversity: 
disentangling the influence of metrics and habitat types at the landscape scale,” 
Remote Sensing of Environment, 293, p. 113591. Available at: https://doi .org /10  
.1016 /j .rse .2023 .113591. 

Perrone, M. et al. (2024) “‘Flower power’: how flowering affects spectral diversity metrics 
and their relationship with plant diversity,” Ecological Informatics, 81, p. 102589. 
Available at: https://doi .org /10 .1016 /j .ecoinf .2024 .102589. 

Petrich, L. et  al. (2020) “Detection of Colchicum autumnale in drone images, using a 
machine-learning approach,” Precision Agriculture, 21(6), pp. 1291–1303. Available 
at: https://doi .org /10 .1007 /s11119 -020 -09721–7. 

Pettorelli, N. et  al. (2016) “How do we want Satellite Remote Sensing to support 
biodiversity conservation globally?,” Methods in Ecology and Evolution, 7(6), pp. 
656–665. Available at: https://doi .org /10 .1111 /2041 -210X .12545. 

Pettorelli, N. et al. (2018) “Satellite remote sensing of ecosystem functions: opportunities, 
challenges and way forward,” Remote Sensing in Ecology and Conservation, 4(2), pp. 
71–93. Available at: https://doi .org /10 .1002 /rse2 .59. 

Pflanz, M. et  al. (2018) “Weed mapping with UAS imagery and a bag of visual words 
based image classifier,” Remote Sensing, 10(10), p. 1530. Available at: https://doi  
.org /10 .3390 /rs10101530. 

Pirbasti, M.A. et al. (2024) “Hedgerows monitoring in remote sensing: a comprehensive 
review,” IEEE Access, 12, pp. 156184–156207. Available at: https://doi .org /10 .1109  
/ACCESS .2024 .3485512. 

Pringle, S. et  al. (2025) “Opportunities and challenges for monitoring terrestrial 
biodiversity in the robotics age,” Nature Ecology & Evolution, 9(6), pp. 1031–1042. 
Available at: https://doi .org /10 .1038 /s41559 -025 -02704–9. 

Prishchepov, A.V. et  al. (2025) “The progress and potential directions in the remote 
sensing of farmland abandonment,” Remote Sensing of Environment, 331, p. 
115019. Available at: https://doi .org /10 .1016 /j .rse .2025 .115019. 

Psiroukis, V. et al. (2021) “Monitoring of free-range rabbits using aerial thermal imaging,” 
Smart Agricultural Technology, 1, p. 100002. Available at: https://doi .org /10 .1016 /j  
.atech .2021 .100002. 

Quattrini, G. et  al. (2025) “Standardised drone procedures for phytosociological data 
collection,” Applied Vegetation Science, 28(2), p. e70032. Available at: https://doi  
.org /10 .1111 /avsc .70032. 

Queiroz, C. et al. (2014) “Farmland abandonment: threat or opportunity for biodiversity 
conservation? A global review,” Frontiers in Ecology and the Environment, 12(5), pp. 
288–296. Available at: https://doi .org /10 .1890 /120348. 

Randin, C.F. et  al. (2020) “Monitoring biodiversity in the Anthropocene using remote 
sensing in species distribution models,” Remote Sensing of Environment, 239, p. 
111626. Available at: https://doi .org /10 .1016 /j .rse .2019 .111626. 

https://doi.org/10.1126/science.1229931
https://doi.org/10.1016/j.asoc.2015.08.027
https://doi.org/10.1016/j.asoc.2015.08.027
https://doi.org/10.1016/j.rse.2023.113591
https://doi.org/10.1016/j.rse.2023.113591
https://doi.org/10.1016/j.ecoinf.2024.102589
https://doi.org/10.1007/s11119-020-09721-7
https://doi.org/10.1111/2041-210X.12545
https://doi.org/10.1002/rse2.59
https://doi.org/10.3390/rs10101530
https://doi.org/10.3390/rs10101530
https://doi.org/10.1109/ACCESS.2024.3485512
https://doi.org/10.1109/ACCESS.2024.3485512
https://doi.org/10.1038/s41559-025-02704-9
https://doi.org/10.1016/j.rse.2025.115019
https://doi.org/10.1016/j.atech.2021.100002
https://doi.org/10.1016/j.atech.2021.100002
https://doi.org/10.1111/avsc.70032
https://doi.org/10.1111/avsc.70032
https://doi.org/10.1890/120348
https://doi.org/10.1016/j.rse.2019.111626


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 41 

Reese, M. et  al. (2024) “Farmland quality assessment using deep learning and UAVs,” 
Remote Sensing Applications: Society and Environment, 35, p. 101235. Available at: 
https://doi .org /10 .1016 /j .rsase .2024 .101235. 

Reiner, F. et  al. (2025) “An operational framework to track individual farmland trees 
over time at national scales using planetscope,” IEEE Journal of Selected Topics in 
Applied Earth Observations and Remote Sensing, 18, pp. 1109–1121. Available at: 
https://doi .org /10 .1109 /JSTARS .2024 .3494869. 

Remelgado, R. et  al. (2025) “Cultivated lands: blind spots in global biodiversity data,” 
Trends in Ecology & Evolution, p. S0169534725002782. Available at: https://doi .org  
/10 .1016 /j .tree .2025 .09 .017. 

Remelgado, R. et  al. (2026) “Narrowing farmland biodiversity knowledge gaps with 
Digital Agriculture,” npj Sustainable Agriculture, 4(1), p. 10. Available at: https://doi  
.org /10 .1038 /s44264 -025 -00118 -5. 

Rey Benayas, J.M. et al. (2007) “Abandonment of agricultural land: an overview of drivers 
and consequences,” CABI Reviews [Preprint]. Available at: https://doi .org /10 .1079 / 
PAVSNNR20072057. 

Rivera, G. et al. (2023) “LiDAR applications in precision agriculture for cultivating crops: 
a review of recent advances,” Computers and Electronics in Agriculture, 207, p. 
107737. Available at: https://doi .org /10 .1016 /j .compag .2023 .107737. 

Rocchini, D. et  al. (2018) “Measuring β-diversity by remote sensing: a challenge for 
biodiversity monitoring,” Methods in Ecology and Evolution, 9(8), pp. 1787–1798. 
Available at: https://doi .org /10 .1111 /2041 -210X .12941. 

Rodríguez Barrera, M.G. (2024) “Influence of the Mexican prairie dog (Cynomys 
mexicanus) on plant taxonomical and functional diversity and soil properties in 
semiarid grasslands of Mexico.” Available at: https://nbn -resolving .org /urn :nbn :de  
:bsz :14 -qucosa2 -927961. 

Roelofsen, H.D. et  al. (2014) “Predicting leaf traits of herbaceous species from their 
spectral characteristics,” Ecology and Evolution, 4(6), pp. 706–719. Available at: 
https://doi .org /10 .1002 /ece3 .932. 

Roilo, S. et al. (2025) “The untapped potential of camera traps for farmland biodiversity 
monitoring: current practice and outstanding agroecological questions,” Remote 
Sensing in Ecology and Conservation, 11(3), pp. 243–254. Available at: https://doi  
.org /10 .1002 /rse2 .426. 

Rossi, C. et  al. (2024) “Parcel level temporal variance of remotely sensed spectral 
reflectance predicts plant diversity,” Environmental Research Letters, 19(7), p. 
074023. Available at: https://doi .org /10 .1088 /1748 -9326 /ad545a. 

Rossi, A. et  al. (2025) “Reliable NDVI estimation in wheat using low-Cost UAV-derived 
RGB vegetation indices,” Smart Agricultural Technology, 12, p. 101452. Available at: 
https://doi .org /10 .1016 /j .atech .2025 .101452. 

Rottstock, T. et  al. (2020) “Relatively undisturbed African savannas - an important 
reference for assessing wildlife responses to livestock grazing systems in European 
rangelands,” Global Ecology and Conservation, 23, p. e01124. Available at: https:// 
doi .org /10 .1016 /j .gecco .2020 .e01124. 

Rufin, P. et  al. (2025) “To enhance sustainable development goal research, open up 
commercial satellite image archives,” Proceedings of the National Academy of Sciences, 
122(7), p. e2410246122. Available at: https://doi .org /10 .1073 /pnas .2410246122. 

https://doi.org/10.1016/j.rsase.2024.101235
https://doi.org/10.1109/JSTARS.2024.3494869
https://doi.org/10.1016/j.tree.2025.09.017
https://doi.org/10.1016/j.tree.2025.09.017
https://doi.org/10.1038/s44264-025-00118-5
https://doi.org/10.1038/s44264-025-00118-5
https://doi.org/10.1079/PAVSNNR20072057
https://doi.org/10.1079/PAVSNNR20072057
https://doi.org/10.1016/j.compag.2023.107737
https://doi.org/10.1111/2041-210X.12941
https://nbn-resolving.org/urn:nbn:de:bsz:14-qucosa2-927961
https://nbn-resolving.org/urn:nbn:de:bsz:14-qucosa2-927961
https://doi.org/10.1002/ece3.932
https://doi.org/10.1002/rse2.426
https://doi.org/10.1002/rse2.426
https://doi.org/10.1088/1748-9326/ad545a
https://doi.org/10.1016/j.atech.2025.101452
https://doi.org/10.1016/j.gecco.2020.e01124
https://doi.org/10.1016/j.gecco.2020.e01124
https://doi.org/10.1073/pnas.2410246122


 Monitoring farmland biodiversity using remote sensing 42 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Saad El Imanni, H. et al. (2023) “Multispectral UAV data for detection of weeds in a citrus 
farm using machine learning and Google Earth Engine: case study of Morocco,” 
Remote Sensing Applications: Society and Environment, 30, p. 100941. Available at: 
https://doi .org /10 .1016 /j .rsase .2023 .100941. 

Saari, H. et  al. (2009) “Novel miniaturized hyperspectral sensor for UAV and space 
applications,” in R. Meynart, S.P. Neeck, and H. Shimoda (eds.). SPIE Europe Remote 
Sensing, Berlin, Germany, p. 74741M. Available at: https://doi .org /10 .1117 /12 .830284. 

Sačkov, I. et al. (2020) “Mapping aboveground woody biomass on abandoned agricultural 
land based on airborne laser scanning data,” Remote Sensing, 12(24), p. 4189. 
Available at: https://doi .org /10 .3390 /rs12244189. 

Sahoo, R.N. et al. (2024) “Monitoring cropland LAI using Gaussian Process Regression 
and sentinel – 2 surface reflectance data in Google Earth Engine,” International 
Journal of Remote Sensing, 45(15), pp. 5008–5027. Available at: https://doi .org /10  
.1080 /01431161 .2024 .2370503. 

Samadzadegan, F. et  al. (2025) “A critical review on multi-sensor and multi-platform 
remote sensing data fusion approaches: current status and prospects,” International 
Journal of Remote Sensing, 46(3), pp. 1327–1402. Available at: https://doi .org /10  
.1080 /01431161 .2024 .2429784. 

Sankey, T.T. et al. (2018) “UAV hyperspectral and lidar data and their fusion for arid and 
semi‐arid land vegetation monitoring,” Remote Sensing in Ecology and Conservation, 
4(1), pp. 20–33. Available at: https://doi .org /10 .1002 /rse2 .44. 

Santana, J. et  al. (2025) “Large biodiversity monitoring gaps remain across Europe,” 
Conservation Letters, 18(5), p. e13134. Available at: https://doi .org /10 .1111 /conl  
.13134. 

Santangeli, A. et  al. (2020) “Integrating drone-borne thermal imaging with artificial 
intelligence to locate bird nests on agricultural land,” Scientific Reports, 10(1), p. 
10993. Available at: https://doi .org /10 .1038 /s41598 -020 -67898–3. 

Scheper, J. et al. (2023) “Biodiversity and pollination benefits trade off against profit in 
an intensive farming system,” Proceedings of the National Academy of Sciences, 
120(28), p. e2212124120. Available at: https://doi .org /10 .1073 /pnas .2212124120. 

Schmitt, S. et al. (2017) “ssdm : an r package to predict distribution of species richness 
and composition based on stacked species distribution models,” Methods in 
Ecology and Evolution, 8(12), pp. 1795–1803. Available at: https://doi .org /10 .1111  
/2041 -210X .12841. 

Schneider, F.D. et  al. (2017) “Mapping functional diversity from remotely sensed 
morphological and physiological forest traits,” Nature Communications, 8(1), p. 
1441. Available at: https://doi .org /10 .1038 /s41467 -017 -01530–3. 

Scholten, C.N. et al. (2019) “Real-time thermal imagery from an unmanned aerial vehicle 
can locate ground nests of a grassland songbird at rates similar to traditional 
methods,” Biological Conservation, 233, pp. 241–246. Available at: https://doi .org  
/10 .1016 /j .biocon .2019 .03 .001. 

Schöttker, O. et  al. (2023) “Monitoring costs of result-based payments for biodiversity 
conservation: will UAV-based remote sensing be the game-changer?” Journal for 
Nature Conservation, 76, p. 126494. Available at: https://doi .org /10 .13140 /RG .2 .2  
.16616 .44800. 

Schulte To Bühne, H. and Pettorelli, N. (2018) “Better together: integrating and fusing 
multispectral and radar satellite imagery to inform biodiversity monitoring, 

https://doi.org/10.1016/j.rsase.2023.100941
https://doi.org/10.1117/12.830284
https://doi.org/10.3390/rs12244189
https://doi.org/10.1080/01431161.2024.2370503
https://doi.org/10.1080/01431161.2024.2370503
https://doi.org/10.1080/01431161.2024.2429784
https://doi.org/10.1080/01431161.2024.2429784
https://doi.org/10.1002/rse2.44
https://doi.org/10.1111/conl.13134
https://doi.org/10.1111/conl.13134
https://doi.org/10.1038/s41598-020-67898-3
https://doi.org/10.1073/pnas.2212124120
https://doi.org/10.1111/2041-210X.12841
https://doi.org/10.1111/2041-210X.12841
https://doi.org/10.1038/s41467-017-01530-3
https://doi.org/10.1016/j.biocon.2019.03.001
https://doi.org/10.1016/j.biocon.2019.03.001
https://doi.org/10.13140/RG.2.2.16616.44800
https://doi.org/10.13140/RG.2.2.16616.44800


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 43 

ecological research and conservation science,” Methods in Ecology and Evolution, 
9(4), pp. 849–865. Available at: https://doi .org /10 .1111 /2041 -210X .12942. 

Schweiger, A.K. et  al. (2017) “How to predict plant functional types using imaging 
spectroscopy: linking vegetation community traits, plant functional types and 
spectral response,” Methods in Ecology and Evolution, 8(1), pp. 86–95. Available at: 
https://doi .org /10 .1111 /2041 -210X .12642. 

Schweiger, A.K. et  al. (2018) “Plant spectral diversity integrates functional and 
phylogenetic components of biodiversity and predicts ecosystem function,” Nature 
Ecology & Evolution, 2(6), pp. 976–982. Available at: https://doi .org /10 .1038 / 
s41559 -018 -0551–1. 

Schwieder, M. et al. (2020) “Estimating grassland parameters from Sentinel-2: a model 
comparison study,” PFG – Journal of Photogrammetry, Remote Sensing and 
Geoinformation Science, 88(5), pp. 379–390. Available at: https://doi .org /10 .1007  
/s41064 -020 -00120–1. 

Serrano, J. et al. (2018) “A holistic approach to the evaluation of the montado ecosystem 
using proximal sensors,” Sensors, 18(2), p. 570. Available at: https://doi .org /10 .3390  
/s18020570. 

Shi, Y. and Kissling, W.D. (2024) “Multi-temporal high-resolution data products of 
ecosystem structure derived from country-wide airborne laser scanning surveys of 
the Netherlands.” Available at: https://doi .org /10 .5194 /essd -2024–488. 

Shirzadifar, A. et  al. (2020) “Field identification of weed species and glyphosate-
resistant weeds using high resolution imagery in early growing season,” 
Biosystems Engineering, 200, pp. 200–214. Available at: https://doi .org /10 .1016 /j  
.biosystemseng .2020 .10 .001. 

Shuai, L. et al. (2024) “A research review on deep learning combined with hyperspectral 
Imaging in multiscale agricultural sensing,” Computers and Electronics in 
Agriculture, 217, p. 108577. Available at: https://doi .org /10 .1016 /j .compag .2023 
.108577. 

Simonson, W.D. et al. (2014) “Applications of airborne lidar for the assessment of animal 
species diversity,” Methods in Ecology and Evolution. Edited by A. Tatem, 5(8), pp. 
719–729. Available at: https://doi .org /10 .1111 /2041 -210X .12219. 

Si-Moussi, S. et al. (2025) “EUNIS habitat maps: enhancing thematic and spatial resolution 
for Europe through machine learning,” arXiv preprint arXiv:2506.13649. Available 
at: https://doi .org /10 .48550 /arXiv .2506 .13649. 

Skakun, S. et  al. (2017) “Combined use of Landsat-8 and Sentinel-2A images for 
winter crop mapping and winter wheat yield assessment at regional scale,” AIMS 
Geosciences, 3(2), pp. 163–186. Available at: https://doi .org /10 .3934 /geosci .2017  
.2 .163. 

Smigaj, M. and Gaulton, R. (2021) “Capturing hedgerow structure and flowering 
abundance with UAV remote sensing,” Remote Sensing in Ecology and Conservation, 
7(3), pp. 521–533. Available at: https://doi .org /10 .1002 /rse2 .208. 

Smiley, R.A. et al. (2020) “Assessing nutritional condition of mule deer using a photographic 
index,” Wildlife Society Bulletin, 44(1), pp. 208–213. Available at: https://doi .org /10  
.1002 /wsb .1070. 

Sommerville, M.M. et al. (2011) “The challenge of monitoring biodiversity in payment for 
environmental service interventions,” Biological Conservation, 144(12), pp. 2832– 
2841. Available at: https://doi .org /10 .1016 /j .biocon .2011 .07 .036. 

https://doi.org/10.1111/2041-210X.12942
https://doi.org/10.1111/2041-210X.12642
https://doi.org/10.1038/s41559-018-0551-1
https://doi.org/10.1038/s41559-018-0551-1
https://doi.org/10.1007/s41064-020-00120-1
https://doi.org/10.1007/s41064-020-00120-1
https://doi.org/10.3390/s18020570
https://doi.org/10.3390/s18020570
https://doi.org/10.5194/essd-2024-488
https://doi.org/10.1016/j.biosystemseng.2020.10.001
https://doi.org/10.1016/j.biosystemseng.2020.10.001
https://doi.org/10.1016/j.compag.2023.108577
https://doi.org/10.1016/j.compag.2023.108577
https://doi.org/10.1111/2041-210X.12219
https://doi.org/10.48550/arXiv.2506.13649
https://doi.org/10.3934/geosci.2017.2.163
https://doi.org/10.3934/geosci.2017.2.163
https://doi.org/10.1002/rse2.208
https://doi.org/10.1002/wsb.1070
https://doi.org/10.1002/wsb.1070
https://doi.org/10.1016/j.biocon.2011.07.036


 Monitoring farmland biodiversity using remote sensing 44 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Sookhan, N. et al. (2024) “Automating field‐based floral surveys with machine learning,” 
Ecological Solutions and Evidence, 5(4), p. e12393. Available at: https://doi .org /10  
.1002 /2688–8319.12393. 

Soriano-González, J. et  al. (2022) “Monitoring rice crop and yield estimation with 
Sentinel-2 data,” Field Crops Research, 281, p. 108507. Available at: https://doi .org  
/10 .1016 /j .fcr .2022 .108507. 

Steen, R. (2017) “Diel activity, frequency and visit duration of pollinators in focal plants: 
in situ automatic camera monitoring and data processing,” Methods in Ecology and 
Evolution, 8(2), pp. 203–213. Available at: https://doi .org /10 .1111 /2041 -210X .12654. 

Steenweg, R. et al. (2017) “Scaling‐up camera traps: monitoring the planet's biodiversity 
with networks of remote sensors,” Frontiers in Ecology and the Environment, 15(1), 
pp. 26–34. Available at: https://doi .org /10 .1002 %2Ffee .1448. 

Stenzel, S. et al. (2017) “Identification of high nature value grassland with remote sensing 
and minimal field data,” Ecological Indicators, 74, pp. 28–38. Available at: https://doi  
.org /10 .1016 /j .ecolind .2016 .11 .005. 

Stokes, A.W. et al. (2023) “Altitude, latitude and climate zone as determinants of mountain 
hare ( Lepus timidus ) coat colour change,” Ecology and Evolution, 13(10), p. e10548. 
Available at: https://doi .org /10 .1002 /ece3 .10548. 

Suárez-Tangil, B.D. and Rodríguez, A. (2021) “Estimates of species richness and 
composition depend on detection method in assemblages of terrestrial mammals,” 
Animals, 11(1), p. 186. Available at: https://doi .org /10 .3390 /ani11010186. 

Sun, L. et al. (2021) “Reconstructing daily 30 m NDVI over complex agricultural landscapes 
using a crop reference curve approach,” Remote Sensing of Environment, 253, p. 
112156. Available at: https://doi .org /10 .1016 /j .rse .2020 .112156. 

Suraci, J.P. et  al. (2023) “Mapping connectivity and conservation opportunity on 
agricultural lands across the conterminous United States,” Biological Conservation, 
278, p. 109896. Available at: https://doi .org /10 .1016 /j .biocon .2022 .109896. 

Sydenham, M.A.K. et  al. (2025) “Role of forest edges and other seminatural linear 
landscape features in structuring wild bee habitat connectivity in intensively 
managed landscapes,” Conservation Biology, p. e70152. Available at: https://doi 
.org /10 .1111 /cobi .70152. 

Tanwar, K.S. et  al. (2021) “Camera trap placement for evaluating species richness, 
abundance, and activity,” Scientific Reports, 11(1), p. 23050. Available at: https://doi 
.org /10 .1038 /s41598 -021 -02459 -w. 

Tattoni, C. et  al. (2012) “Can LiDAR data improve bird habitat suitability models?,” 
Ecological Modelling, 245, pp. 103–110. Available at: https://doi .org /10 .1016 /j  
.ecolmodel .2012 .03 .020. 

Tayleur, C. et al. (2017) “Global coverage of agricultural sustainability standards, and their 
role in conserving biodiversity,” Conservation Letters, 10(5), pp. 610–618. Available 
at: https://doi .org /10 .1111 /conl .12314. 

Thers, H. et al. (2017) “Lidar-derived variables as a proxy for fungal species richness and 
composition in temperate Northern Europe,” Remote Sensing of Environment, 200, 
pp. 102–113. Available at: https://doi .org /10 .1016 /j .rse .2017 .08 .011. 

Thürkow, F. et  al. (2025) “LiDAR-based detection of field hamster (Cricetus cricetus) 
burrows in agricultural fields,” Sustainability, 17(14), p. 6366. Available at: https://doi  
.org /10 .3390 /su17146366. 

https://doi.org/10.1002/2688-8319.12393
https://doi.org/10.1002/2688-8319.12393
https://doi.org/10.1016/j.fcr.2022.108507
https://doi.org/10.1016/j.fcr.2022.108507
https://doi.org/10.1111/2041-210X.12654
https://doi.org/10.1002/fee.1448
https://doi.org/10.1016/j.ecolind.2016.11.005
https://doi.org/10.1016/j.ecolind.2016.11.005
https://doi.org/10.1002/ece3.10548
https://doi.org/10.3390/ani11010186
https://doi.org/10.1016/j.rse.2020.112156
https://doi.org/10.1016/j.biocon.2022.109896
https://doi.org/10.1111/cobi.70152
https://doi.org/10.1111/cobi.70152
https://doi.org/10.1038/s41598-021-02459-w
https://doi.org/10.1038/s41598-021-02459-w
https://doi.org/10.1016/j.ecolmodel.2012.03.020
https://doi.org/10.1016/j.ecolmodel.2012.03.020
https://doi.org/10.1111/conl.12314
https://doi.org/10.1016/j.rse.2017.08.011
https://doi.org/10.3390/su17146366
https://doi.org/10.3390/su17146366


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 45 

Tittensor, D.P. et  al. (2014) “A mid-term analysis of progress toward international 
biodiversity targets,” Science, 346(6206), pp. 241–244. Available at: https://doi .org  
/10 .1126 /science .1257484. 

Torresani, M. et  al. (2023) “A novel approach for surveying flowers as a proxy for bee 
pollinators using drone images,” Ecological Indicators, 149, p. 110123. Available at: 
https://doi .org /10 .1016 /j .ecolind .2023 .110123. 

Torresani, M. et  al. (2024a) “Reviewing the spectral variation hypothesis: twenty years 
in the tumultuous sea of biodiversity estimation by remote sensing,” Ecological 
Informatics, 82, p. 102702. Available at: https://doi .org /10 .1016 /j .ecoinf .2024  
.102702. 

Torresani, M. et al. (2024b) “Grassland vertical height heterogeneity predicts flower and 
bee diversity: an UAV photogrammetric approach,” Scientific Reports, 14(1), p. 809. 
Available at: https://doi .org /10 .1038 /s41598 -023 -50308–9. 

Tosin, M.C. et al. (2025) “Weed mapping using UAV imagery and AI techniques: current 
trends and challenges,” Pest Management Science, p. ps.70151. Available at: https:// 
doi .org /10 .1002 /ps .70151. 

Tschumi, M. et  al. (2018) “Rodents, not birds, dominate predation-related ecosystem 
services and disservices in vertebrate communities of agricultural landscapes,” 
Oecologia, 188(3), pp. 863–873. Available at: https://doi .org /10 .1007 /s00442 -018  
-4242 -z. 

United Nations Environment Programme (UNEP), 1992. Convention on Biological 
Diversity. Retrieved May 26, 2026 from https://apps1 .unep .org /resolutions /uploads 
/1992 -convention _on _biological _diversity -en .pdf. 

Ustin, S.L. and Gamon, J.A. (2010) “Remote sensing of plant functional types,” 
New Phytologist, 186(4), pp. 795–816. Available at: https://doi .org /10 .1111 /j 
.1469–8137.2010.03284.x. 

Vahidi, M. et al. (2023) “Pasture biomass estimation using ultra-high-resolution RGB UAVs 
images and deep learning,” Remote Sensing, 15(24), p. 5714. Available at: https:// 
doi .org /10 .3390 /rs15245714. 

Valbuena, R. et  al. (2020) “Standardizing ecosystem morphological traits from 3D 
information sources,” Trends in Ecology & Evolution, 35(8), pp. 656–667. Available 
at: https://doi .org /10 .1016 /j .tree .2020 .03 .006. 

Valente, A.M. et  al. (2018) “Evaluation of methods to monitor wild mammals on 
Mediterranean farmland,” Mammalian Biology, 91, pp. 23–29. Available at: https:// 
doi .org /10 .1016 /j .mambio .2018 .03 .010. 

Valerio, F. et  al. (2023) “Integrating remote sensing data on habitat suitability and 
functional connectivity to inform multitaxa roadkill mitigation plans,” Landscape 
Ecology, 38(12), pp. 3335–3352. Available at: https://doi .org /10 .1007 /s10980 -022  
-01587–6. 

Vallé, C. et  al. (2023) “Farmland biodiversity benefits from small woody features,” 
Biological Conservation, 286, p. 110262. Available at: https://doi .org /10 .1016 /j 
.biocon .2023 .110262. 

Van Der Putten, T.A.W. et al. (2025) “Insights into the fine-scale habitat use of Eurasian 
Water Shrew (Neomys fodiens) using radio tracking and LiDAR,” Journal of 
Mammalogy, 106(3), pp. 549–560. Available at: https://doi .org /10 .1093 /jmammal 
/gyae146. 

https://doi.org/10.1126/science.1257484
https://doi.org/10.1126/science.1257484
https://doi.org/10.1016/j.ecolind.2023.110123
https://doi.org/10.1016/j.ecoinf.2024.102702
https://doi.org/10.1016/j.ecoinf.2024.102702
https://doi.org/10.1038/s41598-023-50308-9
https://doi.org/10.1002/ps.70151
https://doi.org/10.1002/ps.70151
https://doi.org/10.1007/s00442-018-4242-z
https://doi.org/10.1007/s00442-018-4242-z
https://apps1.unep.org/resolutions/uploads/1992-convention%20on%20biological%20diversity-en.pdf
https://apps1.unep.org/resolutions/uploads/1992-convention%20on%20biological%20diversity-en.pdf
https://doi.org/10.1111/j.1469-8137.2010.03284.x
https://doi.org/10.1111/j.1469-8137.2010.03284.x
https://doi.org/10.3390/rs15245714
https://doi.org/10.3390/rs15245714
https://doi.org/10.1016/j.tree.2020.03.006
https://doi.org/10.1016/j.mambio.2018.03.010
https://doi.org/10.1016/j.mambio.2018.03.010
https://doi.org/10.1007/s10980-022-01587-6
https://doi.org/10.1007/s10980-022-01587-6
https://doi.org/10.1016/j.biocon.2023.110262
https://doi.org/10.1016/j.biocon.2023.110262
https://doi.org/10.1093/jmammal/gyae146
https://doi.org/10.1093/jmammal/gyae146


 Monitoring farmland biodiversity using remote sensing 46 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Van Essen, R. et al. (2025) “Adaptive path planning for efficient object search by UAVs 
in agricultural fields,” Smart Agricultural Technology, 12, p. 101075. Available at: 
https://doi .org /10 .1016 /j .atech .2025 .101075. 

Vanegas, F. et  al. (2018) “A novel methodology for improving plant pest surveillance 
in vineyards and crops using UAV-based hyperspectral and spatial data,” Sensors, 
18(1), p. 260. Available at: https://doi .org /10 .3390 /s18010260. 

Vihervaara, P. et al. (2017) “How Essential Biodiversity Variables and remote sensing can 
help national biodiversity monitoring,” Global Ecology and Conservation, 10, pp. 
43–59. Available at: https://doi .org /10 .1016 /j .gecco .2017 .01 .007. 

Violle, C. et al. (2007) “Let the concept of trait be functional!,” Oikos, 116(5), pp. 882–892. 
Available at: https://doi .org /10 .1111 /j .0030–1299.2007.15559.x. 

Wallis, C.I.B. et al. (2025a) “Modeling grassland parameters with hyperspectral satellite 
data: comparison of sensors, acquisition times and spectral transformations,” 
International Journal of Applied Earth Observation and Geoinformation, 144, p. 
104857. Available at: https://doi .org /10 .1016 /j .jag .2025 .104857. 

Wallis, C.I.B. et  al. (2025b) “Methodological considerations for studying spectral-plant 
diversity relationships,” Remote Sensing of Environment, 328, p. 114907. Available 
at: https://doi .org /10 .1016 /j .rse .2025 .114907. 

Walter, J. et al. (2018) “Photogrammetry for the estimation of wheat biomass and harvest 
index,” Field Crops Research, 216, pp. 165–174. Available at: https://doi .org /10 
.1016 /j .fcr .2017 .11 .024. 

Wan, L. et al. (2020) “Grain yield prediction of rice using multi-temporal UAV-based RGB 
and multispectral images and model transfer – a case study of small farmlands in the 
South of China,” Agricultural and Forest Meteorology, 291, p. 108096. Available at: 
https://doi .org /10 .1016 /j .agrformet .2020 .108096. 

Wang, Z. et  al. (2019a) “Mapping foliar functional traits and their uncertainties across 
three years in a grassland experiment,” Remote Sensing of Environment, 221, pp. 
405–416. Available at: https://doi .org /10 .1016 /j .rse .2018 .11 .016. 

Wang, G. et al. (2019b) “Modelling above-ground biomass based on vegetation indexes: 
a modified approach for biomass estimation in semi-arid grasslands,” International 
Journal of Remote Sensing, 40(10), pp. 3835–3854. Available at: https://doi .org /10 
.1080 /01431161 .2018 .1553319. 

Wang, J. et al. (2019c) “Estimating leaf area index and aboveground biomass of grazing 
pastures using Sentinel-1, Sentinel-2 and Landsat images,” ISPRS Journal of 
Photogrammetry and Remote Sensing, 154, pp. 189–201. Available at: https://doi 
.org /10 .1016 /j .isprsjprs .2019 .06 .007. 

Wang, L. et  al. (2025) “The role of remote sensing in species distribution models: a 
review,” International Journal of Remote Sensing, 46(2), pp. 661–685. Available at: 
https://doi .org /10 .1080 /01431161 .2024 .2421949. 

Wayne Polley, H. et al. (2020) “Spectrally derived values of community leaf dry matter 
content link shifts in grassland composition with change in biomass production,” 
Remote Sensing in Ecology and Conservation, 6(3), pp. 344–353. Available at: 
https://doi .org /10 .1002 /rse2 .145. 

Wearn, O.R. and Glover-Kapfer, P. (2019) “Snap happy: camera traps are an effective 
sampling tool when compared with alternative methods,” Royal Society Open 
Science, 6(3), p. 181748. Available at: https://doi .org /10 .1098 /rsos .181748. 

https://doi.org/10.1016/j.atech.2025.101075
https://doi.org/10.3390/s18010260
https://doi.org/10.1016/j.gecco.2017.01.007
https://doi.org/10.1111/j.0030-1299.2007.15559.x
https://doi.org/10.1016/j.jag.2025.104857
https://doi.org/10.1016/j.rse.2025.114907
https://doi.org/10.1016/j.fcr.2017.11.024
https://doi.org/10.1016/j.fcr.2017.11.024
https://doi.org/10.1016/j.agrformet.2020.108096
https://doi.org/10.1016/j.rse.2018.11.016
https://doi.org/10.1080/01431161.2018.1553319
https://doi.org/10.1080/01431161.2018.1553319
https://doi.org/10.1016/j.isprsjprs.2019.06.007
https://doi.org/10.1016/j.isprsjprs.2019.06.007
https://doi.org/10.1080/01431161.2024.2421949
https://doi.org/10.1002/rse2.145
https://doi.org/10.1098/rsos.181748


Published by Burleigh Dodds Science Publishing Limited, 2026. 

Monitoring farmland biodiversity using remote sensing 47 

Weisberg, P.J. et  al. (2021) “Phenology-based classification of invasive annual grasses 
to the species level,” Remote Sensing of Environment, 263, p. 112568. Available at: 
https://doi .org /10 .1016 /j .rse .2021 .112568. 

Weiss, M. et  al. (2020) “Remote sensing for agricultural applications: a meta-review,” 
Remote Sensing of Environment, 236, p. 111402. Available at: https://doi .org /10  
.1016 /j .rse .2019 .111402. 

Wengert, M. et al. (2025) “Spatial-temporal heterogeneity of yield, protein concentration, 
and leaf area index in grassland agroforestry systems can be modeled from UAV-
borne imagery,” Computers and Electronics in Agriculture, 237, p. 110575. Available 
at: https://doi .org /10 .1016 /j .compag .2025 .110575. 

Williams, S.T. et  al. (2018) “Predation by small mammalian carnivores in rural agro-
ecosystems: an undervalued ecosystem service?,” Ecosystem Services, 30, pp. 362– 
371. Available at: https://doi .org /10 .1016 /j .ecoser .2017 .12 .006. 

Wix, N. and Reich, M. (2019) “Time-triggered camera traps versus line transects – 
advantages and limitations of multi-method studies for bird surveys,” Bird Study, 
66(2), pp. 207–223. Available at: https://doi .org /10 .1080 /00063657 .2019 .1654975. 

Wolstenholme, J.M. et al. (2025) “Automated identification of hedgerows and hedgerow 
gaps using deep learning,” Remote Sensing in Ecology and Conservation, 11(4), pp. 
411–424. Available at: https://doi .org /10 .1002 /rse2 .432. 

Wood, S.A. et al. (2015) “Functional traits in agriculture: agrobiodiversity and ecosystem 
services,” Trends in Ecology & Evolution, 30(9), pp. 531–539. Available at: https://doi  
.org /10 .1016 /j .tree .2015 .06 .013. 

Wu, Z. et al. (2023) “Deep learning enables satellite-based monitoring of large populations 
of terrestrial mammals across heterogeneous landscape,” Nature Communications, 
14(1), p. 3072. Available at: https://doi .org /10 .1038 /s41467 -023 -38901 -y. 

Wuepper, D. and Huber, R. (2022) “Comparing effectiveness and return on investment of 
action‐ and results‐based agri‐environmental payments in S witzerland,” American 
Journal of Agricultural Economics, 104(5), pp. 1585–1604. Available at: https://doi 
.org /10 .1111 /ajae .12284. 

Xavier, S.S. et  al. (2018) “Remotely estimating beneficial arthropod populations: 
implications of a low-cost small unmanned aerial system,” Remote Sensing, 10(9), p. 
1485. Available at: https://doi .org /10 .3390 /rs10091485. 

Xing, F. et  al. (2024) “Mapping invasive noxious weed species in the alpine grassland 
ecosystems using very high spatial resolution UAV hyperspectral imagery and 
a novel deep learning model,” GIScience & Remote Sensing, 61(1), p. 2327146. 
Available at: https://doi .org /10 .1080 /15481603 .2024 .2327146. 

Xu, B. et al. (2023) “Improved weed mapping in corn fields by combining UAV‐based 
spectral, textural, structural, and thermal measurements,” Pest Management Science, 
79(7), pp. 2591–2602. Available at: https://doi .org /10 .1002 %2Fps .7443. 

Xu, K. et al. (2025) “Effective multi-species weed detection in complex wheat fields using 
multi-modal and multi-view image fusion,” Computers and Electronics in Agriculture, 
230, p. 109924. Available at: https://doi .org /10 .1016 /j .compag .2025 .109924. 

Yan, H. et  al. (2009) “Modeling gross primary productivity for winter wheat–maize 
double cropping system using MODIS time series and CO2 eddy flux tower data,” 
Agriculture, Ecosystems & Environment, 129(4), pp. 391–400. Available at: https:// 
doi .org /10 .1016 /j .agee .2008 .10 .017. 

https://doi.org/10.1016/j.rse.2021.112568
https://doi.org/10.1016/j.rse.2019.111402
https://doi.org/10.1016/j.rse.2019.111402
https://doi.org/10.1016/j.compag.2025.110575
https://doi.org/10.1016/j.ecoser.2017.12.006
https://doi.org/10.1080/00063657.2019.1654975
https://doi.org/10.1002/rse2.432
https://doi.org/10.1016/j.tree.2015.06.013
https://doi.org/10.1016/j.tree.2015.06.013
https://doi.org/10.1038/s41467-023-38901-y
https://doi.org/10.1111/ajae.12284
https://doi.org/10.1111/ajae.12284
https://doi.org/10.3390/rs10091485
https://doi.org/10.1080/15481603.2024.2327146
https://doi.org/10.1002/ps.7443
https://doi.org/10.1016/j.compag.2025.109924
https://doi.org/10.1016/j.agee.2008.10.017
https://doi.org/10.1016/j.agee.2008.10.017


 Monitoring farmland biodiversity using remote sensing 48 

Published by Burleigh Dodds Science Publishing Limited, 2026. 

Yaney‐Keller, A. et al. (2025) “Closing the air gap: the use of drones for studying wildlife 
ecophysiology,” Biological Reviews, 100(3), pp. 1206–1228. Available at: https://doi  
.org /10 .1111 %2Fbrv .13181. 

Yang, Z. et al. (2014) “Spotting East African mammals in open savannah from space,” PLoS 
ONE, 9(12), p. e115989. Available at: https://doi .org /10 .1371 /journal .pone .0115989. 

Yang, X. et  al. (2025) “Mapping alpha diversity of plant species using scale effects of 
remote sensing,” Ecological Informatics, 86, p. 102993. Available at: https://doi .org 
/10 .1016 /j .ecoinf .2025 .102993. 

Yu, X. et  al. (2025) “Cross-scale soil moisture content monitoring of winter wheat by 
integrating UAV and sentinel-1/2 data,” Agricultural Water Management, 320, p. 
109831. Available at: https://doi .org /10 .1016 /j .agwat .2025 .109831. 

Yuzugullu, O. et  al. (2024) “Satellite-based soil organic carbon mapping on European 
soils using available datasets and support sampling,” Science of Remote Sensing, 9, 
p. 100118. Available at: https://doi .org /10 .1016 /j .srs .2024 .100118. 

Zarco-Tejada, P.J. et al. (2018) “Previsual symptoms of Xylella fastidiosa infection revealed 
in spectral plant-trait alterations,” Nature Plants, 4(7), pp. 432–439. Available at: 
https://doi .org /10 .1038 /s41477 -018 -0189–7. 

Zavalloni, M. et al. (2025) “Technological innovations for biodiversity monitoring and the 
design of agri-environmental schemes,” Biological Conservation, 305, p. 111069. 
Available at: https://doi .org /10 .1016 /j .biocon .2025 .111069. 

Zawalińska, K. et  al. (2026) “Measuring what matters: operationalising biodiversity 
indicators for results-based CAP monitoring,” Ecological Indicators, 186, p. 114856. 
Available at: https://doi .org /10 .1016 /j .ecolind .2026 .114856. 

Zeuss, D. et al. (2024) “Nature 4.0: a networked sensor system for integrated biodiversity 
monitoring,” Global Change Biology, 30(1), p. e17056. Available at: https://doi .org  
/10 .1111 /gcb .17056. 

Zhang, J. et al. (2020) “Construction of a plant spectral library based on an optimised 
feature selection method,” Biosystems Engineering, 195, pp. 1–16. Available at: 
https://doi .org /10 .1016 /j .biosystemseng .2020 .04 .008. 

Zhang, Y.-W. et al. (2022) “Estimating community-level plant functional traits in a species-
rich alpine meadow using UAV image spectroscopy,” Remote Sensing, 14(14), p. 
3399. Available at: https://doi .org /10 .3390 /rs14143399. 

Zhang, X. et  al. (2023) “Mapping the forage nitrogen, phosphorus, and potassium 
contents of alpine grasslands by integrating Sentinel-2 and Tiangong-2 data,” Plant 
Methods, 19(1), p. 48. Available at: https://doi .org /10 .1186 /s13007 -023 -01024 -y. 

Zhang, C. et al. (2025) “Remote sensing for crop mapping: a perspective on current and 
future crop-specific land cover data products,” Remote Sensing of Environment, 330, 
p. 114995. Available at: https://doi .org /10 .1016 /j .rse .2025 .114995. 

Zhu, H. et al. (2024) “Intelligent agriculture: deep learning in UAV-based remote sensing 
imagery for crop diseases and pests detection,” Frontiers in Plant Science, 15, p. 
1435016. Available at: https://doi .org /10 .3389 /fpls .2024 .1435016. 

Ziliani, M.G. et al. (2018) “Intra-season crop height variability at commercial farm scales 
using a fixed-wing UAV,” Remote Sensing, 10(12), p. 2007. Available at: https://doi 
.org /10 .3390 /rs10122007. 

Zimmer, C. et al. (2025) “PATCH-FILL: multiscale gap-filling for Earth system data cubes,” 
IEEE Transactions on Geoscience and Remote Sensing, 63. Available at: https://doi  
.org /10 .1109 /TGRS .2025 .3593051. 

https://doi.org/10.1111/brv.13181
https://doi.org/10.1111/brv.13181
https://doi.org/10.1371/journal.pone.0115989
https://doi.org/10.1016/j.ecoinf.2025.102993
https://doi.org/10.1016/j.ecoinf.2025.102993
https://doi.org/10.1016/j.agwat.2025.109831
https://doi.org/10.1016/j.srs.2024.100118
https://doi.org/10.1038/s41477-018-0189-7
https://doi.org/10.1016/j.biocon.2025.111069
https://doi.org/10.1016/j.ecolind.2026.114856
https://doi.org/10.1111/gcb.17056
https://doi.org/10.1111/gcb.17056
https://doi.org/10.1016/j.biosystemseng.2020.04.008
https://doi.org/10.3390/rs14143399
https://doi.org/10.1186/s13007-023-01024-y
https://doi.org/10.1016/j.rse.2025.114995
https://doi.org/10.3389/fpls.2024.1435016
https://doi.org/10.3390/rs10122007
https://doi.org/10.3390/rs10122007
https://doi.org/10.1109/TGRS.2025.3593051
https://doi.org/10.1109/TGRS.2025.3593051

	Cover
	Monitoring farmland biodiversityusing remote sensing
	1 Introduction
	2 Remote sensing of Essential Biodiversity Variables
	3 Challenges
	4 Road ahead
	5 Conclusion
	6 Acknowledgments
	7 Where to look for further information
	8 References




