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Abstract 

The effective translation of Earth observation (EO) measurements into actionable information for agriculture and land 

monitoring is critical to support policy implementation on climate, environment, and sustainable development. How‑

ever, this translation remains challenging, as EO evolves from an awareness‑raising instrument into an operational tool 

for evidence‑based policymaking. To address this gap, we systematically link, for the first time, European Union (EU) 

land‑related agricultural and environmental policies to EO‑derived variables that can be generated from enhanced 

optical satellites expected in the next decade. We present a comprehensive framework for assessing the technol‑

ogy readiness levels (TRLs) of EO variables used to map, monitor, and manage crop, forest, soil, mineral, and water 

resources, thereby facilitating policy implementation and compliance. Upcoming Copernicus Hyperspectral Imag‑

ing Mission for the Environment (CHIME), and the Sentinel‑2 Next Generation (S2NG) missions, both developed 

by the European Space Agency (ESA), will deliver substantial technological advancements for high‑level EO‑based 

products, enabling applications such as plant nitrogen and soil organic carbon content (SOC) estimation, species 

identification, and water quality characterization. Realizing the full potential of CHIME and S2NG for agricultural 

and environmental policy implementation will require advancing current products from prototype stages (TRL 4–6) 

to full operational readiness (TRL 9) through robust science‑policy interfaces. Within such interfaces, we recommend 

exploiting existing (hyperspectral) EO data and time series, strengthening in‑situ observations for robust model devel‑

opment and validation, and testing synergies between systems. Co‑design of tailored products with policymakers 

is then essential to refine algorithms and align EO outputs with regulatory needs and scales. Upcoming spaceborne 

imaging spectroscopy and enhanced multispectral data streams thus have the potential to become game‑changers 

and indispensable tools for EU policy implementation, providing greater traceability of key environmental and agricul‑

tural processes.

Keywords CHIME, EU legislation, Copernicus, Expansion missions, Sentinel‑2 next Generation, User involvement, EO 

variables
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Introduction
Mitigating and adapting to global change requires sus-

tained long-term monitoring of the Earth system, as 

prioritized by the Millennium Ecosystem Assessment 

[140, 148]. In support of this, Earth observation (EO) has 

achieved remarkable advances in recent years, driven by 

technological innovations with numerous new sensors 

[162] and increased global awareness of environmental 

challenges, such as urban expansion, deforestation, for-

est degradation, or agricultural intensification, among 

others (e.g., [101, 122, 168]). Since the introduction 

of the European Green Deal (EGD) [33] in December 

2019, the European Commission (EC) has proposed and 

revised several land-related environmental and agricul-

tural policies, which have subsequently been adopted by 

the European Union (EU). The new regulatory frame-

work focuses on the protection and restoration of natu-

ral resources, aiming to combat climate change, enhance 

biodiversity, promote sustainable land use, and increase 

ecosystem resilience, thereby contributing to the EGD’s 

objective of achieving climate neutrality by 2050 [136, 

163]. Value-added products derived from EO data can 

greatly support this agenda by providing consistent, 

repeatable monitoring across Member States in support 

of implementation, reporting and compliance.

However, the practical uptake of EO products for policy 

monitoring and compliance remains challenging, partly 

because relevant institutions and implementing agencies 

often have limited awareness or technical capacity (e.g., 

[11, 21]). The Copernicus Programme, established under 

Regulation (EU) 2021/696 (EU, 2021c) and funded by 

the EU, provides a comprehensive suite of products and 

services, with the European Space Agency (ESA) leading 

the development and operation of the Sentinel satellite 

series. Hereby, the Copernicus Land Monitoring Service 

(CLMS)1 delivers user-ready information products across 

various domains. The current product portfolio primarily 

relies on data from radar and multispectral Sentinel satel-

lites, such as Sentinel-1, Sentinel-2, and Sentinel-3, pro-

viding broad support for environmental and land policy 

implementation. Sentinel-2, the most widely used Coper-

nicus sensor for land monitoring, features spatial resolu-

tions of 10–20 m (and 60 m atmospheric/cirrus bands); 

13 spectral bands spanning visible to shortwave-infrared 

(SWIR) (i.e., 443–2190 nm); and a 5-day temporal revisit 

at the equator, enabling precise crop, soil, and vegetation 

analysis central to EU agricultural and environmental 

policies (Drusch et al., 2012)63. While CLMS and other 

services already provide operational products, there is 

ample room for improvement [11], for instance, in the 

domain of inland water quality [113].

Towards the end of this decade, the Copernicus Hyper-

spectral Imaging Mission for the Environment (CHIME) 

[24, 145] is anticipated to routinely deliver data with high 

spectral resolution (~ 250 bands), 30  m spatial resolu-

tion and a repeat cycle of 11  days, complementing the 

data streams currently offered by multispectral systems 

like Sentinel-2. Furthermore, the Sentinel-2 Next Gen-

eration (S2NG) mission with the Advanced Multi-Spec-

tral Instrument (AMSI), planned for launch in the early 

2030s, will offer enhanced multispectral capabilities by 

providing additional spectral bands for specific applica-

tions, a higher repeat cycle of 2–3 days, and finer spatial 

resolution than Sentinel-2 and CHIME (i.e. 5–10  m). 

In addition, the Land Surface Temperature Monitoring 

(LSTM) mission is planned for launch in 2028 as part of 

the Copernicus Sentinel family. The satellite will carry 

instruments capable of observing in the thermal infrared 

(TIR), SWIR, and visible to near-infrared (VNIR) spectral 

ranges in 50 m spatial resolution within 1–3 days, provid-

ing data over land and coastal areas to support agricul-

tural management and potentially a broad range of other 

environmental services. CHIME-derived data will offer 

key advantages. Building on the experience from the new 

generation of spaceborne imaging spectroscopy precur-

sor missions, i.e. PRecursore IperSpettrale della Missione 

Applicativa (PRISMA) [119] and the Environmental 

Mapping and Analysis Program (EnMAP) [27], CHIME 

is expected to further enhance the accuracy of mature, 

high technology readiness levels (TRL) products such 

as leaf area index (LAI) and water-quality variables (e.g. 

[117], Niroumand-Jadidi et al., 2020133; [165]). In addi-

tion to accuracy improvements, the temporal and spa-

tial resolutions of these mature products will be further 

enhanced mainly through S2NG. In particular, the higher 

spectral dimensionality of the new sensors will enable the 

retrieval of currently unreliable or unattainable biophysi-

cal and biochemical variables from traditional multi-

spectral data. Such capabilities open new possibilities for 

quantifying crop and soil properties, water and nutrient 

status, species discrimination, and biodiversity or eco-

system traits (e.g., [89, 93, 109, 128, 164, 166, 170, 173]). 

This will   directly support EU policies like the Common 

Agricultural Policy (CAP) for crop monitoring and eli-

gibility checks, the EU Land Use, Land Use Change and 

Forestry (LULUCF) for emissions/land-use verification, 

or the Regulation on deforestation-free products (EUDR) 

for deforestation-free supply chains, where finer spectral/

temporal resolutions enable near-real-time compliance 

and food security assessments facing climate challenges.

In summary, numerous scientific studies provide evi-

dence of the added value of data with enhanced spectral, 1 https:// land. coper nicus. eu/ en

https://land.copernicus.eu/en
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spatial and temporal detail, compared to currently avail-

able sensor data. In the coming years, it will be crucial 

to improve scientific algorithms and enhance the accu-

racy of derived variables to develop mature products that 

support policymakers, land managers, and authorities 

responsible for monitoring and compliance tasks [153]. 

To achieve this, a program that explores and demon-

strates the potential of EO data to address pressing policy 

needs is required (Fig. 1).

Accordingly, this study aims to guide the development 

of value-added EO products by identifying key vari-

ables whose retrieval can be enhanced through improved 

sensor technologies. Thus, by carefully examining EU 

land-related policies and evaluating the capabilities of 

emerging sensor technologies, we aim to:

• assess the maturity of EO-derived key variables for 

mapping, monitoring, assessing, and managing envi-

ronmental ecosystem services and

• provide guidance on how to bridge the gap between 

the current status and full maturity, enabling routine 

production and operational provisioning to support 

policy implementation and compliance.

Note that in this study, we focus primarily on advances 

in optical imaging spectroscopy and high-resolution mul-

tispectral missions (CHIME and Sentinel-2 NG) as key 

enablers for EU policy monitoring based on their capa-

bility to provide specific variables. Thermal missions such 

as LSTM offer important but partly distinct capabilities, 

particularly for evapotranspiration, crop water use, and 

land surface energy balance quantification.

Review of selected EU land‑related policies 
and linking to relevant EO‑derived variables
For categorisation of policies, we aim to align with the EU 

policy areas defined by the Knowledge Centre on Earth 

Observation (KCEO) (see KCEO [102]). We acknowledge 

that there are alternative classifications and that none 

fully capture the practical overlaps, synergies, and mutual 

influences among policies, many of which reinforce and 

affect one another. The following policy areas are covered 

in our analysis: Agriculture, Forestry, Climate Change 

Mitigation and Climate Change Adaptation (jointly: Cli-

mate), Biodiversity, Soils, Raw Materials, as well as Inland 

Water and Pollution, and Coastal Zones Management 

(jointly: Water).

Agricultural policies

EO data have become indispensable for policy stake-

holders under the CAP and are increasingly central to its 

monitoring systems. Simplification measures introduced 

in May 2025 [47] promote greater reliance on satellite-

based and digital tools to reduce physical inspections, 

further increasing demand for EO-derived informa-

tion. Sentinel-2 has long been the cornerstone for agri-

cultural monitoring, underpinning the digital transition 

toward Agriculture 4.0 and initiatives such as the Euro-

pean Farm to Fork strategy [35]. Its products, from crop-

land and crop type maps to biophysical and phenological 

Fig. 1 Requirements, decisions, actions, and compliance for EU policies supported by EO‑derived key variables. From enhanced spectral 

information to demonstrations and routine production. Rationale of the current study. TRL: technology readiness levels
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indicators, support parcel-level management and more 

accurate crop statistics.

The CAP 2023–2027 period marked a shift toward 

results-oriented and sustainability-focused policies 

aligned with the European Green Deal (EGD) and the 

United Nations (UN) Sustainable Development Goals 

(SDGs). The framework’s conditionality, reinforced 

through Good Agricultural and Environmental Condi-

tions (GAEC) standards and eco-schemes, moves from 

compliance-based controls to outcome-based incentives 

addressing climate, soil, water, and biodiversity goals. 

This transition now relies on continuous satellite-based 

area monitoring using Sentinel-1 and Sentinel-2 time 

series rather than being limited to on-site inspections.

Looking ahead, the proposed CAP 2028–2034 [48] 

consolidates monitoring approaches, linking income sup-

port to verified environmental performance through the 

Degressive Area-Based Income Support (DABIS) and a 

new “farm stewardship” system. These, together with the 

agri-environmental and climate actions (AECAs), reward 

sustainable practices in crop and livestock systems. The 

next CAP will therefore depend even more on spatially 

explicit, frequently updated indicators to assess sustain-

ability outcomes, land-use intensity, and environmental 

performance across Europe. Besides the provision of new 

added-value products, future EO sensors will be instru-

mental in maintaining and enhancing existing agricul-

tural data provision and related services.

Forest policies

The 2019 Communication “Stepping Up EU Action to 

Protect and Restore Forests” (COM (2019) 352 final) 

Commission [32] represented a decisive step by the EU 

to phase out its role in global deforestation, establish 

partnerships, mobilize sustainable finance, and build 

robust information systems. On the home front, this was 

followed by the adoption of the EU Forest Strategy for 

2030 (COM/2021/572) Commission [41] to improve the 

quantity and quality of EU forests, and strengthen their 

protection, restoration and resilience. As a horizontal 

support for these goals, the Strategy pays special atten-

tion to strategic forest monitoring, reporting and data 

collection. Traditional forest monitoring via national 

forest inventories collects a wealth of data at defined 

sites but requires significant financial investments and 

typically operates on re-measurement cycles of about 

5–10  years only. In this context, EO-derived data prod-

ucts and frequently updated geospatial layers with EU or 

global coverage will play a pivotal role in supporting the 

implementation and monitoring of forest-related policies, 

for example, through wall-to-wall maps of tree cover, 

forest type and biomass change. However, some of the 

most crucial forest policies have faced significant politi-

cal opposition, as illustrated by the proposed but ulti-

mately rejected Regulation on a monitoring framework 

for resilient European forests (Forest Monitoring Law, 

COM(2023) 728 final, Commission [43]). In November 

2025, the European Parliament backed a one-year post-

ponement and simplification of the EUDR (Regulation 

(EU) 2023/1115, EU [75]), aligning with the Council’s 

call to delay application deadlines and ease due diligence 

requirements, especially for micro and small operators. 

Since the core objective of the EUDR (deforestation-free 

supply chains) remains, the need for robust spatial evi-

dence persists, and the demand for reliable, consistent 

EO data and derived land-cover/change products can be 

expected to grow.

Climate policies

The EU’s overarching climate objective is set out in the 

European Climate Law (Regulation (EU) 2021/1119) [72], 

which establishes a binding target of climate neutrality 

by 2050 and at least a 55% reduction in net greenhouse 

gas emissions by 2030, compared to 1990 levels, together 

with a framework for climate adaptation and carbon 

removals. Building on this, the Council has now agreed 

to amend the law by introducing a binding intermediate 

2040 target of a 90% reduction in net GHG emissions 

relative to 1990, alongside provisions on flexibility and 

key design elements that will guide post-2030 climate 

policy while still requiring deep decarbonisation across 

all sectors and an enhanced role for carbon sinks. The 

land use sector, encompassing cropland, grassland, wet-

lands, forests, and settlements, offers significant carbon 

sequestration and emission reduction opportunities. 

The EU LULUCF (Regulation (EU) 2023/839, Commis-

sion [45]) is a cornerstone in this fight against climate 

change. The LULUCF Regulation introduces the EU-wide 

GreenHouse Gas (GHG) net removals target and specific 

carbon budgets for all Member States for 2030, which 

should be tracked based on regularly reported emis-

sions and removals, leveraging precise data obtained via 

advanced monitoring technologies, including EO-derived 

data and updated geospatial layers. At the end of 2024, 

the EC adopted the EU Carbon Removal Certification 

Framework (CRCF) (EU) 2024/3012) [77]. The CRCF dif-

ferentiates between three primary categories of carbon 

removal: (i carbon farming, encompassing afforestation 

and reforestation, improved forest management, agrofor-

estry and mixed farming, soil protection measures (con-

servation tillage, cover crops, catch crops, rewetting and 

restoring peatlands and wetlands, and efficient use of fer-

tilisers, (ii permanent carbon storage,and (iii carbon stor-

age in long-lasting products.
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Biodiversity policies

The EU Biodiversity Strategy for 2030, COM/2020/380 

final [37] sets ambitious goals to ensure that ecosystems 

are healthy, resilient to climate change, rich in biodiver-

sity and able to deliver essential ecosystem services. It 

includes specific targets to protect a minimum of 30% and 

strictly protect a minimum of 10% of EU land area and 

integrate ecological corridors, and to restore degraded 

ecosystems. It also strengthens monitoring by extending 

national requirements of Member States, and developing 

new indicators [67]. The Nature Restoration Regulation 

(NRR, Regulation EU) 2024/1991) [76] was adopted in 

June 2024 as the key element of the Biodiversity Strategy, 

aiming to achieve a harmonized framework for monitor-

ing and restoring degraded ecosystems. The regulation 

sets binding targets for the restoration of terrestrial, 

freshwater and urban ecosystems. By 2030, at least 30% 

of EU land and sea areas that are not in good condition 

should be under restoration, with the aim of restoring 

at least 90% of ecosystems by 2050. This includes the 

conservation status of Natura 2000 habitat types, which 

should be enhanced from unfavourable to favourable 

conditions, and prioritized for restoration until 2030. 

Restoring natural connectivity of rivers and the ecologi-

cal functions of associated floodplains is also promoted, 

with the objective of returning at least 25,000 km of riv-

ers to free-flowing conditions by 2030. Restoration of for-

est ecosystems should lead to an increase in standing and 

lying deadwood, unevenly-aged forests, forest connectiv-

ity, and abundance of organic carbon stocks. Within its 

objective of enhancing biodiversity in agricultural ecosys-

tems, the NRR emphasizes protecting and restoring wet-

lands, particularly peatlands, as a cost-effective approach 

to mitigating climate change. Finally, the NRR aims to 

increase the trend of urban green space and of urban tree 

canopy as measures for restoring urban ecosystems.

EU Member States must develop national restoration 

plans by September 2026, outlining how they intend to 

meet restoration targets. Regular monitoring and report-

ing on progress is envisaged, leveraging, among others, 

data and services from EO technologies. While Coper-

nicus products are central for the monitoring under 

the NRR, the implementation phase remains adaptable, 

allowing for the integration of advanced national prod-

ucts, such as high-resolution land-cover and habitat 

maps, tree species, or biodiversity indicators.

Soils policies

Estimating SOC using remote sensing is growing in 

importance for carbon cycle monitoring and agricul-

ture, and is among the most requested variables across 

policies. A large proportion of EU soils (70%) is currently 

in unhealthy conditions and affected by widespread 

degradation [137]. In response, the Commission adopted 

the EU Soil Strategy for 2030 [39], aiming for a more 

comprehensive approach to ensuring soil and resilience, 

preventing land degradation by achieving no net land 

take and reducing soil pollution, and establishing com-

mon EU standards for the protection of soils, sustain-

able management practices, and restoration of degraded 

soils. In this framework, the EU Soil Observatory (EUSO) 

was established in December 2020 to track progress in 

soil management and restoration. A key component of 

the soil strategy is the Directive (EU) 2025/2360, the Soil 

Monitoring Law [78], which entered into force in Decem-

ber 2025. It addresses key soil threats in the EU, such as 

erosion, floods and landslides, loss of soil organic matter, 

salinisation, contamination, compaction, sealing, as well 

as loss of soil biodiversity. This law encourages Member 

States to utilize Copernicus services to monitor crucial 

soil descriptors (physical, chemical and biological vari-

ables) and assess overall soil health. Concurrently, the 

CAP has significantly emphasized agriculture’s role in 

preserving soil fertility, and several of the GAEC ele-

ments specifically target soil conservation.

Raw materials policies

The Critical Raw Materials Resilience (COM/2020/474 

final) [36] and the European Critical Raw Materials 

Act (CRMA, Regulation (EU) 2024/1252) [46] require 

improved mapping techniques for identifying a more 

diverse range of minerals. CRMA proposes a set of 

actions to ensure a secure and sustainable supply of raw 

materials while ensuring environmental safeguards and 

promoting circularity in their use. The key focus is to 

reduce dependence on a single third country (i.e., diversi-

fication of supply) while increasing transparency and sus-

tainability in supply chains. Thus, the Act aims to identify 

Strategic Projects, improve recycling, and develop more 

sustainable sourcing methods within the EU. It explic-

itly acknowledges that EO data and derived services can 

support efforts towards sustainable critical raw materi-

als value chains by providing a continuous flow of infor-

mation for uses including exploration, environmental 

impact assessments, and mine monitoring, and encour-

ages Member States to use EO data when designing their 

national exploration programmes, especially to survey 

remote or hard-to-access areas.

Water policies

The Water Framework Directive (WFD) 2000/60/EC 

[30] serves as the principal legislation for protecting and 

improving the quality of Europe’s inland surface waters, 

transitional waters, coastal waters, and groundwater. It 

establishes the overarching objective of achieving “good 

ecological status” good ecological and chemical status for 
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all water bodies by 2027, using River Basin Management 

Plan (RBMP) as the fundamental planning and imple-

mentation unit. The elements that make up ecological 

status include biological and chemical qualities, as well 

as hydromorphological characteristics of water bod-

ies (e.g., riverbank structure and stability, river continu-

ity). This overarching framework is reinforced by a set of 

thematic directives, such as the Bathing Water Directive 

(2006/7/EC), the Groundwater Directive (2006/118/EC), 

and the Environmental Quality Standards (EQS) Direc-

tive (2008/105/EC), which define priority substances 

and pollutants, along with the environmental quality 

standards that must be met to protect water bodies from 

degradation.

In 2022, a proposal to amend the WFD, the Groundwa-

ter Directive, and the Environmental Quality Standards 

Directive was initiated by the EC as part of the EGD’s 

goal to protect and restore Europe’s natural environ-

ment. The Bathing Water Directive focuses on microbial 

water quality, where EO may help identify contributing 

environmental conditions such as eutrophication or algal 

blooms. The Drinking Water Directive (EU) 2020/2184 

establishes safeguards to protect human health from 

water contamination, ensuring that drinking water 

remains wholesome and clean, and aims to improve uni-

versal access to safe drinking water across the EU. To this 

end, it defines a set of microbiological, chemical and indi-

cator parameters for risk assessment, including turbidity, 

total organic carbon and water colour, which are among 

the variables that can potentially be mapped with remote 

sensing.

Traceability matrix of policy goals and key variables

To effectively explore the potential of future EO data in 

the context of EU policies, it is essential to establish a 

clear and transparent link between specific policy objec-

tives, outlined above, and the remotely sensed variables 

relevant for monitoring and assessing progress. Table  1 

presents a traceability matrix, associating selected poli-

cies with their target areas and identifying key EO-based 

variables that can be estimated through advanced spec-

tral, spatial, or temporal capabilities. It is important to 

note that while many of these variables have previously 

been derived from multispectral sensors (primarily Sen-

tinel-2/Landsat), the absence of key spectral features or 

limited temporal frequency constrains the accuracy of 

such estimations, resulting in increased uncertainty (e.g., 

[27, 145, 164]).

The upcoming EO satellite missions: CHIME 
and S2NG
Hyperspectral imaging mission for the environment: 

CHIME

CHIME is part of the future Copernicus Sentinel Expan-

sion missions2 and it will provide routine and openly 

available hyperspectral observations (i.e., contiguous 

spectral bands from the visible to the SWIR) through the 

Copernicus Programme. The mission, to be comprised 

of two satellites (CHIME-A and CHIME-B), will carry 

a pushbroom grating imaging spectrometer with high 

signal-to-noise ratio (SNR), high radiometric accuracy 

and data uniformity [132]. The instrument consists of a 

single telescope for three single-channel spectrometers 

covering each one-third of the total swath of ≈130  km. 

Each spectrometer employs a detector with 250 contigu-

ous narrow bands in the visible, near-infrared (NIR), and 

SWIR spectral regions (400–2500  nm) [20], see Fig.  2. 

CHIME will provide routine global coverage of land and 

coastal areas at 30  m spatial resolution. The spacecrafts 

will fly in a sun-synchronous orbit, with a repeat cycle of 

22 days for a single satellite or 11 days for two, ensuring 

a sub-seasonal time series of nadir-looking observations.

The primary objective of the CHIME mission is 

to enhance and innovate services for precise natural 

resource management, underpinning relevant policies 

and decisions. A key focus will be”sustainable agricul-

ture and food security,“ encompassing food nutrition and 

quality [138].

In view of the current hyperspectral satellite data avail-

ability, the CHIME satellite mission is highly anticipated 

for its ability to deliver routine data with improved spatial 

coverage and temporal resolution, which is a key require-

ment for various applications. The mission will generate 

Analysis Ready Data (ARD) [8], and will leverage the val-

uable knowledge gained from demonstrations with pre-

cursors like Hyperion, PRISMA, EnMAP and EMIT. The 

availability of highly resolved spectral signals allows for 

full exploitation and validation of radiative transfer mod-

els (RTMs), unlocking the development of new products, 

e.g., Rautiainen et al. [146].

Sentinel‑2 next generation: S2NG

The S2NG mission will continue the high-quality, high 

spatial resolution data series provided by the first-gen-

eration Sentinel-2 mission, while enhancing the exist-

ing capabilities where possible. The primary objective 

of the mission will remain land surface remote sensing, 

but a stronger emphasis will be placed on the provision 

2 https:// www. esa. int/ Appli catio ns/ Obser ving_ the_ Earth/ Coper nicus/ 
Coper nicus_ Senti nel_ Expan sion_ missi ons

https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Copernicus_Sentinel_Expansion_missions
https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Copernicus_Sentinel_Expansion_missions
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Table 1 Traceability matrix from EU policy (post‑EGD only, but note that some policies became EGD policies even though they were adopted before) over user needs and target 

variables

We only consider remotely sensed variables with proven added value when using enhanced spectral and spatiotemporal data. Main sources for target areas and key variables: Rast et al. [145] and as indicated below. 

While not exhaustive, the selection includes the most critical active land-related agricultural and environmental policy files

Post‑EGD EU land‑related policies grouped according to KCEO policy 
areas (References)

Selected key target areas Exemplary key variables that require 
enhanced resolutions

Agriculture:
‑CAP 2023–2027 ((EU) 2021/2115 /COM(2023)707 final)
[74],Commission, 2023c), and CAP eco‑schemes: Misurec et al. [127]
‑Farm to Fork Strategy (COM(2020)381 final [35])
‑ CAP2028‑2034 Proposal [48]

‑Adopting practices that minimise the negative impact of agriculture 
on the environment and climate through conservation agriculture
‑Monitoring of plant traits to characterise plants and detect crop stresses/
diseases, and reduce the use of pesticides

‑Soil organic carbon content
‑Canopy/leaf nitrogen content
‑Leaf pigment content
‑Canopy/leaf water content
‑Nonphotosynthetic vegetation
‑Detailed crop species

Forestry:
‑New EU Forest Strategy for 2030 (COM/2021/572) [41]
‑ EU Stepping Up EU Action to Protect
and restore Forests (COM (2019) 352 final) [34]
‑Regulation on Deforestation‑free Products (2023/1115) [75]

‑Contribute to achieving EU’s biodiversity objectives and greenhouse gas 
emission reduction targets through:
‑Forest inventories & monitoring
and sustainable forest management (SFM)
‑Improving health and biodiversity of forests
‑Protecting primary and old‑growth forests
‑Avoid deforestation and forest degradation driven by agricultural expan‑
sion

‑Species composition
‑Forest naturalness classes
‑Leaf pigment content
‑Vegetation water content
‑Canopy nitrogen content

Climate:
‑EU strategy on adaptation to
climate change (COM/2021/82) [40]
‑ European Climate Law (2021/1119) [72]
‑Communication on Sustainable Carbon cycles (COM(2021)800) [38]
‑ 2023 EU Regulation on Land, Land Use Change and Forestry (2023/839), 
[45]
‑Carbon Removals and Carbon Farming Regulation (EU) 2024/3012 [77]

‑EU LULUCF estimation and reporting,
‑National GHG inventories
‑Monitoring of climate extremes and impacts
‑Carbon farming (afforestation / re‑forestation), including agroforestry, 
reduced tillage, cover crops, and peatland restoration
‑Permanent carbon storage
‑National reporting transparency

‑Soil organic carbon content
‑Land cover (detailed)
including vegetation type
‑Nonphotosynthetic vegetation
‑Leaf mass per area
‑ Land use and forest cover change

Biodiversity:
‑EU Biodiversity Strategy for 2030
(COM(2020) 380 final) [37]
‑Nature Restoration Law
(EU) 2024/1991 [76]

‑Reduce ecosystems’ vulnerability and
improve their resilience and adaptive capacity
‑Binding restoration targets for specific habitats and species covering 
20% of the EU’s land and sea areas by 2030, and all ecosystems in need 
of restoration by 2050

‑Leaf pigment content
‑Soil organic carbon content
‑Other top soil properties
‑ Vegetation nitrogen content

Soils:
‑EU Soil Strategy for 2030 (COM/2021/699) [39]
‑Soil Monitoring Law (EU) 2025/2360 [78]

‑Achieve healthy soils by 2050 (long‑term target)
‑Sustainable soil management & restoration
‑Increasing data and monitoring on soils

‑Soil organic carbon content
‑Bulk density
‑Soil erosion rate
‑ Concentration of heavy metals

Raw materials:
‑Critical Raw Materials Resilience
(COM/2020/474 final) [36]

‑Improved mapping capabilities
‑Potential for targeting critical raw materials

‑Mineral abundances and compositions, e.g.:
‑Base metals, Rare Earth Elements

Water:
‑Directive amending: the Water Framework Directive [30], the Groundwa‑
ter Directive and the Environmental Quality Standards Directive [42],
‑Bathing Water Directive (BWD) currently undergoing amendment process 
[31]

‑ Mapping of rivers and water bodies and monitoring of water quality
‑Data for innovative decision‑support systems

‑Phytoplankton pigments and species
‑Coloured fraction of dissolved organic carbon
‑Harmful algal blooms
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of data for aquatic purposes, especially over coastal and 

inland waters, and on local to regional trace gas moni-

toring. S2NG aims to operate again as a tandem mis-

sion, with 21 spectral bands across the visible, NIR and 

SWIR wavelengths (Fig.  2). These bands will mostly be 

available at 5–10  m spatial resolution, and the mission 

will have a 5-day revisit time at the equator, improving to 

2–3 days at mid-latitudes. Five new bands will be added 

in the visible wavelengths, one in the NIR and three in 

the SWIR, replacing the single SWIR band at ~ 2100 nm 

on first-generation Sentinel-2. Together, these new bands 

will provide opportunities beyond those offered by classi-

cal multispectral data.

The acquisition plan will be expanded for S2NG, pro-

viding full coverage of all marine Exclusive Economic 

Areas (EEAs) as well as a diverse set of additional tar-

gets requested by users of the first-generation Sentinel-2 

mission. Meanwhile, advancements in sensor technol-

ogy will enable a better SNR, allowing the separation of 

previously inseparable details, such as contrasts within 

shadowed areas or very dark surfaces like dense vegeta-

tion or water bodies.

A key concern for S2NG will be radiometric stabil-

ity, both relative to the first-generation mission and 

between individual S2NG satellites. To reduce uncertain-

ties in retrieved data products, the uncertainty budget 

for S2NG will be more rigorously quantified, enabling 

a more consistent propagation of measurement uncer-

tainties through retrieval algorithms. Generally, the 

overall improvements in radiometric data quality will 

allow for improved data pre-processing outcomes and 

lead to higher quality data collection (e.g., [27]). Beyond 

improved resolutions, the steadily growing length of the 

data record will allow for in-depth change analyses that 

contribute to a better disentangling of long-term effects 

of climate change and land management impacts, among 

others. Additionally, the spectral alignment of S2NG 

with Landsat Next and the provision of a full set of leg-

acy wavelengths between S2NG and Sentinel-2 (as well 

as Landsat Operational Land Imager) ensures long-term 

compatibility across sensor families.

Fig. 2 Spectral and spatial configurations of Sentinel‑2, S2NG and CHIME. Similarity of Sentinel‑2 and S2NG bands reflects the key consideration 

of the mission on enhanced continuity, but also improved spectral information for new product provision. Continuous spectral coverage 

is represented by CHIME
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Key variables obtained from enhanced spectral 
(spatiotemporal) information
Definition of technology readiness levels: TRL

In EO and applied remote sensing, developing vegetation, 

soil, and water products is a long and complex process. A 

standardized classification of maturity is therefore essen-

tial to understand current progress and the effort needed 

to achieve operational readiness. The Technology Readi-

ness Level (TRL) framework provides such a benchmark, 

defining nine levels from basic research (TRL = 1) to fully 

operational deployment (TRL = 9) [70], see Table 2. Orig-

inally introduced for engineering and mission hardware 

by NASA and ESA, it is now widely applied to assess the 

maturity of EO-derived variables and Copernicus-related 

products.

For EO applications, TRL reflects combined readiness 

across three components: the underlying scientific basis, 

the technological capability of sensors and processing 

methods, and the extent to which the associated prod-

ucts have been demonstrated across different regions and 

environmental conditions. It thus indicates operational 

maturity rather than scale of implementation. Limiting 

factors affecting generalization (e.g., site-specific condi-

tions or confounding variables) are discussed for each 

product. For example, hyperspectral crop disease detec-

tion may achieve high TRL only where no similar abiotic 

stresses interfere. Figure  3 presents the estimated TRLs 

for key variables analyzed in the following subsections.

Detailed vegetation species: forests and crops

Detailed knowledge of species in forests and agricultural 

land is vital for monitoring and management. Species 

identification using EO data is well-established: mul-

tispectral sensors such as Sentinel-2 and Landsat are 

widely used to classify crops and tree species at regional 

to continental scales. High-quality spectral informa-

tion is crucial for distinguishing tree species, though the 

optimal acquisition time can be difficult to pinpoint [79, 

99, 121]. The heterogeneity of European forests compli-

cates mapping with coarser-resolution data, while Senti-

nel-2 has proven suitable for species differentiation [90, 

95, 100, 155, 171], offering spatial, temporal, and spec-

tral advantages over Landsat and even some commercial 

sources [56]. Existing large-scale products (e.g., Norway 

[19], Germany [15], Poland [91] mostly include dominant 

species, limited by reference data accessibility. The CLMS 

HRL Tree Cover and Forest datasets (10 m, 100 m,2017–

2021 currently distinguish major forest types at pan-

European scale. In view of thermal remote sensing data, 

the study by Richter et  al. [149] demonstrated that tree 

species differ in canopy air temperatures by up to 4  °C, 

with remotely sensed land surface temperature data 

downscaled to 30 m resolution proving effective for mod-

eling these species-specific cooling effects. Although 

agricultural areas appear more homogeneous, mapping 

still depends on spectrally pure pixels [65]. Sentinel-2’s 

10 m resolution provides higher accuracy than 30 m sen-

sors [125]. Hyperspectral data at 30  m can distinguish 

similar crops when parcel sizes are compatible, but small-

holder farming (< 2  ha, 12% of global agricultural land 

[142]) and agroforestry systems require higher resolu-

tion. Crop reference data are more accessible through 

sources such as LUCAS and national databases [5, 88], 

and the CLMS HRL Croplands layer provides 19 crop 

classes from 2017–2021.

We estimate the actual TRL at 6 for forest species map-

ping and 7 for crops, potentially reaching 9 once updated 

products support annual CAP reporting and global appli-

cations, including small-scale systems.

Leaf pigments: chlorophyll, carotenoids & anthocyanins

Leaf pigments such as chlorophylls, carotenoids, and 

anthocyanins are central to photosynthesis and photo-

protection [52]. Chlorophyll drives photosynthesis and 

indicates plant stress [178], while carotenoids broaden 

the usable light spectrum and dissipate excess energy 

Table 2 Definitions of technology readiness levels along with exemplary variables and references

Phase TRL Definition Example of EO‑derived variables

Invention 1 Basic principles observed Phylogenetic diversity [21]

2 Technology concept formulated Leaf anthocyanin content [81]

Concept & validation 3 Experimental proof‑of‑concept Leaf mass per area [82]

4 Technological validity in the laboratory Leaf protein content [80]

Prototyping 5 Technology validated in a relevant environment Canopy nitrogen content [166]

Demonstration & pilot production 6 Technology demonstrated in a relevant environment Soil organic carbon content [169]

7 System prototype production in an operational environment Grassland mowing practises [59]

Initial market introduction 8 The system is complete and qualified SEN4CAP [16]

Market expansion 9 Actual system proven in operational environment Products of the Copernicus Land Monitoring
Service: e.g., LAI, fAPAR at 10 m daily
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(e.g., lutein, violaxanthin, zeaxanthin). Anthocyanins act 

mainly as photoprotective pigments, varying during the 

phenological cycle and giving leaves red to blue hues. 

In healthy vegetation, mid-season visible reflectance is 

dominated by chlorophyll. Remote sensing of chlorophyll 

has been explored since the 1970s [57, 143, 144, 160]. 

Multispectral approaches based on red absorption satu-

rate at high chlorophyll levels, but narrowband sensors 

such as ENVISAT-MERIS and Sentinel-2 improved esti-

mation by sampling the red-edge region (680–730  nm) 

[29]. The maximum slope of this region is highly sensitive 

to chlorophyll variation [55]. Despite mature retrieval 

methods, global chlorophyll products remain scarce,the 

first global map was produced from MERIS data (Croft 

et  al., 2020b51. Carotenoids and anthocyanins receive 

less attention because chlorophyll dominates visible 

reflectance.

Overall, pigment effects on reflectance are well under-

stood, yet progress is constrained by the limited avail-

ability of hyperspectral data, the need for better radiative 

transfer model parameterisation, and scarce ground data 

across species and seasons. Chlorophyll retrieval is rela-

tively advanced (TRL = 5), while carotenoid and antho-

cyanin estimation remain less mature due to overlapping 

absorption features (TRL = 2).

Fig. 3 Current estimates of TRLs for the analysed key variables, determined by the authors based on their expert judgement. These values 

are inherently uncertain and subjective, and should therefore be regarded as approximate ranges and as a starting point for more detailed, 

community‑based assessments
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Leaf mass per area: LMA

LMA is a key descriptor of plant strategies and photo-

synthetic capacity across vegetation types and climates. 

It quantifies leaf dry-mass investment per unit leaf area 

[174] (inverse of SLA) and is widely used to assess plant 

performance and ecosystem responses [147]. Within 

the leaf economic spectrum, LMA reflects trade-offs 

between resource acquisition and conservation: low-

LMA species tend to have rapid growth and high pho-

tosynthetic and water transport rates [139], while higher 

LMA is associated with slower growth, more conserva-

tive resource use, and longer leaf lifespans, and is a strong 

predictor of growth rates, photosynthetic capacity, and 

litter decomposability [49]. LMA represents the cumu-

lative effect of several biochemical constituents—mainly 

structural and non-structural carbohydrates and pro-

teins, whose absorption features lie in the SWIR region 

[54, 83]. Its estimation from leaf spectroscopy is well 

established [82, 156]. Sentinel-2 imagery has been used 

for LMA retrieval [85, 94, 151], but sensitivity is limited 

by only two SWIR bands and high uncertainty. Data-

driven approaches highlight additional predictors from 

visible to NIR bands [86], though generalisation across 

vegetation types remains challenging. Airborne imag-

ing spectroscopy has demonstrated canopy-scale map-

ping potential, for example for quantifying forest canopy 

traits and diversity at metre-scale resolution [7, 28]. By 

contrast, spaceborne results from missions like EnMAP 

and PRISMA are still limited, as acquisitions cover fewer 

sites and shorter time periods, and methods for robust 

trait retrieval at 30  m resolution are only beginning to 

be tested at larger scales. Consequently, LMA estimation 

remains at a medium maturity level (TRL = 3–4), despite 

strong scientific understanding. Given its ecological rel-

evance, ease of in-situ measurement, and the availability 

of robust physical and statistical models, LMA retrieval 

holds strong potential for rapid progress with moderate 

investment.

Canopy nitrogen content: CNC

Nitrogen (N) is a key macronutrient for plant growth and 

productivity. Adequate N availability supports yield and 

quality, while over-fertilization drives nitrate leaching, 

greenhouse gas emissions, and pest proliferation. Moni-

toring CNC is therefore central to smart farming and to 

assessing forest carbon sequestration, nutrient cycling, 

and health [118]. Leaf N typically ranges from 0.25–3.5% 

of dry mass, mostly within proteins and partly in chloro-

phyll [103]. Chlorophyll provides strong visible absorp-

tion, whereas protein features in the SWIR are weak and 

masked by water [154]. The chlorophyll–N relationship 

varies across species and time [14, 98], while protein–

N relations are linear [80]. Hyperspectral sensing can 

detect N via chlorophyll and, to a lesser extent, proteins 

[84]. Protein-based estimations have advanced through 

PROSPECT-PRO [80] and its coupling with 4SAIL, ena-

bling CNC retrieval by separating spectral signals of 

proteins and carbonaceous compounds [13, 141, 158, 

166]. In highly fertilized crops, N saturation and limited 

in-field variability reduce the sensitivity of spectrally 

based algorithms, because CNC signals tend to saturate 

and become strongly correlated with biomass and LAI, 

making it difficult to distinguish additional N inputs. 

Nevertheless, recent studies demonstrate CNC map-

ping from multispectral Sentinel-2 data [17, 58]. Over-

all, CNC retrieval concepts from hyperspectral data are 

established (TRL = 3–4), based on laboratory and small-

scale field studies [14, 80, 115]. Algorithm prototypes 

have reached TRL = 5, validated using PRISMA data in 

selected ecosystems [141, 158, 166].

Canopy water content: CWC 

Vegetation water content provides key insights into plant 

physiological and ecological status, serving as an indica-

tor of health and water availability. Water stress causes 

reduced transpiration and stomatal closure and affects 

nutrient and sugar transport [50]. Monitoring CWC sup-

ports applications in irrigation management, drought 

and yield assessment, ecosystem and carbon modeling 

[87], forestry [104], and fire risk evaluation [177]. At 

the leaf scale, water content can be expressed as rela-

tive leaf water content or Equivalent Water Thickness 

(EWT,gcm2) [23]. At the canopy level, relevant indica-

tors include live fuel moisture content (LFMC,%) [177] 

and CWC (g  cm2). Depending on the retrieval method, 

CWC may refer to green leaves only (product with Green 

Area Index, GAI [64]) or all living plant elements (prod-

uct with Plant Area Index, PAI [120]). Optical CWC and 

LFMC retrieval [176] generally uses vegetation indices 

[114] or radiative transfer model inversion [71]. However, 

only one global product exists so far [120], with limited 

validation. In-situ measurements are challenging due to 

destructive sampling and strong vertical and horizontal 

variability [177].

Based on thermal data, Elsayed et al. [68] demonstrated 

that normalized relative canopy temperature derived 

from thermal imaging correlates strongly with canopy 

water content under arid and semi-arid conditions when 

integrated with hyperspectral VNIR/SWIR reflectance 

data.

We therefore estimate a TRL = 5 for CWC: meth-

odological principles are established, but validation is 

constrained by measurement uncertainty and limited 

knowledge of spatio-temporal variability.
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Non‑photosynthetic vegetation: NPV

Non-photosynthetic vegetation (NPV) is a major compo-

nent of plant biomass and a key variable for assessing eco-

system condition and functioning [164]. It remains one 

of the main uncertainties in quantifying above-ground 

carbon and is a critical factor in forest fire regimes. NPV 

includes crop residues, dry grasses, senescent leaves, and 

dead woody material [164]. Its principal constituents, 

lignin and cellulose, show distinct SWIR absorption fea-

tures (2100–2300  nm) [69], providing the spectral basis 

for optical retrieval. Hyperspectral imagery is particularly 

well-suited for NPV quantification thanks to its ability to 

resolve these features [6, 27, 164]. Multispectral sensors 

also show sensitivity [106], though precision is limited 

by broad SWIR bands and soil background interference 

[130]. Upcoming missions with additional SWIR bands, 

such as S2NG and CHIME, aim to overcome these con-

straints [97]. NPV quantification approaches include esti-

mating cover fraction or biomass per unit area [164]. The 

cover fraction method is most advanced due to its reli-

able retrieval by spectral unmixing [150] or regression 

models [106]. These have been applied across multiple 

scales and sensors, enabling local to global mapping and 

time-series analyses [9, 96, 134]. We estimate the current 

TRL for NPV cover fraction at 5–6, reflecting robust vali-

dation and growing integration into operational systems. 

NPV biomass retrieval remains at an earlier development 

stage (TRL = 4) [12].

Soil organic carbon content: SOC

Relevant spectral regions for estimating SOC are primar-

ily located in the visible, NIR, and SWIR ranges. SOC 

content is strongly correlated with overall soil bright-

ness and spectral reflectance, while diagnostic absorp-

tion features of other soil compounds decrease as SOC 

increases. The characteristic concave shape of the VNIR 

spectrum is particularly diagnostic of high SOC levels. 

For instance, bands around 530–570  nm, 600–780  nm, 

and 2200–2400  nm contain spectral signatures related 

to the stretching and bending vibrations of organic mol-

ecules (e.g., NH, CH, and CO groups). These wavelength 

regions highlight key spectral responses that make hyper-

spectral data well-suited for SOC prediction (e.g., [1, 

10]). Recent studies further emphasize that combining 

visible, NIR, and SWIR bands enhances model perfor-

mance, with SWIR wavelengths being particularly sen-

sitive to SOC [1]. Moreover, beyond the optical domain 

(visible–NIR–SWIR), the TIR region has shown promis-

ing capabilities. Kopacková et al. (2017)105 demonstrated 

that the mid-infrared (3–12  μm) can provide quantita-

tive information on organic soil samples and offers added 

value over the optical region.

SOC estimation from optical EO missions has recently 

been demonstrated in relevant environments using mul-

tispectral Sentinel-2 time series [170] and hyperspectral 

PRISMA satellite data [169], particularly in agricultural 

settings. Satellite time series from Sentinel-2 and Landsat 

enable accurate SOC mapping at local and field scales by 

targeting bare soil pixels across multiple dates, effectively 

minimizing vegetation/moisture interference through 

composites or phenological filtering. Multitemporal 

approaches substantially outperform single-date imagery, 

with pre-spring and fall optimal for bare soil detection 

and phenological parameters/diverse indices enhanc-

ing predictions [2], He et al., 2021; [66]. Recent advances 

include, among others, the multitemporal soil line meth-

odology with neural network filtering to detect bare soil 

pixels across decades for accurate soil organic matter 

mapping at 30 m resolution [152]. More prominently, EO 

optical missions were largely used for SOC mapping and 

monitoring at the regional to large-scale.

Several large-scale models and algorithms have been 

developed and tested, for example, using Landsat or 

Sentinel-2 at continental to global scales [61, 170], often 

supported by continental soil databases that are already 

operational to some extent. Nevertheless, high uncer-

tainties remain. Current research increasingly focuses 

on combining global soil data with AI-based soil spec-

tral modeling using Sentinel-2 data to improve large-

area SOC mapping accuracy [161]. At local and regional 

scales, the capability of hyperspectral airborne and 

simulated satellite data for SOC mapping and monitor-

ing has been well demonstrated [22, 26]. Operational 

workflows already exist in some cases. The application 

of spaceborne hyperspectral imagery from missions such 

as PRISMA and EnMAP further confirms this potential 

[3, 18, 92, 126, 129, 169]. While the accuracy is increased 

compared to a multispectral mission, due to high spectral 

coverage and spectral resolution, the spatial and tempo-

ral coverage remain limited to a few study areas.

In summary, fully standardized delivery of SOC maps 

from EO is still under development. Continued advances 

in harmonized soil databases and hybrid modeling 

approaches that integrate physical and AI/ML methods 

are expected to reduce uncertainties. Therefore, we esti-

mate the current TRL for SOC retrieval at 5–6.

Mineral composition and abundance

Imaging spectroscopy is a well-established technology for 

detecting and mapping surface mineralogy. Over recent 

decades, its use in geology and resource exploration has 

matured considerably, supported by extensive case stud-

ies in diverse geologic environments [4, 53, 108, 123]. 

Traditionally, spectroscopic data are processed to iden-

tify the dominant mineral phases within each pixel and 
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to produce mineral classification maps. The VNIR region 

is primarily used to detect ferric (oxy)hydroxides, ferrous 

minerals, and rare earth elements, while the SWIR region 

is employed to identify carbonates, sulphates, clays, and 

other OH-bearing silicates. Beyond classification, these 

datasets allow the extraction of mineral abundance 

(e.g., kaolinite abundance) and compositional informa-

tion (e.g., white mica compositional variations induced 

by Tschermak substitution), providing semi-quantita-

tive estimates of mineral proportions and revealing the 

physicochemical conditions under which the minerals 

formed.

Despite its maturity, several challenges remain before 

imaging spectroscopy for geology and mineral explo-

ration reaches full operational implementation. These 

include conducting studies in more diverse geological 

settings, developing quantitative mineral abundance 

retrieval methods, addressing spectral mixing effects, 

mitigating vegetation interference, capturing tempo-

ral changes in surface mineralogy, crucial for acid mine 

drainage monitoring, and demonstrating mapping capa-

bility from regional to country-wide scales.

We estimate the current TRL for geological and min-

eral mapping at 6, reflecting extensive testing under 

real-world conditions but incomplete operational stand-

ardization. Further validation across diverse geological 

contexts and refinement of quantitative workflows will 

be essential to reach higher TRLs with next-generation 

imaging spectroscopy missions.

Coloured fraction of dissolved organic carbon: CDOM

The coloured fraction of dissolved organic carbon 

(CDOM) is a key component of the aquatic carbon cycle. 

More than 90% of organic carbon in lakes is dissolved 

(DOC) [172], and the carbon outgassed from lakes annu-

ally exceeds the land–ocean flux [159]. As most DOC is 

spectrally not identifiable, detection relies on correlation 

with its coloured fraction, CDOM. Increasing CDOM 

(browning) influences water colour, light penetration, 

heating, stratification, and food web structure, and also 

poses challenges for drinking water production. CDOM 

and DOC mapping from remote sensing has been pos-

sible since the 1980s [111, 167]. Mapping is most suc-

cessful where DOC and CDOM are strongly correlated, 

particularly in boreal lakes. Recent studies have tracked 

changes over decades across large areas, including China 

[116] and the world’s largest lakes [112]. Global CDOM 

products from ESA’s Lake-CCI are expected soon. We 

estimate the current TRL for CDOM and DOC mapping 

at 6, where a strong CDOM–DOC relationship exists. 

Achieving higher TRLs globally requires validation 

across diverse lake types, from clear alpine to dark boreal 

systems.

Phytoplankton functional types

Phytoplankton community composition strongly influ-

ences aquatic food webs, climate, and fisheries. Multi-

spectral sensors have limited ability to detect functional 

types, whereas hyperspectral missions have demon-

strated improved retrieval of pigment composition in 

coastal and inland waters [135]. Foundational work since 

the 1990s established principles for detecting phyto-

plankton pigments such as chlorophyll-a, chlorophyll-ab, 

and phycocyanin using hyperspectral data [60, 107, 157, 

175]. Major challenges remain in atmospheric correction 

and developing algorithms that account for varied optical 

properties in different water types. Site-specific studies 

in coastal zones and lakes using hyperspectral HICO and 

PRISMA data demonstrate a TRL = 5 [62]. We estimate 

the current TRL at 5–6, with expectations to increase 

the TRL in the coming years as high-SNR data and global 

observations from the Plankton, Aerosol, Cloud, ocean 

Ecosystem mission (PACE) mission become available 

[25].

Shallow water mapping

Remote sensing has supported shallow water and benthic 

mapping since the 1990s, including seabed types, coral 

reefs, seagrass, and macrophytes [110]. Multispectral 

sensors (10–30  m resolution, or 1–2  m for WorldView) 

are well-suited but face limits in discriminating spec-

trally similar species. Most operational algorithms rely 

on airborne imaging spectroscopy, offering high spatial 

and spectral resolution but limited large-scale availabil-

ity. Current demonstrations reach TRL = 5. Fusion meth-

ods combining 5  m panchromatic imagery with 30  m 

PRISMA hyperspectral cubes show promising improve-

ments [112]. We estimate the present TRL for shallow 

water mapping at 5, with clear potential for advance-

ment using forthcoming high-resolution hyperspectral 

missions.

Discussion and recommendations
By the mid-2030s, S2NG and CHIME are intended to 

provide a robust foundation for agricultural and environ-

mental monitoring, policy compliance, and sustainable 

resource management, leveraging their complementary 

spectral, spatial, and temporal capabilities. The com-

bination of AI-driven methodologies and strong user 

engagement in the development of tailored products will 

maximize the potential of these missions for both EU and 

global applications, ensuring close alignment with the 

EGD, new EU strategies, and likely also the UN SDGs.

The analysis across policy-relevant variables highlights 

distinct but complementary strengths of the upcoming 

missions. For forest and crop species identification, the 

enhanced spatial, temporal and spectral resolutions of 
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S2NG are particularly critical, with 5–10 m data enabling 

sub-field to crown-scale mapping and generally outper-

forming 30  m sensors such as CHIME for species dis-

crimination (e.g., [125]). CHIME’s added value lies in its 

broad hyperspectral coverage, which is especially impor-

tant for variables that strongly depend on SWIR infor-

mation, such as NPV, LMA, and mineral mapping. Here, 

the combined spectral capabilities of CHIME and S2NG 

are expected to reduce retrieval uncertainties and raise 

the corresponding TRLs (e.g., [27, 82, 164]). CHIME will 

revolutionize large-scale SOC monitoring through pre-

cise spectral feature detection, while S2NG’s enhanced 

temporal frequency will enable robust multitemporal 

compositing strategies that overcome current limitations 

in revisit time and bare soil availability, paving the way 

for operational, field-scale SOC mapping across Europe’s 

agricultural landscapes [27, 169]. In shallow-water and 

aquatic ecosystem mapping, current PRISMA results 

suggest that hyperspectral cubes at CHIME-like resolu-

tions can substantially improve fine-scale habitat and 

water-quality characterization, confirming the high 

potential of both CHIME and S2NG [112]. Although 

the LSTM mission’s thermal imager constrains spatial 

resolution to 50  m, its observations can still effectively 

Fig. 4 Summary of key variables with their assessed actual TRLs, along with limitations when estimated from the future mission’s data, policy files 

that could make use of the variables and potential policy‑relevant use cases
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complement CHIME and S2NG by enabling crown-scale 

assessments of surface temperature and water-status 

indicators, thereby strengthening joint applications 

on vegetation stress, energy balance, and ecosystem 

functioning (e.g., [124, 131]). Looking ahead, synergis-

tic use of S2NG and LSTM could further benefit from 

pan-sharpening approaches, where higher-resolution 

VIS–NIR–SWIR data from S2NG are used to sharpen 

LSTM thermal imagery, potentially enabling more effec-

tive variable estimation and mapping applications fulfill-

ing policy needs.

In Fig. 4, we consolidate the 14 key variables examined 

in this study, outlining their primary limitations when 

derived from CHIME or S2NG, summarizing the rel-

evant policy frameworks, and suggesting potential use 

cases to demonstrate practical applications.

In summary, from our investigations, we recommend 

the following technical advancements:

• Establishing EO time series and large area demon-

strations for more robust retrieval assessments and 

to better track land dynamics with a focus on EGD 

policy requirements;

• Exploring scientific precursor missions data (EnMAP, 

PRISMA) to bring products to higher TRLs towards 

future service development and operational uptake;

• Developing and scaling of advanced processing and 

retrieval methodologies across a range of conditions 

and in EGD and actual EU priority areas;

• Enhancing and standardizing the in-situ compo-

nent and ground/satellite data integrated analysis, 

required for robust calibration and validation of 

advanced methodologies;

• Exploration of synergies of future sensor systems, 

i.e., CHIME and S2NG, and other Sentinel next gen-

eration and expansion missions, such as LSTM, but 

also the Radar Observing System for Europe L-band 

(ROSE-L), complementing each other in spectral, 

temporal and spatial domains.

Most importantly, effective science-policy interfaces 

(SPIs) must be established to ensure that EO-derived 

research outputs (e.g., SOC or NPV maps) are translated 

into usable information for agricultural and environmen-

tal legislation. Such interfaces should promote co-design 

between scientists and policymakers, integrate policy-

relevant validation metrics into research workflows, and 

foster continuous dialogue to bridge persisting TRL gaps 

that hinder operational and regulatory uptake.

In addition, successful policy uptake of EO-based 

products and services critically depends on early user 

engagement. Stakeholders’ trust and acceptance grow 

in parallel with their active involvement in product 

development. Therefore, early consultation and co-design 

processes should form the foundation for advancing EO 

variables to higher TRLs, which can be effectively fos-

tered, for instance, within EU Horizon and ESA project 

frameworks.

Conclusions
Upcoming spaceborne imaging spectroscopy with 

CHIME, together with advanced multispectral obser-

vations from S2NG expected in the early 2030s, will 

transform agricultural and environmental monitor-

ing. Products derived from these missions will offer 

unprecedented traceability of key ecological processes, 

empowering the EU and its Member States to imple-

ment land-related policies with greater precision and 

accountability. To realize the EU’s climate and sustain-

ability ambitions, proactively integrating CHIME and 

S2NG capabilities into Copernicus products and services 

is essential. We strongly advocate for targeted research 

and innovation investments to advance the EO-based 

variables discussed in this study from prototype stages 

to full operational maturity. Establishing structured SPIs 

will be crucial in this process, enabling the translation of 

research outputs into actionable information for agricul-

tural and environmental frameworks. These SPIs should 

emphasize co-production between scientists, policymak-

ers, and service providers to align developments with 

regulatory needs and to bridge critical TRL gaps hin-

dering operational uptake. Through strengthened dia-

logue and collaboration across these communities, the 

EU can harness next-generation EO data to deliver more 

advanced variables for land-related policies at both Euro-

pean and global scales.
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