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ABSTRACT

The development of remote sensing has seen the creation of a global measurement infrastructure of sustainable
development due to growing multipolar archives, rising revisit frequency, and the availability of cloud-accessible platforms
of Earth observation. This review summarizes how remote sensing big data is being organized into decision-grade
sustainability intelligence, the new approaches to analytics, and how Sustainable Development Goals (SDGs)-oriented
application pathways inter-relate action pathways that bridge observations with action. The terminologies like new data
ecosystem, data readiness and interoperability, changing economics of scalable computation, and detailing the functions
of diversity of modalities (optical, Synthetic Aperture Radar—SAR, thermal, Light Detection and Ranging—LiDAR,
hyperspectral) have been defined. These themes of analytics, which are transforming the practice of operational analytics,
are then condensed: foundations and self-supervised learning of transferable representations, multi-modal fusion to gap
fill and richer inference, spatiotemporal intelligence to trend of early warning, physics-aware hybrid methods to enhance
robustness and meaning under non-stationary conditions. Across the climate risk, food systems, water resources, sustainable
cities, ecosystems and biodiversity, energy transitions, and health exposure pathways, the roles of Earth Observation
(EO) products as direct measures and proxies, and concepts of validating, semantic comparability, and communicating
uncertainties play a key role in EO products becoming credible when faced with high-stakes deployment decisions. Lastly,
we chart world ways of implementation via monitoring services, early warning systems, and systems of multiple regimes,
and previously underline cross-cutting priorities, scalable structures in validation, performance, so that domains of shift,

agreeable governance, and Dual-use risk safeguards, and sustainable lifecycle support of EO services. These priorities
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form a realistic set of priorities on the alignment of remote sensing innovation with quantifiable SDGs progress.
Keywords: Remote Sensing Big Data; Sustainable Development Goals; Geospatial Artificial Intelligence (Al); Measurement,
Reporting and Verification (MRV); Uncertainty Quantification

1. Introduction

Remote sensing has been among the most impactful
regimes of measurement systems in sustainable develop-
ment since it transforms changes in the planet into visual,
comparable evidence on levels that other ground-based mea-
surement methods cannot rivall'»?. In the past decade, the
Earth observing (EO) business model has changed to a con-
tinuous data stream, not just temporally, but spatially dense
time series of conducted satellite missions, multiplied com-
mercial constellations, and broadened the web of additional
aerial, drone, and in situ sensing studies[3!. The change has
given rise to a new kind of remote sensing big data, not only
in terms of volume, but also in terms of velocity, variety,
and complexity. The outcome is a convenient opportunity:
the sustainability issues previously reliant on the infrequent
reporting can now be traced in real-time, tied to a decision-
making limit, and measured against set targets. However,
a different transformation also generates conflicts, such as
the harmonization of data, concerns over model drift, unbal-
anced access to computing, and governmental risks, which
might hinder the integration of EO intelligence into long-
term development results.

Sustainable development is fundamentally a decision-
making problem of uncertainty in coupled systems of humans
and the environment ). The Sustainable Development Goals
(SDGs) provide an internationally accepted framework, but
the measurement requirements for implementing SDGs are
daunting. Most of the indicators are costly to measure, de-
fined inconsistently across national settings, or updated so
infrequently that they cannot be used to take action in time.
In the meantime, with climate change, biodiversity loss, wa-
ter stress, and rapid urbanization, non-stationary changes
are being increasingly accelerated: baselines are changing,
the extremes are becoming more extreme, and the interven-
tions have a cascading effect. In this situation, monitoring
is no longer sufficient; sustainability governance already de-
mands near real-time situational awareness, early warning,
and reliable accountability mechanisms (e.g., measurement,

reporting, and verification, or MRV). The EO big data is in a

unique position to make its contribution due to its global cov-
erage, repeat observations, and multi-sensor views, which
can be either direct measures (e.g., land cover change) or
proxies of hard-to-measured variables (e.g., urban heat expo-
sure, surface water dynamics, or infrastructure expansion)l.
Nonetheless, to convert EO-based signals into operational
sustainability information, one needs not only better sensors
but also analytics capable of scaling to new regions, general-
izing, quantifying uncertainty, and being understandable to
stakeholders who must take action based on the results[].
The data landscape is evolving at a pace equal to the
change in analytics feedback. The features that used to be
based on handcraft, regional calibration, and labeling per-
formed by people have grown into a larger system of geospa-

tial artificial intelligence®7],

Many EO capabilities have
been enhanced by deep learning, although the more recent
concept of self-supervised learning and foundation models
suggests the possibility of a more radical change: models
that learn transferable features on large unlabeled archives
and can be deployed to new locations, sensors, and tasks
with fewer labelled examples. Parallel to this, multi-modal
fusion Cold using optical image is more intensively inte-
grated with synthetic aperture radar (SAR), thermal imagery,
LiDAR, hyperspectral data, and non-EO sensors, including
meteorological analogies, mobile or internet of things data,
or socioeconomic data®l. Such developments are important
to the sustainable development process since the most policy-
relevant questions are not commonly single-sensor problems.
The flood response is related to the weather conditions or
the terrain and the exposure to infrastructures, food security
relates to crop phenology, the water availability, the market
access, and the shocks, urban resilience is associated with
heat, housing, services, or the distribution of vulnerability.
Emerging analytics are not conceptually so much about im-
provements in classification accuracy in isolation, but more
about establishing spatiotemporal intelligence that is resilient
to missing data, seasonal processes, sensor variations, and
cross-regional variations.

Simultaneously, the drive towards richer models
presents a different type of risk, which is especially rele-
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vant in sustainability applications. EO products can be used
in situations where there are high-stakes decisions, such as
disaster response, land governance, environmental enforce-
ment, or climate adaptation funding allocation®]. In this
case, uncertainty should not be perceived as a technical con-
sideration; it is a variable of decision. Models may fail
without warning, such as due to domain shift (i.e., taking a
deforestation detector trained in one biome and applying it
to a different biome), because of artifacts in the data (i.c.,
when a sensor is shaken, making its calibration invalid), or
because of changes in human behavior (i.e., new agricul-
tural practices). Besides, EO-derived proxies may entail and
intensify the biases in society when paired with uneven cover-
age of ground truth, or correlate with sensitive attributes like
poverty, ethnicity, or legal status['%). The increasing access to
very high-resolution imagery presents privacy and concerns
of sensitive inference, as well: although they are not iden-
tifiable themselves, models may learn about communities
or vulnerable groups in a manner that can be used to cause
harm. A sustainable development review that puts technical
advancement at its center without considering robustness,
uncertainty, fairness, and governance as integral conditions
will be lacking in what constitutes the actual bearing.
Another problem is that sustainable development is
multi-scalar in nature, whereas many EO analyses are not nec-
essarily so. Local interventions, such as restoration projects,
changes in zoning, investments in irrigation, etc., are empow-
ered and work on fine spatial scales, yet their results may
need to be reported at the district, national, or global level.
On the other hand, global measures have the potential to blot
out local differentiation that is important in equity and effec-
tiveness. These scales can be bridged by EO big data only
when the logic of aggregation, transparent assumptions, and
uncertainty propagation are also clearly defined in the design

(111, This scale problem is also overlapping with

of products
the proxy problem: a large number of SDG indicators cannot
be directly observed in space. To illustrate, EO can monitor
the size and state of the ecosystems, and not the quality of
governance; it can predict the trend of crop production, and
not the accessibility of food in households; it can trace set-
tlement growth, and not tenure security. Careful coupling
thus promises SDGs EO to deliver consistent environmental
and built-environment measurements, but combining com-

plementary sources of data and domain knowledge to under-

stand and confirm the relationships between observed signals
and policy objectives to be transformed!?!.

These are complicated by inequitable access to the in-
formation and computing that is needed to support modern
EO analytics. The features of cloud-native archives, analysis-
ready data format, and open toolchains have shortened the
barrier to entry when compared to some users; however,
asymmetries of the crucial aspect do exist. Most of the in-
stitutions, particularly those in the low- and middle-income
countries (LMICs), have limited bandwidth, computing bud-
gets, and training opportunities. The commercial data may
have a significant enhancement in the revisit frequency and
spatial detail, but its applications may also be constrained
by the licensing and cost in the public interest applications.
Sustainability programs need stable pipelines, provenance
documentation, repeatable processing, and have to be able to
update products in case new data comes even when the data
is available. These are governance as they are engineering
challenges and scientific challenges. Institutional design:
the role of EO insights to sustainable development outcomes
requires such global pathways to depend on creating part-
nerships that distribute capabilities across regions instead of
concentrating them 313141,

To tackle these opportunities and frictions, the field is
organized around a functional question, which is as follows:
how can remote sensing big data be converted to sustain-
ability intelligence that is credible, scalable, and actionable
in various contexts of the world? Instead of providing a
self-contained tutorial on the methodology, we integrate the
analytics landscape as a collection of capabilities that can
be used to determine what sustainability systems are capa-
ble of measuring and acting upon. We introduce the remote
sensing big data eco-system of sustainable development and
highlight how sensor diversity, data preparedness, and ac-
cessibility to compute provide the a viable eco-system of
sustainability monitoring and decision support. These arising
analytics themes, which are foundation models, multi-sensor
fusion, spatiotemporal learning, physics-aware approaches,
and trustworthy aware Al, are then distilled as facilitating
mechanisms that are becoming performance-determining,
portability-determining, and interpretability-determining in

(141 It is based on this capability view that

real deployments
we overview SDG-aligned application pathways in the con-

text of climate risk, food systems, water resources, sustain-
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able cities, ecosystems and biodiversity, energy transitions,
and health in terms of how EO-derived variables and prod-
ucts are being used, the kinds of validation that are credible,
and gaps that still exist.

One of the key contributions made by this paper is the
framing of insights into action. The production of impressive
maps is achievable by EO; however, it is the systems that
transform information into decisions that can make sustain-
able development, where early warning services, operational
monitoring programs, and MRV frameworks assist in ac-
countability and finance[!'*]. We also explore the implemen-
tation pathways around the world and the operationalization
of EO products, such as the latency, reliability, and decision
levels, scaling of activities to meet MRV requirements in
climate and nature finance, and capacity building. Lastly,
we generalize on the endures across themes, domain shift
in generalization, scale in validation, time continuity, gover-
nance and ethical risks, and the environmental impact of EO
analytics itself, culminating in a prospective research and
practice agenda.

This review conceptualizes sustainable development as
a problem of measurement, action, and accountability, and is,
by design, not a list of domains of its application but a coupled,
global problem. Big data Remote sensing can assist societies
to possibly identify change early on, distribute resources more
fairly, and confirm results more convincingly!'®). To achieve
this potential means that EO analytics should evolve past the
notion of a best-case accuracy to the solidness of operations,
visible uncertainty, and deployment with governance respon-
sibility. The field is rapidly shifting: various sensors and
constellations bring out what can be seen; various analytics
bring out what can be tied; and various policy and financial
systems drive a greater need for reliability upon evidence. The
urgent activity at this point is to harmonize these paths so that
remote sensing big data is not just a description of the issue of
sustainable development, but in a quantifiable way it drives

progress towards its resolution.

2. Remote Sensing Big Data Ecosys-
tem for Sustainable Development

Remote sensing big data for sustainable development
is not to be viewed as a data stream or workflow of analy-

sis; instead, it is more of an ecosystem. It is influenced by

the joint development of sensor potential, data management,
computing, and access structures, and how conditioning in-
stitutions convert information based on EO into decisions.
The definition of big data in sustainability scenarios goes
beyond volume to encompass the long-term aggregation of
multi-sensor archives, multi-visit in rapid revisit acquisi-
tion, measuring the high-dimensional properties, and using
artefacts heterogeneously to link to contextual information
(meteorology, hydrology, inventories, and socioeconomic
statistics)'7]. These qualities alter the nature of what could
be followed and confirmed; however, they also have limita-
tions to comparability, representativeness, and government.
In this section, the key elements of the ecosystem are de-
scribed, which predetermine the viability and plausibility of

EO-based sustainability intelligence.

2.1. Data Sources and Observation Modalities

The modern EO environment consists of stratified sys-
tems of observing systems, which vary in their spatial reso-
lution, revisit time, spectral sensitivity, radiometric stability,
and temporal continuity['8]. Long-term, consistent moni-
toring on a global scale is the highest level of monitoring
that is being offered by public satellite missions, and which
offers continuity and openness that are fundamental to trend,
cross-border comparability, and transparency. Commercial
constellations are increasingly augmenting public missions
with finer spatial resolution and increased revisit, which
can be critical to very fast-changing phenomena, including
the impact of disasters, the development of infrastructure,
the extraction of illegal resources, or transient phenomena
of agriculture. Airborne platforms such as aircraft and un-
crewed aerial vehicles provide discrete adaptability and can
generate high-quality reference data on validation and cali-
bration, but often do not have the continuity and magnitude
to offer global surveillance. Citizen science and in situ mea-
surements cannot replace EO, but they are becoming more
and more part of the ecosystem as they not only provide
calibration targets and validation data, but also the context
of the domain that satellites cannot provide.

The modalities of observation are the focus of the sus-
tainability value of EO big data since various sensors react
to various physical properties and are susceptible to various
failure modes['*?°]. Optical imagery offers content observa-
tions of high information of land cover and surface features
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that are intuitive and not limited by cloud cover, and illu-
mination conditions, yet has limitations in humid tropics
and monsoon climates due to systematic bias in monitoring.
Synthetic aperture radar (SAR) removes cloud and illumi-
nation effects and is structure and moisture-sensitive, which
is useful in flood mapping, deformation monitoring, and in-
ferring forest structure, but is prone to speckle artifact and
is more complicated to interpret in different surface situa-
tions. Thermal measurements will be directly sensitive to
surface temperature and energy budget, the basis of use in ur-
ban heat, evapotranspiration, and drought stress, but tend to
compromise spatial resolution with time coverage. LIDAR
records vertical structure and could be useful in biomass and
canopy height as well as characterization of the built envi-
ronment, but at the world scale, it may be sparsely covered
unless it is combined with other sources. Hyperspectral man-
ages the ability to estimate material behavior and biophysical

characteristics, allowing grader discrimination of vegetation

susceptibility, minerals, and water quality names, and higher
calibration and atmospheric corrections. Indirectly, night-
time lights can give a long-term proxy of human activity and
electrification; however, their interpretation would have to
consider saturation, policy shifts in lighting, and differences
in light use between cultures.

To achieve sustainable development, the increasingly
heterogeneous modalities represent a resource and a complex-
ity. The strength of cross-validation of the signals, gaps to fill
the failures of one modality, and more lucrative indicators by
the fusion of the two modes is an asset. This is complicated
because it has to balance the resolution differences in the
acquisition geometry, spectral response, and the temporal
sampling, and at the same time be able to make transparency
in what is being seen and what is inferred. The strengths of
sustainability and systematic constraints prevailing in modal-
ities vary in their ways of influencing what can be reliably
monitored; Table 1 summarizes these differences[?!1.

Table 1. EO modalities, observables, and sustainability relevance.

Typical Sources Primary Strengths for Common Strongest
EO Modality (é’ Eamples) Observables (What’s Sus ta;gnabili ty Limitations/Bias Sdg-Aligned
Measured) Patterns Pathways
L Surface reflectance; Intuitive Cloud/illumination .

. Public missions, S . . . Cities (11),
Optical commercial vegetation indices; interpretation; strong sensitivity; ecosystems (15)
(Multispectral) constellations land cover/land use for mapping and atmospheric effects; a ric}:ﬂ ture (2) ’

proxies change detection seasonal confusion g
. - Backscatter sensitive All-weather/day- Speckle§ geometr}{ Disasters/climate risk
SAR Public SAR missions,  to structure/moisture; s . effects; interpretation
(Microwave) commercial SAR inundation; night; flood MAaPPINE; ) ries with surface (13), water (6),
deformation (INSAR) forest structure signals roughness ecosystems (15)

Thermal Infrared
(IR)

LiDAR

Hyperspectral

Night-Time
Lights

Public thermal
missions

Spaceborne/airborne
LiDAR, Unmanned
Aerial Vehicle (UAV)

Emerging spaceborne,
airborne

Long-term global
products

Land surface
temperature; energy
balance proxies;
ET-related signals
(with context)
Vertical structure;
canopy height;
building height
proxies

Fine spectral
signatures;
material/trait proxies

Radiance as proxy for
human
activity/electrification

Heat exposure;
drought stress; water
use indicators

Biomass/structure;
habitat complexity;
3D urban form

Vegetation traits;
minerals; some water
quality proxies

Long time series;
broad development

proxy

Coarser resolution;
cloud sensitivity; LST
# human heat stress

Sparse coverage; cost;
fusion needed for
continuity

Calibration/atmo-
spheric correction;
data volume; limited
continuity

Saturation;
policy/cultural effects;
not a direct welfare
measure

Cities/heat (11),
water/ag (6/2), health
exposure (3)

Ecosystems/biodiver-
sity (15),
cities/infrastructure
(11/9)

Ecosystems (15),
water quality (6),
industry/land
disturbance (12)
Cities/services (11),
energy access proxies
(7), inequality
screening (10)

2.2. Data Readiness, Harmonization, and Inter-
operability

The increase in EO archives does not necessarily re-
sult in in-service sustainability evidence. The gap between
the raw measurements and the information that is decision-

grade is usually dictated by the readiness of the data that
encompasses the calibration, the accuracy of the geoloca-
tion, atmospheric and geometric correction, and the presence
of the standardized metadata that enforces reproducible in-

[22

formation[??!, Harmonization is becoming a characteristic
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feature in the case of sustainable development application,
where it is necessary to compare regions and time periods.
Harmonization can be defined as the capability of integrating
the observations using multiple sensors and missions into
a consistent time series and products with consistent defi-
nitions. This entails cross-sensor radiometric consistency,
consistent classification nomenclatures, stable algorithms
of retrieval, and histories of processing that are well docu-
mented.

Cloud-native storage and standardized formats and cat-
alogs are becoming more mediating factors in ensuring in-
teroperability in order to support large-scale querying and
analysis!?}]. The shift to object storage, tile-based represen-
tations, and metadata-driven catalogs has helped to eliminate
the friction associated with multi-temporal analysis and has
made it possible to perform continental or worldwide analy-
sis many times over. Interoperability is not just a technical
convenience; however, it allows transparency and auditabil-
ity in monitoring sustainability because it allows independent
teams to replicate outcomes, compare products, and trace
processing decisions. Nonetheless, there are also questions
of governance that are brought up in terms of interoperability.
The incompatible licenses, restrictions on derived products,
or limitations on the redistribution of various data sources
make it hard to openly verify it and collaborate across insti-
tutions.

Another advantage of semantic interoperability is re-
flected through a sustainability-oriented view of data readi-
ness>*1. Most of the sustainability indicators also demand
stable definitions that can be consistently interpreted by the
agencies, civil society, and even researchers. Even when
an urban area product varies over years in what qualifies
as urban, or a forest loss product varies across regions in
the cut-off point of canopy or disturbance interpretation, the
numbers will not be comparable, even when the underlying
image is. Therefore, sustainability in data readiness goes
beyond the radiometric and geometric quality to consist of
consistent conceptual definitions and written assumptions

that relate EO products to policy-relevant measures.

2.3. Computing, Access, and the Shifting Eco-
nomics of EO Analytics

The remote sensing change to big data cannot go with-

out scalable computing >3], The most important limitation in

most sustainability applications has ceased to be the presence
of imagery but rather the capability to manipulate it in very
large amounts, repeatedly and reliably. The availability of
cloud platforms, high-performance computing, and more ef-
ficient model architectures has made it possible to create near
real-time products, maintain historical baselines and update
indicators as new data are available. The transformation of
cloud-based processing alters the financials of EO analytics.
Users are computing where the data live instead of trans-
ferring datasets and computing them where they are, which
allows cost reduction and also allows large-scale iteration.
This change is beneficial in terms of operational monitoring
and facilitation of reproducibility through standardization
of environments, and it also creates platform availability de-
pendency, cost structure dependency, and technical capacity
dependency.

The access has not been even, and the lack of evenness
has direct consequences on the global ways of sustainabil-

26271 Smaller institutions (those with a small comput-

ity!
ing budget) might need to compromise on either the spatial
resolution or frequency of update, or experimentation and
reliability. In LMIC situations, bandwidth and training can
pose a challenge to the use of cloud-native workflows de-
spite the underlying data being open. Commercial imagery
may be used to increase the ability to monitor problems like
informal settlement processes, small-scale deforestation, or
localized infrastructure transformations, but the high cost of
licensing and the restrictive conditions may make its use hard
in applications of public interest and may make it difficult to
verify independently. These asymmetries are valuable since
the planning and implementation of sustainability reporting
and interventions may entail fair access to information; when
only a few actors can produce and analyze high-resolution
products, the information cloud can serve to support status
quo power dynamics.

The computing layer also influences the control of the
dominant analytics. Transferability and reduced labeling
requirements can be enhanced with training, and even fine-
tuning can be computationally intensive using foundation
models and large-scale self-supervised pretraining. Pressure,
on the other hand, is increasing on parsimonious inference,
deployment of edges, and minimized expressions, which
diminish operational expenses and carbon footprint. In sus-

tainability environments, where products can be required to
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run continuously, compute efficiency is never an engineering
issue but a decision on whether services can be sustained
over years and implemented in resource-constrained institu-

tions 281,

2.4. The Value Chain from Observation to De-
cisions and Feedback

Whether EO big data is relevant to sustainability or

not depends on the value chain linking the observations and

(4]

the decisions This value chain commences with mea-

surement and data areas of growth; however, it goes up to

the national and institutional application: leading indicators
and warnings of forthcoming disturbances, resource distri-
bution, audit and compliance observation, explanations of
responses, and reporting to domestic and international sys-
tems. Sustainability-oriented EO products are assessed by
means of fitness of purpose, in contrast to many scientific
products that are assessed based on accuracy metrics, in-
cluding timeliness, interpretability, communication of uncer-
tainty, and integration with current decision routines. Figure
1 conceptualizes this end-to-end translation of observations

to decision use and has feedback loops and dependencies.
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Figure 1. Pixels-to-policy: Ecosystem concept map.

One of the major attributes of sustainability value
chains is that they are feedback-based and iterative. Monitor-
ing systems develop baselines and notice change; decision
processes elicit interventions; interventions alter conditions
on the ground; and evaluation of subsequent observations
makes possible the establishment of effectiveness and learn-
ing. These loops can be made tighter by EO big data, which
decreases the latency and makes it more consistent, and can
also reveal the conflicts between policy simplification and

e[?4l, The systems of decision rely frequently

scientific nuanc
on single figures or categorical conditions, but EO-derived-
evidence is deterministic, conditional, and speculative, de-
pendent on assumptions. To deal with this tension, product
designs needed to be designed in a manner that does not
eliminate uncertainty, even though they still take into consid-
eration thresholds and triggers and ultimately, the reporting
practices are also required to differentiate between direct ob-
servations, model-based inferences, and proxy relationships.

Institutional legitimacy and trust are also necessary in
the translation of EO to action. The compliance or finance
verification products should be auditable and not easily dis-

puted. Humanitarian uses demand consistency in unfavor-

able circumstances like information interruptions and swiftly
changing realities on the ground. The use of urban planning
and public health involves a connection with the adminis-
trative boundaries and population statistics, and equity [>°).
In every instance, the value chain is enhanced when the
EO products are co-designed with the stakeholders, checked
against locally credible references, and integrated in gov-
ernance arrangements that explain how evidence is used in

making decisions.

2.5. Implications for Global Comparability and
Equity

Sustainable development patterns require comparabil-
ity between nations and areas, whereas EO big data is influ-
enced by the uneven state of observation, a variety of types of
land covers, and the availability of reference datal'4l. It may
produce gaps in systematic observations due to cloud cover,
aerosols, snow, and complex topography; restrict ground
truth data collection due to socio-political issues; and define
access to commercial imagery and computing because of
economic differences. Consequently, there is the ability to
have spatially patterned uncertainty on global products that
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is consistent with the presence of inequities. In this case,
under-resourced areas might also be where the models are
least generalizable and least well-validated, and can pose a
risk of evidence having the least reliability where it is most
required.

System equities cannot be separated and integrated with
ecosystem design3%. Open data policies, open-source tool-
ing, and capacity-building programs can ease impediments;
nonetheless, they should be accompanied by governance
methods that take into account the local agency and do not
entail extractive practices where the data are taken from areas
with no benefits and power. It is also necessary to differ-
entiate between transparency and exposure: it is possible
that data being open will promote accountability, and high-
resolution monitoring will put vulnerable communities at
risk when implemented through coercion or discrimination.
The ecosystem design should be done responsibly by speci-
fying who is entitled to what data, when, and why, and the
mechanisms to provide redress in case of harm.

Put collectively, these elements of the ecosystem iden-
tify the state of the remote sensing big data as a durable
public good to sustain development or a collection of capa-
bilities that is disorderly distributed among actors'®l. Sub-
sequent sections of the review elaborate on this ecosystem
view to conceptualize the emerging themes of analytics as
enabling capabilities, analyze SDG-congruent applications,
and map those action pathways that can be taken to con-
nect EO-generated data to scale sustainability choices that
manifest at scale.

3. Emerging Analytics Themes Shap-
ing Sustainability Insights

The fast growth of EO archives has been accompa-
nied by a change in the methods of extracting information
from them. The modern sustainability challenges keep re-
quiring analytics that can work across the sensors, scales,
and time horizons and remain dependable in changing cir-
cumstances®'l. Here, the term emerging analytics is less
specific to any specific family of algorithms and more to the
capability of generalizable inferences, multi-source integra-
tion, as well as decision-grade outputs. What is emerging is
the ability of these abilities to be influenced by representa-
tion learning, spatiotemporal modeling, data fusion, physical

knowledge hybridization, and an increased focus on trust-
worthiness and responsible implementation. This section is
a synthesis of these themes in a manner that presupposes
the implications of sustainable development of the themes

instead of their technical novelty in isolation.

3.1. Foundation and Self-Supervised Learning
for Earth Observation

One of the main trends of EO analytics is that an in-
creasing body of work is moving towards models that do not
necessarily rely on task-specific models that are trained on
small, labeled datasets, instead, learning general-purpose
representations using large, unlabeled archives32. Self-
supervised learning has gained popularity, especially due
to the fact that EO data volumes are very large and quality
labels are few, unevenly distributed, and are in many cases
costly to acquire. Execution Structural and semantic regu-
larities can be modeled by learning representations based
on pretext goals, including predicting masked sections of
imagery, image matching two or more temporal orientations,
or comparing solutions about two or more discrepant aug-
mentations, without the need of manual annotation. This has
practical implications on sustainable development since most
applications have under-labeled regions, fast-changing en-
vironments or jobs, where labels are uncertain or subjective
by their nature.

The foundation models use the same logic to scale up
representation learning by expanding the number of sensors,
geographies, and seasons, and recovery model outputs tend
to be applicable to a great number of downstream tasks with
very light supervision 33!, Its applicability to sustainability is
in terms of transferability and flexibility: monitoring systems
will be required to be enlarged, frequently out of pilot areas,
to national or global initiatives, and analytical systems need
to be kept useful as sensors, land management behavior, and
climate regimes change. Meanwhile, new sensitivities are
brought about by foundation-style approaches. Geographic
and socioeconomic sampling biases can be encoded in pre-
trained data, and large pretrained models are not predictable
out of distribution. Additionally, the fact that the representa-
tions used are universal may cause the distinction between
direct measurement and inferred semantics to be lost, and the
role of transparency in what the model was actually learn-

ing and how the learning is generalized to new situations
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becomes even more significant.

Although foundation-style models facilitate transfer-
ability and rely less on limited labeled data, their computa-
tion costs present a question of concern to sustainability de-
ployments, especially in institutions with limited resources.
However, in practice, the costliest part of such systems is
the large-scale pretraining step, carried out once by large
resource groups or cloud systems with archives of global
EO. Such models are rarely retrained using operational mon-
itoring systems, but they reuse existing representations and
do lightweight fine-tuning or inference to achieve particu-
lar tasks. This difference saves the computational load at
the deployment phase considerably. Moreover, novel tech-
niques like model compression, distillation, and parameter-
efficient fine-tuning allow smaller models to simulate the
performance of larger models without making them imprac-
tical in terms of their size or complexity when used in regular
monitoring processes. Operation pipelines in most LMIC
environments, too, are based on cloud computing platforms
in which the processing is done in proximity to the data
and hence, less infrastructure is required on the local side.
As such, the sustainability relevance of foundation mod-
els is not that of their unscaled size but rather of giving
representations that are transferable and can be reused in
cross-institutional and cross-application contexts at manage-

able inference costs.

3.2. Multi-Modal and Multi-Sensor Fusion as
a Sustainability Enabler

Phenomena of sustainability are often not well moni-
tored using one sensor modality. Cloud cover, revisit gaps,
and constraints inherent in any one physical measurement of-
ten put constraints on observations that can only be reduced
by combining complementary sources of data. Multi-sensor
fusion has consequently not only turned out to be a perfor-
mance enhancer, but it has also become a structural necessity
in many of its applications in operation**. Integration of
optical imagery and SAR will be able to maintain monitoring
in the face of sustained cloudiness and facilitate unrestricted
occurrences observed during storms and floods. Detection
of thermal observations may use optical and meteorological
scenes to enhance the information about evapotranspiration
and drought stress effects, as well as urban heat exposure.

Biomass and habitat characterization. Bidimensionality of

LiDAR-obtained structure, where present, enhances statis-
tics of the fundamentals of biomass and habitat, and the
interpretation of land-cover involvement.

Fusion is more and more than just remote sensing.
Their products are reanalysis products, weather forecasts,
hydrological models, and in situ networks that offer con-
text that can disaggregate the EO signals and aid their in-
ference regarding processes that can only be seen indirectly
in space. EO can also be combined with socioeconomic
data, infrastructure catalogues, and measures obtained by
surveys to generate policy-relevant indicators, but these asso-
ciations require discretionary governance and ethical deliber-

ations 14

1. Fusion is especially beneficial in sustainability
pathways since it helps sustain continuity and completeness.
But provenance and interpretability are complicated by it,
too, as products may be composite, the quality and assump-
tions of each constituent source must be taken into account.
This is particularly normative when the accountability or
finance-based MRV uses fused outputs, in which case the
stakeholders might demand traceability and clear-cut uncer-

tainty limits.

3.3. Spatiotemporal Intelligence for Trends, Ex-
tremes, and Early Warning

The time dimension of sustainability monitoring has
been greatly increased due to the use of remote sensing big
data. Dense time series allow computation lists to shift away
to mapping with characteristics of the trajectories, seasonal-
ity, disturbances, recovery, and regime shifts. The essence of
sustainability applications is therefore largely reliant on spa-
tiotemporal modeling in that most decisions are not only
made based on the present conditions but also based on
whether conditions are different compared to the baselines,
whether conditions are persistent, and whether conditions are
probable. The signal in this case (in food systems) is usually
phenological evolution and non-conformity to anticipated
seasonal patterns. In the water resources, the problem of
interest could be the rate of surface water expansion or con-
traction, occurrence of extremes or occurrence of sustained
drought33). In the city systems, both long-term structural
change and short-term meteorological shocks are frequently
manifested in exposure to heat and risk of floods.

Spatiotemporal intelligence is closely associated with

the sustainability value of latency[3¢]. There are those ap-
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plications where retrospective, high-fidelity assessment is
necessary and others where near-real-time monitoring and
alerting are needed. The result of this is an innate trade space
between timeliness, spatial scrutiny, and uncertainty. Prod-
ucts with low latency can be based on partial observations,
opportunistic availability of data, or simplified inference,
whereas products with greater latency can have complete
data coverage and broader validation. To achieve successful
sustainability systems, better and better architectures are in
demand, supporting both fast initial estimates that drive im-
mediate action and refined updates that drive accountability,

learning, and long-term planning.

3.4. Physics-Aware and Hybrid Analytics to Im-
prove Robustness and Meaning

One issue that the completely data-based EO models
are somewhat susceptible to is the spurious correlation and
shortcuts related to the context. Sustainability problems are
commonly associated with non-stationary states and causal
dynamics that cannot be effectively learned only through cor-
relations, especially when training data are not exhaustive
of future climatic states and land management systems or in-
tervention types*7]. Physics-conscious and hybrid methods
seek to solve this through the addition of physical constraints
and conservation laws, in addition to domain knowledge,
to learning systems. Practically, this may be achieved by
including physically meaningful variables, physically con-
strained losses, integration of EO inference with process
models, or consistency with known relations, e.g., water or
energy balance.

Physics-aware approaches have the significance of sus-
tainability based on credibility and extrapolation8]. Stake-
holders in the case where EO products are used to make
long-term decisions require more than mere predictive accu-
racy in the conditions that have been observed historically,
but require the demonstration that outputs will still be sensi-
ble in the changing regime. Hybridization may also increase
interpretability by aligning model components with physical
concepts familiar to the users, and this is useful in com-
munication across sectors among scientists, agencies, and
practitioners. Nonetheless, hybrid approaches adopt ambigu-
ities of the models and assumptions that they use in physics,
and they may generate complexity that proves hard to audit.
To enable deployment and decide the grade of physics-aware

analytics, the promise depends on transparently documenting
the assumptions and systematic evaluation in stress tests that
are indicative of variability in the real world.

3.5. Trustworthy Analytics: Uncertainty, Ro-
bustness, and Interpretability for Decisions

The higher the involvement of EO analytics in sustain-
ability governance, the higher the level of evidence[!4],
Not only an estimate but also a quantification of failure
modes, confidence, and clarity is often needed by decision-
makers. The uncertainty is especially at the center since most
sustainability actions are threshold-based. Exceedance prob-
ability and exposure estimations may be needed to respond to
floods; agricultural insurance may need to have confidence
limits on yield deviations; enforcing and complying situa-
tions may necessitate the use of conservative inferences to
prevent false allegations. Therefore, uncertainty quantifica-
tion is becoming increasingly an essential product of analysis
rather than an expert appurtenance. Other significant consid-
erations are robustness to domain shift, such as geographic
transfer, seasonal variability, sensor changes, and land use
practices.

The interpretability has a different role in the sustain-
ability setting since most users are not model developers but
have to explain decisions to stakeholders. Interpretability,
in this case, does not refer only to saliency maps or feature
attributions, but semantic understanding regarding what a
product is, how it is created, and in what circumstances it
can be relied onl, Realistically, reliability as analytics in
sustainability demands coherent reporting to connect outputs
to data provenance of input, clarify assumptions, and convey
constraints in terminology that meets policy and practical
requirements. Even where technical performance may seem
excellent, the lack of such reporting may weaken adoption
as governance systems require traceable and defensible evi-

dence.

3.6. Responsible and Equitable Deployment in
a Global Context

The rise of high-resolution imagery and powerful ana-
lytics has intensified the ethical and governance dimensions
of EO for sustainable development[!4). Products designed for

public benefit can be repurposed in ways that increase harm,
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particularly when monitoring reveals sensitive information
about communities, livelihoods, or patterns of movement and
settlement. Even when individuals are not directly identifi-
able, models can enable sensitive inference about vulnerable
populations or contested activities. These risks are ampli-
fied in contexts involving conflict, forced displacement, or
discrimination, where information can be weaponized. Re-
sponsible deployment, therefore, requires explicit attention
to data governance, access control, and safeguards that bal-
ance transparency with protection.

Equity concerns also arise from uneven performance
and uneven capacity. If models generalize poorly in under-
sampled regions, the resulting evidence may systematically
disadvantage communities already facing data scarcity. If
advanced analytics depend on costly imagery and comput-
ing, benefits may accrue disproportionately to actors with
resources, reinforcing informational asymmetries in land
governance, climate finance, and urban development. Ad-
dressing these issues involves more than technical fixes; it
requires capacity building, co-design with local stakehold-
ers, investment in reference data and validation networks,

and norms for documenting uncertainty and bias across ge-

ographies. In sustainability pathways, responsible analytics
is therefore inseparable from legitimacy: the credibility of
EO-based evidence depends on whether it is developed and
deployed in ways that are transparent, fair, and aligned with
the rights and needs of affected populations[*!]. To synthe-
size these capability shifts and their decision implications,
Table 2 maps emerging analytics themes to typical inputs/out-
puts, sustainability value, pitfalls, and reporting expectations.
Complementing the tabular crosswalk, Figure 2 shows how
application pathways connect EO products to decision uses
such as early warning, planning, enforcement, and MRV,
while distinguishing direct observables from proxy-based
indicators.

Collectively, these new analytics themes are transform-
ing what sustainability systems are able to measure, how fast
they are able to react, and how believable they are able to
confirm the results. This viewpoint is then utilized in the
next section to review the uses of EO big data along the
key SDG-aligned application pathways, the most actionable
forms of evidence, how it is being validated to warrant adop-
tion, and all the gaps between technical feasibility and its

long-term operational effectiveness.
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Figure 2. SDG-aligned application pathways map.
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Table 2. Emerging analytics capabilities mapped to sustainability needs.

Analytics Typical Inputs Typical Outputs Sustainability Value Key Pitfalls in What to Report in
Capability P P P P (Why It Matters) Practice Papers/Products
Self- . Large unlabeled EO Transfer'able ' Scales to label-scarce Hldden Vgeographlc Pretraining data
Supervised/Foun- . . embeddings; rapid . . bias; brittle coverage;

. archives; multi-sensor regions; improves o . .
dation stacks downstream ortabili Out-of-Distribution spatial/temporal splits;
Representations adaptation p ty (OOD) behavior OOD tests
Multi- Optical + SAR+ Gap-filled maps; ?glfgézl/?:vizgll?ﬁz) Opaque provenance; Fusion design;
Modal/Multi- thermal + LiDAR + richer indicators; > error compounding sensitivity analysis;

Sensor Fusion

context data

reduced missingness

Trends, anomalies,

improves
observability

Moves from static

across sources

Temporal leakage;

traceability of inputs

Split protocol; drift

Spatiotemporal Dense time series;
. . forecasts/early
Modeling weather/reanalysis .
warning
Physics- . EO + process Physwally plausible
Aware/Hybrid . estimates; better
models/constraints .
Inference extrapolation
Uncertainty Ensembles/Bayesian Calibrated
. . surrogates; conformal .
Quantification confidence/intervals
layers
Responsible/Se- Governance rules; Tiered products; safer

access controls;

. . releases
privacy constraints

cure Deployment

. . . monitoring;
maps to trajectories drift under &
. . event-based
and shocks non-stationarity .
evaluation
Robustness under . . Constraint definitions;
. Mis-specified .
regime change; . . . uncertainty
. constraints; inherited -
improved . decomposition; stress
. o model uncertainty
interpretability tests
. . . Calibration curves;
Enables threshold Miscalibration across uncertainty mans: ’
decisions; MRV regions; overconfident ertainty maps;
s . decision-threshold
defensibility proxies

guidance

Risk assessment;
aggregation policy;
audit and redress
mechanism

Prevents harm in
sensitive contexts;
improves legitimacy

Dual-use exposure;
inequitable access

4. Application Pathways and SDG-
Aligned Use Cases

The actual value of remote sensing big data in society is
achieved by the use of applications that relate visible signals
of the earth system to development choices, risk mitigation,
and investment['%]. However, sustainable development is not
an isolated field but rather a combination of interdependent
avenues where the environmental processes, constructed envi-
ronment and the social frailty interact. The EO projects are

thus most efficient when native to the structure of decision

questions in which they are mapped in quantifiable variables,
and when integrated in operational processes of early warning,
planning, enforcement, and operating rooms. This subsection
assesses significant SDG-associated application directions as
to how EO big data is operated to build operational indicators,
where proxy associations are strong or weak, and in what ways
constraints inform the trustworthiness and fairness of actual
applications. To orient on domains, Table 3 presents the sum-
mary of representative surfaces of decision questions, product
EO, associated data needs of genuine users, and emphases of
validation within SDG-aligned pathways.

Table 3. SDG-aligned application pathways and what EO actually delivers.

Typical Decision Complementary . Sl .
Pathway (SDG) Question Core EO Products Data Needed for Primary Users Validation Emphasis
Decision-Grade Use
« Where is climate risk Flood extent maps * Weather .forecasts . Dlgaster rlsk. e Event-based validation
. . . . e Burn severity and  and reanalysis duction agencies .
Climate Risk & increasing? . . o « Rapid-response accu-
. . wildfire perimeters » Exposure and asset  + Humanitarian or-
Extremes (SDG * Which populations . racy checks
* Land surface temper- ~ datasets ganizations
13) and assets are . . * Trade-offs between
exposed? ature/heat exposure * Socioeconomic * Insurance and latency and precision
’ * Hazard footprints vulnerability indices risk analysts
* Early warning
* Where are crop yield * Crop type and culti- Agricultural surveys systems . * Field-plot reference
. vated area maps . « Agricultural min-
shocks likely? . * Marketand price data .~ = data
Food Systems .  Phenology monitor- . istries . A
(SDG 2) * When will in * Agronomic calendars | Food sccurity an- Yield model validation
production anomalies & . « Irrigation and input 4 « Heterogeneity checks
* Vegetation stress and . . alysts
emerge? drought indicators inventories  Agricultural for smallholder systems
insurers
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Table 3. Cont.

Pathway (SDG)

Typical Decision
Question

Core EO Products

Complementary
Data Needed for
Decision-Grade Use

Primary Users

Validation Emphasis

* Surface water extent

« Cross-season compara-

* How is water avail- . * Hydrological models . bility
o . dynamics » Water authorities
ability changing? L  Stream gauges and . * Sensor-to-sensor con-
Water Resources . « Evapotranspiration . * Basin planners .
» Where are emerging . reservoirs . sistency
(SDG 6) proxies « Environmental .
drought or flood * Groundwater . * Uncertainty
* Drought and flood . agencies L
hotspots? L observations propagation in water
indicators .
balance estimates
* Built-up area expan-
* Where is urban sion * Census and adminis- « Alignment with admin-
growth outpacing ¢ Impervious surface trative data « Urban planners istrative boundaries
Cities & Services  infrastructure? maps « Infrastructure inven-  « Public utilities ¢ Cross-scale consis-

(SDGs 11/9)

* Which areas face
rising heat or hazard
exposure?

» Urban heat island in-
dicators

* Damage mapping
after hazards

tories
* Transportation and
service networks

* Public health
agencies

tency
* Equity audits across
neighborhoods

e Where are ecosys-

¢ Deforestation and

* Field ecology mea-

* Conservation

 Sensitivity to forest

. degradation maps surements agencies definitions
Ecosystems & tems degrading? .
S . . » Landscape fragmen- * Species occurrence  * NGOs ¢ Leakage and perma-
Biodiversity * Which areas should . . .
(SDG 15) be prioritized for tation metrics records « Climate/nature nence checks
restoration? « Forest structure and « Conservation finance MRV * Long-term trend
’ biomass proxies management plans systems consistency
* Where are environ- * Industrial distur- o - * Environmental < Auditability of detec-
. . * Facility registries .
mental impacts emerg-  bance footprints . . regulators tions
Energy & o * Permits and inspec- o . .
ing? * Infrastructure expan- . * ESG monitoring < Conservative classifi-
Industry (SDGs s . tion records .
* Are facilities sion . teams cation thresholds
7/12) . . * Corporate disclosure .
complying with * Thermal anomaly data « Corporate * Transparent dispute
regulations? indicators compliance units resolution processes
. * Heat exposure sur- e« Health surveillance . * Model—pro: alida-
* Where are climate- xposure sur urvet * Public health . proxy valt
related health risks in- faces records agencies tion
Health Exposure o * Air quality proxies <+ Population demo- . . . » Cross-dataset consis-
(SDG 3) creasing: (model-assisted) graphics * Epidemiologists tency
* Which populations * Urban health

are most exposed?

* Vector habitat
indicators

* Indoor exposure
context

planners

« Stratified uncertainty
reporting

4.1. Climate Action and Disaster Risk Manage-
ment (SDG 13)

EO big data supports climate action in three main func-
tions, namely, to characterize long-term change, to near-real-
time monitor extremes, and to facilitate accountability of
investment in adaptation and mitigation*?l. On the climate-
change characterization side, the multi-decadal land cover
and land use time series can be identified to isolate deforesta-
tion, degradation, urban growth, and changes in agricultural
trends, which affect the carbon processes and vulnerabil-
ity. Observed temperature variations, such as with reanalysis
and ground measurements, give credence to spatially explicit
measures of heat exposure and evolving hazard regimes. EO-
based baselines are the only regular evidence that can be
used to compare changes across administrative boundaries
and time in many settings.

The EO big data plays a key role in the provision of

situational awareness in disaster risk management*3!. Multi-
sensor observations, which are able to work in unfavorable
conditions like SAR imaging in the middle of a storm or
smoke, are also becoming imperative in flood extent map-
ping, wildfire perimeter delineation, landslide detection, and
damage assessment. Such products tend to feed response
logistics and exposure estimation and aid prioritization. The
sustainability problem is that disaster products have to trade-
off between the latency and reliability: the decision to make
is time-sensitive, but the most reliable evaluation method, in
many cases, knows the correctness of the evaluation only af-
ter the event concludes, after several observations have been
made and ground checked. Therefore, there is a growing ten-
dency in operational systems to make use of tiered outputs,
i.e., initial products lead to immediate action, and subsequent
refinements facilitate recovery planning and reviewing.

EO is also being increasingly used to track adaptation
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and in climatic finance verification with stakeholders, aiming
to find data to show a reduction in exposure or resilience
enhancement ¥, In this case, the key technical issue is the
problem of attribution. Evidence of a shift in the impact of
floods, or vegetation cover, can be due to weather variabil-
ity, socioeconomic processes, or government actions, and in
order to uncover its causes and effects, a close exchange of
context data and, where possible, causal designs is needed.
The above pathway of application is therefore indicative of
an overall trend: EO offers high observational opportunities;
however, the ability to make decisions on the basis of obser-
vation is determined by the effectiveness of observations in
connection with causal explanation and communication of
doubt.

4.2. Food Systems and Agriculture (SDG 2)

One of the most developed areas of sustainability appli-
cation of EO has been the agricultural sector, due to visible
phenological patterns in crops, on one hand, and due to the
financial and humanitarian interests in monitoring, on the
other hand[*],

adopted to map the type of crops, determine the extent of

The EO time series has been extensively

the areas that have been planted, keep a check on the health
of the crops, and produce indicators related to yields. These
products serve a wide range of contexts of decisions, such as
seasonality forecasting on food security, optimization of irri-
gation and use of inputs, index-based insurance, and focusing
on extension services. EO big data growth has enhanced tem-
poral resolution and allowed higher frequency of updates,
which is important in capturing short-term shocks like heat
waves, the development of drought, floods, and outbreaks of
pests.

Nevertheless, structural constraints of the translation
of EO to SDG can also be found in agriculture*!. The
estimation of yield is multi-causal by nature and depends
on the management, soil characteristics, cultivar selection
and market limitations, which are only partially visible at
the space level. In certain situations, proxy relationships
between vegetation indices and yield can be strong, and in
others, they are deceptive, particularly when irrigation con-
ceals drought stress or when the cropping system is extremely
heterogeneous. These problems are acute in smallholder and
mixed-cropping landscapes found in LMIC environments
where the field size is small, intercropping is the norm, and

model calibration reference data can be very sparse. Under
these conditions, spatial resolution, and empirical actions of
SAR and thermal signals may be better off, yet they are hard
to validate.

Equity considerations are also raised with regard to
agricultural EO products with regard to sustainable develop-
ment. Food security is not merely about production but also
its access, affordability, and distribution, which cannot be
directly monitored using EO7]. As a result, the most practi-
cal systems turn out to be those that combine EO production
and stress indicators with market data, conflict and mobility
limitations, and household-level vulnerability evaluations.
EO big data is therefore most useful when it is placed as part
of larger early warning and decision systems than it would

be as a measure of hunger or wellbeing on its own.

4.3. Water Resources and Sanitation (SDG 6)

Sustainability issues related to water cover hydrologic
extremes, the long-term availability, and quality limits, all of
which possess unique observability characteristics on space
scales. EO has especially good vigor in the tracking of sur-
face water dynamics such as expansion and contraction of
lakes, reservoirs, and wetlands, and in mapping the flood
inundation during extreme events. The hybrid characteristics
of these applications, that is, optical time series to map clear
skies and SAR to monitor storm times, complement each
other and have strengths to support both baseline monitoring
and emergency response 81,

Water processes tend to dictate processes that cannot be
easily seen at the surface, particularly the subsurface flows
and groundwater depletion. In this case, EO has a role to
play in terms of indirect inference, such as observation of
surface storage variations, land subsidence proxies, irrigated
area dynamics, and evapotranspiration estimates based on
thermal and meteorological integration. These products are
quite applicable to water allocation planning, drought man-
agement but are prone to assumptions and need sensitive
characterization of uncertainty, especially when they are ap-
plied to policy or compliance decisions. These indicators
have higher sustainability utility when they are combined
into hybrid monitoring systems with hydrological models
and in situ measurements, which have the ability to convert
the EO signals into actionable water balance information [+,

The monitoring of water quality is an example of what
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EO promises and what it can do. Certain forms of algal bloom
risk, proxies of turbidity, chlorophyll-related signals, and op-
tical and hyperspectral data can be used to support certain
forms of algal bloom risk in appropriate conditions; however,
many important water quality variables are not directly ob-
servable, are confounded by atmospheric and surface effects,
or require local calibration. In addition, the quality risks
are usually of primary concern in small water bodies and
near shore areas where spatial resolution and mixed pixels
may be constraining. To achieve sustainable development,
situational screening and prioritization, therefore, can be the
main contribution of EO in terms of identifying the areas of
probable degradation that will receive a targeted sampling,
inform interventions, and furnish a reliable spatial context

to water governance [,

4.4. Sustainable Cities and Infrastructure
(SDG 11 and SDG 9)

Rapid urbanization, unequal access to services and haz-
ards aggravated by climate are increasingly influencing urban
sustainability !, The ability to trace urban growth, densifi-
cation, and land-use transformation through time provides a
singularly steady perspective on urban expansion, densifica-
tion and land-use change across cities and regions, which is
offered by EO big data. The built-up area mapping, estima-
tion of the impervious surfaces, and settlement typologies are
used to support planning decisions in the fields of transport,
green space, and exposure to hazards. Night-time light is also
a proxy, which can be used to complement economic lighting
patterns and electrification patterns, but interpretation would
need to take into account both cultural and policy-driven
variations in both lighting and saturation effects in cores of
densities.

One of the pathways in which EO has become useful
is in heat risk. Combined with urban morphology indicators
and the lack of water systems indicators, demographic vulner-
ability statistics can help heat exposure mapping and inform
solution measures (e.g., the greening approach, reflective
materials, cooling hubs, etc.). Yet, land surface temperature
must be translated into human heat stress contingent on the
background of humidity, wind, and indoor conditions of ex-
posure. The value of sustainability is maximum when EO is
incorporated in plans of heat-health activities and operational

response that directly links spatial exposure with population

vulnerability 5253,

EO is also involved in monitoring and resilience of
infrastructure, such as mapping the transport networks, criti-
cal facilities identification, and post-extreme-event damage
assessment. In informal settlements, which may turn into
slums, high-resolution imagery can show the expansion and
the lack of infrastructure that cannot be reported. However,
such uses are delicate and present issues of governance: map-
ping the informal can be used to deliver services and reduce
risks, but also create a way to exclude, evict, or discrimi-
nate in implementation. In this way, the urban EO pathways
emphasize the role of responsible analytics and stakeholder
governance, meaning that the products that are aimed at sus-
tainability are in tandem with the rights-based principles of

urban development[®4.

4.5. Ecosystems, Land, and Biodiversity-
Related Pathways (SDG 15)

EO has been key in tracking land cover change, and
EO big data have greatly enhanced the density in time and
geographic uniformity of such tracking®3. Some of the
most operationalized EO sustainability applications include
deforestation monitoring, forest degradation monitoring, and
restoration monitoring, and these applications have been
selected partly because they correspond to established gov-
ernance processes, and partly due to the fact that land cover
change is directly observable at a wide variety of spatial
scales. Multi-sensor methods, especially the combination
of optical and SAR, enhance continuity in covered areas
and inference concerning forest structure and perturbation
processes.

Biodiversity is also more difficult as most of the biodi-
versity outcomes cannot be easily seen through the eye of
space. EO has a major contribution to the characterization of
habitat extent, fragmentation, structural complexity proxies,
and disturbances related to biodiversity patterns %!, Habitat
quality indicators can be reinforced with LiDAR, resulting
in structure and radar-derived structure where it is available,
and hyperspectral data will provide insight into vegetation
properties. However, the connection between EO habitat
proxies and the outcome of biodiversity is determined by
local ecology, community species and non-habitat drivers, in-
cluding invasive species and hunting pressure. Consequently,

biodiversity-oriented EO products may be considered most
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believable with ecological surveys, camera trap nets, acous-
tic surveillance, and local information, providing combined
systems of observation that may authenticate and put into
perspective the EO-derived habitat indicators.

Sustainability land-based pathways also have close sup-
ported connections with governance and finance, involving
Reducing Emissions from Deforestation and Forest Degrada-
tion (REDD+) initiative, and nature-based solutions*”. In
this case, EO helps in supporting MRV through maintaining
consistent baselines and change recognition, although most
of the time an argument is made as to what counts as forest,
what qualifies as degradation or sustainable management,
and how to quantify permanence and leakage. These defini-
tional issues are not marginal; they can make the difference
between the issue of whether EO evidence is accepted by
interested parties and whether interventions receive their due
credit. In turn, the application of land and biodiversity high-
lights the importance of clear definitions of products and
uncertainty-conscious reporting in case EO is regarded as an
accountability tool.

4.6. Energy Transitions and Industrial Sustain-
ability (SDG 7 and SDG 12)

The energy transition plans overlap with land use, in-
frastructure, and environmental effects, making a wide range
of EO use application requirements. EO assists in renewable
energy planning by characterizing land cover constraints,
terrain, and proximity to infrastructure, and offering a spa-
tial context of environmental and social tradeoffs >8], In the
development of solar and wind, EO could be used to locate
locations with appropriate potential, to inform the study of
habitat effects and competing land cover activities. Besides,
EO can track energy infrastructure footprint and growth, such
as transmission paths and related land transformation, to aid
planning and cumulative impact assessment.

The use of industrial sustainability is usually aimed
at the observation of land disturbance, impacts of resource
extraction, and adherence to environmental policies**]. EO
big data may identify the growth of mines, tailings pond
processes, and downstream impacts on vegetation and wa-
ter bodies, which can be used to monitor and screen risks.
Nevertheless, the governance environment is paramount: ac-
countability may be facilitated by monitoring, but it may be

disputed where regulatory or legal proceedings are consid-

ered, whose criteria of evidence, auditability, and uncertainty
reporting are high. This channel is thus likely to generate
the demand for quality provenance, open processing, and
justifiable validation plans, especially when EO products
are involved in creating enforcement measures or certifying

adherence.

4.7. Health and Well-Being Pathways (SDG 3)

Applications of health-relevant EO may frequently be
executed by exposure pathways, but not by observing health
effects. Mapping of heat exposure has gained critical rele-
vance with the intensifying heat waves, and EO offers spa-
tially explicit data on the patterns of surface temperatures,
which could be integrated with urban structure, vegetation
cover, and vulnerability indicators. Air quality applications
are often designed into subsistence of surface sensors and
chemical transport models, which integrate satellite-derived
atmospheric signals with ground sensors and use these pop-
ulation exposure estimates to provide surveillance in areas
that have a sparse network of ground monitors. EO is also
useful in disaster health surveying as it maps the damage,
proxy displacement, and service disruptions, which are used
to preempt secondary health hazards [,

Another exposure route demonstrated in vector-borne
disease risk mapping is the fact that environmental conditions
produced by EO, like surface water availability, vegetation
cover, humidity proxy, and land use, can reflect the suitability
of habitats in disease vectors!®!l. Such applications are very
context-specific and need to be used alongside epidemiologi-
cal surveillance systems, since the presence of suitable habi-
tat is not directly translated into transmission in the absence
of the social and biological conditions supporting disease
cycles. Regarding sustainable development, the EO has fre-
quently been important both in targeting and prioritization-
where the limited public health resources should be directed-
and in avoiding excessive interpretation of proxies.

Through these channels, one common theme emerges,
namely, EO big data is most effective in promoting sus-
tainable development when incorporated into decision sys-
tems that are capable of consuming probabilistic informa-
tion, evolving, and integrating EO with other sources of
information!'¥l. The following part will expand on these
areas of application to explore operationalization and scal-

ing of EO-derived insights based on global implementation
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pathways to evidence-to-accountability and finance, namely,
early warning services, national reporting systems, and MRV

frameworks.

5. From Insights to Action: Global
Pathways for Implementation

Remote sensing big data may produce detailed and
timely accounts of the environmental and built-environment
circumstances, but it is upon the ability to translate these ac-
counts into determination, action via institutions, and assess-
ment over time that the results of sustainable development
will be attained['®!. The issue of the discrepancy between the
results of an analysis and the actual effect on reality is seldom
a matter of model performance in itself. It is determined by
the operationalization of products, product alignment with
reporting and accountability systems, product scaling across
administrative settings, and the governance systems address-
ing equity, legitimacy, and risk. This part is a synthesis of
implementation pathways emerging in the domains of sus-
tainability with an emphasis on the institutional and technical
design aspects through which the EO-derived insights can
be used as decision-grade evidence.

5.1. Operationalization Models: Monitoring
Systems, Early Warning, and Rapid Re-
sponse

Operationalization of EO to sustainable development
is taking increasingly complex forms of service models and
is no longer in terms of one-off analyses®?!. Monitoring sys-
tems generally give updated indicators regularly to monitor
the conditions against the baselines, allowing one to detect
a trend and measure performance. Monitoring systems in
land and ecosystems will frequently provide either annual or
monthly products of change that can be used to plan, screen
compliance, and evaluate the products of interventions. Ur-
ban environments. The urban environment has monitoring
systems that aid in planning by observing the trends of ex-
pansion, heat exposure surfaces, and infrastructure dynamics.
Monitoring systems play an important role in water manage-
ment, whereby they provide constant situational awareness
of the surface water and drought indicators to help deter-
mine allocation decisions. Repeatability is the usual need

in such settings: the system should deliver similar results

after some time, and the existence of steady definitions and
provenance history, such that any apparent change does not
have a random processing bias.

Early warning systems are an additional operational
route where the main value is timeliness in case of uncer-
tainty. Food security early warning combines EO data of crop
growth, precipitation variations, and vegetation stress to pre-
dict shortages in production and locate the areas at risk. Haz-
ard early warning EO and meteorological data is used to track
the possibility of floods, wildfires, and high-temperature dan-
gers to support pre-positioning and preparedness measures.
Such systems are under constraints of incomplete informa-
tion and the non-stationarity of risk, and must be carefully
tuned to trade off between missed events and false alarms.
Practically, early warning depends on ensembles of signals
where EO is used to give spatially explicit information, con-
text, and forecasts, and reanalysis and ground networks play
arole in offering predictive capacity. Sustainable develop-
ment is relevant due to the capacity to move interventions
up the continuum, i.e., response into preparedness, assuming
that the uncertainty is reported in a manner that is conducive
to action as opposed to inaction[®3],

Rapid response and rapid mapping systems are meant
to be used in acute cases and during short decision times
including floods, wildfires, earthquakes, or war-related dis-
ruptions. Such systems focus on low-latency ingestion, high
processing in hostile environments, and outputs that are easy
to read and act on by the responders. Rapid response path-
ways point out a trade-off in structures: in order to operate
rapidly, simple and less well-validated assumptions will be
necessary, whereas as more data and validation are found,
the accuracy and completeness will increase. To do sustain-
ability governance, this encourages tiered product strategies
whereby initial estimations determine action now and further
elaborations aid recovery planning, resource accountability,
and learning after action[¢4],

In all aspects of the monitoring, early warning, and
rapid response, there is a strong correlation between opera-
tional adoption and interoperability with the current decision
routines [®]. The EO outputs should be consistent with ad-
ministrative borders, reporting timeframes, and institutional
requirements, and they should be provided in a format that is
compatible with operating systems. In this meaning, imple-
mentation also encompasses the technical service reliability
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as well as the organizational fit, such as training, documen-
tation, and the specificity of how EO evidence is to affect

decisions.

5.2. Measurement, Reporting, and Verification
as Accountability Infrastructure

The MRV has taken center stage as a channel via which
EO big data is influencing sustainable development, es-
pecially where there is a financial aspect, compliance, or
performance-based incentives®). MRV in climate mitiga-
tion and nature-based solutions needs to have consistent base-

lines, credible change detection, and uncertainty reporting.
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Figure 3. Global implementation pathways and evidence lifecycle.

Another pathway that is correlated with MRV is the
corporate sustainability reporting and supply-chain monitor-
ing[%7). Companies are becoming more and more demanding
of evidence of deforestation-free sourcing, compliance with
land use, and environmental risk management. EO is capable

of assisting screening and due diligence through mapping

of land conversion and change tracking within the supply
region areas. The validity of EO in these situations, however,
requires clear definitions and inference, since the misclassi-
fication of suppliers and communities can be an economic
and reputational burden. The choices of threshold, a tempo-

ral baseline, and interpretation of disturbances are prone to
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conflict, and this highlights the fact that MRV is more of a
governance than a technical problem.

Reporting to national and international structures by
the public sector is also more and more based on EO-driven
evidence. Soil: EO indicators of land cover, urban growth,
or water movement can be installed by the national statistical
systems and environmental agencies, especially where land
monitoring is low too, and when aerial assessment of plots is
limited. At such levels, it is the institutional capacity that de-
termines the success of implementation in terms of pipeline
maintenance, the provenance of documents, and the interpre-
tation of outputs, along with traditional statistics. The MRV
pathway, therefore, emphasizes the value of transparency,
reproducibility, and uniform semantics. In situations where
accountability is applied using EO products, the stakeholders
must be aware of what has changed and how the measure-
ment was built, as well as how uncertainty impacts decision
thresholds.

Most contemporary models of Earth observation pro-
vide predictions at the pixel level, and the associated con-
fidence estimates, but sustainability reporting models often
demand spatially aggregate indicators, including the area
of national forest, the rate of land-use change, or even the
size of carbon stocks. One of the most important technical
difficulties is thus the reduction of the uncertainty between
individual pixel predictions and regional or national statis-
tics. Naive aggregation. An error can be used to demonstrate
that naive aggregation, e.g., adding the probabilities of the
pixels to formulate misleading uncertainty estimates due to
inaccuracies in the classification process and the spatial re-
lationship. This problem is increasingly being tackled by
operational versions of MRV systems that are based on sta-
tistically rigorous estimation frameworks, which combine
predictions based on maps with map-based predictions. The
usual methods are inference of design based on probability
samples, area estimates based on stratification, and model-
driven estimators based on reference data to build up an
unbiased regional estimate with a confidence interval. These
are hybrid strategies that enable pixel-based predictions to
guide spatial patterns whilst being able to report indicators
that would be statistically justifiable to national and interna-
tional reporting. The next generation of EO-AI systems to
be developed to support sustainability monitoring will need

closer collaboration between machine learning uncertainty

prediction and known statistical inference tools on spatial

aggregation, however!©7-68],

5.3. Scaling across Countries and Institutions:
Architectures, Standards, and Capacity

More imagery is not all that is required to scale EO-
based sustainability systems from the pilot projects to na-
tional or global coverage!!'*. It demands reference archi-
tectures that standardize important elements—data access,
preprocessing conventions, model deployment, update sched-
ules, output interfaces, but locally adapt. Any scale has
been facilitated with cloud-native data and processing en-
vironments, which limit data transportation and can repeat
pipelines, but notwithstanding challenges of heterogeneity in
land cover, conditions of observation, and governance needs.
Models that are trained in one location might not be able to
be generalized to a different area; indicator definitions might
be different across different agencies; and validation data
may be unavailable in the exact areas where interventions
are the most pressing.

Standards are also enabling the scaling, as they enhance
interoperability and comparability. Metadata, catalogues,
and cloud-optimized format technical requirements facilitate
efficient processing and provenance monitoring, whereas
conceptual requirements on the definition of indicators fa-
cilitate similar interpretation within institutions. Practically,
scaling can be very demanding when it comes to negoti-
ating global comparability and local relevance. Globally
homogenous product land cover might offer comparability,
but it might not be as close to local policy categories. On the
other hand, a locally customized product can be operationally
handy but not comparable across locations or even aggregat-
ing into a global report. The implementation strategies are
increasingly responding to this tension by taking hierarchical
or modular classification and indicator schemes in which
we can aggregate without giving up regionally significant
detail (91,

Scaling heavily depends on capacity building, espe-
cially in the LMICs, where scaling can be constrained in
areas requiring more compute, connectivity, and training.
Capacity building is not confined to the training of analysts,
but to the setting up of institutional practices of maintain-
ing products, interpreting uncertainty, and communicating to

stakeholders. Frequent adoption beyond a limited period of
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time may be based on the establishment of cross-functional
teams that span remote sensing skills, knowledge of the do-
main, and policy requirements. It also relies on the invest-
ment in validation networks, which are field sites, reference
datasets, as well as partnerships with local institutions, such

that products are not only made but are also trusted7%].

5.4. Partnership Ecosystems and Data Com-
mons

Sustainable development based on the EO implementa-
tion heavily relies on collaborations between public missions,
commercial providers, research centers, civil societies, and
agencies, which facilitate operations. The sources of conti-
nuity, openness, and stable measuring standards are provided
by the public missions, the ability to achieve high resolution
and quick revisit goes to the commercial providers, the de-
velopment and validation of analytics go with the research
institutions, the local sense and acquaintance pressure of
accountability falls to the civil society, and the operational-
ization of services to the agencies. Successful channels must
have governance structures that demarcate roles, continuity,
and conflict of interest, especially where EO products play a
role in regulation or finance!”!-2].

Open science practices and data commons have become
relevant driving forces of implementation. Open datasets,
benchmark tasks, and open-source toolchains minimize du-
plication and permit extending participation. In the context
of sustainability, open practices also enhance transparency
and auditability, which enable independent verification as
well as enhance reliance on shared indicators. Nevertheless,
open data is not necessarily adequate and suitable. The use
of the high-resolution imagery may be a concern of privacy
and safety, and the redistribution may be limited by the com-
mercial licensing. This necessitates care in governance of
data commons, the creation of which is thus more and more
demanding of subtlety in balancing between transparency
and protection, openness and justifiable restriction.

Equity implications can also be made in partnership
ecosystems. When data and analytics of critical importance
are concentrated in the hands of a few actors, sustainability
decision-making may be subject to reliance on third-party
services and black box models. In contrast, joint ventures
and projects that emphasize collective capacity and local

ownership can share more benefits equally. This, practically,

translates to creating partnerships with technology transfers,
assistance in local validation, and co-governance of indica-
tors, that is, making sure that the people who tend to be the
most impacted by sustainability decisions have a significant

role in the production and interpretation of evidence!73].

5.5. Equity, Legitimacy, and Safeguards in Op-
erational Deployment

The implementation pathways will have to deal with
the fact that the products based on the EO have the potential
to affect the way the resources are distributed, the acts of en-
forcement, and the visibility of the communities 7). Equity
concerns are generated on both grounds of inequitable access
as well as inequitable performance. When the monitoring
products are less precise in areas of persistent cloud cover,
complex topography, or limited training information, the fac-
tual foundation of decisions can be more vulnerable where
the susceptibility is large. To deal with this, we should have
explicit geographic performance audits, transparent reports
on uncertainties, and make investments in reference data
gathering in underrepresented areas.

The level of legitimacy is determined by how the stake-
holders view the EO products as being fair, transparent, and
consistent with rights and local priorities. Legitimacy can be
enhanced by co-design processes, participatory validation,
as well as the provision of clear communication about lim-
itations, yet they are under-invested in in comparison with
model development. Where there is a high stake, like land
governance, settlement monitoring, or compliance screening,
safeguards become necessary. Some of the protective mea-
sures may involve the use of conservative decision thresh-
olds, human-in-the-loop checks, sensitive products access
controls, and grievance functions that enable the victims to
challenge and rectify mistakes. Notably, protective measures
should be context-related: what will be suitable in terms
of transparency in the environmental context might not be
suitable when it comes to conflict, displacement, or discrim-
ination settings 7>,

Lastly, the implementation should be done in light of
the sustainability of the monitoring systems themselves. Op-
eration services only need a constant flow of funds, pipeline
maintenance when sensors are replaced, and model drift
management strategies. Scrutiny with regard to compute and

carbon footprints is also brought to them, encouraging the
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use of both efficient inference and reusable representations
as well as lifecycle management strategies that eliminate un-
needed retraining and redundant processing. In sustainable
development, where the long-term perspective counts, the
capability to sustain and develop EO services is equivalent
to the first application (4],

In general, implementation pathways worldwide in-
dicate that technical excellence and institutional fit, trans-
parency, and equity-conscious governance are the most ef-
fective EO systems. The following part summarizes long-
standing issues and cross-cutting priorities that limit these
avenues, including generalization, scaling up and down, tem-
porality, limitations in governance, and practical needs to

maintain services based on EO in the long term.

6. Persistent Challenges and Re-
search & Practice Priorities

Even though remote sensing big data are rapidly matur-
ing, and the list of sustainability applications grows wider,
there are several enduring issues regarding the reliability,
comparability, and equitable impact!’%l. The challenges tran-
scend across all sensors, model families, and application do-
mains. They mirror structural attributes of the Earth system,
the socio-political situations of data gathering and utiliza-
tion, and the functionalities of the decision-making proce-
dures in the condition of uncertainty. Tackling them involves
concerted efforts in analytics, validation infrastructure, gov-
ernance, and institutional practice. This part summarizes
cross-cutting issues and priorities that determine whether
EO-based sustainability intelligence can be scaled responsi-
bly and sustainably.

6.1. Generalization under Geographic and
Temporal Domain Shift

The most common weakness of EO analytics is that
most models tend to work well under the conditions and
times of year of their training data and poorly under other re-
gions, seasons, or sensors!’”). The emergence of this domain
evolution is due to various sources. The physical conditions
are of various types, such as vegetation structure, regimes
of soil moisture, atmospheric composition, and geometry of
illumination. There are also variations in human systems,

such as land management systems, planting schedules, con-

struction materials, and infrastructure designs. Consequently,
a model that characterizes the cropland versus grassland in a
single setting will be classified as a deforestation detector in
a different biome; a disturbance detector that is fine-tuned
to a particular disturbance regime will detect none of the
degradation patterns in a different biome.

The situation is aggravated by temporal non-stationarity
in terms of sustainability. Temperature shift has effects on the
hazard regimes and phenology; urbanization causes changes
in surface properties and policy intervention can cause an
alteration in land use patterns, due to which historical rela-
tionships may not hold 8], The other cause of shift is sensor
continuity; discontinuities may arise when there is a change
in calibration, acquisition plans, or changes in missions. The
practical priority is thus not necessarily how to work with
average accuracy but how to create systems that are resistant
to transfer and change. These involve explicit geographical
and yearly stress tests, close planning in implementing spa-
tial and temporal divisions in operations to prevent leakage,
and systematized performance drift monitoring in working
find application. The field is increasingly gravitating to-
wards transfer-oriented models and representations, though
sustainability is that transferability is established in realistic
policy-relevant situations and not deduced at convenience
benchmarks.

6.2. Reference Data Scarcity and the Validation
Bottleneck

Validation is one of the most restricting aspects of
the transformation of EO products into decision-grade evi-
dence!™. Sustainability indicators that have to be ground-
traced are expensive to gather, unevenly distributed, or po-
litically sensitive. In situ networks do not exist densely in
most areas and especially in LMICs, as well as in remote,
conflict-prone, or environmentally hostile locations. In the
event of reference data, it might not match with satellite data
on time, and it might be gathered with different protocols,
or it might represent administrative classes that cannot be
easily mapped to those provided by EO. In application to the
proxies, i.e., poverty mapping, yield estimation, or disease
risk, validation is also complicated by the fact that the results
are multi-causal and may not be directly observable at the
same spatial resolutions.

The priority issue is to develop credible and scalable
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validation strategies. It involves an investment in reference
data infrastructure, such as long-term field locations, coordi-
nated campaigns of sampling, and collaboration with local
institutions that are likely to maintain data gathering. It also
necessitates an innovation in methodology of performing
validation, including: the use of multi-resolution reference
imagery, an uncertainty-conscious evaluation that captures
label noise, and directly quantifying the effect of sampling
biases on reported performance. An operation-based set-
ting also needs continuous validation instead of a one-time
basis, since erosion of reliability with time may occur due
to model drift and a changing environment. The most im-
portant practice priority is thus that of lifecycle validation:
routines on regular audits, specific field checks in areas of
high uncertainty, and systems to revise models and products
as performance drops3°.

6.3. Semantic Comparability and the Indicator-

Definition Problem

Comparability is the key to sustainable development,
but inconsistent semantics often work against comparabil-
ity. Numerous popular EO products use definitions that are
project, region, or time variant (that is, what is counted as
forest, degradation, urban, or water). These characterizations
can vary in terms of canopy thresholds, land-use interpre-
tation, land-cover interpretation, disturbance according to
these definitions, or in compatibility with durable traits[®!1,
Any small differences in defining may result in significant
differences in estimated regions or trends, particularly in the
heterogeneous landscapes and the transitional areas when
EO products are utilized in reporting and accountability.

One of the problems of the indicator definition is a
technical one, yet it is also an institutional one. The cate-
gories used in policy frameworks can be those that cannot
be easily observed, whereas scientific products can opti-
mize on the basis of global consistency at the cost of local
policy relevance. One of the main priorities is to come up
with indicator frameworks clearly distinguishing between di-
rectly measured quantities and inferred constructs, and giving
clear mappings between EO-based measures and reporting
categories. This can be assisted by hierarchical classifica-
tions and modular indicators, which allow the aggregation
of results into globally comparable metrics but leave local

specificity where it is required. It is also essential to have

documentation explaining assumptions and thresholds, to
ensure that, as the stakeholders understand the difference
between products, they should interpret them as defining and

not contradictory as facts 4821,

6.4. Uncertainty as a Decision Variable, Not a
Technical Footnote

The major issue with most sustainability implementa-
tions is not about whether a model generates an estimate or
not, but whether it can be used by decision-makers in a re-
sponsible way. This is based on uncertainty communication,
which has been aligned with decision thresholds and risk
tolerance. Indicatively, enforcement and compliance situ-
ations may require conservative inference to prevent false
accusations, whereas an early warning system may favour
high false alarm rates when the cost of missing an occurrence
is high. Urban heat interventions demand not just an appre-
ciation of where surface temperatures are elevated, but have
regard for the level of uncertainty of exposure estimations,
in contrast to neighborhoods with different land cover and
observational circumstances. Climate-finance MRV needs
to have uncertainty propagated into reported benefits so as
to be credible[8],

One common issue is that uncertainty is regularly doc-
umented in ways that cannot be acted on, e.g., in generic
confidence scores that are inadequately calibrated across ge-
ographies!®]. The other issue is that a significant number
of EO pipelines mix measurement uncertainty with model
uncertainty and fail to give a clear separation of sources of
error. Developing calibrated uncertainty estimates that are
useful under domain shift, providing uncertainty in the same
spatial and temporal scales as decisions, and the use of prod-
uct standards where uncertainty and limitations are the key
outputs are among the priorities. Practically, it also means
the creation of conventions of stakeholder-facing commu-
nication that put probabilistic information into risk-based
categories and elucidate what ought to be done in varying

confidence levels.

6.5. Fairness, Representativeness, and the Risk
of Inequitable Evidence

There are cases where EO-based sustainability systems

will be able to reproduce or magnify inequities as the perfor-
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mance is systematically related to geography, wealth, gover-
nance capacity, or environmental conditions 3!, Areas that
experience continuous cloud cover, complicated topography,
or low density of training information tend to experience
greater uncertainty, and these areas are often those that are
highly vulnerable and poorly equipped institutions. Equally,
less economically advantaged communities might be un-
derrepresented in reference data, resulting in worse model
results in the areas with the greatest need for evidence to
effectively allocate resources to them. These performance
differences may be physically felt when EO products influ-
ence funding, enforcement, or the provision of services.
The most important issue is to consider fairness and
representativeness as quantifiable attributes of EO products.
This comprises stratified assessment between environmental
zones and socioeconomic backgrounds, clear reporting of
performance and uncertainty maps, and a specific investment
in underrepresented zones in order to collect data and adjust
the model. It also demands governance practices aimed at
ensuring that uncertain products are not used by arrogant
people confronting high-stakes situations. Conscientious
deployment can involve human-in-the-loop inspection, cau-
tious thresholds where it is hazardous, and community cor-
rection and correction of all mistakes. Equity cannot be a
secondary aspect of accuracy in sustainable development; it

is a condition of legitimacy (4.

6.6. Governance, Privacy, and Dual-Use Risks

The higher the resolution of the imagery and the stronger
the analytics, the more the governmental risks become appar-
ent!®. Although EO does not single out individuals, models
can determine sensitive trends of communities, livelihoods, or
movements. Surveillance of informal settlements, extractive
activity, or farming can facilitate the delivery of services and
environmental protection, yet it may also facilitate the en-
forcement of rules and regulations coercively, discriminately,
or cause the escalation of conflict. Viewed as a weakness, the
same products that enhance transparency can make people
more susceptible when such products are disclosed without
protective measures in sensitive environments.

To mitigate such risks, governance frameworks are
needed that are context-specific and not generic statements
of ethics. Greater levels of exposure can be minimized by
access checks, differentiated dissemination policies, and in-

tentional ageing. The issue of data licensing and terms of use
also plays a role, especially in cases where commercial data
is concerned and in cases where the derived products can be
redistributed??1. One of the priorities set by the practice is
to design products with risk assessment, consultation with
stakeholders, and clear thinking about scenarios of misuse.
Besides this, accountability mechanisms when dealing with
disputes and remedies to harm, i.e., audit logs, governance
boards, grievance processes, should be defined as part of
the operational systems. All these aspects of governance are
becoming imperative as EO is internalized in finance-based

verification and regulation decision-making.

6.7. Sustainability of Analytics: Operational
Maintenance and Environmental Foot-
print

The system of operational sustainability has to be sus-
tained over a period of years, and currently, most EO ana-
lytics projects are structured as short-term projects!’!l. The
cost of keeping up with services involves the management
of sensor transitions, changing algorithms, changes in data
format, and computing dependencies. This necessitates the
need to recalibrate models occasionally due to model drift
and variable baselines, whereas recalibration may be dis-
astrous to comparability unless done meticulously. Thus,
continuous service maintenance requires a versioning prac-
tice, consistent product definition, and change management
that balances between improvement and continuity.

A sustainability review of EO analytics should also
focus on its environmental footprint. Incremental global
inference and training on large-scale problems can be com-
putationally intensive, and energy consumption can be non-
trivial, especially when foundation models increase in scale.
Using an efficient strategy to avoid advanced analytics is
not a priority, but should be implemented, including reusing
pretrained representations, retraining on observable drift,
inference-time model compression, and updating frequency,
which must be based on the requirements of the decision
and not a convenient, technical choice. These cross-cutting
issues may be translated into operational expectations, and
so Table 4 presents the minimum-to-best-practice checklist
on provenance, semantic stability, validation, uncertainty,
managing drift, equity auditing, governance safeguard, and
service maintenance. To enhance the credibility of EO analyt-
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ics in sustainable development, one can provide the compute

and energy considerations transparently and create systems

proportion of resource utilization

that meet the operational objectives with the appropriate

[14,46]

Table 4. Implementation and trustworthiness checklist for operational EO sustainability products.

Dimension

Minimum Practice
(Deployable)

Preferred Practice
(Best-in-Class)

Evidence to Report

Risk If Omitted

Provenance &
Reproducibility

Semantic Stability

Validation Design

Uncertainty Reporting

Domain Shift & Drift

Equity &
Representativeness

Governance &
Safeguards

Operational
Sustainability

Document sensors,
dates, preprocessing

Declare
class/indicator
definitions
Independent holdout
regions/years

Pixel/region
confidence estimates

Periodic performance
checks

Report performance
by biome/region

Define intended use
and limits

Defined update
cadence

Versioned pipelines; public
configs where possible

Hierarchical definitions +
crosswalks to policy categories

Stratified + event-based + field
verification loops

Calibrated intervals +
uncertainty maps +
decomposition

Automated drift detection +
scheduled recalibration

Report by vulnerability strata;
targeted data investment

Tiered access;
human-in-the-loop; grievance
process

Lifecycle maintenance plan
and continuity strategy

Data lineage;
code/pipeline version;
parameters

Thresholds; category
mapping; change logs
Split protocol; sampling
design; label uncertainty

Calibration metrics;
uncertainty layers

Drift indicators;
revalidation schedule

Stratified metrics; “data
desert” map

Risk assessment; access
policy; escalation pathway

Service SLA; update
frequency; sensor
transition plan

Results can’t be audited or

compared

Apparent trends may be
definitional artifacts

Overstated performance;
fragile transfer

Misuse in high-stakes
decisions

Silent degradation over
time

Systematically worse
evidence for vulnerable
areas

Privacy harm, dual-use,

contested legitimacy

System fails to persist
beyond pilots

Combined with these ongoing issues, it becomes clear
that advances in remote sensing big data to support sustain-
able development are limited as much by validation, seman-
tics, governance, and maintenance as by the capability of

the algorithm 361,

These implications have practical ram-
ifications: the most valuable research directions are ones
enhancing transferability, calibration of uncertainty, develop-
ing scalable validation and audit infrastructure, including a
definition of indicators to make applications comparable, and
manufacturing equity and protective measures into deploy-
ment channels. These priorities introduce the final synthesis,
which is the condensation of the ways new analytics and
pathways of application can be aligned with the global im-
plementation requirements to make rapid progress toward

sustainable development objectives.

7. Conclusions

Remote sensing big data has evolved into an interna-
tional system of measurement of sustainable development,
with a degree of both spatial coverage and temporal conti-
nuity, as well as being a multi-modal system of observation
that has never been equaled by most traditional systems of
monitoring. In climate risk, food and water security, urban

sustainability and ecosystem integrity, energy transitions and
exposure situations regarding health-related pathways, EO
archives currently enable ex-post and ex-ante situational in-
sights. The main idea of this review is that the usefulness of
EO big data is no longer determined by how well we can cre-
ate maps; it is determined by whether we can create evidence
that is useful in decision-making, which is comparable across
places and time, well-formed when subject to change, and
acceptable by the institutions and communities that utilize it.

New analytics are making possible what was previously
possible, but their value should be perceived as a collection
of enablement features, rather than an algorithm catalogue.
Representation learning and foundation models eliminate the
reliance on limited labels and can enhance transfer between
regions and sensors, which is required to scale between pilots
and national and global services. Multi-sensor and multi-
modal fusion: this increases the observability when in re-
alistic scenarios that include constant clouds, revisit, and
the aspect of relating locations on the ground to human con-
sequences. Spatiotemporal intelligence promotes the shift
towards non-stationary climatic and development processes
to emphasize the mapping of trajectories, anomalies, and
early warning to better suit the EO products to the realities.

The emphasis on uncertainty quantification, robustness, and
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interpretability increases the strength of physics-aware and
hybrid approaches by limiting inference using knowledge
of processes, and the continued increase in the significance
of EO evidence under high-stakes governance conditions
is manifested. All these abilities shift the discipline to the
more portable, timelier, and more responsible sustainability
intelligence.

Meanwhile, it is pointed out in the context of this review
that the constraints of impact are becoming more structural
and institutional. Validation has continued to be a bottleneck,
particularly when ground truth is scarce, expensive, or sen-
sitive to sample, and when there is numerous sustainability
goals based on proxies and not on observables directly. The
use of EO products in accountability and finance is usually
dictated by semantic comparability, which is the consistency
of the definitions of indicators and their correspondence with
reporting frameworks. Domain shift and model drift put
the credibility of the systems at risk when they are used
over years and when they are applied in different environ-
ments/socio-political contexts. The equity issues remain
when there is uncertainty and geographical and vulnerability-
based systematic performance differences, and governance
issues are aggravated with high-resolution monitoring and
state-of-the-art inference, increasing privacy and dual-use
concerns. Last but not least: to maintain the EO services,
lifecycle thinking is needed: pipeline maintenance, product
versioning, trade-off between improvements and continuity,
and the acknowledgement of the fact that big data analyt-
ics also have an environmental footprint, which must be
addressed openly.

The insights-action pathway must thus be designed
consciously to combine both technical, institutional and ethi-
cal factors. Effective implementation requires operational
architectures to support repeatable monitoring, products to
monitor at tiers of low latency to provide early warning and
response, and audit products suitable for MRV and account-
ability. It relies on standards and documentation that ensure
that assumptions and uncertainties are visible, such that prod-
ucts can be understood throughout the agencies and across
time. It relies on alliances and capacity building that de-
centralize analytic power and infrastructure of validation
across the world, as opposed to having it vested in a few
well-capitalized players. And it relies on safeguards, the
practice of human-in-the-loop, trying to maintain low stakes

in high-stakes situations, restricting access to sensitive out-
put, and a grievance process, such that EO evidence does
not enhance sustainable development by harming more, but
enhances it without harming more.

In this perspective, a convergence of three agendas
is going to drive the progress. The former are scientific:
enhancing transferability to new domains, calibrating un-
certainty in a manner that can be useful in all contexts, and
creating hybrid inference that is correct and verifiable. The
second is infrastructural: investing in scalable reference data
and validation networks, cloud-native and interoperable data
stewardship, and an architecture of service, which can be run
reliably over the years. The third one is governance-based:
normative of semantic definitions, transparency, equity audit-
ing, accountable release, and utilization of high-resolution,
high-impact products. The promotion of all three agendas
will be necessary to ensure that the EO big data becomes a
public good that will help spur the development.

Overall, the evidence base of sustainable development
is being transformed by remote sensing big data, which is
transforming the change into a visible, comparative, and
actionable state. The opportunity of the next decade is to
match the emerging analytics with implementation routes
that put emphasis on strong, transparent, and fair, so that
EO-generated intelligence not only reports on sustainability
issues, but actually enhances the way societies predict risks,

direct interventions, and confirm results on a large scale.
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