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ABSTRACT

Indeed, a range of systems in the environment requires timely, spatially explicit, and credible information to support
its environmental decision-making, but no one observing system can give the complete and reliable measures of the Earth
system across scales. This review summarizes how the realization of the Compute the Planet is underway in the form of
machine learning, remote sensing, and sensor data fusion to generate decision-ready environmental insights. We use the
application-first approach, which considers remote sensing, in situ and Internet of Things (IoT) sensing, and physics-based
models as complementary streams of evidence with similar strengths and failures. We look critically at how an integrated
system can convert heterogeneous observations to action products across three high impact application areas: atmosphere
and air quality, water—land—ecosystem dynamics, and hazards. Rapid-response situational awareness, ecosystem condition
metrics, drought and flood indicators, exposure maps, and hazard/extreme indicators are key products. The integrated
systems to environment interface in three high impact application areas: atmosphere and air quality, water-land-ecosystem
dynamics, and hazard Examine Our operational requirements can often determine real-life value such as latency, time
stability, smooth degradation in the presence of missing or degraded inputs, and calibrated uncertainty usable in threshold-
based decisions. These pitfalls are common across fields: mismatch in the scale between a point sensor and a gridded
product, objectives on proxies in remotely sensed measurements, domain shift in the extremes and changing baselines, and
evaluation aspects, which overestimate generalization because of spatiotemporal autocorrelation. Based on these lessons,

we present cross-domain proposals for strong validation, uncertainty quantification, provenance, and versioning, as well as
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fair performance evaluation. We conclude that the next era of environmental intelligence will see a reduction in average

accuracy improvement and an increase in terms of robustness, transparency, and operational responsibility, thus allowing

the integrated environmental intelligence system to be deployed, which may be relied on to monitor human health, resource

allocation, and survival in a more climate-adapted world.

Keywords: Machine Learning; Remote Sensing; Sensor Data Fusion; Environmental Monitoring; Uncertainty Quantification

1. Introduction

Environmental change has ceased to be a far-off in-
dicator occurring only on long-term averages, and it is be-
coming more and more a matter of personal experience as
compounding shocks, heatwaves which lengthen wildfire
seasons, floods which follow drought-hardened soils, and
episodes of air pollution that are more and more a product of
local emissions along with transboundary transport!'l. The
control of these risks requires some environmental informa-
tion that is comprehensive yet detailed in the locality and
timely in making decisions. But the system of the Earth is
not easy to observe. Most of the most important climate
adaptation and sustainable management variables, such as
particulate exposure, root-zone soil water, or feel of ecosys-
tem stress, inundation under cloud cover, or heat risk of the
neighborhoods, cannot be measured in all places and at all
times directly in just one instrument[?!. Instead, they are cre-
ated out of a mosaic of incomplete measurements, one that
is restricted by physics and sampling, cost, and operational
realities.

And this is where Computing the Planet fits: the notion
that insights into the environment are becoming more and
more a product of the combination of heterogeneous obser-
vations and models of machine learning and data fusion, and
no longer of any particular sensing technology alone). In
the past ten years, there have been three trends that have con-
verged. To begin with, there has been an increase in Earth
observation (EO) activities in the public and commercial
sectors, which has resulted in growing catalogs of multispec-
tral images, radar, thermal, atmospheric trace gas recoveries,
and near-real-time products with decreasing revisit times.
Second, in situ sensing has also come to be more diverse in
its use, and is not limited to traditional regulatory stations
and research networks, encompassing low-cost air quality

sensors, connected weather stations, hydrometric gauges,

soil probes, buoys, flux towers, and citizen science measure-
ments. Third, machine learning has come out to be more of
a toolkit of predictive tools to a more comprehensive repre-
sentation learning, multimodal integration, spatiotemporal
prediction, uncertainty estimation, and scaled deployment.
These developments combined have offered a viable oppor-
tunity, namely to study the planet as a unified computational
problem where remote sensing offers coverage, ground and
IoT sensors offer local fidelity, and models offer physical
coherence and counterfactual structure, where ML fills in
missing gaps, corrects biases, and converts streams of ob-
servations into decision-ready products . Figure 1 summa-
rizes the planetary viewpoint of the computing framework
embraced in this review, where the evidence that senses each
other are combined to generate decision-ready environmental
products, clearly exposing uncertainty and provenance.
Nevertheless, the potential of built-in environmental
intelligence has not yet necessarily been converted into a
credible vision. The information streams possess unique
strong and weak points. Vast areas can be imaged with satel-
lite imagery consistently, but it can be obscured by clouds,
limited by how frequently the satellite revisits an area, and be
misconstrued by complicated conditions of the surface and re-
trieval assumptions[®]. Radar is able to penetrate through the
clouds, and it may not be easy to interpret through vegetation
and different soil conditions. In situ networks quantify quan-
tities frequently inaccessible to satellites, near-surface con-
centrations, vertical structure, or subsurface environments,
but which are selected sparsely, unevenly, and often prefer-
entially in those locations accessible or rich. Cheap sensors
are enhanced, but they come at the cost of drift, calibration,
and variation of data quality. Physical models and reanalysis
products provide fields all over the world with physical con-
sistency, totally over time; but like parameterizations, coarse
resolution, and imperfect initiation, uncertainties in physical

models have systematic and decision-forcing errors at the
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extremes. The main difficulty is not just the larger data scale,

but the ability to integrate data with alternative error formats,

solutions, and latencies, and representativeness in a unified

estimate of the environmental state and hazard[®!.
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Figure 1. Computing the planet’s conceptual framework.

The necessity of integration is the sharpest in the
spheres where precision and speed are required in decisions.
Neighborhood-level air quality estimates with uncertainty
limits are needed by the agencies of health, especially in peri-
ods of wildfire smoke, when exposure may be characterized
by a sharp distance or time constraint. The water managers
should be in a position to get a warning of the beginning of
drought, snowpack deviations, and evapotranspiration trends,
preferably at a basin-wide scale with locally implementable
detail. Under operational constraints (lost data, broken com-
munications, rarely seen events), emergency responders and
utilities require quick mapping of flood extent, or burn sever-
ity and heat stress conditions that should not be modeled
based on a theoretically based average-case. Conservation
professionals require sound tools to monitor changes in habi-
tat state and seasonal changes, as well as observe subtle
location information and administrative limitations. In all
these applications, environmental acumen is now evaluated
not ontologically, in terms of scientific accuracy, after all,
but in terms of decision-making aptitude: latency, reliabil-
ity, interpretability, endurance over time, and transparent
uncertainty 7],

This review takes an application-first approach. You
can start with the list of questions that practitioners can ask
and the limits that they have to achieve, rather than compil-
ing an exhaustive list of algorithms. The series of practical

steps tends to be the opposite of a methodology-oriented

account: variables of interest are given by decisions; vari-
ables are given by what can be observed; we see what can be
observed but not gaps, thus combining strategies that can be
used to fill in the gaps. It is because of this reason that the
center of the article is structured around areas in which inte-
grated sensing has taken a center stage: (i) atmosphere and
air quality, (ii) water, land, and ecosystems, and (iii) hazards,
extremes, and rapid response. In each field, we integrate
the way remote sensing, in situ sensing, and model-based
products are most commonly integrated, what decision-ready
products can be anticipated, and where integration fails most
frequently. We stress those patterns that are present across do-
mains, coverage-versus-fidelity trade-offs, scale mismatch,
the persistence of domain shift, and the difficulty of vali-
dating products in the case of incomplete or biased ground
truth.

There are two clarifications to make. To begin with, by
integration we mean a wide set of practices, such as bias cor-
rection, gap filling, downscaling, calibration transfer, cross-
sensor harmonization, and joint inference, but we do not
consider any single technical method to be the best. Integra-
tion may be as straightforward as making low-cost sensors
waveform resonant to some sound regulatory network, or as
narrow as integrating radar, optical imagery, and states of
hydrologic models into the estimation of inundation under
cloud cover®l. The important thing is that the integrated

product is more helpful than its components to a properly
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defined decision task, and the limitation of the product is
clear. Second, the current review is not attempting to give
a separate methodology tutorial. Already, the literature cov-
ering ML architectures, data assimilation variants, or fusion
algorithms is quite extensive and fast developing. Rather,
we tend to concentrate on the application logic that is used to
decide on the integration choices that are defensible, the suc-
cess measurement, and what constitutes good practice when
products are operated beyond the training region, season, or
sensor environment.

One of the common barriers in the literature is that
the enhancements of the literature are not necessarily ap-
plicable to operational reliability. Environmental data are
highly autocorrelated both spatially and over time, which can
bloat performance when performance splits into train and
test samples that contain correlated datal®). Labels are either
infrequent, noisy, or indirect (e.g., the state of air quality
based on monitors that are unevenly distributed). Shaun’s
events take up risk but are not represented in the training
information. Idly motion sensors at the sensor stage. It is in
perspective that sensors do not stay the same: new satellites
come out, new algorithms are used to retrieve or store things,
ground networks get larger or older. This is called a distribu-
tion shift, silently decaying the model performance. More-
over, integrated products need to be frequently calibrated
(i.e., uncertainty estimates should correspond to observed
error rates), robust (i.e., behave sensibly in the presence of
missing or degraded inputs), and auditable (i.e., stakeholders
should be able to know what a product is, and what it is
not). These necessities drive the discipline in the direction
of a non-optimism of the highest average result, more to-
wards an operational mental state, that is, a performance in
extremes, stability in geographies, and openness in matters
of uncertainty and failure states['%].

The question that is not necessarily technical is also
brought into play by the phrase Computing the Planet. Scal-
ability Unified data streams put ethics and governance on
the frontline. Inequality is reflected in sensor networks; lack
of coverage in some areas may prejudice environmental in-
telligence systems. Certain environmental data are sensitive,
such as the whereabouts of endangered species, native ter-
ritories, or important infrastructure vulnerability, and this
type of information must be well-managed and restricted by
access control '), Overconfident outputs may cause harm

to the decision systems, particularly when they are applied
to resource allocation, enforcement, or responding to an
emergency. With more competent integrated systems, re-
sponsible practice should not just be stronger models, nor
should responsible practice stay silent: provenance of data,
model versioning, description of intended use, and a way
to challenge or upgrade products in encountering different
conditions.

Although there is a significant literature review of ma-
chine learning techniques in remote sensing, sensor fusion
models, and digital Earth or digital twin systems, these sur-
veys are subject to organization based on algorithms, model
architectures, or computational processes. Consequently,
they are more likely to stress methodological innovation and
relatively less importance on the operational settings that in-
tegrated environmental intelligence systems eventually have
to operate['?!. This review uses a complementary approach
and uses an application-first and failure-mode-conscious ap-
proach to frame machine learning and data fusion. Instead
of listing algorithms, the discussion is organized by the de-
cision questions in the key areas of the environment, such
as air quality, water and ecosystem monitoring, and hazard
response, and the real-world limitations that are associated
with integrating heterogeneous observations into operational
products. Special consideration is made of questions like
spatial and time scale incompatibilities, expression of un-
certainty, performance with missing or corrupting observa-
tions, and graceful performance during extraordinary events.
This review is intended to address the gap between method-
ological research and the use of operational environmental
intelligence by concentrating on the design, validation, and
utilization of the integrated systems in real-world monitoring
and decision work processes. Therefore, the target audience
will also include environmental product developers, practi-
tioners with operational agencies, and managers or funding
organizations who need a systematic outlook of how to con-
struct trustworthy, decision-ready systems and not merely
more accurate predictor models!'3131,

These motivations make this review add a systematic
synthesis with targeted researchers and practitioners who con-
struct or consume integrated environmental products. Sec-
tion 2 elaborates on the creation of a single perspective of
streams of evidence of the environment and the contribution

each makes to decision-making. Parts 3—5 discuss 3 high-
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impact application areas: air quality, water/land/ecosystems,
and hazards/extremes—including integration patterns, op-
eration requirements, and failure modes in each. Section 6
closes it by relating by giving cross-domain values and also
giving an overarching agenda on reliability, uncertainty, and
real-time integrated sensing. The common denominator is
straightforward, though: environmental understanding more
and more relies on the extent of our combination of perfect
observations, rather than on the capacities of a particular

sensor[16:17

1. Tt is the next generation of systems—more and
more data-rich, coherent, transparent, and decision-ready—
that will compute the planet in ways that can be relied upon

when it matters the most.

2. A Unified View of Environmental
Evidence

Environmental understanding is seldom the result of
one instrument or information. It can better be defined as
an inferential product built up out of a variety of imperfect
perspectives on the Earth system that vary in their measure-
ments, their sampling of space and time, and the way their
errors work['®!. Practically, modern environmental intelli-
gence is constructed on three interacting streams of evidence:
one remote sensing, one in situ sensing, and one physics-
based models (with reanalysis and operational predictions).
Both streams offer a specific type of information, including
coverage, fidelity, and physical coherence, respectively, and
both streams present typical blind spots. A single perspective
does not consider these streams as rival sources of the so-
called truth, but offers them as complementary restrictions
on the latent environmental states and processes. The present
framing explains why integration is both a necessity and a
basis: the process through which observational incomplete-
ness, scale incompatibility, and uncertainty are converted

into estimates useful in connection to a decision.

2.1. Remote Sensing as a Backbone for Cover-
age and Consistency

Remote sensing provides a wide, recurring, and stan-
dardized observation layer for planetary monitoring['°). The
systematic spatial coverage of satellite and airborne sensors
has political boundaries and decades-long coverage, allow-

ing comparative analysis, trend detection, and consistent

mapping at scales that the in situ networks could not possibly
match. In most environmental variables, remote sensing is
the only viable way to monitor patterns of large areas, e.g.,
land cover change, surface temperature gradients, vegetation
phenology, snow extent, coastal turbidity, or atmospheric
column properties. It is also important with respect to its
temporal continuity: lengthy archives will allow building
of baselines and anomaly detection, which are necessary to
detect the departure of the normal conditions in a changing
climate %],

Nevertheless, the power of remote sensing cannot be
separated from its limitations. Numerous satellite products
are not direct measurements of the variable of interest but
retrievals based on the radiances or backscatter signals. As-
sumptions can be stored in the retrieval process concerning
surface properties, atmospheric conditions, or sensor geome-
try and can collapse under the very conditions most decision-
relevant, e.g., heavy smoke, complicated urban surfaces, high
aerosol loads, heterogeneous vegetation canopies, or snow-
forest mixtures. Sampling and occlusion are also limitations
to remote sensing. The optical sensors are constrained by
cloud cover and brightness, the frequency of revisit might
not be adequate to rapidly changing hazards, and even when
the frequency of the data is high, the spatial resolution might
be too coarse to make decisions at the neighborhood scale.
The value of remote sensing has not been diminished by
these limitations; instead, the limitations form the guidelines
within which remote sensing will be used together with other
streams of evidence to generate reliable information that can
be used locally to take action[?!.

2.2. In Situ and IoT Sensing as a Source of Fi-
delity and Process Context

In situ observations give the most immediate measure-
ments of the conditions of the environment in which they are
located; they are often highly time resolved, and their mea-
surement definitions closely conform to regulatory or scien-

(221, T ocal truth anchors can be obtained with

tific standards
ground-based air quality observations, weather stations, hy-
drometric, ocean buoys, eddy covariance towers, soil probes,
and those in the ecological field to validate remotely sensed
products, offer additional calibration, and support context.
They are also required where only proxies are offered by

satellites. Pollutant concentrations in the near-surface, sub-
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surface moisture movements, precipitation response, stream-
flow, and local microclimate effects are hard to infer; only
space and in situ networks provide the required reference.

Recent developments in low-cost and connected sen-
sors have increased the density of the observations and de-
creased response time, pushing environmental monitoring
toward more concentrated and community-scale applications.
But there is a price, as this growth brings new complications.
Compromised comparability of time and space. Low-cost
devices may drift, have cross-sensitivity, or vary between de-
vices, without applying extreme calibration and quality control.
Hybrid networks are costly and may have uneven distributions,
even those of good quality, especially when available in situ.
Consequently, in situ data can prove to be not representative
of the larger landscape, and over-sample some land use and so-
cioeconomic environments and under-sample others. It poses
a minor but significant limitation: in situ data are invaluable
in supporting and correcting larger-scale products, but they
should be viewed as samples with their own biases, rather
than being a homogenously distributed truth (23],

In situ sensing provides process context in addition to
fidelity to measurement. A lot of in situ observations have an-
cillary metadata, local knowledge, and site characterization,
which can describe why a signal changes and whether it is
significant or not!>*l. This context is of special significance
to the process of separating sensor artifacts and vulnerability
to environmental processes and the perception of localized
drivers like topography, land management, or built environ-
ment impacts. In situ networks are thus used as reference
points for measurements as well as interpretive scaffolding
for translating integrated data streams into plausible environ-

mental discourse.

2.3. Models and Reanalysis as Providers of
Physical Coherence and Counterfactual
Structure

Physics-based models and reanalysis products take a
different place: they provide estimates with global com-
pleteness, physically consistent representations of processes
that bring together variables using conservation laws of pro-
cesses. Reanalyses combine observations and numerical
models to generate temporally continuous meteorological
fields and associated variables, and operational forecasts
extend these fields into the near future?). Hydrologic, land-

surface, ocean, and ecosystem models also give coherent de-
scriptions of states that can be sparsely monitored, e.g., soil
moisture distributions, evapotranspiration quantities, snow-
pack dynamics, or ocean circulation quantities >l
Coherence is the most important input of models. They
implement interactions of variables—between precipitation,
temperature, radiation, and winds to evapotranspiration,
runoff, transport by the atmosphere, such that approxima-
tions are not just interpolations but dynamically good states.
Such coherence makes it possible to achieve capabilities inac-
cessible to pure observation, namely forecasting, exploration
of scenarios, and counterfactual reasoning. Practically, much
of the environmental decision process uses a model format,
either consciously or unconsciously, since the planning pro-
cess has to demand projections of conditions that do not yet
exist or quantities that cannot be directly measured ],
Simultaneously, there are structural uncertainties in
models. The parameterizations can be distortions, spatial
resolution may not be bridged to local decisions, and their
initiation errors can chatter. Creating a model can ideally
smooth out extremes, can give an incorrect representation of
what happens locally, or may have systematic biases across
the regions and seasons?’]. They are not failures but fea-
tures that need to be considered when evidence streams of
models are used. A single point-of-view considers models,
however, not as substitutes for observation but as quanti-
fied a priori information that can be fixed and regulated by
remote-validation and supplementary data, though also with
dynamical consistency and predictive ability. Table 1 sum-
marizes the roles each stream plays in producing decision-

ready environmental intelligence.

2.4. Why Does Each Evidence Stream Fail
Alone

A single evidence point of view is strongest when one
takes into account the failures of each stream singly. Remote
sensing may be international but localized, particularly when
retrievals are confounded or when the variable of interest
cannot be easily viewed in space. Precise but geographically
sparse in situ sensing, geographically sparse in situ sensing is
the most accurate, but it is subject to the realities of network
placement and maintenance!?8]. These models are consistent
and complete but systematically biased, especially those at

the local levels, which are where decisions are made and
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where the limits and heterogeneity prevail.

These modes of failure interact with the nature of en-
vironmental phenomena. Most environmental hazards are
sharp and nonlinear. Air quality everywhere within a city
block can vary radically; topography to micro-topography
to drainage; wildfire behavior anywhere can vary quickly
with wind, fuel, water; ecological stress can be a compound
measure, and often operators interact in a compounding way.
In those environments, one stream of evidence may be cor-

rect on one front and wrong on another. A ground monitor

can detect a spike of pollution but miss the neighborhoods
around it; a model can forecast the general meteorological
pattern but not a local circulation or the terrain effect; optical
images can show us in the clearest ways where the burns
occurred, but overlook the active fire behavior because it is
covered in smoke; on the other hand a ground monitor (uti-
lized differently) will show a pollution spike but not all of the
neighborhoods surrounding it. For example, it will show us
where all the responders are located but fail to capture a local

circulation or the terrain influence on fire behavior[2939,

Table 1. Evidence streams and their complementary roles in environmental intelligence.

. What It Measures . RN Common Failure ‘What Integration
Evidence Stream Best Strengths Typical Limitations Modes Should Use It for
Occlusion Retrieval confounding

Remote sensing
(satellite/air-

Spatial patterns,
surface properties,
column signals,

Broad coverage,
consistency, long
archives, cross-border

(cloud/smoke), revisit
constraints, retrieval

(surface/atmosphere),
cloud gaps,

Provide coverage,
spatial context, trend
baselines, event

borne/UAV o assumptions, indirect eometry-driven bias .
) large-area change comparability mp ’ g Y > footprints
proxies scale mismatch
In situ & IoT . . Sparse and uneven S .
. . Near-surface High fidelity at p Sensor drift, siting Anchor/calibrate
sensing (stations, . . placement, . .
exposure, point-scale measurement point, . bias, outages during large-scale products,
gauges, probes, representativeness

buoys, low-cost

states, high-frequency
dynamics

continuous time series,
process context

bias, maintenance/cali-

extremes, inconsistent
protocols

validate, capture
micro-scale gradients

sensors) bration burden

Models & Physical coherence, fvrx)?lmlllgg;)gr::;si;s Provide dynamic

reanalysis (NWP, . . global completeness, Resolution limits, rong n > context, fill gaps,
Physically consistent o o Lo bias under specific .

hydrology, predictive capability, parameterization error, . support forecasting
fields and forecasts . . regimes (e.g., stable .

land-surface, counterfactual regime-dependent bias and scenario

boundary layer, .
ecosystem) structure reasoning

complex terrain)

This suggests that environmental intelligence cannot be
reduced to a question of the selection of the best dataset[3!1,
It is an exercise in how to reconcile the incomplete evidence
within some constrained view, which consists of various
streams written down to code different structures of errors.
Error sources in remote sensing can be connected to clouds,
surface types, or viewing geometry; error sources in sensor
networks can be connected to device type, maintenance prac-
tices, or siting; error sources in models can be connected to
regimes such as stable boundary layers, convective events,
or snow-covered surfaces. When managed explicitly by
seeking to exploit complementary strengths, then integration
succeeds.

2.5. From Measurements to Insight: What En-
vironmental Products Must Deliver

The concept of environmental insight is an outcome

concept: it refers to the information that modifies the deci-

sions made, the decision-making time, or the confidence with
which the decisions are made!). As a matter of fact, knowl-
edge assumes various forms. They contain spatial products,
e.g., exposure, inundation, vegetation condition, and land
cover change maps; temporal products, e.g., trends, seasonal
measures, and anomaly time series; and event-oriented prod-
ucts, e.g., alerts, nowcasts, and post-event evaluations. They
also have explanatory products that relate observed change to
drivers, either by attribution analysis or transport diagnostics,
or by relating to known physical processes.

An integrated perception of evidence underlines that
such products are not entirely descriptive. They have im-
plicit assertions regarding uncertainty, representativeness, as
well as validity in both space and time. A map is not only
a best estimate, but it is a statement of the locations where
that estimate is to be believed and of where it is extrapolated.
A trend is not merely a track across the points of data but
an assertion that the phenomenon that has been observed

is not merely a product of sensor improvements, recovery
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modifications, the migration of stations, or alterations in the
sampling procedural patterns 3. An alert is a detection, as
well as a policy-relevant decision threshold, the false-alarm
rate, and the missed-event rate of which are of concern. It is
for this reason that the shift from data to insight should be
considered relative to constraints on decision-making, i.e., la-
tency, stability in the face of missing inputs, seasonality, and
geography, as well as the capacity to represent uncertainty
in a manner useful to decision-makers.

The integration in making decision-grade products is
also explained by the unified evidence framing. Integration
is not a step to accuracy improvement but rather the process
whereby coverage, fidelity, and coherence are made to con-
form to the requirements of the application. It permits spatial
completeness in cases where there are dense observations,
temporal continuity in cases where sampling is sporadic,
and physical plausibility in cases where the only support
is the correlation[?3]. Above all, it enables environmental
products to be designed in line with the facts of decision
making: how to have timely updates, explicit caveats, and
how to perform under extremes. Having this homogenized
vision of evidence streams and their functions, the following
sections discuss the practical implementation of integrated
environmental intelligence in key areas of application, and
what distinguishes a scientifically impressive demonstration

from those that are operationally reliable.

3. Application Domain I: Atmosphere
and Air Quality

3.1. Decision Questions in Air Quality Monitor-
ing

One of the most developed areas of remote sensing,
in situ measurements, and computational modelling integra-
tion is air quality monitoring. The questions that influence
decision-making in this area are associated with the overall
protection of the population, the regulation of the situation,
and the response to emergency pollution incidents. The gov-
ernment will need estimates on the exposure to pollutants
that are spatially resolved to provide advisory, enforcement
of emission standards, and mitigation measures. The forma-
tion, transport, and elimination of atmospheric pollutants,
however, take place at various spatial and time scales so that

exposure may be difficult to measure directly 34,

Conventional regulatory monitoring networks give an
extremely accurate measurement of the pollutants of particu-
late matter (PM, s5), ozone (O3), and nitrogen dioxide (NO,),
but lack spatial coverage and tend to be biased towards cities
or areas of regulatory concern. Satellite remote sensing, on
the other hand, provides regional or global measurements of
the composition of the atmosphere, but generally the mea-
surements are column-integrated values or proxies, not the
values near the surface. The necessity to combine these dis-
parate sources thus emerges in coming up with continuous
air quality maps that are spatially exhaustive and locally
precise 33738,

The growing need for high-resolution exposure esti-
mates can be attributed to the growing awareness of the fact
that there is a high level of variability in air pollution across
neighborhoods as a result of local sources of emissions, the
form of urban structure, and weather (meteorological con-
ditions). Therefore, there is a growing use of integrated
environmental intelligence systems that can merge various
observations into coherent exposure estimates with definite
uncertainty [**). We use this structure in the review, linking
streams of evidence to decision-ready products (Table 2).

3.2. Targets and Observational Constraints

The major targets of the atmosphere about integrated
air quality monitoring are the following: particulate matter
(especially PM; 5), ozone, nitrogen dioxide, and aerosol op-
tical properties that follow smoke or dust events. All these
targets have different measurement issues.

Satellite observations often access aerosol optical depth
(AOD), which is the integration of the extinction of light by
airborne particles available column-wise. Though AOD is a
useful source of information about aerosol loading, it has to
be converted into surface-based PM; s concentrations, taking
into consideration the effects of vertical aerosol distribution,
atmospheric mixing, and humidity. Likewise, trace gas satel-
lite observations of NO, biomarkers can obtain column den-
sities as opposed to surface concentrations that are most sus-
ceptible to exposure. Ground-based surveillance networks
have direct concentrations of the surface but are low-density
in most areas. Even in countries where the station distance
is carefully controlled, the distance between stations can be
tens of kilometers apart, and this is not resolved. Recently,
low-cost sensor networks have also been extended to cover
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a greater range, but sensor networks also add new issues of
maintaining calibration stability, environmental sensitivity,
and data quality assurance 4],

Weather situations increase the exposure-observation

relation further. The concentrations of pollutants are affected

by the frontier layer height, wind arrangement, temperature
inversion, and atmospheric chemistry, among others. Con-
sequently, there is a need to combine measurements of at-
mospheric composition and meteorological data to produce

credible exposure estimates !,

Table 2. Domain overview: Decision questions, targets, evidence sources, and typical outputs.

Domain Primary Decision Core Targets Typical Integrated Operational Decision-Ready
(Section) Questions g Evidence Cadence (Typical) Outputs
Advisories, exposure Satellites + regulatory . Exposure surfaces,
Atmosphere & management, . Hourly—daily (events), plume nowcasts,
. . . . PM; 5, O3, NO, monitors + low-cost
air quality compliance tracking, . seasonal-annual exceedance
. . AOD/smoke proxies sensors + o
(Section 3) wildfire smoke . (trends) probability, trend
meteorology/reanalysis -
response indicators
Drought triggers, Soil moisture, ET, Optical/SAR/thermal + Daily—-weekly Drought indices, flood
Water, land & L. oS SWE/snowmelt, .o extent maps, ET
flood mitigation, . . gauges/wells/towers + (monitoring), seasonal
ecosystems S . inundation, . products, ecosystem
(Section 4) irrigation/reservoir turbidity/chlorophyll hydro/land/ecosystem (allocation), stress/phenolo
ops, habitat condition Y Py, models event-based (floods) b £y
phenology metrics
Early warning, Fire activity/severity, SAR/optical/thermal + . Alerts, threshold .
Hazards & o . . Minutes—hours exceedance risk, rapid
situational awareness,  extreme heat risk, gauges/stations + . .
extremes (response), daily damage mapping,

(Section 5)

resource deployment,
recovery tracking

flood extent, landslide
susceptibility

forecasts +
incident/human signals

(recovery)

operational

dashboards

3.3. Integrated Evidence in Practice

The operational air quality intelligence systems nor-
mally incorporate four types of evidence, namely, satellite ob-
servations, regulatory monitoring networks, dense low-cost
sensor arrays, and meteorological or chemical transportation
models. These are then fed into machine learning and data

Satellite proxies
AOD, Plume Indicators,

assimilation techniques to provide spatially continuous pol-
lutant estimates. Figure 2 shows a representative air quality
integration process in wildfire smoke events: probabilities of
satellites, ground monitoring, low-cost sensors, and meteoro-
logical background are combined with near-surface exposure

products and exceedance-risk products 4?1,

Exposure Surface

~~

| »  Neighborhood Scale

Trace Gas Patterns

Regulatory monitors -
PM 2.5, 04, NO,

= Harmonization
Ly  Co-registration, Timing,
L7 QA/QC, Bias Correction

\
\

N

A

Exceedance Risk / Reanalysis
P[PM2.5 > threshold]

Low-cost sensors /

Integrated Inference

Dense Coverage,
Requires QC/Calibration

P

Fusion + ML
Surface PM2.5 Estimation

N\

Advisory Products
Alert Regions + Confidence

Meteorology / Transport
Winds, Mixing Height,
Reanalysis/Forecast

N
! Where Uncertainty Rises:
Cloud/Smoke Retrieval Loss
Sensor Drift/Outages

OOD Extreme Regimes

Figure 2. Air quality integration workflow (smoke events example).

Satellite measurements are wide-spatial, and they can
observe the patterns of pollution on a regional scale, like wild-
fire smoke puffs or transport of acrosol over long distances.

The ground monitoring stations are used as calibration points,

which convert the satellite proxies to surface-level concen-
tration estimates. Low-cost sensor networks provide higher
spatial coverage and record variability on a scale (neighbor-

hood), but again, their measurements need to be subsequently
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refined with statistical calibration techniques. Physically co-

herent representations of interactions between transport and

chemistry are given by atmospheric models and reanalysis

products, which are useful in interpolating between observa-

tions and in bridging temporal gaps[*3].

*  Case Study 1: The NASA/NOAA GEOS-CF Atmo-
spheric Composition System

One practical illustration of how atmospheric integra-
tion is actually realized is the GEOS-Composition Forecast
(GEOS-CF) system that has been created by working to-
gether with NASA and the U.S. National Oceanic and Atmo-
spheric Administration (NOAA). By combining satellite data
of atmospheric content with an international chemical trans-
portation model and meteorological forecasts, GEOS-CF
estimates pollutants like PM; 5. ozone, and nitrogen dioxide
within a few seconds of the present situation.

The system incorporates satellite retrievals of various
instruments and, at the same time, relies on meteorological
analysis to model atmospheric transport as well as chemical
transformations. The output is a set of globally consistent
data, which offers both observational and physical consis-
tency in estimating atmospheric composition on an hourly
basis. These systems demonstrate the ability of integrated
modeling systems to transform a heterogeneous measure-
ment into a continuous environmental intelligence product
(temporally) that can be analyzed scientifically and moni-

tored operationally 4.

e Case Study 2: Machine Learning-Driven Air Quality
Mapping

The other use case is Google’s environmental insights
and air quality, which takes in satellite imagery, ground mon-
itoring data, land-use data, and meteorological variables
through machine learning models to generate hyperlocal
air quality maps in urban areas across the globe. These mod-
els involve aerosol indicators based on satellites along with
traffic patterns, population density, and weather variables in
order to conclude the spatial patterns of pollution on a much
smaller scale than the traditional monitoring networks can
be effective.

Such systems have been deployed on operational bases
to show how integrated data pipelines can create exposure
surfaces that are updated daily or hourly and present use-
ful information to the agencies in charge of communicable

disease activities and urban planners [+346],

3.4. Operational Requirements and User Needs

The usefulness of integrated air quality products in real-
world contexts is not limited to their predictive capabilities,
but also to the extent of their compliance with the opera-
tional requirements. During episodes of pollution, the public
health agencies need timely updates, in most cases hourly, to
give advisories or recommended protective measures. Mixed
products should then be able to consume data streams in near
real time and generate trusted products despite incomplete
or poor observations.

The spatial resolution is also critical. The estimates
of exposure should be able to reflect differences among the
urban neighborhoods, especially the neighborhoods around
a major source of emissions, like highways or an industrial
area. Integrated systems should thus be able to reconcile
measurements made with very different scales, i.e., satel-
lite footprints which are kilometers apart, with point-based
ground sensors.

Transparency on uncertainty is another important need.
The decision-makers should know the way confidence
changes with regions and conditions, particularly in times
when there are high-impact events of pollution. Explicit
reporting systems allow the authorities to convey the risks
more efficiently and to favor additional measurements in

case of high uncertainty [4743],

3.5. Failure Modes and Integration Challenges

Nonetheless, even after much work, the integrated air
quality monitoring systems still have specific challenges.
The indirect connection between pollution at the surface and
that of the satellite is one of the most widespread problems.
In some cases, like when smoke from wildfires happens,
the aerosol distribution in the vertical direction can fluctu-
ate over a short period, reducing the relationship between
column optical depth and ground-level concentrations.

Ligament reliability is also problematic. The low-cost
sensors can drift with time or react nonlinearly to the varia-
tions in humidity and temperature. Such sensors may cause
systematic biases in integrated products in the absence of
nonstop calibration.

Domain shift in extreme events is yet another chal-
lenge. The situation can be substantially different during

atmospheric conditions during wildfires, dust storms, or tem-
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perature inversion compared to periods of normal monitoring.
The likelihood of machine learning models operating on his-
torical data to generalize to such unusual regimes might be
hindered (1.

3.6. Characteristics of Robust Integrated Air
Quality Systems

Effective air quality intelligence systems have a num-
ber of distinguishing features. To begin with, they have a
high observational anchoring by being in constant compari-
son with ground monitoring stations. Second, they include
meteorological context and atmospheric transport model-
ing in order to ensure physical validity where there are no
observations. Third, they explicitly follow the uncertainty
and provenance of data, such that the users can know how
confidence changes through space and time ],

This principle of graceful degradation is also increas-
ingly accepted in operational systems, i.e., when the per-
formance does not crash suddenly when some of the data
streams are unavailable, but gradually declines. As an ex-
ample, when there is a temporary cloud or heavy smoke
cover on the satellite retrievals, integrated systems can call
upon more ground sensors and model forecasts until new
observations are available.

These attributes collectively indicate how built-in sens-
ing systems can convert discontinuous measurements into
plausible and spatially complete estimates of air pollution
exposure. Such all-encompassing methods are expected to
form the new paradigm of atmospheric environmental in-
telligence, as the power of computation and observational
networks keep increasing[>'l.

4. Application Domain II: Water and
Ecosystem Dynamics

4.1. Decision Questions in Water and Ecosys-
tem Monitoring

Tracking of water and ecosystem dynamics is the key
to managing agriculture, biodiversity, and water resources in
the changing climate conditions. Some of the common ques-
tions that decision-makers in this field may have are when a
drought is developing, the changes in water availability over
a basin, or whether the ecosystems are under stress, which

might be threatening biodiversity or food production. The
environmental intelligence systems needed to address these
questions should have the ability to combine observations at
large spatial scales and retain the local hydrological detail.
Water and ecosystem processes exist through interre-
lated compartments such as soil moisture, vegetation produc-
tivity, snow storage, groundwater, and surface water flows.
This is hardly what individual sensors can capture. The
satellite records have a wide spatial extent of the surface
condition of the land, whereas in situ records of hydrological
gauges, flux towers, and soil sensors have local accuracy
and time continuity. Integrated sensing systems are impor-
tant in converting piecemeal observations into recognizable

representations of environmental conditions 32734,

4.2. Observational Targets and Constraints

The important variables of integrated monitoring are
soil moisture, evapotranspiration, vegetation productivity,
snow water equivalent, and surface water extent. All these
indicators give partial consideration to how land-water-
ecosystem systems operate.

The satellite platforms can provide measurements on
these variables using various modalities. Microwave instru-
ments deliver soil moisture records that can cut through the
moderate vegetation cover, whereas optical sensors yield
vegetation indices with regard to vegetation health and pro-
ductivity. The thermal observations give details related to the
temperature and evapotranspiration of the land surface, and
radar observations can monitor the inundation or wetness of
the soil beneath the clouds.

Regardless of such possibilities, observational con-
straints are still important. Spatial resolution or revisit fre-
quency may often be a limiting factor in satellite retrievals,
and uncertainties may be introduced by the environment,
including dense vegetation or complicated terrain. Ground-
based measurements are more accurate, but they are usually
very sparse and unbalanced. It is important to combine these
heterogeneous observations; hence, models and machine
learning models are needed that can balance differences in
scale and gaps in observation®. Figure 3 organizes the
water-land-ecosystem domain in the form of linked states,
fluxes, and impacts, which explains how the various modes
of observation limit various segments of the chain and the

need to integrate them coherently 33!,
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States

Fluxes / Dynamics

Impacts / Decisions

Soil Moisture
Surface + Root-zone

Evapotranspiration

Drought Triggers
Allocation, Trrigation

Snow Storage
SWE, Melt State

Runoff + Streamflow
Response

Flood Risk + Extent
Response, Recovery

SWE, Melt State / Wetness
Tnundation

Ecosystem Productivity
Stress Dynamics

Ilabitat Condition
Conservation Actions

In situ: gauges/wells/towers

Integration goal:

EO constraints: optical/SAR/thermal/LiDAR

Models: hydro/land/ecosystem

coherent basin-to-local narratives + uncertainty for decisions

Figure 3. Water-land-ecosystem—state-flux-impact linkage diagram.

4.3. Integrating Observations across Hydrolog-
ical and Ecological Scales

The use of satellite data, ground-based observations,
and hydrological models in the format of operational envi-
ronmental monitoring systems is becoming more and more
popular to produce consistent estimates of the availability
and state of the ecosystems. Machine learning models are
frequently employed in incorporating varied environmental
indicators and making inferences that are hard to quantify.

As an illustration, the application of satellite microwave
sensors in measuring soil moisture could be associated with
the use of precipitation, vegetation indices, and meteoro-
logical records to estimate the severity of drought in the
agricultural landscapes. On the same note, it is also possible
to generate estimates of evapotranspiration using thermal
satellite observations along with meteorological inputs and
land surface models.

The reconciliation between observations taken at var-
ious spatial and time scales must be done in an integrated
system. Regional snapshots can be offered by satellite ob-
servations at a frequency of a few days, and ground sensors
can be used to record measurements continuously at a spe-
cific location. To motivate a combination of these sources,
calibration and statistical modeling are necessary to guaran-
tee that integrated products are physically and operationally

viable 56571,

Case Study: Satellite Ground Integration in
Global Drought Monitoring

Another example of this form of environmental moni-
toring is the application of the NASA Soil Moisture Active
Passive (SMAP) satellite mission alongside ground-based
measurements and land surface models to drought detection.
SMAP offers measurements of soil moisture all over the
world using microwave radiometry, which can be used to
cover large areas consistently. These observations are, how-
ever, supplemented by ground meteorological networks and
hydrological models that use data on precipitation, tempera-
ture, and vegetation.

These various streams of evidence are combined by op-
erational drought monitoring systems like the U.S. Drought
Monitor and other regional systems in order to determine the
severity of droughts. The anomalies of soil moisture mea-
sured by satellites can be used as an early warning of water
stress, whereas ground-based measurements and hydrologi-
cal modeling can support and put these results into perspec-
tive. This combination enables the monitoring systems to
identify new cases of drought in areas that would be inade-
quately measured by ground-based measurements 58601,
4.4. Operational Requirements and Decision

Context

The environmental intelligence systems to aid water
and ecosystem management should meet several operational
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demands. To begin with, tracking products should be able to
record regional trends and local differences. The availability
of water within a watershed may be very different because of
the differences in soil type, land cover, and irrigation meth-
ods. The integrated systems should thus strike a balance
between space coverage and adequate resolution to make a
decision about local management.

Second, it is imperative that there is continuity over
time. Numerous hydrological processes develop in the
course of weeks or months, and, as a consequence, the obser-
vation system has to keep the records constant. The failure
of a satellite connection or sensors can also interrupt the time
series analysis, and having backups among data sources is a
valid design requirement.

Lastly, product monitoring should be able to give inter-
pretable indicators as far as policy and management are con-
cerned. The simplified measures that decision-makers nor-
mally want are drought severity category, vegetation stress
index, or basin-wide water balance estimates. The key is-
sue in operational environmental intelligence has been the
transformation of complex environmental observations into

actionable indicators[®!].

4.5. Failure Modes and Integration Challenges

Although more advanced integrated monitoring has
been made, several failure modes still exist. One of these
issues is the discrepancies in scale between satellite measure-
ments and local weather. The satellite measurements can
smooth the environmental signals over areas with different
land uses or hydrological conditions, and therefore, local
water stress may be obscured.

The other challenge is data gaps and the uncertainty of
retrieval. Satellite measurements of the surface are impossi-
ble when the cloud cover is extensive, and the retrieval of
the microwave can be influenced by vegetation cover or the
stiffness of the surface. If such constraints are present, an
integrated system has to be more dependent on other sources
of data, like ground measurements or model predictions 2,

Domain shifts that are related to extreme events also
prove to be challenging. As an example, anomalous drought
patterns can change the behavior of vegetation that is not cap-
tured in the historical fields of training data, making machine

learning models based on historical data unreliable.

4.6. Characteristics of Robust Monitoring Sys-
tems

Strong water and ecosystem surveillance procedures
integrate several complementary data streams in such a
way that the demise or subordination of one of the obser-
vational streams does not significantly restrict the general
system function. This concept of graceful degradation is
used to ensure that the monitoring products are not wasted
when some of the observations cannot be made. Good sys-
tems are also capable of integrating observational evidence
with process-based models that ensure physical consistency
among the hydrological variables. Monitoring systems can
have coherent representations of the balance of water and
the dynamics of the ecosystem by combining satellite data
with meteorological measurements and hydrological simu-
lations 31,

Lastly, clear uncertainty reporting and confirmation by
independent observations are also necessary in developing
confidence in operational environmental intelligence prod-
ucts. Through such practices, it is guaranteed that integrated
monitoring systems are credible tools for managing water
resources and protecting ecosystems in a changing environ-

ment.

5. Application Domain III: Environ-
mental Hazards and Disaster Re-
sponse

5.1. Decision Questions in Hazard Monitoring

Floods, fires, and other dangerous weather events are
environmental hazards that cause instant threats to human
life, infrastructure, and nature. The disaster response moni-
toring systems should hence be able to deliver timely and
reliable information regarding the emergence of hazards,
spatial extent, and potential effects. Unlike more mun-
dane types of environmental monitoring, the hazard intelli-
gence systems are subject to very stringent time limitations
and conditions in which observations are incomplete or
degraded. Satellite imagery, sensor networks, and model
frameworks should therefore be incorporated within a very
short period of time to create situational awareness in the

developing crisis (4],
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5.2. Observational Evidence Streams

The hazard monitoring systems are based on several cat-
egories of observations. Satellite capabilities offer quick eval-
uation of hazardous areas using optical information, radar,
and thermal images. The use of synthetic aperture radar
(SAR) is especially beneficial as the device is capable of lo-
cating surface water and structural damage even when clouds
are in place.

On the ground measurements, such as river gauges,
rainfall sensors, and meteorological stations, give very im-
portant local measurements that can be used to confirm
early warning systems and model validation. These obser-
vations are, in most instances, combined in hydrological or
atmospheric models to generate hazard evolution forecasts.
By putting these heterogeneous observations together, the
monitoring systems can build coherent situational aware-
ness notwithstanding the constraints of any one of the data

sources [9],

5.3. Multi-Source Evidence during Major
Flood Events

The value of integrated sensing frameworks becomes
particularly evident during large-scale flood disasters, where
observational constraints frequently challenge monitoring

systems.

Case Study: Multi-Sensor Monitoring during
the 2022 Pakistan Floods

The examples of the Pakistan floods that have hit mil-
lions of people in the Indus River basin in 2022 demonstrate
the practicality of multi-source environmental intelligence
systems. Throughout the incident, the activity was hampered
by constant cloud cover, which hindered the use of the opti-
cal satellite imagery to map the extent of the floods, making
it difficult to use the traditional remote sensing techniques.
To overcome this obstacle, missions like Sentinel-1 with
synthetic aperture radar (SAR) are essential to monitor oper-
ations, as the radar can observe surface water irrespective of
whether there are clouds or not.

These radar images were used with optical images
where there were images, river gauges, and satellite-based

rainfall product estimates. Introducing hydrological models
into the system integrated such inputs and estimated the fur-
ther development of floods and the areas that were at risk of
further inundation. These multi-source datasets were used by
international surveillance activities like the Copernicus Emer-
gency Management Service and other humanitarian mapping
projects to produce near-real-time flood extent maps and
damage estimates [0,

This is where the concept of graceful degradation in
integrated hazards monitoring is evident. At the time, the
optical imagery was not reliable because of cloud cover, and
radar images and ground measurements were other sources
of evidence that enabled situational awareness to be pre-
served. The combination of these sources of data allowed
emergency responders and humanitarian organizations to
coordinate their actions in response, even when there were

not full observational conditions.

5.4. Operational Requirements for Hazard In-
telligence

Systems used in the operational hazard monitoring pro-
cesses will have to meet high-performance standards. Timeli-
ness is important because delays in hazard detection or map-
ping may have a great impact on the evacuation planning,
resource distribution, and emergency response. Integrated
systems should be able to process incoming observations
quickly, therefore, and come up with new hazard assessments
within hours, not days.

It is also important that spatial coverage is good. Haz-
ards often serve large geographical locations, and as such,
they may need geographic surveillance systems that are able
to integrate both regional satellite images and local measure-
ments to determine the worst hit regions. It is also important
to note that in most instances, the decision-makers need to
have forecasts of the hazard evolution, and this means that
predictive models must be integrated with this.

There should also be effective communication of un-
certainty. The forecasts and the hazard maps should com-
municate the confidence levels in such a way as to enable
decision-makers to be certain about the trustworthiness of
the information they have in case of the events that have to

take place in a short time[67],
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5.5. Failure Modes in Hazard Monitoring Sys-
tems

Environmental hazard intelligence systems are also
prone to several types of failure modes. One of them is the
loss or degradation of observation, e.g., cloud cover that
hides optical imagery or the failure of ground sensors during
severe weather. Redundancy of sources of observation must
thus be incorporated in the integrated monitoring systems
to ensure that there is situational awareness. A second chal-
lenge is a result of data latency. Satellite images and surface
observations can arrive at various times, and as such, this
may delay the integration process. The real-time hazard in-
telligence systems should, therefore, strike the right balance
between the necessity of prompt updates and the provision
of good observations 48],

Lastly, machine learning models with historical data
could not perform well in cases of extreme events, which are
not similar to the historical events. It is also a challenge to
operational environmental intelligence to ensure that models

are not compromised by this situation.

5.6. Governance, Equity, and Trust in Environ-
mental Hazard Intelligence

Since integrated environmental monitoring systems are
progressively important in disaster response and risk manage-
ment, the issue of governance and equity emerges as a core
part of the design and assessment of integrated environmental
monitoring systems. The products of environmental intelli-
gence affect the process of the identification, interpretation,
and prioritization of hazards; i.e., the technical performance
cannot be relied on to provide credible decision support. An
important mode of failure is due to imbalanced coverage
of observations. Although satellite monitoring has a wide
geographic coverage, several important elements of moni-
toring systems, including gauge networks, communication
infrastructure, and ground sensors, are not evenly distributed.

Areas with poor density of observation networks can thus

be subjected to more uncertainty or slower hazard detec-
tion. The consequences of such inequalities directly relate
to environmental justice because the community with low
monitoring infrastructure might also experience a greater
exposure to environmental hazards %721,

One more problem is related to the overconfidence in
automated hazard products. Systems that incorporate ma-
chine learning, remote sensing, and sensor networks are
usually used to provide visual insights in the form of maps
and predictions. Unless uncertainty and data drawbacks
are clearly communicated, however, such products can be
construed as certain characterizations of risk. This overcon-
fidence is likely to influence operational decision-making,
especially in a fast-changing disaster.

To overcome these challenges, there is a need to have
governance practices that come with technical development.
Specifically, equity-conscious validation must be used to
supplement conventional performance measures to look at
the variability in system reliability in different regions that
have different densities of observation or socio-economic
backgrounds. They also require reporting of uncertainty, data
provenance, as well as observational gaps in a transparent
way so as to allow informed interpretation by operational
users.

The incorporation of these principles of governance
in the framework of environmental monitoring systems
strengthens the overall goal of decision-ready environmental
intelligence, namely the generation of information that is
technically sound as well as credible, fair, and responsive
to the societal settings in which environmental risks are per-
ceived and addressed. Since an integrated product is only as
helpful as it is reliable in the actual working conditions, in
Table 3 we summarize suggested validation designs, metrics,
and uncertainty reporting practices. In all domains, the fail-
ures are limited by a common set of failure modes, causing
a lack of transferability and operational confidence; Table
4 highlights these issues and the corresponding mitigation
methods (7373,

Table 3. Evaluation and uncertainty reporting template for integrated environmental products.

Validation Split That
Matches Use

Performance Metrics That

Product Type Matter

Uncertainty Outputs to
Report

Minimum Reporting for

Stress Tests to Include Reproducibility

Spatial holdout
(leave-location/region out) +
seasonal holdout

RMSE/MAE plus spatial skill,
bias by land cover/urbanicity,
extremes error

Gridded maps (e.g.,
PMj s, ET, inundation)

Data versions, QA/QC rules,
tiling/resampling, train/test
geography

Calibrated predictive intervals
or exceedance probabilities

Cloud/smoke gaps, sensor
dropouts, new geography

Time series indicators
(e.g., drought onset,
phenology)

Timing error (onset/recovery),
persistence skill, trend
stability

Temporal holdout across
years + regime holdout

Uncertainty on change
points/trends, reliability over
time

Baseline definition,
stationarity assumptions,
versioning policy

Shifting baseline periods,
sensor/retrieval updates
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Table 3. Cont.

Performance Metrics That
Matter

Validation Split That

Product Type Matches Use

Uncertainty Outputs to
Report

Stress Tests to Include

Minimum Reporting for
Reproducibility

Precision/recall, false alarm
rate, detection latency

Event-based holdout (unseen
events) + near-miss negatives

Alerts/nowcasts (e.g.,
smoke, flood warning)

Probability of threshold
exceedance + confidence
degradation flags

Rare extremes, compound
events, degraded
comms/coverage

Latency targets, failure
behavior, threshold
definitions and rationale

Table 4. Cross-domain failure modes and practical mitigations.

Recurrent
Challenge

How It Shows Up
(Symptom)

Why It Happens (Root
Cause)

Diagnostics That
Reveal It

Mitigation Strategies
(Integration-Oriented)

Scale mismatch

Good performance at
stations, poor elsewhere

Point measurements vs.
pixel/basin averages

Error vs. land
cover/topography;
holdout-by-region

Representativeness-aware training;
hierarchical/scale-aware products;
multi-resolution fusion

Proxy ambiguity

Same signal implies
different states

EO signals conflate drivers
(e.g., greenness vs.
harvest)

Counterexample
analysis; subgroup
errors

Add contextual constraints
(meteorology/hydrology/land use);
multi-source corroboration

Domain shift in
extremes

Biggest errors during
disasters

Rare regimes
underrepresented

Event-only
benchmarks; tail
metrics

Extreme-focused training sets;
uncertainty up-weighting; drift
monitoring

Sensor drift and

Gradual bias growth,

Device aging, calibration

Co-location checks;

Continuous calibration; QC gating;
robust aggregation and sensor

heterogeneity inconsistent hotspots changes temporal bias trends credibility weighting
Missing/degraded ~ Output instability or silent ~ Clouds, outages, pipeline Coverage flags; Graceful degradation de51‘g.n ’

. . performance vs. redundancy across modalities;
inputs failure breaks

missingness

explicit confidence reduction

Unequal coverage
and equity risks

Worse accuracy in
under-monitored areas

Network placement bias

Coverage-aware evaluation;
uncertainty surfacing; targeted
sensing strategies and transparent
caveats

Error maps vs.
socioeconomic/land
use strata

6. Conclusion and Outlook

The computation of the planet is becoming less and
less about accumulating more and more environmental infor-
mation and increasingly more about transforming heteroge-
neous, imperfect observations into coherent decision-ready
information. With atmosphere and air quality, water-land-
ecosystem interactions, hazards, and extremes, a general
trend is evident: there is no uniform data stream adequate.
Remote sensing is accessible and offers longevity, but it is
based on retrieval questions, obscuration, and size. Sensing
in situ and IoT is not dense and covers fidelity and local
context, but is sparse, uneven, and variable in quality. Mod-
els and reanalysis offer regime-specific predictive structure
and offer physical coherence at computational costs in the
form of regime-specific biases and cutoffs. Integrated sys-
tems - bringing together such streams with the aid of machine
learning and fusion are not the best extension; instead, they
will become the foundational pillars of environmental un-
derstanding at the types, latencies, and levels of reliability
required by contemporary administration, population health,

and more robust planning.

Concurrently, the review points out the fact that inte-
gration does not mean trust. The most significant failures
happen to systems that are good in average modes but silently
fail in domain shift, seldom in extremes, or under poor obser-
vational coverage. In the air quality, this is most commonly
manifested in the form of an inappropriate calibration in
column observations and near-surface exposure to wildfire
smoke or stagnant inversion. It manifests itself in water
and ecosystems in the form of proxy ambiguity, scale mis-
match, and shifting baselines that weaken the association of
indicators of remote sensing with underlying hydrological
or ecological conditions. In hazards, it manifests itself in
the form of rare-event bias and pipelines that are brittle and
burst at the very time when time pressure and impact are
the greatest. The implication for the field is obvious that the
subsequent stage of development is going to be characterized
not by improvement in terms of incremental gains on typical
standards but by strength, measurement of uncertainty, and
accountability in work.

This synthesis generates a number of cross-domain rec-
ommendations. First, the assessment should be in line with
the intended use. Spatially and temporally structured data
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demand validation designs, which test performance based
on generalization to new geographic positions, seasons, and
event regimes, as opposed to the performance-inflationary
random splits based on randomized mixes. Second, the idea
of uncertainty is to be discussed as one of the main product
requirements. Uncertainty is the interface between predic-
tion and decision required to do integrated environmental
intelligence: it needs to be empirically tuned, receptive to
incomplete or bad data, and formulated into forms accessible
as threshold conditioned actions and risk messages. Third,
versioning and provenance need to be the norm. The inte-
grated products require the development of sensors, retrieval
algorithms, and model components; without the provision of
transparent documentation and revalidation, even scientifi-
cally valid systems may lose credibility due to the untraceable
changes in behavior.

Three directions are expected to define the notion of
computing on the planet in the future, both as a research
agenda and as an operational infrastructure. The former is
the emergence of multimodal foundation models and large-
scale representation learning specific to Earth data, which
can both decrease the reliance on labeled data and also allow
a wider range of sensors and geographies to be used more
consistently. The second one is a more intricate connection
between learning and physics, including hybrid methods that
maintain physical constraints but make use of data-driven
flexibility, enhancing extrapolation with changing climates
and management regimes. The third one is based on matur-
ing real-time environmental intelligence systems- streaming
ingestion, edge-to-cloud sensor systems, and continuously
monitored models that may deliver early warning, situational
awareness with explicit confidence, and graceful degrada-
tion.

Lastly, the calculation of the planet cannot be done
without the government. The data coverage is as real as
social and economic facts, and integrated products may un-
intentionally recreate inequities when there are systematic
differences in performance and uncertainty across commu-
nities. Environmentally sensitive data should be stewarded,
and the decision support system should be structured in such
a way that it does not give overconfident results that can
lead to harm. With the increasing capability of environmen-

tal intelligence, the discipline should expand its definition

of success by encompassing not just the accuracy, but also
transparency, equity, reproducibility, and the ability to make
decisions in stressful environments.

Altogether, the combination of machine learning, re-
mote sensing, and sensor data fusion provides a window to
the environment that can provide a detailed view of the Earth
system and the sense of urgency of contemporary environ-
mental issues. It is not an ideal map of the planet at all times,
impossible in the face of limitations of observation and uncer-
tainties but a good evidence infrastructure: an infrastructure
that is clear on what it knows, candid on what it does not
know, and strong in the face of decisions that must be made
in the face of change and when the stakes are high.

In addition to providing an overview of progress in the
field of machine learning and environmental sensing, this
review has attempted to highlight a significant change in the
conceptualization of integrated Earth observation systems
design and assessment. Although most of the current sur-
veys are relatively algorithm-centric, architecture-centric,
or data-modality-centric, the approach in this paper is op-
erational decision requirements as the unifying factor in
the integration of machine learning, remote sensing, and
in situ sensing networks. Through air quality monitoring,
water and ecosystem dynamics, and environmental hazards,
the review demonstrates how a successful environmental
intelligence system needs to balance the heterogeneous ob-
servations and maintain physical and statistical coherence
across scales, and its ability to stand up under uncertainty,
sparse observations, and extreme events. This application-
oriented and failure-mode-sensitive framing does not just
present a roadmap on how methodological research can
be advanced, but also how operational systems can be de-
veloped to be trusted enough. In this respect, the target
audience is not only the community of academic scholars
working in the field of data fusion and Earth observation but
also environmental product developers, agencies engaged
in operational monitoring, and funding organizations that
will design next-generation environmental intelligence in-
frastructures. The development of the future will be based
not only on enhanced predictive accuracy but also on creat-
ing integrated systems that will not only be transparent and
reliable but also able to support planetary-scale real-world

environmental decision-making.
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