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Abstract

Flood mapping with synthetic aperture radar (SAR) has long been framed primarily as
a problem of improving inundation detection algorithms. That framing has produced major
advances, but it increasingly understates what operational flood monitoring actually requires.
In practice, useful flood products depend on the coordinated performance of data access, pre-
processing, ancillary information, model logic, computational infrastructure, validation, and
long-term maintenance. This manuscript argues that SAR flood mapping should therefore be
understood as a full-stack systems problem for operational flood mapping rather than only an
algorithm-selection exercise. Building on the field’s transition from prototype workflows to op-
erational services, the paper argues that the present moment is especially important because
mature SAR archives, accessible global ancillary datasets, scalable computing environments, and
AI-agent systems now coexist. Together, these conditions create an opportunity to accelerate
the design, adaptation, and maintenance of operational-ready flood mapping workflows. Flood
mapping is a field where physics, mathematics, remote sensing, hydrology, computing, AI, and
human oversight all have a role to play. As the field evolves, and as AI changes how knowledge
is accessed and applied, the challenge is not for every practitioner to know everything, but to
keep the central tenet in view: these tools and ways of thinking must ultimately serve timely
and trustworthy flood monitoring.

1 Introduction
Flood monitoring has always been a practical science. When the water rises, nobody asks whether
a method was elegant in the lab. They ask whether the map is right, whether it arrives on time,
and whether it is useful enough to support decisions. Synthetic aperture radar (SAR) has therefore
held a special place in flood mapping for decades because its all-weather, day-and-night observing
capability makes it one of the few Earth observation technologies that remains useful under the
very conditions in which flood information matters most.

That practical value produced a long and diverse literature. Early studies showed that SAR
could support flood delineation even under the constraints of sparse acquisitions and immature pro-
cessing environments [Delmeire, 1997, Oberstadler et al., 1997]. Over time, the field expanded from
thresholding and change detection toward segmentation, coherence analysis, probabilistic inference,
and increasingly automated workflows [Martinis et al., 2009, Twele et al., 2016, Giustarini et al.,
2016, Chini et al., 2017, Landuyt et al., 2019, Shen et al., 2019b, Amitrano et al., 2024]. In parallel,
researchers increasingly recognized that flood mapping was never only an image-classification prob-
lem. It was also a hydrologic and operational problem involving topography, water connectivity,
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reference conditions, validation, and eventual product use [Bates et al., 1997, Matgen et al., 2007,
Schumann et al., 2009, Schumann and Moller, 2015].

That broader systems view matters now because the field has reached a different stage of matu-
rity. Much of the literature still describes progress in SAR flood mapping primarily as progress in
algorithms, as if the central question were simply which model detects floodwater best. In practice,
operational flood mapping depends on a maintained stack: data access, preprocessing, ancillary con-
text, initialization logic, pixel-level detection, object-level refinement, uncertainty communication,
compute resources, deployment constraints, and long-term maintenance. The detector matters, of
course, but by itself it is not the whole show. If anything, the detector is often the most photogenic
member of a much larger and less glamorous team.

This systems perspective has become harder to ignore as major institutions have moved from
method development toward ready-to-use or large-scale operational products. Systems such as
the Copernicus Emergency Management Service Global Flood Monitoring platform and NASA’s
OPERA-related dynamic surface water products show that the field has matured beyond event-
specific demonstrations [Salamon et al., 2021, Wagner et al., 2026, Jung et al., 2026, Yang et al.,
2021]. These efforts make clear that operational readiness is not achieved by a single good idea
in a PDF. It requires reference products, archive design, quality-control logic, scalable processing,
and institutional commitment. Just as importantly, they sit on top of a much richer supporting
environment than earlier generations had available, including globally accessible surface-water oc-
currence data, elevation products, land cover, and other hydrologically relevant ancillary layers
[Pekel et al., 2016].

That convergence is one reason this is an unusually important moment for the field. The de-
mand for rapid flood monitoring is now widespread across public agencies, forecast centers, and risk
sectors. Global ancillary datasets are more available and more accessible than ever before. Decades
of SAR flood research have produced a mature methodological toolbox spanning open-water map-
ping, urban flood detection, vegetation-related challenges, probabilistic reasoning, and increasingly
large-scale automation [Grimaldi et al., 2020, Zhao et al., 2022, Bauer-Marschallinger et al., 2022].
Cloud and high-performance computing have made large-scale processing more realistic. And large
language models and AI-agent systems are beginning to provide a new path for turning hydrologic
and remote-sensing knowledge into executable workflows. Put simply, the present moment is fa-
vorable for AI-enhanced system development because the flood-monitoring ecosystem has finally
become mature enough for that development to matter operationally.

This paper argues that SAR flood mapping should now be treated primarily as a full-stack
systems problem for operational flood mapping. It reframes flood mapping as a maintained
operational stack rather than only an algorithmic task, presents an adaptive closed-loop develop-
ment framework centered on initialization, pixel-level detection, and object-level rule refinement,
and argues that AI agents can accelerate the development of next-generation flood mapping systems
by translating accumulated hydrologic knowledge, Earth observation infrastructure, and engineer-
ing logic into operational-ready workflows.

The perspective advanced here is therefore not a break with the history of SAR flood science.
It is a continuation of that history under new conditions: stronger data infrastructure, stronger
operational demand, and new AI-assisted development tools. The next sections build that case by
tracing how the field moved from prototype algorithms to operational flood mapping systems, why
the present moment is different, and how a full-stack framework can help guide future development.
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2 The Path from Prototype Algorithms to Operational Systems
Satellite SAR flood mapping did not mature by discovering one superior inundation algorithm. Its
development was phased, and each phase was shaped not only by retrieval logic, but also by satellite
availability, preprocessing software, ancillary datasets, computing environments, and institutional
capacity. Read historically, the field moved through three broad stages: an early theory-building
era, a practical workflow-building era, and the present operational systems era. The key point
is that progress came from assembling more complete systems over time, not just from inventing
better detectors.

2.1 Early theory, satellite, and experimental design era (1990s–2009)
The first phase was defined by theory building under limited data conditions. During the 1990s and
early 2000s, SAR flood mapping was constrained by sparse acquisitions, limited revisit frequency,
difficult data access, and relatively small collections of case studies. In that setting, the field focused
on understanding how flooded surfaces appear in SAR imagery and on establishing the conceptual
foundations of flood retrieval.

Important methodological ideas emerged in this period, including threshold-based water extrac-
tion, histogram analysis, split-based thresholding, active contour approaches, segmentation logic,
and early object-oriented thinking. The lasting lesson from this work was that flood mapping could
not be reduced to one universal low-backscatter threshold. Surface roughness, land cover, local
incidence geometry, speckle, urban structures, and vegetation all complicated the SAR flood signal
[Shen et al., 2019b, Amitrano et al., 2024].

Operationalization, however, remained limited. Workflows were often assembled manually
around one or two scenes, with heavy analyst intervention in preprocessing, threshold selection,
region cleaning, and quality control. The field produced foundational knowledge, but most methods
still lived as prototypes rather than sustained services. That prototype-heavy base set up the next
phase, in which the question shifted from whether SAR flood retrieval could work to how it could
be made repeatable.

2.2 Practical development and early services (2010–2019)
The second phase was a practical development era in which operational ambition became much
more realistic. Around 2010, high-performance computing became more accessible, server-side
processing matured, and remote-sensing software ecosystems improved. As the decade progressed,
public ancillary datasets such as land cover, elevation, water occurrence, and hydrologic context
layers became easier to integrate into workflows. The launch of Sentinel-1 in 2014 was especially
important because it changed the economics of SAR flood monitoring by providing systematic, free,
and relatively frequent C-band observations.

During this period, the field moved from isolated algorithm demonstrations toward more re-
producible processing chains and early operational services. Early system-oriented studies already
emphasized automation and operational lessons [Matgen et al., 2011, Pulvirenti et al., 2011, Martinis
et al., 2009]. Later, automated Sentinel-1 pipelines, TerraSAR-X services, and large-scale moni-
toring studies showed that end-to-end flood workflows were becoming technically plausible under
many open-water conditions [Martinis et al., 2015a,b, Twele et al., 2016, Pulvirenti et al., 2021,
Yang et al., 2021, Zhao et al., 2021b]. At the same time, methodological development remained
active: change-detection approaches became more useful in complex scenes, especially urban envi-
ronments, while thresholding, probabilistic reasoning, object constraints, and ancillary topographic

3



information were increasingly combined into more coherent stacks [Li et al., 2018, Zhao et al., 2022,
Giustarini et al., 2016, Chini et al., 2017, Landuyt et al., 2019].

This era also revealed a harder lesson: a processing chain is not the same thing as an operational
system. Even when major steps were automated, robustness remained uneven across snow-affected
terrain, arid regions, vegetated floodplains, urban landscapes, and scenes with weak reference con-
ditions [Landuyt et al., 2019, Grimaldi et al., 2020, Singha et al., 2020, Jiang et al., 2021]. The
field had learned how to automate many components, but not yet how to sustain globally reliable
flood services. That gap between workflow automation and service-level reliability opened the door
to the current phase, where the emphasis shifts from pipeline construction to product architecture
and operational permanence.

2.3 Operational systems and AI-ready infrastructure (2020–present)
The current phase is defined by the rise of full operational architectures. By this stage, decades of
retrieval knowledge had accumulated, while cloud-accessible ancillary datasets such as DEMs, land
cover, surface-water occurrence, and hydrologically structured context layers had become much
more available for immediate integration [Pekel et al., 2016]. At the same time, cloud resources,
scalable data services, and more standardized processing environments made it increasingly realistic
to build services rather than isolated workflows. The field is therefore no longer just proving that
SAR flood mapping can work; it is building products that must run repeatedly, communicate
uncertainty, and remain maintainable over time.

The Copernicus Emergency Management Service Global Flood Monitoring service is one of the
clearest examples of this transition. Early descriptions already framed GFM as a systematic global
product [Salamon et al., 2021]. Later work makes explicit that its operational value comes from
combining multiple retrieval modes with exclusion layers, monthly and dynamic references, advi-
sory outputs, flood-likelihood information, Bayesian datacube inference, and large-scale Sentinel-1
archive management [Bauer-Marschallinger et al., 2022, Wagner et al., 2026, Zhao et al., 2021a].
NASA JPL’s OPERA-related DSWx-S1 work illustrates a complementary product lane, showing
how globally scalable dynamic surface-water mapping can be built through adaptive thresholding,
fuzzy logic, dark-land suppression, bimodality testing, and terrain-informed refinement [Jung et al.,
2026]. In both cases, the lesson is broader than any one detector: operational quality now depends
on integrating remote sensing, hydrology, geospatial data engineering, computing infrastructure,
and product maintenance into one sustained architecture.

This multidisciplinary convergence also clarifies why AI becomes more relevant now. Large
language models and AI agents matter here not mainly as replacement classifiers, but as tools for
literature synthesis, code generation, workflow design, experiment management, documentation,
and cross-sensor adaptation. AI enters at exactly the moment when SAR flood mapping has
matured into a full-stack systems problem built on decades of accumulated scientific knowledge
and abundant ancillary data. Seen across these three phases, the historical progression points
directly to the next section: once flood mapping becomes an operational systems discipline, it has
to be framed explicitly as a full-stack systems problem.

3 Why the Present Moment Favors AI-Enhanced Development
The case for AI-enhanced system development in SAR flood mapping should not be made as a
generic claim about the rising power of machine learning or large language models. That would
be too vague to be useful and too detached from the realities of hydrologic operations. A stronger
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argument is that the field has reached a particular moment in which three conditions now con-
verge: the supporting foundation is much stronger, the operational need is much broader, and the
remaining gap is increasingly developmental rather than purely algorithmic. That is why now is
the right time for AI-enhanced system development in SAR flood monitoring.

3.1 Resources and infrastructure now exist
The first reason is that the practical foundation is much stronger than it was in earlier generations
of flood mapping. Cloud-accessible ancillary datasets such as DEMs, land cover, surface-water
occurrence, and hydrologically structured context layers are now widely available for direct use in
workflows. These resources make initialization, refinement, and cross-region transfer much more
realistic than when every project had to reconstruct its own environmental context from scratch.

The sensor environment is also richer, and the compute environment is far more capable.
Sentinel-1 changed the economics of operational flood monitoring, but it now sits within a broader
ecosystem of SAR missions, archives, polarizations, revisit characteristics, and processing conven-
tions. Cloud platforms, server-side processing, high-performance computing, and scalable storage
have also made large-area rapid workflows far more practical. In combination, these developments
mean that the field now has the ancillary data, sensor diversity, and computational capacity needed
to support adaptive system design.

3.2 Operational need has intensified
The second reason is that the demand side has changed. Rapid flood monitoring is no longer an
occasional research ambition or a niche emergency product. It has become a standing need across
public agencies, forecast centers, disaster response communities, and risk sectors. These users do
not merely need a method that performs well in a paper. They need systems that are timely,
repeatable, geographically transferable, and usable under real operational constraints.

That demand also becomes more diverse as it grows. Different agencies and regions may need
different inputs, different computational budgets, different levels of local expertise, different latency
targets, and different preferences for product design or uncertainty handling. Some users may want
the fastest robust open-water product. Others may need stronger urban logic, better vegetation
handling, tighter local customization, or a workflow that can run under limited infrastructure. Once
flood monitoring becomes this heterogeneous and operationally persistent, the key question is no
longer only whether floodwater can be detected from SAR. It becomes how quickly a useful system
can be configured, adapted, and maintained for each specific need and restriction.

3.3 The remaining gap is system bridging
The third point is that the main gap is increasingly one of system bridging. The field already has
many methods, many ancillary resources, and growing operational infrastructure. What it often
lacks is a fast and reliable way to connect those pieces to the needs of a particular user, event,
region, sensor mix, and computational setting. In practice, this means choosing the most suitable
algorithmic pathway, designing an appropriate data pipeline, organizing process-level logic, and
sometimes developing new components when existing ones do not fit. That work is real, necessary,
and often slow.

This is exactly where AI becomes relevant. Large language models and AI agents do not re-
place SAR physics, hydrologic reasoning, or operational oversight. Their value is that they can
help shorten the path from distributed knowledge to executable system logic. They can support
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literature synthesis, code generation, workflow comparison, documentation, debugging, and adap-
tation across sensors or regions. In other words, AI matters here because the field has matured
into a problem of rapid system assembly and adaptation under changing needs.

Seen this way, AI-enhanced system development is not a side topic layered on top of classical
SAR flood science. It is a response to the field’s present structure. Stronger resources, stronger
operational demand, and a persistent system-design gap together create the conditions in which AI
can become genuinely useful. The next question, then, is what design tensions become visible once
SAR flood mapping is treated explicitly as a full-stack systems problem rather than as a detector
contest. That is where the argument now turns.

4 A Full-Stack View of SAR Flood Mapping Systems
4.1 Operational flood mapping as a systems problem
Once the field is viewed through the lens of AI-enhanced system development, the central issue
comes into sharper focus: SAR flood mapping is fundamentally a full-stack systems problem. The
challenge is not only to improve a detection algorithm, but to organize observations, context,
resources, and processing steps into an operationally effective flood mapping system. The problem
is therefore defined not only by model performance, but by the conditions under which flood
information must be produced, delivered, and used.

This makes the problem task-driven and semi-empirical. In practice, flood monitoring depends
on what data are available, what area must be mapped, what supporting information exists, and
what resources can be deployed during the event. A system perspective is therefore necessary to
connect methodological development with operational flood response. Major operational efforts
already point in this direction, because successful flood products depend on data infrastructure,
reference layers, processing logic, quality control, and maintainable workflows rather than on a
single detector alone [Wagner et al., 2026, Jung et al., 2026].

4.2 System inputs, constraints, and design components
Under this framing, SAR flood monitoring can be viewed as a system defined by multiple interact-
ing inputs. The first and most fundamental input is the SAR observation itself, which provides the
primary evidence for flood detection. However, the system may also incorporate forecast or situa-
tional information, area-of-interest constraints, and broader event context, all of which can guide
where and how the system should operate. In operational settings, these inputs help determine not
only where analysis should be focused, but also what kind of response is meaningful and feasible
for the event at hand.

A second class of inputs concerns available resources during the event. These include compu-
tational capacity, data access, timeliness requirements, available archives, and the possible role of
human review or analyst support. A third class consists of the algorithmic design components of the
monitoring framework itself. In the present perspective, these include three principal components:
initialization, pixel-level detection, and object-level rule refinement. Initialization defines how the
system begins under the local scene and prior context. Pixel-level detection extracts candidate
flood signals from the SAR observations. Object-level refinement imposes hydrologic and practical
logic so that the resulting product is coherent and usable.

Spatial context and, where available, temporal context also function as system inputs because
they shape how the three components are configured and interpreted. Taken together, these ele-
ments define a monitoring system whose performance depends on more than any single classifier
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or threshold. This view is consistent with operational systems such as GFM and OPERA-related
DSWx-S1, where flood or water products are built through layered combinations of acquisition
constraints, contextual reference information, adaptive processing logic, and refinement modules
[Wagner et al., 2026, Jung et al., 2026].

4.3 Scientific and operational tensions in system design
A more critical reading of the recent literature suggests that the central design problem in SAR
flood mapping is not the absence of methods, but the mismatch that often appears between method-
ological promise and operational uptake. The field repeatedly develops ideas that are scientifically
well motivated, sometimes demonstrably effective, and yet only partially adopted in sustained pro-
duction systems. That pattern is not accidental. It reflects the fact that operational pipelines are
negotiated among evidence quality, latency, archive availability, computational burden, engineering
overhead, and institutional maintainability. Several design choices are especially revealing because
they are often treated lightly in method papers but become consequential once a system must run
repeatedly under real constraints.

The first is whether and how strongly the system should depend on change detection.
Multi-temporal SAR flood mapping has long been shown to be powerful, especially in difficult land-
scapes and urban settings, and broader comparative assessments confirm that change-based logic
remains one of the major technical branches of the field [Landuyt et al., 2019, Li et al., 2018]. The
point is not only theoretical. Operationally oriented work such as RAPID already demonstrated
how pre-event references and water-source-informed logic could be used in near-real-time flood
mapping, while still exposing the practical dependence of such systems on reference availability
and orderly upstream data handling [Shen et al., 2019a]. Recent operational-scale systems also
acknowledge its value: GFM includes a dual-image classifier as one of its three principal algorith-
mic components rather than treating change detection as an afterthought [Wagner et al., 2026].
Yet the operational record is more cautious than the method literature sometimes implies. Early
automated Sentinel-1 services such as the DLR chain demonstrated that single-image thresholding
plus refinement could already deliver useful crisis products [Twele et al., 2016]. OPERA-related
DSWx-S1 likewise adopts a single-acquisition architecture with multiple safeguards, not a manda-
tory pre-event pairing strategy [Jung et al., 2026]. The recent multi-source AdaI-RAPID preprint
makes the trade-off especially explicit: advanced change detection is still desirable, but threshold-
based initialization remains the more flexible default when one wants to support heterogeneous
sensors and near-real-time deployment [Yang et al., 2024]. The lesson is slightly uncomfortable but
important. Change detection is often scientifically attractive because it sharpens flood evidence,
but operationally it creates a second problem: one must also guarantee sound pre-event matching,
orbit compatibility, reference quality, and latency control. In practice, many services appear to
judge that this extra system burden is not always worth making the whole pipeline depend on it.

The second is how much preprocessing should live upstream, and how much should
be treated as part of the flood system itself. This issue is often handled as a background
implementation detail, but real systems are shaped by it. GFM is built around Sentinel-1 IW
GRD inputs in a service architecture designed for continuous flood monitoring [Wagner et al.,
2026]. OPERA-related DSWx-S1, by contrast, is built on radiometrically terrain-corrected (RTC)
Sentinel-1 backscatter, which fits the broader OPERA product ecosystem and its emphasis on
standardized, analysis-ready product layers [Jung et al., 2026]. That difference is not merely cos-
metic. It reflects different system assumptions about where preprocessing responsibility should sit,
how tightly the flood or water algorithm should couple to upstream infrastructure, and what level
of product standardization the broader program is trying to maintain. The literature also shows
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that this choice can affect downstream mapping behavior. Comparative work in Southeast Asia,
for example, found that algorithm performance can differ depending on whether Sentinel-1 inputs
are processed with RTC or alternative terrain and radiometric treatments [Markert et al., 2020].
More practically, some systems treat speckle filtering as a standard prerequisite, while others avoid
making it obligatory because filtering may alter the statistical behavior on which later thresholding
or noise assumptions depend. Likewise, radiometric calibration, terrain normalization, geocoding,
and related steps are no longer inseparable from one institutional processing chain; many now have
accessible open-source implementations. This means a simplified, equivalent workflow can some-
times be absorbed into the flood system itself, allowing direct use of provider-level products such as
Sentinel-1 GRD when that better matches operational need. In other words, preprocessing is not
always just “before” the model. In system terms, it is often part of the model’s real architecture.

The third is how much localization a production system can afford. The literature
has repeatedly shown that SAR flood signatures are locally conditioned by land cover, roughness,
terrain, incidence geometry, and scattering regime, which means that globally fixed thresholds
are rarely the whole story. This recognition underlies hierarchical split-based thresholding, local
threshold transfer, and related scene-adaptive methods [Chini et al., 2017, Liang and Liu, 2020].
In that sense, the argument for localization is already won at the methodological level. The unre-
solved issue is how much localization a production system can afford. OPERA-related DSWx-S1
is informative here because it accepts the need for local threshold estimation, but implements it
through tile-based sampling and interpolation procedures that remain simple enough for global
product generation [Jung et al., 2026]. The same practical stance is visible in other operational
lines: local adaptation is retained, but it is disciplined into forms that are stable, auditable, and
scalable. This is a useful corrective to the tendency, common in research papers, to equate more
local detail with a universally better system. In production, local adaptation only helps if it does
not create a new fragility in tuning, transfer, or maintenance.

A fourth example is the limited operational uptake of deep learning and machine
learning. On the research side, progress has been real. Studies now demonstrate unsupervised
or weakly supervised large-scale flood segmentation, urban-aware networks that incorporate coher-
ence, and steadily improving benchmark performance on curated SAR flood datasets [Jiang et al.,
2021, Zhao et al., 2022, Schmitt et al., 2022]. At the same time, these studies also reveal why
the operational transition has been slower than the publication rate. Benchmark gains are often
measured against a reference processing chain under controlled data assumptions, not against the
full burden of always-on service operation [Schmitt et al., 2022]. Training and transfer still depend
heavily on dataset design, label quality, domain coverage, and sensor consistency, as illustrated
by benchmark datasets such as Sen1Floods11 [Bonafilia et al., 2020]. More fundamentally, recent
preprint arguments have pushed the critique deeper by suggesting that some generalization limits
are rooted not only in data scarcity but in SAR scattering physics itself, which constrains how
cleanly supervised models can separate flood and non-flood behavior across scenes [Zhao, 2026].
Add to this the practical reality that many public-service environments remain CPU-centered and
conservative in their deployment stacks, and the current operational landscape becomes easier to
understand. The field is not ignoring ML and DL because it failed to notice them. It is hesitating
because the detector is only one layer of the system, while the costs of reliability, explainability,
retraining, and deployment are paid across the whole stack.

Taken together, these examples point to a broader review conclusion. Operational SAR flood
mapping does not consistently reward the most sophisticated component in isolation. It rewards the
design that best balances evidence quality, scene adaptation, data-path dependence, engineering
overhead, and reproducible delivery. That is why the next question for the field should not simply
be which detector is best. It should be which system design best survives contact with real data,

8



real timelines, and real institutions.

4.4 Toward an adaptive development framework
Current operational products point directly to the need for adaptive system design. GFM is
built around a specific large-scale production workflow, reference climatology, ensemble logic, and
uncertainty-aware service structure [Wagner et al., 2026]. OPERA-related DSWx-S1 similarly
shows that scalable mapping depends on stacked safeguards such as adaptive thresholding, dark-
land suppression, fuzzy logic, and refinement modules rather than a single classification step [Jung
et al., 2026]. At the same time, broader emergency response systems such as the Copernicus Emer-
gency Management Service illustrate that flood monitoring is embedded in changing operational
contexts, where forecast guidance, event prioritization, and institutional workflows shape what can
be delivered and when.

The implication is straightforward. Because the relevant inputs and constraints vary across
events, locations, sensors, and response settings, an effective SAR flood mapping system should be
able to adjust as conditions change. In this setting, AI becomes valuable not only as a detector, but
as a means to support dynamic system composition and development. The opportunity is to move
from static flood-mapping pipelines toward adaptive systems that can reorganize how observations,
priors, processing components, and resources are combined in real time.

Recent agent-first software engineering discussions make a similar point from outside Earth
observation: once the technical components already exist, the key bottleneck often becomes how
quickly humans can specify intent, structure environments, expose the right context, and build
feedback loops so agents can do useful bounded work. That analogy is especially relevant here. In
SAR flood monitoring, the hard part is often inventing less than selecting, adapting, implementing,
validating, and maintaining the right combination of known components for the operational need
at hand. An AI-agent-supported development framework therefore matters as a way to accelerate
this bridging work under expert supervision. The next section grounds that claim in one distilled
operational case, where interruption of an inherited workflow made the system problem impossible
to ignore.

5 Case Example: Rebuilding an Operational SAR Flood Mapping
Workflow

The system problem outlined in Section 4 was not hypothetical. In one recent operational setting,
flood-mapping capability had been built around an on-demand workflow that depended on a heavy
upstream preprocessing chain, large compute allocation, and several loosely coupled components
developed over time. When a critical dependency in that chain became unavailable, routine map
generation effectively stalled. The science remained, the data still arrived, and the need for flood
information did not change. What failed was the system path from SAR observation to usable
flood product.

The events behind this example are real, but the account is intentionally distilled. Specific
institutional identifiers, internal program structures, and implementation details are omitted. The
goal is to present a publishable case in which operational interruption exposed the underlying
system design problem clearly enough that a different development philosophy became necessary.
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5.1 The operational problem
The interrupted workflow had scientific value and had supported serious exploration of state-of-
the-art directions. It embodied practical efforts toward cloud-based preprocessing and computation
for SAR flood mapping, on-demand operational response connected to forecast and hazard-service
needs, and real experience across multiple SAR sensors. Those earlier efforts were not meaningless
detours. They were necessary explorations that helped clarify the physical core of the problem, ex-
posed where professional remote-sensing rigor must be preserved, and showed how much operational
complexity a transition-oriented system could accumulate over time.

At the same time, the inherited workflow carried substantial operational weight. It depended
on specialized preprocessing software, large memory allocation, and a service structure in which
flood mapping was only one component of a broader chain. In practical terms, a single image run
could take roughly 30 minutes to more than 2 hours from activation to flood product depending
on sensor, preprocessing path, and machine conditions, often with preprocessing itself contributing
major overhead. Resource demands were also heavy, with some processing configurations expecting
cloud or server environments capable of assigning roughly 256 GB memory to one job. That design
was workable when the full chain remained available and when event-driven, on-demand response
was the dominant mode. Once the preprocessing dependency became unstable, however, the flood-
mapping capability inherited that instability.

This exposed the actual problem to be solved. The central issue was not simply efficiency
in the narrow computational sense. It was resumability. How could operational flood mapping
be restored quickly and robustly under the data formats, software constraints, resource limits,
and time expectations that actually governed the environment? The available SAR inputs were
heterogeneous C-band products with varying formats and resolutions. Some data pathways imposed
handling restrictions. Upstream standardization could no longer be assumed. The inherited system
had enough moving parts that when one critical component failed, the whole operational path
became difficult to resume.

From a system-design perspective, several requirements followed immediately. The new baseline
needed to work directly with more accessible provider-level inputs, minimize dependence on fragile
upstream services, reduce runtime and memory burden, retain enough physical and hydrologic
logic to remain trustworthy, and transfer across multiple C-band sources rather than one narrowly
tuned sensor pathway. In short, the task was to rebuild the flood-mapping stack around what the
operation actually needed, rather than around what the previous workflow happened to require.

5.2 SIENA as a rebuilding architect
The rebuild was carried out through an AI-agent-enhanced research and development framework
referred to here as SIENA. In this context, “agent” is too weak a description. SIENA functioned
more usefully as an architect. That term is intentional. Practical flood-system development re-
sembles architectural design more than isolated algorithm tuning. The final structure must satisfy
physical principles, numerical logic, data characteristics, machine limits, policy constraints, user
needs, and operational timing, while still remaining coherent enough to be maintained. Some of
those requirements are formal and measurable; others are empirical and only become visible through
repeated work with real scenes, real users, and real failure modes. The balance among them is not
fixed in advance. It requires judgment.

As illustrated in Figure 1, SIENA is treated here as an AI-agent architect framework that
strengthens the research and development loop for near-real-time multi-source SAR flood modeling,
including flood inundation mapping, refined flood-depth estimation, change detection in obscured
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areas, and both global baseline and localized model configurations. It is designed to ingest not only
SAR observations, ancillary data, and scientific expertise, but also operational needs, calibration
and validation constraints, and available computational resources so that resulting models better fit
practical use conditions. Through repeated training, model generation, and application, the SIENA
agent core can accumulate task-specific memory and refine its support for operational goals under
scientist oversight, making the framework increasingly effective over time. The resulting products
remain ready-to-use scientific codes that do not require GPU or AI-specific facilities to run, while
the scientific logic and methodological control remain with the research team.

Figure 1: Framework diagram of SIENA (Scientific Inundation Evolution Network Agent for
SAR), an AI-agent framework for multi-sensor C-band SAR flood model development and cali-
bration/validation. SIENA integrates SAR observations, ancillary data, scientific expertise, oper-
ational constraints, and computational resources to generate scientifically sound and operationally
relevant flood-mapping configurations. This framework enables complex expert knowledge and
practical system requirements to be more directly incorporated into research and transition-oriented
code development.

That architectural role is also why AI becomes useful at this stage of the field. Once SAR flood
mapping has accumulated decades of methods, code fragments, failure lessons, and sensor-specific
experience, the bottleneck often shifts to composition: selecting what should remain, what should be
simplified, what should move into the model itself, and what should be removed. SIENA was used to
strengthen that composition loop under scientist oversight. Prior operational experience, hydrologic
reasoning, legacy code logic, published methods, sensor knowledge, and deployment constraints were
organized into a faster cycle of implementation, testing, revision, and reimplementation.

The design philosophy that emerged was well captured by the modernist principle that “less is
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more,” associated with Mies van der Rohe. In this case, the phrase does not mean simplification
for its own sake, nor does it diminish the value of earlier work. Rather, it means identifying which
components are scientifically indispensable and which intermediate layers add operational burden
without commensurate value. The rebuild therefore moved toward direct use of GRD-like inputs,
lightweight open-source preprocessing in Python, automated ancillary-data handling where needed,
flexible format support, and a baseline model structure organized around initialization, pixel-level
detection, and object-level rule refinement. The intention was to preserve the physically meaningful
kernel of the remote-sensing workflow while integrating hydrologic requirements, computer-science
efficiency, actual facility availability, and policy constraints into a cleaner system.

The technical consequences were substantial. Preprocessing that had previously depended on
heavier external infrastructure was replaced by an open-source Python workflow that could move
from data download to preprocessed input in roughly 5 minutes. The rebuilt pipeline could produce
a SAR flood map from download to final baseline output in approximately 10–15 minutes per image
under the tested configuration, rather than roughly 30 minutes to 2 hours or more for the earlier
path. Memory demand was reduced from about 256 GB in the heavier configuration to about
32 GB in the streamlined one, representing roughly one-third to one-half of the prior resource
burden depending on how the comparison is framed across system components. These changes did
more than improve convenience. They changed what operational modes were realistic.

5.3 Less is more: from interruption to operational redesign
Because the rebuilt system was lighter, more self-contained, and less dependent on fragile upstream
components, it became possible to consider production strategies that were previously difficult
to justify. A workflow built for expensive, interruption-sensitive, on-demand execution naturally
encourages selective activation. A workflow that preprocesses quickly, runs in minutes, and stays
within modest memory bounds opens the door to routine large-area production without hesitation.
That shift matters scientifically and operationally. It changes the role of SAR flood mapping from
a product triggered only when resources and pipeline conditions align to a capability that can run
more continuously and support broader monitoring needs.

Early testing indicated that the rebuilt baseline could recover practical flood-mapping capacity
while also improving system behavior in several respects. It worked across multiple C-band SAR
inputs rather than assuming a single-sensor world. It reduced compute burden enough to make
scaling more plausible. Quicklook results suggested that the streamlined design could preserve
the principal flooded areas while reducing some recurrent over-detections in difficult terrain and
snow-affected backgrounds. Just as importantly, the rebuild shortened a development cycle that
under older organizational patterns could easily have taken years and required prolonged interaction
across multiple teams, pipeline components, and handoff points.

That compression is where the broader significance lies. In ordinary settings, a team often has
to restore continuity first and only afterward pursue innovation. Here, AI-assisted development
helped compress those phases. Human expert judgment was still essential: a scientist or system
architect had to decide which physical components were non-negotiable, which simplifications were
scientifically defensible, and which tradeoffs matched the operational reality. AI did not inde-
pendently discover that direction, and it would not be expected to motivate itself toward such a
solution without guidance. Its contribution was different and, in practice, highly consequential:
it enabled repeated interaction across papers, legacy code, operational constraints, and evolving
expert reasoning in a way that functioned more like a human-like training process than a conven-
tional fixed training-set paradigm. Once the direction was defined, that interaction accelerated
implementation, testing, comparison, and reorganization enough that rebuilding and innovation
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could occur within the same period rather than in separate multi-year stages.
The interruption therefore did not simply force a replacement of one broken component. It

created an opportunity to remove accumulated workflow weight and rebuild the flood-mapping
system in a form closer to the real task. The result was a cleaner and more direct stack: lightweight
preprocessing, flexible multi-source input handling, a physically informed baseline model, lower
runtime cost, reduced resource demand, and a realistic path toward routine production. In that
sense, the interruption became an opening. A problem in the inherited pipeline revealed a design
that was more suitable for the operational future.

The practical gain was not only a better-behaved model, but a step change in operational capac-
ity. A workflow once constrained by heavy preprocessing, large memory demand, and interruption-
sensitive execution was rebuilt into one that could run faster, more routinely, and at far lower
cost. That shift made room for larger test volume, more regular production, and a mode of op-
eration that had previously been difficult to sustain within the group. In that sense, the redesign
was not merely an efficiency improvement. It removed barriers that had accumulated around the
operational mission itself.

6 Discussion and Outlook
The case example shows what the broader argument of this paper looks like in practice: once an
inherited workflow is treated as a design object rather than a fixed container, interruption can
become an opportunity for rebuilding. That point, however, should not be overstated. SAR flood
mapping remains difficult because the physics, the empirical behavior of real scenes, the structure
of available data, and the constraints of operations do not align neatly. AI agents do not remove
those difficulties. What they can do is change the rate at which a scientifically grounded system
can be assembled, tested, revised, and matured.

6.1 Physics, empiricism, and AI-enabled flood mapping
One recurring debate in SAR flood mapping, and more broadly in remote-sensing flood mapping,
concerns the relationship between physics-based reasoning and empirical practice. In reality, op-
erational methods have almost always contained both. Some components remain stable because
long experience has shown that they are broadly robust. Others emerge from repeated empirical
calibration, case-based adjustment, or practical routines that later become accepted parts of the
workflow. Even methods often presented as more objective or rule-based still contain this mix-
ture. For example, operational systems such as OPERA DSWx-S1 rely on predefined segmentation
thresholds, fuzzy-logic design choices, and fixed acceptance or rejection rules for candidate water
bodies, all of which reflect accumulated expert practice as much as formal theory.

This is why the opposition between “physics” and AI is often overstated. Early machine-learning
and deep-learning studies in flood mapping were frequently criticized for not producing operational-
ready systems, but many of those studies were not trying to do so. They were proof-of-concept
efforts, and they successfully demonstrated that some kernel algorithmic tasks could be learned in
a more data-driven way. If such approaches eventually mature into operational systems and survive
broad evaluation, then they too will contain a large amount of what practitioners informally call
physics: not necessarily in the form of hand-written equations alone, but as stable knowledge
distilled through repeated interaction with data, errors, and validation. After all, theory alone can
only take the field so far; robust operational knowledge must also be shaped by new data, failure
cases, validation exercises, and real-world constraints.
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The same pattern appears in AI-agent-assisted development. During interactive research and
development, new physically meaningful logic can emerge through implementation, calibration and
validation against existing operational products, and comparison with event evidence or survey-
based truth. Some of that knowledge is already known to experts but becomes newly organized;
some of it is made more explicit through the agent workflow; and some may even refresh the
scientist’s own understanding. The practical implication is simply that AI-assisted development
should not be treated as inherently opposed to physically grounded flood science. In many cases,
it becomes another setting in which empirical practice, expert judgment, and operational testing
are translated into stable system logic.

The case in Section 5 helps make this point concrete. The rebuild did not succeed by abandoning
remote-sensing logic in favor of unconstrained automation. It succeeded by simplifying the stack
while preserving the physically meaningful kernel, then accelerating implementation and revision
within that boundary.

6.2 Security and governance in AI-agentic operational R&D
A second discussion point concerns security. One concern is scientific security: could an AI-agentic
workflow drift away from physically sensible reasoning and produce outputs that appear polished
but are scientifically unsound? That risk is real, but it is manageable. Scientist supervision remains
the first safeguard. Boundary-condition control, constrained tooling, and rigorous calibration and
validation remain additional safeguards. In other words, AI does not remove the need for scientific
discipline; it increases the importance of explicit scientific control.

A second concern is institutional or computational security. In principle, an unconstrained agent
could misuse compute resources, exceed data quotas, interfere with shared systems, or modify
files it should not touch. In practice, these risks can be limited through ordinary governance
mechanisms: permission management, sandboxed execution, scoped credentials, approval gates for
sensitive actions, and agency software standards for any code that moves toward operational use. A
particularly important distinction is that operational deployment does not require shipping the live
agent itself into production. In many cases, the safer pattern is to use AI agents during research
and development, then operationalize the reviewed code, workflow, or model artifact under normal
institutional controls. Under that model, AI-agentic R&D remains powerful while staying within
familiar security boundaries.

6.3 Outlook: research, training, and collaboration
The longer-term outlook is broader than coding assistance alone. As AI agents improve in memory,
tool use, and scientific continuity, it becomes plausible to organize them into managed research
teams that help carry larger portions of the R&D process: literature synthesis, implementation,
testing, documentation, benchmarking, and redesign. That does not imply removing scientists from
the loop. It suggests that scientists may increasingly act as directors of AI-accelerated research
programs rather than sole executors of every technical step.

This possibility also has implications for education and collaboration. A well-trained SAR flood
system architect such as SIENA could help teach students, onboard early-career scientists, answer
technical questions, and support cross-team discussion at a level that is difficult to scale through
human mentoring alone. One can also imagine agent-to-agent scientific exchange, in which collabo-
rators send specialized agents to interact with other expert systems for focused technical discussion.
Looking further ahead, it is also plausible that official institutional AI interfaces will become com-
mon across the broader satellite-information ecosystem. In such a setting, a scientist’s agent could
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communicate directly with data-provider agents, satellite science teams, hydrologic analysis agents,
end-user support systems, and computational-infrastructure agents, allowing technical constraints
and scientific requirements to be negotiated across the workflow far more quickly than is typical
today. If that kind of connected agent ecosystem emerges, it could significantly accelerate the rate
at which satellite-information research and development moves from idea to operational capability.
Whether or not that broader ecosystem arrives soon, the near-term implication is already clear:
AI agents can extend scientific capacity across research, education, and collaboration if they are
developed with sound memory, careful oversight, and respect for the field’s accumulated knowledge.

Taken together, these points suggest a more practical agenda for the field. The relevant ques-
tions are not only whether AI can contribute, but under what conditions it contributes usefully:
how it should be constrained, how it should be validated, what parts of the workflow it should
accelerate, and how it can support research, operations, and training without weakening scientific
or institutional discipline. Those broader implications are taken up in the concluding section.

7 Conclusion
This paper argues that SAR flood mapping should now be understood less as the search for one more
isolated detector and more as the development of operational systems that must work under real
constraints. Algorithm design, preprocessing, ancillary data, computing environment, refinement
logic, validation, and deployment have become too entangled to be treated as separate concerns if
the goal is a usable flood product.

From that perspective, the manuscript advanced three connected points. First, recent opera-
tional systems and literature show that SAR flood mapping is fundamentally a full-stack systems
problem rather than a detector-only problem. Second, the case example showed that when an
inherited workflow is interrupted, progress may come less from adding new complexity than from
rebuilding the stack around what is scientifically necessary and operationally sustainable. Third,
the discussion argued that AI-agent-assisted development is best understood as a practical addition
to a field that has always depended on some mixture of physical reasoning, empirical adjustment,
engineering judgment, and iterative validation.

The broader implication is that this line of work is inherently multidisciplinary. Radar physics
matters, hydrologic reasoning matters, statistics matter, software architecture matters, operational
constraints matter, and user-facing reliability matters. None of these alone is the field. The purpose
of the system is not to preserve any one disciplinary preference in isolation, but to turn available
knowledge, tools, and resources into a product that can be trusted when flood decisions must be
made.

The central shift is therefore simple. The field should ask not only how to build a better flood
algorithm, but how to build a better flood monitoring system for the need at hand, and how to keep
improving it as conditions change. In that sense, physics, mathematics, remote sensing, hydrology,
computing, AI, and human oversight are not competing ends in themselves, but instruments to be
judged by how well they serve the field’s central tenet: timely and trustworthy flood monitoring.
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