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Qing Yang
Cooperative Institute for Satellite Earth System Studies
Earth System Science Interdisciplinary Center
University of Maryland, College Park, MD 20740, USA

Abstract

Flood mapping with synthetic aperture radar (SAR) has long been framed primarily as a
problem of improving inundation detection algorithms. Although that framing has produced
major advances, it increasingly understates what operational flood monitoring requires in prac-
tice. Useful flood products depend on the coordinated performance of data access, preprocess-
ing, ancillary information, model logic, computational infrastructure, validation, and long-term
maintenance. This perspective argues that SAR flood mapping should therefore be understood
as a full-stack operational systems problem rather than only an algorithm-selection exercise.
Building on the field’s transition from prototype workflows to institutional operational services,
the paper further argues that the present moment is especially important because mature SAR
archives, accessible global ancillary datasets, scalable computing environments, and Al-agent
systems now coexist. To ground that argument, the paper presents a real SIENA rebuild-
ing case in which an Al-agent-assisted, human-supervised development process was used to
restore and redesign an operational Sentinel-1 flood workflow, and summarizes comparative ev-
idence from four quantitative evaluation settings using operational remote-sensing water and
flood products and survey-style references, including VIIRS-FIM, NOAA Emergency Response
Imagery, DSWX-HLS, and DSWX-S1. The resulting SIENA workflow now supports routine
public production over CONUS and Alaska, with updates issued several times per day. The
manuscript therefore advances a practical perspective for linking algorithmic components, sys-
tem integration, and adaptive development, while emphasizing that Al-assisted workflows must
remain grounded in hydrologic reasoning, validation, and human oversight to support 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 all, 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,,
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2016, Chini et alJ, 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,
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 system. In practice, the detector is only one component
within a much larger operational chain.

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 all, 2026, Yang et al,,
2021]. These efforts make clear that operational readiness is not achieved by algorithmic novelty
alone. 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 environ-
ment than earlier generations had available, including globally accessible surface-water occurrence
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 all, 2022].
Cloud and high-performance computing have made large-scale processing more realistic. And large
language models and Al-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 Al-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 oper-
ational stack rather than only an algorithmic task, presents an adaptive closed-loop development
framework centered on initialization, pixel-level detection, and object-level rule refinement, and
argues that Al-agent systems can accelerate the development of next-generation flood mapping
systems by translating accumulated hydrologic knowledge, Earth observation infrastructure, and
engineering logic into operational-ready workflows. To keep that perspective grounded, the paper
also summarizes a real SIENA rebuilding case supported by four comparative evaluation settings
and by routine public production over CONUS and Alaska, with detailed figures, metrics, and
caveats moved to supplementary materials.

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 Al-assisted development tools. The next sections build that case by
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tracing how the field moved from prototype algorithms to operational flood mapping systems, why ss
the present moment is different, and how a full-stack framework can help guide future development. &

2 The Path from Prototype Algorithms to Operational Systems

Satellite SAR flood mapping did not mature by discovering one superior inundation algorithm. Its s
development was phased, and each phase was shaped not only by retrieval logic, but also by satellite o
availability, preprocessing software, ancillary datasets, computing environments, and institutional o
capacity. Read historically, the field moved through three broad stages: an early theory-building o
era, a practical workflow-building era, and the present operational systems era. The key point o3
is that progress came from assembling more complete systems over time, not just from inventing o
better detectors. 05

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 o7
early 2000s, SAR flood mapping was constrained by sparse acquisitions, limited revisit frequency, os
difficult data access, and relatively small collections of case studies. In that setting, the field focused o
on understanding how flooded surfaces appear in SAR imagery and on establishing the conceptual 100
foundations of flood retrieval. 101

Important methodological ideas emerged in this period, including threshold-based water extrac- 102
tion, histogram analysis, split-based thresholding, active contour approaches, segmentation logic, 103
and early object-oriented thinking. The lasting lesson from this work was that flood mapping could 104
not be reduced to one universal low-backscatter threshold. Surface roughness, land cover, local 105
incidence geometry, speckle, urban structures, and vegetation all complicated the SAR flood signal 106
[Shen et al., 2019b, Amitrano et all, 2024]. 107

Operationalization, however, remained limited. Workflows were often assembled manually 108
around one or two scenes, with heavy analyst intervention in preprocessing, threshold selection, 109
region cleaning, and quality control. The field produced foundational knowledge, but most methods 110
still lived as prototypes rather than sustained services. That prototype-heavy base set up the next 1
phase, in which the question shifted from whether SAR flood retrieval could work to how it could 12
be made repeatable. 113

2.2 Practical development and early services (2010—-2019) 114

The second phase was a practical development era in which operational ambition became much 15
more realistic. Around 2010, high-performance computing became more accessible, server-side 116
processing matured, and remote-sensing software ecosystems improved. As the decade progressed, 17
public ancillary datasets such as land cover, elevation, water occurrence, and hydrologic context 11s
layers became easier to integrate into workflows. The launch of Sentinel-1 in 2014 was especially 119
important because it changed the economics of SAR flood monitoring by providing systematic, free, 120
and relatively frequent C-band observations. 121

During this period, the field moved from isolated algorithm demonstrations toward more re- 122
producible processing chains and early operational services. Early system-oriented studies already 123
emphasized automation and operational lessons [Matgen et al., 2011, Pulvirenti et al), 2011, Martini§ 24
et al), 2009]. Later, automated Sentinel-1 pipelines, TerraSAR-X services, and large-scale moni- 125
toring studies showed that end-to-end flood workflows were becoming technically plausible under 12
many open-water conditions [Martinis et al,, 2015a,b, Twele et al., 2016, Pulvirenti et al), 2021, 127



EarthArXiv postprint | Author's accepted manuscript | Frontiers in Water | DOI: 10.3389/frwa.2026.1871753

128

129

130

131

132

133

134

135

137

138

139

140

141

142

143

144

145

146

147

148

149

151

152

153

154

155

157

158

159

160

161

162

163

164

165

166

167

168

169

Yang et al., 2021, Zhao et all, 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
information were increasingly combined into more coherent stacks [Li et al), 2018b, Zhao et al,,
2022, Giustarini et al), 2016, Chini et al), 2017, Landuyt et all, 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 all, 2020, Singha et al., 2020, Jiang et all, 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 Al-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 all, 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 ali, 2022, Wagner et all, 2026, Zhao et all, 2021a)].
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 in-
tegrating remote sensing, hydrology, geospatial data engineering, computing infrastructure, and
product maintenance into one sustained architecture.

This multidisciplinary convergence also clarifies why Al becomes more relevant now. Large
language models and Al-agent systems matter here not mainly as replacement classifiers, but as
tools for literature synthesis, code generation, workflow design, experiment management, documen-
tation, and cross-sensor adaptation. Al 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.



EarthArXiv postprint | Author's accepted manuscript | Frontiers in Water | DOI: 10.3389/frwa.2026.1871753

3 Why the Present Moment Favors Al-Enhanced Development

The case for Al-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
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 Al-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
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sometimes developing new components when existing ones do not fit. That work is real, necessary,
and often slow.

This is exactly where Al becomes relevant. Large language models and Al-agent systems do not
replace 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
literature synthesis, code generation, workflow comparison, documentation, debugging, and adap-
tation across sensors or regions. In other words, Al matters here because the field has matured
into a problem of rapid system assembly and adaptation under changing needs.

Seen this way, Al-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 AT
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 Al-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
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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
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 all, 2026, Jung et all, 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), 2018b]. 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 all, 2026]. The recent multi-source Adal-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 all, 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)
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Sentinel-1 backscatter, which fits the broader OPERA product ecosystem and its emphasis on
standardized, analysis-ready product layers [Jung et all, 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
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 all, 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 all, 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 Sen1Floodsl1 [Bonafilia et all, 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.
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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,
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, Al 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 Al-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
internal program structures and some implementation details are omitted. The purpose is not to
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dramatize a workflow accident. It is to show that once an operational interruption exposed the
fragility of the inherited stack, the real problem became impossible to misread: the task was not
merely to swap one algorithm for another, but to rebuild a usable flood-monitoring system under
realistic data, software, timing, and resource constraints.

5.1 The operational problem

The interrupted workflow had scientific value and was rooted in genuine prior operational devel-
opment. It drew from earlier near-real-time Sentinel-1 flood-monitoring efforts and from a high-
resolution flood-archive framework over CONUS [Shen et all, 20194, Yang et all, 2021]. In practical
terms, however, the inherited system carried substantial operational weight. It depended on special-
ized preprocessing software, large memory allocation, and a service structure in which flood mapping
was only one component of a broader chain. 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. Some config-
urations also assumed access to 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 human-supervised Al architect

The rebuild was carried out through an Al-agent-assisted research and development framework re-
ferred 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 resembles
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.

As illustrated in Figure [ﬂ, SIENA is treated here as an Al-agent architect framework that
strengthens the research and development loop for near-real-time multi-source SAR flood mod-
eling, including flood inundation mapping, refined flood-depth estimation, change detection in
obscured areas, and both global baseline and localized model configurations. In the work reported
here, the agent-development environment relied primarily on OpenClaw and Cursor as interactive
Al-assistance tools. For the OpenClaw-assisted portions described here, the principal model en-
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vironment was OpenAl Codex GPT-5.4; Cursor functioned as an interactive coding environment
rather than as a separately benchmarked scientific component. These tools were used to help orga-
nize literature and workflow context, generate and revise code, compare implementation pathways,
document logic, and accelerate repeated rounds of testing and restructuring. The scientific fram-
ing of the problem, acceptance criteria, hydrologic interpretation, and final judgment of what was
scientifically defensible remained under human control.

Input SAR Computation
(81, RCM, RS2) Resources
Operational Expertise Ancillary
Needs (EBxpert, Capoy Legaoy Data

ST TTTTTTTTo T ) Ainluieiulutetuininieii ~ Feedback
! . . I loo
' Scientist SIENA - . P
| Side Al-Agent : '
N ¢ ------------- - | cal/val with
st il ~. | Reference
« SAR Flood
I
! Models
: Operationa| Flood Inundation | | Flood Depth
:Ready Codes Map (FIM) (GLOCAL) More...
: Global baseline Localization
|\ model model

L s e ——

Figure 1: Framework diagram of SIENA (Scientific Inundation Evolution Network Agent for
SAR), an Al-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, iteration, and reimplementation.

The design philosophy that emerged was well captured by the modernist principle that “less
is more.” In this case, the phrase does not mean simplification for its own sake, nor does it di-
minish the value of earlier work. Rather, it means identifying which components are scientifically
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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 prepro-
cessing 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.

5.3 Production implementation and current operational use

The technical consequences were substantial. Relative to the inherited heavier configuration, the
rebuilt workflow reduced preprocessing dependence, lowered memory demand, and shortened time-
to-product enough to change what operational modes were realistic. In its current production
setting, the SIENA-generated codebase runs on the University of Maryland HPC system Zaratan.
The standard Zaratan compute nodes are AMD Zen3 nodes with dual AMD EPYC 7763 proces-
sors (128 cores and 512 GiB memory per node), while the routine SIENA tasks described here
are typically configured at the job level around 1 CPU and 64 GB memory for downloading, pre-
processing, SIENA SAR flood inundation mapping, and global-plus-local (GLOCAL) flood-depth
estimation. Importantly, the operational deployment is of reviewed code, scripts, and workflow
artifacts generated through the SIENA development process rather than of an unconstrained live
agent.

Because the rebuilt system is lighter, more self-contained, and less dependent on fragile upstream
components, it became possible to move beyond interruption recovery toward routine broad-area
production. In practical terms, the current workflow no longer depends on an external RT'C produc-
tion path as its required entry point and instead works directly from more accessible provider-level
SAR inputs using lightweight open-source preprocessing. It also does not require paid or credit-
gated data access for the core Sentinel-1 operational pathway described here. The production
deployment currently runs on HPC, but the workflow logic is designed to remain portable across
computing environments ranging from shared servers and university HPC systems to more modest
workstation or laptop settings when the target domain and throughput requirements are smaller.
The workflow now supports public routine production covering CONUS and Alaska, with up-
dates issued several times per day and distributed as date-grouped zip archives through a public
Google Drive share. That production mode is important for the present paper because it shows
that the result of the Al-assisted rebuild was not merely a demonstration script. It was a working
operational pipeline placed into real recurrent use.

5.4 Comparative evidence across four evaluation settings

This subsection provides a concise summary of the comparative quantitative evidence used to
judge the rebuilt workflow. Detailed case descriptions, figures, metrics, caveats, and representative
examples are provided in the supplementary materials. TableE and Figures bring the headline
comparative results directly into the main text.

12
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Table 1: Headline comparative evidence for the SIENA case brought into the main text. Values
are reported exactly as summarized from the four supporting evaluation settings, while detailed

methods, caveats, and per-date or per-scene breakdowns remain in the supplement.

Setting Comparison basis Headline quantitative result Main operational reading
West Coast SIENA  vs  Al-  Precision 0.381; recall 0.075; F1 SIENA occupies a deliber-
atmospheric ~ gorithm A vs  0.125; no-flood false-alarm density ately conservative operating
river Algorithm B using 2.17 x 10~%; kernel runtime 2.81 point: substantially fewer
VIIRS-FIM min vs 5.17 and 21.89 min false alarms and faster ker-
nel execution, but lower re-
call.
Kentucky SIENA vs NOAA Precision 0.685; recall 0.013; F1 Useful as an event-level real-
flood event ERI RGB-derived 0.026; tile wet-fraction correlation ism check, not as a primary
reference weak and interpreted cautiously quantitative validation an-

Central Val-
ley monitor-

SIENA vs DSWX-
HLS vs VIIRS-FIM

Pooled F1 =
VIIRS), 0.753

0.508 (SIENA-
(DSWX-HLS-

chor for flood extent.
SIENA behaves as a credi-
ble inter-product peer, but

ing over 23 dates VIIRS), 0.521 (SIENA-DSWX- with lower flood recall than
HLS); flood-subset F1 = 0.513, DSWX-HLS against the

0.758, 0.526 same optical reference.
Three SIENA vs DSWX- SIENA-VIIRS F1=10.598 /0.515 Event behavior depends
flood-event S1 vs VIIRS-FIM / 0.025; DSWX-S1-VIIRS F1 = strongly on flood type:
DSWX-S1 over Snohomish, 0.084 / 0.387 / 0.039; SIENA- SIENA is closer to VIIRS in
study Jackson County, DSWX-S1 F1 = 0.287 / 0.761 / two events, while DSWX-
and Alaska Yukon 0.386 S1 vegetated inundation
events remains scientifically im-

portant but was not scored
in the open-water metrics.

The first evaluation setting was an apple-to-apple comparison of SIENA against two earlier s
operational code versions, here referred to as Algorithm A and Algorithm B, over the December 2025 90
U.S. West Coast atmospheric-river event. The comparison included 142 Sentinel-1 acquisitions 4o
spanning Seattle and part of California’s Central Valley, many of which contained little or no flood 4
signal. This mixed set is useful precisely because an operational system must behave sensibly not 493
only on dramatic flood scenes but also on ordinary or near-dry scenes. Against VIIRS-FIM at a0
375 m, SIENA showed a conservative detection regime with the highest pooled precision of the a5
three candidates (0.381) and, more importantly for deployment, the lowest false-alarm density on 96
no-flood scenes (2.17 x 10™%). On the 29 no-flood scenes in the evaluation set, SIENA was the only o7
candidate that remained effectively silent at the chosen operating point, whereas Algorithms A 40
and B produced substantially larger false-alarm activity. The same case also provided a direct a9
runtime comparison on the same HPC environment for the Sentinel-1 SAR kernel-processing stage soo
only: SIENA had a median runtime of 2.81 minutes per granule, compared with 5.17 minutes so
for Algorithm B and 21.89 minutes for Algorithm A. These kernel-only timings should not be s
interpreted as end-to-end workflow comparisons, because the legacy workflows depend on RTC 503
availability from external production pathways that are not directly comparable to the present sos
GRD-based SIENA production chain. This case therefore justifies a narrow but operationally sos
important claim: SIENA currently favors precision and operational silence over aggressive flood sos
recall. That trade-off is intentional at the present operating point, because in a routine continental so7
workflow false alarms can rapidly erode analyst trust and downstream usability. At the same time, sos
the low recall values show that this operating point is conservative and should be understood as soo
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tunable rather than universally optimal.

Operational false-alarm behaviour at 375 m (post-hoc derived from metrics_all_granules.csv)
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Figure 2: Main-text evidence figure from the West Coast comparison. This false-alarm summary
is included here because it captures the most operationally important separation among the three
candidate workflows: SIENA remained nearly silent on no-flood scenes at the chosen operating
point, whereas the two legacy workflows did not.

The second evaluation setting compared SIENA with NOAA Emergency Response Imagery
(ERI) collected during the April 2025 Kentucky flood. This case is important because it brings in
a very high resolution airborne reference rather than another moderate-resolution flood product.
The ERI product is RGB imagery rather than a native flood label, so binary pixel-level skill scores
are not fully reliable owing to muddy floodwater and bare-ground confusion in RGB space. For
that reason, the main quantitative statement for this case is the per-tile area-fraction agreement
between SIENA wet fraction and ERI-derived water-like fraction, supplemented by curated visual
tiles. Within the joint valid domain, the pooled pixel-level precision of SIENA relative to the
ERI-derived mask was 0.685, indicating substantial spatial co-location of SIENA detections with
low-brightness airborne water-like features. However, the event’s weak tile-fraction relationship
and very low binary recall argue against treating Kentucky as a co-equal quantitative pillar of the
paper.

The third evaluation setting examined a fixed Central Valley, California region through the
winter 2025-2026 monitoring period and compared SIENA with NASA OPERA DSWX-HLS and
NOAA VIIRS-FIM. This case addresses a different question from the first two: not acute event
comparison alone, but continuity of operational monitoring over a multi-date regional domain.
Across 23 dates with three-product coverage, pooled F1 values were 0.508 for SIENA versus VIIRS-
FIM, 0.753 for DSWX-HLS versus VIIRS-FIM, and 0.521 for SIENA versus DSWX-HLS. Within
the 14-date subset containing at least 1% wet area in the joint valid domain, the corresponding
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pooled F1 values were 0.513, 0.758, and 0.526. These numbers do not imply that the three products sz
are interchangeable. They show more specifically that STENA occupies a lower-recall, lower-false- s
alarm regime than DSWX-HLS against the same optical reference, while still remaining within a s
scientifically interpretable inter-product comparison range. 533

Pooled (pixel-weighted) confusion across all dates

SIENA vs VIIRS DSWX-HLS vs VIIRS SIENA vs DSWX-HLS
F1=0.51 loU=0.34 n=2,435,327 F1=0.75 1oU=0.60 n=2,435,327 F1=0.52 1oU=0.35 n=2,435,327

g
o

2,275,000 2,242,462 2,278,457

14 e o
IS EY @

share of joint-domain pixels

o
N

101,436 116,464

54,640 4,251 — 36,789 39,612 55,274 3617 91372

0.0

™ FP FN ™ ™ FP FN ™ ™ FP FN ™

Figure 3: Main-text evidence figure from the Central Valley comparison. The pooled confusion-
share summary is carried into the main article so the reader can directly see how SIENA, DSWX-
HLS, and VIIRS differ in wet-pixel agreement rather than encountering only headline F1 values in
prose.

The fourth evaluation setting is an event-based comparison. It evaluates SIENA, DSWx-S1, s34
and NOAA VIIRS-FIM over three representative flood episodes: the December 2025 Snohomish sss
River event near Seattle, the March 2026 Jackson County, Indiana event, and the May 2026 Alaska s3s
Yukon River event. The scoring uses VIIRS-FIM as the optical reference at 375 m and counts s
DSWx-S1 open water only (class 1) in the quantitative metrics, while still showing inundated s3s
vegetation (class 3) qualitatively because SIENA does not yet output a comparable class. The s3
event results are intentionally heterogeneous. In Snohomish, SIENA was much closer to VIIRS s
than DSWx-S1 open water (pooled F1 0.598 vs 0.084). In Jackson County, both SAR products su
were reasonably consistent, but SIENA again aligned somewhat better with VIIRS (0.515 vs 0.387). ss
In Alaska Yukon, both open-water products showed low recall against VIIRS, while DSWx-S1’s 543
visible inundated-vegetation signal suggests a scientifically important capability gap still to be s
addressed in SIENA. 545

Supplementary Table S1 summarizes the four comparative evaluation settings. Supplemen- s
tary Tables S2-S4 report the West Coast, Kentucky, and runtime summaries. Supplementary s
Tables S5—S7 report the Central Valley inter-product metrics and flood-rich dates. Supplementary sss
Tables S8-S10 report the Case 4 event windows and pooled event metrics. Supplementary Fig- sao
ures S1-S4 show the West Coast comparison, Supplementary Figures S5-S16 show the Kentucky sso
comparison, Supplementary Figures S17-529 show the Central Valley comparison, and Supplemen- s
tary Figures S30-S32 show the three Case 4 event composites. 552

5.5 Interpretation, scope, and significance 553

Taken together, the four comparisons provide a more grounded view of what the rebuild accom- ss4
plished. They do not show that SIENA is universally superior under all conditions, and this paper sss
is not intended as a completed benchmark-validation study across all flood environments. Instead, ss6
they show that the rebuilt workflow can be examined from four complementary angles: compar- ss7
ison with earlier operational code, comparison with an airborne event reference, comparison with sss
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established institutional products over sustained monitoring, and event-based comparison with
DSWx-S1.

The evidence also clarifies the type of improvement being claimed. One part is computational
and operational: lighter preprocessing, lower resource demand, faster turnaround, and realistic
support for routine CONUS+Alaska production. Another part is behavioral: across all four evalu-
ation settings, the rebuilt SIENA workflow occupied a conservative operating regime that strongly
reduced false alarms and over-extension, while also making clear that flood recall remains compar-
atively limited at the current operating point. A third part is organizational: Al-agent-assisted
development compressed the cycle linking prior literature, legacy code, operational constraints,
implementation, testing, and redesign. These advantages do not remove the need for continued
calibration, hydrologic scrutiny, or broader validation, but they do show that Al-assisted sys-
tem rebuilding can produce a scientifically serious and operationally functioning flood-monitoring
pipeline.

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. Al-agent systems 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.

The additional comparative evidence summarized in Section 5 makes that point more concrete.
The SIENA case is no longer supported only by a single narrative account. It is now examined
through four different comparison settings: an operational batch comparison against earlier im-
plemented workflows, an airborne emergency-response imagery comparison for one flood event,
a multi-date regional comparison against established institutional products, and an event-based
comparison against DSWX-S1. Those analyses do not convert the present paper into a universal
benchmark study, but they do shift the case from a promising anecdote toward a more disciplined
operational account, with the underlying metrics and representative examples documented in Sup-
plementary Tables S2-S10 and Supplementary Figures S1-529.

6.1 Physics, empiricism, and Al-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 Al 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
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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.

The same pattern appears in Al-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 Al-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 aban-
doning remote-sensing logic in favor of unconstrained automation. It succeeded by simplifying the
stack while preserving the physically meaningful kernel, then accelerating implementation and iter-
ative improvement within that boundary. The comparative results also suggest that this bounded
strategy can produce a useful operating point: SIENA was not the most aggressive detector in the
West Coast comparison, but it was the most operationally disciplined one when no-flood scenes
were included, and it remained broadly consistent with airborne and institutional references in the
other two settings.

6.2 Validation scope and what is being claimed

The paper also benefits from saying clearly what is and is not being claimed. The present paper
does not claim that four case studies resolve the full validation problem for SAR flood mapping.
They do not. Cross-sensor temporal mismatch, scale mismatch between 30 m and 375 m products,
and limitations of heuristic reference masks all remain important caveats. Nor do we claim that
all forms of flood-detection quality can be reduced to one pooled metric. In fact, one lesson of
the evidence package is that different comparisons answer different questions. The VIIRS-based
West Coast case is particularly useful for testing operational silence and false-alarm behavior. The
NOAA ERI case is useful for checking event realism against a high-resolution airborne reference,
but only with careful caveats about RGB-only flood separability. The Central Valley case is useful
for sustained inter-product comparison across a fixed region and season. The DSWX-S1 event case
is useful for judging how SIENA behaves against a peer SAR-based institutional product across
distinct flood settings, while also making clear that class-definition differences such as inundated
vegetation remain important.

What the case package does support is a narrower but still important conclusion: the SIENA
rebuild is operationally real, scientifically inspectable, and meaningfully evidenced. In other words,
the contribution is not that Al somehow solved flood mapping in the abstract. It is that an
Al-agent-assisted, human-supervised development process produced a functioning end-to-end flood
pipeline that can be compared against legacy workflows, event evidence, and established operational
products.
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6.3 Security, governance, and controlled deployment

A third discussion point concerns security. One concern is scientific security: could an Al-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 calibration and validation
against external references remain additional safeguards. In other words, Al 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 mod-
ify 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 or university software standards for any code that moves toward oper-
ational use. A particularly important distinction in the present case is that operational deployment
does not involve shipping the live agent itself into production. The reviewed code, scripts, workflow
logic, and model artifacts generated during the development process are what run on the produc-
tion HPC environment. That separation helps preserve many of the advantages of Al-assisted R&D
while keeping operational behavior within familiar software-governance boundaries.

6.4 Outlook: research, training, and collaboration

The longer-term outlook is broader than coding assistance alone. As Al-agent systems 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, implemen-
tation, testing, documentation, benchmarking, and redesign. That does not imply removing scien-
tists from the loop. It suggests that scientists may increasingly act as directors of Al-accelerated
research programs rather than sole executors of every technical step.

Examples from adjacent scientific and technical domains already hint at what such a transition
could look like. Systems such as ChemCrow and Coscientist have shown how language-centered
agents can be coupled to external tools, structured retrieval, planning steps, and iterative execution
in order to support bounded scientific work, while AutoGen-style multi-agent frameworks illustrate
how more complex orchestration can be distributed across specialized roles [Bran et al., 2023, Boiko
et al), 2023, Wu et all, 2024]. For flood mapping, the most useful lesson is not generic autonomy,
but the value of carefully constrained tool use: data discovery, preprocessing control, benchmark
assembly, uncertainty checks, quality screening, product summarization, and reproducible docu-
mentation.

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. Looking further ahead, one can imagine broader scientific ecosystems in
which institutional AI interfaces help researchers navigate data systems, product logic, computa-
tional services, and calibration resources more efficiently than is common today. Whether or not
that broader ecosystem arrives soon, the near-term implication is already clear: Al-agent systems
can extend scientific capacity across research, operations, and training 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
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accelerate, and how it can support research, operations, and training without weakening scientific 6o
or institutional discipline. Those broader implications are taken up in the concluding section. 692

7 Conclusion 693

This paper argues that SAR flood mapping should now be understood less as the search for one more 60
isolated detector and more as the development of operational systems that must work under real eos
constraints. Algorithm design, preprocessing, ancillary data, computing environment, refinement o6
logic, validation, and deployment have become too entangled to be treated as separate concerns if o7
the goal is a usable flood product. 698

From that perspective, the manuscript advanced three connected points. First, recent opera- 699
tional systems and literature show that SAR flood mapping is fundamentally a full-stack systems 700
problem rather than a detector-only problem. Second, the SIENA case showed that when an in- 7
herited workflow is interrupted, progress may come less from adding new complexity than from 7o
rebuilding the stack around what is scientifically necessary and operationally sustainable. Third, 703
the discussion argued that Al-agent-assisted development is best understood as a practical addition 704
to a field that has always depended on some mixture of physical reasoning, empirical adjustment, 7os
engineering judgment, and iterative validation. 706

The SIENA case is not presented only as a narrative rebuild story. It is supported by four o7
structured comparative settings: comparison against earlier implemented operational workflows, 708
comparison against NOAA emergency-response airborne imagery, multi-date comparison against 7o
established institutional flood and surface-water products, and event-based comparison against 710
DSWX-S1. Together with routine public production over CONUS and Alaska, these materials 711
show that the Al-assisted rebuild produced not only code, but a functioning operational pipeline. 712

The broader implication is that this line of work is inherently multidisciplinary. Radar physics 73
matters, hydrologic reasoning matters, statistics matter, software architecture matters, operational 714
constraints matter, and user-facing reliability matters. None of these alone is the field. The purpose 7
of the system is not to preserve any one disciplinary preference in isolation, but to turn available 716
knowledge, tools, and resources into a product that can be trusted when flood decisions must be 717
made. 718

The central shift is therefore simple. The field should ask not only how to build a better flood 719
algorithm, but how to build a better flood monitoring system for the need at hand, and how to keep 720
improving it as conditions change. In that sense, physics, mathematics, remote sensing, hydrology, =
computing, Al, and human oversight are not competing ends in themselves, but instruments to be 72
judged by how well they serve the field’s central tenet: timely and trustworthy flood monitoring. 723

Data, code, and Al-use availability 724

Representative routine SIENA production outputs over CONUS and Alaska are publicly shared 72
through a Google Drive archive organized as date-grouped zip files: https://drive.google.com/ [
drive/folders/1F0CIJxbiSSTJyViNOcZHk8pth8aN6kRA7usp=drive_link. The evaluation results 77
and the code used to generate the comparative analyses described in this study are publicly archived 72s
at Zenodo: https://zenodo.org/records/20420859. The detailed comparative figures and struc- 720
tured evaluation summaries are also included in the supplementary materials. The archive is inten- 730
tionally narrower than a full release of the SIENA operational codebase: it contains the evaluation 7a
workflows, analysis scripts, plotting utilities, and derived summaries behind the manuscript com- 73
parisons, but it does not contain the full SIENA production system, all agent configurations, or a 733
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one-command reproduction of the entire operational pipeline.

The external comparison products used in this study are publicly accessible from their respective
provider services. OPERA DSWX-HLS is available through PO.DAAC at https://podaac. jpl.
nasa.gov/dataset/0PERA_L3_DSWX-HLS V1 and is associated with the broader DSWE/DSWX
methodological lineage including Jones [2019]. DSWX-S1 is also available through PO.DAAC at
https://podaac. jpl.nasa.gov/dataset/OPERA_L3_DSWX-S1_V1. VIIRS Flood Inundation Map-
ping products are publicly available from NOAA at https://noaa-jpss.s3.amazonaws.com/
?list-type=2&prefix=JPSS_Blended_Products/VFM_1day_GLB/TIF and are described by ILi et al|
[2018a]. NOAA Emergency Response Imagery used for the Kentucky flood comparison is accessible
through the NOAA NGS imagery portal at https://storms.ngs.noaa.gov/.

For the work reported here, Al was used in two distinct ways. First, Al-assisted development
tools, primarily OpenClaw and Cursor, were used during research and development to help generate,
revise, document, and restructure code, scripts, and workflow logic under human supervision. For
the OpenClaw-assisted portions documented here, the principal model environment was OpenAl
Codex GPT-5.4. Cursor was used as an interactive coding environment, but its provider routing
is not treated here as a controlled experimental variable. Second, Al may also have been used in
limited ways to assist manuscript editing and language refinement. In both cases, the scientific
framing, interpretation, validation decisions, and final approval remained under human control.

The operational workflow currently placed in production is not an unconstrained live Al-agent.
It is the reviewed code, workflow logic, and model artifacts produced through the STENA develop-
ment process and executed under standard HPC and institutional controls.
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