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ABSTRACT

An Intelligent National Map (INM) can change how worldwide mapping agencies, such as the U.S.
Geological Survey, deliver the geospatial foundation of the Nation, as well as the capacity for the
public to engage and use the data. It is envisioned as an innovative system that can coordinate
analysis for spatial questions using structured reasoning grounded in semantic relationships, domain
rules, and validated workflows. It is designed to coordinate analytic workflows autonomously and
deliver validated, relevant geospatial answers and data quickly. This paper presents the technical and
conceptual foundations of an INM, centered on multi-agent orchestration, natural language interfaces,
retrieval-augmented generation, and access to trusted public data. Unlike static systems, an INM
initiates from user input, which it analyzes and then activates task-specific agents to locate, analyze,
and explain results in a transparent and accountable system. The platform represents a paradigm
shift toward autonomous geospatial systems that could be capable of internal review, self-correction,
and continuous learning. An INM can open new possibilities for changing access to geospatial
intelligence, improving scientific rigor and decision-making, and building adaptive infrastructure
aligned with federal science integrity principles.

Keywords GeoAI · Agentic AI · Autonomous Geospatial Analysis · Spatial Intelligence

1 Introduction

Artificial intelligence (AI) is beginning to reshape geospatial science by enabling a transition from simple and discrete
representations of the environment to platforms that synthesize diverse data inputs and support real-time spatial analysis.
Integrating AI with cloud-based processing and streaming datasets offers new capabilities for modeling and mapping
that evolve with the data. Applications that once relied on periodically updated base layers can now be extended to
support monitoring, forecasting, hazard mapping, and resource management that adapts to changing inputs. These
capabilities align with broader paradigm shifts in the science community toward scalable, automated processing and
reproducible workflows [50, 56].

The development of GIS technology provides important context for the emergence of next-generation geospatial
systems. Early systems were built for desktop use [20], followed by browser-based WebGIS platforms [29] and, later,
cloud-based systems that supported more scalable access and processing [78]. Each stage expanded the reach and
function of GIS.

Current platforms support on-demand GIS tools that help users explore, analyze, and present information more
effectively [12]. ArcGIS Online, for example, provides cloud services that support spatial analysis, visualization, and
collaborative work, allowing users to apply spatial thinking to a wide range of problems [26]. Still, the gap between
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data availability and usable insights remains wide. Traditional analysis methods, even automated GIS workflows, are
often unable to process the scale and complexity of data produced by modern sources, such as satellites, sensors, and
uncrewed aerial systems (UAS) (Table 1) [54].

Data silos and incompatible systems can make it difficult for organizations to share information and coordinate efforts.
The Geospatial Data Act of 2018 (43 U.S.C. § 2801 et seq.) mandates that data silos disappear altogether. A platform
that combines varied geospatial sources, applies AI methods to extract meaning, and supports joint analysis could help
overcome these barriers [32].

These trends point to the need for a new class of geospatial infrastructure: the Intelligent National Map (INM). An INM
is a system that redefines user interaction with spatial data, not by replacing traditional “clip-and-ship” services, but
by enabling semantic interfaces that interpret natural language questions and return synthesized, validated answers.
Rather than serving as a static interface, an INM operates as a geospatial analyst, capable of executing complex spatial
workflows with limited guidance [1, 74]. Users interact through natural language while the system manages data
discovery, analysis, and interpretation in the background.

Table 1: Motivation and Context for an Intelligent National Map.
Traditional GIS Intelligent National Map
Manual layer selection and pre-processing Structured queries with automated data retrieval
Static maps and delayed updates Current inputs drawn directly from authoritative sources
Limited model transparency Explainable models with traceable diagnostics
Fragmented workflows Coordinated agents with defined task roles
Difficult to produce results Versioned logs with full provenance

An INM differs from traditional GIS in that spatial analysis begins with a natural language query and proceeds through
predefined (or automated, chained) workflows to generate structured outputs. These workflows produce interpretable
results without requiring the user to configure data layers or processing steps manually. An INM assigns fixed processing
steps to each input type based on intelligent workflows. It determines the layers and processing steps needed to answer
the query. After input ingestion, data are clipped to the spatial extent of the query, aligned to the target coordinate system,
and evaluated using parameters specific to the data source and analysis type. These steps are applied automatically and
in sequence, without requiring manual selection of layers or file formats. Redundant operations, such as clipping of
layers, reprojecting datasets, or applying the same transformation steps, are eliminated by restricting each input to a
single transformation path.

The revised integration sequence bypasses the earlier staging step by spatially and temporally aligning each input file at
the point of entry. Datasets are reprojected, clipped, and sorted according to the spatial and temporal constraints defined
by the query. Output rasters and vectors retain their source schema, including classification values and resolution. As
a result, comparisons across layers can be made directly, without reprocessing or reformatting. Users do not need to
reconstruct the workflow to interpret the result.

Many national and regional mapping systems still depend on separate data sources and manual workflows. These systems
may not scale well and often require expert intervention at multiple stages, limiting their ability to support real-time
analysis or responsive applications. Systems that can synthesize intent, connect information across sources, and produce
results without manual oversight are becoming essential for decision-making in a data-rich world [60, 49, 56, 36].

An INM can support queries about recent changes in terrain, infrastructure risk under current environmental conditions,
or projected impacts under forecasted climate scenarios. Such systems integrate expert rules, spatial logic, and domain
ontologies to deliver actionable insights. Their development draws on progress in machine learning, remote sensing,
and scalable data infrastructure.

Efforts to develop authoritative national geospatial platforms are underway in several countries. Organizations such as
the United States Geological Survey (USGS) [22], Ordnance Survey in the United Kingdom [48], Natural Resources
Canada [10], and Geoscience Australia [76] have each developed national mapping initiatives. These platforms typically
include foundational datasets, such as orthoimagery, elevation, hydrography, and geographic names, that support a
broad range of applications in mapping, modeling, and environmental decision-making [34].
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To meet rising demands for timeliness, scalability, and insight extraction, many of these national mapping initiatives
must now embed artificial intelligence into their core systems—enhancing efficiency, improving automation, and
enabling new forms of geospatial analysis.

This paper outlines the essential features, development approach, and potential applications of an Intelligent National
Map (INM), using the USGS initiative as a concrete example of how this vision is being pursued in practice.

2 The USGS Intelligent National Map Initiative

The U.S. Geological Survey’s (USGS) National Geospatial Program is positioned to help guide the development of
intelligent mapping infrastructure in the United States. As part of a broader push to accelerate federal use of AI through
innovation, governance, and public trust (Executive Office of the President 2025), the USGS has articulated a vision for
an Intelligent National Map grounded in scientific transparency, adaptability, and openness [71, 34]. This vision builds
upon prior work establishing scalable frameworks for high-volume spatial data management [5].

Research supporting this initiative has progressed quickly, with machine learning and deep learning methods applied
across a range of spatial analysis tasks [4, 33]. Deep learning models have performed especially well in remote sensing
for land cover classification and object recognition. For example, Zhou et al. [83] used multispectral satellite imagery
to classify land cover with high accuracy. Wang et al. (2020) developed a convolutional neural network (CNN) model
to identify features in aerial imagery, with strong results for detecting roads and buildings.

Geospatial artificial intelligence has also been used to support national mapping. Arundel et al. [4] compiled a
labeled dataset to train deep learning models for identifying natural features. This work was later extended to a new
multi-source dataset, GeoImageNet [37], which combines satellite imagery and elevation products to enhance intelligent
mapping. Stanislawski et al. [61] applied a U-net architecture to extract hydrographic features from elevation data, a
method directly applicable to floodplain analysis. These workflows recur in later sections where the INM is applied
to scenario-based queries. More recently, Liu et al. [41] used transformer-based models to classify 3DEP lidar point
clouds into feature classes suitable for analysis.
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Figure 1: Simplified workflow of an INM. An INM is not a new dataset, geospatial tool, or model. It is a reasoning
engine built on top of existing federal data holdings. Instead of requiring users to prepare layers and configure models,
it assigns those steps to modular agents. Each agent performs a specific task, retrieving data, running a model, checking
results,and all steps are linked to the original query. The result is a structured, traceable workflow from question to
answer, with all intermediate operations documented.

An Intelligent National Map requires natural language interfaces that can interpret the full structure and context of
a spatial query before any modeling step can occur. Recent work has demonstrated that pretrained language models
fine-tuned on geospatial corpora can extract user intent and route queries to appropriate workflows based on task
type, spatial scope, and temporal context [43, 38]. To achieve this, the system must map input text to structured
representations using ontologies and spatially enriched knowledge graphs that reflect the semantics of geographic
entities, topological relations, and physical processes [28, 67, 39]. These representations enable disambiguation, query
reformulation, and task classification prior to computation. In this front-end layer, natural language inputs are matched
to pre-indexed methods, data themes, and spatial domains to ensure that each analytic step follows from a clearly
defined conceptual model. Rather than treating language parsing as an auxiliary function, the INM elevates it to the first
stage of reasoning, using geospatially grounded NLP to reduce ambiguity and align questions with authoritative content.
This approach supports transparency, reproducibility, and system interoperability from the outset (Figure 1).

3 Key Features and Capabilities of an Intelligent National Map

3.1 Advanced Geospatial Analysis

An Intelligent National Map relies on geospatial analysis to support its core functions. Artificial intelligence is key in
improving how spatial patterns are detected and interpreted. When applied to imagery, sensor data, and other sources,
AI methods can help highlight changes over time, detect anomalies, and extract features that would be difficult to
identify using traditional techniques. With these tools in place, an INM becomes a resource for generating spatial
insight across domains. It functions as an analytical system that can construct and carry out geoprocessing workflows
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based on user input, without requiring manual design of each step. Rather than asking users to build GIS processes, the
platform interprets a question and assembles the data, models, and code required to answer it [6, 1].

Recent work in Geospatial Artificial Intelligence (GeoAI) [28, 33] demonstrates that large language models can interpret
natural language prompts and coordinate GIS operations in response [1]. An INM applies these capabilities by selecting
relevant data, identifying appropriate methods, such as classification, clustering, or prediction, and performing the
analysis from these types of prompts. Neural networks for image interpretation and transformer models for temporal
patterns operate together on inputs ranging from satellite imagery to time-series sensor data. This approach can reduce
the need for specialized technical knowledge while speeding up the production of results. When integrated into broader
geospatial systems, machine learning models also support forecasting. For example, models that estimate projections of
future land cover, urban growth, or resource availability, such as transitions in flood-prone or fire-exposed regions, can
be used to define monitoring intervals and select areas for early intervention by decision makers. These same models
can be triggered in INM workflows involving infrastructure impact assessments, flood corridor evaluations, or wetland
loss analysis, reinforcing consistent application across scenarios. Anticipating these changes can help decision-makers
to determine solutions to land cover and demographic changes before conditions deteriorate, rather than responding
after the fact [45].

3.2 Continuous Data Ingestion and Integration

An Intelligent National Map draws on government GIS sources, structured text records, satellite imagery, sensors, and
ground-based instruments. As new information becomes available, the system makes it available to answer queries in
real-time. Users interact with current data rather than relying on static map layers. This continuous integration can
support analysis in situations where assumed conditions may shift quickly and updated inputs are essential.

As an autonomous system, an Intelligent National Map can identify and retrieve data needed to answer a specific
question. It responds to a question by identifying the data required, comparing it to the data available, and retrieving it
without manual input. For example, a query about flood risk would prompt the system to obtain recent precipitation
records, stream gauge data, and current satellite imagery depicting flood extent. The system relies on Application
Programming Interfaces (APIs) and cloud-based infrastructure to manage incoming data streams and large volumes of
input [53, 80]. These components support the continuous integration of varied sources without manual coordination.

An Intelligent National Map retrieves the required data without requiring users to select sources or prepare files. For
example, it might obtain recent streamflow measurements, satellite flood maps, or sensor readings as soon as they
are validated and accessible [58]. The resulting analysis would integrate terrain and land cover data, as discussed in
Section 3.1, and be rendered in 3D as described in Section 3.3. These inputs can then be organized for analysis without
additional user direction [19]. Flood conditions, fire perimeters, and vegetation change may not be accurately assessed
using static inputs alone [84]. These applications depend on data that reflect recent or near-real-time measurements or
observations. When an INM draws from current data sources, it can improve the quality of analysis in situations where
conditions do not remain constant.

3.3 3D Visualization and Mapping

Three-dimensional (3D) visualization improves spatial analysis by providing a more complete representation of the
landscape than traditional, two-dimensional or 2.5-dimensional methods. The Intelligent National Map includes tools
that support 3D exploration and analysis, allowing users to examine terrain, infrastructure, and hydrologic features in
more realistic detail and with clearer spatial relationships.

The 3D National Topographic Model (3DNTM) is the U.S. Geological Survey’s framework for integrating elevation,
hydrography, and associated surface features into a single, spatially aligned reference system [70]. It replaces earlier
approaches that treated elevation and hydrography as separate data products by establishing a standard geometry,
consistent schema, and version-controlled dataset structure across topographic domains. The model incorporates inputs
from the 3D Elevation Program (3DEP) [68] and the 3D Hydrography Program (3DHP) [69], ensuring that all derivative
layers are built from validated, high-resolution source data. These core datasets support analytic consistency across
domains such as flood modeling, sediment transport, infrastructure planning, and ecological analysis.

The 3DNTM serves as the structural basis for simulation and predictive analysis in an Intelligent National Map.
It supports the development of digital representations that can incorporate change over time and simulate physical
processes. Within this environment, an intelligent system can estimate outcomes under specific conditions. For example,
the model might be used to evaluate the effect of a proposed development on surface runoff or to project wildfire spread
under a defined wind pattern.
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By combining AI methods with 3D data, an INM can perform spatial analyses that extend beyond traditional clas-
sification and rendering routines. The system might identify visible corridors for communication towers, calculate
solar exposure on roof surfaces, or compare elevation surfaces over time to detect topographic change in areas prone to
landslide or flood risk. These capabilities complement earlier examples of floodplain modeling and infrastructure siting,
ensuring that spatial queries remain analytically consistent across dimensions. These analyses depend on structured
geometry and vertical differentiation that are unavailable from two-dimensional representations.

Unlike conventional computer vision routines, which infer structure from imagery using brightness gradients, textures,
or shadows, AI-enabled 3D methods operate directly on georeferenced elevation and structural data. This distinction
is essential for modeling hydrologic connectivity, surface exposure, or barrier propagation across terrain. Recent
advances in neural radiance fields and deep learning-based scientific visualization have demonstrated that AI methods
can reconstruct and render complex 3D scenes from sparse or multi-modal inputs, allowing spatial structure to be
inferred at resolutions and accuracies not achievable with pixel-based methods alone [79, 72].

In addition to analytic use, 3D outputs improve interpretability. Users can assess results from multiple viewpoints,
trace feature extent across vertical surfaces, and compare simulations against familiar landscape geometry [52]. These
representations support scenario analysis and allow an INM to test conditional outcomes under variable constraints.
Typical applications include hazard zone delineation, infrastructure alignment, and landscape change evaluation, all of
which require consistent spatial reasoning over elevation, slope, and adjacency in three-dimensional space.

3.4 Collaborative Partnerships

The development of an INM benefits from collaboration. National-scale geospatial systems are bolstered by a range of
expertise, including scientific, technical, and institutional knowledge. An INM platform can support contributions from
federal agencies, academic researchers, private industry, and the public. It allows multiple groups to work with shared
data and tools. Agencies, researchers, and other contributors can examine the same inputs, apply their own methods,
and compare results without the need to build separate systems. This structure can support efforts that span jurisdictions
or rely on diverse sources of expertise, including hazard mapping, land use analysis, environmental monitoring, and
natural resource management.

Contributors can connect new datasets or methods without rebuilding the platform. A regional classification model,
for instance, can be inserted into an existing land cover workflow without changing how elevation or hydrology are
processed. Updates are applied where needed and do not alter unrelated components. Eventually, through AI methods,
the system could self-validate and self-regulate data updates.

The system assigns tasks to separate components based on function. One module might collect data, another might run
a segmentation model, and another might generate summary statistics or graphics. Each module operates independently
but passes its output to the next, forming a complete process that no single part manages alone.

This internal division of labor allows users to focus on questions and interpretation rather than data processing or system
configuration. Users interact with the system through query construction and output review rather than managing the
underlying workflow. Scientists, planners, and regional stakeholders define objectives, examine results, and revise
inputs as needed, without modifying the processing steps directly.

When combined with external partnerships, this design can sustain an open and extensible platform that draws on both
human and machine contributions to address geospatial challenges that can exceed the scope of any single organization.

3.5 Public and Government Data Utilization

An INM uses publicly available, authoritative datasets produced and maintained by agencies that understand and apply
established data quality standards. Core inputs can include elevation, hydrography, and land cover from the USGS,
satellite observations from USGS and the National Aeronautics and Space Administration (NASA), and environmental
measurements from the National Oceanic and Atmospheric Administration (NOAA) and other federal sources. These
datasets form the foundation for analysis and visualization across the platform.

Using authoritative and vetted sources can reduce the risk of introducing errors from unverified or biased data. Analyses
can then be grounded in records that reflect known standards for accuracy and documentation. When answering a
question, the system directly refers to these sources, helping to ensure that inputs reflect the most reliable information
available at the national scale.

An INM also incorporates structured reference materials, including domain ontologies and published scientific literature.
For example, if the system receives a question about a species’ habitat, it checks official wildlife records and relevant
regulations that are publicly available before producing a response. The system uses published sources to confirm
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location, status, and policies tied to land or species classification. When possible, it compares the result to known values
drawn from government databases or scientific literature. If the answer conflicts with those sources, the system flags
the output and may withhold a conclusion until it can reconcile a solution. These checks can help reduce the risk of
producing an answer that may misrepresent legal boundaries, scientific interpretation, or established data.

As an INM becomes more autonomous, its reliance on transparent, high-quality inputs and documented verification
steps becomes even more important to the model. For each task, or requested solution, the system will generate a report
detailing data used, associated metadata, methods applied, a summary of the quality of results, along with a list of
references of applied techniques, and a description of alternative methods with logistics justifying the selected method.
Users must be able to trace outputs back to source data and confirm that results reflect established knowledge. The use
of public and government data, alongside structured reference materials, can reinforce the credibility of the system and
help support its role in scientific and policy contexts. Furthermore, the system will classify and log completed tasks and
generate data to form a system of learning to become more efficient and eliminate duplicate tasks, or portions of tasks,
when possible.

4 Action Plans for an INM

Building an INM requires a flexible development approach that combines natural language interfaces, domain-specific
AI models, and methods for verification. A text-based query interface serves as the primary point of interaction for
users. Figure 2 illustrates a prototype for the INM. Through this interface, users can submit questions in plain language
and receive structured responses, including maps, tables, and explanatory graphics.

Figure 2: An illustration of an Intelligent National Map based on Esri’s Hub technology. [13].

When a query is submitted, large language models adapted for geospatial tasks will interpret the request. These models
can be trained on geospatial data and tuned using examples from Intelligent National Map applications. Their output
will depend not only on general language patterns but also on the structure and content of the underlying INM databases.

To interpret queries, the system can draw on structured vocabularies, reference ontologies, and retrieval methods that
link user terms to indexed content. Each query is matched against stored relationships derived from curated datasets,
allowing the response to reflect documented sources and preserve consistency across variables and spatial units. Rather
than producing results from a standalone model, the system will draw from Intelligent National Map sources and
reference materials to generate responses that reflect current data and operational context.

As large language models become more closely integrated into geospatial systems, new areas of research are beginning
to shape advanced initiatives such as an INM. Several developments now underway may define the next phase of
technical progress, including multimodal AI, neuro-symbolic reasoning, and foundation models trained on geospatial
data.

Multimodal AI combines different forms of input, including imagery, text, sensor feeds, and spatial layers, to support
analysis across data types [35]. A model with this capacity could synthesize a disaster report, satellite observations, and
sensor readings, producing more complete situational assessments than one limited to text alone.

Neuro-symbolic models use both statistical learning and rule-based reasoning. A system structured in this manner
can apply defined constraints during analysis by linking pattern-based methods to formal representations of domain
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knowledge. In the context of an INM, this includes comparing outputs to established environmental thresholds and
verifying that spatial results conform to administrative or regulatory boundaries. These methods also make it possible to
trace how a conclusion was reached, using logic drawn from ontologies or scientific documentation [17].

Foundation models trained on Earth observation data are also under development. These models provide a broad
geospatial context, which can be adapted to specific tasks, reducing the need for training from the beginning of each
workflow [77, 16, 64]. A system with access to this kind of embedded knowledge, including climate ranges, terrain
forms, and urban structure, can reason more efficiently across locations and applications.

New capabilities may be added to an INM gradually. As models become able to handle more input types and apply
more structure to their reasoning, the system can begin to manage complex geospatial tasks without close supervision.
A future version of an INM might run an entire analysis pipeline based on a single user question, selecting the data,
choosing appropriate models, testing outputs, and summarizing results. This approach parallels structured automation
in other domains, where systems progress through defined levels of independence [25].

The Intelligent National Map evaluates each analytical result against authoritative datasets, scientific literature, and
applicable regulations. Suppose a result differs from a known, authoritative source, such as a federal land cover
assessment or a peer-reviewed estimate of change. In that case, the system flags the conflict and either reprocesses the
analysis or prompts for expert review.

These steps are part of the standard workflow. When inconsistencies arise, the platform identifies them for further
examination, which may include reviewing the inputs, rerunning specific models, or documenting uncertainty. For
example, suppose an INM finds that its estimate of land cover change does not match a recent government report. In
that case, it can isolate the difference and either adjust the output or recommend additional review.

The platform also adapts over time. Language models used within the system are constrained to draw from verified
public sources and refined through repeated interaction. Over time, the system adjusts how it interprets queries based
on prior responses and outcomes, similar to how a technical analyst modifies a method based on prior evaluations.

An INM uses internal validation steps alongside repeated exposure to new queries to refine how it produces and
checks results. These methods can support consistency across analyses and help ensure the system remains trusted in
applications requiring clear, verifiable outputs.

To illustrate the capabilities of the INM, a user could ask, “Where are the most populated wetland areas under flood
risk this season in Houston, Texas, USA?” The system would initiate a structured workflow across its configured
agents (as shown in Figure 3). The Data Access and RAG agent retrieves the relevant elevation surfaces from 3DEP,
current flood hazard zones from FEMA, and recent streamflow observations from USGS monitoring stations. A Task-
specific AI Agent aligns these datasets spatially and temporally, filtering wetland features from the National Wetlands
Inventory (NWI) database and overlaying them with census-derived population estimates. Hydrologic connectivity
and flow accumulation are derived from elevation derivatives, and areas within defined thresholds are flagged as high
exposure. The system returns spatial results along with a ranked list of affected wetland units, accompanied by versioned
references to each data source and indicators of analytical confidence.

The Validation and Delivery Agent evaluates the flood risk result by comparing the output to existing FEMA flood zones
and historical flood events in the Houston region. If the extent of high-risk wetland areas deviates from known patterns,
the system may repeat the analysis using alternative classification thresholds or hydrologic models. Once consistency is
confirmed, the system returns a map highlighting wetlands with elevated flood exposure and a summary of the estimated
population within those boundaries. The response may indicate, for example, that densely populated wetlands adjacent
to Buffalo Bayou show high flood potential based on current streamflow and rainfall accumulation. Accompanying the
map is a report detailing the source data, version history, and a confidence indicator for each contributing variable, with
suggested follow-up actions such as prioritizing gauge monitoring near critical locations.

Throughout this process, an INM acts as an autonomous geospatial analyst. It selects data, runs models, validates
outputs, and communicates results without user intervention at each step. Although users are not required to direct the
workflow, they remain informed throughout and retain control over how the query proceeds.

4.1 Key Technologies

An INM depends on a set of core technologies that together support its analytic, interactive, and adaptive capabilities.
These include machine learning methods for geospatial modeling, natural language processing for user interaction, and
automated approaches for model selection and workflow design. Figure 4 illustrates the key components of the INM
for automated processing and handling of geospatial queries. Each component makes the system more responsive,
interpretable, and scalable.
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Figure 3: A modular workflow illustrating optional AI agents that might be used in answering a query. Each agent may
be created on the fly as required and is replaceable.

4.1.1 AI-Driven Geospatial Workflows

Advanced geospatial workflows in an INM rely on methods drawn from current research in spatial modeling and
machine learning. Convolutional neural networks are used to identify objects, extract features, and classify land use
from satellite or aerial imagery [42]. Models designed to work with sequences, including Long Short-Term memory
models (LSTMs) and transformer-based architectures, are used to analyze time series data. These approaches allow the
system to track patterns such as vegetation change, flood extent, or land development over time [59].

An INM will also include automated approaches for model selection and tuning. These methods, sometimes referred to
as AutoML, reduce the need for manual configuration by evaluating multiple modeling options and selecting those
that perform best for the task at hand [51, 57]. These selections are based on known properties of the data and the
performance of candidate models under test.

Recent prototypes have demonstrated that large language models can generate functional GIS workflows from plain
language prompts [81, 74, 40]. Within an INM, this functionality allows users to describe a task in ordinary language
and receive a structured analytical response. The system translates the question into a sequence of geospatial operations,
drawing on both natural language processing and established modeling libraries.

Together, these technologies support a framework in which advanced spatial analysis is available through direct
interaction. Users do not need to write code or specify technical parameters. Instead, the system interprets the request,
selects appropriate methods, and delivers results as maps, reports, graphs, charts, structured data, or whatever means
required to impart the information.
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Figure 4: A detailed visualization of the proposed INM workflow. API – application programming interface, RAG
– retrieval-augmented generation, LLM – large language model, lit – scientific literature, FSP – USGS Fundamental
Science Practices, NIST AI RMF – National Institute of Standards and Technology Artificial Intelligence Risk
Management Framework.

4.1.2 Predictive Analytics and Simulation

An INM incorporates predictive modeling methods that connect historical trends to future outcomes. Machine learning
models embedded in geospatial workflows allow the system to estimate where change is likely to occur based on past
conditions and current observations. These methods can support forecasting for various applications, including land
cover change, wildfire probability, and groundwater decline. For example, models that combine climate records with
spatial dependencies can be used to estimate where wildfires are most likely to emerge under current drought and wind
conditions.

Simulation within an INM builds on this predictive capacity. The platform uses digital representations of the landscape
to test hypothetical scenarios. For example, the system can estimate how adding a reservoir will influence downstream
flood conditions by adjusting flow inputs across a modeled terrain surface. These simulations rely on the 3D National
Topographic Model, which provides the structural framework for virtual testing across elevation, hydrology, and
infrastructure.

The system can also repeat simulations under varying conditions to evaluate the sensitivity of each outcome. Parameters
are adjusted automatically, and outputs are compared to identify thresholds or points of failure. This design can allow
an INM to conduct structured experimentation, such as evaluation of options for building more resilient infrastructure
systems, generating results that can guide project selection or resource allocation before any intervention occurs on the
ground.

9

This paper is a non-peer reviewed EarthArXiv preprint.



4.1.3 Semantic Integration and Knowledge Graphs

Semantic technologies help an INM interpret geospatial questions and organize results in ways that reflect context, scale,
and meaning. Knowledge graphs play a central role in this process by representing formal relationships among spatial
features, administrative units, physical systems, and domain concepts [27, 7]. These structures support interoperability
across datasets and scales and allow the system to resolve ambiguity in language. For example, when a user refers to
"Washington," an INM uses spatial and linguistic cues to determine whether the term refers to a city, a state, a river, or a
person.

Knowledge graphs also provide access to spatial hierarchies, constraints, and domain-specific facts [23]. These
references allow the system to reason about spatial relationships using explicit structure. When paired with machine
learning models, knowledge graphs complement pattern-based inference with logical consistency. The system uses
the semantic layer to represent spatial categories and their relationships, such as containment, adjacency, or function.
The learning models contribute through data-driven classification and predictive mapping. Together, these components
allow an INM to address questions that require both contextual understanding and spatial modeling [73].

A knowledge graph can serve as an effective conceptual model for managing established prior knowledge, supporting
the validation of both the processing and results of the INM. With the aid of large language models (LLMs), key
findings and guidelines from government reports and peer-reviewed publications can be efficiently summarized. Before
integration into the knowledge graph, expert reviewers validate the extracted information to eliminate potential errors
introduced by the LLMs and to ensure the accuracy and authenticity of the incorporated reference knowledge.

To support traceability, an INM uses retrieval-based methods that link outputs to specific source content. If a user asks
about changes in floodplain boundaries, the system can return the current response along with the relevant Federal
Emergency Management Agency (FEMA) maps, the associated topographic layer, and the regulatory boundary file
used in the analysis. These records are returned alongside the output so that users can check where the information
came from and determine whether the source is appropriate for their use [31].

An INM combines datasets from federal sources, scientific publications, Earth observation platforms, and sensor
networks. These sources are incorporated as they become available. The system checks each input for format, coverage,
and alignment with existing content before using it in analysis (Figure 3).

Data flow into the platform through a series of pipelines that assign each input to a specific task. During an active flood
event, for example, an INM retrieves satellite imagery, precipitation totals, and gauge data from external feeds. As soon
as new readings arrive, the system updates its estimates of flood extent using terrain models and hydrologic thresholds.
These updates are reflected in current outputs without waiting for a scheduled batch or manual trigger.

To manage this process at a national scale, an INM uses cloud infrastructure that adjusts the amount of computing
power based on the number and size of incoming tasks. If additional models are activated during a high-impact event, or
if an increase in sensor activity adds more input, the system provisions the necessary resources to continue processing
without delay.

External datasets are incorporated into an INM only if they meet defined quality criteria. Before any new source is used,
the system checks its spatial reference, temporal resolution, and field structure to confirm consistency with existing
inputs. These checks prevent the inclusion of incompatible or incomplete records.

An INM also establishes agreements with external data providers. As described in Section 3.4, these agreements
cover information from state and local agencies, private entities where appropriate, and contributors of volunteered or
user-submitted content. These partnerships allow the platform to include recent observations without requiring users to
supply the data themselves.

The system operates within a cloud environment that provides both long-term storage and scalable processing. National
datasets can be retrieved, filtered, and analyzed without delay, even when multiple users submit queries at the same
time. This structure supports the platform’s ability to serve diverse analytical tasks using a shared technical foundation
[53, 24].

For example, an INM can use FEMA’s Flood Insurance Rate Maps [14] to evaluate flood risk within the context
of official hazard zones. When new hydrologic data are received, the system compares observed conditions to the
FEMA-defined boundaries. If recent gauge data or satellite observations indicate that water levels have exceeded
those limits, an INM can flag the discrepancy and trigger a review. These comparisons require both datasets to be
aligned in the same spatial reference system. Because FEMA flood zones and TNM elevation surfaces follow shared
standards for projection and vertical datum, an INM can compare them directly without additional adjustments. The
same flood evaluation pipeline may also incorporate additional evidence not represented in FEMA rate zones. For
example, an analyst might compare historical elevation surfaces with newer 3DEP derivatives to detect landform change,

10

This paper is a non-peer reviewed EarthArXiv preprint.



or reference NLCD-classified land cover to evaluate the expansion of impervious surfaces. Surface water records and
wetland extent data can be added to this configuration to refine exposure estimates under localized rainfall conditions.
This composite analysis can return spatial outputs alongside change history, source references, and version indicators
for each contributing layer.

4.1.4 Immersive 3D and Visualization Tools

An INM uses elevation data and structural models to render terrain and built environments in three-dimensional space.
These scenes are generated from source datasets that are already spatially referenced and stored within the system. A
user can move from a national overview to a specific location without changing tools or importing separate files.

The platform also supports time-based visualization. Sequences of imagery or classification results can be displayed
frame by frame, showing changes in land cover, water extent, or development.

Three-dimensional scenes also support scenario testing. A planner can place a proposed structure into an existing city
model and examine its effect on skyline views or solar exposure. An emergency manager can model fire spread using
terrain slope, vegetation type, and wind direction. These visualizations are tied directly to the underlying analysis, so
changes in inputs or model assumptions are reflected in the display without additional formatting [7, 21].

Visualization also helps identify data problems. A point that appears valid in a table may show as misaligned or
inconsistent when mapped across a surface. Errors in elevation, duplicate features, or misclassified segments often
become visible when viewed in context. For this reason, visualization in an INM is not treated as an optional output. It
supports quality control, guides interpretation, and communicates results in applied settings.

4.1.5 Collaboration and Governance Framework

The partnerships outlined in Section 3.4 form the foundation for both the development and sustained operation of an
INM. Agencies, research groups, and technical collaborators contribute at different data lifecycle stages, including
collection, processing, distribution, and applied use. Their roles are defined through formal agreements and aligned to
specific functions within the broader system framework.

Structures for governance are designed to address data licensing, privacy, and security. For example, suppose a dataset
includes household income or educational attainment by block group, the system must apply masking or aggregation
rules before the data are displayed or used in analysis. Access to those attributes may also be limited to summary
outputs, preventing retrieval at the individual feature level.

Safeguards will also be applied to the analytical components of the platform. The system is designed to track how
AI-generated outputs are produced and can confirm that responses remain consistent with public documentation or
established rules [11, 9]. If a result is produced using a model drawn from multiple sources, the system must record
those references and flag conditions that might lead to inaccurate or inappropriate conclusions.

The governance framework also includes mechanisms for public involvement. A reporting function may allow
individuals to correct location names, flag outdated imagery, or suggest missing features. The system can review these
reports and, when validated, incorporate them into the data stream. This kind of input provides local knowledge that
may not be available from national datasets and helps the platform remain responsive to the communities it serves.
Well-defined agreements and long-term partnerships can help ensure that an INM is not only technically functional but
also publicly trusted and institutionally supported over time.

4.1.6 Reliability, Validation, and Ethics

An INM uses public government data sources described in Section 3.5. These sources can provide a foundation for
reliability, but the system also includes additional validation steps as part of its development plan. Subject matter
experts can help contribute during the training and refinement of AI models. For example, hydrologists may define how
inputs are handled in flood modeling, including methods for interpreting flow direction, identifying low-lying terrain, or
classifying inundation areas from satellite imagery.

Each output produced by an INM is traceable to its source through automatically generating provenance about the data,
intermediate results, as well as the entire workflow [3]. The platform records which datasets were used and how they
were processed. Users can examine these records through audit trails that document the steps leading to each result,
including any model used in classification, prediction, or transformation (Figure 5).

Semantic structures can also contribute to validation. The system references ontologies and rule sets that describe basic
spatial and environmental principles. If a model returns a value that violates known relationships—for example, placing
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Figure 5: An example validation dashboard. Every result is paired with an explanation layer. You can see which features
influenced the model, how confidence was determined, and what rules or thresholds were applied. This is critical for
expert responses: answers need to be interpretable and backed by traceable logic.

a water body at a location higher than surrounding ridges—the reasoning layer can flag the result for review [27]. These
semantic checks can serve as a form of internal error detection.

Ethical considerations are also incorporated into the development process. The team applies standards for fairness and
representation by monitoring the distribution of training data, checking for skew in the results, and reviewing outputs
across geographic and demographic categories. Guidelines for responsible data science are applied during testing and
review, with references to frameworks that emphasize transparency and user oversight [85].

The platform includes functions that can allow users to submit corrections or challenge unexpected results, so that
concerns can be addressed and incorporated back into future runs. Together, these measures can link data quality,
subject matter expertise, and transparency into a single process. Each element is designed to help ensure that outputs
can be both technically consistent and accountable to users.

Before executing any query, a review process is conducted to evaluate its potential costs, benefits, and risks. Particular
attention is given to national security risks, including AI hallucinations, data privacy concerns, and vulnerabilities
to adversarial manipulation [8]. Additional risks may involve health and safety issues, such as the mishandling of
hazardous substances, insufficient safety measures in devices or systems, or the injection of malicious data into the
learning process [62].

Given that planning decisions may rely on the query results, the INM enforces strict safeguards to ensure accuracy and
reliability. Each incoming query is evaluated to estimate its computational cost against predefined expense thresholds.
Furthermore, the trustworthiness of the platform is assessed to promote user confidence in the system and its outputs
[30].

4.2 Intelligent National Map: End-to-End AI Workflow

An Intelligent National Map can re-imagine the Department of the Interior’s (DOI) geospatial platforms as an au-
tonomous "digital geospatial analyst" that can ingest trusted data, reason about complex spatial problems, and deliver
validated, tailored outputs, often in minutes rather than months. This system uses a novel, agent-driven workflow that
begins with a natural language query or geospatial task expressed in common terms, rather than raw data ingestion.
From here, the system orchestrates the appropriate agents to fulfill the task, whether retrieving data, performing analyses,
validating results, or producing outputs. The steps outlined below form a pipeline where AI agents collaborate au-
tonomously to deliver trustworthy, explainable, and relevant geospatial intelligence (Table 2). Each response is grounded
in authoritative data, aligned with scientific standards, and designed for transparency and continuous improvement
[2, 15, 65].
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Table 2: Steps in an INM workflow.
Step Component Summary

4.2.1 Processing cost estimation agent Estimates a range of costs for the analysis from a initial approximating to a more robust
solution with sensitivity analysis and uncertainty estimates.

4.2.2 Risk assessment agent
Identifies national security risk level of performing task and assigns a security clearance
level requirement if necessary. Also probably need a security authorization agent validate user
credentials and clearance levels and control access to specific tasks or data.

4.2.3 Query Analysis

Parses user’s intent using large language models (LLMs), classifies tasks, and decides
next steps, including required data and baseline analysis workflow. Also evaluates security
risks of performing the request and estimates a range of costs for the analysis
from an initial approximating to a more robust solution with
sensitivity analysis and uncertainty estimates.

4.2.4 Authoritative Data Access
Accesses authoritative geospatial datasets (including 3DHP, 3DEP, TNM, NOAA, NASA) via APIs.
Automated Extract, Transform, Load (ETL) harmonizes schemas, spatial references, and metadata to
ensure ingestion-ready data.

4.2.5 Retrieval-augmented generation (RAG) Backbone
A lightweight vector store indexes vetted documents, maps, and code. LLM
identifies and retrieves relevant information and data (examples: research articles, methods options,
rainfall grids, slope rasters) to generate evidentiary supported, traceable answers.

4.2.6 Task-Specific AI Agents Domain-specialized agents: HydroAgent (floods), TopoAgent (lidar/terrain),
WildfireAgent (risk forecasts). Orchestrated via LangChain-style framework for multi-agent cooperation.

4.2.7 Explainability & Trust
explainable AI (XAI) Panel with validation agents: ScienceBaseAgent (catalog validation),
ScholarlyAgent (literature), KnowledgeGraphAgent (semantic checks). Transparent workflows support
interpretability and traceability.

4.2.8 Fundamental Science Practices (FSP)-Inspired Review Personas Synthetic reviewers, including InternalPeerReviewer, CenterDirector, and BureauApprover, validate
completeness, reference integrity, and policy compliance in a sandboxed review step.

4.2.9 Governance, Risk & Compliance
Model runs logged in immutable audit trail. Nightly fairness/drift tests feed a National Institute of
Standards and Technology (NIST) AI Risk Management Framework (RMF)-aligned dashboard to monitor
and manage responsible AI practices.

4.2.10 Output & Delivery

Workflow agent selects report subagents (examples, WebMapAgent, CartographyAgent,
PublicReportAgent, DecisionMakerAgent) to generate outputs in formats such as Open source,
standardized formats (including hypertext markup language (HTML),
SpatioTemporal Asset Catalog [STAC], and GeoPackage).

4.2.11 Feedback & Continuous Learning User feedback and performance data loop back to the training pipeline. Agents are continuously
retrained or fine-tuned to improve accuracy and adaptability over time.

In this new paradigm, an INM does not simply respond to static inputs; it can engage in focused reasoning from the
inception, inferring what information is needed, where to access it, how to analyze it, and how best to communicate the
results. This consumer-centric, agent-facilitated architecture represents a transformation from traditional GIS workflows
and aligns with current trends toward multi-agent systems, retrieval-augmented reasoning, and explainable geospatial
AI [63, 73].

The core production workflow defines the operational sequence of an INM, beginning with data ingestion and continuing
through transformation, analysis, and output generation. Each stage is linked by predefined procedures that determine
how inputs are handled and how results are produced.

4.2.1 Processing cost estimation agent

This agent operates as a planning function rather than a computational step. It parses the user’s request, identifies
the intended scope, and compares the task to prior workflows indexed by theme, region, and method [75]. The agent
then returns several processing options, each defined by its expected input size, computational intensity, and storage
load. Each option lists parameter requirements, expected runtime, and memory use. Prior workflows with similar
configurations are noted. This allows the analyst to determine whether the task fits within current constraints and reject
configurations that are infeasible. The evaluation step reduces unnecessary job submissions and avoids processing that
cannot be completed under defined limits.

4.2.2 Risk assessment agent

This agent reviews incoming queries to identify potential risks to critical infrastructure, national security, human
health and safety, information integrity, or other high-impact concerns [66]. It ensures that proposed query solutions
do not inadvertently facilitate threats, such as identifying tactical advantages for foreign adversaries, or introduce
false information (for example, hallucinations, [8]) that could compromise infrastructure, environmental resources,
or information systems. By analyzing the query’s intent and geospatial context using rule-based logic and language
models, and referencing a predefined risk library, the agent flags high-risk requests. If a query is deemed sensitive or
high-risk, it is escalated to the Security Authorization Agent for to verify the user’s credentials, roles, and clearance
levels before granting access to associated workflows or data. This process ensures the INM framework complies with
federal AI implementation guidelines to advance innovation and share data and AI assets in a manner that fosters public
trust [66].
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4.2.3 Query Interpretation Agent

Upon receiving the prompt, this agent is activated. It parses the user’s intent using fine-tuned large language models
(LLMs) trained on geospatial tasks and terminology [81]. It classifies the type of task being asked (For example, “Where
is...”, “What is the risk of...”, “Show changes in...”), identifies the spatial and temporal context, and determines the
data and analytic elements required to fulfill the request. This step functions as a cognitive triage, ensuring the system
understands the question’s words and the analytical implications [44].

4.2.4 Authoritative Data Access

An INM accesses data from authoritative sources via the web and public APIs, ensuring it uses current information,
including the latest geospatial data, such as 3DHP, 3DEP, TNM vector layers, NOAA weather feeds, NASA Earth
observation imagery, and other trusted government datasets. This direct, API-based access to vetted data eliminates the
need for duplicative storage. Ingested datasets undergo schema harmonization as they arrive. For example, automated
ETL pipelines align spatial references, metadata, and provenance information so that every dataset is analysis-ready
upon ingestion.[5]

4.2.5 RAG Backbone

A lightweight vector store indexes all vetted documents, code snippets, and map layers that an INM might need to
answer queries. When a user poses a question, the system’s LLM first retrieves the most relevant data chunks (for
example, slope rasters, recent rainfall grids, land-cover change reports) before drafting an answer, ensuring the response
is grounded in factual data rather than the model’s memory file. This RAG approach guarantees that AI-generated
answers remain traceable to real data sources.

4.2.6 Task-Specific AI Agents

An INM employs multiple specialized AI modules that handle domain-specific tasks. For example:

HydroAgent: employs U-Net and other CNN models for hydrologic analyses such as stream delineation and flood-extent
mapping, producing outputs like dynamic flood polygons and hydro-conditioning masks.

TopoAgent: uses transformer-based classifiers on 3DEP lidar data for topographic feature extraction, yielding classified
point clouds and high-resolution digital elevation model (DEM) edits.

WildfireAgent: utilizes spatiotemporal LSTM models for wildfire risk forecasting, generating burn probability rasters at
various time intervals, such as 6-hour, 12-hour, and 24-hour forecasts.

These agents cooperate through an orchestration layer using frameworks such as LangChain, so that complex queries
can automatically chain their specialized skills. In practice, a single user query might invoke multiple agents in sequence
or parallel, with an INM autonomously coordinating their outputs to form a cohesive answer.

4.2.7 Explainability & Trust

Each agent within an INM ecosystem produces outputs accompanied by diagnostic information that supports interpreta-
tion and review. Beyond logging feature-importance maps or attention scores, INM agents operate within a broader
framework of explainable AI (XAI), supported by specialized validation agents that simulate expert reasoning and
source cross-verification. For example:

ScienceBaseAgent: validates agent queries and retrieves relevant, authoritative geospatial records from the
USGS ScienceBase catalog, anchoring AI-generated outputs in curated scientific products (https://github.com/DOI-
USGS/sciencebasepy).

Scholarly literature agent: leverages access to indexed scientific publications (via APIs such as Semantic Scholar
or CrossRef) to validate the interpretive chain against peer-reviewed sources and track provenance through citation
networks [16, 18].

Domain-specific knowledge graph agent: interacts with structured geospatial ontologies, such as the GeoLink knowl-
edge graph or environmental vocabularies such as Semantic Web for Earth and Environment Technology Ontology
(SWEET) [55], to validate semantic consistency, reason about geospatial relationships, and detect potential conflicts or
contradictions in interpretation.

Collectively, these agents form a multi-faceted XAI panel integrated into the user interface. This panel enables analysts
to explore layered diagnostic views that trace how conclusions were reached, such as identifying which hydrological,
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ecological, or elevation attributes were most influential in determining a wildfire hazard score. Each result can be
reviewed in relation to external datasets selected for the same spatial or temporal extent. Analysts may compare feature
boundaries, classifications, or values across sources to identify conflicts or confirm agreement. When inconsistencies
are found, the system allows revision of query parameters or replacement of individual inputs before advancing to the
next stage of analysis. Such layered explainability aligns with recent best practices in XAI design, which emphasize
combining model interpretability with traceability to external knowledge systems [47, 2]. It also reflects emerging
research on RAG frameworks that strengthen trust by grounding model outputs in authoritative corpora [16]. It enables
transparent agent-based workflows to be audited, adapted, and improved.

4.2.8 Fundamental Science Practices (FSP)-Inspired Review Personas

To mirror USGS FSP, an INM incorporates synthetic reviewer agents (personas) that critique and review the AI’s outputs
before finalizing them. For example, InternalPeerReviewer, ExternalPeerReviewer, Supervisor, CenterDirector, and
BureauApprovingOfficer personas automatically check the draft answers for completeness, verify that cited data and
references are correctly used, and flag any policy or communication issues. This internal review step, happening in a
sandbox environment, can help ensure that INM’s products meet the standards of scientific rigor and policy compliance
prior to user delivery.

4.2.9 Governance, Risk & Compliance

All model runs within an INM are recorded in a permanent audit log that captures the full configuration of each
execution, including parameter values, selected inputs, and resulting data layers. Each entry is time-stamped and
associated with a unique query or processing task. The record allows analysts to trace each step in the analytical process,
including how inputs were selected, how parameters were applied, and how results were generated. When discrepancies
are found or additional review is required, the full sequence can be examined to determine whether the procedures
followed align with documented methods. Maintaining this level of detail is necessary for reproducibility and required
in applications subject to formal oversight.

In alignment with modern AI governance practices, an INM system conducts automated fairness and drift detection
tests on its AI models at regular intervals (for example, nightly). Fairness tests evaluate potential demographic or spatial
biases in predictions, whereas drift detection identifies shifts in data distributions or model behavior over time. The
results are visualized in a governance dashboard that can enable near-real-time monitoring by technical and management
stakeholders.

Critically, the dashboard is designed to support the National Institute of Standards and Technology (NIST) AI Risk
Management Framework (AI RMF), a standardized methodology developed by NIST for managing risks associated with
AI systems [65]. The AI RMF emphasizes four key functions: map, measure, manage, and govern. These functions can
collectively guide the lifecycle of responsible AI. Integrating automated monitoring and structured decision support into
these functions can help ensure alignment with ethical AI principles and national-level best practices for transparency,
safety, and accountability [46, 82].

INM’s design further limits the risk of misuse by operating within a closed ecosystem of preauthorized data sources,
validated analytical tools, and predefined workflows. These constraints help prevent the application of AI in unintended
or inappropriate contexts. While there remains a possibility that an agent selects suboptimal inputs or parameters, such
issues are traceable through detailed metadata and audit trails, allowing users or reviewers to validate outcomes and flag
anomalies. This balance between automation and accountability ensures that INM can deliver scalable AI capabilities
without compromising scientific integrity or public trust.

4.2.10 Output & Delivery

An INM delivers its answers in multiple formats tailored to stakeholders, using various “report” agents. These agents
are managed by a workflow agent, which decides which subagents to instantiate based on the user input, the query,
and the desired results. For example, a web map report agent allows direct access to data, particularly spatial data,
used to create the results. A cartography agent ensures that the web map is grounded in basic cartographic principles.
A multi-dimensional display generation report agent creates 3- and 4-D visualizations for advanced users, whereas
a public report agent provides easily understood information, allowing ease of use by the public. For interagency
partners and advanced users, results can be provided in standardized open geospatial formats (such as GeoPackage
files or STAC items) to facilitate data exchange and further analysis. Additionally, a decision-maker report agent can
generate narrative briefs (in Portable Document Format (PDF) or HTML format) with inline citations and maps for
decision-makers, summarizing the findings and providing context, much like a report generated by a human analyst.
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4.2.11 Feedback & Continuous Learning

An INM is designed to continuously learn from its interactions and outputs. User feedback mechanisms such as user
ratings, error reports, suggestions, and performance metrics are looped back into the training pipeline. The system
can retrain or fine-tune its AI agents on the latest ground truth data and corrections provided by users, improving over
time without extensive human retraining effort. New data are added to an INM through defined ingestion routines
tied to each dataset type. When a query is rerun with updated inputs or revised parameters, the system stores the new
configuration alongside the earlier record. Analysts reviewing the results may adjust spatial extent, reclassify features,
or replace individual layers based on updated guidance or observed error. The system records these revisions so that
subsequent analyses can contribute to system refinement over time. Over time, this process can improve the agreement
between system behavior and evolving user requirements while refining the accuracy of derived results.

In addition to the general user feedback loop described above, an INM incorporates a set of internal validation loops
at each major step in the workflow (as shown in Figure 6). These loops evaluate the performance and consistency
of outputs generated at each stage. When a result fails to meet the validation threshold, the workflow returns not to
the immediately preceding step but to the one before it. That earlier output is re-evaluated over a defined number of
iterations, chosen during configuration. This approach allows the system to isolate errors that originate earlier in the
sequence rather than attributing failure to the most recent operation. The process continues in reverse through the
workflow until the result satisfies the required criteria. Each step is assessed based on its influence on subsequent
outputs, allowing errors to be traced and corrected within the pipeline.

Data Access
Links and APIs to authoritative data

RAG Backbone
Retrieves data and grounds LLM output

AI Agents
Specialized models for terrain, floods, fire, etc.

Explainability
Validation agents check ScienceBase, lit, graphs, etc.

Review PersonasReview Personas
Simulated peer reviewers,

nas
rsrs

ssnas
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Output Delivery
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Figure 6: Visualization of internal validation loops. Assuming output from Review Personas is insufficient or incorrect
in some way, such as the answer is too short, too long, or fails to pass review, the workflow returns to the Artificial
Intelligence (AI) agents, two steps before, and its new output is passed to Explainability and then Review Personas.
This can iterate n steps before the results from Review Personas are sent back to a step earlier in the process, which
iterates similarly, and so on. API – application programming interface, RAG – retrieval-augmented generation, LLM –
large language model, lit – scientific literature, FSP – USGS Fundamental Science Practices, NIST AI RMF – National
Institute of Standards and Technology Artificial Intelligence Risk Management Framework

The review continues stepwise through the workflow until the results fall within acceptable limits. Each component
is evaluated in relation to its downstream impact, allowing errors to be traced to their source and corrected without
restarting the full sequence. Such recursive refinement and fault-tolerant processing align with current best practices in
agentic AI design, especially in multi-agent coordination and retrieval-augmented generation systems [63, 15, 2].
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5 Next Steps and Potential Challenges

Moving from concept to operational implementation, several near-term priorities can accelerate the development of an
Intelligent National Map. Pilot deployments with agency partners can demonstrate real-world utility in domains such as
flood monitoring, urban expansion analysis, and seasonal vegetation tracking. These use cases provide a foundation for
refining data workflows, model retraining strategies, and event-based update mechanisms.

Parallel technical efforts might include standardizing public APIs, configuring natural language parsing to reflect
domain-specific vocabularies, and formalizing rule sets to ensure alignment with regulatory datasets. Ontology
integration and semantic typing will allow models to detect boundary conflicts or classification mismatches and flag
these during review.

Initial training pipelines could focus on task-specific applications where ground truth exists, such as hydrographic
change detection or infrastructure overlay analysis, to validate accuracy and model responsiveness. Language models
can be evaluated for their ability to identify incomplete queries, segment compound tasks, and match spatial terms to
defined extents.

Despite these opportunities, several challenges might influence the system’s stability and reliability. Interoperability
remains uneven across agencies, with discrepancies in schema documentation, coordinate reference systems, and
update cadence. Knowledge graph integration has not yet resolved all semantic alignment conflicts, particularly when
feature classification differs between sources. Contradictory results produced by distinct agencies using the same base
inputs may raise questions about interpretability and acceptance. Flagging these instances is an important step, but
the review pipeline must also trace how differences emerge and indicate when results cannot be reconciled without
manual intervention. Consistency across asynchronous updates remains a documented limitation. Inputs acquired or
refreshed on divergent schedules may often reflect mismatched reference dates. When queries rely on multiple datasets
with misaligned temporal resolution, the returned results incorporate inconsistencies that are not flagged by the system
unless explicitly configured. In cases where one source has been updated while others retain earlier values, spatial
comparisons and derived classifications produce conflicting or unstable interpretations. These discrepancies can be
difficult to detect without audit trails or metadata validation steps embedded in the workflow.

For example, the reclassification of land cover in a wildfire region based on newer imagery may be applied in isolation,
with no concurrent update to slope, vegetation index, or infrastructure layers. These errors can propagate unless all
dependencies are versioned and linked within the workflow.

Long-term success of the INM will depend on transitioning from technical experimentation to sustained institutional
coordination. Platform governance can be improved with training model bias, unresolved input conflict, and variable
precision across regions. Designating review agents that apply domain-specific thresholds and compare modeled
results to observed behavior can also improve the model, in addition to continuous retraining, version control of model
configurations, and documented audit logs in the system architecture.

As the INM evolves into a trusted, AI-powered geospatial platform, its authoritative status introduces unique vulner-
abilities related to well-recognized challenges in AI deployment—such as model hallucination, misuse of tools, or
inappropriate extrapolation in decision-making contexts. These risks are especially critical when digital agents act
autonomously or when outputs are interpreted without human oversight. To mitigate such issues, the INM must imple-
ment safeguards including the validation of AI outputs against authoritative datasets, continuous monitoring of model
behavior in edge cases, and reinforcement learning pipelines that incorporate domain expert feedback. Mechanisms
for auditability—such as explainable inference paths and version-controlled model configurations—will be critical to
tracing how results are produced. Responsibility for addressing unintended consequences must be shared across system
architects, data stewards, and agency partners, with clearly defined governance structures for adjudicating discrepancies
and refining AI behavior in unanticipated applications.

6 Conclusion

The Intelligent National Map (INM) offers a transformative vision for geospatial data infrastructure, one that is
automated, adaptive, and analytically transparent. By continuously ingesting and validating diverse data streams from
authoritative and external sources, the INM can deliver timely, domain-relevant insights without manual intervention. Its
architecture leverages structured workflows, event-based processing, and distributed computation to ensure scalability,
reliability, and responsiveness.

What sets the INM apart is not just technical innovation, but its emphasis on traceability, quality assurance, and
institutional integration. The ability to update analyses in real time, flag anomalies, and provide interpretable outputs
grounded in validated observations makes it a powerful foundation for evidence-based governance and environmental
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resilience. Achieving this vision requires sustained investment in interoperability, model transparency, and interagency
collaboration—but the payoff is a national-scale platform capable of supporting robust spatial decision-making for the
future.

Artificial intelligence will be a core enabler of the INM, deeply embedded across the entire reasoning system—from
automated data ingestion and quality filtering to dynamic analytics and knowledge-based interpretation. AI techniques,
including large language models, machine learning pipelines, and geospatial knowledge graphs, will not only enhance
automation and scalability but also support explainable, context-aware decision support. As AI becomes an integral part
of the INM’s cognitive infrastructure, it will drive the system’s ability to reason across heterogeneous inputs, adapt
to emerging conditions, and deliver trustworthy, actionable insights to users across scientific, operational, and policy
domains.
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