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Abstract

Accurate map paths are crucial for routing vehicles, pedestrians,
and autonomous systems, yet keeping that data fresh demands con-
tinual editing of features and geometry, and labeling of attributes
such as surface type and lane count. At scale this is labor-intensive,
and each change calls for spatial reasoning and verification that
has resisted full automation, keeping a human in the loop. We
present MAaPScouT, an agentic-harness application that cuts the
reviewer’s workload while keeping the human as final authority. A
supervisor agent decomposes a map tile into per-feature subtasks
and dispatches subagents that reason over satellite imagery, Open-
StreetMap, and GPS traces and invoke ML models (segmentation,
geometry-stitching) as tools to propose edits and labels. Agents
invoke deterministic, non-LLM validators, such as topology and
route evaluators, as tools to self-correct their proposals and to flag
low-confidence edits for the human. Our contribution is the har-
ness, built on open components (Strands, Leaflet with Geoman)
and public data. Demo session attendees interact with MarScouT
live, watching the subagents extract walking paths and sidewalk
infrastructure that enrich the map for pedestrian and accessibility-
constrained routing.

CCS Concepts

« Information systems — Geographic information systems; ¢
Computing methodologies — Multi-agent systems; « Human-
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1 Introduction

Keeping a map fresh is a continuous operation: editing (adding
and correcting features and geometry) and labeling (attaching and
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updating attributes). In community and commercial mapping alike,
this work is done largely by hand and does not scale; the backlog
of missing and stale features is large, especially for pedestrian
and accessibility infrastructure, which is already sparse in open
data [10, 15].

Automated extractors and vision-language models (VLMs) pro-
pose features from imagery at scale [10, 12], but their output still
needs a human to curate and translate it into map elements and
topology before commit. A model that confidently asserts a paved
sidewalk where the ground is only a roadside strip of grass injects
an error that downstream consumers will trust. Manual review and
curation are the bottleneck, and recent interactive geospatial-Al sys-
tems pair a single model with a map interface [17] but still surface
raw output to the editor, so the review burden is undiminished.

To address this, we present MapScouT. Unlike prior interactive
systems, where the editor still curates unscreened model output,
MapScout has its agents invoke deterministic checks as tools to
self-correct, so the human reviews a corrected set before the final
commit. The reviewer’s job shifts from authoring features to con-
firming a smaller, pre-checked set in the tool’s interface, which
also shows each agent’s worklog artifacts (its reasoning log and
the intermediate images it reasons over). The paper contributes:

e A supervisor-subagent editing harness that decomposes
amap tile into per-feature subtasks and dispatches subagents
in parallel; each reasons over imagery and invokes special-
ized ML models as tools to propose an edit or label.

e Deterministic validators the agents invoke as tools to
self-correct edits, including a topology and routing impact
analysis that catches connectivity-breaking changes before
they reach a router. Low-confidence edits are flagged for the
human.

e An open, reproducible demonstration on sidewalk ex-
traction and surface labeling over public data, with a mea-
sured study of how much the validation layer self-corrects
agent proposals and reduces human curation and handling
time.

The remainder of the paper covers related work (Section 2),
the frameworks and tools MaPScouT builds on (Section 3), the
harness design (Section 4), the live demonstration (Section 5), and
its operating characteristics (Section 6).

2 Related Work

Extracting pedestrian infrastructure from imagery. Tile2Net ex-
tracts sidewalk and crosswalk networks from aerial tiles with a
segmentation model [10], CitySurfaces segments sidewalk surface
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Figure 1: The MaPScouT harness. A supervisor decomposes a tile and dispatches subagents that reason over imagery, Open-
StreetMap, and GPS traces to propose edits or labels. Agents self-correct using deterministic validators (topology, routing
impact). A human editor reviews each edit with its artifacts and reasoning before commit.

materials at city scale [9], and Project Sidewalk collects accessi-
bility attributes through guided human crowdsourcing [15]; Path-
wayBench then benchmarks how routable such inferred networks
are [18]. These methods produce features in bulk or score a finished
network, but the decision to commit any one of them to a live map
remains a separate, manual step that MAPScouT targets.

LLM agents over geospatial data. A recent approach treats an
LLM as the reasoning core of a GIS, where GIS Copilot realizes an
agent that performs spatial analysis from natural language [2], and
Text-to-OverpassQL maps language to executable OpenStreetMap
queries [16]. These agents query or analyze geodata; MapScouT
instead has agents reason, validate, and then propose edits.

Grounding and verifying generative models. Vision-language mod-
els such as GeoChat [12] reason over imagery but, like language
models generally, can produce plausible yet incorrect content [11];
a common remedy pairs the generator with a separate verifier that
screens its outputs [13]. MAPScouT applies this to maps with deter-
ministic, non-LLM checks and a human gate, not a second model.

3 Frameworks and Tools

MapScourT is built largely on open-source tools and public data,
described below. An LLM agent calls external functions (tools),
observes results, and acts; we build the loop on Strands, an SDK in
which one agent can invoke another as a tool [4]. A vision-language
model (VLM) reads a satellite crop and reasons over its content. We
build on Segment Anything 2 (SAM 2) [14] for segmentation and
an ML geometry-stitching model to assemble vector geometry; for
deterministic, non-LLM checks and geometry authoring we use
Shapely [7]. Our ML models run on Amazon SageMaker [3]. The
substrate is OpenStreetMap [8]; the editor works in Leaflet [1] with
Geoman [6] for hand-editing vector geometry. A tile is a fixed cell,
split by the supervisor into per-feature subtasks.

4 The MaprScout Harness

A map tile passes through four stages (Figure 1): a supervisor splits
the work, subagents propose edits and invoke validators to self-
correct them, and a human reviews and commits the approved edits.
The harness coordinates these stages but is agnostic to the model
and task. The demonstration covers sidewalk geometry, road-edge
walkways, paved/unpaved surface, and obstruction presence; curb
ramps, crossing nodes, steps, and grade are roadmap.

Decomposition. The supervisor reads the tile’s OpenStreetMap
context, splits it into per-feature subtasks (one per road or candidate
feature), and dispatches a subagent for each in parallel.

Proposal. A subagent reasons over the satellite crop and calls ML
tools (SAM 2 for segmentation, geometry-stitching) to propose an
edit (a sidewalk centerline or road-edge walkway to add or correct)
with labels such as surface type. Walking-classified GPS traces [5],
where available, steer the path toward the building entrance it
serves. The supervisor reviews each proposal and can reject it for
rework, capped at two rounds; unconfirmed proposals are flagged
low-confidence, not dropped. Each round records the revised pro-
posal with its reasoning trace and tool-call artifacts, so the full run
is inspectable.

Validation as agent tools. Rather than trust a confident proposal,
the subagent invokes independent, non-LLM validators as tools
and revises its proposal in response to their findings. Per-proposal
checks come first: pixel sampling classifies a small RGB patch (paved
versus vegetation) to test a surface claim, SAM 2 masks confirm
surfaces and obstructions, and Shapely verifies crossings and offsets
against the existing map. When a check fails the subagent self-
corrects on its next revision. A claim no check can confirm is given
a low confidence band and flagged for the human. A topology and
routing impact analysis applies the edit to a working-copy network
and partitions it into strongly-connected components (Tarjan’s
algorithm). It then finds any new connectivity issues introduced
by the edit. An island connects only to itself, so no edge crosses
its boundary. A source or sink can only be left or only entered.
A multi-segment jail can be reached but never left. Such defects
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Figure 2: Supervisor-subagent interaction in the MapScouT glass-box Ul The supervisor’s scene decomposition and worklog
(left), the live subagent reasoning and tool calls (right), and proposed features drawn live on the map.

(a) A subagent invokes a segmentation model (SAM 2) as a tool to detect

a hazard zone (red) intersecting its proposed path.

(b) The agent self-corrects the proposed path (magenta) to avoid the
hazard zones, biasing toward observed GPS trajectories (white).

Figure 3: Agents reason over imagery and invoke ML models as tools: hazard detection via segmentation (left) and GPS-biased

path correction (right).

are corrected or flagged, so a locally plausible change that breaks
reachability is caught before data is used by a routing engine [18].

Human commit. The self-corrected and flagged edits reach the
editor, who sees each on the imagery with its labels, the valida-
tors’ verdicts, and the agent’s reasoning, then accepts, adjusts, or
rejects it. This keeps the human as final authority and mirrors
OpenStreetMap’s norm of human review before acceptance, which
the harness can enforce as a mandatory gate.

5 Demonstration

Attendees drive MAPScouT live over public data, one map tile
at a time. The harness treats each tile as a single unit of work.
The supervisor decomposes the tile and dispatches subagents that
propose edits across it. The walkthrough has five steps.
(1) Choose a tile on a Leaflet map backed by satellite imagery
and OpenStreetMap (all data public).
(2) Dispatch agents and inspect their work. The interface
exposes both the supervisor and its subagents (the supervi-
sor’s scene decomposition and each subagent’s reasoning

and tool calls) and draws detections live as proposals are
made (Figure 2), so attendees watch the scene being built.

(3) Watch agents self-correct with validator tools. Atten-
dees see an agent revise after a check fails, such as a proposed
sidewalk whose pixels are vegetation, caught by the segmen-
tation tool (Figure 3), or an edit that would create a routing
island, caught by the topology check.

(4) Review and edit in the loop. The corrected and flagged
edits appear as editable Geoman features; the attendee ac-
cepts, adjusts, relabels, or rejects each, with a running tally
displayed.

5

=

Commit and inspect the approved edits as a sortable list
with labels, confidence, verdicts, and the agent’s reasoning
behind each.

6 Operating Characteristics

MAPScoUT’s purpose is to lower the human editing cost, so we
ask two questions: what is the token consumption by agents per
tile, and how much cleaner is the set the editor finally reviews? We
measure both over agentic runs on more than 1,000 residential tiles
spanning several ZIP codes around Austin, Texas, across urban and
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Table 1: Average token consumption per tile by density, for
sidewalk and walk-path detection to building entrances.

Tile density Turns Images In(K) Out(K)

Urban 22 54 213 12
Suburban 28 68 310 18

Table 2: Proposal quality before and after validation, vs. au-
ditor labels.

Condition Precision Recall
Raw agent proposals 40% 60%
After validate-and-revise loop 70% 74%

suburban blocks. Ground truth was annotated by a separate team
of map auditors, independent of this work, who judge each feature
from satellite imagery and sensor-derived evidence such as GPS
traces. In all, the harness has generated walk-path geometry over
roughly 1,640 such tiles, about 1,040 km? of the same region.

Human time per tile. On matched residential tiles of roughly
0.6 km? (~920 x 690 m), editing a tile’s sidewalk and walk-path fea-
tures (OpenStreetMap nodes, ways, and relations) by hand averaged
110 minutes per tile across multiple editors. With MaprScour, the
same editors reviewed the screened proposals and applied follow-
up edits in 35 minutes, a 68% reduction (3.1x faster). The savings
come from confirming a pre-checked set rather than authoring each
feature.

Token consumption per tile (Table 1). We report mean per-tile
token use, all rounds included, for runs detecting sidewalks and
walk-paths to building entrances. Counterintuitively, suburban tiles
require more agent turns than urban ones. A suburban tile contains
one short walk-path per single-family home, and the agent reasons
about each separately, whereas a dense block consolidates entrances
onto a shared frontage.

Effect of validation (Table 2). Raw agent proposals match the
auditor labels at only 40% precision and 60% recall; the validate-
and-revise loop raises these to 70% and 74% (screening lifts precision,
GPS-biased revisions recover recall). We choose this operating point
deliberately: a committed sidewalk that does not exist can route
a wheelchair user or pedestrian into a hazard, so residual error is
asymmetric in cost and we prefer a 70% set behind a human gate
to a stricter filter that also discards true positives.

7 Conclusion

MaprScout shows that agents can propose candidate edits and la-
bels, then use deterministic checks as tools to self-correct, leaving
the human editor the final decision and shifting their workload from
authoring to confirmation. The pattern applies wherever spatial
data is edited or labeled under human authority. Only the Open-
StreetMap path is demonstrated here, but portability is confined to
two adapters—a context reader and a node/way/relation writer—
since decomposition, the ML tools, the validators, and the review UI
operate on plain geometry plus an attribute dictionary. Future work

Kumar et al.

extends the roadmap tasks above (curb ramps, steps, and grade)
and adds street-view imagery for features overhead views capture
poorly; verified edits and harness logs can also serve as training
data to improve the agents.
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