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Abstract. We present a multimodal road-monitoring system for Brazil using on-
board videos, telemetry, computer vision, and geospatial references. It aligns
frames with Global Navigation Satellite System (GNSS) telemetry, filters them
using motion evidence, applies models to pavement defects, horizontal mark-
ings, traffic signs, and roadside vegetation, and aggregates auditable evidence
by segment. Trajectories undergo map matching to OpenStreetMap (OSM) with
GraphHopper through mmlib, then are linked to official federal and state road
references. In operation, 23.6 million telemetry points supported 6.26 million
frame-level inferences, ranging from crack detection to traffic-sign type detec-
tion at 97.57% mAP@50.

1. Introduction
Manual road inspection remains constrained by cost, periodicity, and subjective assess-
ment, especially when the monitored network spans long corridors and heterogeneous
operating conditions [Ma and Chen 2025]. Computer vision has become a practical al-
ternative for pavement-damage detection because vehicle-mounted imagery can be trans-
formed into structured maintenance evidence [Dong et al. 2025]. Mobile mapping sys-
tems combine Global Navigation Satellite System (GNSS), cameras, Light Detection and
Ranging (LiDAR), and inertial sensors to expand continuous infrastructure observation
in the field [Bruno et al. 2025]. Recent studies also show that traffic signs, horizontal
markings, and other road assets require robust perception under scale variation, changing
illumination, occlusion, and wear [Kulawik and Kuczyński 2025].

Despite this progress, a gap remains between accurate visual models and de-
ployable systems that operate on long videos, imperfect telemetry, missing frames, re-
dundant observations, and heterogeneous official databases [Zhumadillayeva et al. 2025].



Road-asset monitoring studies emphasize that useful inventories must be georefer-
enced, updateable, and compatible with Geographic Information System (GIS) workflows
[Katsamenis et al. 2025]. Map matching is therefore a core requirement: noisy GNSS ob-
servations must be associated with the road network before model outputs can become in-
dicators per road segment [Stipancic et al. 2025]. In Brazil, federal road analysis relies on
the National Road System (Sistema Nacional de Viação, SNV), maintained by the Brazil-
ian Department of Transport Infrastructure (Departamento Nacional de Infraestrutura de
Transportes, DNIT) [DNIT 2026].

This work addresses that operational gap by treating transportation company bus-
operation data as a real-world opportunity to develop and evaluate large-scale road-
monitoring systems. Onboard videos recorded between June 28 and July 14, 2025, to-
gether with large-scale telemetry, provided the operational basis for training and evaluat-
ing the visual modules. The system reduced 584.6 million raw telemetry records to 23.6
million points for map matching, covered 512 trips and 259 bus lines, and supported 6.26
million frame-level model applications. In the most recent pavement-defect run, the up-
dated model analyzed 877,070 frames and produced 37,203 predicted defect events, later
consolidated and aggregated by road segment. These values emphasize that the novelty
is not a detector in isolation, but the transformation of moving-vehicle observations into
auditable, segment-level infrastructure indicators.

The contributions are fourfold. First, we present an end-to-end architecture that
joins onboard acquisition, image–telemetry synchronization, multimodal inference, tem-
poral persistence, map matching, and validation. Second, we formalize data-curation
controls for stationary buses, rain, visually irrelevant contexts, and candidate-segment
prioritization. Third, we integrate GNSS trajectories with OpenStreetMap (OSM), Graph-
Hopper, mmlib as a map-matching interface, SNV, the state road reference associated with
the Contribution for Intervention in the Economic Domain (in Portuguese Contribuição de
Intervenção no Domínio Econômico, CIDE), and kilometer-level road attribution. Fourth,
we show how heterogeneous visual modules can feed a common segment-level indicator
layer while preserving image evidence for human review.

2. Related Work

Vision-based road-infrastructure monitoring has evolved from isolated field surveys to-
ward onboard perception, where cameras and geospatial sensors record infrastructure
condition during regular vehicle operation [Bruno et al. 2025]. In pavement assessment,
You Only Look Once (YOLO) models remain widely used because they balance inference
speed and spatial localization [Ma and Chen 2025]. Fine cracks remain difficult to detect
because contrast, shadows, perspective, and crack morphology reduce visual separability
in road imagery [Dong et al. 2025]. For deformation-related distresses, Sheikholeslami
et al. integrate a Physics-Informed Neural Network (PINN) penalty into the YOLO loss
to improve bounding-box reliability and reduce false positives for rutting and corrugation
[Sheikholeslami et al. 2026]. These studies support model development, but operational
deployment also requires synchronization, temporal consolidation, and spatial aggrega-
tion beyond benchmark images.

Road monitoring is not limited to pavement damage, since maintenance decisions
also depend on signs, horizontal markings, roadside vegetation, and other assets observed



from moving vehicles. Traffic-sign detection is challenged by small objects, variable
distance, occlusion, and dynamic backgrounds [Zhang et al. 2025a]. Traffic-sign recog-
nition in Intelligent Transportation Systems (ITS) also requires environmental robustness
and low-latency inference [Wang et al. 2025]. Horizontal road markings are less explored
than vertical signs and lane markings, although their condition directly affects naviga-
tion, safety, and maintenance planning [Kulawik and Kuczyński 2025]. Recent road-
infrastructure datasets and benchmarks have highlighted that infrastructure elements such
as traffic signs, guardrails, delineators, and other roadside assets remain underrepresented
in conventional autonomous-driving datasets [Katsamenis et al. 2025].

To make visual observations actionable, vehicle GNSS traces must be linked to
road geometry through map matching, enabling analysis by road, kilometer, and op-
erational segment [Stipancic et al. 2025]. Hidden Markov Model (HMM)-based meth-
ods model observation uncertainty and plausible road transitions [Zhang et al. 2025b],
while diffusion approaches address noisy and sparse trajectories [Han et al. 2026].
For deployment, GraphHopper supports routing and OSM-based map matching
[GraphHopper Project 2026], while mmlib is a public Python interoperability frame-
work used here to submit trajectories to GraphHopper and recover matched routes
[Dias de Souza 2026]. In Brazil, SNV provides official federal road and kilome-
ter references [DNIT 2026], while DNIT structures maintenance assessment through
the Maintenance Condition Index (in Portuguese Índice de Condição da Manutenção,
ICM), composed of the Pavement Index (in Portuguese Índice de Pavimentação, IP)
and the Conservation Index (in Portuguese Índice de Conservação, IC), with video
records, computer vision, and manual post-processing [DNIT 2024]. RoadAtlas in-
tegrates georeferenced imagery, defect detection, asset management, and visualiza-
tion [Chen et al. 2021]. Pavimentados processes georeferenced imagery for pavement-
condition assessment [IDB 2025]. Unlike these alternatives, the proposed system com-
bines four visual tasks, bus telemetry, temporal consolidation, map matching, and official
Brazilian road references into auditable segment-level indicators; different datasets and
taxonomies preclude direct metric comparison.

3. System Contribution and Design Principles
The central contribution is to move the analytical unit from an isolated frame to a localized
road event or segment state. In real operation, a visual prediction is only actionable after
it becomes a spatial decision: a defect count, a conservation state, a sign inventory entry,
or a vegetation-condition indicator associated with a defined road section. In this paper, a
model-selection problem refers mainly to choosing or improving a detector or classifier,
whereas a system-level problem involves coordinating acquisition, synchronization, cura-
tion, temporal validation, geospatial attribution, and audit mechanisms so that predictions
become road-management evidence.

Three design principles support this formulation. The first separates visual qual-
ity from spatial quality: a confident detection may still require review if telemetry, map
matching, or road identity is uncertain. The second principle standardizes how different
visual outputs are converted into spatial evidence: detections, scene-level classifications,
and traffic-sign results all feed the same geospatial aggregation layer, allowing new mod-
ules to be added without redesigning the segment-level logic. The third treats curation
and label formulation as part of the method: vehicle motion, rain, pavement type, official



maintenance indicators, and labeling history guide the selection of candidate segments
and the frames associated with training and inference. Table 1 summarizes how these
principles address operational constraints in large-scale road monitoring.

Table 1. Innovation mechanisms embedded in the proposed road-monitoring sys-
tem. The table links operational constraints to architectural decisions and
expected impact.

Innovation
axis

Operational challenge System mechanism Impact on road man-
agement

Evidence-
centered
monitoring

Model outputs are weak if
detached from images, time,
and location.

Each prediction is linked to vi-
sual evidence, telemetry, vehi-
cle context, and a road seg-
ment.

Enables auditing, review,
and institutional trust in
automated indicators.

Temporal
reliability

Video streams may in-
clude clock offsets, missing
frames, and repeated obser-
vations of the same object.

Frame-time alignment, confi-
dence gates, temporal tracking,
and deduplication.

Reduces duplicated
events and separates
visual uncertainty from
temporal uncertainty.

Multitask
extensibil-
ity

Pavement defects, markings,
signs, and vegetation require
different visual formulations.

Detection, classification, and
multi-stage pipelines feed the
same spatial aggregation layer.

Allows new visual mod-
ules without redesigning
the geospatial core.

Official-
network
integration

Raw GNSS trajectories do
not directly correspond to of-
ficial road segments.

Map matching against federal
and state road references with
kilometer-level attribution.

Produces indicators
compatible with road-
management language
and official inventories.

Human-in-
the-loop
correction

Coincident roads, unmapped
stretches, and ambiguous ev-
idence cannot be fully solved
by automation.

Manual validation, road-
identity correction, and
recoverable visual records.

Supports operational de-
ployment under imper-
fect data and evolving
road databases.

4. Proposed System
4.1. Operational Setting and Data Curation
The system considers transportation company buses equipped with frontal cameras and
GNSS telemetry, operating over long and visually heterogeneous routes. Since the videos
were collected during regular service rather than under controlled imaging conditions
for AI training, the data contain low-resolution frames, motion blur, occlusions, lighting
variation, stops, rain, and scenes outside the road corridor. The methodological challenge
is therefore to convert operational video and telemetry streams into decisions associated
with time, position, road identity, and segment, despite missing frames, temporal offsets,
rare classes, high-speed motion, pavement-type variability, and stretches without a clear
official-network match.

Data curation is treated as a method step, not merely preprocessing. From 584.6
million records in two telemetry sources, entries lacking vehicle, timestamp, or valid ge-
ometry were removed, identifiers normalized, and duplicates suppressed. Points were
restricted to executed trip windows; the two densest operations per line yielded 23.6 mil-
lion points across 512 trips and 259 lines from April 1–26, 2026. The densest trajectory
per line was then map-matched to reduce redundancy while preserving network coverage.

Frames with low road-monitoring value are removed before labeling or inference.
Stationary-bus imagery is identified primarily from telemetry, using speeds below 0.1



km/h, and complemented by dense optical-flow analysis when visual motion evidence
is needed. This strategy follows Farneback’s dense optical-flow formulation, which esti-
mates pixel-level motion between consecutive frames through local polynomial expansion
[Farnebäck 2003]. It reduces stationary scenes from terminals, garages, and prolonged
stops, which otherwise overrepresent contexts unrelated to the monitored road corridor.

Rain, garage, construction, and non-representative pavement intervals are manu-
ally registered by vehicle, date, frame range, and exclusion reason, then removed from
labeling and training. DNIT severity indicators, together with IP, IC, and ICM, guide
where human labeling effort is more likely to find relevant defects, but are never used as
image labels. This distinction is important because annotation defines what each model is
expected to learn; for example, block-paved or cobblestone surfaces may introduce joints
and discontinuities that resemble cracks, increasing class-boundary ambiguity.

4.2. End-to-End Architecture

The architecture is organized into operational layers. Acquisition receives videos and
telemetry; synchronization generates image–position observations; multimodal inference
applies detection, classification, and staged pipelines; temporal validation reduces dupli-
cates; geospatial integration converts events into road-segment indicators; and validation
interfaces expose maps, images, metrics, and correction mechanisms. Figure 1 presents
this end-to-end workflow.

Human review loop
road-identity correction,thresholdreview,datasetgrowth, model retraining

Onboard data
acquisition

Image-telemetry
synchronization

Observation
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Multimodal AI
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time, speed
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Figure 1. End-to-end road-monitoring workflow linking onboard acquisition, syn-
chronization, multimodal inference, temporal validation, geospatial attribu-
tion, and human review.

The design decouples visual and geospatial layers: telemetry normalization, mo-
tion filtering, inference, temporal consolidation, map matching, and aggregation are auto-
mated, while humans validate temporal offsets, register excluded visual intervals, review
errors, resolve ambiguous road assignments, and audit evidence. Models can thus evolve
without changing attribution logic.

4.3. Image–Telemetry Synchronization

Let fi be the frame number, r the frame rate, t0 the estimated video-start time, and ∆
the temporal offset between camera and telemetry clocks. The timestamp associated with
frame i is

t̂i = t0 +
fi
r
+∆, (1)



where t̂i is the estimated timestamp of frame i, fi/r converts frame index into elapsed
video time, and ∆ corrects sensor misalignment. Once t̂i is available, the nearest teleme-
try observation is selected as

pi = arg min
pj∈P

|τj − t̂i|, (2)

where P is the set of GNSS observations for the trip, pj = (latj, lonj, vj, τj) contains
latitude, longitude, speed, and timestamp, and |τj − t̂i| measures the temporal distance
between telemetry and frame. The synchronization stage also records missing images,
absent frames, and camera- or vehicle-specific offsets, so ambiguous observations can be
discarded or flagged.

4.4. Multimodal Inference and Temporal Persistence

The system integrates independently trained, task-specific YOLO detection and classifica-
tion modules, using temporal splits and task-specific hyperparameter selection. Pavement
defects and sign types are localized for counting, deduplication, inventory, and segment
density; horizontal markings and vegetation represent scene condition, while sign quality
is classified on detected crops. Traffic signs follow a staged pipeline: a single-class detec-
tor first retrieves candidate images with signs from large video collections, reducing the
labeling burden; the operational outputs are then produced by a sign-type detector and a
quality classifier applied to sign crops.

Temporal persistence converts frame-level predictions into consolidated events.
For pavement defects, tracking uses the expected vertical motion of road-surface objects
as they approach the camera. For objects without this motion pattern, such as signs and
lateral assets, association uses centroid proximity and persistence in consecutive frames.
The event-validation rule is

1(o) = { 1 , no ≥ m ∧ c̄o ≥ θc(o), 0, otherwise. (3)

where o is a candidate event, no is the number of frames in which it remains associated,
m is the minimum required persistence, c̄o is the average track confidence, and θc(o) is the
threshold for class c(o). This rule reduces isolated false positives and transforms frame-
by-frame outputs into event records.

For pavement defects, operational inference uses class-specific confidence thresh-
olds defined through sensitivity analysis on the inference set: 0.60 for potholes, 0.70 for
patches, and 0.30 for cracks. A low global threshold increased patch noise, especially
on shadows, pavement stains, and surface irregularities, whereas a high global threshold
suppressed cracks, which often appeared with lower confidence due to their subtle mor-
phology, texture dependence, and pavement-type variability. Class-specific thresholds
therefore preserve crack recall while requiring stronger evidence for classes more prone
to false positives. High vehicle speed may also produce blur, streak-like marks, or re-
duced temporal continuity between consecutive frames, reinforcing the need for temporal
persistence and class-specific decision rules.

These class-specific thresholds are propagated to the operational audit layer,
where reviewers can inspect the original evidence and adjust the decision filters used
for pavement-defect visualization. The normalized output of each visual module contains



time, location, class, confidence, and links to visual evidence. This common event repre-
sentation allows detection, classification, and staged analysis to feed the same geospatial
layer.

5. Geospatial Integration and Segment-Level Indicators

Geospatial integration has two phases. First, raw GNSS trajectories are matched to OSM
using GraphHopper [GraphHopper Project 2026], with mmlib providing the interface
used to submit trajectories and recover matched route geometries [Dias de Souza 2026].
Second, the matched trajectory is attributed to official references, including SNV and
CIDE, to generate road identity, kilometer ranges, coverage, and segment-level indica-
tors. Figure 2 summarizes this workflow, highlighting the separation between OSM map
matching, official attribution, and operational refinement of ambiguous road identity.
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Figure 2. Geospatial integration workflow. GNSS trajectories are matched
to OSM, attributed to federal and state road references, refined under
coincident-road and short-gap cases, and converted into segment-level in-
dicators linked to image records.

The spatial attribution of each trip unit is

s∗i = arg min
s∈S, d(gi,s)≤ρ

d(gi, s), (4)

where gi is a metric road segment of the trip, S is the set of candidate official-road seg-
ments, d(gi, s) is the distance between both geometries, ρ is the maximum search radius,
and s∗i is the selected road segment. The matched trajectory is transformed to a metric
coordinate system, subdivided into 100 m units, and attributed using empirically config-
ured, non-normative tolerances: up to 100 m for SNV and 30 m for CIDE. These values
accommodate observed displacement between GNSS trajectories and reference geome-
tries; controlled sensitivity analysis remains future work.

The attribution is refined beyond nearest-neighbor assignment. When SNV re-
ports coincident roads, identifiers associated with the same physical axis are preserved,
while the main road is used only to group contiguous stretches. Short gaps between two
stretches assigned to the same road may inherit that identity, reducing artificial fragmenta-
tion caused by local ambiguity. Original and corrected states are preserved so automated
decisions and manual edits remain auditable.



Once segments are attributed, visual indicators are aggregated by count or density
as

Dk,c =
1

Lk

∑︂
o∈Oc

1(o ∈ sk), (5)

where Dk,c is the density of class c in segment k, Lk is the segment length in kilometers,
Oc is the set of validated events of class c, and 1(o ∈ sk) indicates whether event o belongs
to segment sk. This aggregation transforms visual observations into indicators compatible
with official maintenance surveys. Consequently, comparison with DNIT data occurs at
the road-segment level, not at the isolated-image level.

6. Experimental Results and Operational Validation

Table 2 summarizes the four visual tasks, their data basis, performance, and operational
outputs. Detection performance is reported using precision and mAP, while classification
accuracy is retained for cross-cycle comparability and interpreted within each task. Be-
cause the tasks use different formulations and evaluation protocols, their metrics should
not be interpreted as a direct ranking across modules. Pavement defects require localized
event detection, markings and vegetation represent scene-level condition, and traffic-sign
monitoring combines type detection with crop-level quality classification.

Table 2. Visual modules integrated into the operational monitoring system. Met-
rics summarize the experimental performance of each visual task and its
operational role in segment-level road management.

Visual
task

Learning formu-
lation

Evaluation base Result Operational output

Pavement
defects

Object detection:
crack, patch, pot-
hole

25,795 reviewed im-
ages; 4,212 annotated
images; 11,072 boxes

Precision = 64.05%;
mAP@50−−95 = 38.00%

Defect inference,
counting, deduplica-
tion, and density per
road segment.

Horizontal
road
markings

Scene classifica-
tion: good, regular,
poor, missing

26,951 labeled im-
ages

Accuracy = 85.96% Segment-level con-
servation indicator
for road markings.

Traffic
signs

Candidate retrieval
+ type detection +
quality classifica-
tion

75,923 reviewed im-
ages; 27,036 anno-
tated images; 32,163
boxes; 31,175 quality
crop labels

Candidate retrieval:
mAP@50 = 99.38%; type
detection: mAP@50 =
97.57%; quality accu-
racy = 97.54%

Assisted sign in-
ventory by type and
quality, with recover-
able image evidence.

Roadside
vegeta-
tion

Scene classifica-
tion: good, poor,
not applicable; ex-
tension to regular

26,954 labeled
images under class-
structure review

Accuracy = 75.23% in
the optimized model

Vegetation-condition
indicator and po-
tential obstruction
assessment.

For the final pavement-defect cycle, 25,795 images were reviewed, yielding 4,212
annotated images and 11,072 boxes; horizontal-marking and optimized vegetation cycles
used 26,951 and 26,954 image-level labels. For traffic signs, the 99.38% mAP@50 candi-
date detector served only to reduce manual review, while operational outputs came from
type detection (27,036 images; 32,163 boxes) and quality classification (31,175 crops).
Sign-quality data comprised 30,099 good and 1,076 bad crops; the good class reached
99.74% precision and 97.70% recall, whereas the bad class reached 59.77% precision



and 93.18% recall, reflecting high sensitivity to degraded signs but more false posi-
tives. Across tasks, 6.26 million frame-level model applications were recorded, poten-
tially reusing frames across modules. The latest pavement run processed 877,070 frames
from videos recorded by one bus between June 28 and July 14, 2025, yielding 37,203
predicted events: 2,143 potholes, 25,022 patches, and 10,038 cracks. After temporal con-
solidation, these events were aggregated by segment and should be interpreted as system
outputs rather than verified field prevalence.

Contiguous frames remain within one train, validation, or test split to limit leak-
age. Each model version preserves data origin, split, configuration, metrics, binary refer-
ence, and annotation links; recurrent errors are reviewed with neighboring frames and ac-
cepted corrections form new labeling cycles. Motion filtering removes stationary scenes,
exclusions remove rain and unsuitable contexts, and DNIT-based prioritization focuses
review without replacing human labels. Validation combines held-out temporal perfor-
mance with operational traceability from image evidence through telemetry and map
matching to official segments. Figure 3 shows matched routes and segment-level aggrega-
tion by road, state, kilometer range, and predicted counts. Current operational validation
establishes traceability rather than event-level accuracy; estimating operational precision
and recall requires manual annotation of sampled clips.

(a) Line-level map matching against official
road references.

(b) Segment-level pavement-defect aggre-
gation with map tooltip.

Figure 3. Spatial validation interfaces linking map matching, official road refer-
ences, and segment-level pavement-defect estimates.

The segment map shows how visual detections become spatial readings of a road
stretch, but operational use still requires inspection of the evidence behind each count.
Figure 4 shows the audit interface for a selected segment, including the original frame,
bounding box, confidence score, class-specific confidence filters, defect-type toggles, and
segment metadata. This view closes the audit loop: the user can start from an official
segment, inspect estimated defects, and recover the visual observations that produced the
aggregate.

7. Discussion

The results show that large-scale road monitoring is a system-level problem rather than
only a model-selection problem. Performance depends not only on the selected visual
models, but also on acquisition conditions, synchronization, temporal consolidation, and
spatial attribution. The visual modules reached different levels of maturity because each
task imposes distinct constraints: traffic-sign detection and quality assessment benefit



Figure 4. Visual audit interface for a selected road segment. The evidence view
exposes the original frame, detected defect, model confidence, segment
metadata, defect counts, visualization toggles, and class-specific confi-
dence thresholds used to filter pothole, patch, and crack detections.

from compact targets and focused crops, whereas pavement-defect detection is more af-
fected by texture variation, illumination, pavement type, motion artifacts, and subtle class
boundaries. This reinforces the main premise of the work: operational value emerges
when heterogeneous predictions become localized, auditable, and segment-level road ev-
idence.

The transportation company case study illustrates this challenge under real deploy-
ment conditions. Regular bus operation expands coverage and reduces collection cost,
but it also introduces repeated observations, stationary scenes, missing frames, telemetry
irregularities, temporal offsets, and variable image quality. Therefore, data curation, task-
specific model formulation, temporal persistence, and geospatial attribution must operate
together to convert frame-level outputs into usable infrastructure indicators. Map match-
ing and attribution to official references allow model outputs to be compared with DNIT
information at the segment level rather than at the isolated-image level, which is essential
when coincident roads, short gaps, incomplete geometries, and manual corrections must
remain traceable.

The reported scale demonstrates feasibility within the current corpus, not through-
put beyond it. Generalization remains limited to one operator and selected Brazilian cor-
ridors, while rain exclusion restricts adverse-weather claims. Synchronization depends on
camera offsets and telemetry quality. Map matching may fail in urban corridors, ramps,
parallel lanes, or incomplete road databases. Rare classes, such as low-quality traffic
signs, remain imbalanced. Roadside-vegetation classification depends on indirect visual
cues of height, distance, and obstruction. Older low-resolution frames limit the legibility
of small assets. These limitations are mitigated through curation filters, spatial tolerances,
versioned states, and incremental expansion of training data, but they remain important
targets for future work.



8. Conclusion
This paper presented an end-to-end multimodal road-monitoring system integrating on-
board video, telemetry, visual models, temporal reasoning, and official road references. It
reduced 584.6 million telemetry records to a 23.6-million-point candidate pool and sup-
ported 6.26 million frame-level model applications. The latest pavement run converted
877,070 frames into 37,203 predicted events for segment aggregation. The tasks showed
complementary maturity: traffic-sign type detection reached 97.57% mAP@50 and qual-
ity classification 97.54% accuracy, horizontal markings 85.96% accuracy, roadside veg-
etation 84.29% accuracy, and pavement defects 38.00% mAP@50–95. The contribution
is to show how computer vision, telemetry, official road references, and validation can
produce actionable road-management indicators at operational scale.

Future work will estimate operational precision and recall on manually anno-
tated clips, evaluate higher-frequency telemetry, enrich minority classes, analyze spatial-
tolerance sensitivity, and transfer the system to other regions. It will also strengthen
synchronization with updated DNIT/SNV and CIDE references, move toward near-real-
time processing, generate executive segment-level reports, and longitudinal analysis to
track infrastructure-condition changes over time and support faster operational decision-
making. GraphHopper and mmlib are public; access to the complete prototype, versioned
experimental artifacts, and field imagery remains governed by the applicable operational
data-use agreement.
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