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Abstract

Accurate geospatial data are essential for intelligent transportation systems and automated
reporting applications, as location precision directly impacts safety analysis and decision-
making. GPS devices are now routinely employed by law enforcement officers when
filing vehicle crash reports, yet our investigation reveals that significant data quality issues
persist. The high apparent precision of GPS coordinates belies their actual accuracy as
we find that approximately 20% of crash sites need correction—results consistent with
existing research. To address this challenge, we present a novel credibility scoring and
correction algorithm that leverages a state-of-the-art multimodal large language model
(LLM) capable of integrated visual and textual reasoning. Our framework synthesizes
information from structured coordinates, crash diagrams, and narrative text, employing
advanced artificial intelligence techniques for comprehensive geospatial validation. In
addition to the LLM, our system incorporates open geospatial data from Overture Maps, an
emerging collaborative mapping initiative, to enhance the spatial accuracy and robustness
of the validation process. This solution was developed as part of research leading to a
patent for autonomous vehicle routing systems that require high-precision crash location
data. Applied to a dataset of 5000 crash reports, our approach systematically identifies
records with location discrepancies requiring correction. By uniting the latest developments
in multimodal Al and open geospatial data, our solution establishes a foundation for
intelligent data validation in electronic reporting systems, with broad implications for
automated infrastructure management and autonomous vehicle applications.

Keywords: large language models; GIS validation; crash location accuracy; traffic crash
data quality; multimodal Al spatial data validation; crash reporting systems; location
correction; transportation safety; data post-processing

1. Introduction

The validation of geospatial data represents a fundamental challenge in modern in-
telligent systems, particularly when multiple data sources provide conflicting location
information. Traditional validation approaches rely on simple distance-based metrics or
manual verification processes that often fail to leverage the rich contextual information
available in modern reporting systems. This limitation becomes critical in applications
where precise location data directly impacts safety outcomes and resource allocation deci-
sions. The work on a patent for safe routing of autonomous vehicles [1,2] exemplifies this
challenge, where inadequate crash location data quality emerged as a fundamental barrier
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to implementation, necessitating the development of the multimodal validation framework
presented in this work.

The complexity in geospatial validation has several roots: time-pressured data collec-
tion environments, the integration of structured coordinates with unstructured narrative
descriptions, visual diagram interpretation requirements, and the need for accuracy verifica-
tion. When analyzing crashes, precise localization is a prerequisite for proper classification,
yet current systems frequently capture location information inaccurately due to the de-
mands placed on law enforcement officers at the scene of a crash.

The precision of geospatial data directly impacts the effectiveness of safety interven-
tions, as infrastructure modifications, signage placement, and enforcement strategies must
be accurately targeted. The World Health Organization reports that road crashes result
in 1.35 million fatalities annually worldwide, representing the leading cause of death
for individuals aged 5-29 [3]. Inaccurate location data compromises the spatial target-
ing essential for evidence-based safety interventions. In the United States, traffic crashes
resulted in almost 41,000 fatalities in 2023, with economic losses approaching USD340
billion annually [4]. These statistics demonstrate how improvements in data validation
systems can have significant real-world impact through enhanced safety analysis and
intervention targeting.

Current approaches to location validation face several limitations: the reliance on
single-source validation, inability to process multimodal information, lack of systematic
credibility assessment, and insufficient integration of contextual data [5]. The practical
implications of these limitations include false identification of safety hotspots, misallocation
of infrastructure investments, and reduced effectiveness of safety analysis in transportation
systems [6].

Recent advances in artificial intelligence, particularly large language models and
multimodal processing capabilities, provide new opportunities to address these validation
challenges. However, the existing research has not systematically explored the integration
of these technologies into a unified validation framework capable of processing diverse
data types while accounting for the varying reliability of different information sources.

This paper addresses the need for intelligent geospatial validation systems by de-
veloping a novel computational framework that combines credibility scoring algorithms,
multimodal AI analysis, and spatial validation techniques. Building on the recommen-
dations of Imprialou and Quddus [7] for enhanced data post-processing methods, our
approach represents an advancement in the automated location validation methodology
with potential applications extending beyond transportation to other domains requiring
geospatial data quality assurance.

1.1. Data Quality Issues in Crash Reporting

Crash data quality deficiencies significantly impact safety analyses, from hazard iden-
tification to predictive modeling applications. These challenges manifest across multiple
dimensions of data integrity and stem from systematic sources within the reporting process.

Completeness: Under-reporting varies systematically by crash severity and road user
type. While fatal crashes achieve near-complete reporting rates, substantial gaps exist for
minor crashes and vulnerable road users [8,9]. A meta-analysis across 13 countries reveals
decreasing capture rates by injury severity: 95% for fatal injuries, 70% for serious injuries
requiring hospitalization, 25% for slight injuries treated as outpatients, and only 10% for
very slight injuries [10].

Spatial Accuracy: Researchers have found that location errors affect approximately
25% of crash records in high-income countries [11], despite widespread GPS adoption [6,12].
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These inaccuracies directly compromise the identification of high-risk locations and the ef-
fectiveness of targeted safety interventions, forming the primary focus of this investigation.

Temporal Precision: The accurate capture of the time and date of a crash enables the
analysis of crash patterns across environmental conditions, traffic volumes, and seasons.
Temporal data also facilitates a correlation analysis between crashes and specific road
conditions or traffic events.

Classification Consistency: A severity assessment requires standardized scales
(e.g., KABCO versus AIS injury scales [13]) and consistent application across jurisdic-
tions. Variations in classification protocols complicate comparative analyses and resource
allocation decisions.

1.2. Error Taxonomy and Sources

As illustrated in Figure 1, crash data quality issues manifest across five categories,
each stemming from distinct but interacting sources. Empirical evidence from electronic
reporting systems demonstrates that systematic approaches can significantly reduce these
errors [12], particularly for location data where officers often lack expertise in spatial
referencing systems.

Crash Data
Quality Issues

Standard Fidelity Contextual Temporal

Factual Error .. .. ..
Variation Variation Omission Issues

Primary Causes

1

X Perfunctory: Institutional: Institutional: Institutional: Practical:

1| Hurried Entry Different Systems System Issues System Issues Field Constraints
1
\

Figure 1. Hierarchy of crash data quality issues with their primary sources.

Factual Error: This is the incorrect capture of observable details due to hurried data
entry or adverse field conditions. Electronic systems with validation checks have proven
effective in reducing such errors [12].

Standard Variation: This is the inconsistent classification approaches across jurisdic-
tions, exemplified by different injury scales [13] or the inconsistent application of directional
coding standards [12].

Fidelity Variation: This is the systematic differences in detail requirements between
agencies, ranging from general location descriptions to precise spatial coordinates.

Contextual Omission: This is the missing information critical for analysis, often
excluded due to institutional priorities rather than data availability.

Temporal Issues: This is the inaccurate timing data resulting from field constraints or
imprecise recording practices.

The interaction between these error types necessitates multi-dimensional valida-
tion approaches that can systematically address institutional, practical, and procedural
deficiencies simultaneously.
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1.3. How Crash Location Is Recorded by Law Enforcement Officers

Crash location recording procedures vary across jurisdictions. We were able to obtain
both detailed crash reporting instructions and associated crash data for three states: Florida,
Ohio, and Texas. Based on our review of these states, we find several common approaches
to documenting crash locations, though specific requirements differ among them.

In Florida, crash location reporting offers four options to identify the crash site [14]:

1.  Street, Road, or Highway: Record the name of the highest classification of the traf-
ficway where the crash occurred. For parking lot crashes, include the address; for
private property, specify private property and the address.

2. Street Address: Provide the street address number if applicable. This field is not
required if other location data such as latitude /longitude, intersection, or milepost
is used.

3. Latitude and Longitude: Enter the coordinates of the crash location in float format
(e.g., —85.869586). The latitude and longitude values are optional and can substitute
for other location fields.

4.  Intersection or Milepost: Specify the distance and direction from the nearest intersec-
tion or milepost. The measurements can be in feet or miles, and the direction should
indicate N, S, E, or W.

Ohio [15] maintains stricter requirements, mandating latitude and longitude coordi-
nates for all crashes, unlike Florida’s optional approach. Texas [16] is similar to Florida,
allowing but not requiring GPS coordinates. Both Ohio and Texas provide fields for route
numbers and road names, with clear rules for prioritizing route systems and using sec-
ondary references in intersections.

The approaches across Florida, Ohio, and Texas reflect different priorities in balancing
flexibility, precision, and redundancy:

¢ Latitude and Longitude: While optional in Florida and Texas, these coordinates are
mandatory in Ohio, showing varying approaches to geospatial data collection.

* Road System and Street Names: All three states require the use of street names or
roadway systems when available, with Texas implementing detailed hierarchical rules.

*  Street Address Requirements: Texas specifically emphasizes that GPS coordinates
do not replace the need for street address information, which must always be pro-
vided. Florida offers more flexibility by allowing latitude/longitude to substitute for
other fields.

International Perspectives: The Swedish Model

International standards for crash reporting can deviate significantly from those in the
United States. Sweden, for instance, is recognized as a leader in traffic safety and is the
birthplace of Vision Zero—a strategy aimed at eliminating all traffic fatalities and severe
injuries [17].

According to Swedish guidelines for law enforcement officers, the location of a crash
must be captured in a manner that leaves no doubt as to where the incident occurred. This
is achieved by the following:

*  Precise Location Identification: Documenting the accident site using the road number
and/or street name, along with the distance to the nearest intersecting street or road.

*  Supplementary Locality Data: Including the name of the district, municipality, or
locality when possible.

*  Enhanced Precision via GPS: When available, employing GPS coordinates to pinpoint
the exact location of the incident.
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The method employed in Sweden is similar to practices observed in some U.S.
states—emphasizing the need for detailed and unambiguous location information. How-
ever, regarding technical precision, Ohio’s crash reporting system is the most stringent
among the examples discussed, through the mandatory use of GPS coordinates for all
crash reports. While this approach is intended to promote precise geolocation by captur-
ing latitude and longitude data, practical challenges such as data entry errors can still
result in inaccuracies. Thus, the benefit of the mandated precision offered by GPS data
may sometimes obscure underlying data quality issues, such as those discussed in the
preceding section.

1.4. Literature Review

The impact of inaccurate crash data on road safety analyses is likely significant. When
Imprialou and Quddus [7] reviewed the literature, they found that data quality problems
vary in severity and extent across different attributes and are especially severe for crash
location and timing, challenges in linking databases due to inconsistencies, misclassification
of crash severity, incomplete or inaccurate demographic information of those involved,
and incorrect identification of factors contributing to crashes. Multiple studies [11,18] have
documented substantial location error rates across different jurisdictions and datasets.

The validation of traffic accident locations from police reports has challenged re-
searchers for decades, with various methodological approaches proposed. Work by Levine
and Kim in the late 1990s [19] pointed to the need for “[e]fforts to enhance data quality
[involving] better training and standardization of location reporting throughout the entire
data management process.”

Subsequent research has explored multiple methodological trajectories. Tarko et al. [20]
addressed the challenge of linking crash records to specific road locations when location
data is poor quality. A probabilistic linking technique (the Fellegi-Sunter method) was
used to match crash records with road inventory data, testing it on 137 crash records and
37 state intersections. Although the method could identify probable links for most crashes,
it typically assigned each crash to 2-3 possible roads rather than a single location due to
insufficient road data limitations of the estimation method. In their conclusions, Tarko et al.
expressed hope that future improvements could come from better probability estimation
and electronic crash reporting.

The error rate in crash locations varies across studies. Miler et al. [18] found that
33.5% of crashes in a database of 8550 observations had inaccurate location attributes. Their
innovative approach employed fuzzy string matching using the Jaro-Winkler distance,
achieving a 15% improvement over classical methods. This work was particularly notable
for its use of OpenStreetMap data, which provided access to local variants of street names.

Imprialou et al. [21] developed a novel probabilistic crash mapping algorithm (CM-
MLOGIT) for dense urban networks, achieving 97.1% accuracy without relying on road
names. Their method employs a hierarchical data structure where candidate road links
are nested within vehicles and vehicles within crashes. The algorithm uses a multilevel
logistic regression model based on two primary variables: the distance between reported
crash location and candidate segment, and the difference between vehicle direction and
link direction. Their approach significantly outperformed simpler methods based on mini-
mum distance and angular difference. The authors demonstrated that vehicle-by-vehicle
examination combined with optimal distance and angular measurements can effectively
map crashes in complex urban environments, despite the inherent inaccuracies in admin-
istratively collected crash location data. Their findings highlight the impact of location
mapping accuracy on subsequent spatial crash analyses and road safety decision-making.
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Deka and Quddus [5] developed a new machine neural network to accurately map traf-
fic accidents to their correct road segments, addressing the limitations of existing methods.
Using artificial neural networks (ANNSs) and pattern matching, their approach accounts
for inherent uncertainties in police-recorded accident data and road network information.
When tested on UK accident data from 2012, their algorithm achieved significantly better
accuracy than traditional methods, showing a ~15% improvement in correct accident
mapping compared to existing approaches. The method has already been implemented by
the UK Highways Agency and can be adapted for use with other accident datasets.

While these crash mapping approaches have achieved high accuracy rates in their
respective domains, they address fundamentally different validation challenges than the
multimodal framework presented in this work. Existing methods primarily focus on crash-
to-road mapping and single-source geocoding correction, whereas our approach introduces
a novel paradigm for validating consistency across multiple authoritative data sources.
The integration of visual diagram analysis, narrative text processing, and credibility scor-
ing represents a distinct methodological contribution that establishes new performance
baselines rather than incrementally improving existing geocoding approaches.

Chung & Chang [22] assessed police-recorded accident data against Vehicle Black Box
(VBB) data in Incheon, Korea (2010-2011). Their analysis of 206 matched accidents revealed
the following:

*  Location accuracy: Average deviation 84.84 m; 91% within 150 m.

*  Timing accuracy: Average deviation 29.05 min; 96% within 60 min.

*  Speed accuracy: Average deviation 9.03 km/h; 90% within 20 km/h.
*  Higher injury severity correlates with more accurate speed recording.

Looking toward the future, Imprialou and Quddus [7] suggest that emerging intelli-
gent crash reporting systems, incorporating GPS-based applications and automated data
collection, could significantly reduce location errors. Electronic reporting implementa-
tions [12] have demonstrated improvements in location accuracy, though challenges remain
in areas such as spatial referencing consistency. These systems are being implemented in
several countries, including the US, the UK, and Italy, though their adoption faces chal-
lenges related to cost, training requirements, and potential technological vulnerabilities.

1.4.1. Emerging Multimodal Al Applications in Traffic Safety

The application of multimodal Al to transportation safety represents an emerging
research frontier, with initial explorations focusing primarily on accident analysis and
risk prediction rather than data validation. Recent preprint research has begun exploring
multimodal approaches for traffic safety applications, though none have addressed the
specific challenge of geospatial data validation.

Wau, Li, and Xiao [23] propose AccidentGPT, a multimodal foundation model for traffic
accident analysis that incorporates diverse input data to reconstruct accident processes
automatically. Their work demonstrates the potential of multimodal Al for understanding
traffic incidents but focuses on post-incident analysis rather than data quality assurance.
Similarly, Karimi Monsefi et al. [24] present CrashFormer, a multimodal architecture de-
signed to predict crash risk using historical accidents, weather data, map imagery, and
demographic information. While their approach successfully integrates multiple data
modalities for predictive purposes, it does not address the fundamental data quality issues
that our research targets.

These emerging applications highlight the growing recognition of multimodal Al'’s
potential in transportation safety, yet they also underscore the gap our work addresses: the
absence of systematic approaches for validating the spatial accuracy of the foundational
data that such systems depend upon.
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1.4.2. Research Gap

While previous work has established various methodologies for location validation,
from probabilistic matching to sophisticated map-matching algorithms, these approaches
have generally relied on either exact string matching or predetermined similarity met-
rics. Recent preprint research has begun exploring multimodal Al applications for traffic
safety [23,24], but these efforts focus on accident analysis and risk prediction rather than
addressing the fundamental data quality challenges that compromise such systems.

The potential of leveraging modern language models’ semantic understanding capabil-
ities for geospatial validation remains largely unexplored in peer-reviewed literature. Fur-
thermore, while advanced algorithms using artificial intelligence concepts have achieved
high accuracy rates in correcting crash locations, no research has systematically integrated
visual diagram analysis with textual narrative processing for location validation purposes.

Our work addresses these gaps by developing and evaluating the first LLM-based
multimodal approach specifically designed for geospatial data validation, potentially
offering a more robust and adaptable solution that could see wider practical adoption than
existing single-modality approaches.

1.5. Research Objectives
The objectives of this research include the following:

1.  To develop an intelligent computational framework for automated geospatial data
validation using multimodal Al techniques;

2. To create a dynamic credibility scoring algorithm that systematically integrates diverse
information sources for location verification;

3. To evaluate the framework’s effectiveness through comprehensive testing on real-
world crash location datasets;

4.  To establish a methodology suitable for potential integration into electronic reporting
systems and intelligent transportation infrastructure.

2. Materials and Methods

Our proposed solution uses both structured data validation and visual-textual analysis
for location validation. The primary data source is crash reports from the Ohio Depart-
ment of Transportation, a facsimile of which is shown in Figure 2. These reports contain
rich structured and unstructured information, including both ODOT (Ohio Department
of Transportation) and ODPS (local police department) coordinates, reference location
information, narrative description, and a crash diagram.

We implement our solution in object-oriented Python (version 3.11) with considera-
tions for efficiency and accuracy. This section describes the implementation in detail.
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CGCAL INFORMATION X
W PHOTOS TAKEN OOH2 WOH3  |GALLIAST Local Report #:
[ SECONDARY CRASH [ OH-1P O OTHER |REPORTING AGENCY NAME* NCIC* HIT/SKIP INUMBER o UNITS| UNIT IN ERROR
1- SOLVED 98 - ANIMAL
o erivate rrorerty . [PORTSMOUTH POLICE 2 UNSOLVED 2 1 99~ Unknown
COUNTY* LOCALITY' v LOCATION: CITY, VILLAGE, TOWNSHIP* ODPS FIPS CRASH DATE / TIME* CRASH SEVERITY
2 - VILLAGE R
73 1 Itomewe [Portsmouth 64304 . .ccoo_Loem 4-INJURY POSSIBLE
ROUTE TYPE | ROUTE NUMBER [PREFIX N - NORTH |LOCATION ROAD NAME ROAD TYPE ODPS LATITUDE ODPS LONGITUDE
S - SOUTH
E - EAST
us 52 w-west 38.739200 -82.968100
ROUTE TYPE | ROUTE NUMBER |PREFIX N - NORTH | REFERENCE ROAD NAME (ROAD, NILEPOST, HOUSE#) ROAD TYPE ODOT LATITUDE ODOT LONGITUDE
S - SOUTH
E - EAST
w-west [GALLIA ST 38.739516 -82.968170
REFERENCE POINT DIRECTION ROUTE TYPE ROAD TYPE [ODOT GOOGLE MAP LINK
T IR - INTERSTATE ROUTE (TP) AL - ALLEY HW - HIGHWAY  RD - ROAD e 2
1 - INTERSECTION . - - -
2 - WILE POST N-NORTH | 5 . FEDERAL US ROUTE AV - AVENUE LA LANE 5Q - SQUARE
N E $-SOUTH | R . STATE ROUTE BL - BOULEVARD  MP - MILEPOST ST - STREET
3 - HOUSE NUMBER E - EAST CR - NUMBERED COUNTY ROUTE CR - CIRCLE 1 - TE - TERRACE | 03 WITHIN INTERSECTION OR ON APPROACH
W-WEST | TR - NUMBERED TOWNSHIP ROUTE CT - COURT PK - PARKWAY  TL - TRAIL
e BITANCE DR-DRVE  L-PLACE WA - WAY O WITHIN INTERCHANGE AREA NUMBER OF APPROACHES
1 - MILES ROADWA
25.000 2|50
. 3- YARDS O ROADWAY DIVIDED
LOCATION OF FIRST HARMFUL EVENT MANNER OF CRASH COLLISION/IMPACT DIRECTION OF TRAVEL MEDIAN TYPE
N NORTH 1- DIVIDED FLUSH MEDIAN
1- ON ROADWAY 9 - CROSSOVER 1-NOT COLLISION 4 - REAR-TO-REAR
2 ON SHOULDER 10 - DRIVEWAY/ALLEY ACCESS BETWEENTWO 5 - BACKING D 5 soum D (LESS THAN 4 FEET)
3- IN MEDIAN 11 - RAILWAY GRADE CROSSING VEHICLES IN 6 - ANGLE W e 2 - DIVIDED FLLISH MEDIAN
4 - ON ROADSIDE 12 - SHARED USE PATHS OR TRAILS TRANSPORT 7 - SIDESWIPE, {4 FEET AND GREATER)
5-0f 13 - BIKE LANE 2 - REAR-END SAME DIRECTION 3 - DIVIDED, DEPRESSED MEDIAN
6 - OUTSIDE TRAFFIC WAY 14 - TOOL BOOTH 3 - HEAD-ON 8 - SIDESWIPE, - DIVIDED, RAISED MEDIAN
7 - ON RAMP 99 - OTHER / UNKNOWN OPPOSITE DIRECTION (ANY TYPE)
8- OFF RAMP 9 - OTHER/ UNKNOWN 9 - OTHER/UNKNOWN
WORK ZONE TYPE LOCATION OF CRASH IN WORK ZONE CONTOUR CONDITIONS SURFACE
1 WORK ZONE RELATED
1- LANE CLOSURE 1 - BEFORE THE FIRST WORK ZONE 1 1 2
1 WORKERS PRESENT 2 - LANE SHIFT/CROSSOVER WARNING SIGN
3 - WORK ON SHOULDER OR MEDIAN 2 - ADVANCE WARNING AREA 1 - STRATGHT LEVEL - DRY 1 - CONCRETE
4 - INTERMITTENT OR MOVING WORK 3 - TRANSITION AREA - - -
O LAW ENFORCEMENT PRESENT 5. OTHER 4~ ACTIVITY AREA 2 - STRAIGHT GRADE |2 - WET 2 - BLACKTOP,
5 - TERMINATION AREA 3 - CURVE LEVEL 3- SNoW BITUMINOUS,
4- CURVE GRADE 4-1CE ASPHALT
O ACTIVE SCHOOL ZONE 9 - OTHER/UNKNOWN | 5 - SAND, MUD, DIRT, 3 - BRICK/BLOCK
OIL, GRAVEL 4-SLAG, GRAVEL,
6 - WATER (STANDING, STONE
LIGHT CONDITION WEATHER VING) 5. DIRT
7 - SLUSH 9 - OTHER/
1~ DAYLIGHT 1 CLEAR 6 SNOW 9 - OTHER/UNKNOWN UNKNOWN
2 DAWN/DUSK 2. CLOUDY 7 - SEVERE CROSSWINDS
3 - DARK - LIGHTED ROADWAY 3 - FOG, SMOG, SMOKE 8 - BLOWING SAND, SOIL, DIRT, SNOW
4 - DARK - ROADWAY NOT LIGHTED 4- 9 - OTHER/UNKNOWN
5 - DARK - UNKNOWN ROADWAY LIGHTING 5- SLEET, HAIL
9 - OTHER/UNKNOWN
NARRATIVE
UNIT 1 FAILED TO STOP IN ASSURED CLEAR DISTANCE STRIKING A CHEVY
HHR CAUSING IT TO HIT UNIT 2 WHICH CAUSED UNIT 2 TO A TRUCK. THE
HHR AND TRUCK WERE NOT ON SCENE AND REMAIN UKNOWN AT THIS
TIME.

Figure 2. Example of an Ohio crash report showing the key data elements used in our validation
process: ODOT and ODPS coordinates, reference point information (intersection of US 52 and Gallia
St), and the crash diagram that visually represents the location and circumstances.

2.1. Multimodal Analysis Framework

For the visual-textual analysis, we employ a multimodal large language model to
extract structured information from both crash diagrams and narrative text. The narrative
analysis component uses a structured prompt to extract street names and intersection status
from crash descriptions:

{
"role": "system",
"content": """Extract the main streets involved in the crash...
Rules for streets:
- Include highway prefixes in standardized format:
* STATE ROUTE ## - SR ##
* COUNTY ROAD ## - CR ##
* UNITED STATES ROUTE ## - US ##
- Private drives should be labeled as "PRIVATE DRIVE"

- If a street name cannot be determined, use null

Provide your response as valid JSON with exactly these keys:

’streetl’, ’street2’, ’intersection’."""
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The system returns structured JSON output with three fields, streetl, street2,
and intersection (boolean), enabling direct integration with subsequent spatial vali-
dation steps.

The diagram analysis leverages the same multimodal LLM to extract street names and
geometric relationships from crash scene diagrams, providing an independent verification
source for narrative-derived location information. This dual-modality approach enables
cross-validation between textual descriptions and visual representations of crash locations.

2.2. Geospatial Database Infrastructure

To support comprehensive location validation, we constructed a robust geospatial
database incorporating multiple authoritative data sources. County and state milepost
data were obtained from the Ohio Department of Transportation’s Traffic Information
Management System (TIMS) [25]. These CSV datasets contain precise coordinates for
mileposts along state routes, county roads, and highways throughout Ohio, providing
essential reference points for validating crash locations reported relative to mile markers.

For comprehensive road network validation, we use Overture Maps data, an open-
source collaborative mapping initiative that provides high-quality, standardized geospatial
data. We extract the complete Ohio road network from Overture’s global transportation
dataset by applying spatial boundary filtering to isolate road segments within Ohio’s
geographic boundaries. This process captures road identifiers, primary names, functional
classifications, and precise geometric representations for all road types, from major inter-
state highways to local residential streets.

All the data sources are systematically imported into DuckDB, a high-performance
analytical database system that enables efficient spatial queries and distance calculations
essential for our validation methodology. The system performs coordinate transformations
from WGS84 (EPSG:4326) to Ohio North projection (EPSG:32617) for accurate distance
calculations in meters:

def _calculate_distance(self, locl: Location, loc2: Location) -> float:
project = pyproj.Transformer.from_crs(’EPSG:4326°, ’EPSG:32617’,
always_xy=True) .transform
pl_proj = transform(project, Point(locl.longitude, locl.latitude))
p2_proj = transform(project, Point(loc2.longitude, loc2.latitude))
return pl_proj.distance(p2_proj)

Administrative boundary validation is implemented using PostGIS-compatible spatial
functions:

point_geom = £"ST_Contains(geom, ST_Transform(ST_GeomFromText" \
£" (°POINT({lat} {lonl})’), ’EPSG:4326°,’°EPSG:32617°))"
query = f"SELECT * FROM {table} WHERE {point_geom}"

The integration of these diverse data sources—crash reports, milepost references, and
comprehensive road networks—within DuckDB’s spatial analysis framework enables our
validation system to cross-reference location information across multiple authoritative
sources. This multi-source approach significantly enhances the reliability and accuracy of
crash location validation and correction by providing multiple independent verification
pathways for each reported crash location.

This multi-faceted approach offers several potential advantages over traditional methods:

1. Multi-source Verification: By comparing the coordinates given by the Department of
Transportation (ODOT) and the Police (ODPS), we increase confidence in location accuracy.
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2. Contextual Understanding: Our approach leverages a multimodal LLM to extract and
compare information from crash diagrams and written narratives.

3. Spatial Validation: Geospatial database queries verify consistency with administrative
boundaries and known road networks.

4. Progressive Confidence Building: Rather than binary validation, we implement a
credibility scoring system that accumulates evidence across multiple dimensions.

2.3. Credibility-Based Validation Framework

We build a cumulative credibility score by summing the results of weighted validation
checks—each check returns a value of 1 if it passes and 0 if it fails. Formally, for a crash
report r, this can be expressed as

Cr) =Y wi-vi(r) M
i=1

where w; is the weight assigned to validation method 7, and v;(r) € {0,1} indicates whether
validation method i succeeded for report r.

To compute accurate distances between coordinates, we transform latitude and longi-
tude pairs from WGS84 (EPSG:4326) to UTM Zone 17N projection (EPSG:32617), which
allows us to calculate Euclidean distances in meters:

d(p1 p2) = \/(xz—x1)2+ (v2—y1)? (2)

where (x1,11) = T(p1) and (x2,y2) = T(p2) are the projected coordinates, and T represents
the spatial transformation

ST_Transform(ST_GeomFromText (’POINT({lat} {lon})’), ’EPSG:4326°,°EPSG:326177)

from geographic coordinates to projected coordinates.

Weight Selection Methodology: The weights in our credibility scoring framework
were determined through expert judgment based on the relative reliability and importance
of each validation method in crash location verification. The coordinate consistency check
receives the highest weight (w; = 0.7) as direct GPS coordinate agreement provides the
strongest evidence of location accuracy. Administrative boundary verification receives
a lower weight (w, = 0.2) as it provides only coarse-grained validation. Multimodal
analysis and reference point validation receive moderate weights (w3 = w4 = 0.5), reflect-
ing their value as independent verification sources, though with inherent uncertainties
in interpretation.

These weights represent an initial heuristic approach based on domain knowledge
and represent a limitation of the current work. The threshold requirement (t = 1.0) ensures
that multiple validation checks must pass regardless of specific weight values, providing
robustness against individual weight selection choices. Future research should investigate
optimal weight determination through systematic evaluation against ground truth datasets
or through machine learning approaches that could learn optimal weights from validated
training data.

Figure 3 shows the flowchart of our validation system, which builds credibility through
four key checks:
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Start:
credibility=0.0
location=ODOT lat/lon

ODPS coords within
50m of ODOT?

Yes
credibility += 0.7

No

ODOT coords
within FIPS
boundaries?

] Yes
credibility +=02 ¢ ——m—

No

Image and narrative
available?

Yes

Narrative matches
diagram?

L Yes
credibility += 0.5

No

Alternative location from
milepost or intersection
or address?

A

Yes

Alternative within
800m of reference?

No

credibility ge 1.0?

No, Invalid

Yes, Valid

—> End

Figure 3. Crash report data validation process.

¢  Coordinate Consistency (w; = 0.7): This is to Compare the ODOT and ODPS coordi-

nates, passing if they are within 50 m of each other:

vy(r) =

0, otherwise

1, if d((x0,y0), (xp,yp)) < 50 meters

)
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For example, in Figure 2, the ODOT coordinates (38.739516, —82.968170) and ODPS
coordinates (38.739200, —82.968100) differ by approximately 40 m; so, v1(r) = 1.

*  Administrative Boundary Verification (w; = 0.2): This is to verify that the coordinates
fall within the expected county boundary:

) 1, if coordinates are within reported FIPS boundary )
(1) =
0, otherwise

In our example, the coordinates fall within Scioto County as reported (FIPS code 73);
so, vp(r) = 1.

¢  Crash Diagram and Narrative Consistency (w3 = 0.5): This uses multimodal Al to
extract road information and check consistency:

1, if narrative and diagram information match
v3(r) = . 5)
0, otherwise

For the report in Figure 2, the diagram shows US 52 and Gallia Street, matching the
location information; thus, v3(r) = 1.

* Reference Point Validation (ws; = 0.5): This validates the location against specific
reference points through spatial queries:

( {1, if reference-derived location is within 800m of reported coordinates ©)
Uy(r) =

0, otherwise

Note on Credibility Threshold: Our weights intentionally sum to more than 1.0
(specifically to 1.9) because we require at least two validation checks to pass before accepting
a location. With our threshold T = 1.0, a report cannot be validated with just one check,
regardless of which check passes.

2.4. Reference Point Strategy Selection

Our system dynamically selects the appropriate validation strategy based on the
reference point type specified in the report:

IntersectionQuery(r), if reference type = 1
ValidationStrategy(r) = ¢ MilepostQuery(r), if reference type = 2 @)
GeocodeQuery(r), if reference type = 3

For intersection references (type 1), we execute spatial queries against the Ohio road
network to identify precise intersection coordinates:

SELECT ST_AsText(ST_Centroid(ST_Intersection(rl.geometry,
r2.geometry))) as point
FROM ohio_roads rl, ohio_roads r2
WHERE rl.name ilike ’%{location_road_name}’’
AND r2.name ilike ’Y{reference_road_name}},’

AND ST_Intersects(rl.geometry, r2.geometry)

For milepost references (type 2), we query our ODOT milepost database matching
route numbers and milepost values. For house number references (type 3), we use Nomi-
natim, an open-source geocoding service based on OpenStreetMap data, with addresses
constructed as “{reference_road_name} {location_road_name}, {locality}, OH”.
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2.5. Real-Time Application

Figures Al and A2 illustrate the systematic process for validating location data during
incident entry. This process ensures accurate geographical information through a two-stage
validation approach: county-level validation and road-level verification.

The process begins with automatic GPS coordinate acquisition from the officer’s device.
These coordinates undergo immediate validation against the expected county boundaries.
When the coordinates fall within the expected county, the system proceeds directly to road
entry. However, if the coordinates indicate an unexpected county, the system alerts the
officer and requires confirmation. This geographic validation step prevents inadvertent
out-of-jurisdiction entries while maintaining flexibility for legitimate cross-boundary cases.

Following county validation, the system progresses to road-level verification. The
entered road/location is checked against an authorized database. For roads not immediately
found, the system provides nearby suggestions to account for potential spelling variations
or unofficial road names. Officers can select from these suggestions or, if necessary, proceed
with manual road entry. This multi-tiered approach balances automation with officer
discretion, ensuring both accuracy and operational flexibility.

The process concludes by transitioning to reference point validation only after both
county and road information have been properly verified. This structured approach
maintains data integrity while accommodating the various scenarios officers encounter in
the field.

3. Results

We ran our algorithm on a sample of 5000 crashes in Ohio, with approximately
1000 random samples for each severity level recorded in Ohio (fatal, serious injury sus-
pected, minor injury suspected, injury possible, and property damage only). Figure 4 shows
an example data point and its outcome.

Crash Report
ODOT: (38.739516, —82.968170)
ODPS: (38.739200, —82.968100)

Coordinate Check v/ FIPS Boundary v/
Distance: 40m < 50m Within Scioto County
Score: +0.7 Score: +0.2
Narrative/Diagram v Reference Point x
US 52 and Gallia St match No alternative found
Score: +0.5 Score: +0.0

N, 7

Total Score: 1.4
Threshold: 1.0

Location Validated

Figure 4. Example validation process showing how a crash report accumulates credibility through
multiple checks. Despite one failed check, the total score exceeds the threshold, validating the location.
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Our analysis revealed that approximately 20% of reports required location corrections,
indicating significant geospatial discrepancies in official crash data. The correction rates
showed some variation across severity levels: 17.7% for fatal crashes, 20.3% for serious
injuries, 21.5% for minor injuries, 22.8% for possible injuries, and 20.1% for property
damage-only cases. Statistical analysis confirmed that these differences were neither
statistically significant (x> = 8.798, df = 4, and p = 0.066) nor practically meaningful, with a
negligible effect size (Cramér’s V = 0.042) and a maximum difference of only 5.1 percentage
points. The overall correction rate was precisely estimated at 20.5% [95% CI: 19.4%, 21.6%],
with individual severity-level confidence interva Is clustering within a narrow range
(Table 1). This relatively consistent pattern across severity categories suggests that location
validation challenges are fundamental to crash reporting methodology rather than being
influenced by crash severity.

While the maximum difference of 5.1 percentage points approaches conventional sig-
nificance thresholds, research has shown that crash mapping and validation improvements
require substantial implementation complexity and resources [7]. Given that all severity
levels cluster consistently around 20% correction rates, with no systematic pattern related to
crash characteristics, the operational benefits of implementing severity-specific validation
procedures would not justify the additional system complexity and resource requirements.

The nature of these corrections varied systematically based on reference point types.
Intersection references (type 1) dominated the validation process across all severity levels,
accounting for 931 of 1027 successful corrections (90.7%). Milepost references (type 2) were
less common but still significant, particularly for fatal crashes where they represented
19.8% of corrections compared to 7.9% for property damage-only crashes. House number
references (type 3) proved extremely rare, appearing in only two cases, both for property
damage-only crashes.

Table 1 presents a comprehensive summary of our validation results across the
5000 crash reports analyzed. The consistent correction rates across severity categories
reinforce our finding that location validation challenges are systematic rather than
severity-dependent.

Table 1. Summary of location validation results across 5000 crash reports.

Category Count Percentage 95% CI
Owerall Results

Total Reports Analyzed 5000 100.0% -
Reports Requiring Correction 1027 20.5% [19.4%, 21.6%]
Reports Validated 3973 79.5% [78.4%, 80.6%]
Corrections by Severity Level

Fatal Crashes 177 /1000 17.7% [15.5%, 20.2%]
Serious Injury Suspected 203/1000 20.3% [17.9%, 22.9%]
Minor Injury Suspected 215/1000 21.5% [19.1%, 24.2%]
Possible Injury 228/1000 22.8% [20.3%, 25.5%]
Property Damage Only 201/1000 20.1% [17.7%, 22.7%]
Corrections by Reference Method

Intersection-based 931/1027 90.7% [88.7%, 92.4%]
Milepost-based 94/1027 9.2% [7.5%, 11.1%]
Address-based 2/1027 0.2% [0.0%, 0.7%]

Statistical Tests
x> =8.798,df =4, p = 0.066
Cramér’s V = 0.042 (negligible effect)
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These findings reveal important patterns in crash location reporting. The predomi-
nance of intersection-based corrections (90.7%) likely reflects two key factors: (1) the higher
frequency of crashes at intersections, which are known conflict points in the roadway
network, and (2) the relative ease of validating locations where two named roads meet,
providing clear reference points for both manual and automated correction systems. De-
spite this intersection bias, the presence of successful corrections using milepost and house
number references, particularly in fatal crashes, demonstrates the value of maintaining
multiple reference systems in crash location validation. The consistent correction rates
across severity categories (approximately 20%) suggests that location reporting challenges
represent a systematic issue in crash reporting infrastructure rather than being influenced
by the specific circumstances or severity of individual crashes.

4. Discussion

The value of comprehensive data integration is not limited to academic studies [6,11,12]
but is also recognized in national reporting systems. For instance, Sweden’s national
traffic injury reporting system, STRADA, categorizes the degree of completeness in injury
reporting based on the integration of various data sources [26]. Figure 5 illustrates this
categorization, demonstrating how different combinations of data sources contribute to a
more complete picture of road accidents. Note that even when including both police reports
and hospital reports, a subset (grey in Figure 5) of crashes are not reported anywhere. In
fact, a 2017 study in Sweden [27] found that only about 63% of traffic-related injuries were
captured in STRADA, while the Patient Registry (PAR) captured approximately 65% of
cases. The overlap between these systems was surprisingly low, with only about 30% of
road traffic injuries being recorded in both systems.

In Sweden, hospitals are legally mandated to report all patients injured on public roads
to the national injury database [28]. While similar data consolidation efforts exist in the
United Kingdom and the Netherlands, these practices remain voluntary rather than legally
required. Beyond official reporting systems, some academic researchers have successfully
incorporated insurance data to complement police and hospital records [29]. However,
such insurance data are typically only available for specific time-bound analyses and rarely
accessible at regional or national levels.

Not Reported

Official Statistics

Police Repo

Figure 5. Injury reporting sources in Sweden’s STRADA system.
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4.1. Event Data Recorders in Europe

As of July 2024, new vehicles sold in the European Union must include an Event Data
Recorder (EDR), devices designed to capture critical crash-related data, such as vehicle
speed, braking activity, seatbelt usage, and airbag deployment, providing valuable insights
into crash dynamics. However, to address privacy concerns, the EU regulations explicitly
exclude the recording of GPS location, audio, video, or any data that could identify the
driver or passengers. Without GPS details, EDRs are not going to help improve crash
location accuracy, however.

4.2. Automated Reporting by Manufacturers

California has introduced legislation [30] to addresses the need for more compre-
hensive and accurate reporting of autonomous vehicle incidents. Key provisions of this
bill include the following;:

¢ Requiring manufacturers of autonomous vehicles to report to the Department of Motor
Vehicles (DMV) on any vehicle collision, traffic violation, or disengagement.

¢  Establishing a system for public reporting of incidents involving autonomous vehicles,
with a process for the DMV to verify and investigate these reports.

¢ Implementing penalties for non-compliance, including fines and potential suspension
or revocation of a manufacturer’s permit.

4.3. Connected Vehicle Data Opportunities

Connected Vehicles are generally thought of as fully autonomous, but even with semi-
autonomous vehicles, it would be possible for vehicles to share data. Work is underway on
protocols for such data sharing [31,32], and although privacy will need to be maintained,
formalizing data collection and sharing hold promise for a better future when it comes to
data quality.

4.4. Future Research

This study introduces a novel multimodal artificial intelligence framework for au-
tomated geospatial data validation that integrates credibility scoring algorithms, spa-
tial analysis, and large language model interpretation. Our empirical evaluation using
5000 geospatial records demonstrates the effectiveness of this computational approach,
with the framework successfully identifying validation requirements in approximately 20%
of cases through systematic multi-source analysis.

The key computational contributions of this work include the following:

1.  The development of a dynamic credibility-based scoring algorithm that systematically
integrates multiple sources of geospatial information with weighted validation metrics.

2. A demonstration that validation reliability varies significantly based on reference
point types and initial coordinate consistency, providing insights for adaptive valida-
tion strategies.

3. Theimplementation of a modular computational framework that processes structured
coordinates, visual diagrams, and narrative text through unified validation pipelines.

4. The integration of multimodal LLMs with spatial database queries to extract and
validate location information from diverse data formats.

These contributions collectively represent a significant advancement in the intelligent
geospatial validation methodology and establish a foundation for automated data quality
assessment in location-dependent applications. The framework’s modular architecture
enables adaptation to various domains requiring precise geospatial data validation, from
emergency response systems to autonomous vehicle applications.
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Several promising avenues for advancing this computational framework emerge from

this work:

1.

Real-time Processing Optimization: This includes enhancing the framework’s com-
putational efficiency for real-time deployment in electronic reporting systems and
intelligent infrastructure applications.

Specialized Model Development: While our current implementation utilizes general-
purpose multimodal LLMs, future research could explore domain-specific model fine-
tuning for improved accuracy in visual diagram interpretation and narrative analysis.
Cross-Domain Validation: This includes expanding the framework’s applica-
tion to other geospatial validation domains such as property records, environ-
mental monitoring, and emergency response systems to demonstrate broader
computational generalizability.

Connected Systems Integration: This includes exploring integration with emerg-
ing connected device ecosystems and automated data collection systems to create
comprehensive validation networks for intelligent infrastructure applications.

4.5. Technical Limitations

Several technical limitations of the current computational framework should be ac-

knowledged:

1.

Data Format Dependencies: The framework requires specific structured data el-
ements, including coordinate pairs, reference point information, and multimodal
content. Adaptation to different data schemas requires modification of the valida-
tion pipeline.

Multimodal Processing Constraints: LLM interpretation performance varies based
on input quality and standardization. The framework’s effectiveness depends on
consistent formatting and the quality of visual and textual inputs.

Reference Database Integration: Validation accuracy relies on the quality and cur-
rency of spatial reference databases. The framework’s modular design allows for
database updates, but performance depends on underlying data completeness.
Computational Scalability: While our implementation processes batches efficiently,
large-scale deployment would require optimization for distributed processing and
memory management.

Ground Truth Validation: The framework’s validation is based on consistency check-
ing rather than absolute ground truth verification, which would require extensive
manual field validation for comprehensive assessment.

4.6. Framework Implementation Considerations

Based on our computational framework development, we offer the following consid-

erations for system deployment:

1.

2.

System Integration:

*  The validation framework’s modular design enables integration with existing
electronic reporting systems.

e  Standardized data input formats facilitate adoption across different organiza-
tional systems.

*  The credibility scoring approach provides quantitative validation metrics for
decision support.

Computational Considerations:

*  The framework’s threshold-based processing optimizes computational resource
allocation.
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¢ Batch processing capabilities support large-scale validation operations.

*  The modular architecture allows for selective implementation of validation com-
ponents based on available data.

3. Adaptability:

* The framework can be adapted to different geospatial validation domains
through the modification of reference databases and validation criteria.

*  Multimodal components can be adjusted based on available data types and
quality requirements.

¢ The credibility scoring system can be recalibrated for different application domains.

4.  Privacy and Security:

*  This research presents a proof-of-concept prototype that requires comprehensive
privacy measures for production deployment.

*  Crash diagrams and narratives may contain sensitive geographic and personally
identifiable information requiring automated redaction and sanitization.

*  Production systems must implement geographic generalization, visual sanitiza-
tion of diagrams, and secure data management practices.

*  Compliance frameworks must address privacy regulations such as GDPR and
CCPA while maintaining data utility for validation purposes.

*  The current framework provides a foundation for future privacy-preserving
multimodal Al applications in sensitive data environments.

This computational framework establishes a foundation for intelligent geospatial vali-
dation that extends beyond single-domain applications, providing a scalable methodology
for automated data quality assessment in any system requiring precise location verification.
The integration of multimodal Al techniques with spatial analysis represents a signifi-
cant step forward in developing intelligent systems for automated data validation and
quality assurance.

Author Contributions: Conceptualization, M.N.; data curation, L.S.; formal analysis, L.S., M.N.;
investigation, L.S.; methodology, L.S. and M.N.; project administration, L.S. and M.N.; resources,
M.N.; supervision, M.N.; validation, L.S.; visualization, L.S.; writing—original draft preparation,
L.S.; writing—review and editing, L.S. and M.N. All authors have read and agreed to the published
version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The data used in this study were provided by the Ohio Department of
Transportation for our study and cannot be shared by the authors.

Acknowledgments: During the preparation of this work, the authors used Claude 3.7 Sonnet to assist
with IATEX document preparation. After using this tool/service, the authors reviewed and edited the
content as needed and take full responsibility for the content of the publication.

Conflicts of Interest: The authors declare no conflict of interest.



Inventions 2025, 10, 59 19 of 21

Appendix A. Flowchart for the Real-Time Location Validation
and Correction
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Figure A1. Initial location validation process.
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Figure A2. Reference point validation process.
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