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Abstract

Many agencies use pavement condition assessments such as the Pavement Surface Eval-
uation and Rating (PASER) and Pavement Condition Index (PCI) to develop localized
pavement management programs. However, both techniques involve some subjectiv-
ity and inconsistent measurement practices, making it difficult to scale uniformly across
all 86 thousand miles of local agency roadway in Indiana’s 92 counties. International
Roughness Index (IRI) data is one emerging data source that could address this need.
This paper evaluates the feasibility of using Connected Vehicle-estimated IRI (IRICVe) data
for long-term statewide pavement monitoring on local roads. The analysis is based on
approximately 4.1 billion daily IRICVe records collected over a multi-year study period from
connected vehicles operating throughout the state. A modular data processing workflow
was developed to clean and process these records and is presented in detail in the pa-
per. The study includes network-level condition comparisons, insights on spatiotemporal
trends, and localized segment-level condition monitoring. In 2024, approximately 53% of
paved local roads in Indiana had at least one IRICVe observation per year. Coverage varied
widely by county: for example, 79% of roads in urban Hamilton County had coverage, but
only 14% had coverage in rural Martin County. The findings in this study demonstrate
the potential of IRICVe to support local agency pavement asset management by providing
cost-effective data-driven insights in near real-time.

Keywords: connected vehicles; pavement; roughness; International Roughness Index (IRI);
big data

1. Introduction
Pavement condition data is foundational to effective roadway maintenance planning

and investment prioritization. Traditionally, condition monitoring has relied on visual
inspection methods such as the Pavement Condition Index (PCI) or Pavement Surface
Evaluation and Rating (PASER) [1,2]. While these metrics remain widely used and focus
on the pavement degradation and failure characteristics, they are also quite subjective
and often do not reflect the ride quality that the vehicle experiences. In contrast, the
International Roughness Index (IRI) provides a quantitative value that is well correlated
with perceived ride quality. IRI measurements taken with conventional methods are still
costly and often limited to higher traffic roadways, however. In Indiana, IRI is surveyed
annually for all state-maintained highways [3]. In recent years, fleets of connected vehicles
(CVs) have enabled the collection of highly granular, crowdsourced IRI estimates at scale.

Infrastructures 2025, 10, 248 https://doi.org/10.3390/infrastructures10090248

https://doi.org/10.3390/infrastructures10090248
https://doi.org/10.3390/infrastructures10090248
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/infrastructures
https://www.mdpi.com
https://orcid.org/0009-0004-7255-8289
https://orcid.org/0000-0003-2885-203X
https://orcid.org/0000-0002-7365-1918
https://doi.org/10.3390/infrastructures10090248
https://www.mdpi.com/article/10.3390/infrastructures10090248?type=check_update&version=1


Infrastructures 2025, 10, 248 2 of 18

This represents a transformative shift for transportation agencies, particularly for those
with limited resources.

Despite this promise, significant barriers remain to the widespread adoption of CV-
estimated IRI (IRICVe) data. Agencies face challenges related to data ingestion, storage,
quality control, integration, and analysis. The large volume of billions of records a year also
poses a challenge. Many agencies are not equipped to handle data of this scale, and the lack
of detailed, standardized data pipeline documentation has hindered efforts to integrate
IRICVe into traditional asset management practices [4].

1.1. Paper Objective

The objective of this paper is to present a modular and transparent workflow for
processing IRICVe at a statewide scale, with a focus on Indiana’s paved local roadway
network. The methodology includes route deduplication, segmentation, buffering, and
scalable techniques to join multiple data sources such as IRICVe and surface type. The
approach is applied to over 78,000 miles of paved roadways managed by local agencies
(state-managed roads are excluded). In addition to detailing the data processing pipeline,
the paper also evaluates spatial and temporal coverage of the CV data, compares roughness
distributions across counties and roadway classes, and illustrates practical use cases for
condition screening and post-maintenance verification. The methodology and findings
provide a blueprint for local and state transportation agencies seeking to integrate CV data
into their asset management systems.

1.2. Literature Review

Established pavement condition metrics such as PCI and PASER have been widely
adopted for local-scale monitoring. While traditionally based on manual surveys, recent
studies have explored using computer vision and machine learning for limited automation
of data collection. However, these automated approaches remain difficult to deploy at scale
due to challenges such as class imbalance and the lack of large-scale, annotated datasets for
validation and training [5,6].

The PCI is a metric ranging from 0 (failed) to 100 (excellent) based on visual inspection
of the pavement surface distresses. According to the ASTM D6433 document, which
outlines the standard practice for PCI evaluation, this inspection should be performed
by manually walking the length of the road segment, which it states can be dangerous in
traffic [7]. Additionally, PCI assessments are based on a sample of pavement units rather
than a full census, and the sampling method can vary between agencies, affecting data
consistency. PASER similarly relies on visual inspection, although it is often measured
from a moving vehicle and ranges from 0 to 10 [8]. Both systems use subjective criteria
such as “slight”, “moderate”, or “severe” distress severity, which introduces substantial
inter-rater variability. These limitations make it difficult to scale up to consistent and
objective statewide condition monitoring.

In contrast, the IRI offers a more objective, ride quality-based metric, often in units of
m/km or in/mi. IRI is typically measured with high-speed inertial profilers [9], although
recent studies have used new methods like image processing [10] and Light Detection and
Ranging (LiDAR) [11]. While IRI does capture the impact of surface distresses on ride
quality, it accounts for neither the cause of this displacement nor distresses like rutting
or longitudinal cracking that do not vertically displace the vehicle. Nonetheless, it is still
useful in combination with other metrics to quantify roughness for condition screening and
investment prioritization.

More recently, IRI estimates have been derived using crowdsourced data from CVs,
leveraging Original Equipment Manufacturer (OEM) sensors to provide dense, near real-
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time coverage at network scale. This method offers a production-ready, cost-effective
alternative to traditional data collection. Additionally, aggregation over multiple crowd-
sourced measurements provides a more holistic and robust IRI value. Several vendors
already deliver IRICVe, and validation studies have demonstrated strong correlations with
profiler-based IRI data. By aligning data collected from both sources to the same linear
reference segments, these studies report R2 coefficients ranging from 0.70 to 0.79 [12,13].
Despite these positives, there are some limitations of IRICVe data that are not present in
manually collected IRI data. The IRICVe dataset used in this study was collected solely
from passenger vehicles [14], and omits trucks, buses, and motorcycles. Furthermore,
Llopis-Castelló et al. reported that IRICVe slightly underestimates the IRI found by profiler
survey for distressed road segments, suggesting that this discrepancy could be due to
drivers typically avoiding wheel paths with roadway distresses [15]. Quantitatively, a
recent study reports 230 km of field tests with an overall RMSE ≈ 0.37 m/km when using
vertical vibrations detected by onboard Inertial Measurement Unit (IMU) sensors, which
are within 1–10% of the reference values [16].

Most prior work with this data has focused on arterial and interstate routes [17], with
limited evaluation of its use for large-scale condition monitoring of local road networks.
In addition, few studies have analyzed spatial coverage, which is an important metric for
agencies to gauge expected data availability after integration.

Importantly, the large volume and high granularity of IRICVe introduce nontrivial
challenges in ingestion, storage, cleaning, and analysis. Several billion IRICVe records are
ingested every year in the state of Indiana alone. This scale far exceeds that of typical
transportation datasets and requires robust data engineering workflows. Mussah et al.
emphasized the importance of careful workflow planning and noted that terabyte-scale
CV datasets can have processing times reduced by as much as 70× with properly applied
GPU-acceleration [18]. Geospatial big data also demands specialized storage, indexing,
and quality control strategies to ensure consistency [19]. These challenges pose a significant
barrier to widespread adoption by agencies, which may not have the trained workforce to
properly handle the data. Despite increasing interest in IRICVe and existing documentation
by the Transportation Research Board (TRB) on general data system development [20],
current literature provides little guidance for state and local agencies on how to specifically
integrate CV-based condition monitoring datasets into their asset management workflows.

While existing studies validate the accuracy of IRICVe [12,13], they seldom address the
practical issues of agency-level adoption, including the creation of robust data processing
pipelines, integration with cloud computing infrastructure, and optimization for big data.
This paper addresses these gaps by presenting a scalable, transparent data workflow
tailored to agency needs and evaluates its use for statewide condition monitoring with an
emphasis on spatial coverage and applicability to rural and local roads.

2. Methods
This section describes the data sources used for the study and outlines a scalable data

processing workflow for CV-based condition monitoring.

2.1. Data Sources

The following subsections describe the study location and data sources including the
US Roads Dataset, IRICVe data, and surface type data.

2.1.1. Study Location

This study was conducted in the state of Indiana, including the local networks for all
92 counties (Figure 1). According to the 2024 Local Road and Bridge Report, local agencies
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are responsible for the maintenance of 85,954 centerline miles of roadway, which accounts
for approximately 89% of all Indiana centerline miles [21].

Figure 1. Indiana road network surface type map (2024).



Infrastructures 2025, 10, 248 5 of 18

2.1.2. US Roads Dataset

The US Roads Dataset was used as an independent route source, which is available
publicly free of charge on the BigQuery Marketplace [22]. The data are derived from the US
Census Bureau’s Topologically Integrated Geographic Encoding and Referencing (TIGER)
database and contain comprehensive route lines for all US states and territories. Notably,
the data include functional classification classes that were used for determining local and
state-managed routes.

2.1.3. IRICVe Data

This study utilizes IRICVe data collected by onboard sensors from a fleet of connected
vehicles, with anonymized data obtained through a commercial third-party vendor. A
Kalman filter is used to fuse data from multiple sensors, such as the GPS and IMU, which
are used to measure vehicle speed and chassis vibration. This multi-sensor fusion approach
efficiently estimates the road’s longitudinal profile, which is then used to calculate its
IRI value [16]. The data are provided as short road segments ranging from 50 to 85 feet
in length, updated on a daily basis. Each segment’s IRICVe estimate represents a 60-day
moving average over the CV measurements, and each measurement is converted from
experienced roughness to the standard IRI scale with units of inches per mile (in/mi),
representing the vertical displacement in inches over the longitudinal movement in miles
along the roadway. To classify roughness, Federal Highway Administration (FHWA)-
defined thresholds were used: segments were labeled as Good (<95 in/mi), Acceptable
(95–170 in/mi), and Needs Maintenance (>170 in/mi) [23]. Figure 2 visualizes these data
aggregated over the year of 2024 to aid in conveying the scale.

Figure 2. Indiana road network IRI category map (2024).
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2.1.4. Surface Type Data

The study also uses an Indiana Department of Transportation (INDOT) pavement
surface type shapefile provided by the Indiana Geographic Information Office through
the public IndianaMap GIS portal [24]. This shapefile includes roadway centerlines with
attributes including the surface material, such as asphalt, concrete, or gravel. Each feature
includes a surface type designation along with route and location metadata, allowing for
integration with other datasets through spatial joins, although data are only available for
one direction of bi-directional roadways.

2.2. Data Infrastructure

CV data are typically collected by OEM sensors embedded in vehicles. Initial pre-
processing for driver privacy protection may be performed before the data are sent to a
third-party vendor. These vendors serve as intermediaries, performing additional quality
assurance and processing to make the data more accessible and to meet client requirements.
Clients receive the data by either periodic data dump files or by requesting it with secure
Application Programming Interfaces (APIs). Although data dumps are simple to implement,
APIs offer real-time, flexible access, with more complex infrastructure. A consistent file-
naming convention, data table schema, and programmatic quality verification are important
for keeping the data clean and accurate.

Once received and verified, the data are inserted into a centralized database, which
may be hosted on local servers or, increasingly, on cloud-based platforms, due to their
performance and accessibility. For this study, a cloud service was used to store, manage,
and process over 4 billion records of IRICVe data across the entire state of Indiana. The
platform enabled efficient handling of terabyte-scale datasets, taking only a few minutes to
execute the following data processing workflow for years of high-granularity statewide CV
data when carefully optimized. The optimizations were made to both reduce time taken
and bytes scanned, the latter of which is typically used to calculate the query cost; The cost
of querying was approximately $6.25 per terabyte scanned [25].

For intermediate analysis, transformation, and visualization, a combination of cloud-
based and local tools was employed. Web-based tools were used for geospatial inspection
of datasets directly from the cloud [26]. For more granular analysis and customized
visualization, Python 3.12 and R 4.5 were used locally. Both environments offer mature
libraries such as pandas-gbq and bigrquery for database access, and matplotlib, plotnine,
and ggplot2 for visualization. While R is widely adopted by transportation agencies for
data analysis workflows, Python offers broader applicability across data engineering and
machine learning domains.

2.3. Route Network Preparation
2.3.1. Route Deduplication

The US Roads dataset contains substantial overlapping geometry, often resulting from
historical renaming or route changes. To address this, deduplication was implemented as
the first step in the data processing pipeline. A simple yet effective algorithm was developed
(Figure 3) to iteratively merge overlapping route geometries until no overlaps remain. To
avoid combining intersections or consecutive segments, only overlaps longer than 5 m
(16.4 feet) were considered. Figure 4 illustrates the effect of deduplication, showing how
multiple overlapping geometries were consolidated into a single route. Since approximately
30% of the route data is duplicated, this step is essential to prevent oversampling and to
ensure accurate analysis when using the US Roads dataset.
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Figure 3. Route deduplication flowchart.

Figure 4. Route deduplication impact. (a) Before deduplication. (b) After deduplication.

2.3.2. Route Preprocessing

Following deduplication, metadata such as the county and district were sourced
from publicly available shapefiles on IndianaMap [27,28] and joined with the existing
route segments by choosing the county or district with the most spatial overlap. This
greatly simplifies any county- and district-level aggregation and analysis downstream.
Subsequently, as shown in Figure 5, these routes were segmented (step b.) and buffered
(step c.).

Segmentation was performed at 0.02-mile intervals by generating substrings of the
original line geometries, rather than sampling points and connecting them with straight
lines. This approach preserves the original curvature of the road, meaning no data are
missed on highly curved roads, which occur frequently in local networks. A 0.02-mile
segment length was chosen for high spatial granularity in local road networks and for use
with the ~75 ft (0.014 mi) IRI estimates. Agencies should adjust this length as necessary,
given their data source granularity and application. As the segments are created, the
segment ID is generated by appending the segment index to the base route ID that it is
a part of. For each resulting segment, the undirected heading was calculated by using
the segment’s start and end points to compute the azimuth bearing (the angle in radians
clockwise from true north), converting it to degrees, and projecting it to a 0–180◦ range
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using modulus division. This transformation accounts for inconsistent line directionality in
the base network (i.e., some segments may face opposite directions along the same corridor),
while still allowing for directional filtering when joining with other data in subsequent
steps. If the base route network has consistent directionality, then it is recommended to
skip this step and to keep heading in the 0–360◦ range. Additionally, an algorithm can be
developed to reverse route segments that are in the wrong direction so that every segment
along a given route is facing the same way, although this was not needed for the use cases
in this study.

Figure 5. Illustration of data processing steps. Blue is used to represent unmapped geometry.
Additional colors in steps d–f represent different IRI categories. In steps g–i they represent distinct
surface types.

A 60-foot buffer was applied to each segment using a flat endcap to avoid overlap
between consecutive segments (step c). This buffer size was chosen to fully cover all
lanes of all road classes and account for both variations in base map line work and GPS
errors. Although somewhat subjective, this was found to be sufficient to account for the
minor network and GPS errors but not erroneously include adjacent segments in dense
urban areas.

To support long-term condition monitoring, it is recommended to assign an active
and inactive date to each route segment. This allows for future updates to the base route
network by inserting the new segments and marking the outdated ones as inactive. The
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processed route segments are stored in a permanent data table for efficient use in later
processing steps and to ensure a consistent reference across queries.

2.3.3. Data Mapping

Two datasets were mapped to the route segments: IRICVe estimates and roadway
surface type. The mapping process involves a combination of spatial joins and aggregations
to assign one representative value per segment per time period. The process for one time
period is illustrated in Figure 5, steps d–i.

Each IRICVe estimate was assigned to a single route segment by choosing the one
with the lowest segment ID. This ensures a one-to-one mapping to prevent oversampling
from estimates spanning multiple route segments. Assignments were also filtered on
their headings by computing the difference in undirected heading between the estimate
and route segment, and only keeping differences <10 and >170 for a tolerance of ±10◦,
accounting for heading wraparound. This will remove any data that intersects the segment
at large angles, which are from other routes and should not be considered for aggregation.

Daily per-segment medians were first computed over all of the IRICVe estimates
assigned to this segment in the previous step. Then, a second median is taken with these
daily median values over a given time period. Although this study uses monthly and
yearly time periods for aggregation, the time period can be adjusted as needed: shorter
periods increase temporal precision and data volume, while longer periods have better data
coverage and smaller storage volume at the cost of reduced temporal precision. Segments
with no IRICVe data in a given period were assigned a value of −1 to clearly indicate that
no data was found, as it falls outside of the possible IRI metric range. Critically, all route
segments were retained in the output regardless of data coverage to facilitate downstream
coverage analysis (Figure 5, callout i.). Therefore, every period will have an observation
count equal to the number of route segments.

Surface type data were mapped using a 120-foot buffer, double that for the IRI esti-
mates. This was performed because the surface type dataset only has data for one roadway
direction (Figure 5, callout ii.), and the larger buffer increases the likelihood of capturing
the relevant data from the other direction so that unknown surface types are minimized
(Figure 5, callout iii.). Heading filtering was applied in the same way as the IRICVe data;
however, paved surface types were prioritized over gravel and dirt surfaces. Among
candidates with the same priority, the surface type with the maximum spatial overlap
was selected.

3. Results
Figure 6 compares cumulative frequency distributions (CFDs) of segment-level IRICVe

values across Indiana’s interstate, state, and local county road networks in 2024. Distribu-
tions are shown with no smoothing applied, and only segments with valid IRICVe values
were included. The green, light green, and red vertical lines represent widely used FHWA
IRI thresholds for “Good” (<95, green), “Acceptable” (95–170, light green), and “Needs
Maintenance” (>170, red). Three counties, Hamilton, Tippecanoe, and White, were chosen
as representative examples of urban, mid-sized, and rural infrastructure, respectively. Inter-
state routes show the lowest proportion of segments exceeding the “Needs Maintenance”
IRI threshold, followed by state routes, with county routes generally being rougher. Among
road segments with IRICVe data in the highlighted counties, Hamilton’s roads are smoothest,
followed by Tippecanoe and White. This type of visualization enables rapid comparison of
pavement condition distributions across multiple roadway networks and informs strategic
planning and maintenance prioritization at a high level for transportation agencies.
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Figure 6. Segment IRI CFD by interstate, state, and local county roads 2024.

To assess statewide data availability for local paved roads, including spatial and
temporal trends, two county-level coverage maps were created using IRICVe data from 2023
and 2024 (Figures 7a and 7b, respectively). For each figure, a county’s data coverage is
defined as the proportion of segments with at least one valid IRICVe observation that year.
Callouts i., ii, and iii correspond to White, Tippecanoe, and Hamilton counties, respectively,
which serve as reference locations for subsequent analysis using Figures 8 and 9.

Figure 7. Indiana paved local roads IRI data coverage: (a) 2023; (b) 2024.



Infrastructures 2025, 10, 248 11 of 18

Figure 8. IRI category by Indiana county paved local roads (2024).
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Figure 9. Paved local roadway IRICVe coverage and IRI categories by month for select counties.
(a) White County, (b) Tippecanoe County, (c) Hamilton County.

Statewide coverage increased from 46.5% to 53.2% between 2023 and 2024. Many
individual counties also saw a substantial increase in data coverage, a few counties saw
minimal change, and only two decreased. Spatially, coverage tends to be highest in urban
areas, particularly Lake, Marion, and Hamilton County, where connected vehicle density is
greatest. In contrast, rural areas with lower population density generally showed lower data
availability, as expected, due to the reduced number of vehicles generating IRI estimates.
These trends emphasize the growing viability of connected vehicle data for monitoring
pavement conditions across local roadway networks.

Figure 8 provides a detailed breakdown of paved local roadway conditions across all
92 counties in Indiana, sorted by their mileage. The left panel shows absolute miles by
IRI category, while the right panel normalizes these values to display the corresponding
composition as a percentage. Together, these figures facilitate both direct comparison across
counties and contextual understanding of each county’s network condition.

Each county’s network is classified into the IRI categories of “Good” (<95 in/mi),
“Acceptable” (95–170 in/mi), “Needs Maintenance” (>170 in/mi), and “No Data”. Most
counties have between 500 and 1000 miles of paved local roadway, but coverage ranges
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widely from a maximum of 79% in Hamilton County (callout iii.) to a minimum of 14% in
Martin County (callout iv.).

This visualization allows for the quick assessment of both the extent and quality of data
coverage for any Indiana county and provides insight into how a county compares with
other counties of similar network size. County-level roadway condition breakdown figures
like Figure 8 can support agency pavement management by aiding the identification of
counties with both the greatest need for maintenance and sufficient coverage for informed
decision-making, such as Wayne County, where over 50% of the paved local network was
categorized as “Needs Maintenance” (callout v.).

County-level roadway conditions can also be analyzed longitudinally to capture
temporal variation. Figure 9 shows the monthly distribution of IRI categories for paved
local roads in White (a), Tippecanoe (b), and Hamilton (c) counties over a 28-month period
from January 2023 to April 2025. This monthly resolution enables the inspection of seasonal
changes in both roadway conditions and data coverage. For example, White County shows
noticeably higher data coverage in the summer, which may be explained by seasonal
tourists. Additionally, increases in data coverage for Tippecanoe and Hamilton counties
are evident. The coverage in both counties increased rapidly from January to August of
2023, which then plateaued.

To illustrate the effect of temporal aggregation, annual coverage lines were added
to the figures to highlight how aggregating over a longer time window can significantly
improve coverage, typically by about 15% compared to a single month. This increase is
due to the accumulation of IRICVe observations over time, where longer periods increase
the likelihood of receiving observations for low traffic segments that would otherwise have
no data.

A case study was conducted on a sample of road segments on E 221st street in
Hamilton County to demonstrate how IRICVe data can be used for not only broad network-
level analysis, but also for high resolution, localized pavement condition monitoring,
enabling agencies to detect pavement condition changes with minimal fieldwork. For
local agencies, this provides a more scalable alternative to traditional post-maintenance
inspection methods.

Figure 10 demonstrates this application using maps of the case study location for
both 2023 (a) and 2024 (b). Callouts i. and ii. indicate a target segment that experienced
significant IRICVe improvement within one year, decreasing from 221 in/mi to 94 in/mi.
This was independently verified with Google Street View imagery of the location in July
2019 (c) and September 2024 (d), which shows the transition from a visibly cracked and
deteriorated surface to a newly resurfaced condition in 2024. These findings confirm how
roadway maintenance was conducted to improve the surface condition and that the IRICVe

data successfully captured the resulting improvement in ride quality.
Although this case study focused on a single location, the same localized analysis

can be scaled for proactive network monitoring. By continuously tracking segment-level
IRICVe changes over time, agencies can implement automated flagging systems to identify
statistically significant improvements or deteriorations. Such change detection algorithms
can help prioritize field inspections, verify completed maintenance, and support data-
driven decision-making. Notably, roughness change alerts are already offered by some
third-party data vendors, making integration into existing workflows feasible without
developing additional data-processing infrastructure.
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Figure 10. Hamilton County 9000 block E 221st street case study: (a) 2023 IRI category map, (b) 2024
IRI category map, (c) Google Street View for location i. in July 2019, and (d) Google Street View for
location ii. in September 2024.

4. Discussion
This study highlights both the potential and current limitations of IRICVe for statewide

pavement monitoring. While coverage expanded across Indiana, it remains uneven, with
urban counties benefiting from higher CV density and rural areas such as Martin County
still experiencing sparse observations.

Differences between interstate, state, and county networks were found, notably that
state-managed roads generally have lower IRICVe than local roads (Figure 6). This ob-
servation aligns with the higher level of funding for higher volume roads connecting
communities [3], while local agencies often face funding challenges [1,2]. By quantifying
these differences with IRICVe, agencies gain an objective ride-quality measure that comple-
ments distress-based PCI and PASER assessments, which capture distresses that have a
negligible impact on roughness.

Temporal analysis (Figure 9) revealed both seasonal and long-term trends. Coverage in
White County increased during summer months, likely from visiting traffic associated with
local summer recreational sites, while Tippecanoe and Hamilton counties saw substantial
growth in 2023 before stabilizing. Annual aggregation improved coverage by about 15%
compared to monthly windows, highlighting how agencies can balance temporal precision
with data completeness.
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The Hamilton County case study (Figure 10) demonstrated how IRICVe can identify
maintenance interventions consistent with independent field evidence. Such applica-
tions parallel prior validation studies showing that crowdsourced IRI estimates track
profiler values within 1–10% [16], and they align with current third-party offerings that
can automatically flag changes in pavement roughness [14]. This qualitative evaluation
provides empirical evidence suggesting the operational readiness of IRICVe for proactive
condition monitoring.

Some limitations remain, however. The dataset is restricted to passenger vehicles [14],
meaning that heavy vehicles, which are often the main cause of load-related deterioration,
are not accounted for. Prior work shows IRICVe underestimates roughness on deteriorated
segments likely because drivers avoid wheel paths with visible distresses [15]. These
biases suggest that IRICVe should be interpreted as a conservative estimate of roughness.
Coverage in low-traffic counties remains sparse. For example, only 14% of paved local
roads in Martin County have data in 2024 (Figure 8). While longer aggregation windows
help mitigate data sparsity, IRICVe is not yet a full replacement for profiler surveys on
low-volume networks.

These findings support the conclusion that IRICVe is best positioned as a complemen-
tary tool within existing asset management workflows. Traditional PCI and PASER surveys
remain essential for capturing surface-level distress types such as longitudinal cracking and
rutting that do not have a large impact on ride quality [7,8]. Similarly, high-speed inertial
profilers remain the preferred data source for project-level investment decisions due to their
reliability [9]. IRICVe’s strength lies in providing cost-effective, near real-time screening and
prioritization across entire networks that would otherwise be prohibitively expensive.

The broader implication of this study is that CV-based monitoring offers agencies a
cost-effective way to obtain a higher resolution and more continuous view of roadway
conditions than traditional surveys. By processing terabyte-scale CV data through a
transparent, modular workflow, agencies can obtain insight across entire networks at a
fraction of the cost of profiler surveys. This framework is not limited to Indiana and can be
scaled nationally or adopted by other state agencies. In addition to enabling large-scale
predictive maintenance and proactive investment, the approach lowers barriers for smaller
jurisdictions and promotes more equitable allocation of resources. These findings illustrate
the importance of continued integration with traditional surveys and the exploration of
advanced modeling approaches to further strengthen the utility of CV-based monitoring.

Future work will include integrating other data sources such as statewide PASER, PCI,
or aggregated trajectory CV data for speed–IRI correlation analysis. To address data sparsity
and improve monitoring continuity for low traffic routes, models such as Spatiotemporal
Graph Neural Networks (STGNNs) will be explored for data imputation, which have
recently demonstrated promising results in prior studies involving CV trajectory prediction
and traffic forecasting [29,30].

5. Conclusions
This study presents a modular and robust methodology for large-scale processing and

analysis of IRICVe data and evaluates its feasibility for statewide monitoring of local road-
way conditions. A detailed data processing pipeline was developed, including base route
deduplication, segmentation, buffering, and geospatial data mapping, with transparent
explanations of the tradeoffs to support adoption by transportation agencies.

With this pipeline, processed IRICVe data was used to generate visualizations that
assess data coverage, condition distributions, and spatiotemporal trends.

• County-level roughness distributions were compared and provide a high-level
overview of the distribution of road roughness across 92 counties and state-managed
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networks. In this figure, the interstate and state routes are the smoothest, while the
county networks are clustered below them, indicating worse conditions.

• Spatiotemporal trends in data coverage were reviewed. Noteworthy observations
include higher data coverage in urban counties and a statewide increase in paved local
road coverage from 46.5% to 53.2% between 2023 and 2024, reflecting the growth in
OEM CV deployments.

• County-level IRI category analysis showed variations in road conditions between
counties with large and small road networks, seasonal increases in data coverage, and
the impact of longer temporal aggregation on data coverage.

• Coverage increases by roughly 15% for yearly aggregation as opposed to monthly,
highlighting the tradeoff between temporal granularity and data coverage when
using IRICVe.

• A localized case study in Hamilton County illustrated the utility of the high spatial
granularity of IRICVe. A route segment on E 221st Street showed an IRI improvement
from 221 in/mi in 2023 to 94 in/mi in 2024, and maintenance work was confirmed with
independent Google Street View imagery. The case study validates the potential of us-
ing IRICVe for automated roughness change detection for proactive network screening.

The methodology and findings presented in this study are highly relevant to the asset
management workflows of local agencies and provide a strong foundation for transitioning
to CV-based condition monitoring at scale.
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OEM Original Equipment Manufacturer
API Application Programming Interface
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TRB Transportation Research Board
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