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EXECUTIVE SUMMARY

Motivation

The recent widespread availability of crowdsourced pave-
ment roughness measurements using connected vehicles (CV)
has enabled cost-effective and high-resolution condition mon-
itoring in near real-time. At the same time, computer vision—
based data collection is being deployed to mitigate the inherent
subjectivity of human surface condition ratings. The purpose of
this study is to assess the feasibility of utilizing CV data sources
for agile and effective prioritization of maintenance and invest-
ment projects across Indiana’s road network.

Study

Traditional methods of monitoring pavement condition
have involved manual human surveys often done annually or
biennially. CV data can be used to obtain much higher resolu-
tion view of a network’s condition, make consistent comparisons
across local agency jurisdictions, and reduce network condi-
tion monitoring costs, among other benefits. Case studies from
Interstate 65 (I-65), Noblesville, and Indianapolis are included
in the report. Two challenges that must be addressed before
effective agency integration is feasible are the efficient handling
of terabyte-scale roughness data and the careful interpretation
and integration of the data for use in asset management strat-
egies. This study uses more than 3 billion daily CV-estimated
International Roughness Index (IRI.,) measurements from
across Indiana in the years 2022-2025, in addition to multi-
ple visual surface condition data sources used for comparison.
The surface condition data includes Pavement Condition Index
(PCI) data from Indianapolis and Noblesville in 2024 and com-
puter vision-derived Pavement Surface Evaluation and Rating
(PASER ) data from Noblesville in 2025. The data source
comparisons reveal the similarities and differences between
the automated and manual data sources and provide insight
into where the automated data can be used most effectively and
immediately by agencies.

Results

The following results were identified after the evaluation and
comparison of the various pavement condition data sources:

® Cost-effective condition monitoring at scale is feasible using
IRI, data.

CVe
— Statewide IRI, coverage of paved local roads increased from

46.5% to 53.2% between 2023 and 2024.

— County-level network condition and IRI,, coverage analysis
revealed additional spatiotemporal trends and enabled large-
scale comparisons.

— Alocalized case study shows how IRI ., can be used to identify
segment-level condition changes at network scale.

® The automated and manual data sources are not interchangeable,
yet still useful.

- IR, and PASER ,, data sources weakly correlated to the
manual PCI datasets with R?of 0.15 to 0.34 when stratified by
roadway class and surface type.

— Metric agreement varied by roadway class and prominent dis-
tress types, but with trends that were supported by prior studies
done with manual data.

Recommendations

Based on the results outlined above, the relevant recommen-
dations are as follows: Roughness (IRI) and surface condition
(PCI or PASER) should still be used together to obtain a clear
picture of the roadway condition. IRI ., is best used as a net-
work-wide screening tool for near-term use by agencies. This
use case alone can allow agencies to quickly focus their efforts
on portions of their network that are emerging with near-term
maintenance needs. As the CV coverage and quality continues
to grow and IRI estimation improves, it is probable that IRI
will be able to replace profiler-based IRI in the long-term,
after further validation studies. PASER ., cannot be used inter-
changeably with manual PCI surface condition data; however,
the correlation trends and agreement analysis showed that it has
potential as an unbiased alternative to human surface condition
rating. A comparison of automated and manual PASER would
be necessary for more specific implementation recommenda-
tions regarding this data source.
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1. PROJECT OVERVIEW

The recent widespread availability of crowdsourced pave-
ment roughness measurements using connected vehicles (CV)
has enabled cost-effective and high-resolution condition mon-
itoring in near real-time. At the same time, computer vision—
based data collection is being deployed to mitigate the inherent
subjectivity of human surface condition ratings. The purpose of
this study is to assess the feasibility of utilizing these automated
data sources for agile and effective prioritization of maintenance
and investment projects across Indiana’s road network. The
study is structured as follows:

® Section 1. Project Overview: An overview of the project’s scope
and objectives.

® Section 2. Data Description: An explanation of the various data

sources and locations used for the project.

Section 3. Methodology: Discusses the foundational data pro-

cessing methodology.

Section 4. Results: Summary of the case-specific methods and

analysis findings.

Section 5. Conclusion: A review of the key insights and the impli-

cations of the study.

Section 6. Future Research: Outlines promising future directions

for this research.

1.1 Introduction

CV data have been explored in depth for use in traffic condi-
tion monitoring and intersection performance, however, a relatively
new application of this data is for large-scale pavement condition
monitoring (Thompson et al., 2025). Condition data are fundamen-
tal to effective roadway maintenance and investment prioritization
and have traditionally been collected by manual surveys. These
are either done visually or with a dedicated sensor such as an iner-
tial profiler (Federal Highway Administration [FHWA], 2024), or
more recently, Light Detection and Ranging (LiDAR) and com-
puter vision (Abohamer et al., 2021; De Blasiis, et al., 2021).

Three widely used pavement condition metrics are Pavement
Condition Index (PCI), Pavement Surface Evaluation and
Rating (PASER), and the International Roughness Index (IRI).
PCI and PASER are visual surface condition ratings, while IRI
is a ratio of vertical displacement to longitudinal movement
which is used to represent the roughness of a road segment.
PCI ranges from 0-100 and PASER ranges on a scale from
1-10, and in both metrics a segment with a lower rating is in
worse condition than a segment with a higher rating. Although
PCI and PASER have been used for decades, their manual col-
lection induces a tradeoff between the speed of collection and
the subjectiveness of the rating data. For example, the ASTM
PCI D66433 document states that inspection should be per-
formed by manually walking the length of the road segment
to take measurements (ASTM International, 2020), which,
of course, takes a substantial amount of time and funding for
any sizeable road network. This cost limits agencies to usu-
ally only survey their network annually or biennially and puts
surveyors in dangerous conditions during traffic. Alternatively,
the Michigan PASER manual recommends data collection to

be performed by using a rating criteria cheat sheet while driv-
ing over the segment (Michigan Infrastructure Council, n.d.).
This makes collection faster than PCI; however, the cheat
sheet contains vague language such as “slight,” “moderate,”
or “severe” distress severity, which introduces substantial
inter-rater variability, despite efforts to consistently train sur-
veyors through programs like the Local Technical Assistance
Program (LTAP) PASER certification (Purdue University,
n.d.). PCI also has this problem, as only a sample of segments
are rated, and this sampling methodology may vary by agency,
breaking down any comparisons made at the network level.
IRI can be a more objective condition metric due to its quanti-
tative definition, although it is still subject to many of the same
inefficiency limitations when collected by traditional survey
methods. Previous metric comparison studies have established
that the IRI and surface condition metrics like PCI and PASER
have weak but still significant correlations (Fakhri & Shahni
Dezfoulian, 2019; Gerst, 2009; Hannedeh et al., 2022). This
can be intuitively explained by the concept that they capture
different aspects of roadway degradation. The IRI, being a
measure of roughness, may not capture all types of visible
distresses, and PCI and PASER, being solely based on visi-
ble surface condition, may not account for certain distresses
or anomalies that impact ride quality without indicating poor
condition, such as manholes or rumble strips. Therefore, it is
evident that the IRI is most useful in combination with other
condition metrics to obtain a more complete view of the road-
way condition (Kirbas, 2018).

In recent years, advances in sensing and computing tech-
nology have resulted in more advanced methods of pave-
ment condition data collection that attempt to mitigate
many of the limitations that have been mentioned. Two such
automated methods that will be discussed in this report are
CV-estimated IRI (IRI.,) and Computer Vision-derived
PASER (PASER.,). IRI, 1is collected by the Original
Equipment Manufacturer (OEM) sensors from a fleet of con-
nected vehicles that report roughness in near real-time. A sen-
sor-fusion model was developed using a Kalman filter that
combines sensor output into an estimated longitudinal profile
of the roadway, which can then be used for IRI calculations
(Agebjir et al., 2025). Multiple validation studies have found
R? values ranging from 0.7-0.79 between IRI and IRI,,
indicating moderate to strong correlation (Llopis-Castell6 et
al., 2024; Mahlberg et al., 2022, 2024). The benefits of this
IRI collection approach include its cost-effectiveness from
crowdsourcing, robustness due to measurement aggregation,
and higher spatial and temporal resolution. Another advanced
method of interest is PASER .. This approach uses dashcam
imagery collected during a survey to extract PASER ratings
from visible distresses at a high resolution. Although it still
often uses an intentional survey to collect the imagery data,
there have been studies exploring the use of crowdsourced
dashcam imagery to extract these ratings at a large scale
(Dadashova et al., 2021; Randhawa et al., 2024). Regardless,
this approach addresses many of the objectivity limitations
of traditional manual methods through the use of a consistent
computer vision model. Therefore, the collection speed and
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subjectivity tradeoff can be eliminated: this approach poten-
tially enables more objective data than manual PCI and faster
collection than traditional PASER. Even with an imperfect
model, the resulting condition ratings are at minimum derived
using a known consistent methodology across all networks
for accurate comparisons, as opposed to using many different
human raters under varying local agency standards.

1.2 Scope and Objectives

The objective of this study is three-fold: to propose a scalable
methodology for the processing of billions of statewide IRI
observations, to introduce the reader to what insights this data
source can provide, and to compare the automatically collected
IRI and PASER data to manually collected data to determine how
it can and should be used in existing agency asset management
practices. The findings and discussion in this study will include
recommendations for both the implementation and interpretation
of the automated pavement condition data sources.

1.3 Dissemination of Research Results

The following research studies were prepared in part during
this project to facilitate an agile dissemination of results for
public and private sector stakeholders:

® Mathew, J. K., Desai, J., Sakhare, R. S., Hunter, J., & Bullock,
D. M. (2024). Spatiotemporal analysis of pavement roughness
using connected vehicle data for asset management. Journal of
Transportation Technologies, 15(1), 1-16. https://doi.org/10.4236/
jtts.2025.151001

Thompson, A., Desai, J., & Bullock, D. M. (2025). Evaluation
of Connected Vehicle Pavement Roughness Data for Statewide
Needs Assessment. Infrastructures, 10(9), 248. https://doi.
org/10.3390/infrastructures 10090248

Thompson, A., Desai, J., & Bullock, D. M. (2026). A comparison
of connected-vehicle roughness and traditional pavement condi-
tion index. Future Transportation, 6(1). https://doi.org/10.3390/
futuretransp6010047

Thompson, A., Desai, J., & Bullock, D. M. (2026, June 22-25). A
comparison of connected vehicle roughness data with computer
vision pavement condition ratings [Manuscript submitted for pub-
lication and presentation]. IEEE Intelligent Vehicles Symposium
(IV), Detroit, MI, United States.

The findings from this study were presented to stakeholders
over the course of this project at various SAC meetings. The
following sections of this report summarize the methodology,
results, and implications of the three above-mentioned studies.

2. DATA DESCRIPTION
2.1 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 (Google Cloud Console, n.d.). 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 classifi-
cation classes that were used for determining local and state-
managed routes.

2.2 Statewide Connected Vehicle Roughness Data

This project utilizes IR, data collected by onboard sen-
sors 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
Global Positioning System (GPS) and Inertial Measurement
Unit (IMU), which are used to measure vehicle speed and
chassis vibration. This multisensor fusion approach estimates
the road’s longitudinal profile, which is then used to calculate
its IRI value (Agebjir et al., 2025). The data are provided as
short road segments ranging from 50 to 85 ft in length, updated
on a daily basis. Each segment’s IRI ., 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), repre-
senting the vertical displacement in inches over the longitudinal
movement in miles along the roadway. To classify roughness,
FHWA-defined (FHWA, 2014) thresholds were used: segments
were labeled as:

® Good (<95 in./mi),
® Acceptable (95-170 in./mi), and
® Needs Maintenance (> 170 in./mi).

Approximately 3.1 billion records were analyzed over
78,000 mi of roadway across Indiana. Figure 2.1 is included to
convey the scale of the data by visualizing the roughness category
of the Indiana road network in 2024. Subsets of this data were
used in comparisons with other metrics where data was available.

2.3 Noblesville Condition Data

Multiple pavement condition datasets were provided by the
City of Noblesville, Indiana, comprising of manual PCI sur-
veys from July 2023 (with maintenance updates in November
2024) and computer vision—derived PASER . surveys from
May 2025. There were 127 mi of roadway used in compari-
sons where IRI and both condition datasets were available. For
comparison consistency, PCI scores were divided by 10 and
rounded (producing PCI, ), while PASER ., ratings, which are
~60 ft segments with annotated distress imagery, were classi-
fied as Good (8-10), Fair (5-7), or Poor (1-4) following TAMC
guidelines (Michigan Transportation Asset Management
Council, 2026), with half-point values assigned to the lower
classification. Each condition dataset was spatially aligned
with median IRI_ roughness data from April 2024 and April
2025, respectively, yielding two matched datasets: (1) 2024
IRI.,, with PCI  and (2) 2025 IRI, with PASER_ .. These
datasets were used to separately model the condition-roughness
relationship and to facilitate comparisons between the manual
and automated data. Figure 2.2 shows the set of road segments,
along with their 2025 PASER ., categories, that were used for
modelling and comparisons.

Joint Transportation Research Program Technical Report FHWA/IN/JTRP-2026/04 9
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Figure 2.1 Indiana Road Network IRI Category Map (2024).
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Figure 2.2 Noblesville PASER ., Category Map May 2025 with Hamilton County Inset Map.
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Figure 2.3 Marion County IRI Roughness Category Map Nov. 2024 With Inset Map.

2.4 Indianapolis Condition Data

Indianapolis also provided manual PCI data for metric
comparisons. There were 1,963 mi (98,150 segments) used in
comparisons where IRI data was also available. Approximately
one-third of the PCI data from this source were manually col-
lected each year between 2022 and 2024 and integrated into a
common dataset for the Indianapolis network as of November
2024. The dataset represents the most accurate estimation of
the Indianapolis road network condition in 2024 as reported by
the City of Indianapolis, although not all measurements were
collected in 2024. The routes were segmented by intersection,
meaning every section of roadway between intersections was

evaluated independently. No specific distress data used in the
PCI calculation were recorded in the dataset, and only the PCI
ratings were available. Each segment was assigned a PCI rating
from 0-100, and these ratings were later categorized as Good
(86—-100), Satisfactory (71-85), Fair (56-70), Poor (41-55),
Very Poor (26—40), Serious (11-25), and Failed (0-10), as per
the ASTM standard outlined in their D6433 document (ASTM
International, 2020). Additional attributes such as roadway class
and surface type were made available by this same data source.
The roadway classifications, shown in Figure 2c, correspond to
the FHWA (2023) National Functional Classification system.
Figure 2.3 shows the route network for this county and corre-
sponding IRI category data in November 2024.
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3. METHODOLOGY
3.1 Route Network Preparation

The US Roads dataset contains approximately 30% over-
lapping geometry, often from historical name or route changes.
A simple deduplication algorithm was developed to address the
issue as the first step in the data processing pipeline. The algo-
rithm works by iteratively merging overlapping route geometries
(combining metadata such as the route ID) until none remain.
Additional metadata, such as county and district, were sourced
from IndianaMap and spatially joined with the route segments
by maximum overlap. As illustrated in Figure 3.1, Steps b and c,
these routes were then segmented by 0.02 mi and buffered by 60
ft into road segments. A 0.02-mi segment length was chosen to
capture the ~75 ft (0.014 mi) resolution of the IRI . data. As the
segments were created, the undirected heading was calculated
by using the azimuth bearing between each segment’s start and
end points, converting it to degrees, and projecting it to a 0-180°
range 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. This filtering is particularly useful
at intersections where crossing data need not be accounted for.

Once the base route segments were prepared, the IRI, data
was mapped and aggregated over them to obtain one representa-
tive roughness measurement per segment per month. Figure 3.1,
Steps e and f illustrate this process. First, each IRI, estimate
was assigned to a single route segment by choosing the one with
the lowest segment ID to prevent oversampling segments that
span multiple segments. Assignments were also filtered on their

Route Pre-Processing

a. Deduplicated Routes b. Segment by 0.02mi c. Buffer by 60ft

120ft

A TR T
0.02mi

Roughness Mapping

d. IRI ., Estimates f. Take the Median

e. Map to the Buffers

N
I

Figure 3.1 An Illustration of Data Processing Steps. Blue is Used
to Represent Unmapped Geometry. Additional Colors in Steps d—f
Represent Different IRI Categories.

headings with a tolerance of +£10° to ignore intersecting data
that is very often from other routes. Daily per-segment medi-
ans were computed over all of these assigned segments, and
then a second median was taken over each month. The PCI and
PASER data were mapped and aggregated to these segments in
the same way as the IRI data, but the temporal medians were not
necessary. Although this study used monthly and yearly aggre-
gation, this time period can be adjusted as needed. A longer
time period gives greater data coverage at the cost of temporal
precision. Segments with no IRI, data in a given time period
were assigned a roughness value of -1 to indicate this but were
not removed from the dataset to facilitate data coverage analysis
(Figure 3.1, Callout i).

3.2 Threshold Optimization and Metric Agreement

Threshold optimization was conducted on the PCI-IRI and
PASER-IRI data to determine the thresholds that most closely
correlate to segments categorized as ‘“Needs Maintenance” by
their IRI value. Maximizing Youden’s statistic (True Positive
Rate — False Positive Rate) yielded a PCI threshold of 50 and a
PASER threshold of 5, meaning that PCI values less than 50 and
PASER values less than 5 correlate best with IRI values greater
than 170 in./mi in both datasets. Notably, these thresholds lie at
the midpoints of their respective metric scales.

A measure of “metric agreement” was developed to assess
the consistency between condition and roughness data. A seg-
ment is in metric agreement when both metrics convey similar
information about pavement condition. Agreement was assessed
using the derived thresholds of 5 and 50. Four possible out-
comes were defined:

® True Positive (TP): both condition < threshold and IRI > 170 clas-
sify the segment as needs maintenance.

® True Negative (TN): both condition > threshold and IRI < 170
classify the segment as not needing maintenance.

® False Negative (FN): condition > threshold suggests the segment
does not need maintenance, but IRI > 170 indicates it does.

® False Positive (FP): IRI < 170 suggests the segment does not need
maintenance, but condition < threshold indicates it does.

3.3 Statistical Modeling Assumptions

Because the PCI) and PASER_ data provided by
Noblesville are ordinal, the relationship between visual condi-
tion and roughness was modeled using an ordered logit model,
which assumes an unobserved latent variable

Y =B, +B,IRI+¢ (Equation 3.1)

Representing true pavement quality. Thresholds dividing Y*
into discrete categories are estimated by Maximum Likelihood.
The logistic error assumption, rather than normal as in a probit
model, provides robustness to outliers and interpretable coeffi-
cients in terms of odds ratios. Model calibration was evaluated
using Randomized Quantile Residuals (RQRs), which con-
vert predicted category probabilities into continuous residuals.
The Q-Q plots (Figure 3.2) show RQRs closely following the
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Figure 3.2 Ordinal Model Q-Q Plots a. PCI10, b. PASER_.,.

normal distribution with only minor tail deviations, confirming
that the logistic error assumption holds. Brown—Forsythe tests
indicated strong heteroscedasticity in both PCI  (p < 107') and
PASER . (p < 107) data, validating the choice of an ordinal
model as opposed to a linear model. Finally, Brant tests showed
that the proportional-odds assumption held for PCI,, (p = 0.16)
but not for PASER ., (p ~ 0), suggesting that IRI, ’s effect var-
ies across rating thresholds in the automated data. Despite this
violation, the model remained well calibrated, so ordered logit
was retained for comparability, with PASER ., coefficients inter-
preted as averaged effects due to the variation by PASER level.

4. RESULTS

4.1 Statewide Evaluation of Connected Vehicle Roughness
Data

Before further analysis was conducted, the availability of the
IRI,.,, data was evaluated using the measure of spatial cover-
age, meaning the percentage of road segments in a given area
or network that had at least one observation in the time period.
Figure 4.1 shows the county-level IRI.,, data coverage for 2023
and 2024 (Subfigures a and b, respectively). Callouts i, ii, and iii
correspond to White, Tippecanoe, and Hamilton counties, which
serve as reference locations for following analyses. Statewide
coverage increased from 46.5% to 53.2% between 2023 and
2024. Many individual counties also saw substantial increases,
and only two decreased. As expected, coverage tends to be high-
est in urban areas where connected vehicle density and traffic
is greatest. Rural areas with low population density generally
showed lower data availability. The increasing availability of
this IRI data emphasizes the growing viability of its use for
monitoring pavement conditions across local road networks.

Figure 4.2 provides a detailed comparison of paved local
roadway conditions by county and the two blue lines represent
statewide state and interstate networks. Each line is a Cumulative

Sample Quantiles
[=)

T T T T

—4 —2 0 2 4
Theoretical Quantiles

b.

100

80

60

40

20

CV-IRI Coverage (%)

(b)

Figure 4.1 Indiana Paved Local Roads IRI Data Coverage: (a) 2023;
(b) 2024.

Frequency Distribution (CFD), which visualizes the proportion
of segments with a given IRI value or better at every IRI value
along the x axis. Lines that are further to the left have more
segments in better condition than those that are on the right. The
green, light green, and red vertical lines represent the FHWA
IRI thresholds for their respective categories. The three coun-
ties indicated in Figure 4.1 are colored for reference. The figure
shows how state and interstate managed roads are smoother than
nearly all local networks, as expected. Among the three high-
lighted counties, Hamilton’s roads are the smoothest, followed
by Tippecanoe and White. This type of visualization enables
rapid comparison of pavement condition distributions across
multiple road networks at a high level.

The Hamilton, Tippecanoe, and White County local road
networks were analyzed in further detail in Figure 4.3. This fig-
ure illustrates the power of IR, ’s high temporal resolution by
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Figure 4.4 Delta IRI Heatmap Between 2022 and 2023 on I-65.

visualizing the change in IRI category distributions, including
gray for no data to also convey the county’s change in coverage
over the 28-month time period from January 2023 to April 2025.
This monthly resolution enables the inspection of seasonal
changes, like those visible for White County in Subfigure a.
This shows how the county has substantially higher data cover-
age in the summer, which may be explained by seasonal tour-
ists. Additionally, the increase in data coverage for Hamilton
and Tippecanoe visible in Figure 4.1 can be seen in greater
detail here. The greatest increases were in 2023 but then began
to plateau in 2024.

To illustrate the effect of temporal aggregation on data cov-
erage, annual coverage lines were added to all three subfigures.
These coverage lines show how an annual aggregation window
size leads to roughly 15% higher coverage when compared to
that of a single month. This increase is due to the accumulation
of IRI,, observations over time, where longer periods increase
the likelihood of receiving observations for low traffic segments
that would otherwise have no data.

Individual routes can be analyzed in detail with this data,
which can provide valuable insight into localized changes,
either degradation, or improvements due to construction.
Figure 4.4 is a heatmap showing the relative change in IRI along
1-65 between 2022 and 2023. Areas in green and red saw con-
siderable change, while areas in light and dark grey had little
to no change in IRI. For example, conditions improved near
mile marker (MM) 60 (Callout i) and MM 140 (Callout ii), and

-30 to -15

-15t0 0 Oto 15

15 to 30 . >=30

conditions worsened near MM 180 (Callout iii) and MM 240
(Callout iv). Route-level visualizations such as this will con-
tinue to be an important use case for IRl data due to their
relevance for resource allocation. In particular, delta heatmaps
will be an important tool for agencies to understand the time
and location of changes in pavement condition to inform asset
management planning. This case study is discussed in detail by
Mathew et al. (2024).

A case study was conducted in Hamilton County to demon-
strate how IRI_,, data can also be used for localized condition
monitoring at a high resolution, enabling agencies to detect pave-
ment changes with minimal fieldwork. Figure 4.5 uses maps of
the case study location in 2023 (a) and 2024 (b). Callouts i and
ii indicate a target segment that experienced significant IRI
improvement within one year, decreasing from 221 in./mi to 94
in./mi. The following two subfigures use Google Street View
imagery to show the transition from a visibly cracked surface
in July 2019 (c) to a newly resurfaced condition in September
2024 (d). These findings confirm that roadway maintenance was
conducted to improve the surface condition and that the IRI_,
data successfully captured the resulting improvement in ride
quality.

Although this case study focused on a single segment, the
same analysis can be applied at scale for proactive network
monitoring. By continuously tracking segment-level IR
changes over time, agencies can implement automated flagging
systems to identify statistically significant improvements or
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Figure 4.5 Hamilton County 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.

deteriorations. Such change detection algorithms can help prior-
itize field inspections, verify completed maintenance, and sup-
port 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.

To illustrate the longitudinal variation in roughness over
time, a 1-mi section of roadway was analyzed in Figure 4.6.
This figure shows the IRI values when using daily, monthly,

and yearly aggregation using the blue, pink, and black lines,
respectively.

The black yearly aggregated lines indicate that the roughness
consistently increased year-over-year between 2022 and 2024;
however, the monthly and daily lines make it clear that there are
significant interyear variations in roughness. In early 2022, the
section deteriorated rapidly (Callout i), but conditions improved
after subsequent maintenance that summer (Callout ii). The
conditions worsened again in the late winter/early spring of the
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Figure 4.6 Daily, Monthly, and Yearly Roughness Variation on I-65 N MM 238-239 Section.

following two years (Callouts iii and iv). In the second half of
2024, substantial maintenance activities were performed, result-
ing in substantial reduction in the IRI (Callout v). The sharp
reduction in IRI in the last 2 weeks of December 2024 should be
disregarded, as it is an artifact of the data filtering.

This analysis also illustrates the impact of various aggrega-
tion levels. For example, daily or monthly aggregation would
be most appropriate to understand the degradation performance
at a project level, while yearly aggregation may be more appro-
priate for systemwide evaluation. Although Figure 4.3’s results
include the ~15% increase in coverage when aggregating by
year, Figure 4.6 illustrates how temporal variations in the year
can be missed. Notably that while the monthly estimates align
closely with the daily estimates, the yearly aggregation lines can
substantially deviate from them. Agencies should be aware of
the tradeoff between the better coverage and easier storage from
yearly aggregation and the improved resolution of monthly
aggregation.

4.2 Condition-Roughness Relationship Analysis with
Automated Data Sources

To assess where PASER ., and IRI, are best used in an
existing agency’s monitoring practices, they had to be compared
to baseline data collected by traditional methods. This section
will make three comparisons: Marion County IRI_, versus
PCI, Noblesville PCI, versus IRI_,, , and Noblesville PASER .,
versus IRI, . These comparisons will help ground the perfor-
mance of the new collection methods to the methods that are
commonly used in practice today.

We will start with the Marion County dataset that was
used to analyze the IRI., — PCI relationship in Figure 4.7 and

Figure 4.8. Figure 4.7 is a scatterplot with PCI and IRI category
lines for reference. The figure indicates a weak inverse relation-
ship between PCI and IRI,,,,, with notable outliers in the upper-
left and lower-right quadrants representing segments where the
two metrics provide conflicting information. A large cluster of
segments can be seen around PCI = 87. This may reflect cate-
gory bias from the human surveyors, as this PCI value is the
very minimum required to be considered in the “Good” cate-
gory as defined by ASTM. If this is truly the result of category
bias, it indicates how manually rated PCI is subject to system-
atic human error and inconsistencies. The scatterplot also shows
how the relationship weakens as the pavement condition gets
worse. As PCI decreases, the variation in the IRI values increases
dramatically, meaning that a segment in good condition is also
likely to have a good (low) IRI value, while segments in poor
condition are far more unpredictable.

Figure 4.8 uses the metric agreement classifications defined
in Section 3.2 stratified by roadway class to assess their relative
performance. Primary collector performed the best with 70%
agreement, and Local streets performed the worst with only
59% agreement. The most likely explanation for the relatively
poor Local street agreement is the higher prevalence of inten-
tional surface anomalies like manholes that impact IRI but do
not affect the PCI rating.

To represent the IRI-PCI relationship numerically, the
coefficient of determination (R?) and Matthews Correlation
Coefficient (MCC) values were computed across combinations
of roadway class and surface type as shown in Table 4.1. The
MCC ranges from -1 (complete disagreement) to 1 (perfect
agreement), with O indicating no correlation. It is calculated
with Equation 4.1, using the PCI threshold of 50 and IRI thresh-
old of 170 like defined previously. In comparison to R?, which
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TABLE 4.1

Marion County MCC and R? Correlation Strengths by Roadway Class and Surface Type.

Roadway Class MCC ssphalt MCC, e MCC,, ., R? ssphalt R e R
Primary Arterial 0.37 0.17 0.35 0.18 0.14 0.17
Secondary Arterial 0.3 0.00 0.33 0.21 0.34 0.21
Primary Collector 0.40 0.41 0.40 0.21 0.23 0.21
Local Street 0.21 0.00 0.21 0.15 0.03 0.15
Total 0.30 0.08 0.30 0.15 0.03 0.15

MCC derived from PCI < 50 predicting IRI > 170

measures raw data correlation, the MCC specifically measures
the classification correctness of the defined thresholds.

(TP-TN) — (FP-FN)
J(TP+FP) - (TP+FN) - (TN +FP) - (TN + FN)
(Equation 4.1)

MCC =

Results show that the primary collector roadway class agrees
most closely with IRI, which is also supported by the findings
from Figure 4.3. Asphalt segments tended to have higher MCC
values than concrete, likely due to the far greater representation
of asphalt in the dataset. Asphalt had 1,900 mi of data, com-
pared to only 14.7 mi for concrete. This makes the PCI thresh-
old more optimized particularly for asphalt segments. R2 values
similarly suggest a weak overall correlation between PCI and
IRI, though correlations generally improved when filtered by
roadway class and surface type. The highest observed R? was
0.34 for secondary arterial roads with a concrete surface and the
overall R* was 0.15.

Beyond the Marion county dataset, the Noblesville data
enable two more comparisons: IRI., versus PCIL  and IRIL.,
versus PASER ... The boxplots in Figure 4.9 indicate a consis-
tent inverse relationship between roughness and condition in
both the PCI | (a) and PASER ., (b) data. The relationship again
shows heteroscedasticity (nonconstant variance), where IRI
becomes noisier and the relationship with condition weakens
as pavement condition gets worse. The comparison also high-
lights differences between the manual and automated condition
assessment methods. PASER ., ratings have a higher 0.5-point
resolution and lack perfect 10 ratings, as the computer-vision
model cannot account for pavement age, which is required
for a “like-new” rating under the Michigan PASER manual
(Michigan Transportation Asset Management Council, 2026).

Because condition ratings are ordinal, model fit was evalu-
ated using McFadden’s pseudo-R? rather than the traditional R2.
This metric compares the log-likelihood of the fitted, or full,
model detailed in Section 3.3 with that of a null model contain-
ing only an intercept term.
log L

full .
- Equation 4.2
log L (Eq )

‘null

Pseudo-R? values of 0.10 (PCI, ) and 0.12 (PASER .,,) match
those reported in prior profiler-based IRI studies (Hanandeh

2
RML‘F adden

=1

et al., 2022). Likelihood ratio tests (p < 10™*) confirmed that
IRI., significantly improves prediction of condition rating.

The IRI,, condition distribution remained stable over the
time period across all roadway classes. In contrast, the condition
distributions shifted significantly toward the extremes in 2025.
The proportion of “Fair” ratings (rating 5-7) declined from 44 %
to 24 % for local roads and from 53% to 29% for primary
roads, while the shares of both “Good” and “Poor” categories
increased greatly. This polarization is likely caused by meth-
odological differences, since the PCI ratings were collected
by manual PCl-based assessment and the PASER ., ratings by
a PASER-oriented computer-vision model. A chi-square test
confirmed the year-to-year shift in condition distributions was
highly significant (y2=713.8, p < 107'®), while roughness distri-
butions showed no significant change (y2=4.4, p=0.11). These
results suggest that the condition datasets are not drawn from
the same distribution, whereas the IRI measurements, collected
with a consistent method, remained comparable between years.

The ordered logit models were then used to estimate the prob-
ability of each condition level as a function of IRI (Figure 4.1).
As expected, “Good” probability decreases, and “Poor” proba-
bility increases, when roughness increases. The “Fair” category
peaks at intermediate roughness levels (around IRI = 200 in./mi),
representing the transition between good and poor pavements.
These curves can be interpreted directly: for any given IRI
value, the plot gives the likelihood of that segment receiving
each condition category. The uncertainty reflected in the over-
lap among categories mirrors real-world subjectivity. For exam-
ple, two surveyors might reasonably assign different condition
ratings to a pavement with moderate roughness. In the PCI,
model, “Fair” has the highest probability in the midrange of IRI
(100-300 in./mi), whereas PASER .. shows stronger polariza-
tion with lower “Fair” probabilities and higher “Good”/*Poor”
probabilities. This is consistent with earlier findings.

Model performance was calculated with the Mean Absolute
Error (MAE), defined below:

MAE = lz|y,, -3 (Equation 4.3)
n

where y, is the true condition rating and ¥, is the predicted
rating (the rating level with highest probability). The MAE
for the 2024 and 2025 models was 1.87 and 1.73, respectively,
indicating comparable and moderate performance. This modest
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Figure 4.9 Noblesville Condition-Roughness Rating Boxplots, (a) PCI

performance is expected given that IRI alone cannot capture the
full impact of surface distresses on road condition, as the rough-
ness of a given distress will not always align with its influence
on road condition.

Like with the Marion County dataset, the metric agreement
distributions were analyzed for each comparison using the
thresholds defined in Section 3.2. As shown in Figure 4.11, in
both datasets, TP proportions increased and TN proportions
decreased from primary to local roads, reflecting poorer surface
quality on lower-class roads. For PCI, , FN rates rose substan-
tially for collector and local roads, indicating many rough seg-
ments (IRI > 170 in/mi) rated > 5 by surveyors. This is likely
due to localized features such as manholes, patches, or speed

20

10?

b.

(b) PASER .

bumps that inflate IRT without indicating poor surface condition
and was also identified in Figure 4.8. PASER ., showed more
uniform disagreement across classes, suggesting reduced bias
toward higher-function roads, though FN cases remained higher
on locals, again likely reflecting roughness from these anoma-
lies. Overall, disagreement rates (FN + FP) were non-negligible
for both datasets, emphasizing that IRI and condition must be
interpreted jointly to assess roadway quality.

Using the detailed distress data reported by the PASER .,
survey in 2025, additional insight can be drawn into how spe-
cific surface distresses influence the IRI-PASER relationship in
particular. Figure 4.12 extends the metric agreement framework
introduced in Figure 4.2 by stratifying agreement outcomes
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across individual distress types. Because the distress data were
reported as the percentage of surface coverage by severity
level, a composite distress score was computed by weighting
the coverage by severity (1x for light, 2x for moderate, and 3x
for severe). The weighted scores were normalized over with-
in-distress distributions using the range between the 5™ and 95™
percentiles to filter outliers and clipped to the interval (0, 1).
Next, these values were averaged to yield percentage values by
distress type.

The distresses were ordered by their overall proportion
of metric agreement (TP + TN), revealing substantial vari-
ation among distress types. Alligator cracking exhibited the
highest agreement (78%), while rutting showed the lowest
(48%). This is physically intuitive: alligator cracking strongly
affects both surface roughness and visual condition; its pres-
ence always leads to a PASER < 3 (Michigan Transportation
Asset Management Council, 2026; Wisconsin Transportation
Information Center, 2013). Accordingly, only 23% of its
distress score fell in FN or FP categories, indicating strong
PASER-IRI consistency. In contrast, rutting often produces
a smooth but deformed surface, yielding low IRI but poor
PASER scores (a high FP rate). This discrepancy highlights
how surface distresses not directly captured by vertical rough-
ness can still drive PASER deterioration.

Other trends emerge as well. Sealant had the highest propor-
tion of FN outcomes, as it has little influence on PASER ratings
but often still increases IRI. Alligator cracking, block cracking,
and weathering had the highest TP rates, indicating agreement
on poor condition, while longitudinal cracking, distortion, and
sealant showed the highest TN rates, which is consistent with
these distresses being visually apparent yet having minimal
effect on ride quality. Longitudinal cracking in particular can
be explained by the use of IRI,, data, where drivers are more
likely to avoid wheel paths with these cracks. When alligator
cracking, block cracking, and patching co-occur, the TP rate is
at 69%; however, when only patching is present, that rate drops
to 14%, demonstrating that distress interaction drives much of
the agreement for some distresses like patching. This concept
will be explored in greater detail by Table 4.2.

Table 4.2 summarizes PASER ., rating distributions against
guidelines in the literature and shows how the PASER-IRI
relationship varies by distress type, accounting for distress
co-occurrence.

The empirical PASER values for each distress type were
found by calculating the adjusted lift and choosing the top three
ratings. The adjusted lift is a co-occurrence adjusted measure
of how much a PASER level is over-represented for a given
distress. Let Y € {1..10} be the floor of the PASER rating and
D=(D, ... D,) be vectors of normalized distress scores. The
adjusted lift is calculated as follows:

Lift

(d,k;d*):E[f’(Y=k D, =d")]

— (Equation 4.4)
E[P(Y=kID,)]

adj

Where P is the predicted PASER outcome from an ordered
logit model similar to Equation 3.1 but with 10 fitted B, val-
ues, one for each distress type d. The numerator fixes distress
d to d"=0.9, while other distress scores remain observed; the
denominator uses observed values for all. The top three lift
scores identify the most prevalent empirical PASER levels for
each distress, which are compared to reference PASER ranges
from the Michigan PASER cheat sheet (Michigan Infrastructure
Council, n.d.). In Table 4.2, the empirical PASER ratings appear
in decreasing order of their lift scores, while the theoretical
PASER ratings were simply sorted by their value.
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Figure 4.12 Noblesville IRI-PASER Metric Agreement by Distress Type, 2025.

TABLE 4.2
Prevalent PASER Levels and IRI-PASER Correlation by Distress

Type.

PASER PASER Num.
Distress Type Empir. Theor. tNaive tAdj. |At] Seg.
Alligator Cracking 3,2,4 2,3 -0.27 -0.19 0.08 3,487
Longitudinal Cracking 5,6,4 3,4,5 -0.39 -0.19  0.20 7445
Distortion 56,2 2 -0.36 -0.17  0.19 3,662
Raveling 52,6 4,5,6 -0.33 -0.12 0.21 1,938
Patching 54,2 23,45 -0.35 -0.11 024 1,354
Block Cracking 4,2,3 3,4,5 -0.29 -0.10 0.19 1,968
Rutting 4,2,3 2,3,4 -0.29 -0.10  0.19 872
Pothole 9,3,8 2,3 -0.35 -0.08 027 137
Weathering 4,5,3 4,5,6 -0.20 -0.08 0.12 27319
Sealant 52,6 8 -0.23 -0.06  0.17 2,562

Subsequent columns provide insight into the distress-level
IRI-PASER correlations, both when adjusting for co-occurrence
and when not. The adjusted t statistic is the residualized
Kendall’s t-b partial rank correlation obtained by correlating
residuals from two linear models: IRI ~ distress scores and
ranked PASER ~ distress scores. This is done to correct for
co-occurrence. The naive T simply calculates the correlation
between IRI and PASER for segments where the given distress
is present, and |Atl is the magnitude of change between the two,
indicating how much the correlation depended on co-occurrence.
All © values are negative, consistent with the expected inverse
IRI-PASER relationship.

The final column lists the number of segments exhibit-
ing each distress (score > 0). Because many segments contain
multiple distresses, totals exceed the 7,970 unique PASER
segments with valid IRI and PASER data, which is higher than
the 6,350 segments used elsewhere since the 2024 overlap con-
straint was removed.

Empirical PASER levels match with reference ranges for
most distresses, with two notable exceptions: potholes and seal-
ant. Potholes are rare in this dataset (n = 137), which makes
estimates unreliable. Sealant is far more common but typically
is associated with other distresses, making it difficult for the
ordered model to isolate its effect, which is the likely explanation
for the discrepancy. In total, PASER .., appears to be capturing
the correct impact of a segment’s distresses on its PASER rating.

The t correlations quantify how each distress affects
the strength of the IRI-PASER relationship. Naive t values
were consistently higher because they reflected shared vari-
ation among co-occurring distresses. After correcting for
co-occurrence, adjusted Tt values decreased, and the isolated
contribution of each distress is derived. Distresses such as alli-
gator and longitudinal cracking retained the strongest negative
correlations, while sealant and weathering were weakest.

The magnitude of T change (IAtl) reveals how much apparent
correlation arose from distress overlap. Patching, for example,
showed alarge IAtl, which is consistent with earlier results that its
agreement depends heavily on co-occurring alligator and block
cracking. Meanwhile, alligator cracking showed the smallest
change, indicating its correlation with IRI is largely self-driven.
This is consistent with existing results from Figure 4.12.

Overall, the distress analysis presented in Figure 4.12 and
Table 4.2 highlights how the IRI-PASER relationship depends
strongly on distress type. Distresses that directly impact both
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Figure 4.14 Slateford Rd. Case Study, Google Street View Aug.
2024 With Segment IRI and Condition Values. Corresponds to
Figure 4.13, Callout i.

visible surface condition and ride quality such as alligator
cracking, patching, and distortion tend to correlate strongly,
while those affecting surface condition without ride quality such
as rutting do not. These results emphasize the complementary
nature of IRI and PASER: while IRI captures functional ride
quality, PASER reflects visual and surface deterioration, and
combining both offers a more comprehensive view of pavement
condition that can be very useful. One such use case is explained
in detail in the following section.

4.3 Application for Long-Term Condition Monitoring and
Quality Control

Figure 4.13 shows year-to-year changes in condition and
roughness for matched segments across roadway classes. Each
point represents one segment, with the red bars indicating medi-
ans and blue dashed lines marking zero change on each axis.
Most points cluster tightly around the origin, indicating mini-
mal change in either measure between 2024 and 2025. However,
many segments have large changes in condition despite mini-
mal change in roughness. This trend is visible in all roadway
classes but is particularly clear in Primary and Secondary roads

as they have larger horizontal variance than vertical variance.
A localized case study (Figure 4.14) examines the Slateford
Road outlier segment identified with Figure 4.13, Callout i.
Between 2024 and 2025, its IRI rose only 6 in./mi (from 294
to 300), yet its condition rating fell sharply from 7 to 3. Google
Street View imagery from August 2024 shows extensive block
and early alligator cracking, inconsistent with the original
PCI,, = 7, indicating the manual survey likely overestimated
condition. Thus, the PASER ., = 3 rating appears to more accu-
rately reflect the true surface condition.

Such discrepancies illustrate how combined condition-
roughness trends enable automated quality control. While an
individual error may have a small impact, systematic over- or
under-rating in manual datasets can lead to funding misalloca-
tion and less effective maintenance prioritization across entire
networks. Outlier detection using combined change in rough-
ness and condition can effectively flag inconsistent segments
for review, reducing manual workload. Commercial systems
already leverage continuous IRI monitoring for roughness
alerts; integrating IRI trends with condition changes further
improves classification reliability. In this case, the automated
approach correctly identified a probable human rating error,
demonstrating its value as a scalable validation tool for pave-
ment management.

5. CONCLUSION

This research acts as a synthesis of many aspects of large-
scale condition monitoring: current challenges, new approaches
that can mitigate them, how these approaches can be imple-
mented in practice, their use cases, and how they compare to
traditional methods. Findings include coverage and network
condition visualizations made possible by IRI,, data, as well
as correlations and trends from multiple metric comparisons.

® An increase in statewide paved local road IR, coverage from
46.5% to 53.2% was observed between 2023 and 2024.
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A localized case study highlighted a segment showing an IRI

improvement from 221 in./mi in 2023 to 94 in./mi in 2024, illus-

trating how IRI ., can be used for network-wide continuous con-
dition change detection.

® Multiple condition-roughness comparisons in Marion County
and Noblesville, Indiana, indicate a weak inverse correlation with
R? around 0.15. The relationship is strongest among segments in
good condition and weakens with degradation. Stratification by
roadway class and surface type tended to improve the correla-
tion to a max of 0.34 among secondary arterial concrete road
segments.

® Metric agreement was evaluated for all three metric comparisons
stratified by roadway class and found that local roads consis-
tently were most weakly correlated. The PASER . data was used
to extend this analysis to distress types, finding that presence of
alligator cracking is the largest influence on metric agreement,
among other insights.

® Qutlier segments can be detected using a combination of rough-

ness and condition data, which exemplifies a promising IRI_, use

case for network-wide screening.

The results indicate that large-scale condition monitoring is
feasible using a mix of connected vehicle and computer vision
data sources, however, they must be implemented with careful
consideration and interpretation. These findings suggest that the
combination of connected vehicle and computer vision data is
a significant advancement in pavement management. Together,
they enable objective, high-resolution, and cost-effective con-
dition assessment at scales that are not feasible with traditional
manual surveys.

6. FUTURE RESEARCH

There are multiple promising future research directions that
would expand and refine the results of this project. Although
the study uses statewide IR data, the relatively small sample
of PASER_.,, data (127 mi) limits the effect size of conclusions
drawn from all comparisons. A future study utilizing PASER
derived from crowdsourced dashcam imagery would enable
larger comparisons, as well as further insights into large-scale
automated data processing and interpretation. On a similar note,
the collection of more manually rated condition data reported
by local agencies would enable network-level comparisons
between agencies to potentially identify bias from varying inter-
agency data collection practices.

Another possible direction for future research is to address
the sparsity in IRI., measurements for rural and low traffic
routes where only a fraction of segments may have data in a
given month or year. Advanced modelling approaches such as
Spatiotemporal Graph Neural Networks (STGNNSs), and par-
ticularly Graph Recurrent Imputation Networks (GRINs), can
be explored for IRI., data imputation, which have recently
demonstrated promising results in prior studies involving CV
trajectory prediction and traffic forecasting (Chen et al., 2025;
Gao et al., 2025). The goal of this approach would be to derive
statewide segment-month-level IR, confidence intervals for
segments with missing data. The natural graph structure of the
road network would be leveraged, along with a fusion of mul-
tiple other features that encode pavement degradation such as

traffic volume, speed limit, and surface type. The impact of this
research would be the ability to extend this project’s IRI.,, anal-
ysis to underserved rural networks that may otherwise only have
<20% data coverage.
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Appendix A. List of Acronyms

ASTM American Society for Testing and Materials
CFD Cumulative Frequency Distribution

Cv Connected Vehicle

FHWA Federal Highway Association

FN False Negative

FP False Positive

GPS Global Positioning System

GRIN Graph Recurrent Imputation Network

IMU Inertial Measurement Unit

IRI International Roughness Index

IRlcve Connected Vehicle-estimated IRI

LiDAR Light Detection and Ranging

LTAP Local Technical Assistance Program

MAE Mean Absolute Error

MCC Matthews Correlation Coefficient

MM Mile Marker

OEM Original EQuipment Manufacturer

PASER Pavement Surface Evaluation and Rating
PASERcyv; Computer Vision-derived PASER

PCI Pavement Condition Index

PClio PCI Divided by 10

RQR Randomized Quantile Residual

STGNN Spatiotemporal Graph Neural Network
TAMC Transportation Asset Management Council
TIGER Topologically Integrated Geographic Encoding and Referencing
TN True Negative

TP True Positive
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