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ABSTRACT

Pavement evaluation remains a fundamental component of transportation infrastructure
management; however, current practices are often fragmented, labor-intensive, and limited in
spatial coverage. Traditional methods rely on discrete measurements and outcome-based metrics,
such as the Pavement Condition Index (PCI) and friction testing, which do not fully capture the
underlying mechanisms governing pavement performance and safety. As a result, agencies lack
continuous, objective, and scalable approaches for integrated condition and safety assessment at
the network level.

This study investigates the use of high-resolution three-dimensional (3D) pavement surface
data and automated processing workflows to support standardized pavement evaluation. Two
complementary case studies were conducted in Montana. The first utilized a 0.5 mm-resolution
3D imaging system to perform an automated PCI survey across 247.9965 miles of roadway in
Gallatin County, with distress identification and PCI computation conducted in accordance with
ASTM D6433. The second employed a 0.1 mm-resolution 3D laser system to collect statewide
pavement surface texture data for macrotexture analysis using Mean Profile Depth (MPD)
consistent with ASTM E1845.

Results demonstrate that automated PCI computation from 3D data produces condition
trends consistent with expected pavement behavior. Deterioration rates varied by functional
classification, with local roads exhibiting the greatest decline (—6.37 PCI points per year), followed
by minor (—4.55) and major roads (—4.22). Analysis of PCI versus treatment age confirmed a
general decrease in condition with time, although variability within each classification resulted in
low coefficients of determination (R? = 0.05-0.12), indicating that additional factors influence
deterioration.

Texture analysis revealed a right-skewed network distribution of MPD, with statistically
significant differences across surface types (F = 170.95, p « 0.001). High-friction surface
treatments (HFST) exhibited elevated MPD values and increased variability, while lower-texture
surfaces were more uniform. The relationship between mean texture and variability provided
additional insight into surface consistency and performance.

Overall, this research demonstrates that high-resolution 3D sensing and automated
processing can be integrated with ASTM-compliant evaluation frameworks to enable continuous,
network-level assessment of pavement condition and safety. By linking distress-based condition
metrics with texture-based surface characterization, this work supports a transition from outcome-
based evaluation toward a more mechanistic understanding of pavement performance.



CHAPTER ONE

INTRODUCTION

Pavement evaluation is a fundamental component of pavement engineering, providing the basis
for assessing the condition, performance, and serviceability of roadway infrastructure throughout
its service life. Because pavements are subjected to cumulative traffic loading and environmental
exposure, their structural and functional characteristics evolve, making systematic condition
evaluation necessary to identify the causes of deterioration, quantify performance loss, and support
timely maintenance and rehabilitation decisions (Haas et al., 1994; Huang et al., 2004). By
continuing to use traditional practices and technologies, agencies lack the consistent and objective
evaluation required to distinguish between pavements that can be preserved through low-cost

treatments and those requiring more extensive intervention.

Within pavement management practice, condition evaluation serves as the primary interface
between engineering analysis and decision-making by supplying the data needed to develop,
compare, and prioritize preservation and rehabilitation strategies at both the project and network
levels (Haas et al., 1994). At the network level, evaluation data are used to assess overall system
condition, identify trends in performance, and support the allocation of limited resources across
competing needs. At the project level, detailed condition information informs treatment selection,
timing, and design, enabling engineers to address specific distress mechanisms while maximizing
life-cycle performance. Reliable and repeatable pavement condition data therefore, form the
foundation of modern pavement management systems and performance-based asset management

frameworks (Federal Highway Administration [FHWA], 2013).



Advances in pavement evaluation technologies have expanded the types and resolution of
condition information available to agencies, enabling more comprehensive assessments of both
pavement condition and safety performance. Automated data collection methods offer the potential
to reduce subjectivity, improve spatial coverage, and support continuous measurement of surface
characteristics that influence ride quality, durability, and roadway safety (Wang, 2004). This
research focuses on applying automated, high-resolution surface surveys in 3D and with artificial
intelligence (Al), with the objective of enhancing the quality and applicability of condition and
surface data to improve pavement management and surface characteristics evaluation for safety.
Specifically, the pavement network in Gallatin County, Montana is surveyed with a sub-mm 3D
system at highway speed for Pavement Condition Index (PCI). Additionally, dozens of sites within
the roadway network of the Montana Department of Transportation (MDT) were surveyed at 0.1-

mm 3D resolution for both micro and macro texture information.

1.1 Past Practices

Concerning the performance assessment of pavement, there exist four primary domains: functional
performance, referring to ride quality; structural performance, referring to the ability of the
pavement to carry loads over time; condition, referring to visible surface distresses; and safety,
referring to skid resistance and the potential for hydroplaning (Murekye et al., 2024). Among these
domains, the automation of pavement evaluation in regard to safety has emerged as a topic of
active research interest in recent years. Advances in this area, particularly those incorporating 3D
imaging technologies coupled with artificial intelligence (Al), have demonstrated consistent

technical capability but remain underutilized in agency practice.



Throughout the years, pavement evaluation methods have evolved alongside technological
development. These approaches differ not only in measurement technique, but also in the domain
of pavement behavior they are intended to represent, including condition, functional performance,
structural capacity, and safety (Wang, 2004). Measurement practices have progressed from manual
visual inspection to contact-based and point-measurement technologies, and more recently toward
automated, high-resolution imaging systems capable of capturing continuous pavement condition

data at the network level.

Building on this context, the following literature review examines developments in automated
pavement evaluation, 3D surface measurement, and Al-based analysis relevant to the objectives
of this study. The foundational approach for condition assessment is the PCI, which relies on
trained inspectors visually identifying pavement distresses. These distresses are classified by type,
severity, and extent, as defined in American Society for Testing and Materials (ASTM) D6433 for
roadways and ASTM D5340 for airport pavements (ASTM International, 2024). This
methodology is advantageous due to its interpretability, standardization, and widespread
acceptance in engineering practice. However, it is inherently limited by its labor-intensive nature,

subjectivity, discrete sampling, and relatively low spatial resolution.
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Figure 1. Standard PCI rating scale.

Another key component of pavement evaluation is functional performance, commonly assessed
using the International Roughness Index (IRI). Modern IRI measurements are obtained using high-
speed profiling vehicles equipped with laser sensors, accelerometers, and distance measurement
systems. These systems provide objective and repeatable measurements at the network scale.
Despite these advantages, IRI is limited in its ability to identify specific surface distresses, offers
limited insight into maintenance needs, and does not directly contribute to structural or safety

evaluation (Dela Cruz et al., 2021).



Figure 2. High-speed pavement condition data collection vehicle equipped with the AMES 8300

High-Speed Profiler.

Moving beyond surface condition and ride quality, structural performance represents one of the
most critical and most difficult to measure components of pavement health. Structural evaluation
focuses on the behavior of subsurface layers and their ability to sustain repeated loading. Several
non-destructive testing (NDT) methods have been developed for this purpose, including the
Benkelman Beam Deflectometer (BBD), the Falling Weight Deflectometer (FWD), and the Traffic
Speed Deflectometer (TSD) (Zofka & Sudyka, 2015; Mendez Larrain et al., 2023). The primary
objective of these methods is to estimate or predict the remaining service life (RSL) of pavement

structures, enabling proactive maintenance and rehabilitation planning (Murekye et al., 2024).
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Figure 3. Conceptual illustration of pavement layer response and stress distribution under wheel

loading.

Among these methods, the Falling Weight Deflectometer (FWD) is the most widely used for
structural assessment. The FWD applies a dynamic impulse load to the pavement surface and
measures the resulting deflection basin using sensors positioned at various radial distances. These
measurements are used to backcalculate layer moduli and assess structural capacity (American
Association of State Highway and Transportation Officials [AASHTO], 1993). While the FWD

provides valuable mechanistic insight into pavement behavior, it is limited by its point-based data



collection, traffic disruption requirements, and high operational cost, making it impractical for

continuous network-level evaluation.

Figure 4. Trailer-mounted FWD used for pavement structural evaluation.

In contrast to functional and structural assessments, safety-related evaluation focuses on pavement
friction and its influence on vehicle stability. Modern pavement friction data collection has evolved

from discrete measurements to continuous, network-level systems that capture friction response



under controlled conditions. These datasets typically include friction measurements along with
spatial, operational, and environmental variables, and are commonly collected using standardized
methods such as locked-wheel testing in accordance with ASTM E274 or continuous friction

measuring equipment (CFME) (ASTM International, 2023; FHWA, 2012).

A defining characteristic of modern friction data is detailed spatial referencing, enabling
integration with other roadway datasets. Friction measurements are associated with route
identifiers, milepost ranges, and geographic coordinates, allowing aggregation over defined
segment lengths. While this aggregation reduces noise and supports comparison, it introduces
challenges when integrating with high-resolution texture data, requiring careful spatial alignment

and data processing.

Friction measurements are also influenced by testing speed, environmental conditions, and
measurement methodology. Standardized protocols typically specify wet testing conditions and
reference speeds to ensure consistency (Li et al., 2016). Variations in these factors can significantly
affect measured friction values, highlighting the importance of comprehensive data documentation

and normalization procedures.



Figure 5. Continuous pavement friction measurement equipment illustrating a dedicated test

wheel operating adjacent to a standard vehicle wheel.

While traditional friction testing methods provide direct measurements of skid resistance, they do
not explicitly characterize the surface features responsible for frictional behavior. Pavement
surface texture governs friction through mechanisms operating at multiple scales, with
microtexture influencing adhesion and macrotexture affecting drainage and hysteresis. As a result,
surface texture provides a more fundamental basis for evaluating safety performance, particularly

when measured continuously using high-resolution systems.
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Macrotexture

Figure 6. Illustration of pavement surface microtexture and macrotexture characteristics.

Traditional texture measurement methods, such as the sand patch test and Circular Texture Meter
(CTM), provide standardized metrics including Mean Texture Depth (MTD) and Mean Profile
Depth (MPD). Although well established, these methods are limited by their point-based nature
and inability to support network-level analysis. These limitations have motivated the development
of vehicle-mounted 3D imaging systems capable of capturing continuous pavement surface data
at traffic speeds. Such systems enable simultaneous evaluation of condition and safety domains by
capturing both distress-related features and surface texture characteristics. While texture

measurements do not directly quantify friction, they provide critical insight into tire-pavement
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interaction mechanisms and can be used to infer friction-related performance when evaluated at

high resolution (Li et al., 2020).

Figure 7. Field application of the sand patch test for pavement surface macrotexture

measurement.

1.2 Pavement Condition Surveys and PCI Automation

Pavement condition surveys are a fundamental component of roadway network management,

providing the primary data used to support maintenance planning, prioritization, and asset
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management decisions. Recent advances in automation have improved the efficiency, consistency,
and scalability of pavement condition surveys by reducing reliance on manual visual inspections
and enabling large-scale data collection and analysis. Automated pavement condition surveys
generally consist of three core stages: data collection, data processing, and condition evaluation.
The incorporation of Al across these stages has enhanced the robustness of automated condition

assessment workflows (Zhang et al., 2024).

Recent studies have demonstrated the use of machine learning techniques, including artificial
neural networks and computer vision, to automate pavement condition evaluation by mapping
surface condition indicators to pavement condition states and PCI values (Abbas et al., 2024;
Ibragimov et al., 2024; Zhang et al., 2024). These approaches typically rely on high-resolution
imagery, deep learning—based distress detection, and standardized PCI frameworks to improve
objectivity and support network-level pavement management decisions. Integration with
geographic information systems and statistical modeling further supports spatial visualization,
maintenance prioritization, and planning within pavement management systems (Pillai &

Sreelatha, 2024).

Similarly, recent research has emphasized the importance of quality assurance procedures for
automated pavement condition surveys to ensure data reliability and acceptance for pavement
management applications. Tao et al. (2024) proposed statistically based accuracy and precision
frameworks for evaluating automated condition data through comparisons with manual audits and
year-to-year consistency analyses. Using large-scale statewide datasets, the study demonstrated

the effectiveness of the Difference of Two-Sigma (D2S) method in establishing acceptance
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thresholds across distress types and highway functional classes. Visual validation of automated
outputs identified false-positive distress detections as the dominant source of error, with pavement

surface texture repeatedly identified as a primary contributing factor.

Collectively, these studies indicate that automated, Al-driven pavement condition surveys have
reached a mature stage for distress-based evaluation and network-level pavement management.
However, these approaches remain focused on condition indices derived from surface distress
identification and PCI computation. They do not explicitly characterize pavement surface texture
or the friction-related mechanisms governing functional safety performance. The documented
sensitivity of automated condition surveys to surface texture effects highlights the need for
complementary sensing and analysis approaches capable of resolving texture-driven mechanisms

beyond conventional condition metrics.

1.3 Pavement Performance Measures and ASTM Standards

According to ASTM D6433-24, the PCI is a numerical rating that describes pavement condition
on a scale from 0 to 100 (ASTM International, 2024). The PCI is influenced by pavement
distresses, which are defined as visible forms of deterioration caused by factors such as traffic
loading, environmental exposure, and construction deficiencies. Common pavement distresses
include cracking, rutting, and weathering. While these indicators reflect surface-level
manifestations, they can provide valuable context regarding underlying pavement condition. The
PCI represents a holistic expression of pavement engineering judgment and serves as an indirect
indicator of functional condition and surface deterioration, rather than a direct measure of

structural capacity. The PCI is commonly used by municipal and county agencies as the primary
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basis for documenting roadway network conditions and prioritizing preservation and rehabilitation
investments (Ewadh et al., 2018). In addition, the PCI is widely adopted in airport pavement
management programs for assessing runways and taxiways and guiding maintenance decisions
(Federal Aviation Administration [FAA], 2014). Although the PCI is well established in pavement
management practice, its role as the primary system-wide condition metric among state
departments of transportation varies, with many agencies relying on additional or alternative

indices for condition assessment (ASTM International, 2024; FHWA, 2017).

ASTM E1845-23 defines pavement macrotexture through the MPD, which represents the average
depth of surface texture measured from a longitudinal pavement profile (ASTM International,
2023). Macrotexture is influenced by surface characteristics such as aggregate size, surface
treatment type, construction methods, and progressive polishing under traffic loading. Typical
manifestations of macrotexture include coarse aggregate exposure, surface grooving, and chip seal
embedment, all of which directly affect surface drainage and tire-pavement interaction. Although
macrotexture is a surface-level property, it plays a critical role in governing skid resistance at
higher speeds by facilitating water evacuation from the tire-road interface. As defined by ASTM
E1845-23, MPD serves as a standardized and repeatable indicator of pavement surface texture and
functions as an indirect yet essential measure of pavement safety performance under wet

conditions.

ASTM E950 provides standardized procedures for inertial profiling techniques used to measure
longitudinal pavement roughness. The standard specifies requirements for profile acquisition,

signal processing, and quality control to support calculation of the IRI, enabling consistent and
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repeatable roughness measurement for pavement management applications. ASTM E3303-21
establishes protocols for automated pavement cracking assessment using three-dimensional digital
imaging and introduces objective cracking metrics, including a Pavement Surface Cracking Metric
and Index, derived from 3D surface data to quantify crack presence, extent, and severity (Li et al.,
2018). By formalizing automated crack evaluation, ASTM E3303-21 supports the integration of
high-resolution imaging and automated analysis into pavement condition surveys. Collectively,
these ASTM standards define complementary performance measures addressing pavement
condition, surface texture, roughness, and cracking, with each metric capturing distinct aspects of

pavement performance that are not fully represented by any single indicator.

1.4 Limitations of Traditional Texture Metrics

While pavement macro-texture is well defined and standardized through ASTM methods such as
ASTM E1845-23, there is currently no ASTM standard that directly quantifies pavement
microtexture for operational or network-level application. Microtexture is therefore typically
inferred indirectly through friction measurements or investigated using research-grade surface
metrology techniques rather than standardized pavement management procedures (FHWA, 2023).
According to ASTM E2157, pavement surface characteristics may be evaluated through high-
resolution optical or laser-based surface profiling, which provides detailed measurements of
surface height variations at fine spatial scales (ASTM International, 2021). The surface profiles
obtained using this practice are influenced by factors such as aggregate mineralogy, surface

finishing techniques, polishing due to traffic, and environmental exposure.
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These measurements capture small-scale surface roughness that contributes to tire-pavement
interaction mechanisms, particularly those associated with adhesion. While the practice described
in ASTM E2157 enables detailed characterization of pavement surface geometry, it does not define
a standardized pavement performance index or friction threshold. Instead, ASTM E2157 functions
as a measurement and analysis framework for high-resolution surface profiling, supporting
research-level investigation and sensor validation rather than operational, network-level pavement
evaluation (Li et al., 2017). The lack of a standardized ASTM procedure for direct microtexture
measurement highlights a critical gap in current pavement safety assessment practice, motivating
the use of high-resolution 3D imaging systems capable of capturing surface features at sub-

millimeter scales.

1.5 High-Resolution Texture Analysis Framework

Current approaches for evaluating pavement frictional behavior rely primarily on scalar texture
parameters such as MPD and mean texture depth MTD. While these metrics are widely adopted
in practice, they represent averaged measures of surface texture and therefore fail to capture the
full range and spatial distribution of surface asperities present on the pavement surface. Prior
research has demonstrated that pavement friction is governed not only by average texture
magnitude, but also by the spatial distribution of texture across microtexture and macrotexture
wavelength ranges (Miller et al., 2012). Consequently, knowledge of asperity distribution is
critical for accurately characterizing frictional performance. Texture spectral analysis (TSA)

methods address this limitation by resolving pavement surface texture across multiple wavelength
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bands, enabling a more comprehensive representation of texture characteristics that are directly

relevant to frictional response.

Although MPD and MTD remain accepted baseline indicators of pavement texture, these scalar
metrics omit key attributes such as wavelength, spacing, distribution, and texture shape. By
collapsing the pavement surface into a single value, MPD and MTD emphasize texture magnitude-
particularly macrotexture-while discarding spatial information. As a result, two pavements may
report similar MPD values yet exhibit markedly different frictional behavior. For example, one
pavement may consist of evenly distributed asperities, while another may contain sparse but deep
texture features, leading to different friction responses despite comparable average depths. Texture
spectral analysis serves as a methodological advancement rather than a replacement for traditional
metrics, as it aligns with established friction theory, tire—pavement interaction models, and modern
sensing techniques (Yan et al., 2020). Accordingly, TSA is viewed in the literature as a more

physically meaningful descriptor and a superset of MPD and MTD.

Texture spectral analysis characterizes pavement surface texture by decomposing measured
surface profiles into wavelength-dependent components rather than summarizing texture using a
single average depth value. This approach enables evaluation of how texture energy is distributed
across friction-relevant wavelength scales. Friction mechanisms are inherently scale dependent,
with microtexture at short wavelengths influencing adhesion and macrotexture at longer
wavelengths governing hysteresis and water drainage. TSA therefore provides a framework for
isolating texture contributions at specific scales and identifying the underlying causes of friction

loss. Such causes include aggregate polishing associated with microtexture decay, binder flushing
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or surface wear associated with macrotexture degradation, and spatial reorganization of texture
features that may occur independently of changes in average texture depth. To calculate the MPD,
the mean segment depth (MSD) must first be determined. ISO-style MPD is computed over 100
mm segments, split into two 50 mm halves. The peak level is found for each half from which the

mean profile level is subtracted.

MSD; = (P, + P2,) /2 — Z (1)

Above is the MSD calculation for one 100-mm segment where P1,; is the maximum profile
height in the first 50-mm half of the segment 7; P2,; is the maximum profile height in the second
50-mm half of the segment i; and Z; is the mean profile height over the entire 100-mm segment i
(ASTM E1845-23; Torbruegge & Wies, 2015). Below is the MPD calculation where N is the
number of valid 100-mm segments included after ASTM’s required data processing steps

(ASTM E1845-23; ISO 13473-1).

MPD = (1 /N) =N MSD; )
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Figure 8. Schematic illustration of MPD computation from a longitudinal pavement surface

profile over a 100 mm baseline.

While pavement macrotexture is commonly characterized by using profile-based metrics such as
MPD, the evaluation of pavement microtexture remains limited in current practice. Microtexture
operates at sub-millimeter wavelength scales and directly governs adhesive friction mechanisms,
particularly at low speeds and under dry or lightly wetted conditions (Hall et al., 2009; Persson,
2001). Conventional texture metrics derived from longitudinal profiles lack the spatial resolution
required to capture microtexture features, and profile filtering procedures further attenuate short-
wavelength content (Miller et al., 2012). As a result, changes in microtexture associated with
aggregate polishing, surface wear, or material variability may not be detected through standard
macrotexture indicators, despite their significant influence on frictional performance. This
limitation motivates the use of high-resolution surface sensing technologies capable of resolving

microtexture-relevant wavelengths and preserving the spatial distribution of fine-scale asperities.
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To ensure that high-resolution microtexture measurements are consistent with established practice,
benchmarking against standardized methods is required. ASTM E2157 provides a reference
framework for the measurement of pavement microtexture using non-contact, three-dimensional
surface measurement techniques and defines microtexture parameters derived from high-
resolution surface data (ASTM E2157-24). By referencing ASTM E2157, advanced sensing
approaches can be validated against accepted microtexture definitions and metrics, enabling
comparability with prior research and existing friction—texture relationships (Hall et al., 2009;
Miller et al., 2012). Such validation supports the integration of high-resolution texture
measurements into pavement management and safety-oriented analyses while maintaining

alignment with standardized pavement texture characterization methods.

1.6 Research Gap and Problem Statement

Despite significant advances in pavement evaluation technologies, current practices remain
fragmented, labor-intensive, and limited in spatial and temporal coverage. Manual condition
surveys are subjective and infrequent, point-based structural and friction measurements are
disruptive and costly, and existing automated systems are often restricted to single performance
metrics. Additionally, safety parameters based on texture are outdated as they use decades old
definitions and techniques. Furthermore, processing challenges remain complex and inconsistent,
without a clear-cut solution that covers all problems (Choubane, 2012). As a result, agencies lack
comprehensive, objective, and scalable approaches for simultaneously evaluating pavement

condition and surface safety at the network level.
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Recent developments in high-resolution 3D imaging and artificial intelligence have demonstrated
the technical capability to automate pavement distress identification and to capture detailed surface
texture characteristics at traffic speeds. However, the integration of these technologies into
standardized pavement evaluation workflows remains limited. In particular, few studies have
demonstrated automated PCI computation using sub-millimeter 3D surface data in a manner
consistent with ASTM standards or explored the use of continuous 3D texture measurements as a
practical surrogate for traditional friction testing at the network level (Qureshi et al., 2022).
Consequently, there exists a gap between the demonstrated capabilities of advanced 3D sensing
systems and their operational adoption for routine pavement condition and safety assessment by

transportation agencies.

A national survey reported that 11 out of 32 U.S. state Departments of Transportation (DOTs) lack
comprehensive friction databases, citing data quality concerns and liability issues (Elkhazindar et
al., 2022). High-quality laser triangulation data, validated against the ASTM standards, could
address these gaps. Additionally, traditional locked-wheel testing is limited to straight segments
and discrete measurements while laser triangulation can provide continuous coverage including
curves, intersections, and complex geometries where friction is most critical and without extensive

interruption of traffic (FHWA, 2023).

Furthermore, the utilization of 3D continuous measurements could reduce the need for dedicated
friction testing vehicles and personnel, addressing the resource constraints faced by many DOTs
(de Ledn Izeppi et al., 2019). Lastly, the improved data quality and coverage supports data-driven

safety management approaches mandated by federal Highway Safety Improvement Program
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(HSIP) policies (FHWA, 2023). These two case studies intentionally target different pavement
evaluation objectives: asset condition assessment at the local level and surface safety evaluation

at the network level using a common automated 3D sensing framework.

This thesis focuses on automating pavement evaluation using 3D imaging and Al, with two
complementary parts: (1) an automated pavement condition survey for computing PCI using a
0.5 mm-resolution 3D system, and (2) a micro and macrotexture data collection and analysis using
a 0.1 mm-resolution 3D laser imaging system (referred to as the ‘safety sensor’). Both parts will
adhere to U.S. ASTM standards for pavement inspection. The projects will be demonstrated
through two case studies in Montana: Part 1 on roads in Gallatin County, and Part 2 on various
roadway sites statewide in Montana. The overall goal is to develop a comprehensive approach that
significantly improves the efficiency, objectivity, and scope of pavement evaluations by leveraging
state-of-the-art 3D data and Al algorithms. While high-resolution 3D sensing and Al-based
analysis have demonstrated technical feasibility in research settings, their integration into
standardized pavement evaluation workflows—particularly for automated PCI computation and
continuous texture-based safety assessment-remains limited in practice. As a result, current
pavement evaluation practices are unable to provide continuous, mechanism-based insight into

condition and safety at the network level.
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Figure 9. The vehicle-mounted 3D laser imaging system (“3D Truck”), equipped with cameras

and lasers, can scan road surfaces at highway speeds.

1.7 Research Objectives

To address the gaps identified in Section 1.6, particularly the limited operational integration of
high-resolution 3D sensing and Al into standardized, network-level pavement evaluation, this
thesis pursues two complementary lines of work. The first focuses on automated distress
identification and PCI computation for asset condition assessment, and the second focuses on high-
resolution texture characterization to support friction- and safety-relevant surface evaluation. The

objectives of the research are:
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1. Utilize a state-of-the-art automated PCI survey method that combines 0.5 mm-resolution
3D laser imaging with Al crack detection in compliance with ASTM standards.

2. Utilize a 3D safety sensor to collect texture and friction data at 0.1 mm-resolution in
adherence to relevant ASTM standards for texture and friction.

3. Demonstrate the approaches on projects in Montana: (i) a Gallatin County road network
survey for automated PCI, and (ii) a Montana statewide study of various pavement surfaces
for texture/friction. This includes comparing Al-detected distresses and computed PCI
values with results from past manual surveys. Additionally, texture parameters and friction
coefficients will be derived to provide pavement maintenance engineers with locations
susceptible to elevated wet-weather crash risks, a baseline to track how pavement safety

degrades, and justify where high-friction surface treatments (HFST) will be most effective.

These objectives align with transportation agencies’ goals to improve safety, efficiency, and data-
driven decision making in pavement management. By meeting these objectives, the research will
bridge the gap between advanced sensing technologies and day-to-day pavement maintenance

practices.
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CHAPTER TWO

AUTOMATED PCI SURVEY (GALLATIN COUNTY CASE STUDY)
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Gallatin County Survey Routes by Functional Classification
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Figure 10. Gallatin County pavement survey routes colored by functional classification. Survey
routes are reconstructed from segment-level latitude and longitude coordinates and classified as

major collectors, minor collectors, or local roads.

2.1 Study Area & Data Collection
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Quality assurance and quality control (QA/QC) procedures were implemented to address common
sources of uncertainty associated with high-speed 3D pavement data collection, including sensor
alignment, data completeness, positional accuracy, and consistency across survey runs. Field-level
quality assurance included verification of sensor operational status prior to data collection,
confirmation of continuous data capture along planned routes, and spot checks of raw 3D outputs
to ensure sufficient surface resolution and coverage. Survey completeness was evaluated by
comparing planned survey routes with collected datasets to identify missing or partial segments,

which were subsequently flagged during post-processing and excluded from analysis.

Positional accuracy was assessed through consistency checks between recorded GPS trajectories
and known roadway alignments to ensure correct spatial referencing of surface measurements.
Segment boundaries were verified to maintain proper association between extracted metrics and
roadway identifiers. Measurement consistency was further evaluated by examining continuity of
derived metrics across adjacent segments and identifying nonphysical discontinuities indicative of
sensor artifacts or data dropouts. Quality control filtering was applied to remove anomalous values
inconsistent with expected pavement behavior, such as extreme spikes caused by surface
obstructions or incomplete measurements. Filtering criteria were applied uniformly across all

routes to preserve objectivity and comparability.

To minimize subjectivity, distress identification and PCI computation were performed using a
consistent, rule-based automated workflow. Manual intervention was limited to data quality review
rather than condition interpretation. Consistency across survey years was maintained by applying

identical preprocessing, distress identification, and PCI calculation procedures to all datasets,
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ensuring that observed trends reflect changes in pavement condition rather than methodological
variability. The QA/QC approach was designed to align with applicable ASTM guidance for
pavement condition assessment and surface measurement, supporting repeatability and
defensibility of the resulting metrics. Despite these measures, the analysis remains limited to
surface-visible conditions and does not directly account for subsurface structural performance or

seasonal effects.

2.2 Gallatin County and Relation to Other Areas

The Gallatin County survey routes were selected in coordination with existing pavement
evaluation efforts conducted by the City of Bozeman. Because city-maintained roadways had
already undergone recent condition testing, the county-level survey focused on county-maintained
facilities in order to avoid duplication of data and to extend condition assessment coverage to
portions of the roadway network not previously evaluated. This approach allowed the project to
complement existing municipal datasets while providing an opportunity to assess automated PCI
methods on roadway classes and maintenance responsibilities more typical of county pavement
management systems. The Gallatin County pavement condition survey was conducted as a
localized, implementation-focused case study intended to evaluate the feasibility of automated PCI
assessment using high-resolution 3D surface imaging. Survey routes were selected to represent a
range of roadway functional classifications, including arterial, collector, and local facilities, within
a geographically constrained network. Unlike the statewide friction and texture case study, which

emphasizes network-scale safety evaluation, the county-level PCI survey is designed to assess the
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applicability of automated distress identification and PCI computation under conditions typical of

municipal and county pavement management systems.

Route selection within Gallatin County reflects a functional class-based sampling strategy, rather
than a statistically random or comprehensive inventory of all county-maintained roadways. Roads
were chosen to capture variability in traffic demand, structural loading, and maintenance
responsibility, while remaining logistically feasible for detailed 3D data collection. As a result, the
surveyed routes are not intended to provide a complete assessment of the entire county roadway
network. The county-scale focus allows for detailed evaluation of pavement surface distresses as
defined by ASTM D6433, including cracking, rutting, and surface deterioration observable at sub-
millimeter resolution. By concentrating on a limited geographic area, the project emphasizes
method validation, automation accuracy, and repeatability, rather than statewide generalization.
Therefore, the resulting PCI values should be interpreted as illustrative of the performance of the
automated workflow, rather than as indicative of the overall pavement condition across Gallatin

County.

2.3 Data collection process

The 3D Truck utilizes a 0.5 mm resolution laser profiling system to examine, identify, and
collect road surface defects. This includes a right-of-way (ROW) camera installed on the dash to
provide context to pavement section locations and potential sign inventories. Two cases are
attached to the rear of the vehicle which include a laser and a camera in tandem. Each case
analyzes part of the driving lane. After data collection, these portions of the lane are then

integrated into one all-encompassing file. These cases allow for the collection of a 14-foot
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driving lane. Additional onboard systems include a distance measuring instrument (DMI), an
inertial measurement unit (IMU), and a global positioning system (GPS). The IMU provides a
motion correction to the DMI, which is necessary when bumps occur. This piece is vital because
short lapses in distance are crucial when analyzing road sections at this level of detail. The GPS
provides further context when analyzing pavement section locations and allows for easy control
within the data viewing system, known as the Multimedia-based Highway Information System

(MHIS).

Data collection occurred in the fall months and into later months of the year due to prior
obligations. The time of day varied with some collection occurring in the dark; however, most of
the collection was completed during daylight hours. Collection in the dark occurred out of
convenience and pressure to finish the project. The lack of lighting did not corrupt the data at all;
however, the ROW camera was obviously hindered from this which made data processing a bit
difficult. On the other end of the spectrum, some collection was performed when the sunlight
was too intense. Adjusting settings on the ROW camera provided slight relief from this
hindrance. The captured roads were all dry except for a couple of patches of ice at one of the
southern locations. This location received a lot of hindrance due to anomalies from the system
and location; therefore, a couple patches of ice were deemed acceptable, as they did not corrupt

the route’s data.

Temperature during collection varied from roughly 30 to 90 degrees Fahrenheit. Temperature is
only relevant in data collection for this methodology in that the cases can overheat. Therefore,

lower temperatures prompted longer periods of data collection, whereas higher temperatures,
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further reflected by the hot pavements being analyzed, sometimes overheated the system and
mandated a respite. Traffic conditions varied in accordance with the types of roadways analyzed.
No precautions were taken to avoid traffic. Speed ranged from approximately 25 to 55 mph in
accordance with the laws of the roadways analyzed. Some effort was made to limit speeds on
curves as this combination prompted out of range data due to the increased magnitude of the

crown of the roads.

This project analyzed 247.9965 miles in each direction to make up 109 different routes. These
routes were predetermined by the County agency and were later grouped into three functional
classes: minor, major, and local. This grouping was strictly for data analysis as a way of
explaining rates of deterioration depending on classification. All roads analyzed had one lane in
each direction and both lanes were analyzed. The coordinated cases allowed for analysis of a full
14-foot lane. Often more than just the lane was collected; therefore, the lane configuration was

cleaned up during data processing to correct lanes with widths less than 14 feet.

Data collected for the county PCI project includes 3D image data (pavement surface elevation
data), 2D image data (the intensity of the laser reflected from the pavement surface), and ROW
image data (the right-of-way images of the road scenes). However, the 3D image data is the only
data used to analyze the PCI, while the others, though collected, were not used at all. The 3D image
data is composed of stacked transversely scanned elevation profiles. Every data file has a
timestamp from collection as well as GPS coordinates. Segments are identifiable from either date
and time, context provided by the ROW, nomenclature, or the GPS coordinates. Concerning

sampling and resolution, the spatial resolution of the 3D data was 0.5mm per pixel along the
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transverse and longitudinal directions. Vertical resolution does not matter for crack detection. The
capture frequency is around 7,000 transverse profiles per second. Segment length was defined by

the County agency. Routes were collected in their entirety then segmented during data processing.

The 3D Truck underwent thorough calibration procedures before data collection began; however,
some procedures were repeated throughout the collection cycle. These calibration procedures were
not performed on a timely basis, but only when data collection went awry. Sensor alignment
verification occurred during a trial run at the beginning of data collection days. This initial file
underwent the entire data processing methodology, minus segmentation, before data collection
began. This initial run through included the majority of system checks, such as lasers, cameras,

GPS, and the synchronization of all three.

Data collected during the Gallatin County PCI survey were stored using a combination of
structured and unstructured file formats to support both processing and analysis workflows. High-
resolution 3D surface data were recorded in raw or binary formats and subsequently processed into
analysis-ready outputs, including comma-separated values (CSV) files for segment-level metrics
and derived parameters. Image data captured by onboard cameras were stored in standard raster
formats (e.g., JPEG), while system-generated metadata files were used to preserve data collection
context and sensor configuration. In particular, world files (.wld) associated with each survey run
contained detailed information on spatial resolution, distance measurement intervals, sensor
offsets, and wheel path extraction ranges, which were used to ensure consistency in spatial

alignment and data interpretation. Additionally, project database files (.mdb) were utilized within
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the vendor software environment to initialize and manage data processing workflows, although

these files did not contain primary analysis data.

To maintain organization and traceability, a consistent naming convention was applied across all
files and directories, typically incorporating route identifiers, lane designation, and file sequence
or frame indices. This structure enabled efficient retrieval and processing of large datasets
spanning multiple roadway segments. A centralized data logging system synchronized sensor
outputs, ensuring that spatial coordinates, timestamps, and measurement data were consistently
aligned across 3D surface, imagery, and positional datasets. Data was stored on local and external
drives with routine backup procedures implemented to prevent data loss, including redundant
copies of both raw and processed files. Due to the high resolution and continuous nature of the
survey, the total data volume was substantial, reflecting the density of 3D surface measurements
and associated imagery collected at traffic speeds. Effective data management practices were
therefore essential to ensure data integrity, accessibility, and compatibility with subsequent

analysis tasks.

Field data collection was conducted under real-world operating conditions, which introduces
inherent variability and potential sources of measurement uncertainty. Certain roadway segments
were excluded from analysis due to conditions that could compromise data quality, including
active construction zones, heavy traffic congestion, and areas with poor or inconsistent surface
conditions. These exclusions were necessary to ensure that collected data accurately represent

typical pavement behavior rather than transient or non-representative conditions.
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Several factors may contribute to measurement variability during high-speed data acquisition.
Vehicle motion, including vertical bounce and pitch or roll dynamics, can introduce fluctuations
in sensor positioning and affect the consistency of surface measurements. Variations in ambient
lighting and surface reflectivity may influence laser signal return, particularly for darker or wet
pavements. Additionally, localized sensor dropout regions may occur due to occlusions or
unfavorable surface properties, resulting in intermittent data gaps. Despite these limitations, the
data collection process captures realistic pavement conditions as experienced in operational
environments. The resulting dataset reflects the variability inherent to network-level pavement

systems, providing a representative basis for subsequent analysis and modeling.

2.4 Data Processing & Deep Learning

Preprocessing plays a critical role in automated pavement condition assessment, as it directly
affects the reliability of distress identification, severity classification, and the resulting PCI values.
In the context of 3D pavement condition surveys, preprocessing refers to the set of data
conditioning steps applied to raw 3D surface and image-based measurements prior to distress
detection and PCI computation, ensuring that extracted features are physically meaningful,
spatially consistent, and compatible with ASTM D6433 requirements. Geometric preprocessing is
first applied to the raw 3D surface data to transform measurements from the sensor coordinate
frame into a consistent vehicle- and roadway-referenced frame. This step corrects for vehicle pitch,
roll, and heave induced by suspension dynamics, acceleration, braking, and roadway grade.
Additionally, periodic calibration checks and drift monitoring are implemented to account for

gradual changes in sensor alignment or measurement bias over time. Without drift control,
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systematic offsets may accumulate and introduce artificial trends in measured surface condition.
Without these corrections, apparent surface deformations may be misinterpreted as pavement

distresses, leading to false identification of rutting, faulting, or surface deformation.

Lane centering and longitudinal alignment are also enforced to ensure that analysis is performed
over the intended wheel paths and pavement surfaces, rather than being influenced by lateral
vehicle motion or edge effects. Noise filtering and outlier removal are applied to reduce the
influence of sensor noise, dropouts, and transient surface obstructions. Median filtering and spatial
smoothing techniques are commonly used to suppress high-frequency noise while preserving the
sharp edges associated with cracks and other surface distresses. Outliers caused by debris,
reflective aggregates, surface markings, shadows, or moisture are identified and removed to
prevent artificial inflation of distress quantities. These steps are particularly important for
automated crack detection algorithms, which are sensitive to discontinuities and contrast variations
in both 2D imagery and 3D height data. In addition to general noise filtering, explicit handling of
out-of-range (OOR) returns, spikes, and dropouts is required. Laser dropouts and isolated height
spikes can artificially inflate rut depth, crack depth, or texture metrics if left uncorrected. OOR
values are flagged and interpolated conservatively, while spike detection algorithms identify
abrupt, non-physical height deviations inconsistent with surrounding surface continuity. These
corrections prevent sensor-induced artifacts from propagating into distress classification and PCI

calculations.
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Figure 11. A merged image from the 3D Truck depicting a misalignment between the cameras,

with the solid white line showing a slight offset.

Following geometric correction and noise reduction, the preprocessed surface data are segmented
into fixed-length sample units consistent with ASTM D6433 guidance. Segmentation ensures that
distress quantities are computed over standardized analysis units and enables direct comparison

between automated and manual PCI surveys. The choice of sample unit length influences statistical
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stability and sensitivity to localized distresses. Units that are too short may overemphasize isolated
defects or noise, whereas excessively long units may dilute severe localized deterioration.
Consistent window definitions are therefore necessary to balance resolution and reliability in
automated PCI computation. Non-pavement features, such as shoulders, curbs, lane markings, and
surface artifacts unrelated to pavement deterioration, are masked to prevent contamination of
distress measurements. Preprocessing therefore serves as a critical bridge between raw sensor
outputs and rule-based or Al-assisted distress identification, ensuring that computed PCI values
reflect true pavement condition rather than sensor or vehicle-induced artifacts. In Al-assisted
distress detection workflows, insufficient preprocessing may result in models learning sensor
artifacts or environmental noise rather than true pavement deterioration patterns, thereby reducing

model generalizability and reliability.
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Figure 12. This figure depicts a much greater misalignment between the cameras, with the

crosswalk disappearing entirely at the convergence of the individual sides.

Distress identification refers to the automated process of detecting, classifying, and quantifying
pavement surface defects from preprocessed 3D surface and image-based data. In this stage, raw
geometric measurements are transformed into engineering-relevant information aligned with
standardized distress definitions in ASTM D6433. Distress detection involves identifying
candidate surface anomalies such as cracks, rutting, potholes, patches, and raveling. Detection

relies upon crucial input data including 3D depth maps, intensity imagery, gradient fields derived
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from surface elevation, and surface curvature metrics. Classical feature-based techniques include
edge detection on depth gradients, morphological filtering, and thresholding based on rut elevation
variance. In deep learning frameworks, deep learning-based semantic segmentation methods may

be implemented to identify distress regions from fused 2D-3D inputs.

Following preprocessing and denoising, the extracted pavement surface data were used for distress
identification. This process represents the transition from raw geometric measurements to
engineering-relevant condition metrics. High-resolution surface profiles were analyzed to detect
and characterize visible pavement distresses, including cracking, rutting, potholes, patching, and
raveling. Identified surface features were classified into standardized distress types consistent with
definitions provided in ASTM D6433 (ASTM International, 2024). Each detected distress was
evaluated in terms of severity and extent, allowing quantitative representation of pavement
condition. Severity levels reflect the intensity of the distress, while extent captures its spatial
coverage along the roadway segment. This classification framework enables the translation of
geometric surface data into condition-based metrics used in pavement management systems. By
mapping detected distresses to standardized categories, the processed data provide a consistent and

objective basis for computing PCI values and supporting network-level evaluation.

Detected anomalies are then classified into standardized distress types. Classification may be rule-
based (crack width thresholds), feature-driven (shape, connectivity, orientation), or model-based
(supervised learning using labeled training data). Contemporary deep learning segmentation
approaches enable multi-class identification of pavement distress features, allowing simultaneous

identification of multiple distress categories at the pixel or object level. Following classification,
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distresses are measured to determine severity level and spatial extent. These measurements are
derived from depth magnitudes, crack width and length metrics, and surface disintegration area.

These quantitative outputs serve as direct inputs to standardized PCI deduct value calculations.

All identified and quantified distresses are mapped to ASTM D6433 distress definitions and
severity classifications. This mapping ensures compatibility with manual PCI surveys,
standardized deductive application, and engineering interpretability. Importantly, different distress
types correspond to different deterioration mechanisms, such as structural fatigue, moisture
damage, polishing, and raveling, reinforcing the need for accurate classification. PCI calculation
translates quantified distress information into a standardized numerical condition score. These
steps include aggregation of distress quantities within each sample unit; application of deduct value
curves; computation of corrected deduct values; and determination of final PCI per sample unit.
The resulting PCI score reflects the cumulative impact of distress type, severity, and extent.
Accurate distress identification is critical, as errors at this stage propagate directly into deductive

value computation and may disproportionately affect final PCI scores.

The proposed methodology adopts a hybrid framework that integrates deep learning-based distress
detection with rule-based engineering quantification consistent with ASTM D6433. Rather than
replacing established pavement condition evaluation procedures, the framework uses deep learning
to enhance the reliability and consistency of distress identification while preserving standardized
PCI computation methods. In this approach, raw 3D surface and image data are first preprocessed
to remove vehicle-induced artifacts and sensor noise. Deep learning models are then applied to

detect and segment surface distresses such as cracks, potholes, and raveling. The outputs of these
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models are not final condition scores, but structured geometric representations of detected

distresses.

These structured outputs are subsequently processed using engineering-defined rules to determine
severity, extent, and deduct values. This layered structure ensures that machine learning enhances
data extraction while final condition scoring remains grounded in standardized engineering
practice. The focus of this research is not the development of new deep learning architectures, but
rather the integration of established segmentation techniques within a standardized ASTM-
compliant PCI computation framework. This research focuses on the integration of high-resolution
sensing and standardized engineering evaluation, rather than the development of new Al

architectures.

A central principle of the proposed hybrid framework is strict alignment with ASTM D6433 while
maintaining transparency in how automated outputs translate into standardized condition metrics.
Deep learning is confined to the detection and delineation of distress features, producing structured
geometric representations that are subsequently processed using deterministic, rule-based
procedures for severity assignment and deduct value computation. All severity thresholds, distress
categorizations, and PCI calculations follow ASTM D6433 without modification, ensuring that
resulting PCI values remain fully comparable to manual surveys and compatible with agency
pavement management systems. By separating model-driven detection from engineering-driven
scoring, the framework preserves interpretability, allowing each deduct value to be directly traced

to measurable geometric properties of the pavement surface.
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This modular structure also reduces methodological risk: improvements or limitations in the
detection model do not alter the standardized PCI computation process, and deterministic scoring
logic mitigates instability associated with training data variability or model overfitting. In this
manner, deep learning enhances the consistency and efficiency of distress identification while
remaining subordinate to established engineering definitions and standardized condition
evaluation procedures. Following preprocessing, multiple data representations derived from the
3D imaging system were utilized to support distress detection. These include depth maps, intensity
images, gradient fields, and derived surface curvature measures. Each representation captures

different aspects of pavement surface geometry and contributes to identifying specific distress

types.

Depth maps provide direct geometric information used to quantify vertical surface variation, while
intensity images capture reflectivity differences that may correspond to surface condition changes.
Gradient fields highlight abrupt changes in elevation, enabling detection of cracks and
discontinuities, while curvature-based measures provide additional insight into localized surface
deformation. Distress detection was performed using a combination of image processing and
geometric analysis techniques. Edge detection applied to depth gradients was used to identify
crack-like features, while morphological filtering was employed to refine detected regions and
remove noise artifacts. Threshold-based methods were applied to depth data to identify rutting and

other depressions, allowing quantification of distress severity.

These techniques enable extraction of physically meaningful features from high-resolution surface

data, forming the basis for classification and subsequent condition evaluation. The identified
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pavement distresses were translated into a numerical condition metric through computation of the
PCI. This process follows the standardized methodology defined in ASTM D6433 (ASTM
International, 2024), which provides a framework for converting distress type, severity, and extent

into representative values.

Each detected distress was first classified according to ASTM-defined categories, and its severity
and spatial extent were quantified at the sample unit level. Deduct values corresponding to each
distress were then determined using standardized deduct curves. These deduct values were
aggregated and adjusted according to ASTM procedures to compute a final PCI score for each
segment. Because different distress types correspond to distinct failure mechanisms, the PCI
framework enables a comprehensive representation of pavement condition by accounting for both
the nature and magnitude of observed deterioration. This standardized approach ensures
consistency with established pavement management practices and allows comparison across

roadway networks.

2.5 Validation & ASTM Compliance

To ensure that automated outputs derived from high-resolution 3D pavement data are reliable and
suitable for engineering application, the results were evaluated against established standards and
accepted practices. Validation focused on demonstrating consistency with ASTM procedures,
agreement with reference measurements, and robustness of the overall data processing framework.
Quantitative comparisons were conducted between computed outputs and available reference data
to assess the accuracy of derived pavement condition metrics. Where applicable, results were

evaluated against known ranges and expected values for similar pavement types and conditions.
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This comparison provides confidence that automated measurements are representative of actual

pavement behavior and are not artifacts of data processing or measurement noise.

All processing steps were designed to remain consistent with definitions and procedures outlined
in ASTM standards, including distress classification and PCI computation in accordance with
ASTM International D6433, and macrotexture characterization aligned with ASTM E1845
practices. This ensures that automated outputs are directly comparable to traditional assessment
methods and can be integrated into existing pavement management systems without modification.
In addition to accuracy, the reliability of the approach was evaluated in terms of repeatability and
robustness. Repeatability refers to the consistency of results when similar data are processed under
identical conditions, while robustness reflects the stability of the methodology across varying
pavement types, surface conditions, and data collection environments. The use of structured
preprocessing and denoising procedures contributes to reducing sensitivity to measurement

variability and enhances the consistency of derived outputs.

Despite these efforts, certain limitations and sources of uncertainty remain. Measurement
variability associated with high-speed data collection, including sensor noise, environmental
conditions, and surface reflectivity, may influence the precision of detected features. Additionally,
automated detection and classification of distresses may introduce minor discrepancies relative to
manual assessments, particularly for borderline or low-severity conditions. These uncertainties are
acknowledged as inherent to network-level data collection and are considered within the context
of the overall analysis. Overall, the validation results demonstrate that the automated processing

framework produces outputs that are consistent with ASTM-defined methodologies and
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sufficiently accurate for network-level pavement evaluation. This alignment supports the use of

high-resolution 3D data as a reliable and scalable alternative to traditional inspection methods.

2.6 Results and Discussion

To evaluate pavement condition across the county network, computed PCI values were aggregated
by functional classification and analyzed in terms of both average condition and rate of
deterioration. Mean PCI values and associated variability (one standard deviation) were calculated
for major, minor, and local roadway classes to assess both overall condition and the uniformity of

performance across the network.
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Figure 13. Mean PCI by functional classification with variability bars.
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Mean PCI values indicate that major roadways initially exhibit the highest condition levels,
followed by minor and local roadways. Over the evaluation period, however, major roadways
experience the most pronounced decline, resulting in the lowest mean PCI by 2025. Minor
roadways maintain relatively stable condition and ultimately exhibit the highest PCI at the end of
the study period, while local roadways show consistent deterioration and remain below minor
roads throughout. Variability is highest for major roads, followed by minor and local roads,
indicating that condition within the major roadway network is the most heterogeneous. This
suggests that deterioration in major corridors is not spatially uniform, but instead reflects localized
maintenance and rehabilitation cycles, where segments in poor condition coexist with recently
improved sections. To better characterize pavement performance, deterioration rates were
normalized by elapsed time between survey years to account for non-uniform data collection

intervals.
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Figure 14. Normalized PCI deterioration rate (points/year) by functional class.

The resulting annualized PCI change reveals a clear hierarchy in deterioration rates across
functional classifications. Local roadways exhibit the highest rate of deterioration, followed by
major roads, while minor roadways experience the slowest rate of decline. These results
demonstrate that pavement deterioration is not uniform across the network but instead varies

systematically with roadway classification.
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Although major roadways do not exhibit the highest normalized deterioration rates, they
experience a substantial decline in absolute PCI over the study period, likely reflecting the
combined effects of higher traffic loading and operational demands. Minor roadways demonstrate
the most stable performance, while local roadways experience the most rapid decline, consistent

with reduced maintenance prioritization and progressive network aging.

Condition Category Distribution by Year and Class
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Figure 15. Distribution of PCI condition categories by functional classification and survey year.

Condition category distributions provide a practical interpretation of these trends by illustrating
how pavement condition evolves across the network. Across all classifications, most roadway
segments fall within the Good (70-85) and Fair (55-70) condition bands. However, clear

differences emerge when distributions are examined by classification and year.
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Minor roadways maintain a consistently high proportion of segments within the Good category
and exhibit minimal representation in lower condition bands, indicating stable performance. Major
roadways display a wider spread across categories, including both high-condition segments and a
noticeable lower tail extending into Poor and Very Poor classifications, reflecting a heterogeneous
network influenced by localized maintenance and rehabilitation cycles. Local roadways show a
gradual shift toward lower condition categories over time, with a reduction in Good segments and
an increase in Fair and Poor segments. This shift is consistent with the higher deterioration rates

observed for local roads and indicates progressive network aging rather than abrupt failure.

It is important to note that PCI values derived from the 2025 dataset may reflect increased detection
sensitivity associated with the high-resolution 3D imaging system. Compared to previous survey
methods, the 3D system captures pavement surface geometry at sub-millimeter resolution,
enabling detection of smaller cracks and early-stage distresses that may not have been consistently
identified in earlier datasets (Federal Highway Administration, 2015). As a result, the greater
decline observed between 2024 and 2025 likely reflects improved measurement resolution rather
than abrupt deterioration of the roadway network. Taken together, these results demonstrate that
pavement performance within the county network is governed by roadway -classification,
maintenance prioritization, and measurement methodology. Deterioration rates, variability, and
condition distributions collectively indicate that lower-classified roadways experience faster and
more uniform decline, while higher-classified roadways exhibit slower but more heterogeneous

deterioration. These findings highlight the importance of evaluating pavement condition using
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multiple complementary metrics, particularly in the context of evolving data collection

technologies and increasing demand on local roadway networks.
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CHAPTER THREE

HIGH-SPEED TEXTURE AND SAFETY ANALYSIS (MONTANA DOT CASE STUDY)

Statewide MDT Friction and Texture Survey Routes by Route System
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Figure 16. Statewide pavement surface texture and friction case study routes classified by route
system as interstate facilities, U.S. highways, or secondary state routes based on signed route

designation.

3.1 Study Scope and Data Collection

This portion of the research focuses on the network-level evaluation of pavement macrotexture
across selected Montana Department of Transportation (MDT) routes using high-speed 3D
surface measurement technology. The objective is to quantify macrotexture characteristics

relevant to high-speed friction performance and roadway safety, and to assess how these
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characteristics vary spatially and by surface type. The study is sought to quantify macrotexture
amplitude and variability using MPD and related parameters derived from high-resolution 3D
surface measurements, evaluate spatial consistency of macrotexture at a management-relevant
resolution (0.1-mile bins) to identify patterns of heterogeneity that may influence friction
behavior, and compare macrotexture characteristics across pavement surface types, including
dense-graded asphalt (PMS), HFST, chip seals (Types 1-3), micro surfacing, concrete, and

Portland concrete cement (PCC) overlays.

The analysis is performed at varying speeds dependent on geography, reflecting real-world
service conditions rather than laboratory-scale testing. This network-level approach supports
MDT’s interest in understanding how surface type selection and construction practices influence
macrotexture performance. The study does not directly measure friction but characterizes
macrotexture features that are known to influence water drainage, tire-pavement interaction, and
hydroplaning resistance. The intent is to provide texture-based insight that can complement

existing friction datasets and inform future friction data collection strategies.

Macrotexture data were collected using a high-speed 3D laser-based surface measurement
system mounted on a mobile platform operating under normal traffic conditions. The system
captures transverse surface profiles with a vertical precision of approximately 0.04 mm, allowing
for detailed reconstruction of pavement surface geometry. Raw surface measurements were
recorded as unsigned 16-bit values and later converted to physical elevation units using the
known vertical resolution. Each frame represents approximately 2.5 meters of longitudinal

pavement surface. The collected dataset spans 42 routes representing a range of pavement
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surface types deployed across Montana. To support network-level interpretation, frame-level
data were aggregated into 0.1-mile segments. For each segment, the following parameters were
computed: MPD, standard deviation of MPD, percentile-based spread (P10, P50, and P90), and

additional derived variability metrics.

This binning approach balances spatial resolution with statistical stability. Individual 2.5-meter
frames capture micro-level fluctuations, whereas 0.1-mile aggregation provides a management-
scale representation consistent with typical reporting intervals used in pavement management
and safety assessments. Surface types were assigned based on route-level construction records
and MDT classifications, including: 1/2" PMS highly modified asphalt (HIMA), 3/8" PMS,

calcined bauxite HFST, concrete, micro surfacing, PCC overlay, chip seal (types 1-3).

This classification enabled evaluation of material-dependent macrotexture behavior and
comparison of mean and variability metrics across surface categories. Quality assurance
procedures included verification of expected data dimensions, removal of incomplete frames,
and normalization of spatial indexing to ensure consistent longitudinal referencing within each
route. Statistical analyses, including one-way analysis of variance (ANOVA) and effect size (1?)

estimation, were performed to quantify the influence of surface type on macrotexture variation.

3.2 Data collection process: QA&QC

For high-resolution 3D texture and friction measurements, quality assurance and quality control
extend beyond field checks and include preprocessing steps that directly affect data validity and

interpretability. In this study, preprocessing is treated as an integral component of QA/QC, as
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improper signal conditioning, misalignment, or noise contamination can produce misleading
texture metrics and unstable friction relationships. The following steps describe the preprocessing
procedures implemented to ensure data quality prior to texture and friction analysis. As part of the
QA/QC process, geometric preprocessing is applied to laser-based profilometer data to transform
raw surface measurements into a consistent roadway reference frame. Corrections for vehicle
pitch, roll, and vertical motion are required to prevent false texture amplitudes and slope-induced
bias in surface profiles. Without these corrections, vehicle dynamics may introduce artificial
roughness or suppress true texture features, leading to erroneous macrotexture and microtexture

estimates.

Lane centering and longitudinal alignment are similarly enforced to ensure that texture
measurements represent the pavement surface itself rather than variations caused by vehicle
trajectory. Noise filtering and outlier removal are critical QA/QC measures for texture and friction
data analysis due to the sensitivity of texture metrics to high-frequency noise and isolated spikes.
Median filters and spatial filtering techniques are used to suppress laser noise, signal dropouts
caused by water, debris, or highly reflective aggregates, and spikes associated with joints,
markings, or surface contaminants. If left unaddressed, such artifacts can significantly inflate
metrics such as MPD, root mean square (RMS) roughness, and derived friction indicators,

resulting in misleading variability and weakened correlations.

Detrending and wavelength separation are then applied to isolate surface texture components
relevant to friction. Long-wavelength trends associated with roadway grade, curvature, and vehicle

motion are removed to prevent contamination of texture measurements. High-pass or band-pass
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filtering, implemented through techniques such as Fast Fourier Transform (FFT) or wavelet-based
analysis, is used to separate macrotexture and microtexture components. This separation is
essential because friction mechanisms are wavelength-dependent; macrotexture governs water
drainage and hysteresis effects, while microtexture influences adhesion. Proper wavelength
separation prevents dominant macrotexture features from masking microtexture behavior critical

to skid resistance.

Surface normalization procedures are applied to enable valid comparisons across pavement
sections, collection days, and operating conditions. These procedures may include height
normalization, intensity normalization, and scan-to-scan leveling to ensure consistency between
passes and across datasets. Finally, synchronization and data fusion are performed to align 3D
surface measurements with friction data, vehicle speed, GPS positioning, and IMU outputs.
Accurate alignment is essential, as even small spatial offsets can create artificial relationships or
obscure true texture—friction interactions. Following preprocessing, the normalized surface
profiles are segmented into fixed-length analysis units suitable for texture metric computation and

friction evaluation.

QA/QC procedures for the statewide pavement surface texture and friction data collection were
implemented to address sources of uncertainty associated with high-speed, laser-based surface
measurement, including sensor stability, data continuity, positional accuracy, and consistency
across survey runs. Field-level quality assurance included verification of sensor operational status
prior to data collection, confirmation that survey speeds remained within the operational range of

the sensing system, and spot checks of raw surface profiles to ensure adequate spatial resolution
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and signal quality. Survey completeness was evaluated by comparing planned survey extents with
collected datasets to identify gaps or partial coverage, which were subsequently flagged during

post-processing and excluded from analysis.

Figure 17. Example of high-resolution 3D surface data illustrating the level of geometric detail
captured by the laser-based sensing system, used to verify spatial resolution and surface feature

clarity during QA/QC review.

Positional accuracy was assessed through consistency checks between recorded GPS trajectories
and known roadway alignments to ensure correct spatial association between surface
measurements and roadway segments. Continuity of extracted texture and friction-related metrics
was evaluated across adjacent segments to identify nonphysical discontinuities indicative of sensor

artifacts, signal dropouts, or surface obstructions. Quality control filtering was applied to remove
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anomalous measurements inconsistent with expected pavement surface behavior, such as isolated
spikes resulting from transient noise or incomplete laser returns. Filtering thresholds and
processing parameters were applied uniformly across all routes to maintain consistency and

comparability across the statewide dataset.

Figure 18. Example of raw surface profile data exhibiting nonphysical spikes and signal

dropouts, illustrating data artifacts identified and removed during QA/QC processing.

To minimize subjectivity, texture parameter derivation and friction-related metric computation
were performed using a standardized, rule-based processing workflow. Manual intervention was
limited to data quality review rather than adjustment of extracted values or interpretation of surface

performance. Consistency across routes and survey periods was maintained by applying identical
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preprocessing and metric extraction procedures to all datasets, ensuring that observed variations
reflect differences in pavement surface characteristics rather than methodological inconsistencies.
The QA/QC framework was designed to align with applicable ASTM guidance for pavement
surface texture measurement and analysis, supporting repeatability and defensibility of the
resulting metrics. Despite these QA/QC measures, the analysis remains limited to surface-level
characteristics and does not directly capture subsurface conditions, traffic loading effects, or short-

term environmental variability.

3.3 Surface Texture and Friction Mechanisms

The statewide pavement surface texture and friction survey locations were selected using a
purposive sampling strategy, rather than a statistically random or geographically uniform design.
Routes were chosen to represent roadway systems with higher operational importance, traffic
exposure, and safety consequence, including interstates, U.S. highways, and secondary state
routes. As a result, the surveyed locations are not intended to provide comprehensive statewide
coverage, nor to be statistically representative of all roadway classes across Montana. Instead, the
selection reflects a deliberate focus on facilities where pavement surface friction and texture are
most critical to safety performance and where continuous measurement technologies can provide

the greatest value.

The spatial distribution of survey routes emphasizes major mobility corridors and state-maintained
facilities, while portions of eastern Montana and some northern regions are comparatively
underrepresented. This imbalance reflects differences in traffic volume, network density, and

operational priority across the state rather than an oversight in study design. Lower-volume rural
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roads and locally maintained facilities, which are more prevalent in these regions, typically fall
outside the primary scope of statewide friction programs and are less frequently targeted for
continuous, high-speed surface measurements. Consequently, the dataset should be interpreted as
operationally representative of Montana’s higher-order roadway systems, rather than

geographically representative of the entire roadway network.

Despite these limitations, the selected routes span a diverse range of pavement surface conditions
and treatment types, including dense-graded asphalt surfaces, surface treatments such as chip seals,
and pavements exhibiting varying degrees of polishing and wear. This diversity allows for
evaluation of how high-resolution 3D sensing technologies capture pavement macro and
microtexture characteristics across different surface types and maintenance histories. The dataset
is therefore well suited for assessing the feasibility, robustness, and consistency of automated

texture and friction measurement approaches under real-world operating conditions.

While the specific locations and measured values are inherently context-dependent, the broader
data collection and analysis framework demonstrated in this project is transferable to other states
and municipalities. The methods used for continuous surface measurement, texture metric
derivation, quality control, and validation against established standards can be applied to other
roadway networks with appropriate local calibration. In this sense, the statewide survey serves not
as a definitive assessment of all Montana roadways, but as a demonstration of scalable, automated
pavement surface safety evaluation capable of supporting data-driven safety management and

future network-level applications.
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Macrotexture plays a critical role in wet-weather friction by facilitating water drainage from the
tire-pavement interface. Higher macrotexture depth generally improves hysteretic friction and
reduces hydroplaning potential, particularly at high speeds. However, excessive variability or

localized heterogeneity may introduce inconsistent friction behavior along a corridor.

By evaluating both mean macrotexture and intra-segment variability, this study provides MDT
with a data-driven understanding of how surface selection influences texture amplitude and spatial
consistency across the network. These findings support informed decision-making for high-speed
corridors where texture performance and safety outcomes are closely linked. In contrast to the
Gallatin County PCI project, which targets asset condition assessment and maintenance planning,
the statewide friction project case study prioritizes surface safety and operational consequences.
Together, the two case studies demonstrate how automated 3D sensing technologies can support
pavement evaluation at multiple scales and for distinct objectives, ranging from local pavement

management to statewide safety-oriented analysis.

3.4 Data Analysis and Modeling

The surface texture parameters computed in this study represent distinct geometric characteristics
of the pavement surface that influence tire-pavement interaction and, consequently, friction
response. MPD serves as a primary indicator of macrotexture amplitude and is commonly
associated with drainage performance and hysteresis-driven friction at higher speeds (Flintsch et
al. 2003). Friction measurements are commonly obtained using standardized methods such as the
locked-wheel skid tester in accordance with ASTM International E274. MPD is a standardized

macrotexture metric commonly obtained using CTM measurements and provides a consistent basis
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for evaluating pavement surface characteristics. Parameters such as maximum valley depth (Sv)
and maximum height (Sz) further characterize vertical surface extremes, capturing the depth of
void channels and the overall peak-to-valley range of the texture profile. Macrotexture metrics
were computed in accordance with ASTM International E1845 procedures using high-resolution
3D surface measurements. These amplitude-based metrics reflect the surface’s ability to facilitate

water evacuation and maintain effective tire contact under wet conditions.

Least squares regression is widely used to model relationships between dependent and independent
variables in the presence of measurement variability. In its simplest form, linear least squares is
used to fit a straight line to data, but the framework extends to multiple regression, nonlinear
models, and generalized formulations. The method is particularly valuable in engineering
applications where measured data contain noise and uncertainty, and where an underlying

functional relationship is assumed (Montgomery, Peck, & Vining, 2021).

In the context of pavement engineering and friction analysis, least squares regression is commonly
used to establish relationships between surface texture parameters and measured friction values.
For example, texture metrics such as MPD, peak spacing, or surface height descriptors can be used
as predictors, while friction measurements serve as the response variable. Regression-based
approaches have been widely applied to quantify the relationship between pavement texture and
skid resistance, demonstrating that combinations of macrotexture and microtexture descriptors can
explain variability in friction performance (Flintsch et al., 2003; Henry et al., 2000). These models
enable the identification of dominant predictors and support the development of simplified

predictive relationships or indices suitable for network-level evaluation.
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Importantly, least squares regression provides interpretable coefficients that support engineering
reasoning, allowing practitioners to assess how changes in texture characteristics correspond to
variations in friction response. This interpretability is particularly valuable in transportation
applications, where transparency and consistency are required for agency implementation and
decision-making (FHWA, 2012). Beyond pavement applications, least squares regression is
fundamental in calibration of sensors, curve fitting in laboratory testing, traffic flow modeling, and
structural analysis, making it a standard tool for transforming measured data into usable

engineering insight.

Spacing-related parameters, including peak density (Spd) and mean peak spacing (Sp), describe
the frequency and distribution of asperities along the surface profile. These metrics influence how
rapidly tire rubber deforms as it traverses the pavement, thereby affecting hysteretic energy
dissipation and frictional response. Beyond amplitude and spacing, surface statistical descriptors
such as skewness and kurtosis provide additional insight into texture morphology. Skewness
indicates whether the surface is peak-dominant or valley-dominant, which may influence contact
mechanics and stress distribution at the tire-surface interface. Kurtosis reflects the sharpness of
surface features and may indicate the presence of pronounced asperities or isolated extremes that
affect localized contact behavior. Together, these parameters describe complementary aspects of
pavement surface geometry, including amplitude, spacing, and distributional shape. Establishing
relationships between these texture descriptors and measured friction enables the identification of
the most influential geometric contributors to friction performance and supports the development

of interpretable, physically grounded friction indices suitable for network-level application.
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High-resolution pavement texture data collected using 3D laser imaging systems are inherently
susceptible to measurement noise arising from both sensor and environmental conditions.
Common sources of noise include vehicle-induced vibration, thermal instability of laser sensors,
variations in surface reflectivity, and external environmental interference during data acquisition.
These effects introduce high-frequency fluctuations and localized anomalies that can obscure true
surface geometry and reduce the reliability of derived texture parameters. Accurate texture
characterization is essential for standards-based evaluation of pavement surface properties,
particularly when metrics such as MPD are computed in accordance with ASTM procedures
(ASTM International, 2023). Because friction behavior is highly sensitive to surface geometry at
multiple scales, the presence of noise can significantly distort texture-derived metrics and lead to

misleading interpretations.

Traditional filtering techniques, such as median filtering, Gaussian smoothing, and low-pass
filtering, rely on predefined assumptions regarding noise characteristics and typically apply
uniform smoothing across the signal. While effective for simple noise patterns, these approaches
may either fail to remove complex noise structures or excessively smooth the data, resulting in
loss of critical microtexture information. Given the sub-millimeter resolution of the collected data,
preserving fine-scale surface features while reducing noise is essential for accurate texture

characterization.

To address these limitations, a deep-learning-based denoising approach was implemented using a
Residual One-Dimensional (1D) Denoising Network (RIDNet). This model employs a 1D

encoder-decoder architecture with residual learning to estimate and remove noise components
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from measured texture profiles. Rather than directly transforming noisy inputs into denoised
outputs, the network learns to predict the noise signal, which is subsequently removed from the
original data. This approach enables effective noise suppression while preserving critical

geometric features of the pavement surface.
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Figure 19. Architecture of R1DNet and the denoising software integrated with R1DNet.

The architecture consists of stacked convolutional layers with attention mechanisms that enhance
feature extraction and noise suppression capability. The model was trained on a diverse dataset of
pavement surface types, enabling generalization across asphalt and concrete surfaces encountered

in the MDT project.
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Figure 20. Procedures of denoising texture data in denoising software.

Prior to model application, extreme outliers such as spikes and dropouts were removed using
threshold-based filtering to ensure stability in subsequent processing. The texture data were then
normalized based on collection speed and processed using a GPU-accelerated implementation of
R1DNet. The resulting denoised profiles exhibit reduced high-frequency oscillations and localized
spikes while maintaining underlying texture structure, enabling more reliable computation of

surface parameters such as MPD and associated statistical descriptors.
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(a) Raw noisy texture image data from 3/8" PMS surface

(d) Denoised texture image of (c) using R1DNet

Figure 21. Illustration of texture data denoising from different surfaces using R1DNet.

The denoising performance is illustrated through representative texture images for both asphalt
and concrete surfaces. The denoised outputs exhibit clearer and more structured surface patterns
compared to the raw inputs, indicating effective noise suppression without loss of meaningful

texture features.
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(b) Typical transverse profile before and after denoising from Concrete surface

Figure 22. Illustration of the denoising effect from different surfaces using R1DNet.

The effect of denoising is further demonstrated through transverse profile comparisons. Noisy
profiles exhibit significant fluctuations and irregularities, whereas denoised profiles follow the
underlying surface geometry with reduced variance. These results confirm that the model
effectively removes measurement noise while preserving essential geometric characteristics of the
pavement surface. The resulting denoised dataset provides a reliable foundation for subsequent
texture analysis, including computation of MPD, variability metrics, and evaluation of texture-

friction relationships.
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To characterize macrotexture conditions across the roadway network, MPD values were
aggregated into 0.1-mile segments and analyzed collectively. Aggregating data at this scale
provides a balance between measurement resolution and interpretability. This segmentation aligns
with common pavement management and friction reporting practices used by transportation
agencies. Individual measurements were collected at approximately 2.5-meter intervals; analyzing
data at this resolution would produce tens of thousands of observations with substantial noise and
limited applicability for network-level assessment. In contrast, the 0.1-mile segmentation smooths
localized variability while preserving meaningful spatial trends along each route. This interval also
aligns with common friction reporting practices used by transportation agencies, making it an
appropriate scale for network-level pavement evaluation. The resulting distribution of MPD values
establishes a baseline range of macrotexture amplitudes across the surveyed network and

highlights both typical conditions and segments exhibiting unusually high or low texture.
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Network Distribution of MPD
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Figure 23. Network distribution of MPD for 0.1-mile roadway segments. Dashed lines indicate

selected percentile thresholds used to characterize macrotexture variability across the network.
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MPD Strip Map by Route
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Figure 24. Strip map of MPD values for sequential 0.1-mile segments along surveyed routes,

illustrating the spatial distribution of pavement macrotexture across the network.

While the network distribution provides a statistical overview of macrotexture conditions, spatial

representation is necessary to identify where variations occur. To address this, MPD values were

visualized using a strip map in which sequential 0.1-mile segments are plotted along each route.

This representation preserves spatial continuity and reveals localized changes in texture that may
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be associated with construction transitions, surface treatments, or differential wear. The strip map
therefore complements the network-level distribution by providing a spatial diagnostic perspective

of macrotexture variability.
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Ranking of Mean MPD by Route
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Figure 25. Route-level comparison of MPD derived from 0.1-mile segments across surveyed

corridors. Routes are ranked according to average macrotexture magnitude.
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To further summarize macrotexture characteristics at the corridor scale, mean MPD values were
computed for each route and ranked to identify relative differences in macrotexture levels. This
aggregation provides a simplified but effective overview of corridor performance from an asset
management perspective. Routes exhibiting relatively low average macrotexture may warrant
additional monitoring, while higher values may reflect the influence of specific surface treatments

or aggregate gradations.

Because pavement material strongly influences macrotexture characteristics, MPD values were
further evaluated by pavement surface type. Standard macrotexture metrics were computed in
accordance with ASTM E1845 procedures using high-resolution 3D surface measurements.
Segment-level statistics, including mean values, percentile ranges, and variability, were used to

characterize the distribution of macrotexture across surface categories.
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MPD by Surface Type
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Figure 26. Distribution of MPD by pavement surface type, computed from 0.1-mile roadway

segments across surveyed routes.

An ANOVA indicated clear differences in mean macrotexture depth across pavement surface types
(F=170.95,p <0.001). The 1/2” PMS HIMA surface exhibited the highest mean MPD, consistent
with its larger nominal aggregate size. Chip seal and HFST sections also demonstrated elevated
macrotexture relative to dense-graded asphalt and concrete surfaces, confirming that material
selection is a primary driver of macrotexture amplitude. Surface type accounted for approximately
35.7% of the total variance in MPD (n? = 0.357), while the remaining variance reflects substantial
intra-surface variability attributable to construction practices, localized wear, and spatial

heterogeneity.



74

While MPD provides a useful summary of macrotexture amplitude, it does not fully describe the
geometric structure of the pavement surface. The availability of high-resolution 3D measurements
enables the computation of additional descriptors that capture complementary aspects of surface
morphology. These include height-based parameters describing peak-to-valley variation, spacing-
related parameters describing asperity distribution, and statistical descriptors such as skewness and
kurtosis that characterize the asymmetry and sharpness of surface features. Together, these
parameters provide a more complete representation of pavement texture and its influence on tire-

pavement interaction.
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Mean Texture vs Variability by Surface Type
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Figure 27. Scatterplot showing the relationship between MPD and intra-segment macrotexture

variability (standard deviation of MPD) computed for 0.1-mile roadway segments.

In addition to average macrotexture levels, intra-segment variability provides insight into surface
uniformity and structural consistency. Figure 27 presents the relationship between mean MPD and
intra-segment variability, represented by the standard deviation of MPD within each 0.1-mile
segment. This relationship evaluates whether macrotexture magnitude and spatial dispersion co-
vary across the network. Segments with high mean MPD and low variability represent uniformly

textured surfaces, while segments with elevated variability indicate localized fluctuations that may
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result from segregation, patching, or differential wear. An overall upward trend is observed,

indicating that segments with higher macrotexture amplitudes tend to exhibit greater variability.

To further quantify this relationship, a least squares regression analysis was performed using
segment-level data. Results indicate a positive relationship between mean macrotexture depth and
intra-segment variability, with a slope of approximately 0.146 and strong statistical evidence
supporting the relationship (p <0.001). This indicates that increases in macrotexture amplitude are
associated with increased dispersion of surface features. However, the model explains a relatively
small portion of the total variability (R? = 0.074), indicating that macrotexture amplitude alone
does not fully account for observed variability. Additional factors, including pavement type,

construction variability, and localized wear, likely contribute to the dispersion of surface texture.

Distributional diagnostics indicate pronounced positive skewness and heavy-tailed behavior,
reflecting the presence of segments with elevated texture variability. These characteristics are
consistent with the right-skewed distribution observed in network-level MPD histograms and
suggest that localized high-texture segments contribute disproportionately to overall variability.
Collectively, these results support the interpretation that while increased macrotexture is
associated with improved surface roughness characteristics, it is also accompanied by increased

structural heterogeneity.
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Age vs Mean MPD by Surface Type
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Figure 28. Age since treatment or construction versus mean MPD by surface type.

The figure above presents the relationship between pavement age and mean macrotexture. No
strong global trend is observed across the network, indicating that macrotexture is not solely a
function of time since construction or treatment. Instead, the dispersion of values at similar ages
suggests that surface type and construction characteristics exert a stronger influence on
macrotexture than age alone. In essence, material effects outweigh age effects, as age alone is not

a dominant predictor of macrotexture.

A critical consideration in any data-driven analysis relating surface texture to friction is the risk of

overfitting to the specific dataset used for calibration. Because the relationships explored in this
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study are derived from measured texture parameters and available observations, there is a
possibility that identified correlations reflect localized conditions, pavement compositions, or
measurement artifacts unique to the sampled segments. Relationships observed within this dataset
may not fully generalize to other roadway networks or environmental conditions without

additional validation.

3.5 Standards and Validation

This study does not develop a finalized operational friction index for agency deployment.
Instead, this section focuses on how the computed texture metrics and friction-related modeling
outputs were evaluated for technical consistency, physical interpretability, and potential
applicability to network-level screening. Where possible, the analysis was aligned with
established pavement texture and friction frameworks. Standard macrotexture calculations,
particularly MPD, were computed using accepted procedures consistent with ASTM-based
practice. Additional 3D texture parameters were evaluated as complementary descriptors
intended to capture aspects of pavement surface geometry not represented by MPD alone. These
include spacing-based descriptors like peak density and peak curvature, as well as height-based
descriptors such as mean height, RMS height, and peak-to-valley height. The purpose of this
framework was not to replace existing friction testing procedures, but to assess whether high-
resolution texture measurements could provide useful explanatory information for friction-

related analysis.

Validation in this study was therefore focused on internal consistency and physical plausibility

rather than formal agency threshold calibration because agency-specific threshold calibration
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was outside the scope of this study. Computed texture metrics were evaluated for repeatability,
reasonableness of magnitude, and stability across roadway segments and pavement surface types.
Relationships between texture metrics and available friction measurements were assessed to
determine whether observed trends were interpretable and consistent with established tire-
pavement interaction mechanisms. Particular attention was given to whether amplitude, spacing,
and distribution-based texture parameters behaved in ways that were physically consistent with

expected drainage and contact mechanics effects.

Because a complete friction index was not developed, no pavement-type-specific intervention
thresholds were established in this work. Likewise, the study does not define agency action
bands. Those classifications would require additional calibration using broader friction datasets,
agency-defined performance criteria, and stakeholder review. As a result, the modeling outputs
developed here should be interpreted as screening-level analytical results rather than direct

maintenance decision tools for broader network implementation.

Uncertainty and applicability were also considered in evaluating the usefulness of the developed
framework. The influence of pavement type, localized surface variability, and possible
measurement artifacts was recognized throughout the analysis. Model behavior was interpreted
with emphasis on robustness and transferability rather than maximum statistical fit alone. This is
particularly important because friction response is influenced by factors beyond surface texture
alone. These factors include speed, moisture condition, pavement material, and environmental

effects. Accordingly, the results presented in this study are best understood as an evaluation of
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the potential for high-speed 3D texture data to support friction-related screening, rather than as a

substitute for direct friction measurement.

The scope of applicability is therefore limited to the roadway surfaces, testing conditions, and
data structures represented in the present dataset. Additional calibration, validation, and a much
larger dataset would be required before the framework could be implemented as a formal
statewide friction management tool. Even so, the results demonstrate that high-resolution texture
metrics can provide meaningful and physically interpretable information relevant to friction

performance and may support future development of network-level safety screening methods.
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CHAPTER FOUR

CONCLUSIONS, EXPECTED OUTCOMES, AND SIGNIFICANCE

4.1 Expected Outcomes

This research evaluated the use of high-resolution 3D pavement surface data and automated
processing workflows for both condition and safety assessment. The primary objective was to
determine whether 3D laser imaging, combined with standardized processing, could produce
outputs consistent with ASTM-defined metrics while enabling continuous, network-level
evaluation. A secondary objective was to assess whether texture measurements derived from 3D
data provide additional insight into pavement safety beyond traditional friction-based methods.
These objectives directly address known limitations in current practice, including discontinuous

data collection, limited roadway coverage, and the separation of condition and safety domains.

4.2 Key Conclusions and Technical Qutcomes

The results confirm that automated pavement condition evaluation using high-resolution 3D data
is both feasible and consistent with established engineering practices. Distress identification and
classification derived from processed surface data were successfully mapped to ASTM D6433
definitions, allowing for PCI calculation that reflects expected trends across multiple roadway
classifications and a multitude of treatment types and histories. To conclude, the automated
approach matches the intention of traditional surveys but significantly increases data density and
coverage. Beyond condition, the 3D data also support continuous characterization of pavement

surface texture. Macrotexture metrics such as MPD were computed across the network, providing
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a level of spatial resolution that conventional methods are not able to achieve. These measurements

directly capture surface features that influence tire-pavement interaction.

The combination of condition and texture-based safety evaluation represents a key shift in how
pavement performance is interpreted. Friction testing remains the standard for safety assessment,
but it measures the outcome of surface interaction rather than the driving forces and causes. In
comparison, texture-based analysis captures the surface properties that drive frictional behavior.
This important distinction supports a transition from outcome-based evaluation toward a more
mechanistic understanding of pavement safety. At the network level, the benefit of continuous data
is clear. Traditional methods rely on discrete sampling, which often misses localized variation.
The high-resolution data used in this study captures both condition and texture continuously,
providing a more complete representation of deterioration patterns and variability across roadway

classes and surface types.

4.3 Sienificance

The findings of this study have direct implications for both engineering practice and pavement
management. Automated PCI calculation from 3D data reduces reliance on manual surveys
while improving repeatability and objectivity. The ability to collect data at traffic speeds also
makes network-level implementation practical. From a safety standpoint, incorporating texture

provides a more complete picture than friction alone.

By linking measurable surface characteristics to tire-pavement interaction, this approach

improves the interpretation of skid resistance and wet-weather performance. This is particularly
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useful for identifying locations where surface conditions may contribute to increased risk. More
broadly, this work addresses a fundamental limitation in current pavement evaluation: the
separation of condition and safety domains. These are typically evaluated independently,
resulting in datasets that are difficult to interpret together. This research demonstrates that high-
resolution data can bridge that gap, enabling a more unified evaluation of pavement

performance.

4.4 Adherence to Standards and Guidelines

A key strength of this work is its alignment with established engineering standards. All condition
evaluation procedures follow ASTM D6433, ensuring that PCI values remain directly
comparable to traditional survey results. Surface texture measurements were derived in
accordance with ASTM E1845, providing standardized MPD values for macrotexture evaluation.
Additional references to ASTM E950 (IRI) and ASTM E274 (friction) provide context for how
these methods fit within existing evaluation frameworks. While not the primary focus, these
standards help position the results relative to current practice. Maintaining this level of
compatibility is important. It ensures that the methods presented here can be integrated into

existing pavement management systems without requiring major changes to agency workflows.

4.5 Academic Contributions

This research contributes a practical and scalable framework for integrating high-resolution 3D
surface data into pavement condition and safety evaluation. The contribution is not the

development of new sensing hardware or machine learning models, but the application and



84

integration of these tools within a standardized engineering context. The work demonstrates that
automated distress detection and PCI calculation can be achieved using 3D data while remaining
consistent with ASTM procedures. It also establishes a direct connection between surface texture
and safety-related performance, supporting a more mechanistic interpretation of pavement
behavior. Another key contribution is the use of continuous, network-level data. Moving beyond
discrete sampling improves the resolution of pavement performance metrics and allows for better
characterization of spatial variability. This is especially important for understanding deterioration

trends and treatment performance.

4.6 Future Work

While the results demonstrate the value of integrating high-resolution 3D data into pavement
evaluation, several areas remain for further development. One priority is expanding validation of
automated distress detection against larger and more diverse ground truth datasets. Increasing the
range of pavement types, environmental conditions, and traffic levels will improve confidence in
the robustness of the approach. Additional work is needed to better define the relationship between

surface texture and friction.

While macrotexture provides insight into drainage and hysteresis, a more complete understanding
of safety would require the incorporation of microtexture and direct comparison with friction
measurements under controlled conditions. From an implementation standpoint, future work
should focus on integrating these methods into existing pavement management systems. This
includes developing workflows for data processing, storage, and visualization that align with

agency needs and constraints. Finally, there is potential to extend this approach beyond condition
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and safety into structural evaluation and predictive modeling. Combining surface data with
additional inputs, such as deflection or material properties, would provide a more comprehensive

view of pavement performance.
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Disclaimer

This work utilized software from Waylink Systems Corporation to support technical data

analysis.
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