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Abstract

This study focused on developing and validating machine learning models to predict
pavement marking retroreflectivity using Light Detection and Ranging (LiDAR) intensity
data. The retroreflectivity data was collected using a Mobile Retroreflectometer Unit (MRU)
due to its increasing acceptance among states as a compliant measurement device. A
comprehensive dataset was assembled spanning more than 1000 miles of roadways, captur-
ing diverse marking materials, colors, installation methods, pavement types, and vehicle
speeds. The final dataset used for model development focused on dry condition measure-
ments and roadway segments most relevant to state transportation agencies. A detailed
synchronization process was implemented to ensure the accurate pairing of retroreflectiv-
ity and LiDAR intensity values. Using these data, several machine learning techniques
were evaluated, and an ensemble of gradient boosting-based models emerged as the top
performer, predicting pavement retroreflectivity with an R? of 0.94 on previously unseen
data. The repeatability of the predicted retroreflectivity was tested and showed similar
consistency as the MRU. The model’s accuracy was confirmed against independent field
segments demonstrating the potential for LIDAR to serve as a practical, low-cost alternative
for MRU measurements in routine roadway inspection and maintenance. The approach
presented in this study enhances roadway safety by enabling more frequent, network-level
assessments of pavement marking performance at lower cost, allowing agencies to de-
tect and correct visibility problems sooner and helping to prevent nighttime and adverse
weather crashes.

Keywords: pavement markings; retroreflectivity; LIDAR; MRU; Al; machine learning;
roadway safety

1. Introduction

Pavement markings communicate fundamental data to various road users [1]. In most
cases, they are the most effective way to regulate, warn, and guide traffic in efforts to reduce
roadway accidents and ensure safe driving, particularly in challenging visibility conditions
such as nighttime and adverse weather [2]. Their effectiveness as traffic control devices is
directly dependent upon their physical condition and performance characteristics.

The condition and quality of road markings are quantitatively evaluated using specific
metrics and measurement techniques [3]. A key performance characteristic is retroreflec-
tivity (RL), which measures the marking ability to reflect light from vehicle headlights

Vehicles 2026, 8, 23

https://doi.org/10.3390/vehicles8010023


https://crossmark.crossref.org/dialog?doi=10.3390/vehicles8010023&domain=pdf&date_stamp=2026-01-21
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/vehicles
https://www.mdpi.com
https://orcid.org/0000-0002-8031-3300
https://orcid.org/0000-0002-3083-6242
https://orcid.org/0000-0002-5677-1280
https://doi.org/10.3390/vehicles8010023

Vehicles 2026, 8, 23

2 0f 23

back to the driver, which is crucial for nighttime visibility. Retroreflectivity is typically
measured in med/Ix/m?2. The commonly used standard measurement geometry, known as
“30-m geometry,” simulates the driver’s viewing angle with an observation angle of 2.29°
and an illumination angle of 1.24 [4].

Multiple studies have highlighted the importance of sufficient pavement marking
retroreflectivity for safe nighttime driving. Maintaining minimum retroreflectivity levels
for longitudinal markings is crucial to provide drivers with adequate viewing distance
under night conditions [5]. Furthermore, high retroreflectivity values can improve the
performance of lane assist systems by increasing detection accuracy and range [6]. In [7],
the impact of the pavement marking characteristics on crash frequency was analyzed.
The study found that maintaining longitudinal marking’s retroreflectivity in good condi-
tion increases road safety significantly, as the number of crashes decreased with higher
retroreflectivity of white edge lines and yellow edge lines.

Maintaining adequate pavement marking retroreflectivity is regulated by entities
such as the U.S. Federal Highway Administration (FHWA). The Manual on Uniform
Traffic Control Devices (MUTCD) is part of FHWA regulations and provides standards,
guidance and options for minimum RL levels. The 2022 final rule sets minimum
maintained RL of 50 mcd/Ix/m? on longitudinal markings for roads > 35 mph and
recommends > 100 mcd /1x/m? on roads > 70 mph. Agencies may choose stricter values.
Approved maintenance methods are documented in “Methods for Maintaining Pave-
ment Marking Retroreflectivity” (FHWA-SA-22-028) or can be developed via engineering
study [4].

With the new FHWA specifications, the need for a practical and more efficient solu-
tions for pavement marking retroreflectivity evaluation increased. A comprehensive survey
was conducted by Wyoming Technology Transfer Center to explore the different pavement
marking practices used by various state departments of transportation (DOTs). The survey
was focused on collecting information regarding pavement marking striping, data collec-
tion, and retroreflectivity. The results of the survey showed that the majority of the DOTs
used hand-held retroreflectometers and the rest either used a mobile retroreflectometer or
both [8].

During the past decade, transportation agencies have used mobile retroreflectometer
units (MRUs), as outlined in ASTM E3320-21 [9], To efficiently evaluate marking qual-
ity across large road networks [10-14]. However, MRUs are expensive, not commonly
available, and often limited to just a few units per state, making it difficult to perform
frequent evaluations on a wide level. Meanwhile, advances in the automotive industry
have resulted in availability of less expensive LiDAR sensors in the market that can be used
for assessing the pavement marking quality; particularly as LIiDAR intensity exhibits an
implicit correspondence with retroreflectivity.

Various studies have been conducted to develop an efficient, reliable, and practical
method to explore and leverage the advantages of LIDAR sensors in pavement marking
evaluation. The research in [15,16] studied the correlation between the retroreflectivity
measurements and the LiDAR intensity values using a Delta LTL-X Mark handheld retrore-
flectometer (Delta, Horsholm, Denmark). The study focused on extracting important
features from the pavement marking points in the point cloud. The researchers found that
the ExtraTrees model trained using 40 features had the best performance with an average
R? of 0.824.

In [17], the researchers used a VLP 32 LiDAR (Velodyne Lidar, San Jose, CA, USA)
and a handheld retroreflectometer unit to establish the correlation between the retrore-
flectivity measurements and the LiDAR intensity values. The LIDAR was mounted on a
moving vehicle with a 45° tilt below the horizon, and global navigation satellite system
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(GNSS) was used for positioning. A single-term exponential model was developed to
estimate the retroreflectivity values, and the model was validated using the data obtained
from the handheld retroreflectometer. The model was able to detect areas with severe
retroreflectivity degradation.

The correlation between the LiDAR intensity and retroreflectivity was studied us-
ing a Riegl VMZ-2000 LiDAR (Riegl USA, Winter Garden, FL, USA) and a RoadVista
StripeMaster handheld retroreflectometer (Gamma Scientific, San Diego, CA, USA) [18].
The study showed a strong relationship between LiDAR intensity values and the mea-
sured retroreflectivity, achieving an R? of 0.93 after normalizing the data for range and
incident angle. However, the study was based on a limited dataset of only 14 test sections,
which reduced the applicability of the model in different marking materials and
environmental conditions.

Another research found that using LiDAR for pavement marking retroreflectivity
assessment is feasible for transportation agencies [19]. The researchers used a surveying-
grade LiDAR system (Riegl VMZ 200) and a mobile retroreflectometer to develop the
correlation and study the deterioration of the marking over a year and a half period. The
pavement marking points in the point cloud were extracted using the Road Marking
Extractor (RoME) method.

A study was conducted to establish the correlation between the retroreflectivity mea-
surements obtained using a mobile retroreflectometer (RoadVista Laserlux G7 (LLG?7)
(Gamma Scientific, San Diego, CA, USA)) and the LiDAR intensity from four different
LiDAR sensors (three Velodyne HDL-32Es and one Velodyne VLP16 (Velodyne Lidar, San
Jose, CA, USA)) [20]. The data collected covered over 70 miles of major arterial roads
using vehicles moving at a speed of 50 mph. The researchers found that mounting the
LiDAR at the back of the vehicle is a reliable setup for pavement marking evaluation.
The analysis showed a positive linear correlation between the LiDAR intensity and the
retroreflectivity measurements, with the right edge line retroreflectivity estimation having
a better performance when compared to the center skip line.

Researchers in [21] found that the best correlation was established when the top 10%
of the intensity values in the active window region was used. A single-term power mode
achieved the highest accuracy with an R? of 0.836.

While several studies have shown strong correlations between LiDAR intensity and
handheld retroreflectivity readings, only a few have developed predictive models based on
MRU retroreflectivity measurements. Furthermore, no research has leveraged extensive,
diverse, and comprehensive datasets representing various roadway conditions. Previous
studies also did not fully consider the factors affecting the development of the correlation,
such as the positioning and location of the sensors during data collection, the synchroniza-
tion between sensors, and the effects of road geometry, sensor frequency, and sensors field
of view on data alignment. Also, previous research lacks an evaluation of the consistency of
each sensor’s readings, the repeatability of retroreflectivity prediction, and a comprehensive
validation using new roadway sections.

2. Study Objectives

The primary goal of this study is to develop machine learning models that can be
used to accurately and reliably predict pavement marking retroreflectivity based on MRU
measurements using LIDAR’s data. The specific objectives of this study are:

e Identify the sensor’s setup and configuration to ensure optimal positioning for
data collection.

e  Identify the factors affecting sensor synchronization and establish a process for accu-
rate alignment between LiDAR and MRU data.
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e  Evaluate the consistency of sensors readings

e  Collect a comprehensive dataset covering various pavement marking materials and
types, roadway types, and pavement surfaces.

e  Develop various machine learning models to predict the MRU retroreflectivity.

e Validate the model performance using new roadway sections.

e  Evaluate the repeatability of the predictions to ensure consistent and reliable results.

3. Sensors and Methods
3.1. System Description

The data collection system included four main sensors, a LiDAR, a GPS unit, an Inertial
Measurement Unit (IMU), and an MRU. The Ouster OS1-128 Rev7 LiDAR Ouster, Inc., San
Francisco, CA, USA) was selected for pavement marking evaluation due to its wide field
of view, high scanning rate, and reliable range performance, making it ideal for use on a
moving vehicle. Its 45-degree vertical and 360-degree horizontal field of view allows it
to capture a complete picture of the road, including both edge and centerline markings,
without requiring complex sensor positioning. The sensor can detect objects up to 90 m
away, even with low reflectivity, while still capturing nearby details as close as 0.5 m.
With a scanning rate of 10 frames per second, the OS1 ensures smooth and continuous
data collection. The OS1 also reports intensity values ranging from 0 to 255, which helps
distinguish pavement markings from the surrounding pavement.

The RoadVista LLG7 (Gamma Scientific, San Diego, CA, USA) was selected for the
Mobile Retroreflectometer Unit (MRU) due to its widespread use among DOTs and research
teams, ensuring compatibility and consistency across projects. It gives detailed information
not only about pavement marking retroreflectivity but also about surrounding conditions
like temperature, humidity, and contrast. The selected sensors are illustrated in Figure 1,
and their key specifications are summarized in Table 1.

_—_'/_.—#
7
S
ROMDVISIEA
/

(a) (b)

Figure 1. (a) The RoadVista LLG7 MRU (b) The Ouster OS1 LiDAR.
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Table 1. Key sensors specifications.

Sensor Supplier Model Key Specifications

Horizontal field of view= 360°
Vertical field of view = 45°
LiDAR Ouster 0OS1-128 Rev?7 Range (m) = 0.5 to 90
Accuracy (cm) = ~2.5
Scan rate (Hz) = 10
Measurement distance (m) = 6
Measurement width (m) = 1
Operating temperature (°C) = —7 to 50
MRU RoadVista LaserLux G7 Operating humidity (%) = 5 to 95
Entrance Angle (°) = 88.76 & 0.01
Mumination Angle (°) = 1.24 £ 0.01
Observation Angle (°) =1.05 + 0.01

3.2. Sensors Placement

To determine the optimal location for mounting the OS1 LiDAR and define its data col-
lection range, three different setups were tested, as shown in Figure 2. These configurations
were designed to compare the LiDAR’s ability to scan the same pavement marking segment
targeted by the LLG7, which was mounted on the right side of the vehicle to capture the
right edge solid white line as seen in Figure 3, where the red box indicates the approximate
MRU area of focus within the broader LiDAR field of view, and the color-coded point cloud
represents LiDAR intensity values, with higher intensities shown in blue and purple.

Setup #1 _— e Setup #2

Figure 2. The three tested setups in various positions.

In Setup #1, the OS1 was installed on the right rear corner of the vehicle, 29 inches
above the ground, and angled downward at 10°. In Setup #2, it was mounted on the right
side of the vehicle and rotated 90° to directly face the lane marking. In Setup #3, the sensor
was mounted on the top center of the vehicle, facing forward with a 15° tilt.

Two-way ANOVA was used to test the effect of the point cloud distance and the
LiDAR setup on the intensity values. The dataset was divided into 6 distance categories
(in meters); (3—4), (4-5), (5-6), (6-7), (7-8), (8-9). As seen in Table 2, the p-values for the
Category and Setup variables are lower than 0.05, which means that the distance and setup
configuration have significant effect on the intensity values.
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Figure 3. Approximate MRU measurement area within the LiDAR field of view; the red box indicates
the MRU focus area, and point cloud colors represent LiDAR intensity (higher intensity in blue
and purple).

Table 2. Two-way ANOVA between distance category and LiDAR setup.

Sum_sq Df F p-Value
C(Category) 102,510 5.0 76.98551 1.754 x 107
C(Setup) 15,218 2.0 28.57246 1.070 x 10~ 12
C(Category):C(Setup) 16,054 10.0 6.028601 7.446 x 10~°
Residual 205,326 771.0 - -

Before conducting the ANOVA, the normality of the residuals and the equality of
variances were checked using the Shapiro-Wilk and Levene tests. The results indicated
deviations from normality (p < 0.001) and non-homogeneous variances (p < 0.001). Since
ANOVA is generally robust with large samples, a non-parametric Kruskal-Wallis test was
also performed to confirm the findings, and it showed the same significance patterns,
supporting the reliability of the ANOVA results.

Based on the previous findings, the first setup was removed from the dataset, and the
test was done only on the distance categories between 5 and 8 m. According to the ANOVA
results of the filtered dataset (Table 3), the intensity values are not affected by the distance
in the 5-to-8-m range. That means that the intensity values are consistent in that range.

Table 3. Two-way ANOVA between distance category and LiDAR setup, after removing setup #1
and only keeping (5-6), (6-7), (7-8) categories.

Sum_sq Df F p-Value

C(Category) 266.824504 2.0 0.290156 0.748465

C(Setup) 149.435409 1.0 0.325004 0.569262

C(Category):C(Setup) 292.057599 2.0 0.317595 0.728267
Residual 91,039.45123 198.0 - -

Figure 4 shows the consistency of the intensity values between the setups in the
selected range. As shown in the figures, the points in setups 2 and 3 are consistently
distributed along the trimmed range.

The results from the second and third setup are similar and consistent in the
5-8-m range. However, the second setup can only be used to scan either the right side or
the left side of the vehicle. Therefore, mounting the LiDAR on the top center of the vehicle
as in the third setup is the best option to obtain consistent intensity values. This location
best represents the reflectivity angle at which pavement markings are most visible to the
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driver. Also, 15° tilt reduces the spacing between the LiDAR channels in the area of interest,
which increases the density of the point cloud.

Comparison of Intensity's 70th Percentile

. Setupl 107

103
- setup? 101 101 101 190 102 100 s 100 102
100 { mmm Setup3

86

73

67 65

57 57

Intensity, Q70

34 45 56 6-7 7-8 89
Range Category (m)

Figure 4. Intensity vs. Range category.

3.3. Alignment and Synchronization

The alignment between the sensors is essential for creating a matched dataset that can
be used to train reliable correlation models to predict pavement marking retroreflectivity
from LiDAR intensity data. The model’s accuracy depends heavily on the quality and
timing consistency of the input data.

The MRU was mounted on the right side of the vehicle, and the LiDAR was mounted
on top of the vehicle and tilted by 15° from the horizon to scan the lane marking in front of
the vehicle. The laser from the MRU was visible on the ground in the night, making the
process of determining the exact location of the measuring point easier. The measuring
point was approximately 5.4 m from the MRU as seen in Figure 5.

Figure 5. Estimation of the MRU’s scanning range.

The MRU was configured to record the average of every 5.28 ft to obtain the maximum
number of points in the testing section. Even though both the MRU and LiDAR recorded
the same distance, the number of points differs between the two devices. This discrepancy
arises because the MRU data frequency is solely dependent on the driven distance. How-
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ever, the LIDAR records data at a fixed frequency of 10 Hz, implying that the number of
points is dependent on the speed of the vehicle.

To address this discrepancy, the LIDAR point cloud data was trimmed to record the
same segment of the lane marking as the MRU. The sufficient overlapping between the
consecutive LiDAR scans allowed for accurate synchronization between the points.

An experiment was carried out to explore how horizontal curves affect the synchro-
nization process between the LIDAR and MRU. This experiment utilized two main sections
(Figure 6): the first section, which was mostly straight with minimal horizontal curves, and
the second section, containing both curved and straight portions.

Pletres Road. |

29239 Rongy

us22
SR3

e T 4 7 = Straight Section

i = Curve Section

" Ry

(C) OpenstreetMap contributors

Figure 6. Curvature test sections.

An Inertial Measurement Unit (IMU) was used to calculate the angular velocity around
the z-axis, representing the turning speed of the vehicle. Figure 7 demonstrates the effect
of horizontal curves on the IMU’s angular velocity around the z-axis. When the vehicle
travels through a severe curve, the angular velocity around the z-axis increases or decreases
significantly depending on the direction of the turn and the IMU’s mounting location in the
vehicle. A right turn shows a negative angular velocity value, whereas a left turn shows a

positive value. The extreme changes in angular velocity can cause misalignments between
the LiDAR and MRU data points.
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Angular Velocity Z

Distance (mi)

0.050 4
0.025 4
0.000 1
z
8 -0.025
s
5 —0.0504
&
s =0.075 1
~0.100 4
-0.125 4 — Straight Section
—— Curved Section
-0.150 T T T T
0 1000 2000 3000 4000 5000 6000
Figure 7. Angular velocity around the z-axis changes along the tested sections.

Figure 8 shows a visual comparison between the synchronization accuracy of the
straight section and curved section. The curved section has clear discrepancies in the
synchronization as compared to the straight section. Therefore, during the model’s devel-
opment stage, the data points with high angular velocity values were removed to obtain
a reliably matching dataset. However, when each device is implemented separately, this
issue is no longer relevant.

MRU vs LiDAR - Straight
800
— 0s1
140
[ 700
120 1
600
100 1 )E?
t500 5
£
2 80 >
5 400 é
£ g
60 E
F300 5
g
40 200
20 A r 100
—— MRU
0 T T T T T 0
0.0 0.1 0.2 0.4 0.5 0.6 0.7
Distance (mi)
MRU vs LiDAR - Curved
2000
- 051
140
r 1750
120 A
[ 1500 _
100 §
[1250 3
é [ 1000 é
B 60 %
r750 5
g
40 4 [ 500
20 A r250
—— MRU
4] T T T 0
0.0 0.2 0.6 0.8 1.0

Figure 8. A visual comparison between the synchronization accuracy of the straight section and

curved section.
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3.4. Device Reading Repeatability

The repeatability and the reproducibility of the LIDAR and MRU were tested to verify
that both devices give consistent measurements under the same conditions and that any
future variation in the measurements is caused by the changes in the study parameters and
conditions, not the sensors. Retroreflectivity and intensity measurements were collected
over three separate runs along the same segment; the segment has a white solid edge line on
the right side of the road. Figure 9 presents a comparison of retroreflectivity versus distance
for all three runs, and the overlapping trends demonstrate a high level of consistency
between the measurements. These results confirm that the MRU provides highly repeatable
retroreflectivity measurements under consistent conditions.

MRU vs Distance

—— 1st Run
700 4 — 2nd Run
3rd Run

Retroreflectivity (mcd/Ix/m?)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Distance (mile)

Figure 9. Retroreflectivity vs. distance plot for all three runs.

Figure 10 shows the comparison of intensity values versus distance for all three
runs, and the overlapping trends clearly demonstrate a high level of consistency in the
collected data. Additionally, Figure 11 shows a more detailed comparison, where intensity
values were averaged every 0.1 mile to highlight consistency over smaller segments. The
results confirm that the LIDAR sensor produces stable and repeatable intensity readings,
supporting its reliability for pavement marking evaluation.

LiDAR vs Distance - Q70

140 A —— 1st Run
— 2nd Run
= 3rd Run

~

Intensity

60

40 A

201

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Distance (mile)

Figure 10. Intensity vs. distance plot for all three runs.
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Comparison of Intensity's 70th Percentile For Each Subsection

Intensity, Q70

109 110

107

Subsection Increment (mile)

Figure 11. Intensity comparison between all runs, with values averaging every 0.1 miles to show
detailed consistency.

3.5. Data Collection

Developing a strong correlation model between LiDAR intensity and pavement mark-
ing retroreflectivity required a diverse and representative dataset. To achieve this, data
was collected across a wide range of roadway types and marking conditions, including
different colors and materials, such as white and yellow thermoplastic (from Swarco and
3M), polyurea, and high-reflectivity tape, as each type exhibits unique retroreflectivity
characteristics. In total, more than 1000 miles of lane line data were collected, capturing the
variability needed to train a reliable prediction model. Figure 12 demonstrates the overall
map of the collected data.

Figure 12. Google earth map of the collected data for the correlation models.
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Although the total collected mileage was extensive, the dataset used for model de-
velopment represents a refined subset of the available data. Emphasis was placed on
roadway segments of greatest relevance to state transportation agencies. In addition, data
influenced by road curvature, recording issues, or non-optimal sensor configurations were
excluded. Together, these considerations ensured that the final dataset reflected consistent,
high-quality measurements suitable for developing the correlation model.

Figure 13 presents a histogram summarizing the distribution of retroreflectivity values
across the filtered dataset. The frequency is expressed in terms of total points, showing
how much pavement marking falls within each retroreflectivity range.

Retroreflectivity Data Histogram
4500

4000 -

Points Frequency

| .

0 50 100 150 200 250 300 350 400 450 500
Retroreflectivity (mcd/Ix/m?)

Figure 13. Histogram of retroreflectivity values across the filtered dataset in total points per range.

The data reveals that the majority of the markings had lower retroreflectivity values,
particularly between 50 and 300 mcd/Ix/m?. This indicates that the pavement mark-
ings in the dataset predominantly exhibit moderate retroreflectivity levels, with fewer
instances of very high values. This broad distribution is important for training a model
that can accurately predict retroreflectivity across a wide range of conditions and pavement
marking qualities.

3.6. Data Preparation

As previously shown, the LiDAR data was collected with the sensor facing forward
with a 15° tilt, where the x-axis is parallel to the moving direction, the y-axis is transverse
to the roadway. Therefore, the data was adjusted to obtain a horizontal road surface. The
rotation process used here is adapted from the literature [15].

The rotation step aligns the raw point cloud with the vehicle’s coordinate sys-
tem, ensuring that the LiDAR data reflects the actual orientation of the senor during
data collection.

An example of the top, cross-sectional, and cross-section intensity views of a single
scan are shown in Figure 14. To extract the lane marking data points from the LiDAR
scans, a process based on rasterization was implemented to simplify manual segmentation.
Rasterized graphs of the top view were used to segment the lane marking at each control
point in the data. The raster image limits were independent from the point cloud used to
plot it, so that each pixel in the rasterized image was exactly matched to the dimensions in
the original graph.

https://doi.org/10.3390/vehicles8010023
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Top view: Y vs X (m) Side view: X vs Z (m)
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Cross-section View: Y vs Z (m)
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Cross-section Intensity: ¥ vs Intensity
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Figure 14. Top, cross-section, and cross-section intensity views of a preprocessed OS1 LiDAR scan,
with point colors indicating intensity (higher in yellow and green for markings; lower in purple
for pavement).

During the data collection, the scans were precisely centered at the measurement
window. For precision, the raster images were specifically centered on the lane under
examination as seen in Figure 15a, where the white dots represent points with higher LIDAR
intensity. Emphasis during annotation was placed exclusively on the area proximate to
the MRU’s active measuring zone. The dimensions of these annotation boxes are typically
4 inches in width demonstrated in Figure 15b, where the red lines indicate the annotation
box. Subsequently, these annotations were then mapped back to the 3D point-cloud domain
to capture the relevant points within the designated area.

(a) (b)

Figure 15. (a) Extracted raster image, (b) Annotated raster image.
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3.7. Feature Extraction and Selection

The number of LiDAR points is not a constant and it can vary between scans, and
since most predictive models require a uniform size, the raw data can’t be directly used for
model training. To achieve this, key features are extracted from each scan to represent the
point cloud. These features provide a uniform input size while preserving the information
needed for accurate retroreflectivity correlation development.

Initially, over 200 features were extracted from each subset to represent the LiDAR data.
Most of these features were based on the intensity values of the points, which are directly
related to surface reflectivity. Additional features incorporated the spatial position of the
points within the full point cloud, using their x and y coordinates. This combination helped
capture both the brightness and the geometric distribution of the pavement markings.

To reduce dimensionality and redundancy among the initially extracted 212 features,
an exploratory feature screening procedure was applied, following the general principles
described in [16]. The selection process combined quantitative analysis with expert-guided
interpretation, rather than relying on a single automated optimization method. Pairwise
scatter plots and correlation coefficients were first examined to identify features exhibiting
strong redundancy, limited variability, or unstable behavior across samples. In addition to
these analytical measures, features were evaluated based on their physical interpretability
and relevance to pavement marking reflectivity and spatial structure, informed by domain
knowledge and empirical observations from prior studies.

Features conveying overlapping information or demonstrating limited discrimina-
tive potential were progressively removed through this combined assessment, resulting
in a final subset of 32 complementary features. All feature screening steps were con-
ducted using training data only and were completed prior to model evaluation to avoid
information leakage.

The selected features captured key statistical and signal characteristics of the LIDAR
intensity data, including measures of central tendency, variability, and distribution shape
(mean, standard deviation, skewness, kurtosis). Trend and change indicators such as mov-
ing averages, gradients, slopes, and curvature describe local variations. Rolling window
statistics further highlighted localized variations along pavement markings.

3.8. Correlation Models Training

To find the best model for predicting retroreflectivity from LiDAR data, a variety
of regression techniques were tested. The evaluation began with basic linear regression
models, which aimed to capture simple relationships in the data while using regularization
to prevent overfitting. More advanced machine learning models were also explored, in-
cluding Decision Tree and Random Forest, which are well-suited for handling non-linear
patterns and can highlight important features in the dataset. To further improve predic-
tion accuracy, boosting models such as Gradient Boosting (scikit-learn v1.3.2), XGBoost
(v2.0.3), and LightGBM (v4.3.0) were used. These models work by combining multi-
ple weak learners to iteratively improve predictions, making them highly effective for
complex datasets.

During model development, key hyperparameters such as max_depth, min_samples_split,
min_samples_leaf, max_leaf nodes, and learning_rate were tuned to reduce overfitting
and improve predictive accuracy.

The models were assessed based on their R? scores and median relative error. After
evaluating the performance of each model, an ensemble approach was used to predict the
pavement marking retroreflectivity by combining the outputs of three different models.
Each model independently predicted retroreflectivity values, and the final output was cal-
culated as the average of the three predictions. Averaging predictions from the three models
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reduces individual errors, balances over- and underestimations, and minimizes the impact
of outliers. This ensemble approach integrates their strengths to deliver balanced, reliable,
and consistent retroreflectivity predictions. Table 4 shows the final tuned hyperparameters
for the key models, which were selected using a limited, expert-guided search based on
prior experience, commonly used values in the literature, and preliminary experiments.

Table 4. Tuned hyperparameters for the key machine learning models.

Model Library Key Hyperparameters

n_estimators = 100,
max_depth =4,
min_samples_split =7,
min_samples_leaf = 5
n_estimators = 100,
max_depth =4,
learning_rate = 0.02,
min_child_weight =5,
subsample = 0.8,
colsample_bytree = 0.7,
reg_alpha = 0.1,
reg_lambda =1.0
n_estimators = 100,
max_depth =4,
learning_rate = 0.02,

Light GBM Lightgbm v4.3.0 [24] num_leaves = 16,
subsample = 0.8,

colsample_bytree = 0.7,

min_child_samples = 10

Gradient Boosting scikit-learn v1.3.2 [22]

XGBoost Xgboost v2.0.3 [23]

3.9. Correlation Models Validation

The correlation models were validated on approximately 30 miles of roadway seg-
ments that were not used during model training, ensuring an independent evaluation of
model performance. These sections included interstates, state routes, and county roads,
providing a good mix of road types. The validation areas were spread across several
regions, representing a range of conditions and locations.

To accurately evaluate the model’s performance, the predicted retroreflectivity values
were grouped into 0.1-mile segments for each validation section. This segmentation mini-
mizes the impact of large variability in retroreflectivity across an entire section, ensuring a
more precise and meaningful comparison between predicted and actual values as the MRU
typically measures the retroreflectivity every 0.1 mile.

3.10. Prediction Repeatability

To evaluate the consistency in retroreflectivity prediction, a 1.2 miles segment on the
I-71 was recorded three times. The segment contained solid and dashed markings, with
a high range of retroreflectivity values. The intensity value from each run was used to
calculate the retroreflectivity separately.

4. Results and Discussion
4.1. Models Training Results

The final dataset contained 18,784 data points after completing all preprocessing steps.
To evaluate model performance, the data was divided into training and testing sets using
an 80:20 split, ensuring that the models were trained on the majority of the data while still
being tested on a separate portion to assess their predictive accuracy.
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As described in Sections 3.2 and 3.3, each scan is trimmed to optimize stability of
readings and matching with MRU, therefore, most of the area segmented from each scan
is totally different than the one scanned before. Nonetheless, there is an intentional small
region of overlap to provide buffering. However, because the splitting is scan-based (time
and location different), this means that the small overlap region across two consecutive
scans are two completely different readings from two different angles. Therefore, the
presence of this overlap doesn’t present a risk for model overfitting or performance inflation.
Second, and most importantly, the performance of the model on the test dataset is only
used as an intermediary step during the model training phase and not to validate the actual
measurable performance in the field or to evaluate the presented approach. This is why the
performance of the developed system is evaluated on completely new sections never seen
by the model during any phase of the development as described in the validation section.

The performance of the regression models was evaluated to determine their effective-
ness in predicting pavement marking retroreflectivity from LiDAR data. Figure 16 and
Table 5 summarize the results from both training and testing datasets.

Linear Model Decision Tree
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©
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200 400 600 800 1000 200 400 600 800 1000
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Random Forest Gradient Boosting
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Figure 16. Predicted vs. true retroreflectivity values for the trained regression models.
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Table 5. Testing R?, training R?, and median relative error for each model.

Model Testing R? Training R2 Relative Error
Linear 0.74 0.75 19.3%
Decision Tree 0.86 0.87 13.6%
Random Forest 0.87 0.88 12.8%
Gradient Boosting 0.90 0.92 11.8%
XGBoost 0.86 0.87 13.7%
Light GBM 0.86 0.87 13.8%

Gradient Boosting outperformed all other models, achieving the highest testing R? of
0.90 and the lowest relative error of 11.8%, indicating strong predictive accuracy. Random
Forest followed closely with an R? of 0.87 and a relative error of 12.8%. Decision Tree,
XGBoost, and LightGBM all performed similarly with R? scores of 0.86, while Linear
Regression showed the lowest accuracy with an R? of 0.74 and a higher relative error
of 19.3%.

After testing and evaluating various combinations of models, the ensemble of
the Gradient Boosting, XGBoost, and LightGBM models resulted in the best perfor-
mance. These results highlight the advantage of using ensemble methods, particularly
boosting techniques, for modeling the complex relationship between LiDAR intensity
and retroreflectivity.

A confusion matrix was generated using the validation set to evaluate how well the
model identifies pavement markings within operationally meaningful retroreflectivity
ranges. As shown in Figure 17, the ensemble model performs reliably across the three
retroreflectivity categories: low (<100), moderate (100-300), and high (>300 mcd/I1x/m?).
Most moderate and high retroreflectivity points are correctly classified, and only a small
number of samples near category boundaries are misclassified. Although low retroreflec-
tivity markings represent a small portion of the dataset, the matrix provides a direct view
of the model’s behavior in this critical range and adds practical insight into its potential
use for maintenance decision-making.

1581 41

Low (<100)
L

True Class
Moderate (100-300)
1 -

507
5}
o
m
A - 6
£
2
T

1 1 R
Low (<100) Moderate (100-300) High (>300)

Predicted Class

Figure 17. Confusion matrix showing the model’s classification performance across the three retrore-
flectivity ranges (<100, 100-300, >300 mcd /1x/m?), with color intensity indicating relative frequency.
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4.2. Feature Importance

After training the machine learning models, the LiDAR intensity-based features that
influenced the retroreflectivity prediction the most were identified. The importance factor
highlighted which statistically and spatial characteristics of the intensity had the greatest
impact on model performance.

The feature importance results showed that the 60th percentile (q60) and 70th per-
centile (q70) of LiDAR intensity had the most significant impact on the predicted values,
followed by maximum Fast Fourier Transform amplitude (fft_max), standard deviation
(std), variance (var), and the mean Fast Fourier Transform amplitude (fft_mean). The high
importance factor of the percentile intensity features indicates that the middle portion of the
intensity distribution provides the closest representation of pavement marking retroreflec-
tivity, while the frequency features (fft_max and fft_mean) represent the signal variations
in the data. The importance factor of the top 6 features is shown in Figure 18.

Feature Importance
0.30
0.25 -
0.20
Q
(&)
c
£
S 015 4
Q.
E
0.10 A
0.05- I l I
0.00 -
q60 q70 fft_max std var fft_mean
Features

Figure 18. The top 6 features impacting the retroreflectivity predictions.

4.3. Models Validation Results

As described in the methodology, the validation was performed on 30 miles of sections
never seen before and not used during feature selection or model tuning. The model demon-
strates strong overall performance, with a low mean absolute and a typical error magnitude
(RMSE). As seen in Table 6, the mean absolute percentage error (11.55%) shows minimal
deviation relative to true values. Additionally, the high R? score and strong correlation
coefficient indicate excellent alignment between predicted and true retroreflectivity values,
highlighting the model’s reliability and accuracy. The scatter plot in Figure 19 shows strong
alignment between predicted and true retroreflectivity values, with most points near the
1:1 line, indicating accurate and consistent model performance. The bar chart in Figure 20
shows a summarized comparison between the predicted and true retroreflectivity for
each section.
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Table 6. Ensemble model performance metrics.

Metric Value
Mean Absolute Error (MAE) 26.03
Root Mean Square Error (RMSE) 34.83
Mean Absolute Percentage Error (MAPE) 11.54
R? Score 0.94
Correlation Coefficient 0.97
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Figure 19. Predicted vs. true retroreflectivity values per 0.1-mile for the validation sections.
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Figure 20. Comparison between predicted and measured MRU retroreflectivity per section.

The trend in Figure 21 shows a comparison between the predicted and MRU measured
retroreflectivity values along a sample validation section. The detailed trend illustrates the
accuracy of the predicated retroreflectivity values as well as the precise alignment between

the points.
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Figure 21. Predicted vs. MRU measured retroreflectivity values along a sample validation section,
SR 73.

4.4. Prediction Repeatability Results

The predicted retroreflectivity was more consistent as compared to the retroreflectivity
measured by the MRU. This is caused by the high variability in the MRU values as compared
to a more consistent intensity value, especially at high retroreflectivity segments. Figure 22
shows a comparison between the predicted retroreflectivity values from each run.
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Figure 22. Comparison between the predicted retroreflectivity values from each run, where the red
dashed line shows the FHWA minimun retroreflectivity limit of the tested road (100 mcd/Ix/ m?).

5. Conclusions

This paper focused on developing and validating models to predict pavement mark-
ing retroreflectivity using LIDAR intensity data. The retroreflectivity correlation models
showed strong performance, with Gradient Boosting achieving an R? of 0.90 and good
accuracy on validation sections. These results demonstrate the reliability and consistency
of the correlation across various road types, materials, and marking conditions.

e Three LiDAR mounting setups were tested in this research; Setup 3 (top center)
was found to provide the most consistent and practical intensity data across the
5-8 m range.
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e  Accurate synchronization between the LiDAR and MRU is crucial for ensuring a
well-aligned dataset and achieving reliable correlation between LiDAR intensity and
retroreflectivity measurements.

e Points at curved road segments were removed only because of alignment issues be-
tween the LiDAR and MRU, which adapt differently to curvature; however, this
does not limit the final model, as both sensors operate reliably on curves when
used independently.

e  Both the LIDAR and MRU demonstrated high repeatability and consistency across
multiple runs under the same conditions.

o  The percentile-based LiDAR intensity features, particularly q60 and q70, were identi-
fied as the most important predictors of pavement marking retroreflectivity, highlight-
ing the strong influence of mid-range intensity values on model performance.

e  Gradient Boosting showed the best individual performance (R? = 0.90, 11.8% error),
and when combined with XGBoost and LightGBM in an ensemble, the model achieved
high consistency (R? = 0.94, MAPE = 11.5%), confirming LiDAR’s strong potential for
scalable retroreflectivity evaluation.

e  The predicted retroreflectivity values were highly consistent across runs, showing
less variation than the MRU measurements and demonstrating the stability of LIDAR
based predictions.

e  The approach developed in this study can further improve road safety by allowing
rapid detection and maintenance of the low retroreflectivity areas in the marking
network, which will provide vehicles with sufficient and adequate nighttime visibility
on the road.

6. Limitation and Future Work

e  The analysis was conducted using dry condition pavement data only, because the
MRU cannot operate reliably on wet or rainy surfaces. As a result, the model has
not been evaluated under wet weather conditions. Future work should examine
the correlation and model performance under wet or rainy conditions to determine
robustness beyond dry weather operation.

e  While the model captures the overall relationship between LiDAR intensity and
retroreflectivity, detailed performance differences among marking types, materials,
colors, and road categories were not analyzed, as they fall outside the scope of this
study. Future studies should examine model behavior across specific marking ma-
terials, colors, installation methods, and roadway categories to better understand
inter-category performance.

e  The developed correlation is limited by several factors, including the dependence of
LiDAR intensity on sensor configuration, and the fact that the developed correlation is
specific to the LIDAR system used in the study.
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MRU Mobile Retroreflectometer Unit

LiDAR Light Detection and Ranging

MAPE Mean Absolute Percentage Error

FHWA Federal Highway Administration

MUTCD The Manual on Uniform Traffic Control Devices
GNSS Global Navigation Satellite Systems

GPS Global Positioning System

RL Retroreflectivity

LLG7 LaserLux G7

MU Inertial Measurement Unit
DOT Department of Transportation
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