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Introduction

* IRI 1s a critical metric used by agencies-
o Ride quality, project prioritization, QA/QC

* LiDAR scanning systems for roughness assessments-
o Roughness assessment across the entire road surface.
o Allow capturing true longitudinal profile.

* A comprehensive accuracy assessment for UAV-
LiDAR 1s required for obtaining road profiles and

characterizing roughness.

High-resolution, 3D representations of the road surface



Pavement Surface Evaluation

% Transportation agencies increasingly turn to innovative technologies to
optimize performance while reducing costs

State-of-the-art system Remote sensing systems
= Expensive " Reduced cost
* Limited to major highways " Operational flexibility

" Less frequent for low-priority roads ~ ® To support local agencies

Al generated image



International Roughness Index (IRI)

* IRI captures the dynamic response of a model vehicle traveling over a
pavement profile through mathematical simulation

Elevation Profile
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State-of-the-art practice for road profile collection
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Light Detection and Ranging (LiDAR)

e Emits a laser beam to measure distance and assess reflected beam*

energy, amplitude, frequency, and phase

— Uses two key measurements: laser position and
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— Produces point cloud data representing

surrounding features.
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Working principle of airborne LiDAR systems

— LiDAR captures individual points on surfaces. (Guo et al., 2023)



LiDAR Applications

Surface distress (cracks, potholes) identification
(Feng et al. 2020, Ravi1 et al. 2020)

Estimate lane width, extract lane marking

(Cheng et al., 2020)

Evaluate pavement marking retroreflectivity

(Che et al., 2019)
Estimate pavement friction (Du et al., 2019)

Rut depths (El Issaoui et al., 2021)

Stationary Terrestrial Laser
Scanner (STLS)

~




Past Efforts for Estimating IRI

* Past studies have shown the potential of ground-based LiDAR scanning
systems for roughness assessment-
—Did not preserve the original data granularity.

—Did not evaluate diverse sampling strategies.

Using Stationary Terrestrial Laser Using Mobile Laser Scanner- MLS
Scanner-STLS (Alhasan et al. 2017) (De Blasiis et al. 2020)
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Research Objectives

* Developing a methodology for estimating the International Roughness
Index (IRI) from UAV-LIDAR-based 3D point cloud data:

v Employing different sampling techniques to estimate the longitudinal elevation
profiles.

v'Computing and validating TiDAR-derived IRI measurements based on inertial
profiler measurements.



Methodology and Data

State of Iowa

UAV-LiDAR Data Acquisition T &
08 Sites 0.3-mile long .
\’ 0 .
Data pre-processing 9 i
Denoising °
Filtering :.__ N
Wheel-path segmentation 0 45 o f8Mies
\’

Sampling Elevation Profile
Original, Uniform Sampling

\

QQuarter-car simulation
Sayer’s and Sroubek’s method

\’
LiDAR IRI Measurements

Comparison with profiler IRI

Reference Measurements from High-speed Inertial Profiler
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UAYV System and Sensor

Quadcopter model:
Matrice 300 RTK

ILIDAR Sensor:
Zenmuse 1.1

Point rate 240,000 pts/s

p
* Captures color

information for
visual
representation.

4 2\
* Measures surface

material properties
based on laser
return intensity.

RGB 0

p
* Provides elevation

data for
topographical
analysis.

~N

Reflectivity

* Records multiple
laser pulse returns
for surface and
object
differentiation.
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LiDAR Point Clouds Acquisition

Road segment Flight Mission On-site LIDAR Processing with Output: 3D
selection Planning Survey DJI Terra data

Raw LiDAR measurements were processed with DJI

UAV LiDAR Operational Settings Terra to create a continuous surface representation
LiDAR Sensor Zenmuse L1
Flight altitude ~150 ft
Extension length ~108 ft
Approx. Flight Speed (m/s) | 9.6 mph
Sampling rate 240 kHz
Side overlap 20%

Forward overlap 70%

Return mode Dual

Number of Waypoints 04

Scanning mode Repetitive
Point Cloud Density 731 points/m”2
GSD 1.23 cm/pixel

a) LiDAR Point Cloud- RGB b) LIDAR Point Cloud- Elevation (ft)



Pre-processing Steps

Step 01: Segment point cloud to wheel-path

Left

Right

Step 02: Manual filtering to remove car points

wheelpath

Step 03: Denoising by Isolation method

wheelpath

2% denoising

4% denoising

a) Original Point Cloud

b) Points classified as noise
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Non-uniform (original) Sampling

Step 02: Average to obtain 1-D profile

d Retaining original granularity of the data- Profile: Left wheel-path

Sl J— Elevation Profile
—Non-uniformly sampled elevation profile. w20
—Makes IRI calculation challenging with traditional methods. Cha
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Uniform Sampling

d  Sampling at a specified interval-

—Standard practice no greater
than 1 inch

Step 1: Generate TIN from Step 2: Generate Raster from Step 3: Generate Grid point
denoised LiDAR Point Cloud TIN layer by interpolation cloud from Raster

Area-based Mean, Median, Mode Grid-based Mean, Median, Mode
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IRI Computational Algorithm ;

 Sayet’s solution (1995):
Ly

1
IRI =— ! 2, (t) — 2, (t)| dt

» Based on State Transition Matrix and
commonly used method

»  Uniformly sampled elevation

» Computationally inefficient for non-uniform
sampling

 Sroubek’s solution (2022):

YV V

1 N
IRI] ~ ZZ‘XZ-(Z) — X, (4)‘(ti - ti—l)
i=1

Based on Variation of Constants
Discretized form of original solution
Flexible and adaptive to non-uniform

sampling
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Sampling Methods

Evaluation of Sampling Methods

d Sroubek’s method for non-uniformly sampled profile

d Sayer’s method for uniformly sampled profile

Heat Map of R-squared Values
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Site-level Comparison

1 Sensitive to the existing roughness level of AC and PCC surfaces.

(d More consistent performance in PCC sites.
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Overall Performance

* Box Plot Analysis-

* Demonstrates strong capability in
distinguishing roughness levels.

* Segment (0.01-mile) and wheel-path
level comparisons show acceptable
correlation with reference data.

LiDAR IRI Measurements (in./mi)
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Summary and Conclusions

* The proposed framework for [iIDAR data acquisition and processing is
highly etfective in roughness evaluation.
* Point density — 731 points/m?.

* Artifacts removal, denoising by Isolation Method, Smoothing during rasterization

* Evaluation of various sampling methods-

* Original Sampling with 2% denoising achieved optimal results.

* LiDAR IRIs showed satisfactory correlation with profiler IRIs-
* Segment (0.01-mile)-level correlation (R-squared)- 0.78
* Wheel-path level correlation (R-squared)- 0.75



Future Research

* Accuracy assessment could be enhanced by
comparing to a reference profiler (i.e., walking

profiler).
* Sensitivity and repeatability of LiIDAR

measurements need to be evaluated.
* Optimize LiDAR survey parameters

* Explore advanced filtering, denoising, and
sampling methods.
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