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BACKGROUND

Nearly 70% of weather-related
crashes occur on wet pavement

Around 1.2 million crashes
annually are associated with wet
conditions

Hydroplaning can occur at water
depths as low as 0.1 inch

Source: hitps://www.apollotyres.com

Inadequate cross-slope reduces drainage and increases risk
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PROBLEM AND MOTIVATION

Cross-slope controls how water drains laterally across the pavement
surface.

Poor estimation can distort drainage assessment, ponding
Interpretation, and hydroplaning-related analysis.

Agencies need methods that are both accurate enough for engineering
decisions and scalable enough for corridor or network use.

This study focuses on choosing and optimizing lidar-based workflows
for that balance.
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OBJECTIVE

Estimate roadway cross-slope from multiple LIDAR sources and optimize
a patch-based plane fitting workflow for stable, interpretable results.

A clear workflow that links pavement extraction, patch design,
orientation control, and slope estimation.

Validation-oriented and operational multi-source setups for network-
level estimation.

Practical guidance on when to use mobile LIDAR, static LIDAR,
airborne LIDAR, and profile data together.
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METHOD WORKFLOW
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Validation of elevation, cross-slope, and grade results by comparing them with validation data from
selected sections using static LIDAR and auto-level measurements
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DATA SOURCES AND STUDY DESIGN
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Mobile LiDAR derived point clouds (brown) compared to United
States Geological Survey (USGS) LIiDAR derived point clouds
(vellow) for an area along the US290 highway in Austin, Texas.
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USGS Data Density:
average 1-10 points/sq m

Mobile LIDAR Data
Density: average > 200
points/sg m

Static LiDAR Data
Density: average 200
points/sg m
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DATA SOURCES AND STUDY DESIGN
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San Antonio - 452.09 km roadway
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PLANE FITTING

A local patch of pavement points is selected within each roadway
segment.

A least-squares plane is fitted to the patch to estimate local surface
orientation on the processed data.

Roadway azimuth is used to separate the along-road direction from the
transverse direction.

Cross-slope is then derived from the fitted plane in the transverse

direction.
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OPTIMIZATION FACTORS

Patch Size: Too small can be noisy. Too large can smooth away
local geometry.

Orientation Control: Misaligned patches can bias the interpreted
transverse slope.

Noise Filtering and Smoothing: Filtering removes non-pavement points,
while smoothing stabilizes the pavement surface. However, excessive
smoothing can obscure critical features such as rutting, leading to
biased cross-slope estimation.

Point Density: Dense data improve lane-level detail. Sparse data may
need stronger smoothing. !
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ORIENTED COMPARISON

USGS LIDAR, Static LIDAR, Auto Level Measurement

4

Case study roadway section (3055 Pomt clouds acqu:red usmg static LIDAR Green

Hunter Road). Transverse profiles denotes ground points, while blue represents non-
were collected at 10 ft intervals ground points. Vertical sections indicate auto level data
along the longitudinal direction. collection locations. 12
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GRADE COMPARISON
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CASE STUDY B

USGS and Mobile LIDAR Data
AOl: 2,588 ft roadway, US290
USGS point cloud density: 7 points |
per square m, Point spacing 0.358 .| —"
m

Mobile LIDAR point cloud density:

69 points per square m, Point
Spacing 0.121 m

A
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Kirag Court

Study area along US 290
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Elevation Comparison - USGS vs Mobile LiDAR
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LIMITATIONS AND FUTURE DIRECTION

Limitations

Complex roadway conditions such as transitions, curves, and grade
changes remain difficult

Lower-density datasets still require stronger guidance for lane-level
applications

Future Direction
Test the workflow across more roadway types and geometric conditions

Evaluate sensitivity to denoising and smoothing thresholds
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CONCLUSIONS

Patch-based plane fitting was effective for estimating roadway cross-
slope from multiple LIDAR sources

Static and mobile LIDAR produced more detailed and stable lane-level
results

USGS airborne LIDAR supported efficient large-area assessment with
acceptable precision

Optimization of patch size, orientation, and filtering improved slope

consistency across datasets
19
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Visit our lab website!l https://tilab.wp.txstate.edu/

THANK YOU!
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