Performing LiDAR data point reduction using TEXAS
h y p ers pe Ct ra I | ma g | N g The University of Texas at Austin

Umiversity of
Northernlowa

Clarice Norton ', Bingging Liang?
'Department of Geography, University of Northern lowa 2Department of Geography and the Environment, College of
Liberal Arts, The University of Texas

Methodology

Light Detection and Ranging (LiDAR) is a technology that uses beams of light to collect 3-D -
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coordinate data of the terrain of an area. This technology is used in many applications, bands bands, NDVI Clacsification—>| Decision Tree r
ranging from forestry to automated vehicles. The raw data collected is often composed of .
millions and possibly billions of points in what is called a point cloud, leading to large file -
sizes and longer runtimes for any processes involving it. Because of this, reducing the i Filtered DEM 10
amount of points in each file is necessary for ease of use by anyone. This paper delves into %‘éﬁhg_?;s’n%gﬁ’ y -
finding a way to incorporate hyperspectral imagery in the reduction process of LiDAR point LiDAR — Aspéct, |n’tensi_ty,’ Quality ASS::;:LM I
clouds. This is accomplished by first acquiring hyperspectral and LiDAR data for an area, Cuwat_'illfeh(':imf"e), Check )
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creating a landuse/landcover classification map using an Artificial Neural Network, -
performing an accuracy assessment of the classification, and then utilizing the final
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classification to guide reducing the LiDAR points by terrain complexity. This study seeks to
find a new method for LiDAR point cloud reduction to make the files easier to use for the
general public.

Workflow Diagram

Study Area and Data

City of Cedar Falls, IA
Population: 39,387 (2011 census)
Area: 28.75 mi?

ANNS are a fast and accurate way to produce a classification

map

e Classification accuracy would have improved if clumping
had not been performed

 Areas where hyperspectral imagery had gaps and only LiDAR
data was present were not as accurate in classification.

* Profile curvature on building edges may have contributed to

inaccuracy—edges of buildings were classified as forest.

Water 100.00% 4 Classification maps are an effective way to guide LiDAR point
cloud filtering

Built 87.88% 60 A more accurate classification would have produced a more
Grass 55.43% 63 accurate result.
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(http://www.geotree.uni.edu/en/) Forest S o~ F:urrently, Classification map accuracy is in the process of being
Roads 69.49% 51 improved.

Hyperspectral Imagery 2009 AISA Aerial Imagery from Galileo Group, Inc. (Pictured above)
(HSI) Collected April 22"d, 2009. 359 bands, V-NIR (400-1000nm) and Mid- Agriculture 92.31% 131
IR(10,000-17,000nm). 2m spatial resolution.

Instead of filtering by every Nth point, future tests will filter
Overall Accuracy 76.03% 363 randomly within each class to get a less stratified result.
Currently a python script to accomplish this is in the process of
being written.
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